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To address the problems of blurred target boundaries and inefficient image segmentation in ancient mural image segmentation, a
multi-classification image segmentation model MC-DM (Multi-class DeeplabV3+ MobileNetV2) that fuses lightweight con-
volutional neural networks is proposed.,emodel combines the Deeplabv3+ structure andMobileNetV2 network and adopts the
unique spatial pyramid structure of DeeplabV3+ to process convolutional features for multi-scale fusion, which reduces the loss of
detail in themural segmentation images. Firstly, the features calculated at any resolution inMobileNetV2 network are extracted by
hole convolution, the input step is expressed as the ratio between the input image resolution and the final resolution, and the
density of encoder features is controlled according to the budget of computing resources.,en, the spatial pyramid pool structure
is used to fuse the previously calculated features at multiple scales to enrich the semantic information of the feature image. Finally,
the same convolution network is used to reduce the number of channels and filter the density feature map.,e filtered features are
fused with the features after multi-scale fusion again to obtain the final output. In total, 1000 scanned images of murals were
adopted as datasets for testing under the JetBrains PyCharm Community Edition 2019 environment. ,e obtained experimental
results indicate that MC-DM improves the training accuracy by 1 percentage point compared with the conventional SegNet-based
image segmentationmodel, and by 2 percentage points compared with the PspNet network-based image segmentationmodel.,e
PSNR (peak signal-to-noise ratio) of the MC-DM model is improved by 3–8 dB on average compared with the experimental
model. ,is confirms the effectiveness of the model in mural segmentation and provides a novel method for ancient mural
image segmentation.

1. Introduction

Ancient murals are mediums of Chinese culture and have
significant historical value; however, under natural and
human impact, the ancient murals of the distant past have
been exposed to various degrees of damage, while their
content have been severely damaged. Hence, image resto-
ration in murals has become one of the most difficult
problems faced by cultural workers and historical re-
searchers in the course of analyzing ancient murals. Mural
segmentation is the first step of image analysis and plays a
very important role in image engineering. Image feature
extraction, target recognition and target detection all depend
on the quality of image segmentation in the later image

process stage. Similarly, as a key step of mural digital
protection, mural segmentation is the basis of mural clas-
sification and restoration. ,e segmentation results directly
affect the process of cultural relics protection. ,erefore, the
research onmural segmentationmethods has attracted more
and more attention.

Deep learning, a learning method based on artificial
neural networks that imitates the human brain to process
and interpret data, is a new field in machine learning re-
search and is widely used in several fields such as image and
sound processing. Deep learning can combine neural net-
works with probabilistic models to improve the inference
ability of image models; hence, in the field of image seg-
mentation, various image segmentation models based on

Hindawi
Applied Computational Intelligence and So Computing
Volume 2022, Article ID 5485117, 9 pages
https://doi.org/10.1155/2022/5485117

mailto:czq_2628@163.com
https://orcid.org/0000-0002-5640-2370
https://orcid.org/0000-0001-6448-3193
https://orcid.org/0000-0003-3687-3738
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1155/2022/5485117


deep learning have been proposed to effectively solve series
of problems such as blurred image edge segmentation and
missing information of segmented images in conventional
segmentation methods. Based on the above, this paper
proposed a new DeeplabV3+ model by improving the deep
learning model and applied it to the segmentation of ancient
murals.

2. Related Works

About the application of deep learning model in the field of
image segmentation, researchers adopted fully convolu-
tional networks (FCN) [1] or improved FCN networks for
image segmentation initially, which featured a fully con-
nected layer of convolutional neural networks (CNN) [2]
replaced with a convolutional layer to adapt to arbitrary size
inputs and output low-resolution segmented images.
However, this method has significant limitations: the edge
segmentation of FCN is poor, and the contour of the seg-
mented image is blurred. Chen et al. [3] proposed the
DeeplabV1 model in 2015 to address this problem, which
utilizes a fully-connected conditional random field (CRF) to
optimize boundary segmentation and effectively solve the
edge contour segmentation problem inherent in FCN. ,e
DeeplabV3+ [4] model is a modification of the previous
generation DeeplabV3 model; it is a novel and improved
scheme that can help researchers refine segmentation results
and fares better in the delineation of object boundaries. In
2019, Ren et al. [5] combined the DeeplabV3+ model with
the super pixel segmentation algorithm, simple linear iter-
ative cluster (SLIC), and experimentally demonstrated that
DeeplabV3+ has a better image detail restoration ability than
FCN and SegNet segmentation [6] models. Image seg-
mentation technology based on deep learning has been
developing. Especially since the 2020 COVID-19, image
segmentation technology has developed rapidly in medicine
[7–10], which provides a new way of thinking for ancient
murals.

In ancient mural image segmentation, conventional
segmentation methods are mostly used, and these seg-
mentation models are not universally applicable. Conven-
tional mural segmentation methods apply various
approaches, and one of them involves using the fuzzy
C-mean (FCM) [11–13]. ,is objective-based fuzzy clus-
tering algorithm is widely used, and its algorithm theory is
mature; however, if this algorithm is employed in the mural
segmentation field, it will be affected by sample imbalance.
When the sample capacity of different classes is not con-
sistent, it will cause a certain class of segmentation samples
to encounter difficulties in approaching the target sample,
which triggers poor segmentation results. ,e second ap-
proach is the mean drift algorithm-mean shift [14–17],
which is essentially an estimation algorithm for kernel
density; however, this algorithm runs slowly, and is only
applicable to feature data point sets for which standard
features have been established in mural segmentation; in
addition, it is prone to the presence of images outside the
target or missing parts of the target, and has a limited effect
when performing batch segmentation. ,e third

conventional mural segmentation algorithm, graph cuts
[18–20], adopts a graph form to solve the energy function
and assign corresponding weights to the edges of the graph
and transform the energy function into an S/T graph for
complete image segmentation. However, this method ex-
hibits a poor segmentation effect when handling noise or
occlusion, and it requires manual labeling of a number of
front and back view pixel points, which has a series of
problems such as manual intervention [21].

Based on the efficiency of deep learning neural networks,
this study proposes a multi-class lightweight network seg-
mentation model (Multi-class DeeplabV3+ MobileNetV2,
MC-DM) that combines the lightweight convolutional
neural network MobileNetV2 [22] with the DeeplabV3+
model. ,e model uses the DeeplabV3 + structure to collect
multi-scale information of the image, effectively circum-
venting the missing semantic information of the image; in
addition, it adopts the MobileNetV2 convolutional neural
network to extract features, improve the efficiency of mural
segmentation, and reduce the influence of hardware con-
ditions on the segmentation effect. Experiments indicate that
the method has different degrees of segmentation accuracy
and efficiency in the mural image segmentation process and
exhibits optimal robustness in terms of image segmentation
edge continuity.

3. Materials and Methods

,e improved MC-DM model involves lightweight neural
network MobileNetV2, DeeplabV3+ model, ASPP structure
and other related concepts. ,erefore, we divide two parts to
introduce: Relevant theories and Mural segmentation model
MC-DM. Relevant theories focuses on the working principle
of relevant network and model structure; Mural segmen-
tation model MC-DM introduces the improvements and
excellent characteristics of the proposed model.

3.1. Relevant ,eories. In this part, we discuss the network
structure, convolution mode of MobileNetV2 network and
the working principle of DeeplabV3+ model respectively.

3.1.1. MobileNetV2. ,eMobileNetV2 convolutional neural
network is proposed to solve the problems of large con-
volutional neural networks and insufficient hardware
training that emerge during the training of image models. It
is an important approach to addressing the hardware
memory limitation of deep learning models deployed in
mobile devices [23]. It is another important invention after
SqueezeNet [24], ShuffleNet [25], Xception [26], and other
lightweight neural convolutional networks. ,e core part of
the network is depthwise separable convolution, and its
operation comprises two parts: depthwise (DW) and
pointwise (PW) convolution. With a 3× 3 convolution
kernel and a large number of channels, DW separable
convolution can reduce the computational effort by ap-
proximately 9 times less than normal convolution.

Based on the first-generation lightweight network
MobileNetV1, the MobileNetV2 network introduces the
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concepts of inverted residuals and linear bottlenecks; this
limits the feature extraction in terms of the number of input
channels because DW convolution does not change the
number of channels. ,ese two parts adopt the low di-
mensional compression as input, expand it to a high di-
mension, and then filter it using lightweight deep
convolution; subsequently, the resulting features are rep-
resented by linear convolution projection into low dimen-
sion. ,e net structure of the MobileNetV2 is presented in
Table 1.

In Table 1, t, c, n, and s denote the dilation factor, number
of output channels, number of repetitions of the convolution
layer, and step size, respectively. ,e first layer of each se-
quence has a step size, all other layers adopt a step size of 1,
and all spatial convolutions employ a 3× 3 convolution
kernel. Each bottleneck contains three parts: dilation,
convolution, and compression, with each row describing one
or more sequences, repeated n times, and all layers in the
same sequence having the same number of output channels.
,e MobileNetV2 network facilitates a significant reduction
in the memory footprint problem required during inference
by not fully specifying the intermediate tensor, and its ap-
plication to mural segmentation can reduce the need for
main memory accesses in most embedded hardware designs.

3.1.2. Conventional DeeplabV3+ Model. ,e DeeplabV3+
model is an improvement of the DeeplabV3 model with the
residual neural network (ResNet) network as the underlying
network, which also encodes an encoder-decoder structure
to obtain clear object boundaries by recovering spatial in-
formation to optimize boundary segmentation. ,e ResNet
network or Xception network is used for the feature ex-
traction of the input image, after which, the image special is
fused via atrous spatial pyramid pooling (ASPP) to prevent
information loss. In the DeeplabV3+ model, the DeeplabV3
model is adopted as the encoder part with an external simple
and effective decoder module to obtain clear results.

Null convolution with multiple null rates (rates) is
employed in Deeplabv3+ to efficiently extract contextual
information in parallel, and this structure adopts the ASPP
model to provide multi-scale information. ,e structure of
this model is illustrated in Figure 1.

,e ASPP module comprises a 1× 1 convolution and
three 3× 3 null convolutions with sampling rates of 6, 12,
and 18, respectively. In the Deeplabv3+ model, the input
image is divided into two parts after passing through the
backbone deep neural convolutional network, with one part
going into the decoder and the other part going into the
parallel null convolutional structure i.e., the ASPP model.
Separate feature extraction is performed with different rates
of void convolution, which is then merged, followed by 1× 1
convolution, for which feature compression is performed.
,en, the compressed feature map is upsampled four times
via bilinear interpolation, to pass into the decoder.

3.2. Mural SegmentationModel MC-DM. In this section, we
focus on the improvement of MC-DM model and the
working principle of each part of the model.

3.2.1. DeeeplabV3+ MC-DM Incorporating MobileNetV2.
,e DeeplabV3+ underlying network is highly adaptive. To
achieve segmentation accuracy, researchers have incorpo-
rated ResNet. Although such models have high classification
accuracy, their model depth keeps deepening, which triggers
an increase in model complexity. Complex segmentation
models are constrained by hardware memory and are de-
manding for mobile or embedded devices, which cannot
satisfy the segmentation requirements of low latency and
high response rate in specific scenarios. To address this
problem, a segmentation model that combines the light-
weight neural network MobileNetV2 with the segmentation
model DeeplabV3+ is proposed. ,e encoder module in the
model is employed to reduce feature loss and capture higher-
level semantic information, while the decoder module is
used to extract details and recover spatial information. ,e
model decomposes the convolution into two independent
layer factors to replace the full convolution operator, per-
forms light filtering by applying a single convolution filter to
each input channel, and later constructs new features via the
linear combination of the input channels. ,e changes to the
convolutional network optimize the performance of the
DeeplabV3+ decoder module in recovering detailed object
boundaries.

With the same dataset, the MC-DM model adopts a
network that has a significant advantage in segmentation

Table 1: Structure of MobileNetV2 network.

Input Operator t c n s
2242 × 3 conv2d — 32 1 2
1122 × 32 Bottleneck 1 16 1 1
1122 ×16 Bottleneck 6 24 2 2
562 × 24 Bottleneck 6 32 3 2
282 × 32 Bottleneck 6 64 4 2
142 × 64 Bottleneck 6 96 3 1
142 × 96 Bottleneck 6 160 3 2
72 ×160 Bottleneck 6 320 1 1
72 × 320 conv2d 1× 1 — 1280 1 1
72 ×1280 Avgpool 7× 7 — — 1 —
1× 1× 1280 conv2d 1× 1 — k —

1×1conv

3×3conv
rate=6

3×3conv
rate=12

3×3conv
rate=18

Image
pooling

Figure 1: ASPP model structure diagram.
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efficiency over convolutional networks such as ResNet and
Xception. ,e most significant difference between this
model and the conventional DeeplabV3+ is that instead of
using standard convolution to extract features, the DW
convolution that can perform feature extraction in high
dimensions is adopted. ,e advantage of this method is that
it makes the MC-DM model substantially less computa-
tionally intensive than the conventional DeeplabV3+ model,
which can be applied in the mural segmentation field to
satisfy the efficient requirements of mural segmentation
while ensuring accuracy. ,e improved model is illustrated
in Figure 2.

,e first improvement of the model is the combination
of hole convolution structure and deep separable network
structure. In Figure 2, structure A represents the null
convolution, which extracts features computed at arbitrary
resolution from the MobileNetV2 network, expresses the
input step size as the ratio obtained from the input image
resolution to the final resolution, and controls the density of
encoder features based on the budget of computational
resources, to control the budget for encoder computational
resources. For the semantic segmentation task, an output
with a step size of 16 is used for more intensive feature
extraction after discarding the span in the last one or two
blocks. ,is approach is taken because when the decoder
output step size is 8, the segmentation performance is im-
proved relative to the output step size of 16, and although the
performance is improved, it increases the computational
complexity. ,erefore, in the MC-DM, the output step size
used for the encoder module is 16, which has the advantage
of balancing segmentation accuracy and speed.

,e second improvement of the model is combining the
spatial pyramid pool with MobilNetV2, as shown in structure
B. ,e structure uses hole convolution with different hole
rates to fuse the features calculated by MobilNetV2 at mul-
tiple scales, which enriches semantic information and ef-
fectively balances accuracy and running time.

,e third improvement of the model is using the same
convolution network to reduce the number of channels and
modify the output step of themodel, as shown in structureC.
,e use of the same convolution network solves the problem
of training difficulty caused by a large number of channels in
low-level features. Secondly, we modify the output step
setting and set its value to 4, which can make appropriate
trade-offs for density feature mapping and simplify the
Decoder module under the condition of limited GPU re-
sources, so as to improve the image segmentation efficiency
of the model.

3.2.2. Description of the Algorithm. ,e workflow of the
MC-DM segmentation model is presented in the following
steps.

Step 1: Input the mural image of the fixed size and
resolution into the segmentation model.
Step 2: Perform the feature extraction of the image
using improved depth separable network and retain the
mural image detail information using null convolution.

Step 3: Shunt low-level features into the ASPP and
Decoder structures, respectively, to retain image feature
information to a great extent.
Step 4: Multi-scale-fuse the feature information passing
through the ASPP structure via 1× 1 convolution and
feed the fusion result into the decoder structure; the
low-level features that initially enter the decoder
structure are refined by different convolution layers to
refine the features.
Step 5: Upsample the encoder output feature map via
bilinear interpolation and maintain the same size as
that of the feature map after the feature refinement in
decoder. ,e sampled results are fused with the refined
results and features to obtain a more feature-rich mural
image.
Step 6: Upsample the feature fusion image again to
obtain a segmented image with the same parameters as
the input image, and then complete the segmentation
process.

4. Analysis of Experimental Results

4.1. Experimental Environment and Data Sources. ,e per-
sonal computer environment for the experiments is Win-
dows 10 with Intel Core i7-9750H CPU, NVIDIA GeForce
1660Ti GPU, and 8G RAM. ,e TensorFlow deep learning
framework was used to train and test the semantic seg-
mentation model in the text.

,e dataset of DeeplabV3+ employed a single-channel
annotated map, and the experimental images were obtained
from the scanned images of the album “,e Complete
Collection of Dunhuang Murals in China,” while the image
annotation of the scanned images was developed into a
dataset by the graphic user interface annotation software,
LabelMe. ,e sample dataset graph is presented in Figure 3.

Figure 3(a) represents the scanned image, based on which
the edges of the scanned image are labeled point by point
using floating points and the labeled points are connected to
form the result presented in Figure 3(b). Subsequently, based
on the original and annotated images, a single-channel
grayscale image was trained and merged with the scanned
image to form the dataset. ,e dataset contains 1000 images
divided into five categories: animals, houses, people, auspi-
cious clouds, and Buddha images, with 200 images in each
category. ,e images were pre-processed using the letterbox
function to prevent missing frames in the images during the
training process. To reduce the occurrence of overfitting
triggered by few images, experiments were performed to
enhance the obtained images. ,e enhancement was carried
out by changing the color of the image, increasing the noise,
and changing the brightness. Figure 4 presents the image
obtained from the data enhancement.

,e original image is presented in column (a) of Figure 4,
while the last four columns depict the enhanced images. ,e
obtained results need to be tested several times owing to the
stochastic nature of the enhancement with functions. In the
experimental phase, 90% of the dataset was adopted for
training and 10% for prediction. ,e experiments were
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limited to the accuracy of the test set, and when the loss value
val_loss of the test set did not decrease twice in a row, the
learning rate was reduced to continue the training. Training
was cut off when the loss value stabilized, and the obtained
data were saved every 30 generations. ,e variation of the
splitting accuracy is presented in Figure 5.

To improve the experimental training accuracy, the first
10 generations of test set loss values took a wide range, which
triggered large fluctuations in the experimental test set
training accuracy. After 10 generations, the overall accuracy
of the experiments and the test set training accuracy
gradually increased and stabilized at the 40th generation,
while the learning rate reached the optimum.

4.2. Comparative Experiments. ,ree different image seg-
mentation models were designed for comparisons with the

models presented in this study, based on the homemade
dataset. First, the MobileNetV2 network was combined with
the models in [27, 28] as comparison Models 1 and 2, re-
spectively. ,e model in [29] was adopted as comparison
Model 3. All three models were altered to ensure that one
part of the combined model remained unchanged and
optimally comparable. Four images of different types were
selected from the dataset for segmentation, and the seg-
mentation results were labeled at pixel level to obtain the
visual comparison effect, and the obtained results are pre-
sented in Figure 6.

In Figure 6, column (a) shows the image to be seg-
mented, columns (b), (c), and (d) illustrates the segmented
images of the original image under Models 1, 2, and 3,
respectively, and column (e) presents the segmentation
results of theMC-DMmodel. InModel 1, owing to the use of
continuous downsampling resulting in a large amount of
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Figure 2: MC-DM diagram.

(a) (b)

Figure 3: Sample plot of DeeplabV3+ dataset. (a) Scanned image of an ancient mural. (b) Label image of an ancient mural.
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spatial information in the input image overlapping each one-
pixel on the output feature map, multiple image spatial
information with lossy boundary information is not con-
ducive for image segmentation. Model 2 first performs
multi-scale pooling of the input feature information, after
which the pooling results are upsampled, and then stitched.
,e advantage of this approach is that the information of
different sensory fields can be utilized to enrich the image
content; however, it easily triggers a situation where severe
loss of single-category image information occurs, and the
segmented edges do not match the real edges, as illustrated
in Figure 6(c). Model 3 combines the DeeplabV3+ model
and Xcepton network, which ignorantly increases the
number of convolutional network parameters, thereby in-
creasing the difficulty of image training; in addition, the

(a) (b) (c) (d) (e)

Figure 4: Data enhancement image. (a) Original image. (b) Upside down. (c) Flipped. (d) Noise(a). (e) Darken.
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Figure 5: Accuracy variation graph.
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image segmentation results are influenced by the hardware
equipment, and the loss of details in the center of the
segmented image is severe. ,e MobileNetV2 network used
by the MC-DM segmentation model reduces the number of
networks. Furthermore, increasing the decoder structure
extracts the image details, and the segmentation effect is the
best among the four models.

,e peak signal-to-noise ratio (PSNR) is adopted as an
objective indicator, and the magnitude of the value repre-
sents the frame loss rate of the segmented image. Accord-
ingly, a higher value represents a better image segmentation
effect. ,e results of the PSNR values for four randomly
selected samples are presented in Table 2.

In Sample 1, the sample image lines are simple, the four
segmentation models have similar effects, and the MC-DM
segments the image with the highest PSNR value, which is
1 dB higher than the comparison model. Samples 2 and 3
have relatively complex image contours, and partial fusion
exists between the target and background, while MC-DM
segments the image with a significant increase in the PSNR
value, which is 5 dB higher than the comparison model on
average. Sample 4 has an image with a complex structure and
more background information, which exerts a more sig-
nificant impact on the segmentation results of the image.
MC-DM performs well in the segmentation results of this
sample, and the PSNR values are improved by 10 dB on

average, compared with the comparison model; in addition,
the experiment verifies the feasibility of this model in mural
segmentation. ,e training accuracies of the four models are
presented in Table 3.

Model 1 adopts deconvolution and up-pooling, which
can only barely recognize the image shape, and its seg-
mentation results are coarse. Model 2 has more missing
details in the center of the image, although features of
different sizes are obtained by multi-scale pooling. Model 3
improves the underlying network of the model; in addition,
using depth-separable convolution, it optimizes the feature
extraction method in the mural image segmentation process,
but its segmentation results are poor for a single-category
image. ,e improved model, MC-DM, is the most efficient
in the mural segmentation process and it addresses the
problem of missing details in Model 2. Compared with
Model 1, MC-DM-segmented image edges are completely
preserved, and the loss of image information is not

(a) (b) (c) (d) (e)

Figure 6: Comparison of segmentation effects. (a) Sample image. (b) Model 1. (c) Model 2. (d) Model 3. (e) MC-DM.

Table 2: PSNR (dB) comparison.

Sample Model 1 Model 2 Model 3 MC-DM
1 25.86 26.39 21.42 26.66
2 16.08 15.91 17.85 20.00
3 16.67 14.61 15.98 21.98
4 20.85 18.62 21.98 30.73

Applied Computational Intelligence and Soft Computing 7



significant. MC-DMmodel exhibits better applicability than
Model 3 and does not exhibit the phenomenon of large
differences in segmentation results due to different image
types. Hence, it can be inferred from the two experimental
parameters of PSNR and training accuracy that the seg-
mentation effect of MC-DM is better than that of the other
three models, and the model segmentation contour tends to
the ideal contour without causing a large number of missing
details.

5. Conclusions

Ancient Chinese murals are an important witness of Chinese
civilization and an inseparable part of the development of
the history of world civilization. Due to the long history,
murals are negatively affected by many factors such as
environment and man-made, and there are many problems
such as image deformity, falling off and cracks. How to
effectively preserve these precious cultural relics is the top
priority at present. In this paper, the deep learning model is
integrated into mural image segmentation, and the powerful
learning ability of neural network is used to improve the
problems of traditional segmentation methods, such as fuzzy
image edge segmentation, which is a new exploration in
ancient mural image processing. ,e main contributions of
this paper are reflected in the following two aspects: (1) MC-
DM model is proposed. ,e model uses hole convolution
and lightweight neural network to extract mural image
features, adjust the output step of Decoder structure, and
balance the accuracy and speed of network segmentation.
,e same convolution network is used to reduce the number
of channels.,e density feature mapping is properly selected
to reduce the difficulty of model training in the case of
limited GPU resources. (2) ,e proposed MC-DM model is
applied to the segmentation of ancient murals to solve the
problems of unclear segmentation target boundary and low
segmentation efficiency of traditional mural segmentation
models. Based on the idea of deep learning, this paper carries
out image segmentation of ancient murals, makes a sys-
tematic research on feature extraction and feature fusion on
the basis of the original research, improves the ability of
image feature restoration, effectively interprets the mural
image meaning, and provides a new idea for the research of
digital protection of ancient cultural relics.

However, there are still some problems in the experi-
mental process, such as small data scale, lack of feature
information, poor effect of multi sharp point image seg-
mentation and so on. ,e model proposed in this paper still
needs to be improved to meet the changing practical re-
quirements. ,erefore, the future work will be carried out
from the following two aspects: (1) In the experimental stage,

because DeeplabV3+, like other models in the Deeplab
family, requires a specific dataset, the samples need to be
manually labeled in the early stage, which is a huge work-
load. ,is problem can be solved by continuing to collect
high-quality mural images with high quality and rich image
information, and constantly expanding the number of im-
ages in the data set.,e continuous improvement of the data
set will make the training of the model more sufficient and
better, which could avoid the problems of over fitting and
under fitting caused by the lack of data. (2) ,e problem of
blurred edges emerges in the multi-category image seg-
mentation due to the geometric reduction of the experi-
mentally encoded output feature maps relative to the input
images. ,is is also a problem that needs to be further
addressed in the future segmentation of ancient wall
paintings.
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