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Abstract 
 
Multiphase flows are present in numerous industrial processes. Knowledge of multiphase 
flow phenomena makes it possible to control and optimize the process parameters. 
Process optimization saves energy costs, improves product quality, increases productivity 
and allows the treatment of new, non-optimal raw materials. However, it is difficult to 
obtain knowledge on the turbulent multiphase flows that take place in industrial 
processes. The flow phenomena cannot be predicted by numerical simulations, and 
experimental investigations have several physical limitations. Comprehensive 
experimental studies can be carried out using a laboratory-scale process and the results 
can be exploited in the development of a numerical model that hopefully may provide 
satisfactory estimates of the flow phenomena in the real, industrial-scale process. To 
fulfil the eventual goal of process optimization, the appropriate numerical model must be 
validated with reliable and detailed experimental data. The aim of this study is to develop 
direct optical measurement methods that provide reliable and accurate experimental data 
on multiphase flow systems and to extend measurements to denser and more complex 
multiphase flows. 
 
This thesis consists of eight papers that focus on various aspects of measuring the fluid 
dynamics and dispersed phase morphology in multiphase flows. It concerns the 
development of direct optical measurement techniques for studying the dynamics of 
turbulent multiphase flows that are of fundamental importance in industrial processes. It 
describes direct optical measurement methods for simultaneously measuring the size, 
shape and velocity of dispersed phase particles, and the fluid flow field surrounding the 
particles in dispersed multiphase flows, namely in bubbly flows, in sprays, in the flow of 
solid particles and in the three-phase flow of micro-bubbles and flocculate particles in a 
liquid. The bubble-particle-fluid interactions are studied and the distributions and 
concentrations of all phases are measured. Several methods for image acquisition, signal 
processing and data analysis are developed. The overlapping object recognition (OOR) 
methods presented in Papers I and VIII allow a unique, reliable analysis of experimental 
images of overlapping irregularly-shaped dispersed particles. The proposed methods are 
studied extensively and applied to experimental cases. Five processes are included in the 
study: 1. the dissolution process in the gas-liquid reactor with a Rushton turbine, 2. 
mixing processes in the mixing tank and in a centrifugal pump, 3. the flocculation 
process of organic contaminants, 4. the sedimentation process of flocs and 5. the 
dissolved air flotation process of flocs. The processes are successfully studied on a 
laboratory scale. The process parameters are automatically monitored and detailed data 
for process optimization is provided. In the future, the developed methods will be applied 
in the in-line measurement of industrial-scale processes. 
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1 Introduction 
 
There is an old proverb in Finland according to which a Finn trusts in a thing only after 
seeing it. The saying "Seeing is believing" is often justified. A photograph can be reliable 
evidence in a court of justice or in a scientific publication. Direct optical measurements 
provide information that people can trust, a photograph with clear, in-focus images of 
objects, from which a researcher may directly observe the research objects. Direct optical 
measurement may provide quantitative measurement data or it can simply be used for 
visualization purposes. Qualitative studies are widely utilized in flow visualizations in the 
field of experimental fluid dynamics (EFD) and also in microscopy to identify particle 
morphology.  
 

1.1 From qualitative flow visualization to quantitative flow 
velocity measurement 

The most rudimentary form of flow visualization can probably be traced far back in 
history to the first time a person watched small debris moving on the surface of a flowing 
stream (Adrian, 2005). Leonardo da Vinci (1452-1519) based his scientific studies on 
flow visualization. He had a lifelong obsession with the fluid motion of water and air and 
was fascinated by vortices. For example, Leonardo may have developed his physical 
understanding of the hemodynamics of the aortic valve purely based on his in-vitro flow 
visualization studies (Gharib et al., 2002). Figure 1 shows Leonardo’s drawings of 
detailed flow fields in the aortic valve. Even the present in-vivo magnetic resonance 
imaging (MRI) technique cannot give as much detail as was routinely drawn by Leonardo 
(Gharib et al., 2002). Another example of successful flow visualizations is given by 
Ludwig Prandtl (1875-1953), who utilized flow visualization techniques in water and 
wind tunnels to develop and validate his boundary layer theory (Schlichting, 1975). Even 
today, flow visualization has a great advantage over single-point quantitative flow 
measurements, because it provides a comprehensive insight into the flow phenomena that 
take place in a flow system. 
  
Flow visualizations retrieve the physical phenomena in the flow field, but in order to 
measure the fluid velocity component in a defined location, the flow visualization system 
must be geometrically calibrated and the time delay between two consecutive exposures 
should be known. Geometrical calibration of the measurement setup defines the 
correspondence of image pixels in the real-world coordinates. In general, the relationship 
between positions in the three-dimensional physical space x and the positions in the two-
dimensional image plane X can be described with a nonlinear mapping function X=f(x) 
(Soloff et al., 1997). The mapping function can be approximated with a pinhole 
perspective projection model, which was first proposed by Brunelleschi at the beginning 
of the 15th century (Forsyth and Ponce, 2003). Figure 2 shows the principle of the pinhole 
model. The imaging system consists of a closed box with a pinhole in one of its side 
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walls and an image plane on the opposite wall. An inverted image of objects in the object 
plane is formed by linear light rays issuing from the scene facing the box. An imaging 
system can be geometrically calibrated by imaging a calibration target plate that is placed 
in the object plane. The simplest geometrical calibration computes a constant pixel 
scaling for all image pixels from an image of a measuring rod placed in the object plane. 
The scaling holds only for those objects that are located in the object plane. The images 
of other objects that are located away from the object plane must be discarded. The 
discrimination of in-plane and out-of-plane objects is based on the sharpness of the image 
or on the utilization of light sheet illumination, which ensures that only the objects in the 
object plane are illuminated. 
 

 
 

Fig. 1. Various schematics of flow in the aortic track by Leonardo (Gharib et al., 2002; Detail of 
RL19117 verso- Courtesy of The Royal collection ©  2002, Her Majesty Queen Elizabeth II). 
  

 
 

Fig. 2. The pinhole model of an imaging system. 
 

When the flow velocity is measured by means of a direct optical measurement technique, 
the flow is seeded with micron-sized tracer particles that perfectly follow the flow 
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motion. The particles are typically illuminated with a pulsed laser light sheet that defines 
the object plane and its thickness, i.e. the measurement volume. Two consecutive images 
of illuminated tracer particles are acquired with a small time delay and the fluid flow 
velocity field is derived from the displacements of tracer particle images. The 
instantaneous velocity vector fields are obtained knowing the time delay between the 
frames and the scaled particle displacements, where the image scaling is given by a 
geometrical calibration of the measurement setup. The computation of fluid flow velocity 
fields from experimental images is carried out with a correlation analysis, which relates 
to the Particle Image Velocimetry (PIV) technique, or with a particle tracking analysis 
that is referred to as the Particle Tracking Velocimetry (PTV) technique. 
  

 
 

Fig. 3. Typical two-dimensional PIV system. 
  
A two-dimensional PIV measurement system is shown in Figure 3. In PIV technique, the 
displacements of groups of tracer particle images are statistically calculated with a 
correlation analysis from the two image frames. Correlation can be done optically or 
digitally. The correlation analysis divides the complete image into interrogation 
windows. The algorithm yields the position of the highest correlation peak within the 
correlation plane, i.e. the median particle displacement ds within the interrogation 
window, and divides it by the pulse delay dt to generate one velocity vector for each 
interrogation window. The fundamentals of PIV technique are described by many authors 
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(Keane and Adrian, 1990 and 1991; Raffel et al., 1996; Westerweel, 1997; Stanislas and 
Monnier, 1997; Honkanen, 2002 among others). 
 
PIV is the most famous direct optical measurement technique for quantitatively 
measuring the fluid flow velocity fields in a measurement plane. The name “PIV” was 
first introduced about 20 years ago (Pickering and Halliwell, 1984; Adrian, 1984; Adrian, 
1986). The original aim was to measure displacements, using the Speckle pattern 
generated by an object illuminated with laser light (Stanislas and Monnier, 1997). 
Meynart (1983) contributed to the development of Laser Speckle Velocimetry (LSV). 
The particle density in the image was mostly not high enough to produce a speckle 
pattern. This lower particle image density mode of LSV was termed Particle Image 
Velocimetry.  
  
Computational processing of photographs requires that the photographs be first converted 
to digital format. The digital image correlation and processing functions require 
computational capacity that was not available about 20 years ago. Until the 1980s, the 
processing of the optical measurement data used to be time-consuming since the 
photographic direct optical measurement techniques relied on manual analysis (Imaichi 
and Ohmi, 1983; Oberdier, 1984). Flow visualization was used mainly for qualitative 
description, while quantitative evaluation by manual methods was prohibitively laborious 
(Baek and Lee, 1996). Instead of the correlation analysis of particle images, single 
particles were tracked. Also, the early computational analysis methods favoured PTV 
techniques that do not require as much computational capacity as the digital correlation 
analysis of the PIV method. In PTV technique each particle in an image is detected, its 
centre is located and the corresponding particle in the consecutive image frame is sought. 
Particle tracking algorithms rely on small particle displacements between the consecutive 
image frames and on the smoothness of motion. The particle search function can include 
particle positions (nearest neighbour search), particle properties such as size, shape and 
brightness (multivariable tracking), the initial particle velocity and its material derivative 
(multiframe PTV) and the local velocity estimate (based on image correlation analysis or 
physical continuity constraints of the flow field). Figure 4 shows an example of a 
multiframe PTV method, the Hough transform introduced by Paul Hough (1962). In the 
Hough transform, the image coordinates (x,y) of multiple particle images are transformed 
into parametric coordinates (m,b), where y=mx+b is the line defined by the centroids of 
particle images. Then, a group of aligned particles produce a tight cluster in the (m,b) 
coordinate system. The particle images nearest to each other in Hough space correspond 
to the same particle track in physical space. Particle tracking becomes more difficult with 
increase in the particle image density and the particle displacements between the 
consecutive images. PTV is also referred to as the lower particle image density mode of 
PIV.   
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Fig. 4. Illustration of the Hough transform for particle tracking (Hassan & Philip, 1997). 
 
Direct optical measurement techniques have strongly developed in the past twenty years 
besides the progress in laser, digital camera and computer technology. In 1991, Digital 
Particle Image Velocimetry (DPIV) was presented by Willert and Gharib (1991) and later 
in 1993 it was mathematically described in detail by Westerweel. The digital Fast Fourier 
Transform (FFT)-accelerated correlation analysis of digital experimental images allowed 
fast processing of the measurement data. Since then, digital optical measurement 
techniques have become superior to any other measurement technique in EFD. Today the 
digital forms of PIV and PTV are referred to simply as PIV and PTV. Film cameras have 
been replaced by CCD and CMOS cameras that can record a gigabyte of measurement 
data per second. The data is directly in digital format and can be processed even before 
the images are stored on the hard disk. Currently the bottle neck of the system is the data 
transfer rate from camera to hard disk. The increased computational capacity is exploited 
by a) introducing complex image processing functions that increase the accuracy and 
reliability of the data analysis and then b) processing extensive sets of image-based 
measurement data in order to quantitatively study the phenomena of fluid flow. The 
measurement data is sampled from a larger measurement volume with a higher temporal 
and spatial resolution of velocity data. Comprehensive statistical analysis of the 
measurement results reveals not only the mean and the standard deviation of the data, but 
a lot more. The stochastic phenomena can be studied and, for example, flow structures 
and turbulence phenomena can be statistically quantified. In its modern form, PIV 
technique means the accurate, quantitative measurement of fluid velocity vectors at a 
very large number of points simultaneously, and we now understand that this is, indeed, a 
very challenging, complicated and relatively recent achievement (Adrian, 2005). 
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1.2 Direct optical measurements for studying multiphase flows 

The development of digital direct optical measurement techniques has given new 
possibilities to quantitatively study the extraordinary phenomena of multiphase flows. At 
the same time, the progress in computer technology has enabled more sophisticated 
modelling and simulation of multiphase flows. The resolution of fluid dynamics in 
multiphase flows is challenging, because experiments are difficult to accomplish and 
numerical modelling and simulations are seldom possible since a comprehensive theory 
of fluid dynamics in complex multiphase flows is still lacking. Reliable measurement 
data is needed to verify the theoretical predictions and to validate the numerical models. 
Especially, there is a great need for reliable and accurate whole-field measurements of 
fluid flow in multiphase flows and simultaneous analysis of dispersed phase particles in 
the flow.  
 
This study concentrates on the development of direct optical measurement techniques 
(PIV, PTV and Direct Imaging (DI)) to measure the size, shape and velocity of 
irregularly-shaped dispersed phase particles and the surrounding fluid flow velocity field. 
The aim of this study is to develop measurement methods that can simultaneously 
measure the fluid flow field and the morphology and dynamics of dispersed phase 
particles even in dense multiphase flow in turbulent flow conditions. This study is a 
continuation of the MSc thesis of the author, “Turbulent multiphase flow measurements 
with digital Particle Image Velocimetry: Application to bubbly flows”. The MSc thesis 
gives an overview of PIV measurements in single and multiphase flows and it reviews 
some new measurement methods that are further developed in this study. The challenges 
found during the preliminary work include problems of light scattering on the surface of 
a bubble, bubble image overlapping and the interference of the two phases that causes 
evaluation errors in fluid flow velocity fields. The aim of this thesis is to face these 
challenges and to extend the direct optical measurements to denser and more complex 
multiphase flows that take place in industrial processes. The measurement methods are 
developed not only for measurements of bubbly flows, but also for flows of flocculate, 
fractal-like particles, i.e. flocs, and for three-phase flows of micro-bubbles and flocs.  
Five industrial processes are included in the study: 1. the dissolution process in the gas-
liquid reactor, 2. mixing processes in the mixing tank and in a centrifugal pump, 3. the 
flocculation process of organic contaminants, 4. the sedimentation process of flocs and 5. 
the dissolved air flotation (DAF) process of flocs. All the developed measurement 
methods are tested with simulated images and applied to experimental cases. In addition, 
validation methods and data analysis tools are created to gain more reliable and precise 
information on multiphase flows. 
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1.3 Progress in the thesis 

The thesis includes eight papers concerning the direct optical measurement methods for 
studying fluid dynamics and dispersed phase morphology in multiphase flows. The thesis 
is organised as follows. The topic of this thesis is introduced in Chapter 2, which presents 
the general methods for studying fluid dynamics and mass, energy and momentum 
transport in multiphase flows. Chapter 2 also introduces the multiphase flows and 
industrial processes that are investigated in the thesis and reviews the typical 
experimental techniques for fluid dynamical studies. Chapter 3 reviews the direct optical 
measurement techniques for studying single-phase flows. The techniques can be applied 
to multiphase flows, including additional procedures in image acquisition and signal 
processing. Chapter 4 considers the procedures of the complete direct optical 
measurement of multiphase flows. The procedures are shown in Figure 5. The synopsis 
of the thesis gives an overview of the field and the detailed description of measurement 
methods is given in the following eight papers.  
 

 
 

Fig. 5. The procedures in direct optical measurement of multiphase flow. 
 

Paper I presents the Overlapping Object Recognition (OOR) algorithm that recognizes 
individual in-focus, ellipse-like bubbles from experimental images in which the bubbles 
are heavily overlapping in the image. A direct optical imaging system is utilized to 
measure bubble size distributions and local void fractions in relatively dense bubbly flow 
with a wide size distribution of bubbles from 10 μm to 2 mm in diameter. Paper II 
presents image acquisition and image analysis methods for the simultaneous 
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measurement of fluid flow velocity field and properties of bubbles in a turbulent bubbly 
flow. E.g. the local mean slip velocities of bubbles as a function of bubble size are 
obtained. Paper III studies the velocity measurement accuracy of four PTV methods 
utilizing simulated images of spherical and ellipsoidal bubbles with and without 
background noise, and in the case where the bubble images are overlapping with each 
other. Paper IV considers background noise removal methods and computation of fluid 
flow velocity field even on top of a highly reflecting background object or a dispersed 
phase particle. Paper IV presents a new motion-based image background extraction 
procedure. Paper V compares the results of Large Eddy Simulations (LES) with the 
experimental results of turbulent bubbly flow in a mixing vessel. The qualitative 
agreement of simulations and experiments is obtained. Paper VI extends the 
measurement methods presented in Papers I-III, so that they are applicable in three-
dimensional and time-resolved measurements of turbulent bubbly flows. Two flow 
phenomena can be characterized: the splitting of bubbles by hydrodynamic forces and the 
wandering of trailing vortices induced by bubbles. Paper VII reviews the measurements 
of fluid dynamics and the morphology of irregularly-shaped organic flocculate particles 
in a flocculation process that takes place in a mixing tank. Floc growth and breakage are 
studied and the maximum sustainable floc size is related to the maximum turbulent 
Reynolds stress value in the flow. Paper VIII presents algorithms for recognizing 
irregularly shaped flocs and micro-bubbles attached on the surface of flocs. The floc 
properties (size, mass fractal dimension, porosity, velocity and local concentration) are 
measured from their two-dimensional projections and an object contour correlation and 
signal re-location method is utilized to measure floc velocities and to recognize 
overlapping floc images based on the difference in motion.  
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2 Background 
 
The topic of this thesis is introduced in the following sections that highlight different 
components of the study: fluid dynamics and dispersed phase particle transport in 
multiphase flow systems, industrial processes in this study, the measurement techniques 
in experimental fluid dynamics and the challenges related to experimental studies of 
multiphase flows.  
 

2.1 Methods for studying fluid dynamics 

Fluid dynamical problems can generally be solved by means of theoretical treatment, 
experimental investigations or numerical modelling and simulations. The correct solution 
of a fluid dynamical problem requires that the approach covers the underlying physics, 
that the initial and boundary conditions are correctly set and that the method of solution is 
correct. Theoretical treatment is exact and universal and it expresses a deep physical 
understanding of the flow. However, idealized boundary conditions must be set. The fluid 
dynamical studies require not only the fluid velocity but also the fluid velocity 
derivatives to be resolved. In incompressible flow, the continuity equation reduces to 
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the instantaneous temporal derivatives of velocity ∂ui/∂t represent the local rate of change 
of flow in a fixed reference frame, the fluid-particle acceleration is given by the material 
derivative of velocity 
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The material derivative Dui/Dt is the Lagrangian acceleration along the path of the fluid-
particle, whereas the right-hand-side of Equation (2) is the Eulerian acceleration that can 
be investigated in a fixed reference frame. The Navier-Stokes equations are non-linear 
partial differential equations and their analytical solution is possible only after neglecting 
part of the terms. Theoretical treatment is seldom available for complex flows such as 
multiphase flows and it is not applicable for highly turbulent flows.  
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Fig. 6. An instantaneous flow field in the lower part of a mixing tank. 
 
Turbulence can be determined as a condition of flow in which the velocity components 
show random variation (Tanner, 2000). In turbulent flow, the initial, local flow velocities 
cannot theoretically be predicted, but the nature of the flow is studied statistically. The 
Reynolds number of a flow is determined as 

ν
UL

=Re , where U and L are the characteristic 

velocity and length scales of the flow and ν is the kinematic viscosity of the fluid. In 
turbulent flow at high Reynolds number, the velocity scales are wide in magnitude, in 
spatial scale and in temporal scale. The largest eddies are characterized by the length 
scale l0, which is comparable to the flow scale L, and their characteristic velocity u0 is of 
the order of the r.m.s. velocity 2/1

3
2' ⎟

⎠
⎞

⎜
⎝
⎛= ku , which is comparable to U, and k is the kinetic 

energy of the flow, 2

2
1 Uk = .  

 
The variety of spatial scales of a turbulent flow (Re~40000) can be seen in a two-
dimensional, instantaneous flow field shown in Figure 6 that is measured with PIV in the 
lower part of a mixing tank. The details of the measurement are presented in Paper VII. 
The radius of the tank is 45 mm and the turbine blade height is 30 mm and has a radius of 
27 mm. A trailing vortex pair is visible in the turbine discharge zone, in the upper part in 
Figure 6. The flow is more peaceful in the lower part of the image, which corresponds to 
the lower bulk zone of the vessel. The flow field is spatially filtered to reconstruct six 
flow fields with different scales of motion. Figure 7 shows the streamlines of the flow 
fields at different ranges of spatial scales. Figure 7a shows the circulating fluid motion 
between turbine discharge zone and the bulk zone at the flow scale L>30 mm. Figure 7b 
visualizes the trailing vortex pair that scales with turbine blade dimensions 15 mm < l2 < 
30 mm and Figures 7c-f show the smaller turbulent vortices in the flow field.  
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a) b)  

c) d)  

e) f)  
 

Fig. 7. The flow field streamlines at spatial scales a) l1 > 30 mm, b) 15 mm< l2 < 30 mm, c) 5 
mm < l3 < 15 mm, d) 2.5 mm < l4 < 5 mm, e) 1 mm < l5 < 2.5 mm and f) 0.27 mm < l6 < 1 mm. 

  
Figures 7d-7f show that the flow scales smaller than 5 mm are isotropic, i.e. they do not 
show characteristic flow direction. However, even in the smallest detectable length scales 
(>270 μm) the flow field is heterogeneous. Turbulence is stronger in the turbine 
discharge zone than in the bulk zone. It can be noted that with decrease in the flow length 
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scale, the magnitude of flow motion decreases, the number of vortices increases and the 
directional ambiguity of the flow increases.  
 
The energy cascade (introduced by Richardson, 1922), in which the kinetic energy k of 
the characteristic flow scale is transferred to successively smaller and smaller eddies, 
continues until the Reynolds number of these eddies Re(l)=u(l)*l/ν is so small that the 
eddy motion is stable and molecular viscosity is effective in dissipating the kinetic energy 
(Pope, 2000). The overall dissipation rate ε can be determined by the production rate of 
turbulence, i.e. the transfer rate of energy from the largest eddies. When the transfer rate 
of energy scales as u0

3/l0, the energy cascade indicates that also the turbulent energy 
dissipation rate ε scales as u0

3/l0, independent of ν. Kolmogorov (1941) extended the 
turbulence theory with three hypotheses which apply for every turbulent flow at 
sufficiently high Reynolds number. The hypotheses state that a) the small-scale turbulent 
motions are statistically isotropic, b) their statistics have a universal form that is uniquely 
determined by ν and ε and c) the statistics of the motion of scale l in the inertial subrange 
(l0 ≤ l ≤ η) have a universal form that is uniquely determined by ε, independent of ν. 
There are unique length (η), velocity (uη) and time (τη) scales that characterize the very 
smallest, dissipative eddies. The smallest flow scales, i.e. Kolmogorov scales, are 
determined with two parameters ν and ε as  
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where the turbulent energy dissipation rate ε is determined as 
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where the fluctuating part of the rate of strain tensor is 
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In turbulent flows, the mean of the rate of strain tensor is negligible compared to the 
strain caused by turbulent fluctuations. Kolmogorov’s theory assumes that the Reynolds 
number of the smallest eddies (Reη= uη*η/ν) is always equal to one. The small-scale 
turbulence scales with the Reynolds number of the mean flow Re0 as  
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where the normalized dissipation rate 

0
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lu
εε =  is self-similar and independent of Re0 

(Pope, 2000). The scales of smallest eddies decrease and the energy cascade broadens 
with increase in the Reynolds number. 
 
The theory has been validated with experiments and proved to be a good approximation 
for highly turbulent flows (Pope, 2000). However, turbulence theory does not define any 
value for the Reynolds number that would be sufficiently high to produce a wide energy 
cascade where the smallest flow scales are truly isotropic. The application of 
Kolmogorov’s hypotheses in practice requires careful investigation, because many 
research papers concerning the flows of moderate turbulence report anisotropy in the 
smallest flow scales. The methodology for theoretical treatment of coherent, turbulent 
flow structures, instabilities, flow separation and transition from laminar to turbulent flow 
is being continuously developed with the help of experiments and numerical simulations. 
 
In numerical simulations, a model of the flow is constructed and the governing 
continuity, momentum and energy equations (i.e. Navier-Stokes equations) of the flow 
are spatially and temporally discretized based on the created model and they are 
simplified by eliminating the less important terms of the equations. The computational 
work is made easier, but the accuracy and reliability of the solution are reduced. The 
Computational Fluid Dynamics (CFD) models are designed so that they provide a 
compromise between computational costs and the accuracy and reliability of the solution. 
The most complete numerical simulation approach is the Direct Numerical Simulations 
(DNS) of full Navier-Stokes equations. The available computational capacity limits the 
use of DNS to simple, academic flows. With DNS one may study for example individual 
force terms acting on a single particle, droplet or bubble under finite Reynolds number 
flows in inhomogeneous flow conditions, i.e. in a shear flow, straining flow, isotropic 
turbulence, rotating flow, etc. However, the computational work of DNS in complex, 
turbulent flows becomes enormous. The Large Eddy Simulations (LES) are built to 
simulate the full Navier-Stokes equations up to a certain length scale and the scales 
smaller than that are modelled with a turbulence model. The Reynolds Averaged Navier-
Stokes (RANS) simulations are based on the Reynolds decomposition, in which the 
initial flow velocities are decomposed to average velocity and fluctuating velocity, i.e. 
turbulent fluctuation around the time-average value. The average velocity field is 
simulated and the turbulent fluctuations are modelled. Most turbulence models, such as 
the k-ε model, rely on the Boussinesq hypothesis that relates the turbulent Reynolds 
stresses to mean flow velocity gradients with a scalar variable, eddy viscosity. The eddy 
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viscosity concept is valid only if the small-scale turbulent fluctuations are linearly 
dependent on the mean flow field.  
 
Each turbulence model is designed for certain flow types and therefore they are not 
universal. Knowledge of the flow type is required a priori in order to choose the most 
appropriate model for a particular case. The methodology of RANS simulations fails in 
unsteady flows where the large scales of the flow cannot be quantified with Reynolds 
decomposition. In such cases LES is a more appropriate approach. The advanced 
unsteady RANS models, such as Scale Adaptive Simulation (SAS), show LES-like 
behaviour with less computational effort. On the other hand, for flows in which rate-
controlling processes occur below the scales resolved by LES (e.g. near-wall flows and 
combustion), LES has a first-order dependence on the models of these processes (Pope, 
2004). Perhaps the holy grail in the case of turbulence is the statistical resolution of all 
scales – a methodology in which representative samples of motions and processes on all 
scales are resolved and combined in a way that remains computationally tractable even at 
large Reynolds number flows (Pope, 2004). Despite shortcomings, numerical modelling 
and simulations have an advantage over theoretical treatment and experimental 
investigations in that they provide easy modification of the boundary conditions and are 
often the least expensive approaches in delivering complete information about the flow.  
 
Experimental investigations enjoy high creditability and are well accepted in the 
scientific community. Parametric studies may be easily performed, but usually the costs 
of the measurements are high. It should be remembered that not all flow quantities are 
measurable and that the measurement procedure might influence the measured flow if the 
measurement technique is intrusive. Special attention must be paid to the accuracy of 
velocity measurement, measurable velocity range, the spatial and temporal resolutions of 
the measurement. High spatial and temporal measurement resolution is required to 
resolve the turbulence phenomena of the flow. Velocity measurements provide samples 
of fluid flow velocity with 0.1-100 000 Hz sampling rate, depending on the measurement 
technique. Each velocity sample is measured at a certain instant of time, or more truly 
over a certain time interval. The length of the interval should not be greater than the 
shortest time scale of the turbulent flow (τη) in order to obtain an instantaneous velocity 
sample instead of a time average. 
 
Measurement of the material derivative of velocity provides a means of measuring the net 
pressure and viscous forces within the flow. Some measurement techniques allow direct 
measurement of the material derivative of velocity (Lehmann et al., 2002; Voth et al., 
2002) and other techniques are capable of measuring the Eulerian acceleration 
components (Jakobsen et al., 1997; Dong et al., 2001; Christensen and Adrian, 2002; 
Kähler and Kompenhans, 2000; Mullin and Dahm, 2005 among others), after which the 
material derivative can be derived with Equation (2). Measurements of the spatial and 
temporal derivatives of fluid flow velocity require that two samples of velocity should be 
obtained with sufficiently narrow distance or sufficiently short time delay and that the 
time and location of the samples be accurately defined. Noca (1997), Unal et al. (1997), 
Tan et al. (2005) have discussed the temporal resolution required for accurate 
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measurement of fluid acceleration to estimate fluid-dynamic forces on bluff bodies. The 
spatial resolution required for accurate measurement of spatial velocity derivatives is 
discussed by Nogueira et al. (2005a, 2005b) and Mullin and Dahm (2004) among others. 
Physical limitations (e.g. frame rate and spatial resolution of digital cameras, the 
thickness of the laser light sheet, the precision of the position estimation of sampled 
tracer particle images) restrict the measurement resolution and prevent the accurate study 
of micro-scale flow structures of a highly turbulent flow. 
 
Whole-field measurement techniques are able to resolve large-scale turbulence 
phenomena and coherent flow structures (e.g. Eloranta, 2005). This information can be 
exploited in numerical modelling in choosing the most appropriate simulation approach 
and turbulence model. For example, Heikkinen et al. (2006) successfully validated SAS 
and Shear Stress Transport (SST) simulations in a mixing tank with PIV measurement 
data, concluding that the SAS model is capable of predicting the evolution of trailing 
vortices, whereas in the SST model the dissipation of turbulent structures is 
overestimated. Also hybrid techniques are presented in the literature (Sheng et al., 2000; 
Okuno et al., 2000; Cheng et al., 2005), in which the large- and intermediate-scale flow 
structures are resolved with whole-field measurements and integrated into a numerical 
simulation that models the small-scale turbulence with an appropriate turbulence model. 
 
The advantages of each approach: theoretical analysis, numerical simulation and 
experimental study should be exploited using a combination of techniques as 
demonstrated in Paper V, which presents a trident approach consisting of experimental, 
analytical and numerical work for studying the hydrodynamic forces experienced by 
bubbles moving in a stirred tank. 
 

2.2 Measurement techniques in experimental fluid dynamics 
(EFD) 

Measurement techniques in experimental fluid dynamics (EFD) can be classified based 
on what they can measure, i.e. based on the number of measurable velocity components 
and how many dimensions the measurement data has in space and time. Table 1 lists 
some typical measurement techniques in each of these classes. One, two or all three 
components of fluid flow velocity are measured in a point, in a plane or in a volume. That 
means that there are four dimensions: the spatial dimensions and the time in which the 
three components of fluid velocity vectors and their derivatives are studied. For each 
measurement technique in Table 1, the measurement dimensions and measurable flow 
properties are marked with dots and when a dot is in brackets, the property is realized in 
the advanced version of the measurement technique. The fluid dynamical measurements 
of multiphase flows may simultaneously measure the size of the dispersed particles. The 
particle sizing measurement is the last class in Table 1. The measurement techniques can 
also be divided into direct and indirect optical techniques and into non-optical techniques. 
Table 1 shows also the type of each technique (direct optical, indirect optical, non-
optical). 



 

 16

 
Table 1. A map of some velocity measurement techniques. 
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direct indirect 

 

Point 
measurements 

• (•) (•)    • (•)    

Pitot tube •          • 
Hot-Wire 
anemometry 
(HWA) 

• (•) (•)    •    • 

Laser Doppler 
anemometry (LDA) 

• (•) (•)    •   •  

Phase Doppler 
anemometry (PDA) 

• (•) (•)    • •  •  

Plane 
measurements 

• • (•) • •  (•) (•)    

Particle Image 
Velocimetry (PIV) 

• •  • •    •   

X-ray PTV (XPTV) • •  • •      • 
Particle Image 
Accelerometry 

• •  • •  •  •   

Stereoscopic PIV • • • • •    •   
Time-resolved 
SPIV 

• • • • •  •  •   

Two-phasePIV-
PTV 

• •  • •  (•) • •   

Global phase 
Doppler (GPD) 
anemometry 

• • • • •   •  •  

Doppler Global 
Velocimetry (DGV) 

• • • • •   •  •  

Defocusing PIV 
(DDPIV) 

• • • • •   •  •  

Volume 
measurements 

• • • • • • (•) (•)    

Three-dimensional 
PTV (3D PTV) 

• • • • • • (•) (•) •   

Multiple-plane 
SPIV (MSPIV) 

• • • • • •   •   

Double pulse 
holography 

• • • • • •  (•) •   

Holographic 
cinematography 

• • • • • • • (•) •   

X-ray tomography • • • (•) (•) (•)  •   • 
 
Direct optical techniques are whole-field techniques and they include optical imaging, 
holography, Particle Tracking Velocimetry (PTV) and Particle Image Velocimetry (PIV), 
together with their variations: stereoscopic PIV (Prasad, 2000), Particle Image 
Accelerometry (Jakobsen et al. 1997), time-resolved PIV and PTV, multiple-plane 
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stereoscopic PIV (MSPIV, Kähler and Kompenhans, 2000) and multiphase PIV/PTV 
(Sridhar et al., 1991; Hassan et al., 1992).  
 
The indirect optical techniques include point measurement techniques, laser Doppler 
anemometry (LDA, e.g. Tropea, 1995) and phase Doppler anemometry (PDA) as well as  
whole-field techniques such as interferometric particle imaging (IPI, König et al., 1986, 
then improved by Glover et al., 1995 and Maeda et al., 2000), global phase Doppler 
(GPD, Damaschke et al., 2001; Albrecht et al., 2003), Doppler Global Velocimetry 
(DGV, Meyers and Komine, 1991; Willert et al., 2004) and Defocusing Digital Particle 
Image Velocimetry (DDPIV, Willert and Gharib, 1992; Pereira and Gharib, 2002).  
 
Non-optical techniques include pitot tube, hot-wire anemometry (HWA), magnetic 
resonance imaging (MRI, e.g. Daidzic N E et al., 2004), electrical resistance imaging 
(ERI, e.g. Kim et al., 2004), X-ray tomography, X-ray Particle Tracking Velocimetry 
(XPTV, Seeger et al., 2001) and ultrasonic Doppler anemometry (UDA, e.g. Murakawa 
et al., 2004).  
 
The conventional techniques, HWA, pitot tube and LDA, measure velocity components 
in a defined point. Their outcome is a one-dimensional, discrete signal as a function of 
time. The spatial resolution of the point measurements is defined by the size of their 
measurement volume. The pitot tube measures only one component of a velocity, 
whereas the advanced versions of HWA and LDA are capable of measuring all three 
components.  
 
The whole-field techniques (i.e. plane and volume measurements) result in instantaneous 
fluid flow velocity vector fields. The plane measurements are capable of resolving two or 
three velocity components in a plane (x-y), but the velocity derivatives in the out-of-plane 
direction (z) remain unresolved. High-speed plane measurements (e.g. PIA, TRPIV) 
deliver results that are also resolved in time. The volume measurements provide an 
instantaneous fluid flow velocity map in a volume. The best possible spatial resolution is 
defined by the tracer particle density in the flow. There is only one measurement 
technique available that can study the fluid dynamics of highly turbulent flow in all four 
dimensions simultaneously with sufficient resolution and dynamic range: holographic 
cinematography, which is an exhaustive and therefore mostly not applicable technique.  
Three-dimensional, time-resolved particle tracking velocimetry is probably the most 
preferable technique for resolving the full velocity vector volume at each instant of time. 
The work of Voth et al. (2002) is the best experimental study (to the author’s knowledge) 
of resolving the fluid particle pathlines in fully developed turbulence. The Kolmogorov 
length and time scales are fully resolved at Reλ=970, utilizing silicon strip detectors that 
provide a temporal resolution of 70 kHz with a spatial resolution of 256×256×256 pixels, 
which corresponds to a measurement volume of 2×2×2 mm3. 
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2.2.1  Optical measurement techniques 

The first two techniques in Table 1, pitot tube and HWA, are intrusive, i.e. they disturb 
the flow whereas the optical techniques, such as LDA, are non-intrusive, assuming that 
the laser light rays and the tracer particles seeded in the flow do not cause any 
disturbance. Optical measurement techniques in general utilize nearly buoyant, micro-
scale tracer particles seeded in the fluid to track the fluid motion. Schlieren and 
Background-Oriented Schlieren (BOS) techniques are exceptions, because they acquire 
density fields of the flow based on changes in the media’s refractive index. The density 
gradients and respectively the vortices and shock waves are then visualized in gas flows 
without seeding the flow with tracer particles. Apart from these exceptions, the accuracy 
of an optical measurement technique depends on the Stokes number of the utilized tracer 
particles (whether they follow the fluid flow or not). Mei (1996) and Melling (1997) 
among others have studied the velocity fidelity of flow tracer particles and proposed 
some guidelines for the selection of tracer particles. The correct tracer particles follow 
perfectly the fluid motion and especially in liquid flows the errors related to the 
momentum response of tracer particles are negligible.   
 
Optical measurement techniques measure the fluid flow directly from the displacement 
field given by two consecutive in-focus images of tracer particles when the time delay 
between the exposures is known, or indirectly from the laser light scattering pattern of 
moving tracer particles. Direct optical measurement techniques include PIV, PTV, double 
pulse holography and their variations. LDA is an indirect optical measurement technique 
which calculates the tracer particle’s velocity based on the Doppler frequency shift of 
laser light scattered by the surface of the moving particle. In addition to the particle’s 
velocity, PDA defines also the size of the particle.  IPI, GPD, DGV and DDPIV can 
measure three components of a velocity in the measurement plane utilizing only a single 
camera, but with a several-camera setup the techniques can measure all velocity 
components in a measurement volume. DGV technique measures the Doppler frequency 
shifts similarly to LDA and PDA, and the other techniques IPI, GPD and DDPIV analyse 
defocused images of particles. IPI and GPD study the number and spacing of interference 
fringes (IPI) or corresponding glare points (GPD) of out-of-focus particle images, 
whereas DDPIV uses a mask with two or more apertures shifted away from the optical 
axis to provide multiple in-focus images from each particle, where the spacing of images 
of each particle reveals the depth location of the particle (Pereira and Gharib, 2002). 
Palero et al. (2005) have presented the Digital Image Plane Holography (DIPH) 
technique, which utilizes a single-camera setup for two-phase flow analysis in multiple 
planes. DIPH produces a lensless Fourier transform hologram of the imaging lens 
aperture using a divergent reference beam, which allows simultaneous recording of 
several fluid planes. Multiple-plane DIPH analyses defocused particle images similarly to 
the IPI approach, but in a quasi-3D region.  
 
This study concentrates on direct optical measurement techniques (introduced in Chapter 
3) that collect experimental data from images of in-focus particles using image analysis 
methods. The indirect whole-field optical techniques have an advantage over direct 
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optical techniques in providing the 3D position and size of spherical particles and a 
disadvantage in that the analysis of defocused images or multiple images requires lower 
particle image density than the analysis of in-focus images (Damaschke, 2002) and that 
the irregularly-shaped particles cannot be analysed. The studied multiphase flows include 
irregularly-shaped dispersed phase particles such as macro-bubbles, flocculate particles 
and micro-bubble-floc-agglomerates, which cannot be analysed with indirect optical 
techniques. The indirect optical whole-field techniques are often preferable in studies of 
single-phase flows or dilute multiphase flows of small, spherical particles and droplets.  

2.2.2  Non-optical, whole-field measurement techniques 

The optical, whole-field measurement techniques are superior to any other measurement 
technique in EFD studies when visibility to the measurement volume is guaranteed. In 
cases where visibility to the measurement volume is blocked, e.g. in dense multiphase 
flows or in internal flows surrounded by non-transparent boundaries, such as biomedical 
or physiological flows, the optical techniques become useless. Optical techniques are 
limited to measuring multiphase flows with low dispersed phase concentrations. The 
optical techniques can be replaced by other non-intrusive imaging techniques such as 
MRI, ERI, X-ray tomography, X-ray PTV and ultrasonic Doppler anemometry. However, 
such measurement devices are expensive and they are not as fully developed for purposes 
of EFD as the optical techniques are. When there is no optical access to the measurement 
volume, the above-mentioned techniques can be recommended. 
 

2.3 The measurement systems in this study 

The quantitative multiphase flow measurements are carried out with the optical 
measurement systems shown in Table 2. The monochrome cameras can acquire double-
frame still-images of high-speed flows with a 75 ns time delay between the image frames, 
where the lasers provide extremely short light pulses to illuminate the acquired image 
frames. Measurement system 1 is utilized in conventional PIV studies and in cases when 
a high-power laser is required. Measurement system 2 allows high-speed measurements 
up to 636 Hz velocity field rate at maximum sensor resolution. Both systems allow three-
dimensional measurements with two cameras. Also a multiple-plane SPIV measurement 
can be carried out with simultaneous use of both systems. 
 



 

 20

Table 2. The measurement systems at the Institute of Energy and Process Engineering, at 
Tampere University of Technology. 
 

Measurement system 1 

 

Measurement system 2 

 
two double-frame CCD cameras (PCO Sensicam) two double-frame CMOS cameras (PCO 1200 hs) 

sensor resolution 1280×1024 pixels sensor resolution 1280×1024 pixels 
pixel size 6.4×6.4 μm2 pixel size 12×12 μm2 

image intensity rate 12 bit image intensity rate 10 bit 
double-frame recording rate 4 Hz at max. 
resolution 

double-frame recording rate 318 Hz at max. 
resolution 

double-cavity Nd-YAG laser (Spectra-Physics) double-cavity Nd-YLF laser (New Wave, Pegasus) 
laser light energy per pulse 400 mJ laser light energy per pulse 10 mJ 
pulse duration 8 ns pulse duration 40 ns 
maximum pulse rate 4 Hz maximum pulse rate 20000 Hz 

programmable timing unit (LaVision) diode laser (Oseir, HiWatch) 
 laser light energy per pulse 0.025-0.5 mJ 
 pulse duration 0.1-2 μs 
 maximum pulse rate 100000 Hz 

 programmable timing unit (LaVision) 
 

2.4 The multiphase flows in this study 

Numerous types of multiphase flows are present in nature and in industrial processes. 
This study concentrates on incompressible, non-reactive, isothermal, dispersed 
multiphase flows, in which one of the phases is absolutely continuous. Separated flows, 
slurry flows, slug flows or packed bed flows are not considered. The dispersed flows can 
be divided into flows of particles or droplets in gas and into gas bubble and particle flows 
in liquid. The continuous phase may flow as well and actually in industrial processes the 
flow conditions are typically turbulent. The three phases: solid, liquid and gas may all be 
included, e.g. in the flotation process, where the flow becomes truly multiphase. In fact, 
most of the fluid flows are multiphase in nature and only seldom are purely single-phase 
flows found. If one-way coupling of momentum from continuous phase to dispersed 
phase can be assumed (e.g. in the flocculation process of natural organic contaminants of 
a lake water), the multiphase flow system can be simplified to a single-phase flow, in 
which the fluid dynamics are much easier to explore by means of both experiments and 
numerical simulations.  
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2.5 Methods for studying mass, energy and momentum transport 
in dispersed multiphase flows 

Typically, the fluid dynamical studies of a dispersed multiphase flow arrive at separate 
continuous phase and dispersed phase equations. Continuous phase dynamics is solved 
with governing conservation (continuity, momentum and energy) equations that include 
the boundary conditions imposed by each dispersed particle in the flow and coupling 
terms for mass, momentum and energy transfer between the particles and the fluid. In 
practice, different averaging procedures are made in order to simplify the continuous 
phase equations.  
 
Dispersed phase dynamics can be studied by conservation equations for single particles 
or for particle populations. Coupling in dispersed multiphase flows occurs between 
phases and in particle-particle and particle-wall interaction. The particle populations are 
investigated with a General Dynamic Equation (GDE), i.e. a population balance equation 
that determines the dynamics of the particle distribution n(dp,xi,t). The particle 
distribution varies spatially and temporally due to Brownian diffusion and turbulent 
diffusion, coagulation or agglomeration, breakage, mass, momentum and energy transfer 
with the continuous phase and other dispersed phases and due to external force fields 
(electrical potential gradients, gravity, temperature gradients). The general dynamic 
equation of a particle population is specified for each case, but in general it is expressed 
in the form (adapted from Friedlander, 2000) 
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where fvr  is the fluid velocity in absence of the particle, pvr  is the particle velocity, I is the 
mass flux between the fluid and particle phases, v is the volume of a particle, D is the 
diffusion coefficient, β is the collision frequency that defines how often the particles 
collide, α is the collision efficiency, which determines how many collisions lead to 
coalescence or attachment in case of agglomeration and Ω is the breakage rate of 
particles. GDE for agglomerates includes further variables, such as a mass fractal 
dimension that relates the characteristic size of the agglomerate to its volume. The first 
term on the left side of Eq. (11) indicates how the particle distribution changes in time, 
the second term accounts for the convection of particles with the fluid stream and the 
third term on the left represents the mass transfer rate between fluid and particles of 
volume v. The first term on the right side of Eq. (11) is the particle diffusion term, the 
second and third terms represent the coagulation effects: the rate of formation of particles 
of volume v and the rate of loss of particles of volume v, respectively. The fourth term 
defines the rate of loss of particles of volume v due to breakage and the fifth term 
represents the formation rate of particles of volume v due to the breakage of particles 
with a volume greater than v. In the fifth term, n2( vv ,~ ) is the number of particles of 
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volume v in the daughter particle distribution that is formed in the breakage of particle of 
volume v~ . The seventh term includes all the external forces that cause particle motion 

pvr . The coagulation transfers the dispersed phase mass from small particles to large 
particles and the particle breakage due to hydrodynamic forces has an opposite effect. 
The first coagulation term presents the probability of two particles of volumes v~  and 

vv −~  to collide and coalesce, producing one large particle of volume v.  A factor of ½ is 
introduced because each collision is counted twice in the summation. The second 
coagulation term takes into account also the decreased collision probability due to loss of 
small particles of volume vv ≤~ . Turbulence effects can be taken into account in Eq. (11) 
by adding a turbulent diffusion term and by decomposing all the terms of Eq. (11) into 
mean and fluctuating parts. This introduces e.g. covariance of the fluctuating parts of 
fluid velocity and particle distribution '' ivn , which can be modelled as 

 

i
i x

nvn
∂
∂

= ξ'' ,            (12) 

 
where the turbulent diffusivity ξ=ξ(x,y,t) relates the local, instantaneous variation of 
particle distribution to the spatial gradients of the mean particle distribution. The 
modelling approach is similar to the Boussinesq hypothesis. Eq. (11) has no analytical 
solution and numerically it is difficult to solve, especially in turbulent particle-laden 
flows. However, advanced experimental techniques have allowed the measurement of 
several variables (n, n2, pvr , fv

r , α, β, Ω, etc.) of the population balance equation. The 
fluid and particle velocities and particle distributions can simultaneously be measured as 
a function of time and position. The utilization of experimental results allows the 
validation of population balance models for the design of multiphase flow systems in 
industrial processes. 
 
The dynamics of a single, spherical particle in an incompressible, turbulent flow can be 
expressed with a momentum equation as 
 

FPHAMLMLSQSGB
p

p FFFFFFF
dt
vd

m ++++++= −

r

, (13) 

 
where the forces acting on a particle are listed in Table 3. Eq. (13) does not account for 
the forces acting on a particle due to particle deformation, particle-particle collisions and 
particle-wall collisions. The individual force terms can be studied both experimentally 
and numerically in academic flow cases. Some of the force terms require simultaneous 
information on particle size and velocity and on the fluid velocity field surrounding a 
particle.  
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Table 3. Forces acting on a single, spherical particle in a turbulent flow, with a description and 
equation for each force (adapted from Crowe et al., 1998; Magnaudet et al., 1995; Mei, 1997). 
 
abbr Force origin equation 
FB-G buoyancy 

– gravity 
force 

gravity, 
difference in 
density 

( ) ,3
6

gd pfp
rρρπ

−  (14) 

FQS Quasi-
steady 
viscous 
force 

fluid viscosity, 
difference in 
velocity 
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ρ
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 (15) 

FLS Saffman 
lift force 

fluid shearing 
motion, 
difference in 
velocity 
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where the vorticity vector ff v
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FLM Magnus 
lift force 

particle rotation, 
difference in 
velocity and 
rotation rate 
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FH History 
or Basset 
force 

underdeveloped 
boundary layer 
on particle 
surface 
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FFP Fluid 
pressure 
force 

difference in 
fluid pressure  Dt
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d f

fp

r

ρπ 3
6  (20) 

Remarks: CD is the drag coefficient of the particle, CLR is the lift coefficient, rω
r  is the 

relative spin of the particle with respect to fluid, pω
r  is the particle rotation and the local 

fluid rotation is half of the vorticity vector. The material derivative D/Dt has been 
described in Equation (2) and the directional derivative along the particle pathline d/dt for 
e.g. fluid velocity yields  
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The relative velocity of a particle, vrel, i.e. slip velocity is defined as 
 

fprel vvv rrr
−= .   (22) 
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Fluid experiences acceleration due to its motion relative to the particle. The acceleration 

is of the order of 
p

rel

d
v 2r

 in the direction of the relative motion, while in absence of the 

particle the acceleration would be ff
f vv

Dt
vD rr
r

∇⋅=  in steady flows. The acceleration 

number is the ratio of the fluid flow acceleration without particles and due to the 
particles, which yields (van der Geld et al., 2001) 
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The quasi-steady drag coefficient of the particle is a function of the flow acceleration 
number and the particle Reynolds number, where the particle Reynolds number is  
 

ν
prel

p

dv ⋅
=
r

Re .   (24) 

 
Several correlations for CD of a spherical particle in a turbulent flow are given in the 
literature. The drag coefficient of irregularly shaped particles includes also additional 
parameters such as particle shape and particle orientation with respect to the flow 
direction, and in the case of a permeable particle, the porosity and mass fractal dimension 
of a particle. Fluid flows through a permeable particle and therefore the particle’s drag is 
reduced. A permeability model should be developed (Bushell et al., 2002) to accurately 
predict the quasi-steady drag coefficients of permeable particles such as flocs and micro-
bubble-floc agglomerates.   
 
Deforming bubbles, droplets and flocs are more challenging research objects than rigid 
sphere particles. For example in bubbly flows the interactions between the forces that are 
due to surface tension, viscosity, inertia and buoyancy produce a variety of effects which 
are quite often evidenced by different bubble shapes and trajectories. Magnaudet and 
Eames (2000) have reviewed the current state of knowledge of the motion of high-
Reynolds-number bubbles and of the forces acting on bubbles moving in 
nonhomogeneous flows.  
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2.6 The industrial processes in this study 

The industrial processes that include multiphase flows have traditionally been designed 
based on empirism (Crowe et al., 1998). Optimization of traditional processes is in the 
interest of the Finnish paper industry, chemical industry and petroleum industry. Process 
optimization can directly utilize experimentally-provided information on process 
parameters or the experimental data can be used to validate the numerical models that 
produce data for process optimization. It is highly important to obtain reliable and 
detailed experimental data from the processes. This study has investigated the following 
laboratory-scale multiphase flow processes: dissolution, mixing, flocculation, 
sedimentation and dissolved air flotation. 

2.6.1  Dissolution process 

In a dissolution process, gas is dissolved into the liquid. The dissolution is enhanced by 
mixing, which disperses the gas phase to small gas bubbles. Breakage of a large bubble is 
controlled by balance between surface tension, viscous stresses and dynamic pressures 
(Hinze, 1955), and by the bubble resonance oscillation that takes place, if the occurrence 
frequency of turbulent eddies is close to the natural frequency of the bubble (Risso and 
Fabre, 1998). Increased mixing improves the dissolution process, because the gas-liquid 
interfacial area is increased and the gas rise velocity is decreased, which lengthens the 
interfacial contact time. The bubble coalescence mechanism induces opposite effects. 
The models of these mechanisms are reviewed and studied by Laari (2005). Typically, 
the design of a dissolution process aims at suppression of coalescence mechanisms and 
increase of breakage mechanisms.  
 
The measurements of the process provide simultaneously information on local, 
instantaneous bubble sizes, shapes and velocities and fluid flow velocity fields in the 
bubbly flow. The size, velocity and relative velocity distributions of bubbles are derived. 
The bubble shape and dimensions play an important role in heat and mass transfer 
between the continuous and dispersed phases, since they determine the interfacial area 
available for such phenomena. The bubble dynamics change considerably with bubble 
size. Individual momentum transport equations for each size class are necessary to 
accurately predict the mean delay time of bubbles in the process. The measurement 
results are partly reviewed in Papers II and V and by Laakkonen et al. (2005a, 2005b, 
2006), who utilize the measured local bubble size distributions in the development of a 
population balance model (Laakkonen, 2006). The experiments and numerical 
simulations are carried out in a laboratory-scale process. A photograph of the studied gas-
liquid reactor is shown in Figure 8. Processes on an industrial scale can be designed with 
the help of the population balance model (Laakkonen, 2006).   
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Fig. 8. Bubbly flow in a gas-liquid reactor. 

2.6.2  Mixing process 

The effectiveness of chemical processes such as coagulation, flocculation, dissolution, 
etc. strongly depends on the mixing that takes place in the process. The Lagrangian 
turbulence statistics determine how the turbulence disperses the reaction components and 
how quickly a homogeneous mixture is developed. Mixing increases the collision 
frequency of dispersed particles, which can lead to an increased coalescence rate. On the 
other hand, the maximum hydrodynamic forces that take place in the mixing device cause 
the possible breakage of dispersed particles, e.g. of bubbles and flocs. The sustainable 
sizes and size distributions of flocs in a mixing tank are studied in Paper VII and the 
bubble size distributions in a turbulent flow after a centrifugal pump are measured in 
Paper I. Paper I investigates how the bubble size distributions change with changes in the 
gas injection rate, the gas injection type (dissolved air vs. entrained air), the process 
pressure and the pump rotation speed. 
 
Mixing devices are divided into static and active mixers. The active mixers (stirrers, 
turbines, pumps and propellers) induce periodic motion in the flow. These coherent flow 
structures are not caused by turbulence, but by rotation of the mixer. In a rotating system 
the velocity fluctuations consist of two components: turbulent fluctuations u’turb and 
periodical fluctuations u’per.  
 
In the studied flocculation tank with a two-blade turbine, strong periodicity of the flow is 
present and therefore Reynolds decomposition does not yield proper information on the 
turbulent flow field. In addition to the periodical fluctuations, the turbine axis also 
vibrates at high turbine speeds. Both the vibration of the turbine and the flow turbulence 
lead to stochastic separation of the flow on the turbine blade and further to the stochastic 
movement of the trailing vortex pair. The movement of large-scale flow structures 
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introduces strong fluctuations in the local, turbine phase angle resolved velocity profiles, 
as can be seen in Figure 9a, which shows a radial velocity component on a radial profile 
at middle height of the turbine blades at the turbine phase angle of 80°. The measured 35 
velocity profiles and their mean, plus/minus standard deviation profiles are plotted in 
Figure 8a. At one point the initial radial velocity may fluctuate from -0.15 to +0.4 m/s 
with an average of +0.15 m/s, although at that point the magnitude of instantaneous 
turbulent velocity fluctuations is much smaller than that. The vortex wandering must be 
noticed in order to correctly resolve the turbulent velocity fluctuations (Heyes et al., 
2004). 
 

          
 
Fig. 9. Time-resolved flow field measurements in a flocculation tank at 160 rpm turbine speed. 
a) The radial velocity profiles at middle height of the turbine blades, at a turbine phase angle of 
80°.  b) The measured three-dimensional trajectories of trailing vortices. The upper trailing 
vortices are marked with red lines and plus signs, and the lower vortices with blue, dash lines.  
b) Top view and c) side view. 
 
The turbine trailing vortices are the main flow structures that disperse the fluid motion in 
a mixing tank. The wandering of the large-scale vortices can be analysed with a LES 
decomposition that is based on a) size of the flow structures (homogeneous filter), as 
shown in Figure 7, or b) based on the energy of the structures (proper orthogonal 
decomposition (POD), also named Karhunen-Loeve decomposition or Principal 
Component Analysis (PCA)). Alternatively, the flow fields can be divided into classes 
with fuzzy clustering and conditional sampling (Vernet and Kopp, 2002) or on the other 
hand the pathlines of the trailing vortices can be tracked utilizing time-resolved 

b) c) 

a) 
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measurements. The pathlines can be studied one by one and their statistics can be 
calculated as demonstrated in Paper VI and in (Heikkinen et al., 2006). Figures 9b and 9c 
show the measured three-dimensional pathlines of the trailing vortices in the flocculation 
tank at 160 rpm turbine speed. 

2.6.3  Flocculation process 

The principle of a chemical flocculation process is to bind the contaminants of water 
together with the aid of chemical coagulants. Flocculation produces flocs that can be 
removed from water by filtration, sedimentation or flotation. The production of flocs is 
affected by many process parameters such as water pH, temperature, concentration and 
properties of contaminants, dosage and properties of coagulants, mixing of coagulants 
and contaminants and governing fluid dynamics during the process.  Mixing is important 
in two parts of the process: first, the coagulant must be rapidly mixed into the liquid to 
enable correct chemical reactions to take place; second the actual flocculation process 
becomes more effective when mixing is more intense, but if a certain limit is exceeded, 
flocs start breaking up and the floc growth process (i.e. flocculation) stops. The dosage of 
the coagulant has a significant importance in the flocculation process. If the dosage is too 
low, the created flocs are small and fragile and if it is too high, the floc growth is limited 
as well. The floc growth is necessary so that the flocs sustain the hydrodynamic forces 
that exist in the process and so that they can be successfully removed by means of 
sedimentation, filtration or flotation.  
 

a)  b)  
 
Fig. 10. The flocculation process of organic contaminants a) in lake water and b) in industrial 
waste water. In the case of lake water one can see through the tank, whereas in the case of 
industrial waste water, even the baffle 6 mm from the front wall is invisible. 
 
The time series of floc quantities (size, shape, fractal dimension and concentration) are 
measured during the flocculation process and the time derivatives of each quantity are 
derived. The measurement analysis reveals the growth rate or disintegration rate of flocs 
and the time-wise changes of the size distribution of flocs. The evolution of the 
characteristic floc structure can be monitored by plotting the average mass fractal 
dimension with respect to time. The two-dimensional fractal dimension D2 of floc images 
is defined with a linear regression between logarithms of the maximum dimension and 
projected area of floc images. Lee and Kramer (2004) have computed power-law 
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relations between the measured two-dimensional fractal dimensions and the true, three-
dimensional mass fractal dimensions Df utilizing simulated agglomerates. Their 
correlation provided good results for various agglomerate types. This estimate is utilized 
to relate the characteristic size of a floc to its volume, density and mass. Then, the 
volume distributions and the volume flux of flocs can be plotted with respect to the 
flocculation time. The number- and mass-averaged floc sizes and the maximum floc size 
are also derived for each time step. If the measurement volume is known and all flocs 
inside the measurement volume are detected, the local, instantaneous concentration of 
flocs can be measured. The local floc volume concentrations can be measured also in the 
middle of the tank in the case of a dilute concentration of flocs of lake water, shown in 
Figure 10a. The dilute concentration of porous, buoyant flocs in the tank does not affect 
the continuous phase fluid dynamics. For that reason, the fluid dynamics can be studied 
in a single-phase flow. On the contrary, in a dense concentration of flocs of industrial 
waste water, shown in Figure 10b, the flocs affect the fluid flow field, but the visibility to 
the middle of the tank is blocked and the fluid flow velocity measurements cannot be 
carried out. In addition, the measurements of flocs can be carried out only near the front 
wall of the tank and concentration measurements are not possible due to the limited 
visibility to the measurement volume. 

2.6.4  Sedimentation process 

The aim of a sedimentation process is to separate the settling particles from a fluid. The 
particles are collected from the bottom of the sedimentation column and the fluid outflow 
is on the top. The efficiency of the process depends mainly on the density and size of the 
particles. The sedimentation velocities of different sizes of flocs relate to the density 
function of flocs. The measurement of the sedimentation velocity of flocs during the 
sedimentation process enables a comprehensive analysis of floc properties. The floc 
density, porosity and mass fractal dimension can be measured when the gravity force and 
drag force are the only forces affecting the floc. However, this means that the liquid that 
surrounds the sedimenting floc should remain stagnant and the drag co-efficient of an 
irregularly-shaped floc should be known.  
 
A floc’s drag coefficient can be measured from the force balance equation of three 
forces: drag, buoyancy and gravity acting on a single floc particle settling in a stagnant 
fluid, which gives 
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where g is the gravitational acceleration,  vt is the terminal settling velocity and Aa is the 
floc’s horizontally projected area normal to the direction of settling, which can be 
approximated with the projected area visible in the image. The density of a fractal-like 
floc ρa is defined as 
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where N is the number of primary particles that compose the floc, V0 and ρp are the 
volume and density of the primary particle, Va is the total volume of the floc including 
the liquid trapped inside, and Vs is the volume of solid component in the floc (Vs=N·V0). 
Tang et al. (2002) proposed an iterative approach for measuring a floc’s drag coefficient, 
density, and mass fractal dimension. A statistical power-law relation between CD and Re 
can be included in the iterative approach.  

 
The terminal settling velocity of a floc vt in a stagnant fluid is assumed to relate to the 
characteristic size of a floc da with a power-law relation (Jarvis et al., 2005) 
 

1−∝ fD
at dv ,           (27) 

 
where Df is the average mass fractal dimension of the floc population. Df can also be 
measured geometrically with an image analysis. The measures can be compared and the 
accuracy of the fractal dimension measurement techniques is considered. The 
characteristic floc properties of the floc population can be defined during the 
sedimentation process and the results are used as a priori in the analysis of the succeeding 
flotation process. 

2.6.5  Flotation process 

Basically, in the Dissolved Air Flotation (DAF) process pressurized water with dissolved 
air is dispersed through nozzles into a flotation tank filled with water that contains 
organic flocs. The dissolved air void fraction in the pressurized water at room 
temperature at 3 bar pressure is around 3%, which is controlled by Henry’s law. When 
the pressure is released in the nozzle, micro-bubbles are created from the supersaturated 
liquid. The smallest micro-bubbles in the studied DAF process rise about 1 mm/s. The 
rise velocity of 1 mm/s corresponds to a bubble size of 35 μm (Ljunggren et al., 2004). 
The average bubble size created in the nozzle is about 60 μm and the average rise 
velocity of bubbles is around 4 mm/s. The micro-bubbles collide with flocs, attach on 
their surface and lift them up to the water surface. Eventually flocs cluster on the water 
surface. The surface material is mechanically wiped away and the cleaned water collects 
on the bottom of the flotation tank. The diagram of water treatment by means of the DAF 
process is shown in Figure 11. The sedimentation column can be added between the 
flocculator and the flotation tank. 
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Fig. 11. Schematic diagram of DAF process for water treatment (Fukushi et al., 1995). 
 
The interaction of flocs and micro-bubbles in the flotation tank is interesting. Dozens of 
micro-bubbles can attach on each floc. The micro-bubble-floc agglomerates have greater 
buoyancy than single micro-bubbles and in the case of nearly buoyant flocs, the 
agglomerates rise up much faster than single micro-bubbles. There are several 
unanswered questions in this process. 

 
 How many micro-bubbles must be attached on a floc of a certain size to introduce 

a lift force that cancels out the gravity of a floc? What is the maximum amount of 
micro-bubbles that can attach on a floc of a certain size and does the attachment 
efficiency (i.e. collision efficiency) change with time? 

 
 Why might a micro-bubble not attach on a floc’s surface in the case of collision 

and could attached micro-bubbles detach due to hydrodynamic forces, turbulence 
or coalescence with other bubbles? 

 
 Do the floc properties (shape, structure, electrical potential, etc.) have an influence 

on the attachment efficiency? 
 
 How large a percentage of micro-bubbles collide with flocs and how many of 

them freely rise up to the surface? What is the mean collision frequency? What is 
the total gas volume versus floc volume, i.e. the total air-solid ratio, that is needed 
for an efficient flotation process? 

 
When the density function of flocs is known from the sedimentation process, the bubble-
floc agglomerate density can be measured in two ways, a) from a momentum equation or 
b) directly, when the gas volume and floc volume in the agglomerate are known, which 
gives for the density of a bubble-floc aggregate ρbfa  
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where Nb is the number of bubbles attached on the agglomerate, Vb is the average volume 
of attached bubbles and ρg is the gas density. The number of attached bubbles can be 
estimated with an image analysis that is presented in Paper VIII. The measured rise 
velocities of micro-bubble-floc agglomerates reveal that the large agglomerates (da~1 
mm) rise in the turbulent flow regime (Rep>50) and the rise velocity is typically higher 
than the sedimentation velocity of flocs. This implies that the gravity force of a large, 
porous floc is small compared to the buoyancy force of attached micro-bubbles and it can 
be neglected. Then the number of attached micro-bubbles can be estimated with the 
simplified momentum equation, which gives 
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where va is the rise velocity of the agglomerate and the drag coefficient CD is defined in 
the turbulent flow regime, Re>50.  
 
The process parameters can be investigated statistically from measurement results or 
directly with measurements of a stagnant floc under flotation. In statistical study, the 
number of attached bubbles in each size category is measured at each instant of time and 
the rate of change is derived. The rate of change in the number of attached bubbles 
reveals the total attachment frequency, assuming that the measured flocs have been in 
contact with micro-bubbles for an equal period of time.  The attachment efficiency of 
bubbles on floc surface has been experimentally studied by Fukushi et al. (1998) with the 
help of numerical modelling. Han et al. (2001) derived experimentally a plot that relates 
attachment efficiency to the zeta potential and flocculation time of flocs. They stated that 
flocs must be positively charged to remove flocs successfully in DAF. The magnitude of 
zeta potential was not crucial, but its sign must be opposite to that of micro-bubbles that 
are negatively charged.  
 

a)  b)  
 
Fig. 12. a) A net that is used for catching a floc and attaching it in the measurement volume. b) 
Two orthogonal views of micro-bubbles that collide with a stagnant floc, which is located below 
the top layer of the net. The floc and the micro-bubbles are detected in each image frame and 
their motion is tracked in the high-speed image sequence.   
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A high-speed, three-dimensional PTV measurement in an orthogonal imaging 
arrangement has been carried out to visualize a stagnant floc under flotation for a period 
of time, and the bubble-floc collisions and the corresponding attachments and 
detachments are counted directly from the images. Figure 12 shows the net that is utilized 
to keep the floc in the measurement volume and two orthogonal views of micro-bubbles 
colliding with a stagnant floc. The attachment frequency is less than the collision 
frequency β and it relates to the collision frequency with a factor termed attachment 
efficiency α. Not all micro-bubbles attach when colliding with a floc. 3D-PTV 
measurement visualizes the attachment of 13 bubbles during a period of 15 seconds and 5 
of the attached bubbles later detach from the floc surface. In this particular case, the 
attachment efficiency is about 0.6 and the collision frequency is about 1 Hz. The bubbles 
may collide with a floc, slide on its surface or attach immediately, but they are not seen to 
bounce from the floc surface. After sliding on the surface, the bubble may attach on the 
surface or detach from the surface, or it can first attach on one position of the floc 
surface, then suddenly detach, slide on the surface and attach on the other position of the 
floc surface. The detachment of the attached bubbles is caused by floc movement and 
rotation, hydrodynamical forces and by collisions of other micro-bubbles or bubble-floc 
agglomerates. It is assumed that the collision frequency of a stagnant floc and micro-
bubbles is the same as for a floc that is moving with the flow, although this is not actually 
true. Therefore, further studies should be done to quantify the main governing 
phenomena and to formulate an equation that would determine the attachment frequency 
of micro-bubbles on floc surface under real process conditions.  
 

2.7 Challenges in experimental studies of multiphase flows in 
industrial processes 

In industrial multiphase flow systems, the flow is typically three-dimensional and 
turbulent. The fluid flow in large systems has a wide dynamic range of scales and the 
optical path to the middle of the system is long. The heterogeneous, turbulent flow field 
generates also a spatially and temporally varying dispersed phase particle size 
distribution with a wide size range. All of these facts lead to challenging measurement 
conditions. In addition, the dispersed phase concentration often exceeds the upper limit of 
optical measurements. Dispersed phase particles scatter the incident light rays and damp 
the light intensity, which restricts the penetration of light through the suspension. The 
dispersed phase particles that are located away from the measurement volume, but on the 
optical path from the illumination source to the camera, reflect and refract the light 
scattered by in-plane particles and cause distortions of the image. In direct optical 
measurements, the main challenges arise with (1) the imaging of the flow, (2) the 
discrimination between the flow phases, (3) the removal of noise due to the disturbed 
optical access to the flow, (4) the measurement of the sizes of the particle images and (5) 
relating these measures to the real particle size distribution in the flow, (6) the 
measurement of particle velocity and of the fluid velocity field surrounding the particle 
and (7) the comparison between the measured fluid velocity field and the particle 
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velocity. Careful design of experiments helps to face these challenges. Chapter 4 
provides guidelines for carrying out direct optical measurements in multiphase flows. 
 
Contamination in the multiphase flow system affects system properties. For example, in 
the DAF process micro-bubbles coalesce if the flotation cell is filled with tap water, and 
if the cell is filled with waste water, the bubble coalescence is insignificant due to the 
presence of contamination. As already stated, tracer particles are needed to visualize fluid 
motion. In multiphase flows the interaction of tracer particles and dispersed phase has to 
be studied. For example, in bubbly flows possible effects of the contamination of water 
by tracer particles are (a) hydrophobility of the tracers, resulting in a tracer motion away 
from the bubble surface; (b) settling of the tracer particles on the bubble surface, thus 
making the bubble surface more rigid; (c) change in the bubble rise velocity in the 
contaminated water. Hassan et al. (1998) found discrepancy between their measurements 
and the theory in the wobbling of the bubble shape. The discrepancy can be explained 
based on the addition of tracer particles to the water. Lindken and Merzkirch (2000) have 
investigated the influence of the contamination of tracer particles on their measurement 
results. In visualisation studies they could not detect particles moving away from the 
bubbles, nor particles settling on the bubbles’ surfaces, but when they compared the 
measurements in de-ionized water and in water seeded with tracer particles (D=10 μm), 
they measured a significant drop in the bubble rise velocity, especially for bubbles 
smaller than 3 mm. Yamamoto et al. (2001) estimated that the particles smaller than 10 
μm have a clear influence on bubbles. They stated that larger particles and particles with 
a porous surface do not noticeably interact with bubbles. However, in a DAF process 
(Paper VIII), the porous flocs of 50-2000 μm in diameter are flotated with micro-bubbles 
and the micro-bubbles efficiently attach on floc surfaces. The fluorescent (Rhodamin) 
particles with a diameter range of 20-45 μm are utilized in Paper II and it is noticed that 
they have a tendency to gather on bubble surfaces in the mixing process when a bubble 
remains long enough in the process. The particle-bubble interaction phenomena are 
poorly understood and thus the bubble experiments should be done also without tracer 
particles. This is the case in Papers I, VII and VIII, but the other papers study multiphase 
flows including the tracer particles. 
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3 Direct optical measurement of single-phase 
flows 

 

3.1 Optical distortions, geometrical calibration and image re-
mapping 

The optimal arrangement of an imaging system is provided when the object plane, image 
plane and lens plane are parallel and successively on the same line, i.e. on the optical axis 
of the camera lens element. However, imaging systems with multiple cameras often 
include off-axis cameras that view the measurement plane at an angle. Figure 13a shows 
a two-camera imaging system with an on-axis camera and an off-axis camera. When the 
image plane and the object plane are not parallel, which is the case with the off-axis 
camera, the image is optically distorted. Figure 13b shows the image of a calibration grid 
acquired with an off-axis camera at an off-axis angle of ϕ=30°. The marks of the 
calibration grid are organized in a rectangular grid with a constant spacing of 4 mm. The 
grid lines in the image are distorted. In addition, the image is partly out of focus because 
the depth of field of the image is too narrow. 
  

a)  

b)  c)  
 

Fig. 13. a) Imaging system with an on-axis camera and an off-axis camera. b) Image of the 
calibration grid with an off-axis camera without Scheimpflug adapter and c) image of the same 
grid with an off-axis camera equipped with a Scheimpflug adapter. Off-axis angle is 30° (PIV 
course materials, LaVision).  
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View camera focus is governed by the Scheimpflug Rule, which states that the three 
planes, i.e. the image plane, the lens plane and the plane of best focus, converge along a 
single line: the Scheimpflug line (See Fig. 15b). The plane of best focus is placed on the 
object plane in order for the camera image to be completely in focus. Optical 
Scheimpflug correction allows the image from a measurement plane to be uniformly 
focused from top to bottom and left to right, even though the lenses are not perpendicular 
to the measurement plane. The correction is done by a Scheimpflug adapter that creates 
an angle between the lens plane and the image plane which cancels out the angle between 
the object plane and the lens plane. On the other hand, Scheimpflug correction increases 
the distortion of the image. In addition, when the light rays arrive at a non-orthogonal 
angle to the image plane, the light sensitivity of camera sensor elements is decreased 
because the microlenses mounted on top of each sensor element are optimized only for 
orthogonal light rays. Figure 13c shows an image of the same calibration grid acquired 
with the off-axis camera equipped with a Scheimpflug adapter. The image with the 
adapter (Fig. 13c) remains in-focus all over the image, even with a narrow depth of field.  
 

a) b)  
 
Fig. 14. a) Original image of a calibration grid acquired with a camera at 16° off-axis angle. b) 
Corrected image of the rectangular calibration grid. Image distortion is corrected with a 3rd-order 
polynomial fit. 
 
Quantitative flow measurements require that the correspondence of image pixels in the 
real-world coordinates is defined. The pinhole model often provides an acceptable 
approximation of the imaging system with a lens element, but it is not capable of taking 
account of all image distortions and optical aberrations, whose resolution would require 
higher-order computational models. The computational models utilize images of 
calibration targets (e.g. calibration marks on a grid) to quantify the optical distortions and 
to re-produce an undistorted image of the object plane. Several computational models 
have been developed e.g. Nishino et al., 1989; Maas et al., 1993; Willert, 1997; Soloff et 
al., 1997; Prasad, 2000; Prasad and Jensen, 1995; Forsyth and Ponce, 2003; Fei and 
Merzkirch, 2004. Digital imaging enables digital image mapping based on a 
computational model that estimates the two-dimensional scaling of each pixel in the 
camera sensor. That means that after a geometrical calibration the image distortions and 
other image nonlinearities can be digitally corrected. Figure 14a shows an image of a 
calibration grid acquired with a camera at an off-axis angle of ϕ=16°. The distorted 
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image is re-mapped with a 3rd-order polynomial function to produce an undistorted 
image, shown in Figure 14b. The advantage of a geometrical calibration is that the 
imaging parameters (focal length, magnification factor, etc.) never need to be determined. 
It must be noticed that the mapping typically preserves only the straightness of the grid 
lines and it cannot correct out-of-focus images or certain image aberrations (spherical 
aberration, coma and astigmatism). In addition, image re-mapping reorganizes the 
information of the image content, which attenuates the precision of velocity 
measurements.  
 
Geometrical calibration can be carried out with a two- or three-dimensional calibration 
grid that is placed in the measurement volume and in the case of plane measurements, 
aligned parallel to the measurement plane. The accuracy of the geometrical calibration 
strongly depends on the alignment accuracy of the calibration grid with respect to the 
measurement plane and optionally with respect to the laser light sheet. The accuracy is 
also affected by the number of calibration marks in the grid, how accurately the marks 
are placed in the grid and how accurately they are located in the image. In the case of 
multi-camera setups, the geometrical calibration can also be carried out directly with the 
experimental images (Lavest et al., 1998; Wexler et al., 2000; Fournel et al., 2003; 
Wieneke, 2005; Tan and Hart, 2005). The novel self-calibration method (Wieneke, 2005) 
allows an accurate determination of the position and thickness of the two laser light 
sheets that are typically used for illuminating the tracer particles in PIV technique. 
Therefore, the possible misalignments and erroneous settings of the measurement system 
components are recognized. 
 
When liquid flows are studied, the water-glass-air interface introduces distortion to the 
image if it is not parallel to the image plane. In the case of curved or non-parallel 
interfaces, liquid prisms or specific outer water tanks are necessary to prevent the 
distortions. For example, in this study cylindrical vessels and pipes are housed in a 
rectangular or a hexagonal water tank. 
 
Direct optical measurement techniques usually provide a two-dimensional velocity vector 
field with two velocity components. The velocity samples are collected inside a 
measurement plane with a finite thickness. The out-of-plane component of flow velocity 
introduces a perspective error (Raffel et al., 1998) in the other two measured velocity 
components in the paraxial region of the measurement plane. The perspective error 
increases with increase in the distance from the optical axis of the imaging system. The 
perspective error is dependent on the thickness of the measurement plane, the distance 
between the measurement plane and the image plane and the parameters given by 
geometrical calibration. The perspective error can be reduced by placing the camera 
further away from the measurement plane, utilizing a camera objective with a higher 
focal length, producing a thinner light sheet, utilizing shorter time delays between image 
frames and carefully calibrating the measurement setup. However, the perspective error 
cannot be overcome in two-dimensional, single-camera measurements.  
 



 

 38

3.2 Three-dimensional direct optical measurement techniques 

Perspective error is removed with a three-dimensional measurement that views several 
perspective projections of a measurement plane or a measurement volume. All three 
components of the velocity vector are resolved instead of only two components parallel 
to the perspective projection. The three-dimensional direct optical measurement 
techniques include stereoscopic PIV (SPIV), multiple-plane SPIV (MSPIV Kähler and 
Kompenhans, 2000) and three-dimensional PTV (3D PTV, Nishino et al., 1989; Maas et 
al., 1993; Guezennec et al., 1994).  
 

 
 

Fig. 15. Stereoscopic PIV systems (Prasad, 2000). 
 
The two-dimensional-three-component PIV i.e. the stereoscopic PIV was first proposed 
by Arroyo and Greated (1991). The technique has been further developed by Prasad and 
Jensen (1995), Willert (1997), Soloff et al. (1997), Prasad (2000), among others. Figure 
15 shows typical SPIV measurement arrangements: a translational system and an angular 
displacement system. The cameras can optionally be placed on the same side or on the 
opposite side of the object plane. SPIV technique provides several advantages in 
comparison to 2D PIV technique: it removes the perspective error, computes the true 
flow velocity vectors and allows higher velocity measurement accuracy and reliability. 
The camera images are first corrected based on the geometrical mapping function. Then, 
the conventional two-component velocity fields are computed separately for both views. 
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The two-dimensional, three-component (2D-3C) velocity field is composed from the two 
2D-2C velocity fields, utilizing the geometrical mapping function. Doorne et al. (2004) 
reported registration error in super-resolution correlation analysis of SPIV data. The 
registration error derives from the interrogation windows that have smaller in plane 
dimensions than their out-of-plane dimension, which is defined by the thickness of the 
laser light sheet. The two perspective projections place a velocity sample in a slightly 
different location on the interrogation grid due to the misalignment of tracer particles 
from the exact measurement plane in the out-of-plane direction. The registration error 
increases with increasing the laser light sheet thickness in comparison to the spacing of 
the interrogation grid. The self-calibration technique (Wieneke, 2005) determines the 
position and thickness of the laser light sheets and then the registration error and any 
error related to the thickness or misalignment of laser light sheets can be quantified. 
 
Multiple-plane stereoscopic PIV is in principle the same as two parallel SPIV setups 
beside each other. The signals of two laser light sheets must be discriminated based on 
the polarization angle of laser light (Kähler and Kompenhans, 2000) or the wavelength of 
laser light (Mullin and Dahm, 2005). The distance between the two planes must be great 
enough not to illuminate the same tracer particles simultaneously with both light sheets 
and small enough to obtain good resolution of the out-of-plane velocity derivatives. The 
full velocity gradient tensor can be measured with the MSPIV technique. The technique 
has been further developed by Liberzon et al. (2005), who proposed a defocusing, 
multiple-plane stereoscopic PIV (XPIV), which combines the defocusing, stereoscopic 
imaging and multi-plane illumination concepts. 
 
Three-dimensional particle tracking (3D PTV) investigates the velocities of tracer 
particles inside a measurement volume that is illuminated with a volume illumination 
instead of a light sheet. The 3D PTV system can be accomplished with a single camera 
equipped with a two-lens stereoscopic arrangement or a single lens with a mirror system. 
Then, the field of view is either halved or both views overlap in the image. In two-camera 
systems a significant parameter is the separation angle between the two views. It can vary 
from a few degrees (human stereo vision) to ninety degrees (orthogonal viewing). 
Ouellette et al. (2006) stated in their comparative study that the orthogonal viewing 
approach produces the most reliable results. The reliability of the measurement increases 
with increase in the number of views. The epipolar lines of each perspective view cross at 
the same point in physical space. The matching of all views is based on the determination 
of the system’s epipolar geometry that is given by the geometrical calibration of the 
imaging system. The tracking of particles between the consecutive images becomes 
easier than in the conventional 2D PTV approach because the search function can employ 
parameters given by several views. The correct match must follow the particle path line 
in all views. Therefore, errors in particle tracking hardly ever remain unrecognized. On 
the other hand, the stereoscopic matching and particle tracking steps may be interchanged 
so that particles are first tracked in two dimensions and then the tracks are matched 
together to create three-dimensional particle path lines. 3D PTV has also disadvantages: 
a) the measurement volume is restricted to a small volume that is defined by the depth of 
field of the camera optics; b) an even illumination of the volume is difficult to 
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accomplish; c) the calibration of cameras to view exactly the same volume and the 
computation of the measurement results are time-consuming.  
 
The three-dimensional direct optical measurements in multiphase flows are restricted by 
the hampered visibility to the measurement volume. The full velocity vector of a particle 
is measured only if the particle is visible in multiple views. When the visibility is 
strongly hampered, as is the case in a dense multiphase flow, three-dimensional 
measurement gives basically the same result as two individual 2D measurements would 
give. The benefits of three-dimensional measurements are recognized when dilute 
multiphase flows are studied. Paper VI presents a three-dimensional, high-speed 
measurement of a dilute bubbly flow that simultaneously utilizes SPIV to resolve the 
fluid velocity fields and 3D PTV to resolve the bubble trajectories in a turbulent flow 
field. 
 

3.3 Digital image analysis in direct optical measurements 

Digital image analysis in PIV and PTV aims at accurate and detailed description of the 
displacement field given by the tracer particle images. The development of imaging 
velocimetry algorithms attempts 1) to decrease the computational costs, 2) to improve the 
accuracy of the image displacement measurement, 3) to improve the method’s 
applicability in more vortical flows with wider flow scales, 4) to increase the spatial 
resolution of the measured displacement field and 5) to facilitate the use of imaging 
velocimetry by automatically optimizing the computational parameters. 

3.3.1  PIV correlation analysis 

The two consecutive image frames can be correlated by directly multiplying the pixel 
intensities or in the frequency space after taking a discrete Fourier transform of pixel 
intensities. The implementation of Fourier transform makes the correlation much faster. 
The Wiener-Kinchin theorem (Bendat and Piersol, 1971; Bracewell, 1978) states that the 
Fourier transform of the auto-correlation function and the power spectrum of an intensity 
field are Fourier transforms of each other. The autocorrelation function is determined by 
Fourier transform, multiplication in the frequency plane and by inverse Fourier 
transform. The procedure is shown in Figure 16. The location of the correlation peak in 
the correlation plane R(sx, sy) reveals the median displacement (sx, sy) of tracer particles 
inside the interrogation window. 
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Fig. 16. Relation between 2D correlation function and spatial spectrum by means of the Wiener-
Khinchin theorem (Raffel et al., 1998). FT – Fourier transform, FT-1 – inverse Fourier transform, 
OFT – optical Fourier transform. 
 
The standard cyclic Fast Fourier Transform (FFT)-based correlation algorithm calculates 
a cyclic correlation of the interrogation window, which means that the correlation is 
computed as if the two interrogation windows were repeated again in 2D space and on 
this pattern the true correlation is computed. FFT-based correlation has an advantage in 
speed, but disadvantages in that the fast interrogation is restricted to interrogation 
window sizes 2n (4, 8, 16, 32, 64, …, 1024 pixels squared) and that it introduces the 
weighting of the correlation coefficients with an emphasis on the zero-displacement and 
with decreasing weighting towards greater displacement. For example, for an 
interrogation window of size 32×32 pixel2

 the weighting is 1 for a zero-displacement, ½ 
for a displacement of (16,16) pixel and 0 for a displacement of 32 pixel. This is because, 
e.g. for a displacement of 16 pixel, only particles in the left half of the first interrogation 
window really add to the correlation strength. The other right half of the first 
interrogation window is actually correlated with the wrong left half of the other 
interrogation window, adding random correlation noise. Ronneberger et al. (1998) 
presented an FFT-based correlation method that uses zero-padding of the interrogation 
windows to allow freely sized, irregularly shaped interrogation windows individually for 
each image frame that is correlated. The correlation weighting towards zero displacement 
is overcome using a twice larger interrogation window for the second frame and filling 
up the interrogation window of the first frame with zeros. The result can be normalized 
by dividing the correlation with a multiply of standard deviations of all pixels of both 
image frames. This effectively compensates varying background intensities and particle 
densities which otherwise would bias the correlation function towards greater intensities. 
The procedure of Ronneberger et al. yields exactly the same result as the direct, 
normalized correlation, but in a much shorter time, although the computation time is 
more than doubled compared to the case with a standard FFT-based correlation. The 
direct normalized correlation can be defined as 
 



 

 42

( ) ( )[ ] ( ) ( )[ ]

( ) ( )[ ] ( ) ( )[ ]2
00,2002

2/

2/

2/

2/

2
00,11

2/

2/

2/

2/

00,200200,11

2/

2/

2/

2/
00

,,,,

,,,,
),(

yxIyyxxIyxIyxI

yxIyyxxIyxIyxI
yxR

AVGii

N

Ny

M

Mx
AVGii

N

Ny

M

Mx

AVGiiAVGii

N

Ny

M

Mx

iiii

ii

−++⋅−

−++⋅−

=

∑∑∑∑

∑∑

−=−=−=−=

−=−= , (30) 

 
where R(x0,y0) is the correlation value for displacement (x0,y0) between image frames I1 
and I2 over an interrogation window of size NxM. Ii,AVG is the average intensity value 
inside the interrogation window. The normalized correlation can give equal weighting to 
each pixel in the interrogation window, such that the background is just as important as 
the particle images. Therefore, it is very important that all intensity variance and texture 
motion should be associated with fluid motion (Fincham and Spedding, 1997). The 
performance of statistical correlation functions (standard FFT-based correlation, zero-
padded FFT-based correlation, direct correlation, average-removed and normalized direct 
correlation) has been tested with simulated tracer particle images by e.g. McKenna and 
McGillis (2002); Piirto et al. (2005). A synthetic image generator (Lecordier and 
Westerweel, 2003) is developed to provide realistic simulations of experimental tracer 
particle images in order to examine the measurement accuracy. 
 
Hart (1998) has stated that image correlation relies on the change in intensity around the 
edges of the objects being aligned and not on the featureless, low-intensity gradient 
regions. He has presented a sparse array correlation method that computes the direct 
correlation only of the pixels that have a high-intensity gradient. The acceleration of 
correlation interrogation is relative to the percentage of abandoned pixels. Yamamoto et 
al. (2002) presented a successive abandonment method that abandons useless pixels from 
sparse array correlation analysis, still providing good results even in a super-resolution 
grid spacing. The sparse array correlation analysis can be further accelerated utilizing an 
error correlation function instead of the statistical correlation function (Hart, 1998). The 
error correlation function can be expressed as 
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The error correlation function does not weight the significance of high-intensity pixels 
and it is faster to calculate and easier to implement than the statistical correlation function 
(Hart, 1998). It is widely utilized also in temporal (motion-based) image segmentation.  
 
Rather than summing a region of pixel comparisons and entering the net value R(x0,y0) 
into the correlation plane, each individual pixel comparison can be directly added to the 
multidimensional correlation table. The multidimensional correlation table enables the 
multidimensional correlation analysis (Hart, 2002), in which the velocity gradients inside 
the interrogation window can directly be resolved. The multidimensional correlation is 
able to measure the image rotation or deformation (strain or shear) with an error level of 
0.2 pixels/N, where N is the size of the interrogation window (Hart 2002). The error level 
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is similar to the error of conventional PIV correlation with a velocity difference scheme 
between neighbouring interrogation areas. The multidimensional correlation has an 
advantage over conventional correlation methods in increased spatial resolution of 
velocity gradients and in that it produces accurate results even in highly vortical flows 
(Raufeisen and Nobach, 2004). The conventional PIV correlation cannot resolve the 
velocity gradients below the grid size of the correlation analysis and its results are biased 
due to a group locking effect (Lecuona et al., 2002). The super-resolution PIV methods 
(Keane et al., 1995) with recursive interrogation window sizes and multiple iterations 
have been developed to obtain higher spatial resolution and a wider dynamic range of 
resolved velocities. On the other hand, image deformation methods (Huang et al., 1993), 
correlation weighting functions (local field correction (LFC), Nogueira et al., 2001a) and 
multidimensional correlation methods (Hart 2002) have been developed to recognize the 
velocity gradients below the grid size of the correlation analysis. 

3.3.2  Advanced PIV and PTV interrogation techniques  

Conventional, single-pass PIV correlation analysis has a very limited dynamic range. The 
dynamic range is increased with an adaptive multiple interrogation algorithm that first 
calculates a reference velocity vector field with a large interrogation window size. The 
reference velocity field must resolve the large-scale flow field, because the interrogation 
areas of the next iteration are shifted with respect to the reference velocity field in order 
to match the right particles for the correlation. If the first interrogation produces the 
wrong result, it cannot be corrected in the following iterations and therefore the reference 
velocity fields are validated and smoothed before the next interrogation iteration. When 
the iterative interrogation proceeds, the interrogation window shifts improve adaptively 
and then the image correlation becomes more accurate and more reliable as this ensures 
that the same particles are correlated with each other even if small interrogation windows 
are used. Each PIV recording can be interrogated several times with the same 
interrogation window size or the interrogation window size is decreased for the next 
iterations. The final interrogation window size can be locally optimized to maximize the 
correlation plane signal-to-noise ratio (Rohaly et al., 2001). Weighting functions 
(Ronneberger et al., 1998) allow the adjustment of the interrogation window shape, 
which can also be locally optimized (Wieneke, 2004). The interrogation windows can 
orientate their longer dimension in the local flow direction and decrease in size with 
locally decreasing flow scales.  
 
The iterative image deformation techniques (reviewed by Scarano, 2002) do not assume 
constant transitional displacement of tracer particles inside each interrogation window, 
but they take into account the flow rotation and deformation even on the smallest 
detectable scales. The iterative approach of Lecordier and Trinite (2003) deforms images 
according to the measured velocity field until the velocity field provides deformed 
images with zero displacements. Nobach and Tropea (2005) proposed a method that 
deforms particle images by iteratively optimizing the signal to noise ratio of the cross-
correlation of deformed images. As a result, the iteratively optimized image deformation 
techniques calculate not only one velocity vector, but also the velocity gradients and 
velocity statistics inside each interrogation window. The spatial resolution in measuring 
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velocity gradients is therefore at least two times better than with the conventional 
difference schemes. In addition, the resolution in locating the measured velocity is much 
better than the resolution defined by the interrogation window size. 
 
Also PTV algorithms have been strongly improved during the last few years. Neural 
networks algorithms are utilized to find the centres of individual particles (Carosone et 
al., 1995; Ouellette et al., 2006), to stereoscopically match the particles in multiple views 
(Ohmi, 2003) and to track the particles in consecutive images (Hassan and Philip, 1997; 
Labonte, 1999; Ohmi, 2003). The individual particles are successfully located also with a 
particle mask correlation technique (Guezennec et al., 1994; Takehara and Etoh, 1999) 
and with an overlapping object recognition algorithm of Shen et al. (2000). In difficult 
flow cases with large particle displacements and high particle image density, successful 
particle tracking can also be obtained with a genetic algorithm (Sheng and Meng, 1998), 
with a deterministic annealing and an expectation-maximization algorithm (Krepki et al., 
2000), with a fuzzy logic algorithm (Shen et al. 2001), with a relaxation method (Baek 
and Lee, 1996; Ohmi and Li, 2000) and with a velocity gradient tensor method (Ishikawa 
et al., 2000). 
  
The field of computer vision has developed also other techniques than cross-correlation 
or particle tracking to accurately describe motion fields such as optical flow (Quenot et 
al., 1998; Ruhnau et al., 2005a) and Kalman filtering (Gao et al., 2006). Combinations of 
several techniques are certainly beneficial, as shown by Cowen and Monismith (1997), 
who utilized first iterative cross-correlation and then particle tracking analysis; Sugii et 
al. (2000), who utilized spatio-temporal derivative method after iterative cross-
correlation; Ruhnau et al. (2005b), who utilized variational optical flow with particle 
tracking analysis; Nobach et al. (2005), who utilized an iterative approach that combines 
the robustness of the correlation-based image deformation/LFC technique and the whole-
field flow description of the optical flow method. The iterative approach deforms images 
based on a densely sampled hypothetical velocity field and the hypothetical velocity field 
is corrected based on the correlation analysis of the deformed images. The hypothetical 
velocity field is iteratively optimized until a minimum difference of image content is 
obtained.    
 
In this study the fluid flow fields are measured with a commercial PIV software provided 
by LaVision GmbH. Single-exposure-double-frame images are cross-correlated with an 
iterative multigrid approach with deformed interrogation windows. A standard FFT-
based correlation function is typically utilized in the analysis of large sets of experimental 
data to save computational costs. The initial iterations utilize large interrogation windows 
(from 128×128 pixels to 32×32 pixels), decreasing the interrogation window size with 
every pass, and the correlation plane is validated with the second-order correlation 
method presented by Hart (2000). After each initial pass the vector field is strictly 
validated to remove every erroneous vector and smoothed with a 3×3 Gaussian filter. The 
resulting vector field is set as the initial vector field for the next correlation pass. In the 
next pass, the interrogation areas are continuously shifted with a central difference 
scheme (Wereley, 2001) according to the initial vector field and sub-pixel shifts are 
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utilized. The image deformation is carried out by bilinear interpolation based on the 
initial vector field. The interpolation utilizes the velocities and velocity gradients of the 
initial vector field, which means that each image pixel is interpolated with its individual 
value. The velocity gradients are measured with a central difference scheme from the 
initial, measured velocity field. Therefore, the spatial resolution of the measured velocity 
gradients is two times larger than the grid spacing of velocity vectors. The final two 
iterations are done with a 50% offset of interrogation windows with a final interrogation 
window size, which has been mostly 16×16 pixels, and without second-order correlation. 
The final result is not validated or interpolated, but a raw vector field is stored for the 
final analysis. The PIV software of LaVision has successfully participated in 
international PIV interrogation competitions, PIV Challenge 2001, 2003 and 2005 that 
examine the accuracy, reliability and robustness of the algorithms using several 
experimental and simulated test cases. The results of the first international PIV Challenge 
(2001) have been reported by Stanislas et al. 2003 and the results of the second 
Challenge by Stanislas et al. 2005. 

3.3.3  Accuracy of velocity measurement 

The accuracy of PIV and PTV techniques is highly dependent on the quality of the 
measurement data and is not limited by the spatial resolution of the image. The 
experimental setup must be carefully calibrated to define the geometrical mapping 
function of cameras. The errors in image scaling are superimposed on errors of image 
interrogation analysis. The accuracy of image interrogation analysis is affected by 
various measurement parameters: tracer particle image density, size and shape (optimally 
Gaussian shape), background noise, particle image overlapping and time delay between 
image frames. Figure 17 illustrates these sources of error. Figure 17a shows a tracer 
particle image, in which the tracers are unevenly distributed and vary in size. The large 
tracer particles are overexposed, producing top-hat-shaped particle images. To prevent 
these sources of error, the tracer particles of equal size should be seeded homogeneously 
in the flow. The tracers in Figure 17b are elliptically distorted due to optical aberrations. 
In addition, the varying background intensity can cause errors in PIV analysis. Figure 17c 
shows tracer images of nearly-Gaussian shape and zero-background level. However, 
some particle images are only about 2 pixels in diameter and the particle image density is 
a bit low. A better image of tracer particles is shown in Figure 17d, where the particle 
image density is high and the particle image size is adequate. Some particle images are 
overlapping in Figure 17d, which causes errors especially in PTV analysis.  
   

 
 
Fig. 17. Four tracer particle images that illustrate error sources in image interrogation analysis. 

A B C D 
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To increase the accuracy of the displacement estimation in PIV or the particle position 
estimation in PTV beyond the resolution given by the size of the sensor elements (pixels), 
sub-pixel interpolation methods are utilized for locating the correlation peak in the cross-
correlation function or the particle image position (Willert and Gharib, 1991). While the 
centre of mass estimate yields a strong fractional displacement towards integer values, 
which is known as “pixel locking”- or “peak locking” effect (Prasad et al., 1992), the 3-
point Gaussian peak fit (Willert and Gharib, 1991) works perfectly for ideally Gaussian-
shaped particle images or correlation peaks, and it has become the standard in PIV and 
PTV processing. The quality decreases under the influence of the diffraction-limited lens, 
which yields an Airy intensity function for small particles and circular apertures, or 
intensity integration over the sensor areas, i.e. “image pixelization” (Westerweel, 1997). 
Both effects can be reduced using more accurate imaging models, namely the point 
spread function of the camera objective convoluted with the sensitivity distribution of the 
sensor element. Unfortunately, this requires the optical parameters to be known very 
accurately, which is difficult in experimental environments. Increased precision of the 
velocity estimation can be achieved through an iterative, two-dimensional Gaussian fit 
(Ronneberger et al., 1998) using the Levenberg-Marquardt method and appropriate 
weighting schemes and transforms of the image intensities or correlation values. A 
distribution of the random fluctuations is measured and placed in the particle image 
model (e.g. the Fisher transform for the correlation function, Ronneberger et al., 1998) to 
obtain unbiased estimates of the peak location. An easier and faster approach is the two-
dimensional, elliptical Gaussian regression function (Nobach and Honkanen, 2005), 
which assumes elliptical particle images. The Gaussian regression has been proved to 
provide high accuracy even for distorted particle images. For a particle image diameter of 
three pixels, the locations of particle or correlation peak centres are resolved with an 
RMS error of about 0.01 pixels. Unfortunately, the method cannot handle an image 
intensity offset and therefore it requires image pre-processing with an accurate 
background removal method (e.g. Paper IV). Another approach is the iterative image 
deformation technique (Lecordier and Trinite, 2003; Scarano, 2004; Nobach and Tropea, 
2005) that continues iterations until convergence to reach a zero-displacement field. In 
such cases, high accuracy in displacement estimation is obtained even without accurate 
sub-pixel correlation peak fit function. 
 
Image re-mapping is necessary when the distorted images are corrected based on the 
geometrical calibration model and when the iterative interrogation algorithms with sub-
pixel window shifts or sub-pixel image deformation are utilized. Image re-mapping 
reorganizes intensity information of the image content, which attenuates the precision of 
velocity measurements. Image re-mapping can be done with several interpolation 
schemes, such as bi-linear interpolation, 3rd-order polynomial interpolation, Whittaker 
sinc interpolation (Lourenco and Krothapalli, 1995; Roesgen, 2003; Scarano, 2002) and 
cupic splines (Fincham and Delerce, 2000). The higher-order interpolation schemes yield 
good results, but only if the influence of under-sampling can be neglected. For commonly 
used particle image diameters between 2 and 3 pixels this is not fulfilled and the 
remaining bias is significant (Nobach et al., 2004). Nobach et al. (2004) proposed an 
image interpolation scheme with an 11×11 Gaussian filter, which provides accurate 
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results also for under-sampled particle images with a diameter of 2 pixels. The filter co-
efficients are given by 
 

( ) ( )[ ]{ }22exp),( jyixcyxCij −+−−=  ,   (32) 
 
where constant c=0.5 and X-5 ≤ i ≤ X+5 and Y-5 ≤ j ≤ Y+5 and X,Y are the largest 
integer numbers smaller than the coordinates x and y of the re-sampled position (Nobach 
et al., 2004).  
 
The accuracy of the subpixel interpolation method in particle position estimation defines 
the maximum accuracy of the velocity measurement with a PTV algorithm. In PTV, the 
uncertainty in particle positioning is multiplied by 2  to obtain the uncertainty of the 
particle velocity measurement. When a PIV algorithm is utilized, the image interrogation 
introduces other sources of error. If the flow field includes velocity gradient, systematic 
errors occur which are independent of which sub-pixel interpolation scheme is used. 
These errors include particle truncation on interrogation window borders (Nogueira et al., 
2001b) and averaging over the interrogation area, which cause group locking (Lecuona et 
al., 2002) and localization error of the velocity estimates due to the inherent random 
spatial sampling given by the tracer particles (Lindken et al., 2003).  

3.3.4  Reliability and validation of measurement data 

The raw output of the PIV cross-correlation analysis always contains velocity vectors that 
have a non-physical direction or magnitude. These are so-called spurious vectors. Usually 
1-10% of the vectors in a raw PIV vector field are spurious. The spurious vectors are 
eliminated by different validation procedures. Validation procedures are optimized 
choosing optimal validation factors. If the factors are too small, i.e. validation criteria are 
too tight, also some valid vectors are discarded. If the factors are too big, then some of 
the spurious vectors are accepted as valid. Optimal validation factors are always a 
compromise between loss of valid data and elimination of spurious data. Factors are 
chosen independently for each measurement. The fluid velocity vectors are validated by 
length-range criteria, by the interrogation analysis Signal-to-Noise Ratio (SNR) criterion 
and by spatial filtering criteria that consist of median criteria (Westerweel, 1994) and 
RMS criteria. The median criteria define the allowed deviation of the vector compared 
with the median of the neighbouring vectors. The median is used instead of the mean to 
prevent the domination by one spurious vector of neighbouring vectors. The RMS criteria 
are similar to median criteria, but the validation factors in the median filter test are scaled 
with the local standard deviation of the neighbouring vectors. Recently, Westerweel and 
Scarano (2005) proposed a universal outlier detection method that automatically sets the 
validation factors at optimal level. Several physics-based validation methods have been 
proposed in the literature (Okuno et al., 2000; Lecuona et al., 2002) that validate the 
measured velocity vector field, based on continuity, vorticity and Navier-Stokes 
equations. However, plane measurement techniques do not resolve the velocity 
derivatives in the out-of-plane direction, which limits the use of physics-based validation 
methods. 
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Every discarded vector leaves a gap in the vector field. These gaps and the holes 
originally present in the data are filled by interpolation. Interpolation can be done by a 
simple 3×3 unit filter, but Lecordier et al. (2003) stated that much higher interpolation 
accuracy is attained with a diffuse approximation method (DAM) of the third order. 
There are several interpolation schemes presented in the literature to interpolate missing 
data or un-constructed data in order to produce an evenly distributed grid, such as 
Whittaker reconstruction (Whittaker, 1929), adaptive Gaussian window interpolation 
(Jimenez and Agui, 1987), neural network reconstruction (Labonte, 2001) and optimal 
solenoidal interpolation (Vedula and Adrian, 2005). Poelma et al. (2005) showed that the 
interpolation of missing data affects the measured turbulence statistics and proposed a 
slotting method for processing of velocity fields with missing data. The slotting method 
is suitable for homogeneous flows or measurement cases where the number of spurious 
vectors is evenly distributed in the field of view. Data density is lower in the flow regions 
with more spurious vectors, such as typically in the regions of high velocity gradient, 
strong out-of-plane velocity component or strong turbulence. In such cases the slotting 
method results in biased turbulence statistics over the field of view, if the results are not 
normalized with the local data density.  

3.3.5  Spatial resolution 

Plane measurements such as PIV and PTV utilize a thin laser light sheet, in which the 
out-of-plane resolution is defined by the light sheet thickness and the in-plane resolution 
is the spacing of vectors, which depends on the image analysis technique and the tracer 
particle density in the fluid. PTV technique measures the velocity of each tracer particle 
in the image, whereas conventional PIV measures the median velocity of a group of 
tracer particles that are located inside the interrogation area. Therefore, PTV technique 
has an advantage over PIV in spatial resolution, but a disadvantage in reliability. The 
statistical result of PIV is more reliable than the result of single particle tracking, but one 
must keep in mind that PIV samples the results spatially to a certain grid size. The effects 
of spatial sampling are similar to applying a moving average filter with the corresponding 
kernel size. This fact has been highlighted by Scarano et al. (2004), who studied the 
simulated images of tracer particles in a three-dimensional flow that was composed with 
results of direct numerical simulations. On the other hand, if the cross-correlation 
analysis uses overlapping interrogation areas, the neighbouring velocity vectors are not 
computed from independent particle displacement information but rather the information 
is overlapped with the neighbouring vectors. Thus, the velocity vector field is 
automatically smoothed and the distance between the neighbouring velocity vectors does 
not correspond to the spatial resolution of the measurement. It is noted that these 
statements do not hold for advanced PIV techniques (iterative image deformation, LFC 
and multidimensional correlation). The high spatial resolution requirements have led to 
the development of hybrid PIV/PTV/optical flow methods that obtain super-resolution 
without loss of accuracy or reliability. Finally, the best possible spatial resolution of PIV 
and PTV techniques is absolutely defined by the tracer particle seeding density in the 
flow.  
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3.3.6  Temporal resolution and sampling rate 

The temporal resolution is limited by laser and camera technology. The two consecutive 
image frames can now be acquired with a time delay of 75 ns. Conventional DPIV 
analysis is carried out with two double-frame CCD cameras and a double-cavity Nd-
YAG laser. The Nd-YAG laser provides a 400 mJ light energy pulse with the pulse 
duration of 8 ns, which is short enough to obtain steady snapshot images of even 
supersonic flows. The time delay of the two laser cavities can be freely adjusted. 
However, the shortest possible time delay of 75 ns does not always produce the most 
accurate result – the particle displacements may become short compared to the level of 
measurement noise ~0.01-0.2 pixels and the relative error increases. Typically the time 
delay of the system is adjusted in such a way that particles move on average 3-10 pixels 
between the consecutive images. 
 
In direct optical techniques, a velocity is calculated using the displacement of particles 
during a short time interval, which gives an average velocity of the fluid particle on its 
trajectory between the two recorded positions. When the velocity gradients are high, the 
average velocity may be substantially different from that at the beginning of the 
trajectory. The temporal resolution of the measurement can be numerically improved 
utilizing the central difference scheme that places the velocity vector sample centrally in 
space-time between the two samples (central difference interrogation CDI, Wereley and 
Meinhart, 2001). The conventional forward difference interrogation (FDI) methods place 
the measured velocity value at the position of the first sample. This gives only a first-
order accuracy in the velocity estimate. The CDI yields second-order accuracy, which 
provides more accurate results especially in highly vortical flows (Meunier and Leweke, 
2003). In addition, Wereley and Meinhart demonstrated that the CDI algorithm is 
significantly better than FDI algorithms when measuring near flow boundaries.  
 
If the time derivatives of the fluid velocities are studied, the two consecutive image 
frames do not provide enough information. The sequence of particle images is needed 
with a high recording rate to calculate the instantaneous acceleration of the flow. High-
speed digital cameras and high-speed lasers have recently been developed. The most 
advanced CMOS cameras are able to continuously acquire megapixel images with a 
recording rate of 4000 frames per second. The 100 kHz recording rate can be obtained 
with a special CCD camera that has 8 double-frame sensors. However, this camera 
provides sequences of only 16 images, where the CMOS cameras allow continuous 
image acquisition until the camera memory is filled. Silicon strip detectors provide 
temporal resolution of 70 kHz with continuous image acquisition (Voth et al., 2002). The 
disadvantage of strip detectors is related to the spatial resolution. Only 1024 stripes are 
recorded per detector. This composes a grid of 256×256 pixels, but each grid line may 
detect only one particle. Therefore, strip detectors are restricted to measurements of only 
low particle image density. The numerical methods for obtaining accurate measures of 
the velocity time derivatives are described by Jakobsen et al. (1997), Dong et al. (2001), 
Christensen and Adrian (2002) and Jensen and Pedersen (2004). 
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3.3.7  Derivation of turbulence statistics 

Turbulence statistics can be investigated in the Eulerian or in the Lagrangian coordinate 
system. Eulerian turbulence statistics are conventionally measured in a single point. 
Eulerian single-point statistics provide information on the change in turbulence level, 
length scales, turbulent kinetic energy dissipation rate, etc. (Poelma et al., 2005). 
Lagrangian data is of fundamental importance for understanding turbulent mixing and 
scalar dispersion as well as for setting the parameters of stochastic models of turbulence 
(Yeung, 2002). 
 
Flow decomposition methods decompose the instantaneous flow velocities to mean flow 
and turbulent fluctuation. The mean flow may also fluctuate periodically (in a rotating 
system like a mixing tank) or aperiodically, e.g. trailing vortices after a large rigid body. 
The commercial LaVision software provides the typical flow decomposition methods: 
Galilean decomposition, Reynolds decomposition, LES decomposition with a 
homogeneous Gaussian filter or with an inhomogeneous filter, i.e. Proper orthogonal 
decomposition. The decomposition techniques are studied by Adrian et al. (2000) and Tu 
and Trägårdh (2002) among others. The flow structures can also be identified with robust 
algorithms, e.g. fuzzy clustering (Vernet and Kopp, 2002).  
 
After successful flow decomposition the instantaneous turbulent fluctuation fields are 
processed to measure the turbulence quantities such as turbulent Reynolds stresses, 
turbulent kinetic energy and turbulent kinetic energy production and dissipation rates. 
PIV typically measures the ensemble averages of turbulence quantities. When the number 
of samples in the ensemble average is large enough, the ensemble average gives the same 
value as the time average. Often also the instantaneous, local turbulence quantities such 
as flow vorticity, strain and shear are of interest. PIV measurements of turbulence 
quantities and their interpretation are presented by Saarenrinne et al. (2001) and Piirto 
(2003). The spatial power spectral density analysis can be applied to PIV data to obtain 
the 2D spectra and turbulence length scale estimates (Piirto et al., 2001). The length 
scales of the flow may also be computed with an autocorrelation coefficient function 
(Hinze, 1975). 
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4 Direct optical measurement of multiphase flows 
 
The fluid dynamical experiments in multiphase flows include several challenges, as listed 
in Chapter 2.5.3. The utilization of a commercial direct optical measurement system in 
multiphase flow measurement is difficult, because the reliability and accuracy of 
measurement results are questionable. Therefore, measurement data must be processed 
and analysed with self-made algorithms whose accuracy and reliability can be checked 
with simulations. Desired data processing and the derivation of appropriate measurement 
results can also be achieved using software developed by oneself. However, the most 
important aspect of direct optical measurement is image acquisition, because it produces 
the information content of the images. Afterwards, the image processing functions can 
only organize or destroy the information, since clearly no information can be added. 
Figure 18 shows a multi-exposure image of a gas bubble in a downward water flow that 
is illuminated several times with a pulsed light sheet (directed from right to left) and 
twice with a back-light. The light scattering on the surface of a bubble is more intense 
than the light scattered by tracer particles. The light reflections from the right side of the 
bubble are much stronger than the light refractions from the left side of the bubble. The 
bubble outline could not be visualized without using the back-light. The bubble image 
size based on the reflections of the light sheet is much smaller than the true bubble size. 
The bubble has also damped the intensity of the light sheet, because only few tracer 
particles are visible on the left side of the bubble. The back-light visualizes also the 
outlines of bubbles behind the measurement plane (shown on the right side in Figure 18). 
These shadows can cause evaluation errors in the analysis of the fluid flow field. The 
following sections describe procedures for carrying out successful direct optical 
measurements of multiphase flows. 
 

 
 

Fig. 18. Multi-exposed image of a downward water flow with bubbles. 
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4.1 Image acquisition 

In image acquisition some basic guidelines apply. Conventional direct imaging 
techniques have been introduced by Chigier (1991) and Khalighi et al. (1989). In direct 
imaging, the studied particles must be in focus and the out-of-focus particle images must 
be discarded. In a laser light sheet illumination, the image may consist only of in-focus 
particle images, if all the particles in the light sheet are kept in focus. In a volume or 
back-light illumination, out-of-focus images always occur and a focus discrimination 
procedure is necessary to recognize only the in-focus particle images.   
 
The field of view of cameras must be optimized to coincide with the requirements of the 
measurement. The requirements depend on the fluid flow field and on the particle size 
distribution in the flow. An optimal measurement covers all flow scales and the size 
range of particles with a good resolution that fullfills the Nyquist criterion in sampling 
theory (sampling frequency ≤ 2·sample frequency). The minimum image size of 
dispersed phase particles should be at least 5 pixels in diameter to obtain an acceptable 
estimate of particle size. The image size of a small particle does not directly relate to the 
real particle size. The image of a finite-diameter particle is given by the convolution of 
the point spread function with the geometric image of the particle (Adrian, 1991). Particle 
sizing is discussed in Paper I.  
 

a) b) c)  
 
Fig. 19. Doubly-exposed images of gas bubbles and tracer particles a) with back-light 
illumination, b) with laser light sheet illumination and c) with both back-light and light sheet 
illuminations. 
 
The objects in the flow, e.g. tracer particles and dispersed phase particles, can be 
illuminated with pulsed or continuous light sources. The illumination can be arranged in 
different ways so that the parallel light source points directly towards the camera (back-
lighting) or a point source (Ar-Ion, Nd-YAG, Nd-YLF laser, etc.) is converted to a light 
sheet with cylindrical lenses. Parallel light rays are necessary for accurate visualization of 
object outlines in back-light illumination. This is provided by diode laser, LED array or 
alternatively any light source with a diffuser when the light source is placed far enough 
from the measurement plane. A near-uniform back-light is provided by an array of 
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several diode laser bars with micro-optics. Paper II presents illumination and image 
acquisition techniques to capture quality images of tracer particles and bubbles with a 
minimum amount of background noise. Figure 19 shows images of gas bubbles and 
tracer particles in back-light illumination, laser light illumination and their combination. 
The bubble outlines are accurately visualized in a back-lighted image in Figure 19a, but 
the small tracer particles are not as visible as in the case of laser light sheet illumination 
in Figure 19b. Silver-coated hollow glass beads with a diameter of 10 μm are utilized as 
tracer particles to obtain a better signal, while avoiding the overexposure of bubble 
images. The left bubble in Figure 19b is slightly overexposed. The combination of both 
illumination techniques provides quality images of bright tracer particles and bubble 
shadows, as shown in Figure 19c. The light reflections on bubble surface can be digitally 
removed in case they remain inside the bubble outlines. 
 

 
Fig. 20. Light sheet illumination of an air bubble in water. Intensity of the different scattering 
modes as a function of the off-axis angle (Bröder and Sommerfeld, 2000). 
 
The intensity of the light scattered by different objects can be optimized by choosing the 
correct viewing angle for the camera with respect to the light sheet. Figure 20 shows the 
scattering pattern of a gas bubble in water as a function of the viewing angle. The 
intensity of the light scattered by a particle or a bubble greatly depends on the scattering 
angle, as can be seen in Figure 20. The angle of Brewster conditions for first-order 
reflection is ϕB =106° for an air-water system with the refractive index ratio of 0.75. At 
the Brewster angle the reflection of light polarised parallel to the plane of the light sheet 
is extinguished. Hence, around this scattering angle a minimum of the scattering intensity 
from bubbles inside the light sheet is observed (Bröder and Sommerfeld, 2000). The 
overexposure of bubbles can be avoided by imaging the flow at the Brewster angle, as 
shown in Papers II and VI.  
 
The acquisition of multiphase flow images can be further enhanced by adopting the Laser 
Induced Fluorescence (LIF) technique. Fluorescent (Rhodamin B) particles absorb the 
light around the wavelength of 532 nm and emit light due to the fluorescence 
phenomenon at higher wavelengths. The radiation scattered by fluorescent and neutral 
particles can be discriminated with a colour camera (Towers et al., 1999; Satoh and 
Kameda, 2001) or with two monochrome cameras with optical filters (Bröder and 
Sommerfeld, 2000). At present, the novel PIV/LIF/back-light method presented by 
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Lindken (2002) and Lindken and Merzkirch (2002) has the best capabilities to capture 
both the fluid flow and the dispersed phase with high accuracy. The method is also 
applied by Fujiwara et al. (2003). The method utilizes a pulsed back-light illumination 
with a long light wavelength to visualize the outlines of bubbles and a powerful Nd-YAG 
laser light sheet to excite the fluorescence phenomenon of fluorescent tracer particles. 
Mie’s scattering at surfaces of bubbles is blocked with an optical high-pass filter. Figure 
21 shows a doubly-exposed image provided with the PIV/LIF/back-light technique. The 
image consists of bright fluorescent tracer particles, a background intensity level and 
shadows of bubbles. These experimental images are processed with specific image 
processing algorithms, which are introduced in the following section. 

 

 
 

Fig. 21. A doubly-exposed image of a back-lighted bubble and fluorescent tracer particles in a 
light sheet illumination with PIV/LIF/back-light technique. 
 
The dispersed phase particles located between the measurement plane and the image 
plane block the visibility and cause distortions of the image. A bubble in front of the 
measurement plane blocks the light scattered by tracer particles, as can be seen in the 
lower part of Figure 21. These image distortions can be reduced with refractive index 
matching between dispersed and continuous phase. When the refractive indices of 
dispersed and continuous phase are exactly equal, no refraction occurs on the surface of 
dispersed phase. PIV measurements in a refractive index-matched heterogeneous system 
were first introduced by Northrup et al. (1991). To obtain optimal results, Northrup et al. 
optimized the temperature, purity and composition of the index-matched fluid, as well as 
the cleanliness of all the surfaces in the test container. As example cases of refractive 
index matching can be mentioned glass beads in DMSO (Pereira et al., 1999) or FEP 
particles in sucrose solution (Eloranta et al., 2001).  
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4.2 Image processing 

In the case of a multiphase flow, the acquired image consists of tracer particle images and 
also of dispersed phase particle images. All phases of the flow have to be studied 
separately in order to obtain reliable information on local, instantaneous fluid dynamics 
of continuous phase and on the properties of individual dispersed particles. The fluid 
phases may differ in particle image size, brightness or texture, the wavelength of the 
scattered light or the flow dynamics. Digital image processing methods include a digital 
two-dimensional median filtering method (Kiger and Pan, 2000), a scattering intensity 
discrimination method (Paris and Eaton, 1999), motion-based discrimination methods (a) 
with an image pre-processing method prior to correlation analysis (presented in Paper IV) 
or a post-processing method (Delnoij et al., 1999) after the correlation analysis, which 
discriminates the phases in correlation space by identifying the two dominant correlation 
peaks, where one represents the motion of the tracer particles, while the other provides 
the displacement of the dispersed phase. In addition, Lindken and Merzkirch (2000) have 
applied masking techniques (Gui et al., 2003) and used thresholding and size 
discrimination to determine the digital masks.  
 

 
 

Fig. 22. The analysis procedures of a double-frame image of a dispersed phase particle shadow 
and bright tracer particles on top of it. 
 
The PIV/LIF/back-light technique provides experimental images of dispersed phase 
particle shadows and bright tracer particles. The phases are discriminated optically and 
also digitally, based on differences in image size, brightness and motion. Figure 22 shows 
an example of the main procedures for analysing a double-frame image of a dispersed 
phase particle shadow and bright tracer particles on top of it. First, the tracer particles are 
extracted by subtracting the sliding average of image grey scales. The background-
removed tracer particle image is cross-correlated to obtain the fluid flow velocity field 
(2). In order to extract the shadow image (3), the original image is inverted, background-
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subtracted and equalized. The grey-scale threshold value for image segmentation is 
chosen with the method proposed by Niblack (1986) for providing binarized particle 
image (4). The holes in the particle image can be filled with erosion and dilatation filters. 
The filters are utilized to provide a five-pixel-enlarged digital mask (5) to cover the 
particle and its boundary layer. The digital mask of the enlarged particle image is applied 
to the raw fluid velocity vector field to remove the erroneous or unreliable vectors on top 
of the digital mask (6). In order to obtain an estimate of the undisturbed fluid velocity at 
the centre point of a particle, the surrounding fluid velocity field is linearly interpolated 
to the whole field of view and the data point closest to the particle centre is taken (See 
procedure 7 in Figure 22). The estimate corresponds to the initial local average fluid 
velocity surrounding the particle in the measurement plane. Procedure 8 in Figure 22 fits 
a circle on the dispersed phase particle image and measures the particle velocity by cross 
correlation of the pre-processed particle image frames (8). The following sections 
introduce each of these procedures in more detail. 

4.2.1  Recognition of dispersed phase particles 

The back-lighted images have a bright background and dark dispersed particle images, so 
the images are usually inverted, background-subtracted and equalized before the particle 
segmentation process. Instead of defining the background based on the brightness of the 
image, the background can alternatively be defined based on the size of the objects (with 
non-linear filters or with a segmentation analysis) or on the movement of the objects 
(Paper IV). Different background removal methods are successful in different cases and 
one should apply many approaches for each new experimental case to find the best 
approach for that particular situation. For example, size-based discrimination works well 
for images of flocculate particles that have a small-scale structure. The areas of small-
scale variation are clearly visible in the standard deviation of a high-pass filtered image. 
When the discrimination is based on the image brightness, the brightness level or contrast 
level of dispersed particle images must be defined and when the discrimination is based 
on particle image size, the kernel size of the filter must be optimized so as not to subtract 
also the large dispersed particles with the background.  
 
The estimate of the relative velocity of a dispersed phase particle can only be measured if 
the particle is located in the measurement plane. The plane measurements cannot predict 
the fluid flow velocities before and after the measurement plane. Therefore, even for an 
in-focus particle image, the estimated relative velocity does not consider the changes in 
the out-of-plane component of fluid velocity. The digital focus discrimination procedure 
is necessary in two-dimensional measurements with a volume- or back-light illumination 
to discriminate the studied in-focus particle images from out-of-focus images. In the case 
of a three-dimensional measurement, the three-dimensional position can directly be 
measured and the criteria for focus discrimination are not as critical as in two-
dimensional measurements. Focus discrimination is based on the mean grey-scale 
gradient on the boundary of the particle. The grey-scale gradient is normalized with a 
local contrast of the image. Ow and Crane (1980), Lecuona et al. (2000), Lee and Kim 
(2003), Blaisot and Yon (2005) have studied the change in gradient values on the 
perimeter of dispersed phase particles with respect to particle size and the distance of the 
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particle from the focal plane. A critical value of grey-scale gradient for each particle size 
can be determined and the particles with smaller values of grey-scale gradient are 
considered out of focus. 
 
In the image of a dense two-phase flow, a considerable number of detected segments are 
created by a group of dispersed phase particles and not by individual particles. If a 
common grey-scale thresholding method (Chigier, 1991) is applied and two or more 
particles overlap in the image, they are detected as one big object and only one size and 
velocity are measured for the whole group. This causes errors in measured size and 
velocity distributions of dispersed phase particles.  
 

 
 
Fig. 23. Analysis of overlapping bubble images with the OOR algorithm. Red lines show the 
boundaries of potential bubble segments. The connecting points of two overlapping bubbles are 
marked with crosses and the recognized in-focus bubbles are circled with green ellipses. The 
tracked bubble trajectories are drawn with blue lines. 
 
Paper I presents a new contour-based bubble image recognition algorithm that recognizes 
the individual in-focus bubbles from a group of many bubbles that are overlapping in an 
image. The recognition procedure studies the curvature of the segment’s perimeter, finds 
the points at the perimeter that represent the connecting points of overlapping objects, 
clusters the perimeter arcs that belong to the same object and fits ellipses on the clustered 
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arcs of the perimeter. The accuracy of the overlapping object recognition (OOR) 
algorithm is tested with simulated images, yielding an RMS error of 0.9 pixels in size 
measurement. The sizing accuracy is also assessed in an experimental case of turbulent 
bubbly pipe flow, where the gas void-fraction is simultaneously measured using direct 
imaging and microwave measurement technique (Jakkula, 1998), which yields good 
agreement of the results. The OOR algorithm improves not only the measurement of 
bubble morphological properties (size, shape, orientation, etc.), but also the measurement 
of bubble velocity. Cheng et al. (2005) stated that bubble tracking is not applicable in 
dense bubbly flows when the identification of individual bubbles in images with highly 
overlapping bubbles fails. Figure 23 shows an image of rising bubbles that is analysed 
with the OOR algorithm. After utilization of the OOR algorithm, bubble tracking 
algorithms provide reasonable results even in rather dense bubbly flows. In Figure 23, the 
bubble trajectories are tracked with a Lagrangian multivariable PTV algorithm from a 
high-speed (600 Hz) image sequence. 
 
Paper I contains two typing errors, which have no effect on the measurement results or 
the conclusions drawn. First, the sentence on page 3: "The focus area is located 11 mm 
from the image plane", should be "The focus area is located 11 cm from the lens plane". 
Then, on page 5, the equations (9) and (10) that present the difference scheme, 
Richardson's extrapolation, should be  
 

( )
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In addition, the clustering procedure of perimeter arcs in the OOR algorithm can also be 
based on the residual error of the least squares fit. The residual error is the standard 
deviation in the difference between the clustered perimeter arc and the arc of the fitted 
ellipse. When the different cluster combinations are tried and ellipses are fitted on them, 
only those clusters that produce a fit with a small residual error are chosen, on condition 
that each perimeter arc may belong to only one cluster. The fitted ellipses are validated at 
the same time.  
 
When the contour of the irregularly-shaped particle image is interrupted, the connections 
of contour arcs of the two overlapping particle images do not differ from other contour 
points. Then a region-based or a motion-based OOR algorithm is needed to recognize the 
overlapping particle images. Paper VIII presents algorithms to recognize irregularly 
shaped flocs and micro-bubbles attached on the surface of flocs. Paper VIII describes an 
object contour correlation and signal re-location method that enables the recognition of 
overlapping floc images based on difference in motion.  

4.2.2  Measurement of dispersed particle velocity  

In the case of image sequence, image analysis proceeds with a particle tracking procedure 
that tracks the pathlines of objects in the consecutive images. PTV algorithms rely on 
small particle displacements between the consecutive image frames and on the 
smoothness of motion. The particle search function can include particle positions, particle 
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properties (size, shape and brightness), the initial particle velocity and its material 
derivative and the local velocity estimate. The particle image centres can be located by a) 
computing the arithmetic mean coordinates of the pixels that belong to the particle image 
(Simple Centroiding, SC), b) weighting the edge pixel coordinates with the normalized 
intensity of the pixel (Intensity Weighted Centroiding, IWC), c) fitting a particle mask 
(sphere, ellipse (Fitzgibbon et al., 1999), Gaussian distribution (Takehara and Etoh, 
1997)) on the particle image and defining the centre point of the fitted mask. When the 
particle tracking is based on correlation analysis (e.g. Uemura et al., 1989; Honkanen and 
Saarenrinne, 2002; Stitou et al., 2003), two consecutive particle images are cross-
correlated and the location of the correlation peak is sought. This is advantageous, 
because the accuracy of particle image displacement measurement is the same as the 
accuracy of locating the correlation peak, whereas in the case of particle centroiding 
methods, the uncertainty in particle positioning is multiplied by 2  to obtain the 
uncertainty of the particle velocity measurement. However, the accuracy of correlation 
analysis attenuates due to particle rotation or deformation and due to the presence of 
other particle images inside the interrogation window, as reported in Paper III.  
 
Filter operations reorganise the grey-scale information in the image and affect the 
velocity measurement accuracy, and therefore velocity measurements should be carried 
out with images that are not operated with non-linear filters with a kernel size smaller 
than the particle image size. The effect of filter operations can be seen when the 
simulation results of Paper II are compared with the results of Paper III, in which the 
same simulation data is processed with PTV algorithms without filter functions. The 
RMS error of the IWC method in measuring the displacement of a noisy dispersed 
particle image is about 0.12 pixels with re-mapped images and 0.05 pixels with unfiltered 
images. The uncertainty in particle positioning is more than doubled due to digital image 
re-mapping. Therefore, the image processing functions presented in Paper II should be 
utilized only for image segmentation and the PTV analysis should study unfiltered 
images. 
 
The largest errors in dispersed particle velocity measurement are caused by overlapping 
of particle images, the presence of tracer particle images on top of the shadow image of a 
dispersed phase particle and the rotation and deformation of the particle. These sources of 
error are investigated in Paper III. The performance of PTV methods in the case of 
overlapping, ellipsoidal bubble images is studied with simulated images providing an 
average RMS error of 0.30 pixels and a valid data rate of 64% for the fitted ellipse 
method. However, the OOR algorithm utilized in Paper III has been improved since then 
and the new OOR algorithm presented in Paper I would provide a higher data rate. 
 
When particles are visualized in a video sequence instead of in only two exposures, the 
material derivative of the velocity can be taken into account in particle tracking. Ouellette 
et al. (2005) investigated the performance of several Lagrangian particle tracking 
algorithms and concluded that the best estimate method gives the highest performance. 
The best estimate method minimizes the difference of estimated particle location and the 
real particle location. The estimation of the particle location in the studied image frame 
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can be obtained from the particle locations in three previous frames. If the frame delay 
time dt is constant, the estimated particle centre coordinate in frame i is given as 
 

( ) 3213221211, 23)()()( −−−−−−−−−− +⋅−⋅=−−−+−+= iiiiiiiiiiei xxxxxxxxxxx . (33) 
 
The contributions of initial particle velocity and velocity derivative are added to the 
particle position in the previous frame xi-1. The minimization is realized using a least 
squares error minimization function.  In multivariable tracking, also the particle image 
properties are included in the function and all the minimization parameters are 
normalized and multiplied by constants to set up a priority order. When e.g. estimated 
particle position, area A and shape factor S are utilized, the minimization function for a 
particle with a label k in the frame i-1 becomes 
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where index j goes through all the particles in the second frame inside a pre-defined 
interrogation area. The size of the interrogation area determines the maximum 
measurable velocity of the particle, Umax. If the interrogation area is shifted with regard to 
the particle’s predicted velocity, there is no limit for the measurable velocity.  With the 
particle tracking algorithm, an alternative approach to least squares error minimization 
can be employed. Each term in Eq. (34) can be studied individually and the best match 
for each particle found by combining the errors in particle location, size and shape with a 
fuzzy logic algorithm (Shen et al. 2001). Alternatively, a continuity constraint (Nagel and 
Enkelman, 1986) can be defined to validate the calculated match and the corresponding 
velocity against the predicted velocity estimate. Non-physical acceleration of a particle 
reveals that the analysis is erroneous: the particle image is matched with a wrong partner 
or one of the matched particle images is overlapping with another particle image, which 
can cause a significant shift to the calculated centroid of the particle. When a particle is 
tracked in multiple image frames, the particle velocity information along the particle 
trajectory is stored only in frames in which the PTV algorithm returns a consistent match. 
The tracking of a particle is not stopped if the correct match is not found in the next 
frame, but in that case the search is continued to the subsequent frames and the particle 
location estimate is updated. Figure 23 shows the instantaneous bubble trajectories in a 
bubble swarm obtained with the Lagrangian multivariable PTV algorithm and the OOR 
algorithm. 

4.2.3  Discrimination of tracer particles 

Paper IV considers background noise removal methods to discriminate the tracer particle 
images in multiple-frame PIV images of multiphase flows that have high noise level and 
disturbance from dispersed phase particles. It describes a new motion-based background 
extraction procedure that removes the variable background intensity level, such as bubble 
shadows and reflections on objects other than the tracer particles, and yields an image 
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that consists only of moving tracer particle images, zero-background level and random 
noise. The background extraction procedure ensures that the bias error towards zero 
displacement caused by an offset and background objects is eliminated from PIV 
analysis. It also reduces the pixel locking effect by placing the background grey-scale 
level at zero value. The procedure produces an instantaneous background image, which 
accurately follows the changes in the background grey-scale level spatially and 
temporally. Therefore, it works better than digital filtering functions, whose spatial 
frequency response is limited by the kernel size that determines the filter. The 
background extraction procedure is limited by the fact that the particle displacements 
should be more than the width of one particle image; otherwise also the particle images 
are subtracted. The accuracy of the new procedure is tested in Paper IV with three 
experimental cases and with simulated images.  

4.2.4  Computation of a fluid velocity field 

The fluid velocity field is calculated by PIV or PTV analysis, depending on the tracer 
particle image density. Dias and Riethmüller (1998) concluded that the minimum 
distance from the air/liquid interface at which PIV measurements can be safely 
interpreted is half of the final interrogation window size. In the raw fluid velocity vector 
field (2) in Figure 22 the velocity vectors on top of the particle are biased towards zero 
displacement due to the presence of varying background intensity. The dark blue velocity 
vectors on top of the particle have clearly lower magnitude than the velocity vectors 
surrounding the particle. After the computation of the velocity field, vectors in the area of 
the digital mask are removed, remaining vectors are validated and holes in the vector 
field are interpolated. Linear interpolation is a good interpolation method for this 
purpose, as shown by the results presented in Paper II. All the turbulence quantities are 
measured only in the areas outside the digital mask, so their accuracy does not depend on 
the interpolation scheme. 
 
The analysis of fluid velocity fields in dense multiphase flows is very much restricted by 
the hampered visibility to the measurement plane. In the case of a dense multiphase flow, 
most of the image is covered by dispersed phase particles. Then, digital masking removes 
most of the image information and fluid velocity sample rate is dramatically decreased. 
Deen et al. (2002) stated that PIV measurements in bubbly flows are limited to low gas 
void fractions (<4%). Their simulation results in Figure 24 show that the fluid velocity 
sample rate decreases rapidly when the gas void fraction exceeds 1%. This problem is 
partly overcome with a motion-based background extraction procedure presented in 
Paper IV. The procedure allows the detection of the signals of tracer particles even on top 
of highly reflective objects (e.g. bubble or particle surface), while the digital mask would 
remove this information. However, it should be noticed that especially bubbles reflect the 
fluorescent light emitted by tracer particles. The tracer particle images on top of bubble 
shadows may be due to a) freely moving particles in that location, b) particles attached on 
bubble surface and c) reflections of fluorescent light that originate from tracer particles in 
another location. This is reported also by Nogueira et al. (2003). Probably the best 
approach for measuring fluid velocity field in dense multiphase flows is a PTV technique 
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that recognizes the individual, undisturbed tracer particle images and tracks their motion, 
as demonstrated by Murai et al. (2000) and Suzuki et al. (2000). 
 

 
 

Fig. 24. The fluid velocity sample rate (normalized with a sample rate for a single-phase flow) 
ΓP with respect to the gas void fraction αG or the bubble image source density NI,B. P(n>2) 
represents the probability of finding at least two tracer particles inside the interrogation area 
(Deen et al., 2002). 
   

4.3 Measurement of the properties of an individual particle 

Direct imaging technique for particle sizing (e.g., Nishino et al., 2000 ; Pan et al., 2002) 
is not yet widespread; it has only become feasible with high-resolution CCD cameras and 
fast image processing possibilities (Damaschke et al., 2005). However, direct imaging 
potentially offers size estimates of irregularly shaped particles. Difficulties arise with the 
definition of the size of the observation volume and with optical access, and a 
compromise is made between observation area and size resolution. Therefore, direct 
imaging technique is more applicable for sizing larger particles in dilute systems 
(Damaschke et al., 2005). 
 
The properties of irregularly-shaped particles such as flocs are difficult to describe. 
Image analysis retrieves the properties of one or several two-dimensional projections of 
the floc. The relation between the three-dimensional properties (floc volume, 
characteristic size, surface area, mass) and the measured image properties (projected area 
diameter, perimeter, maximum dimension, circularity) is difficult to determine. The 
fractal aggregates are porous and multidimensional, as can be seen in Figure 25, which 
shows settling flocs in stagnant water. The floc perimeter is highlighted with a green 
boundary line, the red line represents the maximum dimension of a floc and the red 
vector that points to the floc centre represents the floc’s instantaneous velocity. The 
sedimentation velocity of a floc gives an estimate of the floc density and if the density of 
the floc’s primary particles is known, the floc structure can be approximated. 
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Fig. 25. Analysed images of sedimenting flocs. The perimeter of the floc image is shown with a 
green line, the red vector that points to the floc image centre represents the floc’s instantaneous 
velocity and the maximum dimension of the floc image is drawn with a red line. 
 
Image analysis typically defines particle volume as a volume of an equivalent sphere with 
a diameter equal to the projected area diameter of the particle image. The particle volume 
can also be approximated, assuming that the particle has a symmetrical shape, e.g. an 
ellipsoidal shape (as in Paper I), and that the third main axis of the ellipsoid is predicted 
with the axes visual in the image. The assumptions that a floc is a rigid sphere or a rigid 
ellipse are not correct, because flocs consist of porous structures that include voids. Floc 
structure can be approximated with a mass fractal dimension Df, which is an exponent in 
the power-law relation between the characteristic size of a floc and the volume of a floc. 
The power-law relation is defined between the mass of a floc (M) or the number of 
primary particles in a floc (N) and the characteristic size R as M∝RDf or N∝RDf. Df varies 
from 1 to 3, so that a floc that is a single chain of primary particles has a value 1 and for a 
rigid sphere Df is 3.The power-law relation is a property of perfect fractal aggregates. 
Perfect fractal aggregates are self-similar, which means that all parts in all scales have 
exactly the same structure, which is shown in Figure 26. This implies that the size of the 
structures increases and an aggregate’s density decreases with increase in the aggregate 
size. The organic, flocculate particles are not perfect fractals, but they have a fractal-like 
behaviour and therefore the same power-law relation analysis can be applied to them. 
When the size and density of the primary particles that construct the floc are known and 
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when the characteristic size and the mass fractal dimension of the floc are known, the 
floc’s solid volume, mass and porosity can be estimated, as demonstrated in Paper VIII. 
Accurate measurements of the characteristic size and the mass fractal dimension of a floc 
are difficult to carry out. Paper VIII presents image processing methods for a direct 
optical measurement of R and Df. 
 

 
Fig. 26. Self-similarity of fractal aggregates (Tang et al. 2002). 

 
The characteristic size of a fractal-like, irregularly-shaped particle can be defined as a 
hydrodynamic diameter (which is the diameter of a rigid sphere that has the same drag as 
the studied particle), a gyration diameter (which is two times the average distance from a 
particle’s centre of mass to all its primary particles), a collision diameter (which is the 
diameter of the smallest sphere that encompasses the particle) and with an outer diameter 
(which is the real particle diameter that is greater than the gyration diameter and smaller 
than the collision diameter). All these characteristic sizes are related to each other with 
the functions of Df. The relations are described by Lee and Kramer (2004) and Kusters et 
al. (1997) among others. The collision diameter Dc can be measured by image analysis 
assuming that the maximum dimension of the particle appears in the image. On the other 
hand, the hydrodynamic diameter Dh can be measured from the particle’s sedimentation 
velocity. 
 
If the particle is a mass fractal, its mass fractal dimension is preserved in the projection, 
provided it has a value less than two (Bushell et al., 2002). That means that the particle’s 
mass fractal dimension can be calculated directly from an image using a box counting 
method (Bushell et al., 2002) or a sand box method (Forrest and Witten, 1979). If Df is 
greater than two, the projection will have a dimensionality of two. The accuracy of the 
direct methods is questionable, because the result of the methods depends on the 
magnification of the image. The mean mass fractal dimension for the population of 
multidimensional, irregularly-shaped particles can be measured with the help of one- and 
two-dimensional fractal dimensions that are calculated from two-dimensional projections 
of particles. One- and two-dimensional fractal dimensions D1,2, and perimeter-based two-
dimensional fractal dimension Dpf are properties of a particle image and they are 
determined with relations 
 
A∝LD2 ,          (35) 
 

A∝p2/Dpf ,          (36) 
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p∝LD1  ,           (37) 
 
where L is the maximum length of the projected area and p is the perimeter of a particle 
image. Numerical simulations of Lee and Kramer (2004) showed that the one-
dimensional fractal dimension D1 does not correlate to the three-dimensional, mass 
fractal dimension. Instead, Lee and Kramer determined Df with the help of two-
dimensional fractal dimensions D2 or Dpf as 
 

2164.201.0391.1 D
f eD ⋅+=         (38) 

 
pff DD ⋅−= 628.16.4         (39) 

 
The regression model of Lee and Kramer is applicable for fractal aggregates with Df=1.4-
2.5. The statistical image-based measurement removes the restraint of Df<2.  
 

4.4 Measurement of probability density functions of the 
properties of a particle population 

The measurement of single particle size, structure, velocity and relative velocity is a 
much easier task than the measurement of the probability density functions of sizes and 
velocities of a polydisperse particle population. The measurable size and velocity ranges 
must be wide enough to cover all existing values. In addition, the measurement 
probability of each particle size and particle velocities should be equal or the inequality 
should be taken into account in the derivation of the probability density functions.  
 
Oberdier (1984) has shown that the depth of field increases with dispersed particle 
diameter. The larger particles appear to be in focus over a thicker measurement volume 
than smaller particles. This will result in the measured particle size distribution becoming 
biased towards larger particles. Therefore, the thickness of the measurement volume has 
to be defined as a function of the detected particle diameter dp. An effective thickness of 
the measurement volume can be defined as  
 

jpZj dcT ,⋅+= δ ,         (36) 

 
where dp,j is the projected area diameter of the detected particle with an index j. The 
constant c depends on the measurement setup and on the particle recognition algorithm. 
Tj is defined with a calibration measurement that images stagnant bubble gel at various 
depth positions with respect to the plane of best focus. The three-dimensional 
measurements in Papers VI and VIII allow direct evaluation of Tj based on the 
experimental images from multiple perspective projections. The particle-size-dependent 
effective thickness of the measurement volume is taken into account when the particle 
size distributions and particle concentration are derived, as demonstrated in Paper I.  
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The probability density functions of dispersed particle velocity are biased towards lower 
velocities if the velocities of particles are sampled with a high-speed measurement. The 
slowly moving particles remain for a longer period of time in the field of view and they 
are sampled more often than rapidly moving particles. Therefore, each particle trajectory 
should be tracked and only the average of particle velocity along the trajectory should be 
counted in the velocity PDF of particles in that size class. This also improves the velocity 
measurement accuracy and decreases the number of erroneous measures. It is noted that 
temporal averaging is not relevant when the dynamics of individual particles are studied. 
 

4.5 Coupling of measurements of all flow phases 

The results of the direct optical measurements of a multiphase flow allow the joint 
investigation of flow phases. The interaction of dispersed phase particles and flow can be 
studied and the terms and variables of a population balance equation (11) can be 
measured. The measurements investigate how the particle distribution changes with a 
change in the turbulent flow conditions, how the particle dispersion is spread in a 
turbulent flow, how the particles affect the turbulence (Is the turbulence level decreased 
or increased due to the presence of particles and how are the turbulent flow scales re-
distributed in a particulate flow?), how the trajectories of vortices change due to 
entrained bubbles and how the bubbles deform due to hydrodynamic forces. Noca (1997) 
has derived a control-volume approach for momentum conservation to investigate 
hydrodynamic forces acting on the dispersed particles in incompressible fluid without 
requiring any knowledge of pressure field and shear stresses on the particle; it requires 
only fluid velocity and vorticity fields in a finite and arbitrarily chosen region enclosing 
the particle (Noca, 1997). However, force predictions depend on accurate measurements 
of spatial and temporal fluid velocity derivatives with sufficient resolution.  
 
Many physics-related questions arise when industrial processes are studied. The 
following articles provide some measurement results that emphasize the benefits of 
simultaneous measurements of fluid flow velocity fields and the properties of dispersed 
phases in multiphase flow systems.    
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5 Summary 
 
This thesis provides experimental methods, advice and tools for researchers so that they 
need not struggle with measurement technology but can concentrate more on their work, 
i.e. determining the underlying physics, finding new physical laws of nature and 
exploiting that knowledge in practical applications.  
 
Direct optical measurement technique is shown to be a powerful tool for studying the 
fluid dynamics of multiphase flows. It is shown that it can simultaneously measure the 
fluid flow field surrounding the dispersed phase, the morphological properties and 
velocities of dispersed phase particles and track particle motion. The instantaneous 
velocity fields of all phases can statistically be analysed, providing flow quantities such 
as mean, fluctuating and relative velocities of the continuous and dispersed phases. The 
image analysis of dispersed phase particles enables the measurement of dispersed phase 
concentration, size and shape distributions of the dispersed phase particles and the 
dynamic changes in distributions, such as the coalescence and breakage rates of the 
dispersed phase particles. Direct optical measurement can study the two-way coupling of 
turbulent flow and dispersed phase particles and also the interaction of two dispersed 
phases, e.g. micro-bubbles and flocculate particles in a DAF process. The novel non-
intrusive measurements using automatic image analysis can monitor multiphase flow 
processes in-line and provide reliable and accurate measurement results of the process 
parameters. 
 
The thesis reviews the existing measurement methods in EFD and the image processing 
techniques for direct optical measurements. The direct optical measurement methods are 
successfully applied to multiphase flows in laboratory-scale processes and new image 
processing methods are presented for the analysis of experimental images of complex 
multiphase flows. The progress in this study allows the reliable measurement of dispersed 
phase properties even in dense dispersed multiphase flows, in which the irregularly-
shaped particles appear heavily overlapping in the experimental images. The presented 
measurement methods are applicable in dispersed multiphase flows that are of 
fundamental importance in industrial processes, namely in bubbly flows, in sprays, in the 
flow of solid, irregularly-shaped particles or in the three-phase flow of micro-bubbles and 
flocculate particles. 
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Abstract  
This study describes a robust bubble image recognition algorithm that detects the in-focus, ellipse-like bubble 

images from experimental images with heavily overlapping bubbles. The principle of the overlapping object 

recognition (OOR) algorithm is that it calculates the overall perimeter of a segment, finds the points at the 

perimeter that represent the connecting points of overlapping objects, clusters the perimeter arcs that belong to 

the same object and fits ellipses on the clustered arcs of the perimeter. The accuracy of the algorithm is studied 

with simulated images of overlapping ellipses, providing an RMS error of 0.9 pixels in size measurement. The 

algorithm is utilized in measurements of bubble size distributions with a Direct Imaging (DI) technique in which 

a digital camera and a pulsed back-light are used to detect bubble outlines. The measurement system is calibrated 

with stagnant bubbles in a gel in order to define the bubble size dependent effective thickness of the 

measurement volume and the grey scale gradient threshold as a focus criterion. The described concept with a 

novel bubble recognition algorithm enables DI measurements in denser bubbly flows with increased reliability 

and accuracy of the measurement results. The measurement technique is applied to the study of the turbulent 

bubbly flow in a papermaking machine, in the outlet pipe of a centrifugal pump.  

 

Keywords: Overlapping object recognition; Bubbly flow; Direct imaging; Particle sizing; Size distribution; 

Image processing. 

Nomenclature 
dp [mm] diameter of a bubble 

c [-] an experimental constant 

ddiff [-] diffraction-limited minimum spot diameter in the image 

dτ [mm]  bubble image diameter  

f  [mm] focal length  

f#  [-] f-number 

                                                            
1 Correspondence to: Markus Honkanen, 
E-mail address: markus.honkanen@tut.fi; Tel.: +358 40 7780481; fax: +358 3 31153751. 
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s [pixels] perimeter length 

t [-] curve length parameter 

APIC [mm2] total area of the image 

Csi [-] area correlation coefficient  

Da  [mm] aperture diameter  

DI  direct imaging 

DS [mm] inner diameter of a pipe 

FFT  Fast Fourier Transform 

I [-] grey scale image 

M [-] magnification factor 

MWM  microwave measurement 

NBC [-] bubble index 

NC [-] number of bubble size classes 

Np [rpm] rotation speed of the pump 

NPIC [-] number of images in a measurement set 

OOR  overlapping object recognition 

Si [mm2] area of a fitted ellipse i 

T [mm] thickness of the measurement volume  

V [mm3] measurement volume 

ϕ [rad] slope of the perimeter (in radians) 

κ [rad/pixel] curvature of the perimeter 

λ  [nm] wavelength of scattered light 

δz [mm] depth of field   

1 Introduction 
Bubble size distributions are most often measured using Phase Doppler Anemometry (PDA), Interferometric 

Particle Imaging (IPI, Glover et al., 1995), Capillary Suction Probe (CSP) or Direct Imaging (DI) techniques. 

The first two techniques have higher sizing accuracy than DI when small, spherical bubbles are studied, but their 

accuracy decreases when the shape of the bubbles becomes non-spherical. The CSP technique is limited to a 

relatively small dynamic range of bubble sizes and its performance depends on the flow conditions at the probe 

inlet. Accurate sizing of single bubbles and isokinetic sampling of bubbles of all sizes are essential to obtain an 

accurate measure of the size distribution of bubbles in the flow. This study shows that the DI technique is able to 

measure irregular-shaped bubbles accurately even with a very wide range of bubble sizes. An example image of 

a turbulent bubbly flow is shown in Figure 1. Bubbles from 10 μm to 2 mm in diameter are detected. 
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Figure 1. An example image of back-lighted bubbles with a wide size range in a turbulent pipe flow. 

 

Recognition of bubbles from digital images is difficult because they form random ellipse-like shapes and they 

have a wide size distribution. The size of a single, noiseless bubble image can be measured with high accuracy. 

In the optimal case, an error of less than 0.5 pixels is expected in the projected area diameter of a bubble (i.e. the 

diameter of the circle whose area equals the projected area of the bubble). The accuracy decreases when noise 

increases and the percentage of overlapping bubble images increases. If a common grey scale thresholding 

method (Chigier, 1991) is applied and two or more bubbles overlap in the image, the bubbles are detected as one 

big bubble and only one size is measured for the whole group. This causes errors in measured size distributions 

of bubbles. The accuracy of the measured bubble size distribution can be increased by measuring a larger sample 

of bubbles, but how accurately can the distribution be measured? Gouriet et al. (2002) detected the overlapping 

bubble segments and simply divided the total area of the segment by the number of involved bubbles to obtain 

the size of a single bubble. The number of involved bubbles corresponds to the number of local maxima of the 

minimum distance of each specific pixel inside the segment to each pixel on the segment’s perimeter. Gouriet et 

al. concluded that a statistical approach smoothes the method’s detection error, observing that overlapped 

bubbles are often close to each other in size. However, in their measurements, only 5 % of the bubble segments 

consisted of many bubbles. The probability of bubble image overlapping has been studied by Lecuona et al. 

(2000) and later by Rodriguez-Rodriguez et al. (2003). According to their findings, at least 40 % of bubbles 

overlap in the image if the gas void fraction in the flow is more than 1 %. In the image of a dense bubbly flow, 

most of the detected image segments are created by a group of bubbles and not by individual bubbles. Therefore, 

a robust, reliable algorithm that recognizes the overlapping bubble images is necessary. The need has been 

recently highlighted by Cheng et al. (2005), who studied the dynamics of a dense bubble plume using a Particle 
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Image Velocimetry (PIV) technique. They concluded that bubble tracking is not applicable in dense bubbly 

flows when the identification of individual bubbles in images with highly overlapping bubbles fails. 

 In various industrial process applications the gas void-fractions of the bubbly flow exceed the upper limit of 

optical measurements. When industrial processes are studied, the upper limit of the measurements should be 

raised towards denser bubbly flows. The aim of this study is to improve the DI technique for studying dense 

bubbly flows. This study presents image processing tools to 1) remove background noise, 2) normalize image 

grey scales, 3) segment bubbles based on thresholds of grey scales and grey scale gradients and 4) distinguish 

individual bubbles from the group of overlapping bubble images. First, the measurement technique and 

measurement devices are presented and the direct imaging is considered from the optics point of view. The 

thickness of the measurement volume is experimentally defined as a function of the bubble size. Then, the image 

processing functions and the overlapping object recognition algorithm are described in detail. The accuracy of 

the algorithm is investigated with simulated images. Finally, an experimental application of a turbulent bubbly 

flow in a papermaking machine is reviewed.  

2 Measurement technique 
It was found in a previous study (Honkanen et al., 2003) that a back-light illumination is a more accurate way 

to visualize the outlines of irregular-shaped bubbles than the light-scattering techniques. DI measurements are 

done using a pulsed diode laser as a back-light and a digital camera perpendicular to the measurement plane. The 

diode laser, a High-Watch product of Oseir Ltd., produces laser pulses with a wavelength of 808 nm (non-visible 

light) and with an adjustable pulse duration of 0.2 – 2.0 μs. The use of diode lasers in DI, PIV and related 

applications was long hampered by their low peak power and pulse energy compared to solid-state lasers. This is 

countered by arranging several diode laser bars in a row, in total 184 individual emitters with micro-optics. The 

pulse duration of 2 µs provides a pulse energy of approximately 0.5 mJ. A holographic diffuser is placed in front 

of the laser in order to equalize the spatial light intensity distribution. The pulse duration of 0.5 μs is short 

enough to acquire steady snapshot images of bubbles that move up to 7 m/s. The image of the flow without 

bubbles is totally saturated in the described conditions. 

A digital camera (PCO, 1024x1280 pixels) is equipped with a high-pass optical filter to block the visible light 

and to acquire clearly back-lighted bubble shadows. The camera objective is a fixed zoom micro-objective that 

produces images with a size of 4.2x3.2 mm2, which corresponds to a 3.36x3.36 μm2 imaging area per pixel. The 

focus area is located 11 mm from the image plane.   

3 Optical imaging with the direct imaging system 
The relative sizing error of the bubble increases when the bubble’s image size decreases. For the smallest 

image size of 3 pixels in diameter, the limits of the optics reduce the sizing accuracy significantly. The size of a 

small bubble image does not directly relate to the real bubble size. The image of a finite-diameter bubble is given 
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by the convolution of the point spread function with the geometric image of the bubble (Adrian, 1991). If lens 

aberrations can be neglected and the point spread function can be approximated by the Airy function, the 

following formula can be used for an estimate of the bubble image diameter dτ (Adrian, 1991): 

22)( diffp ddMd +⋅=τ ,     (1) 

λ⋅+⋅⋅= )1(44,2 # Mfddiff    (2)      and 
aD

ff =# ,  (3) 

where M is the magnification factor, dp is the bubble diameter, ddiff is the diffraction-limited minimum spot 

diameter, f is focal length, f# is f-number, Da is aperture diameter and λ is the wavelength of scattered light. This 

means that the size of small bubble images is controlled by the diffraction-limited minimum spot diameter and 

the image size is greater than the geometric image size. However, this is the case only for bubbles smaller than 

about 50 μm in this study. That corresponds to a bubble image size of 15 pixels in diameter.  

The adjustment of f-number is the easiest way to change the diffraction-limited minimum spot diameter ddiff. 

F-number affects also the light intensity of the image and the depth of field of the image. The depth of field δz is 

defined in macro-optics as 

2#
)1(2

M
MdfZ

+
⋅⋅⋅= τδ       (4) 

The depth of field of the image controls the thickness of the measurement volume in the case of volume- or 

back-light- illumination. The current optics with f-numbers 4 and 8 give the depth of field of 0.5 mm and 2 mm, 

respectively. This theoretical value given by Equation (4) is confirmed by imaging steady bubbles in a gel with 

the same measurement setup. When a small f-number is used and bubbles in the flow are very small (d < 20 μm), 

aberrations occur in the images. The aberrations can be avoided by increasing the f-number, but simultaneously 

the diffraction-limited spot diameter increases.  

Oberdier (1984) has shown that the depth of field increases with the dispersed particle diameter. The larger 

particles appear to be in focus over a thicker measurement volume than smaller particles. This will result in the 

measured size distribution becoming biased towards larger particles. Results are biased upwards if a constant 

value for thickness of the measurement volume is used. Therefore, the thickness of the measurement volume has 

to be defined as a function of the detected bubble diameter dp. An effective thickness of the measurement volume 

can be defined as  

jpZj dcT ,⋅+= δ ,     (5) 

where dp,j is the projected area diameter of the detected bubble with an index j. The constant c depends on a 

measurement setup and on the bubble recognition algorithm. Calibration of the measurement setup is 

recommended in order to determine the value of c accurately. The calibration is done imaging stagnant bubbles 

at various distances from the focal plane. With this measurement setup and focus discrimination, the constant c 
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has the value 0.5. The narrow effective depth of field for all bubble images is provided by studying only the 

bubbles that are in focus in the image.  

4 Image processing and segmentation  
The background noise in the image is mainly caused by bubbles outside the measurement plane. The high 

concentrations of bubbles on the optical path from the illumination source to the camera scatter the incident light 

rays and thus they cause distortions of the image and damp the light intensity in the image. Thus, the DI 

technique is limited to measuring bubbly flows with low gas void-fractions (<2-10 %). In this study, the 

background image without bubbly flow is totally saturated by a back-light illumination. When a gas void-

fraction of 0.5 % is added to the flow, the average background grey scale level decreases almost by a factor of 

two. 

Image pre-processing can improve the image quality and facilitate bubble recognition in the images. First, a 

two-dimensional median filter (Kiger et al. 2000) can be applied to the image in order to remove high-frequency 

noise. Unequal image background is equalized with the function  

⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
+

−⋅= − 1),(I
),(1),(

max-local
max yx

yxIIyxI absequalized ,   (6) 

where I(x,y) is the original grey scale value at the pixel (x,y), Ilocal-max(x,y) is the sliding maximum grey scale 

value with a kernel size of 200x200 pixels and Iabs-max is the maximum grey scale value in the whole image 

(=4095). The Equation (6) is a commonly used image equalization procedure with a background image as a 

divider (Nishino et al. 2000). Here the Ilocal-max(x,y)-value represents the local, instantaneous background grey 

scale level. When the equalized image is segmented with a constant grey scale threshold value (=2300), also the 

bright bubble shadows are detected in the bright areas of the image and only the darkest bubble shadows are 

detected in the dark areas. The grey scale threshold value can alternatively be scaled with a local standard 

deviation of the image grey scales (Niblack, 1986), which ensures that all the small and large bubbles in bright 

and dark regions of the image are segmented effectively. 

When the bubble images are segmented with a grey scale threshold value, all the shadow images (in-focus and 

out-of-focus images) are detected as bubbles. Chigier (1991) presented a method for measuring the size of out-

of-focus bubbles quite accurately. In this study only the in-focus bubbles are recognized in order to improve the 

detection accuracy and to minimize the bias errors caused by the bubble size sensitive effective thickness of the 

measurement volume. The employed bubble recognition method uses the grey scale information and the local 

gradient of the grey scales as parameters in the segmentation procedure. The local grey scale gradients, i.e. sharp 

edges of bubble shadows, are calculated from a pre-processed image using a sliding standard deviation with a 

3x3 kernel size. Ow and Crane (1980) and Lee et al. (2003) among others have studied the change in gradient 

values on the perimeter of droplets with respect to droplet size and the distance of the droplet from the focal 

plane. A critical value of grey scale gradient for each object size can be determined and the objects with smaller 
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values of grey scale gradient are considered as out of focus. In this study, the grey scale gradient threshold value 

is defined as 25 % of the local maximum intensity and it is approved by calibration. A study of a stagnant bubble 

at various distances from the focal plane reveals that the maximum variation in the measured bubble diameter is 

1.5 pixels due to out-of-focus effects, which is found acceptable. The thresholding of grey scale gradient is done 

at each segment’s perimeter in order to prevent false detections of high grey scale gradients at the centroid of the 

bubble image, which can be caused by penetration of light through the bubble.  

Images of dense bubbly flows with highly overlapping bubble images can alternatively be segmented using a 

Watershed segmentation, which detects only the perimeters of bubbles. Watershed segmentation may also 

distinguish individual bubbles from a group of bubbles, if the grey scale significantly changes between 

neighbouring bubbles. However, Watershed segmentation is sensitive to noise. In the case of back-lighted bubble 

images, the benefits of Watershed segmentation do not overcome its disadvantages.  

5 Overlapping object recognition algorithm 
The images of dense bubbly flow consist of in-focus and out-of-focus bubbles. The density of bubble objects 

in each image is so high that the individual, in-focus bubbles separated from others are seldom detected. Most of 

the bubble images are overlapping with other bubbles in the image. A robust algorithm is used to separate and 

individually detect the overlapping bubbles in the image. The algorithm is also suitable for images of droplets 

and particles with a smooth outline. When a back-light illumination is used, the outlines of bubble shadows are 

visualized accurately. Therefore, the outline, i.e. the perimeter, of a bubble is the most valuable information from 

a bubble in the image. An overlapping object recognition (OOR) algorithm is based on the study of perimeter 

arcs of individual bubbles. The principle of the algorithm is that it calculates the overall perimeter of a segment, 

finds the points at the perimeter that represent the connecting points of overlapping objects, clusters the 

perimeter arcs that belong to the same object and fits ellipses on the clustered arcs of the perimeter. In the 

literature, the procedure of locating the connecting points is also termed breakpoint detection procedure. There 

are at least four different techniques for locating the connecting points:  

1) The convex-perimeter method (Honkanen, 2002) bounds a segment with a convex line by minimizing the 

length of the line. The local maxima in difference between the perimeter and the convex line represent the 

connecting points, so long as they are above the given threshold level.  

2) Pla (1995) recognized partial circular shapes from segmented contours using a method that utilizes the 

curvature data of the perimeter of a segment. A similar type of method is referred to here as the curvature-profile 

method. The method finds the local negative maxima of the curvature of the perimeter as connecting points, if 

they satisfy the given threshold criteria. 

3) The method presented by Shen et al. (2000) searches for local extreme points on rotated perimeters. In 

other words, the connecting point must be a local extreme point. If the perimeter is rotated by a small angle step 

continuously from 0° to 360°, the true connecting points appear as local extreme points more often than other 
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points. According to Shen’s numerical experiments, the probability of a connecting point being a local extreme 

point is about four to five times greater than that for other points. 

4) Berg et al. (2001) have presented a breakpoint detection method that finds the connecting points by 

calculating the centres of gravity for the areas over edge pixels in the binary image.  

Shen et al. (2000) criticized Pla’s method and stated that the curvature of a curve cannot be calculated 

accurately. However, in the present work, the curvature-profile method has performed well, even in the most 

complex cases with highly overlapping, irregular objects. Its operating principle is described next.  

5.1 Locating connecting points with the curvature-profile method 

The perimeter is calculated with an 8-point-connectivity algorithm that follows the segment border in the 

binary image and creates a chain of boundary pixels, i.e. a perimeter. The 8-point-connectivity means that each 

boundary pixel can connect to neighbouring boundary pixels from its sides and its corners. The determination of 

the perimeter is challenging in the case of out-of-focus bubble images or high noise level. A low-pass FFT filter 

is proposed to overcome this challenge. The FFT filter effectively removes high frequency noise and it is 

appropriate in this case when the segment’s perimeter is a closed loop. A good frequency-threshold value is 

empirically defined as  

⎟⎟
⎠

⎞
⎜⎜
⎝

⎛

+
⋅⋅=

30
1016.0

s
sFthr    ,     (7) 

where s is the length of the perimeter. The frequency threshold given by Eq. (7) operates somewhat similarly 

with all sizes of perimeters. The constant 0.16 in Eq. (7) is suitable for bubble images with high noise level and 

when the out-of-focus bubbles overlap with in-focus bubbles. For the simulated ellipse images without noise, a 

constant 0.3 is used so that more information of the perimeter is preserved. The low-pass filtered perimeter is 

listed as a parametric representation of x- and y-coordinates (xp(t) and yp(t), where t is a curve length parameter) 

with a sub-pixel accuracy having the origin in the centre point of a segment. Let the perimeter be given by the 

differentiable vector function f(t) = xp(t) i + yp(t) j. The derivative of f(t) can be defined with a Richardson 

difference scheme as 

ji )(')(')(' tytxtf pp +=    , where     (8) 
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12

1)-(t x-1)+(tx82)-(t x-2)+(tx
)(' pppp ⋅+
=tx p  and   (9) 
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1)-(ty -1)+(ty82)-(ty -2)+(ty
)(' pppp ⋅+
=ty p     (10) 

Then the slope of the perimeter ϕ(t) denotes the direction of f’(t) and it is calculated with an arctangent function 

in radians as  
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The arctangent function returns angles in range (-π,π) and other angles are wrapped around, resulting in an 

artificial discontinuity of the slope. The slope is normalized, thereby correcting the discontinuities between two 

consecutive points greater than π or less than -π. The derivative of the slope along the perimeter, i.e. curvature 

κ(t), represents the rate of change in the direction of the perimeter with respect to the length of the perimeter. 

The curvature is a measure of how fast the curve turns as we move along it. It is defined as 
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ϕ
ϕ
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κ   ,  (12) 

where ϕ’(t) is approximated with a Richardson difference scheme as in Eq. (9). The curvature is forced to 

have a positive sign when the perimeter turns towards the segment centre. The peaks in the curvature line 

correspond to the points of sudden changes in the perimeter slope. The negative curvature peaks (i.e. local 

minima) correspond to the points where the slope turns away from the segment centre. These points are 

apparently the connecting points of two overlapping objects. The point is detected as a connecting point if the 

curvature at the point is less than in the neighbouring points and it is less than the given threshold value (-0.15) 

in that point and negative also in the closest neighbouring points. Figure 2 shows the perimeter data (the slope 

curve above and the curvature curve below) of a segment of four overlapping bubbles a) without low-pass 

filtering and b) after employing a low-pass FFT filter.  The detected connecting points are marked with squares. 

The benefits of low-pass filtering can easily be seen when the perimeter data in Figures 2a and 2b is compared. If 

low-pass filtering is not carried out, the true connecting points cannot be recognized from the intense random 

noise. The studied segment is shown in the left bottom corner of the experimental image in Figure 2c. Also 

perimeter lines and ellipses fitted on in-focus bubbles are shown. 
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a) b)  

c)  

Figure 2. a) The raw perimeter data (slope and curvature), b) the low-pass filtered perimeter data and c) the 

corresponding image of bubbles with the detected perimeter lines and ellipses fitted on in-focus bubbles.  

5.2 Clustering the perimeter arcs and fitting ellipses to the clusters 

Once the perimeter of the studied segment has been divided into parts with connecting points, the arcs of the 

perimeter are studied individually. Only the arcs that satisfy the in-focus criteria are selected. That means the 

median local grey scale gradient value at the arc must exceed the grey scale gradient threshold value.  When the 

bubble group consists of more than two overlapping bubbles, several perimeter arcs belong to the perimeter of 

the same bubble. The perimeter arcs must be clustered to avoid multiple recognition of the same bubble. Two 

clustering methods are utilized. The first method (Honkanen and Saarenrinne, 2003) clusters two perimeter arcs, 

if both connecting points of one are matched with the corresponding connecting points of the other. The match is 

found by comparing the slopes of the connecting points and the slope of the line between the connecting points. 
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The correspondence of the slopes can be found when the respective connecting points are located opposite each 

other.  

Then an ellipse is fitted to each in-focus perimeter cluster using a boundary-based direct least squares ellipse-

fitting method, presented by Fitzgibbon et al. (1999). Mulchrone and Choudhury (2004) studied the performance 

of several boundary-based and region-based ellipse fitting methods. The method of Fitzgibbon et al. was 

highlighted, because it is computationally efficient and highly robust to noise. The method tends to 

underestimate the size of complex objects. However, it provides reasonable results in any circumstances. An 

alternative to ellipse fitting is the Particle Mask Correlation (PMC) method that correlates a reference particle 

image to experimental images (Takehara et al., 1999). This method effectively detects the basic bubble shapes in 

images with highly overlapping bubbles, whereas ellipse fitting recognizes all bubbles even when the shape of a 

bubble is not ellipsoidal. 

If the clustering procedure of perimeter arcs is imperfect, the perimeter arcs can also be clustered after the 

ellipse-fitting procedure. The second clustering method, i.e. the area correlation method (Shen et al. 2000), can 

be applied to cluster the fitted ellipses that belong to the same bubble. The area correlation method defines the 

area correlation coefficients Csi as follows: 

1

0
1 S

SCs =  and 
2

0
2 S

SCs =    ,     (13) 

where S1 and S2 are the areas of fitted ellipses and S0 is their overlapping area. If one of the Csi coefficients is 

larger than the threshold value (0.7), the perimeter arcs that correspond to the fitted ellipses are clustered and a 

new ellipse is fitted to the clustered perimeter arcs. The area correlation method is also applied to validate the 

fitted ellipses by comparing them with the original segment area: more than 85 % of the area inside the fitted 

ellipse must be inside the segment. The reliability of the results can be further increased by rejecting every 

ellipse, whose perimeter is significantly longer than the perimeter arc, to which it is fitted. 

The OOR algorithm has many parameters that are optimized empirically or by means of statistical 

multivariable analysis in order to obtain high performance in the case of different types of experimental images. 

For example, Carosone et al. (1995) present a neural network based method that optimizes circularity and 

convexity parameters in order to distinguish between the segment of several overlapping particles and the 

segment of a single, spherical particle. The sensitivity of the parameters strongly depends on the image quality 

and the consistency of the images. The overall performance of the robust bubble recognition algorithm can be 

qualitatively accessed from the examples of experimental images shown in Figure 3. The images show detected 

segment perimeters, connecting points with crosses and fitted ellipses. Also the bubbles at the edges of the field 

of view are included in the analysis if most of their area is inside the image. In the case of an irregular-shaped 

bubble, such as the one in Figure 3c, the ellipse-hypothesis fails and the bubble size is overestimated. In that 

case, the wrongly fitted ellipse is invalidated out of the analysis by the area correlation method. Finally, as 

regards the properties of a bubble: its diameter, volume and interfacial area are estimated with a projected area 
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diameter of the ellipse that is fitted on the bubble image.  The errors produced by processing a two-dimensional 

image of the three-dimensional ellipsoidal bubble are analyzed by Rodriguez-Rodriguez et al. (2003). They 

concluded that in the most common case the sizing error is bounded by 0.85 < dτ / dp < 1.08. 

 
a.              b. 

 
c.               d. 

Figure 3. Four experimental images of highly overlapping bubbles with the detected perimeter lines and 

ellipses fitted on in-focus bubbles.  

5.3 Error analysis with simulated images of overlapping ellipses 

The accuracy of the OOR algorithm is quantitatively investigated with simulated images of overlapping 

ellipses. The actual sizes and locations of ellipses are known, so the accuracy of the OOR algorithm can be 

defined. The ellipses are placed in sub-pixel locations in each image frame. A linear intensity variation on ellipse 

borders is given with an accuracy of 0.05 pixels. When ellipses translate and rotate between image frames, the 

overlapping of ellipses changes and the effects of the overlapping of ellipses can be studied in detail. Figure 4 
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shows a sequence of four simulated images where the analysis results are superimposed on the image. 98.7 % of 

the connecting points of overlapping objects have been correctly detected. None of the perimeter points has been 

falsely detected as a connecting point and only one connecting point has remained undetected (in the perimeter 

of bubble nr. 21 in Figure 4a). The ellipse fitting has correctly recognized 94 % of the overlapping ellipses. 

There is one ellipse that has created false recognitions in Figures 4b, 4c and 4d, which is labelled in Figure 4a 

with the number 4. The perimeter of the ellipse is mostly behind the other ellipses and it is cut off in four 

locations. The clustering of the two respective perimeter arcs has succeeded in the first image (Figure 4a), but it 

has failed in the next three consecutive frames. Pairing the connecting points has not succeeded because of the 

asymmetrical overlapping of the ellipses, and the area correlation method has failed because the ellipse fitting 

method has underestimated the size of the ellipse. When this fault is removed from the results, an RMS error in 

the sizing of overlapping ellipses is 0.90 pixels and in the locating of overlapping ellipses it is 0.74 pixels. The 

individual ellipses can be sized and located more accurately with RMS errors of 0.22 and 0.10 pixels, 

respectively. If the velocities of overlapping objects are measured from consecutive image frames, a more 

precise object location is obtained with an edge correlation method (Hart, 1998) in which the sub-pixel location 

is estimated with a two-dimensional Gaussian regression (Nobach and Honkanen, 2005) that assumes the 

ellipsoidal shape of the objects.     
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Figure 4. Four simulated images of overlapping ellipses. The analysis results are superimposed on the image.  

 

It is worth remembering that the simulated images fulfil the ellipse hypothesis and that they are noiseless and 

perfectly in-focus. In order to achieve the sizing accuracy of 0.9 pixels, the bubble images first have to be 

segmented correctly with proper threshold values. It is challenging to segment noisy images with varying 

background intensity and limited visibility to the focal plane. The difficulty of the measurements increases when 

the gas void-fraction in the flow increases. However, whenever the visibility to the focal plane exists, the OOR 

algorithm ensures that only the in-focus bubble images are reliably recognized. The measurement concept is 

utilized in determining the bubble size distributions in an industrial process flow system.  
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6 Experiments in a turbulent bubbly pipe flow in a 
papermaking machine 

The air bubble size distributions in water are measured in an outlet pipe of a centrifugal pump 30 cm after the 

pump outlet. Figure 5 shows the overview of the measurement scheme. The bubbly process flow enters the 

centrifugal pump through the horizontal suction pipe on the left and the flow leaves the pump through the 

vertical pipe on the top. The camera is placed in front of the vertical pipe and the laser is placed behind it. The 

pipe inner diameter DS is 105 mm. The pipe is surrounded by a rectangular liquid prism in order to prevent the 

reflections and refractions of light on the pipe walls. The measurements are carried out in two positions: in the 

middle of the pipe and 5 mm away from the front wall of the pipe. A similar size distribution of bubbles is 

measured in both positions, in the middle of the pipe and close to the wall of the pipe. The measured gas void-

fraction is slightly larger on the wall of the pipe. On the other hand, at the measurement position on the wall, 

there are no out-of-focus bubbles between the camera and the measurement plane that would disturb the 

measurements. Flow rates from 20 to 50 litres per second are measured with gas void-fractions up to 2 %. The 

flow is highly turbulent and bubble breakage often occurs in this region. 

Two types of gas injection techniques are studied. The gas is injected into the secondary flow that is mixed 

with a process flow before entering the pump. In the first case, “macro-bubbles” (dp ~ 0.1 mm) are created with 

an injection through nozzles and in the second case air is dissolved in the secondary flow in a pressurized 

dissolution chamber under an elevated pressure of 1-5 bars. When the pressure is released in the output, “micro-

bubbles” (dp ~ 0.02 mm) are created from the supersaturated liquid. The pressure of the chamber is generated 

with the same compressed air that is used to create dissolved bubbles, and pressure is controlled with a control 

valve. The chamber is operated continuously so that the output flow is substituted with an input flow that is 

controlled with a liquid level detector.  

The size distributions of macro-bubbles and micro-bubbles are analyzed with respect to various process 

parameters. The impacts on macro- and micro-bubble distribution are compared in order to understand the 

behaviour of both types of bubbles in the process.  The macro-bubbles correspond to any outer gas source 

entering the process flow. Gases can enter the system with raw materials, process waters or directly from the 

atmosphere via leaking seals or open tanks. The dissolved micro-bubbles correspond to the air that is dissolved 

in the process liquid and that transforms to micro-bubbles when the pressure drops (in the case of any process 

device). The studied process parameters are 1) process flow pressure, 2) flow rate, 3) gas void-fraction, 4) the 

speed of rotation of the pump and 5) the pressure in the dissolution chamber. Altogether 90 measurement sets are 

carried out, each consisting of about 500 images. The processing of all measurement data with the OOR 

algorithm takes approximately a month using a PC with a 2 GHz Pentium-4 processor. The number- and mass- 

weighted frequency distributions and cumulative distributions, interfacial area distributions and gas void-fraction 

distributions can be derived from the DI measurement. 
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Figure 5. The overview of the measurement setup.  

 

The gas void-fraction is measured simultaneously using a microwave measurement technique (Jakkula, 1998). 

The void-fractions measured by the DI technique are compared with the results of a microwave measurement in 

Figure 6. The standard deviation of the two measurement results is 0.034. A good correspondence of results is 

provided up to the gas void-fraction of 0.5 %. This shows that the DI technique covers the whole dynamic range 

of bubble sizes of the flow and that the bubble size distributions are well captured. For larger gas void-fractions, 

the DI method underestimates the gas void-fraction because it cannot detect all the bubbles present in the 

measurement volume since some of them fall behind out-of-focus bubbles that are located between the camera 

and the measurement plane.   
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Figure 6. A comparison of gas void-fractions measured by microwave measurement (MWM) and by direct 

imaging (DI).  

6.1 Interpretation of measurement results 

All the statistical measurement results are biased due to the bubble size dependent measurement volume if the 

effective thickness of the measurement volume is not taken into account when deriving the results. This effect 

has been recently studied by Laakkonen et al. (2005). When the effective thickness of the measurement volume 

is Tj(dp,j), the image area is APIC and the number of images in a measurement set is NPIC, the measurement 

volume V(dp,j) is derived from 

)()( ,, jpjPICPICjp dTANdV ⋅⋅=      (14) 

The cumulative distributions of any gas phase property f can be calculated from the integral 
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where di is the average diameter of  size class i, idΔ  is the width of the category and )( , jpp df  is the property 

of the bubble j in the size class i. The Equation (15) is written in discretized form as 

∑
=

Δ=
NC

i
iimediant ddfdVf

1
)()(      (17) 

For example, when f(d)=d, a cumulative number distribution is measured. When f(d)=πd3/6, a cumulative 

mass distribution is obtained. The void-fraction distribution is given by the mass distribution divided by the 

measurement volume V(dmedian). The bubble size categories can be chosen to fit the physical size distribution. In 

this study, an effective discretization for bubbles is given by  
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where NC is the number of categories. The minimum bubble size is set to 0.001 mm and the maximum of 2 mm 

is given. A non-equal discretization scheme is used in order to describe the small bubble sizes with high 

resolution and to increase the category size for large bubble sizes. 

The analysis of measurement results reveals various phenomena of the bubbly flow. Here only the effects of 

the rotation speed of the pump and the gas injection rate are briefly reviewed. Frequency number distributions 

and cumulative mass distributions are reviewed here because they reveal different aspects of the bubble size 

distribution. Number frequency distribution shows what the most frequent bubble size is, whereas cumulative 

mass distribution shows how the gas volume is distributed between bubble size categories. 

6.2 Measurement results  

First, the macro- and micro-bubble size distributions are compared in equal process conditions with a process 

flow rate of 24 l/s, under 3 bar process pressure and with a 0.12-0.48 l/s gas injection. Micro-bubbles are created 

in a pressurized dissolution chamber under a pressure of 5 bar. Figure 7a shows that macro- and micro-bubbles 

have a number frequency distribution with a similar shape, but the mode of the distribution is moved to a lower 

size class. It is 0.03 mm in diameter for micro-bubbles and 0.07 mm for macro-bubbles. The smallest detected 

size of a micro-bubble is 6 μm, whereas the smallest size of 16 μm is detected in the case of macro-bubbles. 

However, the cumulative mass distribution in Figure 7b shows that in both cases bubbles smaller than 0.1 mm 

contain only less than 5 % of the total gas volume rate.  

The increase in the gas injection rate does not only increase the gas void-fraction in the flow; it also increases 

the number of large macro-bubbles, as can be seen in Figure 7a. The number frequency distribution becomes 



Markus Honkanen et al., Recognition of overlapping bubble images. Ref: MST/196182/PAP/128626 
 19 

strongly bi-modal with the gas injection of 0.48 l/s for both gas injection types.  The bi-modal size distribution 

can be expected after the considerable coalescence rate of bubbles. The macro- and micro-bubble size 

distributions are greatly modified by the gas injection rate, even though the process flow conditions remain 

constant. When the gas injection is increased from 0.12 l/s to 0.48 l/s, the gas volume fraction in bubbles larger 

than 0.4 mm in diameter increases, in the case of macro-bubbles from 45 % to 90 % and in the case of micro-

bubbles from 10 % to 65 %. The most extreme case of gas injections are the micro-bubble injection of 0.12 l/s 

and the macro-bubble injection of 0.48 l/s. There are no bubbles larger than 0.7 mm in the first case, but in the 

last case the bubbles larger than 0.7 mm occupy 50 % of the total gas volume. 

 

a)  
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b)  

Figure 7. The size distribution of macro- and micro-bubbles with respect to increasing gas injection rate. a)  

Frequency number distribution and b) cumulative mass distribution. 
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b)  

Figure 8. The influence of the rotation speed of the pump Np (or process flow rate, respectively) on the size 

distribution of macro-bubbles and micro-bubbles. a) Number frequency distribution and b) cumulative mass 

distribution. 

 

Figure 8 shows the influence of the rotation speed of the pump Np on the size distribution of bubbles under the 

process pressure of 2 bar and a gas injection of 0.24 l/s. The process flow rate from 20 l/s to 48 l/s corresponds to 

the rotation speeds Np from 750 rpm to 1150 rpm. Increasing Np, most of the bubbles larger than 0.5 mm in 

diameter break up into bubbles with a diameter around 0.2 mm (See Fig. 8a). This phenomenon can be seen 

clearly with both gas injection types. The cumulative mass distribution of bubbles (Fig. 8b) shows that the 

increase in Np always decreases the size distribution, regardless of the gas injection type. The gas volume 

fraction in bubbles larger than 0.4 mm drops from 70 % to 20 % when the process flow rate is increased from 20 

l/s to 48 l/s.  

Practically in all pulping and papermaking unit processes, pulp suspension contains gases either in dissolved 

form or as free gas bubbles. If gas bubbles larger than 0.2 mm in diameter remain in the pulp suspension flow 

over the papermaking process, voids and misalignment of fibres are created in the paper material. One should be 

able to avoid any large gas bubbles in the process flow in order to improve the quality of the produced paper 

material. The results reveal how the bubble size distribution changes when the process parameters are changed 

and what type of size distributions form from the two most common types of gas sources. In this light, the results 

reviewed here have great importance for the design of papermaking machines. 
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7 Conclusions 
This study has shown that the proposed overlapping object recognition (OOR) algorithm enables reliable and 

accurate analysis of irregularly shaped bubbles with a wide range of bubble sizes even when the bubbles are 

heavily overlapping in the images. The study of industrial process flow in a papermaking machine shows the 

performance of the measurement concept for measuring bubble size distributions in a rather dense, turbulent 

bubbly pipe flow. The bubble size dependent thickness of the measurement volume is taken into account when 

the size distributions of bubbles and the gas void-fractions are derived. The gas void-fraction is simultaneously 

measured with the DI technique and with the microwave measurement, providing good correspondence of results 

up to the gas void-fraction of 0.5 %. This shows that the DI technique covers the whole dynamic range of bubble 

sizes of the flow and that the bubble size distributions are well captured. The disadvantages of the proposed 

measurement concept are its two-dimensionality and the fact that it is computationally exhaustive. Future work 

will concentrate on three-dimensional high-speed imaging and Particle Tracking Velocimetry (PTV) methods 

that employ the OOR algorithm.  
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1 Abstract  

Analysis of particle properties in dispersed multiphase flow and simultaneous 
determination of velocity fields for both phases is main concern in the study of 
many industrial problems. Particle Image Velocimetry (PIV) is a powerful tool to 
study the structure of multiphase, three-dimensional, transient fluid flows (/Hassan 
et al., 1998). The aim of this study is to find the most suitable PIV method to 
study turbulent bubbly flows and to measure the properties of bubbles in a mixing 
vessel. The method should be accurate, inexpensive, fast and easy to use in 
varying measurement conditions.  

Back lighting is used to detect bubble outlines and the laser light sheet is 
produced to illuminate the tracer particles. Images of bubble shadows and particles 
are recorded with the same camera. Two experiments with different measurement 
methods are performed. The first set uses silver-coated hollow glass spheres as 
tracer particles and the second fluorescent particles. The optical filter blocks the 
scattered light from bubbles in the second experiment. In the first experiment the 
scattered light from bubbles is enhanced by digital image processing methods and 
by geometrical alignment of the camera. Also a stereo-PIV setup using two 
cameras at Brewster angles is tested for turbulent bubbly flow. In order to study 
the performance of the proposed methods, velocity fields and relative velocities of 
the continuous phase and bubbles are measured. The sizes and shapes of the 
bubbles are also measured and the quality of the results is analyzed. The accuracy 
of three dispersed particle velocity measurement methods is analyzed with 
simulated particle images. 

2 Introduction 

A two-phase PIV image is more sensitive to noise than a typical one-phase image. 
Because the dispersed phase occupies part of the image, the tracer particle image 
                                                           
1 Correspondence to: Markus Honkanen, 
E-mail address: markus.honkanen@tut.fi, Tel. +358 50 3020828. 
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density is necessarily smaller than in a one-phase image. Each phase interferes 
with the measurements of the other phase. In the vicinity of the dispersed particles 
the noise that affects the tracer particles becomes stronger, thus making the 
measurements in these regions less reliable. Dias and Riethmüller (1998) 
concluded in their study that the minimum distance from the air/liquid interface at 
which PIV measurements can be safely interpreted is half of the final interrogation 
window size. Background noise of the image is also increased by bubbles outside 
the measurement plane. The high concentrations of bubbles on the optical path 
from the measurement plane to the camera refract the light rays and cause 
distortions of the image. Thus, the PIV technique is limited to measuring bubbly 
flows with low void fractions.  

If a conventional PIV technique is applied to a bubbly flow, a velocity map 
may be determined, but it is not possible to identify, which velocity vectors 
correspond to which phase of the flow. Lots of image processing procedures are 
needed to extract both flow fields from the images. Before computing the velocity 
map of the two-phase flow, two phases of the flow have to be separated using 
optical or digital image processing methods. The fluid phases may differ in 
particle image size and brightness, the wavelength of the scattered light or the 
flow dynamics. A digital two-dimensional median filtering method presented by 
Kiger and Pan (2000) utilizes the difference in particle image size. Paris and Eaton 
(1999) separated a 150 µm glass particulate phase from tracer particles with a 
diameter of the order of 1 µm using the scattering intensity discrimination method. 
Delnoij et al. (1999) developed a phase discrimination method that relies on the 
inherent differences in the motion of the two phases to discriminate between them. 
In addition, Lindken and Merzkirch (2000) applied masking techniques, but used 
thresholding and size discrimination to determine the digital masks.  

The scattering properties of bubbles in a laser light sheet are complex and the 
optical bias occurs in the bubble images. Thus the determination of bubble 
dimensions from conventional 2D-PIV images is difficult. Lindken and Merzkirch 
(2001) compared the multiphase PIV methods and came to the conclusion that the 
back lighting method and PIV technique using two cameras perpendicular to each 
other is the most promising approach. High accuracy in the size and velocity 
determination of a bubble is obtained using the back lighting method (Lindken and 
Merzkirch, 2001). 

3 Measurement Setup 

The experiments are carried out in a cylindrical mixing vessel, which is housed in 
a hexagonal container. A Rushton turbine is located in the center of the vessel as 
shown in Figure 1. The bubble injector is placed in the middle of the tank floor. 
The gas bubbles flow upwards directly towards the axis of the turbine. The gas 
flow is controlled by a mass flux controller with a maximum flow-rate of 4.0 
normal liters per minute. The dimensions of the vessel are presented in the Fig. 1.  
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The measurement plane is parallel to the turbine axis in the cross-section of the 
vessel, so that two baffles are included in the cross-section. The measurement area 
is illuminated with a laser light sheet and back lighting. The laser light sheet is 
produced either with a diode laser or a Nd-YAG laser. Back lighting is produced 
with another diode-laser and a holographic diffuser. The flow field in the 
measurement area is turbulent and highly three-dimensional. Using a thick laser 
light sheet for PIV decreases the number of out of plane loss of particle pairs. The 
thicker laser light sheet provides a wider light intensity profile with a flatter peak. 
Thus, the overexposure of bubbles can also be avoided. The diode-laser produces 
one millimeter thick light sheet and with the Nd-YAG laser a thickness of about 5 
mm is used. When back lighting is used, the depth of field of the image is 
controlled by camera aperture. Low f-number keeps the effective thickness of the 
measurement plane in less than 9 mm in case of bubbly flow with a bubble size 
range 0.1-4 mm (Honkanen et al. 2002c). 

 

 
Fig. 1. Scheme of the mixing vessel and the measurement area A 

4 Measurement Methods 

In previous studies, bubbly flow measurements were carried out with two cameras 
at different viewing angles, with optical filters to discriminate the signals of 
bubbles and fluorescent particles (Honkanen et al. 2002a, 2002b and 2002c). Nd-
YAG laser light sheet illumination was used without back lighting. The 
measurement method did not provide sufficiently good results. Therefore further 
development of multiphase PIV measurement method was needed.  

Some bubbly flow measurements have been done using only back lighting and 
one camera perpendicular to the measurement plane. The bubbles in the flow are 
visualized well and their dimensions and velocities are measured accurately. The 
shadows of tracer particles with a diameter of 30 µm are hard to detect especially 

A 
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near bubble shadows. Thus, the measurement of the fluid flow field does not 
succeed.   

 

 
Fig. 2. Stereo-PIV setup in bubbly flows. Two cameras are placed at Brewster angles to 
opposite sides of the laser light sheet or cameras can be alternatively placed on the same 
side of the light sheet. Only one camera is used in 2D-PIV setup.  

In this work, a multiphase stereo-PIV-method, with cameras at Brewster angles 
on the opposite sides of the Nd-YAG laser light sheet, is tested for bubbly flow in 
a mixing vessel. Figure 2 shows the experimental arrangement in case of 
recording images at angle. The reflections of the vessel are minimized by a 
hexagonal container. Camera is placed at an off-axis angle of 106° i.e. Brewster 
angle for air bubbles in water, to minimize the reflections on the bubble surface. 
Scheimpflug-correction is used and the cameras are calibrated with a calibration 
grid. The minimization of reflections on the bubbles enables the visualization of 
the second-order refraction on the bubble surface as seen in Figure 3. Silver coated 
glass spheres with a diameter of 10 µm are used as tracer particles. Their signal is 
stronger than the signal of fluorescent particles and especially the signal of particle 
shadows. For PIV the recorded images are encouraging because of the strong 
signal of tracer particles without overexposing the bubble images. The 2D-3C 
fluid flow field is measured and also the 3D-positions of dispersed particles in 
physical space can be defined using the multiphase stereo-PIV-method of Nishino 
et al. 2000. Back lighting should be used in order to measure bubble sizes and 
velocities correctly. 

 

Camera 1 

Camera 2 
Back lighting 

Laser light sheet 
optics 
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Fig. 3. Two overlayed bubble image pairs simultaneously recorded with two cameras at 
Brewster angle on the opposite sides of the laser light sheet 

4.1 Conventional PIV Method with Diode Lasers and Digital 
Image Processing 

A set of measurements was performed with a single camera at 106 degrees 
viewing angle. Two diode lasers create both the light sheet and the back lighting. 
Silver-coated glass spheres are used as tracer particles. In this case, the reflections 
of bubbles have to be removed from images by geometrical alignment of the 
camera and by digital image processing methods. When back light is used, the 
reflections usually exist inside the bubble shadows, thus making the digital 
removal of reflections relatively easy. But, the reflections on the bubbles also give 
valuable information of the location of a bubble. If the relative velocity of a 
bubble is calculated, the bubble has to be located in the laser light sheet and not in 
front or behind it. Thus, only the bubble images with sharp shadow edges and with 
reflections of laser light sheet are analyzed. The laser power has to be low, 
because bright reflections on bubbles create coronas that disturb not only the 
bubble shadow but also the tracer particle images. 

Diode-lasers can be used with this method. The use of diode lasers in PIV and 
related applications was long hampered by their low peak power and pulse energy 
compared to solid-state lasers. This is countered by arranging several diode laser 
bars in a row, in total 184 individual emitters. Using micro-optics, this 
configuration can be used to provide either sheet illumination or a near-uniform 
backlight. This kind of system can be freely modulated by simply applying 
current. The peak power is still weaker than that of a typical Nd:YAG laser, but 
the pulse energy can be increased by using longer pulses. The power supply used 
in this work limits the maximum pulse duration to 2 µs, which provided a pulse 
energy of approximately 0.5 mJ. This is found acceptable in the described 
conditions. When used as backlight, the laser power is sufficient at 10% of the 
maximum setting. 

In a back lighted bubbly flow image, the contrast between the tracer particle 
images and the background of the image is low. A multi-exposure-double-frame 
option can be used in order to improve the signal-to-noise ratio of tracer particle 
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images. The low signal of the tracer particle image is compensated by illuminating 
the particle many times in each image frame (See Figure 4). Also much lower 
seeding density can be used than in a single-exposure-double-frame system. The 
number of spurious vectors in the measured fluid flow fields is decreased a great 
deal, but still an unacceptable amount of erroneous vectors remains. 

 

  
Fig. 4. Multi-exposure image of bubbly flow (flows from right to left) recorded with two 
diode lasers.  

4.2 PIV Method with Laser Induced Fluorescence 

The novel two-phase PIV with a combination of back lighting, digital masking 
and fluorescent tracer particles was presented by Lindken and Merzkirch (2001). 
Here this method is applied to the measurements of turbulent bubbly flow in a 
mixing vessel. When the optical phase discrimination with fluorescent tracer 
particles and long-pass optical filter is used, Mie’s scattering at surfaces of 
bubbles is totally filtered out. Therefore, camera records only the light scattered by 
fluorescent tracer particle images and the shadows of the bubbles. Images of tracer 
particles and of bubbles are obtained with good quality. However, the intensity of 
light produced by the fluorescence phenomenon is not as strong as the intensity of 
Mie's scattering. Hence the high power of Nd-YAG laser (400 mJ) has to be used. 
Figure 5 shows the recorded images of bubble shadows and tracer particles. The 
fluorescent (Rhodamin B) particles with a diameter of 20-45 µm have a tendency 
to gather on bubble surfaces in the mixing process. Thus, they harden the bubble 
interface and change its dynamics. Bubbles also reflect the fluorescent light 
emitted by tracer particles. The reflections on bubbles can be removed digitally to 
create clear bubble shadow images. The images of bubble shadows (808 nm) and 
fluorescent tracer particles (570-650 nm) can be separated also optically by using 
two cameras with different optical filters and a beam splitter, making the 
measurement setup more complex. 
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Fig. 5. Image of bubble shadows and bright fluorescent tracer particles. 

5 Image Processing 

All the recorded bubbly flow images need lots of digital image processing to 
correctly detect the bubbles and to obtain accurate vector fields of the fluid flow. 
Bubble shadows and tracer particle images are discriminated based on differences 
in size and brightness. In order to detect the bubble shadows, the intensity values 
of the image higher than the median intensity level are set to the median value. A 
2D-median filter (presented by Kiger et al. 2000) is applied to the image and the 
image is converted taking a natural logarithm of the grey levels. The background 
of the image is equalized by subtracting a sliding background of the logarithmic 
image. Wu et al. (2002) subtracted the so-called logarithmic background and 
proved this to provide good results. The bubble images are enhanced by detecting 
the high intensity gradients, i.e. bubble edges, with a digital 5x5 Sobel filter 
(Oberdier, 1984) and adding them to the image. Figure 6 shows an example of the 
effectiveness of these procedures.  

The tracer particle image is produced by subtracting the sliding background of 
the image. The digital mask of bubbles is created for every image to block the 
areas of bubble images and the mask is enlarged by 5 pixels from bubble surface. 
The fluid velocity field is calculated from particle images with a multi-pass cross-
correlation method. Thus a large dynamic range for measured velocities is 
attained. Large velocity gradients in the flow require very small interrogation 
areas, but particle image density restricts the computation to a minimum 
interrogation window size of 16x16 pixels. Using deformed interrogation windows 
with a bilinear interpolation, velocity gradients can be followed satisfactory. After 
the computation of the velocity field, vectors in the area of the digital mask are 
removed, remaining vectors are validated and holes in the vector field are 
interpolated. The vector field is linearly interpolated to the whole field of view in 
order to get an estimate of the fluid velocity at the center point of each bubble.  
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However, all the turbulence quantities are measured only in the areas outside the 
digital mask. 

 

     
Fig. 6. (a) An example image of bubbly flow with analyzed bubbles. (b) The detected sharp 
edges of bubbles. (c) The enhanced bubble image and bubble edges are combined and the 
logarithmic background is subtracted. 

Bubble velocity is also calculated with a cross-correlation method. Cross-
correlation is calculated for each bubble once with an interrogation area that 
depends on the size of the bubble. In the first frame of the PIV-image the 
interrogation area is placed in the centre of the bubble and it is shifted in the 
second frame. The measured local instantaneous fluid velocity is selected as the 
initial shift of the interrogation area in second frame. This enables the use of small 
interrogation windows. The bubble velocity is validated firstly due to the 
correlation peak ratio and secondly due to the criteria based on the relative 
velocity of different sizes of bubbles in a turbulent flow field. The relative velocity 
of a bubble is defined as the difference between the bubble velocity and the 
velocity of surrounding fluid.  

The presented cross-correlation method (here called shortly “TUT method”) 
does not need information on the particle centroid. The sub-pixel accuracy is 
obtained with a 3-point Gaussian peak fit. The correlation peak has Gaussian 
shape, if the edge pixels of the particle shadow have intensity values on the 
Gaussian curve between the shadow intensity and the background intensity. This 
is the case in real experiments with droplets and bubbles. However, the larger 
particles have a wider profile that needs a wider Gaussian peak fit.  

Hart (1998) stated that image correlation relies on the change in intensity 
around the edges of the objects being aligned and not the featureless, low intensity 
gradient regions. The enhancement of bubble edges improves the signal-to-noise 
ratio and the accuracy of the measurement of bubble’s velocity. The addition of 
intensity gradient values on the grey-scale image narrows the correlation peak and 
thus, improves the accuracy of Gaussian peak fit. 

(c) (a) (b) 
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6 Precision analysis by simulating the motion of 
bubbles 

The precision of the TUT method is analyzed with simulated spherical particle 
images with linear sub-pixel displacements. In the simulation the particle size, 
intensity and sub-pixel displacement are varied. The results are compared with the 
results of a centroiding method that finds the centroid of the particle by a) simply 
measuring the average of the x- and y-coordinates of the pixels inside the segment 
and b) by weighting the edge pixel coordinates with the normalized intensity of 
the pixel. The edge pixels are separated from other segment pixels by binarizing 
the segment twice with two different threshold levels.  

The particle images are firstly simulated with constant background intensity. If 
there is no background noise, the error of the TUT method remains under 0.02 
pixels, if the particle is not too small (< 4 pixels) or too large (> 42 pixels) for the 
64x64 pixel interrogation window used in cross-correlation. Intensity weighting 
improves the accuracy of centroiding method remarkably providing a velocity 
error under 0.04 pixels. 

The simulated images with background noise are created by combining a real 
tracer particle image and the simulated dispersed particle image. The tracer 
particle images are visualized on the top of the bubble shadows in real PIV-images 
too. The tracer particles on the top of the particle shadow edges distort the particle 
shadow. If the tracer particle images are large or if they form a group, the velocity 
error is increased. However, the tracers affect the shadow’s measured velocity 
only if they are located on the edge of the shadow. An example of a simulated 
image and the corresponding simulation results for error versus particle velocity 
are shown in Figure 7. The velocity error is reasonably small for all methods. The 
absolute particle displacement does not have a relevant effect on the absolute 
velocity precision error, but in a sub-pixel displacement range the error vary in 
periods (i.e. bias error). In all different simulations the velocity errors of all 
methods remain mostly under 0.2 pixels. 
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Fig. 7. The error on velocity as a function of particle displacement 
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axial 
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7 Some measurement results 

Large set of measurements was carried out with the novel method presented in 
Chapter 4.2. The used image size of 23.4x18.7 mm2 corresponds to a scaling of 
0.0183 mm/pixel. With a 200 µs time delay, 1 pixel displacement corresponds to 
0.1 m/s, so the bubble velocity measurement error should be below 0.02 m/s. The 
results shown here are from the measurement area ‘A’, shown in Figure 1, 5 mm 
above the Rushton turbine, where the flow accelerates downwards to the turbine. 
The results with two rotation speeds: 400 rpm and 250 rpm, are compared. They 
correspond to Reynolds numbers (ReD) of 172 000 and 100 000, respectively. The 
turbulence intensity of the fluid flow is about 60 % in both cases. A set of 500 
images is recorded in both cases, in which 18000 bubbles are detected with 400 
rpm and 5000 bubbles with 250 rpm. The velocity PDFs of bubbles and fluid flow 
are shown in Figures 8 and 9. Positive directions are axially downwards and 
radially to the center of the vessel. There is a clear slip velocity between bubble-
phase (UB) and liquid-phase (UW) in radial direction due to virtual mass effects 
caused by centrifugal acceleration. The axial velocities match well, because the 
pressure drop in the turbine region defeats the buoyancy force of small bubbles. 
There are two velocities for fluid flow: one is measured from the whole fluid flow 
field (total UW) and the other is the PDF of interpolated velocities on the center 
points of the bubbles (UW). These two velocity PDFs are similar revealing a good 
interpolation scheme. Figure 10 shows the average axial and radial relative 
velocities of bubbles versus bubble size. Average bubble size is about 0.6 mm. 
Measurement results show clear correlation between the average relative 
velocities of bubbles and the rotation speed. Axial relative velocity of the bubbles 
is also highly dependent on the bubble size. 

Fig. 8. The velocity PDFs of bubbles and fluid flow with a rotation speed of 400 rpm.
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Fig. 9. The velocity PDFs of bubbles and fluid flow with a rotation speed of 250 rpm. 

Fig. 10. The average axial and radial slip velocities of bubbles versus bubble size. 

8 Conclusions 

The turbulent bubbly flow dynamics were studied with PIV. In the best 
measurement method of this study, bubble shadows and fluorescent light of tracers 
are recorded with one camera perpendicular to a measurement plane. Multi-
emitter diode lasers are used to generate back-light. Also a stereo-PIV setup using 
two cameras at Brewster angles has proved to be a good option for measurements 
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of turbulent bubbly flow. Lots of image processing procedures are needed. The 
most important image processing procedures are a) the subtraction of sliding 
background of the logarithmic image and b) the detection of sharp edges of bubble 
images. A cross-correlation method is applied to defining the velocity of each 
individual bubble in a pre-processed image. The developed method is tested with 
simulated images providing good results. The measurements of the turbulent 
bubbly flow field in the middle of a vessel are successfully carried out and some 
results are briefly reviewed.  
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Abstract  
 
This study presents four Particle Tracking Velocimetry (PTV) methods that measure the 
velocities of bubbles that are overlapping in the image. That means that the velocities of 
individual bubbles from a group of overlapping bubbles are measured. The performance of 
the PTV methods is studied with a set of simulated images of overlapping ellipsoidal bubbles. 
The methods presented in this study, enable multiphase-PIV measurements in denser 
bubbly flows with an increased reliability and accuracy of the measurement results. 
 
1 Bubble image segmentation and separation of overlapping bubbles 
 
The bubble images are recognized from an acquired bubbly flow image using the grey scale 
information and the local gradient of the grey scales as parameters in the segmentation 
procedure. The local grey scale gradients, i.e. sharp edges of bubble images, are detected 
with Sobel operators from the pre-processed image. A threshold value for local grey scale 
gradients is determined by criteria for in-focus bubble image. In the image of a dense bubbly 
flow, a considerable number of detected segments are created by a group of bubbles and not 
by individual bubbles. If a common grey scale thresholding method (Chigier 1991) is applied 
and two or more bubbles overlap in the image, they are detected as one big bubble and only 
one size and velocity is measured for the whole group. This causes errors in measured size 
and velocity distributions of bubbles. Thus, a robust algorithm that separates the overlapping 
bubble images is needed. An overlapping object separation algorithm (presented in 
Honkanen and Saarenrinne, 2003) is used to separate and individually detect the 
overlapping in-focus bubbles in the image. The algorithm calculates the overall perimeter of a 
segment, finds the points at the perimeter that represent the connecting points (i.e. also 
referred as “breakpoints”) of overlapping bubbles. Then it a) pairs the connecting points and 
connects each pair with a line that separates the overlapping segments (i.e. separation 
method) or b) fits ellipses on the separated arcs of the perimeter using a direct least square 
ellipse-fitting method, presented by Fitzgibbon et al. (1999). Only the arcs that satisfy the in-
focus criteria are selected. 
 
2 PTV methods for overlapping bubble images  
 
The velocities of individual bubbles from a group of overlapping bubbles are measured. The 
PTV methods under study are a cross-correlation based FFT-CC method and centroiding 
methods: a) simple centroiding (SC), b) intensity weighted centroiding (IWC) and c) fitted 
ellipse centroiding (FE). The centroiding methods find the centroid of a bubble by a) simply 
measuring the average of the x- and y-coordinates of the pixels inside the segment and b) by 
weighting the edge pixel coordinates with the normalized intensity of the pixel and c) by fitting 
an ellipse on the segment and defining the centroid of the ellipse. The bubbles in consecutive 



 

image frames are paired with a particle tracking technique that searches for a similar size of 
bubble that is closest to its pair. The FFT-CC method is also referred to as Individual Particle 
Correlation (IPC) (Stitou et al. 2004) and it is described in (Honkanen and Saarenrinne, 
2002). In this study the FFT-CC method is extended to dense bubbly flows with a mask 
technique (Gui et al. 2003) in order to correlate only the separated perimeter arcs of each 
bubble group. Everything else is masked in the image other than the edge pixels of bubble 
images. The edge pixels are defined with a 2x2 pixel kernel following the perimeter arc of a 
bubble. The separated perimeter arcs of each bubble group from a first image frame are 
correlated one by one with the whole perimeter of a bubble group in a second frame.  
 
When the overlapping object separation algorithm is employed with a procedure that pairs 
the connecting points and separates the segments, SC and IWC methods can be applied to 
each separated part of the segment. The problems occur, when the bubbles in a bubble 
group have unequal velocities and consequently they overlap unequal amount in consecutive 
image frames. Sizes of separated segments change between the frames and therefore, 
movement of the segment’s centroid does not correspond to the movement of the bubble 
centroid. When the overlapping object separation algorithm is employed with an ellipse-fitting 
procedure, the velocity of a separated bubble can be estimated from a movement of an 
ellipse centroid. This fitted ellipse centroiding method is reliable, but it does not obtain high 
accuracy. Higher accuracy might be obtained with a combination of FFT-CC method and a 
mask technique. In this case, problems occur, when the bubbles are rotating and deforming 
significantly. 
 
3 Accuracy of the PTV methods 
 
The accuracy of overlapping bubble velocity measurements is depended on many 
parameters: firstly the bubbles have to be segmented correctly with proper threshold values. 
Then the segments that consist of overlapping bubbles have to be detected and separated 
correctly to obtain correct information of each bubble. The detection of connecting points on 
the segment perimeter includes challenges related to the stochastic nature of the bubble 
perimeter, noise and visibility. The same challenges appear further in fitting an ellipse and 
pairing of connecting points. The difficulty increases with increasing the overlapping of 
bubbles. Even though the size and the centre point of an overlapping bubble are not 
detected accurately its movement can be estimated well from the movement of its perimeter 
arc. The errors in locating a centroid of an overlapping bubble can be about 1-5 pixels, but 
the errors in measuring bubble movement are about 0.1-1.5 pixels.  
 

 
 

Fig. 1: Simulated image of eight ellipsoidal bubbles  
 

The accuracy of the studied PTV methods is investigated with simulated bubble images. 
Firstly the accuracy of the methods is studied with simulated bubbles that are not 
overlapping. Then the overlapping bubble images are created by combining simulated 



 

spherical and ellipsoidal bubble images to form different types of bubble groups. A system of 
8 overlapping bubbles is studied within a set of 30 images. Figure 1 shows a simulated 
image of 8 bubbles and their labels. The actual bubble displacements are known, so the 
accuracy of PTV methods can be defined and the effects of a bubble image overlapping can 
be studied.  
 
3.1 Simulation of a single bubble image 
Firstly a single, spherical bubble is simulated and its velocity is measured with the PTV 
methods. The simulations are done with different types of tracer particle images in the 
background and the bubble sizes range from 4-42 pixels with displacements of 
[0,0.02,0.04,…,4.0]. For a single, spherical bubble case, the overall results relative to varying 
bubble diameter can be seen in Figure 2a. The simulation shows that the FFT-CC method 
provides the RMS error of about 0.10 pixels for all bubble sizes. The accuracy of centroiding 
methods improves with increasing bubble image size. The error level of SC and FE 
centroiding methods is around 0.04-0.2 pixels. The IWC method can attain the smallest error 
level, 0.02-0.08 pixels. In this case, the FE and FFT-CC methods are not able to analyze 
bubbles smaller than 6 pixels in diameter due to low signal-to-noise ratio. Figure 2b shows 
that the measured bubble displacements are biased towards the nearest integer values (i.e. 
peak locking effect) due to the discretized information of the digital image. The bias error is 
largest for the FE method (not shown in Figure 2b), remarkable for SC method, but IWC 
method gives already much better results. Only very small peak locking effects occur for the 
FFT-CC method. 
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Fig. 2: a) RMS measurement errors of simulated bubble’s velocity relative to the varying bubble 
diameter. b) Average measurement errors of bubble’s velocity in an image without background noise 

relative to the varying bubble displacement. 
 
Similar results are obtained for an ellipsoidal bubble. However, when the bubble is rotating or 
deforming, the FFT-CC and FE-methods become more inaccurate. The standard cross-
correlation analysis studies a linear translation of an image and therefore it cannot take into 
account rotation and deformation of a bubble.  A rotating ellipsoidal bubble is shown in 
Figure 1 (bubble nr. 1), is studied in 10 simulated images. The bubble moves one pixel 
vertically and horizontally and rotates 5 degrees between the image frames. The centroiding 
methods (SC and IWC) are able to capture the motion without any error. The FE method 
produces a slight RMS-error of 0.008 pixels vertically and 0.007 pixels horizontally. FFT-CC 
method gives a RMS-error of 0.21 pixels vertically and 0.05 pixels horizontally. The error is 
vertically larger than horizontally, because this ellipsoidal bubble is vertically oriented 
producing vertically flat correlation peak.  
 
3.2 Simulation of a group of bubbles 
The situation changes when there are many bubbles in the image. When bubbles are close 
to each other, there will be more than one bubble in an interrogation window typical for FFT-
CC method. Even though the neighbouring bubbles are digitally masked in the first image of 

a) b)



 

a correlation analysis, the FFT-CC method does not succeed in distinguishing the movement 
of a small bubble near large bubbles. The measured velocity of a small bubble is biased 
towards the velocity of the nearest large bubble. This error of the FFT-CC method increases 
decreasing the bubble size. In order to prevent the error, the bubbles have to firstly be paired 
with the particle tracking technique and then the mask technique is applied to both image 
frames. The particle tracking algorithm might pair wrong bubble images in case, where 
bubbles with similar sizes are overlapping in the image. In addition, the segmentation 
algorithm is not able to detect the bubble segment, if other bubble segment exists closer than 
2 pixels distance from the segment’s top left corner.  
 
A system of 8 bubbles is simulated in 30 images. The images are analyzed with FE, SC/IWC 
and FFT-CC methods with constant analysis parameters. The simulated bubbles are moving 
in plane with a constant velocity. Bubbles 1 and 2 are also rotating with a constant speed. 
Bubble number 5 is deforming. There is no background noise added in the image. Table 1 
lists properties of each bubble images in pixels. The RMS-errors of bubble displacements 
measured with used PTV methods are also shown in Table 1. The bubbles from 2 to 6 are 
overlapping in most of the images. In those cases the FE method performed most accurately 
with an average RMS-error of 0.30 pixels and a data rate of 64 %. The SC method obtained 
a RMS-error level of 0.38 pixels, but gave valid data only in 48 % of the cases. The IWC 
method gives better accuracy than the SC method, but it has as low data rate as SC method 
(48 %). The maximum data rate (78%) was given by FFT-CC method, but it suffered from 
loss of accuracy with an average RMS-error of 0.49 pixels.  
 

Table 1: The properties of simulated bubbles: label, centre coordinates in the beginning (xp, yp), 
displacements (dx, dy) between image frames and the RMS-errors of measured displacements in both 

directions.  

properties FE method SC method FFT-CC method 
bubble xp yp dx dy rms x rms y rms x rms y rms x rms y 

1 30 55 1 -1 0.007 0.008 0.000 0.000 0.047 0.208 
2 60 85 -0.3 -2 0.211 0.077 0.242 0.424 0.227 0.265 
3 100 56 -0.4 -0.4 0.169 0.361 1.464 0.326 0.666 2.082 
4 70 70 0.6 -1 0.200 0.600 0.081 0.019 0.166 0.637 
5 100 50 0.2 -3.5 0.113 0.178 0.246 0.040 0.200 0.052 
6 96 86 -0.2 -2.5 0.965 0.078 0.372 0.611 0.356 0.224 
7 110 25 0 0.8 0.000 0.004 0.000 0.083 3.111 1.688 
8 50 40 0 0.6 0.000 0.003 0.000 0.077 0.104 0.224 

  
 

   
 

Fig. 3: The ellipse-fitting method has fitted ellipses on bubble images in consecutive frames.  
a) frames 5 and 6. b) frames 8 and 9. c) frames 20 and 21. 

a) c)b) 



 

  
 

Fig. 4: The overlapping bubbles are separated with lines between paired connecting points and the 
FFT-CC method has measured displacements of separated bubbles between consecutive frames.  

a) frame 3, b) frame 11, c) frame 17, d) frame 22. 
 
Figures 3 and 4 show some example cases of simulated bubble groups analyzed with the 
ellipse-fitting method and with the separation method, respectively. In both cases, the 
Curvature-profile method (Honkanen and Saarenrinne, 2003) is applied to detect the 
connecting points of overlapping bubbles. This procedure has succeeded in almost every 
bubble group. The ellipse-fitting shows problems with large groups of bubbles and it tends to 
underestimate the bubble size, if the perimeter arc of a bubble is too short (See bubble group 
number 2 in Figure 3b.). Figure 4 shows how challenging it is for the separation method to 
pair the correct connecting points. The success of the separation method has a direct 
influence on the performance of the SC, IWC and FFT-CC methods.  
 
4 Application 
 
Rising bubble swarms in stagnant water are studied. In order to carry out simultaneously the 
PIV analysis of the fluid flow, fluid is seeded with tracer particles with a diameter of 30 μm. 
Bubbles are injected to the fluid 13 cm below the measurement area that has a size of 9x12 
mm2. The measurement volume is illuminated with a pulsed diode laser (808nm) in a back-
light alignment and the thickness of the measurement plane is controlled by the aperture of 
the camera objective. Shadow images of bubbles and particles are recorded with a PCO 
camera. Figures 5 and 6 show some overlayed double-frame bubble images that are 
analyzed with the present methods.   
 

 
 

Fig. 5: Overlayed two-frame images, analyzed pairing connecting points, separating segments and 
calculating the velocities of separated bubbles with SC method (arrows show un-scaled velocities).  

a) b) c) d)



 

 
 

Fig. 6: Overlayed two-frame images, analyzed with ellipse-fitting method and calculating the velocities 
of separated bubbles with FE method (arrows show scaled velocities).  

 
5 Conclusions 
 
The velocities of individual bubbles from a group of overlapping bubbles are measured with 
four PTV methods. The simulations of bubble groups show that a measurement of a velocity 
of overlapping bubble image does not provide accurate result in sub-pixel level. However, all 
the methods are able to give rather good velocity estimations with a high data rate and with 
an error level less than 0.5 pixels. The relative accuracy can be increased by increasing the 
time delay between the consecutive frames. The most reliable and accurate way of studying 
bubbly flows is still to remove all the overlapping bubbles from the analysis and to measure 
the velocities of single bubbles with the IWC method. If the overlapping bubble images have 
to be studied (which is a case in dense bubbly flow), the FE method seems to be the most 
reliable PTV method for that purpose. The FFT-CC method provides good results for large 
overlapping bubbles, but it has problems in distinguishing the movement of a small bubble 
near large bubbles and in measuring velocities of rotating and deforming bubbles. However, 
the performance of a basic FFT-CC method can be improved applying a digital mask 
technique for both frames and using robust image correlation.        
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1 Abstract 

This study presents a simple image pre-processing scheme to extract background information from 

double-frame PIV images. Everything that stays stagnant in the image (e.g. image background and 

light reflections from stationary objects) is assumed to be a source of disturbance and it is removed 

by subtracting the second frame of the image pair from the first frame. This yields a single frame 

difference image, which is transferred back to a background extracted double-frame image. After 

the procedure the background in the image does not correlate with itself anymore and therefore a 

bias error in PIV analysis towards zero displacement is avoided. The simulations show that the 

procedure conserves the profile of tracer particle images when a displacement between the frames 

is larger than a particle image size. The performance of this procedure is emphasized with various 

examples, and extensions of the procedure are introduced. The extended procedure extracts 

background objects that move between the image-frames e.g. dispersed phase particles in a two- 

phase flow or laser light sheet reflections from moving objects.   

2 Introduction 

The performance of Particle Image Velocimetry (PIV) depends on the image 

acquisition (i.e. experiment) and signal processing. The signal processing can be 

divided into image pre-processing, image correlation and data post-processing. 

The aim of this study is to improve the performance of the PIV technique by 

means of a new image pre-processing scheme. Image pre-processing refers to 

noise removal from a PIV image prior to applying an image correlation function. 

Image pre-processing can only serve to destroy or rearrange the information as 

new information clearly cannot be added after the experiment (Fincham and 

Spedding, 1997).  However, image pre-processing can improve the quality of 

particle images to some extent and ease the image correlation remarkably while 

saving computational costs. The image pre-processing will preserve the 
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measurement accuracy if it does not change the grey-scale profile of particle 

images. 

The quality of the images should normally be insured already in the image 

acquisition stage, optimizing the particle illumination, camera positioning and 

optics and minimizing the background noise in the images. To maximize the 

information content of the images, the pixel intensities should cover the allowable 

brightness resolution range. The contrast should be maximized to provide tracer 

particle images that are distinctively brighter than the background, without 

saturating the particle profiles (Fincham and Spedding, 1997). If the double 

pulsed lasers are configured incorrectly, two frames of the image pair have 

different grey-scale histograms. This might produce changing intensities for 

particles that are not even moving (Willert, 1997).  

The background noise consists of the image’s local background grey-scale level 

(i.e. offset) and random noise above it. Image offset and laser light reflections 

from the stationary objects correlate with themselves and cause a bias error in a 

correlation analysis towards zero displacement. In addition, offset increases all 

correlation values over the interrogation area and creates a non-Gaussian profile 

of a correlation peak, which increases the pixel locking effect in the image 

correlation. The offset can be caused by the dark-noise of the camera sensor, zero-

level grey-scale typical for CMOS sensors, environmental light coming into 

camera sensor and laser light reflections and glow from the fluid. The random 

noise is caused for instance by the camera’s dark noise, by photon noise, by the 

light scattering from objects other than tracer particles in the fluid and by light 

scattering from interacting particles. Background noise changes the grey-scale 

distribution of particle images, which leads to stochastic errors in the image 

correlation analysis.  

 The commonly used noise removal methods can be divided into five different 

categories. The global offset can be removed simply by subtracting a constant 

value from the image, but then the local changes in the background cannot be 

followed. A mean grey-scale value approximately represents the mean 

background with a particle image density of 0.1 pixel-1, which is typical for PIV. 

However, the local offset with intensity gradients is removed more accurately by 

subtracting a reference image, which represents a background of a PIV image, 

from the original image. This background subtraction is also called a levelization 
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(Todd and Hassan, 2001). The reference image can be obtained in the following 

ways:  

1) It is acquired during measurements of an illuminated flow without particles.  

2) It is computed as an average or local minimum from all samples of the 

measurement set (Gui et al. 1997, Wereley et al. 2002).  

3) It is computed using a linear or non-linear filter individually for each sample. 

Willert (1997) has demonstrated a low-pass filtered background image with a 

linear smoothing filter. Westerweel (1997) has suggested a subtraction of an 

average inside each interrogation window. The commercial PIV software of 

LaVision and Dantec provide non-linear filters for this purpose. Dantec proposes 

an erosion filter for background removal (Dantec Dynamics, 2002) and LaVision 

proposes a sliding minimum filter (LaVision, 2002) or optionally a sliding 

average filter. In addition, the reference image can be produced with a local 

median filter or rather with a modified median type of filter (Scholz and Kähler 

2004) that considers the intensity range of tracer particle images.  

4) In the proposed procedure, the reference image, which is individual for each 

sample, is the second image frame of the double frame PIV image. That means 

that the second frame of the image pair is subtracted from the first one. The 

procedure can be extended to moving background objects. Before subtraction the 

extended procedure translates the second frame in line with background objects. 

The reference image obtained with items 1) and 2) is temporally averaged and it 

cannot follow the temporal changes of the background image. The items 3) and 4) 

produce an instantaneous reference image, which follows the changes in the 

background grey-scale level spatially and temporally. The background extraction 

procedure (item 4) is able to capture all spatial changes in the background grey-

scale level, while the spatial frequency response for filter functions is limited by 

the kernel size that determines the filter. If the image background changes during 

the time delay between the frames, residuals of the background still remain after 

background extraction. The residuals do not have counterparts in the other frame 

and therefore, they do not correlate with themselves. They only produce stochastic 

errors. Stochastic errors are reduced with the extended procedure that follows the 

movement of background objects. Table 1 shows which sources of noise can be 

eliminated by the background extraction procedure.  
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The main difference between the items 3 and 4 is on what basis they 

discriminate the particle images from the image background. The filtering 

functions suggest that particle images are small compared to background objects 

and the discrimination is based on the difference in image size, while the 

background extraction procedure discriminates the particle images from the 

background objects based on the difference in motion. For images of dispersed 

two-phase flow, Delnoij et al. (1999) have developed a phase discrimination 

method that relies on the inherent differences in the motion of the two phases to 

discriminate between them. The separation is performed in correlation space by 

identifying the two dominant correlation peaks, where one represents the motion 

of the tracer particles while the other provides the displacement of the dispersed 

phase. A velocity difference between a dispersed phase object and the continuous 

phase has to be large enough to avoid interference of signals of the two phases. In 

the background extraction procedure, the discrimination of background objects 

and the signal of tracer particles is also based on the principle presented by 

Delnoij et al., only that the phase separation is done already in the pre-processing 

stage before the image correlation.  

3 Background extraction procedure 

Here a new pre-processing scheme is presented. Everything that stays stagnant in 

the image is assumed to be a source of bias and it is removed. Stagnant objects are 

simply removed by subtracting the second frame of the image pair from the first 

frame. This yields an auto-correlation type of single frame difference image, 

where the particle images belonging to the first frame have positive sign and the 

other particle images belonging to the second frame have negative sign. 

Therefore, the image can be transferred to a background extracted double-frame 

image moving all the positive values to the first frame and negative values to the 

second frame of the image and changing their sign back to positive. 

The background extracted image consists only of moving particle images, zero-

background level and of random noise. At least 50 % of the image pixels have a 

grey-scale value of zero. This means that whenever an image pixel in one of the 

frames has a non-zero value, the corresponding pixel in the other frame is zero. 

The zero-values are not necessary equally distributed between the frames.  
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In case of an unequal illumination between the frames, the background 

extraction procedure leads in an erroneous result. If the two image frames have 

unequal background intensity, the background extraction procedure will result in a 

double-frame image, where one frame has particle images with an offset and the 

other has zero-background with shallow particle images, whose edges are cut off. 

This can be avoided applying grey-scale equalization prior to background 

extraction procedure. The unequal peak intensities between the image frames can 

be equalized by dividing grey-scale values with corresponding values of sliding 

average grey-scale in that frame. Also a min-max filter (Meyer and Westerweel, 

2000) or a histogram equalization (Todd and Hassan, 2001) can be applied for this 

purpose. Even if the intensities in the frames are not properly equalized, after 

background extraction the remaining offset in one of the frames does not correlate 

with itself anymore.    

Figure 1 shows grey-scale histograms from an example image (Figure 2a) that 

is pre-processed by the background extraction procedure. It shows histograms of 

difference-images and background extracted images with and without image 

equalization and a histogram of a sliding average subtracted image. The 

background noise consists of a strong reflection in the middle of the image and 

smaller noise sources that correspond to grey-scale values less than 1000 counts. 

The background grey-scale level, which corresponds to the peak of the histogram, 

should be placed at zero to avoid the image correlation errors. The subtraction of a 

sliding average places the background grey-scale level at a negative value, which 

increases the pixel locking effect. The background extraction procedure places the 

peak of the histogram always towards zero. Comparison of the histograms shows 

that the background extraction without grey-scale equalization eliminates 

background noise, as does the subtraction of a sliding average, and it performs 

even better when the grey-scale equalization is applied. 

4 Extensions of the background extraction 
procedure 

Extensions of the procedure are necessary if the laser light-sheet reflection or 

other background noise is moving between the frames. The background extraction 

procedure can be applied to the areas attached to the moving background objects 

instead of to the entire field of view. The background objects can be detected 
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based on image size and brightness or by applying a 2d-median filter (Kiger and 

Pan, 2000). The displacements of the background objects can be defined with an 

appropriate particle tracking algorithm and the second frame can be subtracted 

after translating the frame with a given displacement. If the background noise is 

high everywhere in the image, the background extraction procedure can first be 

executed once to the entire field of view and then to the segments of moving 

background objects. The following examples emphasize the performance of the 

extended procedure. These extensions make the background extraction procedure 

an efficient tool to study the PIV images of two-phase flow or images with a 

moving background objects. After employing the background extraction 

procedure, the signals of tracer particles can be detected even on top of a highly 

reflective object (e.g. bubble or a solid surface). 

5 Applications 

The performance of the procedure is demonstrated using the applications 

described below. In all applications, the image correlation analysis is performed 

with a standard multi-pass FFT algorithm with interrogation window sizes from 

64x64 to 16x16 pixels with 50 % overlap. 

Application: the flow close to a solid boundary 

When the fluid dynamics in a mixing vessel are studied, the main area of interest 

is located in a propeller discharge zone. The PIV experiments can be synchronized 

with a propeller blade angle to resolve velocity fields in each phase angle. The 

example image here is captured immediately after the propeller blade had left the 

measurement plane (in a phase angle of 5°). Reflections from the vertically 

aligned propeller blade tip in the middle of the image are still visible (Figure 2a). 

Figure 2 shows an original image and a background extracted image, where the 

image frames are overlayed on top of each other. The raw vector fields derived 

from the images are shown in Figure 3. The erroneous vectors caused by the laser 

light reflection from the propeller blade tip in Figure 3a cannot be seen in Figure 

3b. This application impressively shows the effect of the background extraction 

procedure. However, a proper validation procedure could have also removed all 

the spurious vectors from both vector fields, so in this case the pre-processing 
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scheme is not essential. In the following applications, the background extraction 

procedure with its extensions is clearly superior. 

 

Application: the flow around a turbine blade tip 

The flow of fluorescent particles is acquired with a digital camera that is equipped 

with a high-pass optical filter. This optical signal discrimination ideally prevents 

all the Mie scattering of laser light from entering the camera. Figure 4a shows 

flow over a turbine blade tip at a condition, where the blade is perpendicular to the 

measurement plane. The direction of the laser light sheet illumination is from left 

to right in a plane which partly touches the blade tip moving from right to left.  

Even with optical signal discrimination and the painted black surface of the 

turbine, the light reflections on the blade tip are strong. The reflections are 

correlated in the image correlation analysis and a resulted vector field has 

numerous erroneous vectors in the region close to the blade (See Figure 4b). 

However, the signal of particles still exists above the reflections of the solid 

surface. This can be seen in Figure 5a, tracing the profiles of grey-scale values 

along the horizontal and vertical lines on the top of the turbine blade tip. After the 

background extraction in Figure 5b, the reflections of the solid surface are 

removed and only the particle images remain. The grey-scale values 

corresponding to turbine blade reflections are subtracted conserving the grey-scale 

profile of the particle images and shifting the image background to zero value. 

Figure 6a shows the vector field calculated from the background extracted image, 

from which the small amount of erroneous vectors can be easily removed in the 

validation process and an undisturbed vector field of a fluid motion over a turbine 

blade tip is acquired.  

The discrimination of noise sources and tracer particle images allows a digital 

mask technique to be employed (Gui et al. 2003). The digital mask is produced 

with a 2d-median filter to mask the image pixels attached to the turbine blade tip 

from the correlation analysis. In this study, a simplified digital mask technique is 

applied after the correlation analysis to remove the erroneous vectors of the raw 

vector field (in Figure 4b) on top of the digital mask. The results of simplified 

digital masking can be seen in Figure 6b. The masking technique removes reliably 

all the information on top of the large reflection to obtain a smooth vector field 
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after validation and interpolation. However, the background extraction procedure 

has preserved information on the top of the strong reflections and therefore, more 

reliable fluid velocity estimates are obtained from that region. 

 

Application: Bubbly flow in a mixing vessel 

Two examples of bubbly flow with tracer particles are considered. The flow is 

illuminated with two diode lasers, one producing a light sheet and another used as 

a back-light. The first example image is shown in Figure 7a, where a bubble 

moves up and to the left, towards the center of a vortex. Each image frame is 

exposed four times with a light sheet and once with a back-light simultaneously 

with the last light sheet pulse. The background subtraction procedure is applied, 

obtaining the image in Figure 7b. Figure 8a shows the raw vector field derived 

from an original image, where the movement of a bubble is strongly correlated, 

leading to erroneous vectors on top of the bubble. Figure 8b shows the raw vector 

field of the background extracted image, where the fluid flow field is captured 

correctly, even on top of the bubble without any interference from the bubble 

image.  

Figure 9 shows another example of a bubbly flow where a large bubble is 

moving upwards in a counter-flow. The flow is illuminated twice, simultaneously 

with a light sheet and a back-light. The calculated vector fields without and with 

background extraction are shown in Figures 10a and b, respectively. The vector 

field in Figure 10a has erroneous vectors that are correlated to edges of bubble 

shadow that moves upwards. After extracting the bubble shadow, the calculated 

vector field in Figure 10b correctly follows the movement of tracer particles. 

These applications clearly show the excellent capability of the background 

extraction procedure to remove background from PIV images. Next the 

limitations of the procedure are quantified and the errors are analysed with 

artificial particle images.  

6 Limitations of the procedure and error analysis 

The drawback of the background extraction procedure is that the particle 

displacements should be more than one particle image width, not to consider also 

the particle images as a source of bias and subtract them. In addition, in the case 
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of high particle image density the probability that particle images overlap in 

consecutive frames, increases and consequently the probability of subtraction of 

particle images increases, which increases the random noise. To quantify the bias 

due to subtraction of overlapping particle images numerical simulations have been 

performed. Two bias sources have been investigated independently. 

If the displacement of the particle images is small compared to the particle 

image width, the difference of the two images affects the particle image shapes 

and a systematic bias occurs. Figure 11a shows the obtained bias as a function of 

the displacement for different particle image widths. For the simulation a 

Gaussian model has been used. The width is determined by e-2 of the maximum 

intensity. The bias also depends on the sub-pixel location of the particle images 

and the orientation of the displacement. Therefore, the standard deviation of the 

bias is shown for a series of 100 random realizations. 

The obtained bias decreases with increasing displacement, down to a certain 

value which does not vanish even for larger displacements. This remaining bias is 

caused by the under-sampling of the particle images and corresponds to earlier 

investigations (Nobach et al., 2004). For larger particle image widths the bias for a 

given displacement is larger, while for sufficiently large displacements the 

remaining bias due to the under-sampling is smaller. 

Figure 11b shows the obtained systematic bias as a function of the displacement 

normalized by the particle image diameter. For small arguments the remaining 

bias is larger for large particle images, while for large arguments the remaining 

bias due to the under-sampling is larger for small particle images. In the 

intermediate range the curves overlap, which indicates that the bias is determined 

only by the normalized displacement. The simulation justifies the displacement 

limit of one particle image width. 

For the experimental data of complex, turbulent flows with recirculation zones, 

the procedure would produce errors at regions of particle displacements smaller 

than a particle image diameter, while conventional PIV would only suffer from 

loss of accuracy. In the PIV technique there is a rule of thumb that the time delay 

dt between the two exposures should be large enough, so that particle 

displacements in the image exceed 5 pixels, in order to decrease the relative 

measurement error. However, the errors related to the velocity gradients of the 

flow associated with in-plane loss-of-particle pairs and out-of-plane loss-of-
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particle pairs limit the selection of dt. The largest value inside these limitations 

should be chosen. Kähler (2004) studied the separation bubble in a boundary layer 

of an aerofoil with a time-resolved PIV (TRPIV). The particle displacements on 

the separation bubble were so small that only erroneous vectors were obtained. 

Kähler (2004) solved the problem by locally optimizing dt using a multi-frame 

PIV method (Kähler and Kompenhans, 2000). Time resolved PIV (TRPIV) with 

the multi-frame PIV method allows a large increase in applicable dynamic range 

of PIV measurements. Therefore, it would attenuate the displacement limitation of 

the proposed procedure. 

For large particle densities the probability of particle images affecting other 

particle images causes a random bias, which is shown in Figure 12a as a function 

of the particle density for different particle image widths. The shown values are 

the obtained standard deviation values of the bias for a series of 100 random 

realizations. The bias linearly depends on the density to the power of 1/3 and the 

particle image width to the power of 3/2. For comparison, Figure 12b shows the 

bias as a function of the density to the power of 1/3 normalized with the particle 

image width to the power of 3/2. The overlayed curves show that the bias is 

determined by the normalized particle density.  

The errors due to subtraction of overlapping particle images increase with 

increasing particle image density, but remain below 0.2 pixels. Typically a PIV 

image has a particle image density of 0.1 pixel-1 with a particle image width of 2 

pixels, which corresponds to a standard deviation error of 0.03 pixels. For 

comparison, the double-exposure single frame images with varying particle image 

densities are simulated and studied with an autocorrelation function. The obtained 

standard deviation of a random bias remains larger than 0.1 pixels for all cases. 

 

7 Conclusions 

The background extraction procedure ensures that the bias error towards zero 

displacement caused by an offset and background objects is eliminated from PIV 

analysis. It also reduces the pixel locking effect by placing the background grey-

scale level to zero value. The procedure discriminates the tracer particle images 

from the background based on the difference in motion. The procedure produces 

an instantaneous background image, which accurately follows the changes in the 
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background grey-scale level spatially and temporally. If the image background 

changes during the time delay between the frames, residuals of the background 

remain. However, the residuals do not have counterparts in the other frame and 

therefore, they do not correlate with themselves and they only produce stochastic 

errors. Furthermore, stochastic errors are reduced with the extended procedure 

that follows the movement of background objects. The procedure works better 

than digital filtering, because it is able to capture all spatial changes in the 

background grey-scale level, while the spatial frequency response for filter 

functions is limited by the kernel size that determines the filter. The advantage in 

comparison to digital masking techniques is that after employing the background 

extraction procedure, the signals of tracer particles can be detected even on top of 

highly reflective objects (e.g. bubble or a solid surface), while the digital mask 

removes this information. The background extraction procedure is limited by the 

fact that the particle displacements should be more than one particle image width, 

not to consider also the particle images as a source of bias and subtract them. In 

addition, in the case of high particle image density the probability that particle 

images overlap in consecutive frames, increases and consequently the probability 

of subtraction of particle images increases, which leads to stochastic errors. 

However, the described procedure works reliably for double-frame PIV images 

that have high noise level and disturbance from stationary or moving background 

objects. It yields an image that consists only of moving particle images, zero-

background level and of random noise. Appropriate applications have been 

shown. 
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Table 1. The types of noise in the image and their removal. 

source of noise type of 

noise 

removed with 

bg extraction 

removed with extended 

background extraction 

zero-level offset yes yes 

dark noise random no no 

photon noise random no no 

environment light offset yes yes 

varying 

illumination 

offset/ 

random 

yes/no yes/no 

laser light from 

stationary objects 

offset yes yes 

laser light from 

moving objects 

random no yes 

 

 
Fig. 1. The grey-scale histograms of an original image, of difference images and background 

extracted images with and without grey-scale equalization between the frames, and of an image 

after subtraction of the output of sliding average.  
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Fig. 2. a) Original image and b) background extracted image. 

    
Fig. 3. Raw vector fields of a) original and b) background extracted images.

a) b) 

b) a) 
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Fig. 4. a) An overlayed double-frame image of a flow of fluorescent particles over a turbine blade 

tip and b) obtained raw vector field. 

 

 
Fig.5. Vertical and horizontal grey-scale profiles of a) an original image and b) a background 

extracted image of a flow over a turbine blade tip. 

b) a) 

 a) b) 
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Fig. 6. a) Raw vector field obtained from background extracted image b) raw vector field obtained 

from original image after applying a digital mask technique. 

     
Fig. 7. An overlayed multi-exposure double-frame image of a bubble moving towards the vortex. 

a) original image, b) image after grey-scale equalization and an extended background extraction 

procedure. 

 

    
Fig. 8. Raw vector fields obtained a) from original image and b) from background extracted image 

(Fig. 7b). 

b) a) 

a) b) 

a) b) 
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Fig. 9. An overlayed double-frame image of a large bubble moving upwards, a) original and b) 

after grey-scale equalization and an extended background extraction procedure. 

 

    
Fig. 10. Raw vector fields obtained a) from original image and b) from background extracted 

image (Fig. 9b). 

 
Fig. 11a. Systematic bias as a function of the displacement for different particle image widths. 

b) a) 

a) b) 
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Fig. 11b. Systematic bias as a function of the displacement normalized by the particle image 

diameter. 

 

 
Fig. 12a. Random bias as a function of the particle density for different particle image widths.  

 

 
Fig. 12b. Random bias as a function of the density to the power of 1/3 normalized with the particle 

image width to the power of 3/2. 
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LARGE EDDY SIMULATION AND PIV 
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The simulations and experiments of a turbulent bubbly flow are carried out in a cylindrical 
mixing vessel. Dynamics of the turbulent bubbly flow is visualized using a novel two-phase 
Particle Image Velocimetry (PIV) with a combination of back lighting, digital masking and 
fluorescent tracer particles. Using an advanced technique, Mie’s scattering at surfaces of bubbles 
is totally filtered out and, henceforth, images of tracer particles and of bubbles are obtained with 
high quality. In parallel to the comprehensive experimental studies, numerical results are 
obtained from large eddy simulations (LES) of the two-phase air-water mixer. The impeller-
induced flow at the blade tip radius is modeled by using sliding mesh method. The results 
demonstrate the existence of large structures such as tip-vortex tips, and also some finer details. 
In addition, the stability of the jet is found to be connected with the 
fluctuations of the tip votices whose dynamics are affected by the presence of bubbles. 
Numerical results are used to interpret the measurement data and to guide the refinement of 
consistent theoretical analyses. Such information is invaluable in the development of advanced 
theories capable of describing bubbly flows in the presence of complex liquid flow. This detailed 
information is of real significance in facilitating the design and scale-up of practical stirred tanks. 
 
Keywords: Bubbles, Mixing tank, PIV, LES, Volume of fluid, Sliding mesh, Ruston turbine 
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ABSTRACT  

This study describes a high-speed, three-dimensional direct optical measurement that 
simultaneously measures 2d-3c fluid velocity fields and three-dimensional bubble trajectories and 
the bubble breakage events in a turbulent bubbly flow, in the discharge zone of a Rushton turbine. 
Two flow phenomena are studied: the splitting of bubbles by hydrodynamic forces and the bubble-
induced wandering of trailing vortices. The time sequences of fluid velocity fields are obtained with 
a stereoscopic PIV and digital mask technique. Proper Orthogonal Decomposition is utilized to 
study large-scale flow structures i.e. the trailing vortices of the turbine. The path lines of vortices are 
derived and a remarkable difference in vortex motion between single phase flow and dilute bubbly 
flow cases is noticed. The three-dimensional path lines of bubbles are obtained with a Lagrangian 
3d-PTV algorithm, but the bubble breakage events are studied manually. 

1  INTRODUCTION  
 
In many chemical processes gas is dissolved to liquid in a mixing tank. Dissolution is enhanced by 
mixing, which disperses the gas phase to small gas bubbles. Bubble size depends on the balance 
between coalescence and break-up rates in the tank. Breakage of a large bubble is controlled by 
balance between surface tension, viscous stresses and dynamic pressures [1] and by the bubble 
resonance oscillation that takes place, if the occurrence frequency of turbulent eddies is close to the 
natural frequency of the bubble [2]. Several models for bubble breakage and bubble coalescence 
mechanisms are developed by e.g. [3,4,5]. Fluid flow greatly modifies the size and distribution of 
dispersed gas bubbles. On the other hand, bubbles entrained in the trailing vortices cause the 
deformation of vortex pairs and affect their motion [6]. Numerical modeling of bubbly flows 
typically combines the bubble break-up and coalescence models, CFD simulations of fluid flow and 
the slip models of bubbles in a population balance equation (PBE), e.g. [7]. Detailed experimental 
data is required to validate and modify the PBE models.  

This paper presents an experimental study of an air-water dissolution process in a mixing tank 
at atmospheric pressure. Turbulent bubbly flow in a discharge zone of a Rushton turbine is 
investigated by means of a high-speed, three-dimensional direct optical measurement. The aim of 
this work is to characterize two flow phenomena: the splitting of bubbles by hydrodynamic forces 
and the bubble-induced wandering of trailing vortices. These phenomena were notified in the 
previous study [8], but they could not be quantified by LES simulations or by conventional 2d-PIV 
measurements. The simulations were computationally too exhaustive and the conventional PIV 
measurements could not track the bubble trajectories in time. The measured local bubble size 
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distributions reflected the combined effects of bubble break-up and coalescence mechanisms, but the 
detailed information on coalescence and breakage events could not be provided. Here, a high-speed 
optical imaging system is utilized to provide detailed information of the interaction of bubbles and 
vortices in the turbine discharge zone. 

 

a)  b)  

c)  d)  

Figure 1. a) Image of the stirred air-water mixer in operation at 400 rpm turbine speed. A rectangle shows the 24x30 mm2 
measurement area in the turbine discharge zone. b) Air is injected from a pipe with an inner diameter of 2 mm, placed in 
the middle of the tank floor. c) Bubbles entrain to the wake of the turbine blade. d) Air cavities and large bubbles break 

up in the trailing vortices of the turbine. Upper vortex includes less air. Arrows show the flow direction. 

2  BUBBLY FLOW SYSTEM  
 
Figure 1(a) shows the air-water mixer in operation. A dilute bubbly flow is studied under turbulent 
flow conditions at turbine rotation speeds of 150, 250 and 400 rpm that correspond to flow Reynolds 
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numbers (based on turbine diameter, ReD) of about 60000, 100000 and 150000, respectively. The 
turbine rotates clockwise. The cylindrical mixing tank has a diameter of 260 mm and it is housed in a 
hexagonal container; both filled with tap water. A Rushton turbine with a diameter of 86 mm is 
located in the middle of the tank, 86 mm above the tank floor and there are four baffles on the tank 
walls. Air is injected from a pipe with an inner diameter of 2 mm, placed in the middle of the tank 
floor. The air injection rate is low enough to produce single bubbles with a diameter of 6 mm. Figure 
1(b) shows an image of the formation of bubbles on the pipe outlet. Many details of the flow system 
are obtained with high-speed flow visualizations. Bubbles rise up in a helical path from the injection 
pipe towards the turbine and hit the bottom surface of the turbine disk. The bubbles bounce from the 
surface or attach on it for some milliseconds and then roll towards the nearest edge of the turbine. 
Gas pocket is not produced under the turbine. The bubbles above and below the turbine are entrained 
to the wake of the turbine blade (See Fig. 1(c)). The bubble breakage mainly occurs behind the 
blades, as illustrated in Fig. 1(d), in the trailing vortex pair of the blade. Apparently, the rapid 
acceleration in the wake of the blade elongates bubbles and the large elongated bubbles then break 
up into many smaller ones. Elsewhere bubbles hardly ever break-up. The bubble coalescence often 
takes place near the bottom face of the turbine and also in the wake of the turbine blade where gas 
volume fraction is the highest. 

3 MEASUREMENT SYSTEM  
 

High-speed measurement system consists of a timing unit (LaVision), two digital CMOS 
cameras (PCO HS1200) that obtain 600 Hz frame rate with a resolution of 1280x1024 pixels and a 
Nd-YLF laser (New Wave, Pegasus) with a 10 mJ pulse energy at kHz pulse rate. Continuous back-
lights are produced with halogen lights and diffusers. Cameras are placed in a stereoscopic 
arrangement on the opposite sides of the Nd-YLF laser light sheet, where both cameras have an off-
axis angle of 16 degrees. For SPIV system with off-axis angles of 16°, the measurement uncertainty 
of out-of-plane velocity component is 3.5 times larger than the uncertainty in plane components [9].  
However, this viewing angle is preferred, because the back-scatter of 106° corresponds to the 
Brewster angle of air bubbles in water, in which the reflections on the bubble surface are minimized. 
The flow is seeded with silver-coated hollow glass spheres with a diameter of 10 μm. A strong signal 
of tracer particles is obtained without overexposing the bubble images. The background intensity is 
added to both images with help of back-lights to visualize the bubble outlines. The measurement 
setup is calibrated with a transparent calibration grid that is placed in the measurement plane. Figure 
2(a) shows an image of the measurement setup and Fig. 2(b) the uncorrected, experimental images of 
the calibration grid with a 24x30 mm2 field of view. The image of the other camera is transformed to 
its horizontal mirror and the image distortions are corrected with a geometrical mapping function i.e. 
a 3rd order polynomial fit. Self-calibration procedure [10] is carried out with tracer particle images to 
improve the 3rd order polynomial fit and to determine the alignment and width of the laser light 
sheets. The mean residual error of the fit is improved from 0.3 pixels (4 calibration grid images) to 
0.01 pixels (with 300 tracer particle images). Figure 3 shows 8 consecutive image frames 
superimposed on each other and the frames of camera B are subtracted from frames of camera A. 
The horizontal distance of dark and bright images of a tracer particle reveals the depth location of the 
tracer particle at each instant of time. The investigation reveals that tracer particles are visible in 0.5 
mm depth range, whereas bubble shadow is recognized even though the bubble is located 
centimeters away from the measurement plane.  
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a)  b)  

Figure 2. a) Measurement setup with two HS cameras (camera A in front and B behind) and light sheet optics on left. b) 
Camera images of the calibration grid overlaid on top of each other.  

 
Figure 3. Multiframe image of tracer particles, where the re-mapped image frames of camera B are subtracted from 

frames of camera A. Strong out-of-plane motion of tracer particles is visible. 

a)  b)  
Figure 4. a) An in-focus bubble that has blocked the laser light sheet. b) Two projections of a highly distorted bubble that 

breaks into two bubbles of same size. 

Camera A 

Camera B 
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Direct optical measurements (PIV/PTV) are difficult to carry out in bubbly flows. Firstly, the 
tracer particles may attach on bubbles and change their dynamics. Secondly, the bubbles in front of 
the measurement plane block the light scattered by tracer particles. In addition, the bubbles in the 
measurement plane block the incident light rays and produce voids in the light sheet as shown in Fig. 
4(a). Bubbles in the turbine discharge zone are highly distorted. The three-dimensional shape of the 
deforming bubble shown in Fig. 4(b) is difficult to recognize from only two projections. Especially 
the bubble surface location in depth is hard to measure. 

4 FLUID VELOCITY FIELD ANALYSIS 
 

The 2d-3c fluid velocity fields are calculated with a sequential stereoscopic PIV method and a 
digital mask technique [11]. Images are first re-mapped and a digital mask of bubbles is constructed 
with a combination of non-linear filters. The pixels on top of digital masks are rejected from the 
correlation analysis and the consecutive image frames are correlated using a multipass, standard FFT 
algorithm beginning with 128x128 pixels interrogation windows (IWs) and initial shifts given by the 
previous velocity vector field and continuing until 32x32 or 16x16 pixels interrogation windows, 
where the images are deformed with a bi-linear interpolation. The correlation analysis has problems 
due to large velocity gradients, low tracer particle image density and rather large particle image 
displacements (<25 pixels). Data rate is low especially when the 3-component velocity field is 
reconstructed from two projections. If visibility to one projection is blocked by a bubble, the 3-
component velocity field in the blocked region cannot be measured. Therefore, the digitally masked, 
measured velocity fields include many holes after the validation process. The validated and masked 
velocity fields are approximated with a Proper Orthogonal Decomposition (POD) method 
(demonstrated in [12]) in order to produce smooth and complete fluid velocity fields, where the fluid 
velocity is approximated also on top of digital masks. In POD, the sequences of fluid velocity fields 
are decomposed based on the energy of the structures – small scale velocity variations with low 
kinetic energy content are discriminated from large-scale motion. Here, the spatial eigenmodes are 
computed from 1300 measured 2d-3c fluid velocity fields. Figure 5 illustrates the effects of POD 
approximation when 75 % of the flow kinetic energy is preserved. The Rushton turbine is located on 
the right side of the measurement plane. In case of single phase flow at 250 rpm turbine speed, 72 
spatial eigenmodes are needed to preserve 75 % of the flow kinetic energy, whereas in dilute bubbly 
flow even 137 spatial eigenmodes are needed. This indicates that bubbles increase the wandering of 
trailing vortices. 

The trailing vortices are located from the POD approximated data as follows. The trailing 
vortices are mainly aligned so that the maximum component of the rotation tensor is the tangential 
(i.e. out-of-plane component in these measurements). The tangential component of the rotation is 

given 
y
u

x
v

z ∂
∂

−
∂
∂

=ω  and a positive sign is given for the upper trailing vortex and a negative sign for the 

lower trailing vortex. The spatial derivatives of radial (u,x) and axial (v,y) velocity components in the 
tank cross section are computed from the fluid velocity vector field with a central difference scheme. 
The magnitude of ωt may be high where the flow changes rapidly, which, however, does not always 
indicate the location of a vortex. Therefore, another vortex detection parameter, the eigenvalues of 
the velocity gradient tensor [13] is utilized. The negative imaginary part of the eigenvalues of the 
velocity gradient tensor is called as swirling strength. Swirling strength in the x-y plane is derived as  
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The local maxima of swirling strength exceeding a given threshold indicate the positions of the 
trailing vortices, whose direction of rotation is defined by ωt in that particular location. The contour 
of a swirling strength is shown on the background of vector fields in Figure 5. A subgrid accuracy of 
locating the local maxima of swirling strength is obtained with a 3-point Gaussian fit. The vortex 
trajectories are composed with a vortex tracking function that utilizes the nearest neighbour-search to 
follow the vortices in the consecutive velocity fields.  Figure 6 shows the measured three-
dimensional trajectories of trailing vortices at 250 rpm turbine speed a) in single phase flow and b) in 
dilute bubbly flow. 10 rotation cycles are measured at 250 Hz (single phase case) or 320 Hz (bubbly 
case) velocity field rate utilizing double-frame image acquisition. Figure 7 shows the mean radial 
velocities of trailing vortex centre points at each turbine phase angle. 
  

a)  b)  

c)  d)  
Figure 5. a) An instantaneous 2d-3c fluid velocity field in single phase flow. Vector color shows the tangential velocity 

component. For simplicity only every fourth vector column is drawn. B/W contour of a swirling strength is on the 
background. b) Same velocity field after POD approximation, in which 75 % of kinetic energy is preserved. The local 

maxima of swirling strength closely correspond to the vortex centroids. c) An instantaneous 2d-3c fluid velocity field in 
dilute bubbly flow and d) the velocity field after POD approximation. 
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Figure 6. 3D trajectories of trailing vortices at 250 rpm turbine speed a) in a single phase flow, b) in a dilute bubbly flow. 

 
In bubbly flow case, the trailing vortices are divided into several vortices, whose trajectories 

oscillate more than in case of single phase flow. In single phase flow, the upper trailing vortices 
move radially a bit faster in average than the lower trailing vortices, but the deviation is high (e.g. 
Fig. 5 shows an opposite case). At latter phase angles both trailing vortices move about 0.4 m/s away 
from the turbine. In bubbly flow, radial velocity of vortices is dramatically decreased to about 0.2 
m/s and the deviation has remarkably increased. Difference between radial velocities of upper and 
lower vortices cannot be detected in bubbly flow case. The drawback of the analysis is the small 
investigation area, in which the vortices can be detected. Therefore, the results at latter phase angles 
(>50°) are biased towards slowly moving vortices, when the rapidly moving vortices have exceeded 
the investigation area. Some vortex pairs move also partly above or below the investigation area.  

 

B

BA 

A 



MARKUS HONKANEN, PENTTI SAARENRINNE  

8 

a) 
0 20 40 60 80 100 120 140 160 180

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

turbine phase angle [degrees]

m
ea

n 
ra

di
al

 v
el

oc
ity

 o
f v

or
tic

es
 [m

/s
]

average of positive vortices
average of negative vortices
avg+std-line of positive vortices
avg-std-line of positive vortices
avg+std-line of negative vortices
avg-std-line of negative vortices

 

b) 
0 20 40 60 80 100 120 140

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

turbine phase angle [degrees]

m
ea

n 
ra

di
al

 v
el

oc
ity

 o
f v

or
tic

es
 [m

/s
]

average of positive vortices
average of negative vortices
avg+std-line of positive vortices
avg-std-line of positive vortices
avg+std-line of negative vortices
avg-std-line of negative vortices

 

Figure 7. The mean radial velocities of vortex centre points with respect to the turbine phase angle a) in single phase flow 
and b) in dilute bubbly flow at 250 rpm turbine speed. 

5 BUBBLE MOTION AND BREAKAGE ANALYSIS 
 

Bubbles are segmented from images of digital masks. The overlapping bubble images can be 
processed with an overlapping object recognition algorithm [14]. However, the algorithm works well 
only for ellipse-like bubbles and in the turbine discharge zone, the bubbles are often highly distorted. 
Luckily, in dilute bubbly flow, bubble images rarely overlap. The detected bubbles are analyzed with 
a Lagrangian tracking algorithm that measures the instantaneous 3d-position and 3d–velocity of each 
bubble and derives its trajectory in the flow field. Bubble tracking in dilute flow is an easy task, so 
the tracking is first realized individually for both projections and then the bubble tracks are 
combined with the stereo-matching procedure based on the vertical position and velocity at each 
instant of time. The tracking analysis can also be applied to tracer particles. Rodriguez-Rodriguez et 
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al. [15] have presented an automatic bubble tracking and break-up detection algorithm. In this study, 
the bubble breakage events are studied manually due to problems in recognizing the individual 
bubble segments close to each other.  

A bubble breakage event at 150 rpm turbine speed is demonstrated in Figure 8. The 2d-3c fluid 
velocity fields at 500 Hz frame rate during the breakage event and before and after it are shown in a 
sequence of 6 image frames in Figure 8. The experimental images with detected bubble segments are 
shown on the background. The air cavity discharges from below the Rushton turbine disk. If the 
cavity rises partly over the middle height of the turbine, the upper part of it is drifted to the upper 
trailing vortex and the lower part remains in the lower trailing vortex. The vortices introduce a strong 
strain on the bubble that elongates and finally breaks up into 2 large and 2 small bubbles. Noca 
(1997) has derived a control-volume approach for momentum conservation to investigate 
hydrodynamic forces acting on the dispersed particles in incompressible fluid without requiring any 
knowledge of pressure field and shear stresses on the particle; it requires only fluid velocity and 
vorticity fields in a finite and arbitrarily chosen region enclosing the particle (Noca, 1997). However, 
force predictions depend on accurate measurements of spatial and temporal fluid velocity derivatives 
with sufficient resolution. In addition, in three-dimensional flow, the flow information would be 
required in all three-dimensions surrounding the bubble, which is not obtained in this study. The 
presented measurement technique is able to provide detail information of the interaction of trailing 
vortices and bubbles, and of bubble break-up events.  

 

 

 
Figure 8. A sequence of POD-approximated 2d-3c fluid velocity fields of a bubble breakage event in a turbine discharge 

zone. One perspective projection with detected bubble segments is shown on the background of velocity fields. 

6 CONCLUSIONS 
 
This paper presents a high-speed, three-dimensional direct optical measurement to study dilute 
bubbly flow and the interaction of bubbles and vortices. The measurement technique is based on the 
combination of stereoscopic PIV and three-dimensional PTV with a back-light illumination. The 

1 2 3 

4 5 6 
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geometrical calibration of images is accurately obtained with a self-calibration method. Sequential, 
stereoscopic cross-correlation analysis with a digital mask technique is able to measure fluid velocity 
fields in dilute bubbly, in highly three-dimensional and turbulent flow in the discharge zone of the 
Rushton turbine. The measured 2d-3c fluid velocity fields are approximated with a POD analysis in 
order to accurately track the trailing vortices of the turbine. The results in dilute bubbly flow at 250 
rpm turbine speed reveal that the fluctuating motion of trailing vortices increases and the vortex 
radial velocity away from the turbine decelerates remarkably in comparison to the case of single 
phase flow. In addition, the interaction with bubbles can cause the breakage of the trailing vortex 
pair, producing several smaller vortices. Already at 150 rpm turbine speed, bubbles are entrained 
inside the trailing vortices, and when a large bubble or air cavity is partly in two vortices, it elongates 
and often breaks-up into two to four smaller bubbles. Bubble break-up frequency increases and 
daughter bubble size distribution decreases with increasing the turbine speed from 150 to 250 rpm.  
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INTRODUCTION 

Analysis of particle properties in dispersed multiphase 
flow and simultaneous determination of velocity fields for 
both phases is main concern in the study of many industrial 
problems. Particle Image Velocimetry (PIV) is a powerful 
tool to study the structure of multiphase, three-dimensional, 
transient fluid flows [1]. The flocculation process has a 
crucial role in the functionality of a water treatment plant. The 
process has been studied for many decades. The aim of this 
study is to provide detailed information on this specific 
flocculation process. The flocculation process depends on the 
properties of the untreated water: temperature, pH, density, 
concentration and size distribution of organic particles and on 
mixing properties and turbulence quantities of the flow: 
turbulent kinetic energy, Reynolds stresses, turbulent energy 
dissipation etc. In this study, only the effect of mixing and 
turbulence on flocculation is considered. Other parameters are 
kept constant.  

Experimental studies of hydrolyzing coagulants are usually 
carried out with some form of jar test procedure [2]. When 
coagulant is added, a brief period of intense agitation (‘rapid 
mixing’) is applied to give a uniform distribution of the 
additive, followed by a longer slow stirring phase during 
which large flocs may form [2]. Floc breakage is caused by 
increasing the stirring rate after the floc growth period. The 
traditional method of floc strength characterization correlates 
the maximum floc size dmax in a suspension with the applied 
shear rate G [s-1]: [3] 

 
γ−⋅= GCdmax ,    (1) 

where C and γ are empirical constants reflecting the average 
strength of the floc particles [3]. The average shear rate G in a 
mixing vessel can be approximated by [4] 
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where Np is the turbine power number, ρ is the fluid density, 
N is the turbine rotational speed, D is the turbine diameter, µ 
is the fluid dynamic viscosity, ε  is the average turbulent 
energy dissipation rate and ν is the fluid kinematic viscosity 
[4]. On the other hand, the strength of a floc is the product of 
a number of contacts between clusters Nc and the magnitude 
of the cohesive force between primary particles f [5]. 
Kobayashi [5] proposed following relations for the maximum 
diameter of flocs in a turbulent flow: 
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where the Kolmogorov length scale λ is 
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Both of the equations (3) and (4) result in one and the same 
power-law relation between dmax and ε [5], 
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ABSTRACT 
 
This study concerns the flocculation of an untreated lake water in a mixing vessel using an iron-salt as a hydrolyzing 

coagulant. The aim of this study is related to three topics: 1.) Measuring the flow field in the vessel and studying its mixing 
properties and turbulence quantities. 2.) Studying the flocculation and disintegration of organic contaminants.  3.) Relating the 
flow dynamics to the growth rate and disintegration rate of flocs.  

An extensive single phase 2D-PIV analysis is carried out to determine the inhomogeneous turbulent flow fields in the 
whole mixing vessel with various turbine rotation speeds (30-400 rpm). The velocity fields and turbulence quantities are 
resolved for various turbine phase angles by synchronizing measurements with the turbine. The small measurement area size is 
utilized in flow regions in a turbine discharge zone in order to attain better spatial resolution and consequently higher accuracy 
in the measurements of turbulence quantities. The larger measurement areas are used for overall flow field measurements. 

Digital imaging with a pulsed back-light is used to detect the particle outlines. The sizes and velocities of the flocculent 
particles are measured and the growth rate, disintegration rate and the time-wise change of the size distribution of flocs are 
derived. The velocity Probability Density Functions are plotted for each floc size category in order to determine the dynamic 
behavior of flocs in a turbulent flow. The interaction between turbulence and break-up of flocs is derived. 
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Serra [6] investigated aggregation and breakup of particles 
in a Couette flow system. They concluded that the final 
diameter of flocculent particles in the turbulent flow regime is 
independent of the size of the primary particles and results are 
controlled by Kolmogorov length scale. On the contrary, in 
the laminar flow regime the final diameter of the flocs shows 
a light tendency to decrease as the diameter of the primary 
particles increases [6].  

Hopkins [4] investigated the impact of turbulent 
heterogeneity on particle aggregation and breakup in a 
flocculation reactor. Floc growth, mean size, and variance of 
size were found to vary spatially in the reactor at low shear 
rates [4]. Ducoste [7] proposed that spatial variations in floc 
size distribution could exist at low shear rates making it 
possible for large flocs formed in the bulk region to be 
fractured primarily in the turbine discharge zone. These flocs 
could be broken up by larger scales of turbulent motion that 
cannot be described by the local energy dissipation rate due to 
the anisotropic turbulent nature in the turbine discharge zone 
[7]. The decrease in the steady-state mean and maximum 
particle size is attributed to the increasing turbine-region 
turbulent fluctuating velocity (U’turb). The larger scales of 
turbulent motion would be responsible for the fracture of 
particles larger than the Kolmogorov length scale in the 
turbine discharge zone [7]. 

Yukselen [2] studied floc formation and breakage in a 
Kemira Flocculator -device with hydrolyzing metal salts and 
found out that flocs may grow to a limiting size, but also 
increase and then decrease in size, even under the same 
agitation conditions. It is likely that some compaction of flocs 
occur during size reduction [2]. The compact flocs have 
higher number of contacts between clusters and 
correspondingly higher strength against the velocity gradients 
than fractured flocs. 

 
THE FLOCCULATION SYSTEM 

The flocculation can be carried out in a static or a dynamic 
mixer. This study concerns the Kemira Flocculator2000 -
device, because it is widely used in Finland for testing and 
dosage estimation of hydrolyzing coagulants in water 
treatment plants allover the country. The chemical dosage has 
to be estimated individually for every plant, because the 
nature of the raw water varies over the types of water sources 
and over the seasons. The test consists of a 1 minute rapid 
mixing with a turbine speed of 300 rpm, then a 40-60 minutes 
growth period with slow mixing (30-50 rpm) following the 5 
minutes stagnant sedimentation period. In the end, the flocs 
are disintegrated for 1 minute time with high turbine speeds 
(100-200 rpm). In the beginning of the rapid mixing, 35 µl of 
an iron sulphate, PIX-322-product is fed per 1 litre of 
untreated water. The pH is controlled with 0.5 Mol NaOH-
solution in order to attain a constant pH of 4.8-5.0. 

The untreated lake water contains humus, which is an 
organic matter. In this study, the properties of the organic 
matter in the water are not studied, so its size distribution, 
concentration and density remain unknown. However, the 
density of organic matter is almost the same as the density of 
water. The untreated lake water contains also rigid particles 
and water fleas, which cause errors in sizing of flocs. 

 
MEASUREMENTS 

Kemira Flocculator2000 –device is a cylindrical mixing 
vessel with a volume of 1 litre. The vessel is housed in a 

rectangular container. The dimensions of the vessel are 
presented in the Fig. 1. A two-blade turbine that has a 
Strouhal number of 0.35, is located in the center of the vessel 
as shown in Figure 1. The measurement plane is parallel to 
the turbine axis in the cross-section of the vessel. There are 
two carrier bars on the sides of the turbine. The measurement 
plane is placed perpendicular to the plane of two carrier bars. 

PIV measurements of fluid flow field 

An extensive single phase 2D-PIV analysis is carried out to 
determine the inhomogeneous turbulent flow fields in the 
whole mixing vessel. The fluid flow measurements can not be 
done in the ongoing flocculation process, because the tracer 
particles utilized in PIV would aggregate to flocs as well. 
Thus, the PIV measurements are carried out in a tap water.  
Measurement area sizes of 16x20 mm2, 19x24 mm2 and 
47x58 mm2 are used. Three large measurement areas on top 
of each other cover the whole cross-section of the vessel. The 
small measurement areas are 
utilized in 4 locations in the 
turbine discharge zone. The sets 
of 300-500 recordings are 
carried out in each measurement 
location with seven turbine 
rotation speeds between 30 and 
400 rpm. The measurements are 
triggered regarding to the phase 
angle of the turbine blade. The 
phase angles of 0, 10 30, 60, 90, 
120, 150 and 180º are studied 
extensively. In the study of the 
trailing vortices generated by the 
turbine blade, even more phase 
angles (with 5º increments) are 
studied. The phase angles of 0º 
and 180º correspond to the case, 
when the turbine blade is in the 
measurement plane. The measurement plane is illuminated 
with a 3-mm-thick laser light sheet. Using a thick laser light 
sheet for PIV decreases the number of out of plane loss of 
particle pairs.  The 400mJ Nd-YAG laser light sheet with a 
wavelength of 532 nm is produced to excite the fluorescent 
tracer particles. The optical long-pass filter (>560 nm) blocks 
the scattered laser light from the vessel walls, from air/water 
interface and from the turbine blade. Therefore, camera 
records only the light emitted by fluorescent tracer particles. 
This procedure reduces the background noise of the images 
remarkably.  

The fluid velocity field is calculated from particle images 
with a multi-pass cross-correlation method. Thus a large 
dynamic range for measured velocities is attained. Large 
velocity gradients in the flow require small interrogation 
areas, but particle image density restricts the computation to a 
minimum interrogation window size of 16x16 pixels. Using 
deformed interrogation windows with a bilinear interpolation, 
velocity gradients can be followed satisfactory. After the 
computation of the velocity field, vectors are validated and 
holes in the vector field are interpolated and turbulence 
quantities are measured. Within this measurement data, 7-9 % 
of all vectors are found to be erroneous during the validation 
procedure and they are deleted. 

The spatial resolution of the PIV measurement is 
absolutely restricted by the density of the tracer particles in 
the flow. Practically, this absolute limit is never reached. In 

Figure 1. Scheme of 
the mixing vessel 
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these measurements, the small measurement area size is 
utilized in flow regions in a turbine discharge zone in order to 
attain better spatial resolution and consequently higher 
accuracy and reliability in the measurements of turbulence 
quantities. The larger measurement areas are used for overall 
flow field measurements. The spatial resolution i.e. the vector 
spacing in the given PIV vector fields is 0.28 mm and 0.39 
mm for small and large measurement areas, respectively.  

Digital Imaging measurements of flow of flocculent 
particles 

In the measurements of flocculent particles the back-light 
illumination is used to detect the outlines of flocs. Pulsed 
back lighting is produced with a diode-laser1 and a 
holographic diffuser. Measurement area size of 10x13 mm2 
with a corresponding spatial resolution of 10.2 µm/pixel is 
used. The pulse duration of 1 µs is used. When back lighting 
is used, the depth of field of the image is controlled by 
camera aperture. Low f-number keeps the effective thickness 
of the measurement plane in less than 9 mm in case of bubbly 
flow with a bubble size range 0.1-4 mm [8]. In this case, the 
size range of flocculent particles is much narrower, 0.02-1.14 
mm. The minimum size of the floc that can be detected with 
this method is 2 pixels in the image, which corresponds to 
minimum floc size of 20 µm. Thus, a considerable amount of 
the flocs with a size less than the Kolmogorov length scale 
(0.05-0.15 mm) remain undetected. The floc size is described 
here as a projected area diameter, which is the diameter of the 
circle that has an equal area with the detected area of the floc. 
In order to measure the volume distribution (i.e. mass 
distribution) of flocs, the floc volume is assumed to be equal 
to the volume of the sphere with a diameter equal to the 
projected area diameter of the floc.   

During the growth period of 40 minutes, the flocs are 
measured with a constant acquisition rate of 0.5 Hz to study 
the growth rate of flocs and the time-wise change of the size 
distribution of flocs. The disintegration period is studied with 
a 3 Hz acquisition rate for 1 minute. The results are formatted 
by discretization versus floc size and time. An uneven time 
discretization is used in order to capture the period of 
maximum growth of flocs with sufficient resolution. 

 Image processing methods used in this study are presented 
in the previous study [9]. The flocculate particle images are 
detected by detecting the high grayscale gradients, i.e. edges 
of flocculate clusters, with a digital 5x5 Sobel filter [10]. 
Other option to detect the high grayscale gradients is to 
threshold the sliding standard deviation of the image 
grayscales. The floc velocity is calculated with a cross-
correlation method. The interrogation area is placed in the 
centre of the floc in the first frame of the PIV-image. 
Interrogation area size is adaptive to the floc size. The 
accuracy of the method is analyzed in the previous study [11]. 
In this case, the error is expected to be less than 10 % of the 
floc velocity.    

MEASUREMENT RESULTS 

Some of the measurement results are reviewed here. Firstly 
the results of the PIV analysis are considered. Then an 
example case of a digital imaging measurement of the growth 
period of flocs with a turbine speed of 30 rpm is concerned. 

                                                           
1 The diode-laser is produced by www.oseir.com 

Finally, some interaction mechanisms between turbulence and 
break-up of flocs are considered. 

The results of PIV analysis 

In a rotating system like a mixing vessel, the velocity 
fluctuations consist of two components: turbulent fluctuations 
U’turb and periodical fluctuations U’per : 

 
perturb UUU ''' +=     (7) 

The periodic fluctuations are not related to the turbulence 
of the flow, but are due to the periodic movement of the 
turbine. In this case with a two-blade turbine, a strong 
periodicity of the flow exists and therefore Reynolds 
decomposition do not reveal proper information of the 
turbulent flow field. Angle resolved measurements are needed 
in order to measure both fluctuations individually. Turbulent 
fluctuations are responsible for the break-up of flocs and 
therefore they are studied in detail. Turbulent fluctuation 
velocity, i.e. the angle resolved RMS velocity, averaged over 
all turbine phase angles θ is determined from: 
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where K is the number of phase angles measured in the full 
cycle. Figure 2 shows the spatial maximum and average 
turbulence fluctuations overall in the vessel for various 
turbine speeds. The maximum values of U’turb are obtained by 
searching firstly the phase angle, in which the maximum 
turbulence exists. That is found to be 30º. Then the spot of a 
maximum is located from the given angle resolved RMS 
velocity field. The ratio of maximum U’turb and average U’turb 
is constant over all turbine speeds and has a value of about 
5.4. Both values increase linearly with increasing the turbine 
speed. There is a practically used rule of thumb in the 
processing of organic flocs that the flocs should not 
experience velocity changes higher than 0.1 m/s. Otherwise 
they start breaking-up. Regarding to the thumb of rule the 
disintegration of flocs begins at the turbine speed of around 
65 rpm. The same is noticed in practise too.  
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Figure 2. The spatial maximum and average values of angle resolved 

RMS velocities as a function of a turbine speed. 

Figure 3 shows the measured angle-resolved average fluid 
flow field and the turbulent kinetic energy field at phase angle 
of 30°, with a turbine speed of 150 rpm in the whole cross-
section of the vessel. The color of the streamlines in Figure 3a 
corresponds to the flow speed that is shown in the colorbar on 
the bottom of the Figure. The floc breakage occurs mainly in 



 
the turbine discharge zone, which corresponds to the high 
turbulent kinetic energy zone that is shown in red and white 
color in Figure 3b. This zone is studied in more detail. 

 

    
Figure 3. a) The angle-resolved average flow field and b) the 

turbulent kinetic energy field at time, when the turbine blade has 
turned 30° away from the cross-section (at phase angle of 30°). 
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Figure 4. The average radial velocity of the center of a trailing 
vortex with respect to the phase angle of the turbine blade. 

The turbine has straight, flat blades. Therefore, the flow 
arrives in the turbine axially and detaches it radially. The 
turbine blade creates trailing vortices to its both tip corners 
and the vortices generate the discharge zone of the turbine. 
The interaction of the vortices accelerates their radial motion 
and diffusion and viscous forces decelerate it. The vortices 
move axially towards each other, but when their radial 
acceleration stops, they start moving axially away from each 
other. The vortices encounter the boundary layer of the vessel 
wall and the radial motion starts rapidly decelerating. At latter 
phase angles >130º the vortices either bounce back from the 
boundary layer or vanish depending on the location of the 
stagnation point on the wall. Figure 4 shows the velocity of 
the center point of a trailing vortex at various angles for three 
turbine speeds. The structure of the trailing vortices is similar 
for the turbine speeds from 30 – 300 rpm. The dissimilarities 
between different turbine speeds arise from the changes of the 
wall boundary layer with increasing Reynolds number of the 
flow.  

The Reynolds stresses (u’u’, v’v’ and u’v’) and turbulent 
kinetic energy in plane ( )22 ''5.0 vuk +⋅=  can be determined 
from the angle resolved RMS velocity fields. In a flocculation 
process, the turbulent Reynolds stresses regard to the 
hydrodynamic forces that breakup the flocculent particles. 
Especially the maximum values of Reynolds stresses in the 
turbine discharge zone are important. Figure 5 shows the 
average and maximum values of Reynolds stresses with 
regard to the square of the turbine tip speed. Reynolds 
stresses increase in square with increasing the turbine speed. 
The ratio of maximum and average values is constant over all 
turbine speeds and is about 30.  
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Figure 5. The Reynolds stress values with respect to the square of 
the turbine tip speed. 

A 2D-dissipation estimate ε2D-est is derived with an 
equation:  
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The spatial derivatives of velocity are calculated from 
validated PIV vector fields by using a 2-point backward 
difference sceme. Piirto [12] have extensively studied the 
accuracy of spatial velocity derivatives obtained from PIV 
vector fields. The spatial resolution of the measurement 
should be smaller than 9 times the Kolmogorov length scale λ 
in order to be able to measure 65 % of the dissipation and 2 
times λ, if 90 % of the dissipation is about to be captured 
[13]. Figure 6 shows the 2D-dissipation estimates in 

b) a) 



 
logarithmic scale for various turbine speeds and phase angles. 
The average value is calculated averaging over the whole 
cross-section of the vessel and the maximum value 
corresponds to the value at the point of maximum turbulence 
in each case. However, the measurement resolution did not 
reach the local Kolmogorov scales in the discharge region of 
the turbine. The dissipation values are therefore 
underestimated. However, the resolution was high enough to 
reach the smallest scales of the flow in the cases of low 
turbine speeds (30 and 50 rpm). 

The Kolmogorov length scales λ can be estimated using 
the 2D-dissipation estimate as a value for dissipation in Eq. 5. 
The Figure 7 shows that the estimated λ values decrease 
logarithmically, when turbine speed or correspondingly the 
turbine’s Reynolds number ReD is increased. When λ is less 
than 1/5 of the measurement resolution, the values are 
overestimated.  
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Figure 6. Average and maximum values of 2D-dissipation estimate 
overall in the vessel with respect to the phase angle of the turbine. 
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Figure 7. Average and maximum values of estimated Kolmogorov 

length scales with respect to the Reynolds number ReD. 

The results of digital imaging of flocculation system 

The morphology of flocs in the turbine discharge zone is 
studied with the digital imaging measurements. The 
measurements in the other regions of the vessel revealed that 
no significant spatial variations in the floc size distribution in 
this case existed. Figure 8 shows an example image of the 
detected flocs and their velocities in the trailing vortex. A 
visual analysis of the images of flocs reveals that flocs seem 
to align in the direction of flow. The discrete Probability 
Density Functions of radial velocities of flocs are plotted in 
Figure 9 for each floc size category. The PDF shows that the 
small and large flocs follow the flow, although the large flocs 
have wider scatter than the small ones. The number of 

samples in the large size categories is relatively small and the 
measurements of velocity of the large, irregular objects 
consist many sources of error. The average vertical velocities 
of flocs are plotted in Figure 10 with respect to the floc size. 
The average vertical velocity remains constant for all floc 
sizes revealing that the gravity effects on the floc’s motion are 
insignificant at this part of the flow. 

 

 
 Figure 8. The detected and labeled flocculate particles and their 

velocities presented with white arrows. 
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Figure 9. Discrete probability density distribution of radial velocities 

of flocs during the growth period at a turbine speed of 30 rpm. 
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Figure 10. The average vertical velocities of flocs as a function of 

floc size during the growth period at a turbine speed of 30 rpm. 

The 40 minutes growth period in the flocculation process is 
studied continuously to obtain the properties of flocs as a 
function of time. Turbine speeds of 30-50 rpm are used. 
About 250 000 flocs are detected in each measurement. The 
number and mass averaged and the maximum size of flocs are 
shown in Figure 11 as a function of time. The maximum 
growth rate of flocs is obtained 3 minutes from the beginning 



 
of the process. At that time most of the organic particles 
smaller than 0.1 mm in diameter are already integrated to 
flocs. The flocs integrate and keep on growing and steady 
state is not fully reached in 40 minutes time. After 40 minutes 
growth period, the number averaged floc size is 0.38 mm,  the 
mass averaged size is 0.72 mm and the maximum floc size is 
1.61 mm. The measured maximum floc size in the beginning 
of the flocculation process is 0.6 mm, although flocs are not 
formed. This erroneous measure is caused by water fleas that 
exist in the flow. Figure 12 shows a detected water flea with a 
measured projected area diameter of 0.37 mm and velocity of 
4.2 cm/s upwards. However, the error caused by false 
detection of water fleas as organic flocs can be depressed by 
statistical approach. A mass averaged floc diameter is less 
sensitive to measurement errors than a maximum floc size, 
because it is a statistical measure and do not result from a 
single floc.  
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Figure 11. The number and mass averaged floc size and the 

maximum floc size as a function of time for flocs in growth period 
of 40 minutes with a turbine speed of 30 rpm. 

 
Figure 12. A water flea that is falsely detected as an organic floc. 

Figures 13 and 14 show the discrete size distributions of 
flocs as number weighted cumulative distribution and mass 
weighted frequency distribution, respectively. In Figure 13, 
each line represents the results at certain time. The legends of 
the lines show the time in minutes.  The trends of continuous 
time-wise growth of the floc size distribution  can be seen in 
both Figures. Figure 14 shows the increasement of mean size 
and variance of flocs. The growth rate of flocs in each size 
category can be seen in Figure 15. The growth rate of flocs is 
defined here as a time-wise change of floc volume in every 
size category. The number of small flocs decreases all the 
time during the growth period. The number of middle size 
flocs firstly increases and then decreases, when the flocs unite 
into larger flocs. The number of flocs in the largest size 
categories grows almost all the time. 

0 0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.80

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

projected area diameter [mm]

C
um

ul
at

iv
e 

fra
ct

io
n 

[-]

0.5
1.5
2.5
3.5
4.5
5.5
6.5
7.5
8.5
9.5
 11
 13
 15
 17
 19
 22
 26
 30
 34
 38

 

Figure 13. Cumulative number frequency distributions of flocs 
during the growth period 0-40 minutes. Legend shows the time 

category of the respective size distribution in minutes. 

00.20.40.60.811.21.41.61.8

0

10

20

30

40

0

0.1

0.2

0.3

0.4

projected area diameter [mm]

time [min]

m
as

s 
fre

qu
en

cy
 [%

]

 
Figure 14. The instantaneous mass frequency distributions of flocs 

during the growth period of 40 minutes. 
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Figure 15. The growth rate of flocs at each size category and at each 
time category during the growth period of 40 minutes. Legend shows 

the time category of the respective size distribution in minutes. 

Interaction between turbulence and break-up of flocs 

Flocs break-up in turbulence, when the turbine speed is 
increased. The floc break-up is studied continuously with 
digital imaging technique during the disintegration period of 
60 seconds with turbine speeds from 100 to 180 rpm. 
Hopkins [3] noted that increasing the shear rate the mean size 



 
and variance of flocs decreased. The same phenomena are 
recognised in this study. Increasing the turbine speed flocs 
disintegrate faster and end up to a smaller floc size. In the 
beginning of the disintegration period, the size of flocculate 
particles decreases rapidly. The 3 Hz acquisition rate does not 
provide good enough resolution to capture the change in time. 
Therefore, only the final outcome is studied here. The 
maximum and mass averaged floc diameters in the end of the 
disintegration are shown for nine cases in Table 1. Also initial 
floc sizes are shown, because they seem to have an effect on 
the final outcome. In the cases 4 and 8, the floc formation has 
been weak during the growth period resulting in small floc 
sizes, which caused the relative change of the floc size during 
the disintegration period to be smaller than in other cases. The 
relative change of the floc size ∆dm during the disintegration 
period can be derived from 
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   Table 1. The measured floc sizes after the disintegration period 

with nine turbine speeds and the corresponding initial floc sizes 
produced in the growth period with a turbine speed Ngrowth. 

disintegration period growth period 
nr. Nbreakage 

[rpm] 
dm-brekage 

[mm] 
dmax-breakage 

[mm] 
Ngrowth  
[rpm] 

dm-growth 
[mm] 

1 100 0.38 0.8 50 0.5 
2 110 0.40 0.8 50 0.5 
3 120 0.29 0.6 40 0.42 
4 130 0.28 0.6 50 0.36 
5 140 0.33 0.65 50 0.52 
6 150 0.37 0.8 40 0.6 
7 160 0.24 0.5 30 0.44 
8 170 0.23 0.5 50 0.34 
9 180 0.25 0.6 40 0.45 

 

Table 2. The maximum values of Reynolds stress and dissipation 
estimate and the average value of dissipation estimate and the shear 

rate.  

Nbreakage 
[rpm] 

u’u’max 
[m2/s2] 

ε2D-est-max 
[m2/s3] 

ε2D-est-avg 
[m2/s3] 

G 
[1/s] 

100 0.018 0.116 0.006 76 
110 0.022 0.140 0.007 85 
120 0.026 0.166 0.009 93 
130 0.030 0.195 0.010 101 
140 0.035 0.225 0.012 110 
150 0.041 0.258 0.014 118 
160 0.046 0.293 0.016 127 
170 0.052 0.331 0.018 135 
180 0.058 0.371 0.021 144 

 

The average and maximum values of turbulence quantities 
in turbine speeds 100-180 rpm are listed in Table 2. The 
values are interpolated with power-law relations from the 
experimental data of cases, where N is 30, 50, 100, 150, 250 
and 300 rpm. The correspondence between measured floc size 
(dmax and dm) and the turbulence quantities (u’u’max, εmax, εavg 
and G) is evaluated with a regression analysis using the 
Equation (1), where shear rate G and maximum diameter dmax 

are replaced with different corresponding parameters. Table 3 
lists the values of constants C and γ for each case.  

In contrast to Kobayashi’s study, the maximum floc size 
does not scale with average dissipation rate power -1/4, but 
more rapidly in power -0.3. However, the maximum floc size 
is overestimated because of errors caused by detection of 
water fleas and rigid particles that do not break-up in 
turbulence. The mass averaged floc size decreases faster than 
the maximum floc size and it scales with turbulence quantities 
power -0.4. This is analogous to the power law-relation 
between maximum drop size and dissipation rate derived by 
Hinze [14]. Hinze stated that the maximum drop size in a 
stirring apparatus may follow roughly the -2/5 law of the 
dissipation rate, but a much smaller value at least for the 
constant C is expected. If the model obtained in one way is 
applied to other dispersion processes, one has first to make 
sure that there is not a basic difference between the two 
dispersion processes [14]. Kobayashi studied a mixing vessel 
with baffles and a Rushton turbine, while the Kemira-
flocculator has no baffles and it has a large, two-blade turbine 
in order to minimize the maximum turbulent spots. As a 
conclusion, the maximum values of turbulence quantities in a 
turbine discharge zone are more relevant with respect to floc 
breakage than the values averaged over the whole vessel. The 
maximum values of Reynolds stresses and dissipation both 
correlate well with floc break-up. However, the measured 2D-
dissipation estimate is not an accurate measure of the 
dissipation rate. The highest correlation is obtained between 
∆dm and maximum Reynolds stress. With increasing the 
turbine speed, Reynolds stresses increase in square (as shown 
in Figure 5) and ∆dm increases linearly as can be seen in 
Figure 16. Therefore, the following relation to describe the 
floc breakage in turbulence between shear rates 75 and 150 is 
proposed: 

 
 ( ) 5.0

max''75.1 uudm ⋅=∆  .  (11) 
 

Table 3. An equation a=C*b-γ, where parameter “a” is given in 
first column and “b” in first row. Values of constants C and γ listed 

for each case. 

C / γ b=G b=u’u’max b=ε2D-est-max b=ε2D-est-avg 
a=dmax 9.00 / 0.56 0.23 / 0.30 0.40 / 0.31 0.18 / 0.28 

a=dm 9.18 / 0.73 0.08 / 0.40 0.16 / 0.40 0.06 / 0.36 

a=∆dm 1.5e-3/ -1.14 2.50 / -0.61 0.81 / -0.62 3.95 / -0.57 
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Figure 16. The relative change of mass averaged floc size with 

respect to turbine speed or respective maximum Reynolds stress. 



 

CONCLUSIONS 

The flocculation of an untreated lake water in a mixing 
vessel is studied using an iron-salt as a hydrolyzing 
coagulant. The angle-resolved turbulent fluid flow fields and 
the turbulence quantities are measured with PIV. The 
turbulent fluctuating velocities and turbulent Reynolds 
stresses are measured locally for various turbine speeds. The 
local turbulent energy dissipation rates and corresponding 
Kolmogorov scales are estimated and the measurement 
uncertainties are noticed.  

The digital imaging is an excellent tool for studying the 
properties of organic flocculent particles in a flocculation 
process. The velocity PDFs and the instantaneous size 
distributions of organic flocs are measured during the growth 
period. The experiments provide large amount of fundamental 
information of the flocculation process and of the 
heterogenous turbulent flow in a mixing vessel. For the 
interaction between floc break-up and turbulence some 
power-law relations are derived. In order to study floc break-
up, relative change in floc size and corresponding turbulence 
quantities in turbine discharge zone should be measured. The 
floc size is better described by mass average than the 
maximum diameter, because it is less sensitive to 
measurement errors. The future studies are about to consider 
the interaction of turbulent flows and floc break-up in detail 
and produce models to predict the behaviour of organic 
matter in different types of flocculation processes.  

NOMENCLATURE 

C [-] constant  
D [mm] diameter of the turbine blade 
d [mm] diameter of the floc 
dm [mm] mass averaged diameter 
∆dm [-] relative change of mass averaged diameter 
f [N] cohesive force between primary particles 
G [s-1] shear rate 
K [pcs] number of measured phase angles 
k [m2/s2] turbulent kinetic energy 
N [rpm] turbine rotational speed 
Nc [pcs] number of contacts between clusters 
Np [-] turbine power number 
ReD [-] turbine’s Reynolds number 
RMS [-] root mean square 
U [m/s] fluid velocity 
U’ [m/s] fluctuating velocity 
V [m3] volume of the dispersion 
u [m/s] radial fluid velocity 
u’u’   [m2/s2]   Reynolds stress term (radial) 
v [m/s] axial fluid velocity 
W [m/s] turbine tip speed 
ε [m2/s3] turbulent energy dissipation rate 
ε2D-est [m2/s3] turbulent energy 2d-dissipation estimate per 

  unit mass 
γ [-] constant 
λ [mm] Kolmogorov length scale 
µ [kg/ms2] fluid dynamic viscosity 

ν [m/s2] fluid kinematic viscosity 
θ [°] turbine phase angle 
ρ  [kg/m3] fluid density  
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Abstract 
This paper presents image processing methods to study in-focus images of multiphase flows in water treatment 
processes. A laboratory-scale water treatment system of consecutive flocculation, sedimentation and dissolved 
air flotation (DAF) is investigated in-line by means of digital, high-speed direct optical measurements. Back-
lighted images consist of flocculated particles i.e. flocs, micro-bubbles and bubble-floc agglomerates. The aim of 
the image processing is to recognize and track the individual objects from image sequences of rather dense 
suspensions, where the objects are overlapping in the images. The groups of micro-bubbles that are attached on 
flocs are successfully recognized with a distance transform-based method. The path lines of bubble-floc 
agglomerates are tracked with a binarized object contour correlation analysis and a correlation signal re-location 
method is utilized to recognize the overlapping agglomerate images based on difference in motion. 
Measurements provide local and instantaneous information on process parameters, such as size and velocity 
distributions and concentrations of flocs and bubbles, mass fractal dimension of flocs and the properties of 
bubble-floc-agglomerates. 

1 Introduction 
In order to design optimized water treatment systems, the characteristics of water treatment 
processes must be investigated. Organic matter in water is coagulated with the aid of 
chemicals and further flocculated to obtain flocculate particles i.e. flocs in clean water. Flocs 
are fractal-like aggregates, porous structures that include voids. Figure 1 shows two 
orthogonal projections of a floc that has been produced in the flocculation of lake water 
contaminants. Functionality of the flocculation process is monitored via initial floc size 
distributions and via morphology analysis of individual flocs. The floc growth is necessary for 
the successful removal of particles and organic matter by means of sedimentation, filtration or 
flotation. Dissolved air flotation (DAF) is utilized in this study. Functionality of the DAF 
process can be accessed through instantaneous properties of flocs, micro-bubbles and bubble-
floc agglomerates. The main process parameters are the local concentrations of flocs and 
unattached micro-bubbles, the collision frequency and attachment efficiency of micro-bubbles 
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and flocs, rise velocities and sizes of bubble-floc agglomerates and the volume of attached 
micro-bubbles on each agglomerate (Matsui et al. 1998).  
 

  
Fig. 1. The front view of a floc and the side view of the same floc with a diameter of 2 mm. 
 

Direct optical measurement technique provides images of in-focus objects, which allows the 
characterization of irregularly-shaped flocs. Traditionally an in-focus image of a sample is 
taken with a microscope. Nishino et al. (2000) stated that since a non-spherical particle sitting 
on the slide glass tends to show its largest side to the microscope, the size distributions 
measured by the microscope become larger than the actual distributions. In addition, 
flocculate particles might be so weak as to restructure at the slightest shear force induced by 
an attempt to transfer them from one vessel to another. Therefore, an off-line measurement 
might not provide correct results of particle properties. Nobbs et al. (2003) have presented an 
imaging system to study settling flocs in a water column. The in-line direct optical 
measurements of flocs and micro-bubbles have been successfully carried out even in the DAF 
process (Fukushi et al., 1998; Ljunggren et al., 2004).  

The aim of this study is to develop a digital imaging and automatic image analysis system to 
measure the dynamics and morphology of dispersed phase particles in-line in a laboratory-
scale water treatment system of consecutive flocculation, sedimentation and dissolved air 
flotation. Digital high-speed imaging experiments are carried out with two monochrome, 10-
bit CMOS cameras (PCO HS1200) that acquire maximum of 630 image frames per second 
with a full resolution of 1024x1280 pixels. The experimental images are uniformly back-light 
illuminated with halogen lamps (placed at long distance) and diffusers.  

In dissolved air flotation, the bubble-floc-agglomerates introduce an experimental challenge 
related to the dynamic ranges of spatial resolution and brightness resolution of the image. A 
bubble-floc-agglomerate can consist of a floc with a diameter of 0.5-3 mm and dozens of 
micro-bubbles with a diameter of 30-120 μm. The recognition of micro-bubbles on the floc 
surface requires high enough spatial resolution and a difference in grey-scale levels of flocs 
and micro-bubbles. Figure 2 shows typical images of bubble-floc-agglomerates. Flocs create 
irregularly-shaped shadow images. The primary particles that construct a floc appear as small 
dots on an in-focus floc image. Therefore, the focused floc images have higher intensity 
variance than the image background. The micro-bubbles can be seen as dark, small spheres in 
the image. The density of micro-bubbles is the highest on areas of floc images because of the 
heterogeneous aggregation, in which the negatively-charged micro-bubbles attach on the 
positively-charged flocs. The images of attached micro-bubbles often overlap with each other. 
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The total gas volume attached to each floc cannot be directly measured when some attached 
micro-bubbles fully overlap with others. However, an estimate for the total gas volume is 
provided by analyzing the bubbles visible in the image and measuring the rise velocity of the 
agglomerate. 

 

   
Fig. 2. Experimental images of bubble-floc-agglomerates in dissolved air flotation process. 
 

 
Fig. 3. The maximum measurable particle void fraction with respect to the particle diameter 
and the optical path length in the fluid following Eq. (1). 
 

When the experimental images are acquired directly from a multiphase flow, visibility to the 
field of view is hampered by the dispersed particles located on the optical path from the 
measurement plane (i.e. focal plane) to the camera. When the concentration of dispersed 
phases increases, the tasks of image analysis become more difficult and finally impossible. 
Assuming uniformly and randomly distributed non-transparent, spherical particles with a 
diameter dp, the upper limit for measurable void fraction (φlim) of dispersed phase particles 
can be approximated utilizing the relation (Overby and Johnson, 2005) of volume fraction (φ) 
and projected area fraction (ϕ) for the particles located on the optical path: 
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where Lz is the optical path length in the fluid. When the projected area fraction of out-of-
focus particles exceeds 95 %, hardly any in-focus particles can be detected in the image. 
Setting ϕ=0.95 in Eq. (1) gives the upper limit for measurable void fraction of dispersed 
phase particles with respect to the particle size and optical path length. The results for particle 
size range from 0.1 to 2 mm and optical path length range from 2 to 100 mm are shown in 
Figure 3. In dense multiphase flows (φ>5 %), the optical path of the measurement system 
must be adjusted narrow enough by carrying out the measurements near the front wall of the 
tank or utilizing an underwater measurement system. For example in waste water, visibility is 
typically less than a centimetre. Figure 4 shows images of waste water in a cylindrical, one-
litre tank before and after the flocculation process. The total solid volume fraction remains 
constant during the process. As can be seen in Figure 4, visibility in waste water improves 
with increasing the mean particle size and decreasing the number of particles. This is also 
verified by Eq. (1). 
 

a)  b)  
Fig. 4. A cylindrical, one-litre tank filled with waste water, a) before flocculation and b) after 
the flocculation process. 
 

The recognition of individual particles from images of heavily overlapping particles is 
necessary when dense suspensions are studied. Contour-based, region-based and motion-
based recognition methods are reported in the literature. Honkanen et al. (2005) presented a 
contour-based overlapping object recognition (OOR) algorithm for overlapping ellipse-like 
bubble images. The method is suitable for objects that have a smooth perimeter, such as 
images of droplets and bubbles. It is not suitable for images of flocs that have coarse and 
irregular contour. The contour points that connect two overlapping floc images do not differ 
from any other points on the segment’s perimeter. The region-based methods are not valid 
either, because the flocs form random structures. A motion-based recognition method is 
needed. 

Motion-based overlapping object recognition is based on the velocity difference between 
the overlapping objects and it is referred to as motion-based segmentation in the image 
processing–literature. This paper presents a motion-based segmentation approach that utilizes 
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sparse array correlation analysis (Hart, 1998) for the contour-images of objects and a 
correlation signal re-location (Young et al., 2004 and Lindken et al., 2003). The consecutive 
object segment images are multiplied with each other after shifting the first image with the 
displacement given by the position of the correlation peak, which corresponds to the 
displacement of the studied object. The multiplication image is segmented again to recognize 
only the moving object under the study. 

This paper presents image processing and segmentation functions to recognize the 
individual, in-focus objects from images where the objects often overlap. Firstly, we 
investigate how the three-dimensional properties of fractal aggregates can be derived from 
their two-dimensional projections. Then, the image equalization and the preliminary 
segmentation based on grey-scales and grey scale gradients are presented to recognize the 
segments of all in-focus objects in the image. A distance transform-based segmentation 
method is presented to recognize the overlapping micro-bubble images on the surface of each 
bubble-floc agglomerate. Finally, the motion-based segmentation method for recognition and 
tracking of overlapping floc and agglomerate images is described. The performance of the 
image processing methods is highlighted with experimental images and the advantages and 
challenges of the methods are discussed. 

2 Background 

2.1 The properties of fractal aggregates 
Water and waste water flocs can be treated as fractal aggregates as demonstrated by Tambo 
and Watanabe (1979). Fractal aggregates are self-similar, which means that all parts at all 
scales have exactly the same structure (Tang et al., 2002). This implies that the size of the 
structures increases with increasing the aggregate’s size and consequently the aggregate’s 
density decreases. The fractal aggregates can be characterized with a mass fractal dimension 
Df, which is an exponent in the power-law relation between the characteristic size R and mass 
M of an aggregate (M∝RDf) and equally between R and the number of primary particles in the 
aggregate (Np∝RDf). Df varies from 1 to 3, so that a single chain of primary particles has a 
value 1 and a rigid sphere has Df of 3. Aggregate’s characteristic size can be defined as 1) 
hydrodynamic diameter (Dh) which is the diameter of a rigid sphere that has the same drag as 
the studied aggregate, 2) gyration diameter (Dg) which is two times the average distance from 
aggregate’s centre of mass to its all primary particles, 3) collision diameter (Dc) which is the 
diameter of the smallest sphere that encompasses the aggregate and 4) outer diameter (Do) 
which is the exact aggregate diameter (Bushell et al., 2002). Bushell et al. (2002) have 
reviewed the existing techniques to measure the characteristic size and mass fractal dimension 
of fractal aggregates. All characteristic sizes are related to each other with the functions of Df. 
The relations are presented by Lee and Kramer (2004) and Kusters et al. (1996) among others. 
The solid volume in a fractal aggregate can be estimated with a power-law relation 
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where vp and dp are the volume and diameter of the primary particles and kx is the structure 
pre-factor, which is specific for each characteristic size Dx. For hydrodynamic diameter, the 
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structure pre-factor is unity. The other structure pre-factors are defined by 
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structure pre-factor for collision diameter (kc) is estimated by Gmachowski (1995) 
 

211.0414.0 −⋅= fc Dk  .                        (3)¨ 

 
The organic flocs are not perfect fractals, because the self-similarity does not hold for flocs 

that are constructed from few primary particles or flocs that include various different types of 
primary particles. However, flocs have a fractal-like behaviour and they follow the power-law 
relation fairly. When the size (dp) and density (ρp) of primary particles that construct a floc are 
known, floc’s density (ρa) and porosity (ε) can be derived from the characteristic size and 
mass fractal dimension of the floc following the relationship 
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2.2 Estimation of floc’s characteristic size and mass fractal 
dimension by image analysis 

The morphological properties of irregularly-shaped particles such as flocs are difficult to 
determine. Image analysis retrieves the properties of one or several two-dimensional 
projections of the floc, but how to relate the measured floc image properties (projected area 
(A), perimeter (p) and maximum dimension (L) of the projected image) with the true, three-
dimensional floc properties? Experiments and numerical simulations can provide statistical 
correlations between the two- and three-dimensional properties of flocs. Floc’s characteristic 
size can be described with a collision diameter Dc that corresponds to the maximum 
dimension of a floc image supposing that the longest dimension of the floc appears in the 
image. The other morphological properties of flocs can be estimated through the measurement 
of mass fractal dimension. 

The power-law relations of fractal aggregates apply also to their two-dimensional properties 
in any projection. One- and two-dimensional fractal dimensions D1 and D2, and the perimeter 
based two-dimensional fractal dimension Dpf are determined with power-law relations A∝LD2, 
A∝p2/Dpf and P∝LD1. The characteristic mass fractal dimension for a floc population can be 
measured with the help of one- and two-dimensional fractal dimensions. The numerical 
simulations of Lee and Kramer (2004) showed that the one-dimensional fractal dimension D1 
does not correlate to the mass fractal dimension. Instead, Lee and Kramer estimated Df with 
the help of two-dimensional fractal dimension D2 or Dpf as 

 
2164.201.0391.1 D

f eD ⋅+=      (5) 

pff DD ⋅−= 628.16.4      (6) 

 
where the regression model (6) has a strong correlation number (r=0.83 and s=0.15) and the 
regression model (5) shows even better correlation for the relationship between D2 and Df 
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(r=0.93 and s=0.07). The regression model of Lee and Kramer is applicable for fractal 
aggregates with Df=1.4-2.5. Tang et al. (2001) have presented an alternative method that 
determines Df from cumulative size distributions of flocs. According to the definition, 
cumulative size distributions in terms of floc’s maximum dimension and solid volume are 
equal for a given population of flocs (Tang et al., 2001).  
 

a)  b)  
Fig. 5. a) Image of settling flocs. The circumference lines, maximum dimension lines and 
velocity vectors of flocs are shown in the image. b) A log-log plot of floc’s projected area and 
maximum dimension. A regression line to the data points is shown in the image. 

 
In this study the relation of two-dimensional (D2) and three-dimensional fractal dimension 

is utilized. Figure 5a shows an image of settling flocs where the image analysis results (floc 
image circumference line, maximum dimension line and velocity vector) are superimposed in 
the image.  An average mass fractal dimension of the floc population is derived from a log-log 
plot of projected area and maximum dimension (shown in Figure 5b) following the Eq. (5). 
For this floc population, a Df equal to 1.75 is obtained. It can be noticed in Figure 5b that the 
flocs are not similar in structure, but there is clear variation in fractal dimensions of individual 
flocs of the same population. In order to simplify the analysis, the mean value of Df is 
utilized. 

3 Image preprocessing and segmentation  
Flocs, micro-bubbles and bubble-floc-agglomerates can all be described as objects. Back-
lighted images have bright background and dark objects. The segmentation procedures of 
flocs and bubble-floc agglomerates can be done with a global grey-scale threshold value, if 
the images are first properly background-subtracted and equalized. The following image 
equalization function can be used 

)),(),(,max(
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−
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where I(x,y) is the original grey scale value at the pixel (x,y), Ilocal-max(x,y) and Ilocal-min(x,y) 
are the sliding maximum and minimum grey scale values with a kernel size of 100x100 
pixels, respectively. The kernel size is set equal to the maximum size of object images. The 
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divider is the local intensity range of the image (Ilocal-max – Ilocal-min). The constant c in the 
divider should be large enough to remove the low contrast areas from the analysis.  

Objects can be recognized from an image based on grey-scales, small-scale variation of 
grey-scales and object image size, shape and texture. In case of an image sequence, objects 
can be recognized based on their motion (e.g. Honkanen and Nobach, 2005; Delnoij et al., 
1999). Robust object recognition utilizes combinations of these parameters. In the preliminary 
segmentation objects are recognized based on grey scales and grey scales gradients. Only the 
in-focus objects are recognized in order to improve the detection accuracy. Local grey scale 
gradients are calculated from the original image using a sliding standard deviation with a 3x3 
kernel size and the result is normalized with the absolute intensity range of the image (Iabs-max 
– Iabs-min).  The focused images of flocs and bubble-floc agglomerates have higher grey-scale 
variation than other regions in the image. The focused regions are highlighted in the 
superimposed image of equalized grey-scales and grey-scale gradients. The flocs on image 
borders are removed from the analysis. The upper boundary for the studied floc size is limited 
by field of view and by image equalization function and the lower boundary is set to about 
200 μm in diameter in order not to detect unattached micro-bubbles as flocs.  

4 Detection of micro-bubbles attached on floc surface 
The micro-bubbles are typically smaller and darker than large, porous irregularly-shaped 
flocs, and the micro-bubbles are always spherical. The primary particles in flocs are again 
smaller than micro-bubbles. The images of micro-bubbles can be detected in many ways. 
Micro-bubbles have very narrow size distribution, so a single size can be supposed for the 
whole distribution. In that case, the analysis is simple: the total number of bubbles with a pre-
defined size is estimated measuring the total image area that belongs to attached micro-
bubbles and dividing it with the projected area of the micro-bubble of the pre-defined size. 

4.1 Distance transform-based recognition method 
The micro-bubble segments can be extracted from an equalized image utilizing a global grey-
scale threshold of 80-90% of the grey-scale range supposing that the micro-bubble images 
represent the darkest shadows in the original image. Distance transform of the binarized 
micro-bubble image returns the shortest distance from a pixel inside the segment to the border 
of the segment. The local maxima in the distance transformed image correspond to the local 
middle points of the segment that mostly correspond to the centre points of micro-bubbles. 
The radii of micro-bubbles are directly given by local maxima in a distance transformed 
image.  

The micro-bubble recognition is controlled with criteria on size and sharpness of micro-
bubble images and on how close to each other the micro-bubbles can be located. The local 
maxima that have distance higher than 1.5 pixels are evaluated. The maximum grey-scale 
gradient value is computed on the circumference line of each detected micro-bubble to 
recognize only the focused bubble images. If the centre points of two focused micro-bubbles 
are located closer than one radius from each other, the smaller micro-bubble is rejected. The 
smaller micro-bubble images that overlap with the larger ones are rejected, if the overlap 
exceeds 50 % of the projected area of the smaller bubble. The uncertainty in bubble sizing is 
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0.5 pixels in bubble radius, which is acceptable, if the values are not biased. The performance 
of the method depends on the accuracy of the segmentation procedure that determines the 
contours of the bubble segments. 

 

 
Fig. 6. The procedures of the distance transform based micro-bubble recognition applied to an 
example image of a bubble-floc-agglomerate. 

 
Figure 6 shows the procedures of the distance transform-based micro-bubble recognition 

method. The binary image of the floc segment (3) is obtained from the superimposed image of 
equalized grey-scale image (1) and grey-scale gradient image (2) with a global threshold 
value. The micro-bubble segments (4) are obtained applying a global threshold value to the 
equalized image (1) that is first multiplied with the binarized floc image (3) in order to 
recognize only the micro-bubbles inside the floc segment. Distance transform is applied to the 
binary image of micro-bubble segments (4) and the micro-bubbles are recognized from the 
distance transformed image (5) including the above mentioned recognition criteria. The 
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analysis results are shown in the image (6) in Figure 6. The total gas volume attached to the 
agglomerate is calculated summing up the volumes of all micro-bubbles detected on the 
agglomerate surface. 76 micro-bubbles have been detected on the surface of the floc with a 
collision diameter of 1.3 mm. The measured air-solid volume ratio (ASR) in the agglomerate 
is 152 %, which ensures that the agglomerate flotates to the water surface. The solid volume 
of the floc is measured utilizing equations (2) and (3) and a mass fractal dimension of 1.75. 
 

1. 2. 3.  
Fig. 7. Three consecutive images of a bubble-floc agglomerate. 
 

Three image frames of a bubble-floc agglomerate are shown in Figure 7. The analysis 
results are superimposed on the images. The number of detected bubbles decreases when the 
bubble-floc agglomerate moves away from the focal plane. When the agglomerate is out-of-
focus, the images of attached micro-bubbles are blurred and their evaluation is not possible. 
This causes a strong bias error in the ASR analysis. In order to reduce the out-of-focus effects, 
the path lines of bubble-floc agglomerates have to be tracked and the maximum value of ASR 
along the agglomerates path line should be calculated. This reduces the underestimation of 
gas volume supposing that the trajectory of the agglomerate passes the focal plane. 

 

 
Fig. 8. The original image of dense bubble-floc agglomerates and the image with analysis 
results. 
 

Figure 8 shows the analysis results for dense agglomerates with high number of attached 
micro-bubbles. In case of a large and dense bubble-floc agglomerate, the micro-bubbles in the 
middle of the agglomerate form a large region. The regions, whose radius (given by the 
distance transformed image) is larger than the maximum micro-bubble radius, are rejected 
from the analysis. In addition, one should keep in mind that only the bubbles that are visible 
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in the 2d-projection on the camera image are counted. The bubbles behind the other bubbles 
or on the other side of the agglomerate cannot be detected and therefore the amount of 
attached micro-bubbles on an agglomerate is usually underestimated. Further studies should 
be done to estimate the amount of underestimation of attached gas volume with respect to the 
agglomerate rise velocity, agglomerate size and the total projected area of attached micro-
bubbles. 

4.2 Other methods 
When the contrast between floc surface and attached micro-bubbles is low, the distance 
transform method has difficulties in detecting the regions of micro-bubbles with a grey-scale 
threshold. Then, the micro-bubbles can be segmented based on their spherical shape. A size 
invariant circle detection method (Atherton and Kerbyson, 1999) employs Circle Hough 
Transform (CHT) to find circular forms in a gradient image. CHT searches rings or ring arcs 
in the image, so it can also detect the overlapping circles. Guezennec et al. (1994) and later 
Takehara et al. (1997) have presented a particle mask correlation (PMC) method that 
correlates bubble masks with the experimental images. The locations of the local correlation 
maxima in the correlation plane correspond to the locations of the bubbles of similar size and 
shape as the correlated particle mask. If the local maximum of a correlation coefficient 
exceeds the given threshold value, a bubble is located at that pixel. The PMC method requires 
careful tuning of the threshold value. Many reference bubbles have to be used if all bubble 
images are to be detected correctly. CHT and PMC methods are computationally much more 
exhaustive than the distance transform-based method. 

5 Motion-based segmentation of flocs and bubble-floc 
agglomerates 

The overlapping object recognition based on the velocity difference between the overlapping 
objects is similar to the motion-based segmentation, which is mentioned in the image 
processing–literature. Motion-based segmentation is divided into two fields: motion 
recognition and recognition of moving objects. The recognition of moving objects requires 
that first the motion is recognized and then the motion is anchored to a certain object. The 
moving objects can be recognized in various ways: e.g. one can calculate a dense vector field 
from which the areas of consistent motion are segmented and described as individual objects. 
In that analysis an image pixel can belong to only one object. That means that the overlapping 
parts of the objects are often cut off. Here, another approach is proposed. 

The proposed motion-based segmentation method relies on cross correlation analysis of the 
consecutive images. A correlation analysis with a signal re-location (Young et al., 2004 and 
Lindken et al., 2003) is carried out for each recognized segment to find out if the segment 
consists of several objects that move in different velocities. The consecutive images are 
multiplied after shifting the first image with the displacement given by the correlation peak. 
The multiplication image is segmented to detect the image areas that move with the velocity 
defined by the correlation peak. The sequential image analysis combines the segment images 
of preliminary segmentation and of motion-based segmentation, so that in case of segment 
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overlap the segment given by preliminary segmentation is replaced by the segment(s) of 
motion-based segmentation. 

A standard, statistical cross-correlation function gives the highest correlation peak for the 
brightest object inside the interrogation area. The unreasonable weighting of bright objects in 
the correlation analysis can be removed utilizing the binarized image cross correlation (BICC, 
Uemura et al., 1989). The correlation can be further enhanced correlating only the contour 
pixels of the validated segments. This ensures that the correlation is high only if the correlated 
image segments have the same shape. Sparse matrix correlation (Hart, 1998) computes direct 
correlation between the chosen pixels of the first image and the chosen pixels of the second 
image. The computational time of direct correlation is short, because only a few image pixels 
are correlated. This approach suits the object tracking application well when only the contour 
pixels of validated object are correlated. The sparse matrix correlation of the binarized 
contour pixels of validated object approach is referred to as a binarized object contour 
correlation (BOCC).  

The correlation peaks of the BOCC analysis can be normalized with the number of contour 
pixels of the studied object segment. The threshold for the correlation peak height is defined 
as 70 % of the number of contour pixels of the first image. The recognition of object contour 
has inaccuracy of about one pixel, which lowers the correlation peak height. For that reason, 
the correlation peak height is computed as a sum of correlation values in the kernel of 3x3 
pixels around the correlation peak.  

Motion is a combination of four basic elements: translation at constant distance from the 
observer, translation in depth relative to the observer, rotation at constant distance about the 
view axis and rotation of a planar object perpendicular to the view axis (Sonka et al., 1998). A 
conventional cross-correlation analysis takes into account only image transition and the 
rotation and deformation of objects are not measured. Rotation of an object with few degrees 
between the frames may lead to remarkably lower correlation peak height and the correlation 
peak will be rejected. Therefore, the BOCC method has difficulties when the object 
displacements between the image frames are large. BOCC can be extended with a 
multidimensional correlation method (Hart, 2002) that calculates the rotation and shear 
estimates from a multidimensional correlation table. Rather than summing a region of pixel 
comparisons and entering the net value R(x0,y0) into the correlation plane, each individual 
pixel comparison can be directly added to the multidimensional correlation table. 
Multidimensional correlation is able to measure the object image rotation and shear with an 
error level of 0.2 pixels/N, where N is the size of the interrogation window (Hart 2002).  

The performance of the BOCC method is highlighted with following example shown in 
Figure 9. Many settling flocs overlap in the consecutive, equalized image frames (1-a) and (1-
b). This example follows only the largest in-focus floc that is first segmented with a global 
threshold value from the superimposed image of equalized grey-scale image and grey-scale 
gradient image.  The binary image segments (2-a) and (2-b) are obtained and the segment 
contours are extracted and shown in images (3-a) and (3-b). The floc segment in the first 
frame (2-a) includes three other flocs that are overlapping with the studied floc. The segment 
in the second frame (2-b) includes only one overlapping floc. The contour image frames (3-a) 
and (3-b) are directly cross-correlated and the resulted correlation plane is shown in image 
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(4). The highest correlation peak gives the displacement of the studied floc. The first segment 
image (2-a) is shifted with the given displacement and multiplied with the second segment 
image (2-b). The possible segment artifacts in the multiplication image are erased by selecting 
only the largest uniform segment region. This region corresponds to the pixels that belong to 
both segment image frames of the studied floc. The obtained binary segment image is shown 
in image (5). The outlines of the floc are well captured as can be seen in the original image, 
where the floc’s circumference line, maximum dimension line and velocity vector are 
superimposed to.  

If a part of an object is not recognized in one of the image frames, it will be cut off in the 
BOCC analysis. On the other hand, if the velocities of overlapping objects differ only a few 
pixels the other overlapping objects can partly be included in the segment of the one object. 
However, this can be avoided by introducing a higher number of segment image frames in the 
multiplication.  

If we would apply a PTV algorithm that computes the object velocity based on the 
displacement of the centre-of-mass point of the object segment, the velocity estimate of the 
studied object would be strongly biased due to the other overlapping objects. For that reason, 
a centroiding based PTV algorithm would be useless in such a dense suspension; as also 
stated by Cheng et al. (2005). The proposed BOCC analysis greatly improves the recognition 
and tracking of irregularly-shaped particles in dense suspensions and enables the automatic 
analysis of the velocity and morphology of individual particles. 
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Fig. 9. The procedures of the BOCC method. The equalized images (1) of frames a and b are 
segmented (2) and the segment contours (3) are cross-correlated to obtain the displacement of 
the studied floc. The first segment image (2-a) is shifted with the displacement given by the 
correlation peak (4) and then multiplied with the second segment image (2-b). Finally, the 
segmentation of multiplication image (5) recognizes the floc and its outlines even though it 
overlaps with other flocs in both image frames. The image (6) highlights the circumference 
line, maximum dimension line and velocity vector of the studied floc. 
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6 Conclusions 
This study describes novel image processing methods for direct optical measurements in 

water treatment processes; in flocculation, sedimentation and dissolved air flotation. 
Numerous dynamical and morphological properties of flocs, bubbles and bubble-floc 
agglomerates can be measured with digital high-speed imaging technique. The characteristic 
size and mass fractal dimension of flocs and the volume of attached micro-bubbles on bubble-
floc agglomerates can be quantitatively analyzed. The automatic image analysis technique 
includes image pre-processing, distance transform-based micro-bubble detection method and 
a motion-based segmentation method for recognition and tracking of agglomerates even 
though they would overlap in the image. The motion-based segmentation method improves 
the applicability of the image-based measurements to rather dense multiphase flows of 
irregularly-shaped dispersed phase particles.  
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