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This paper is about the gas turbine cooling model using the extended jet array. The aim of the
present study is to explain the effect of the impinging jet configuration of elongated jet holes on
the heat transfer distribution with a deep Convolutional Neural Network (CNN). CNNs preserve
spatial relationships through convolutional operations—unlike traditional Artificial Neural Net-
works (ANNs), which require flattening of input data—allowing for higher accuracy with smaller
datasets and faster training due to fewer trainable parameters. The goal is to understand how
accurate and fast deep learning models with limited data can deliver predictions for complex
systems such as jet impingement cooling. The proposed CNN model was compared with the
numerical and experimental data. Jet impingement cooling was examined with four different
Reynolds numbers (16250, 21700, 27100, 36250) and six dimensionless gaps between the jet and
the target surface (G/D =1, 2, 3, 4, 5, and 6). Mean and local Nusselt number (Nu) distributions
were investigated in particular. G/D = 2 was selected as the test data for the model among the
configurations. While the CFD model failed to identify this peak performance point, the CNN
model accurately captured this maximum behavior despite being trained only on other config-
urations. Moreover, the CNN model demonstrated more suitable prediction accuracy in the first
two jet impingement regions than the CFD data, especially in capturing peak Nusselt numbers and
localized hot spots. It has been determined that the CNN model provided more accurate pre-
dictions of the local Nusselt numbers within the measurement region compared to the Compu-
tational Fluid Dynamics (CFD) study for the average Nu, the proposed CNN model showed a closer
agreement to experimental data than numerical simulation by 4.15 % at the Re = 32500 and G/D
=2

* Corresponding author.

E-mail address: mohammed.al-buriahi@ogr.sakarya.edu.tr (M.S. Al-Buriahi).

https://doi.org/10.1016/j.csite.2025.106605

Received 28 December 2024; Received in revised form 3 May 2025; Accepted 29 June 2025

Available online 1 July 2025
2214-157X/© 2025 The Authors.

Published by Elsevier Ltd. This is an open access article under the CC BY-NC license

(http://creativecommons.org/licenses/by-nc/4.0/).


mailto:mohammed.al-buriahi@ogr.sakarya.edu.tr
www.sciencedirect.com/science/journal/2214157X
https://www.elsevier.com/locate/csite
https://doi.org/10.1016/j.csite.2025.106605
https://doi.org/10.1016/j.csite.2025.106605
http://creativecommons.org/licenses/by-nc/4.0/

M. Berkant Ozel et al. Case Studies in Thermal Engineering 73 (2025) 106605

1. Introduction

Jet impingement cooling (JIC) is a highly effective cooling technique utilized in various industrial applications with high operating
temperatures. This method works by directing a high-speed jet of coolant onto the component’s surface to be cooled, forcing a rapid
reduction in temperature. It can help extend the lifespan of components operating at high temperatures and significantly reduce costs
compared to more complex cooling solutions by using the JIC method. In recent years, gas turbine components in repulsive force and
power generation have encountered increasing thermal loads due to high operating temperatures [1-4]. This has led to a need for
advanced materials and cutting-edge cooling techniques and increasingly complex physics [5,6] to ensure gas turbines’ reliability and
efficient operation [7-10]. The development of gas turbine blade cooling technology traces back to the mid-20th century. Several
methods are being employed for cooling gas turbine blades, which include jet impingement, film, effusion, pin-fin, and rib cooling
techniques.

Wang et al. developed a machine-learning method for the estimation of thermomechanical performance in the effusion cooling
study on a flat plate. The study investigated hole pitch and spacing, hole inclination angle, and density ratio as parameters. Essential
datasets for training a deep neural network (DNN) prediction model were acquired from CFD solutions. They suggested that thermal
stress diminishes with increasing blowing ratio and density while increasing pitch and hole spacing result in higher thermal stress. The
proposed model demonstrated an average absolute percentage error of 0.5 % for temperature prediction and 0.08 % for mechanical
stress prediction [11]. Yu et al. proposed an approach utilizing the iterative neural operator to combine numerical and experimental
data for effusion cooling. The iterative neural operator model accurately captured effusion cooling characteristics and predicted local
cooling effectiveness with random hole configurations, demonstrating that transfer learning significantly reduced training re-
quirements and errors, offering a robust solution for modeling experimental effusion cooling data with limited samples and time [12].
Yang et al. conducted a machine-learning technique using convolution modeling to estimate the local adiabatic cooling effectiveness.
The proposed model was able to effectively predict the cooling effectiveness distribution for the surfaces using convolution calcula-
tions during the regression process. This method has been indicated to be applicable in different parts of gas turbine engines, such as
turbine blades, combustor liners, and turbine end-walls [13]. Asl et al. studied film cooling advancement on the gas turbine blade for
various hole shapes by using numerical calculation. The means of the coolant mass flow rate, adiabatic cooling effectiveness, and
energy loss were calculated using the numerical solution results. Besides, numerical simulation results were utilized for artificial neural
networks. As a result of all the examinations, it has been indicated that the swirling patterns could be more effective and beneficial than
conventional cylindrical holes [14]. Wang et al. proposed a Conditional Generative Adversarial Network (CGAN) model on the plate
model with a trench hole under superposition conditions to estimate film cooling effectiveness. The training and validation samples
were procured from the CFD calculations. It was expressed that the proposed model had demonstrated remarkably high accuracy.
Based on the trained model, the film cooling effectiveness has been reconstructed depending on the blowing ratio, hole location, the
width and depth of the trench, and hole compound angle. Thus, the suggested model has revealed the grand potential of predicting 2D
wall film cooling efficiency under the superposition effect [15]. The literature contains numerous publications on artificial
intelligence-based film and effusion cooling [16-20].

Jet impingement is the most effective cooling technique commonly utilized in the gas turbine leading edges to dissipate heat and
prevent high thermal stress. It’s a type of internal cooling that includes directing a high-velocity air flow directly onto the blades to
dissipate heat more effectively. There are several essential points to regard in JIC. First, it is crucial to achieve efficient thermal
performance and uniform cooling to provide a high heat transfer and minimize thermal stresses. Besides, the literature shows that the
JIC method is also effective on complex surface geometries. Therefore, it is particularly effective to improve heat transfer by con-
structing modifications on the jet region and target surface. Yang et al. examined the uniformity of temperature in jet impingement
cooling, taking the impinging flow fields, geometric modifications, and flow properties into account. It has been expressed that
enhancing temperature uniformity could be achieved by raising the impingement Reynolds number or reducing the distance between
the orifice surface and the measurement region [21]. Tepe et al. performed a study on the impact of jet lengths on heat transfer
performance through numerical and experimental methods. The transient Liquid Crystals (TLC) method experimentally displayed the
heat transfer pattern on the measurement region. Heat transfer and flow properties were studied through numerical calculations in the
same arrangement with a 1 x 6 (in-line array). A comprehensive analysis was conducted on the local and average distribution of the
Nusselt number, flow characteristics, pressure drops, and Performance Evaluation Criterion (PEC). G/D = 2.0 yielded the high local
and mean Nu numbers. Additionally, the Performance Evaluation Criterion (PEC) results indicated that the optimal normalized nozzle
to target surface spacing was G/D = 2.0 for entire Reynolds numbers [22]. Yalcinkaya et al. examined the effect of slot pins on heat
transfer with elongated impinging jets on the target plate. This study evaluated the influence of pin heights and configurations ar-
ranged in staggered and circular patterns on convective heat transfer, considering different Reynolds numbers and nozzle lengths. The
study emphasized achieving relatively high homogeneity in local heat transfer dissipation by determining optimal geometric pa-
rameters in the elongated impinging jet cooling [23]. Jet impingement cooling can also be used in many industries such as the cooling
of electronic components [24-26].

Many studies in the literature focused on achieving experimentally and numerically the highest heat transfer value on the mea-
surement region by reducing cross-flow effects with the jet-target wall distance configuration. This article thoroughly examines the
convection heat transfer performance using an artificial neural network built on a jet impingement surface cooling model investigated
experimentally and numerically before. No sufficient information is available in the literature on using artificial intelligence to
improve heat transfer for extended JIC systems. It is anticipated that this study will contribute to filling this gap.
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2. Model and setups
2.1. Investigated test model

The image and dimensions of the three-dimensional model are given in Fig. 1.

The test model shown in Fig. 1 is fabricated using plexiglass material. The circular inlet section to the upper plenum has a diameter
of 21 mm. The air in the upper plenum is separated from the lower test section by the so-called orifice plate, on which the extended jets
are mounted with inline arrangement and equal spacing. The nozzles have a uniform diameter (D) of 6 mm. The distance between the
orifice and the lower target surface (Z) (the red surface, Fig. 1) is 36 mm. The gap (G, Fig. 1) between the nozzle exits and the target
plate is varied in the experiments. The dimensionless jet to target surface gap (G/D) is varied between 1 and 6 in this study. Table 1
summarizes the important geometrical parameters of the test model, as well as the utilized jet Reynolds numbers, which are defined
based on the jet diameter and bulk jet velocity.

2.2. Outline of the previous experimental and CFD analysis

The present test case was investigated experimentally and numerically in a previous study [22]. Therefore, here, a brief outline will
be given here. For measuring the local Nusselt number distribution on the measurement region, the Thermochromic Liquid Crystals
(TLC) was used. The applied boundary conditions for the solution domain used in the CFD model are shown in Fig. 2.

For modelling turbulence within a RANS (Reynolds-Averaged Navier-Stokes) framework, the SST k-0 model with low-Re correc-
tions was employed. The grid independence was ensured, which resulted in a grid with about 1,9 million cells. A quite satisfactory
agreement between the measurements and CFD results were obtained. For the further details on the experimental setup, measurement
methods and the CFD modelling, please refer to Ref. [22].

2.3. Deep learning approach

Research results show that CNN networks can be used to predict system dynamics [27]. In particular, CNNs have been used to
classify types of motion in Hamiltonian systems based on time series data, without any prior knowledge of the underlying dynamics
[28]. Furthermore, deep learning models, including Recurrent Neural Networks (RNN) and CNN, have been suggested for
multi-parameter prediction of steam turbines utilizing real-time data [29].

Extended jet impingement cooling involves spatially distributed data, such as temperature, heat flux, and thermal conductivity,
which can be represented as 2D or 3D images or matrices. CNNs are specifically designed to learn hierarchical representations of such
spatial data by convolving filters over the input data and extracting local features. In the context of heat flow systems, a CNN can be
trained to predict the spatial and temporal dynamics of the system based on input data such as temperature measurements at various
points in the system, thermal conductivity, and boundary conditions. The network can learn to capture complex nonlinear relation-
ships between these inputs and outputs and make accurate predictions even when the system is subject to perturbations or changes in
operating conditions. Deep Convolutional Neural Networks have been used in the present study to estimate the thermal performance of
the in-line arrangement of different lengths of the extended jet impingement configuration.

2.3.1. Deep convolutional neural network architecture

In this study, an airflow channel is modeled with a deep Convolutional Neural Network architecture. Fig. 3 depicts the CNN ar-
chitecture of the used model. The datasets consist of 24 different samples acquired from an experimental setup. One of the key
contributions of this study lies in its careful selection of input features. These inputs provide the convolutional neural network with the
necessary context to learn meaningful patterns and relationships within a jet impingement cooling system. The representation of these
input features significantly impacts the network’s ability to learn effectively and generalize well to unseen data. This study proposes a
novel 9-dimensional input feature map X, the input is a three-dimensional feature map of size [H, W, 9], where H and W represent the
height and width of the spatial grid, respectively, and 9 denotes the number of feature channels. A summary of the descriptions for each
input channel is provided in Table 2.

Each of the first six dimensions encodes the normalized distances, represented as X, of each element in the feature map from the
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Fig. 1. a) 3D illustration of the model, b) The measurements of the elongated JIC system in detail.
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Table 1

The parameter of the test model.
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Parameters

Range

Re

G/D

Z (mm)
X/D

16250,21700,27100, 32500

1.0, 2.0, 3.0,4.0,5.0,6.0

36
40
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- Target Wall
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Fig. 2. 3D representation the boundary conditions.
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Fig. 3. Illustration of CNN architecture.
Table 2
Description of input dimensions for the CNN model.
Dimension  Description Normalization Variation Purpose/Role
Ist Normalized distance from the elements =~ Normalized by the diagonal Varies across the Helps the CNN understand the spatial
- in the spatial grid to the center of each distance across the dimension feature map relationship of the jets to each element in
6th jet. grid Dpay- the target spatial grid.
7th Normalized streamwise trajectory Normalized by the maximum Varies across the Encodes the progression of the coolant flow
distance along the flow direction. streamwise distance Wyqy. width dimension along the system.
8th Normalized air flow rate, constant Normalized to a value larger Constant across Encodes the air flow rate for the system,
across all spatial locations. than all air flow values in the the feature map representing energy input to the system.
dataset.
9th Normalized gap between the nozzle and  Normalized to a value larger Constant across Represents the spatial separation between

the target plate, constant across all
spatial locations.

than all gap values in the dataset.

the feature map

the nozzle and the target plate, affecting
heat transfer.

center of a distinct jet. This feature map is a scaled version of the internal wall, and the internal wall was scaled to match the size of the
input feature spatial grid, which has dimensions W (width) and H (height). The values i and j represent discrete indices, where i refers
to the row index and j refers to the column index. For a given input channel (wherek = 1,2, ---,6), the value at position (i,j,k) is
calculated based on the Euclidean distance from the elements position to the center of the corresponding jet (xk,yx ). This distance is
then normalized by the maximum possible distance in the domain, denoted as Dmax, which is the diagonal length of the spatial grid.
The final normalized distance value is calculated as shown in Eq. (1):
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This formulation ensures that all values lie within the range [0, 1], providing consistent, normalized inputs for the CNN.

The seventh dimension encodes the normalized trajectory within the streamwise, characterized by the distance traversed by the
coolant, which is air in this study, from the inlet point, whose boundary condition is air velocity, to the outlet, defined by air pressure.
Values in this dimension naturally increase monotonically from zero at the inlet to one at the outlet, depending on the horizontal
position j, where j € [1, W]. Since the streamwise direction is aligned with the width dimension, this dimension varies across the
columns of the feature map but remains constant for each row i. The normalized value is calculated by dividing the streamwise distance
by the maximum possible streamwise distance Wy, which is the width of the spatial grid, ensuring that the value for this dimension
lies within the range [0, 1]. The normalized trajectory for each spatial position can be expressed as in equation (2).

J
me{'

Xij7 = (2)

The eighth dimension in the feature map encodes the air flow rate, which remains constant across all elements. Since there is no
explicit maximum pressure in the system, Qg is normalized to a value larger than all pressure values in the dataset denoted as Q-
This ensures that the air flow rate is represented within a normalized range. The normalized air flow rate is denoted as in equation (3).

L Qair
77 Quax

Similarly, the ninth dimension represents the gap G,,, between the nozzle and the target plate, with a uniform value throughout the
map. Since there is no explicit maximum gap in the system, the gap between the nozzle and the target plate is normalized to a value
larger than all gap values in the dataset, denoted as Gnq.. This ensures that the gap is represented within a normalized range. The
normalized gap is given in equation (4).

X; (3)

_ Gew
Xijo= G 4

The target spatial dimension shows the scaled Nusselt number distribution on the measurement surface. For enhanced training
efficiency, min-max normalization was applied to normalize all data between 0 and 1.

The dataset consists of 24 different samples acquired from an experimental setup. Although this might seem limited, research has
shown that even with small datasets, CNNs can achieve acceptable performance if the data is used effectively. For example, Acikgoz
et al. [30] used a small dataset of 35 samples and still achieved high prediction accuracy. Similarly, Hua et al. [31] established that
while larger datasets generally enhance model performance, smaller datasets can also be effective. This is particularly the case when
the task is relatively straightforward, the data is of high quality and representative, and simplified model architecture is employed.
Real-world systems often exhibit complex dynamics that are challenging to model with simplistic approaches. Nevertheless, due to the
limited sample size, deep networks must be rigorously assessed, as they are susceptible to overfitting. For this reason, the CNN ar-
chitecture used in this study was limited to four convolutional layers. In this model, the convolution kernel serves as a filter that scans
across the entire input matrix to gather spatial information and estimate the dynamics of the system. The kernel operates locally,
allowing it to capture local patterns in the data that are relevant to the prediction task. The input to the network is a six-channel matrix
of size 86 x 576, as mentioned above. Each convolutional layer in the model uses 16 filters of size 3 x 3, with a stride of 1 and padding.
The 3 x 3 filter size is a common choice in CNN architectures as it is small enough to focus on fine-grained details in the input while
maintaining manageable computational costs. Stride of 1 ensures that the filter moves one pixel at a time, allowing the model to
capture subtle features throughout the entire input matrix. Each filter learns to detect a different pattern or feature, such as edges or
textures, across the input image. A greater number of filters can capture more complex and varied features, but increases computa-
tional demands and risk or overfitting. Padding is used to preserve the spatial dimensions of the input, ensuring that the output retains
important spatial information from the borders of the input matrix, which could otherwise be lost during convolution. The outputs of
all convolutional layers were passed through a ReLU activation function. Rectified Linear Units (ReLU) is a widely used activation
function in neural networks for system dynamic prediction due to its computational efficiency, sparsity that reduces parameters, and
robustness to vanishing gradients. Finally, the output of the last layer was passed through a sigmoid activation function to obtain the
estimated Nusselt number distribution. A sigmoid function can further capture nonlinearities, allowing the network to learn more
complex and accurate representations. The neural network underwent training via the Adam optimization algorithm, employing a
learning rate of 0.001 while utilizing the mean squared error (MSE) loss function as the designated objective function. By quantifying
the average squared difference between predictions and actual values, MSE offers a holistic assessment of model accuracy. The
squaring operation amplifies the impact of larger discrepancies, making MSE particularly well-suited for scenarios where precise
system behavior prediction is paramount, as it assigns heavier penalties to significant deviations. The batch size was set to the size of
the training dataset. We trained the network for 2500 epochs and evaluated its performance on a held-out test set.

Several regularization techniques were employed during training to prevent overfitting and improve the generalization perfor-
mance of the network. One of the techniques applied was early stopping to monitor the validation loss during training and halt the
training process when the validation loss stopped improving. The weights incident to each hidden unit were constrained to have a
norm less than or equal to a desired value in order to control the magnitude of the weights in the network, leading to better
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performance on unseen data. Additionally, batch normalization was used to normalize the activations in each layer during training,
which can help to stabilize the distribution of the activations and improve the training performance. Together, these regularization
techniques were able to prevent overfitting and improve the generalization performance of the network, even on our small dataset. The
small difference between the test and train data loss values given in Fig. 4 serves as an indication that the model did not overfit and
demonstrates its robust generalization performance.

Most previous studies [32-34] have utilized artificial neural networks (ANNSs) for heat transfer and cooling applications. In
contrast, our study introduces a novel approach by employing a tailored 9-dimensional input feature map, structured as a
three-dimensional tensor, to effectively capture the complex dynamics of the test system. This feature map integrates parameters such
as normalized distances and flow rates and is paired with a simplified convolutional neural network (CNN) architecture. Unlike prior
studies such as Edalatifar [35], which focused on conduction-dominated problems using U-Net architectures with skip connections, our
work employs a pure CNN with a spatial multi-input design to capture local, complex flow-heat interactions without overfitting. By
combining a specialized feature map with a streamlined CNN, our research presents a significant advancement in the modeling of
complex real-world systems.

3. Results and discussions

As mentioned before, the present test case was investigated experimentally and using CFD in a previous work [22]. The present
investigation aims to propose a CNN-based artificial intelligence model for predicting heat transfer performance. The experimental
results are used for training the CNN model. The artificial intelligence predictions are compared with the previous numerical and
experimental results for the local Nusselt number distribution.

3.1. Average Nu number

The experimental, CFD, and CNN results of the average Nusselt number on the target wall are shown in Fig. 5 as a function of the
Reynolds number.

The results indicate that the CNN model exhibits greater accuracy than the CFD model, as shown in Fig. 5. While the numerical
model’s maximum and minimum deviation is 18.85 % and 3.68 %, respectively. The CNN model demonstrates a maximum difference
of 14.70 % and a minimum difference of 1.03 %. Additionally, the findings show that the area-averaged Nu number on the surface is
positively correlated with the Reynolds number, indicating an increase in heat transfer with increasing Reynolds.

3.2. Local Nu number distributions

Fig. 6 presents the axial variations of the transversely mean Nusselt number on the target surface for the Reynolds numbers 16250,
21700, 27100, and 32500, for G/D = 2. Experimental results, CNN predictions and CFD results are displayed. In Fig. 6, the peaks
observed in the axial variation curves of the transversely averaged Nu number correspond to the center locations of jet impingement
regions. These peak locations represent the maximum heat transfer rates caused by the direct impact of high-velocity jets on the target
surface. The peak regions, especially within the initial three jet impingement zones, reveal that the CNN model predictions align with
the experimental data, successfully capturing the local heat transfer and peak Nusselt number distributions.

The CNN and CFD predictions are quite close to experiments, especially for Re = 16250. One can see that both predictions show a
good qualitative agreement with the measurements. However, the CNN predictions quantitatively outperform the CFD results for all
Reynolds numbers. In Fig. 6, the CFD simulation results deviate by 45.24 % from the experimental data within the sixth jet region (X/D
= 30), while the CNN model differs from the experimental data only by 3.06 %. Similarly, a deviation of 39.44 % is observed when
comparing the simulation results for Re = 21700 in the first jet position (X/D = 5) with the experimental data. However, the difference
is only 1.13 % for the proposed CNN model. The change between the experimental and CFD results for the first jet position (X/D = 5) at
Re = 271000 is 31.94 %. In contrast, in the proposed CNN model, the difference from the measurements is only 0.81 %. These results

0.14 — train
-—-= test

0.04 \
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Fig. 4. Training and testing loss of the proposed model over epochs.
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Fig. 5. Evaluation of the area-averaged Nu numbers obtained through numerical simulations, experimental data, and a neural network model for G/
D = 2 within the range of Re = 16250-32500.
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Fig. 6. Comparison of experimental, CFD, and neural network results for the axial variation of transversely area-averaged Nu number, for G/D = 2
at a) Re = 16250, b) Re = 21700, c) Re = 27100, d) Re = 32500.

suggest that the proposed CNN model outperforms the CFD analysis in predicting the heat transfer characteristics in impinging jet
cooling.

Fig. 7 presents the local Nusselt number contours for different G/D configurations at various Reynolds numbers. In these contour
plots, the color distribution represents the local heat transfer intensity on the target surface, where red regions indicate high Nusselt
numbers and blue regions indicate low Nusselt numbers. The contours reveal that the Nusselt number at the impingement point of the
first jet is relatively lower. This is attributed to the flow not yet achieving a fully developed state. In contrast, following jets impinge on
the surface with a more developed and turbulent flow structure, resulting in higher local heat transfer rates. Towards the downstream
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Fig. 7. Local Nu number contours for different G/D configurations at a) Re = 16250, b) Re = 21700, c¢) Re = 27100, d) Re = 32500.

region, the heat transfer performance decreases again. This reduction is mainly due to the crossflow, as the spent air from the previous
jets moves along the surface and interferes with the incoming jets. The crossflow diminishes the effectiveness of the downstream jets by
disturbing the jet core region and preventing the air jet from directly striking the surface. The influence of crossflow on the Nusselt
number contours is particularly evident in the downstream region, where decreased red regions are observed. These zones indicate
areas where the jet impingement effect weakens, and crossflow dominates. In the last jet zones where crossflow effects are more
pronounced, the CNN model provides more accurate predictions compared to the previously validated CFD model [22]. The CNN
model performed better at capturing the local flow-thermal interactions associated with crossflow and its impact on heat transfer
degradation in downstream regions. The local Nusselt number distributions for the experimental, CNN, and CFD models are shown in
Fig. 7. The comparison leads to the conclusion that the local Nusselt number increases when the G/D ratio decreases according to
prediction methods and experiments. Quantitatively, the CFD model has exhibited a noticeable deviation from the experimental results
for Re = 16250, especially in the first and second jet regions for G/D = 2. For Re = 21700, it is observed that changes in G/D do not
substantially affect the heat transfer according to the CFD results, while the CNN model reveals a considerable increase in the local Nu
with decreasing G/D, showing a better agreement with the experiments. Finally, the CNN model has performed better than the CFD
approach for Re = 32500, G/D = 2. Summarizing, one can conclude that both prediction methods show a qualitatively good agreement
with the measurements, while the quantitative accuracy of the proposed CNN method is considerably better than that of the CFD
approach, especially in the initial jet region.

The CNN network in this study, while innovative, has several limitations. The network’s simplified architecture, consisting of only
four convolutional layers, may limit its capacity to capture complex features and patterns within the data. The 9-dimensional input
feature map, though tailored to represent various system parameters, might not fully encapsulate all relevant aspects of the system
dynamics. If certain parameters of the system are not included in this feature map or represented inadequately during training, the
network may struggle to accurately predict results. The use of ReLU and sigmoid activation functions, while effective, might not be
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optimal for capturing all complex patterns.
4. Conclusion

The current investigation uses artificial intelligence (AI) methodologies to explore the effect of an extended jet configuration on
heat transfer. The configuration considered in this study is relevant for a gas turbine blade cooling application. However, the findings
are more general and applicable to different areas where impingement cooling is applied, such as fuel cell cooling systems [36] or the
cooling of electric vehicle batteries [37].

In the present study, a deep convolutional neural network model was generated to minimize the deviation seen in the numerical
data. The accuracy of Al results has been compared with experimental and numerical results. It was concluded that the results of the
CNN model were more accurate than the CFD ones.

The findings of the research are elucidated in the following:

@ The numerical computations indicate that the average Nusselt number differs from the experimental data by 3.68 % and 18.85 % on
G/D = 2 for Reynolds 16250 and 32500, respectively. The CNN model has respective deviations of 1.03 % and 14.70 % from the
experimental results for the same configuration and Reynolds numbers. Accordingly, it is seen that the area-averaged Nusselt
number on the target wall for the CNN model is more accurate than numerical simulation by about %4.15 for the Reynolds number
of 32500.

@ The average Nusselt number has the highest value for the configuration at Re = 32500 and G/D = 2 in the experimental data. In the
present configuration, the numerical results exhibit a change of 32.71 % in the first jet region. However, this variation decreases to
10.21 % in the results of the Convolutional Neural Network (CNN) model.

@ In addition, we hope that this study will provide ideas for future research in cooling in similar configurations. An interesting future
research direction would be the inclusion of the effect of surface roughness.
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Nomenclature

D Hydraulic diameter of the jet [m]

G Jet to target surface gap [m]

G/D Dimensionless target surface-to-jet gap [—]
JIC Jet impingement cooling [—]

Nu Area-averaged Nu number [—]

Re Reynolds number [—]

X Flow streamwise coordinate [m]

X/D Dimensionless streamwise distance [—]
Z Coordinate perpendicular to jet flow [m]
Z/D Jet plate to target surface ratio [—]

Subscripts and superscripts

avg Average

Symbols

p Air density [kg/m°]

A Kinematic viscosity [mz/s]
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