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Abstract With the development of intelligent design and computer-aided design technology, adver-
tising image generation has gradually received attention and over 70% of digital advertisers regard
automated creative generation as a key direction for improving efficiency and precision delivery. To
address the shortcomings of existing advertising design methods in feature extraction and optimization
efficiency, a novel advertising design image generation method combining hierarchical feature extrac-
tion and simulated annealing algorithm optimization is proposed. Research is based on a hierarchical
feature model to extract multi-scale semantic information from advertising images, and optimize layout
through simulated annealing algorithm to improve the visual consistency of design images. The exper-
iment outcomes show that the raised model has the highest mean fitness, especially in the first set of
hyperparameter settings, with mean fitness values of 3.00 and 2.95 on the training and testing sets, re-
spectively. Meanwhile, the standard deviation and coefficient of variation are significantly lower than for
other algorithms, with minimal fluctuations and the strongest robustness. In addition, among the three
types of advertising images for product promotion, brand promotion, and directive sign advertisement,
the generated advertising images have significant advantages in visual clarity, perceptual quality, and
other aspects. As shown in the directive sign advertisement, the mean square error, peak signal-to-noise
ratio, structural similarity, and learning perceptual image patch similarity of this model are 0.025, 66.97,
0.67, and 0.10, respectively, which are significantly better than the other two comparison methods. The
research results indicate that the raised model is suitable for scenarios that require high-precision image
generation, providing an effective solution for intelligent advertising generation.

Keywords: hierarchical features, simulated annealing algorithm, advertising design images, feature
extraction, perceived quality.

1. Introduction

Advertising design plays a crucial role in modern marketing, and its effectiveness directly
affects users’ perception and acceptance of the brand [7]. With the rapid advancement
of digital technology, advertising image generation is gradually shifting from traditional
manual design to intelligence and automation [15]. This change has injected new vitality
into the advertising industry, but also brought more complexity and challenges. Adver-
tising images not only need to have visual appeal, but also need to effectively convey
core information within a limited space, such as promotional content, brand identity,
and product features. How to achieve efficient design of advertising images and meet
diverse commercial needs has become a hot topic of concern for both academia and
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industry. In existing research, the introduction of deep learning technology has signifi-
cantly facilitated the advancement of intelligent advertising design. For example, models
based on generative adversarial networks and transfer learning have shown significant
effects in the fields of image generation and style transfer [10]. However, these methods
mainly focus on texture refinement or single feature optimization of images, making it
difficult to comprehensively handle the complex characteristics of multi-dimensional and
multi-level advertising images. In the generation of advertising images, it is not only
necessary to accurately extract design elements such as text, background, and subject,
but also to achieve coordination between visual elements through reasonable layout op-
timization [11]. Existing methods commonly suffer from incomplete feature extraction,
unstable generation quality, and low computational efficiency when dealing with complex
advertising scenarios.

Zhang et al. [22] proposed the Emocolor system, which achieved matching between
feelings and hues through hue arrangement recommendations based on emotional vo-
cabulary and images. This method combined interactive genetic algorithm to optimize
emotional color schemes, which could help professional designers generate color schemes
that met users’ emotional needs, and was successfully applied in fields such as adver-
tising design. The research results indicated that emotion driven color design could
significantly enhance the visual appeal and user satisfaction of advertising images.

In recent years, Denoising Diffusion Probabilistic Models (DDPM) have shown great
potential in the field of image super-resolution, but sampling efficiency remains a key
bottleneck restricting their practical applications. Song et al. [17] integrated rough set
theory with DDPM and proposed a rough set DDPM super-resolution method. This
method minimizes the roughness of the sample set through rough set theory, optimizes
the segmentation of the sampling sequence, and uses particle swarm optimization algo-
rithm to screen the optimal sub columns for iterative denoising. The results indicate that
compared to traditional autoregressive models, this method can generate higher qual-
ity high-resolution images with fewer sampling steps, achieving a good balance between
image quality and processing speed.

In addition, hierarchical feature extraction techniques are widely applied in image
processing and feature recognition [18]. Lin et al. [8] raised a layered attribute selection
approach utilizing label distribution learning to address the issue of high-dimensional
feature space and class imbalance. This method successfully alleviated the problem
of sample imbalance, improved the distinguishing capability of attribute subsets, and
enhanced the performance of downstream categorization tasks through the distribution
of labels in a hierarchical structure. Research showed that hierarchical feature selection
could effectively capture the multi-level structural information of images, which was
helpful for extracting complex features from advertising design images.

Simulated Annealing (SA) algorithm, as a classic stochastic optimization algorithm,
is widely used in layout optimization and feature adjustment [14]. Iyappan et al. [6]
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proposed a hybrid algorithm that combined SA and Spotted Hyena Optimization (SHO)
to solve asset allocation and job dispatch problems in cloud environments. This method
ensured load balancing of virtual machine resources by balancing exploration and de-
velopment, avoiding overload or underload phenomena. The findings indicated that the
algorithm was capable of significantly enhancing resource allocation and operational ef-
ficiency of tasks, while reducing energy consumption and response time, which was of
great significance for asset allocation and job dispatch in cloud computing environments.

In summary, there are problems in the current advertising design image generation
methods, such as low optimization efficiency and difficulty in fully extracting multi-level
features from advertising images. In view of this, an innovative method combining struc-
tured hierarchical feature modeling with simulated annealing optimization mechanism
has been proposed. By constructing a multi-layer semantic abstraction feature model,
the system integrates semantic information such as main elements, copy, and background
in advertising images, and achieves multi-scale semantic representation through hierar-
chical annotation and feature abstraction. At the same time, the simulated annealing
algorithm based on KDE density estimation is introduced in the optimization stage,
which is not only used for global search of design parameters, but also constructs the
objective function and acceptance criteria through the density evaluation function, ef-
fectively improving the adaptability of the model to complex design constraints and
the search performance for global optimal solutions. The research aims to improve the
quality and efficiency of advertising image generation by utilizing hierarchical semantic
features and powerful optimization techniques.

2. Methods and materials

2.1. Construction of advertising design image feature model based on hier-
archical features

The design elements of advertising images serve as the cornerstone for constructing fea-
ture models and are crucial for delving deeper into the realm of advertising image design.
By quantifying these design elements, we can enhance their organization and practical
applicability. The model illustrating the design features of advertising images is depicted
in Fig. 1 [4]. In this Figure it can be seen that, as the hierarchy increases, the abstraction
level of features also increases, which is closer to people’s subjective understanding. At
the same time, the difficulty of objective quantification also increases. Currently, many
deep learning driven image generation techniques rely on pixel data for training, enabling
functions such as image creation, style conversion, and color adjustment. Advertising
images contain rich and diverse design elements [1], which increases the difficulty for
users to annotate the elements.

To simplify the annotation process, the study categorizes all design elements into
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Figure. 1 Image design feature model 
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Fig. 1. Image design feature model.
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  Fig. 2. Example of annotation results.

three main types: subject, copy, and background. An example of annotation is shown
in Fig. 2, where the subject usually refers to the product, model, character, or product
that occupies the core position. The copywriting section covers product descriptions,
trademarks, and promotional information. In advertising images, the background refers
to the entire background area, while the sub-background is located below the product or
text, forming a sharp contrast with the main background, usually with colors or borders
to highlight the product and text. The structured representation of various element
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  Fig. 3. Structured element feature data.

feature data is shown in Fig. 3 [19], where the annotation data of the advertising image
is saved in JSON format in a CSV file for the purpose of constructing a feature model
in the future. The three datasets focus on subject elements, copywriting elements, and
background elements, each containing spatial location information of the corresponding
elements.

2.2. Feature model optimization based on geometric features and SA algo-
rithm

A probabilistic model, grounded in the geometric attributes of elements and utilizing
quantified tomographic features, is established with the objective of being utilized within
the realm of advertising image design. This model converts sampled data into a contin-
uous probability distribution using KDE to predict feature distributions under specific
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conditions [16]. The observed data are smoothed through KDE to achieve probability
estimation of the true distribution. Assuming there is a set of independent sample points
that follow the distribution F (x), their corresponding probability density functions are
shown in Equation (1) [21]:

F (x) =
∫ x

−∞
f(t) dt , (1)

where x represents the sample point, and f(t) signifies the likelihood of the sample point
occurring in x when x = t, that is, the density function. Given that the true probability
density function F (x) is unknown, a non-parametric distribution estimator can serve as
a proxy for F (x), as shown in Equation (2):

Fn(t) = 1
n

n∑
i=1

1xi≤t , (2)

where n means the total quantity of sample points, from which the final probability
density can be derived as shown in Equation (3):

f(x) = 1
nh

n∑
i=1

K

(
x − xi

e

h

)
, (3)

where f(x) represents the final density function, xi
e is the i th point of the sample data,

and K is the kernel function. To ensure that the sum of integrals of the kernel function
reaches the unit value, it is possible to replace the original kernel function K(x) with
another type of density function. h represents bandwidth, used to control the smoothness
of the kernel function. The kernel density estimation (KDE) can be generalized from
univariate variables to multidimensional variables, as expressed in Equation (4) [9]:

fH(x) = 1
n|H| 1

2

n∑
i=1

K

(
x − xi

e

H
1
2

)
, (4)

where H represents a symmetric and positive d × d dimensional matrix, and according
to the multivariate normal distribution K function, it is shown in Equation (5):

K

(
x − xi

e

H
1
2

)
= 1

(2π) d
2

exp
[
−1

2(x − xi
e)′H−1(x − xi

e)
]

, (5)

where d represents the dimension of the data, and (2π) d
2 is the normalization factor of

the Gaussian kernel. By analyzing the color characteristics of multiple brand advertis-
ing images and using KDE for modeling, the color design features of different brand
advertisements are revealed. In visual design, there are interdependent and reinforcing
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relationships between design elements. To establish the relationship between these el-
ements and the target attributes, a predictive probability model can be built, utilizing
conditional features to forecast the distribution of the target variables, as expressed in
Equation (6):

F (x | C = a) , (6)

where a represents the conditional feature and C is the constraint condition. If a is
regarded as the center position of the primary component in the picture, then function
F (x|C = a) can be applied to predict the probability distribution characteristics of the
center position of the text element under given conditions. Each conditional feature
corresponds to a target feature and clustering category. Multiple logistic regression is
used to analyze triplet data and train a classifier to predict the probability of the target
feature in different clustering categories.

A Gaussian kernel can be constructed based on clustering standard deviation to
form a mixture Gaussian model that approximates a continuous probability density
distribution, as shown in Equation (7):

P (x | C = ae) =
∑
i=10

exp
(

−∥x − mi∥2

2σ2

)
· p(mi | C = ae) , (7)

where P (x|C = ae) represents the probability density of x under given condition C = ae,
σ represents the standard deviation, i represents a specific category in cluster analysis,
and p(mi|C = ae) is the multiple logistic classification function. In order to optimize
KDE functions and conditional probability density, the study drew on the ideas of SA and
adopted a geometric cooling strategy, with the updated formula shown in Equation (8):

Tk+1 = α · Tk , (8)

where Tk and Tk+1 represent the temperatures after the kth and (k + 1)th iterations,
respectively. The cooling coefficient α is empirically set to 0.95, and the initial temper-
ature is set to 1.0. The iteration is terminated when the temperature drops below 10−3.
In the initialization phase, the initial solution is randomly sampled based on the mean
of the feature distribution smoothed by KDE, ensuring that the search starts from high
probability regions. Using the results of the density estimation function as evaluation
indicators, the design parameters that can maximize the evaluation indicators are identi-
fied through an iterative optimization process. Firstly, a candidate solution is randomly
sampled from the neighborhood of the current solution, as shown in Equation (9) [13]:

x′ = xk + ε , (9)

where x′ represents the candidate solution, xk represents the current solution, and ε is a
random perturbation coefficient that follows a Gaussian distribution. The calculation
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process for the incremental score of evaluation x′ compared to xk is shown in Equa-
tion (10):

∆F = [f(x′) + λP (x′ | C)] − [f(xk) + λP (xk | C)] , (10)

where ∆F is the score increment between the potential and the current solutions, and
λ is the balance coefficient. When ∆F > 0, then xk+1 = x′. After updating the solution,
the temperature is updated according to the cooling strategy, as shown in Equation (11):

Tk+1 = αTk , (11)

where Tk represents the temperature of the k th iteration, and α represents the tem-
perature decay factor. The final expression of the model objective function is in Equa-
tion (12):

x∗ = arg max
x

[f(x) + λP (x | C)] , (12)

where x∗ represents the optimal solution of the objective optimization problem. By
simulating the random sampling and iterative optimization process of annealing, the
global optimal solution of the objective function, i.e. the best feature, is searched in the
solution space.

2.3. Advertising design image generation method based on hierarchical fea-
tures and SA algorithm

The optimal features predicted based on the optimized feature model can not only enable
image elements to be reasonably configured according to specific layout rules, but also
enhance the overall visual effect of the image. By inputting these features, the color
information of the image can be accurately restored and optimized. In this process, the
study utilizes the global optimization characteristics of the SA algorithm to effectively
avoid the problem of local optima and explore the optimal layout scheme and feature
selection. The container layout results optimized according to the SA algorithm are
shown in Fig. 4. The red border in this Figure indicates the placement area of the image
container, while the yellow border is used to indicate the placement area of the document
container. Np represents the total number of document containers in a single image. In
graphic advertising design, different layout features can be identified by clustering the
positional relationships between elements, such as left and right, center, and top and
bottom layouts. Meanwhile, considering the textual content in the image, the study
explores the method of multi-line text layout based on container features predicted by
the model, in order to finalize the arrangement of flat advertising visuals.

The user interface created through various compositions is shown in Fig. 5. Each
layout cluster is visualized in this Figure to display its estimated container layout fea-
tures. After selecting a specific cluster, the algorithm constructs a geometric feature
model grounded on the clustering results. In order to evaluate the consistency between
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Fig. 4. Layout results based on element containers.
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Fig. 5. Interactive interface for image layout clustering. (a) Single-text layout; (b) multi-text layout.

input characters and graphic layout features, the algorithm designs a probability model
as shown in Equation (13):

p(Ti | Li) ∝
n∏

k=1
exp

(
−1
2σ2

∣∣∣∣mk − hk
i

dk
i

∣∣∣∣2
)

, (13)

where Ti represents the target variable, Li represents the given condition, mk represents
the target value of the k th feature, hk

i means the observed value of the i th sample on
the k th feature, and k is the scale factor. In the case where an image contains multiple
text containers, the algorithm randomly cuts characters into rows and selects the optimal
value through feature sampling as the output of the layout geometry. During the visual
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d the fitness of different algorithms varied with the iteration times, as shown in Figure 6. 
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Fig. 6. The variation of fitness with the iteration times. (a) Training set; (b) test set.

interaction phase, designers have the ability to choose various sets of color attributes
simply by clicking on buttons. These selected color perception attributes are then in-
tegrated into the t-Distributed Stochastic Neighbor Embedding (t-SNE) dimensionality
reduction algorithm’s space, resulting in the creation of corresponding two-dimensional
visual representations [20].

3. Results

A detailed analysis was conducted on the variation of fitness of various algorithms with
the number of iterations in the study. The Improved Hunger Games Search Algorithm
(IHGS), the Hybrid Version of Binary Flamingo Search with a Genetic Algorithm (HBFS-
GA), and the proposed model are run on the ADE20K dataset [23, 24, 25]. The perfor-
mance optimization of different algorithms was verified by comparing the trend of fitness
changes with iteration times. Simultaneously selecting advertising images of different
categories, the application effects of three methods were compared and analyzed.

3.1. Performance testing of feature models based on hierarchical features and
SA optimization

To confirm the performance of the optimization model proposed by the research, a perfor-
mance comparison test was conducted between the feature model based on hierarchical
features and SA optimization, IHGS [5], and HBFS-GA [2]. For the study, the ADE20K
dataset was chosen and split into training and testing (Tr-Te) sets at a ratio of 7:3. The
limit for iterations count was set to 200, and the fitness of different algorithms varied
with the number of iterations, as shown in Fig. 6. In subfigures 6a and b the fitness
changes of three algorithm models on the Tr-Te sets are shown. In the Tr-Te sets, the
model proposed by the research exhibited faster convergence speed and higher fitness

Machine GRAPHICS & VISION 34(4):65–84, 2025. DOI: 10.22630/MGV.2025.34.4.4.

https://doi.org/10.22630/MGV
https://doi.org/10.22630/MGV.2025.34.4.4


J. Zhang 75

Tab. 1. Adaptation changes under different hyperparameter settings.

Algorithm Hyperparameter
Combination

Data Set Mean Fitness Standard
Deviation

Coefficient
of Variation
(CV)

IHGS
Weight=0.5,
particles=50

Training set 2.75 0.11 0.036

Test set 2.73 0.12 0.044

HBFS-GA

Crossover
rate=0.8,
mutation
rate=0.1

Training set 2.65 0.12 0.045

Test set 2.61 0.13 0.054

Ours

α = 0.9, T0 =
300, λ = 0.5

Training set 3.06 0.02 0.006

α = 0.7, T0 =
500, λ = 0.7

Test set 2.82 0.04 0.014

values than IHGS and HBFS-GA, demonstrating strong optimization ability and supe-
rior performance. In the test set, the fitness of this model reached 0.6, far exceeding
the other two, demonstrating good generalization ability. In addition, the fitness curve
of the model is smooth and stable, indicating stronger stability and global search abil-
ity, while the fluctuations of IHGS and HBFS-GA indicate instability in local optimal
solution search. To evaluate the fitness changes of various algorithms under different hy-
perparameter settings, the influence of hyperparameter sensitivity on the target fitness
value was tested, and the outcomes are summarized in Tab. 1. As it can be seen, the
mean fitness of the IHGS Tr-Te sets was 2.75 and 2.73, respectively, with the result for
the testing set slightly lower than that for the training set. The standard deviations of
the Tr-Te sets were relatively small, with values of 0.11 and 0.12, and CV of 0.036 and
0.044, respectively, indicating small fluctuations in fitness and good stability. The mean
fitness of HBFS-GA on the Tr-Te sets was 2.65 and 2.61. The standard deviations of the
Tr-Te sets were 0.12 and 0.13, respectively, and the CV were 0.045 and 0.054, indicating
slight fluctuations in fitness.
edremParagraph added.

Two sets of hyperparameters were set for the model proposed by the research. The
mean fitness of the first set of hyperparameters on the Tr-Te sets was 3.06 and 2.95,
significantly higher than that of IHGS and HBFS-GA. The standard deviations were 0.02
and 0.03, and the CV were 0.006 and 0.012, respectively, which were notably lower than
the others, demonstrating that the model had the smallest variability and uncertainty
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Figure. 7 The change in mean execution time as the number of iterations increases 
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Fig. 7. The change in mean execution time as the number of iterations increases. (a) Training set;
(b) test set.

in fitness. In the second set of hyperparameters, the mean fitness of the Tr-Te sets
were 2.85 and 2.82, which were also higher than IHGS and HBFS-GA, but lower than
the first set of hyperparameters. In order to analyze the trade-off between optimization
performance and time consumption of feature models based on hierarchical features
and SA optimization, the running time of three algorithms when reaching the target
fitness value was compared. The outcomes are shown in Fig. 7. The subfigures 7a
and b, respectively, indicate the variation of the average running time (ART) of three
algorithms on the Tr-Te sets with the number of iterations. In Fig. 7a, the ART of the
proposed model remained the lowest, fluctuating between 55 s and 60 s. As the iteration
numbers rose, the running time fluctuated less and gradually stabilized. The running
time of HBFS-GA was within 65 s – 70 s, with small fluctuations. The running time of
IHGS was the highest, with some fluctuations between 75 s – 80 s and poor stability.
The running time of the model proposed by the research remained stable as the number
of iterations increased, indicating that its SA computational complexity was relatively
low. In Fig. 7b, compared to the performance system on the training set, the ART of
the proposed model was the lowest, between 55 s – 58 s. The running time of HBFS-GA
was within 65 s – 68 s, and the curve is relatively stable. The running time of IHGS was
still the highest, between 75 s – 80 s, with a slight downward trend compared to the ART
of the training set, but overall fluctuations were significant. Both in the Tr-Te sets, the
ART of the proposed model was consistently significantly lower than that of HBFS-GA
and IHGS. This indicated the time efficiency of introducing SA in optimizing advertising
design feature tasks, especially showing good stability as the iteration numbers rose.

In terms of computational efficiency, the study tested three algorithms on four indica-
tors: inference time, parameter count, memory usage, and floating-point operations. The
outcomes are shown in Tab. 2. IHGS had relatively slow inference time, with inference
times of 1.12 s and 1.14 s for the Tr-Te sets. The minimum number of parameters was
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Tab. 2. Comparison of computational efficiency of different algorithms.

Algorithm Data Set Inference
Time (s)

Parameter
Count
(Millions)

Memory
Usage
(MB)

Floating-
Point
Operations
(GFLOPs)

IHGS Training set 1.12 1.9 104 7.5
Test set 1.14 2.1 112 7.4

HBFS-GA Training set 1.07 2.6 124 8.8
Test set 1.05 2.8 131 9.2

Ours Training set 0.94 2.5 124 8.1
Test set 0.92 2.4 125 8.4

1.9 M for the training set and 2.1 M for the testing set. Meanwhile, IHGS also had the
lowest memory usage, with Tr-Te sets of 104 MB and 112 MB, respectively. Compared
with IHGS, HBFS-GA improved inference time, with inference times of 1.07 s and 1.05 s
for the Tr-Te sets, respectively. HBFS-GA had a large number of parameters on the Tr-
Te sets, which were 2.6 M and 2.8 M, respectively. In terms of computational complexity,
the floating-point operations of HBFS-GA significantly increased, with a training set of
8.8 GFLOPs and a testing set of 9.2 GFLOPs. Finally, the model proposed by the re-
search performed the best in inference time, with inference times of 0.94 s and 0.92 s for
the Tr-Te sets, making it the fastest among the three methods. The number of parame-
ters was 2.5 M and 2.4 M, respectively, and the memory usage was similar to HBFS-GA.
The Tr-Te sets were 124 MB and 125 MB. In terms of computational complexity, ours
had lower floating-point operations than HBFS-GA but higher than IHGS, with a value
for the training set of 8.1 GFLOPs and that for the testing set of 8.4 GFLOPs. The
model raised by the research achieved a good balance between inference time, parameter
size, and computational complexity, and had better computational efficiency.

3.2. Effect analysis based on hierarchical features and SA advertising image
generation

To confirm the validity of hierarchical features and SA advertising image generation,
this study selected three different types of advertising images from the ADE20K dataset:
product promotion, brand promotion, and directive sign advertisement, and compared
and analyzed the generation effects of different algorithms. In Fig. 8, the hierarchical
feature extraction effects of different algorithms on elements in images were compared
and analyzed. The red border represents the text annotation, and the green border
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Fig. 8. Hierarchical feature extraction effect. (a) Product promotion, source: [26]; (b) brand promotion,
source: [27]; (c) directive sign advertisement, source: [28]. All photos under the licence CC0.

represents the image annotation. Subfigures a, b and c are the element annotation re-
sults of three types of advertising images: product promotion, brand promotion, and
directive sign advertisement. Overall, although IHGS and HBFS-GA could preliminar-
ily extract the copy and main elements of the image in feature extraction and generation
of advertising images, they did not perform well in background processing and overall
feature association. In addition, IHGS mistakenly labeled the copy as an image, and
the incorrect labeling of the copy and image subject further weakened the readability
and attractiveness of the advertisement. This deficiency brought significant limitations
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Fig. 9. Accuracy-recall results of data annotation. (a) Product promotion; (b) brand promotion; (c) di-

rective sign advertisement.

to the generation effect of advertising images. From this, the model raised by the re-
search exhibited significant advantages in advertising image generation tasks, especially
in background feature extraction, precise annotation of copy and image subject, and
feature integration ability, which were superior to IHGS and HBFS-GA.

Subsequently, the study employed Precision-Recall (PR) to evaluate the quality of
data annotation, as shown in Fig. 9. The subfigures a, b and c show the PR curve
results of different algorithms for product promotion, brand promotion, and directive
sign advertisement, respectively. In Fig. 9a, the P-R curve of the proposed model is
located at the top, indicating that the accuracy performed best throughout the entire
recall range, especially maintaining high accuracy at high recall rates. In contrast, the
curve of HBFS-GA shows a faster decrease in accuracy as the recall rate increased. The
curve of IHGS is located at the bottom, and its accuracy rapidly decreased as the recall
rate increased, resulting in the least ideal performance. Similarly, in Fig. 9b and c, the
curve of the proposed model remains optimal, with significantly higher accuracy than
other algorithms.

Finally, Mean Square Error (MSE), Peak Signal-to-Noise Ratio (PSNR), Structural
Similarity Index (SSIM), and Learned Perceptual Image Patch Similarity (LPIPS) were
used as evaluation metrics for image visual clarity. Among them, LPIPS is an important
indicator for measuring the perceptual quality of images, which quantifies the perceptual
differences between images through the feature space of deep networks. The smaller the
value, the closer the generated image and the target image are perceived, which is more
in line with human visual judgment. When LPIPS is 0, it indicates that the two images
are perceived to be completely identical and almost indistinguishable by the human eye.
The test results are gathered in Tab. 3 which shows the comparison of image generation
effects of three algorithms on three different types. In product promotion, the MSE
of the proposed model algorithm was the lowest, only 0.027, significantly better than
IHGS and HBFS-G. The PSNR was the highest at 65.48, while IHGS was the lowest
at only 60.45. In terms of SSIM, the proposed model reached 0.64, higher than the
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Tab. 3. Comparative experiment outcomes.

Algorithm Scene MSE PSNR SSIM LPIPS

IHGS
Product promotion 0.061 60.45 0.47 0.31
Brand promotion 0.059 60.19 0.45 0.33
Directive sign advertisement 0.057 61.42 0.46 0.32

HBFS-GA
Product promotion 0.054 63.97 0.51 0.25
Brand promotion 0.053 62.57 0.54 0.26
Directive sign advertisement 0.049 63.59 0.62 0.16

Ours
Product promotion 0.027 65.48 0.64 0.12
Brand promotion 0.014 67.68 0.68 0.11
Directive sign advertisement 0.025 66.97 0.67 0.10

0.51 of HBFS-GA and 0.47 of IHGS. In addition, the LPIPS performance of the model
proposed by the research was the best, only 0.16, far lower than the 0.31 of IHGS. In
brand promotion, the various indicators of the model proposed by the research showed
significant advantages. Among them, MSE was the lowest, only 0.014, while IHGS was
the highest, at 0.059. The PSNR was as high as 67.68, notably better than the others.
In terms of SSIM, the model proposed by the research achieved 0.68, which was the
best performance. LPIPS was the lowest at only 0.10, while IHGS was the highest at
0.33. In the directive sign advertisement, the model algorithm proposed by the research
still performed the best, with an MSE of 0.025 and a PSNR of 66.97, both better than
the other two algorithms. In terms of SSIM, the proposed model achieved 0.67, which
was also significantly better than the other two algorithms, while LPIPS demonstrated
excellent image generation quality with a minimum value of 0.10.

To evaluate the usability and deployment performance of the proposed advertising
image generation model in real environments, the model is integrated into a prototype
level advertising design assistance system to simulate the content production process
of enterprises in actual marketing scenarios. Further research on the introduction of
speeding up DDPM (SU-DDPM) [12] and multi-dimensional attention guided generative
adversarial network (MDA-GAN) [3] two modern deep generative models were compared
with feature models without SA and with SA, and the results are shown in Tab. 4, where,
in the three types of actual advertising image application scenarios, the proposed model
outperforms existing mainstream methods in terms of image quality and generation
efficiency. Taking the LPIPS index as an example, the model achieved 0.12, 0.09, and
0.11 in three scenarios, all lower than SU-DDPM and MDA-GAN, indicating that it
is closer to real images in terms of perceptual quality. In terms of SSIM, the model
proposed by the research institute achieved 0.66, 0.68, and 0.67 in the three types of tasks,
respectively, all higher than other methods, indicating a more complete preservation of
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Tab. 4. Comparison of performance and efficiency of image generation models.

Application scenarios Model LPIPS SSIM Inference Time (s)

Social media

SU-DDPM 0.14 0.61 1.42
MDA-GAN 0.17 0.59 0.88

Ours w/o SA 0.18 0.57 0.79
Ours 0.12 0.66 0.73

E-commerce Banner

SU-DDPM 0.13 0.62 1.45
MDA-GAN 0.16 0.60 0.91

Ours w/o SA 0.19 0.58 0.74
Ours 0.09 0.68 0.76

Offline promotional poster

SU-DDPM 0.14 0.61 1.51
MDA-GAN 0.17 0.58 0.92

Ours w/o SA 0.19 0.58 0.75
Ours 0.11 0.67 0.72

structural information. In terms of inference efficiency, although the inference time
of the proposed model in the E-commerce Banner scenario is higher than that of the
feature model without SA, it is generally lower than other methods in most cases. In
addition, compared with the feature model without SA, the introduction of SA resulted
in an average decrease of 0.07 in LPIPS and an average improvement of about 0.09 in
SSIM, while the inference time showed almost no significant increase. This indicates that
the SA optimization strategy maintains good computational efficiency while improving
generation quality.

4. Discussion and conclusion

Aiming at the limitations of traditional advertising image generation methods, the re-
search proposed an advertising design image generation method that combines hierar-
chical features and SA. By using a hierarchical feature model to represent advertising
images in a hierarchical manner, gradually abstracting from low-level pixel features to
high-level business features, comprehensively capturing multi-scale semantic information
of advertising design, and utilizing SA to effectively avoid local optima through proba-
bilistic random search in high-dimensional solution space, optimizing advertising design
parameters. The experiment outcomes showed that the proposed model performed well
in all indicators. On the test set, MSE, PSNR, SSIM, and LPIPS were 0.014, 67.68, 0.68,
and 0.10, respectively, all of which were superior to the other two comparison methods,
indicating that the structure of the generated image was closer to that of the target
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image, reflecting the highest visual quality. In the context of optimizing efficiency, the
raised model achieved a fitness value of 3.00 within 50 iterations on the training set, with
the lowest standard deviation and CV of 0.02 and 0.006, respectively. In addition, the
ART per iteration of the model was 55-60 seconds, which was significantly faster than
the comparison algorithm, demonstrating its superior computational efficiency.

Overall, the model based on hierarchical features and SA optimization provided a
robust and efficient framework for advertising image generation, demonstrating excel-
lent performance in visual quality, computational efficiency, and adaptability. However,
when facing industrial level application scenarios such as large-scale datasets or real-time
generation tasks, current models still face certain challenges in terms of computational
complexity and inference efficiency. Future research should further optimize algorithm
structures or introduce technologies such as distributed computing and model compres-
sion to enhance system scalability and deployment flexibility. In addition, the model
also needs to pay attention to potential ethical risks in practical applications. On the
one hand, there may be aesthetic bias in the training data, which leads to the generation
of images that excessively present certain cultural styles or gender stereotypes, affecting
the diversity and inclusiveness of advertising content; On the other hand, generating
images may visually exaggerate product effects or create misleading scenes, thereby
harming consumer rights. Future research should strengthen the introduction of fairness
mechanisms and control of content compliance while improving performance, ensuring
comprehensive optimization of advertising image generation in terms of efficiency, scale,
and ethics.
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