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ABSTRACT Current visual design for agricultural product brands often suffers from a lack of clear
cultural semantic guidance, resulting in generic styles and blurred regional characteristics. Specifically, this
manifests as a weak connection between design elements and the cultural connotations embodied by the
brand, as well as insufficient semantic alignment with the regional cultural structure, making it difficult to
accurately map regional cultural concepts into corresponding visual expressions. This article introduces
a StyleGAN3 visual generation method guided by semantic embeddings to enhance the personalized
expression of Hebei Province’s agricultural product brands (grain, fruits, vegetables, and livestock). It
first employs TF-IDF and LDA to extract brand names, product categories, regional symbols, and value
positioning, forming structured semantic vectors. These vectors are then hierarchically mapped and fused
into the StyleGAN3 latent space via a semantic-driven intervention path to fine-tune visual elements like
structure, texture, and color. Finally, a style transfer mechanism, using Hebei regional brand images as
target samples, adjusts the StyleGAN3 output to ensure the stable expression of regional cultural visual
characteristics. Experimental results confirm the method’s effectiveness , showing a maximum SSIM of
0.879, an average semantic consistency of 0.841, and an average FID score of 14.70. The conclusion
demonstrates that the proposed method significantly improves the visual design effect, promoting the
development of agricultural product brands in a more regional and personalized direction, a benefit that

can also support surface-pattern and packaging-layout generation under clear semantic constraints.
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I. INTRODUCTION

ITH the rapid development of digital technology,
Wpersonalized brand visual design has become a cru-
cial means for companies to express their brand value and
enhance market awareness, a trend equally vital in the
textile industry where digital printing and 3D visualization
enable unprecedented customization of fabrics and apparel
to meet individual consumer demands [1,2]. In particular,
as China’s rural revitalization strategy continues to deepen,
agricultural branding urgently needs to balance the unifica-
tion of visual imagery with the differentiation of regional
culture. Currently, most agricultural product brands are lim-
ited by design resources, resulting in homogeneity in visual
expression, a lack of cultural symbols, and a generalized
style [3,4]. In the small-sample, weakly labeled agricultural
product brand design scenario, insufficient data limits the
generalization capabilities of deep learning models. Weak
labeling also leaves cultural symbols and product category
labels incomplete or ambiguous, leading to style drift and
semantic mismatch in the output of generative models,
making it difficult to meet the needs of personalization and
localization.
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Current research on personalized brand visual design is
mainly focused on improving the accurate communication
of brand information and design efficiency, and promoting
the development of brand visual systems towards intelli-
gence and efficiency [5-7]. In response to the limitations of
information communication in existing agricultural product
packaging, Zhao Ziping accurately conveyed product in-
formation by visually arranging a reasonable combination
of color, graphics, and text based on Computer Aided
Design (CAD), and verified the feasibility of the model
through dynamic characteristics and color saturation tests
[8]. Manavis Athanasios emphasized the use of modern
CAD systems and computational design technologies for
brand design customization. Through case studies, it was
shown that the proposed method provided great flexibility
in design and manufacturing, and many design alternatives
could be obtained in a very short time [9]. The further
development of Deep Learning (DL) and machine learning
has further improved the effect of brand visual design
[10,11]. To fully understand the specific visual attributes in
product images and provide more precise market analysis,
Hou Min promoted intelligent product visual design by
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extracting sampling features from product images using
advanced machine learning technology [12]. Cai Yulin
used the ResNetl01 (Residual Network-101) model and
the improved artificial bee colony optimization model to
realize brand visual communication design. By selecting
features and processing visual and textual elements in the
environment, visual effects were created from natural lan-
guage, which enhanced the brand image [13]. Hou Xugang
applied DL technology to optimize image processing in
visual communication design and proposed an innovative
algorithm based on convolutional neural networks to im-
prove image quality and artistic expression. The results
showed that the proposed method could effectively solve
the challenges of image resolution, color optimization, and
content generation, and improve processing efficiency and
intelligent capabilities [14]. To create new visual designs
that span the visual feature space, Sisodia Ankit developed
a disentanglement method based on DL using variational
autoencoders to automatically discover and quantify human-
interpretable visual features directly from product image
data. The results showed that it could automatically discover
interpretable visual product features and generate new ideal
point designs for specific consumer groups [15]. Existing
research includes CAD methods that can optimize color,
graphics, and text layout, but they rely on manual rules
and lack automatic generation capabilities. DL methods can
improve image processing and feature extraction accuracy,
but they often focus on post-processing and struggle to
directly control the binding of semantics and style within
the generation mechanism. Overall, while these studies
have made significant progress in visual image processing,
current methods primarily focus on feature extraction and
image reprocessing, lacking deep modeling and style control
capabilities within the generation mechanism itself.

In contrast, the StyleGAN (Style-Based Generative Ad-
versarial Network) series of models has stronger style di-
versity and detail generation capabilities. With the rapid
development of StyleGAN in the field of image genera-
tion, researchers have begun to apply it into brand visual
design generation. GAN (Generative Adversarial Network)
supports high-quality image output and aesthetic style trans-
fer, providing strong support for the personalization and
intelligence of visual content generation [16,17]. To improve
the innovation and attractiveness of brand aesthetic visual
design, Burnap Alex combined the probabilistic variational
autoencoder with the adversarial component and supervised
learning component of GAN, and trained it using high-
quality images evaluated by target consumers. Test results
showed that the proposed model predicted the attractiveness
of new aesthetic designs well, with an improvement of
43.5% compared to the unified baseline [18]. Jung Jaewon
proposed a new GAN framework that accepted a series
of source images representing different fashion categories
as input and generated a compatible visual design project,
benchmarking the model with existing baselines. The results
showed that the proposed model framework successfully
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generated visual design projects that were compatible with
the input projects, thus advancing the development of
the field of personalized brand image generation [19]. To
improve design efficiency and break the design process
of product innovation and design thinking, Su Jianning
proposed a style-oriented method for intelligently generat-
ing creative product concepts. By training the StyleGAN3
generative adversarial network to generate product images
in various styles, a stable diffusion model was applied to
optimize and innovatively generate the obtained images.
The results showed that the constructed intelligent prod-
uct creative concept generation method system helped to
efficiently promote product concept design solutions [20].
Esan Dorcas Oladayo combined StyleGAN with Visual
Geometry Group 19 (VGG19) and Neural Style Transfer
(NST). StyleGAN was used to generate high-quality images;
the VGG19 model was used to extract features from images;
NST was used for style transfer. The dataset results showed
that artists could use the proposed method to generate
various artistic styles with less effort without losing key
visual features [21]. While StyleGAN effectively promotes
innovation and style diversity in visual image generation,
existing applications predominantly rely on hierarchical
training of visual features, severely lacking a cross-modal
mapping mechanism from text semantics to visual style; this
fundamental limitation is highly relevant to the textile indus-
try, where the absence of a robust text-to-visual link hinders
the multi-regional cultural comparison and optimization of
user subjective perception in personalized pattern creation.

To promote the integration of personalized and regional-
ized visual design for agricultural product brands, this article
constructs a StyleGAN3 generation framework guided by
semantic embedding. Key innovations include:

1) cross-modal semantic embedding mechanism: this
mechanism extracts core semantic dimensions from brand
text using TF-IDF and LDA, encoding them into high-
dimensional semantic vectors to achieve precise alignment
of semantics and style;

2) semantic-driven latent space layered intervention: this
mechanism maps and integrates semantic vectors into Style-
GAN3 latent variables, controlling composition, texture,
color, and pattern at different generation layers;

3) regional style adaptation module: this module con-
structs a style transfer pathway between the StyleGAN3 pre-
training domain and the target domain of Hebei agricultural
product packaging styles, and applies a style consistency
discriminator and a subjective evaluation feedback mecha-
nism to ensure that the generated images possess both visual
quality and cultural stability.

Il. SEMANTIC-GUIDED STYLEGAN3 PERSONALIZED
BRAND VISUAL GENERATION METHOD

A. CROSS-MODAL ALIGNMENT OF BRAND STYLES
BASED ON SEMANTIC EMBEDDING

This article studies representative agricultural product
brands in Hebei Province. By constructing a semantic em-
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bedding mechanism based on cross-modal alignment, brand
names, product categories, regional cultural symbols, and
brand value positioning information in brand text descrip-
tions are transformed into semantic vectors in a continuous
embedding space. A mapping relationship between these
vectors and the visual style space is established, achieving
structured alignment between language and vision, as shown
in Figure 1.

The structured extraction of brand semantics is based on
representative agricultural product brand data from 11 cities
in Hebei Province, covering three categories: grain, fruits
and vegetables, and livestock. Natural language processing
technology is used to pre-process the text: stop words
are removed; named entities are standardized; a keyword
set related to the brand tone of agricultural products is
extracted. TF-IDF and LDA topic models are used for joint
analysis to identify four core semantic dimensions: brand
naming, product types, regional cultural symbols, and brand
value positioning. Each dimension has several semantic tags,
forming a structured semantic space. The TF-IDF and LDA
used in this paper are merely tools for structuring textual
information such as brand naming, product categories, and
textual descriptions, used to construct a semantic tag set for
the text. Regional cultural symbols are essentially visual
style features and cannot be directly inferred from text
theme models. Therefore, after text structuring, this paper
introduces a CLIP image encoder, a regional style adaptation
module, and Gram matrix style statistics to model the
texture, color distribution, composition type, and cultural
imagery in agricultural product packaging samples from
Hebei Province, obtaining “truly meaningful regional cul-
tural symbols” from the visual perspective. Finally, cross-
modal semantic vectors are constrained by cosine similarity,
style loss, and a style consistency discriminator, enabling
structural alignment between text semantics and regional
cultural visual features in the same semantic space.

To achieve structured input, the brand semantic informa-
tion is uniformly converted into a nested structure composed
of several semantic tags:

T = {ti}in

()
ti € Tagname U Tagtype ) Tagsymbol ) Tagvalue-

Tagname> T'ageypes T 0gsymbol, and T'agyalue rEpresent the
semantic tag sets related to brand naming, product types,
regional cultural symbols, and brand value positioning,
respectively. Each semantic tag is embedded through the text
encoder of CLIP (Contrastive Language-Image Pre-training)
and converted into a high-dimensional semantic vector:

v; = Byexi (ti), vi € R 2)

To integrate the term weights of TF-IDF and the
topic distribution of LDA, this paper adopts a weighted
concatenation-projection normalization strategy. First, TF-
IDF vectors and LDA topic probability vectors are calcu-
lated for the preprocessed brand text. Then, the two are
aligned semantically: only the dimensions corresponding
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to keywords belonging to the four cultural dimensions are
retained, forming sparse subvectors. The two vectors are
concatenated and mapped to a 512-dimensional unified
semantic space through a shared linear projection layer,
and then normalized using LayerNorm to obtain the final
structured semantic vector. Finally, all semantic vectors are
averaged and combined to form a brand semantic feature
vector:

1 n
Ubrand = ﬁ Z Vi (3)
=1

The image data includes the original packaging images of
agricultural product brands and brand illustration materials.
The resolution is uniformly resampled to 1024 x 1024 and
stored in a lossless format to retain detailed information.
A four-dimensional annotation system is designed: product
type, regional cultural elements, main color, and composi-
tion structure. Among them, the annotation of regional cul-
tural elements includes visual symbols of intangible cultural
heritage or folk background; the composition structure uses
a grid division method to divide the image into nine-square
grid areas and annotate the spatial distribution pattern of the
core elements of the logo, main image, and text area; the
main color extraction is completed in the Lab color space.

The CLIP image encoder is used to process brand visual
samples, so that the text semantics and image style can be
matched similarly in the same space, and the visual vector
representation is extracted [22,23]:

Vimg = Eimg(I), Vimg S Rd. (4)

By calculating the cosine similarity between the text vec-
tor vprang and the image visual vector vy, the semantic-
visual consistency loss is defined:

Lalign =1- COS(Ubran(h Uimg) =1- M (5)
[[Vbrand ||| Vimg||

During the training phase, by minimizing L,jgn, the
semantic vector and the image style vector are forced to
aggregate in a high-dimensional space, thereby achieving
style alignment between brand semantics and visual expres-
sion. To further enhance the semantic-driven style control
capability, this article applies a contrastive learning loss
function to optimize the multimodal embedding space, using
positive and negative samples to build a contrast relationship
and enhance the discriminability of semantic expression. For
a positive pair (matching image and semantic description)
(I'",T*) and a negative pair (I~,T), the contrastive loss
is defined:

exp(cos(v;and, vf{ng)/r)
Z?:l exp((:C)S(Ul;i_rza.nd7 ’Uijmg)/T)

7 is the temperature coefficient, which is used to adjust
the contrast sensitivity; k is the number of negative sam-
ples. This loss encourages the model to move the correct
matching pairs closer and the incorrect matching pairs

farther apart in the embedding space, thereby improving the
discriminability and accuracy of semantic mapping.

(6)

Lcontrast = - log

5011



JOURNAL
¢ ORG

AE

X. Han

N . Embedded space
Text feature extraction

» | Preprocessing }» C

Text materials of
agricultural product brands

o : v
Original pack
images Conv

>
Brand illustration
materials

Brand visual sample

Text
encoder

Image
encoder

Decoder

Text and visual pair

FIGURE 1. Cross-modal alignment of brand style

To enhance the semantic interpretability of the vector
representation, a label subspace Sorganic 1S constructed in
the embedding space to support the control of style transfer.
The style vector sgy1e is used as the style benchmark in
subsequent regulation:

Utarget = AL Ubrand + A2 - Sstyle T Az - Sorganic- @)

Utarget indicates that the final generated style is the
weighted result of multiple semantic components, which is
used to regulate the influence of each semantic component.
TF-IDF and LDA are not directly used to

drive the visual structure, texture, and color control
of StyleGAN3, but rather to perform high-level semantic
structured division of information such as naming, category,
and value positioning in brand text. The high-dimensional
semantic vectors generated by the CLIP text encoder are the
ones that truly participate in latent space regulation. Existing
research shows that CLIP embedding can form stable,
decoupled semantic directions in GAN visual generation,
which can be used to adjust texture, color, and even local
structure [24,25]. Based on this, this paper encodes regional
cultural keywords as CLIP-compatible cues and anchors
them to the corresponding frequency band of StyleGAN3
through a hierarchical intervention mechanism, thereby en-
suring the controllable influence of high-level semantics on
low-level visual features. Therefore, TF-IDF and LDA in
this paper only serve as semantic label selectors, their role
being to improve the interpretability of semantic dimen-
sions, rather than directly controlling visual generation.

B. STYLEGAN3 BRAND VISUAL REGULATION

After the brand style alignment mechanism of semantic
embedding is constructed, the brand visual generation ar-
chitecture is constructed based on StyleGAN3, as shown in
Figure 2.

By applying a semantic-driven latent space intervention
path, the established semantic vector guidance is effectively
transformed into a specific and controllable visual output.
StyleGAN3 is an important improved version after Style-
GAN2. Its generator G consists of two parts: a mapping
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network f and a synthesis network g. Its overall structure
is as follows:

w= f(z), Z=gw). 8)

z ~ N(0,1) is Gaussian noise input; w € W is the
latent variable; 2 is the generated image. Unlike the previous
generation model, StyleGAN3 cancels the explicit position
encoding and relies on full convolution replacement opera-
tion to maintain higher translation equivariance. Based on
StyleGAN3-T as the basic architecture, this article applies a
semantic intervention path to address the style controllability
and semantic consistency issues in agricultural product
brand design, expands the controllability of the latent space,
and realizes the direct mapping of brand semantics to visual
style generation.

The generation process of StyleGAN3 starts with a ran-
domly sampled noise vector z € R?, which is converted
into a latent vector w € W through a multi-layer mapping
network, that is, w = M (z) [26,27]. To make the brand
semantic vector vnranq have a substantial impact on the
generation process of StyleGAN?3, the semantic vector in the
embedding space is mapped to the offset vector of the latent
variable space W and fused with the randomly sampled
original latent variable wq:

Wsemantic = Wo + & - M('Ubrand)' (9)

M : R* — R™ Y represents the nonlinear mapping
network from the semantic vector to the latent vector
dimension; n is the number of StyleGAN layers; C' is the
dimension of the latent variable in each layer; « is the
control intensity parameter. This path realizes the structural
mapping from the semantic embedding space to the latent
variable space, so that the brand characteristics not only
exist as auxiliary information, but also directly participate
in the latent variable generation process, controlling the
expression of style attributes from the root.

This paper constructs a frequency-segmented-layer map-
ping mechanism, which decomposes the high-dimensional
semantic feature vector s € R% into three sub-vectors
according to the visual generation frequency characteristics,
and injects them into different layers of the StyleGAN3
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FIGURE 2. Semantic-guided StyleGAN3 architecture

synthesis network respectively: Low-frequency structure
control: Extracts the dimensions related to “product type”
and “regional natural imagery” from the semantic vector,
maps them to an offset Awjo,, € R?!? through a lightweight
MLP, and injects them into layers 4-6 of StyleGAN3
(corresponding to resolutions of 162-322), thereby regu-
lating the global shape and meta-structure. Basic layout;
Mid-frequency style control: Focusing on the semantic
dimensions of “folk color spectrum” and “craft patterns”,
Awpiq 18 generated independently via MLP and applied
to layers 7-10 (642-1282). The channel mean and vari-
ance are modulated through the AdaIN module to achieve
semantic alignment between the main color and surface
texture; High-frequency detail control: Fine-grained labels
such as “festival symbols” and “intangible cultural heritage
patterns” are extracted, mapped to Awyjen, and injected
into layers 11-14 (2562-1024%) to enhance the pixel-level
restoration accuracy of cultural symbols. Specifically, let the
original latent variable be w = [wy,ws, - - ,wi4]”, where
w; € R5'2 is the style vector of layer I. This paper defines
the hierarchical intervention function:

wy + Alow * Mlow(sstruct)7 l € [43 6]7
mid * Mmi style )/ le 77 10 )
wl = Wy + Qmid d(Sstyle) [ } (10)
wy + Onigh * Mhigh (Sdetail), [ € [11,14],
wy, otherwise.

Where M is the nonlinear mapping network (two-layer
MLP, ReLLU activation) for the corresponding frequency
band, « € [0, 1] is the learnable modulation intensity param-
eter (initially set to 0.05, fine-tuned by gradient descent), and
Sstruct»> Sstyle> Sdetail are sub-vectors obtained by slicing the
total semantic vector s according to predefined dimensions.
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To achieve hierarchical semantic control, this article ap-
plies different semantic weights to the latent variables of
different layers so that the semantic information affects the
low-frequency structure such as the composition of the im-
age, the medium-frequency style such as texture and color,
and the high-frequency details of the pattern: the synthesis
network g of StyleGAN3 receives the hierarchical control
input of Wsemantic and controls the generation features of
different layers. A hierarchical modulation mechanism is
adopted:

F = AdaIN(ala ¢l (wsemantic))~ (11)

In Formula 10, F; is the feature map of the [-th layer;
a; is the activation value of the current layer; ¢; is the
control mapping network of the corresponding layer; AdaIN
represents adaptive instance normalization, which is used to
control style information. Its formula is [28,29]:

z = plx)
o(x)
w(-) and o(-) represent the mean and standard deviation

calculation, respectively, and y = ¢;(Wsemantic) provides

the control parameter. By driving the AdaIN module with
semantic vectors, the control of semantic features in the
spatial structure, color style, and graphic language visual
dimensions can be achieved. To ensure that the latent space
intervention path effectively acts on the generation task,
the semantic consistency loss Lge,, and the style diversity
preservation loss Lg;, are further combined, and the joint
optimization objective is [30,31]:

ménmgx Loan(G, D) + A1+ Lsem + A2 - Ldiv-

AdalN(z,y) = o(y) - +uly).  (12)

13)

Lsem =1~ COS(fCLIPfimg(G(wsemantic))a 'Ubrand)~ (14)
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Ldiv = ]Ewl,wg “|G(’LU1) - G(U)Q)”g] . (15)

Lgan is the basic adversarial loss; Lg.,, measures the se-
mantic similarity between the generated image and the target
semantics; diversity is maintained through Lg;,. Through the
semantic-driven latent space intervention mechanism, the
brand semantics are precisely mapped to the StyleGAN3
latent space. While maintaining the high fidelity and struc-
tural coherence of StyleGAN3, the style expression of the
generated image is controlled to make it deeply consistent
with regional cultural characteristics, brand positioning, and
packaging application requirements.

C. DESIGN OF REGIONALI STYLE ADAPTATION
MODULE OFSTYLEGANS3

To solve the problem that the generated style is highly
dependent on the distribution of training data and it is
difficult to automatically capture the visual language with
regional cultural characteristics such as patterns, tones, and
symbols in Hebei agricultural product packaging, a style
transfer mechanism is constructed between the StyleGAN3
pre-training domain and the agricultural product brand target
domain. The regional brand image is used as the target
style sample, and the transfer mapping module is applied to
adjust the style vector in the original generation process of
StyleGAN3 to achieve style transfer. Semantic-driven latent
space intervention focuses on the structured alignment of
semantics and vision, ensuring that the generated content is
consistent with the input text in terms of composition, color
semantics, and cultural symbol categories. The regional style
transfer module aims to address the problem of style distri-
bution shift under small sample conditions, as relying solely
on semantic guidance is insufficient to stably reproduce
the unique visual texture of a region. Therefore, the style
transfer module extracts low-order statistical features from
real samples using a Gram matrix and injects them into
the middle layer of StyleGAN3 as an adapter to enhance
style fidelity without altering the high-level semantic layout.
These two modules respectively address the dimensions of
semantic consistency and style stability.

Unlike StyleGAN3's style blending or p-projection tech-
niques, which rely heavily on iterative optimization and have
poor generalization ability for small samples, StyleGAN3's
style blending simply switches different latent codes ran-
domly within the same training domain to enhance diversity,
while p-projection aims to inversely map a single image
back to the latent space, this proposed mechanism is geared
towards cross-domain style adaptation: under conditions of
scarce training data, multi-level texture statistical features
of the target domain are extracted using the VGG-19 Gram
matrix, and then fed forward into the style channels of the
StyleGAN3 middle layer using a lightweight StyleAdapter
module.

First, the style representation vector is extracted from the
target image. Considering that the regional brand style often
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has complex graphic textures and color distributions, the
pre-trained VGG-19 network is used to extract multi-layer
feature maps, and the global style statistics are calculated
through the Gram matrix. The style representation is defined
as:

Gi; = FirFj. (16)
k

G! € RY*C s the corresponding Gram matrix rep-
resenting the style of the target image at this layer. The
Gram matrices of multiple layers together constitute the
style representation set Giarger Of the target style image.
A StyleAdapter module is designed to map the target style
representation to the style vector space of

StyleGAN3. Assuming that the style vector in the gen-
erator is w € W, a transformation is learned through the
style mapping network Ty [32,33]:

w="Ty (gtarget)~ (17)

Based on the style transfer module trained with style
preservation loss and structure preservation loss, the gener-
ation path of StyleGANS3 is intervened and adjusted. The
output of the style mapping module @ is injected into
the middle-level style control channel of the StyleGAN3
generator to replace the default style path; while keeping the
underlying semantic driving control unchanged, the dual-
channel joint regulation of semantics and style is completed.
The updated generation path is expressed as:

Iyen = Gy (@, 2). (18)

G represents the StyleGAN3 generator after regulation.

Combined with the style consistency discriminator Dy,
whether the generated image meets the “regional brand
style” condition is determined. Together with the main gen-
erator, a conditional discriminant GAN structure is formed,
which is used to determine whether the generated image
meets the “regional brand style” condition. Together with
the main generator, a conditional discriminant GAN struc-
ture is formed, and its loss is [34,35]:

LGAN—style = EUOg Ds(Ireal)]+E[1_10g Ds(lgen)]' (19)

Through adversarial training, the style injection process
is continuously optimized, so that the generated image is
visually closer to the expression style of the real regional
cultural brand.

lll. EVALUATION OF BRAND VISUAL DESIGN
GENERATION EFFECT

A. EXPERIMENTAL SETTING

To verify the effectiveness of the proposed semantic-guided
StyleGAN3 personalized brand visual generation method in
agricultural product brand packaging and illustration design
tasks, the experiment selects representative geographical
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indication agricultural products from four regions in Zhaox-
ian, Shenzhou, Handan, and Anxin of Hebei Province as
research objects: pears, peaches, millet, and salted duck
eggs. The visual data mainly comes from the Open Images
Dataset and the public promotional materials of agricultural
product brands. The Open Images Dataset is first used for
preliminary training of the model. To improve the model’s
ability to generate regional cultural characteristics, prod-
uct image materials are collected and processed from the
public promotional materials of agricultural product brands
in Hebei Province, and the text descriptions are derived
from the China National Geographical Indication Prod-
uct Recognition Announcement. All samples have passed
keyword screening and manual semantic verification. All
samples have passed keyword screening and manual se-
mantic verification. Fifteen sets of image-text pairings are
constructed for each category. The images are uniformly
cropped and resampled to 1024x1024 resolution, using
bicubic interpolation to maintain edge clarity. Basic data
information is shown in Table 1:

Key model training parameters are shown in Table 2:

Three comparison methods that are highly relevant to the
task of this article and based on open source implementa-
tions are selected:

(1) StyleGAN2+CLIP guided generation CLIP is used on
StyleGAN?2 for latent vector guidance, but the regional style
transfer module is not included.

(2) StyleGAN3+basic text condition generation Text con-
ditions are directly added to StyleGAN3 without applying
the cross-modal semantic alignment mechanism of this
article.

(3) AttnGAN (Attentional Generative Adversarial Net-
work)

A fine-grained text-image attention mechanism is used to
generate illustrations and packaging elements. All methods
use the same input text and the same environment to run,
and the output images are uniformly post-processed to the
color space.

B. EVALUATION METRICS

To verify the effectiveness of the proposed semantic-
guided StyleGAN3 brand visual generation method, a multi-
dimensional evaluation combining quantitative and subjec-
tive evaluation is conducted on the four dimensions of visual
quality, semantic consistency, feature preservation, and style
matching.

1) Visual Quality Evaluation

Peak signal-to-noise ratio (PSNR) and SSIM are used to
measure image structure and clarity at the visual quality
level, where SSIM is defined as:

(2upty + €1)(204y + c2)
(3 + 15 + c1)(0F + 0y + c2)

SSIM (z,y) = (20)
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2) Semantic Consistency Evaluation

Semantic consistency aims to evaluate whether the generated
image is consistent with the input brand semantic vector.
The image-text alignment model CLIP [36] is applied as
the evaluation basis. The input brand description text and the
generated image are simultaneously mapped to the shared
embedding space, and the cosine similarity is calculated as
the semantic consistency indicator:

Ssemantic = COS(¢text (T)a qbimage(lg))
— ¢text (T) i ¢ilxlage(lg) (21)
H(btext (T) || ||¢image(lg) || .

Grext(-) and @image(-) represent the text and image
encoders in CLIP, respectively. The value range of this
indicator is [—1, 1]. The closer to 1, the closer the image
semantics is to the text target.

3) Feature Retention Evaluation

Combined with the regional cultural visual feature library,
the expression degree of detailed texture, pattern layout, and
cultural symbol form in the generated image is measured,
and the elements in I, are predicted using a multi-label
image classification model. Assuming that the predicted
label is y, and the manually labeled label is y, the multi-
label average Fl-score is used as the indicator:

2-P-R

Flogiure = " 22
1t PR (22)
p— 190yl 23)

|91

T
r= 904 (24)

]

This indicator comprehensively examines the coverage
completeness and recognition accuracy of regional features
in the image. The higher the value, the higher the cultural
preservation.

4) Style Matching Evaluation

Considering that brand design needs to be consistent with
the established style in terms of overall aesthetics, the FID
indicator is used to quantify the statistical distance between
the target style image set and the generated image set
[37,38]:

2

FID(gtargeta TS‘) = ||/u'gmrget — HT,
+Tr (Eg + X, (25)
- 2(tharget ETS ) 1/2) .

> represents the covariance matrix of the image set in
the Inception network. The smaller the FID, the more the
generated image conforms to the distribution characteristics
of the target style.
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TABLE 1. Basic data information

Agricultural product cate-  Cultural relevance characteristics Number of samples  Image size Text length (words)
gories

Pears Orchards in central Hebei, festival-style picking 15 1024 x 1024 28-40

Peaches A bountiful peach harvest, a pastel-green palette 15 1024 %1024 25-32

Millet Taihang Mountain planting, loess culture, and coarse pottery imagery 15 1024 x 1024 27-34

Salted duck eggs Wetland ecology, reed beds, and green grey eggshells 15 1024 x 1024 22-30

TABLE 2. Model training parameters

Module Parameter Specifications
CLIP Embedding dimension 512
Semantic alignment similarity threshold 0.75
StyleGAN3 Intervention layer range 4-14 layers
Intervention step size 0.05
Number of optimization iterations 500
Input resolution 1024 x 1024
Mapping network dimension 512
Number of style layers 14
Learning rate 2x103
Batch size 16
Optimizer Adam
Style transfer Content loss weight 1
Style loss weight 250

C. EVALUATION RESULTS

1) Visual Quality Results

The personalized brand visual design generation effect of
StyleGANS3 in this article is shown in Figure 3:

Figure 3 shows four examples of personalized agricultural
product brand visual designs generated using the semantic
embedding-guided StyleGAN3 generation method proposed
in this article. Each design corresponds to a different
agricultural product and regional cultural context. Figure
3A features pears as the main subject, combined with a
green background and landscape silhouettes, creating in-
tuitive product identity and regional reference. Figure 3B
depicts lush peaches, incorporating farmland, map outlines,
and landmarks into the background, visually structuring the
regional cultural information. Figure 3C presents plump,
golden millet against a backdrop of cascading farmland
and scattered villages, complemented by traditional patterns
symbolizing harvest and auspiciousness, seamlessly inte-
grating agricultural culture with product attributes. Figure
3D depicts salted duck eggs, a local specialty, set against
a waterside setting, fishing boats, and reeds, organically
integrating regional ecological elements with product char-
acteristics.

When evaluating the visual quality of generated im-
ages, the PSNR of different visual generation methods is
first compared. PSNR measures image accuracy and detail
fidelity, reflecting the degree of difference between the
generated results and the visual target. The results are shown
in Figure 4:

In Figure 4, higher PSNR values indicate that the gen-
erated design is closer to the reference image at the pixel
level, resulting in better visual quality. The PSNR results
in Figure 4A show that the semantic-guided StyleGAN3
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method in this article exhibits high PSNR values early in
training (iterations 0-150), reaching a final convergence
value of 34.2 dB. StyleGAN2+CLIP in Figure 4B shows
rapid improvement in the middle stages, but due to the lack
of a regional style transfer module, the final convergence
value is only approximately 30.0 dB. StyleGAN3+Text in
Figure 4C outperforms AttnGAN in improving PSNR, but
its final convergence value is 27.9dB. AttnGAN in Figure
4D achieves the lowest overall curve due to resolution
limitations and insufficient structure generation capabilities,
with a final convergence value of only 24.3dB.

The advantage of this method is mainly due to the combi-
nation of cross-modal semantic alignment and hierarchical
style control, which enables the generation process to effec-
tively guide the latent space distribution to converge towards
the target style in the early stage, thereby maintaining a high
PSNR performance throughout the entire training process.
In contrast, models lacking precise semantic guidance are
prone to detail loss or structural distortion in later iterations.
Other methods, within their constrained generation frame-
work, are less than ideal for capturing cultural symbols and
agricultural product details.

The SSIM metric is further applied to evaluate the degree
of feature preservation between the generated image and the
target reference, and to analyze the visual structure effects of
each model in packaging design and illustration generation,
as shown in Figure 5:

In Figure 5, higher SSIM values not only indicate that
the visual content is closer to the design goal. The com-
parison results show that the semantic-guided brand visual
generation method in Figure 5SA generally achieves higher
SSIM levels, reaching a maximum value of 0.879 after
training iterations. Its structural preservation and detail
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FIGURE 3. Visual design results: (A) Pear design results; (B) Peach design results; (C) Millet design results; (D) Salted duck egg
design results
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FIGURE 4. PSNR comparison: (A) PSNR of the proposed model; (B) PSNR of StyleGAN2+CLIP; (C) PSNR of StyleGAN3+Text; (D)
PSNR of AttnGAN

restoration performance are significantly superior to the
other three methods. In contrast, StyleGAN2+CLIP and
StyleGAN3+Text in Figures 5B and 5C converge faster in
the early stages, but their maximum values remain at 0.818
and 0.778, respectively. AttnGAN in Figure 5D exhibits
lower SSIM values overall, reaching a maximum of only
0.736, indicating its shortcomings in preserving the struc-
tural consistency of brand graphic elements and complex
textures. The main reason for this discrepancy is that the

VOL. 15, NO. 3, AUGUST 2026

proposed method applies semantic consistency constraints
and a cultural identity preservation module, enabling the
generative model to better align local structural information
while maintaining the overall style, avoiding issues such
as detail distortion and texture blurring. Other models, on
the other hand, lack structural fidelity optimization tailored
to brand visual requirements, resulting in distortion or
instability when generating complex symbols, typographic
layouts, and high-frequency textures. Overall, the proposed
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method achieves the most ideal structural preservation and
perceptual consistency, better meeting the stability require-
ments of brand visual design in printing and communication.

2) Semantic Consistency Results

In the semantic consistency assessment, the brand descrip-
tion text and the corresponding generated image are mapped
to the same feature domain. The cosine similarity metric is
then used to quantify the degree of semantic match between
the two, assessing whether the generated result accurately
conveys the target brand’s connotations and regional cultural
characteristics. The results are shown in Figure 6:

Figure 6 shows that the proposed model achieves optimal
semantic consistency across all four agricultural product
categories, achieving results of 0.845, 0.809, 0.881, and
0.827, respectively, with an average consistency of 0.841.
StyleGAN2+CLIP achieves semantic consistency of 0.792,
0.749, 0.811, and 0.750, respectively, with an average
consistency of 0.776. The average consistency results for
StyleGAN3+Text and AttnGAN are 0.729 and 0.642, re-
spectively. While StyleGAN2+CLIP possesses basic image-
text alignment capabilities, its latent space decoupling capa-
bilities are weaker than the proposed method. Its architecture
lacks support for deep understanding and refined control
of cultural semantics. StyleGAN3+Text relies solely on
textual cues for weak guidance, lacking deep semantic de-
coupling. AttnGAN’s attention mechanism is easily affected
by irrelevant features and cannot reliably capture regional
characteristics. In contrast, the semantic embedding-guided
framework proposed in this article encodes regional cultural
knowledge into computable semantic vectors and establishes
a hierarchical alignment mechanism within the latent space
of StyleGAN3. This achieves more precise semantic control
of the generation process and the coordinated expression of
regional characteristics and brand personality.
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3) Feature Retention Results

Fl1-scores are calculated based on analysis at three levels:
detail texture, pattern layout, and cultural symbols. The fea-
ture retention performance of the four models is compared
by combining color accuracy and feature coverage, as shown
in Figure 7.

In Figure 7, the proposed model significantly outperforms
the comparison methods in terms of feature retention. Its
F1 scores for detail texture, pattern layout, and cultural
symbols are 0.892, 0.847, and 0.913, respectively. Its color
accuracy and feature coverage are 0.941 and 0.887, re-
spectively, demonstrating its superior ability to reproduce
brand-specific visual morphemes. While StyleGAN2+CLIP,
StyleGAN3+Text, and AttnGAN can generate generally
usable images, their scores are significantly lower in detail
texture, pattern arrangement, and feature coverage.

This article’s StyleGAN3 constructs a structured align-
ment path between cultural knowledge priors and latent
space, enabling the model to actively integrate key regional
elements such as “patterns”, “colors”, and “imagery” dur-
ing the generation process, rather than relying on data-
driven statistical learning. Especially in situations where
visual semantics are sparse, CLIP cross-modal mapping and
prototype regularization finetuning achieve stable output of
cultural features. In contrast, other models lack explicit mod-
eling of regional culture and only capture surface statistical
patterns through general image-text matching or weakly
supervised learning, resulting in ambiguous expression of
cultural symbols, deviations from traditional color palettes,
and lack of folk logic in composition.

4) Style Matching Results

The FID performance of the proposed method is compared
with that of StyleGAN2+CLIP, StyleGAN3+Text, and At-
tnGAN on four representative agricultural products: “Pears”,
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“Peaches”, “Millet”, and “Salted Duck Eggs”. The results
are shown in Figure 8:

Figure 8 shows that the semantic embedding-guided
StyleGAN3 method proposed in this article achieves the
lowest FID value in all four categories of agricultural
products, with an average score of 14.70, which is lower
than StyleGAN2+CLIP (28.66), StyleGAN3+Text (24.04),
and AttnGAN (36.33), indicating that its generated images
are closest to regional packaging aesthetics in terms of
overall visual style distribution. Especially in the “Millet”
category, this article’s method achieves a score of only
13.86, demonstrating its strong ability to model regional
characteristics such as “Loess Culture” and “Coarse Pottery
Texture”. The excellent performance is due to the cultural
knowledge-driven generation mechanism constructed in this
article: by explicitly encoding semantics such as patterns and
folk color matching into the latent space, prior guidance

VOL. 15, NO. 3, AUGUST 2026

of style generation is achieved, effectively alleviating the
problem of style generalization under semantic sparsity. In
contrast, StyleGAN2+CLIP is limited by its latent space
decoupling capabilities, resulting in distorted textures; Style-
GAN3+Text, while having an advanced structure, lacks
semantic alignment training; AttnGAN, due to its unstable
attention mechanism, performs worst in complex cultural
contexts. The method in this article maintains stable low
errors across categories, verifying its ability to generate
high style consistency under conditions of visual semantic
sparseness, effectively improving the visual design effect of
agricultural product brands.
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IV. CONCLUSIONS

This article addresses the issues of visual semantic spar-
sity and style generalization in agricultural product brand
visual design by proposing a semantic embedding-guided
StyleGAN3 generation method, an approach that offers a
clear model for the textile sector to overcome similar chal-
lenges in translating complex regional narratives into pre-
cise, personalized fabric and clothing patterns. This method
incorporates CLIP cross-modal alignment and hierarchical
style manipulation. By building a structured alignment
mechanism between cultural knowledge and latent space,
semantic consistency and structural fidelity in the genera-
tion process are enhanced, achieving precise expression of
regional characteristics and brand personality. Experimental
results demonstrate that this article’s model achieves a final
PSNR of 34.2dB, significantly outperforming other com-
pared models. The average cosine similarity for semantic
consistency is 0.841, and the average FID for style matching
is 14.70, demonstrating that the generated images effectively
convey brand connotations. Furthermore, the visual style
closely aligns with the regional packaging aesthetics. This
article, by combining with StyleGAN3, effectively mitigates
the problem of style generalization in brand visual de-
sign through a cultural knowledge-driven generation mech-
anism, improving visual quality and semantic precision; this
methodology not only promotes the regional and individual
development of agricultural product brands in the context
of rural revitalization but also provides a blueprint for
the textile industry to similarly embed regional cultural
knowledge into personalized fabric and pattern design.
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