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Abstract: The pigments of cultural color paintings have faded with the passage of time. Color
segmentations are essential for digital color reconstruction, but the complexity of color paintings
makes it challenging to achieve high-precision segmentation using previous methods. To address the
challenges of color painting segmentation, an optimized strategy based on U-Net is proposed in this
paper. The residual blocks of a residual network (ResNet) are added to the original U-Net architecture,
and a UR-Net is constructed for the semantic segmentation of color paintings. The following steps are
taken. First, datasets of color paintings are obtained as training and test samples and are labeled with
the two following pixel colors: earth red and ultramarine blue. Second, residual blocks are improved
and added to fit the U-Net architecture. Then, a UR-Net is constructed and trained using the samples
to obtain the semantic segmentation model. Finally, the effectiveness of the trained UR-Net model for
segmenting the test samples is evaluated, and it is compared with the K-means clustering algorithm,
ResNet, and U-Net. Data from several studies suggest that the segmentation accuracy of the UR-Net
model is higher than that of other methods for the color segmentation of painted images, and the IoUs
of the segmented earth red and ultramarine blue pixels are 0.9346 and 0.9259, respectively, achieving
the desired results. The proposed UR-Net model provides theoretical and methodological support
for further in-depth research on color recognition and segmentation of cultural color paintings.

Keywords: color painting; color recognition and segmentation; residual blocks; U-Net; semantic
segmentation

1. Introduction

Cultural heritage has long been a subject of great interest in a wide range of fields.
China has nurtured countless pieces of cultural heritage throughout its rich history, among
which color painting is one of the brightest pearls. There are many examples of color
paintings with visual properties that have changed with the passage of time [1]. Examples
include the darkening and fading of pigments caused by the natural environment and
human activities [2]. Therefore, one of the most significant challenges is reproducing
the original appearance of color paintings. To date, cultural color paintings have been
reconstructed by various methods, and a visual reinforcement approach has been employed
using pigments to add color directly to the faded area [3]. Such approaches however, are
potentially harmful, can cause secondary damage, and go against conservation ethics.
Fortunately, digital color reconstruction can overcome the significant drawbacks of visual
reinforcement and precisely reconstruct the original color without damaging cultural color
paintings [4].

The high-precision segmentation of painted images is one of the bases of digital
color reconstruction, which can distinguish complex pigments [5]. By this method, we
can enable the determination of the concentration maps for each color used in a color
painting by mapping the pixels of each color individually so that digital color reconstruction
can be performed more efficiently and accurately. However, unique line patterns and
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color combinations make painted images complex, which made it difficult for previous
segmentation methods to achieve the desired accuracy and precise reconstruction of faded
pigments. Therefore, we must develop a model that recognizes colors and performs high-
precision segmentation.

The results from earlier studies demonstrate that the K-means clustering algorithm [6]
is an integral part of unsupervised learning and is a previous method for image segmen-
tation. Docquier et al. [7] designed a semiautomatic segmentation method based on the
K-means clustering algorithm to measure the volume of a bone cyst (simple or aneurysmal)
from magnetic resonance imaging (MRI). Due to the complexity of color paintings, the
K-means clustering algorithm has difficulty achieving color consistency when performing
global clustering on the input image, which may lead to unsatisfactory segmentation ac-
curacy [8]. Semantic segmentation models built based on convolutional neural networks
(CNNs) have been extensively researched in the field of image recognition and segmen-
tation [9]. He et al. [10] proposed ResNet for semantic segmentation based on a CNN.
This simplified the training of networks that are substantially deeper than a regular CNN.
Yang et al. [11] used a lightweight network (ResNet-G18) that integrated ResNet-18 and a
ghost bottleneck to develop a classification model for sound and bruised nectarines based
on polarization image data. ResNet can solve degradation problems of feature extraction
with an increasing number of network layers by residual blocks. However, ResNet requires
many datasets in the feature extraction process to train a more accurate semantic segmenta-
tion model, and the number of samples for color painting is very sparse, which makes it
difficult to achieve color consistency in segmentation.

The past decade has seen the rapid development of deep learning in the field of digital
image processing, and the semantic segmentation model has been widely used. Semantic
segmentation performs pixel-level labeling with a set of object categories (e.g., human,
car, tree, and sky) for all image pixels; thus, it is generally a harder undertaking than
image classification, which predicts a single label for the entire image [9]. Scholars have
conducted in-depth research on U-Net and achieved good results. Ronneberger et al. [12]
from the University of Freiburg proposed U-Net as a convolutional network that relies
heavily on data augmentation to use the available annotated samples more efficiently
and has a more significant advantage in the semantic segmentation of biomedical images.
Kemker et al. [13] used convolutional neural networks for the semantic segmentation of
7-channel multispectral images to successfully recognize vegetation and calculate its cover-
age based on high-resolution aerial images of a park. Shojaiee and Baleghi [14] proposed
a multispectral encoder fused aurous spatial pyramid pooling (EFASPP) U-Net to merge
the features of visible and thermal images recorded in night traffic scenes. Yu et al. [15]
used a U-Net model for semantic segmentation of RGB imagery in maize plants, and the
results showed that the U-Net had an excellent segmentation accuracy for maize tassels
under various complex situations. Wang et al. [16] took cucumber spectral images as the
research object, and a U-Net was utilized to construct the semantic segmentation model
for cucumber target leaf spot segmentation. Although extensive research has been carried
out on U-Net, it is mostly used for a set of object classes, and no single study exists that
adequately addresses color recognition. Furthermore, there is excellent potential for the
semantic segmentation of painted images based on U-Net. The architecture consists of a
contracting path to capture context and an expanding path for precise localization. U-Net
relies on the strong use of data augmentation to learn more data features when the training
samples are insufficient. However, when outputting semantic segmentation images for each
color, it is easy to generate probabilistically unstable salt-and-pepper noise, which affects
the segmentation accuracy. It is obvious that previous convolutional neural networks have
limitations when semantic segmentation is performed on painted colors.

This paper presents a model called UR-Net to address the issue encountered by
previous methods, which found it difficult to achieve color consistency when segmenting
painted images. UR-Net adds an improved residual block to the contracting path and
expanding path of U-Net for deeper training. UR-Net is additionally enhanced with the
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ability to learn data features based on the original U-Net and perform accurate segmentation
to achieve color consistency. This is achieved based on semantic segmentation and by
making a finer division of the semantics so that each color is treated as a semantic category.
Images for each color are obtained by training the UR-Net to recognize each color pixel in
color painting samples. Compared with the previous convolutional neural networks, the
optimized semantic segmentation model derived from the trained UR-Net in this paper
is more accurate in recognizing color pixels. The proposed UR-Net is more applicable to
painted images and can be used as a technical basis to achieve the color reconstruction of
cultural color paintings.

2. Data Preparation
2.1. Color Painting Sample Acquisition and Processing

In this paper, three color paintings were selected as dataset samples for training and
testing semantic segmentation. The painted images were collected using a Canon Power-
Shot SX100 IS digital camera (Canon Group, Tokyo, Japan) under a D65 illumination light
source, shot in parallel with the color paintings, with a horizontal and vertical resolution
of 180 dpi. The shooting parameters were as follows: aperture f/4, exposure time 1/160 s,
ISO 80, exposure compensation 0, focal length 6 mm, maximum aperture 2.96875, and
flash turned off. We ensured the color accuracy of the images by controlling the camera
type, spectrum of lighting, light intensity, etc. The images in the database were in jpg
format. In Figure 1, the image of sample (a) is a drawing copy of the Dunhuang mural
“Dancing Celestial Beings Playing Music” with a resolution of 938 × 1718 pixels. The image
of sample (b) is “Meditating Monk” with a resolution of 500 × 744 pixels, from Cave 285
of the Dunhuang Mogao Caves, made during the Western Wei Dynasty. The image of
sample (c) is “Celestial Beings” with a resolution of 468 × 725 pixels, from Cave 249 of the
Dunhuang Mogao Caves, made during the Western Wei Dynasty.
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Figure 1. Collected color painting samples. (a) Dancing Celestial Beings Playing Music. (b) Meditating
Monk. (c) Celestial Beings.

However, the earth red pixels in sample (a) differ significantly from the actual earth
red pixels. To verify the accuracy of the proposed model in recognizing earth red pixels, the
color information of the actual earth red pigments is mapped to training sample (a) in this
paper. First, pure earth red pigment is applied on cardboard. Then, the spectral reflectance
factor and RGB information of the earth red pigment is obtained using an X-rite Ci64
integrating sphere spectrophotometer. Finally, the color information (spectral reflectance
and RGB) of the earth red pigment is mapped to training sample (a) using the sample label
as a mask. The mapping processing is as shown in Figure 2. By pigment mapping, the
original color pixels of the color painting can be replaced with earth red pixels for better
deep learning.
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Figure 2. Mapping earth red pixels to sample a.

After the samples were collected, the original three channels of the R, G, and B datasets
of the images were expanded to six channels of R, G, B, H, S, and V datasets with the D65
light source information. This can ensure that more information is learned from the samples
during training. In addition, the RGB and H, S, and V channel images of the three samples
are shown in Figures 3 and 4. The earth red and ultramarine blue pixels in test sample (c)
are segmented by training on the earth red pixels in sample (a) and on the ultramarine blue
pixels in sample (b).
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Figure 3. RGB images of the color painting samples. (a) RGB image of a training sample. (b) RGB
image of a training sample. (c) RGB image of a test sample.



Appl. Sci. 2024, 14, 10005 5 of 21

Appl. Sci. 2024, 14, x FOR PEER REVIEW  5  of  22 
 

Figure 3. RGB images of the color painting samples. (a) RGB image of a training sample. (b) RGB 

image of a training sample. (c) RGB image of a test sample. 

H 

   

S 

   

V 

   

 (a) (b) (c) 

Figure 4. H, S, and V  images of  the color painting samples.  (a) H, S, and V  images of a  training 

sample. (b) H, S, and V images of a training sample. (c) H, S, and V images of a test sample. 

2.2. Color Painting Sample Labels 

The color pixels  in painted  images need  to be  labeled before performing semantic 

segmentation. The desired color pixels are first segmented using the K‐means clustering 

algorithm, and then the pixels are labeled using the Mask tool in MATLAB_R2022b. How‐

ever, the K‐means clustering algorithm is prone to overfitting and overidentifying color 

pixels  for painted  images, so  it  is necessary  to combine  the  images and datasets of  the 

three channels of H, S, and V  in  the samples  to remove  the overfitted pixels.  It  is also 

confirmed that a simple segmentation using color thresholding struggles to achieve color 

consistency when segmenting painted images with a high color gradient. The RGB images 

of the color paintings and the corresponding labeled results are shown in Figure 5. The 

blank  areas  in  training  sample  (a)  represent  earth  red, with  125,380  pixels,  and  the 

Figure 4. H, S, and V images of the color painting samples. (a) H, S, and V images of a training
sample. (b) H, S, and V images of a training sample. (c) H, S, and V images of a test sample.

2.2. Color Painting Sample Labels

The color pixels in painted images need to be labeled before performing semantic
segmentation. The desired color pixels are first segmented using the K-means clustering
algorithm, and then the pixels are labeled using the Mask tool in MATLAB_R2022b. How-
ever, the K-means clustering algorithm is prone to overfitting and overidentifying color
pixels for painted images, so it is necessary to combine the images and datasets of the three
channels of H, S, and V in the samples to remove the overfitted pixels. It is also confirmed
that a simple segmentation using color thresholding struggles to achieve color consistency
when segmenting painted images with a high color gradient. The RGB images of the color
paintings and the corresponding labeled results are shown in Figure 5. The blank areas in
training sample (a) represent earth red, with 125,380 pixels, and the coverage of earth red is
7.64%. The blank areas in training sample (b) represent ultramarine blue, with 42,213 pixels,
and the coverage of ultramarine blue is 11.35%. The blank areas in test sample (c) represent
earth red (left), with 46,546 pixels, and the coverage of earth red is 13.72%. The blank areas
in test sample (c) represent ultramarine blue (right), with 48,245 pixels, and the coverage of
ultramarine blue is 14.22%. Labels were used for the semantic segmentation of supervised
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learning, which can link the RGB values of each component pigment. This works for
whatever two or more pigments were mixed.
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3. Methodology
3.1. K-Means Clustering Algorithm

First, the algorithm selects K points from a sample image as the initial clustering
centers, estimated as K = 7 in this paper. Second, the distance from each sample to the
cluster is calculated, and the samples are classified into the nearest cluster center. Then,
new cluster centers are calculated based on the classified samples. Finally, the above steps
are repeated until the clustering centers of the two adjacent iterations no longer change.
When using the K-means clustering algorithm to segment painted images, it is necessary to
transform the images to the Lab color space to enhance the robustness of the algorithm [17].
However, the K-means clustering algorithm still has the two following limitations: (1) The
number of initial clustering centers, K, needs to be given to determine the initial division.
However, K is usually difficult to estimate. (2) Noise and isolated points significantly
impact the segmentation results. This makes it difficult for K-means to achieve color
consistency and reach the desired accuracy when performing full-cluster segmentation
with complex painted images as input.

3.2. Residual Network

In convolutional neural networks, the accuracy of the training dataset rises and gradu-
ally saturates as the network depth increases. However, when the network is deepened
again, the accuracy of the training dataset degrades rapidly. Thus, network degradation
occurs, which makes it difficult for the samples to take advantage of the powerful feature
extraction ability of the deep network during training. Such degradation is not caused by
overfitting, and adding more layers to a suitably deep model leads to higher training error.
ResNet is built from a series of residual blocks, and its main aim is to address network
degradation [18]. A basic residual block can divide the workflow of ResNet into identity
mapping and residual mapping steps, as shown in Figure 6.

The residual block consists of the weight layer, batch normalization (BN) layer, ReLU
activation layer, and an additional layer as shown in Figure 6. The green box indicates
the identity mapping, and the red box indicates the residual mapping. A residual block
will output Xl as Xl+1 after two mappings. The specific output of a base residual block is
represented by Equation (1).

Xl+1 = Xl + F(Xl + Wl) (1)

where Xl is the input feature of the l-th residual block unit, Wl is the features learned of
the l-th features learned, Xl+1 is the output feature of the l-th residual block unit, and
F(Xl + Wl) is a residual mapping function.
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ResNet first yields the input Xl by its unique residual blocks and implements a function
transformation on this input using residual mapping, which is described as F(Xl + Wl).
Then, the original input is added directly to this transformation using identity mapping,
which is described as xl + F(Xl + Wl). Lastly, it outputs xl+1. Because of its unique residual
block structure, the network can obtain the feature information of the previous layer, which
enhances the feature extraction ability of the network. However, similar to previous
convolutional neural networks, ResNet needs to use a large number of samples for feature
training to obtain a more accurate semantic segmentation model. As the creation of ancient
painters, a color painting is usually unique. Hence, the number of samples is sparse, which
easily leads to poor training results and makes it difficult to achieve color consistency when
performing semantic segmentation.

3.3. U-Net Convolutional Network

To address the problem of sparse color painting samples, this paper constructs a
network model based on the U-Net architecture and applies it to the semantic segmentation
of painted colors. U-Net relies on a unique contracting path to capture the context of
images and relies on a unique expanding path to achieve precise localization. Ronneberger,
Fischer, and Brox [12] presented a network with a training strategy that relies on strong
data augmentation to use the available annotated samples more efficiently and uses elastic
deformations for data augmentation. This can learn more data features even if the number
of training samples is sparse. U-Net inherits the advantages of the convolutional neural
network while addressing its limitations and solving the problem of sparse samples. In the
segmentation of painted images, it is possible to achieve color consistency and perform
more accurate segmentation. The overall architecture has a symmetric ‘U’ shape, as shown
in Figure 7. The completed U-Net with 58 layers and 61 connections is constructed.

The U-Net samples the input image and outputs a semantic segmented image by
convolution and an activation function (ReLU). The feature extraction part is a contracting
path for capturing the context of the image, in which each max-pooling layer decreases the
image size. The upsampling part is an expanding path for precise localization, in which
each upconvolution crops and fuses the extracted features to recover the image size. Finally,
the skip connection allows the retrieved image to fuse more features so that the segmented
image retains more detailed information.

When a U-Net is applied to paint image segmentation, although it can achieve color
consistency and high segmentation accuracy, the output semantic segmentation image
contains salt-and-pepper noise, and the probability of salt-and-pepper noise appears to be
different for each color, so it cannot be applied to practical work. Therefore, it is necessary
to improve the U-Net architecture to ensure segmentation accuracy while ensuring the
output semantic maps of color paintings are free of noise.
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Figure 7. Schematic diagram of the U-Net architecture.

3.4. An Optimized UR-Net Model Based on the Combination of U-Net and Residual Blocks

ResNet can reduce the loss of feature information and perform deeper learning by
using unique residual blocks when executing network training. U-Net can learn more
feature information and perform more accurate semantic segmentation when the training
sample data are sparse by relying on the strong use of data augmentation. However,
ResNet requires a large number of training samples, and U-Net is prone to salt-and-pepper
noise when performing semantic segmentation on painted images, ultimately leading to
unsatisfactory segmentation results. Compared with previous networks, U-Net can learn
more feature information during training but still faces the problem of information loss,
which can easily lead to the output image containing salt-and-pepper noise. Therefore, the
U-Net architecture is optimized in this paper by adding residual blocks to reduce the loss
of feature information during training and increase the feature extraction ability of U-Net
again on its original basis to segment painted images more accurately. First, the residual
blocks are improved to fit the U-Net architecture. Second, residual blocks are added to
the contracting and expanding paths of U-Net. Finally, the optimized UR-Net model is
constructed for the semantic segmentation of color paintings.

Since the base residual block needs to be back-connected to the ReLU activation layer,
adding it directly will result in a redundant ReLU activation layer in the U-Net structure,
changing the original structure of the U-Net. As shown in Figure 8, the earth red pixels
segmented by integrating the underlying residual block directly into the U-Net structure
are still poorly segmented and have more pronounced noise.
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The base residual block is not well adapted to the U-Net architecture, so it is necessary
to improve the residual block based on its original structure by moving the ReLU activation
layer from under the additional layer to the residual mapping, as shown in Figure 9. This
operation allows for the more efficient use of the residual block without changing the basic
architecture of U-Net or the function of the residual block so that the residual block can be
better integrated into the U-Net architecture.
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Figure 9. An improved residual block.

Then, the UR-Net needs to be constructed by adding the improved residual blocks
in Figure 9 to the U-Net architecture in Figure 7, as shown in Figure 10. The completed
UR-Net with 128 layers and 141 connections is constructed. This architecture applies the
U-Net feature extraction and upsampling functions while reducing information loss using
residual blocks. The UR-Net aims to remove the salt-and-pepper noise generated after
U-Net segmentation, improve segmentation accuracy, and achieve color consistency.
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Figure 10. Schematic diagram of the UR-Net architecture.

In neural networks, the loss function is used to measure the degree of inconsistency
between the predicted and true values of the model. The smaller the value of the loss
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function is, the better the model is trained and the higher its robustness. The original
U-Net architecture was applied to cell segmentation using a weighted cross-entropy loss
function to measure the model parameters with the aim of strengthening the segmentation
line between similar adherent cells by adding the corresponding weight proportion to the
cross-entropy loss function. However, the boundaries between different colors are more
obvious, and weighting the cross-entropy loss function might instead affect the learning
rate and risk overfitting. Therefore, this paper directly uses the cross-entropy loss function
to ensure that the training results of U-Net continue to approximate the true value, which
enhances the accuracy and robustness of segmentation while accelerating the learning rate
of the network.

The UR-Net output is followed by a softmax function, i.e., the predicted value is taken
as the softmax output for cross-entropy calculation. The softmax function is represented by
Equation (2).

f (xi) =
exp(xi)

∑k exp(xk)
(2)

where xi is category i of sample x, xk is all k categories in sample x, and f (xi) is the predicted
probability.

The difference between the predicted probability and true probability determines
the loss. The cross-entropy loss function calculated based on softmax is represented by
Equation (3).

L = −
n

∑
i=1

yilog f (xi) (3)

where yi is the true probability, f (xi) is the predicted probability calculated by the softmax
function, and L is the loss result of the variability between the true and predicted values.

The gradient ∂xi L of L is the difference between the predicted probability and true
probability, represented by Equation (4).

∂xi L = softmax(x)i − yi (4)

The specific workflow of the proposed UR-Net is shown in Figure 11. First, the
training patches (training samples and labels) are input into the UR-Net architecture for
training to obtain the trained UR-Net semantic segmentation model. Second, the datasets
of painted images are input into the trained UR-Net for segmentation. Finally, semantically
segmented images with different colors are obtained and output. These steps are repeated
using ResNet and U-Net, and the segmentation results are derived and compared with
those of UR-Net. The network training strategy and training parameter set are described in
the following two subsections.

3.4.1. Network Training Strategy

Network training is the most important and tedious step in the whole segmentation
process. We use a random patch extraction datastore to feed the training data to the network
and thus perform data augmentation. This differs from the use of elastic deformations
for data augmentation by Ronneberger, Fischer, and Brox [12]. This datastore extracts
multiple corresponding random patches from an image datastore and pixel label datastore
that contain ground-truth images and pixel label datasets. Patching is a crucial technique
that effectively increases the available training data, and UR-Net relies strongly on data
augmentation to use the available annotated patches more efficiently. The training patches
(training samples and labels) are trained using the constructed UR-Net with the aim of
obtaining the trained UR-Net semantic segmentation model. The image size of training
sample (a) is 938 × 1718 pixels with six channels (R, B, G, H, S, V), including RGB and HSV
color space. The image size of training sample (b) is 555 × 815 pixels with six channels
(R, B, G, H, S, V), including RGB and HSV color space. In this paper, the patch input
size of the network is 64 × 64 pixels regardless of the original patch size. After the input
layer of UR-Net receives the training patches, it is scanned sequentially from left to right
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and from top to bottom according to the 64 × 64 pixel window, and a high-resolution
patch is divided into several low-resolution patches for training to obtain more feature
information. This strategy has the two following advantages: first, when the patch size
is greater than 64 × 64 pixels, it is not necessary to change the size in the input and
output layers, which in turn simplifies the steps; second, data augmentation is performed
by generating duplicates during patch segmentation. As shown in Figure 12, scanning
a 64 × 125 pixel image in a 64 × 64 pixel window will result in the repeated recognition of
64 × 3 pixels of data information, allowing for data augmentation to be performed again to
obtain more information for learning.
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3.4.2. Training Parameter Settings

In the training settings for samples, the maximum number of epochs is set to 15, and
the mini-batch size is set to 4. This means that each mini-batch contains 8 patches of size
64 × 64 pixels. In each iteration, 30 mini-batches are extracted, and the training samples
are divided into 120 patches for a total of 450 iterations. The training network is optimized
using stochastic gradient descent with momentum (SGDM). The initial learning rate is
set to 0.05, the momentum is set to 0.9, the L2 regularization is set to 0.0001, the gradient
threshold is set to 0.05, and the verbose frequency is set to 20. Next, the same settings as
above were used in training UR-Net, ResNet, and U-Net. One set of training progress data
for UR-Net on training sample (b) is shown in Table 1.
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Table 1. Training progress.

Epoch Iteration Time Elapsed (m:s) Mini-Batch
Accuracy

Mini-Batch
Loss

1 1 0:01 05.49% 10.288
1 20 0:08 98.46% 0.0407
2 40 0:15 98.66% 0.0302
2 60 0:21 99.11% 0.0224
3 80 0:27 98.59% 0.0322
4 100 0:33 99.52% 0.0130
4 120 0:40 99.32% 0.0164
5 140 0:46 98.68% 0.0332
6 160 0:53 99.43% 0.0138
6 180 0:59 99.62% 0.0093
7 200 1:05 97.65% 0.0740
8 220 1:12 99.50% 0.0118
8 240 1:18 99.22% 0.0196
9 260 1:24 99.63% 0.0093
10 280 1:31 99.30% 0.0167
10 300 1:37 99.76% 0.0062
11 320 1:44 99.78% 0.0054
12 340 1:50 99.77% 0.0053
12 360 1:57 99.64% 0.0090
13 380 2:03 99.81% 0.0049
14 400 2:09 99.61% 0.0069
14 420 2:16 99.60% 0.0085
15 440 2:22 99.32% 0.0158
15 450 2:25 99.76% 0.0077

All experiments were implemented in MATLAB R2020a with an Intel i7-770HQ
2.81 GHz CPU, 8 GB RAM, NVIDIA GeForce GTX 1050Ti graphics card, and 4 GB VRAM.
The results show that UR-Net can complete the training after 450 iterations in 145 s with a
mini-batch accuracy of 99.81% and a mini-batch loss of 0.0049; thus, the network inferences
converge to a color mapping.

4. Experimental Evaluation

To explore the performance of the proposed semantic segmentation model, which is
based on UR-Net for the color segmentation of painted images, a series of experiments
were conducted using the collected color painting dataset by comparing the segmentation
results of the ResNet model and the U-Net model.

4.1. Evaluation Metrics

Based on the confusion matrix [15], the semantic segmentation accuracy is quantified
by calculating evaluation metrics, such as pixel accuracy, recall, precision, F1-score, and
intersection over union [19,20]. The confusion matrix is the classification result of the
statistical classification model. It indicates the numbers of samples correctly and incorrectly
categorized, as shown in Table 2. The blank areas denote the correctly categorized pixels,
and other areas denote the incorrectly categorized pixels in the label. Whether the segmen-
tation is manual or computerized (e.g., clustering algorithms or semantic segmentation),
the segmented image areas cannot be guaranteed to be 100% correct. In this paper, a correct
segmentation criterion is given by the labels, and then the correct areas in the labels are
evaluated against the segmented areas and their differences are compared.
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Table 2. Confusion matrix.

Confusion Matrix
Actual Class

Label Background

Predicted class
label True Positives (TP) False Positives (FP)
Background False Negatives (FN) True Negatives (TN)

In the dataset, the ratio of the number of correctly segmented pixels (TP + TN) to the
total number of pixels (TP + FN + FP + TN) is the pixel accuracy (PA), which is used to
globally evaluate the percentage of correctly segmented pixels, represented by Equation (5).

PA =
TP + TN

TP + FN + FP + TN
(5)

The F1-score is the summed average of recall and precision. Recall is the proportion
of correctly segmented label pixels (TP) among all actual label samples (TP + FN), and
precision is the proportion of correctly segmented label pixels (TP) among all predicted
label samples (TP + FP), represented by Equations (6) and (7).

Recall =
TP

TP + FN
(6)

Precision =
TP

TP + FP
(7)

After applying Equations (6) and (7), the F1-score can be calculated, which indicates the
matching quality of the predicted boundary of each class with its actual boundary on all
images and evaluates the boundary accuracy, represented by Equation (8).

F1 − score =
2·Precision × Recall
Precision + Recall

(8)

The intersection over union (IoU) is a standard metric for evaluating the accuracy
of semantic segmentation and indicates the proportion of the overlap area between the
predicted and actual segmentation to the joint area, indicating the regional smoothness,
represented by Equation (9).

IoU =
TP

TP + FP + FN
(9)

In Equations (5)–(9) and Table 2, TP is the number of correctly segmented label pixels,
which are true positives. TN is the number of correctly segmented background pixels,
which are true negatives. FN is the number of unrecognized label pixels, which are false
negatives. FP is the number of unrecognized background pixels, which are false positives.

4.2. Ablation Experiments

Residual blocks in different quantities and with different structures, added to different
positions of the U-Net framework, will produce different output effects. In order to explore
the effect of the number of residual blocks and the advantage of the improved residual
blocks, the ablation experiment shown in Figure 13 is set up to add two different structures
of residual blocks (basic residual blocks and improved residual blocks) to the I, II, III, IV,
and V positions of the U-Net framework, and to explore the UR-Net network structure that
is the most suitable for the color images as the semantic segmentation model. Since the
constructed U-Net framework is left-right symmetric, the added positions are also left-right
symmetric.
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The adding positions of the residual blocks are set as follows:
Add two basic residual blocks to position I of the U-Net framework, denoted as UR-

Net-2b. Add two improved residual blocks to position I of the U-Net framework, denoted
as UR-Net-2i.

Add four basic residual blocks to positions I and II of the U-Net framework, denoted
as UR-Net-4b. Add four improved residual blocks to positions I and II of the U-Net
framework, denoted as UR-Net-4i.

Add six basic residual blocks to positions I, II, and III of the U-Net framework, denoted
as UR-Net-6b. Add six improved residual blocks to positions I, II, and III of the U-Net
framework, denoted as UR-Net-6i.

Add eight basic residual blocks to positions I, II, III, and IV of the U-Net framework,
denoted as UR-Net-8b. Add eight improved residual blocks to positions I, II, III, and IV of
the U-Net framework, denoted as UR-Net-8i.

Add 10 basic residual blocks to positions I, II, III, IV, and V of the U-Net framework,
denoted as UR-Net-10b. Add 10 improved residual blocks to positions I, II, III, IV, and V of
the U-Net framework, denoted as UR-Net-10i.

The two types of residual blocks are added in different numbers to different positions
in the network structure, as shown in Table 3; “

√
” indicates the selected positions and

numbers in the network structure.

Table 3. Positions of basic and improved residual blocks.

Basic Improved Number
Positions

I II III IV V

UR-Net-2b UR-Net-2i 2
√

UR-Net-4b UR-Net-4i 4
√ √

UR-Net-6b UR-Net-6i 6
√ √ √

UR-Net-8b UR-Net-8i 8
√ √ √ √

UR-Net-10b UR-Net-10i 10
√ √ √ √ √

Each UR-Net with a different number of residual blocks was trained according to the
set training methods and parameters, and the network structure with the highest accuracy
was selected to be used as UR-Net. IoU and other data were calculated using Equations
(5)–(9) to validate the usefulness of the 10 UR-Net structures, and the results are shown
in Table 4. The calculation results show that the IoU and other data of UR-Net-10i are
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higher than the other model structures, i.e., the maximum accuracy can be achieved when
10 improved residual blocks are added to the U-Net structure. The semantic segmentation
of earth-red pixels using the model shown in Figure 14 still produces salt-and-pepper noise,
which further verifies the advantage of the improved residual blocks. Therefore, UR-Net-10i
is used as the UR-Net network model for semantic segmentation of colored images.

Table 4. Accuracy comparison of ten structures of UR-Net.

Structure Dataset PA Recall Precision F1-Score IoU

UR-Net-2b
Earth red 0.9891 0.9875 0.9364 0.9613 0.9254

Ultramarine blue 0.9872 0.9845 0.9299 0.9564 0.9165

UR-Net-2i
Earth red 0.9890 0.9912 0.9329 0.9612 0.9253

Ultramarine blue 0.9876 0.9764 0.9390 0.9573 0.9182

UR-Net-4b
Earth red 0.9894 0.9812 0.9437 0.9621 0.9269

Ultramarine blue 0.9867 0.9578 0.9497 0.9537 0.9116

UR-Net-4i
Earth red 0.9883 0.9873 0.9314 0.9585 0.9203

Ultramarine blue 0.9877 0.9840 0.9332 0.9580 0.9193

UR-Net-6b
Earth red 0.9882 0.9881 0.9301 0.9582 0.9198

Ultramarine blue 0.9874 0.9600 0.9523 0.9561 0.9159

UR-Net-6i
Earth red 0.9888 0.9886 0.9336 0.9603 0.9237

Ultramarine blue 0.9870 0.9851 0.9280 0.9557 0.9151

UR-Net-8b
Earth red 0.9889 0.9851 0.9371 0.9605 0.9240

Ultramarine blue 0.9868 0.9738 0.9359 0.9545 0.9130

UR-Net-8i
Earth red 0.9882 0.9818 0.9356 0.9581 0.9196

Ultramarine blue 0.9870 0.9532 0.9552 0.9542 0.9125

UR-Net-10b
Earth red 0.9875 0.9900 0.9244 0.9561 0.9159

Ultramarine blue 0.9878 0.9769 0.9401 0.9581 0.9197

UR-Net-10i
Earth red 0.9906 0.9819 0.9510 0.9662 0.9346

Ultramarine blue 0.9890 0.9670 0.9561 0.9615 0.9259
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4.3. Comparison Experiment

First, K-means, ResNet, U-Net, and the proposed UR-Net were used to semantically
segment the earth red and ultramarine blue pixels in the color painting test samples, and
the corresponding color segmentation images were obtained and compared with the true
results, as shown in Figure 15. The number of K-means clusters is difficult to estimate,
and the segmentation effect achieved for the color painting images is not ideal. When the
sample dataset is sparse, the segmentation accuracy achieved by the semantic segmentation
model trained by ResNet is low, and it cannot accurately recognize the color pixels, easily
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causing overfitting. Although the semantic segmentation model trained by U-Net can
achieve better color consistency, the output color semantic map still contains salt-and-
pepper noise, which affects the segmentation accuracy. In this paper, the proposed UR-Net
combines the advantages of ResNet and U-Net by adding residual blocks to the U-Net
architecture, which make the network recognize pixels more accurately in the training
process and remove noise while ensuring segmentation accuracy, thus achieving color
consistency. From Figure 15, it can be seen that the segmentation accuracy of the UR-Net
model is significantly higher than that of the K-means clustering algorithm and the ResNet
model, and the generated salt-and-pepper noise is also considerably reduced compared
with that of the U-Net model, so the proposed UR-Net model is more suitable for acquiring
the semantic segmentation images of painted colors.
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Second, the numbers of earth red pixels and ultramarine blue pixels in the segmenta-
tion results of the four methods are compared with the true results, as shown in Figure 16.
By K-means segmentation, the number of earth red pixels is 42,794, and the number of
ultramarine blue pixels is 32,881. By ResNet segmentation, the number of earth red pixels
is 70,324, and the number of ultramarine blue pixels is 49,596. By U-Net segmentation, the
number of earth red pixels is 48,277, and the number of ultramarine blue pixels is 51,118.
By the proposed UR-Net segmentation, the number of earth red pixels is 48,058, and the
number of ultramarine blue pixels is 48,981. The true number of earth red pixels is 46,546,
and that of ultramarine blue pixels is 48,433. It is obvious that the segmentation results of
the proposed method are more similar to the true results. However, the number of pixels
recognized by the network model cannot be fully used as an evaluation criterion because
the trained model may overfit during segmentation, which may cause it to overidentify
color pixels and background pixels, resulting in inaccurate pixel numbers. In other words,
if the model segmentation accuracy is higher, the number of recognized pixels must be
more accurate. In contrast, if the model accuracy is low, the number of recognized pixels
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may not differ much from the true value. Therefore, there is a need to use a more objective
method to evaluate segmentation accuracy.
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Figure 16. Numbers of pixels in different segmentation results compared to the true results.

Finally, the confusion matrix is calculated to quantify the difference between the true
results and the segmentation results for a more objective evaluation. As shown in Figure 17,
the blank area represents TP, the black area represents TN, the magenta area represents
FN, and the green area represents FP. The magenta area indicates that the label pixels are
recognized as background pixels, and the green area indicates that the background pixels
are recognized as label pixels, both of which show the difference between the true results
and the segmentation results.

The value of TP + TN denotes the total number of correctly recognized pixels, and
the value of FN + FP denotes the total number of unrecognized pixels. If the value of
TP + TN is larger and the value of FN + FP is smaller, the magenta and green areas are
smaller. Comparing the four segmentation methods in Figure 17, the proposed UR-Net
model resulted in the smallest magenta and green areas. The TP + TN and FN + FP values
of the earth red and ultramarine blue pixels can be calculated from the TP, TN, FN, and FP
values of the confusion matrix after the test sample segmentation is completed, as shown
in Table 5. The results showed that the proposed UR-Net model has a TP + TN value
of 336,102 when segmenting the earth red pixels, which is larger than those of the other
methods, and an FN + FP value of 3198, which is smaller than those of the other methods.
The TP + TN value of 335,393, when segmenting the ultramarine blue pixels, is larger than
those of the other methods, and the FN + FP value of 3907 is smaller than those of the
other methods. It is demonstrated that the proposed UR-Net model outperforms the other
methods regarding the number of pixels correctly recognized in segmentation.
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Table 5. TP + TN and FN + FP calculated based on TP, TN, FN, and FP.

Method Dataset TP TN FN FP TP + TN FN + FP

K-means
Earth red 42,135 292,095 4411 659 334,230 5070

Ultramarine blue 32,638 290,624 15,795 243 323,262 16,038

ResNet
Earth red 45,122 267,552 1424 25,202 312,674 26,626

Ultramarine blue 41,922 283,193 6511 7674 325,115 14,185

U-Net
Earth red 45,180 289,657 1366 3097 334,837 4463

Ultramarine blue 47,480 287,229 953 3638 334,709 4591

UR-Net
Earth red 45,703 290,399 843 2355 336,102 3198

Ultramarine blue 46,833 288,719 1600 2148 335,552 3748

After determining the FN, FP, TP, and TN values in the confusion matrix, data such as
PA, F1-score, and IoU can be calculated to evaluate the accuracy of segmentation, as shown
in Table 4. The results are as follows: (1) The PA is 0.9906, the F1-score is 0.9662, and the IoU
is 0.9346 when using the proposed UR-Net model to segment the earth red pixels. (2) The
PA is 0.9890, the F1-score is 0.9615, and the IoU is 0.9259 when using the proposed UR-Net
model to segment the ultramarine blue pixels. All the values are higher than those of the
other segmentation methods, and the IoU values are all above 0.92, which gives a very high
segmentation accuracy. Although the color paintings segmented by the U-Net model can
also achieve high accuracy, there is salt-and-pepper noise, so this method cannot meet the
requirements and cannot be applied to the segmentation of color paintings, as shown in
Figure 17c. We have found salt-and-pepper noise in the images that were output by U-Net.
Combining the data in Figure 3 and Table 6, it can be seen that although all three painted
images belong to Dunhuang murals, there are significant differences in shape and color
between the training samples and the test samples. In this context, the proposed UR-Net
model can still recognize the earth red and ultramarine blue pixels more accurately, which
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proves the high application value of UR-Net in the color recognition and segmentation of
color paintings.

Table 6. Results of the accuracy evaluation.

Method Dataset PA Recall Precision F1-Score IoU

K-means
Earth red 0.9851 0.9052 0.9846 0.9433 0.8926

Ultramarine blue 0.9527 0.6739 0.9926 0.8028 0.6705

ResNet
Earth red 0.9215 0.9694 0.6416 0.7722 0.6289

Ultramarine blue 0.9582 0.8656 0.8453 0.8553 0.7472

U-Net
Earth red 0.9868 0.9707 0.9358 0.9529 0.9101

Ultramarine blue 0.9865 0.9803 0.9358 0.9538 0.9118

UR-Net
Earth red 0.9906 0.9819 0.9510 0.9662 0.9346

Ultramarine blue 0.9890 0.9670 0.9561 0.9615 0.9259

Combining the experimental data in Tables 3 and 4 and Figure 17, it can be seen
that the proposed UR-Net model has a higher accuracy than the other two methods for
segmenting the painting dataset and is more suitable for complex painted images. The
segmentation results of the ultramarine blue pixels in Figure 17a show large magenta areas,
indicating that the K-means clustering algorithm overfitted when performing full-cluster
segmentation on the input image, overidentifying the background pixels and struggling to
achieve color consistency. A good result is obtained when segmenting the earth red pixels,
but the data values, including IoU, are still inferior to those of the proposed method, and
the required accuracy is not achieved. The comparison images of earth red and ultramarine
blue pixels in Figure 17b both show large green and magenta areas, and the data values,
including IoU, are widely different from those expected, indicating that ResNet displays
insufficient segmentation accuracy in achieving color consistency, which is mainly due to
the insufficient amount of data learned by ResNet due to the small number of training
samples. The green and magenta areas in Figure 17c are significantly reduced, and the data
values such as IoU are also significantly improved, indicating that U-Net can still achieve
better color consistency when performing segmentation tasks with insufficient training
samples; however, the output image contains salt-and-pepper noise, which affects the
segmentation accuracy. To address the above issues, the proposed UR-Net adds improved
residual blocks to the U-Net architecture, relying on the powerful feature extraction ability
of U-Net and the function of residual blocks to reduce information loss, which allows
for more accurate training using a small number of samples. On the other hand, UR-Net
displays some uncertainty during the training process and needs to be trained several times
to obtain satisfactory results; therefore, we aim to improve this in future work.

4.4. Intuitive Evaluation

To evaluate the generalizability of the results, this paper uses UR-Net model to train
the test samples again for the semantic segmentation of earth red and ultramarine blue
pixels in painted images, as shown in Figure 18. The segmentation results show that
the semantic segmentation model trained by UR-Net can achieve high-precision color
segmentation and color consistency for both earth red and ultramarine blue pixels and for
both faded color paintings and copied drawings.
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5. Conclusions

We have shown the usefulness of UR-Net for color recognition and segmentation
when there is not enough annotated image data. Our network model has been shown to
improve the semantic segmentation performance when compared to traditional networks
and unsupervised feature extraction techniques. Our research adds the improved residual
blocks of ResNet to the U-Net architecture to optimize the model and constructs a UR-Net
for the semantic segmentation of color paintings. The experiment was conducted with earth
red and ultramarine blue and can theoretically identify any pigments in the color painting.
First, residual blocks were constructed and improved to make them suitable for the U-Net
architecture. Second, the improved residual blocks were added to the U-Net architecture to
construct UR-Net. Then, training samples were trained using UR-Net to obtain a semantic
segmentation model applicable to painted colors. Finally, the proposed model was used
to segment the painted images to derive semantic maps of the corresponding colors. The
segmentation accuracy of the proposed UR-Net is examined by calculating the parameters
of PA, recall, precision, F1-score, and IoU and comparing the three methods of K-means,
ResNet, and U-Net. The results show that UR-Net has the advantages of a short training
period, accurate pixel recognition, and high segmentation accuracy, in addition to achieving
color consistency without the need for a large number of samples for training, which is very
suitable for color-rich painted images. When segmenting color painting images with the
proposed method, only the color pixels in a color painting need to be labeled as samples
for training beforehand, and then the rest of the samples can be segmented, improving
efficiency and ensuring segmentation accuracy.
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