
FACTA UNIVERSITATIS  
Series: Mechanical Engineering Vol. 23, No 4, 2025, pp. 757 - 785  

https://doi.org/10.22190/FUME250307026J 

© 2025 by University of Niš, Serbia | Creative Commons License: CC BY-NC-ND 

Original scientific paper 

PREDICTION OF CONTACT DISTRIBUTION ON ROUGH 

SURFACES USING DEEP LEARNING ALGORITHMS 

Ilkwang Jang, Yong Hoon Jang 

Yonsei University, School of Mechanical Engineering, Seoul, Republic of Korea 

ORCID iDs: Ilkwang Jang  https://orcid.org/0000-0002-4388-979X 
 Yong Hoon Jang  https://orcid.org/0000-0002-5436-5465    

Abstract. The contact characteristics of rough surfaces play a crucial role in 

determining friction, wear, thermal resistance, and electrical conductivity. This study 

proposes a deep learning approach to efficiently predict the contact distribution of rough 

surfaces based on surface image information alone, and evaluates its effectiveness 

against numerical methods. A U-Net architecture was employed for predicting contact 

areas under varying scales and load conditions, using a dataset of 100,000 fractal 

surfaces generated via the random midpoint displacement (RMD) method. The results 

indicate that the deep learning model achieved performance comparable to conventional 

numerical methods in predicting both contact areas and electrical contact resistance, 

with minimal error observed in electrical contact resistance prediction. The model 

approached the contact prediction as an image segmentation task, enabling faster and 

more efficient computations than traditional numerical approaches. High performance 

across metrics such as Dice coefficient, Jaccard index, Bradford Factor (BF) score, and 

pixel accuracy highlighted its ability to maintain prediction accuracy while significantly 

enhancing computational efficiency. Additionally, by leveraging two-dimensional (2D) 

fast Fourier transform (FFT) techniques, the model effectively captured both low- and 

high-frequency characteristics, accurately predicting large-scale and fine-scale features 

of contact areas, while reducing computation time by more than 95% compared to 

numerical models. These findings demonstrate that the deep learning algorithms can 

effectively address multiscale contact problems, offering reliable data for various 

engineering design applications, including friction, wear, and thermal/electrical 

resistance, as well as enabling real-time analysis and large-scale simulations.  
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1. INTRODUCTION 

The interaction between asperities governs the contact behavior of rough surfaces, 

which typically occurs at the micrometer or submicrometer scales, resulting in the 

formation of distributed micro-contact regions. These micro-contact regions contribute 

significantly to frictional resistance by inducing disparities between the normal and 

tangential forces, thereby impeding relative motion. In addition, they play a crucial role in 

defining the electrical and thermal contact resistances, thus inhibiting conduction in both 

domains. Given the critical importance of friction and electrical/thermal contact resistance 

in engineering disciplines such as tribology and heat transfer, the accurate prediction of 

micro-contact regions is of substantial significance [1-5]. 

However, obtaining microcontact distributions experimentally poses significant challenges 

because of the need for sophisticated instrumentation capable of detecting minute surface 

deformations [6,7]. Direct measurements of the contact pressure distributions are even more 

demanding, rendering numerical analysis practically the only feasible approach for acquiring 

such detailed contact information. Over the years, many numerical models have been developed 

to facilitate the analysis of contact on rough surfaces, with several models demonstrating 

considerable efficacy in predicting contact areas [8-10]. 

Nevertheless, numerical methods generally require a preprocessing step in which the surface 

is discretized into finite elements. The resolution of this discretization is intrinsically linked to 

the accuracy of the contact analysis. Achieving precise results requires a fine discretization 

scale, which in turn significantly increases the computational costs. Multiscale approaches have 

demonstrated that the surface structures vary with scale, leading to the subdivision of contact 

areas into smaller clusters. Despite these advances, a comprehensive theoretical foundation for 

the convergence between the applied load and contact area in multiscale contact problems 

remains underdeveloped [11]. Consequently, solving contact problems involving rough 

surfaces necessitates the incorporation of fine surface details at smaller scales, which drastically 

increases the number of elements and variables in numerical models, ultimately resulting in 

exponential growth in computational complexity. 

As an alternative approach, deep learning techniques, particularly artificial neural networks 

(ANNs), have garnered significant interest in recent years. In particular, convolutional neural 

networks (CNNs) have driven remarkable progress in image processing and analysis by 

excelling in learning local features and structures from images. They have demonstrated 

superior performance in tasks such as image classification and object detection, while also 

offering significant computational speed and accuracy. Despite these advancements, the 

application of deep learning in the field of tribology remains nascent [12-16], and leveraging 

deep learning to address contact mechanics problems remains relatively unexplored. 

Several studies have employed ANN-based methods in contact mechanics. However, they 

primarily focus on predicting scalar outputs - such as the total real contact area or other 

mechanical parameters - using pre-calculated scalar surface topography parameters and load 

conditions as inputs through standard or deep ANN architectures. For example, Kalliorinne et 

al. developed an ANN model that takes 14 areal roughness parameters, hardness, and load as 

input to predict various contact mechanical responses, including the real area of contact [17]. 

Similarly, Suman and Prajapati proposed an optimized deep ANN model employing parameters 

such as root mean square roughness (Sq), skewness (Ssk), kurtosis (Sku), pattern ratio, and 

applied load to predict the total real contact area [18]. In contrast to these parameter-based 
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regression approaches, this study employs a distinct deep learning strategy leveraging CNNs to 

predict the contact area distribution directly from surface height images. 

This study employs deep learning techniques to predict the contact area distributions 

on rough surfaces. By using the surface height information as input data and 

conceptualizing the contact state as a classification problem for each pixel, the task can be 

cast as an image segmentation task. CNN-based segmentation models can then be 

employed to predict the contact areas efficiently and accurately. Specifically, this study 

proposes a model based on the U-Net architecture, which has demonstrated exceptional 

performance in medical image analysis [19,20], to predict the distribution of contact areas 

on rough surfaces. This approach is designed to overcome the inherent limitations of the 

conventional numerical methods by providing a computationally efficient and accurate 

means of predicting contact distributions. 

The deep learning algorithm developed in this study offers ease of application because 

the structures of existing datasets related to rough surfaces and contact area distributions 

align well with the proposed model. However, contact area distributions are inherently 

dependent on the spatial resolution, necessitating the acquisition of datasets across multiple 

scales. This issue parallels the super-resolution problem [21], a well-known challenge in 

deep learning research. For simplicity, we did not incorporate cross-scale correlations. 

Given the rapid advancements in deep learning technologies and their potential 

applications in tribology, it is imperative to determine whether deep learning can 

effectively learn the complex nonlinear relationships inherent in contact mechanics. Should 

such learning prove feasible, identifying the critical factors that facilitate this predictive 

capability and understanding the limitations of the approach will be paramount. 

Therefore, this study investigated the feasibility of employing deep learning models to 

replace the preprocessing and computational phases of numerical analysis for prediction of 

contact phenomena. Furthermore, we propose a deep learning architecture capable of capturing 

the geometric and contact characteristics of interacting surfaces with the ultimate goal of 

developing a model that can predict contact area distributions under diverse conditions and 

environments. Ultimately, the objective is to address the inherent complexity and convergence 

issues associated with numerical analysis, while offering a faster and more accurate predictive 

tool for contact area distributions. 

2. DEEP LEARNING PROCEDURES 

The objective of this study is to derive the contact area distribution from images of 

rough surfaces. To accomplish this, information regarding the contact pressure distribution 

and contact area distribution on rough surfaces is essential, along with a detailed 

methodology for constructing the dataset required to train the deep learning model. This 

dataset will be used for the design and implementation of the deep learning architecture to 

predict the contact area distribution under given contact conditions. 

2.1. Rough Surface Generation 

A sufficient number of rough surface contact pressure datasets are required to train the 

deep learning architecture. Because it takes considerable time to measure actual rough 

surfaces and calculate the contact pressure to construct such a dataset, rough surface and 
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contact pressure datasets were constructed by implementing a surface based on fractal theory 

and applying a method that allows quick computation to efficiently obtain the dataset. 

Actual surfaces consist of rough surfaces that exhibit multiscale properties that 

continuously change according to the resolution of the measurement devices as surface 

roughness measuring instruments advance. These rough surfaces exhibit hierarchical scales 

that persist until a resolution limit is reached [22-24]. In this study, the rough surface was 

assumed to be a self-affine fractal and generated using the random midpoint displacement 

(RMD) method [25]. Rough surfaces were generated as 1 × 1 mm square sections, which were 

sufficient to capture the representative roughness characteristics. To ensure the similarity 

between the fractal surface and the actual surface, the fractal dimension D was limited to 2.5, 

and the rough surface height (h) was constrained within a specific range of 0 to 50 μm. 

Statistical analysis of the generated surfaces revealed an arithmetic average roughness (Ra) of 

approximately 7 μm, which falls within typical engineering surface roughness values. In the 

RMD method, the height at the midpoint between nodes defined at the previous scale is 

determined by a mean of zero, and the variance is influenced by the fractal dimension. 

According to this definition, the surface becomes rougher as the surface roughness and 

variance increase. In this study, a comprehensive dataset consisting of 100,000 rough surface 

geometries and their corresponding contact pressure distributions was constructed to train and 

test the deep learning model. The generated surfaces exhibited consistent statistical properties 

while maintaining the specified height range. Rough surfaces were obtained according to the 

given scale 𝐿/2𝑛, where each mesh element had a size of 𝐿/2𝑛 ×  𝐿/2𝑛  (L = 1 mm). The 

multiscale surfaces produced results at scales ranging from n=5 to n=9. 

2.2. Contact Analysis by Direct Numerical Simulations 

A numerical analysis was required to determine the contact area distribution on rough 

surfaces generated using the RMD algorithm. The contact problem addressed in this study 

was limited to elastic bodies with frictionless contact. The findings of this study can also 

serve as fundamental information for extending the problem to include friction. The contact 

conditions for the frictionless case are as follows [26]. 

 𝑢(𝑥, 𝑦) = Δ − 𝑔0(𝑥, 𝑦)   (𝑥, 𝑦) ∈ 𝐴 (1) 

 𝑢(𝑥, 𝑦) > Δ − 𝑔0(𝑥, 𝑦)   (𝑥, 𝑦) ∉ 𝐴 (2) 

 𝑝(𝑥, 𝑦) > 0                          (𝑥, 𝑦) ∈ 𝐴 (3) 

 𝑝(𝑥, 𝑦) = 0                         (𝑥, 𝑦) ∉ 𝐴 (4) 

where 

 𝑢(𝑥, 𝑦) =
1

𝜋 𝐸∗ ∬
𝑝( 𝜉,𝜂)𝑑𝜉𝑑𝜂

√( 𝑥−𝜉)2+( 𝑦−𝜂)2𝐴
, (5) 

where 𝑔0(𝑥, 𝑦) is the initial gap, Δ is the rigid body approach, and 𝑝(𝑥, 𝑦) is the contact 

pressure. Eqs. (1)-(5) indicate that at the rough surface, the gap that includes the surface 

displacement is zero, and the contact pressure is positive. In the separation region, the gap 

was greater than zero, and the contact pressure was always zero. Additionally, the term 1/𝐸∗  

represents (1 − 𝜈1
2)/𝐸1  + (1 − 𝜈2

2)/𝐸2, where 𝐸1, 𝜈1 and 𝐸2, 𝜈2 are the elastic moduli and 

Poisson’s ratios of the two contacting bodies, respectively. The sum of the contact pressures 

obtained from these contact conditions was in equilibrium with the applied load F. 
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 ∬ 𝑝(𝑥, 𝑦)𝑑𝑥𝑑𝑦
𝐴

 = 𝐹. (6) 

Deep learning improves the accuracy through repeated training based on large datasets, 

making it essential to secure as many datasets as possible for effective learning. However, 

traditional numerical methods such as finite element analysis require a significant amount 

of time to derive the contact area distribution on rough surfaces, making it extremely 

difficult to acquire sufficient datasets. To overcome this issue, this study uses numerical 

analysis based on the fast Fourier transform (FFT) method and multi-level multi-

summation (MLMS) technique [8,26], allowing for the rapid derivation of contact area 

distributions and the collection of a large number of datasets. It is important to note that 

the dataset used for training our deep learning model relies on the results generated by this 

specific FFT-based MLMS numerical solver, chosen primarily for its computational 

efficiency and accuracy balance, particularly for concentrated contact problems. This 

efficiency enabled the generation of the large-scale dataset (100,000 samples) essential for 

deep learning within a practical timeframe. While advantageous for speed and handling 

non-periodic issues better than standard FFT without extensive zero-padding [26], this 

method, like any numerical technique, operates under specific physical assumptions (e.g., 

linear elasticity) and is subject to discretization effects. Consequently, the training data 

inherently reflects these characteristics. We acknowledge the existence of various other 

numerical methods (e.g., FEM, BEM, other DFFT variants) which may possess different 

strengths, weaknesses, and applicability limits under various conditions, as reviewed by Müser 

et al. [27]. The following paragraph briefly summarizes the numerical analysis method.  

For a discrete system, in which the 𝑥 and 𝑦 planar spaces are divided into (𝑁𝑥 , 𝑁𝑦) 

uniform rectangular grids along each axis, Eq. (5) yields the following displacement:  

 𝑢𝑖𝑗 = − ∑ ∑ 𝐾𝑖−𝑘,𝑗−𝑚𝑝𝑘𝑚
𝑁𝑦

𝑚=1
𝑁𝑥
𝑘=1 , (7) 

where 𝐾𝑖𝑗  is the influence coefficient reflecting Eq. (5).  

The coarse and fine grids are represented by (𝐼, 𝐽) and (𝑖, 𝑗), respectively. The contact 

pressure and displacement are described as follows: 

 𝑝𝐼,𝐽 = 𝑅̂2𝑠𝑝𝑖𝑗 , (8) 

 𝑢𝑖𝑗  = 𝐼2𝑠𝑢𝐼𝐽  + ∑ ∑ 𝐶𝑘𝑚
2𝑠  𝑝𝑖−𝑘,𝑗−𝑚𝑚𝑘 , (9) 

where 𝐼2𝑠  is the interpolation operator of order 2𝑠 , and 𝐶𝑘𝑚
2𝑠  represents the correction 

coefficients. Using this relationship, the transformation between the coarse and fine grids 

is performed sequentially. 

Meanwhile, applying the FFT technique to the continuous functions defined in the 

numerical analysis and their discretization yields the following result for Eq. (9):  

 𝑢̂ℎ𝑙 = 𝐾ℎ𝑙𝑝̂ℎ𝑙  (10) 

where 𝑢̂ℎ𝑙 , 𝐾ℎ𝑙 , and 𝑝̂ℎ𝑙  are Fourier coefficients corresponding to 𝑢𝑖𝑗 , 𝐾𝑖𝑗 , and 𝑝𝑖𝑗 . The 

surface nodal deflection 𝑢𝑖𝑗 can be obtained from 𝑢ℎ𝑙 using the inverse FFT. 

From the above contact analysis, the contact pressure and micro-contact area 

distribution were obtained. The rough surface was in contact with a flat opposing rough 

surface, and the load range was 𝐹=0-50 N. Fig.1 shows the rough surface, contact pressure, 

and contact spot distributions for scales 𝐿/27 and 𝐿/28. The rough surfaces presented in 
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Fig. 1 are the same as those reconstructed according to each scale. As the scale decreased, 

the contact area formed at larger scales is divided into smaller contact spots. In addition, 

the contact spots tended to form clusters. The contact pressure at these spots increased as 

the scale decreased. Thus far, the contact area distribution under elastic contact conditions 

has shown a continuous reduction as the scale decreased, demonstrating non-convergent 

results. To address these non-convergent results, attempts have been made to account for 

new physical phenomena associated with scale changes, such as variations in material 

properties and adhesion effects [28-31]. However, in this analysis algorithm, no new 

physical phenomena other than mechanical behavior changes with scale were considered. 

Only the contact area distribution was used in the deep learning process. 

2.3. Deep Learning Model: U-Net 

The contact area distribution prediction problem addressed in this study is closely 

related to image segmentation tasks. This specifically pertains to the classification of 

contact and noncontact regions in the field of computer vision. The goal is to classify each 

pixel as either a contact or noncontact region based on the shape of the surface. We adopted 

the U-Net architecture to perform this task [32]. This model demonstrated excellent 

performance in medical image segmentation. Owing to its structural characteristics, U-Net 

can effectively capture the multiscale nature of contact problems, making it highly suitable 

for the objectives of this study. 

The U-Net architecture used in this study was designed to take a rough surface 

geometry as the input and output the corresponding contact area distribution, as shown in 

Fig. 2. Specifically, the network was configured to process a 2D input image of size 

𝑁𝑥 × 𝑁𝑦, where 𝑁𝑥 and 𝑁𝑦 represent the number of grid points of the rough surface in the 

horizontal and vertical directions, respectively. The input image size was defined to range 

from 25 × 25 to 29 × 29 pixels, depending on the scale. 

The U-Net structure is divided into two main parts: contracting and expanding paths. 

These two components align well with the characteristics of the contact problems. The 

contracting path progressively reduces the spatial dimensions of the input image through a 

series of convolution operations and max pooling. This reduction process allows the 

network to extract high-level features [33,34]. This process is crucial for capturing the 

macroscopic geometry of the rough surface and overall contact pattern. Specifically, the 

contracting path comprises repeated applications of the following layers. 
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Fig. 1 Contact analysis simulation results for deep learning network training based on scale 

variation. Rows A) and B) show the results for scales 𝐿/2𝑛  with 𝑛=7 and 𝑛=8, 

respectively. For each scale, the columns represent: a) rough surface information, b) 

contact pressure distribution, and c) distribution of contact spots. 

 

Fig. 2 U-Net architecture and network configuration for contact area prediction 

The convolutional layer applies filters (or kernels) to the input data to extract features. 

In this study, 3 × 3 filters were used and the number of feature maps doubled after each 
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convolution operation. For example, 64 feature maps were generated in the first stage, 128 

in the second stage, and 256 in the next stage. This process enabled the network to gradually 

learn more complex and abstract features. 

After each convolution operation, a rectified linear unit (ReLU) activation function was 

applied to introduce nonlinearity. The ReLU function is defined as 𝑓(𝑥) = max(0, 𝑥), 

which converts negative inputs to zero and allows positive inputs to pass. This function is 

widely used in deep neural networks because it is computationally simple and helps 

mitigate the vanishing gradient problem. 

After applying the convolution and activation functions, a 2 × 2 max pooling operation 

was performed. This operation reduced the spatial dimensions of the feature map by half. 

This operation selects the largest value in each 2 × 2 region to create a new feature map. 

Max pooling reduces computation and increases the spatial invariance of the features. This 

contraction process is repeated four times to reduce the input image size to 1/16 of its 

original dimensions. This process allows the network to learn the macroscopic features of 

the rough surface and the overall contact pattern. 

However, the expanding path progressively restores the spatial dimensions of the 

feature maps through up-sampling and convolution. It then combines the low-level features 

obtained from the contracting path to accurately predict the fine contact areas. The 

expanding path consists of the following layers. 

In this study, up-sampling doubled the spatial dimensions of the feature map using the 

transposed convolution method. This process can be considered the reverse of max pooling, 

which converts low-resolution features into high-resolution features. One of the core 

features of U-Net is the skip connection, which is particularly important for contact 

problems. Skip connections help preserve important spatial information that may be lost 

during the down-sampling process, which is critical for accurately identifying contact 

areas. By linking features from the Contracting path to the expanding path, skip 

connections ensure that both low-level details and high-level context are available for 

precise contact predictions. This connection links feature maps obtained at each stage of 

the contracting path to the corresponding layers of the expanding path. This enables the 

network to leverage information about the fine surface structure (low-level features) and 

the overall contact pattern (high-level features) simultaneously. This is crucial for 

accurately identifying the boundaries of the contact areas and is essential for the precise 

prediction of the contact area and distribution. 

A 3 × 3 convolution and ReLU activation function were applied again to the connected 

feature maps. During this process, the number of feature maps was gradually reduced, 

ultimately reaching the desired number of output channels (two in this study, representing the 

contact and noncontact areas). In the final layer of the Expanding Path, a 1 × 1 convolution 

is applied to generate the final output. This output takes the form of a probability map, in 

which each pixel represents the probability of belonging to a contact area. 

Each convolutional layer in U-Net can be expressed as follows: 

 𝒚𝑐𝑜𝑛𝑣  = 𝜎(𝐵𝑁(𝒘𝑐𝑜𝑛𝑣 ∗ 𝒙𝑐𝑜𝑛𝑣)), (11) 

where 𝒙𝑐𝑜𝑛𝑣  is the input feature map, 𝒘𝑐𝑜𝑛𝑣  is the convolution kernel, BN is batch 

normalization, 𝜎 is the activation function, and 𝒚𝑐𝑜𝑛𝑣 is the output feature map. The ReLU 

was used as the activation function and is defined as follows: 

 𝜎(𝒙) = max(0, 𝒙). (12) 
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The use of the ReLU activation function allows the network to effectively model the 

nonlinearity of contact problems. Additionally, the application of batch normalization 

helps stabilize the large variability in rough surface heights and accelerates the model 

training process. 

Each stage of the U-Net addresses specific aspects of the contact problem. The initial 

layers capture the fine surface structure and local features, which are essential for 

identifying small-scale contact points. The intermediate layers recognize mid-scale 

patterns and structures on the rough surface, contributing to the understanding of contact 

cluster formation. The deeper layers capture the overall surface geometry and large-scale 

contact patterns, aiding in the prediction of the overall contact area distribution. Finally, 

the up-sampling layers integrate these multiscale features to generate a high-resolution 

contact area map. 

The U-Net model used in this study consists of 23 convolutional layers. This number 

of layers was selected to provide sufficient depth for capturing both the fine and coarse 

details of the rough surface, thus enhancing the ability of the model to learn the complex 

relationships necessary for accurate contact area predictions. This deep structure allows the 

network to effectively model the complex nonlinear relationship between the rough surface 

geometry and contact area distribution. These characteristics of U-Net make it particularly 

suitable for contact area distribution prediction problems. It effectively handles the 

multiscale nature of rough surfaces, accurately identifies the boundaries of the contact 

areas, and correctly predicts the overall contact pattern. 

2.4. Loss Function 

The choice of the loss function in the training process of a deep learning model has a 

significant impact on its performance and training efficiency [35]. In this study, 

considering the characteristics of the contact area prediction problem, a combined loss 

function was used that combines the binary cross-entropy (BCE) and Dice losses. 

The BCE loss is one of the most widely used loss functions for binary classification 

problems and is defined as follows: 

 BCE =  −[𝑦 log(𝑝)  + (1 −  𝑦) log(1 − 𝑝)], (13) 

where 𝑦 represents the true label (0 or 1) and 𝑝 represents the predicted probability. BCE 

loss allows predictions to be interpreted as probabilities and is statistically well defined, 

because it is based on information theory and maximum likelihood estimation. It also has 

the advantage of providing meaningful gradients, even in extreme predictions, which 

stabilizes the learning process. In contact problems, the BCE loss independently calculates 

the loss for each pixel, enabling fine-grained predictions at the pixel level. 

However, the BCE loss is sensitive to class imbalance. When the contact area occupies 

only a small portion of the total area, the model can predict all pixels as noncontact and 

achieve a low loss value. This could result in the model failing to properly predict small 

but important contact areas in contact problems. 

To compensate for this limitation of BCE loss, Dice loss is also considered. Dice loss is 

based on the Dice coefficient, a metric that directly measures the similarity between the 

predicted and actual contact areas. To understand this metric, we introduce the concepts of true 

positive (TP), true negative (TN), false positive (FP), and false negative (FN). These are the 
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basic classification outcomes defined by comparing the model predictions with the actual 

values. In the context of contact problems, these outcomes can be understood as follows: 

1. TP: The number of pixels predicted as contact areas that are indeed contact areas. 

This indicates that the model correctly identified the contact areas.  

2. TN: The number of pixels predicted as noncontact areas. This indicates that the 

model correctly identified the noncontact areas. 

3. FP: The number of pixels predicted as contact areas that are actually noncontact 

areas. This represents a case in which the model incorrectly judged noncontact areas 

as contact areas, indicating an overestimation of the contact area. 

4. FN: The number of pixels predicted as noncontact areas that are actually contact 

areas. This represents a case in which the model incorrectly judged contact areas as 

noncontact areas, indicating an underestimation of the contact area. 

These classification outcomes are crucial for contact problems. For example, a high FP 

indicates that the model overestimates the contact area, predicting that contact occurs over 

a larger area than that in reality. Conversely, a high FN indicates that the model 

underestimates the contact area, predicting contact over a smaller area than that in reality. 

The Dice coefficient measures the overlap between the predicted and actual areas, and is 

calculated as follows: 

 Dice Coefficient ≡  
2TP

2TP + FP + FN
. (14) 

The Dice loss is then defined as: 

 Dice Loss =  1 −  Dice coefficient. (15) 

The Dice loss is less sensitive to class imbalance, making it effective in predicting small 

contact areas. Additionally, it is particularly useful for accurately predicting the boundaries 

of the contact regions, which is critical for accurately determining the contact area and 

distribution. Dice loss is also differentiable, making it easy to apply in the backpropagation 

process of deep learning models, and ranges between 0 and 1, offering an intuitive 

interpretation. Moreover, it automatically assigns larger weights to difficult samples (e.g., 

those with small contact areas), which helps address class imbalance. 

To leverage the strengths of the BCE and Dice losses, this study uses a combined loss 

function. The combined loss is defined as follows: 

 Combined Loss = 𝛼 ⋅  BCE +  (1 − 𝛼) ⋅  Dice Loss, (16) 

where 𝛼 is a hyperparameter that controls the balance between the two losses. The combined 

loss enables more balanced learning by combining the pixel-level evaluation of the BCE with 

the region-level evaluation of the Dice loss. The BCE captures local characteristics, whereas 

the Dice loss captures global characteristics, allowing optimization across multiple scales. 

Additionally, by adjusting the value of 𝛼, the relative importance of the two losses can be 

adjusted depending on the problem characteristics, which provides flexibility. 

The combined use of loss-of-contact problems is particularly beneficial. Given the 

nature of contact problems, where both accurate boundary predictions of the contact area 

and an overall understanding of the contact area are essential, combining the local precision 

of the BCE with the global similarity measurement of the Dice loss can be highly effective. 
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2.5. Evaluation Metrics and Implementation 

To evaluate the performance of the contact area prediction using a deep learning CNN 

model, the selection of appropriate evaluation metrics is crucial. In this study, the pixel 

accuracy, Jaccard index (intersection over union (IoU)), Dice coefficient, and Bradford 

Factor (BF) score were used as the main evaluation metrics [36,37]. These metrics allow 

the performance of the model to be assessed from various perspectives, enabling an 

interpretation that considers the characteristics of the contact problem. 

Pixel accuracy is the most basic evaluation metric. It is calculated based on 

classification results, represents the proportion of correctly classified pixels out of all 

pixels, and is defined as follows: 

 Pixel Accuracy ≡
TP + TN

TP + TN + FP + FN
. (17) 

In contact problems, the pixel accuracy indicates the proportion of rough surfaces where 

contact/noncontact areas are correctly predicted, showing how well the model captures the 

overall contact pattern. However, this metric is vulnerable to class imbalance. For example, 

if the contact area occupies a very small portion of the total surface, the model can achieve 

high pixel accuracy even by predicting all pixels as noncontact. Therefore, it can be 

difficult to evaluate model performance accurately using only pixel accuracy, and this 

should be considered alongside other metrics. 

The Jaccard index, or IoU, is calculated as the ratio of the intersection to the union of 

the predicted and actual areas: 

 Jaccard Index ≡
TP

TP + FP + FN
. (18) 

This metric ranges from 0 to 1, with values closer to 1 indicating more accurate 

predictions. In contact problems, the Jaccard index intuitively reflects the overlap between 

predicted and actual contact areas, making it particularly useful for evaluating the accuracy 

of contact boundaries. 

The Dice coefficient measures the overlap between the predicted and actual areas as 

defined in Eq. (14). Similar to the Jaccard index, it ranges from 0 to 1, with values closer 

to 1 indicating more accurate predictions. In contact problems, the Dice coefficient can be 

more sensitive than the Jaccard index in predicting small contact areas, making it useful 

for evaluating finer contact patterns. 

The BF score evaluates the accuracy of the boundary region and is calculated as the 

harmonic mean of precision and recall: 

 BF Score ≡
2∗Precision∗Recall

Precision+Recall
, (19) 

where precision and recall are defined as follows: 

 Precision =
TP

TP + FP
. (20) 

This value represents the proportion of pixels predicted as contact areas that are actually 

in contact. Additionally, 

 Recall =
TP

TP + FN
. (21) 
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This value represents the proportion of actual contact area pixels that the model 

correctly predicted as contact areas. The physical meaning of the BF score indicates the 

accuracy with which the model predicts the contact area boundary. This is particularly 

useful in problems in which the shape, such as the contact area, is important. A higher BF 

score indicates that the model accurately predicted the boundary of the contact area. 

These evaluation metrics can be used as loss functions during the model training 

process or to assess the performance of the model during the validation and testing stages. 

Because the importance of each metric may vary depending on the nature of the problem, 

it is important to select appropriate metrics or consider multiple metrics comprehensively, 

considering the specific characteristics of the problem. 

2.6. Training the Neural Network Model 

In this study, a visualization process suitable for contact mechanics was conducted to 

utilize the fractal surfaces generated by the RMD method and the contact area data 

calculated by the MLMS method to train the deep learning model. The complex geometry 

of the rough surfaces and the resulting contact area distribution possess inherent statistical 

characteristics, and to effectively train the model, it is necessary to visually represent these 

characteristics in the data. 

The process of visualizing rough surface height information and contact area distribution 

data was designed to preserve the precision of the numerical data while reflecting the 

characteristics of contact mechanics. Initially, the data were stored in a Tagged Image File 

Format (TIFF); however, to reduce video memory usage and image file size when representing 

the fine structure of the fractal surfaces, the Portable Network Graphics (PNG) format was 

ultimately adopted. PNG provides lossless compression and supports a 16-bit channel depth, 

allowing precise representation of the fine surface geometry without loss of detail. 

The following steps were performed to convert the surface height information into images. 

First, the fractal surface data were normalized to the range [0, 1] based on the minimum and 

maximum heights. This normalization ensures that the statistical characteristics of height 

variation, which are crucial in contact mechanics research, are maintained while enabling a 

consistent comparison of all data points. The normalized values were then converted to the 16-

bit integer range [0, 65535]. The reason for selecting 16-bit depth was to accurately capture the 

complex fine structure of the fractal surface and the corresponding contact mechanism. The 

converted data were generated as 16-bit grayscale images and stored in PNG format. The 

lossless compression of the PNG format was used to optimize the balance between file size and 

precision. 

The contact area distribution data were converted into a binary mask based on the 

results calculated using the MLMS method. The locations where the contact pressure was 

greater than zero were defined as contact regions, whereas the other locations were defined 

as noncontact regions. This method precisely represented the discrete contact distribution 

observed in actual contact scenarios. The binary mask was saved in the PNG format, where 

a single-bit depth was sufficient to convey meaningful information. 

This visualization process offered several advantages. First, using a 16-bit depth, it is 

possible to maintain high-resolution details of the fine surface geometry. In contact 

mechanics, fine surface variations significantly affect contact strength, contact area, and 

contact pressure distribution, making precise representation crucial. The use of the PNG 

format allows effective data compression, saves storage space, and enables fast data 
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loading in most deep learning frameworks. This is an important factor in the training 

process for large-scale surface datasets. 

 

Fig. 3 Example of a preprocessed dataset for deep learning network training. Rows A) and 

B) show the results for scales 𝐿/2𝑛 with 𝑛=7 and 𝑛=8, respectively. In each scale, 

column a) shows the height information of the rough surface converted to a 16-bit 

grayscale PNG, column b) shows the contact area distribution represented as a 

binary mask, and column c) shows a zoomed-in section of the contact area 

distribution. This dataset includes fractal surfaces generated by the RMD method 

and contact area information calculated using the MLMS technique. 

Moreover, visualized data are easy to analyze. Converting the surface height map and 

contact area distribution into images allows researchers to intuitively understand the 

changes in the contact conditions. This is advantageous for clearly analyzing the effects of 

the surface roughness or geometric changes on the contact properties. In addition, image-

based data facilitate the application of data augmentation techniques for training deep 

learning models. Thus, the proposed visualization process can be considered an effective 

data preprocessing method that reflects the characteristics of contact mechanics. 

The dataset generated through this preprocessing was directly used to train the deep 

learning model. A height map image was used as the model input, and the binary mask of 

the contact area was used as the label for the direct numerical simulation. Examples of the 

visualized rough surface height map and the binary mask of the contact area used to build 

the training dataset are shown in Fig. 3. 

In this study, data augmentation techniques were applied to help the deep learning 

model learn the complex characteristics of contact mechanics more effectively. The shape 
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of the rough surface and distribution of the contact areas exhibited nonlinear and complex 

patterns, making data augmentation necessary to enable the model to capture this complexity. 

Data augmentation prevents the model from overfitting to specific data patterns and 

improves its generalization performance in predicting contact areas [38]. 

An important characteristic of the data used in contact mechanics is that they are 

independent of orientation. The roughness or shape of a rough surface is statistically 

isotropic; thus, the distribution of the contact areas also exhibits orientation-independent 

characteristics. Accordingly, flipping (vertical and horizontal) and rotation transformations 

were applied to the images. These transformations increase the diversity of the data while 

preserving the physical contact properties. 

Vertical and horizontal flipping was applied with a probability of 50%, and image 

rotations were performed at 90, 180, and 270 degrees. These transformations generate a 

variety of training samples without altering the statistical characteristics of the contact area 

distribution, contact stiffness, or contact pressure, thereby allowing the model to learn a 

wider range of contact scenarios. For example, eight training samples, including the 

original image, were generated by applying vertical flipping, horizontal flipping, and three 

rotations to a rough surface image. This effectively increases the dataset size by eight times, 

which is particularly useful when there is a limited amount of training data. 

The data augmentation technique in contact mechanics helps the deep learning model 

effectively learn the nonlinear behavior that occurs in various contact situations. Because 

the irregular distribution of contact areas and the complex surface geometry pose 

challenges to the generalization ability of the model, data augmentation plays a key role in 

mitigating these issues. In real-world scenarios, various surface conditions and orientations 

exist, making it essential for the model to learn how to handle such variability robustly. 

Consequently, through a data augmentation technique that reflects the complex 

characteristics of contact mechanics, the proposed model is equipped with more reliable 

and practical contact area prediction capabilities. 

A total of 100,000 datasets containing rough surface geometries and contact area 

distributions were used to train the U-Net model. Of these, 80% were used as training data 

and 20% were used as testing data. The batch size was set to 32 during training and the 

model was trained for 100 epochs. 

During the training process, the Adam optimizer was used to optimize the model parameters 

[39]. The initial learning rate was set to 0.001 and a strategy was applied to reduce the learning 

rate by 20% if the validation loss did not improve for 10 consecutive epochs. Additionally, an 

early stopping strategy was employed to prevent overfitting and determine the optimal 

parameters. Specifically, training was halted if the validation loss did not improve for 20 

consecutive epochs, or if the learning rate dropped below 0.0001. At the end of each epoch, the 

model weights were saved, and the performance metrics (Dice coefficient, Jaccard index, BF 

score, pixel accuracy) for both training and validation were recorded. 

All experiments in this study were conducted in a Python 3.11 environment and 

implemented using the PyTorch library (version 2.1.2). The hardware was a workstation 

equipped with an AMD EPYC 7502 CPU, 256 GB of RAM, and an NVIDIA GeForce 

RTX 3090 GPU. 
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3. RESULTS 

3.1. Evaluation of the Performance of the Deep Learning Model  

The results of the contact area distribution predictions based on the changes in load and 

scale are presented. To evaluate the performance of the model, the accuracy of the results 

was analyzed using various previously introduced metrics. 

First, the accuracy of the predictions made by the deep learning model trained at different 

scales was verified. Fig. 4 shows an example comparing the direct numerical model results 

and predictions made by the deep learning model for the contact area distribution at 

different scales in the test field. In this case, the applied force was 30 N. Numerical analysis 

results indicated that as the scale became finer, the contact area was subdivided into smaller 

contact regions, which subsequently formed clusters. Additionally, it shows that new 

contact spots emerged at coarser scales, which were not previously present. 

To quantify the accuracy of the contact area predictions made by the deep learning 

model in the test field, evaluation metrics, such as the Dice coefficient, Jaccard index, BF 

score, and pixel accuracy, are presented in Table 1. These evaluation metrics represent the 

average values calculated from the predictions on 4,000 test datasets, which consisted of 

samples at various scales under a fixed applied force of 30 N. The predicted results for each 

scale showed a Dice coefficient of approximately 0.9156, Jaccard index of 0.8464, BF 

score of 0.9521, and pixel accuracy of 0.9587. These values indicate that the deep learning 

prediction model demonstrates excellent overall performance in segmentation and 

prediction. The high Dice coefficient and Jaccard index values indicate that the model 

accurately identified and segmented the contact area distribution. Additionally, the high 

BF score suggests that the model predicts the boundaries of the contact area distribution 

with precision, whereas the pixel accuracy indicates that there is minimal difference 

between the predicted and actual contact areas, because the pixels between the distribution 

of the deep learning model and direct numerical simulation are classified correctly. 

Second, an example comparing the numerical analysis results and predictions made by 

the deep learning model for the contact area distribution at different loads is shown in Fig. 

5. The results demonstrated that as the load increased, the contact area expanded and a 

larger number of new contact spots appeared across the entire contact region under higher 

loads than under lower loads. The metrics used to evaluate the performance of the deep 

learning model in predicting the contact area distribution across different loads are 

presented in Table 2. These evaluation metrics represent the average values calculated from 

predictions on 4,000 test datasets, which consisted of samples at a fixed scale of L/2⁷ and 

varying loads. The predicted results for each load exhibited a Dice coefficient of 

approximately 0.9289, a Jaccard index of 0.8679, a BF score of 0.9864, and a pixel 

accuracy of 0.9948. Compared with the results from Table 1, which analyzed scale 

variations, the overall results were similar, indicating the excellent performance of the 

prediction model. Notably, the Dice coefficient tended to be relatively high when the load 

was 𝐹 = 30 N. 
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Fig. 4 Comparison of contact area distribution according to scale variation 𝐿/2𝑛, (𝑛=5,9). 

Column (a) shows the rough surface image as a 16-bit grayscale PNG, (b) the 

contact area distribution from the direct numerical analysis, (c) the contact area 

distribution from the deep learning model, and (d) a comparison of radial average 

magnitudes by frequency (the blue line represents the numerical analysis results, 

and the red dashed line represents the predicted results). 

Table 1 Evaluation metrics such as Dice coefficient, Jaccard index, BF score, and pixel 

accuracy for the predictions by the trained deep learning model at different scales 

Scale 
Dice 

Coefficient 

Jaccard 

Index 

BF  

Score 

Pixel 

Accuracy 

𝐿/25 0.9169 0.8478 0.9019 0.9647 

𝐿/26 0.9129 0.8419 0.8849 0.9520 

𝐿/27 0.9188 0.8517 0.9844 0.9515 

𝐿/28 0.9138 0.8441 0.9917 0.9605 

𝐿/29 0.9154 0.8467 0.9977 0.9647 
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A two-dimensional fast Fourier transform (2D FFT) technique was used to analyze the 

structural similarity between the predicted and actual contact areas [40]. For a discrete 2D 

image 𝑓(𝑥, 𝑦) of size 𝑀 ×  𝑁, the 2D FFT 𝐹(𝑢, 𝑣) is defined as follows: 

 𝐹(𝑢, 𝑣) = ∑ ∑   𝑓(𝑥, 𝑦)𝑒−𝑗2𝜋(
𝑢𝑥

𝑀
+

𝑣𝑦

𝑁
)𝑁−1

𝑦=0
𝑀−1
𝑥=0 , (22) 

where 𝑥 =  0, 1, … , 𝑀 − 1 and 𝑦 =  0, 1, … , 𝑁 − 1  represent the spatial coordinates of 

the image, indicating the pixel positions and sampled values of the original image, 

respectively. In contrast, 𝑢 =  0, 1, … , 𝑀 − 1 and 𝑣 =  0, 1, … , 𝑁 − 1 are the frequency 

coordinates in the horizontal and vertical directions, respectively, representing the 

magnitude and phase of each frequency component in the transformed domain. Both sets 

of coordinates must be integers because this is inherent in the nature of discrete signals and 

the discrete Fourier transform. The periodic patterns and structural characteristics of the 

images were effectively analyzed by transforming the spatial domain images into the 

frequency domain using a 2D FFT. 

The power spectrum 𝑃(𝑢, 𝑣) is computed as follows, 

 𝑃(𝑢, 𝑣) =  |𝐹(𝑢, 𝑣)|2. (23) 

To facilitate interpretation and visualization, a frequency shift operation was 

performed on the transformed frequency spectrum by moving the low-frequency 

components to the center of the spectrum. This shift can be mathematically expressed as  

 𝐹𝑐(𝑢, 𝑣) =  𝐹 ((𝑢 +
𝑀

2
) mod 𝑀, (𝑣 +

𝑁

2
) mod 𝑁) , (24) 

where the mod function is the modulus operator, which returns the remainder or signed 

remainder of a division after dividing one number by another. 

The radial average 𝑅(𝑟) is then calculated by averaging the power spectrum over the 

concentric circles, as follows:  

 𝑅(𝑟) =
1

𝑁𝑟
∑ 𝑃(𝑢, 𝑣)

𝑢,𝑣: √𝑢2+𝑣2 =𝑟
, (25) 

where 𝑁𝑟  is the number of frequency components at radius 𝑟 , and 𝑟 =  √𝑢2 + 𝑣2 

represents the radial frequency. Radial averaging reduces the two-dimensional (2D) 

frequency spectrum to a one-dimensional (1D) representation, allowing for a more 

straightforward analysis of the frequency characteristics. 

Frequency analysis revealed distinct characteristics in different frequency ranges. In 

the low-frequency domain, the spectrum primarily reflected the overall shape and size of 

the contact clusters. The magnitudes of these low-frequency components are correlated 

with the macroscopic contact distribution. Conversely, in the high-frequency domain, the 

spectrum captured the fine features and boundaries of individual contact areas. As shown 

in Figs. 4 and 5, in the cases with high prediction performance, the frequency spectra of 

the predicted and actual contact areas exhibited highly similar patterns across the entire 

frequency range. 
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Fig. 5 Contact area distribution according to load variation. Column a) numerical analysis 

results, b) prediction results by the deep learning model, and c) comparison of radial 

average magnitudes by frequency (the blue and red dashed lines represent the 

numerical analysis and the predicted results, respectively). 

Table 2. Evaluation metrics such as Dice coefficient, Jaccard index, BF score, and pixel 

accuracy for the predictions by the trained deep learning model at different load 

variations 

Force 

(N) 

Dice 

Coefficient 

Jaccard 

Index 

BF  

Score 

Pixel 

Accuracy 

10 0.9002 0.8186 0.9868 0.9976 

20 0.9384 0.8840 0.9868 0.9971 

30 0.9535 0.9112 0.9890 0.9964 

40 0.9406 0.8880 0.9887 0.9938 

50 0.9117 0.8377 0.9809 0.9890 
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The similarity in the low-frequency range indicated that the overall shape and size of 

the contact area were accurately predicted, whereas the match in the high-frequency range 

suggested that the detailed features and boundaries were precisely reproduced. This 

indicates that the model accurately captured both the large-scale structure and the fine 

details of the contact area. This similarity aligns with the Dice coefficient values in the 

range of 0.95-0.96 for contact area distribution across all scales, and 0.91-0.95 range for 

contact area distribution across all loads, as presented in Figs. 4 and 5, respectively. 

To quantitatively evaluate the prediction performance of the contact area across the 

entire test set of 20,000 samples, we compared the actual contact areas calculated through 

numerical analysis with those predicted by the deep-learning model, as shown in Fig. 6. 

This comparison demonstrated the overall prediction accuracy and characteristics of the 

model. The average error rate across the complete dataset was 12.60%, with a notable trend 

of decreasing relative error as the contact area increased. A significant observation is that 

the data points are predominantly distributed below the ideal prediction line (dashed line). 

This indicates that the model tends to underestimate the actual contact area. The causes and 

implications of this systematic underprediction are discussed in detail in the following 

section. The dense distribution of data points around the ideal prediction line indicates 

consistent model performance across various contact conditions. In particular, in regions 

where the contact area exceeds 0.3 𝑚𝑚2 , the scatter between the predicted and actual 

values decreases, demonstrating enhanced model reliability in this range. 

 

Fig. 6 Comparison of contact area between numerical analysis and deep learning predictions 

for the entire test dataset (20,000 samples). The dashed line represents perfect 

prediction. 
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3.2. Evaluation of the Accuracy of the Deep Learning Model from a Contact 

Mechanics Perspective 

The elastic contact problem involving rough surfaces under normal loads typically shows 

that the contact area decreases, following a power law relationship, as the scale becomes 

finer. As shown in Fig. 7(a), the contact area decreased in accordance with the power law 

relationship as the scale decreased. For the rough surfaces presented in Fig. 4, the contact 

area predicted by the deep learning model shows a similar trend compared to the numerical 

analysis results, but it tends to underpredict by an average of approximately 10%. 

The relationship between the applied load and contact area was also investigated. An 

analysis of Fig. 8(a) reveals that the deep learning model captures the fundamental 

characteristic of elastic contact mechanics: the linear proportionality between the normal 

load and the true contact area. When examining the quantitative accuracy across different 

load conditions (10 N-50 N), the model demonstrated consistent prediction capability while 

maintaining an average deviation of 11.96% from the numerical analysis results. This 

systematic underprediction was most pronounced at lower loads (18.14% at 10 N) and 

showed gradual improvement as the load increased (10.01% at 50 N), suggesting that the 

performance of the model is more reliable under higher load conditions where larger 

contact areas are formed. 

This underprediction of the contact area can be primarily attributed to two factors. First, 

it indicates that the deep learning model misses actual contact areas more often than it 

mistakenly classifies noncontact areas. Second, the inherent class imbalance problem in 

the dataset may have led to the insufficient learning of smaller contact areas. A detailed 

analysis of the underprediction of the contact area is presented in the next section and in 

the Discussion section. 

 

Fig. 7 Comparison between numerical analysis results and deep learning predictions of (a) 

variations in contact area and (b) changes in electrical contact resistance resulting 

from scale variations. Solid square and circle shapes represent the deep learning 

prediction and the numerical analysis results, respectively. 
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Fig. 8 Comparison between numerical analysis results and deep learning predictions of (a) 

variations in contact area and (b) changes in electrical contact resistance resulting 

from load variations. Solid square and circle shapes represent the deep learning 

prediction and the numerical analysis results, respectively. 

Currently, the predictive performance of deep-learning algorithms is based solely on 

the model data generated at each scale. In other words, it does not consider causal 

relationships where data from a previous (coarse) scale affect data at a subsequent (fine) 

scale. Nonetheless, it is noteworthy that the power law relationship was maintained even 

in the absence of learned correlations between scale changes. This suggests that the deep 

learning model can implicitly learn the fundamental physical characteristics of the contact 

mechanism. 

The electrical contact resistance (ECR) was calculated at each scale using the predicted 

contact area distribution. While various theoretical formulations for ECR exist, such as 

those developed by Paggi and Barber [41], the method presented by Boyer was selected 

for this study due to its suitability for our pixel-based contact analysis. Specifically, the 

analytical model from Section II of Boyer [42], which addresses clean metallic contact 

without interface films. In particular, we adopted the formulation derived for multiple 

square-shaped microcontacts, where the total contact resistance R is given by: 

 𝑅 ≈
𝑆(𝑁)𝜌

𝑛𝐿
 +

𝜌

𝜋𝑛2  ∑ ∑
1

𝑑𝑖𝑗
𝑖≠𝑗  (26) 

where 𝑅  represents the total electrical contact resistance, and ρ denotes the electrical 

resistivity of the contacting material. The variable n is the number of contacting pixels, 

each of which is treated as a square microcontact, and 𝐿 is the side length of each contact 

pixel. The term 𝑆(𝑁) is the shape factor for square contacts, for which we used the value 

0.868, following Boyer’s suggestion. The term 𝑑𝑖𝑗  denotes the center-to-center distance 

between the 𝑖-th and 𝑗-th contact pixels, and the summation is carried out over all distinct 

contact pairs. 

This formulation reflects both the parallel resistance of uniformly sized microcontacts 

(first term) and the additional resistance arising from spatial interactions among them 
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(second term). All required values—such as the number of contacts 𝑛, side length 𝐿, and 

pairwise distances 𝑑𝑖𝑗—were extracted directly from the predicted binary contact masks. 

As shown in Fig. 7(b), the computed ECR increases and converges as the scale 

decreases. Despite an average deviation of approximately 10% in the predicted contact area 

relative to the numerical reference, the resulting ECR exhibited a discrepancy of less than 

0.5%. This small difference is attributed to the fact that ECR is predominantly governed 

by long-wavelength surface features, which are well captured by the model, as further 

supported by the spectral analysis in Section 3.3. 

Similarly, the electrical contact resistance was analyzed for different load conditions. 

Fig. 8(b) shows that the electrical contact resistance decreased monotonically with 

increasing load, following an inverse relationship characteristic of elastic contact 

mechanics. The deep learning model accurately captured this trend, maintaining a mean 

error of just 2.61% across all load conditions. Interestingly, the model performance showed 

varying accuracy levels at different loads, with the lowest error of 0.82% at 20 N and a 

maximum error of 6.42% at 50 N. This pattern differs notably from the contact area 

predictions, where higher loads generally yield better accuracy. 

This phenomenon aligns with the fact that the electrical contact resistance is determined 

by the long wavelength roughness [43]. The current analysis of deep learning models 

indicates that the prediction of contact points owing to short wavelength asperities is 

inaccurate, leading to an underestimation of the contact area. However, the distribution of 

the contact surfaces influenced by long wavelength roughness was captured with a high 

degree of accuracy. Despite the relatively large error observed in the contact area 

prediction, the model consistently showed low prediction errors for the electrical contact 

resistance across various scales and load conditions. This suggests that the skip connection 

feature of the U-Net architecture effectively contributes to learning the spatial 

characteristics of contact regions. 

Finally, the computation times of the direct numerical model and deep learning 

algorithm were compared. Given that the deep learning algorithm requires a very short 

computation time for a single surface image, the comparison was performed using 100 

datasets at a scale of 𝐿/29, including the time required to store the contact distribution 

results. The total computation time for the direct numerical model was approximately 

11,835 s, whereas the deep learning algorithm required only approximately 297 s. On 

average, the computation time per dataset was approximately 118 s for the direct numerical 

model and 3 s for the deep learning algorithm. This demonstrates the significantly higher 

computational efficiency of the deep learning algorithm. 

3.3. Presentation of Poorly Matching Cases 

The contact area distribution predicted by the deep learning model often closely 

matched the results of the numerical analysis; however, in some cases, the prediction led 

to relatively large errors in localized regions. These mispredictions tended to increase, 

particularly when the contact area was relatively small. Because different evaluation 

metrics highlight various aspects of performance, it is challenging to assess a model using 

a single metric. However, this explanation focuses on Dice coefficients. 

Figs. 9(A)(a), 9(B)(a), and 9(C)(a) show the contact area distribution obtained through 

the numerical analysis, whereas Figs. 9(A)(b), 9(B)(b), and 9(C)(b) display the contact area 

distribution predicted using the deep learning model. By comparing and analyzing these 
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three sets of images, we aimed to evaluate the performance and limitations of the contact 

area prediction model. 

 

Fig. 9 Three types of contact area distributions showing poor predictions (A, B, and C). 

(a) results of the direct numerical model, (b) predictions by the deep learning model, 

and (c) a comparison of radial average magnitudes by frequency (the blue line 

represents the numerical analysis results, and the red dashed line represents the 

predicted results). 

In Fig. 9(A), the numerical analysis results show a sparse distribution of contact points, 

whereas in the predicted image, some regions exhibit either an underestimation or 

overestimation of contact points. Upon analyzing the actual data for this case, the TP was 

0.0054, FN was 0.0031, FP was 0.0009, and TN was 0.9907. This indicates that 

approximately 0.63% of the total pixels were predicted as contact areas (TP + FP), which 

is slightly lower than the actual contact area (TP + FN ≈ 0.85%). The fact that the FN value 
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is approximately 3.4 times higher than the FP value suggests that the model tends to miss 

the actual contact areas. This demonstrates the limitations of the model in accurately 

capturing fine contact points when the contact area is relatively small. The Dice coefficient 

for this distribution was 0.7303, indicating a relatively low prediction accuracy. In the 

comparison of the radial average profile, the predicted image shows a behavior similar to 

that of the original image in the low-frequency range, but it fails to fully capture the fine 

characteristics of the actual contact area in the high-frequency range. The actual contact 

area is 0.0085 𝑚𝑚2 , whereas the predicted contact area is 0.0062 𝑚𝑚2 , indicating a 

significant error of 26.62%. This substantial error quantitatively demonstrates the significantly 

degraded prediction performance of the model for very small contact areas. In particular, the 

fact that the FN value was approximately 3.4 times higher than the FP value suggests that 

the model struggles to capture fine contact spots. 

In Fig. 9(B), the analysis results show that the TP was 0.0213, FN was 0.0087, FP was 

0.0068, and TN was 0.9632. In this case, about 2.81% of the total pixels were predicted as 

contact areas (TP + FP), which is relatively similar to the actual contact area (TP + FN ≈ 

3%). However, both FN and FP values were considerably high, indicating that the model 

struggled to accurately identify the contact areas. Notably, the FN value was approximately 

1.28 times higher than the FP value, indicating that the model tends to miss the actual 

contact areas. This suggests that the model was inconsistent in predicting the varying sizes 

and densities of the contact points observed in the numerical analysis results. Nonetheless, 

the Dice coefficient for this distribution was 0.7332, indicating a slightly higher prediction 

accuracy than in the first case. This suggests that, as the overall size of the contact area 

increases, the prediction performance of the model improves to some extent. In the radial 

average profile, the predicted values match the original to some degree in the low-

frequency range; however, as the frequency increases, the discrepancy increases, and the 

model fails to sufficiently capture the boundaries and fine details of the predicted contact 

points. In this case, the actual contact area was 0.0300 𝑚𝑚2, and the predicted contact area 

was 0.0281 𝑚𝑚2 , showing a relatively small error of 6.50%. This indicates improved 

model prediction accuracy as the contact area increases. However, the high FN and FP 

values indicate that the model continues to struggle to precisely identify contact locations. 

In Fig. 9(C), the analysis results show that the TP was 0.0344, FN was 0.0137, FP was 

0.0078, and TN was 0.9440. In this case, about 4.22% of the total pixels were predicted as 

contact areas (TP + FP), which is slightly lower than the actual contact area (TP + FN ≈ 

4.81%). The FN value was approximately 1.76 times higher than the FP value, indicating that 

the model tended to underestimate the actual contact areas. This suggests that the model fails 

to accurately capture the dense cluster-like contact areas observed in the numerical analyses. 

However, the Dice coefficient for this distribution was 0.7616, showing a relatively higher 

prediction accuracy compared to the previous two cases. In the radial average profile, 

discrepancies with the original are observed in both the low- and high-frequency ranges; 

however, overall, this case shows an improved performance compared with the previous two. 

In this case, the actual contact area was 0.0482 𝑚𝑚2, whereas the predicted contact area was 

0.0422 𝑚𝑚2, with an error of 12.29%. Despite having the largest contact area among the 

three cases, the considerable error suggests that the prediction performance of the model may 

degrade in contact regions with complex cluster structures. 

A common issue observed across all three cases was that the FN rate was higher than 

the FP rate, and the frequency analysis results showed a lower prediction accuracy in the 

high-frequency range. This suggests that the model tends to underestimate the actual 
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contact areas and has difficulty accurately capturing fine contact points or complex cluster 

structures. The frequency-domain analysis clearly demonstrates that although the model 

captures the overall contact pattern (low-frequency components) to some extent, it 

struggles to reproduce the fine structures and boundaries (high-frequency components) 

accurately. In particular, the decreased performance of the model in predicting low-density 

contact distributions or complex cluster structures raises the possibility that these extreme 

cases have not been sufficiently learned. The frequency analysis further highlighted these 

limitations. To identify the root causes of these issues, it is necessary to go beyond merely 

considering the model structure or quantity of training data to analyze the inherent 

characteristics of contact mechanics and the essential nature of the data involved. 

3.4. Discussion 

The deep learning model developed in this study has shown significant success in 

predicting the contact area distribution in contact mechanics problems. However, it also 

revealed several important limitations and areas for improvement. Notably, issues 

stemming from the characteristics of the training dataset were found to have a substantial 

impact on model performance. 

The most prominent issue is the severe class imbalance inherent in the contact data. In 

most cases, the number of pixels corresponding to the noncontact areas far exceeded those 

in the contact areas. This "intrinsic imbalance" can cause the model to become excessively 

biased toward the majority class (noncontact areas), resulting in a significant reduction in 

the prediction accuracy for the minority class (contact areas). According to Buda et al. [44], 

class imbalance in deep neural networks negatively affects the model performance, and 

this effect becomes more severe as the imbalance ratio increases. 

This class imbalance is further compounded by the characteristics of learning 

algorithms. The commonly used cross-entropy loss function assumes a balanced dataset 

and may not perform optimally under severe imbalance [45]. Moreover, in batch-based 

learning, if the minority class is not sufficiently represented in the batch, the model may 

fail to effectively learn the characteristics of that class. 

To address these issues, various approaches can be considered [46]. However, the 

unique nature of contact mechanics problems must be taken into account. Common 

techniques used in classification problems, such as oversampling or undersampling, are not 

easily applied to contact area data owing to their specific characteristics. Simply increasing 

or decreasing the contact area data can distort the physical meaning. Instead, algorithm-

level approaches may be more appropriate. 

For example, a weighted loss function that assigns greater weight to the minority class 

(contact areas) can be considered. This would guide the model to pay more attention to the 

contact areas, which would help alleviate the class imbalance issue. To address this challenge, 

we employ a combined loss function. By integrating two different loss functions and 

adjusting the weighting parameters, the model focuses on mitigating the impact of class 

imbalance. Optimizing these weighting parameters plays a crucial role in improving the 

prediction accuracy of the model, particularly in scenarios with low contact loads. However, 

despite these efforts, the class imbalance issue has not been fully resolved and performance 

degradation is still observed in cases of extreme imbalance. Therefore, further development 

of more effective loss functions and additional training strategies are necessary. 
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In addition, strategies that consider class balance when constructing batches can be 

modified and applied. For example, constructing batches by sampling image patches with 

smaller contact areas more frequently could help strengthen the information about minor 

contact areas during the learning process while preserving the physical meaning of the data. 

A two-stage learning approach could also be considered. In the first stage, the model would 

learn to extract features from the entire image. In the second stage, it would focus on predicting 

the contact areas based on the extracted features. This method would allow the model to learn 

both the overall surface geometry and the localized contact information in a balanced manner. 

Moreover, adding physical constraints from contact mechanics to the loss function could be 

another potential improvement [47]. For instance, using the relationship between the predicted 

contact area and actual load as a constraint could lead to physically valid predictions. This 

hybrid approach, which combines data-driven learning with physics-based modeling, offers a 

method for mitigating class imbalance while preserving physical relevance. 

Future research should empirically evaluate the effectiveness of these methods and 

develop extended deep learning algorithms tailored to contact mechanics problems. In 

particular, expanding the model to predict contact area distribution (a binary classification 

problem) and contact pressure distribution (a regression problem with continuous values) 

will be essential. Overcoming the intrinsic differences between these two problems 

requires the development of a new architecture. One promising approach is the application 

of generative adversarial networks (GANs). Through competitive learning between a 

generator and a discriminator network, GANs can generate high-quality images [48]. By 

applying GANs to contact-pressure distribution prediction, it is expected that a physically 

valid and detailed pressure distribution can be generated. This could provide a more 

realistic and accurate pressure distribution than simple regression models. 

Additionally, the approach developed in this study could be extended to predict surface 

wear. Wear is a result of the complex interaction between contact-pressure distribution and 

relative motion, which leads to changes in the surface geometry over time. It would be possible 

to use a deep learning model to predict wear patterns over time by taking the initial surface 

geometry and motion conditions as input. This would be a significant application in the field 

of tribology, contributing to the prediction of machine part lifespan and optimal design. 

Furthermore, enhancing the generalization capability of the model developed in this 

study is another important task. Although the current model was trained under specific load 

conditions and surface characteristics, it should be able to operate under a wider range of 

conditions for practical engineering applications. To achieve this, transfer-learning 

techniques can be employed to develop a generalized model for various contact conditions. 

Moreover, concerning the model's generalization capabilities and extensibility, a significant 

advantage of the proposed image-based deep learning framework lies in its potential 

independence from the specific numerical simulation method used for data generation. As the 

model fundamentally learns the mapping from a surface height image (input) to a contact area 

distribution mask (output), datasets generated using alternative well-established computational 

methods—such as FEM (e.g., using commercial software like ABAQUS or ANSYS), BEM, or 

other advanced simulation techniques including various FFT-based approaches and Green's 

Function Molecular Dynamics—could theoretically be utilized for training, provided the data 

is formatted into the consistent image/mask structure. Future work could explicitly investigate 

training and evaluating the model on datasets derived from these diverse numerical sources. 

Integrating data from multiple methods might even enhance the model's robustness and 

generalizability, potentially making it less sensitive to the inherent assumptions or artifacts of 
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any single simulation technique and thus increasing its practical value across varied engineering 

applications. 
Finally, improving the interpretability of deep learning models is a critical area for 

future research. Current deep learning models are often regarded as "black boxes," making 
it difficult to understand how they make decisions. In contact mechanics, it is important to 
understand the decision-making process of the model, and applying Explainable Artificial 
Intelligence (XAI) techniques would allow for the interpretation and visualization of the 
decision processes of the model [49]. 

These research directions will expand the scope of deep learning applications in contact 
mechanics and contribute to the development of more accurate and reliable prediction 
models. This, in turn, will enable more efficient solutions to complex contact problems and 
significantly improve the engineering design and optimization processes. 

4. CONCLUSIONS 

This paper presents a deep learning algorithm for predicting the contact area distribution of 
rough surfaces using only surface image data. The main findings of this study are as follows: 

1. The performance of the deep learning model was evaluated under various scale 
variations and loading conditions to predict the contact area distribution of rough surfaces. 
The results demonstrated that the deep learning model could accurately predict the changes 
in the contact area owing to variations in scale and load, and showed results similar to those 
of the numerical analysis for predicting electrical contact resistance. This indicates that the 
deep learning model effectively learned the spatial distribution of the contact points and 
accurately predicted the contact characteristics. 

2. Using a U-Net-based deep learning model, the contact area of rough surfaces was 

approached as an image segmentation problem, which overcame the high computational 

complexity of traditional numerical methods and enabled rapid and efficient prediction. 

The model exhibited high performance in various evaluation metrics such as the Dice 

coefficient and Jaccard index. These results confirm that the deep learning model can 

achieve a prediction accuracy comparable to that of numerical methods while significantly 

enhancing computational efficiency. 

3. The deep learning model demonstrated results similar to the actual data in both the 

low- and high-frequency domains using the 2D FFT technique, indicating that the model 

effectively learned the geometric characteristics of the contact phenomena. The model 

showed the ability to accurately predict not only the large-scale structure of the contact 

area but also its fine features. These findings imply that the deep learning model can 

adequately reflect the contact characteristics across different frequency domains. 

4. The deep learning model significantly improved computational efficiency compared 

to conventional numerical models, reducing computation time by more than 95% for fine-

scale datasets. 

The deep learning algorithm developed in this study demonstrated the potential to efficiently 

predict complex and fine contact areas when applied to contact mechanics problems and 

significantly reduced computational complexity compared to conventional numerical methods. 

This algorithm is expected to provide reliable data for various engineering design issues, 

including friction, wear, and thermal/electrical contact resistance. Moreover, by reducing the 

computation time and cost, the proposed method has potential for application in real-time 

analysis and large-scale simulations across diverse engineering fields. 
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