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Abstract

Technological advancement presents new challenges for heat dissipation. Ther-
mal contact resistance is a critical factor in efficient thermal management. To
gain a deeper understanding of thermal contact resistance, we developed a deep
learning model based on convolutional neural networks for its prediction, which
also serves as a reference for determining the actual contact area between two
surfaces. The model utilizes the DenseNet121 architecture, and the dataset
is generated according to surface fractal theory and multi-point contact me-
chanics. It was trained on the training set and demonstrated strong predictive
performance on the testing set. Two specimen sets, produced through grinding
and turning processes, provided both surface morphology and measured contact
thermal resistance, which were used to evaluate the model’ s accuracy, yielding
comparable results. Guided Backpropagation and Class Activation Mapping
were utilized for the interpretability study of the model’ s visualizations. The
results indicate that the contact and non-contact areas of the two surfaces each
influence the prediction outcomes, thereby validating the model’ s effectiveness.
The surface features impacting contact thermal resistance were also directly vi-
sualized. This approach offers a new methodology to interpret the effects of
surface characteristics on thermal contact resistance, advancing understanding
and prediction capabilities in this field.
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Abstract

The advancement of technology presents new challenges for heat dissipation,
with thermal contact resistance (TCR) emerging as a critical factor in effi-
cient thermal management. To gain deeper insights into TCR, we developed
a deep learning model based on convolutional neural networks (CNNs) for its
prediction, which simultaneously serves as a reference for determining the ac-
tual contact area between two surfaces. Our model utilizes the DenseNet121
architecture, trained on a dataset generated according to surface fractal theory
and multi-point contact mechanics. The model demonstrated strong predictive
performance on both training and testing sets. Two specimen sets, fabricated
through grinding and turning processes, provided surface morphology data and
measured contact thermal resistance for model evaluation, yielding results com-
parable to theoretical predictions.

Guided Backpropagation and Class Activation Mapping were employed for
model interpretability and visualization. The results reveal that both contact
and non-contact regions of the two surfaces influence prediction outcomes,
thereby validating the model’ s effectiveness. The surface features impacting
contact thermal resistance were directly visualized, offering a novel methodol-
ogy to interpret the effects of surface characteristics on TCR and advancing
understanding and predictive capabilities in this field.

Keywords: Thermal contact resistance, Heat transfer, Convolutional neural
networks, Surface topography, Interpretability, Visualization

Introduction

The state-of-the-art development of technologies such as high-performance com-
puting [?], next-generation chips [?], and renewable energies [?] generates im-
mense heat densities, making thermal contact resistance (TCR) a pivotal factor
in scenarios requiring precise thermal management [?]. Even minimal TCR
at interfaces can significantly impair computational performance or destabilize
qubits [?]. By addressing TCR, researchers not only resolve immediate thermal
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bottlenecks but also pave the way for breakthroughs in sustainability, miniatur-
ization, and extreme-environment technologies, thereby solidifying its position
as a cornerstone of modern thermal engineering [?].

When solids come into contact, only a fraction of their apparent contact area
—determined by protruding asperities—facilitates heat conduction, while the re-
maining gaps, typically filled with low-conductivity fluids such as air, function
as thermal barriers [?]. Thermal contact resistance is defined as the tempera-
ture drop across the interface per unit heat flux. Surface characteristics have
long been recognized as critical factors influencing TCR [?], with extensive ex-
perimental research demonstrating that surface roughness significantly affects
thermal contact resistance [?]. However, Cui et al. [?] highlighted that even
when surfaces exhibit identical roughness values, variations in processing meth-
ods can result in substantial differences in TCR. To address this limitation, they
proposed incorporating additional parameters such as wavelength and surface
profile height, employing diverse mathematical formulations to better character-
ize contact surfaces across different processing techniques.

Various studies have utilized surface fractal models to analyze contact phenom-
ena. Ma et al. [?] conducted experimental measurements of fractal parameters,
accounting for elastic, plastic, and elastoplastic deformations, and developed
a theoretical prediction model for thermal contact resistance. Similarly, Sun
et al. [?] extended this approach to cylindrical contact surfaces, while Chen
et al. [?] enhanced their analysis by incorporating thermal stress and asperity
interactions. In summary, these studies either employ surface roughness met-
rics such as arithmetic average roughness (Ra) and root mean square roughness
(Rq), or derive fractal parameters—including fractal dimension (D) and scaling
factor (G)—from fractal theory. These parameters facilitate determination of
total contact area under varying mechanical states, with thermal contact re-
sistance subsequently analyzed through heat flow theory, representing another
statistical approach to surface characterization. To the best of our knowledge,
theoretical models that consider complete surface topography have yet to be
explored.

Directly constructing surface morphology using methods such as finite element
analysis represents an alternative research approach. Dai et al. [?] reconstructed
contact surfaces and conducted finite element simulations with ABAQUS to
investigate the thermal contact resistance of Ti-6Al-4V, subsequently incorpo-
rating thermal expansion effects and performing thermo-mechanical coupling
simulations [?]. Wang et al. [?] examined contact thermal resistance under
non-uniform loading conditions, while Dong et al. [?] addressed the impact of
gap conduction. Although numerical simulations based on finite element analy-
sis can accommodate complete surface morphology, they suffer from significant
drawbacks, including high computational resource demands, substantial time
costs, and limited reusability, which complicate the development of simple and
user-friendly general models.

In recent years, neural network-based predictive models have gained increasing
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traction in research [?]. Ren et al. [?] developed a predictive model for contact
thermal resistance utilizing artificial neural networks, enabling accurate deter-
mination of TCR values directly from temperature distributions and contact
pressure at multiple points, thus eliminating the need for complex experimental
testing procedures. Moreover, Feng et al. [?] employed artificial neural net-
works to forecast the contact thermal resistance of copper blocks subjected to
load cycling. Nonetheless, current investigations into TCR based on neural
networks primarily utilize simple artificial neural networks, neglecting the po-
tential advantages of more intricate network architectures and their inherent
characteristics.

Convolutional neural networks possess powerful feature extraction capabilities,
making them highly suitable for surface feature recognition. Figure 1 [Figure
1: see original paper] illustrates the overall process outlined in this article. We
first generated a contact thermal resistance dataset based on surface topography
using a theoretical model of contact thermal resistance. Next, we developed a
deep learning prediction framework for TCR, leveraging a well-established CNN
architecture. By training the model on the training set and validating it on the
test set, we obtained an optimized TCR prediction model. To ensure accuracy,
we further validated the model using experimentally measured surface topogra-
phy data and corresponding TCR values. Finally, we employed interpretability
techniques to visualize the surface features extracted by the model and explain
its predictive performance.

Methods
Overview of the Methodology

Figure 1(a) presents the flowchart outlining our study’ s methodology. Initially,
two random surfaces were generated and used alongside other parameters as
inputs for a theoretical model that calculated contact thermal resistance and
actual contact area. These inputs and outputs were organized into a contact
thermal resistance database. To satisfy neural network input requirements, the
data underwent preprocessing. The dataset comprised surface-related features
(Surfl, Surf2, Stdl, Std2), environmental parameters such as contact pressure
(P), and prediction targets—specifically, the actual contact area (Area) and con-
tact thermal resistance (Rc). The data were divided into training and testing
sets, followed by training an appropriate deep learning prediction model through
cross-validation and hyperparameter tuning. Finally, experimental data evalu-
ated model performance, while interpretability methods clarified the model’ s
decision-making process.

Figure 1(b) illustrates the neural network training process, which consists of two
primary stages: forward and backward propagation. In the forward stage, input
features are progressively transformed into prediction results, which are then
compared to target values to calculate the loss. This loss serves as the starting
point for the backward stage, during which the gradient tensor is propagated
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backward to update the neural network’ s parameters. Figure 1(c) details the
principles of guided backpropagation, which modifies the ReLU layer’ s input-
output behavior. During forward propagation, the output feature tensor of the
ReLU layer is retained. In the backward pass, this retained input is combined
with the ReLU layer’ s output through element-wise operations to produce the
final output tensor, which serves as the input gradient tensor for the subsequent
layer. Figure 1(d) explains Class Activation Mapping principles, where the
output feature tensor from forward propagation and the output gradient tensor
from backward propagation are used to compute the activation map for each
module.

Datasets

The data in this study derive from a theoretical computational model of ther-
mal contact resistance [?]. Initially, fractal parameters (D) and (G) were deter-
mined, and two random surfaces of size 1024$x$1024 were generated using the
Weierstrass-Mandelbrot (W-M) function [?]. These fractal parameters served
as inputs to the theoretical model, which calculated the actual contact area
and thermal contact resistance based on material properties—including elastic
modulus, Poisson’ s ratio, micro-hardness, thermal conductivity—and the con-
tact pressure between surfaces. The generated random surfaces, along with the
theoretical model’ s input and output parameters, formed our dataset. The
training set comprises 10,000 cases, while the testing set consists of 2,000 in-
stances. To validate the model, experimental tests were conducted on two sets
of 316 stainless steel specimens with surface roughness of approximately 0.8,
prepared using grinding and turning techniques. Thermal contact resistance
was measured using the steady-state method [?], and surface topography was
analyzed using a surface profilometer. These experimental data were also used
for model validation. For further details on dataset construction, refer to the
supplement.

Selection of Descriptors

Numerous factors influence thermal contact resistance, though not all are within
this study’ s scope. This research primarily focuses on surface topography, mak-
ing topographic data of the two surfaces the most critical descriptors. As neural
networks require normalized input data, Z-score normalization was applied to
surface height data, transforming it to zero mean and unit variance as follows:

zZ;— W 1 & 1 &
_* _ E — E _ 2
Zi - o ) M= N £ Zia g = N - (Zi iu’)

where N represents the total number of data points in the surface height profile,
z; denotes the height at each point, and p and o are the mean and standard
deviation of height, respectively. In fact, o represents the root mean square
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roughness of the surface. To preserve surface topography information, the stan-
dard deviations of both surfaces were incorporated as input parameters. Conse-
quently, a comprehensive descriptor set for surface information includes Surfl,
Surf2, Std1l, and Std2. To simplify the model, all surfaces were assumed to be
composed of the same material (316 stainless steel) and tested under identical
environmental conditions; therefore, material properties, ambient temperature,
and ambient pressure were excluded from consideration. Only contact pressure
was included as a parameter affecting TCR.

According to contact thermal resistance theory, the actual contact area between
two surfaces ultimately dictates TCR [?]. Furthermore, the actual contact area
plays crucial roles in various domains including friction, lubrication [?], and
coating [?], establishing it as a more fundamental physical quantity than TCR
itself. Consequently, the actual contact area was designated as an additional
variable of interest. Since experimental measurement of the actual contact area
is challenging and relying solely on it as a target variable complicates model
validation, both the actual contact area and thermal contact resistance were
designated as target variables. Accurate predictions of TCR are expected to
yield correspondingly reliable estimates of the actual contact area, providing
additional validation. In summary, the complete descriptor set comprises Surfl,
Surf2, Std1, Std2, P, Area, and Rc, as shown in Figure 2 Figure 2: see original
paper with detailed definitions provided in Table 1 .

Figure 2(a) illustrates the physical significance of the descriptors. Contact be-
tween two rough surfaces is inherently imperfect, generating contact thermal
resistance that is closely associated with the magnitude of the actual contact
area. Consequently, these two quantities are designated as target variables,
while all information associated with the two contact surfaces (Surfl, Surf2,
Std1, Std2) and contact pressure serve as input variables. Figure 2(b) shows
the relationships among different features: the diagonal displays each feature’
s distribution, the upper triangular section presents correlation coefficients and
heatmaps, and the lower triangular section depicts paired feature distributions.

The data distribution and correlation coefficients for each descriptor are illus-
trated in Figure 2(b). Surface height variance ranges between 0 and 3 m,
indicating comparable surface roughness. Pressure values distribute between 1
and 10 MPa, while actual contact area ranges from 0 to 0.8%, and contact ther-
mal resistance remains below 2000 mm? - K/W. The actual contact area shows
high correlation coefficients with Std1, Std2, and P, indicating strong positive
correlation. In contrast, contact thermal resistance exhibits more pronounced
positive correlation with Std1 and Std2 but shows no significant correlation with
pressure, which appears inconsistent with theoretical predictions. Examination
of P’ s distribution relative to Stdl and Std2 reveals that P is uniformly dis-
tributed across its range, leading to similarly uniform distribution of TCR with
respect to P and obscuring any observable correlation.
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Deep Learning Algorithm

Our neural network model comprises three components: an adaptor, a pre-
trained CNN, and a regression network, as schematically shown in Figure 3
Figure 3: see original paper. The input surface is sequentially processed by
the adaptor and pre-trained network. The regression network then takes the
pre-trained network’ s output along with additional parameters to perform re-
gression and derive target parameters. The pre-trained network utilizes CNN
architectures such as ResNet [?], DenseNet [?], and VGG [?], which have demon-
strated superior performance in image processing tasks. This study employs the
DenseNet121 [?] architecture with pre-trained parameters to accelerate training.
Since image inputs typically consist of three channels but only two contact sur-
faces are available, the first convolutional layer’ s input channels were adjusted
from three to two. Furthermore, as these CNN architectures are exclusively used
for surface feature extraction and typically include classification modules, we re-
placed the classification module with an Identity layer that outputs its inputs
unchanged, ensuring only extracted features propagate to subsequent modules.

For image inputs, the standard required size is 224$ x 224; however, measuredsur facedatasizeis1024x1024.Toa
trainednetwork, asillustratedinFigure3(b). T headaptoremploysstraight f orwardconvolutionaloperationstore
trainednetwork, ensuringinputsizeisamultipleo f32issu f ficienttoretainmazximuminputin formation. W hilec
surfaces as input is feasible, it would exponentially increase training time. Con-

sequently, after thorough consideration, we adopted the current architecture.

The regression network processes the extracted surface feature tensor and input
parameters. The surface feature tensor typically exceeds one thousand elements,
whereas input parameters consist of only three elements. Direct concatenation
would diminish the input parameters’ influence on results. Therefore, we first
apply a linear layer to halve the surface feature tensor length and another linear
layer to expand input parameters to a comparable length. Here, we standardize
their lengths to ensure consistency. The outputs from these two linear layers
are concatenated and passed through two additional linear layers to regress the
final target parameters: actual contact area and contact thermal resistance.

The model was trained on a dataset comprising 10,000 samples, with perfor-
mance evaluated on a separate test set of 2,000 samples. During training, the
Adam optimizer was employed with a learning rate of 0.001, and mean square
error (MSE) served as the loss function. A 5-fold cross-validation strategy was
implemented: the training set was partitioned into five equal subsets, with four
used for training and the remaining subset for validation in each iteration. This
process repeated five times, ensuring each subset served as validation set once.
The average validation loss across all iterations was used to assess model per-
formance.

Interpretability of CNN Model

Convolutional Neural Networks have revolutionized feature extraction tasks, of-
fering exceptional performance in classification and object detection. However,
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their complex structure often obscures the decision-making process, creating
a “black box” perception. Visualization techniques provide insights into this
process, making CNNs more interpretable and understandable. CNN visualiza-
tion elucidates the hierarchical feature detection mechanism, where lower layers
detect simple features like edges while higher layers capture more complex pat-
terns. Activation maps and feature maps are crucial tools that highlight which
input regions activate specific neurons, offering glimpses into the network’ s
feature detection process and aiding understanding of feature importance.

This paper employs two algorithms commonly used for image task visualiza-
tion—Guided Backpropagation (GBP) and Class Activation Mapping (CAM)—
to understand the surface morphology features that influence thermal contact
resistance.

Guided Backpropagation

Backpropagation is the standard algorithm for training neural networks, com-
puting the gradient of the loss function with respect to network weights by
propagating errors backward from output to input layers. Guided Backpropa-
gation, an extension of standard backpropagation, was introduced to overcome
limitations in generating interpretable visualizations. Its core principle modifies
the backpropagation process by retaining only positive gradients, thereby em-
phasizing features most relevant to specific neuron or layer activation. During
forward propagation, input data is processed through the network and activa-
tions are computed for each layer. In the backward pass, guided backpropaga-
tion alters gradient flow: only positive activations pass through ReLU layers
during forward propagation, and only positive gradients propagate backward
through these layers, with negative gradients set to zero, as shown in Figure
1(c): grad = ReLU(grad). The resulting gradient with respect to input data
highlights input regions that most significantly contributed to target neuron or
layer activation.

Class Activation Mapping

Class Activation Maps are a pivotal technique in deep learning that elucidates
which input image regions are most influential in CNN classification decisions.
By leveraging weights from the fully connected layer immediately preceding the
output, CAM generates a class-specific activation map mathematically formu-
lated as the weighted sum of feature maps from the last convolutional layer,
where weights correspond to class-specific weights from the final layer:

CAM =W - F

Here, W denotes the weight vector for the specific class, and F' represents the
feature maps. In this context, F' typically represents a function of the feature
tensor during forward propagation, while W generally denotes a function of the
gradient tensor during backward propagation. The specific functional form is
determined by the particular CAM algorithm employed, as shown in Figure 1(d).
Details are listed in supplementary information. This approach offers valuable
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insights into the model’ s decision-making process by visually emphasizing image
regions that most significantly contribute to predicted classes, thereby enhancing
CNN interpretability across diverse applications.

Results and Discussions

As illustrated in Figure 4 Figure 4: see original paper, the training process
spanned 80 epochs, with the optimal model identified at the 76th epoch, achiev-
ing an average validation loss of 0.01 during cross-validation. Model predictive
performance was evaluated on both training and validation datasets. Results
reveal that predicted actual contact area exhibited correlation coefficients R?
of 0.993 and 0.893 on training and test sets, respectively (Figure 4(c)), while
contact thermal resistance demonstrated correlation coefficients of 0.989 and
0.978 on training and test sets, respectively (Figure 4(d)). Relative errors were
also computed, as depicted in Figure 4(b). For both prediction targets, relative
errors were predominantly below 25% on the training set and below 50% on the
test set, with maximum relative errors not exceeding 50% and 125%, respec-
tively, indicating robust predictive accuracy. Regression lines for actual contact
area on both datasets lay below the z = y line, suggesting the model tends to
underestimate actual contact area. In contrast, regression lines for contact ther-
mal resistance were positioned above the x = y line, implying overestimation of

TCR.

After validating model performance, we conducted further verification using ex-
perimentally measured data. Test specimens were categorized into two groups:
the first fabricated through grinding (Figure 5 Figure 5: see original paper),
and the second produced via turning (Figure 5(h)). Both groups exhibit surface
roughness of approximately 0.8. Based on processing characteristics, a 5$x$5
grid of local areas was selected for surface topography testing in the first group,
whereas three local areas were tested from the center outward in the second
group. Contact thermal resistance was measured under pressures ranging from
1 to 4.55 MPa. Surface topography data and contact pressure were utilized as
model inputs to predict TCR. Test areas of upper and lower specimens were
paired one-to-one, and predicted data were employed to assess TCR at spe-
cific pressures. Consequently, the first group yielded 625 datasets per pressure,
while the second group produced 9 datasets. Experimental data and prediction
results are presented in Figure 5. The predicted actual contact area exhibits
nearly linear increase with pressure, rising from approximately 0.02% to 0.25%
and 0.4% as pressure increased from 1 MPa to 10 MPa. Regarding TCR, model
predictions were slightly lower for pressures below 1 MPa and slightly higher for
pressures above 3 MPa, though all predictions remained within acceptable error
ranges. Figures 5(d)-(g) and (k)-(n) display additional prediction results for
paired surfaces. Notably, prediction errors for surfaces in Figures 5(d) and (k)
were relatively minor compared to experimental results, whereas errors for sur-
faces in Figures 5(f) and (m) were more pronounced. Analysis revealed common
characteristics: Surface 2 in Figure 5(f) and Surface 1 in Figure 5(m) exhibited

chinarxiv.org/items/chinaxiv-202504.00185 Machine Translation


https://chinarxiv.org/items/chinaxiv-202504.00185

ChinaRxiv [$X]

overall height deviations due to local defects, which likely contributed signifi-
cantly to reduced prediction accuracy.

To enhance model interpretability, we employed Guided Backpropagation and
Class Activation Mapping (CAM) to visualize surfaces influencing final out-
comes. Figure 6 Figure 6: see original paper, (b), (g), and (h) depict GBP
results for two surface sets. To optimize visualization clarity, surfaces were
manually rotated by 90°, 180°, and 270°, ensuring input data integrity. Gra-
dients derived from GBP were further processed, producing output gradients
with dimensions identical to input surfaces. These gradients were segmented
into grad, and grad, along the first dimension. Positive (pos) and negative
(neg) influences were defined as absolute values of gradients greater than or less
than zero, respectively, with subscripts 1 and 2 corresponding to their respective
gradients. At 1 MPa contact pressure, rotation significantly affects both actual
contact area and corresponding TCR—specifically, increased actual contact area
leads to reduced TCR. However, at contact pressures of 2 MPa or higher, rota-
tion’ s impact diminishes. For the second specimen set, rotation has negligible
effects on both TCR and actual contact area, likely attributable to the manu-
facturing process. The rotational symmetry of textures formed by turning along
the axis rendered rotation inconsequential. Summing all gradient elements re-
veals a positive correlation between the sum of grad elements and actual contact
area, and a negative correlation with TCR. In contrast, the second specimen
set exhibits no discernible trend, potentially due to minimal variations in actual
contact area and TCR. Examination of gradient activation maps reveals they
predominantly correspond to regions of higher or lower surface contact areas
(i.e., surfl+ surf2), aligning with TCR theory and confirming that our model
accurately captures relevant features of real surfaces.

The CAM method exhibits distinct characteristics in Figure 7 [Figure 7: see
original paper]. Most notably, for surfaces, CAM visualization results focus
more on lower regions of the contact surface: activation maps corresponding to
lower regions of surfl 4 surf2 have higher values and exert greater influence
on results. Lower regions can be interpreted as areas where contact is less likely
to occur, and non-contact areas clearly affect actual contact area—the more
non-contact areas exist, the smaller the actual contact area, leading to greater
thermal contact resistance. Additionally, for all CAM methods, activation maps
from shallow layers are more easily understood by humans, while deep layer
activation maps exhibit harder-to-interpret regions showing higher preference
for certain edge regions. We offer two explanations: first, features extracted by
deeper neural networks are inherently more abstract and harder to understand;
second, due to CAM generation principles, deeper features typically have smaller
dimensions and more channels, which can result in information loss or addition
of extraneous information when converting them into CAMs of the same size as
the input. Interpretation of activation maps for deeper neural network modules
remains an area for further research.
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Conclusion

In this study, we developed an Al-driven thermal contact resistance prediction
model based on neural networks. A deep learning architecture capable of
processing full surface topography data was constructed using the DenseNet121
framework to predict actual contact area and contact thermal resistance.
Through 5-fold cross-validation on a training set generated from a theoretical
model, the optimal prediction model was identified, achieving R? values of 0.893
and 0.978 for predicted actual contact area and TCR on the test set, respectively,
with relative errors predominantly below 50%, indicating strong predictive accu-
racy. The model was further validated using experimentally measured surface
topography and TCR data, with results aligning closely with predictions and
demonstrating that a model trained on purely theoretical data can effectively
predict real-world surface behaviors. Additionally, we conducted visualization
studies using GBP and CAM. GBP activation maps revealed that the model
prioritized contact regions between surfaces, with activation positions shifting
accordingly when surfaces were manually rotated. At high contact pressures
(3 2M Pa), TC Rremainedstableunderrotation. However, atlowerpressures( $1
MPa), rotational response varied between ground and turned specimens. Due
to rotational symmetry of turning textures, actual contact area and TCR
remained largely unaffected by rotation, whereas ground specimens exhibited
significant changes. Summation of activation map data showed clear positive
correlation between total activation matrix elements and actual contact area,
and negative correlation with TCR, further validating model rationality.

CAM activation maps highlighted the model’ s focus on regions with minimal
surface contact, which are harder to engage and contribute to increased thermal
resistance. Furthermore, regardless of CAM algorithm, shallow layer activation
maps were consistent and interpretable, while deep layer maps were more com-
plex and challenging to decipher—complexity that may stem from the CAM
algorithm itself or the inherent nature of deep neural networks to extract ab-
stract, high-level features.

In summary, this study effectively harnesses the robust feature extraction capa-
bilities of convolutional neural networks to develop a contact thermal resistance
prediction model utilizing complete surface morphology data, simultaneously
serving as a reference for actual contact area between surfaces. Compared to
finite element simulations, this model offers rapid prediction speeds and low com-
putational resource requirements following training. Additionally, visualization
methods clearly illustrate surface features influencing TCR. However, the neu-
ral network model inputs pressure and surface characteristics separately, which
may hinder its ability to capture pressure’ s influence on surface features. More-
over, this research lacks effective explanations for CAM visualizations generated
by deep neural networks. These issues warrant further investigation. We hope
this study provides a novel approach to TCR research and aids researchers in
understanding the significant impact of surface morphology characteristics from
a different standpoint.
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Data Availability

The dataset supporting this study’ s findings is available on request from the
corresponding author. The data are not publicly available due to its large
size. Additional data supporting this study’ s findings, including training code,
checkpoints, and test cases, are available at Joe-zhouman/TcrSurfModel.
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Supplement
Surface Fractal Modeling

For given fractal dimension D and fractal roughness G, a rough surface can be
generated using the Weierstrass-Mandelbrot function [?]:

max

< 2my
7 = I (D—3)n{ _
(z,9) n7§ v CO8 ¢m,n cos I

=Mmin

n

Va2 + y? cos (arctan g m) + b0 n]}
x M '

where Z(z,y) represents the height of the rough surface,  and y denote lateral
position coordinates, L is the measured sample length, M represents the number
of superimposed ridges, v denotes the frequency density of surface height (often
equal to 1.5), n is the asperity frequency index indicating asperity size, and
@, 18 the random phase ranging from 0 to 2.

Dataset Generation Details

The dataset generation process is depicted in Figure S1. Initially, a set of fractal
parameters is provided to generate a random surface according to Equation S1.
These parameters, together with material properties (see Table S1) and contact
pressure, are subsequently input into the theoretical model [?]. In this model, an
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initial actual contact area A, is specified. The contact state is then determined
based on A, and the critical areas for fully plastic deformation A, and fully
elastic deformation A.. If A, < A, the system is in the plastic deformation
stage. If A, < A, < A, it transitions into the elastic-plastic deformation
stage. Otherwise, all three deformation types—plastic, elastic-plastic, and elastic
—occur simultaneously. Total stress is calculated based on the contact state and
compared with the applied contact load. If the difference exceeds a specified
tolerance (here set to 1 x 107°), the contact area value is adjusted, prompting
repetition of the aforementioned steps. This iterative process continues until
both values are within acceptable error range, at which point the area is deemed
the final actual contact area and recorded. Subsequently, final thermal contact
resistance is calculated based on this actual contact area and contact state.

Table S2 Material properties of 316 stainless steel at room temperature.

Property Value
Elastic Modulus (GPa) 200
Poisson’ s ratio 0.3
Micro-hardness (MPa) 2000

Thermal Conductivity (W/m-K) 16

Figure S1 Flowchart for Dataset Generation.

Experimental Details

Figure S2 (a) Integrated testing instrument for thermal adaptation coefficient
and thermal contact resistance. (b) Nano 3D Optical Surface Profilometer Su-
perView W1.

Thermal contact resistance testing was conducted using the integrated testing
instrument shown in Figure S2(a), based on the steady-state method defined
in ASTM D5470-06. The testing environment was set at 20°C with a vacuum
level of 1072 Pa. Results are presented in Table S2. Surface morphology testing
was performed using the SuperView W1 Nano 3D Optical Surface Profilometer
depicted in Figure S2(b).

Table S3 Tested thermal contact resistance.

Contact Pressure TCR of First Specimens TCR of Second Specimens

(MPa) (mm? - K/W) (mm? - K/W)
1 1800 1900

2 1200 1300

3 900 1000

4 750 850
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CAM Method

The computational formula for Class Activation Mapping (CAM) is expressed
as:

CAM =W -F (S2)

where F' represents the feature map (CNN output) and W denotes weights
typically associated with the gradient tensor during backpropagation. Various
methods for computing W have resulted in different CAM approaches:

Eigen CAM [?]: CAM =F

Eigen Grad CAM [?]: CAM = F - Element-Wise(G)

Grad CAM [?]: CAM = ReLU(G - F), where ReLU means max (M, 0)
Grad CAM++ [?]:

2G,;
M, =S "F.... b ., = gk . W, =S ReLU(G, )b, -
i Jzk i,9,k 1,5,k Gl,j7k‘+37‘[/LG7‘)k Fe i,m,n ]Zk ( Z,J,k) 4,5,k

where € prevents division by zero.

X Grad CAM [?]:
F. .
_ _ __bik _
M= Fijr bigr= 3150 Wima = 2 Gigabin
T i T

Layer CAM [?]: W = ReLU(G)

Here, F';, W, and G typically possess three dimensions. The notation Zj X
represents summation over the latter two dimensions (width and height),

which are independent of the channel dimension. All codes are available at
https://github.com/Joe-zhouman /TerSurfModel.
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Note: Figure translations are in progress. See original paper for figures.

Source: ChinaXiv —Machine translation. Verify with original.
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