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Abstract 

It has been well established that the functioning of the heart is directly related to 
its deformation. Consequently, any problem experienced by the heart during its 
operation manifests itself as a change in its deformation. In the studies of the 
mechanical behavior of materials and structures, the deformation is usually 
expressed and analyzed using the concepts of strain and strain rate. Various 
methods based on the echocardiography techniques have been developed and 
expanded to study the deformation of the heart by measuring the momentary 
values of these variables. These methods include, in particular, Tissue Doppler 
Imaging (TDI) and Speckle Tracking Echocardiography (STE), both with their 
own sets of shortcomings and advantages. One of the more unexplored aspects of 
the function of the heart is the deformation of the right ventricle (RV), either 
because of the limitations of the echocardiography methods, or the lack of 
research dedicated to this section of the heart. The main objective of this thesis is 
to develop new methodology based on the Digital Image Correlation (DIC) 
technique to record and analyze the deformation of the RV during different stages 
of an open heart surgery. This task is possible because the RV is visible and 
physically accessible during the surgery. After recording of the images and the 
following image analysis, the strain and strain rate measured using DIC were 
compared to the corresponding values acquired from STE. Additionally, various 
other values describing the deformation were obtained from the DIC analysis, 
such as the principal strain and the length of the displacement vector. The 
absolute strain and strain rate data obtained with the DIC and the STE do not 
compare exactly, which was to be somewhat expected as the two methods observe 
the heart from opposite directions. However, the relative changes in the strain and 
deformation quantities during the operation or before and after the surgical repairs 
are much more comparable.  

The difference in the values obtained from these two methods can be explained 
by the fact that the location of the measurements are not exactly the same, as DIC 
measures the top surface of the heart and the STE observes the movement and 
deformation from below. Also this work demonstrates that deformation of the 
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heart can be highly anisotropic and localized, and therefore, the absolute values 
of strain or other quantities depend strongly on the location from where the values 
were obtained. DIC can provide full field deformation data to describe the 
anisotropy and the strains at high spatial resolution, but this data is not easy to 
interpret quantitatively, and is therefore not very suitable for clinical work.  

Consequently, a method based on the orthogonal decomposition was used to 
simplify the full field deformation heat map images (acquired from the DIC 
analysis) to numerical values, and to reduce the quantitative strain and 
deformation information of the full field image into a single number using shape 
descriptors. The difference in the deformation data contained in any two 
deformation heat map images can be numerically presented as the Euclidian 
distance between the two shape descriptor vectors of the corresponding images. 
This method can be used to describe the deformation of the RV in a more 
comprehensive manner, to compare the deformation between the different stages 
of the surgery, and to study any changes that might occur during the entire 
operation. The method output is a single number that could be used as an index 
to describe the mechanical function of the heart and to indicate changes and effect 
of, for example, medication administered to the patient during the operation. 
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1 INTRODUCTION  

A prime example of the multi-disciplinary scientific research is the monitoring of 
the functions of the heart during open-heart surgery. Categorized as one of the 
most demanding and sophisticated surgical operations, the open-heart surgery 
requires accurate and close monitoring and analysis of the myocardial functions 
for successful results. The deformation and motion are among the most important 
parameters that describe the functions of the heart [4, 5, 6]. While the heart 
consists of a sophisticated collection of muscles and vein systems, the 
deformation of the Left (LV) and Right (RV) Ventricles have significant 
importance during the open-heart surgery. It is well-known that any irregularities 
in the motion and deformation of the LV [7, 8, 9] and the RV [10, 11, 12] can be 
indications of severe problems in the heart functions, which require immediate 
actions from the medical staff.  

Studying the deformation and motion of the heart is where materials science and 
various cardiac sciences intersect. Basic mechanical behavior analysis concepts - 
namely strain and strain rate - are also well established in heart monitoring [13, 
14, 15]. Echocardiography based on ultrasound techniques are used to measure 
the deformation of the myocardium on the regional or global scales [16, 17, 18]. 
Over the past few decades, various forms of echocardiography methods have 
been established, providing a wealth of information on the heart: deformation, 
wall thickness, and blood flow, among other things. While there have been 
several advances in the echocardiography techniques, most of the research effort 
has been directed towards the LV. In fact, the works focused on studying the 
deformation of the RV are only recent, even so much that the RV has been 
referred to as the “forgotten chamber” [19]. The main reason for the relative 
‘obscurity’ of the RV deformation is that this section of the heart is anatomically 
complex and has a different systolic (contraction) motion. Furthermore, the 
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location of the RV just beneath the sternum makes it difficult to access with 
traditional echocardiography techniques [20, 21].  

As the name “open-heart surgery” implies, the chest of the patient is open during 
the operation. Consequently, a section of the RV is physically and visually 
accessible. Thus, there is potential for novel imaging techniques such as Digital 
Image Correlation (DIC) for an automated online and contactless deformation 
measurement and analysis. While DIC is usually used for studying non-bio based 
materials, there have been many attempts to utilize it on biomaterials, too [22]. 
Although most of such efforts have been focused on the in-vitro environment with 
samples outside their biological context, these works have demonstrated the 
potential of DIC also for the in-situ analysis of biological materials, i.e., with 
samples inside their actual biological context. This thesis explores the application 
of DIC for analyzing the function of the human heart during open heart surgery. 
Limitations and advantages of the DIC are addressed from both practical and 
theoretical points of view, while presenting results from several surgeries carried 
out on at a local heart hospital. A new methodology for the measurement of the 
movements of the RV is suggested, and more importantly, a method how to 
analyze the full field deformation images is proposed. The benefits and 
drawbacks of the methodology are critically evaluated and compared with the 
existing methods.    
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2  AIMS OF THE RESEARCH  

The main aims of this research work are to assess the applicability of the DIC 
technique for studying the deformation of the RV, and to develop new analysis 
methods for the full field strain and deformation data instead of relying on a few 
individual pixels only. To this end, the physical attributes of the DIC (pattern, 
lighting), and the image processing variables (subset size, step size, and analysis 
method) are refined to suit the unique and challenging experimental setting of 
open-heart surgery. After successful image acquisition and analysis, the 
deformation data obtained from the DIC is compared to the corresponding data 
obtained with the traditional echocardiography techniques to validate the results. 
Moreover, the unique capabilities of the DIC are demonstrated by showing how 
it can provide additional and new data, which has the potential of increasing our 
understanding of the deformation and movement of the RV. Furthermore, DIC is 
able to provide full-field images that contain information about the deformation 
of the entire region of interest. Since it is difficult to quantitatively analyze the 
full field information, a method based on image decomposition is utilized to 
‘squeeze’ each image to quantifiable numerical values. This study aims to answer 
the following four research questions: 

1) How comparable are the deformation results obtained using DIC and STE? 
2) What are the potential advantages of using DIC in monitoring the deformation 

of the RV compared to the more traditional echocardiography methods? 
3) What are the practical, technical, and ethical limitations of the DIC 

measurements in the clinical setting, and how can they be overcome? 
4) How the full deformation field image data can be used quantitatively to 

analyze the movements and deformation of the heart?  
The answers to the above research questions, as well as the main scientific 
contributions of this work, will be presented in Chapter 8, Summary, and research 
questions revisited. 
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3  DEFORMATION OF THE HEART 

The human body consists of various small and large organs, each with their 
specific function and duty. The heart is unarguably one of the most important 
ones of them. The heart is a muscular organ that is connected to a comprehensive 
blood vessel system (circulation system) and it circulates oxygen, nutrients, and 
waste throughout the body using this system. In humans, the heart is located in 
the middle of the chest between the lungs, and it consists of a left and a right 
chamber (Figure 1). Each chamber consists of two smaller sections: the atrium 
on the top and the ventricle on the bottom [23, 24, 25]. The oxygen rich blood 
coming from the lungs first enters the heart through the left atrium (LA) and 
passes through the left ventricle (LV) to carry the oxygen through the circulation 
system. After the oxygen of the blood is depleted, it returns to the heart through 
the right atrium (RA), passes through the right ventricle (RV) to reach the lungs 
to be oxygenated again [26, 27].  

 

Figure 1. Anatomy of the human heart [28]. 

Cardiovascular diseases are among the most common causes of deaths each years, 
accounting for about 30% of deaths globally [29]. Naturally, there is great interest 
in studying the inner workings of the heart, which can be highly useful in 
preventing and/curing serious heart problems. The function of the heart is to 
pump the blood throughout the body. This is possible with two motions: 
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expansion of the heart, during which the chambers fill with blood (diastole), and 
contraction, during which the chambers empty the blood (systole) into the 
circulation system. This motion of the heart muscles during the diastole and 
systole is accompanied by shortening and lengthening of the muscles. In other 
words, the pumping of blood is executed by the change in the shape, length, and 
volume of the myocardium. In the case of myocardial ischemia, myocardial 
infraction, dysfunction, or any other form of disturbance in any region of the 
myocardium, the deformation and function of this section will change in some 
manner. Initially the measurement methods and the evaluation of the function of 
the heart focused on the measurement of the volume of the myocardium. For 
example, one approach was focused on measuring the difference between the 
end-systole and end-diastole volumes, or the Ejection Fraction (EF). While the 
EF used to be the standard, it was not robust and at times it failed to identify 
cardiac dysfunctions. The shortcomings of the EF were so severe that its efficacy 
has been the subject of high scrutiny [30]. In 1973, Mirsky and Parmley [31] were 
the first to describe the deformation of the heart using strain and strain rate, which 
are also routinely used in materials science and mechanics to assess the 
mechanical behavior of various materials, including biomaterials and tissues [32, 
33, 34]. Strain as a simple mathematical concept expresses the expansion or 
contraction of a material with respect to the original state of the material. Strain 
can be defined either as engineering strain (Equation 1) or as true strain (Equation 
2), the latter taking into account the continuous change of the object’s length.  

𝜀 = 	 %,%!
%!
     (1) 

𝜀& = 	𝑙𝑛 %
%!
     (2) 

where 𝑙' is the original and 𝑙 the current length of the specimen. Conventionally, 
engineering strain is used in the medical field (henceforth simply referred to as 
the strain). Strain rate is the rate at which the strain changes with time, i.e.:  

𝜀̇ = 	 -+
-&
        (3) 
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In a two or three dimensional strain state, the principal strains can be used to 
describe the deformation state of the material. In short, the maximum (ɛ.(/) and 
the minimum (ɛ.01) principal strains are the largest and smallest strains normal 
to the principal planes, i.e., planes where the shear stresses are zero. Myocardial 
strain and strain rate can be measured for example with Magnetic Resonance 
Imaging (MRI) [35, 36],  but it unfortunately lacks the temporal resolution 
required for quantifying all myocardial deformations as well the ability to operate 
online [37]. Echocardiography can be used online safely and minimally 
invasively, and is therefore routinely used as a diagnostic technique for studying 
the myocardial deformation.  

3.1  Echocardiography 

Echocardiography is based on the use of sound waves for creating images of the 
target, or as in this case, to ‘see’ the heart without having physical access to it. 
Sound is a form of mechanical displacement that can travel through all types of 
materials, including solids, liquids, and gases. Sound waves are quantified by the 
frequency (Hz) and amplitude of the disturbance. The humans are able to 
distinguish sounds from approximately 20 Hz to 20 kHz. No sounds of higher 
frequency can be heard by humans, and thus they are termed “ultrasounds”. The 
high pitch sounds can be generated for example by a piezoelectric transducer [38, 
39]. When alternating current (AC) is applied to an echocardiography transducer, 
the piezoelectric crystals within the transducer vibrate and produce ultrasound 
waves. These sound waves travel through the body, and as they reach a boundary 
between two tissues (or any other boundary), part of them will reflect back 
towards the transducer. This reflected part of the sound wave is “echoed“ back 
and picked up by the transducer (hence the name echocardiography). To send and 
receive the sound waves, the transducers operate in a “listen and speak” manner 
where they have an emitting and waiting time. After the echoed sound wave 
reaches the transducer that is in the wait mode, the crystal transforms the 
vibrations to an electrical signal. The processing unit measures the time that it 
took for the sound wave to travel through the material and return back to the 
transducer. The length of the travel time is then used to determine the location of 
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an image dot, whereas the intensity or amplitude of the wave determines the grey-
scale intensity of this image dot, forming a rough image of the target material.   

The sound wave emitted from the transducer can only cover a small linear section 
of the heart at a time. Thus, the ultrasound wave must be projected at different 
angles, either electrically or mechanically, to cover the entire region of interest. 
Each time the ultrasound wave travels back and forth, an image of a section of 
myocardium is drawn and retained, with new ultrasound wave angles being added 
to the image as the emission angle of the transducer changes and eventually scans 
the whole region of interest. A full image of the myocardium is built after a full 
sweep of the ultrasound wave. Figure 2 shows an example of an 
echocardiography image of the myocardium, and the locations of the main 
physiological components of the heart.  

 
Figure 2. An echocardiography image of myocardium annotated with the locations of 

various chambers [40]. 

3.1.1 Tissue Doppler imaging 

Tissue Doppler Imaging (TDI) is based on the Doppler Effect. On the most basic 
level, the Doppler Effect is the change in the frequency (and length) of the waves 
emitted from a source due to the change in the distance between the sender and 
the receiver. When the distance between the source and the receiver decreases, 
the frequency increases, and vice versa. Based on this (simple) principle, the TDI 
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was developed as a form of the echocardiography techniques. Initially, the 
Doppler technology was used as a means to measure the blood flow velocity. If a 
transducer is directed at a vein, the frequency of the emitted waves will change 
when they encounter the cells in the blood flow. This shift in the frequency, or 
the Doppler shift, can be used to measure the velocity of the fast moving blood 
cells, and in turn, the general blood flow.  

The acoustic response of the myocardium wall is different from the blood flow. 
The speed of the wall motion is slower, and the Doppler signal intensity due to 
the wall motion is higher [41]. Consequently, a Doppler filter can be applied so 
that it detects only low velocity high amplitude signals and eliminates the signals 
emanating from the blood flow. The myocardium consists of various layers with 
different arrangement. During a heartbeat, the movement of these layers results 
in various tensions within the myocardium, resulting in changing velocities. The 
TDI is capable of measuring the velocities of the target muscle at a high spatial 
resolution. The velocity gradient is the measure of the rate of deformation of the 
material. In other words, spatial gradients of the speed of the material are 
proportional to its deformation rate (strain rate). Thus, the estimation of the strain 
rate is possible as long as the velocity of two points and the distance between 
them is available [42].  

Figure 3 shows the strain rate as a function of time measured from the heart during 
one cardiac cycle using TDI. It is conventional to divide the cardiac cycle into 
three sections, separated by three identifiable peaks. There are a few conventions 
for naming these points, but overall they are located at specific sections of a 
cardiac cycle (Figure 3a) [43]:  

1) Peak systolic strain rate (SRs):  The minimum strain rate or the highest 
compressive strain rate of each cycle.   

 2) Peak early diastolic strain rate (SRe): The maximum strain rate value in each 
cycle, when the heart is expanding at the highest rate.  
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 3) Peak late diastolic strain rate (SRa):  The second maximum strain rate towards 
the end of the expansion.  

Similarly, interesting peak values can be obtained from the velocity data (Figure 
3b) [44]: 1) Sa is the systolic velocity during myocardial contraction, 2) Ea is the 
early diastolic velocity of the myocardial relaxation, and 3) Aa is the atrial 
contraction velocity in late diastole.  

    a   b 

Figure 3. Examples of a) strain rate and b) tissue velocity TDI measurements [44]. 

The function of the heart can be assessed by TDI in a variety of ways, such as by 
analyzing the strain rate and estimating the filling pressure of the LV [45, 44]. 
Figure 4 shows a simple presentation of how various myocardial dysfunctions 
affect the ratio of E and A waves (early and late filling of the heart, respectively).  

 

Figure 4. Effect of myocardial dysfunctions on the ratio of E (early) and A (late) systolic 
strain rate peaks [44]. 

While TDI is generally a robust method, there are some limitations in its 
application. TDI is highly angle dependent, and the best results are obtained when 
the vector motion is parallel to the direction of the ultrasound beam (0°). If the 
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measurement angle exceeds 20°, the velocity might be underestimated. 
Consequently, the measurements by TDI are limited to longitudinal directions 
across the myocardium (from base to apex). Furthermore, often the variations in 
the signal amplitude occur under the influence of small alterations in the position 
of the specimen. Other limitations are related to the high learning curve for the 
use and analysis of the TDI data, and the different algorithms applied in various 
commercial equipment that can provide different TDI velocities for the same 
experimental data [46].  

3.1.2 Speckle tracking echocardiography  

Speckle tracking echocardiography (STE) is a technique that measures the 
myocardial deformation directly from the echocardiography images. As shown in 
Figure 2, the image constructed from the ultrasound scanning of the myocardium 
consists of white areas (speckles) against a black background.  The STE software 
identifies the characteristics of a small group of these speckles and tracks the 
location of this small group of speckles in the consecutive images acquired from 
the myocardium. Figure 5 shows the simplified schematics of this process. The 
STE correlation process uses various algorithms, the most common of them being 
the sum of absolute differences (SAD). SAD is based on dividing the image into 
blocks of pixels and calculating the differences between all the pixels in each of 
the blocks. The sum of these differences is then used to compare the similarity of 
the blocks in the consecutive images to the reference image. Various values such 
as tissue velocity or strain rate can be estimated by measuring the length of the 
movement of blocks during the image sequence [47]. The concept behind STE is 
similar to that of DIC, which is explained in the next Section.  
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Figure 5. Schematics of the STE tracking [48]. 

Unlike TDI, STE is not limited to longitudinal myocardial measurements. The 
strain measurements are possible from any angle at any location across the 
myocardium, and strains can be obtained in, for example, circumferential and 
radial directions. However, currently the STE analysis is strictly conducted 
offline after the image acquisition. Furthermore, the results acquired from the 
STE devices provided by various manufacturers, or even the results obtained by 
different users of the same device, are not readily interchangeable since no clear 
consensus is available on the analysis and result reporting methods [49].    
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4 DIGITAL IMAGE CORRELATION  

Deformations on the surface of materials are of high importance in solid 
mechanics. When a structure is subjected to various forms of loadings, the 
loading is manifested as a disturbance on the outer surface of the material. 
Measuring and analyzing any changes on the surface of the material can provide 
better understanding of its mechanical behavior. In the past, various analysis and 
measurement methods have been introduced for measuring the surface 
deformations of materials. The strain gauge technique is one of the oldest and 
most used methods. On the most basic level, the electric resistance of the strain 
gauge depends on the amount of deformation, and the amount of strain can be 
quantified using a Wheatstone bridge. However, the downside of this technique 
is that the strain gauge has to be physically attached to the specimen, often with 
adhesives. When it comes to biomaterials, and more importantly organic tissues, 
any physical interactions with the specimen can disturb the natural mechanical 
response of usually soft organic materials and introduce errors in the 
measurements. Consequently, several contactless optical surface deformation 
measurement methods have been introduced. Such methods include holographic 
interferometry, speckle interferometry, and Moiré interferometry [50, 51, 52]. 
While these methods are highly accurate, their high sensitivity and strict 
requirement for a regular pattern on the surface of the specimen makes these 
optical methods unsuited for a majority of biomaterials [53, 54]. For these 
reasons, DIC as a non-interferometric optical method is more suitable for this 
category of materials. The development of the DIC technique dates back to the 
early 80`s [55, 56]. Ever since its inception, DIC has found a wide range of 
applications in numerous fields of engineering sciences. It has been used for full 
field analysis of stress/strain distribution and mechanical properties of numerous 
materials including steel [57], concrete [58], composites [59], and also soft tissues 
[22]. 
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4.1  Operating Principles of DIC 

DIC measures the deformation from digital images acquired from the object or 
specimen. Often these images are from one or more CCD or other types of optical 
digital cameras, but in principle one can use also any other forms of digital 
imaging techniques. While some of these methods, such as Scanning Electron 
Microscopy (SEM), cover the surface of the specimen, other techniques such as 
tomography provide snapshots of the entire volume of the object, and the 
consequent deformation analysis is referred to as Digital Volume Correlation 
(DVC). Both DIC and DVC use irregular contrast patterns in the images to track 
the movement of small subsets of pixels or voxels in consecutive images. 
Therefore, the surface or the volume of the material must have randomly 
distributed features that produce enough contrast to be visible in the digital 
images. 

Figure 6 shows a simple single camera DIC setup. The setup includes a lighting 
system that enhances the contrast of the specimen`s surface and allows the use of 
shorter exposure times for obtaining the image. The digital camera is connected 
to a computing unit that stores the images for the analysis using either a custom 
made or commercially available software. A set of images is acquired from the 
specimen during the test, and possible motion and deformation of the target 
material are stored in the images. Thus, comparison of the deformed and un-
deformed states of the material gives an estimation of the deformation.  
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Figure 6. A typical DIC system [60] . 

4.1.1 Contrast patterns  

Some materials may have natural irregular textures or other features on their 
surfaces, and therefore they do not require any additional artificially applied 
contrast patterns. However, in most of the cases these natural patterns are not 
adequate for accurate measurements, or may not exist at all. The application of 
an artificial pattern is most often required to ensure adequate contrast.  As shown 
in Figure 7, a typical pattern suitable for DIC consists of numerous back dots on 
a light/white surface, or vice versa. This kind of pattern provides a high contrast 
image with randomly varying light intensities across its area, giving the surface a 
“speckled” look. A dark speckle pattern on a light background is not a strict 
requirement, as any pattern that can provide adequate contrast on the surface of 
the specimen will suffice. For example, Genovese et al. [61] used a pattern with 
light speckles on a dark background to study the full field surface strain of mouse 
aorta, and they found the pattern adequate for obtaining high quality results. 
Independent of the type of the pattern, if there are sections in the texture that are 
mutually similar in distribution and geometry, the deformation analysis will 
become erroneous since these sections might mistakenly be assigned to one 
another in the subsequent images of the recording. Therefore, it is of utmost 
importance for the pattern to contain locations of high light intensity clusters that 
are 1) randomly distributed 2) with varying sizes and shapes. Furthermore, the 
pattern has to be stable during the experiment. This means that it has to adhere to 
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the surface of the specimen also during the deformation and closely follow the 
deformation of the underlying material. There are many methods of applying the 
speckle pattern, ranging from simple procedures such as the use of spray paints, 
air-gun brushes, and marker pens to more sophisticated methods such as printing 
of computer generated random patterns [62], water transfer printing [63], and 
chemical vapor exposure [64], among many others.  

  

  

Figure 7. Examples of various speckle patterns for DIC. 

4.1.2  Image processing and deformation analysis using DIC  

Digital images consist of many individual squares with a certain grey-scale value 
that combine to form the image. These squares, conventionally called pixels, store 
a certain grey-scale value in relation to the intensity of the light that was reflected 
from the surface of the material to the camera sensor. The image resolution, or the 
pixel resolution, is the total number of pixels, usually shown as the multiplication 
of the number of pixels in the horizontal and vertical directions of the image (the 
area of an image in pixels). Nowadays, typical digital cameras can acquire images 
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with very high resolutions (e.g., 4096 x 2160 pixels or higher). Tracking of each 
individual pixel in a series of consecutive images, however, is not possible, as many 
of the pixels can have the same grey level values, and therefore they cannot be 
distinguished from each other. Consequently, it is not possible to measure the 
deformation by tracking the movement of individual pixels. Instead, a small 
collection of neighboring pixels or image subsets are tracked through the set of 
acquired images. If the pattern applied on the surface of the specimen is adequately 
random, no two subsets should be identical. The subsets are typically square-shaped, 
but also rectangular and even round subsets can be used.  

To measure the deformation, the location of the subsets should be tracked in two 
or more consecutive images. A subset can be placed around each pixel or only at 
selected pixels. Placing a subset at each pixel location would lead to a very large 
number of subsets, as the image resolution is typically very high. Furthermore, 
the image information would not change much between adjacent subsets as they 
would overlap significantly. Therefore, the subsets are typically placed so that the 
center pixels of adjacent subsets are separated by a certain number of pixels, 
which is called the step size.  

Following of the location of the subsets in the subsequent images, also known as 
subset matching, is accompanied by additional challenges. The lighting condition 
of pixels within subsets could change during the recording, resulting in significant 
grey-scale value discrepancies in subsequent images. Furthermore, since DIC is 
largely concerned with the deformation in materials, it is likely that the shape of 
the subsets will gradually change between the frames. Numerous image matching 
algorithms exist and the optimal choice depends on the application as well as the 
available computation speed and required accuracy and robustness [65]. There 
are various types of subset matching criteria available in the literature, including 
the cross correlation (CC), sum of absolute difference (SAD), sum of squared 
difference (SSD), and parametric sum of squared difference (PSSD) criteria. 
Those based on SAD are less practical and seldom used. For a comprehensive 
overview of these methods, the reader is referred to ref. [66]. The choice of the 
matching criteria has little to no effect on the results when the intensity of each 
pixel stays constant during the experiment [67]. However, in most experiments 
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this precondition does not hold true and the grey-scale intensity of the image 
changes during the deformation. To compensate for this, the zero-mean cross 
correlation (ZNCC), zero-mean normalized sum of squared difference (ZNSSD), 
and parametric sum of squared difference (PSSDab) criteria have been suggested 
[67].  

While the criteria discussed above are successful in both estimating the 
displacement of the subsets between images and accounting for the variations in 
the grey-scale intensities, they follow the assumption that the shape of the subsets 
does not change during the experiment, i.e., that only rigid body motion without 
rotation occurs. However, the shape of the subset changes when the target object 
deforms during the experiment. The initial shape of the subset will change due to 
elongation, compression, shear, or rotation. Figure 8 shows a visual presentation 
of the matching of a subset to a deformed state image. However, the iterative 
nature of image matching allows not only for displacement estimation but for 
deformation as well. This is possible by adding a shape function ξ(x,p) that 
approximates the transformation of pixel coordinates in the reference subset to 
the pixel coordinate of the deformed subset. As an example, introducing a shape 
function to an SSD criterion gives:  

𝑥2(𝑝) = 	∑(𝐺(𝜉(𝑥, 𝑝) − 𝐹(𝑥))2    (4) 

where F is the subset of the reference image and G is the displaced subset in 
another image. The appropriate shape function is chosen based on the type and 
extent of the subset deformation. Simple shape functions are based on 
polynomials in subset coordinates containing displacement (zero order 
polynomials) and affine transformations (first order polynomials), with the 
possibility to be extended to higher order functions [65]. In general, higher order 
shape functions are suitable for estimating complicated deformations while 
requiring more computation time. The complex higher order shape functions are 
especially important if the deformation inside the subset is nonlinear, whereas the 
first order shape functions are often able to detect small deformations and 
characterize translation, rotation, and uniform deformation [68].  
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Figure 8. Illustration of a subset before and after deformation [69]. 

4.1.3 Stereoscopic DIC  

The setup shown in Figure 6 is only capable of measuring deformation in a 2D 
plane. However, there are many instances where the deformation of the target is 
more complex, comprising both in-plane and out-of-plane movements. A concept 
based on computer stereo vision has been incorporated into DIC to overcome the 
limitations of 2D DIC, and include the Z-direction in the deformation analysis. 
The history of using 2D images to create the illusion of 3D depth dates back to 
the early 1800`s. When humans observe their surroundings with their eyes, there 
are slight differences in the information acquired by each eye. These differences 
relate to the fact that each eye views the scene at a slightly different angle. 
Therefore, the view from each eye is different (Figure 9). It is with this difference 
in the view that the human brain can provide depth perception. This concept is 
the basis of the “fake” 3D that is available today in many entertainment forms.  
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Figure 9. The effect of angle on the view of each eye [70]. 

3D information can be extracted from digital images if a scene is recorded using 
two cameras situated at the same plane, looking at the same general area but at 
different angles. Figure 10 shows a schematic picture of a 3D stereovision DIC 
setup with two cameras. Since the area of interest is viewed from different angles 
by each of the cameras, each point in camera 1 (P1) and camera 2 (P2) correspond 
to the same physical point in the object (P). The intersection of the epipolar plane 
(P, O1, O2) and the image planes of the two cameras forms two lines, known as 
epipolar lines. The epipolar geometry is used for the triangulation and error 
determination. The mathematical descriptions of the epipolar geometry and 3D 
computer vision are not covered here in more details, but the reader is referred to, 
for example, Sutton et al. [65].   

 
Figure 10. Schematic of the stereovision measurement [65]. 
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To enable the measurement using stereo DIC (referred to as 3D DIC), the system 
should be calibrated with the goal of determining two sets of parameters: 1) the 
intrinsic parameters such as the image scale, focal length, and lens distortions, 
and 2) the extrinsic parameters such as the translation vector and rotation matrix. 
Without an external reference, the scale is unknown. In other words, the distance 
between the cameras is unknown until defined by an object of a known size. There 
are various methods for calibrating the DIC setup, such as the speckle based 
calibration method [71] or self-calibration [72]. However, the planar calibration 
method is the most well-known and widely used method [73]. It makes use of a 
calibration plate or target that has a known specific pattern of high precision and 
stability. An example of calibration targets is shown in Figure 11. The markers 
on these plates have accurate recorded size and distribution. This information is 
then used to correlate the views from the two cameras to the target region of 
interest.  

 
Figure 11. An example of a calibration plate. 

4.1.4 Spatial resolution of DIC 

In digital imaging, the term spatial resolution is the number of details (pixels) that 
the image holds. The higher the number of pixels in an image, or the resolution 
of an image, the better it will represent the subject of the imaging. Figure 12 
shows the effect of reducing the resolution of an image.  
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Figure 12. Effect of reducing resolution on the image details [74]. 

In DIC, the spatial resolution can be described for example by using the virtual 
strain gauge (VSG) size. Generally, the VSG is the region of interest (ROI) of the 
image that is used for calculating the strain. VSG in pixels can be equated to the 
area that a physical foil strain gauge covers and can be estimated as: 

𝑉𝑆𝐺 = (𝑆𝑊 − 1)𝑆𝑇 + 𝑆𝑆     (5) 

where SW is the strain window, ST is the step size or the distance between two 
adjacent subsets, and SS is the subset size. The strain window is an integer 
number describing how the strain is calculated. If the strain is calculated between 
every subset, then the strain window would be 2, but if the strain is calculated 
between every second subset, then strain window would be 3, and the pixel and 
physical area covered by the strain calculation would increase correspondingly. 
Figure 13 shows a visual representation of VGS and the strain window.  
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Figure 13. Visual representation of VGS and the strain window (SW) [75].  

4.1.5 Strain resolution 

DIC is capable of measuring displacements on the “subpixel” scale. This means 
that it is possible to resolve the displacements that are shorter than one pixel. 
Theoretically the resolution could be down to 1/100 pixel, but in practice this is 
difficult to achieve. The iterative cross-correlation process or the interpolation of 
the displacement vectors between the integer pixels introduces a systematic error, 
which depends on the subpixel position in the subset and the used interpolant 
function. This interpolation bias manifests itself as a sinusoidal wave with regard 
to the subpixel position (Figure 14), or as a bias of the displacement vectors 
towards the integer pixel positions.  

The choice of the interpolant directly affects the magnitude of this error. While 
the well-known cubic and linear interpolants were previously popular, the high 
errors inherent to these methods have decreased their popularity. The use of 
higher order interpolants, such as the cubic B-spline [76], has been effective in 
reducing the interpolation bias.   
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Figure 14. Interpolation bias as a function of subpixel position of the displaced subset [77]. 

Another source affecting the strain resolution is the presence of steep strain 
gradients or extremely heterogeneous deformations. The step and subset sizes 
affect the measurements in the regions of high strain gradients. Higher step sizes 
smoothen the strain profile at the risk of totally skipping the localized strain 
sections, leading to the dissipation of displacement gradients. While the obvious 
solution is to reduce the step size, this results in the reduction of the VGS value 
(more details in section 4.2). Figure 15. shows a visual representation of the effect 
of subset size on the strain gradient measurements. However, in a work of 
Lehoucq et al. [78], a novel mathematical approach to strain measurements was 
presented that can provide acceptable results even when the highly localized 
strain fields are accompanied by large step sizes.  

  
Figure 15. Effect of subset size on the strain gradient [75] 
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4.1.6 Subset size 

The discussion concerning the subset size cannot be separated from the speckle 
pattern. Without knowing the size of the speckles, there is no sense of how large 
or small the subset size should be. In general, the subset size should be large 
enough to contain enough distinguishable features of the speckle pattern. At 
minimum the subset must be at least larger than the largest feature in the pattern. 
As a rule of thumb, the pattern within a subset should contain 50% of both dark 
and bright features. This requirement is smaller (25-40%) in the case of round 
shaped speckles since the spacing between the speckles is minimized. According 
to Lecompte et al. [79], an ideal subset size can be chosen by simulating the 
deformation of a speckle pattern based on a finite element model. An experiment 
by the authors showed that for simulated heterogeneous and homogenous 
deformations, larger subsets yielded more accurate results. However, for 
deformations with steep strain gradients, larger step sizes smooth out the true 
behavior of the specimen and lead to inaccurate results. A suitable subset size 
obtained from a simulated deformation can be used to determine an ideal speckle 
pattern for an expected deformation as well. Unfortunately, achieving the optimal 
speckle pattern is difficult with conventional patterning techniques. To mitigate 
this problem, Pan et al. [80] developed a method to determine the optimal subset 
size for a speckle pattern. Using this method, the authors studied the effect of the 
subset size on three reference images and observed that the standard deviation 
errors decrease as the subset size increases. This decrease was sharper at first, 
becoming constant after the subset size reached about 60 pixels. Similar results 
were observed by Yaofend et al. [81]. Using translation and tensile experiments, 
the standard deviation error for both samples decreased with the increase in the 
subset size from 21 to 81 pixels, the decrease being sharper at first. This was 
attributed to the increased density of mutual pixels in the correlation process and 
the decreasing influence of random errors such as image noise. As described 
before, the spatial resolution decreases when increasing the subset size. The 
Virtual Strain Gauge size described in Equation 5, for example, increases with 
the size of the subset. Also, if the deformation of the specimen is nonlinear, then 
increasing the size of the subset may lead to large nonlinear deformations inside 
the subset, which again can lead to problems with the matching process 
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depending on the shape functions. Therefore, the choice of the subset size is 
always a compromise between accuracy (low noise) and spatial resolution (small 
VSG). The choice of the correct subset size is dependent also on the speckle 
pattern, the loading condition, and the size/shape of the specimen, and it is often 
done by experimenting with different patterns using the available tools and 
methods.  

4.1.7 Step size 

The step size determines the density of subsets over the region of interest.  
Smaller step size results in higher number of subsets required to be scanned in 
the region of interest, which increases the required computational load of the 
analysis. At the edge of the scanned area, small step sizes (and small subsets) will 
improve data acquisition since larger step size leaves a broader non-analyzed strip 
near the edges. The strain gradients can affect the optimal step size as well. Larger 
step sizes are better suited for specimens with uniform strain fields, while smaller 
step sizes are more useful for specimens with large strain gradients [82]. In 
practice, similar to the subset size, the optimal step size depends on the speckle 
pattern and the degree of heterogeneity of the deformation [83]. Typically, the 
step size should be around one-third or one-half of the subset size so that the 
subsets in the neighboring locations are also partially covered.   

4.2 Error Sources and Uncertainty Quantification 

As with all experimental techniques, it is important to know any potential sources 
of errors in DIC that can affect the measurement results. This can help the 
operators to take measures for reducing the error sources and optimizing both the 
image acquisition and the image processing.   
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4.2.1 Correlation errors 

Correlation errors directly affect the accuracy of the image correlation. They can 
be divided into two groups according to Siebert et al. [84]: 

• Statistical errors mainly caused by the image noise as well as the lack of 
pixels and grey values for accurate matching of the subsets. Noise can be 
introduced by the sensor of the camera, or by mechanical vibrations of 
the measurement system. If the sensor is small or it gets excessively 
heated, superfluous electrons will contaminate the photoelectrons that 
should form the image. Additionally, in low illumination conditions the 
limited available light signal must be magnified, which also leads to 
magnification of the unwanted background signals, lowering the signal-
to-background ratio. Finally, the cameras with small sensors have a 
limited space for each photosite, i.e., individual light-sensing element in 
the sensor, which that can lead to ‘cross-talk’ between the photosites and 
increasing noise in the image.  

• Interpolation phase errors can introduce noticeable apparent strains (as 
high as 40% according to Schreier et al. [77] during the subset matching 
process. This problem can be mitigated by employing higher order 
interpolation methods. 

4.2.2 Errors caused by the speckle pattern  

The shape, size, and distribution of speckles can greatly affect the accuracy and 
sensitivity of the DIC measurement. The optimal physical size of the speckles 
depends on the desired spatial resolution, the size of the subset, and the resolution 
of the imaging setup. A small speckle is covered by a smaller number of pixels 
during the digitization process. Consequently, there is a high probability that 
locations with similar shapes and sizes appear in the speckle pattern, which can 
be mistakenly assigned to each other during the tracking. Additionally, small 
speckles are more susceptible to variations in the matching because of the camera 
noise and grey level fluctuations. Conversely, larger speckles produce more 
unique shapes and contain more pixels, resulting in less uncertainty in the 
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matching process [79, 85]. The distribution of speckles also influences the DIC 
measurement. According to Haddadi et al. [86], addition of smaller speckles to a 
pattern with large speckles can reduce errors. It can even enable the successful 
matching process in the cases where it was not possible before.  

While the optimal speckle size and distribution depend on the experiment, there 
are some general guidelines for optimizing the pattern. According to the sampling 
theorem [87], at least two samples of a continuous signal are needed so that the 
original signal can be recovered. Hence, two pixels across the black and two 
pixels across the white section of the pattern is the minimum requirement for the 
speckle pattern features. Furthermore, sub-two pixel speckle size represents a 
problem in the digitized images on a screen. Since the smallest details that can be 
shown in each image is the size of each pixel, any empty space between the pixels 
has to be filled in a process called aliasing. If the speckle size is two pixels or 
smaller, it will be impossible to perceive each individual speckle and their 
centers, especially if the center of the speckle appears on the boundary between 
the two pixels. A visual representation of this problem is shown in Figure 16. 
Consequently, the minimum speckle size should be three pixels with a three or 
more pixel gap between each feature. This slight overestimation of the speckle 
size is because with the conventional patterning methods it is almost impossible 
to fully control the size of the speckles [88].  

 
Figure 16. Effect of aliasing on the digitization of speckles [88]. 
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4.2.3 Lens distortion 

Wide-angle and zoom lenses, especially the low cost versions of them, suffer 
from distortions that results in straight lines appearing as concave or convex 
(Figure 17). These distortions change the visual appearance of the image, making 
the lines look bent and warped. More importantly, they influence the measured 
deformations. The most obvious and straightforward method for mitigating the 
effect of lens distortion is changing to a better camera and lens combination. 
However, this is not always possible and there are always some distortions in the 
image even with the best equipment. Consequently, other methods for correcting 
the distortions have been developed, which do not require hardware changes. One 
method comprises the use of a flat plane with a speckled pattern displaced in two 
orthogonal directions to determine a warping function [89]. In another method, 
lens distortion is removed by calibration using a cross-grating plate and designing 
a warp function [90]. Lastly, a protocol based on the detection of distortion from 
a displacement distribution acquired in a rigid body in-plane test and calculating 
the distortion coefficient [91] can be used to mathematically correct for the lens 
distortions in the obtained images.  

 
Figure 17. Typical lens distortions [92]. 
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4.2.4 Lighting  

A uniform and sufficient lighting during the image acquisition is essential for the 
successful correlation of the images. Insufficient lighting increases the image 
noise. Conversely, excessive light can result in over exposure of pixels, which 
will interfere with the analysis. It is important for the light sources to be steady 
and constant during the experiment, and to provide enough but not excessive 
exposure of the images. Moreover, special attention has to be paid to any potential 
change in the lighting if the geometry, orientation of the object with respect to the 
light source and cameras, or the surface quality of the specimen changes. In more 
extreme loading conditions, the shape of the specimen might significantly change 
and affect how the light interacts with the surface of the specimen. However, 
providing and maintaining a perfect lighting condition is not possible in most of 
the cases (due to hardware limitations or environmental conditions). 
Consequently, for the best results, the effect of variable and non-optimal lighting 
should be assessed and the image processing protocol should be tailored 
according to the requirements. For example, Tong [67] assessed the robustness, 
reliability and speed of four different correlation criteria on three sets of 
artificially contrast manipulated images, concluding that each criteria is suitable 
for a specific requirement regarding the robustness or speed of processing.  

4.2.5 Out-of-plane movements and misalignments of optical axes 

The out-of-plane motion of the specimen can be either in the form of 
perpendicular distance from the cameras or a rotation in the specimen. In a 2D 
DIC setup, any out-of-plane displacement relative to the camera introduces 
image-plane gradients that can interfere with the true deformation estimation. 
This error source can be minimized by increasing the distance between the 
cameras in a stereovision setup, or by switching to telecentric lenses [93]. In 
reality, however, the effect of out-of-plane movement is not generally avoidable, 
as many specimens will experience some amount of out-of-plane movement 
during loading. The best solution to this problem is to use a DIC system equipped 
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with an additional camera (3D DIC) that can cover the movements of the sample 
in all three directions without introducing superfluous strain.  

For a 2D DIC setup, it also important for the specimen to be oriented 
perpendicular to the camera. Deviations from this optimal angle can occur during 
the setup stage or during the loading due to the non-uniform 
movement/deformation of the specimen. It is easy for small misalignment angles 
to go unnoticed by the operators. Even deviations as small as 2° could cause errors 
as high as 103µ strains [94].  A simple experiment exists that can calculate any 
potential errors caused by the out-of-plane movement of the specimen or 
misalignment of the optical axis: if the specimen undergoes only a rigid-body-
translation, the measured strain should be zero. Consequently, the presence of any 
strain reading is a sign of measurement errors, and its magnitude reflects the 
magnitude of the error in the experiment.  

4.3 Uncertainty Quantification 

After the image acquisition, various tasks are needed to quantify and present any 
errors and uncertainty within the results. Preferably, this should be done after the 
calibration of the system and before conducting the actual test and the 
measurements. This section of the Thesis summarizes the steps involving this 
process that are described in details, for example, in A Good Practices Guide for 
Digital Image Correlation [95] published by the Standardization, Good Practices, 
and Uncertainty Quantification Committee of the International Digital Image 
Correlation Society (iDICs). 

4.3.1 Noise floor detection 

The purpose of the noise floor measurement is to obtain the levels of ambient 
environment effects (temperature, vibration, turbulence) on the measurements. In 
this way, these external effects can be separated from the actual measurement 
results, or at least one knows what the minimum resolution will be and the 
measurement of strains smaller than the noise floor should not be attempted. 
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Furthermore, any unusual levels of noise can be observed and possibly corrected 
for. The process of noise floor detection involves returning the test setup to the 
original test state in case any changes were carried out during the calibration. This 
includes reverting back any changes in the camera location or the location of the 
test subject, as well as the lighting in the test environment. The next step is to take 
static images of the test subject, preferably with the same acquisition frame rate, 
image size, exposure time etc. as the actual test would be carried out. These 
images should be reviewed for any problems (poor lighting, glare, non-optimal 
speckle pattern, vibration of the camera(s), etc.). Finally, images should be 
acquired during a rigid-body motion of the test subject. This should include both 
translation and rotation, at least within the limits that are expected during the 
experiment.  

4.3.2 Intrinsic parameters  

The quality of the intrinsic parameters, namely the corrections of the lens 
distortions, are verified by calculating the strain in the rigid body motion images 
described in the previous Chapter and by removing the rigid body motion from 
the strain images. The strains should be zero in each image, but the possible lens 
distortions could appear as elliptical strain fields in the displacement or strain 
fields.  While subjective, the evaluation of the lens distortions is possible by 
comparing the magnitude of errors to the overall noise floor of the system. If too 
high, lens distortion errors can be corrected for by the methods discussed in 
section 4.2.5. 

4.3.3 Extrinsic parameters  

The extrinsic parameters only apply to the stereo-DIC, and the quality of the 
parameters is assessed by the epipolar error, which is the distance between the 
location of a data point, as determined by the cross-correlation of a pair of images 
from the two cameras of a stereo-DIC system, and the epipolar line. The 
calculation of the epipolar error, or the stereo reconstruction error, is specific to 
the DIC software packages. In general, the stereo reconstruction error is the result 
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of the erroneous calculation during the triangulation process, where the 
displacement vectors in each image are correlated to a specific location in the 
world, as discussed in Section 4.1.3. Due to this error, the triangulated projections 
will not return to the same exact image locations. Consequently, the stereo 
reconstruction error is used to describe the accuracy and reliability of the 
calibration and correlation processes. Usually the static and/or rotational images 
acquired in Section 4.3.1 are correlated to see whether or not the reconstruction 
error threshold is within acceptable limits according to the DIC software 
documents.  

4.4 DIC for Biological Materials 

Biomaterials consist of any surface, matter, or structure that interacts with a 
biological system [96]. Biomaterials can be artificially manufactured (hip 
replacements, pacemakers), or they can exist naturally. Although not technically 
quite correct, members of a biological system can be categorized as biomaterials. 
After all, understanding the behavior of a biological system is the first step in 
designing the artificial replacements for the members of this system. 
Biomechanics is the field studying the function, motion, and deformation of 
living organisms, at any level from organism/cell to organ/organelles. Naturally, 
studying the biomechanics of a human body is of high importance. In almost all 
cases, organs of a human body are soft, have a complex geometry and exhibit 
non-planar deformations, which makes the application of the concepts of 
experimental mechanics to these materials quite challenging.  

DIC has been already well stablished in the field of human biomechanics. One of 
the earliest applications was the measurement of the deformations of bones during 
physical loading. In 1995, Bay [97] used DIC to study the deformation of 
trabecular bones. For this purpose, physical markers were attached to the surface 
of the specimen and radiographic images were acquired during the loading. The 
results from the experiments showed that DIC was able to measure the strain 
distribution of trabecular bones to a higher detail than any other method at that 
time. Later, Bay [98] used DIC to measure the vertebral strain distributions. It 
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was noted that the high number of strain values provided by DIC analysis allowed 
for a detailed characterization of the complex strain fields of the samples. 
Furthermore, independence of the DIC measurement from any material 
specification was a major advantage because of the uncertainty in the exact nature 
of the material in question. Application of DIC in the field of biomechanics 
continued with efforts by, for example, Nicolella et al. [99], who used an image 
correlation technique, based on digital stereo photogrammetry, to study the strain 
fields on cortical bones.  

DIC has also been used to study soft organs and tissues.  Zhang et al. [100] used 
2D DIC to better understand the stress-strain distributions in the arterial walls of 
bovine aorta. One of the major advantages of DIC noted by the authors was the 
ability to measure both longitudinal and transverse strains. The usability of DIC 
in this field was further explored by Zhang et al. [53], who studied three materials 
with different elastic moduli in uniaxial tension tests, and the results further 
emphasized the usability of DIC in biomedical research. One major disadvantage 
of these studies was the use of one camera (2D DIC) only for image acquisition. 
An inherent nature of biological tissues is that their deformations are usually non-
planar. A work by Sutton et al. [101] was one of the first applications of 
microscopic 3D DIC focusing on biological materials. The authors noted that 3D 
DIC is effective in quantifying the local and global deformations on curved 
surfaces and is able to cover very small nonplanar specimens with large out-of-
plane movements. The capability of 3D DIC for measuring the deformation of 
biomaterials was further emphasized by Moerman et al. [102]. In this study, 
silicone gel soft tissue phantoms were used to assess the ability of DIC to 
determine the mechanical properties of human tissues in vivo. The material in 
question is used to replicate the optical, mechanical, and structural properties of 
various tissues [103, 104, 105]. Overall, there are certain advantages of DIC for 
the deformation measurement that are beneficial in the biomedical field: 

• The traditional strain measurement methods such as strain gauges and 
extensometers disturb the natural behavior of organic materials. 
Consequently, the contactless nature of DIC is very appealing for 
studying soft or hard tissues.  
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• Extensometers and strain gauges are limited to averaged measurements 
between two local points, or averaging of deformation under a small area. 
In contrast, DIC is capable of measurements both on a local and average 
(more) global scale. This is highly important for the soft and 
nonhomogeneous materials because of the variations in local strains. 
Furthermore, it is easier for DIC to measure strains at different locations 
across the region of interest without the need for additional data 
acquisition. It is just the matter of new analysis on the same set of 
acquired images. Conversely,  the same tasks using extensometers/strain 
gauges requires conducting additional loading experiments using the 
same exact specimen while focusing on a new section. This process is 
more taxing, even more so for biomaterials.   

• The very high spatial resolution of DIC, on the orders of 1/100 of the field 
of view, makes it possible to resolve biomechanical variations on very 
small scales. Furthermore, with good preparation, image sources such as 
Scanning Electron Microscopy (SEM) can be used, enabling the 
deformation measurement at microscopic or even smaller levels [106]. 
As long as there are technologies that can provide relatively low-noise 
images, the DIC technology can be used to measure the deformations at 
any scale.  

• 3D DIC comprising two or more cameras is highly suitable for studying 
the specimens with essentially any shape (curved, planar) going through 
any deformation (planar, non-planar). As discussed before, almost all 
biomaterials and biomechanical materials contain curved surfaces and 
experience out-of-plane deformation under load. Thus, 3D DIC is 
particularly suited for studying the deformation of such materials.  

• DIC is capable of low and high-speed measurements, from single digits 
up to millions of frames per second. Similar to the resolution, the speed 
of deformation recording is directly related to the available imaging 
technology. As long as there are cameras available that can record 
suitable images at very high/low frame rates, the DIC technology is 
applicable. Thus, biological materials that go through variable loading 
conditions or deformation over a long or short time intervals can be 
studied.  
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In spite of all of these advantages, there are challenges in applying DIC to 
biomedical materials. One of the major ones involves the application of 
suitable speckle patterns. In the cases where the specimen is soft with a 
flexible surface, any physical interaction can interfere with the natural 
response of the material. Consequently, methods that require direct physical 
contact with the material, such as attaching physical markers to the ROI, are 
not suitable. Additionally, the wet surface of many organs and other soft 
tissues further complicates the patterning process and causes further problems 
with the illumination during imaging. For example, using any water soluble 
ink includes a high risk of the ink spreading over the specimen surface, 
resulting in an inferior or completely unusable pattern. The wet surfaces also 
increase the chance of unwanted light reflections or glares either from the test 
environment (e.g. sunlight from the windows) or the lighting sources of the 
DIC setup. These reflections obscure the speckles and/or generate high 
intensity areas (glare), which can move over the sample surface during the 
experiment and overall interfere with the correlation process.  

Fortunately, there are examples of successful patterning of biological tissues. 
Boyce et al. [107] patterned bovine cornea by sprinkling graphite flakes on 
its surface. Since the cornea was naturally light colored, the graphite flakes 
provided adequate contrast for a successful DIC analysis. This method, 
however, relies on the flakes sticking to the surface naturally strongly enough 
to be able to follow the movements of the surface. Lionello et al. [108]  used 
methylene blue solution to paint the surface of porcine knee samples, and 
airbrushed white speckles for contrast. While effective, the application of 
such pattern requires more optimization and skilled operator, as the risk of 
creating a very aliased pattern is high. A similar patterning method was used 
by Luyckx et al. [109] for studying the deformation of Achilles tendons. In 
this experiment, the methylene blue dissolved in water penetrated the 
specimen’s surface and colored it fully. The advantage of this method is that 
the ink is absorbed on the surface of the test specimen and does not form a 
separate layer on its surface. When the surface of a material is covered by an 
additional layer, there is a chance that this layer does not fully adhere to the 
surface. Consequently, the movement of the speckle pattern during loading 
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would not follow the underlying material and would produce incorrect results. 
The viability of this method for patterning the myocardial deformation was 
explored by Ferraiuoli et al. [110] using a bovine heart. While this patterning 
technique partially reduced the reflectivity of the specimen, this problem was 
still present in some sections of the heart. In spite of this, the authors cited the 
same advantages as the previous studies. In a follow-up study by Ferraiuoli 
et al.  [111], the deformations of the bovine heart were studied ex-vivo using 
DIC in a setup that simulated the cardiac circulation.  

While successful in verifying the viability of DIC for studying biological 
materials, almost all of the studies in this field are strictly in-vitro or ex-vivo. 
Of course, conducting in-vivo studies on living organs requires direct physical 
and visual access to the specimens. While impossible for many organs, it is 
possible to access the myocardium during an open-heart surgery since the rib 
cage of the patient is cut open and held open by a metallic spreader. However, 
an accurate estimation of the deformation using DIC analysis requires a 
suitable high contrast pattern on the target surface. For a normal and healthy 
heart, the combination of muscles and veins provides a natural texture that is 
potentially suitable for a successful tracking of the features using DIC. Figure 
18a shows an example of such heart. However, most patients who require 
open-heart surgery are 50 or above in age. Patients at these stages of life are 
usually overweight because of the difficulties of exercising at older ages. The 
lack of exercise results in the accumulation of extra fat in the human body. 
This fat also forms on the heart and covers its outer surface with a uniform 
yellow/white colored layer (Figure 18b). Consequently, the surface of the 
heart has very little contrast between different segments, and the resulting 
texture is not suitable for a successful correlation and DIC analysis. Overall, 
applying some form of speckle pattern on the surface of the heart will be 
effective and improves the correlation process, even if the patient`s heart is 
healthy and devoid of a fat layer.  
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 a  b 

Figure 18. a) a healthy heart [112], and b) a fatty heart [113] . 

The initial experiments of using DIC for studying the deformation of the RV 
showed that without a suitable speckle pattern, the correlation process of the 
acquired images was not optimal [114]. Therefore, various patterning 
methods were explored before starting the actual experiments described in 
this thesis. Because of the strict requirements for physical interaction with the 
heart, many of the conventional patterning methods are not allowed during 
an open-heart surgery. The most crucial property of the materials used for 
patterning of the heart is non-toxicity. Additionally, the method for applying 
the pattern on the surface of the heart has to be fast without any preparation 
requirements, and easy to use. Furthermore, it needs to be as non-invasive as 
possible not to disturb the natural deformation of the heart and interfere with 
the surgery. Finally, any extra material, its application, and any extra work 
carried out during the surgery are scrutinized by the ethics and welfare 
authorities, which limits the possibilities to explore other alternative materials 
or techniques. 

In the medical field, methylene blue is a chemical that has many applications. 
While it is used for the treatment of certain diseases, its natural blue color 
with lasting trace makes it suitable for markers or tracers in the human body 
[115, 116]. Introducing this ink to the organs and the blood stream does not 
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have any known negative effects on the health of the patients. Methylene blue 
is available in many forms, such as powder, liquid, and medically certified 
markers pens, and is therefore a very attractive option for clinical research. 
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5 MATERIALS AND METHODS 

The ethical issues and the research protocol regarding the experiments was 
reviewed and approved by the European Union Drug Regulating Authorities 
Clinical Trials (2016-000575-24). The study protocol, documentation, as well 
as the feasibility of all devices and instruments for clinical research were 
reviewed and approved by the National Supervisory Authority for Welfare 
and Health (Valvira, Permit no. 330). Furthermore, written consent was 
acquired from the patients where they were informed about the details of the 
study and any risks involved. A total number of 32 patients were imaged. The 
first series of 14 patients were imaged during May to June 2016. The imaging 
period is very intense, as each day at the hospital starts before 7AM by 
preparations and calibrations of the DIC equipment. During this period not 
much was done in terms of the analysis of the results. Therefore, majority of 
the research was carried out after the first experiments. The second 
experimental series included imaging of eight patients during January of 
2017. During this period, some improvements were implemented to the test 
protocol, and also simultaneous DIC and ultrasound measurements, as well 
as simultaneous DIC and ECG measurements, were attempted. The final 
phase of the research included three surgeries, concluding in April 2017. A 
summary of the surgeries and DIC experiments analyzed in this thesis are 
presented in Table 1. 
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Table 1. Summary of the surgeries and DIC experiments. 

Date Surgery room tasks Analysis tasks Successful tasks 

20 
May 
2016 

DIC imaging of the native, 
post-CPB and inotrope 
stages of the surgery 

Focusing on the analysis 
parameters (various step sizes, 
subset sizes and analysis modes), 

optimizing the pattern 

Good DIC data from 
three stages 

 

23 
May 
2016 

DIC imaging of the native, 
post-CPB and inotrope 
stages of the surgery 

Focusing on the analysis 
parameters (various step sizes, 
subset sizes and analysis modes), 

optimizing the pattern 

Good data from the 
native stage 

24 
May 
2016 

DIC imaging of the native, 
post-CPB and inotrope 
stages of the surgery 

Focusing on the analysis 
parameters (various step sizes, 
subset sizes and analysis modes), 

optimizing the pattern 

Good data from the 
post-CPB stage 

25 
May 
2016 

DIC imaging of the native, 
post-CPB and inotrope 
stages of the surgery 

Focusing on the analysis 
parameters (various step sizes, 
subset sizes and analysis modes), 

optimizing the pattern 

Good data from three 
stages 

26 
May 
2016 

DIC of imaging the native, 
post-CPB and inotrope 
stages of the surgery 

Focusing on the analysis 
parameters (various step sizes, 
subset sizes and analysis modes), 

optimizing the pattern 

Good data from three 
stages 

27 
May 
2016 

DIC of imaging the native, 
post-CPB and inotrope 
stages of the surgery 

Focusing on the analysis 
parameters (various step sizes, 
subset sizes and analysis modes), 

optimizing the pattern 

Good data from the 
native and post-CPB 

stage 

30 
May 
2016 

DIC of imaging the native, 
post-CPB and inotrope 
stages of the surgery 

Focusing on the analysis 
parameters (various step sizes, 
subset sizes and analysis modes), 

optimizing the pattern 

Good data from the 
three stages 

31 
May 
2016 

DIC of imaging the native, 
post-CPB and inotrope 
stages of the surgery 

Focusing on the analysis 
parameters (various step sizes, 
subset sizes and analysis modes), 

optimizing the pattern 

Good data from the 
native stage 
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1 Jun 
2016 

DIC of imaging the native, 
post-CPB and inotrope 
stages of the surgery 

Focusing on the analysis 
parameters (various step sizes, 
subset sizes and analysis modes), 

optimizing the pattern 

Good data from the 
native and post-CPB 

stages 

2 Jun 
2016 

DIC of imaging the native, 
post-CPB and inotrope 
stages of the surgery 

Focusing on the analysis 
parameters (various step sizes, 
subset sizes and analysis modes), 

optimizing the pattern 

Good data from the 
native and drug stages 

3 Jun 
2016 

DIC of imaging the native, 
post-CPB and inotrope 
stages of the surgery 

Focusing on the analysis 
parameters (various step sizes, 
subset sizes and analysis modes), 

optimizing the pattern 

Good data from the 
native and drug stages 

16 
Jan 
2017 

Imaging of three stages of 
the surgery, Simultaneous 
recoding of DIC and ECG 

Analysis of the data with the 
configuration acquired from the 
previous set of surgeries, 

attempting to synchronize the 
DIC and ECG recordings 

Good data from the 
native and post-CPB 

stages 

17 
Jan 
2017 

Imaging of three stages of 
the surgery, Simultaneous 
recoding of DIC and ECG 

Analysis of the data with the 
configuration acquired from the 
previous set of surgeries 

Good data from the 
native stage 

18 
Jan 
2017 

Imaging of three stages of 
the surgery, Simultaneous 
recoding of DIC and STE 

Analysis of the data with the 
configuration acquired from the 
previous set of surgeries 

Good data from the 
three stages 
STE recording 

19 
Jan 
2017 

Imaging of three stages of 
the surgery, Simultaneous 
recoding of DIC and STE 

Analysis of the data with the 
configuration acquired from the 
previous set of surgeries 

Good data from the 
post-CPB and inotrope 

stage 

23 
Jan 
2017 

Imaging of three stages of 
the surgery, Simultaneous 
recoding of DIC and STE 

Analysis of the data with the 
configuration acquired from the 
previous set of surgeries 

Good data from the 
native stage 
STE recording 

24 
Jan 
2017 

Imaging of three stages of 
the surgery, Simultaneous 
recoding of DIC and STE 

Analysis of the data with the 
configuration acquired from the 
previous set of surgeries 

Good data from three 
stages 

STE recording 

25 
Jan 
2017 

Imaging of three stages of 
the surgery, Simultaneous 
recoding of DIC and STE 

Analysis of the data with the 
configuration acquired from the 
previous set of surgeries 

Good data from three 
stages 

STE recording 
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5.1 Contrast patterns 

In the early stages of the project, various patterning methods were attempted 
in the laboratory setting. However, even if some of the methods were 
successful, none of them was approved for clinical use, and therefore their 
implementation would have taken a very long time. Therefore, the best 
method for applying the pattern was using a methylene blue pen marker, 
which already was in routine clinical use at the hospital. The sterile nature of 
the ink is guaranteed in the pen format, and there is some degree of control 
over the size and distribution of the speckles on the target surface. The ink is 
water soluble, and the surface of the heart is wet. Therefore, the spreading of 
the contrast pattern is unavoidable to some extent. After the patient`s chest 
was opened, one of the surgeons applied a random dot pattern using the 
methylene blue marker on the visible surface of the heart before commencing 
surgical repairs. Because of the specific circumstances of the experiment, the 
quality and shape of the speckle pattern varies significantly between 
surgeries, resulting in a non-optimal pattern in some cases (Figure 19c). 
Furthermore, interactions with the heart resulted in the deterioration of the 
pattern quality during the later stages of the surgery.  The comparison of 
Figure 19a and Figure 19b shows how the surgery affected the speckle pattern 
applied on the heart at the start of the surgery. For some patients in the test 
series, the visible area of the heart was also very limited. Sometimes the heart 

26 
Jan 
2017 

Imaging of three stages of 
the surgery, Simultaneous 
recoding of DIC and STE 

Analysis of the data with the 
configuration acquired from the 
previous set of surgeries 

Good data from the 
three stages 
STE recording 

25 
April 
2017 

Imaging of three stages of 
the surgery, Simultaneous 
recoding of DIC and STE 

Analysis of the data with the 
configuration acquired from the 
previous set of surgeries 

Good data from post-
CPB and inotrope 

stages 
STE recording 

26 
April 
2017 

Imaging of three stages of 
the surgery, Simultaneous 
recoding of DIC and STE 

Analysis of the data with the 
configuration acquired from the 
previous set of surgeries 

Technical problems 
STE recording 

25 
April 
2017 

Imaging of three stages of 
the surgery, Simultaneous 
recoding of DIC and STE 

Analysis of the data with the 
configuration acquired from the 
previous set of surgeries 

Good data from three 
stages 

STE recording 
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moves very much ‘sideways’ and a large portion of the heart moves under the 
sternum and out of the field of view, leaving only a small section visible 
during the full cycle. The movement of the heart back and forth under the 
sternum further deteriorated the contrast pattern. In many cases, the contrast 
pattern was reapplied for the later imaging stages, but for one reason or 
another, the surface of the heart seems to change during the surgery and the 
ink would not stick to the surface so well. Consequently, the pen would create 
only large smeared regions compared to the sharp dots in the beginning of the 
surgery. 

a  b 

                     c   

Figure 19. a) A sample of the pattern applied by the surgeons before the repairs on the heart. 
b) The change in the speckle pattern of the same case after the repairs, and 3) an example of 

a non-optimal speckle pattern. 

5.2 Image Acquisition in the Operation Room 

The DIC setup used in this research consists of two E-lite 5-megapixel cameras 
(LaVision Inc) with 50mm Nikon lenses. The image acquisition was carried out 
using the DaVis system from LaVision Inc. The DaVis software was used to 
control the cameras, image acquisition, and the processing of the images. Aside 
from the general regulations for keeping the surgery room completely clean and 
sterile, the space around and above the patient`s chest is a highly controlled 
environment, and any interference with it is strictly prohibited. Even the airflow 
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is controlled and only allowed upwards away from the patient’s chest. Thus, it 
was not possible to place the cameras directly above the patient`s chest to 
maintain the desired perpendicular angle of cameras with respect to the target. 
For this reason, the cameras were placed near the ceiling of the room on the side 
of the surgery table at approximately 1.5 - 2 meters away from the heart with an 
angle of view of about 45 degrees (Figure 20). It was not feasible to use the 
lighting system of the DIC setup in the operation room. The distance between the 
cameras and the surgery table was rather long, and the intense flashing of the 
lights could have interfered with the duties of the medical staff. Therefore, the 
satellite lights located above the surgery table were used to provide adequate 
brightness for the cameras. This has the unintended consequence of less control 
over reflections and higher possibility of glare forming on the surface of the RV. 
The formation of the glare would mask the underlying pattern of RV, making the 
correlation process erroneous.  

   a       b 

Figure 20. Picture and schematic layout of the DIC setup in the surgery room. 

The image acquisition rate of the cameras with full resolution (2048x2048) is 
around 10 Hz. By reducing the region of interest, the frame rate can be increased 
to about 20 Hz, facilitating the recording of more interesting details of the 
deformation of the RV. At each stage of the surgery, a short interval of about 30 
seconds was available, during which the repairs on the heart were stopped and 
the view was clear. During this time frame, an average of about 400 images were 
acquired, which translates to about 15 to 20 heartbeats. The calibration of the 
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cameras was carried out before the start of each surgery, and sometimes the 
calibration was repeated at the end of the day if any suspicions arise during the 
surgery that someone might had accidentally disturbed the camera system. The 
location of the patient`s chest was estimated using the surgery table. However, an 
accurate advance estimation of the patient`s heart height on the surgery table was 
impossible. Therefore, the distance between the cameras and the surface of the 
heart was not exactly known when performing the calibration. The obtained 
calibration was then numerically transformed to the surface of the heart so that 
the average Z-coordinate was zero in the first image. 

5.3 Digital Image Correlation Analysis 

Table 2 lists the analysis parameters that were used to obtain the displacement 
vectors. Considering the average size of the speckle patterns on the surface of the 
RV, the subset size of 79 pixels was large enough to contain enough information 
for an acceptable analysis. Two displacement calculation methods were used: 1) 
comparing each frame to the first image of the sequence (relative to first), and 2) 
comparing each frame to the previous and summing up the total displacements 
(sum of differentials). The comparison to the first image did not always produce 
satisfactory results, as the pattern matching did not find the correspondence after 
some images. As a consequence, the displacement calculations simply would not 
be possible. The best results were obtained by using the sum of differentials 
method. Since in this method the errors and uncertainty add up as well, each 
heartbeat was separately processed and a new reference image was used at the 
start of each sequence of heart deformation, keeping the lengths of the analyzed 
sequences at minimum. The step size and subset size were chosen by 
experimenting with different options. The selected values are a good compromise 
between spatial resolution, accuracy, calculation speed, and robustness of the 
calculation. Smaller subsets would increase the spatial resolution (decrease 
VSG), but with smaller subsets the coarseness of the pattern causes problems as 
there is not enough image data contained within a subset. The matching of the 
subset in each camera frame simply does not function reliably and the analysis is 
not robust. Similarly for the subset size, using smaller step size would stabilize 
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the area growth algorithm and the calculations would be more robust [114], but 
simultaneously the smaller step size would increase the spatial sampling rate, 
leading to an unnecessarily large number of displacement vectors. Processing of 
the millions of displacement vectors in each frame would require excess 
computation power. On the other hand, using a too large step size would allow 
only small areas to be analyzed at one time, or requires the use of several 
(hundreds or thousands) seed points from where to start the image matching. 

Table 2. Displacement calculation parameters. 
Acquisition frame rate 15-21 Hz 
Subset size 79 pixels 
Subset shape function Nonlinear 2nd order 
Step size 10 pixels 
Pixel size 0.03 mm 
Calibration error ~0.1 mm 
Interpolation method 6th order spline function 
Displacement calculation method Sum of differentials 
Virtual strain gage (Lvsg ) 89 pixels 
 
Reference frame 

A new reference frame was 
selected for each heartbeat 

Maximum stereo reconstruction 
error in true experimental images 

2.5 pixels 

Average noise in still images Not available 

5.4 Orthogonal decomposition 

Conventionally, the deformation of the heart is described by one value of, for 
example, strain or strain rate for each image, which is plotted against time/image 
number. The strain can be obtained for example by placing a virtual extensometer 
in the region of interest in the desired direction, and measuring the change in its 
length during the series of images acquired from the deformation and movement 
of the heart. Other values such as principal strains, various vector components, 
and strain rate can be calculated by averaging the values in a preselected area. 
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Figure 21 shows the location of the extensometer and the area used for averaging 
the various values for one surgery. The data acquired from a certain section of the 
region of interest means that with each analysis, only a portion of the deformation 
data is used at a time. Especially the virtual extensometer typically uses only two 
subsets of the image. In this case only 2x79x79 = 12482 pixels of the 5Mpixel 
image are used, and all the information in the remaining pixels is disregarded. 
While it is possible to measure the deformation from additional locations across 
the region of interest, the extra analysis needs more time and computing power. 
Furthermore, there will always be a risk of missing valuable information from the 
region of interest or that the selected area contains some flawed information in 
one of the images in the series. Following the previous example of the virtual 
extensometer, if one image in the series has glare problems within the analyzed 
316 pixels, the obtained strain and strain rate may have errors, even though again 
the remaining pixels in the area would be free of the glare issues. If there is need 
for comparing the deformation between two cases, it is very challenging to make 
sure that the location of the data extraction is exactly the same for both cases. 
Consequently, an analysis method that could quantify the entire image could be 
of great value for a more comprehensive understanding of the deformation of RV. 
Furthermore, imaging inside the operation room is very challenging and limited 
by various practical, ethical, physiological, and medical reasons. The image 
quality, and especially the pattern quality, are typically rather poor at best. 
Therefore, the image data may not allow the calculation of the displacement in 
the preferred region of interest. For example, if one places the virtual 
extensometer in an area where the pattern quality is not very good, the resulting 
deformation data can have equally poor quality. One would of course prefer to 
use the same physical location of the virtual extensometer when analyzing the 
images obtained during different stages of the surgery. Finally, both the virtual 
extensometer and the average values obtained from a region of interest, e.g., the 
square in Figure 21., are somewhat local data and do not take full advantage of 
all available deformation data. 

The DIC results such as the length of the displacement vector, strain in the 
selected direction, or other selected variables can be indicated by colors which 
are overlaid on the original images. These so-called heat map images are 
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graphical presentations of the deformation data, where each pixel of the image is 
assigned a specific color based on the magnitude of the deformation, strain, strain 
rate, or other selected variable. These heat maps, also known as shading matrices, 
have been used since the early 19th Century for various statistical studies [117]. 
Nowadays, the heat maps have a wide range of applications in many fields, such 
as biology (steroid enzymes) [118], population studies [119], video analysis 
[120], and social studies [121] for the visual presentation of complex data. Figure 
21 shows a heat map where the length of the displacement vector is indicated by 
colors over the original image. The deformation of each pixel in the image is 
assigned a certain color according to the color bar on the right side of the image. 
The deformation of the RV is easily observable by simply looking at the heat 
maps of the RV during a sequence of images of heartbeats. While the visual 
inspection of the heat maps provides a general overview of the deformation and 
movements of the RV, it is highly subjective and cannot be used as a quantitative 
comparison method. It is often quite obvious, however, for the human eye to see 
that two images are different, but it is almost impossible to specify quantitatively 
how much the two images differ from each other. Consequently, an image 
analysis method is required to numerically quantify these heat map images, and 
to specify quantitatively the differences in the full field deformation data of two 
or more images.  

 
Figure 21. An example of the location of the extensometer (red line) and the 
area of average values such as vector length and principal strains (black 

rectangle).   
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While immense amounts of data is contained in the digital images, the rapidly 
growing processing power of computers allows for various image analysis 
methods that enable the extraction of data from the digital images. The image 
analysis techniques have numerous applications. An example of the simpler 
applications is the image compression technique [122]. Image analysis techniques 
also have more complex applications, for example, one of the constantly 
developed fields is the machine vision, in which tools and techniques are utilized 
for automated inspection/analysis.  

In this work, image decomposition using shape descriptors was used for 
quantifying the heat map images of the RV. The shape descriptors are essentially 
mathematical functions that decompose an image into numerical values [123]. 
There are various properties that can be used as the basis for image comparison 
and retrieval, such as color, shape, or texture features. By applying an appropriate 
shape function to an image, a numerical value is obtained that represents a 
specific feature. This numerical value can then be used for the comparison of 
images or as an input in a database for searching and finding images that contain 
a similar feature [124]. Moment functions are one of the most used shape 
descriptors. In the image analysis, a moment is a weighted average of the pixels 
contained within an image. One of the most well-known image moments 
(invariant moment) was introduced by Hu [125]. Moment functions have been 
used extensively in the image analysis [126, 127, 128].  

Various orthogonal moments have been developed and used for the 
decomposition of strain field images. Most common are the moments based on 
polynomials such as Zernike [129], Tchebichef [130] and Krawtchouk [131] . 
The Zernike moments have been used, for example, to characterize the changes 
in the strain fields in the tension loading of a glass fiber-reinforced composite 
[132], and for an aluminum plate [133] to automatically detect the onset of 
yielding. These studies specifically focused on the DIC deformation heat maps, 
concluding that in the absence of holes in the specimen, the Zernike moments are 
effective in representing the strain fields. The Zernike moments are based on the 
functions of continuous orthogonal polynomials with great ability to represent 
features. However, they are defined inside a unit circle, requiring a coordinate 
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transformation and integral approximation [134] to be used in the Cartesian 
coordinate system. Unlike the Zernike moments, the Tchebichef and Krawtchouk 
polynomials are defined in the Cartesian coordinate system. These moments are 
faster to implement for the decomposition of the deformation heat maps acquired 
from most optical systems, as they can be used without the integral approximation 
and coordinate system transformations [135]. According to Sebastian et al. [136] 
and Wang et al. [137] , the Tchebichef moments are ideal for the characterization 
of full-field deformations at multiple data points, showing acceptable levels of 
uncertainty when representing the original strain field images. Processing of the 
deformation heat map images is rather straightforward, the only major variable 
being the number of decomposition coefficients. Increasing the number of the 
coefficients increases the required processing power and time. In this work, a 
Matlab based software by Patterson and Christian [138]  was used to decompose 
the DIC deformation heat map images. This software uses the Tchebichef 
polynomials to decompose the images into polynomial vectors. The details of this 
process are covered in ref. [139], but a brief summary will be provided in this 
section to guide the reader through the Results and Discussion Sections.  

A series of Tchebichef polynomials 𝑇(𝑖, 𝑗) decompose the deformation image  
𝐼(𝑖, 𝑗) into: 

                                                  𝐼(𝑖, 𝑗) = ∑ 𝑠"𝑇"(𝑖, 𝑗)#
"$%    (6) 

and 

                                    𝑠" = ∑ 𝐼(𝑖, 𝑗)𝑇"(𝑖, 𝑗)&
',) 	     (7) 

where 𝑠$  is the shape vector of image 𝐼(𝑖, 𝑗), N is the number of data points in the 
deformation field, and n is the selected number of shape descriptors. The shape 
descriptors decompose the images quantitatively while making it possible to 
reconstruct the images as well. Using the shape descriptors as vectors for two 
images, the Euclidian distance between the two shape descriptor vectors 
quantitatively describes the difference between the two images. The Euclidian 
distance d between two shape descriptor vectors p and q in the N-dimensional 
space can be calculated as: 
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𝑑(𝑝, 𝑞) = 	9∑ (𝑝' −	𝑞')*	#
'$+        (8) 

To evaluate the accuracy of the process, the decomposition moments can be used 
to reconstruct the original image. The accuracy of the decomposition is then 
evaluated by comparing the reconstructed image with the original one:  

𝐸, =	;
+
&
∑ (Î(𝑖, 𝑗) − 	𝐼(𝑖, 𝑗))*	&
',)        (9) 

where n is the number of pixels that are not interpolated, Î(i,j) and I(i,j) are the 
reconstructed and original images, respectively. The lower the Er values, the more 
accurate the decomposition of the image is. The Er value gives a general 
indication of the reconstruction accuracy of the entire image. To evaluate the 
regional accuracy, image pixels with Er values higher than three are classified as 
poorly reconstructed pixels. A cluster value of error can be obtained by dividing 
the number of pixels in the largest cluster of poor pixels by the total number of 
pixels of the image. It is recommended that this value be no higher than 0.3%. If 
the quality of the reconstruction is very good, the number of coefficients can be 
reduced to decrease the computation time and the size of the output data. Once 
the processing of the images is completed, each image is represented by a vector, 
the size of which equals the number of decomposition coefficients. 

The difference between two deformation heat map images in the sequence of 
heartbeats can be simplified into a single scalar value by calculating the Euclidian 
distance between the vectors representing each image. The first image at the 
contraction of the heart (end diastole phase) is counted as the reference image, 
and the Euclidian distance is calculated between this reference image and the rest 
of the images in the sequence of the heartbeat. The deformation heat maps can be 
exported as greyscale images or as images with various color schemes. 
Whichever format is used, a smoothing function can be applied on the images as 
well. This smoothing function uses a bilinear interpolation (Equation 10) [140] 
to average out the deformation vectors of the pixels based on the distance between 
the two known pixels. In the absence of these vectors at any location, the available 
neighboring vectors are averaged to fill in the empty sections. Figure 22 shows 
examples of various heat map images used in this research.  
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𝑃 =	 (#!$#)$	('!$')
(#!$#")('!$'")

𝑄(( +	
(#$#")$	('!$')
(#!$#")('!$'")

𝑄)( +
(#!$#)$	('$'")
(#!$#")('!$'")

𝑄() +	
(#$#")$	('$'")
(#!$#")('!$'")

𝑄))     (10) 

𝑥(, 𝑥), 𝑦(, 𝑦) = First Coordinates, 𝑄((, 𝑄(), 𝑄)(, 𝑄))=Values to be interpolated between 
𝑥 and 𝑦 = Defined point to perform interpolation, P = The interpolated value  

  a  b  c 

Figure 22. Displacement heat maps a) raw, b) smoothed, and c) grayscale smoothed. 
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6 RESULTS 

This section contains the results from the open-heart surgeries performed on Jan 
18 2017, Jan 26 2017, and Jun 27 2016, hereafter referred to as surgery #1, 
surgery #2 and surgery#3, respectively. The echocardiography results were 
available for surgery#1 and surgery #2. The patients were males and females in 
their late 50`s or early 60’s. The surgery was separated into three sections:  

1. The native stage, right after the chest of the patient has been opened and 
the heart is exposed.   

2. The post-CPB stage: Right after the repairs on the heart, the surface of 
the heart is cleared for about a minute for recordings.  

3. Inotrope: Injection of the theophylline bolus, which reduces the 
pulmonary resistance and increases the contraction force of the RV.  

After the surgeries, the acquired images were analyzed using the Davis software 
to extract various deformation values from the data. The extracted values can be 
separated into two categories, those that are similar for both DIC and 
echocardiography methods (longitudinal strain, longitudinal strain rate), and 
those available only from the DIC analysis (principal strains, strain in other 
directions than the longitudinal direction, length of the displacement vector). The 
strain across the surface of the RV was measured in three directions: longitudinal, 
transverse, and 45°. The longitudinal angle corresponds to the direction of STE 
measurements deduced from the X-ray image of the patient`s chest taken before 
the surgery (Figure 23a). In this image, the spine of the patient is taken as the zero 
degree direction. Using this logic, the metallic clamps that hold the chest open 
are used to indicate the direction of the spine, since they are more or less parallel. 
Figure 23b shows the visual presentation of this process. The red arrow 
corresponds to the longitudinal direction (angle of the STE measurement). The 
blue arrow is perpendicular to the red arrow, indicating the transverse direction, 
and the 45° direction indicated by the green arrow is in the midway between the 

a 
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two previous directions. Figure 21.  shows the area of interest, from where the 
average of the principal strains and the average of the length of the displacement 
vectors were obtained. Furthermore, the strain was measured at four different 
locations across the surface of the RV by placing the virtual extensometer at the 
locations indicated in Figure 23c.The colors of the lines and the arrows are used 
again later, when the strain data is presented. Finally, the strain rate was 
calculated by differentiating the longitudinal strain with respect to time.  

 a  b 

                c 

Figure 23. a) The direction used for the STE strain measurements, b) the three directions of 
DIC strain measurements across the RV, and c) 4 locations of strain measurements across 

the RV. 

Conventionally, the echocardiography measurements cover about 3-4 heartbeats. 
In addition to plotting the values acquired from the echocardiography analysis, 
the peak values at each cycle are also averaged to make the comparison and data 
presentation more concise.  
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6.1 Strain measurements 

Figure 24 shows the longitudinal strain as a function of time for one heartbeat 
obtained with DIC (Figure 24a) and STE (Figure 24b). The longitudinal strain 
follows the cyclic behavior of the heart. The heartbeat begins from the end of the 
diastole, where the volume of the heart is the largest. A strong compressive 
deformation is recorded as the right ventricle compresses and drives the blood 
into the pulmonary artery during the systolic compression. This compressive 
strain is followed by a recovery towards the next diastole as the right ventricle is 
again filled with blood. Points of interest regularly noted in myocardial strain 
[141] analysis are observable in both Figures. These include the positive systolic 
strain (#1 in Figure 24), the maximum systolic strain (#2 in Figure 24), the peak 
positive diastolic strain (#3 in Figure 24), and finally the time to peak or the 
duration of the systole (#4 in Figure 24). While the strain values obtained with 
DIC and STE are not exactly the same, the overall shapes of the plots are fully 
comparable. Interestingly enough, the durations of the systole are very close to 
each other for both methods. Furthermore, the DIC strain data is not as smooth as 
the strain data acquired with STE. This is likely because the acquisition rate in 
the DIC measurements was much lower than in the STE measurements. This 
difference can manifest itself as the lack of the small plateau at point #2 of the 
DIC (Figure 24a) data compared to the same point in the STE (Figure 24b) data. 

         a         b   

Figure 24. Longitudinal strain as a function of time for a) DIC and b) STE. 
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Figure 25 shows the longitudinal strain as a function of time (strain along the red 
line in Figure 23) for three stages of surgery #1, #2, and #3. While the 400 images 
taken from each stage constitutes about 15-20 heartbeats, only four of them are 
shown here for the sake of clarity. The longitudinal strain follows the cyclic 
behavior of the heart. Each heartbeat begins from the diastole, where the volume 
of the heart is largest, and then a strong compressive deformation is recorded as 
the heart compresses and drives the blood into the pulmonary artery. This 
compressive strain peak is followed by a recovery towards the next diastole, as 
the right ventricle is again filled with blood. However, since the deformation of 
the heart is not strictly regular, these minimum and maximum strains at each 
cardiac cycle are slightly different. This is even more true for the subjects of this 
study, since the problems in the patient`s hearts were the primary reasons for the 
surgery. 

The duration of each heartbeat can also be obtained from the data shown in Figure 
25. For surgeries #1 (Figure 25a) and #3 (Figure 25c) the duration of the four 
heart beats in all three stages is relatively close to each other, with 3.5s and 2.5s, 
respectively. However, the difference between the duration of the four heart beats 
between the different stages is much more pronounced for the surgery #2 (Figure 
25b). In this case, the four heart beats of the native stage take around 3.5s and the 
3s in the post-CPB stage, while the drug injection (inotrope) seems to have 
decreased the duration of the four heartbeats to 2.5s.  

      a       b       c 

Figure 25. DIC strain as a function of time for a) surgery #1, b) surgery #2 and c) surgery 
#3. 

Figure 26 shows the longitudinal strain obtained with DIC and STE (a/c, b/d 
respectively) as a function of time for surgery #1 and #2. It should be mentioned 
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that the DIC and STE strains are not obtained from exactly the same heartbeats, 
as the imaging with the two techniques were not synchronized. In general, the 
peak compressive strain obtained with DIC (Figure 26a) differs from that 
obtained with STE (Figure 26b) for surgery #1. The DIC peak strains are close to 
10%, whereas the STE peak strains appear to be around 15%. The effect of the 
surgical repairs causes also a different response in the DIC and STE strain 
measurements. The peak values of the longitudinal strain obtained with STE 
decrease from the native stage to the post-CPB, while this drop is only seen in 
two of the four recorded cardiac cycles of the same stage with the DIC 
measurements. However, the effect of the drug intervention is completely 
different for DIC and STE. For the latter, the peak strain values for the inotrope 
stage return to the roughly same values for the native stage, whereas for the DIC 
measurements, the injection of the drug decreases the peak strain points to values 
less than in the other two stages.   

For surgery#2, while some peak values for a few cycles are relatively close to 
each other, overall there is no clear correlation between the DIC and STE 
measurements.  The effect of the repairs is similar in both graphs and 
accompanies a drop in the peak strain values from the native to the post-CPB 
stage. Conversely, the drug injection has a completely different effect on the 
measured strain values. Similar to patient #1, the STE inotrope stage peak strain 
values return to roughly the same values as in the native stage, whereas for the 
DIC measurement, they see a sharp decrease to values less than 5%.  
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       a        b 

       c        d 

Figure 26. Strain as a function of time for surgery #1 a) DIC b) STE, and for surgery #2 c) 
DIC d) STE. 

6.2 Strain rate measurements 

Figure 27 shows an example of the comparison between the longitudinal strain 
rate as a function of time between the native stage of surgery #1 for DIC (a) and 
STE (b), and the post-CPB stage of surgery #2 for DIC (c) and STE (d). With 
some exceptions (the SRe value of the first cycle in Figure 27c and d), there is no 
direct correlation between the DIC and STE results, as both the SRe and SRs 
values seem to be higher for the DIC. Furthermore, the shape of each cycle is also 
different between the two methods.  This is not unexpected since, as mentioned 
previously, the acquisition frame rate is different for DIC (15-20Hz) and STE 
(50-100Hz). The sharp changes in the strain values are more pronounced in DIC, 
leading to the rather large difference between the strain rate plots of DIC and 
STE.  

a 
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SRe 

      a        b 

       c        d 

Figure 27. Strain rate as a function of time for surgery #1 a) DIC b) STE and for surgery #2 
c) DIC d) STE. 

6.3 Principal strain measurements 

The usability of strain and strain rate measurements for heart monitoring has been 
proven in a plethora of studies [10, 7, 37]. However, the principal strains as a 
useful concept for describing the mechanical behavior of materials has not gained 
as much attention in this context [142]. Measuring of the principal strains is 
possible with methods other than STE/TDI, such as cardiac magnetic resonance 
imaging (CMR) [143]. On the other hand, acquiring the principle strain data from 
the processed DIC images is just a matter of choosing the ROI and exporting the 
data.   

Figure 28 shows the ɛ.(/ (a,c,e) and ɛ.01 (b, d, f) principal strains for the three 
surgeries. For each patient, the effect of repairs is clearly noticeable. In surgery 
#1(a,b) and #2 (b,c), the peak values of both ɛ.(/  and ɛ.01  decrease from the 
native to the post-CPB stage. The inotrope seems to slightly increase these values 

a 
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for both surgeries from the post-CPB stage to the inotrope. Unlike in the first two 
cases, in surgery #3 the repairs increase the peak values for ɛ.(/ (e) and ɛ.01(f), 
whereas the inotrope causes an increase in the peak values for both principal 
strains compared to the post-CPB stage.  

       a        b 

      c       d 

       e        f 

Figure 28. Surgery #1 a) maximum principal strain b) minimum principal strain, surgery #2 
c) maximum principal strain d) minimum principal strain, and surgery #3 e) maximum 

principal strain f) minimum principal strain. 



61 

 

6.4 Length of the displacement vector 

Vector length (𝑉%) tracks the movement of the individual subsets of the DIC 
image. Figure 29 shows the average of 𝑉% inside the ROI for three surgeries. In 
surgeries #1 and #2, the repairs lead to a ~50% reduction in the peak displacement 
vector length values. For surgery #3, the same drop is seen only in the first cardiac 
cycle of the post-CPB stage, while the rest of the cycles have approximately the 
same peak values as their counterparts in the native stage. The inotrope stage 
increases the length of the displacement vector for surgeries #1 and #2. In the 
former, the peak values of the length of the displacement vector after the inotrope 
are between the corresponding peak values obtained for the native and post-CPB 
stages. In surgery #2, the inotrope has the same effect on the measured values and 
except for the third cardiac cycle, the peak vector length value is similar as in the 
native stage. In surgery #3, the peak vector length values of the inotrope are close 
to the post-CPB and native stages, except for the first cycle of this stage. 
Compared to the longitudinal strain shown in Figure 25, the vector length seems 
better defined, more robust, and has less scatter in the peak values than the strain.    

      a       b        c 

Figure 29. Vector length as a function of time for a) surgery #1, b) surgery #2, and c) 
surgery #3. 

6.5 Characterization of the Anisotropy of the Deformation of the 
Right Ventricle 

As discussed in the Introduction, the anatomy of the heart is quite complex, with 
various parts with their own function and movements during the contraction and 
expansion of a heartbeat. Soft tissues and in general biomaterials experience non-
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uniform deformation. Furthermore, as the patients in a heart surgery are typically 
very sick, the movements and deformations of their heart can be rather 
unpredictable and very anisotropic. In this chapter, the strain of the heart is 
measured with the virtual extensometer placed at different locations and 
directions to quantify the anisotropic behavior of the heart. The importance of the 
location of the strain measurement is visualized in Figure 30. During the 
movement from the end of compression to full expansion (a to b), the deformation 
is rather uniform throughout the ROI. However, in the first frame after the full 
expansion (c), the strain field seems much more localized compared to (a). 
Consequently, the placement of the virtual extensometer can noticeably affect the 
strain measurements, depending on whether the end points are located in a 
location of high or low deformation values.  

 a  b  c 

Figure 30. The deformation heat map for one heartbeat cycle. 

Figure 31 shows three examples of strain in three different directions. The 
examples include the inotrope stage of surgery #1 (Figure 31a), the native stage 
of surgery #2 (Figure 31b), and the native stage of surgery #3 (Figure 31c). The 
strain values depend strongly on the direction. In Figure 31a, the longitudinal and 
45 degree directions have similar peak strain values for each cycle, but 
conversely, the peak strain values for the transverse direction are much higher 
than for the previous two directions. In this case the deformation of the heart is 
strongly anisotropic. In comparison, the strains in all three directions for the case 
shown in Figure 31b are more or less the same for each cycle, and the extension 
of the heart’s surface is almost isotropic across the ROI. In Figure 31c, the 
deformation is isotropic in two directions, i.e., the longitudinal and 45 degree 
directions. Interestingly, the duration of each cycle is slightly different for the 
transverse direction. For example, for the first cycle the strains in the longitudinal 
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and the 45 degree directions reach the peak strain value at around the 0.2s mark, 
whereas for the strain in the transverse direction, this point is located slightly after 
the 0.5s mark. Unlike in the first two cases, the strain in the transverse direction 
does not seem to be in phase with the strains in the other two directions, and in 
addition to the peak strain values, the shape of each cycle is vastly different.  

      a            b        c 

Figure 31. Strain as a function of time in three directions for a) the inotrope stage of surgery 
#1, b) the native stage of surgery #2, and c) the native stage of surgery #3. 

Depending on the patient`s physiological properties, there is more than just the 
right ventricle visible in the ROI of the DIC images. The DIC image in Figure 
23c contains the RV at the top of the image, and at least partially the right atrium 
(RA) in the lower section of the image. The strain at locations near or in the RA 
can be studied, as well as the strain across the RV by placing the virtual 
extensometer at different locations across the ROI. Figure 32 shows three 
examples of the strains obtained with the virtual extensometer from different 
locations of the ROI for the native stage of surgery #1 (Figure 32 a), the native 
stage of surgery #2 (Figure 32 b), and the inotrope stage of surgery #3 (Figure 32 
c). In Figure 32 a, the peak strain values decrease incrementally when moving 
from RV towards the upper sections of RA (from 1 to 4). This decrease is more 
severe when going from location #2 to location #3, almost to an extent that the 
ROI can be separated into two sections, the top half of the image with locations 
#1 and #2, and the lower half that contains locations #3 and #4. In Figure 32  b, 
the changes in the strains are rather peculiar: the peak strain values at locations 
#1 and #2 are positive, while they decrease from location #3 to location #4 and 
stay negative. This shows that the locations near/on the RV are going through a 
tensile deformation (expansion), while locations near RA are getting compressed 
(contraction). Finally, the deformations of the various locations across the ROI in  
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Figure 32c are more or less uniform, as the strain values for all four locations are 
almost similar. An exception is the third cycle, where the peak strain for location 
#4 is higher than the other three, showing that even during successive heartbeats 
the local deformation of the heart can suddenly change. It should be noted that 
the location where the longitudinal strain in Figure 31 was measured is 
somewhere between pos2 and pos3 in Figure 32  .  Consequently, the longitudinal 
strain shown in Figure 31b is slightly different from that shown in Figure 32b.  

     a          b       c 

 
Figure 32. Strain as a function of time at four locations across the ROI for a) the native stage 
of surgery #1, b) the native stage of surgery #2, and c) the inotrope stage of surgery #3  

6.6 Orthogonal Image Decomposition  

This Chapter presents the results of the orthogonal decomposition for a series of 
heat map images used to analyze the deformation of the heart. The deformation 
heat map images can be exported in various forms, for example, smoothed, non-
smoothed, or black and white, for numerous values, including the vector length, 
principal strains, etc., which were already introduced in the previous Chapters. 
To focus solely on the heat maps, the background image containing the RV was 
excluded, and the transparency of the heat map was turned off.  

 

Figure 33 shows a series of heat map images, where the colors indicate the length 
of the deformation vector. The example series covers one cardiac cycle for the 
native stage of surgery #1. The cyclic behavior of the RV is quite intuitive and 
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can be easily recognized by simply looking at how the colors change in each 
image during one heartbeat. 

  a  b c d e 

 
 

Figure 33. Deformation heat map images for one heartbeat. 

As discussed in Section 5.4, each image in Figure 33 can be decomposed into a 
set of vectors. The cyclic behavior of the heart means that at the end of each beat 
the heart returns close to its original shape and state. In other words, the reference 
image in each heartbeat (Figure 33a) has similar color distribution (i.e., 
deformations close to zero) as the last one of the set (Figure 33 e). Conversely, as 
the heart expands, the deformation heat maps will become increasingly different 
from the reference image, until reaching the maximum (Figure 33 c) and going 
back to the original state during contraction. This change in visual similarity of 
deformation heat maps during each cycle can be quantified by calculating the 
Euclidian distance (Equation 8) between the decomposed vectors of each image. 
The following example shows how the decomposition process is carried for the 
deformation heat maps of the heart shown in Figure 33. The images in Figure 
33a, b, and c are decomposed into the shape descriptor vectors, and the 
components of the vectors are shown in Figure 34. 

Figure 33 a corresponds to the maximum expansion and is used as the reference 
image. The shape descriptors the reference image and the images shown in Figure 
33b and 33c are shown as a bar diagrams in Figure 34. For all images, the first 
shape descriptor has the highest value. For the reference images (Figure 34a) the 
highest coefficient value is approximately 0.13, and the same coefficient for the 
following images are 0.27 and 0.45.  The Euclidian distance between the 
reference image and the consequent images can simply be calculated from the 
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shape descriptor vectors using Equation 8. Figure 35 shows the Euclidian distance 
obtained for the images shown in Figure 33. 

   

Figure 34. The shape descriptor bar chart for the deformation heat map images 
of a,b and c shown in Figure 33. 

 
Figure 35. Euclidian distance between the reference image (Figure 33a) and the 

consecutive images in  

6.6.1 Image type 

The heat map images of deformation can be created with various color schemes, 
which can contain a limited selection of colors, the full 256 color spectrum, or 
only various shades of grey. Figure 36 shows the color schemes used in this 
section.  
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Figure 36. The two deformation heat map color schemes used in this study. 

Figure 37 shows two examples of the effect of image type on the Euclidian 
distances as a function of image number. In both Figures, the peak of each cycle 
is higher for the greyscale images compared to their raw and smoothed 
counterparts. In Figure 37a, this difference is more pronounced, whereas in 
Figure 37b all the three image formats produce the more or less same result. 
Overall, the greyscale images as a source seem somewhat more sensitive to the 
detection of small changes in the deformation images and behavior of the RV. 
Still the shape of the Euclidian distance plot for the different image sources stays 
constant throughout the four heartbeats. 

       a         b 

Figure 37. Euclidian distance as a function of image number for raw, smoothed, and 
greyscale images for a) the native stage of surgery #1 and b) the inotrope stage of surgery 

#3. 
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6.6.2 Effect of the number of shape descriptors 

The orthogonal decomposition process involves the number of coefficients that 
are used to describe the image. Increasing the number of shape descriptors 
increases the accuracy of the decomposition, but the increase in accuracy 
saturates above a certain number of shape descriptors and consequently, 
increasing the number of coefficients over this value only leads to longer 
processing times without any benefits in the accuracy of the decomposition 
results.  

According to the examples shown in Figure 38, the increase in the number of 
coefficients from 21 to 221 is accompanied by an increase in the peak Euclidian 
distance values for each cycle. There are differences in how the peak Euclidian 
distance values change as the number of coefficients changes. In Figure 38a, the 
peak values for 121 and 221 coefficients are identical, but the peak values for 121 
coefficients are slightly higher than for 221 in Figure 38b.  Regardless of these 
small differences, it can be concluded that 121 coefficients is a good threshold 
for the decomposition of the DIC heat map images for the objects of this study, 
after which no distinguishable change is observed in the Euclidian distance 
values. The accuracy of the decomposition process (Er value) also changes as the 
number of coefficients changes. The maximum Er value decreases as the number 
of coefficients increases, but the Er values are not strictly constant for all images 
in a series. For two coefficients, the maximum Er is ~0.4. This number decreases 
when the number of coefficients increases to 221, reaching ~0.1.  

        a         b 

Figure 38. Euclidean distance as a function of image number for various coefficient 
numbers for a) the inotrope stage of surgery #1 and b) the post-CPB stage of surgery #2. 
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6.6.3 Comparison of the Euclidian distance and longitudinal strain  

Figure 39 shows the Euclidian distance (a, c, e) and the longitudinal strain (b, d, 
f) for each stage of the three surgeries. In general, when the Euclidian distance 
plots are compared with their strain data counterparts, the former are more 
consistent both in terms of the shape of the plot for each cardiac cycle and their 
peak values. In comparison, the strain plots vary in terms of cycle shape and peak 
values from case to case and stage to stage. For example, the strain plot for the 
post-CPB stage of surgery #2 (d) shows a noticeable increase in the peak strain 
value in the third cycle, whereas the Euclidian distance plots are much more 
consistent both in shape and peak value in each cycle. Surgery #2 is where the 
difference between the Euclidian distance and the strain data becomes very 
noticeable. While the Euclidian distance for all three stages (c) is very well 
defined and consistent, the strains (d) vary widely in shape and peak value from 
one cycle to another. For example, the post-CPB cycles start from less than 3% 
and increase to about 10% in the mid-section. In surgery #3, the trend between 
the Euclidian distance (e) and strain data (f) is reversed for the inotrope stage, as 
the former varies in both shape and peak values from one cycle to another. Apart 
from this exception, both the native and post-CPB stages are rather stable in each 
cycle. 

The repairs of the heart and the inotrope do not create a similar response in the 
measured Euclidian distance and the strain data. For surgery #1, the repairs lead 
to a drop in the peak Euclidian distance values from the native to the post-CPB 
stage. This behavior is seen only in the two mid-cycles of the strain data for the 
same surgery (b). The inotrope leads to the recovery of the peak Euclidian values 
to roughly the same values that were observed for the native stage, whereas in the 
strain data the peak strain values drop even further. Similar behavior is seen for 
surgery #2: a drop in the Euclidian distance peak values (c) after the repairs and 
recovery to the native stage after the inotrope. The strains (d) are also similar to 
surgery #1, however, the drop from the post-CPB to the inotrope stage is much 
more severe. The peak Euclidean distance values for surgery #3 (e) decrease from 
the native to the post-CPB stage, although this drop is more intense at about 50%. 
In the same manner, the inotrope increases the peak Euclidian distance near the 
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original native stage in three of the four cycles. Like in surgery #1 and #2, no 
direct relation is observed between the Euclidian distance (e) and strain data (f) 
for the surgery #3.  

      a        b 

      c        d 

       e        f 

Figure 39. a) Euclidian distance  and b) Strain distance as a function of time for surgery #1, 
c) Euclidian distance  and d) Strain as a function of time for surgery #2, and e) Euclidian 

distance  and f) Strain as a function of time for surgery #3.  

6.6.4 Quantifying the effect of the surgical repairs using Euclidian distance 

A similar concept as used in the previous sections can be used to quantify the 
difference in the movement and deformations of the heart between the native and 
post-CPB stages of the surgery. The idea is simply to compare the images 
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obtained from the native stage to the images of the heartbeat in the post-CPB 
stage in order to quantify the differences in the motion and deformation of the 
heart between these two stages. This was done by calculating the Euclidian 
distance between the first image of the heartbeat of the native stage and the first 
image of the heartbeat of the post-CPB stage, and continuing the comparison of 
the images throughout the time series. However, the heartbeat can vary between 
the two stages, and also the imaging frequency might change slightly from one 
image series to the next one. Consequently, the number of images at each stage 
varies. As an example, the native stage of surgery #1 consists of 32 images, 
whereas the post-CPB has 68 images in total. Thus, the stage with the highest 
value had to be reduced by first choosing the start, end, and peak value for each 
cycle. Next, the extra images were discarded from the stage with the largest 
number of images until the cycles to be compared contained the same exact 
number of images. Figure 40 shows the results of this process for three surgeries. 
The Euclidian distance value between each pair of images tells how different 
these images are from one another. In other words, calculating the Euclidian 
distance between each image pair of the native and post-CPB stages shows how 
much the deformation of the heart has changed due to the influence of the repairs. 
Obviously, the higher the value, the larger is the change in the deformation of the 
heart from the native to the post-CPB stage. It is quite obvious that the first 
images, where the heat map image has no deformation and only one color, is very 
similar for the native and the post-CPB stages, and therefore the Euclidian 
distance starts from essentially zero and then increases as the difference between 
the images becomes more evident. 

      a       b       c 

Figure 40. Euclidian distance between the native and post-CPB stages as a 
function of image number for a) surgery #1, b) surgery #2, and c) surgery #3.  
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7  DISCUSSION 

As a new method for the analysis of the deformation of the right ventricle, the 
DIC measurements needed to be compared to the more stablished methods 
already in use. Unfortunately, only two patients were successfully imaged with 
both DIC and STE methods, due to various technical reasons and refusal of 
certain patients to participate in the study. The longitudinal strain measurements 
obtained with DIC and STE did not compare too well for surgery #1 and #2.  The 
peak strains and the overall shapes of the strain vs. time plots for individual cycles 
were somewhat different for the DIC and STE measurements. However, this 
should not be interpreted as an unreliability or unfeasibility of the DIC strain 
measurements. First and foremost, the location and direction of the measurements 
were not exactly the same between these two methods, and it was essentially 
impossible to control or measure precisely the direction during the in-vivo 
experiments. Even though great care was taken to make sure that the directions 
of strain measurement across the RV were as parallel as possible, the directions 
were still not exactly the same. Furthermore, the misalignment angle remained 
unknown. As for the location, the placement of the two end points of the virtual 
extensometer can greatly affect the DIC strain measurements, as will be discussed 
in more details later on. In brief, changes in the direction and/or location of the 
DIC strain measurement can have a significant impact on the peak strain values. 
All this, in addition to the inherent errors and uncertainties of both methods, 
means that the peak strain values measured by DIC and STE should not be 
compared as absolute values. Furthermore, the lack of direct correlation between 
the measurements with these two methods is not really of overall importance. As 
a matter of fact, in the field of myocardium deformation the analysis mostly relies 
on the trends and changes and not the absolute values. According to [144], the 
peak strain values vary significantly based on the respiration cycle. The STE 
results are therefore typically obtained when the patient exhales. However, for 
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the DIC measurement the respiration cycle was not known, and it was not possible 
to synchronize the image acquisition with the patient’s exhaling.  

7.1 Comparison of DIC and STE strain measurements 

Taking all of the above into account, it would be interesting to compare the 
change in the average peak strains between the native and post-CPB stages.  
Equation 11 presents a simple normalization of the peak amplitude values, where 
	𝜀!"# the average peak strain amplitude of 3-4 heart beats for the native and wean 
stages. The parameter  𝜆$ can be used to quantify how the surgical repairs affect 
the elongation of the RV. The ratio of the peak strains will also facilitate the 
comparison of the STE and DIC measurements.   

𝜆+ = 5234&,526	+*+,
8(&0)9	+*+,

6     (11) 

Table 3. Average peak strain (ɛavg) and strain amplitude values (𝝀𝜺) of four heartbeats for 
surgery #1 and #2, and the same values of three heartbeats for the STE measurement. 

 Stage DIC 
longitudinal 

STE 

Surgery 1 

Native strain (%) -9.5±1.6 -15±1.61 

Post-CPB strain (%) -9.3±1.4 -13.3 ±1.23 

𝝀𝜺 0.97 0.89 

Surgery 2 

Native strain (%) -19.5±2.9 -15.1±0.73 

Post-CPB strain (%) -9.1±2.5 -7.7±1.4 

𝝀𝜺 0.47 0.5 

Table 3 shows the average longitudinal peak strains and the 𝜆+-ratio for both 
surgeries. The average peak strains are not similar, as could be expected. 
However, when the effect of the repairs on the RV is considered, for the first 
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patient the 𝜆+ –ratio of the DIC measurements is 0.97, and 0.89 for the STE 
measurements. The corresponding values for the second patient are 0.47 and 0.5. 
That means that the relative changes in the longitudinal strains determined with 
the STE and DIC methods are within 10% of each other. In other words, both 
methods show that after the repairs the peak strain values are on the average 
smaller in the post-CPB stage as compared to the native stage, and that the relative 
changes obtained with both methods are well comparable.  

7.2 Advantages of DIC  

DIC is capable of measuring much more than just the longitudinal strain. Many 
other quantities are only available with the DIC measurements, or are difficult to 
measure for example with STE. Among these values are the principal strains that 
have been the focus of some studies with the cardiovascular magnetic resonance 
imaging (CMR) method [145] and MRI [146]. Among the objects of this study, 
as far as the effects of various stages of the surgery on the measured values are 
concerned, the principal strain data does not fully resemble the longitudinal strain 
measurement. This shows that there is potential for the principal strains to provide 
additional information about the myocardial deformation that might not be seen 
in the longitudinal strain measurement data. Furthermore, the direction 
independent nature of the principal strains can be invaluable as well. The 
physiological differences between individual patients and especially the physical 
placement of the heart inside the chest, as well as the angle of the imaging setup 
all make it challenging to choose a specific direction for the strain measurements, 
for example based on the X-ray images seen in Figure 23a. The use of principal 
strains could also eliminate the uncertainty of choosing the correct direction for 
the strain measurement, which will be discussed later. Unlike the strain or the 
principal strain, the lengths of the displacement vectors are much more consistent 
during each cycle. This includes both the general shape of the cycles, as well as 
the change in the peak values from one cycle to another. As discussed in Section 
6.5, the clear effect of the surgical repairs and the drug injection is noticeable in 
the vector length plots in at least two cases.  
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The principal strains and vector lengths are just two examples of the relevant DIC 
quantities that are convenient to extract from the analysis of the recorded images. 
The monitoring and evaluating of the myocardial deformation is a constantly 
evolving process. As an example, the ejection fraction, which is the percentage 
of blood ejected during contraction (EF), used to be considered the golden 
standard as a prognosis tool for the cardiac events. However, the later studies 
have shown that at least in some specific cases of heart failure (patients with 
diabetes or high blood pressure) it was the longitudinal strain that revealed clearly 
the deterioration of the function of the heart [147], even if the EF levels didn’t 
change. Consequently, there are many DIC based quantities that should be 
explored in more details in order to discover if and how they relate to any 
myocardial dysfunction.  

As discussed in Chapter 3, one of the major advantages of STE over TDI is its 
ability to measure deformation much more broadly at different locations and in 
various directions. These benefits have already been proven, and the technique is 
used in the analysis of myocardial deformation on a regular basis. The STE 
measurements are carried out in various directions across the LV/RV 
(longitudinal, circumferential and radial). Furthermore, the target section can be 
divided into individual segments, and the strain measurements can to some extent 
be spatially resolved and presented for each section separately [49, 148]. By 
taking a similar approach with DIC, the strains were measured in various 
directions and locations across the heart. The measurement results clearly 
demonstrated the anisotropic nature of the RV deformations, as well as the effect 
of the surgical repairs on the anisotropy. It was clearly demonstrated that both the 
location and the direction of the strain measurements influence the outcome of 
the measurement. In fact, for one of the studied patients (surgery #1), the 
longitudinal 	𝜀()* in the native stage was 9.5% and in the post-CPB stage 9.3%, 
thus showing very little change. However, the transverse strain changed from 
9.5% in the native stage to 13.6 % in the post-CPB stage. Therefore, the 
longitudinal strain would indicate practically no changes, while the transverse 
strain implies a considerable change. The anisotropic behavior of the heart seems 
to be an important factor, and the longitudinal strain alone may not always be 
enough to describe the full mechanical function of the RV. The importance of 



76 

 

measuring the myocardial deformation in various directions and spatially 
resolving the deformation necessitates the development of methods like STE in 
the medical imaging field.  

7.3 Advantages of deformation heatmap decomposition  

While DIC can measure full field deformations, there are still several (practical) 
concerns: how does one choose the location and direction of the strain 
measurements to have the best clinical relevance for this particular patient, and 
how this could be done systematically for patients whose hearts do not function 
‘normally’ and each patient must be somehow individually treated? Even if the 
segmentation of the RV was carried out, what would be the optimal location of 
the two end points of the virtual extensometer, or from where exactly one would 
obtain the average strain? The end points of the VE might be placed in the 
sections of the ROI where high noise/error will emerge in the subsequent images 
of the series, introducing errors in the final deformation data. In short, each ROI 
consists of very high number of pixels and their individual movement during 
deformation, which all can be presented with the aid of the deformation heat map 
images presented in Section 5.3. In fact, it is quite difficult to analyze all that data 
for example by averaging smaller sections of the ROI, or by using local virtual 
extensometer(s) without losing a lot of potentially valuable data. Consequently, 
the orthogonal decomposition was used on the objects of this study as a tried and 
already proven method for quantifying deformation. 

The most striking feature and benefit of the Euclidian distance plots in the cases 
presented in this thesis is how well defined they are in each cycle regardless of 
the decomposition parameters (number of coefficients, deformation image type), 
as shown in Section 6.7. The shape of the plots is practically the same from one 
cycle to another, and the peak value of each cycle stays relatively the same in 
most of the cases. This behavior is similar to the vector length plots presented in 
Section 6.5. The Euclidian distance plots are well defined and without 
irregularities, even in the cases where the plots of strain as a function of time are 
highly irregular with vastly different peak values and shapes in each cycle, as for 
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example in the inotrope stage of surgery #2. This observation holds true 
regardless of the decomposition parameters. The overall shape of the Euclidian 
distance plots for different cycles does not change, in spite of the different values 
for different color schemes of the input images, or the number of coefficients used 
in the decomposition process. The change in the color schemes has the smallest 
effect on the peak values of each cycle, in most cases barely having any noticeable 
effect. The change in the number of the coefficients shows a more pronounced 
effect on the peak values of the cycles, especially when a lower number of 
coefficients is used. However, the shape of the cycles stays relatively the same in 
all cases. It was also shown that the trends and changes are more important than 
the absolute values of the peak values of the Euclidian distance. The decrease in 
the reconstruction errors with the increase in the number of coefficients may also 
not be an important factor since the general shape of the Euclidian distance plots 
do not change significantly. In other words, as long as the general trends in the 
plots are observable, the results could be useful even with non-optimal parameters 
and based on rather low quality deformation heat map images.  

The effects of repairs are also observed in the Euclidian distance plots. As shown 
in Section 6.7.2, a clear reduction in the peak values is seen in each case (i.e., 
each patient) with varying intensities. This is in line with both STE and DIC 
strains of surgery #1 and surgery #2.  As to the effect of drug injection (inotrope 
stage), in general it should improve the function of the heart, and the strains and 
other quantities should be closer to those observed in the native stage. This is 
observed in the STE strain data but not so clearly and repeatedly in the DIC strain 
data. It is, however, interesting that the peak values of the Euclidian distance plots 
are roughly the same in the native stage and after the drug injection in the inotrope 
stage. The Euclidian distance obtained from the images of surgery #3 are different 
from the Euclidian distances of the two other cases. The strain plots for surgery 
#1 and surgery #2 follow the same trend and the peak values increase from the 
native to the post-CPB stage, while the Euclidian distance plots are different in 
that the peak values decrease for the post-CPB stage. This difference is another 
indication of how sophisticated the myocardial deformation is, and how the 
localized strain can be vastly different from the deformation of the entire ROI 
represented by the Euclidian distance calculations.  
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The image decomposition and the Euclidian distance have the potential to be used 
as a more in-depth comparison tool. As shown in Section 6.7.3, the effect of the 
repairs on the deformation of the RV can be quantified as the Euclidian distance 
between each deformation heat map image of the native and post-CPB sequences. 
Since the Euclidian distances of the decomposed images describe the absolute 
difference between the images of the two stages, each point of Figure 40 shows 
how the deformation and movement of the RV differs from one stage to the other. 
This can be expanded into a comparison method between various stages of each 
surgery, or even comparing the RV deformation of two different patients. After 
all, many cardiac prognoses depend on assessing the change in the deformation 
of the heart, or comparison of the deformations [149, 150, 151]. However, one 
must remember that the difference between the images is described by a scalar 
number, and therefore it is not obvious whether the Euclidian distance indicates 
an increase or decrease in the function of the heart. For example, the Euclidian 
distance between the images of a heartbeat in the native and post-CPB stages 
would be a positive number, although it is very likely that the function of the heart 
is worse after the weaning from the cardiopulmonary bypass [152]. Likewise, the 
Euclidian distance would be a positive number when calculated by comparing the 
images from the post-CPB and inotrope stages, where most likely the function 
and mobility of the heart would be improved [153, 154]. Therefore, the 
comparison of the function of the heart between two image sets should not be 
carried out using solely the Euclidian distance. 

Finally, there is a small technical challenge in using the Euclidian distance for the 
comparison of two different sets of images. The heart rate can be different in 
different stages and for different patients. The heart rate may even change during 
the image acquisition. This can result in a different number of images of each 
cycle/stage/patient, which makes the calculation of the Euclidian distance 
difficult. A rather crude method to overcome this problem is to discard the excess 
images from the longer sequence. This will have the unintended consequence of 
the images not being directly from the same myocardial state. To lessen the 
impact of this problem, the peak value of each sequence can be kept as the 
reference, and the images around these peaks be ‘trimmed’ for the longer version.  
However, a better and more appropriate solution to the problem would be the use 
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of synchronized image acquisition and, for example, ECG-gated triggering of the 
imaging. 

7.4 Obstacles and challenges  

Figure 41 shows three examples of how the lighting and texture of the ROI affect 
the DIC analysis. As discussed in detail in Section 5, there are a few challenges 
to overcome when operating the DIC setup in the restricted environment of an 
operation room during an open-heart surgery. Most of them come from the 
limited access to the surface of the heart and the lighting conditions. The lack of 
suitable lighting and the non-optimal speckle patterns on the imaged objects can 
result in analyses that are plagued by high reconstruction errors and erroneous 
correlations. Figure 41a and 40b show the post-CPB heat maps for the stereo 
reconstruction error at the onset of diastole and end diastole in the surgery on  Jan 
18, 2017. In Figure 41a, the stereo reconstruction error is relatively small and 
increases only slightly at some localized sections in Figure 41b. Additionally, the 
correlation of the subsets in the successive images relative to the reference image 
seems to hold up rather well, showing no loss in the area of the analyzed section. 
Figure 41c shows the region of interest (ROI) without any overlays. The overall 
shape of the heart with the pattern applied by the surgeons and the lack of any 
intense glare seem to have facilitated a good analysis and correlation process. 
Figure 41d thru 40f show an example of the effect of non-optimal parameters in 
the Jan 24, 2017 surgery. The processed area is not uniform and sections of the 
ROI are completely devoid of data. As the heart expands to the end diastole stage 
(from Figure 41d to Figure 41e), the reconstruction error values start to increase 
and high error locations across the analyzed area are formed, reaching values 
exceeding eight on the edges. The reason for that high levels of errors and the 
lack of full correlation becomes clear by looking at Figure 41e:  the surface of the 
heart seems much smoother compared to Figure 41d, lacking any usable texture. 
Additionally, the pattern applied by the surgeon is much rougher and completely 
absent in some sections, such as on the right side of the images. Moreover, there 
is a rather large section of the ROI, which is fully obscured by the glare from the 
surgery lights, masking the underlying surface and patterning.  Finally, Figure 

b 



80 

 

41g through 40i show an example of good correlation with a slightly increased 
stereo reconstruction error (taken from surgery on May 30, 2016). When moving 
from Figure 41g to 40h, localized sections of high reconstruction error are 
observed to form in the ROI. The highest error values are found at the edges of 
the analyzed region, which are typical regions for high errors especially when the 
subset/step size is too large. The surface pattern of the heart seen in Figure 41i 
looks quite regular, although the density of the pattern is rather low. This, together 
with the lack of any natural pattern, is the evident reason for the formation of the 
regions of high reconstruction errors in this particular case.  

 a  b  c 

 d  e  f 

 g  h  i 

Figure 41. Stereo reconstruction error heat map for: 
a) the onset of diastole, b) the end of diastole, and c) image of the heart Jan 18, 2017 surgery 
d) the onset of diastole, e) the end of diastole, and f) image of the heart  Jan 24, 2017 surgery  

d 
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g) the onset of diastole, h) the end of diastole, and i) image of the heart  May 30, 2016 surgery 

Another challenge is carrying the uncertainty quantification [95, 155]. The initial 
calibration of the cameras was based on the estimation of the height of the 
patient`s chest and the Z = 0 plane was transferred to the surface of the heart. This 
is of course, not accurate and possibly resulted in changes in the distance of the 
cameras to the heart when the surgery was underway. Furthermore, the lighting 
condition of the heart was changed from the calibration step since the surgeons 
often manipulated the lights during the operation. Even if the test parameters are 
kept constant, the process for noise floor detection requires static images with 
rigid and rotational movements (4.3.1), which are obviously not possible during 
the open heart surgery.  

Finally, the medical relevance and limitations of the proposed methodology are 
discussed here briefly, although the exact evaluation and especially the case-by-
case correlation of the deformation quantities and the Euclidian distance with the 
known condition of the patient and the extent of the surgical repairs is still part 
of the ongoing work. These aspects will be described in detail in the manuscript 
currently under preparation by the collaborating medical staff at Tampere 
University Hospital.  

The interventricular wall, or the septum, generates a considerable portion of the 
right ventricle’s ejection energy. Therefore, the obtained displacement and 
deformation data of the right ventricle always includes also the motion due to 
interaction with the left ventricle and the atria, as well as the interaction with the 
lungs. In other words, the motion of the outer surface of the right ventricle is a 
superimposition of “rigid body movements” (translational, rotational) and the 
contraction activity of the left ventricle. Additionally, the respiration of the 
patient during the surgery leads to a slight modulation movement of the heart 
towards and away from the cameras. Although the stereo DIC system is not as 
sensitive to out-of-plane motion as a 2D DIC system, this may introduce slight 
errors in the generated results [156]. In the translation vector based time series 
data, the movement manifests itself as an amplitude modulation following the 
frequency of the respiration cycle. Because the optical photography and DIC can 
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detect only the movements of the outer surface of the heart, the correlation 
between the measured RV deformation and the heart’s true capability to pump 
blood into the circulation cannot be precisely determined. 

As described previously, the surface of the heart is covered by a layer of fat. This 
epicardial fat layer has different biomechanical properties compared to the 
myocardium. However, due it’s relatively small thickness of a few millimeters 
[157], the movement of this fat layer is very close to the movement of the 
underlying tissue. The fat layer, however, will limit the resolution of the strain 
measurements of the myocardium, but as the required resolution is rather low, it 
is safe to assume that the errors introduced by the epicardial fat layer are 
manageable. Most importantly, in the clinical use the DIC measurements would 
always be compared to the native stage of the same patient, so any errors due to 
the epicardial fat layer would not affect the comparison of the patient’s condition 
during the later stages of the surgery. A bigger limitation is actually the contrast 
pattern, which limits the spatial resolution in the clinical setting (with the setup 
used in this work) to a few independent measurements per millimeter or less, 
which is rather low compared to what can be achieved in a laboratory setting. 
Because of these limitations, most values that can be obtained with DIC are 
actually averages over larger areas, and for example the exact location of a poorly 
functioning section of the heart can only be identified with a resolution of some 
millimeters. 

The visible area of the heart that is accessible for the DIC measurement is only a 
portion of the full surface of the heart, and therefore the measured strains do not 
cover the whole ventricle. However, this limitation is not very significant for the 
effective clinical use of the method. Recent studies have shown [158, 159, 160] 
that very localized strain measurements focusing only on the small region over 
the annulus, or the area where the tricuspid valve attaches to the myocardium, is 
enough to predict the ejection fraction of the right ventricle. Even a limited view 
is therefore usually enough to characterize the systolic function of the right 
ventricle. The situation is quite similar to the ultrasonic speckle tracking, where 
the longitudinal strains are measured from several centimeters long segments of 
the heart depending on the overall size of the ventricle. Consequently, the section 
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of the heart used for the strain measurements with DIC is well comparable to the 
other and more established methods. 

The use of the whole area of interest, or the full field data covering the entire 
ventricle, for the calculation of the Euclidian distance describes the average 
functioning, movement, and deformations of the selected area of the heart. The 
Euclidian distance does not describe the local deformation and it should not be 
used for trying to identify the locations of the possible problems in the 
myocardium. The robustness of the process for obtaining the Euclidian distance, 
however, makes it very useful for describing the general functionality of the heart 
and allows for the comparison of the Euclidian distances calculated for other 
similar parameters, for example the hemodynamics of the patient which also 
describes the general condition of the patient’s heart. For the clinical use, the 
Euclidian distance could be used to indicate the absolute changes in the 
functionality of the heart as a ‘differential’ analysis tool. As described earlier, the 
images of two heartbeats can be compared to each other so that the difference in 
the movements of the heart during the two heartbeats is quantified using the 
Euclidian distance. The Euclidian distances of the images taken from two 
heartbeats will describe how much the mechanical functionality of the heart has 
changed due to, for example, the surgical repairs or due to the administered 
medicine. If a reliable correlation between the Euclidian distance and other 
medical indicators can be established, the Euclidian distance could be used as an 
online index describing the mechanical responsiveness and mechanical 
functionality of the RV. This, however, requires more work and needs to be 
confirmed with a broader number of patients than used in this work, only aiming 
at demonstrating the feasibility of the new image analysis methodology.  
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8 SUMMARY AND RESEARCH QUESTIONS 
REVISITED 

The main goal of this thesis was the application of Digital Image Correlation as 
a contactless method to measure the movement and deformation of the right 
ventricle (RV) of the heart. This is possible because the heart is physically and 
visibly accessible during the open-heart surgery. The application of DIC during 
the operation presented several practical and ethical challenges. A suitable 
process for patterning the heart was chosen so not to interfere with the surgery 
while being non-toxic and non-harmful to the patient. Furthermore, a section of 
the operation room overlooking the patient`s chest and far enough from the sterile 
environment around the surgery table was chosen for the placement of the digital 
cameras. The functionality and safety of the setting was first assessed together 
with the medical staff. This information was then used to acquire a permit, 
detailing the process of image patterning, image acquisition, and data 
management. The image acquisition was conducted in three sets (May/Jun 2016, 
January 2017, and April 2017). The first set was focused on streamlining the 
image acquisition process and analysis of the data. The image acquisition 
involved choosing the best calibration steps, lighting, and focusing of the 
cameras. For the analysis, various variables such as the subset and step sizes were 
tested alongside various processing methods to obtain a combination that would 
facilitate the most accurate and complete analysis of the images. The rest of the 
surgeries were imaged using these optimized parameters. The next set was 
focused on demonstrating the deformation and motion of the heart using various 
data types acquired from the DIC analysis, such as longitudinal strain, principal 
strain, and vector length. This step revealed how the deformation of the heart can 
be characterized using the values that can be extracted from the DIC. In the next 
step, the DIC image acquisition and STE measurements were conducted 
simultaneously and the data from both methods were compared to see how they 
relate. Following this comparison, the ability of DIC to measure the deformation 
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across any direction/location was used to characterize the anisotropic nature of 
the heart’s deformation. The results showed that using only one direction may 
lead to wrong conclusions. The deformation of the heart is not uniform across its 
entire surface, the fact that is overemphasized by the problems of sick patients 
that necessitated the surgery in the first place. Furthermore, the anisotropy of the 
heart’s deformation can even increase in the latter stages of the surgery. Overall, 
it became obvious that a comprehensive picture of the heart’s deformation is not 
possible to obtain only with the use of a virtual extensometer, or at best by 
averaging over a limited area across the visible surface of the heart. Consequently, 
a mathematical method was adopted to describe the deformation of the heart in 
its entirety. This method uses orthogonal decomposition to simplify the images 
(here, deformation heat maps) into the so-called shape descriptor vectors. By 
calculating the Euclidian distance between the vectors of two deformation heat 
map images, the difference between them can be simplified into a single value. 
This makes it possible to numerically compare the deformation state of the heart 
under various conditions.  

The novel scientific contributions of this work can be summarized as follows: 

• The use of DIC during open-heart surgery, alongside with conventional 
echocardiography methods (TDI, STE), was demonstrated and validated 
for the measurement of the deformation of the right ventricle (RV) of the 
heart. The results from DIC and STE/TDI were shown to be well 
comparable, except for the fact that DIC appears to possess great potential 
to provide even much more comprehensive information of the myocardial 
deformation relatively easily.  

• The anisotropy of the myocardial deformation was demonstrated by using 
the ability of DIC to measure deformation over any direction/location 
across the ROI. This indicates that relying on the measurement of 
deformation only from a limited section of the heart involves a risk of 
non-comprehensive and erroneous understanding of how the heart 
deforms during its functions.  

• Motivated by the observed sensitivity of the heart’s deformation to the 
location and/or direction of the measurement, a novel method of image 
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decomposition was used to ‘squeeze’ the deformation of the entire region 
of interest into a single vector value. This vector value can then be used 
to compare the various stages of heart’s deformation in a simple 
quantifiable manner, using basically all the information contained in the 
deformation heat maps acquired from the DIC analysis.  
 

In Chapter 2, altogether four specific research questions were presented for this 
thesis. Many aspects to these questions have already been discussed in the 
previous Chapters, but in order to formally fulfill the requirements for the 
doctoral dissertation, each of the research questions is once more revisited and 
answered in the following. 

1) How comparable are the deformation results acquired using DIC and 
STE?  
With some exceptions, the strain and strain rate measurement values 
appeared to be dissimilar for DIC and STE. As far as the strain rate is 
concerned, the difference between DIC and STE can be related to the 
difference in the image acquisition rates, i.e., the DIC measurements in 
this thesis were conducted at acquisition rates that were less than half of 
those of STE. Therefore, the changes between the successive strain values 
in the DIC measurements are larger, which translates into more sudden 
jumps and drops in the strain rate values. Also, when the absolute values 
measured with DIC and STE are compared, there appears to be no direct 
correlation. However, the STE and DIC results only differ by 10% if the 
average values of peak strains at each cycle are taken into account. This 
difference, and also the overall difference between the DIC and STE 
measurements, can be explained by the differences in the selection of the 
locations for the data acquisition between the two methods. Furthermore, 
the high sensitivity of heart’s deformation to the location of strain 
measurement further reasserts this observation.   
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2) What are the potential advantages of using DIC in monitoring the 
deformation of RV compared to the more traditional echocardiography 
methods? 
Although the DIC measurements usually require advance patterning of 
the object, i.e., some sort of physical contact with the object, the actual 
imaging (or measurement) will be fully contactless, which is of utmost 
importance especially when the object is the surface of a (living) heart. 
The method is also extremely flexible, as the cameras can be placed 
basically at any place or (reasonable) distance from the patient`s chest, as 
long as the lenses provide a good view of the heart. Although the setup 
used in this study relied on offline analysis after the surgery, there are 
DIC hardware that can provide live strain values from the ongoing event. 
This has immense potential in the medical applications, as the operating 
staff can monitor for example the functions of the heart online (live) 
during the surgery. Another advantage of DIC is that unlike 
echocardiography, the process of acquiring data is not user dependent and 
does not require special skills from the operator. The echocardiography 
technicians undergo intense training and need experience and even then, 
the process of data extraction and analysis is highly subjective to each 
individual and the equipment used. With the advances in the field of 
digital image correlation, there are many commercial DIC manufacturers 
who provide easy-to-use hardware streamlined for particular processes, 
which means that many individuals can conduct the measurements and 
data analysis with small effort and minimal training. DIC can also provide 
additional data types that are not typically or easily obtainable with 
conventional echocardiography methods. In a similar manner, with DIC 
the deformation can be measured in any direction/location across the 
heart without any extra efforts which, considering that the deformation of 
the heart is highly sophisticated and anisotropic, is a very important 
additional capability of DIC.  
 

3) What are the practical, technical, and ethical limitations of the DIC 
measurements in the clinical setting, and how can they be overcome? 
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The main practical challenge is the lack of a suitable pattern to be used 
on the visible surface of the heart. Although not optimal, the use of a non-
toxic medical marker seems to be the fastest, easiest, and safest method 
of patterning the surface of the heart. With some additional knowledge 
and practice, the medical staff should be able to apply adequate patterns 
on the surface of the heart. The deterioration of the pattern in the latter 
stages of the surgery, when the heart is manipulated physically during the 
repairs, is another challenge. Although it requires some extra work and 
time, at least in principle this problem can be mitigated by re-applying 
the pattern before each image acquisition. Regarding the environment, a 
challenge is the lack of control over the lighting condition of the operation 
room. Although the satellite lights located above the surgery table provide 
more than enough light, they are routinely moved during the surgery. 
Consequently, the contrast of the images may change too much and 
hamper the further DIC analysis. A basically easy way to overcome this 
problem would be to provide the operation room with a set of extra lights 
that are permanently fixed in their place. A further complication is that it 
is not always possible to place the calibration plate in advance in the exact 
(coming) location of the heart, which may lead to non-optimal focus as 
the distance between the heart and the cameras might be different. 
Furthermore, obviously it is not possible to take steps which involve 
rotation and rigid movement of the specimen for noise floor calculation 
and lens error evaluation. This challenge can be overcome by using DIC 
hardware that has cameras contained in housings at fixed camera 
locations. These systems can be calibrated outside the test environment, 
and the only variable in using them is the distance between the entire 
setup and the object, which does not otherwise affect the system 
calibration.  
 

4) How the full deformation field image data be used quantitatively to 
analyze the movements and deformation of the heart?  
The capability of DIC for measuring deformation in any 
direction/location fits well with the deformation of the heart, which is 
highly anisotropic and sensitive to the physical location of the data 
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measurement. Acquisition of the deformation data from various locations 
separately is time consuming and tedious, with the added risk of missing 
valuable and relevant data. Consequently, the full deformation field 
images, or heat map images, are a good alternative for studying the 
overall deformation of the ROI. While visual examination of these images 
can give a general sense of the deformation, it is obviously not precise 
and cannot be quantitatively used for comparing two (or more) 
deformation heat map images. This is where the orthogonal 
decomposition process of images proves its usefulness. The enormous 
data contained in each deformation heat map image (every single pixel) 
can be condensed into a vector of nth degree (the so-called shape 
descriptor vectors), depending on the decomposition process parameters. 
Thus, each image is quantified numerically and can be further 
manipulated using the Euclidian distance concept. The calculation of the 
Euclidian distance between the vectors of two images gives a sense of 
how the deformation has changed from one image to another. This can be 
used to visualize and study the change in the overall deformation of the 
RV during successive cycles of the same stage of the surgery, or to 
compare the change in the deformation of the heart as the result of the 
surgery, drug injection, or anything that might interfere with the functions 
of the heart, either desirable or as an unwanted side effect.  
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