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Abstract: To accurately color the clothing of textile enter-
prises, many scholars have proposed intelligent color-
matching models. However, these intelligent color-matching
models still have problems with incomplete color-matching
functions and low color-matching accuracy. To solve the
above problems, this study optimized the convolutional
neural network (CNN) algorithm using the genetic algorithm
(GA), extracted data through the GA, and then processed the
information using the CNN algorithm. Besides, based on the
optimized algorithm, an intelligent color-matching model
was constructed. To verify the performance of the proposed
color-matching model, the superiority of the optimization
algorithm (PSO) was first tested. The results showed that
the accuracy of the PSO reached 98%, and the loss value of
the algorithm function was only 0.02, significantly better than
other algorithms. Further analysis of the performance of the
intelligent color-matching model based on PSOs showed that
the accuracy of the model’s color matching reached 98%,
and the matthews correlation coefficient index of the model
was 1. The performance of this color-matching model was
superior to other models. In practical applications, the model
had an average color difference of only 0.51, 0.49, and 0.47 for
the three primary colors of red, green, and blue, with small
color differences and high color-matching accuracy. From the
above results, it can be seen that the intelligent color-
matching model proposed in the study can improve the accu-
racy of color matching and reduce color difference, thereby
improving the efficiency of clothing color matching in textile
enterprises and promoting the development of the textile
industry and other color-matching industries.

Keywords: intelligent color matching, genetic algorithm,
convolutional neural network algorithm, deep learning
models

1 Introduction

With the continuous advancement of artificial intelligence
technology, intelligent learning models have been widely
utilized in various fields, and the textile industry has also
introduced computer-intelligent color-matching learning
models [1]. Many domestic and foreign scholars have orga-
nized research on intelligent color-matching learning models.
For example, Guan et al. proposed an intelligent color-
matching prediction model with a genetic algorithm (GA)
and extreme learning machine to improve the accuracy of
predicting the dyeing formula of precious wood. The model
was compared with other models in experiments, and the
outcomes denoted that the average relative deviation of the
model for color formula was 0.262, which was lower than
other comparison models and could achieve good outcomes
in wood production [2]. Zhang et al. designed an intelligent
color-matching behavior model based on product color-
matching methods to address the issue of insufficient team
collaboration ability in research and mechanism design of
group collaboration practices. The model was compared
with other current behavior models, and the experiment
outcomes indicated that the model could find the optimal
team collaboration model, improving team collaboration
efficiency by 30% [3]. Yang et al. designed a color-matching
model based on the Kubelka-Munk theory to address the
issue of existing color-matching systems being unable to
dye specific textile materials. Comparing this model with
other models in experiments, the results showed that the
coverage rate of textile materials reached 97.87%, which is
much higher than other models [4]. However, these intelli-
gent color-matching learning models still have problems
such as low color-matching efficiency, poor stability, and
low color-matching accuracy [5]. So, proposing an intelligent
color-matching learning model that can improve the accu-
racy and efficiency of textile color matching is an urgent
problem to be solved.

The convolutional neural network (CNN) algorithm is
widely used in learning models due to its strong feature
extraction ability, parameter sharing, and strong visualiza-
tion of points. GA is widely used in learning models due to
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its powerful global search ability [6,7]. Many scholars have
studied the above algorithms. For example, Kattenborn
et al. indicated a CNN-based machine learning model to
improve the ability of remote sensing technology to recog-
nize and represent plant information in time and space. The
model was compared with other models, and the experi-
ment outcomes indicated that the CNN-based machine
learning model could raise the accuracy of remote sensing
technology in extracting vegetation information to 98.9% [8].
Lu et al. designed a prediction model with the CNN-BiLSTM-
AM algorithm to solve the phenomenon of rapid and unpre-
dictable stock price fluctuations in the stock market.
Through comparative experiments with other models, it
was found that the model improved the accuracy of stock
price prediction by 47.78%, providing a reliable way for
investors to make stock decisions [9]. In response to the
problems of slow convergence speed and low recognition
accuracy of backpropagation neural networks, Zhang et al.
optimized it using GA and proposed the GA-ACO-BP predic-
tion model. The model was compared with previous models
in experiments, and the experiment outcomes denoted that
the optimized model could achieve a 100% reporting rate
and 98.38% prediction accuracy, with good prediction
performance and application prospects [10]. To solve the
widespread delay problem between cloud data centers
and medical devices in medical network physics systems,
Yu et al. designed a medical physics system based on a
hybrid GA. The system was compared with other current
systems and the experimental results showed that the system
shortened the delay time between devices to 0.003s, which is
much smaller than other models [11]. The specific compar-
ison results of the above models are shown in Table 1.

Therefore, this study will use the GA to improve the
CNN algorithm and apply the improved algorithm to the
intelligent color-matching learning model to raise the accu-
racy of the model for color-matching schemes of textile

industry color samples. The innovation of this study lies
in using GA to optimize the CNN algorithm and designing a
new intelligent color-matching learning model based on
the optimized algorithm, providing a new algorithm foun-
dation for the intelligent color-matching field in the textile
industry. The contribution of this study is that the proposed
intelligent color-matching model can reduce color uncer-
tainty, shorten product development cycles, and improve
production efficiency by improving color-matching effi-
ciency. Moreover, digital color matching can precisely con-
trol the amount of pigment used, reducing costs. In addition,
this intelligent color-matching model can also be used to
improve work efficiency in other industries such as coat-
ings, paints, and printing.

2 Methods and materials

2.1 Improved CNN algorithm incorporating
the GA

The current intelligent color-matching model has the dis-
advantages of low feature information extraction effi-
ciency, high cost, and weak anti-interference ability
[12,13]. To improve the color-matching efficiency, a CNN
algorithm with strong image recognition ability and low
computational complexity was introduced to optimize it, in
the hope of improving the color-matching efficiency of the
model [14]. The basic flowchart of the CNN algorithm is
shown in Figure 1.

In Figure 1, the basic process of the CNN algorithm is to
receive input learning samples in the input layer, then
transfer the learning samples to the convolutional layer,
extract the features of the input data through convolution

Table 1: Comparison of paper models

Author Model Advantage Disadvantage

Guan et al. GA-ELM intelligent color-matching model Low deviation in wood dyeing High computational complexity
Zhang et al. Intelligent color-matching behavior model based

on product color-matching method
High efficiency of team collaboration Lack of adaptive ability

Yang et al. Kubelka-Munk color-matching model High coverage of color-matching
material recognition

Theoretical limitations

Kattenborn et al. CNN machine learning model High accuracy of information
extraction

High data demand

Lu et al. CNN-BiLSTM-AM prediction model High prediction accuracy Large computational load
Zhang et al. GA-ACO-BP prediction model Fast convergence speed Low prediction performance
Yu et al. GA medical physics system Short delay time Poor information extraction

performance
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operations in the convolutional layer, and extract the spa-
tial structure of the input samples through convolution
calculations in the convolutional kernel. Subsequently,
the information is passed into the activation layer and
processed using an activation function. The extracted fea-
tures are then input into the pooling layer to adjust the size
of the feature mapping. The adjusted information is input
into the fully connected layer for fusion. The fully con-
nected layer is divided into three layers: input layer,
hidden layer, and output layer. These three layers are
used to weigh and sum the feature information received
from the pooling layer to obtain a comprehensive feature
representation. Finally, it outputs the adjusted feature
information. The convolution operation method of the con-
volutional layer in the CNN algorithm is shown as follows:
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where l means the number of convolutional layers, j repre-
sents the j-th value in the convolutional layer, i represents
the i-th value within the convolution range, ωij

l means the
weight of the convolution kernel, bj

l represents bias, ( )⋅f

represents the activation function, X represents the con-
volutional layer, and Mi represents the total number of
values contained in the convolutional layer. The activation
layer is composed of activation functions. The activation
functions used in this study include Sigmoid function,

hyperbolic tangent function, and linear rectification func-
tion. The calculation method for the Sigmoid activation
function is denoted as follows:
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where x means the input of the function, and exp repre-
sents the exponentiation of it. The calculation formula for
the hyperbolic tangent function is denoted in as follows:
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The calculation method for the linear rectification
function is denoted as follows

( ) ( )=x xrelu max 0, . (4)

After enhancing the linear separability of features
through the activation layer, the pooling layer performs
pooling operations on them, including max pooling and
average pooling. The expression for the max pooling layer
is shown as follows:
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The calculation method for average pooling is denoted
as follows:
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Figure 1: Basic flowchart of the CNN algorithm.
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In Eqs. (5) and (6), Za

b represents the result of a pooling
operations in the b-th layer feature map, ∂K represents the
∂-th pooling window in the feature map, and −

y
c

b 1 repre-
sents the c-th output result of the pooling window in the

−b 1th layer feature map. The information obtained
through convolutional and pooling layers is input into
the fully connected layer, and the forward propagation
principle of the fully connected layer is shown as follows:

( )∑= +
=

W C a b .q

q

R

qp
q

p

1

(7)

In Eq. (7), Cqp represents the weight between the q-th
neuron in the previous layer and the p-th neuron in
the following layer, while bp means the bias value of the
previous layer’s neurons toward the p-th neuron in the
following layer, Wq represents the output of the fully
connected layer. When outputting the final output, the
Softmax function is used, and the classification of feature
information is modified. The calculation of the Softmax
function is denoted as follows:
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In Eq. (8), Zm means the output value of the m-th node,
B represents the total amount of output nodes, and xm

represents the total number of nodes in the input data.
Although the CNN algorithm can enhance the recognition
ability of images, it has a high computational complexity,
requires a large amount of resources, and is difficult to
extract global information [15]. It is also necessary to opti-
mize the CNN algorithm through reinforcement learning
or other intelligent algorithms to improve its overall per-
formance [16,17]. GAs can handle complex problems with
high parallelism and support diverse searches. Therefore,

this study uses GAs to improve CNN algorithms to reduce
their complexity and enhance their global search capabil-
ities. The core principle of GAs is to find the optimal solu-
tion to optimization problems by simulating the processes
of genetic inheritance, mutation, and so on. The flowchart
of GA is shown in Figure 2.

In Figure 2, the GA performs binary encoding on the
received data information, converts it into information
that can be recognized in the encoding space, and then
inputs all information and parameters into the encoding
space. It sets the parameters, preprocesses the input data,
randomly generates the initial population, and then per-
forms fitness calculations on it to see if it meets the termina-
tion rule. If it does, it will output the optimal data directly. If
it is not satisfied, it will undergo evolutionary operations
such as selection, crossover, and reversal, and then its fit-
ness will be calculated until the termination rule is met. The
encoding in the algorithm process uses binary encoding to
convert the data. Each variable is binary encoded to obtain
the encoding information composed of variables. The
encoding length calculation is shown as follows:
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In Eq. (9), d represents the encoding length of a single
information, ds represents the encoding length of a single
chromosome, and n represents the total length of the table
code. It clusters the encoded chromosomes using the cal-
culation method shown in the following equation:

( )

( )
=V

d z

d Z
. (10)

In Eq. (10), ( )d z means the encoding information of the
variable and ( )d Z represents the mean encoding informa-
tion of the population in which the variable is located. In
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Figure 2: Basic flowchart of GA.
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the selection operator, the roulette wheel selection method
is used to match the subpopulation and fitness values, and
the probability of matching is shown in the following
equation:
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In Eq. (11), ( )zFind means the probability of any indi-
vidual being selected in the population under the matching
mechanism of the selection operator and ( )∑ ZFind means
the probability of all individuals being selected in the
population. To improve the shortcomings of lack of locality
and overfitting in the CNN algorithm, GA is used to
improve it. The basic flowchart of the improved CNN algo-
rithm is indicated in Figure 3.

In Figure 3, the improved CNN algorithm preprocesses
the global data through the GA module, excludes irrelevant
information from the global data through the principle of
survival of the fittest in the GA, inputs the extracted data
into the input layer of the CNN algorithm, extracts feature
information through convolutional layers, pooling layers,
and fully connected layers, and adjusts the size of feature
information. Finally, debugging is performed to output
prediction information. The ability to use GA for global
search improves the limitation of the CNN algorithm to
local search and reduces the computational complexity of
the CNN algorithm.

2.2 Construction of an intelligent color-
matching learning model based on the
GA-CNN algorithm

To raise the color-matching technology in the textile
industry, an intelligent color-matching learning model is
introduced. However, currently, the color-matching effi-
ciency of this model is low; there are few platforms to
use, and its functions are not complete [18]. To address
this issue, the GA-CNN algorithm with image recognition
capability, low computational complexity, and global
search capability is integrated into the intelligent color-
matching learning model. The flowchart of the intelligent
color-matching model using the GA-CNN algorithm is
shown in Figure 4.

From Figure 4, in the intelligent color-matching
learning model, the user inputs instructions and passes
them to the console. Through the commands output by
the console, the image sensor and camera take the color
of the sample and enter it into the color database. Next,
through the learning model, the color is matched, and the
color-matching prediction is output. Then, the color is
sampled and the color difference with the sample color is
calculated. If the color difference reaches the minimum
requirement, a color-matching scheme is added to the fin-
ished product production. If it does not meet the
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Figure 3: Improved CNN algorithm flowchart.
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requirements, the formula and the original data are
returned to the color-matching database, and the color for-
mula is searched again until the color difference meets the
requirements. Afterwards, it is determined whether the fin-
ished product meets the requirements. If it meets the
requirements, the color scheme is output and entered into
the color sample database for next use. If it does not meet
the requirements, the color scheme and original data are re-
entered into the learning model through the color database
until the requirements are met. Then, it will output and
record the color scheme. The basic framework of the
learning model in the intelligent color-matching model is
shown in Figure 5.

In Figure 5, the learning model consists of a data pre-
processing module and a data analysis module. The data
preprocessing module is composed of the GA, while the
data analysis module is composed of the CNN algorithm.
It inputs the template color into the input layer of the GA
module, receives the input data in the input layer,

performs binary encoding on the input color information,
inputs all information into the encoding space, sets para-
meters to randomly generate the initial population of
colors, and then performs fitness calculation to determine
whether it meets the termination rule. If it meets the
requirements, it will output the information to the CNN
data analysis module. If it does not, it will perform selec-
tion, crossover, and mutation operator genetic operations
on it and then perform fitness calculation on the color
information until the termination rule is met. In the data
analysis module, the preprocessed color information data
is received, and all feature information in the sample
colors is extracted through the calculation of convolutional
layers, activation layers, pooling layers, and fully con-
nected layers. Finally, the extracted color-matching sam-
ples are output. The surface color of textiles is formed by
their reflection of incident light. The colorization feature
expression on reflection spectrum matching is shown in
the following equation:
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Figure 4: Basic structure of intelligent color-matching learning model.
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In Eq. (12), [ ( )]f R λ denotes the color characteristics of
the textile in the reflection spectrum， ( )R λ indicates the
reflectivity of the textile at a wavelength of λ. b is a con-
stant, and the size of b is determined by the material of the
textile. The calculation method for b is denoted in the fol-
lowing equation:

=
+

b
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In Eq. (13), λ represents the wavelength. The color-
matching formula was improved using Eq. (13), and the
improved formula is denoted the following equation:
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In practical applications, the least squares method is
used to minimize the difference between the matching
color and the sample color, as shown in the following
equation:

( ) ( )=∂
R R .λ λ

t (15)

In Eq. (15), ( )∂
Rλ represents the wavelength of the stan-

dard color, and ( )
Rλ

t represents the wavelength of the
matching color. The calculation method for color differ-
ence is shown in the following equation:

[( ) ( ) ( ) ]= + +E L A BΔ Δ Δ Δ .

2 2 2
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2
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In Eq. (16), L represents brightness difference, A means
red-green color difference, and B means blue-yellow color
difference; LΔ , AΔ , and BΔ , respectively, represent the coor-
dinate difference between two colors in the color space,
with smaller values indicating more similar colors.

3 Results

3.1 Performance comparison and analysis of
improved CNN algorithms

To validate the prediction performance of the study-pro-
posed GA-CNN, this experiment selected four algorithms
for comparison: BP neural network algorithm based on
the Bayesian algorithm (NB-BP), improved CNN algorithm
based on the harmony algorithm (HS-CNN), and optimized
particle swarm optimization (PSO) algorithm. The config-
uration of the experimental environment is shown in
Table 2.

According to Table 2, the environmental configuration
conditions for the experiment were determined. After-
wards, the sensitivity of algorithm parameters was ana-
lyzed, and the analysis results are shown in Table 3.

The sensitivity coefficient in Table 3 represents the
degree of influence of the parameter on the results of the
algorithm, and the larger the value, the greater the impact
of the parameter on the algorithm performance. According
to the analysis results in Table 3 and the experimental
results of previous scholars on the algorithm, it can be
seen that the parameter settings for optimal algorithm
performance are as follows: the population size of GA,
HS, BP, and CNN algorithms was set to 200, and the max-
imum number of iterations was set to 300 [19]. The muta-
tion probability of GA was set to 0.05, and the crossover
probability was set to 0.08 [20]. The learning rate in the
CNN algorithm was set to 0.1, and the weight decay was set
to 0.005 [21]. The probability of HS algorithm audio fine-
tuning was set to 0.3. The inertia weight of the PSO algo-
rithm was set to 0.6 [22]. The performance of the four
algorithms was judged by analyzing their fitting degree,
accuracy, error rate, and F1 value. The comparison of the
accuracy and error rate of the four algorithms is shown in
Figure 6.

From Figure 6, after reaching 100 iterations, the accu-
racy of the four algorithms roughly stabilized. The accu-
racy of the GA-CNN algorithm finally reached 98%, which
was much higher than the NB-BP algorithm’s 92% HS-CNN
algorithm’s 87% and PSO algorithm’s 79%. From the bar
chart in Figure 6, the error rates of the four algorithms
gradually stabilized after reaching 200 iterations. Finally,
the error rates of GA-CNN, NB-BP, HS-CNN, and PSO algo-
rithms were 0.02, 0.05, 0.09, and 0.12, respectively. The GA-
CNN algorithm had the smallest error. This result indicates
that the GA-CNN algorithm has a small difference between
the predicted results and the actual results when using
data for prediction and a high degree of consistency with
the true values. Further comparative experiments were
conducted on the fitting degree of the four algorithms,
and the experimental results are indicated in Figure 7.

Table 2: Experimental environment configuration

Experimental
environment

Configure Type

Hardware environment Computer Windows10
Camera TP-Link IPC44AW

Software environment Application server SQL Server2000
Program design
platform

VC++

Data analysis MATLAB R2017b

CNN deep learning model for computer-intelligent color matching  7



From the distribution of scatter points in Figure 7, the
fitting degree of the four algorithms was the highest,
among which the GA-CNN algorithm had the highest fitting
degree. The data points in Figure 7(a) were almost all clus-
tered around the regression line, and the fitting coefficient
R reached 0.987, indicating the best-fitting effect. The fitting
degree of the NB-BP algorithm was slightly lower than that
of the GA-CNN algorithm. The degree of aggregation
between the points in the coordinate graph of the algo-
rithm was smaller than that of the GA-CNN algorithm,
with a fitting coefficient of 0.945. The fitting degree coeffi-
cients of the HS-CNN algorithm and the PSO algorithm
were 0.858 and 0.798, respectively, indicating that the fit-
ting effect is much lower than that of the GA-CNN algo-
rithm. According to the experimental results, the GA-CNN

algorithm has the highest fitting coefficient, indicating that
the closer the distance between the predicted data and the
actual observed values during data training, the better the
algorithm can capture patterns and features in the data.
Therefore, among the four algorithms, the prediction
results of the GA-CNN algorithm were most consistent
with the actual results. Further comparative experimental
analysis was conducted on the F1 values and loss function
values of the four algorithms, and the experiment findings
are indicated in Figure 8.

According to Figure 8(a), the F1 values of GA-CNN, NB-
VP, HS-CNN, and PSO algorithms were 98.87, 95.54, 90.76,
and 89.78%, respectively. The F1 value formula is the har-
monic mean of accuracy and recall, used to comprehen-
sively evaluate the accuracy and recall of algorithms. The

Table 3: Parameter sensitivity analysis of the algorithm

Algorithm Parameter Sensitivity
coefficient

Short-cut
process

Algorithm
accuracy
(%)

Algorithm Parameter Sensitivity
coefficient

Short-cut
process

Algorithm
accuracy

GA, BP, HS,
CNN, PSO

Population
size

0.87 150 89.3 CNN Learning rate 0.89 0.05 88.9
200 96.5 0.1 92.3
250 92.1 0.15 89.2

Maximum
iteration
times

0.91 200 90.3 Weight decay 0.94 0.004 90.2
300 96.7 0.005 96.5
400 89.9 0.006 90.6

GA Probability of
variation

0.92 0.04 90.4 HS Audio fine-
tuning
probability

0.92 0.2 90.3
0.05 98.8 0.3 95.6
0.06 92.3 0.4 91.2

Cross
probability

0.86 0.07 89.2 PSO Inertial
weight

0.93 0.5 89.9
0.08 93.5 0.6 97.6
0.09 87.7 0.7 93.7
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Figure 6: Comparison of error rate and accuracy of the algorithm.
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larger the F1 value, the stronger the overall performance of
the algorithm. As shown in Figure 8(a), the highest F1 value
of the proposed GA-CNN algorithm indicated that the algo-
rithm performed better in accuracy and recall. From
Figure 8(b), the loss function values of the four algorithms
decreased with the increase of iteration times. When the
iteration number reached 40, the loss function value of the
GA-CNN algorithm stabilized to 0.001, the final loss func-
tion value of the NB-BP algorithm also stabilized to 0.003,
the HS-CNN algorithm was 0.005, and the PSO algorithm
was 0.013. From this result, it can be concluded that the F1

value of the GA-CNN algorithm is optimal, indicating that
the GA-CNN algorithm has a good balance performance
between accuracy and recall. If the loss function value of
the GA-CNN algorithm is the lowest, it means that the dif-
ference between the predicted results and the actual
results of the algorithm is smaller, indicating that the per-
formance of this algorithm is better than other algorithms.
Therefore, the F1 value and loss function value of the GA-
CNN algorithm were superior to other algorithms among
the four algorithms. After a series of experimental analysis,
it was known that the accuracy, stability, and other
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Figure 7: Comparison of the fit degree of four algorithms. (a) GA-CNN result of fit degree. (b) NB-BP result of fit degree. (c) HS-CNN result of fit
degree. (d) PSO result of fit degree.
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performance aspects of the GA-CNN algorithm proposed in
this study were all optimal.

3.2 Analysis of the effect of intelligent color-
matching learning model

Subsequently, comparative experiments were conducted on
the intelligent color-matching learning model, including the
GA-CNN algorithm-based, the NB-BP algorithm-based, the
HS-CNN algorithm-based, and the PSO algorithm-based
intelligent color-matching models. During the experiment,
color-matching data of various clothing, gauze, and other
materials from a large textile factory were selected as the
experimental dataset. The intelligent color-matching model
first used cameras and sensors to capture information about
various materials in the textile factory, transmitted the
obtained images to the model, analyzed the image informa-
tion using the intelligent color-matching model, and per-
formed color matching. Finally, the simulated colors of the
model were compared with the actual colors. The accuracy,
error rate, stability, matthews correlation coefficient (MCC),
and color difference of textiles after using the color-
matching model were tested. The accuracy and error rates
of the four models are shown in Figure 9.

In Figure 9(a), the accuracy of the four models
increased with the increase of sample size. Among them,
the accuracy of GA-CNN stabilized at 98% after the sample
size reached 40, and the accuracy of the NB-BP model sta-
bilized at 93%. However, the accuracy of this model was
unstable, fluctuating between 92 and 94%. The accuracy of
the HS-CNN model remained stable at 86%, while the accu-
racy of the PSO model was the lowest at 83%. As shown in
Figure 9(b), the error rates of the four models decreased with
the increase of sample size. Among them, the error rate of the
GA-CNN model decreased to the minimum value of 0.02 and

remained stable after its sample size was 40. The error rates
of the NB-BP model and the HS-CNN model were 0.06 and
0.09, respectively. The error rate of the PSO model was the
largest among the four models, which was 0.12. From this
result, it can be seen that the GA-CNN model has the highest
color-matching accuracy among the four models after mul-
tiple trainings and can accurately configure the colors of the
samples through this model. The stability and MCC values of
the four models were compared again, and the comparison
outcomes are indicated in Figure 10.

From Figure 10(a), the GA-CNN model had the best
stability. When the number of iterations was 200, the sta-
bility of the model reached 0.9 and remained unchanged.
However, the average stability rates of the NB-BP, HS-CNN,
and PSO models were 0.78, 0.71, and 0.59, and the stability
of the three models was lower than that of the GA-CNN
model. From Figure 10(b), the MCC index of four models
could be obtained, which was an indicator used to evaluate
model performance. The range of MCC index was between
−1 and 1. When the MCC index was 1, it indicated perfect
prediction; when the index was 0, it indicated random
prediction; and when the index was −1, it indicated com-
pletely opposite prediction. From the graph, when the
number of iterations of the GA-CNN model was 200, the
MCC index reached 1. The average MCC index of the NB-BP
model and HS-CNN model were 0.76 and 0.46, respectively,
indicating that the predictions of these two models are
more accurate, while the average MCC index of the PSO
model was −0.35, indicating a significant difference
between the predicted and actual values. From this result,
it can be concluded that the GA-CNN intelligent color-
matching model has the best stability in color analysis of
samples, and the model has the lowest difference between
predicted colors and actual colors when predicting sample
colors. Then, the intelligent color matching and actual
color matching and color difference of the red, blue, and
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green colors of the four models were compared; the prac-
tical application of the model in the experiment is shown in
Figure 11.

The actual color and color of the model of Figure 11
and the comparison findings are denoted in Figure 12.

From Figure 12, in the color-matching simulation
experiments of the four models for red, blue, and green
colors, the GA-CNN color-matching model had the smallest
color difference, with an average color difference of 0.51,
0.49, and 0.47 for the red, green, and blue primary colors,
respectively. The NB-BP color-matching model had a color
difference of 1.12, 0.91, and 0.82 for the red, green, and blue
colors, respectively. The HS-CNN color-matching model
had a color difference of 1.43, 1.32, and 1.25, and the PSO
color-matching model had the largest color difference of
1.79, 1.63, and 1.54 among the four models. Among the four
models, red had the largest color difference among the
three primary colors, followed by green, and blue had
the smallest color difference. From this result, it can be
concluded that the GA-CNN model has the lowest color-

matching error for the three primary colors, indicating
that the model has the best color accuracy when per-
forming sample color matching. In summary, by com-
paring the performance of different models in various
aspects, it can be concluded that the GA-CNN intelligent
color-matching model proposed in the study has the
highest color-matching accuracy, the smallest error, and
the strongest stability. In actual color matching, the GA-
CNN intelligent color-matching model has the smallest
color difference for the three primary colors of red, green,
and blue, and the overall performance of the model is
significantly better than other comparison models.

3.3 Discussion

This study conducted a comparative experimental analysis
on the performance of the GA-CNN algorithm and con-
ducted comparative experiments on intelligent color-
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matching learning models based on the GA-CNN, NB-BP,
HS-CNN, and PSO algorithms. The results of this study
denoted that the accuracy of the GA-CNN algorithm was
98%, which was much higher than the NB-BP algorithm’s
92% HS-CNN algorithm’s 87%, and PSO algorithm’s 79%.
This result was similar to the experimental results of
Wang’s team; however, the accuracy of the improved
CNN algorithm used by the Wang team was lower than
the GA-CNN algorithm in this study [23]. In the fitting
experiment of the algorithm, the experiment findings
denoted that the fitting coefficient R of the GA-CNN algo-
rithm was 0.987, while the fitting coefficients R of the NB-
BP, HS-CNN, and PSO algorithms were 0.945, 0.858, and
0.798, respectively. The GA-CNN algorithm had the best-
fitting degree. This result coincided with the experiment
findings of Li et al. However, the improved CNN algorithm
proposed by Li et al. had a high fit but low accuracy, and
the GA-CNN algorithm could improve the accuracy of the
CNN algorithm [24]. The study also conducted comparative
experiments on the F1 values and loss function values of
four algorithms. The F1 values of GA-CNN, NB-BP, HS-CNN,
and PSO algorithms were 98.87, 95.54, 90.76, and 89.78%,
respectively, with loss function values of 0.001, 0.003, 0.005,
and 0.013. This result was similar to the research findings
of Ma et al. [25]. From the above experimental results, the
GA-CNN algorithm can improve the disadvantages of low
accuracy and large loss function value and improve the
overall performance of the previous CNN algorithm.
Further comparative experiments were conducted on

intelligent color-matching learning models using four algo-
rithms. The experimental results showed that the accuracy
of the GA-CNN, NB-BP, HS-CNN, and PSO models was 98, 93,
86, and 83%, respectively. This result was similar to the
experimental results of Widiputra [26]. Further experi-
ments were conducted on the stability and MCC values of
the four models. The experiment findings indicated that
the stability of the GA-CNN model reached 0.9, and the
MCC value reached 1 at 200 iterations. The predictive sta-
bility and performance of this model were significantly
better than those of other models. The experimental results
coincided with the research findings of Dandapat and
Mondal; however, the prediction stability was slightly
lower than the GA-CNN model in the model proposed by
Dandapat and Mondal [27]. The above experimental results
indicated that the overall performance of the GA-CNN
intelligent color-matching learning model was optimal,
providing better color-matching schemes and improving
color-matching efficiency and accuracy in the textile
industry. Comparing the color differences of the red,
blue, and green primary colors in the color samples simu-
lated by the four models, the findings indicated that the
proposed GA-CNN model had the smallest color difference
among the color schemes simulated by the three primary
colors. This result indicated that the color-matching effect
of the GA-CNN intelligent color-matching learning model
was the best in practical applications. This result was
similar to the experimental results of the Hassan team
[28]. In summary, the GA-CNN intelligent color-matching
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learning model has the highest color-matching accuracy,
strongest stability, and fastest speed among the four
models; it can improve the disadvantages of low stability
and large waste of resources in previous models. Applying
this model to textile color matching can raise the speed and
accuracy of color matching in the textile industry.

4 Conclusion and future work

To solve the problems of low color-matching accuracy and
incomplete color-matching model functions in the textile
industry, this study integrated GA and CNN algorithms,
proposed the GA-CNN algorithm, and innovatively pro-
posed an intelligent color-matching learning model based
on the GA-CNN algorithm. The performance of the GA-CNN
algorithm and color-matching model was tested. The study
conducted experiments on the proposed algorithm, NB-BP
algorithm, HS-CNN algorithm, PSO algorithm, and intelli-
gent color-matching learning models based on four algo-
rithms. The experimental results showed that among the
four algorithms, the GA-CNN algorithm proposed in the
study had the best accuracy and fitting coefficient, and
the accuracy of this algorithm was the highest, the loss
function value was the lowest, and the accuracy and F1
value of the algorithm were far superior to other algo-
rithms. Further analysis of the intelligent color-matching
learning models based on four algorithms showed that
among the four models, the GA-CNN model had the highest
color-matching accuracy, the best MCC value, and the best
stability. In practical applications, the GA-CNN model had
the smallest color difference among the three primary
colors of red, blue, and green in the color-matching sam-
ples simulated by the four models. From this, the GA-CNN
intelligent color-matching learning model has the highest
accuracy, efficiency, and minimum color difference,
resulting in the best overall performance. Therefore, the
GA-CNN intelligent color-matching model proposed in this
study can provide efficient, accurate, and environmentally
friendly color-matching solutions for society by reducing
the color-matching time, reducing the cost, and improving the
color-matching efficiency, and significantly improving the
production efficiency and product quality of various indus-
tries. The contribution of this study is that the proposed intel-
ligent color-matching model can reduce color uncertainty,
shorten product development cycles, and improve production
efficiency by improving color-matching efficiency. Moreover,
digital color matching can precisely control the amount of
pigment used, reducing costs. In addition, this intelligent
color-matching model can also be used to improve work

efficiency in other industries such as coatings, paints, and
printing.

However, in practical applications, the GA-CNN
method is highly sensitive to image changes. If the image
undergoes rotation or scaling, it may result in poor recog-
nition performance and reduce color-matching accuracy.
External factors such as air humidity and dust can also
have a certain impact on the color of samples and experi-
mental products. In response to the above issues, attention
mechanisms and generative adversarial networks can be
introduced into the GA-CNN method in the future to
improve its adaptability to images. It can be combined
with transfer learning, unsupervised learning, and other
techniques to improve the flexibility of the algorithm so
that the model can better handle the influence of external
temperature, air, and other factors on product color.
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Appendix

% x and y are experimental datasets, and the model is the
model trained on the data

x = [1 2 3 4 5];
y = [2 4 6 8 10];
model = GA-CNN;
% Parameter initialization
b0 = [0];
% Fitting was performed using the lsqcurvefit
opts = optimoptions(‘lsqcurvefit’, ‘Algorithm’, ‘trust-

region-reflective’);
[b, fval, exitflag, output] = lsqcurvefit(@(b, x) model(b,

x) − y, b0, x, opts);
% The fit degree was calculated
fitness = sum((model(b, x) − y).^2);
disp([‘degree of fitting (SSD):’ num2str(fitness)]);
Precision:
% Suppose a predictive array and an actual array
predictions = [1, 0, 1, 0, 1];

labels = [1, 1, 0, 0, 0];
% Calculate accuracy
accuracy = sum(predictions == labels)/length(labels);
% Display accuracy
disp([‘Algorithm accuracy:’, num2str(accuracy)]);
error rate:
% Suppose that predicted is the vector of predictive

values of the algorithm and that actual is the vector of
actual values

predicted = [1.2, 2.3, 3.5, 4.7, 5.1];
actual = [1.0, 2.1, 3.3, 4.8, 5.2];
% Calculate error rate
num_samples = length(predicted);
mse = sum((predicted – actual).^2)/num_samples;
rmse = sqrt(mse); % RMSE (Root Mean Squared Error)
% Displays the results
disp([‘MSE:’, num2str(mse)]);
disp([‘RMSE:’, num2str(rmse)]);
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