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A B S T R A C T   

This investigation utilized binary-coded, parallel-connected on-off valves that can achieve high flow rates with 
fewer valves while addressing flow peak challenges. By considering temperature and refining modeling tech
niques, the study rectifies certain limitations observed in previous research, such as neglecting temperature, 
imprecise valve orifice flow coefficients, and absent flow pattern visualization, thereby enhancing flow predic
tion accuracy. 

The results for the ML_CFD-based model suggest that although extrapolation challenges exist in rarely data- 
driven systems, the proposed approach exhibits errors under 5 % across diverse metrics, attributable to the 
effectiveness of well-constrained overparameterized models and the segmented structure of digital flow control 
units. On the other hand, while the simplified Hybrid Analytical model shows minor deviations and offers easier 
implementation, it encounters constraints when processing data beyond its pre-tuned coefficient of discharge 
values.   

1. Introduction 

Scientists have attempted to predict valve flow rates indirectly 
without flow sensors, yet accuracy suffers when temperature effects are 
overlooked [1,2]. Section 1.1 highlights the wide variability in normal 
operating ranges, emphasizing the potential for inaccurate flow rate 
predictions if temperature is not considered. This is due to temperature’s 
influence on fluid density and viscosity, which in turn affects the valve’s 
coefficient of discharge and the flow rate. As a solution, Section 1.2 
discusses employing latest machine learning techniques that integrate 
temperature considerations into flow rate predictions. 

1.1. Hydraulic thermal analysis survey 

1.1.1. Operating ranges 
The operating ranges for hydraulic systems are influenced by several 

factors, including the viscosity of the hydraulic fluid and the system’s 
temperature. The preferred viscosity range for most hydraulic systems is 
16 − 39mm2/s (cSt) [3]. In exceptional cases, some hydraulic compo
nents may operate satisfactorily at v = 10mm2/s or less [4]. While 

during cold starts in mobile machines, the viscosity of the oil can reach 
to 2000mm2 , commonly at temperatures close to − 20◦C [5]. The tem
perature range for industrial systems is typically 50 − 60◦C, while mo
bile equipment can reach up to 80◦C. 

A sample from the valve’s market is the new 2-way KSDE Bosch 
Rexroth directional seat valve, which has a viscosity range of (5 −

1000 mm2/s) and temperature of (− 40 ◦C–80 ◦C) [6]. 

1.1.2. Effect of temperature on density and viscosity 
In electrohydraulic systems, pressure (P), and temperature (T), 

determine a liquid’s state and influence flow behaviour. Understanding 
fluid dynamics requires considering the impact of P & T on properties 
like density and viscosity. As temperature decreases, both fluid viscosity 
and density increase, with a more pronounced effect on viscosity [7]. 
Whereas the effect of pressure on viscosity & density is minimal, hence 
ignored [14]. 

Proper fluid temperature range for worst-case ambient conditions 
(The hydraulic temperature of a machine setting still on a clear day can 
reach up to 60◦C easily [8]) should be ensured by good design and oil 
selection, as the change in viscosity should be minimal across different 
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temperatures for optimum precise control, which can be challenging. 
Temperature changes significantly impact pressure-flow characteristics 
predictably in laminar flow [9]. 

1.2. Recent techniques for flow mapping in hydraulic units 

Lately, in 2022, Dresden University’s Fluidtronics Lab [10] intro
duced temperature mapping method for electrohydraulic Valvistor 
valves using analytical formulas, with inputs included pressure, tem
perature, and control voltage. Outputs were stored in lookup tables with 
interpolation/extrapolation for swift online model responses. However, 
analytical formulas and lookup tables might compromise accuracy and 
adaptability. 

While in 2021, a group of companies and research centres [11] un
dertook a project to predict flow through an orifice plate meter. They 
employed a dataset of 6292 records with seven input variables, 
including temperature. A hybrid Multilayer Perceptron (MLP) was used 
in combination with various optimization techniques. However, these 
methods necessitated a substantial amount of data, which is not always 
feasible for all hydraulic systems. Additionally, the complexity and 
number of control parameters in the optimization algorithm, when used 
in conjunction with the MLP, led to increased computational time. 

Two years earlier, Zhejiang University’s Fluid Power Lab [12] used 
AdaBoost with Neural Networks to generalize experimental readings of a 
proportional directional valve, focusing on flow change factors namely 
spool displacement, pressure, and temperature. This unique fusion offers 
distinct artificial intelligence benefits; however, it necessitates the 
availability of valves for training data and is particularly suitable where 
flow sensors are required for flow rate prediction. Moreover, compared 
to Multi-Layer Perceptron NN, AdaBoost can overfit with complex 
classifiers (that is why NN is less commonly adopted with AdaBoost) or 
noisy data. Additionally, the model was not experimented against 
extrapolated data. 

These aforementioned concerns should be carefully addressed, sug
gesting the need for an improved solution. 

1.3. Literature for the addressed problem in digital flow control units 

Digital Flow Control Units (DFCUs), an alternative for conventional 
control using servo or proportional valves in hydraulic systems, has been 
extensively studied for nearly two decades [13]. 

1.3.1. Temperature management in traditional DFCUs 
Initially, Siivonen et al. attempted to measure temperature experi

mentally without implementing feedforward control and found that 
feedback control is necessary. The authors recommend improving the 
system by using a more precise valve model and predicting temperature 
behavior [14]. Furthermore, Laamanen et al. [5] recorded a varied 
response time of valves (binary-coded) at viscosities of 18 and 100 
mm2/s. Overall research articles temperature was kept constant and 
uncontrollable between 30 ◦C and 40 ◦C according to several studies, to 
mention a few [15,16]. In these experiments, oil temperature was 
neither constant nor directly controllable, as it seldom is in real appli
cations [17]. Accurate oil temperature control is vital since a 2 ◦C 
change can impact small flow rate [18]. 

1.3.2. Traditional flow capacities in DFCUs 
The turbulent orifice equation Kv,estimate = Qcatalogue /ΔP0.5 is 

commonly used to model valve-orifice combinations as single flow 
restrictors [19]. However, the accuracy of estimating the flow capacity 
using this equation is limited due to the fixed shape of the p-Q curve, 
particularly with small orifices. It is therefore recommended to estimate 
the flow capacity accurately using experimental measurements and the 
empirical equation K v,empirical = Qmeasured /ΔPm, where m is typically 
close to 0.5 [14]. 

1.4. Objective, structure, and limitations 

1.4.1. Purpose and framework 
Given the insights from Sections 1.1, 1.2 and 1.3, it is essential to 

develop a flow mapping technique (Q= f(pressure, temperature ,

valve discpalcement)) for valve flow coefficients that accounts for tem
perature effects. While the prevailing research trend involves using 
machine learning methods (Chapter 4), it is also important to simulta
neously discuss analytical formula model with reduced parameters to 
minimize modeling uncertainty (Chapter 3). 

The central focus of this study is to improve flow rate predictions at 
transient state by comparing the performance of two models for DFCU: a 
hybrid temperature-considering analytical model in Chapter 3 and a ML- 
CFD based simulation in Chapter 4. Each method’s deviation from other 
model, computational efficiency, robustness, and integration ease will 
be evaluated. A non-temperature-considering model is presented in 
Section 2.2 as a benchmark. 

Implicitly, the article addresses the challenge of limited training data 
for the supervised learning model by employing effective techniques to 
achieve a well-generalized regression model. Moreover, the study en
deavors to visualize flow movement in an attempt to demonstrate the 
effect of the fluid system designs on the trainability and predictability of 
machine learning models, marking the first instance of utilizing CFD 
visualization in digital hydraulics at the system level. 

1.4.2. Limitations 
While the dynamics of the valve could influence transient flow, for 

the purpose of this study, the models focus mainly on the flow coefficient 
under different temperature and pressure conditions. The Theoretical 
Approach assumed an idealized poppet movement by the electric sole
noid operating the poppet valve. It’s important to note that the scope of 
this study is confined to the prediction of flow through 2/2 direct 
operated hydraulic valves, suggesting the necessity for future research to 
extend this analysis to other valve types. Another constraint is that the 
Hybrid Analytical modelling Method (Chapter 2) simplifies complex 
dynamics, which might limit its accuracy in capturing nuanced behav
iors of the system. Regarding the Argument limitation, while comparing 
the ML_CFD-based model with the Hybrid Analytical model, there might 
be a limitation in addressing the full scope of their applicability. For 
instance, situations where one model significantly outperforms the other 
might not be fully explored. 

2. DFCU flow peaks: a case study and traditional methodology 
for modeling 

2.1. DFCU flow peaks: a two-valve model study 

2.1.1. Pulse code modulation in digital flow control 
Steady flow involves constant conditions over time, while unsteady 

flow exhibits transients due to valve operations. Digital Flow Control 
Units (DFCUs) regulate flow rate by opening a combination of parallel- 
connected valves with distinct flow coefficients, enabling discrete flow 
rates. Optimal resolution is attained by employing flow coefficients 
based on binary series (1Q, 2Q, 4Q, etc., where Q is flow rate) which 
occurred by using fixed orifices in series with on/off valves. Although 
binary series or Pulse Code Modulation (PCM) offer a compact coding 
approach, they experience pressure peaks during the transient event 
—occur when at least one valve is opening, and another is closing [20]. 

2.1.2. Mitigating pressure peaks in PCM-DFCUs 
Delaying the switching time for the fast valve based on valve speci

fications, operating pressure, and temperature is an optimal approach to 
mitigate pressure peaks in PCM. Although previous studies [21] have 
examined the first two operating conditions, according to the best of 
authors’ knowledge, no research has modelled the effect of temperature 
on this issue. Moreover, rapid flow peaks present a significant challenge 
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to feedback control, the brief peak duration constrains the system’s 
capacity to measure, process, and adjust promptly. Thus, accurately 
predicting the occurrence of pressure peaks —Taking temperature into 
consideration— is the initial step towards resolving this problem. 

To illustrate the complexity and time-intensive nature of achieving 
an accurate enough predictable DFCU: In a two-valve DFCU, flow peaks 
occur only during shifts between Q1 and Q2, yielding two possible 
scenarios. However, in a more practical DFCU with six, binary series 
arranged valves alternative to a servo proportional valve, the potential 
for flow peak scenarios skyrockets to 2702, and that’s for just a single 
operating condition (P, T). Given these complexities, this article will 
explore the feasibility of various simulation approaches (Chapter 3 and 
4) for future application. The choices are limited to methods that are 
readily adaptable and seamlessly fit into a repeating sequence system, 
capitalizing on the binary nature of PCM to enhance efficiency in sub
sequent simulations. 

2.1.3. Case study: flow peaks occurrence 
The proposed idea is implemented through a DFCU (no. of valves =

2), with a focus on predicting a single flow peak occurrence, a simple 
chosen scenario (Out of 2 scenarios) is when the flow shifts from Q2 to 
Q1. Orifice dimensions affect flow response time, yielding a rapid flow 
rate increase upon valve actuation. In contrast, valve closure experi
ences a slower flow rate, engendering a swifter (i.e., different) flow 
response during opening relative to closing [22], as depicted in Fig. 1. 
For clarity, orifice_1 with the DTAF_1 valve will be called DFCU_1 and 
orifice_2 with the DTAF_2 valve will be called DFCU_2. 

The DFCU model includes two Sunhydraulics DTAF valves [23]: V1 
with 1 mm orifice and V2 with 1.4 mm orifice attached. These sizes 
ensure flow rates of approximately 1 and 2 LPM at a 5-bar pressure 
differential, i.e., binary series. A single hydraulic Valve-Orifice combi
nation of the DFCU is shown in Fig. 2. 

2.2. Common temperature independent methodology for modelling 
DFCUs 

The conventional methodology for modelling the valve-orifice 
combinations (DFCU) is presented here for performance comparison 
with the following proposed approaches. It assumes a constant density ρ 
and calculates flow capacities Kv with Equation (1) [19]. The orifice 
coefficient is determined using Lichtarowicz et al.’s formulas at 
T43 ◦C/P5bar, and remains constant throughout the analysis [24] 
—more accommodating than using the theoretical 0.61 coefficient of 
discharge value. This formula considers: oil viscosity, density, orifice 
thickness, orifice diameter, pipe diameter and pressure drop (Literature 
for Cd,orifice formulas are discussed in Section 3.3). The valve Cd,v,max also 
remains constant. Subsequently, the effective flow capacity Kv− o,eff for a 
single valve-orifice was computed with Equation (2), and for a DFCU 
with two valve-orifice the total flow rate independent of temperature 
variations was calculated using Equation (3) [22]. 

Kv =Cd,v,max.Av,max

̅̅̅̅̅̅̅̅
2/ρ

√
& Ko (1 or 2) = Cd,o(1 or 2).Ao(1 or 2)

̅̅̅̅̅̅̅̅
2/ρ

√
(1)  

Kv− o,eff =
Kv × Ko̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Kv

2 × Ko
2

√ (2)  

QDFCU(n=2),indep T(t) =

⎛

⎜⎝
Kvu1(t) × Ko,1̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Kvu1(t)2

× Ko,1
2

√ +
Kvu2(t) × Ko,2̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
Kvu2(t)2

× Ko,2
2

√

⎞

⎟⎠
̅̅̅̅̅̅̅
ΔP

√
(3)  

where u1(t) & u2(t) are valve actuator operating signals. 

3. Temperature dependent single CFD-analytical modeling 

In this chapter, the primary objective is to present an analytical 
based, computational efficient prediction model. This is achieved by 
utilizing variable (not stationary as in Section 2.2) Lichtarowicz’s 
empirical equation for orifice flow coefficient [24], thereby necessi
tating only a singular, temperature-dependent flow coefficient model for 
the valve. This approach is only feasible due to the binary arrangement 
in DFCU allows for the use of similar valves in conjunction with multiple 
distinct orifices to achieve varied flow rates, as shown in the studied 
case. 

Fig. 3 presents the Temperature Dependent Single CFD-Analytical 
modeling arrangement, it is termed ’Single’ because it employs only 
one CFD simulation run. This model uses 3D CFD Valve Simulation in 
Ansys for sufficient accuracy in capturing the minimum coefficient of 
discharge. Whereas the analytical modeling was implemented in 

Fig. 1. DFCU (n = 2) trajectory analysis: flow peak occurrence.  

Fig. 2. Sectional view of one valve and attached orifice in a DFCU (n = 2).  
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Simulink software, utilizing system-level differential equations for an 
effective, simplified system dynamics representation. 

3.1. Sole valve working principle 

The selected on/off poppet valve for the DFCU(n = 2) is related to the 
truncated cone reverse poppet valves. The Sunhydraulics DTAF is a 
screw-in cartridge valve that is direct acting, 2-position, normally closed 
(Fig. 4). When de-energized, the spring pulls the poppet against the 
valve seat, closing the valve and blocking flow. When energized, the 
solenoid opens the valve. The valve is submerged in flow, so no static 
pressure is applied when opened. The valve nominal flow, QN =

13.2LPM@5bar. 

3.2. Valve coefficient of discharge 

The constant flow coefficient can be obtained through manufac
turer’s data, while a variable coefficient of discharge requires a rela
tionship between Cd and Reynold’s number for viscosity estimation. The 
valve flow area must be determined before presenting these 
calculations. 

3.2.1. Valve effective opening area 
Previous studies have shown that the discharge coefficient of a 

poppet valve initially increases at small valve lifts and then stabilizes at 
a constant value for large valve lifts [25]. Valve discharge coefficient 
was expressed as a third-order polynomial of valve opening in another 
study [26]. 

In order to ascertain the flow capacity of a valve in steady and 
transient state (flow peaks occurrence) through valve area, two distinct 
stages should be considered: I) Calculate maximum opening area using 
metering edge diameter and valve lift; then II) Add increasing function 
for variable area from fully closed to fully open position. 

3.2.1.1. Directly measure maximum opening area. The valve opening 
area at maximum valve lift can be calculated by measuring the valve lift 
(lv,max = 1.82 mm) in a no-flow state using a precise vernier. This value is 
then used in Equation (4) [27] to determine the valve maximum opening 
area. 

Av,in,max
�
lv,max

)
=

π
4

�
Dbodyinner

2

− Dpoppetouter
2)
=11.5mm2 where Dbody inner =6.4mm and Dpoppet outer =5.2mm.

(4)  

3.2.1.2. Estimating variable opening area. The cross-sectional area 
available for fluid flow through the valve is determined by the elevation 
of the valve lift, in conjunction with the distinct geometric properties of 
the valve’s head, seat, and stem. The area values could be represented 
using a simplified truncated cone reverse poppet valve, as found in the 
non-linear formula number 15.3 of the referenced book [27]. However, 
Valve lift and 3D-derived area shows three distinct phases (Fig. 5). 
Initially, increases in valve lift result in smaller increases in flow area 
compared to the next phase. As the lift continues to rise, the rate of area 
increase becomes more substantial, eventually settling into a more 
consistent pattern at higher lifts [28]. 

The formulas below (5) and (6) were used experimentally by Kastner 
et al. [29] to simulate the flow development though a truncated cone 
reverse poppet valve. Consequently, the variable area Av,in(lv(t)) is 

Fig. 3. Approach for Temperature Dependent DFCU(n = 2) using Hybrid Single 
CFD and Analytical Modeling. 

Fig. 4. DTAF valve components.  
Fig. 5. Comparison of 3D-derived and simplified mathematical area for valve 
lift [23]. 
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Then for the inlet flow of the DFCU(n = 2): 

Qin,DFCU(n=2)(t) =Cd,v(Re).Av(lv(t)).
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
2
�
Pin − Pmid(1 and 2)(t)

)/
ρ(T)

√
(12)  

Whereas Equation (13) models the pressure build-up for each valve- 
orifice line separately. 

dPmid,(1 or 2)

dt
=

β(T)
Vmid

(
Qin,DFCU(n=2)(t) − QDFCU(1 or 2) (t)

)
(13)  

3.3.3. Flow summation 
The output flow rates of the two valve-orifice combinations are 

summed through Equation (14), which later will be used in Fig. 18 as 
representation for Analytical formulas. 

QDFCU(n=2)(t)=Qin,DFCU(n=2)(t) = QDFCU 1 + QDFCU 2 (14)  

3.4. CFD simulation and validation of single valve flow 

3.4.1. Governing equations 
Based on the research presented in Chapter 1 of the literature, it was 

concluded that the impact of pressure on density can be considered 
negligible. As a result, the equation of state was simplified to ρ = ρ(T). 
Consequently, a pressure-based approach was adopted, optimized for 
low-speed (Fig. 6) pseudo-compressible flows, where density and vis
cosity are inserted according to each simulated case temperature value. 
Additionally, using pseudo-compressible flows and neglecting heat 
transfer allows exclusion of energy conservation from Ansys software 
[40]. Moreover, temperature was assumed homogenous within control 
volume, and the dynamic pressure-temperature coupling was over
looked [41]. 

The Navier-Stokes equations, utilized in fluid dynamics, are solved 
using user-provided values for density ρ, viscosity μ and pressure p in the 
Ansys software for each simulation case to obtain fluid speed u. These 
equations consist of firstly the conservation of momentum given by 
ρ
� ∂u

∂t +u∇u − f
)
= − ∇p + μ∇2u [35], where external forces f is neglec

ted. Secondly, the conservation of mass, simplified to ∇.u = 0. Finally, 
the mass flow rate is represented by ṁ = ρuA. 

3.4.2. Valve and single-cavity manifold structure description 
To perform the simulation study, the valve is inserted into a Sun

hydraulics manifold model WFN, which has a single cavity and SAE4 
ports. ISO 4411:2019 [42] recommends testing the valve at 5D before 
inlet and 10D after outlet. The analysis focused on flow from port 1 (one 

rounded inlet) to port 2 (4 rounded outlet), Fig. 6. 

3.4.3. Mesh refinement technique 
Progressive mesh refinement was utilized to reduce deviations be

tween simulated and manufacturer data. Mesh density was increased by 
200 %, with a 2 million element mesh selected for acceptable resolution 
and computational efficiency. Refinement to <2 % error was achieved at 
T43 ◦C/P5bar (Table 1). The minimum element size is 0.1 mm and the 
maximum element size is 0.8 mm. The system has a skewness of average 
0.2. 

3.4.4. CFD simulation setup: turbulence model 
Building upon the scholarly work presented in Chapter 2, simula

tions are likely to exhibit turbulence in addition to laminar flow. Thus, 
the selection of a suitable turbulence model is essential to enable the use 
of the most general equations in the FLUENT CFD package [36]. 
ANSYS/Fluent provides various turbulence of “Reynolds-averaged 
Navier-Stokes equations” models, the k-epsilon ones are more often used 
to determine the bulk flow [43]. Moreover, turbulent flows are impacted 
by wall presence even in no-slip conditions (Flow resistance is caused 
not only by the internal friction of the fluid itself “viscosity” but also by 
friction between the fluid and the wall [44]). 

Table 2Compared turbulence models (at 2 million elements) to 
identify the most accurate model for future simulations. The k-epsilon 
standard model was selected due to close agreement between models ≤
1.5%. Additionally, a standard wall function is employed to treat the 
near-wall region. 

3.4.5. Validation of single valve 
The Single CFD valve model, validated with manufacturer data in 

Fig. 7, confirms accuracy at nominal conditions (T = 43 ◦C). While 
(T = 43◦C) is pivotal, broader temperature validation is acknowledged 
for future comprehensive assessments. 

4. Temperature dependent stepped CFD-machine learning 
model 

In this chapter, the primary objective is to introduce a model that 
captures flow phenomena while maintaining as much computational 
efficiency as possible. This balance is achieved through the utilization of 
generalization techniques, such as machine learning for the CFD models. 

Fig. 8 shows the CFD simulated 550 stepped cases, then an NN model 
to generalize the results. Both the NN models (DFCU_1 and DFCU_2) 
were trained separately but combined for the final output. It should be 
emphasized that the flow values of each valve were achieved simulta
neously from each simulated Ansys CFD case. 

Fig. 6. Single valve flow representation, wide open, T43 ◦C/P5bar.  

Table 1 
Mesh independence study for single valve at T43 ◦C/P5bar.  

No. of 
Elements 

Flow 
(LPM) 

Improvement 
Factor 

Manufactured 
Flow (LPM) 

Percentage 
Error 

0.5 million 13.5 – 13 3.7 % 
1 million 13.5 0 3.7 % 
2 million 13.2 2.2 1.5 % 
4 million 13.1 0.8 0.8 %  

Table 2 
Turbulence model comparison for single valve at T43 ◦C/P5bar.  

Turbulence Model Flow 
(LPM) 

Manufactured Flow 
(LPM) 

Percentage 
Error 

Standard k-epsilon 13.2 13 1.5 % 
RNG k-epsilon 13.2 1.5 % 
Realizable k- 

epsilon 
13.1 0.8 % 

k-omega 12.9 0.8 %  
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modifying flow peak intensities—a phenomenon referred to as Flow 
Division. Furthermore, the close proximity between the orifice and valve 
results in Flow Maldistribution, causing a majority of the fluid to pass 
through the upper portion of the orifice, which can be attributed to the 
uneven flow emanating from the valve (More detailed visual in Fig. 6). 

The CFD results additionally illustrate that orifices generate notable 
eddy viscosities (reaching up to 6 Pa s @ T60 ◦C/P300 bar), surpassing 
those observed in the poppet valve chamber. This undesirable effect 
adversely impacts DFCUs by initiating turbulent flow, hindering precise 
control, and compromising flow rate consistency. Therefore, an 

Fig. 9. Meshing and ansys adaptation simplification of DFCU(n = 2).  

Fig. 10. Valve motion profile at opening and closing during flow peak.  

Fig. 11. Static and dynamic mesh evaluation at T43 ◦C/P5bar in DFCU(n = 2).  

E. Elsaed and M. Linjama                                                                                                                                                                                                                     



�)�O�R�Z �0�H�D�V�X�U�H�P�H�Q�W �D�Q�G �,�Q�V�W�U�X�P�H�Q�W�D�W�L�R�Q ���� ������������ ������������

��

alternative solution is needed —another research— to attain discrete 
flow rates in PCM that should has the potential to mitigate turbulence 
and establish more uniform and steady flow rates. 

All these issues affect flow laminarity, complicating neural network 
training and introducing nonlinearity between inputs and flow rate 
outputs, requiring extra data, advanced techniques, or additional fea
tures for accurate predictions. Hence, negatively affect the predictability 
of flow using NN. 

4.2. Computational intelligence and generalization 

4.2.1. ML and CFD revolutionize flow control and design optimization 

4.2.1.1. ML techniques in fluid flow applications. Data-driven models can 
establish variable relationships with generic mathematical models 
without prior knowledge [46]. A tradeoff strategy suggests minimal data 
generation for regression modeling to overcome limitations of resource 
intensive CFD simulations or measurements in case of real experiments. 

Neural Network techniques have been used in CFD simulations (such 
as ANSYS Fluent, or Simcenter software) to overcome challenges and 
limitations in various fluid flow applications, such as flow measure
ments in hydraulic valves [47]. Moreover, Neural networks can predict 
flow rates rapidly and accurately due to uncertain discharge coefficients 
[48], outperforming traditional methods such as flow meters or pressure 
differential calculations. However, stability and extrapolation capability 
are often limited [49,50]. 

4.2.1.2. Challenges of limited data in ML-based fluid mechanics models. 
Intelligent fluid mechanics faces the challenge of applying machine 
learning to limited data. Researchers are incorporating flow physics into 
machine learning to address overfitting in small data regimes, rather 

than dealing with NN as a black box model [51]. Even suboptimal neural 
networks, when tested with limited data, may appear to perform well, 
but in reality, they are not [52]. Overfitting can reduce model general
ization in small data regimes, but dominant behaviour can still be 
modelled for meaningful predictions with care taken to avoid overfitting 
[46]. 

Strategies for improving neural network generalization capabilities 
in small datasets include injecting noise and bootstrap resampling [53]. 
Another research [54] tackles small data and overfitting issues by 
combining first-principal simulations and transfer learning. Other has 
used data augmentation to create new training data by applying trans
formations to the existing data [55]. However, Resampling, transfer 
learning, and data augmentation’s success depends on accurately 
capturing flow rate variations caused by system operating condition 
changes. Therefore, it becomes crucial to evaluate the NN models using 
other techniques (Section 4.2.3). 

4.2.2. NN model layout 
Before training a neural network, several hyperparameters must be 

adjusted, such as the number of epochs (E), batch size (B), optimizer 
selection, regularization technique, number of nodes (p), number of 
hidden layers (L), activation functions, and normalization technique. 
These hyperparameters were optimized to determine the best values. 

4.2.2.1. Neural network hyperparameter optimization and design consid
erations. Multilayer Perceptron NN have been found to be effective for 
regression prediction problems in a tabular format [56]. For the pre
sented neural network structure, presented in Fig. 14, a batch size of 16 
producing the best mean squared error (MSE). However, due to time 
constraints, a default batch size of 32 was used. The authors monitored 
parameters during epoch increases, settling on just 500 epochs for 

Fig. 12. DFCU(n = 2) Data - Pressure, Temperature, Valve Displacement and Flow, 550 data points at Each Valve.  

Fig. 13. Flow pattern for DFCU(n = 2) at different operating conditions.  
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transfer function or a memory block to avoid the algebraic loop. 
For DFCU(n = 2), using a dynamic mesh reduces simulations from 

550 to 55 but requires more computing power, especially with small 
valve movements. While stepped static mesh allows tailored dimensions 

meshing offers a balanced, efficient alternative. In optimizing the ma
chine learning model, several iterations were required for hyper
parameter tuning. Also, strategies were adopted to counter overfitting in 
the MLP model. While knowledge transfer of hyperparameters from NN 
model DFCU_1 to DFCU_2 achieved satisfactory generalization and 
saved significant time for DFCU(n = 2). One can envisage the potential 
benefits when scaling this approach to configurations with 6 valves. 
However, post-processing conditions were needed to ensure the flow 
rate was clipped for non-negative values and set to zero under specific 
pressure or valve lift scenarios. 

5.2.4. Validation 
The single valve was validated through the manufacturer’s perfor

mance curve at one operating temperature (T : 43◦C, P : 0 − 30 bars). 
While this validation applies to the Stepped CFD DFCU(n = 2) due to the 
valve’s prime rule, broader validation for the DFCU(n = 2) remains vital 
and should be investigated on a similar scale to this study. Finally, 
Table 5 presents a brief comparison of the key aspects. 

6. Conclusion 

This article combines CFD, Analytical modelling techniques, and 
machine learning to develop a more robust and more accurate solutions 
for predicting flow rates in digital flow control units (DFCUs). The 

Fig. 17. Sample of the predicted & CFD flow at extrapolation T70 ◦C/P350 bar for DFCU_1 & DFCU_2.  

Fig. 18. Comparison between traditional & advanced modeling approaches for DFCU(n = 2).  

Table 5 
Qualitative comparison for the presented flow models.  

Criteria Temperature 
Independent 

Single CFD 
Analytical 

Stepped ML-CFD 

Deviation Noticeable difference 
from other models. 

Deviation between them is ≈ 5 %, in 
which the former model presents sharper 
and narrower flow peak pattern. 

Computation Minimal. Moderate. High. 
Duration ≈ 1 s. ≈ 30 min. ≈ 20 days. 
Integration Straightforward 

integration to DFCUs. 
One CFD model 
was required. 

Hyperparameter 
knowledge transfer 
saves time. 

Results Traditional formulas. DFCU-tailored 
analytical, 
temperature 
dependent 
model. 

Innovative small- 
data NN model with 
effective evaluation 
methodology. 

Consideration Upon validation 
still can’t operate at 
temperatures other 
than Cd tuned at. 

Validation is needed for the presented 
approaches.  
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proposed DFCU model is a pressure and temperature compensated flow 
control system, with the objective of effectively capturing and modelling 
flow peaks in transient states, which is an essential step before trying to 
mitigate them. 

The developed CFD models enable observation of flows within the 
DFCU and performance estimation. An implicit finding is while Neural 
Network has displayed potential in mitigating the detrimental impact of 
orifices on the system, it is crucial to recognize that managing higher 
flow rate valves, such as multistage valves, by using serial orifices 
(common approach in constructing DFCUs) can introduce challenges in 
attaining reliable predictability with scarce data. The authors demon
strate the ease of prediction and training by achieving similar results for 
DFCU_2 with the same hyperparameters of DFCU_1. 

A practical, more complicated DFCU presents many states of flow 
peaks. Although the ML-CFD based model shows higher capability in 
mapping DFCU(n = 2) flow dynamics, given the complexity of both CFD 
and machine learning, the authors recognize advantages of the simple 
Hybrid Analytical model presented in Chapter 3, such as reduced 
computational time, ease of integration and minimal discrepancies. 
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Nomenclature 

Quantity Description 
Av,in,max(lv,max) Valve maximum inlet area at maximum valve lift 
Ao,(1 or 2). Orifice 1 or 2 cross sectional area 
Cd,v,max Maximum valve coefficient of discharge 
Cd,o,Lichtarowiccz(1 or 2). Orifice 1 or 2 discharge Coeff. using Lichtarowicz Eqs 
L Number of hidden layers 
W Valve seat width 
x Valve displacement, similar to lv 
Ko (1 or 2) Orifice 1 or 2 flow capacity 

Kv Valve flow capacity 
Pmid,(1 or 2) Mid chamber pressure for valve-orifice combination 1 or 2 
P Operating pressure 
p neural network neuron 
QTotal,DFCU DFCU total flow rate 
Qout,o,(1or2)(t) Outlet flowrate from attached orifice for Valve-orifice combination 1 or 2, as a function of time. 
Qin,v in DFCU,(1 or2)(t) Inlet flowrate to valve for Valve-orifice combination 1 or 2, as 
T Operating temperature 
V on/off valve 
θ Plunger head half-angle 
v(T) Kinematic viscosity, function in temperature 
ρ(T) Fluid density, function in temperature 
β(T) Fluid bulk modulus, function in temperature 
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