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A B S T R A C T

Efficient thermal management is essential for maximizing the performance and reliability of power semi
conductor devices, particularly in data centers, electric vehicles, drive motors, and photovoltaic systems. Multi- 
jet impingement cooling has emerged as a promising solution, offering enhanced heat transfer from thinning 
boundary layers, and localized cooling capabilities, but its optimization remains challenging due to the 
complexity and high dimensionality of the design parameter space. This study develops machine learning 
framework coupled with a genetic algorithm to efficiently predict and optimize the thermal and hydraulic 
performance of multi-jet impingement cooling. We trained scalar and multimodal machine learning models using 
comprehensive computational fluid dynamics simulations, incorporating physical principles to enhance pre
dictive accuracy. As a result, prediction errors decreased substantially, from 408.2% to 10.3% for pressure drop 
and from 25.9% to 3.7% for maximum temperature. Compared to conventional computational approaches, our 
proposed methodology significantly reduces computational effort and accelerates the identification of optimal 
cooling configurations. This study presents a robust and efficient strategy for advancing thermal management 
solutions critical to next generation high power semiconductor applications.

1. Introduction

Rapid advancements in semiconductor technologies such as wide 
bandgap (WBG) materials, including silicon carbide (SiC) and gallium 
nitride (GaN), have significantly increased power densities in electronic 
devices, exacerbating thermal management challenges. In electric ve
hicles (EVs), power electronics modules experience elevated heat flux 
conditions, critically impacting efficiency and reliability if not properly 
managed [ 1,2]. Similarly, data centers, driven by heterogeneous inte
gration and advanced three-dimensional chip architectures, suffer from 
intensified localized heat generation and thermal cross-talk, leading to 
increased cooling demands [3]. Consequently, thermal management 
systems in data centers alone account for up to 40% of total energy 
consumption, highlighting the critical need for efficient cooling 

solutions capable of maintaining performance and sustainability [4,5].
Various advanced cooling technologies have been explored to 

address high heat flux conditions, including microchannels [6,7], micro- 
pin fins [8,9], manifold microchannel [10,11], spray cooling [12], jet 
impinging cooling [13,14], nanofluids [15], and electrohydrodynamic 
(EHD) cooling [16,17]. Among these approaches, Multi-Jet Impinge
ment Cooling (MJIC) has emerged as a highly effective method due to its 
ability to reduce thermal boundary layers and achieve localized, high- 
velocity fluid flow, enhancing heat transfer significantly [18]. Previ
ous MJIC studies have primarily focused on the parametric investigation 
of nozzle geometries and operational conditions, revealing significant 
dependencies on nozzle arrangements, jet diameters, and jet-to-target 
distances. Jambunathan et al. [19] analyzed jet diameter and impinge
ment distances for single jets, while Geers et al. [20] demonstrated 
enhanced heat transfer from complex multi-jet vortex interactions. San 
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and Chen [21] found that maximum Nusselt numbers occur between jets 
in multi-circular arrays at low inter-nozzle spacing (s/d = 2.0) and jet 
height (H/d = 0.5). Tepe et al. [14] indicated that minimizing jet 
interference through nozzle proximity improves local cooling. Recently, 
Wei et al. [22] studied nozzle geometry across Reynolds numbers 
(32–2048), developing predictive correlations. Despite these advance
ments, practical optimization remains limited by the extensive compu
tational cost of iterative computational fluid dynamics (CFD) 
simulations and simplified empirical correlations.

Machine learning (ML) has emerged as an efficient alternative to 
conventional optimization methods by accurately predicting thermal 
performance with substantially reduced computational cost. Unlike 
traditional empirical correlations confined to specific operational con
ditions, ML models can effectively capture intricate relationships among 
geometric configurations, operating parameters, and resulting thermal 
behaviors. Several studies have demonstrated the potential of ML for 
thermal system optimization. Kwon et al. [23] and Kim et al. [24] uti
lized scalar-based ML algorithms to accurately predict heat transfer 
coefficients, significantly outperforming conventional correlations. 
Yesilyurt et al. [25] applied deep neural networks (DNN) to predict 
hourly building energy consumption and proposed effective energy 
management strategies. Farhadi et al. [26] employed Extra Trees and 
LightGBM models to accurately predict the performance of evacuated 
tube solar collectors, demonstrating the potential for optimizing thermal 
energy systems. Further advancements by Moon et al. [27], Nguyen 
et al. [28], and Yang et al. [29] integrated scalar-based ML with genetic 
algorithms (GA) and hybrid neural network-GA frameworks, enhancing 
thermal optimization capabilities. However, these scalar-centric ap
proaches inherently neglected spatial temperature distributions, 
limiting their ability to capture localized heat-transfer phenomena 
accurately. Recently, Lee et al. [30] attempted to address this limitation 
by employing multimodal ML approaches integrating spatial image 

data; however, their methods involved conventional image processing 
techniques, resulting in relatively high computational costs. Addition
ally, Lee et al. [31] developed physics-informed XGBoost models that 
significantly improved predictive accuracy compared to purely data- 
driven approaches, although still primarily relying on scalar inputs. A 
more advanced approach, the Physics-Informed Neural Network (PINN) 
proposed by Raissi et al. [32], integrates governing equations directly 
into the neural network's loss function to enforce physical laws. How
ever, this method's reliance on explicit physical models becomes a sig
nificant limitation for systems with highly complex phenomena or ill- 
defined governing equations, such as in a MJIC. Consequently, there 
remains a clear need for a computationally efficient ML framework 
capable of accurately integrating spatial temperature distributions, 
enabling effective optimization without the computational complexity 
of traditional image-processing techniques.

In this study, ML models trained on comprehensive CFD datasets are 
developed to accurately predict the thermal and hydraulic performance 
of MJIC systems. Two frameworks are proposed: a scalar-based model 
utilizing geometric and operational parameters, and a multimodal 
model integrating spatial temperature distributions with scalar inputs. 
Unlike conventional scalar-only or computationally intensive image- 
processing approaches, the multimodal method leverages spatial tem
perature data to enhance prediction accuracy. Furthermore, these ML 
models are integrated into a physics-guided GA, employing physics- 
based constraints to guarantee realistic and computationally efficient 
optimization results. This integrated framework enables rapid identifi
cation of optimal MJIC nozzle configurations, considerably reducing 
computational effort while enhancing practical applicability for energy- 
intensive applications, including electric vehicles and data centers.

Nomenclature

A Area (mm2)
CFD Computational Fluid Dynamics
CNN Convolutional Neural Network
d Jet hole diameter (mm)
Dn Diameter of the nozzle (mm)
Deq Equivalent diameter (mm)
EVs Electric Vehicles
GA Genetic Algorithm
h Heat transfer coefficient (kW⋅m− 2⋅K− 1)
H Distance from jet exit to impingement plate (mm)
HTC Heat Transfer Coefficient (kW⋅m− 2⋅K− 1)
k Thermal conductivity
ṁ Mass flow rate (kg⋅s− 1)
MAPE Mean Absolute Percentage Error
ML Machine Learning
MLP Multi-Layer Perceptron
MJIC Multi-Jet Impingement Cooling
Nn Number of nozzles (− )
NuH Nusselt number based on nozzle-surface spacing H (− )
NSGA-II Non-Dominated Sorting Genetic Algorithm
P Pressure (mbar)
ΔP Pressure drop (mbar)
Ppump Pumping power (W)
PEC Performance Evaluation Criterion
q Heating power (W)
Q Volume flow rate (LPM)
Re Reynolds number
s Jet-to-jet spacing (mm)

SST Shear Stress Transport
Tavg Average temperature (◦C)
Tin Inlet temperature (◦C)
Tmax Maximum temperature (◦C)
Theated Temperature of heated area (◦C)
Tsurf Temperature of target surface (◦C)
TKE Turbulent Kinetic Energy (m2⋅s− 2)
ΔT Temperature difference (◦C)
Ub Bulk velocity
v Velocity
V̇ Volume flow rate (m3⋅s− 1)
WBG Wide Bandgap
y+ Dimensionless wall distance (− )

Greek symbols
μ Dynamic viscosity (Pa•s)
ν Kinematic viscosity (m2⋅s− 1)
ρ Density (kg⋅m− 3)

Subscripts
avg Average
b Bulk
f Fluid
heated Heated area
in Inlet
max Maximum
n Nozzle
out Outlet
surf Target surface
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2. Method

2.1. Comprehensive datasets for multi-jet impingement cooling

Comprehensive datasets were generated through systematic CFD 

simulations to train ML models for accurately predicting and optimizing 
the thermal-hydraulic performance of MJIC systems. Thermal-hydraulic 
performance of MJIC significantly depends on geometric parameters, 
such as nozzle diameter, arrangement, and number, as well as operating 
conditions including fluid flow rate. Accurate flow analysis is crucial for 
optimization due to potential interactions between adjacent jets.

2.1.1. CFD-based data generation and simulation setup
Simulations were conducted using a unit cell rather than the entire 

cooling module to reduce computational costs. As illustrated in Fig. 1a, 
the unit cell consists of a fluid domain (top) and a solid domain (bot
tom). The solid domain includes a 6.4 × 5 mm2 heat source representing 
a SiC semiconductor chip and a 2-mm-thick Al1060 aluminum substrate 
with a 10-mm radius for thermal spreading. Fluid enters through an 8 ×
8 mm2 inlet, passes through a 10-mm inlet plenum and a 2-mm-long 

Fig. 1. Simulation model and nozzle configurations. a, Quarter model of the device with boundary conditions. b, Inline and staggered nozzle configurations. To 
reduce computational cost, the unit cell was analyzed by applying quarter symmetry, using the xz and yz planes as symmetric boundaries.

Table 1 
. Design space definition.

Parameter Value Unit

Nn
1, 4, 5, 9, 13, 16, 25, 36, 41, 49, 61, 64, 85, 100, 113, 144, 
181, 196, 256, 365

–

Dn 0.2, 0.4, 0.6, 0.8, 1.0 mm
ṁ 1.5, 2.0, 2.5, 3.0 LPM
Configuration Inline, Staggered –

Fig. 2. Statistical distribution of dataset parameters. a, Pressure drop. b, Maximum temperature. c, Average temperature. d, Heat transfer coefficient. These 
metrics were used as output parameters to evaluate cooling performance in the machine learning models.
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nozzle, impinges on the heated surface, and then exits radially outward 
over a 20-mm radius region. Quarter symmetry was applied along the xz 
and yz planes to further minimize computation time.

Two nozzle configurations, inline and staggered as shown in Fig. 1b, 
were evaluated. The design space included nozzle counts from 1 to 365, 
nozzle diameters from 0.2 mm to 1.0 mm and volumetric flow rates from 
1.5 to 3.0 LPM, as summarized in Table 1. Performance was evaluated 
using the maximum and area averaged surface temperatures, the heat 
transfer coefficient (HTC) and the pressure drop. The HTC was 
computed as the imposed heat flux divided by the temperature differ
ence between the area averaged surface temperature and the inlet 
temperature. A uniform heat flux of 885.9 W⋅cm− 2, corresponding to a 
total heat input of 283.5 W, was applied to the heat source. Water at 
30 ◦C was used as the coolant and entered the domain at prescribed mass 
flow rates before exiting at ambient pressure. The coolant was modeled 
as a single phase fluid without phase change or nanofluid effects. 
Depending on the nozzle geometry and flow rate, the inlet Reynolds 
number varied from 3.81 × 102 to 4.03 × 105.

Numerical simulations were performed using ANSYS Fluent 2019 
R2. The steady and incompressible conservation equations for mass, 
momentum and energy were solved in both the fluid and solid regions to 
account for conjugate heat transfer. The near wall mesh was refined to 
maintain y+ values between 5 and 7. Grid independence was confirmed 
through a five level refinement study. Refining the mesh from 2.443 ×
107 cells to the finest mesh changed the maximum temperature by 
0.02% and the pressure drop by 0.59%. The full refinement procedure 
and mesh specifications are provided in Supplementary Note S1 and 
Table S1.

The k–ω SST turbulence model was selected based on the validation 
reported by Elliott and Robinson [33] for millimeter scale impinging jet 
arrays operating in comparable flow ranges. Their experiments showed 
maximum deviations of 2.6% in junction temperature and 8.2% in 
pressure drop. Using the same turbulence model and a similar configu
ration, the present simulations reproduce their measured junction 
temperature and pressure drop within 4% and 10%.

2.1.2. Data preprocessing and feature extraction for ML
A total of 308 simulation cases were conducted by combining various 

design variables to generate training data for ML models. Each case 
provided nine scalar parameters and two spatial image datasets. Scalar 
data were preferred due to their low dimensionality, ease of interpre
tation, and computational efficiency. Scalar input parameters included 
Nn, Dn, ṁ, nozzle arrangement, pressure drop, maximum temperature, 
average temperature, outlet temperature, and HTC. Scalar data were 
normalized using a Min-Max scaler for consistent scaling. Fig. 2 illus
trates the distribution of scalar performance metrics. From the 308 
datasets, 10% were randomly selected as the test set, with the remaining 
90% divided into training and validation sets at a 7:3 ratio. K-fold cross- 
validation (K = 5) was applied to improve model robustness [34].

Next, spatial image data were incorporated to include spatial details 
not captured by scalar data alone. Specifically, spatial data represented 
temperature contours of the impinging surface and the nozzle configu
rations. Temperature contour data provided intuitive guidelines by 
revealing localized hotspots and patterns caused by jet interference, 
essential for accurate cooling performance predictions. To avoid the 
high computational cost associated with conventional RGB image 

Fig. 3. Kendall rank correlation heatmap of dataset parameters. Key parameters influencing cooling performance were identified. Outlet temperature was 
excluded from the machine learning analysis because it was strongly correlated only with flow rate, showing independence from nozzle geometry.
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processing, the temperature field was extracted directly from the CFD 
results in the form of numerical matrices with associated physical co
ordinates. The data were collected over a 5 × 5 mm2 region that fully 
covers the nozzle footprint. The field was sampled on a 200 × 200 
Cartesian grid (approximately 40,000 points), which preserved the 
spatial gradients associated with jet interactions. This resampling was 
performed only to produce fixed-size image inputs for the machine 
learning models. All quantitative thermal and hydraulic metrics re
ported in this study were evaluated on the native unstructured mesh.

Nozzle configuration images were generated as binary cross- 
sectional matrices viewed from the inlet direction, where each nozzle 
opening was assigned a value of 1 and all other pixels were assigned 0. 
Because the nozzle layout contains simpler geometric features than the 
temperature field, lower-resolution images were sufficient. Therefore 
the nozzle mask was downsampled to 100 × 100 while the temperature 
contour was retained at 200 × 200 to preserve fine thermal structures. 
The mask resolution was systematically reduced, and 100 × 100 was 
identified as the lowest resolution that maintained perimeter and area 
errors below 1%. This downsampling reduced the training time from 1 h 
36 min (200 × 200 resolution) to 49 min (100 × 100 resolution), cor
responding to a computational savings of approximately 49%. Even with 
the reduced mask resolution, the validation R2 score remained above 
0.95.

Prior to ML model training, Kendall rank correlation analyses were 
performed to identify influential parameters for predicting pressure 
drop, maximum temperature, average temperature, and HTC. Fig. 3
indicates outlet temperature was strongly correlated only with flow rate 
(− 0.85) and independent of nozzle geometry; thus, it represented a 
simple energy balance and was excluded from subsequent ML analyses. 
All other parameters with correlation coefficients greater than 0.1 were 
included to ensure robust and accurate predictions [27].

Initially, ML models were trained solely using scalar data to optimize 
nozzle configurations. Subsequently, spatial image data were integrated 
to further enhance predictions by capturing localized temperature dis
tributions and jet-induced hotspots. Finally, optimization results 

obtained from scalar-based models were systematically compared with 
those from spatially informed multimodal models to evaluate im
provements in prediction accuracy and reliability.

2.2. Machine learning model development and validation

ML models were trained using CFD-generated data to accurately 
predict thermal-hydraulic performance. The developed models were 
classified into two categories: scalar-based ML, using scalar input pa
rameters, and multimodal ML, which integrates scalar inputs with 
spatial (2D) image data. All ML models were implemented using Python 
(version 3.10.0) and TensorFlow (version 2.12.0).

2.2.1. Scalar-based ML model
Eight scalar-based ML models were comparatively evaluated to 

identify the most accurate approach for predicting cooling performance 
from nozzle configurations. The evaluated models fall into four distinct 
categories:

Tree-based ensemble models: These algorithms combine multiple 
decision trees, effectively capturing nonlinear relationships and com
plex data patterns, thereby enhancing predictive accuracy and gener
alization. Examples include Decision Tree [35], Random Forest [36], 
XGBoost [37], and LightGBM [38].

Linear and kernel-based models: These models predict outputs by 
assuming linearity or leveraging kernel functions to handle nonlinear 
data. They are computationally efficient and highly interpretable. 
Representative models include Elastic Net [39], representing linear 
method, and Support Vector Regression (SVR) [40], a kernel-based 
method.

Artificial neural network models: These models mimic human 
neural structures to effectively capture complex nonlinear relationships. 
A multilayer perceptron (MLP), consisting of interconnected input, 
hidden, and output layers, was employed. Weights were initialized using 
He initialization, and the Adam optimizer [41] was applied for training, 
combining advantages from AdaGrad [42] and RMSprop [43]

Fig. 4. Multimodal machine learning model architecture. Spatial data (2D) representing temperature distributions and nozzle configurations were integrated 
with scalar data (1D) including pressure drop, maximum temperature, average temperature, and heat transfer coefficient, in order to enhance predictive accuracy.
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algorithms.
Probabilistic models: These methods estimate predictions along 

with their associated uncertainties based on probability distributions. 
Gaussian Process Regression (GPR) [44], a Bayesian approach defining a 
prior over functions, was selected for its robustness in small dataset 
conditions.

2.2.2. Multimodal ML model integration
Multimodal ML techniques were employed to combine scalar and 

spatial image data, enhancing predictive accuracy through comple
mentary information. Multimodal ML simultaneously processes multiple 
data types, capturing comprehensive relationships and improving model 
generalizability [45]. As illustrated in Fig. 4, the multimodal model 
integrates two distinct data types: spatial (2D) temperature distributions 
and nozzle configurations, and scalar (1D) data such as pressure drop, 
maximum temperature, average temperature, HTC, and flow rate.

Spatial features from 2D image data were extracted using a con
volutional neural network (CNN), chosen for its effectiveness in 
capturing complex spatial patterns like localized hotspots and jet 
interference effects. Concurrently, scalar inputs were processed using an 
MLP, known for efficiently modeling nonlinear relationships. Features 
extracted separately from CNN (2D) and MLP (1D) branches were 

subsequently merged, allowing the multimodal model to leverage cor
relations between spatial and scalar information. This approach 
improved prediction performance significantly compared to scalar-only 
models.

2.3. Optimization framework

2.3.1. Hyperparameter optimization
Bayesian optimization was applied to efficiently determine optimal 

hyperparameters for all ML models [46]. Hyperparameters were tuned 
to maximize the 5-fold cross-validation mean R2 score (R2) relative to 
the training dataset. Identical optimization conditions were maintained 
across all models, ensuring fair comparison, significantly reducing 
computational resources compared to conventional tuning methods, and 
minimizing performance variations caused by differences in parameter 
tuning [47]. In most cases, the search reached stable cross-validated 
performance within approximately 40 Bayesian-optimization evalua
tions, where each evaluation corresponds to one 5-fold CV average. The 
model-specific hyperparameters, search spaces, budgets, and evaluation 
settings are summarized in Supplementary Note S2 and Table S2.

Fig. 5. Comparison of prediction errors across models. Mean absolute percentage errors (MAPE) are presented for four performance metrics: pressure drop, 
maximum temperature, average temperature, and heat transfer coefficient. Results are shown for scalar-based and multimodal machine learning models evaluated on 
independent test data.

Y. Kim et al.                                                                                                                                                                                                                                     Applied Thermal Engineering 289 (2026) 129889 

6 



2.3.2. Physics-guided multi-objective optimization
Multi-objective optimization was conducted using the Non- 

dominated Sorting Genetic Algorithm II (NSGA-II) [48] to simulta
neously minimize maximum temperature and pressure drop, critical 
metrics for cooling performance. NSGA-II generated Pareto fronts rep
resenting optimal trade-offs between competing objectives. Initially, 
NSGA-II was integrated with the best-performing scalar-based model 
(XGBoost). Within the defined parameter space, 200 random initial 
designs were evolved through 100 generations (20,000 evaluations), 
substantially reducing computational cost (~30 min total) compared to 
traditional CFD simulations (~4 h per case). Evolutionary steps included 
crossover (85%), mutation (5%), and unchanged individuals (10%).

Subsequently, NSGA-II was coupled with multimodal ML, incorpo
rating spatial data to permit increased geometric flexibility. However, 
this flexibility introduced prediction challenges due to deviations from 
training configurations. To mitigate this, a physics-guided optimization 
approach was introduced, restricting nozzle configurations to physically 
realistic patterns similar to training data. A physics-based constraint was 
enforced as follows (Eq. (1)): 

P∝
1
2
v2 where v =

Q
A

(1) 

This physics-guided multimodal framework served two primary 
purposes: (1) eliminating non-physical solutions violating fundamental 
fluid-dynamic principles and (2) imposing a penalty within the loss 

function when predicted pressures deviated significantly (±20% area 
difference) from CFD-based expectations. This ensured the generation of 
physically realistic, accurate, and reliable nozzle configurations.

3. Results and discussion

ML models trained on scalar and spatial CFD data were evaluated for 
predicting and optimizing the thermal-hydraulic performance of multi- 
jet impingement cooling. The most accurate ML model was integrated 
with a GA to identify optimal nozzle configurations, which were sub
sequently validated via CFD simulations. Additionally, a physics-guided 
multimodal ML framework was developed to ensure physically realistic 
configurations and further improve prediction accuracy.

3.1. Performance evaluation of machine learning models

The accuracy of ML models was evaluated based on four perfor
mance metrics: pressure drop, maximum temperature, average tem
perature, and HTC. Mean Absolute Percentage Error (MAPE) was 
selected as the evaluation criterion for intuitive representation of rela
tive prediction accuracy across different scales: 

MAPE (%) =
1
n
∑n

i=1

⃒
⃒
⃒
⃒
yi − ŷi

yi

⃒
⃒
⃒
⃒×100 (2) 

Fig. 6. Evaluation of model predictions against CFD simulations for scalar parameters. Comparison of four performance parameters a, Pressure drop. b, 
Maximum temperature. c, Average temperature. d, Heat transfer coefficient.
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Fig. 5 summarizes the prediction errors (MAPE) for nine ML models 
evaluated (eight scalar-based and one multimodal), using 196 training 
data points and 62 independent test cases. Pressure drop exhibited the 
highest prediction error (MAPE = 13.57%), reflecting inherent 
complexity in predicting turbulent flow behavior. In contrast, average 
temperature predictions had the lowest error (MAPE = 5.84%), indi
cating reduced sensitivity to localized variations. Intermediate predic
tion errors were observed for maximum temperature (MAPE = 7.23%) 
and HTC (MAPE = 8.98%). Among scalar-based models, XGBoost 
showed notably superior accuracy (pressure drop: 7.8%, maximum 
temperature: 1.32%), whereas LightGBM exhibited significantly higher 
errors despite being similarly tree-based. The multimodal ML model, 
integrating scalar and spatial data, achieved substantially lower MAPEs 
for maximum temperature (2.56%) and average temperature (2.68%), 
demonstrating clear performance improvements.

Fig. 6 further investigates the performance differences noted in Fig. 5
by directly comparing detailed ML predictions against CFD simulation 
results for each parameter: (a) pressure drop, (b) maximum tempera
ture, (c) average temperature, and (d) HTC. The superior performance of 
XGBoost relative to LightGBM arises from their fundamentally different 
tree-splitting methods. Specifically, XGBoost employs level-wise tree 
splitting, creating balanced, generalized tree structures suitable for 
capturing complex nonlinear patterns in turbulent fluid dynamics and 
heat transfer phenomena. Conversely, LightGBM employs leaf-wise 
splitting, which, while computationally efficient, tends to overfit 
sparse-data regions due to uneven exploration of parameter spaces. 
Additionally, across all models, prediction accuracy remained high in 
data-rich regions but deteriorated significantly in sparse-data regions, 

especially for pressure drop and HTC. The higher errors in sparse-data 
regions primarily result from limited training data at extreme param
eter conditions, restricting models' extrapolation capabilities. Although 
expanding the dataset would directly resolve this issue, alternative ap
proaches such as error-weighted training, physics-informed constraints, 
or uncertainty-aware modeling could enhance predictive reliability 
without extensive additional CFD simulations.

Fig. 7 demonstrates the performance of the multimodal ML model in 
predicting temperature distributions in a multi-jet impingement cooling 
system. The multimodal model was evaluated based on scalar temper
ature metrics (maximum and average temperatures) and spatially 
resolved full-field temperature contours, highlighting its ability to 
accurately capture localized thermal variations that scalar-based models 
inherently neglect. Evaluated using 62 independent test cases, the 
multimodal ML model achieved significantly low prediction errors, with 
MAPEs of 2.61% and 1.88% for maximum and average temperatures, 
respectively (Fig. 7a, b). These results represent a substantial improve
ment compared to scalar-based models, which exhibit higher errors due 
to their inability to account for spatial variations in heat dissipation. 
Fig. 7c further validates the model's spatial prediction capabilities by 
comparing the predicted temperature contour with CFD-generated 
reference data for a representative MJIC configuration (Nn = 64, Dn =

0.4 mm, ṁ = 3 LPM, inline configuration). The predicted temperature 
distribution closely matches the CFD reference, successfully capturing 
localized temperature drops induced by wall jet flows from individual 
nozzles. These findings clearly demonstrate the multimodal ML model's 
superior capability in accurately modeling complex, spatially varying 
thermal behaviors.

Fig. 7. Validation of the multimodal machine learning model predictions. a, Maximum temperature. b, Average temperature. c, Spatial temperature distri
bution. Spatial accuracy was evaluated using a representative case with Nn = 64, Dn = 0.4 mm, ṁ = 3 LPM, and an inline configuration from 62 independent test 
data points.
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3.2. Genetic algorithm-based optimization of nozzle configurations

3.2.1. Scalar-based optimization using genetic algorithm
Fig. 8 illustrates the Pareto front obtained by integrating the scalar- 

based ML model with a genetic algorithm, clearly visualizing the trade- 
off between maximum temperature and pressure drop, both essential 
metrics in evaluating cooling performance. The initial generation, 
indicated by blue points, directly corresponds to the dataset used for 
training the scalar-based ML model. Subsequent generations (yellow, 
green, cyan points) demonstrate progressive evolutionary improvement 
toward optimal configurations, eventually converging at the final 100th 
generation (red points). Each generation contains 200 design points, 
providing comprehensive coverage of the parameter space to ensure 
robust optimization outcomes. The inverse correlation depicted in Fig. 8
reflects fundamental physical principles underlying MJIC performance. 
Configurations aiming to reduce maximum temperature generally 
involve increased fluid velocities and intensified jet impingement ef
fects, which inherently lead to higher pressure drops. Conversely, con
figurations optimized for lower pressure drops typically result in 
reduced fluid velocities, thus limiting heat transfer effectiveness and 
elevating temperatures. Clearly recognizing this intrinsic trade-off em
phasizes the practical value of Pareto front analysis, enabling engineers 
to systematically evaluate conflicting performance objectives and 

identify practically optimal thermal management solutions.
To validate the practical applicability of these optimized configura

tions, two representative operating pressures were selected: 200 mbar, 
reflecting common automotive inverter cooling conditions, and 350 
mbar, representing high-performance electric vehicle cooling scenarios. 
Optimal nozzle configurations minimizing the maximum temperature 
under each pressure condition were selected from the final Pareto front 
and rigorously validated through detailed CFD simulations, as summa
rized in Table 2. The maximum discrepancy between ML predictions and 
CFD validations was approximately 8.93%, specifically for pressure drop 
at the 350 mbar condition. This discrepancy primarily stems from 
inherent limitations of ML models in accurately predicting complex 
turbulent flow behaviors, particularly under sparse training data con
ditions. Nevertheless, the optimized configurations demonstrated reli
able practical applicability, effectively satisfying targeted thermal and 
hydraulic performance criteria. Specifically, at 200 mbar, the CFD- 
validated optimized design achieved a slight improvement in 
maximum temperature compared to the best-performing training data, 
from 134.41 ◦C to 134.2 ◦C. At 350 mbar, the improvement was more 
evident, reducing the maximum temperature from 131.22 ◦C to 
131.08 ◦C. These modest improvements reflect the constraints of the 
scalar based genetic algorithm, which varies nozzle diameter and flow 
rate while preserving the overall nozzle arrangement. Since the main 
flow structures, including boundary layer formation and recirculation 
behavior, remain similar, the improvements remain incremental. Even 
so, the consistency of the optimized designs and their agreement with 
CFD results demonstrate the robustness of the method and its usefulness 
as a practical guideline for engineering thermal management 
applications.

3.2.2. Enhanced optimization with physics-guided multimodal ML
To further enhance predictive accuracy and geometric flexibility 

beyond scalar-based optimization, multimodal ML was integrated with 
GA. Multimodal ML incorporates spatial temperature distribution data, 
enabling simultaneous optimization of maximum temperature, pressure 
drop, and temperature uniformity. Emphasizing temperature uniformity 
is especially important because localized hotspots significantly affect the 
reliability and lifespan of electronic components. Initial attempts using 
purely data-driven multimodal ML allowed GA to explore nozzle con
figurations far beyond the original training dataset, resulting in irregular 
and physically unrealistic designs. Consequently, substantial discrep
ancies were observed during CFD validations, particularly for pressure 
drop and HTC, severely limiting the practical applicability of these 
preliminary results (see Fig. S1 and Table S3 in Supporting Information). 
These discrepancies arise mainly from inherent limitations of purely 
data-driven multimodal ML, especially its difficulty in accurately 
extrapolating complex turbulent-driven flow behaviors outside the 
training data scope. To address these limitations, a physics-guided 

Fig. 8. Pareto front from scalar-based genetic algorithm optimization. 
Each generation consisted of 200 design points. The final generation (red 
points) demonstrated average improvements of 11.0% in maximum tempera
ture and 33.1% in pressure drop relative to the initial generation.

Table 2 
. CFD validation of GA-optimized nozzle configurations.

a) 200 mbar Configuration
Dn 

(mm)
Nn 

(− )
ṁ 
(LPM)

ΔP 
(mbar)

Max Theated 

(◦C)
Avg Theated 

(◦C)
HTC 
(kW•m− 2•K− 1)

Predicted
0.96 13 2.77

188.57 136.13 117.20 101.59
CFD 198.41 134.2 116.43 102.5

MAPE – 4.96% 1.44% 0.66% 0.88%

b) 350 mbar Configuration
Dn 

(mm)
Nn 

(− )
ṁ 
(LPM)

ΔP 
(mbar)

Max Theated 

(◦C)
Avg Theated 

(◦C)
HTC 
(kW•m− 2•K− 1)

Predicted
0.67 25 2.81

342.21 132.32 114.56 104.8
CFD 311.65 131.08 113.17 106.5

MAPE – 8.93% 0.94% 1.21% 1.64%
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optimization framework was implemented. This approach restricts GA 
exploration to nozzle layouts consistent with physically feasible fluid- 
dynamic principles (Eq. 1), thereby significantly improving the multi
modal ML-based optimization's predictive accuracy. Fig. 9 presents the 
Pareto front generated by the physics-guided multimodal ML integrated 
with GA, clearly demonstrating improved optimization results.

Fig. 10a and b show the optimized nozzle designs and their predicted 
results using the physics-enhanced multimodal ML with GA. Detailed 

CFD validation results and associated errors are summarized in Table 3. 
Incorporating physics-based constraints notably improved prediction 
accuracy, especially for pressure drop estimations. Compared to the 
best-performing design from the training dataset, the optimized design 
at 200 mbar showed a maximum temperature improvement from 
134.41 ◦C to 134.02 ◦C, although temperature uniformity slightly 
increased from 9.06 ◦C to 9.99 ◦C. At 350 mbar, the optimized design 
further reduced the maximum temperature from 131.22 ◦C to 130.27 ◦C, 

Fig. 9. Pareto fronts generated by physics-guided multimodal machine learning. a, Maximum temperature versus pressure drop. b, Temperature uniformity 
versus pressure drop.

Fig. 10. CFD validation of physics-guided multimodal machine learning nozzle designs. a, Operating condition at 200 mbar. b, Operating condition at 
350 mbar.
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while temperature uniformity improved from 8.10 ◦C to 7.79 ◦C. These 
improvements arise from systematic differences in the flow structures 
produced by the physics guided layouts. The optimized designs shift 
regions of high near wall velocity and elevated turbulent kinetic energy 
into the heated area, registering a 76.1% increase relative to the scalar 
based baseline. They maintain a more continuous wall jet and weaken 
fountain type recirculation between nozzles, which thins the local 
thermal boundary layer and reduces the accumulation of warm fluid 
above the chip. These effects are illustrated by the turbulent kinetic 
energy and velocity fields shown in Supplementary Note S5. The pre
dicted temperature contours also align more closely with the CFD fields, 
capturing the location of local hotspots and the sharp thermal gradients 
between adjacent jets. These outcomes confirm that integrating physics- 
based constraints enhances multimodal ML's capability to accurately 

capture fluid flow behavior and temperature distributions, significantly 
improving its reliability and practical applicability for engineering 
thermal management solutions. The dimensionless Nu versus Re and ΔP 
versus Re characteristics for representative layouts are summarized in 
Supplementary Note S6. A complementary evaluation using the per
formance evaluation criterion (PEC) is provided in Supplementary Note 
S7.

3.3. Benchmarking against previous cooling solutions

To evaluate the practical applicability and effectiveness of the pro
posed optimization approach, a comparative analysis was conducted 
against previous nozzle-jet cooling studies [49–56] under equivalent 
operating conditions (i.e., water as working fluid with nozzle-jet 
impingement). Optimized nozzle designs were compared based on 
pumping power and HTC, as presented in Fig. 11. Here, HTC was 
calculated using Eq. (3): 

HTC =
q

A⋅
(
Tavg − Tin

) (3) 

where q is the heating power, A is the heated surface area, Tavg is the 
average temperature of the heated surface, and Tin is the inlet temper
ature. Pumping power was calculated consistently across studies using 
Eq. (4): 

Ppump = V̇ × ΔP (4) 

where ΔP is the pressure drop and V̇ is the volumetric flow rate. The 
specific design variables and parameter ranges for the comparative 
analysis are summarized in Table 4.

Among previous studies, Brunschwiler et al. [49] achieved the 
highest thermal performance using a hierarchical manifold design 
inspired by biological fluid transport networks such as human blood 
vessels or tree roots. Their manifold included 19,044 microscopic noz
zles arranged in a dense, interconnected inlet and outlet layout, ensuring 
uniform jet flow distribution and effectively removing a high heat flux of 
420 W⋅cm− 2. Although their design demonstrated excellent perfor
mance at a given pumping power by optimizing nozzle density and 
arrangement, the analysis remained limited to regular geometric pat
terns. In contrast, our optimization approach leverages a genetic 

Table 3 
. CFD validation of physics-guided multimodal GA nozzle configurations.

a) 200 mbar ṁ 
(LPM)

ΔP 
(mbar)

Max Tsurf 

(◦C)
Avg Tsurf 

(◦C)
Max Theated 

(◦C)
Avg Theated 

(◦C)
HTC 
(kW•m− 2•K− 1)

Std 
(◦C)

Predicted
2.9

198.77 80.47 56.75 131.91 114.94 101.9 7.88
CFD 199.29 82.81 60.4 134.02 116.16 102.82 9.16
MAPE ​ 0.26% 2.62% 6.43% 1.59% 1.06% 0.91% 16.24%

b) 350 mbar
ṁ 
(LPM)

ΔP 
(mbar)

Max Tsurf 

(◦C)
Avg Tsurf 

(◦C)
Max Theated 

(◦C)
Avg Theated 

(◦C)
HTC 
(kW•m− 2•K− 1)

Std 
(◦C)

Predicted 2.88 327.66 76.46 55.89 128.39 110.07 110.65 7.31
CFD 343.48 78.6 59.3 130.42 113.15 106.55 7.79
MAPE ​ 4.61% 2.72% 5.75% 1.56% 2.72% 3.84% 6.16%

Fig. 11. Benchmark comparison of optimized nozzle designs from rele
vant studies. The results from previous nozzle jet cooling studies [49–56] are 
plotted against the normalized pumping power Ppump/Acool (W•mm− 2). The 
optimized design in this work achieved a heat transfer coefficient of 107.76 
kW⋅m− 2⋅K− 1, which is approximately 67.23% higher than the best previously 
reported value of 64.24 kW⋅m− 2⋅K− 1 from Brunschwiler et al. [49].

Table 4 
. Design variables and performance metrics from previous nozzle-jet cooling studies.

Author/Year Working 
fluid

Volume flow rate 
(LPM)

Number of jet nozzle Nozzle diameter 
(mm)

Heated area 
(cm2)

Power 
(W)

Heat transfer coefficient 
(kW•m− 2•K− 1)

Pumping 
power 
(W)

T. Brunschwiler et al. [50] water 1.17–3.2 19,044 0.043 4 1480 42.28–64.24 0.27–2.58
A Royne, CJ Dey [51] water 11.5–28.4 4 1.4 7.25 – 18.24–30.78 0.047–0.95
BP Whelan et al. [52] water 1.97–10 49 1 8.24 100 8.6–13.97 0.038–6.25
J Jörg et al. [53] water 0.01–0.1 1 0.6 0.4 51 4.27–11.68 0.0002–0.056
R Wu et al. [54] water 0.8–2.1 44 0.424 5 300–500 25.5–41.3 0.04–0.69
TW Wei et al. [55] water 0.2–1 16 0.6 0.64 50 18.35–59.07 0.056–9.92
Y Fan et al. [56] water 0.14–0.31 5 0.4 4 100–400 8.85–20.61 25.0–165.3
A Kaood et al.57 water 0.2–2.1 11 1 6.25 625 9.37–37.83 0.0018–1.4
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algorithm, enabling exploration and evaluation of arbitrary, irregular 
nozzle geometries beyond conventional human-driven designs. At a 
pumping power comparable to that used by Brunschwiler et al. [49], our 
optimized design achieved an HTC of 107.76 kW⋅m− 2⋅K− 1, representing 
an approximate 67.23% improvement over the previously reported 
value of 64.24 kW⋅m− 2⋅K− 1. This substantial improvement highlights 
the effectiveness of combining multimodal ML with physics-guided GA 
for thermal optimization, demonstrating superior performance 
compared to state-of-the-art nozzle-jet cooling strategies.

Overall, this study presents a novel optimization framework for MJIC 
utilizing spatial image data and physics-guided genetic algorithms, 
significantly reducing the analysis cost and enabling practical explora
tion of complex, non-standard geometries. Future studies incorporating 
more rigorous physical models or direct integration with PDE-based 
approaches could further enhance the accuracy, reliability, and cost- 
effectiveness of thermal optimization for high-power electronic systems.

4. Conclusion

This study developed an integrated optimization framework 
combining machine learning and a physics-guided genetic algorithm to 
effectively enhance the thermal-hydraulic performance of MJIC systems. 
The proposed approach significantly reduced computational complexity 
compared to conventional iterative methods, while ensuring physically 
realistic and reliable optimization outcomes. Among the scalar-based 
models evaluated, XGBoost consistently delivered superior predictive 
accuracy, effectively capturing complex nonlinear thermal-hydraulic 
behaviors. Incorporating spatial temperature distributions through 
multimodal ML further enhanced prediction accuracy, reducing mean 
absolute percentage errors to 2.56% for maximum temperature and 
2.68% for average temperature. The introduction of physics-based 
constraints in the multimodal ML framework effectively addressed 
previous challenges with unrealistic nozzle configurations, significantly 
decreasing pressure drop prediction errors from over 400% to below 
6.21%, thus markedly improving practical applicability. Optimized 
nozzle designs obtained via NSGA-II demonstrated substantial perfor
mance improvements under realistic operating conditions (200 and 350 
mbar), validated by comprehensive CFD analyses. Comparative bench
marking further highlighted the superior performance of the proposed 
genetic algorithm-driven optimization, achieving approximately 
67.23% higher HTC compared to previously reported nozzle-jet cooling 
methods (64.24 kW⋅m− 2⋅K− 1 increased to 107.76 kW⋅m− 2⋅K− 1).

Collectively, these results underscore the effectiveness of integrating 
multimodal ML with physics-guided optimization for advancing thermal 
management solutions in next-generation high-power electronics. 
Future work should consider enhanced physical modeling, rigorous 
uncertainty quantification, and adaptive real-time optimization ap
proaches to further improve predictive reliability and practical 
efficiency.
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