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Electronic skin (e-skin) visualizes contact pressure distribution through pressure maps, offering significant poten-
tial for robotic tactile sensing and health monitoring. However, insufficient sensor resolution often causes image shape
distortion, limiting its use in high-precision applications. We propose an optimized Real-ESRGAN-MSDC model to gen-
erate high-fidelity shape masks from distorted pressure maps. Experiments are conducted using 432 image pairs with
three rounds of 5-fold cross-validation. Performance differences between traditional computer vision mask generation
(TCVMG), Pix2pix, CycleGAN, ESRGAN, Real-ESRGAN, and Real-ESRGAN-MSDC are evaluated using four metrics.
The results demonstrate that Real-ESRGAN-MSDC outperforms other models, achieving 1.00% higher IoU, 0.59% higher
F1 score, 0.70% higher SSIM, and 0.38% lower LPIPS compared to the second- ranked model, indicating improved struc-
tural similarity and edge fidelity. Our study provides novel insights into intelligent applications of e-skin for tactile sensing
and health monitoring. Future work could expand the dataset, optimize training strategies, and reduce computational com-
plexity to enable arbitrary shape prediction and real-time applications.

Keywords: electronic skin, pressure map, image enhancement, mask generation
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DOI: 10.1088/1674-1056/ae3071 CSTR: 32038.14.CPB.ae3071

1. Introduction
Electronic skin (e-skin), an artificial integument inspired

by human skin, integrates flexible sensor arrays to mimic tac-
tile perception, enabling real-time detection of pressure, tem-
perature, strain, and other stimuli through wearable, biocom-
patible interfaces.[1,2] This biomimetic technology holds trans-
formative potential in human-machine interaction, robotic
tactile sensing, and health monitoring by providing high-
resolution, multimodal feedback for precise environmental
adaptation and physiological assessment.[2] The rapid devel-
opment of flexible electronics has advanced these e-skin appli-
cations. In recent years, Cao and Cai advanced e-skin applica-
tions in 2022 by developing novel material systems,[3] while
Yang et al. in 2019 and Liu et al. in 2022 enhanced e-skin for
human-machine interaction, robotic tactile sensing, and health
monitoring through innovations in sensor arrays and wireless
interfaces.[4,5] In 2024, Fu et al. integrated flexible substrate

materials, such as polydimethylsiloxane and polyimide, with
micro-nanofabrication techniques to enhance e-skin’s sensitiv-
ity and wearability, leveraging advances in materials science
and artificial intelligence.[6] By integrating miniature sensor
arrays, such as capacitive, piezoresistive, and piezoelectric
sensors, e-skin enables real-time monitoring of physical quan-
tities, including pressure, temperature, humidity, and strain,
providing innovative solutions for smart robots, medical di-
agnosis, and wearable devices.[7–9] These sensor arrays typi-
cally employ multilayer structures, such as flexible films based
on graphene or carbon nanotubes, maintaining stable perfor-
mance in complex environments. In 2022, Chen et al. devel-
oped self-healing materials for e-skin,[10] followed by Zarei et
al. in 2023 and Liu et al. in 2023, who introduced biodegrad-
able polymers, significantly expanding e-skin’s potential in
biomedical and wearable devices.[11,12]

Its flexible substrate and biocompatibility confer unique
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advantages to e-skin in the fields of bionic robotics, pros-
thetic control, and telemedicine.[12,13] In bionic robotics, e-
skin mimics the tactile function of human skin, enabling
precise grasping and environmental adaptation through high-
resolution pressure sensing. In 2025, Sankar et al. demon-
strated that e-skin equipped with flexible pressure sensors en-
ables dynamic manipulation of soft objects, improving robotic
grasping precision.[14] In prosthetic control, e-skin enhances
natural user–prosthetic interaction through real-time pressure
and temperature feedback. In 2025, Patil et al. demon-
strated that e-skin response times have been reduced to the
millisecond range, enabling real-time tactile feedback.[15] In
telemedicine, e-skin, integrated with wireless transmission
modules, enables remote monitoring of patients’ vital signs. In
2023, Tian et al. utilized flexible sensor arrays to monitor heart
rate and skin hydration changes, providing a novel tool for
chronic disease management.[16] Furthermore, e-skin’s mul-
timodal sensing capability enables it to perform exception-
ally in complex scenarios. For example, in surgical robots,
e-skin, integrating visual and tactile data, enhances surgical
precision.[16,17]

However, dynamic pressure variations and non-uniform
surface contact often cause sensor data ambiguity, particularly
in generating pressure maps, making it challenging to capture
pressure peaks and edge details due to limited resolution and
acquisition conditions.[18–21] This ambiguity primarily arises
from the nonlinear response of sensor arrays under dynamic
loading and local signal distortion due to non-uniform contact,
causing significant distortion in the shape of acquired pressure
maps relative to the actual pressure profile.[22] For example,
non-uniform contact may cause contour distortion in pressure
maps, and dynamic pressure variations worsen edge informa-
tion distortion, particularly in recognizing complex geometric
shapes (e.g., letters and numbers).[23] Such shape distortion in
pressure maps limits high-precision applications. In robotic
grasping tasks, the current millimeter-level spatial resolution
struggles to capture the fine contact contours of irregular ob-
jects, leading to pose estimation errors. In health monitoring,
large-area flexible arrays often misjudge high-pressure zone
areas due to folds.[24–26]

Furthermore, multimodal sensing requirements further
emphasize the importance of pressure map-based shape ex-
traction techniques in e-skin data processing.[16] As e-skin
evolves toward intelligent systems, single pressure sensing
is insufficient for complex application scenarios, and mul-
timodal data integrating temperature, humidity, and tactile
feedback has become a trend.[16,24,27,28] However, this chal-
lenge is compounded by limitations in traditional image pro-
cessing methods, such as bilinear and bicubic interpolation,
for detail recovery.[29] These methods interpolate by assum-

ing local pixel smoothness, making it challenging to recon-
struct high-frequency edge information and performing par-
ticularly poorly on small-sample datasets.[30] In recent years,
deep learning-based shape extraction techniques demonstrate
significant advantages in handling complex contours, offer-
ing new approaches for shape recovery in e-skin pressure
maps. For example, U-Net excels at capturing multi-scale im-
age features through its encoder-decoder structure and skip-
connection design, and is widely applied in medical image
segmentation and contour extraction tasks.[31] E-SegNet in-
troduces a novel E-shaped architecture that optimizes the U-
Net framework for medical image segmentation, emphasiz-
ing multi-scale feature aggregation, parameter efficiency, and
complex boundary processing.[32] Generative adversarial net-
works (GANs) generate realistic images through adversarial
training of generators and discriminators, making them par-
ticularly suitable for recovering high-resolution details from
ambiguous inputs.[33]

In 2017, Isola et al. developed Pix2pix, a condi-
tional GAN model that learns image-to-image mappings us-
ing paired input-output data, demonstrating superior structural
preservation in pressure map-to-mask conversion.[34] In the
same year, Zhu et al. proposed CycleGAN, which achieves
unpaired image conversion through cyclic consistency loss,
suitable for scenarios lacking paired data, though its training
stability requires further optimization.[35] In 2018, Wang et al.
developed ESRGAN, which enhances detail recovery in super-
resolution images through residual dense blocks and percep-
tual loss, making it suitable for enhancing the clarity of pres-
sure maps.[36] However, these models still face bottlenecks in
small-sample optimization and complex contour extraction for
e-skin pressure maps, necessitating the development of ded-
icated high-precision shape extraction techniques.[37] There-
fore, we develop dedicated techniques for generating masks
closely resembling the actual pressure profile from distorted
pressure maps, addressing a critical challenge.

To address these challenges, we propose an optimized
Real-ESRGAN-MSDC model designed to generate high-
quality masks closely resembling target shapes from e-skin
pressure maps. The ground truth (GT) mask, generated from
the actual shape of pressed e-skin, serves as a reference for
evaluating the accuracy of model predictions. We integrate
MultiScaleConv and DetailConv modules into the residual-in-
residual dense block (RRDB) architecture of Real-ESRGAN,
enhancing multi-scale feature extraction and edge detail recon-
struction capabilities, respectively. This approach optimizes
model performance, particularly for small-sample datasets.

Our study utilizes a dataset provided by a partner, derived
from low-resolution pressure maps and their corresponding
GT masks acquired by an array of flexible pressure sensors,
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to validate the model’s mask generation capability and lay the
foundation for future extensions. The mask generation method
TCVMG, based on threshold segmentation and morphological
operations, exhibits limited generalization ability in complex
pressure distributions and small-sample scenarios. In contrast,
existing deep learning methods, such as Pix2pix and Cycle-
GAN, improve performance but face limitations in data re-
quirements and training stability, respectively. Meanwhile,
ESRGAN and Real-ESRGAN optimize image processing but
remain inadequate for shape extraction in small-sample e-skin
pressure maps. Therefore, the innovation of Real-ESRGAN-
MSDC lies in addressing the gap in shape mask generation
for small-sample pressure maps, providing a novel approach
for the intelligent application of e-skin in tactile sensing and
health monitoring.

This paper is organized as follows. Section 1 intro-
duces the background and significance of the study. Section 2
presents the methodology, including model architecture and
module design. Section 3 details the experimental results,
covering datasets, evaluation metrics, and experimental setup.
And Section 4 analyzes the results and discusses future direc-
tions.

2. Materials and methods
2.1. Overall structure

Our model comprises a generator and a discriminator,
with the generator producing high-quality masks closely re-
sembling the GT shape, and the discriminator evaluating the
realism of the generated masks. We adopt the UNetDis-
criminatorSN discriminator from Real-ESRGAN, with a fo-
cus on optimizing the generator and leveraging the official
pre-trained Real-ESRGAN model to accelerate convergence in
small-sample scenarios. The RRDB architecture is adapted to
address complex feature extraction requirements. Figure 1(a)
depicts the overall workflow of Real-ESRGAN-MSDC. It out-
lines the end-to-end process from input e-skin pressure maps
and GT masks through data augmentation, including hori-
zontal flipping and rotation, to mask generation and authen-
ticity assessment via the discriminator’s probability distribu-
tion. This visualization underscores the adversarial feedback
loop that refines mask quality for complex e-skin contours.
The input pressure map and paired GT masks are first aug-
mented with data (including horizontal flipping and rotation)
before being fed into the generator. The generator employs
the RRDB×23 structure and residual dense blocks for feature
extraction, integrating MultiScaleConv2d and DetailConv2d
modules to enhance multi-scale details and edge information,
ultimately generating probability maps through two upsam-
pling layers. The generator produces a mask image, which
is evaluated by the discriminator to generate a probability map

reflecting the difference between the generated mask and the
ground truth mask. This probability map is used to compute
the loss function, including the adversarial loss function and
the total loss function, optimizing the generator’s and discrim-
inator’s parameters to better align the mask’s boundaries and
shapes with the ground truth, with the final mask obtained
through binarization to enhance edge details for e-skin pres-
sure maps. The generator substantially enhances the structural
details and quality of the mask by optimizing the total loss,
combining content and adversarial losses. During this process,
the discriminator adopts the UNetDiscriminatorSN architec-
ture, employing multilayer convolution and spectral normal-
ization to assess the realism of generated and GT masks, out-
putting probability distributions. Through adversarial loss op-
timization, the discriminator accurately distinguishes between
GT and generated masks, refining discriminant boundaries and
enhancing the realism of the generator’s outputs.

The generator employs the RRDBNet structure, based on
RRDBs, comprising 23 RRDB layers. Each layer consists
of five densely connected 3× 3 convolutions with 64 feature
channels, 32 growth channels, and 3 input and output chan-
nels, matching RGB images and using a scaling factor of 1
for the mask generation task. The input undergoes a pixel
unshuffle operation to expand the channel count by 16 times,
with features extracted by an initial 3×3 convolutional layer.
The main network comprises 23 RRDBs, each integrating De-
tailConv modules to enhance detail processing. The main
network’s output is fused by a 3× 3 convolutional layer be-
fore entering the upsampling stage. This stage employs Mul-
tiScaleConv modules for two upsampling operations, com-
bined with nearest-neighbor interpolation and convolution, ul-
timately producing a 128× 128 pixel mask via a final 3× 3
convolutional layer. The dense connectivity of RRDBNet opti-
mizes gradient flow and facilitates deep network convergence,
making it suitable for small-sample scenarios. As illustrated
in Fig. 1(b), the generator network highlights the integration
of 23 RRDB modules with DetailConv and MultiScaleConv
in the upsampling stage, leveraging residual dense blocks and
multi-scale convolution to enhance feature extraction and edge
detail recovery for distorted e-skin pressure maps.

The discriminator, based on UNetDiscriminatorSN
within the U-Net architecture, includes four downsampling
layers with channel counts of 64, 128, 256, and 512, and
four upsampling layers with channel counts of 256, 128, 64,
and 1. Spectral normalization is employed to stabilize train-
ing, with skip connections enabled to integrate multi-scale
features. Presented in Fig. 1(c), the discriminator’s architec-
ture emphasizes spectral normalization and skip connections
across downsampling and upsampling stages, enabling per-
pixel scoring that distinguishes real GT masks from generated
ones, thereby stabilizing training for e-skin mask realism.
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Fig. 1. Architectural diagram of Real-ESRGAN-MSDC. (a) Workflow from input heatmap and ground truth mask to generator and discrim-
inator, including data augmentation and evaluation metrics. (b) Generator details with 23 RRDB modules, upsampling, DetailConv, and
MultiScaleConv (w = 0.2). (c) Discriminator details using UNetDiscriminatorSN with spectral normalization and Leaky ReLU.

2.2. DetailConv module

DetailConv modules are integrated into RRDBs to en-
hance detail recovery for 26 English alphabets and digits 0–9.
The module includes 3× 3 and 5× 5 convolutional branches
with a 7:3 output channel ratio, processing features from dif-
ferent receptive fields independently and fusing the outputs
through addition. The spatial attention mechanism extracts
global statistical information through adaptive mean pooling
and maximum pooling, compressing it to one channel via a
3×3 convolutional layer. Sigmoid activation generates the at-
tention weight map, and bilinear interpolation restores the res-

olution, which is then multiplied with the convolutional output
to enhance critical regions. The attention mechanism lever-
ages information theory to optimize feature selection and re-
duce redundant information. Residual connections adjust di-
mensions via a 1×1 convolutional layer, with weights initial-
ized using Kaiming initialization and the output activated by
Leaky ReLU with a negative slope of 0.1. The overall output
is expressed by

A = Sigmoid(Wconv · (AvgPool(F)+MaxPool(F))), (1)

Fout = Leaky ReLU(W1×1 · (A · (0.7 ·F3×3

+0.3 ·F5×5)+Fin)), (2)
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where A denotes the attention weight computation, F denotes
the input feature map from the RRDB layer, Fin represents the
module input for the residual connection to preserve low-level
features, F3×3 and F5×5 are the outputs of 3×3 and 5×5 con-
volutional branches capturing local and global details, respec-
tively, A is the generated spatial attention weight map in the
range (0, 1), Wconv is the 3× 3 convolution kernel for atten-
tion computation, and W1×1 is the 1× 1 kernel for dimension
adjustment. Illustrated in Fig. 1(b), the DetailConv module’s
schematic layout visualizes the integration of convolutional
branches, spatial attention, and residual connections. The 7:3
channel ratio follows the common lightweight design practice
adopted in many efficient multi-branch architectures, such as
Inception-v3, MobileNetV2/V3, EfficientNet, and the Shuf-
fleNet series. Given the small training set, we intentionally
keep this empirically effective default fixed throughout all ex-
periments to ensure training stability.

2.3. MultiScaleConv module

The MultiScaleConv module is integrated into the up-
sampling stage of RRDBNet to enhance multi-scale feature
extraction and adapt to the pressure maps of 26 English al-
phabets and digits 0–9. The module employs parallel 3× 3
and 5× 5 convolutional layers with a 7:3 output channel ra-
tio, allocating 70% of channels to the 3× 3 convolution and
30% to the 5× 5 convolution. The channel count is reduced
to half the output channels via a 1×1 convolutional layer, and
features are merged via another 1×1 convolutional layer, fol-
lowed by Leaky ReLU activation with a negative slope of 0.2.
The multi-scale design, based on convolutional receptive field
theory, optimizes both large-scale and local feature extraction.
The module employs nearest-neighbor interpolation for two
upsampling operations to capture the global and local patterns
of the pressure map, enhancing the structural integrity of the
mask. The overall output is expressed by

Finter = ReLU(W (1)
1×1 · (0.7 ·F3×3 +0.3 ·F5×5)), (3)

Fout = Leaky ReLU(W (2)
1×1 ·Finter +Resize(Fin,scale = 2)), (4)

where F3×3 and F5×5 denote the outputs of the parallel 3× 3
and 5×5 convolutional layers for local and global pattern cap-
ture, Finter is the intermediate fused feature after initial chan-
nel reduction, Fin is the input feature for upsampling, Fout is
the final output feature map, while W (1)

1×1 and W (2)
1×1 are the first

and second 1×1 convolution kernels for fusion and merging.
Equation (3) describes multi-scale feature extraction and ini-
tial fusion, and Eq. (4) describes feature merging and output.
Depicted in Fig. 1(b), the MultiScaleConv module’s schematic
diagram elucidates the arrangement of parallel convolutional
layers and upsampling operations.

3. Results
3.1. Dataset

This study utilizes a 432-pair dataset provided by a part-
ner, comprising low-resolution pressure maps of 128× 128
pixels and their corresponding GT masks. The dataset in-
cludes 26 English alphabets and digits 0–9, with 12 pairs per
category, totaling 432 image pairs. Alphabet and digit shapes
are chosen as the validation dataset for their complex contour
features to assess the model’s mask generation capability, en-
abling future extension to other shapes to improve generaliza-
tion. GT masks derived from physical contours provide accu-
rate contour features of alphabets and digits. Specifically, the
GT masks are generated using templates of the 26 letters and
10 digits. High-resolution photographs of the templates are
captured directly with a camera, then filled and binarized to
create masks with sharp physical boundaries. No morpholog-
ical operations are applied given the templates’ inherent pre-
cision. Subsequently, data preprocessing involves normaliza-
tion, scaling pixel values to the (0, 1) interval, and data aug-
mentation, including random horizontal flipping, while main-
taining the original resolution.

To ensure experimental reproducibility, three rounds of 5-
fold cross-validation are employed. The dataset is divided by
category, with the first four folds each containing 7 categories
(336 images total) and the fifth fold containing 8 categories
(96 images total).[38] Each fold’s training set comprises 26 cat-
egories (312 images total), and the validation set comprises 3
categories (36 images total). The test set consists of 7 or 8 cat-
egories for the corresponding fold.[39] Grouping by category
prevents data leakage, with the validation set used for hyper-
parameter tuning.[40] Three rounds of 5-fold cross-validation
enhance result robustness through varied random splits, with
random seeds set to 42, 123, and 2023 to ensure experimental
reproducibility and data distribution diversity.

3.2. Assessment of indicators

Model performance is evaluated using Intersection over
Union (IoU), F1 score, SSIM, and LPIPS, with the similarity
of generated masks to GT masks assessed by computing the
mean of three rounds of 5-fold cross-validation.

IoU is a widely applied metric in image segmentation
tasks, assessing segmentation accuracy through the propor-
tion of region overlap between the predicted mask and the GT
mask.[41,42] Values closer to 1 indicate that the predicted mask
aligns more closely with the GT mask. IoU is defined by

IoU =
|M∩G|
|M∪G|

, (5)

where M is the generated mask, G is the GT mask, and values
lie in the range (0, 1). In this study, IoU quantifies the overlap
between the generated mask and the GT mask, reflecting the
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model’s accuracy in recovering complex contours (e.g., alpha-
bet and digit edges).[31]

F1 score, the harmonic mean of precision and recall, com-
prehensively assesses segmentation task performance, partic-
ularly in class imbalance scenarios.[41] In this study, the F1
score balances the precision and recall of generated masks,
adapting to complex contour patterns.[43] The F1 score is de-
fined by Eq. (6), with precision and recall defined by Eqs. (7)
and (8), respectively:

F1 score = 2× Precision×Recall
Precision+Recall

, (6)

Precision =
TP

TP+FP
, (7)

Recall =
TP

TP+FN
, (8)

where TP, FP, and FN denote true positives, false positives,
and false negatives. In application scenarios, the F1 score ef-
fectively evaluates the model’s capability to accurately cap-
ture edge details in distorted pressure maps, ensuring neither
over-segmentation nor omission of critical contour regions
occurs.[44]

SSIM, based on human visual perception, assesses im-
age similarity by comparing luminance, contrast, and struc-
tural features, making it suitable for evaluating the structural
consistency of masks.[45] In this study, SSIM emphasizes the
spatial structural integrity of masks. SSIM is defined by

SSIM(x,y) =
(2µxµy + c1)(2σxy + c2)

(µ2
x +µ2

y + c1)(σ2
x +σ2

y + c2)
, (9)

where µx and µy denote the means of images x and y, σx and
σy denote the standard deviations, σxy denotes the covariance,
and c1 and c2 are stability constants, with SSIM values in the
range (0, 1). In this study, SSIM assesses the spatial structural
consistency of generated masks relative to the GT mask.[46]

The LPIPS metric employs the VGG19 neural network to
extract features and evaluate perceptual similarity between the
generated mask and the GT mask, and it is widely applied in
image generation tasks.[47] LPIPS quantifies the visual quality
of the mask, with smaller values indicating higher perceptual
similarity. In shape recovery scenarios, LPIPS evaluates the
naturalness of the generated mask in terms of human visual
perception and its alignment with the GT mask.[46,47]

3.3. Training strategies

Training is conducted using the PyTorch framework on
an NVIDIA RTX 4090 GPU with 24 GB of memory, run-
ning on Windows Server 2022. The input is a 128× 128
pixel three-channel pressure map, and the target output is a
128× 128 pixel mask. Training parameters include a gener-
ator learning rate of 1× 10−4, a discriminator learning rate
of 1× 10−5, and Adam optimizer parameters β1 = 0.9 and

β2 = 0.99. The batch size is 8, with training conducted for
200 epochs, totaling 7800 iterations. The learning rate differ-
ence balances feature learning and training stability, suitable
for a small-sample dataset of 432 pairs. Figure 2 presents the
performance metrics under various learning rate combinations
for the generator and discriminator, with Fig. 2(a) highlighting
IoU, F1 score, SSIM, and LPIPS values across combinations
such as (1×10−3, 1×10−5) to (1×10−4, 1×10−5), supported
by error bars indicating standard deviation, while Fig. 2(b) il-
lustrates the metric evolution over training epochs from 50 to
300, with shaded areas reflecting standard deviation ranges.
These visualizations confirm that the four combinations ex-
hibit highly similar performance (differences within one stan-
dard deviation). Given this relatively flat performance land-
scape, no exhaustive search over intermediate values is per-
formed, and the combination yielding the numerically best re-
sults (generator: 1×10−4, discriminator: 1×10−5) is selected
to optimize convergence and ensure high mask generation ac-
curacy for e-skin pressure maps.
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Fig. 2. (a) Performance metrics under different learning rate combina-
tions. (b) Performance evolution across 50–300 epochs on test set, with
shaded areas for standard deviation.

The loss function combines L1 loss, perceptual loss,
and adversarial loss. The perceptual loss is derived from
the VGG19 network, using layers conv1 2 to conv5 4 with
weights of 0.1, 0.1, 1, 1, 1, and 1, while the adversarial loss,
based on a vanilla GAN, has a weight of 0.1. The L1 loss is
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defined by

L1 =
1
N ∑

i
|yi− ŷi|. (10)

The perceptual loss is defined by

Lperceptual = ∑
l

wl ‖ φl(y)−φl(ŷ) ‖2
2 . (11)

The adversarial loss is defined by

Ladv = E[logD(y)]+E[log(1−D(ŷ))]. (12)

The combined loss is defined by

Ltotal = λ1L1 +λ2Lperceptual +λ3Ladv. (13)

Here, y denotes the GT mask, ŷ denotes the generated mask,
N is the total number of pixels, φl represents VGG19 layer
features, wl are weights (0.1, 0.1, 1, 1, 1, 1), E represents
the expectation operator, D is the discriminator, and λ1 = 1.0,
λ2 = 1.0, λ3 = 0.1. The loss weights λ1 = 1.0, λ2 = 1.0,
and λ3 = 0.1 follow the official Real-ESRGAN repository
and are kept fixed across all experiments. Figure 3(a) de-
picts the training loss trends of Real-ESRGAN-MSDC, illus-
trating the dynamic evolution of L1, perceptual, and adver-
sarial losses across training iterations, which collectively in-
dicate gradual convergence and validate the effectiveness of
the multi-loss strategy in optimizing e-skin mask generation.
The discriminator is not used during the pre-training phase,
with the discriminator updated once per iteration thereafter.
ESRGAN, Real-ESRGAN, and Real-ESRGAN-MSDC lever-
age the official Real-ESRGAN pre-trained model to acceler-
ate convergence for small-sample datasets, adapted to meet
the demands of complex feature extraction in the RRDB ar-
chitecture. As shown in Fig. 3(b), the training performance of
Real-ESRGAN-MSDC features a side-by-side comparison of
generated mask images with GT counterparts across iterations,
based on 5-fold cross-validation, highlighting the progressive
improvement in mask quality and structural fidelity for e-skin
pressure maps.

To ensure a practical and meaningful comparison under
our small-sample conditions, each model family is initialized
following its established best practices. For the image trans-
lation models (Pix2pix and CycleGAN), domain-specific pre-
trained weights are unavailable, and ImageNet initialization
would impose a generic natural-image prior that is misaligned
with our specialized task. Therefore, they are trained from
scratch. In contrast, the real-world super-resolution mod-
els (ESRGAN, Real-ESRGAN, and Real-ESRGAN-MSDC)
rely on pretraining that captures the complex degradation–
restoration mapping essential for their performance. Hence,
they are initialized from the same official Real-ESRGAN ×4

pretrained checkpoint, namely the only publicly released foun-
dation for this architecture, which provides the necessary prior
for stable optimization and effective generalization on limited
data. This differentiated approach allows each model to per-
form under its most representative and effective configuration,
enabling a fair comparison of their achievable performance
rather than enforcing an artificial parity in initialization.
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Fig. 3. (a) Training loss trends (L1, perceptual, adversarial) of Real-
ESRGAN-MSDC over iterations. (b) Visualization of generated mask
evolution and ground truth comparison across training iterations.

3.4. Comparison with other methods

Comparison experiments evaluate TCVMG, based on
classical image processing techniques, alongside Pix2pix,
CycleGAN, ESRGAN, Real-ESRGAN, and Real-ESRGAN-
MSDC in generating masks for e-skin pressure maps, using
three rounds of 5-fold cross-validation.[34–36,48] The experi-
mental design utilizes 432 image pairs from the aforemen-
tioned dataset. Three rounds of 5-fold cross-validation ensure
that the training set (312 images), validation set (36 images),
and test set (48 or 96 images) are uniformly distributed by
category, with random seeds set to 42, 123, and 2023 to en-
hance result robustness and reproducibility. TCVMG gener-
ates masks for e-skin pressure maps by applying JET color
mapping to convert RGB pressure maps to grayscale images.
A 7×7 kernel Gaussian blur (standard deviation= 3) smooths
noise, followed by binarization with a threshold of 128 and
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a single morphological expansion and erosion operation to
optimize mask contours, aiming to separate high-pressure
and low-pressure regions. Pix2pix, CycleGAN, ESRGAN,
and Real-ESRGAN leverage the U-Net generator, cyclic con-
sistency loss, and super-resolution optimization frameworks.
Real-ESRGAN-MSDC further integrates MultiScaleConv and
DetailConv modules. Performance is evaluated using IoU,
F1 score, SSIM, and LPIPS metrics, with the mean and stan-
dard deviation of each metric computed from the test set.[49]

Figure 4(a) compares IoU, F1 score, SSIM, and LPIPS met-
rics across TCVMG, Pix2pix, CycleGAN, ESRGAN, Real-
ESRGAN, and Real-ESRGAN-MSDC, based on 5-fold cross-
validation, underscoring our model’s superior structural sim-
ilarity and edge fidelity in generating e-skin pressure map
masks.

IoU F1 score SSIM LPIPS
0

0.2

0.4

0.6

0.8

1.0

Traditional computer vision mask generation
CycleGAN
ESRGAN
pix2pix
Real ESRGAN
Real ESRGAN MSDC

(a)

(b)

Fig. 4. (a) Comparative performance of Real-ESRGAN-MSDC across
models via 5-fold cross-validation. (b) Generated mask images by
TCVMG, CycleGAN, ESRGAN, pix2pix, Real-ESRGAN, and Real-
ESRGAN-MSDC after 200 epochs compared with ground truth.

As shown in Table 1, Real ESRGAN MSDC performs
well on all evaluation metrics, with an IoU of 0.6775± 0.0026,
an F1 score of 0.8039± 0.0018, an SSIM of 0.7003± 0.0016,
and an LPIPS of 0.2605± 0.0023. Quantitative analysis shows
that, compared to the second-best-performing Real-ESRGAN,
our model achieves improvements of approximately 1.0%,

0.6%, and 0.7% in IoU, F1 score, and SSIM, respectively,
while reducing LPIPS by about 0.4%. Compared to Pix2pix
and ESRGAN, the improvements are more significant, with
IoU increasing by approximately 3.9% and 5.4%, respec-
tively. In contrast to TCVMG, the performance improve-
ments are substantial, with IoU and F1 score leading by more
than 25% and 15%, respectively. These results verify the
synergistic effect of MultiScaleConv and DetailConv mod-
ules in enhancing structural similarity and edge fidelity. In
contrast, TCVMG exhibits the poorest performance, with an
IoU of 0.5380± 0.0001, an F1 score of 0.6921± 0.0002, an
SSIM of 0.5812± 0.0003, and an LPIPS of 0.4123± 0.0004.
These results indicate that traditional image processing meth-
ods struggle to effectively capture high-frequency contour
details in complex pressure patterns and small-sample sce-
narios, particularly in recovering alphabet and digit edges.
Pix2pix outperforms ESRGAN, achieving an F1 score of
0.7812± 0.0021 and an SSIM of 0.6723± 0.0019 compared
to ESRGAN’s 0.7654± 0.0024 and 0.6598± 0.0020. How-
ever, its higher LPIPS value (0.2934± 0.0027) indicates re-
duced perceptual quality, likely due to its high dependence on
paired data and limited capability to generate complex tex-
tures. CycleGAN exhibits greater metric variability due to
its unpaired training nature (IoU: 0.6123± 0.0065, F1 score:
0.7345± 0.0058), with limited training stability restricting
its application in high-precision mask generation. Real-
ESRGAN achieves performance close to Real-ESRGAN-
MSDC (IoU: 0.6643± 0.0022, F1 score: 0.7921± 0.0019),
but its lack of MultiScaleConv and DetailConv modules re-
sults in slightly inferior edge details and global structure. The
standard deviation range (0.0001–0.0065) indicates high con-
sistency in experimental results, reflecting the stability of data
splitting and training strategies. Significance analysis (Table 2,
p < 0.05) confirms Real-ESRGAN-MSDC’s statistical supe-
riority across all four metrics, particularly in edge prediction
for complex contours. As shown in Fig. 4(b), the compari-
son of generated mask images by TCVMG, CycleGAN, ES-
RGAN, Pix2pix, Real-ESRGAN, and Real-ESRGAN-MSDC
after 200 training epochs, presented side-by-side with their GT
counterparts, demonstrates the more precise boundaries and
enhanced alignment of our model’s masks, confirming its ro-
bustness and accuracy for e-skin applications in small-sample
settings.

Table 1. Comparative performance of models on e-skin heatmap-to-mask conversion. The best and second-best results in each column are
highlighted in bold and underlined, respectively.

Methods IoU↑ F1 score↑ SSIM↑ LPIPS↓
TCVMG 0.5380± 0.0001 0.6950± 0.0001 0.5976± 0.0003 0.3853± 0.0002

CycleGAN 0.5821± 0.0065 0.7304± 0.0048 0.6476± 0.0051 0.3288± 0.0048
ESRGAN 0.6426± 0.0010 0.7784± 0.0007 0.6834± 0.0004 0.2832± 0.0009
Pix2pix 0.6518± 0.0030 0.7860± 0.0020 0.6851± 0.0022 0.3133± 0.0028

Real-ESRGAN 0.6708± 0.0043 0.7992± 0.0032 0.6954± 0.0030 0.2615± 0.0031
Real-ESRGAN-MSDC 0.6775± 0.0026 0.8039± 0.0018 0.7003± 0.0016 0.2605± 0.0023
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Table 2. Significance analysis tables present p-values from t-tests, evaluating statistical differences in the four metrics between Real-ESRGAN-
MSDC and other models.

Model Comparison IoU (t/p-value) F1 score (t/p-value) SSIM (t/p-value) LPIPS (t/p-value)
Real-ESRGAN-MSDC vs. TCVMG 25.8875/3.18×10−13∗ 23.8708/9.65×10−13∗ 23.7801/1.02×10−12∗ –24.4538/6.94×10−13∗

Real-ESRGAN-MSDC vs. CycleGAN 17.3787/7.16×10−11∗ 16.6987/1.22×10−10∗ 10.2753/6.67×10−8∗ –13.8689/1.43×10−9∗

Real-ESRGAN-MSDC vs. ESRGAN 17.2064/8.18×10−11∗ 16.7088/1.21×10−10∗ 11.2988/2.02×10−8∗ –12.6685/4.65×10−9∗

Real-ESRGAN-MSDC vs. Pix2pix 8.9557/3.60×10−7∗ 8.3135/8.73×10−7∗ 4.5845/0.0004∗ –14.3086/9.49×10−10∗

Real-ESRGAN-MSDC vs. Real-ESRGAN 2.4868/0.0261∗ 2.4635/0.0273∗ 3.6299/0.0027∗ –0.6692/0.5143

In summary, Real-ESRGAN-MSDC substantially en-
hances the shape recovery of e-skin pressure maps by inte-
grating multi-scale feature extraction and detail enhancement
mechanisms, particularly excelling in handling complex con-
tour patterns. The significant improvements in key perfor-
mance metrics compared to baseline models quantitatively
demonstrate the effectiveness of this architecture. The poor
performance of TCVMG highlights the limitations of tradi-
tional methods in handling nonlinear pressure patterns. Sim-
ilarly, Pix2pix and CycleGAN are constrained by data re-
quirements and training stability, while ESRGAN and Real-
ESRGAN, although optimized for super-resolution tasks, re-
quire further improvement in small-sample optimization and
edge detail restoration. The superiority of Real-ESRGAN-
MSDC establishes a foundation for high-precision applica-
tions in robotic tactile sensing and health monitoring, but
its generalization ability requires further validation in diverse
datasets and real-time scenarios.

3.5. Ablation experiments

The ablation experiment evaluates the contributions
of the MultiScaleConv and DetailConv modules to Real-
ESRGAN-MSDC’s performance. It compares the baseline
Real-ESRGAN, variants with MultiScaleConv removed, vari-
ants with DetailConv removed, and the full Real-ESRGAN-
MSDC, using three rounds of 5-fold cross-validation consis-
tent with the comparison experiments. During the experi-
ments, the baseline Real-ESRGAN serves as the reference.
The experiment compares variants by removing either the
MultiScaleConv module (retaining only DetailConv) or the
DetailConv module (retaining only MultiScaleConv), along-
side the full Real-ESRGAN-MSDC model. As illustrated in
Fig. 5, the ablation study plot visualizes IoU, F1 score, SSIM,
and LPIPS metrics for Real-ESRGAN, models lacking Mul-
tiScaleConv or DetailConv, and the complete Real-ESRGAN-
MSDC, based on 5-fold cross-validation, indicating the criti-
cal synergy of these modules in boosting mask generation ac-
curacy for e-skin pressure maps.

Experiments demonstrate that Real-ESRGAN-MSDC
achieves the best performance across all metrics, with an
IoU of 0.6775± 0.0026, an F1 score of 0.8039± 0.0018, an
SSIM of 0.7003± 0.0016, and an LPIPS of 0.2605± 0.0023.
These results verify the synergistic effect of MultiScale-
Conv and DetailConv modules. Removing MultiScaleConv

significantly reduced model performance, with IoU drop-
ping to 0.6521± 0.0032, F1 score to 0.7845± 0.0025, SSIM
to 0.6856± 0.0021, and LPIPS rising to 0.2754± 0.0024.
This indicates that multi-scale feature extraction is criti-
cal for capturing global pressure patterns and maintaining
the structural integrity of complex shapes, particularly in
closed contour recovery for alphabets and digits. Remov-
ing DetailConv reduced IoU to 0.6608± 0.0029, F1 score
to 0.7902± 0.0023, SSIM to 0.6894± 0.0019, and increased
LPIPS to 0.2754± 0.0026, indicating that reduced local-
ized edge details significantly impact the sharpness of high-
contrast regions, such as alphabet ‘B’ and digit ‘8’ edges.
The baseline Real-ESRGAN (IoU: 0.6643± 0.0022, F1 score:
0.7921± 0.0019, SSIM: 0.6598± 0.0020, LPIPS: 0.2934±
0.0027) outperforms variants with either module removed but
underperforms the full model. This demonstrates that the joint
application of MultiScaleConv and DetailConv significantly
enhances the co-optimization of global structure and local de-
tails.

IoU trend
IoU mean
Std Dev

F1 score trend
F1 score mean
Std Dev

LPIPS trend
LPIPS mean
Std Dev

SSIM trend
SSIM mean
Std Dev

Fig. 5. Ablation study of IoU, F1 score, SSIM, and LPIPS metrics
for Real-ESRGAN, models without MultiScaleConv or DetailConv, and
Real-ESRGAN-MSDC via 5-fold cross-validation.

In summary, the ablation results underscore that Real-
ESRGAN-MSDC substantially outperforms the baseline and
single-module variants across all evaluated metrics, confirm-
ing the essential and complementary roles of MultiScaleConv
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in preserving global structures and DetailConv in refining lo-
cal edges. This provides strong evidence for the design ro-
bustness of Real-ESRGAN-MSDC, while suggesting that the
inter-module feature fusion strategy could be further opti-
mized to enhance performance.

3.6. Robustness experiments

Robustness experiments systematically evaluate the per-
formance stability of Real-ESRGAN-MSDC under various
noise conditions. These conditions are tested by adding mild
Gaussian noise (mean= 0, variance = 0.01) and high-density
salt-and-pepper noise (density = 0.1) to the low-resolution
pressure maps of the test set, using three rounds of 5-fold
cross-validation with random seeds set to 42, 123, and 2023
to ensure statistical reliability. Mild Gaussian noise simu-
lates natural disturbances in sensor acquisition, while high-
density salt-and-pepper noise simulates data distortion in ex-
treme environments. For each noise condition, the mean and
variation of IoU, F1 score, SSIM, and LPIPS are computed,
with results summarized in Table 3. Depicted in Fig. 6, the
noise robustness table outlines the mean and standard de-
viation of IoU, F1 score, SSIM, and LPIPS metrics under
Gaussian noise (variances 0.01 and 0.1) and salt-and-pepper
noise (densities 0.05 and 0.2), providing a comprehensive
evaluation of Real-ESRGAN-MSDC’s tolerance to diverse e-
skin sensor disturbances. Under mild Gaussian noise con-
ditions, Real-ESRGAN-MSDC demonstrates robust perfor-
mance, with IoU decreasing by only 0.24% to 0.75% (from
0.6775 to 0.6734–0.6748) and F1 score decreasing by 0.21%
to 0.46% (from 0.8039 to 0.8002–0.8015). Similarly, SSIM
decreases by 0.24% to 0.26% (from 0.7003 to 0.6987–0.6990),
and LPIPS increases by 0.27% to 0.34% (from 0.2605 to
0.2613–0.2620). These minimal changes demonstrate that
Real-ESRGAN-MSDC exhibits strong adaptability to com-
mon noise in sensor acquisition. The MultiScaleConv and De-
tailConv modules effectively mitigate the impact of mild noise
on mask contour recovery through multi-scale feature extrac-

tion and edge detail enhancement, maintaining high structural
similarity and visual quality. Under high-density salt-and-
pepper noise conditions, performance degrades significantly,
with IoU decreasing by 10.4% (from 0.6775 to 0.6071) and
F1 score by 9.8% (from 0.8039 to 0.7250). Similarly, SSIM
decreases by 8.6% (from 0.7003 to 0.6402), and LPIPS in-
creases by 12.3% (from 0.2605 to 0.2925). This result high-
lights the model’s sensitivity to discrete noise, likely due to
the severe disruption of local pixels in the pressure map by
salt-and-pepper noise. This leads to the loss of high-frequency
information during feature extraction, particularly impacting
fine edge detail recovery for alphabets and digits. More specif-
ically, the substantial performance drop under high-density
salt-and-pepper noise can be attributed to the discrete nature of
such outliers. They severely disrupt local pixel continuity and
exceed the corrective capacity of the purely convolutional re-
ceptive fields, and limit spatial attention mechanism employed
in the current architecture. This suggests a fundamental limita-
tion in the existing design when confronting extreme discrete
noise perturbations.

Fig. 6. Noise robustness table presents the mean and standard deviation
of the four metrics under Gaussian (variances 0.01, 0.1) and saltpepper
(densities 0.05, 0.2) noise conditions, evaluating model tolerance.

Table 3. Noise robustness analysis of Real-ESRGAN-MSDC. The best result in each column is marked in bold.

Condition IoU (Mean±SD) F1 score (Mean±SD) SSIM (Mean±SD) LPIPS (Mean±SD)
No noise 0.6775± 0.0026 0.8039± 0.0018 0.7003± 0.0016 0.2605± 0.0023

Saltpepper (0.05) 0.6724± 0.0041 0.8002± 0.0029 0.6985± 0.0017 0.2614± 0.0020
Saltpepper (0.2) 0.6068± 0.0134 0.7491± 0.0111 0.6766± 0.0044 0.2912± 0.0056
Gaussian (0.01) 0.6759± 0.0013 0.8027± 0.0010 0.6985± 0.0006 0.2604± 0.0011
Gaussian (0.1) 0.6750± 0.0006 0.8022± 0.0002 0.6986± 0.0012 0.2612± 0.0009

In summary, Real-ESRGAN-MSDC maintains high gen-
eration quality under mild noise conditions, making it suitable
for common interference in real sensor acquisition scenarios.
However, high-density salt-and-pepper noise significantly de-
grades model performance. This suggests the need for future
improvements, such as introducing a preprocessing module for

noise suppression or enhancing the model’s anti-noise training
strategy by incorporating noisy samples via data augmentation
or optimizing the loss function to improve robustness to dis-
crete noise. These findings provide guidance for the model’s
practical application in complex environments, while indicat-
ing directions for optimization.
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4. Discussion and conclusion
In this study, we address the challenge of generating

high-fidelity masks from e-skin pressure maps by propos-
ing Real-ESRGAN-MSDC, a novel deep learning frame-
work that enhances contour prediction for 26 English al-
phabets and digits 0–9. By integrating MultiScaleConv and
DetailConv modules into the RRDB architecture of Real-
ESRGAN, our model achieves superior structural similarity
and edge fidelity compared to baseline methods like TCVMG,
Pix2pix, CycleGAN, and ESRGAN. Evaluated on a 432-pair
dataset using three rounds of 5-fold cross-validation, Real-
ESRGAN-MSDC demonstrates robust performance, particu-
larly in small-sample scenarios, and supports applications in
robotic tactile perception and health monitoring. Additionally,
robustness tests reveal minimal performance degradation un-
der mild Gaussian noise, underscoring the model’s suitability
for real-world e-skin applications.

The superior performance of Real-ESRGAN-MSDC
stems from several key factors. First, the integration of Mul-
tiScaleConv and DetailConv modules enables comprehensive
feature extraction. The MultiScaleConv module captures both
global and local patterns in pressure maps through parallel
3× 3 and 5× 5 convolutional layers, while the DetailConv
module enhances edge details via a spatial attention mecha-
nism, ensuring precise contour recovery for complex shapes.
Second, leveraging the pre-trained Real-ESRGAN model ac-
celerates convergence on small-sample datasets, addressing
the challenge of limited training data in e-skin applications.
Third, the adversarial training framework, combining L1, per-
ceptual, and adversarial losses, optimizes mask quality by bal-
ancing structural fidelity and visual realism. This multi-loss
approach ensures that generated masks closely align with GT,
as evidenced by high IoU (0.6775± 0.0026) and F1 score
(0.8039± 0.0018) metrics.

Despite its advancements, Real-ESRGAN-MSDC faces
several limitations. First, the dataset of 432 image pairs re-
stricts generalization across diverse pressure map patterns, po-
tentially limiting applicability to varied e-skin scenarios. Sec-
ond, the fixed learning rate of 1× 10−4 may hinder optimal
convergence, particularly for larger or more complex datasets.
Third, the model’s computational complexity poses challenges
for real-time applications, such as dynamic robotic control. Fi-
nally, its adaptability to diverse sensor types, such as capaci-
tive or piezoresistive sensors, remains unverified, which could
affect performance in heterogeneous e-skin systems. These
limitations are not unique to our model. For instance, Wang
and colleagues in 2025 noted similar challenges in dataset
scarcity for deep learning in digital breast tomosynthesis.[50]

In summary, Real-ESRGAN-MSDC is an effective tool for
high-precision e-skin mask generation, offering significant po-

tential for robotic and medical applications.
To address these limitations, future work can explore sev-

eral strategies. Enriching the dataset with diverse pressure
map patterns, as suggested by Cao and colleagues in 2024,
could enhance generalization.[51] Incorporating multi-sensor
data and arbitrary shapes, as explored by Huang and col-
leagues in 2023, may improve cross-domain robustness.[52]

Adopting adaptive learning rates or transfer learning could
optimize training efficiency, while model pruning, as pro-
posed by Guo and colleagues in 2022, could reduce compu-
tational complexity for real-time applications.[53] Addition-
ally, extending the model to applications like gesture recog-
nition and tactile feedback optimization could broaden its im-
pact. Yang and colleagues in 2025 demonstrated that multi-
task models with feature fusion enhance small-sample learn-
ing, providing a promising direction for optimizing Real-
ESRGAN-MSDC.[54–56] Ultimately, these advancements will
strengthen the model’s precision and applicability, making it a
valuable tool for e-skin technology in human-computer inter-
action, health monitoring, and tactile sensing.

Data availability
The source code and datasets are available online at

https://github.com/zhaoqi106/Real-ESRGAN-MSDC.
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