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Multipass crossflow devices are essential in the process engineering industry due to their broad range of 
applications. The growing use of additive manufacturing techniques offers opportunities to improve the efficiency 
of these devices by enabling non-uniform flow distribution, which can enhance heat transfer uniformity to avoid 
temperature gradients across individual channels in chemical engineering applications such as heat exchangers 
and packed bed reactors. This paper addresses the challenge of controlling non-uniform flow distribution by 
developing a novel design that locally varies channel diameters at predefined positions within the distributor, 
to achieve user-defined target flow distribution ratios. The proposed design combines machine learning-assisted 
design automation workflow with algorithmic modeling and computational fluid dynamics (CFD) simulations to 
manage the complexity of non-uniform flow distribution effectively. The results are further validated through an 
experimental study of an incompressible gas flow distributor, which supports the findings presented in this work.

1. Introduction

Multipass crossflow devices, such as heat exchangers, are widely em
ployed in process engineering for heating and cooling applications. The 
selection of a suitable flow arrangement depends on multiple factors, 
including thermal efficiency, fluid paths, space constraints, tempera
ture levels, and production costs [1--3]. Owing to their compact design, 
multipass crossflow heat exchangers offer significant advantages in in
dustrial settings. However, their optimal performance depends on main
taining a uniform heat transfer coefficient across all channels, which 
is strongly influenced by the inlet flow distribution [4--7]. Even slight 
deviations in channel flow can create local variations in heat transfer co
efficients, particularly in microchannel exchangers, thereby degrading 
thermal performance compromising the overall thermal performance of 
the system [5]. Notably, Guo et al. demonstrated that, under specific 
conditions, controlled non-uniform flow can enhance heat transfer [4]. 
This strategy enhances overall heat transfer while promoting uniform 
heat transfer across all channels through a controlled, non-uniform flow 
distribution [8]. Such enhancements are beneficial not only for mul
tipass crossflow heat exchangers but also for crossflow reactors used 
in exothermic processes. Isothermal conditions in these reactors en
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able higher conversion rates, emphasizing the importance of isothermal 
crossflow devices in these applications [9]. These findings highlight 
the broad applicability of controlled non-uniform flow distribution in 
devices ranging from heat exchangers to chemical reactors and sepa
rators. Achieving optimal flow distribution in such devices depends on 
the implementation of carefully designed and application-specific flow 
distributors.

Consecutive configurations, such as U-type and Z-type, have been ex
tensively studied due to their simplicity and compactness in addressing 
flow distribution challenges [10,11]. Both designs exhibit similar in
let flow characteristics, differing mainly in outlet direction: the U-type 
reverses flow, while the Z-type maintains its direction (see Fig. 1). Re
search on these distributors primarily targets flow uniformity [12--14], 
supported by analytical methods for design and optimization [12,15]. 
Their performance depends heavily on geometric factors, including 
branch number, channel diameter, and baffle design [12,16]. However, 
as channel count increases, these distributors become increasingly vul
nerable to uncontrolled maldistribution [17,18].

Bifurcation geometries offer a promising alternative, particularly 
with advances in additive manufacturing (see Fig. 1). These structures 
have demonstrated a strong ability to minimize maldistribution across 
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Fig. 1. Typical flow distribution designs: (i) U-type, (ii) Z-type arrangements of parallel channel flow distributors [19] and (iii) bifurcation flow distributors. 

various applications [20--22]. Unlike consecutive manifolds, bifurcation 
designs maintain uniform flow across a wide range of flow rates, in
cluding high Reynolds numbers, making them robust under fluctuating 
operating conditions [11]. Their performance is largely governed by pa
rameters such as bifurcation angle, number of stages, and outlet edge 
length [20,23--25]. Analytical frameworks, such as the one proposed by 
Mazur et al. [20], have improved flow uniformity by optimizing these 
parameters. However, current studies primarily focus on uniformity and 
rarely explore the deliberate control of non-uniform flow and its poten
tial benefits.

Developing distributors that intentionally manipulate non-uniform 
flow requires precise mass flow control to ensure uniform residence 
times and maximize thermal performance. Bury & Hanuszkiewicz
Drapała showed that directing controlled flow to regions with higher 
temperature gradients can improve efficiency by up to 23.3% com
pared to uncontrolled non-uniform flow and by up to 6.5% over uniform 
flow conditions [26]. Similarly, Gao et al. demonstrated the ability to 
manage non-uniform distributions by leveraging induced vortices [8]. 
Despite these benefits, controlling non-uniform flow distribution intro
duces additional geometric parameters, enlarging the solution space 
and increasing computational demands to identify the global optimum. 
To the best of our knowledge, research on advanced optimization al
gorithms for this purpose remains limited, whereas machine learning 
(ML)--assisted approaches have demonstrated considerable potential 
in design optimization. For instance, Lira et al. proposed an artificial 
neural network (ANN) optimized using a genetic algorithm to enhance 
micro-photocatalytic reactor designs with computational fluid dynamics 
(CFD) [27]. Similarly, Koide et al. trained convolutional neural networks 
(CNN) using a random walk algorithm to explore the solution space and 
predict heat transfer in fluid flow [28]. Both studies successfully demon
strated the ability of these deep learning algorithms to predict design 
behavior. However, methods like ANN and CNN require large datasets 
for training, resulting in significant computational time [29,30]. In an
other application, Owoyele et al. demonstrated a developed ML method 
using genetic algorithm in engine design optimization problem [31]. 
Their method employed 200 initial CFD simulations to train a surrogate 
model with exclusive hyperparameter optimization. While this approach 
highlights the advantages of ML in design optimization, the high num
ber of initial simulations remains a challenge. Gradient-based methods 
offer a viable alternative, especially when the number of design param
eters is greater than the number of objectives [32,33]. However, they 
come with the risk of getting trapped in local minima [34].

To address this limitation, Morita et al. proposed a Bayesian Opti
mization (BO) method based on Gaussian Process Regression (GPR) to 
optimize the shape of the upper wall of a two-dimensional channel [34]. 
This approach significantly reduced the number of required CFD sim
ulations, solving an optimization problem with up to eight parameters 
using only 90 simulations. BO, a heuristic-based search algorithm, effec
tively finds the optimum value with minimal data input [35], making 

it well-suited for optimizing computationally expensive black-box func
tions [36]. By constructing a probabilistic surrogate model using GPR, 
BO efficiently balances exploration of uncertain regions and exploita
tion of promising areas [37]. To initialize the surrogate model, a Latin 
Hypercube Sampling (LHS) strategy is often employed, ensuring that the 
initial samples are well-distributed across the solution space [38].

Building on these insights, we propose a comprehensive design au
tomation workflow that integrates ML techniques to achieve precise 
control of non-uniform fluid flow distribution while minimizing design 
and optimization effort. The workflow enables automated development 
and optimization of flow distribution structures, introduces innovative 
solutions to enhance thermal performance, and establishes a foundation 
for future implementation of more complex distributor designs through 
developed automation workflow. The key contributions of this paper are 
as follows:

• A novel ML-driven automation workflow for designing and optimiz
ing flow distribution structures, ensuring improved performance, 
efficiency, and reduced human effort.

• Experimental validation of the proposed workflow, demonstrating 
its practical applicability and effectiveness in achieving the desired 
flow control.

This paper is organized as follows: The section 2 proposes a new 
automated design workflow for non-uniform flow distribution. The pro
vided workflow is supported by an experimental work to validate used 
CFD simulation, defined in Section 3. The Section 4 presents and dis
cusses the results of the experimental work, highlighting the workflow’s 
applicability.

2. Proposed ML-assisted design automation workflow of flow 
distributor

The primary goal of this paper is to develop a workflow to design and 
optimize flow distribution according to user-defined distribution ratios 
in each channel, thereby making the advantages of non-uniformity in 
flow distribution available. To achieve this objective and demonstrate 
the workflow’s effectiveness, we focused on incompressible gas flow 
distribution systems operating under turbulent flow conditions. The ob
jective function of the optimization process is defined to minimize the 
deviation between the actual distribution and the user-defined ratios. In 
this workflow, the optimization is performed by morphing the channel 
diameters at predefined positions within the distributor, the details of 
which are presented in Section 2.1.

2.1. Algorithmic design of flow distributor

As a starting point, the distribution structures discussed in Section 1
are analyzed and compared. Bifurcation distributors offer greater scala
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Fig. 2. Additive manufactured morphed bifurcation type flow distributors: De
sign variants with (i) 64 channels, (ii) 16 channels, (iii) 16-channel metal design 
manufactured with PBF-LB/M method, and (iv) detailed view of the morphed 
structure.

bility in three dimensions compared to consecutive distributors, which 
provides more potential for applications in multipass crossflow devices. 
This characteristic makes bifurcation structures more suitable for con
trolling gas flow distribution across multiple channels in complex sys
tems. Creating complex flow distributor designs, such as bifurcation 
geometries, is only feasible through additive manufacturing. Techniques 
like laser-based powder bed fusion of metals (PBF-LB/M) and vat-based 
photopolymerization of polymers using ultraviolet light (VPP-UVL/P) 
allow for intricate designs and provide the ability to precisely control 
fluid flow within channels. Leveraging these capabilities, we developed 
a workflow to control flow distribution using morphing channels within 
bifurcation flow distributors. The manufacturability and scalability of 
various morphed flow distributor configurations were validated using 
both additive manufacturing methods (see Fig. 2).

To analyze turbulent fluid flow behavior within bifurcation type 
flow distributors, the volumetric flow rate (Q) can be calculated using 
Swamee and Jain equation, specifically designed to define the volumet
ric flow rate [39]:

𝑄 = −0.965
(
𝑔𝐷5ℎ𝐿

𝐿 

)0.5

ln

[
𝜀 

3.7𝐷
+
(
3.17𝜈2𝐿
𝑔𝐷3ℎ𝐿

)0.5
]

(1)

This equation highlights the dependence of the volumetric flow rate 
(Q) on key parameters such as the channel diameter (D), the head loss 
(ℎ𝐿), the channel length (L), the channel roughness (𝜀), and the fluid ki
netic viscosity (𝜈). By managing head loss through pressure differences 
and morphing the diameter of each channel, the mass flow distribution 
between channels can be controlled. Controlling flow distribution in a 
bifurcation system with 𝑛 branches requires 𝑛 − 1 morphing positions 
(see Fig. 3). Consequently, the number of required morphing positions 
increases significantly as the number of stages in classical 2𝑛 bifurcation 
distributors grows. This complexity makes traditional methods of design 
exploration, such as simplified analytical approaches or intuition-based 
adjustments, impractical for accurately optimizing morphing diameters. 
To overcome these limitations, CFD simulations are employed to sys
tematically analyze flow distribution and explore design variants. The 
complex interplay between morphing diameters and optimization objec
tives makes it essential to employ an automated workflow for efficiently 
designing and evaluating multiple bifurcation structure variants.

Fig. 3. Morphed flow distributor design for validation tests using design param
eters: bifurcation angle (Θ), stage number (j), outlet stage edge length (L) and 
morphing positions (Pos.), photographed under UV light.

Combining design automation with simulations makes optimization 
with high number of parameters feasible [40,41]. To develop a de
sign automation workflow for flow distributors, it is essential to de
fine the bifurcation geometry through unambiguous design parame
ters. These parameters must accurately describe the geometry and re
main stable during changes to prevent errors when the automation 
begins. Therefore, the parameters and formulas provided by Mazur et 
al. [20] are integrated into the design to ensure a robust model within 
Rhinoceros/Grasshopper software.

Additionally, an algorithmic model has been developed to enhance 
flexibility, allowing the same design framework to accommodate various 
channel numbers. In the creation of the bifurcation design model, sev
eral parameters are used to define the bifurcation, including the bifur
cation angle (Θ), the outlet diameter of the last stage, the stage number 
(j), the outlet stage edge length (L) and the wall thickness [20]. These 
parameters, while critical to the design, are fixed during the automated 
parameter optimization. This approach is specifically adopted to accel
erate and simplify the optimization process, enabling efficient and fast 
design optimization using validated literature design. The optimization 
relies solely on the morphing diameters at each morphing position, as 
illustrated in Fig. 3. To define these diameters in the algorithmic model, 
morphing parameters with predefined ranges are introduced, where the 
lower limit of 0 indicates no morphing, and the upper limit corresponds 
to the minimum acceptable morphing diameter. This upper limit is de
termined experimentally to ensure consistency between CFD simulations 
and experimental measurements. As indicated by Equation (1) and sup
ported by An et al. [42], a significant reduction in channel diameter 
increases hydraulic resistance and causes unpredictable flow distribu
tion, highlighting the necessity of defining this limit to maintain stable 
operation within the workflow.

2.2. CFD model

Flow simulation is conducted using the CFD software StarCCM+ to 
evaluate variations in the bifurcation design. To accurately define the 
design, hexagonal meshes with prism layers at the boundaries are used, 
and an automated mesh generation process is implemented within the 
software. A mesh sensitivity analysis is conducted by gradually coars
ening the mesh until results deviate significantly, ensuring a balance 
between accuracy and computational efficiency.

The shear stress transport (SST) k-𝜔 turbulence model is selected 
for this study due to its superior performance in capturing near-wall ef
fects, making it suitable for the flow distributor design being analyzed 
[20]. While the k-𝜔 model offers significant advantages for near-wall 
applications [43], the standard k-𝜖 model predicts flow behavior ac
curately in curved channels [44]. Given the small diameters of the flow 
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Fig. 4. Sequential numbering of the design automation workflow steps. 

distributor channels used in this research, near-wall effects play a crucial 
role. Therefore, the SST k-𝜔 model is selected for its accuracy in near
wall regions, while still incorporating the benefits of the k-𝜖 model for 
predicting flow in curved channels. This ensures accurate simulation of 
boundary layer behavior and enhances the definition of the overall flow 
dynamics in the design. Additionally, the different surface roughness 
caused by PBF-LB/M method compare to VPP-UVL/P and machining 
parts [45,46], is treated properly with SST k-𝜔 model.

Within the specified convergence criteria referenced from [20], the 
simulation solves the steady state Reynolds averaged Navier–Stokes 
equations until the mass flow changes in each channel smaller than 10−6
g/s. Finally, the CFD model is validated with the additive manufactured 
test parts using pressurized air in hot wire anemometer.

2.3. Automated design optimization assisted by machine learning

As discussed in Section 2.1, the design variables for the optimization 
problem are determined by the number of morphing positions. The ob
jective function is defined to minimize the deviation between the actual 
flow distribution and the user-defined target ratios. To proceed, the in
put parameters include fixed design parameters, as shown in Fig. 3, the 
parameter range for the optimization variables, and the target flow dis
tribution ratios provided by the user. The optimization problem is then 
solved using CFD simulations to analyze gas flow distribution under tur
bulent flow conditions, as described in Section 2.2. The subsequent step 
involves setting up an automated data exchange system between the 
design and simulation software, ensuring seamless integration and en
hancing the efficiency of the optimization process.

Effective data exchange between design and simulation software is 
essential for a successful design automation workflow. To achieve this, 
a master model (MM) is required [40,47]. The MM facilitates struc
tured, sequential communication between the design and simulation 
software. As illustrated in Fig. 4, the user defines the ranges for opti
mization variables, target distribution ratios and provides fixed design 
parameters (1). With code using C# programming language embedded 
in Rhinoceros/Grasshopper software, MM communicates with the ML op
timization algorithm in Python (2,3) to adjust the optimization variables 
and initiates the design software to generate the necessary files for simu
lation (4,5). Upon exporting these files, the MM activates the simulation 
software to retrieve mass flow results for each channel (6). StarCCM+ 
software meshes the generated design automatically and starts the CFD 
simulation (7). Subsequently, the MM compares the mass flow distribu
tion across channels with the target values, identifying deviations (8). 
The process of adjusting optimization variables is repeated in subse

quent iterations until the defined maximum iteration limit is reached or 
the target value is smaller than a user-defined threshold.

This proposed design automation workflow is developed specifi
cally to minimize deviations from the target mass flow distribution 
in channels, offering flexibility to accommodate different optimization 
algorithms. It is possible for users to choose from advanced optimiza
tion techniques to find the global minimum. To enhance flexibility 
and efficiency in the flow distributor optimization, we implemented 
Bayesian Optimization (BO) with a Gaussian Process Regressor (GPR) 
using Python’s Scikit-learn library within the design automation work
flow. In our context, the optimization problem is viewed as an expensive 
black-box function due to long iteration time and unknown relationships 
between input and output parameters in especially complex distributor 
designs. Given these challenges, BO proves to be a valuable approach, 
as it efficiently explores the solution space while minimizing computa
tional costs, as discussed in Section 1.

The optimization problem for the n-channel flow distributor involves 
n-1 input morphing parameters and n mass flow distribution outputs at 
the outlet channels. This characterizes the problem as multi-objective. 
Due to the single-objective optimization nature of BO, it requires a 
scalarization function to address the multi-objective nature of this prob
lem [48].

To achieve this, the Chebyshev scalarization method is applied, 
which is defined as [49]:

fChebyshev(x) = max 
𝑖=1,…,𝑛

(
𝜆𝑖
||𝑓𝑖(𝑥) − 𝑧∗

𝑖
||) . (2)

The parameter set for each iteration is denoted as x, where 𝑓𝑖(𝑥) rep
resents the relative deviations. Since the mass flow distribution in all 
channels is equally important, the weights 𝜆𝑖 are set to 1

𝑛 for each ob
jective to avoid favoring any one output. Additionally, the ideal values 
(𝑧∗

𝑖
) are set to 0, aligning with the goal of minimizing the relative devi

ations between the actual flow distribution and the user-defined target 
ratios as much as possible. By using the Chebyshev scalarization func
tion, the multi-objective problem is transformed into a single-objective 
optimization problem. The overall goal is to minimize 𝑓𝐶ℎ𝑒𝑏𝑦𝑠ℎ𝑒𝑣, ide
ally bringing it below 0.25%, which we consider an acceptable level for 
this optimization task.

Additionally, multipass crossflow devices are widely used and essen
tial across various applications, each with unique design requirements. 
The design automation workflow applies to optimizing the same design 
for different requirements, making the collected data highly valuable for 
future optimal configurations in flow distributor design. For this reason, 
the results from each optimization case are stored in a CSV file for sub
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sequent use. It should be noted, however, that data from a previous 
optimization case are only transferable when the bifurcation number of 
the flow distributor is identical in both cases. To enhance BO further, we 
incorporated LHS and GPR (see Section 1). LHS, a widely used method 
for solution space exploration, efficiently covers the solution space with 
fewer iterations than classical random sampling methods. After the ini
tial sampling, a GPR is trained to predict likely areas of global minimum, 
which it then connects to the BO. Following this first sampling phase, 
we adjusted the optimization workflow to favor exploitation over ex
ploration using the Lower Confidence Bound (LCB) acquisition function, 
helping to refine the search within identified regions. These adjustments 
in the optimization algorithm reduce computational time, particularly 
when initial values are available from previous optimization cycles.

3. Experimental validation

3.1. Design and manufacturing of test device

The algorithmic design of the flow distributor can be adjusted for 
different numbers of channels by modifying the fixed parameter of bi
furcation stages (j) in the design automation workflow (see Fig. 2). To 
validate the flow distributor design workflow proposed in Section 2 and 
its optimization algorithm to control flow distribution ratios, a four
channel flow distributor is used as a two-dimensional design, as shown 
in Fig. 3. In the test design, the bifurcation angle (Θ) is set to 30°, the 
outlet stage edge length (L) is fixed at 20 mm, the number of stages is 
set to 2, the wall thickness is maintained at 2 mm, and the outlet diam
eter of the final stage is specified as 2 mm. This approach allows for a 
comprehensive and efficient validation of the methodology. In addition 
to the bifurcation geometry, a bottom section is incorporated into the 
design to secure the part during testing, as shown in Fig. 3. The part is 
fixed in place, and to ensure flatness, an L-shaped feature is added to 
the geometry. This feature allows the use of a spirit level to verify that 
the part remains level throughout the process.

To assess the impact of manufacturing tolerances, the validation 
designs were produced using the PBF-LB/M and VPP-UVL/P additive 
manufacturing methods. Both methods offer effective solutions for man
ufacturing complex structures. In the VPP-UVL/P process, a photosen
sitive resin is placed in a vat, and UV light selectively solidifies the 
resin layer by layer through polymerization [46]. Since printed parts 
are fragile, post-processing is essential in this method and varies depend
ing on the resin material used. Typically, removable support structures 
are printed alongside the part to ensure production stability. These sup
port structures can be easily removed manually after printing. The next 
post-processing step involves washing the structure with isopropanol 
to remove any uncured resin [50]. After this, the part is cured under 
UV lights until fully solidified. It’s crucial to remove all uncured resin 
and isopropanol from the printed part to achieve precise manufacturing 
tolerances. The PBF-LB/M process enables metal additive manufactur
ing by using laser power to selectively melt metal powder layer by 
layer [46]. However, post-processing is more tedious because the sup
port structures cannot be easily removed by hand; they must be cut 
or removed through machining operations. If the support structures are 
inside the part’s internal geometry, removal becomes impossible. There
fore, it is essential to minimize the use of support structures and fully 
understand the design limitations of this manufacturing method. Sev
eral studies in the literature have explored the design limitations of the 
PBF-LB/M method [46,51--53]. These limitations depend on the mate
rial used, process parameters, and the machine. In this study, stainless 
steel 316L was used as the printing material, and the design guidelines 
reported by multiple resources are followed in the design of flow dis
tributor [46,51,52].

To experimentally define the diameter boundaries that ensure reli
able correlation between CFD simulations within the proposed workflow 
and experimental results, as discussed in Section 2.1, seven variations 

Table 1
Minimum channel diameters at the different 
morphing positions, as defined in Fig. 3, are 
listed for each test part.

Variation Minimum Morphing Diameter (mm) 
Pos. 1 Pos. 2 Pos. 3 

N-V1 - - -
M-V1 0.682 0.670 0.670 
M-V2 0.907 0.830 0.830 
M-V3 0.907 - -
M-V4 1.227 - -
M-V5 0.840 - -
M-V6 0.840 0.765 0.765 

of the validation flow distributor (see Fig. 3) were created and manu
factured using both VPP-UVL/P and PBF-LB/M methods (see Table 1). 
Variant identifiers follow the format N-Vx or M-Vx, where ‘N’ stands 
for an unmodified channel, ‘M’ for a modified channel including lo
cal diameter reductions and ‘Vx’ for the specific variant number. Two 
parts without morphing parameters (N-V1) were produced to compare 
the CFD simulation with experimental data in cases of uniform flow 
distribution. Subsequently, the workflow’s boundaries were further ex
plored by morphing the structure in extreme cases with smaller diam
eters. The diameters of the morphed positions are increased in each 
variant after testing extreme cases (e.g. M-V1). Additionally, the effect 
of the morphing positions is also investigated in the validation pro
cess.

3.2. Test set-up

Experiments were conducted to validate the CFD model using a 
hot wire anemometer (HWA), a valuable tool for determining flow 
distribution [54]. HWA measures flow velocity by detecting temper
ature changes: as gas flows over a heated wire, the wire cools, and 
the anemometer adjusts the current to maintain a constant tempera
ture. The rate of current change correlates with the fluid’s velocity. 
However, HWA is highly sensitive to movement, so stabilizing the test 
part using a motion control system is essential for accurate measure
ments.

In the test setup, pressurized air is used as the flow medium, and 
the mass flow rate is regulated at 0,169 g/s throughout the validation 
process using a mass flow controller from Brooks Instrument. The air is 
directed into the test part, with a straight, rigid pipe (i) positioned in the 
forward direction (see Fig. 5). This configuration is critical, as even mi
nor deviations can significantly impact the flow distribution. To secure 
the part, two aluminum profiles are attached to the movement system 
(ii) from Physik Instrumente. The test part is first assembled into the setup 
using screws and the aluminum profiles (iii). The inlet pipe and test part 
are connected and sealed with a rubber gasket (iv). After pressurizing 
the system, leak detection spray is used to check for leaks. Once the 
system is confirmed to be leak-tight, the test part is brought near the 
HWA (v) by moving it along the left-right axis to improve measurement 
accuracy. After this, the part is moved along the up-down and forward
backward axis by 0.2 mm/s to identify the highest flow rate detected by 
the HWA and collect accurate data. Mass flow rates are calculated us
ing the measured outlet diameters of the channels and the air density in 
normal conditions.

To ensure repeatability, each test part is measured twice using HWA. 
Additionally, they are disassembled, reassembled, and tested a third 
time to account for any effects from assembly. The pressure difference 
across the test part is measured using pressure differential equipment 
(vi) from WIKA.

4. Experimental results

To establish the functionality boundaries of the workflow and vali
date the CFD model, 14 test parts were printed and tested as detailed in 
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Fig. 5. Test set-up for performance tests and to validate CFD model highlighting rigid pipe (i), motion system (ii), assembly mechanism and measurement outlets 
(iii), sealing rubber gasket (iv), hot wire anemometer(v), pressure differential equipment (vi).

Fig. 6. Error in comparison between experiment and simulation data based on corresponding 3D-CAD Model. 

Table 1 and Fig. 3. Due to the novelty of incorporating non-uniformity 
in flow distributors, classical quality assurance parameters such as the 
general deviation from uniformity parameter (𝛽) and the worst-case 
maldistribution parameter (𝜉), as described in the literature [23,55], 
are not applicable. However, the relative deviation, which is derived 
from the core concept of 𝜉, can be defined as:

Relative Deviation =
∑𝑛

𝑖=1
(
𝑈sim,𝑖 −𝑈exp,𝑖

)∑𝑛

𝑖=1𝑈exp,𝑖
× 100% (3)

Where 𝑈sim,𝑖 represents the mass flow distribution ratio at location 
i from the simulation, 𝑈exp,𝑖 denotes the mass flow distribution ratio at 
location i from the experiment, and n is the total number of measure
ments.

Using this formula, the relative deviations were calculated for each 
channel in the test parts. Based on maldistribution parameter (𝜉) val
ues reported in the literature [23,55,56], which demonstrate designs 
achieving a relative deviation below 10%, this study adopts 10% as the 
acceptance criterion for flow distribution. Due to the low pressure drop 
values observed, they can be considered negligible at least for the size 
of test parts. Even in the extreme reduced diameter case of M-V1 (see 
Table 1), the maximum pressure drop reached only 390 Pa.

4.1. Boundaries of using the morphing method

As discussed in Section 2.1, a sharp reduction in channel diameter 
leads to unpredictable flow behavior, resulting in deviations between 
experimental measurements and simulation results. Based on the com
parison of experimental data with simulation results, the acceptable 
minimum channel diameter for this workflow is identified, ensuring that 
the workflow remains valid only within this experimentally confirmed 
range. Fig. 6 presents the relative deviation values for all tested parts, 
where SLA refers to parts manufactured by VPP-UVL/P and SLM refers 
to those produced by PBF-LB/M. The raw experimental and simulation 
datasets used to calculate the relative deviation values using Equation 
(3) shown in Fig. 6 are provided in the Supplementary Information.

The relative deviation for the smallest diameter cases, M-V1 and 
M-V5 (see Table 1), exceeds the acceptance limit of 10%. For M-V1, 
the variant manufactured by VPP-UVL/P reached a maximum deviation 
of 17%, whereas the metal version produced by PBF-LB/M exhibited 
a deviation of 33%. In the case of M-V5, deviations also exceed the 
limit, despite the first morphing position having the same diameter as 
in M-V6 (see Table 1). This finding indicates that applying morphing at 
each bifurcation stage, as in M-V6, regulates the flow distribution more 
effectively and allows the use of smaller diameters compared to modi
fying only the first position, as in M-V5. Nevertheless, for applications 
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Table 2
Summary of iteration results for variants with target ratios and computational requirements.

Case Variant Target Exploration Exploitation Required 
Number Name Ratios Iterations Iterations 𝑓𝐶ℎ𝑒𝑏𝑦𝑠ℎ𝑒𝑣 Time (h) 
1 M-V2 0.18, 0.22, 0.26, 0.34 60 11 0.0091 ∼4 
2 M-V4 0.24, 0.23, 0.24, 0.27 30 27 0.1440 ∼3.5 
3 N-V1 0.25, 0.25, 0.25, 0.25 30 19 0.2100 ∼3 
⋮ ⋮ ⋮ ⋮ ⋮ ⋮ ⋮ 
9 M-V11 0.20, 0.24, 0.26, 0.30 - - 0.2320 In seconds 

Fig. 7. Comparison between VPP-UVL/P and PBF-LB/M manufactured parts. 

requiring lower sensitivity to non-uniformity, reducing the number of 
morphing positions can be advantageous, as it decreases the number of 
optimization variables and thereby lowers computational cost while im
proving the efficiency of the design automation workflow. As illustrated 
in Fig. 6, the relative deviation between simulations and experiments for 
all variants except M-V1 and M-V5 remains within the acceptable thresh
old. Among the tested designs, M-V6 with a diameter of 0.84 mm in the 
first morphing position and 0.765 mm in the second and third positions, 
represents the smallest channel dimensions that maintained acceptable 
flow distribution deviations across both manufacturing methods.

According to the experimental data, there is a slight difference be
tween the parts manufactured using VPP-UVL/P and PBF-LB/M (see 
Fig. 7), both of which are within the acceptable relative deviation range. 
However, it is important to note that process parameters have a signif
icant impact on manufacturing quality, particularly for parts produced 
using PBF-LB/M. Parameters such as part orientation, laser power, scan
ning speed, hatch spacing and layer thickness play a crucial role in 
determining manufacturing tolerances and surface quality [57]. There
fore, it is crucial to characterize the manufacturing machine if operating 
close to the workflow boundaries. Variations in machine settings and pa
rameters can shift these boundaries. Additionally, the reduction in size 
after post-processing, such as milling, must be taken into account for 
PBF-LB/M parts.

4.2. Effect of used ML-assisted optimization algorithm

As described in Section 2.3, the proposed design automation work
flow optimizes the flow distributor to achieve the desired mass flow 
distribution. Supervised ML method Gaussian Process Regressor is used 
to enhance the prediction for Bayesian Optimization to minimize the 
deviation in mass flow distributions in the flow distributor design. To 
demonstrate the effectiveness of the proposed workflow, the target ra
tios and simulation results for different cases were used (see Table 2). 
The optimization algorithm begins with an exploration phase, where the 
solution space is broadly sampled, and then transitions to an exploita
tion phase, focusing on areas likely to yield optimal results. To ensure 
comprehensive exploration, 60 sampling iterations are performed using 
LHS, generating sufficient data to map the solution space for the in
put parameters. This sampled data is then used to train the GPR model, 

which collaborates with BO to refine the search, prioritizing regions 
with a higher probability of containing the optimal solution. After the 
initial exploration, BO performs up to 30 additional iterations to op
timize the design. Each iteration, including design and simulation of 
test flow distributors, requires approximately 3.5 minutes on a 12-CPU 
setup. Since the bifurcation number of the test flow distributors re
main constant across all cases defined in Table 2, the data from each 
optimization case are stored in a CSV file and imported prior to the sam
pling phase in subsequent cases to train the GPR model. This transfer of 
prior knowledge facilitated faster exploration of the solution space and 
reduced the number of required simulations in later cases. Further im
plementation details, including hyperparameter configurations for BO 
and GPR, are provided in the Supplementary Information. In the fol
lowing, the application of the optimization algorithm to the different 
cases defined in Table 2 is presented to illustrate its performance under 
varying target distributions.

The M-V2 optimization problem was solved in 71 iterations over 
approximately 4 hours. The algorithm successfully minimized 𝑓𝐶ℎ𝑒𝑏𝑦𝑠ℎ𝑒𝑣
(as detailed in Section 2.3) to 0.0091, completing the optimization cycle. 
The evaluated data points and their simulation results were then saved 
to a CSV file for use in subsequent optimization case.

In another optimization case with different target mass flow distribu
tion ratios, the M-V4 variant was applied using three input parameters. 
By leveraging initial samples from the earlier M-V2 variant, the opti
mization process for M-V4 was configured with 30 sampling iterations 
and 30 exploitation iterations. Upon completing the sampling phase 
and 27 exploitation iterations, the algorithm successfully reduced the 
𝑓𝐶ℎ𝑒𝑏𝑦𝑠ℎ𝑒𝑣 value to 0.144. The optimization cycle stopped based on a 
stopping criterion of <0.25, defined in Section 2.3. This problem was 
solved in approximately 3,5 hours. By focusing on the observed region 
of the solution space, the required number of simulation iterations can 
be significantly reduced. We estimate that 500 iterations are sufficient 
to define the solution space for three input parameters, similar to the 
case of the four-channel flow distributor. This estimate is supported by 
the use of LHS, which ensures a well-distributed exploration of the solu
tion space during each optimization case. LHS provides comprehensive 
coverage, which is particularly effective given the relatively low dimen
sionality of the solution space with three input parameters.

Once 500 iterations are completed, the surrogate model (GPR) takes 
over, and further simulations are no longer triggered by the MM. In
stead, the optimization process relies entirely on GPR predictions, re
ducing computation time to just a matter of seconds. The M-V11 variant 
serves as a case study to demonstrate the functionality of the surrogate 
model within the optimization framework. Using the GPR model, the 
surrogate successfully identified an 𝑓𝐶ℎ𝑒𝑏𝑦𝑠ℎ𝑒𝑣 value of 0.232 in seconds 
(see Table 2). This strategy significantly improves efficiency for a widely 
used design across various applications, while preserving the accuracy 
of the optimization results.

5. Discussion

The results of the ML-assisted design optimization and experimen
tal validation demonstrate that the proposed workflow effectively con
trols flow distribution to match user-defined ratios. This capability ad
dresses the challenge of non-uniformity in multipass crossflow devices 
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and provides a solid foundation for future enhancements in heat trans
fer uniformity in individual channels. While this study focuses on flow 
distribution control, the workflow has the potential to be extended to 
heat transfer applications and the implementation of more complex flow 
distribution designs in future work.

The current implementation is most effective for systems with a 
moderate number of channels. However, as the number of channels in
creases, computational times for optimization also grow. To mitigate 
this, the integration of specialized ML models into the design automa
tion framework in the future could substantially enhance computational 
efficiency. The flexibility of the proposed system also supports the inte
gration of alternative ML algorithms, as discussed in Section 2.3, making 
it adaptable to more complex flow distributors and sophisticated sys
tems.

6. Conclusion

This paper introduces a design automation workflow utilizing ma
chine learning assisted algorithms to optimize non-uniform flow distri
bution in multipass crossflow devices. The findings demonstrate that 
strategically morphing channel geometries can effectively control flow 
distribution. However, the applicability of this workflow is constrained 
by the tolerances inherent to the selected manufacturing techniques. 
The proposed automation workflow enables flexibility through ad
vanced optimization algorithms and different machine learning meth
ods, with substantial reductions in optimization time achievable, partic
ularly when initial values from prior optimization cycles are available. 
This design automation workflow and the non-uniform flow distribution 
strategy show promising potential for application across various process 
engineering devices.
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