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PAPER

Interactive Visual Communication Design of Mobile App 
Interface Based on Artificial Intelligence Technology

ABSTRACT
Mobile app interface design is a crucial aspect of human-computer interaction. Interactive 
mobile app interface design becomes even more important. However, the traditional design 
system based on convolutional neural networks (CNN) has low accuracy and poor effect. It is 
important to improve the system to enhance user experience. To address these issues, the 
study utilizes the K-means clustering (KMC) algorithm and principal component analysis to 
analyze the collected user data for demand analysis. Then, a deep adversarial CNN is employed 
to generate a design scheme for the interactive mobile cell phone application. After evaluation 
by several mobile front-end engineers, the system designed products with an average rating 
of 85 for aesthetics, 89 for ease of use, and 83 for information intuitiveness. These excellent 
results highlight the method’s supremacy in interface design aesthetics and user experience, 
as well as its effectiveness and clarity in information organization and presentation.

KEYWORDS
K-clustering, principal component analysis, deep adversarial convolutional neural network 
(CNN), mobile app, artificial intelligence (AI)

1	 INTRODUCTION

As artificial intelligence (AI) technology continues to advance and gain popularity, 
more scholars are focusing on its potential applications in mobile application 
program (M-APP) interface visual communication design (VCD). At present, the 
M-APP interface VCD based on AI technology has become a popular research field, 
and its research results and application practices are continuously enriched and 
deepened [1]. In terms of application practice, some enterprises and research orga-
nizations have successfully applied AI technology to M-APP interface VCDs [2–3]. 
For example, how to improve the accuracy and stability of the algorithm, protect 
the privacy and data security of users, and reduce the design cost while improving 
the design efficiency. In addition, related research is difficult to better adapt to and 
process complex user data and generate new design solutions according to the needs 

Ludongdong Shan1, 
Bing Li2()

1School of Arts and 
Communication, Hunan 
Mass Media Vocational 
and Technical College, 
Changsha, China

2School of Arts and 
Communication, Hebei 
University of Engineering and 
Science, Shijiazhuang, China

Bing_Li1989@126.com

https://doi.org/10.3991/ijim.v19i10.54081

https://online-journals.org/index.php/i-jim
https://online-journals.org/index.php/i-jim
https://doi.org/10.3991/ijim.v19i10.54081
https://online-journals.org/
https://online-journals.org/
mailto:Bing_Li1989@126.com
https://doi.org/10.3991/ijim.v19i10.54081


iJIM | Vol. 19 No. 10 (2025)	 International Journal of Interactive Mobile Technologies (iJIM)	 183

Interactive Visual Communication Design of Mobile App Interface Based on Artificial Intelligence Technology

of the user group. Some social apps use AI technology to intelligently categorize and 
recommend the content published by users to improve their experience and activity. 
Even while the AI-based M-APP interface VCD has shown some promise, there are 
still certain issues that need to be resolved. For instance, how to increase the algo-
rithm’s precision and stability, safeguard user privacy and data security, and lower 
design costs while boosting design effectiveness. In view of this, the study adopts the 
K-means clustering (KMC) algorithm in conjunction with data envelopment analysis 
(DEA) and makes a series of improvements to the KMC algorithm and then utilizes 
deep convolutional generative adversarial networks (DCGAN) for generating a new 
design solution based on the needs of user groups. It is expected that this technique 
will strengthen the technology development and application practice in order to 
promote the further development of the M-APP interface VCD based on AI technol-
ogy. The study mainly consists of four parts, and the first part specifically reviews 
the current research status on generative adversarial networks (GAN) and image 
formation, which provides a theoretical basis for further technical applications. The 
second part describes in detail how to combine the improved KMC algorithm with 
the deep GAN algorithm to design a brand-new IDCGAN-based M-APP interface VCD 
system. In the third part, the algorithm’s performance is compared, tested, and ana-
lyzed. The fourth part is a summary of this paper and its prospects for the future.

The main contributions of this study are reflected in the following aspects: Firstly, 
by constructing a comprehensive M-APP interface design platform, the entire pro-
cess from user input to design solution output has been automated, greatly improv-
ing design efficiency. Secondly, the study innovatively proposed the IK-Means 
clustering algorithm, effectively solving the problem of sensitivity of traditional 
K-means algorithms to initial clustering centers and improving the accuracy and 
stability of clustering. Furthermore, by introducing Principal Component Analysis 
(PCA) technology, the dimensionality reduction of high-dimensional data has been 
successfully achieved, simplifying the data structure and providing convenience for 
subsequent design element analysis and user behavior prediction. Finally, the study 
also improved the DCGAN by optimizing the network structure and loss function, 
enhancing the quality and diversity of generative design solutions.

2	 RELATED WORKS

As AI technology continues to advance and gain popularity, an increasing 
number of academics are focusing on its potential applications in M-APP inter-
face VCD. Aiming at the current problem that a single recognition function cannot 
meet the demand, Fang et al. proposed a prediction model combining LSTM and 
DCGAN and used a stacking cascade strategy to control the convergence of param-
eters. Experimental results revealed that the model is more efficient and robust 
than 3DCNN and ConvLSTM in temporal prediction with stronger generalization 
ability [4]. Li et al. addressed the issue of shape and intensity similarity on mobile 
app imaging (MRI) by introducing a novel feature learning technique called DC-AL 
GAN, which is based on DCGAN and AlexNet. The results showed that the accu-
racy and AUC of DC-AL GAN in distinguishing PsP and TTP were 0.920 and 0.947, 
respectively [5]. Dewi and other scholars proposed the use of DCGAN for image data 
enhancement in order to address the impact of unbalanced plant disease image data 
on the performance of CNN classification models. Experimental results showed that 
image data enhancement by DCGAN can improve the accuracy of CNN classifiers 
by up to 30% [6]. In order to address the complexity of traffic sign detection and 
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traffic picture identification, Park et al. suggested using DCGAN to create high-quality 
images of forbidden signs. CNN models with various feature extractors and backbone 
networks are used in the study. The models’ maximum average accuracy, as deter-
mined by evaluation, was 92% (DenseNet DCGAN), with 91% (ResNet 50 DCGAN), 
88% (DenseNet), and 63% (ResNet 50) following [7]. Cho et al. proposed a system 
for generating new images using DCGAN to address the problem of low accuracy 
of image generation for smart educational devices. The results of the study showed 
that by using this system, new images related to text can be generated, thus provid-
ing more resources for children’s education [8].

In addition, clustering algorithms and neural networks play an increasingly 
important role in demand analysis. A three-stage, multi-stage, unsupervised, DCGAN-
based technique for detecting textile surface defects of various types in the absence 
of defect samples was proposed by Wei, C., and colleagues. Based on the f-score met-
ric, the experimental findings showed that the strategy performs better than other 
methods that have been developed recently [9]. To address the problem of diversi-
fied customer demands and supply chain management challenges, Bandyopadhyay 
et al. proposed an analytical algorithm based on KMC and principal component 
analysis (PCA). The method was used to effectively group customers buying apparel 
through a clustering algorithm, and PCA was used to reduce the dimensionality of 
product and customer characteristics. The results showed that the clustering results 
based on PCA and K-Means were similar and satisfied the customers within their 
budget [10]. Cinaroglu et al. explored the issue of technical efficiency assessment of 
public hospitals by combining KMC and DEA, and this integrated approach helped to 
identify the technical efficiency of public hospitals in provinces with similar welfare 
states [11]. Nainggolan et al. addressed the issue of advantages and disadvantages 
of online shopping by mining e-commerce website review data and using the KMC 
algorithm to generate clusters to help potential customers make purchase decisions. 
The results showed that cluster analysis can help consumers identify online shop-
ping risks such as product and service quality, payment security, and fraud [12]. 
Hasanah et al. addressed the problem of product expiration and inventory back-
log in Rizki Barokah Store by proposing to use the KMC algorithm for data mining, 
which classifies the products into interested and uninterested categories through 
cluster analysis and gives inventory suggestions based on the clustering results to 
understand the demand of the products. The results indicated that the method can 
effectively solve the product expiration problem, reduce the inventory backlog, and 
improve the sales efficiency [13]. El Khattabi et al. for the problem of K-means clus-
ter, k, comparing four cluster evaluation index, and considering the influence of 
data normalization, the results show that data distribution, normalization form, and 
evaluation index have a significant impact on the clustering accuracy. Clustering 
Gaussian distribution data normalization is more accurate, advanced analysis data 
shape, and normalized [14]. Yang and other researchers have proposed an improved 
K-means algorithm and designed a comprehensive energy data system for the prob-
lem of big data collection, storage, and data errors. The method is applied to the 
monitoring of power equipment. The results show that the improved algorithm sig-
nificantly improves the accuracy and reduces the classification error rate to less 
than 1%, and the designed system effectively meets the actual requirements and 
improves the storage and processing efficiency [15].

The DCGAN algorithm provides a wide range of potential applications in the field 
of image production, providing an important theoretical basis for the continuous 
development of the M-APP design department. However, few studies have com-
bined the KMC algorithm with DCGAN for M-APP visual communication. Therefore, 
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this study focuses on a method combining improved K-means clustering (IK-Means) 
and DCGAN to design the M-APP interface visual communication system based on 
AI so as to improve the design efficiency and meet the personalized needs of users.

3	 VISUAL COMMUNICATION DESIGN SYSTEM BASED 	
ON AI TECHNOLOGY

This section is broken down into two subsections. The first one discusses a num-
ber of KMC enhancements as well as the general scheme design for M-APP’s VCD 
system. The second subsection focuses on training the features and user data using 
DCGAN to generate a new design scheme.

3.1	 System data processing and overall system design for visual 
communication design

The system is a comprehensive M-APP interface design platform that starts from 
a user input layer where users can upload their design samples through an intuitive 
user interface. At the same time, the platform will collect user interaction data, such 
as click-through rate, dwell time, and user ratings, in order to better understand user 
needs. In the data processing layer, these data will be cleaned and transformed. The 
feature engineering layer extracts key features from design samples, such as color, 
shape, and layout. Next, in the analysis and model training layer, user behavior and 
design preferences are analyzed using the KMC model in order to perform fine-
grained segmentation of users. At the same time, PCA is used to reduce the dimen-
sionality of the design elements and find the key visual factors. In addition, features 
and user data are trained using DCGAN to generate new design solutions. The gener-
ation and optimization layer uses these trained models to automate the generation 
of design sketches and prototypes and adjusts these designs based on user feedback 
and clustering results to better meet the preferences of different user groups. In the 
user output layer, the generated design solutions will be presented in a user-friendly 
way. Figure 1 depicts the system architecture.

User input layer

User interface

Data acquisition

Data processing layer
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Data conversion

Feature engineering
layer 

Feature extraction

Feature coding

Generation and
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User output layerBackend service layer
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Analysis and Model
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Fig. 1. Architecture of VCD system based on AI technology
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One popular unsupervised learning technique for classifying data points 
into a fixed number of clusters is the KMC algorithm. The terms “mean” and “K” 
denote the number of clusters and the centroid, or center of mass, of each cluster, 
respectively [16–17]. This helps the system to understand different groups of users 
and customize the design for each group. The KMC algorithm is an iterative pro-
cedure that generates the clustering result by first selecting K samples at random 
to serve as the initial cluster centers. Next, the algorithm determines the distance 
between each sample and the class center and assigns each sample to the class that 
is located in the center that is closest to it. Next, for the obtained clustering results, 
calculate the mean of the samples in each class as the new clustering center. Finally, 
it is judged that if the iteration converges or meets the stopping conditions, the results 
are output; otherwise, it returns to continue the iteration. The K mean clustering 
algorithm is simple and easy to understand, but for choice of data type and initial 
value has a certain degree of sensitivity to the clustering process shown in Figure 2.

Fig. 2. Schematic diagram of K-clustering algorithm clustering process

The initial clustering centers have an impact on the clustering outcomes of the 
classical K-means algorithm, and various initial centers may produce various clus-
tering outcomes. Furthermore, noise and outliers might alter the clustering results 
of the K-means algorithm by interfering with the calculation of the clustering center. 
In order to overcome these shortcomings, the study draws on the idea of minimum 
variance to design a clustering center selection method (IK-Means) that maximizes 
the minimum distance, assuming that the dataset to be clustered is X. The Euclidean 
distance between samples xi, xj is calculated as shown in equation (1).

	 d x x x x x
i j i j

T
i j

( , ) ( ) ( )� � �x 	 (1)

It is also important to compute the average distance from sample xi, xj to the other 
samples, as given in equation (2), in order to determine which known data point is 
most similar to the new data point by comparing the average distance between the 
new and the known data points.
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n
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i i j

j

n

( ) ( , )�
�
�1

1

	 (2)

In equation (2), n represents the data samples, and in the process of selecting 
KMCs, the points that are farther away from each other are more representative rel-
ative to the near neighbors. Therefore, in the selection of the initial clustering center, 
the maximization of the minimum distance method can be referred to. Assuming 
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that there are two C1, C2 clustering centers, the new clustering center is selected as 
shown in equation (3).

	 C1 = x1, C2 = x2	 (3)

First, a sample is randomly selected as the first clustering center, and the sample 
x2 with the farthest distance is selected as the new clustering center among the 
remaining data samples. Figure 3 depicts the algorithm’s flow.
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Fig. 3. Calculation process of the IK Means method

After the computation of the new clustering centers is completed, the distance 
of each remaining sample in the dataset to these existing clustering centers is com-
puted. This step is a critical part of the clustering algorithm because it involves 
correctly categorizing each sample into the cluster to which it belongs. Assuming 
that di1, di2, …, diy denotes the distance of different samples to the existing cluster-
ing centers, then the maximum value of the minimum value of the distance of all 
samples to the clustering centers is calculated as shown in equation (4).
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In equation (4), min(di1, di2, …, diy) denotes the minimum distance among them. By 
combining the principle of minimum variance, the IK-Means algorithm can better 
handle non-spherical clusters and noisy data while avoiding the sensitivity to the 
initial clustering center. As a result, the classic K-means method’s drawbacks can be 
effectively addressed by using the IK-Means algorithm as a substitute.

3.2	 IDCGAN-based visual communication design system

In practical applications, datasets often contain a large number of features, which 
increase the complexity and data processing of computational cost. Moreover, due to 
the high dimensionality of the data involved in the M-APP interface VCD, this leads 
to increased computational complexity and processing difficulty [18–19]. In order to 
process this data effectively and extract meaningful information from it, it needs to 
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be downscaled using PCA before using the K-clustering algorithm. First, multidimen-
sional data related to user behavior and design preferences, such as click-through 
rates and purchase records, are collected and preprocessed with necessary cleaning 
and coding. Next, numerical features must be normalized as shown by equation (5) 
in order to guarantee the algorithm’s stability and accuracy.

	 z = (x - m)/s	 (5)

In equation (5), x is the original eigenvalue, m is the mean of the feature, and s is 
the standard deviation of the feature. The standardized eigenvalue z will have zero 
mean and unit variance, which is standardized to eliminate the effects of magnitude 
and order of magnitude to make it have a uniform scale. Then, the linear relation-
ship between different features is revealed by calculating the covariance matrix of 
the standardized data, which is shown in equation (6) for the dataset X containing n 
samples and p features.

	 �
�

� �
�

�
�

�

�
� �� 1

1( )
( ) ( )* *

n
X X

  
� � 	 (6)

Then the eigenvalues and eigenvectors of the covariance matrix are extracted 
using the eigen decomposition technique, and these eigenvectors represent the main 
direction of change of the data. The projection matrix is created by selecting the 
first k eigenvectors with the biggest eigenvalues as principal components in order to 
minimize the dimensionality of the data. The projection matrix P composed of some 
principal components is shown in equation (7).

	 P = [v1, v2, …, vk]	 (7)

In equation (7), vk is the eigenvector corresponding to the first k largest eigen-
values, and through this projection matrix, the original data can be mapped to a 
new low-dimensional space, thus realizing the dimensionality reduction of the data. 
Finally, the KMC algorithm is applied on the dimensionality-reduced data to finely 
classify users into different groups based on their behavior and design preferences. 
By choosing the appropriate number of clusters, k, and going through the iterative 
process of the algorithm, it is possible to determine the center of each cluster and 
accurately assign the data points to the corresponding clusters, and the flow of the 
PCA algorithm is shown in Figure 4.

Data preparation
and preprocessing

Feature
standardization

Calculate
covariance matrix

Extraction of
eigenvalues and

eigenvectors

Select Principal
Component

Building a
projection matrix

Convert to low
dimensional space

Applying
K-means clustering

Fig. 4. Principal component analysis module algorithm process
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In the algorithm process of principal component analysis, data preparation and 
preprocessing are the first steps, which involve data cleaning, filling in missing 
values, and handling outliers to ensure the quality and reliability of the data. The 
next step is featuring standardization, which eliminates the influence of dimen-
sionality by subtracting the mean and dividing it by the standard deviation so that 
each feature has the same scale. Then calculate the covariance matrix to reveal the 
correlation between features. By extracting the eigenvalues and eigenvectors of the 
covariance matrix, the main direction of data change can be identified. Selecting 
principal components involves selecting the eigenvector corresponding to the largest 
eigenvalue and constructing a projection matrix. By using projection matrices, the 
original high-dimensional data is transformed into data in a low-dimensional space, 
achieving dimensionality reduction. Finally, the KMC algorithm is applied to cluster 
the dimensionality-reduced data, dividing the data points into different groups. Each 
group represents a set of data points with similar features, thus completing the fine 
classification of user behavior and design preferences. This approach combines the 
dimensionality reduction benefits of PCA and the grouping capabilities of KMC to 
provide a powerful tool to deeply understand and analyze user behavior and design 
preferences, to specify the characteristics of each group, and to extract key design 
elements and user behavioral characteristics of each cluster for use in generating 
design solutions. Next, the DCGAN module will utilize the results of the clustering to 
select the design elements associated with each user group as training data. Using 
this data to train the DCGAN, the generative network will learn how to generate 
design patterns that satisfy the preferences of a specific user group. The generator 
will produce fresh design samples throughout the training phase, and the discrim-
inator will attempt to differentiate the created samples from the real samples. This 
adversarial process, which has a schematic representation in Figure 5, will optimize 
the generator.

Generator

Discriminator

Input
(BN,Relu)

(BN,Relu)
(BN,Relu)

(BN,Relu)

(BN,Relu)
(BN,Relu)

(BN,Relu)

(BN,Relu)
(BN,Relu)

4*4*512
8*8*256

16*16*128

32*32*64

64*64*3

64*64*3

32*32*64
16*16*128 8*8*256

4*4*512

Fig. 5. Schematic diagram of DCGAN structure
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The primary novelty of DCGAN, an improved version of GAN, is the use of con-
volutional neural network (CNN) techniques to maximize the effectiveness of the 
discriminator and generator. Structurally, the generator (G-network) utilizes the 
inverse convolutional technique to reconstruct the original image, while the dis-
criminator (D-network) applies the convolutional technique to recognize the fea-
tures of the image in order to make an accurate discrimination. Specifically, the 
generator network (G-net) uses ReLU as the activation function and the Tanh 
activation function in the last layer and removes the fully connected layer to realize 
the design of a fully convolutional network. In contrast, the discriminator network 
(D-network) removes all pooling layers, utilizes the transposed convolution with a 
step size greater than or equal to 2 for up-sampling, and introduces the convolution 
of stride instead of the pooling operation, while employing LeakyReLU as the activa-
tion function. These improvements allow DCGAN to exhibit higher quality and sta-
bility on image generation tasks. In order to be able to better scale the resolution of 
the image, the study uses an SRGAN-like discriminator structure to improve DCGAN. 
The network structure of the SRGAN discriminator usually contains a convolutional 
layer, a batch normalization layer, and a LeakyReLU activation function, but unlike 
DCGAN, the SRGAN discriminator may have a deeper network structure and smaller 
convolution kernels in order to better capture the details of high-resolution images, 
and its structure is shown in Figure 6.

Input Convolutional layer Active layer Convolutional layer Convolutional layer

Batch regularization
layer Convolutional layer

Convolutional
module

Convolutional
module

Convolutional
module

Dropout layer
Convolutional

module
Fully connected layer Sigmoid Output

Fig. 6. Schematic diagram of IDCGAN discriminator structure

In the IDCGAN discriminator structure, the input data first passes through a 
convolutional layer, which is responsible for extracting local features of the image. 
Then, an activation layer is added to enhance the model’s non-linear expression 
ability. Subsequently, the data passes through multiple consecutive convolutional 
layers, each layer further refining features, gradually transitioning from low-level 
edge information to high-level abstract features. Between these convolutional lay-
ers, batch regularization standardization is introduced to standardize the output 
of each layer, which helps to solve the problem of internal covariate shift, thereby 
accelerating training and improving the model’s generalization ability. In addition, 
to prevent overfitting, the discriminator adds a dropout layer, which randomly dis-
cards some neural connections during training to enhance the model’s generaliza-
tion ability. The robustness of the model is improved. Finally, the discriminator maps 
high-dimensional features to a one-dimensional space through a fully connected 
layer, facilitating final classification and judgment. The output layer uses a sigmoid 

https://online-journals.org/index.php/i-jim


iJIM | Vol. 19 No. 10 (2025)	 International Journal of Interactive Mobile Technologies (iJIM)	 191

Interactive Visual Communication Design of Mobile App Interface Based on Artificial Intelligence Technology

activation function to compress the discriminator’s output to between 0 and 1, rep-
resenting the probability that the input data is judged as a real sample. The entire 
structure is compact and efficient and can effectively distinguish between real sam-
ples and generated samples. In addition, the discriminator also uses adversarial loss 
(AL) and perceptual loss (PL) to optimize the training of the model. Assuming that 
D(x) is the discriminator output probability for real data and G(z) is the fake data 
generated by the generator, then its AL formula is shown in equation (8).

	 L_adv = E[Log(D(x)) + E[Log(1 - D(G(z)))]]	 (8)

In equation (8), D(G(z)) represents the output probability of the discriminator on 
the generated data. The PL function expression is shown in equation (9).

	 L perceptual i i I gen i I real_ _ _ _ _ _( ) ( )� � �  � �
2

	 (9)

In equation (9), L perceptual_  denotes the PL, f_ i denotes the feature extraction 
function of layer i in the pre-trained neural network, I_ gen denotes the generated 
image, and I_ real denotes the real high-resolution image. •

2
 denotes the square of 

the Euclidean distance. Equation (10) displays the expression of the conditional con-
trast loss, which is the loss function utilized during the training phase.
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In equation (10), t is the temperature that controls the push and pull forces. Then 
the introduction of dense connections can help to solve the gradient vanishing 
problem and speed up the training process, the expression of which is shown in 
equation (11).

	 H(x) = [F1(x), F2(x), …, Fn(x)]	 (11)

In equation (11), H(x) denotes the output of the network layer, Fn(x) denotes the 
nonlinear transformation function, and x denotes the input. In order to improve the 
stability and generation quality of IDCGAN, spectral normalization is used in the dis-
criminator to constrain the spectral paradigm of the weight matrix, thus stabilizing 
the training process as shown in equation (12).

	 W_SN = W/s (W)	 (12)

In equation (12), W denotes the weight matrix and s (W) denotes the spectral 
paradigm of W.

4	 CORRELATION ALGORITHM PERFORMANCE TESTING 	
AND APPLICABILITY ANALYSIS

This chapter is primarily divided into two subsections. The first subsection 
focuses mostly on a set of algorithmic comparative analyses and performance 
tests of the IK clustering algorithm and IDCGAN that were proposed in the study.  
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The second subsection mainly focuses on the applicability analysis of the proposed 
VCD system by applying it to the actual M-APP practice.

4.1	 IK clustering algorithm and IDCGAN performance test

In designing IDCGAN, the study used AL and PL respectively to optimize the 
model. In order to test the effect of AL and PL on the model training, the experiment 
used the ImageNet dataset to test the change of the two loss function values during 
the training process, as shown in Figure 7.
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Fig. 7. Comparative loss function values of IDCGAN model on two datasets

Figure 7 shows the training process of the IDCGAN model on two different  
datasets, comparing the two loss functions with the number of training rounds. 
In Figure 7a, in the ImageNet dataset, the AL function value undergoes a gradual 
decrease as the number of iterations increases. After about 380 iterations, this value 
gradually stabilizes and converges to 0.25, a result that not only meets the expecta-
tion but even outperforms the originally set target value of 0.35. This observation 
suggests that the IDCGAN model on the ImageNet dataset successfully learns the 
ability to generate forged images that are similar to the real ones through effective 
adversarial training. In Figure 7b, similar to the AL, the PL also experienced a sig-
nificant decline. After about 280 iterations, the value of the PL function converges 
to 0.05, an achievement that is significantly better than the expected target set at 
0.25. This result indicates that the IDCGAN model performs better at the perceptual 
level, indicating that it can produce fake images that are remarkably close to the 
actual ones in terms of visual perception. For the comparative experiments, which 
were conducted on an Ubuntu 64-bit system platform using PyTorch 1.4 software 
with 600 iterations of the three algorithms using the CV-PTON dataset, respectively, 
the experiments introduced the DLE-TEC-IC method proposed in the literature [20] 
as well as the standard DCGAN algorithm to verify the superior performance of the 
IDCGAN algorithm proposed in the study. Additionally, the PR curve served as a stan-
dard, and Figure 8 displays the outcomes of the experiment.
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In Figure 8, among the three algorithms, the PR curve of the IDCGAN algorithm 
proposed in the study is located at the top, while the algorithm proposed in the 
literature [18] is the second best, and the standard DCGAN performs the worst, and 
the AUC areas of the three algorithms are 0.913, 0.852, and 0.826, respectively. By 
comparing the DCGAN before and after the improvement, it can be found that the 
IDCGAN maintains the DCGAN;s original advantages while significantly improv-
ing the performance of the model by introducing new optimization strategies or 
improvement methods. The study uses the KMC model to analyze user behavior and 
design preferences. And a series of improvements are made to it, and the IK-Means 
algorithm is designed. To confirm the superiority of this algorithm, simulation tests 
are performed on the two algorithms using the scikit-learn package, and the experi-
ment presents the RIS-SSL-GA approach suggested in the literature [21] for compar-
ison. The experimental results are shown in Figure 9.
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Figure 9a makes it clear that the algorithm suggested in the literature [21] pro-
cesses the input into seven distinct groups. These categories are clearly delineated 
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in the figure, showing that the algorithm is effective and accurate in processing 
this type of data. However, it can also be observed that the clustering results of the 
algorithm have some overlapping and fuzzy boundaries in some regions, which may 
imply that the algorithm may have some limitations when dealing with complex or 
high-dimensional data. On the other hand, Figure 9b illustrates that the IK-Means 
algorithm suggested in the research generates 12 categories when working with 
identical data. These categories are not only more numerous but also more uniform 
and detailed in spatial distribution.

4.2	 Applicability analysis of M-APP’s VCD system

The experiments have fully demonstrated the significant advantages of the 
proposed algorithm of the study in various performance indicators through a rig-
orous validation process. However, the study team specifically created a number of 
applied and practical experiments in order to more thoroughly assess the scheme’s 
performance in real-world applications and guarantee its stability and reliability. 
And using advanced visualization techniques, the similarity heat map of IDCGAN in 
processing different data samples was drawn to visualize the similarity distribution 
between data, as shown in Figure 10.
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Fig. 10. Improving IDCGAN similarity thermal map

Figure 10 illustrates the IDCGAN similarity heatmap, and the results show that 
IDCGAN has high accuracy in simulating and learning APP elements, which stably 
stays above 0.80. This proves that IDCGAN can reliably capture core attributes with 
consistency across different experimental scenarios and datasets. The high sim-
ilarity shows that the generative capability of IDCGAN reaches high standards in 
real-world applications and is important for the application domain of fine-grained 
feature reproduction. To validate the scheme, experiments were conducted to apply 
the system in real APP automation design, and the DCGAN-RTA system proposed in 
the literature [22] was introduced for comparison. The experiment counts the sys-
tem resource consumption of the two systems during operation, and the results are 
shown in Figure 11.
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In terms of resource use, Figure 11 compares the system suggested in the study 
with the system suggested in the literature [22]. The former has a low CPU usage 
(9%), small memory usage (341 MB), short running time (45 seconds), and high effi-
ciency. The latter has a high CPU utilization (81%), high memory usage (846 MB), 
long running time (1 minute 35 seconds), high consumption, and low efficiency. In 
conclusion, the PCA system performs well in resource utilization efficiency, opera-
tion speed, and user experience. At the end of the experiment, nine M-APP front-end 
designers were recruited to rate the product aesthetics, ease of use, and information 
intuition of the two systems on a percentage scale as an evaluation system, and the 
results of the survey are shown in Figure 12.
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Fig. 12. Comprehensive evaluation of two systems by front-end designers of mobile apps

Figure 12a demonstrates the experts’ evaluation of the method proposed in the 
literature [22], in which the average rating of product aesthetics is 53, ease of use 
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is 73, and information intuition is 84. These ratings indicate that the method has 
certain deficiencies in the aesthetics of interface design, the ease of user operation, 
and the clarity of information presentation, which need to be further optimized and 
improved. In contrast, Figure 12b presents the experts’ positive evaluation of the 
proposed method of the study. Among them, the average rating of product aesthetics 
is 85, ease of use is 89, and information intuition is 83. These high scores not only 
prove the superiority of the method in terms of aesthetics and user experience of 
interface design, but also show the efficiency and clarity of the method in organiz-
ing and presenting information. These significant advantages make the proposed 
method of the study have higher value and potential in practical application.

5	 CONCLUSION

In order to improve the automation of M-APP design, the study combines the 
KMC algorithm with improved DCGAN to design a new VCD system for M-APP. In 
the algorithm comparison experiments, the AL function value gradually stabilized 
and converged to 0.25 after about 380 iterations, and similar to the AL, the PL also 
experienced a significant decrease. After about 280 iterations, the value of the PL 
function converged to 0.05, which is significantly better than the expected target 
set at 0.25. In addition, the proposed system of the institute performed very well 
in terms of CPU usage, which was only 9%, which means that the system occupies 
a very low amount of CPU during the operation and is able to utilize the processor 
resources more efficiently. In addition, the physical memory usage of the system was 
quite low at 341 MB, which indicates that the system is highly efficient in memory 
management and is able to fully utilize the limited memory resources. Meanwhile, 
the running time of the system was very short, which was only 45 seconds, which 
further proved the high efficiency of the system. It can be seen that the system 
using principal component analysis (PCA) shows significant advantages in terms 
of resource use. In summary, the system shows significant advantages in terms of 
algorithm performance, resource consumption, and user experience and is capable 
of generating high-quality APP interface design solutions that meet users’ needs. 
The system’s information intuitiveness is only 83 points, which is marginally less 
than the literature-proposed algorithm [22–24]. This is another area that requires 
improvement in the next study.

6	 FINDINGS
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