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This paper addresses the challenge that traditional visual communication design algorithms struggle to extract
reliable features from complex design elements. To address this issue, an automatic extraction algorithm
based on deep learning is proposed, improving the intelligence and efficiency of visual communication design.
Furthermore, the YOLOV? target recognition model is enhanced by integrating a Squeeze-and-Excitation (SE)
attention mechanism, which improves its capability to detect small and complex visual elements. The improved
model is trained and thoroughly evaluated using experimental data. This study confirms that deep learning-
based automatic extraction methods can effectively support visual communication design and provide valuable
insights for its intelligent development.
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1. Introduction

Visual communication design is the design of information
transmission with the help of media tools. Nowadays,
people are in the era of Internet development, and visual
communication design takes the network as its activity
space to carry out design activities in various fields to
meet the needs of all kinds of people. As an active user
group of the Internet, youth fun community has special
requirements for visual communication design. This group
and visual communication design interact with each other
through the network. Moreover, as the main force of the
network, they pin their emotions on the network, forming
a unique youth interest culture. Visual communication de-
sign uses media and the internet to convey information [1].
Computer-aided design software is widely used for creat-
ing 3D models and 2D renderings in visual communication
[2]. There are many natural restrictions for conventional
approaches to extract design elements from visual com-
munication designs. They can be summarized into three

categories.

Visual Communication Design finds extensive appli-
cation across various disciplines. In advertising, visual
communication enhances appeal and strengthens brand-
audience interaction. This paper enhances YOLOV7 using
an SE attention mechanism to improve small target de-
tection in visual elements, evaluation, and experimental
validation. Classical visual communication algorithms rely
on manual features, limiting robustness and generalization.
Deep learning improves feature learning but still faces chal-
lenges in small object detection. This paper combines deep
learning algorithms to improve the YOLOV? target recog-
nition method, adds SE attention mechanism to make the
improved model more suitable for the detection and ex-
traction of small target features in visual communication
elements, trains the target detection model and evaluates
the training results. In addition, this paper carries out the
experiment of visual communication element feature target
recognition.
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2. Related works

(1) Visual information processing: Visual information is
perceived from the environment and recognized through
stored memory [3]. KMS research focuses on knowledge
creation, sharing, and reuse but often lacks a complete
framework [4].

(2) Integration of image and visual communication art: Im-
ages enhance visual communication by conveying infor-
mation effectively [5]. To improve the robustness of visual
models used in image-based communication systems, data
augmentation techniques are commonly applied during
preprocessing. Rotation improves orientation recognition;
noise enhances robustness and generalization. Reference
[6] pointed out that according to the investigation and prac-
tice, dynamic visual systems outperform traditional design
in recognition and transmission.

(3) Variable visual identity design: Reference [7] explores
variable brand identity design balancing identity and
diversity in branding effectively. Reference [8] applies
Gestalt principle, categorizing variable brand identity
into four adaptive morphological design types. Unlike
other attention-based object detection techniques, the IM-
YOLOV? algorithm implements a dual-branch framework
that considers both the spatial features and semantic de-
pendencies simultaneously. These studies offer theoretical
basis but lack practical implementation details for variable
brand identity design, causing fragmentation between the-
ory and application.

3. Algorithm model

3.1. Feature recognition

Deep learning detection models include one-stage (YOLO,
SSD) for speed but lower accuracy, and two-stage (R-CNN,
Faster R-CNN) for higher accuracy using candidate regions.
YOLOV? is a one-stage detector predicting bounding boxes
and class probabilities, improving accuracy and efficiency
through enhanced feature aggregation compared to earlier
versions.

Fig. 1 shows YOLOv7 with backbone for hierarchi-
cal feature extraction, neck for multi-scale feature fusion,
and detection head for predicting bounding boxes, confi-
dence, and class probabilities. YOLOV7 has average per-
formance in small target detection, so this paper improves
the YOLOV? target detection model and adds SE attention
mechanism. The SE attention module is integrated after
each convolutional block in the backbone network. Squeeze
uses global average pooling and fully connected layers to
capture channel dependencies; excitation applies sigmoid
weights for adaptive feature recalibration of input maps. In
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Fig. 1. Architecture of YOLOvV7 showing backbone, neck,
and detection head for multi-scale object detection

the squeeze stage, global average pooling summarizes each
channel into a feature vector. The principle of SE is shown
in Fig. 2. Attention mechanism can be intuitively explained
as a way by which the network decides on how to give
more importance It assigns higher weights to important
channels and lower to irrelevant ones, improving feature
discrimination and enhancing performance on complex,
fine-grained visual communication datasets.

In addition to its computational function, the SE at-
tention can also be considered as a feature recalibration
method channel by channel

IM-YOLOV? integrates SE-enhanced backbone and dual-
branch design combining YOLOvV7 detection with TCN-
GRU-Self-Attention for parallel spatial and semantic fea-
ture extraction.The IM-YOLOv7 model proposed in this
article adopts a hierarchical fusion architecture:

1. Bottom level feature extraction: Add SE attention mod-
ules after each convolutional layer in the YOLOv7
backbone network to enhance sensitivity to small tar-
gets;

2. High level semantic fusion: The TCN+GRU+Self At-
tention combination module is used as a parallel
branch to parse the semantic associations of design
elements. The TCN+GRU+Self Attention is designed
as a sequential feature modeling framework. TCN
captures long-range dependencies, GRU models se-
quences, and self-attention highlights important tem-
poral features using weighted hidden states effectively.

The data augmentation includes rotation, flipping, Gaus-
sian noise, and multi-sample enhancement to improve vi-
sual communication image diversity and robustness [9].

1. Principle of image rotation: The principle of image ro-
tation is similar to the rotation process of a point in the
rectangular coordinate system around the coordinate
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Fig. 2. SE attention mechanism illustrating channel-wise
feature recalibration using squeeze and excitation
operations

origin. As shown in Fig. 3, P(x,y) in the rectangu-
lar coordinate system is rotated around the origin to

Q' y).

A Q(X',y')

v

Fig. 3. Rotation process diagram

Since the distance to the coordinate origin does not
change after rotation, the distance from P to the coordi-
nate origin is assumed to be R. Then, there are:

R:\/x2+y2=\/x’2+y’2 1)
x' = Rcos(ax + B) = xcos B — ysin B )
y' = Rsin(a + B) = xsin B + ysin B @

In digital image processing, images are stored in matrix
form, so the above formula can be expressed as:

cosp sinf 0
R=| —sinf cosp O )

0 0 1
2. Adding Gaussian noise to pictures of visual commu-
nication works: The probability density function of

Gaussian noise obeys a normal distribution, which has
two parameters mean u and standard deviation ¢, and
the expression is as follows:

1 X—u
) = = exp (5 @

YOLO dataset uses Images and Annotation folders; La-
beling annotates industrial design works focusing on sym-
bols, color zoning, and layout structure [10]. The proposed
automatic extraction algorithm is organized into a sequen-
tial processing pipeline to provide a clear understanding
of the overall framework. Images are preprocessed, fea-
tures extracted using improved YOLOv7 with SE attention,
detections predicted, and post-processing applied using
thresholding and non-maximum suppression.

The improved detection architecture is integrated with
the automatic extraction process through a modular de-
composition strategy. Each module improves feature re-
finement; SE-enhanced YOLOV7 ensures robustness for
small targets.

After completing the research and improvement of the
target detection model and the production of the data set
of visual communication works. The training process is
shown in

3.2. Stereo matching

Stereo matching, also called disparity estimation, finds
corresponding pixels in left and right images to generate a
disparity map, representing depth differences in a 3D scene.
When considering the extraction of elements of visual com-
munication design, stereo matching enhances feature repre-
sentation by exploiting spatial and structural relationships.
Depth and disparity information help distinguish overlap-
ping visual elements and improve separation of similar
objects. Stereo matching uses disparity and camera calibra-
tion to estimate depth, with traditional methods involving
cost computation, aggregation, and optimization.

1. Calculation of matching cost: Matching cost deter-
mines correspondence between left and right image
pixels, providing a quantitative measure for stereo
matching accuracy.

2. Cost aggregation: Cost aggregation improves stereo
matching accuracy by refining pixel costs using neigh-
boring information, mainly in local and semi-global
methods.

These parts of the existing stereo matching algorithms
are large together. Commonly used stereo matching algo-
rithms include matching based on AD, SAD, Census, etc.
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[11]. (1) AD: The simplest matching cost method compares
grayscale values between left and right images by fixing a
pixel, traversing corresponding pixels, and repeating the
process.

Cap(p,q) = [IL(p) + Ir(9)] @)

Among them, p and g are the coordinates of the pixel
points, and I (p) and Ir(q) are the grayscale values. If the
image is a color image, there is the following calculation
formula:

IF(p) + 1R (q) ©)

1
Can(p.q) =3 )y
i=R,G,B

(2) SAD algorithm: SAD is also a commonly used match-
ing cost calculation method. The basic flow of SAD algo-
rithm is as follows: 1) The algorithm inputs two rectified
left view L and right view R. 2) The algorithm scans the
left view L and selects a position to build a sliding window,
similar to the convolution kernel in convolution processing.
3) The algorithm covers L with this window and extracts

Yinjie Zhao

the pixel values in the area. 4) The algorithm extracts the
pixel values of the corresponding area of R again.

Csap(pg) Y,  i(m)+Ig(n)| @)

meN, nEN,

(3) Census transform method: Census transform
method is another widely used stereo matching cost cal-
culation method. The transformation process is shown in
Fig. 5. The transformation formula is:

T(9) = & &(I(p), 1)) ®)

meN,

Among them, p is the center pixel of the window, g is
the pixels other than the center pixel of the window, and
N represents the neighborhood of the center pixel p [12].

The matching cost calculation method based on Census
transform is to calculate the Hamming distance of the Cen-
sus transform values of the two pixels corresponding to the
left and right images, that is, the matching cost is [13]:
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Fig. 5. Census transformation process

4. Systems and tests

4.1. Model construction

A Java-based B/S architecture system with MySQL stor-
age is developed for style salience image classification,
enabling efficient style similarity retrieval and prediction
with accurate processing. The suggested system devel-
oped bearing scalability and real-time applicability in mind.
The YOLOV7 one-stage model with attention mechanism
enables efficient analysis of large visual communication
datasets, supports parallel computation, reduces cost, and
maintains robust performance across varying data distribu-
tions. The system follows MVC architecture: view handles
Ul display, controller manages HTTP requests and routing,
and model performs data operations including efficient
reading and storage. The schematic diagram of its system
technical architecture is shown in Fig. 6.
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Fig. 6. Schematic diagram of system technical architecture

The system uses modular design based on requirements
analysis to improve implementation efficiency and better
meet user needs. The overall functional architecture dia-

gram of the system is shown in Fig. 7.
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Fig. 7. Overall functional architecture diagram of the
system

The high system performance, clear definitions of the
development and operating environment requirements are
necessary, as they are critical for system operation and
efficiency. The system development environment configu-
ration of this paper is as follows:

Operating system: Windows11

Database: MySQL

Programming languages: Java, Html5, CSS, JavaScript

Frameworks: Flask, jQuery, Bootstrap

Development tool: Intelli JIDEA

Assistive tools: Navicat Premium15.

Model efficiency evaluated via inference time, runtime,
and hardware; YOLOv7-SE adds minor overhead while
maintaining real-time performance and scalability.

The system is designed for visual communication design
element analysis, focusing on symbols, layout structures,
and color regions. The system analyzes visual design ele-
ments using modular architecture for efficient processing,
deployment, and visualization across diverse scenarios.

The dataset includes annotated visual communication
elements from public and custom sources, with symbols
and graphics, balanced via augmentation and YOLO-
format normalized bounding box annotations.

4.2. Experimental results

IM-YOLOV?7 uses le-3 learning rate with scheduled decay,
early stopping, varied hidden layers, three dataset runs,
and averaged results in Table 1.

Sensor nodes

Visual
objectives

platform Database

Fig. 8. Experimental design ideas

The Cityscapes public dataset is used to compare and
evaluate the effects of different models under multi-modal
feature data. The experimental results are shown in Ta-
ble 2. The ablation study validates IM-YOLOvV? in two
stages: Stage 1 evaluates TCN, GRU, and Self-Attention
improvements.

Comparison of Baseline and Proposed Feature Performance
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Fig. 9. Comparison of feature-level performance between
the baseline model and the proposed IM-YOLOvV7 model

Fig. 9 presents a visual comparison between the base-
line model and the proposed IM-YOLOvV?7 across multiple
feature sets.

Table 3 shows IM-YOLOV7 outperforms other models
in F1 score, precision, recall, and accuracy, proving its effec-
tiveness and robustness in visual communication detection.

Table 4 shows that progressively adding TCN, GRU, and
Self-Attention modules consistently improves performance
across all metrics, highlighting their contribution to better
feature representation.

The contribution of individual feature components, a
visual comparison of ablation configurations is presented
in Fig. 10.

IM-YOLOV?7 is tested via MATLAB simulation; fifteen
groups evaluate user experience and feature recognition,
with results shown in Table 5.
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Table 1. Performance parameters of the model under different hidden layers

Sequence Model F1 Specificity ~ Precision Recall =~ Accuracy
1 CNN 0.683 0.714 0.663 0.724 0.704
2 GRU 0.663 0.693 0.704 0.642 0.673
3 LST™M 0.785 0.806 0.765 0.806 0.795
4 TCN (all) 0.775 0.795 0.724 0.846 0.785
5 TCN (sentence)  0.806 0.826 0.755 0.867 0.816
6 CNN-Attention  0.744 0.775 0.693 0.795 0.765
7 GRU-Attention ~ 0.836 0.867 0.795 0.877 0.857
8 BiAttention-GRU  0.918 0.928 0.928 0.908 0.908
9 IM-YOLOv?7 0.938 0.959 0.959 0.918 0.928

Table 2. F1 value, specificity, precision, recall and accuracy indicators of multimodal data

Sequence Layer F1 Specificity ~Precision Recall Accuracy

1 3 0.530 0.612 0.581 0.489 0.561
2 4 0.795 0.693 0.724 0.877 0.755
3 5 0.938 0.959 0.959 0.918 0.928
4 6 0.918 0.928 0.928 0.908 0.897
5 7 0.918 0.928 0.928 0.908 0.908
6 8 0.908 0.918 0.918 0.897 0.897

Table 3. Performance comparison with state-of-the-art object detection models

Model F1Score Precision Recall Accuracy
YOLOv7 [10] 0.918 0.928 0.908 0.908
YOLOVS [5] 0.925 0.935 0.910 0.915
DETR [7] 0.910 0.920 0.900 0.905
IM-YOLOv7 0.938 0.959 0.918 0.928

Table 4. Comparison of time performance and performance with different superpixel methods

Sequence Model F1  Specificity —Precision Recall Accuracy
1 TCN (all) 0.775 0.795 0.724 0.846 0.785
2 TCN (sentence) 0.806 0.826 0.755 0.867 0.816
3 TCN (sentence)+GRU 0.836 0.857 0.806 0.877 0.846
4 TCN (sentence)+GRU+Self-Attention  0.908 0.928 0.918 0.908 0.897
5 IM-YOLOV? 0.938 0.959 0.959 0.918 0.928

Table 5. User experience evaluation results

Number User experience Number User experience Number User experience

1 0.925 6 0.878 11 0.926
2 0.900 7 0.906 12 0.884
3 0.916 8 0.891 13 0.881
4 0.929 9 0.890 14 0.882
5 0.874 10 0.883 15 0.899

Table 6. The evaluation process, mean Average Precision (mAP) and Intersection over Union (IoU) metrics

Model mAP@0.5 mAP@0.5:095 IoU

YOLOv7 0.872 0.621 0.68
IM-YOLOv7 0.935 0.701 0.78
4.3. Analysis and discussion performance of the proposed IM-YOLOv7 model, several

limitations should be acknowledged. The study has limita-
IM-YOLOV? outperforms CNN, GRU, LSTM, TCN in accu- tions including dataset bias from general-purpose sources,
racy, precision, recall, and F1 score. Despite the promising
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Fig. 10. Ablation study illustrating the contribution of
individual feature components to overall model accuracy

restricted evaluation on industrial design elements, and
sensitivity.

Table 3 shows IM-YOLOvV7 improves performance step-
wise with GRU, Self-Attention, and YOLOvV?, enhancing
accuracy, precision, recall, and F1 score.

Model Performance Improvement Over Iterations

74

72
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Fig. 11. Accuracy improvement curve showing
convergence behavior of the proposed IM-YOLOv7 model
during training

The training convergence behavior of the proposed
model is illustrated in Fig. 11. The performance trend
demonstrates a steady improvement in accuracy over train-
ing iterations. IM-YOLOV7 improves feature representa-
tion through SE block enhancing small object features, TCN
capturing structural relationships, and GRU modeling con-
textual dependencies, collectively refining sequential ex-
traction and strengthening overall detection performance.

5. Conclusion

This paper proposed an automatic extraction algorithm
for visual communication design elements based on an
improved deep learning framework. The YOLOv7 model

was enhanced by integrating the SE attention mechanism
to improve the detection ability of small and complex vi-
sual elements. In addition, a hybrid feature extraction
structure combining TCN, GRU, and Self-Attention mod-
ules was introduced to strengthen semantic and contex-
tual feature learning. The proposed IM-YOLOv7 model
effectively improved feature representation capability and
detection robustness in complex visual communication sce-
narios. Experimental results showed that the proposed
model achieved better F1-score, precision, recall, accuracy,
and mAP values compared with existing baseline mod-
els such as CNN, LSTM, GRU, YOLOv7, YOLOvS, and
DETR. The ablation experiments further confirmed that
each added module contributed positively to the overall
system performance and feature discrimination ability.
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