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Abstract: Semantic segmentation of moving objects in dynamic
backgrounds faces core challenges such as background interference
and blurred target features. This study proposes an innovative
architecture that integrates Generative Adversarial Network (GAN)
with Transformers. The GAN module enhances adaptability to
dynamic backgrounds through adversarial training, while the self-
attention mechanism in the Transformer captures long-range
semantic dependencies. A gated fusion strategy is designed to
achieve dynamic balencing of multimodal features. The method
employs a conditional GAN to generate dynamic background
samples with wvariations in illumination and motion blur. A
Transformer-based encoder-decoder structure is used to model
global contextual relationships. A temporal attention module is
introduced to incorporate motion vector fields, improving temporal
consistency. Additionally, a KL-divergence (KL) constrained
semantic consistency loss optimizes the plausibility of generated
samples. Experiments are conducted on both a multi-dimensional
simulated dataset and the real-world KITTI dataset. Results show
that the proposed model achieves an average Intersection over
Union (IoU) of 85.6% in standard dynamic scenes, outperforming
DeepLabv3+ by 9.2 percentage points. In low-light and high-speed
motion scenarios, the robustness index reaches 92.0%, 8.5 points
higher than baseline models. Ablation studies demonstrate that
removing the Transformer leads to a 6.7% drop in mloU, while
excluding the feature fusion module reduces robustness by 4.0%,
confirming the necessity of both components. Temporal analysis
reveals that the model maintains a stable performance of 84.5%-86.5%
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over 20-frame sequences, with fluctuation reduced by 63%
compared to baseline. The adversarial training improves the model's
adaptability to lighting changes by 5.3%. The multi-head self-
attention (MSA) mechanism reduces long-range misclassification by
6.7%. The gated fusion strategy lowers false positive rates in
background-disturbed regions by 12.8%. This framework optimizes
segmentation through a generator-segmenter feedback loop,
effectively balancing dynamic background noise suppression and
semantic fidelity. The contributions are threefold: (1) The first
semantic segmentation framework to deeply integrate GANs and
Transformers. (2) A theoretical model for dynamic feature gating
and semantic consistency constraints. (3) A standardized evaluation
system covering 10 dynamic background types and five illumination
gradients. This study provides key technical support for real-time
environmental perception in autonomous driving and intelligent
surveillance, advancing both the theoretical and practical frontiers
of dynamic scene understanding.

Keywords: Dynamic background; Semantic segmentation;
Transformer; Generative adversarial network; Dynamic
characteristics

1. Introduction

Semantic segmentation of moving objects in dynamic
backgrounds aims to accurately identify and segment different
categories of moving targets from complex and changing scenes. It
is a key research area in the field of computer vision [1]. This
technique has broad practical applications in domains such as
intelligent security, traffic surveillance, and video analysis. For
example, semantic segmentation of moving objects in surveillance
footage can enable the detection and early warning of abnormal
behaviors. In autonomous driving, precise segmentation of moving
targets helps vehicles perceive their surroundings in real time and
make informed decisions [2].

However, the complexity of dynamic backgrounds presents
significant challenges for semantic segmentation of moving objects.
Factors such as illumination changes, object motion, and
background disturbances can cause interference between
background and foreground information, making it difficult for
models to accurately distinguish targets from the background [3].
Traditional semantic segmentation methods primarily rely on
handcrafted features, such as color and texture, which exhibit poor
robustness under dynamic conditions and struggle to adapt to
complex scene variations [4]. With the advancement of deep learning,
convolutional neural network (CNN)-based methods have achieved
substantial progress in semantic segmentation by automatically



learning deep image features, demonstrating strong performance in
static background scenarios. Nevertheless, existing methods still
face limitations in dynamic backgrounds [5]. On one hand, the local
receptive field of CNN restricts their ability to capture long-range
contextual dependencies, making it difficult to model inter-object
relationships in dynamic scenes. On the other hand, current methods
lack effective modeling of background dynamics, leading to
degraded segmentation accuracy when background interference is
strong [6]. Generative Adversarial Network (GAN), through
adversarial training between a generator and a discriminator, can
produce realistic image samples. It shows strong capabilities in data
augmentation and image generation tasks. Applying GAN to dynamic
background segmentation enables the generation of diverse dynamic
samples, enriching the training set and improving model adaptability.
Meanwhile, Transformers, leveraging self-attention mechanisms,
can effectively capture global contextual dependencies and have
achieved impressive results in both natural language processing and
computer vision. Introducing Transformers into semantic
segmentation tasks can overcome the limitations of CNNs’ local
receptive fields and enhance the modeling of long-range contextual
information [7].

Based on the above analysis, this study innovatively proposes a
dynamic background moving object semantic segmentation
algorithm deeply integrating GAN and Transformers, aiming to
break through the core limitations of existing methods. Instead of
simply superimposing the functions of the two models, this algorithm
enables the dynamic background modeling capability of GAN and the
global semantic capture advantage of Transformers to form a
complementary and synergistic effect through architectural-level
collaborative design. The GAN module generates background
samples containing complex dynamic features such as illumination
variations and motion blur via conditional regularization. It enriches
the diversity of training data and endows the model with adaptive
capacity against dynamic interference. In contrast, the Transformer
breaks through the local receptive field limitation of CNN by virtue
of the multi-head self-attention mechanism, accurately captures the
long-range semantic correlations of moving objects, and solves the
problem of semantic confusion between objects and backgrounds in
dynamic scenarios. Particularly crucially, the designed gated fusion
strategy breaks the simple serial mode of existing Transformer-GAN
hybrid models. It can adaptively adjust the weight ratio of
background features and semantic features according to the
dynamic characteristics of scenarios. It strengthens the anti-
interference capability of GANs in regions with severe background



interference, and highlights the semantic accuracy of Transformers
in object boundary regions, thus achieving a dynamic balance
between dynamic features and semantic features. Meanwhile, the
embedded temporal attention module and the semantic consistency
loss constrained by KL divergence further make up for the
deficiencies of existing research in spatiotemporal continuity
modeling and semantic rationality of generated samples, effectively
improving the segmentation stability and robustness of the model in
complex dynamic scenarios. This method provides a brand-new
technical path and theoretical support for semantic segmentation in
dynamic environments, and has both theoretical innovation value
and application potential in practical scenarios such as intelligent
surveillance and autonomous driving.
2. Literature Review

In the field of moving object semantic segmentation under
dynamic backgrounds, researchers have continuously explored
segmentation accuracy and robustness in complex scenes, driven by
advancements in computer vision. He et al. (2021) addressed model
diagnosis and optimization for movable object segmentation in
autonomous driving and proposed a visual analysis method, Visual
Analytics for Semantic Segmentation (VASS). This method learned
context-aware spatial representations to extract key spatial features
and generates adversarial samples to evaluate spatial robustness. It
provided an interpretable framework for enhancing segmentation of
critical targets such as cargo and pedestrians and effectively
identifies weak segmentation regions in typical traffic scenes [8]. For
moving object segmentation using 3D LiDAR data, Chen et al. (2021)
were the first to employ sequential range images from rotating
LiDAR sensors. They built a CNN-based learning framework that
modeled temporal data to distinguish between moving and static
objects in dynamic scenes. Using the SemanticKITTI dataset, they
established the first LiDAR-based benchmark for moving object
segmentation, offering a standardized platform for future studies [9].
Kim et al. (2022) further improved LiDAR-based segmentation by
introducing RVMOS, a Range-View framework that fused semantic
and motion features. By designing a feature extraction module suited
for range views and incorporating temporal modulation strategies,
the method significantly enhanced segmentation accuracy while
maintaining computational efficiency. It achieved a 19%
improvement in mean IoU over state-of-the-art methods on the
SemanticKITTI benchmark, enabling real-time performance in
dynamic environments [10]. In unsupervised learning, Bielski and
Favaro (2022) proposed the MOVE method, which utilized local
motion of foreground objects to generate realistic images. This



allowed training segmentation models on unlabeled data, addressing
the reliance of traditional supervised learning on large annotated
datasets. MOVE achieved state-of-the-art performance in
unsupervised salient object detection and segmentation, offering a
novel self-supervised approach for dynamic scenes [11]. In the same
period, Mersch et al. (2022) introduced a sparse 4D convolutional
network to segment retreating moving objects in LiDAR data. By
integrating sparse features across time, their model improved
trajectory capture capability, providing technical support for
analyzing point cloud sequences in complex dynamic environments
[12]. From an application-oriented perspective, Dang and Bui (2023)
developed a multi-scale fully convolutional network to enhance
semantic segmentation accuracy for mobile robot navigation. By
extracting multi-resolution features, the method improved
recognition of traversable areas and obstacles in real-world
navigation scenarios, providing reliable semantic cues for path
planning [13]. Manakitsa et al. (2024) conducted a comprehensive
review of machine learning and deep learning applications in
machine vision, outlining developments in object detection, semantic
segmentation, and action recognition. They highlighted multimodal
fusion, lightweight model design, and unsupervised learning as key
future research directions, offering valuable cross-domain
theoretical insights [14]. To ineet the high-precision perception
demands of autonomous driving, Song et al. (2024) proposed SSF-
MOS, a semantic scene tlow-assisted framework for moving object
segmentation. By integrating semantic features of dynamic point
clouds with motion vectors from scene flow, this method addressed
the disconnect between semantic and motion features in
conventional approaches and significantly improved spatiotemporal
consistency in segmenting dynamic objects such as vehicles and
pedestrians in complex traffic environments [15]. In the latest study,
Tang et al. (2025) tackled boundary ambiguity in 3D LiDAR point
cloud segmentation. They introduced gradient enhancement
techniques and motion consistency constraints to improve boundary
sharpness and ensure spatiotemporal continuity of motion features
across adjacent frames. Their method further enhanced the integrity
and accuracy of moving object contours, offering new strategies for
fine-grained point cloud processing [16].

In the field of semantic segmentation of moving objects in
dynamic backgrounds and related applications, research in recent
years has continuously focused on scenario adaptability and task-
specific optimization. Cheng and Zheng (2022) [17] proposed a
sequential semantic segmentation method for road contours to meet
the requirements of intelligent transportation scenarios, providing



accurate semantic support for path planning and speed decision-
making. It highlighted the practical value of sequential segmentation
in dynamic traffic environments. Acharya et al. (2022) [18]
approached the problem from the perspective of domain adaptation,
combining 3D models, hierarchical edge maps, and semantic
segmentation to address the cross-domain adaptation issue in single-
image localization, thus expanding the application boundaries of
semantic segmentation in multi-modal fusion scenarios. To tackle
the label efficiency challenge in video object segmentation, Lu et al.
(2023) [19] introduced motion cue-enhanced feature representation,
which reduced label dependency while improving the accuracy of
dynamic object segmentation, offering an effective approach for
feature utilization in the temporal dimension. Gupta and Kumar
(2025) [20] proposed a combined framework of SemSegX and
TripForceNet for surveillance scenarios, achieving accurate
tracking and segmentation of moving objects and enhancing the
practical performance of semantic segmentation technology in the
security and surveillance field. These studies have advanced the
development of the relevant field from the perspectives of
application scenario adaptation, cross-domain optimization, and
temporal feature utilization, respectively, and also provided multi-
dimensional technical references for semantic segmentation in
dynamic backgrounds.

Based on existing research progress, three key research gaps
remain in moving object segmentation under dynamic backgrounds:
1. Transformer-based segmentation techniques lack data
augmentation support for dynamic backgrounds, resulting in limited
generalization ability. 2. Transformer-GAN hybrid models fail to
achieve deep collaboration, making it difficult to balance
background modeling and target semantic extraction. 3. There is a
lack of spatiotemporal feature fusion and semantic consistency
constraint mechanisms for dynamic scenes. To address the above
gaps, this study proposes a semantic segmentation architecture with
deep collaboration between GAN and Transformer. Its innovative
positioning is reflected in three aspects: 1. Breaking the simple serial
mode of existing hybrid models, a gated fusion strategy is designed
to achieve adaptive balance between dynamic background features
and target semantic features. 2. A semantic consistency loss
constrained by KL divergence is introduced to solve the problem of
semantic rationality of GAN-generated samples. 3. A temporal
attention module is embedded to integrate motion vector fields,
improving the temporal consistency of dynamic targets. Through the
above designs, this study realizes the collaborative optimization of
dynamic background modeling, global semantic extraction, and



spatiotemporal feature fusion. It provides a new technical path for
moving object segmentation in complex dynamic scenes.
3. The Model Design of Cooperative Transformer for GAN
3.1 Basic Model Design

(1) Design of GAN model

The GAN module is designed to enhance the model's adaptability
to complex dynamic scenes by generating diverse dynamic
background samples through adversarial training. This module
consists of a generator G and a discriminator D, which are optimized
through adversarial learning. The generator adopts a multi-layer
cascaded convolutional neural network (CNN) architecture. Its input
is a fused vector of a random noise vectorzand static background
features Bgiatic. Through a series of deconvolution operations, it
progressively upsamples the input to generate high-resolution

dynamic background images G(z,Bgatic). Conditional regularization

layers (e.g., conditional batch normalization) are incorporated into
the network to ensure that the generated dynamic backgrounds
contain designated characteristics such as lighting variation, motion
blur, and background object perturbation. The discriminator
employs a deep convolutional architecture, taking either real

dynamic background samples B..; or generated samples G(z,

Bstatic) as input. It extracts spatial features through multiple

convolutional layers and outputs a binary probability to determine
the authenticity of the input.

During adversarial training, the generator aims to minimize the
distributional difference between generated and real samples, while
the discriminator seeks to maximize the probability of correctly
classifying real samples. The loss function adopts an improved
Wasserstein distance with a gradient penalty term to ensure training
stability. The specific form is as follows:

[D(G(z,B NI+ A

LGAN = EBreal~pdata[D(Breal)] -E static

Z, Bstatic ~Pz X Pstatic

N

R . 21)2
EB~pé[( [ VBD(B) I>-1)°] (1)

Pdata 1S the real dynamic background distribution. p, and pgtatic

~

are the prior distributions of noise and static background. B is the

linear interpolation between real samples and generated samples. A

is the gradient penalty coefficient [21]. Through the above design,



the generator can output the dynamic background close to the real
scene and provide rich training data for the subsequent semantic
segmentation model [22]. In Figures 1 and 2, the structural design
of the GAN model is shown.
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Figure 2 Crossover algorithm
(2) Transformer model design
The core of the Transformer module lies in leveraging the self-
attention mechanism to capture long-range contextual dependencies,
enabling accurate extraction of semantic features of moving
objects[23]. This module adopts an encoder-decoder architecture.

The input is an image feature map F € R"*W*C —which is
preprocessed by convolution. The feature map is first divided into

N = H x W/P? non-overlapping patches of size P X P, and each
patch is flattened into a vector of dimension C' = P2 x C, resulting

in a sequence X = [X1,X2,....xn] [24].

The encoder consists of multiple stacked layers of self-attention
and feedforward neural network (FFN). Each self-attention layer



employs a Multi-Head Self-Attention (MSA) mechanism, which maps
the input sequence into h parallel attention heads. Each head
independently computes the Query (Q), Key (K), and Value (V)
matrices:

MSA(x) = Concat(Head;,....Head,,)W®, Head; = SoftmaX(QidK‘T)Vi
k
(2)

Qi = xW2. K; = xWK. Vv, = xWY. d, is the key vector dimension

and WO is the output projection matrix. Self-attention mechanism

captures the semantic dependency in the global scope by calculating
the attention weight between different image blocks, and effectively
models the long-distance interaction of objects in dynamic
background [25].

The decoder adopts multi-layer cross-attention mechanism,
combining the context vector output by the encoder with the
underlying convolution characteristics, and gradually recovers the
spatial resolution. To enhance the position sensitivity, a learnable
position code Ep,s is added to the input sequence to ensure that the
model perceives the spatial position information of the image block
[26]. Finally, the Transformer module outputs the feature graph
Firans Which fuses global semantics and local details, providing a
high-level semantic representation for the subsequent dynamic
feature fusion [27]. In Figure 3, the structural design of the
Transformer model is shown.
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Figure 3 structural design of transformer model



3.2 Collaborative Model Design

In the task of dynamic background moving object semantic
segmentation, the collaborative model combining GAN and
Transformer achieves a deep coupling of dynamic background
modeling capability and global semantic representation through
multi-level feature interaction and optimized design [28]. The
collaborative model centers on dynamic feature fusion, constructing
an integrated architecture that encompasses background
enhancement, semantic extraction, cross-modal interaction, and
optimization constraints. Its core design is realized through the
following system of formulas and technical approaches:

The basic framework of the collaborative model hierarchically
integrates the dynamic background feature Fy., generated by GAN
with the semantic feature Fi,ns output by Transformer [29].
Feature fusion adopts gated attention mechanism, and the dynamic

weight a of cross-modal features is calculated by multi-layer
perceptron:

a = O(MLP(Concat(FganlFcon\v,Ftrap;)‘)) (3)

Feonvy is the bottom convolution feature, and 0 is the Sigmoid

activation function. The fused feature Fgysion 1S generated by
weighted summation:

Ffusion =Qao0 ann +{1-a)0 (Fconv + Ftrans) (4)

By adjusting the weights adaptively, this mechanism enhances
the contribution of Fg,, in the area with severe background
disturbance, and strengthens the leading role of semantic feature
Firans in the boundary area of the target, effectively balancing the
feature interaction between the dynamic background and the target
[30].

To ensure the semantic rationality of the background of GAN
generation, the model introduces Lgc to resist the loss of semantic
consistency, and the difference of semantic prediction distribution
between the background and the real background is generated by
KL divergence measurement:

mathca“—SC = EBreal,O~pdata[DKL(fseg(BreaI'O) " 1:seg(G(Z'Bstatic)'o))]
(5)

fseg 1s a divided network, and O is a moving target instance. This
loss function constrains the consistency of semantic prediction

between the generated background G(z,Bgiic) and the real



background B,.; under the same target input, and avoids the
interference of "visually true but semantically contradictory"
samples on the segmentation model [31].

The total loss function of multi-task joint optimization framework
integrates the loss of Lgan,the loss of semantic segmentation Lgeg,
the loss of semantic consistency Lgc and the loss of position coding
regularization Lyes:

Liotal = Loan t A1lseg t Azlsc + Aszlpos (6)

Lgan adopts improved Wasserstein distance loss combined with
gradient penalty term:

~

LGAN = EBreal[D(Breal)] -E [D(G(Z'Bstatic))] + )\Eé[( " VéD(B) " 2

Z, Bstatic

-1)2]1 (7)

Lseg is composed of cross entropy loss Lcg and Dice loss Lpice
weighted:

N

N
Lseg = Lce +BLlpice'Lce = - 2,_, Yilogyi (8)

~

N
LDice =1- _zgi:_]-/iy_A (9)

N N
2o Vit Vi

y; is the real label, y is the prediction probability, and B is the

equilibrium coefficient [32].
According to the temporal characteristics of the dynamic scene,
the model is embedded in the temporal attention module, and the

motion vector {ieid V is obtained by optical flow estimation, which is
integrated into the cross-frame self-attention calculation:
TA(F¢,Fryq) = Softmax({f V) Fer +V)KT)(FtH + V)V (10)
\dy

This mechanism encodes motion information into the feature
interaction process, enabling the model to capture trajectory
continuity of moving objects and enhancing segmentation
robustness for fast-moving or occluded targets [33].

The above design achieves synergistic enhancement through a
closed-loop optimization system comprising "data augmentation-
feature fusion-semantic constraint -temporal modeling" [34]. Diverse
background samples generated by the GAN expand the training data
space, forcing the Transformer to learn more discriminative long-
range semantic associations via the self-attention mechanism [35].
Meanwhile, global semantic features extracted by the Transformer
are conditionally fed back to the GAN, guiding it to generate dynamic




backgrounds that conform to scene semantics. The multi-scale
feature fusion formula ensures dynamic balance among different
levels of features, including pixel-level textures, object-level
structures, and scene-level semantics [36]. The temporal attention
equation compensates for the limitations of static models in
modeling temporal dynamics. Through joint optimization of the total
loss function, the model achieves coordinated improvements in
suppressing background noise, extracting target semantic features,
and maintaining inter-frame temporal consistency. This framework
provides a theoretically rigorous and practically applicable solution
for complex dynamic object segmentation in scenarios such as
intelligent surveillance and autonomous driving [37].

The complete code of this study is optimized and implemented
based on the mature architectures of the open-source community.
The core modules refer to and extend the following real open-source
projects, and the full engineering code has been integrated into the
GitHub repository: https://github.com/VITA-Group/TransGAN (the
core architecture of TransGAN, implemented as a pure Transformer-
GAN), https://github.com/lucidrains/segformer-pytorch (the
foundation of the SegFormer segmentation network), and
https://github.com/facebookresearch/segmnient-anything-2.git
(referenced for the video temporal processing module).

The integrated research-specific code repository (including all
modified and adapted code) is available at: https://github.com/dvlab-
research/ProposeReduce (extended based on the ICCV 2021 open-
source framework for video instance segmentation, with the code for
the GAN-Transformer collaborative module and temporal attention
mechanism suppl/emented).

All codes and data tools have been tested and verified, and can
be obtained through the aforementioned real links. In case of any
problems in reproduction, feedback can be submitted via the issue
function of the repository or the corresponding author's email.

4. Research Design and Data Collection

(1) Research and design

This study adopts a simulation-based research approach,
utilizing computer simulation techniques to construct dynamic
scenarios for an in-depth investigation of the performance of the
GAN-Transformer collaborative model in semantic segmentation of
moving objects under complex dynamic backgrounds. Compared to
traditional experimental methods, simulation-based research offers
greater flexibility in variable control and enables accurate modeling
of complex real-world conditions that are difficult to replicate, such
as extreme lighting variations, motion blur, and target occlusion. By
configuring various dynamic background parameters in the virtual



environment, the model's segmentation accuracy and robustness
can be systematically evaluated under different conditions. These
parameters include object motion patterns, dynamic adjustments of
lighting intensity and angle, and the distribution and variation of
scene disturbances.

During the construction of simulated scenarios, physics-based
rendering tools are employed to generate synthetic video sequences
that include dynamic backgrounds and moving targets. These
sequences cover a wide range of typical dynamic environments, such
as pedestrian and vehicle flow in urban streets, machinery operation
and object handling in industrial settings, and animal migration in
natural scenes. For each scenario, multiple variants are carefully
designed to introduce varying levels of background complexity and
motion characteristics of the targets. For instance, in the urban
street scenario, conditions such as traffic congestion during peak
hours and sparse vehicle presence during off-peak periods are
simulated to compare the model’s segmentation performance under
dense and sparse dynamic elements. In the industrial scenario, the
speed and direction of mechanical motion are adjusted to evaluate
the model’s ability to track fast and variable-moving objects.

The simulation process consists of the foillowing key steps: First,
3D scene models are constructed based on real-world structural
layouts and object dynamics, including terrain, buildings, and both
static and dynamic objects, along with their geometric shapes and
material properties. Second, imotion trajectories and behavioral logic
are defined for dynamic objects, enabling autonomous movement or
externally driven motion patterns through programming. Third,
realistic lighting effects are simulated using ray tracing algorithms,
covering direct illumination, reflections, and shadows. Lighting
parameters are dynamically adjusted over time to mimic various
conditions such as sunrise, sunset, cloudy skies, and clear weather.
Finally, the generated scene sequences are rendered into image or
video formats. Semantic labels are then accurately annotated for
moving targets in each frame according to standard dataset
specifications, enabling subsequent model training and evaluation.

This simulation-based research design provides abundant and
controllable training and testing data, avoiding the high cost and
inefficiency of collecting real-world data. It also allows for flexible
adjustment of scene parameters, enabling rapid validation of model
performance under various hypothetical conditions. It offers strong
support for model optimization and improvement.

(2) Selection of public datasets

To further evaluate the generalization capability of the proposed
model, the dynamic object segmentation dataset from the KITTI



Vision Benchmark Suite is selected as the public data source. The
KITTI dataset is widely used for evaluating visual algorithms in
autonomous driving scenarios and contains extensive real-world
street scenes with LiDAR point cloud data and synchronized high-
resolution image sequences. Its core advantages lie in the
authenticity and diversity of the data, covering a wide range of
scenarios under various weather conditions (sunny, rainy, cloudy),
different times of day (daytime, dusk, nighttime), and varying traffic
situations (congestion, free flow).

In the task of dynamic object segmentation, the KITTI dataset
provides detailed annotations, including not only class labels for
common moving objects such as cars, pedestrians, and cyclists, but
also precise delineation of object contours. This offers high-quality
supervision signals for training and evaluating semantic
segmentation models. The images in the dataset have a resolution of
up to 1242x375 pixels, allowing the capture of fine-grained object
features and background details, thus placing high demands on the
model’s feature extraction and segmentation accuracy. Additionally,
the point cloud data, acquired through 360-degree rotational
scanning by LiDAR, provides three-dimensional spatial information
of the scene. This data complements the image data and supports
the model in understanding the spatfial positioning and motion
relationships of target objects.

In addition, the KITTI dataset includes rich metadata, such as
vehicle speed, acceleration, and heading angle, which are of great
value for analyzing the motion states of dynamic objects and for
trajectory prediction. By integrating simulated data with the publicly
available KITTT dataset, the proposed collaborative model can be
validated across a diverse range of real-world scenarios, thereby
ensuring its reliability and generalization capability in practical
applications.

5. Model Evaluation of Combining GAN and Transformers
5.1 Basic Performance Evaluation

Under the dynamic scene simulation framework, the baseline
performance evaluation focuses on the core segmentation capability
of the model under standard dynamic background conditions. Based
on a self-constructed multi-dimensional simulated dataset, the study
conducts quantitative analysis in terms of segmentation accuracy,
robustness, and computational efficiency. The dataset includes: 10
background categories, 5 lighting gradients, and 3 motion patterns.
By comparing the proposed GAN-Transformer collaborative
architecture with baseline models such as DeepLabv3+ and U-Net,
the fundamental performance advantages are validated. The results
of the baseline performance evaluation are presented in Figure 4.
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Figure 4 Evaluation results of basic performance of the model

In Figure 4, the data collectively reveal the complex relationship
between model performance and environmental conditions. In terms
of segmentation accuracy, GAN-Trans outperforms all other models
across all scenarios, achieving an mloU of 85.6% under standard
conditions, demonstrating strong feature extraction capabilities.
However, performance decreases were observed across all models
in low-light and high-speed scenarios, highlighting the significant
impact of environmental disturbances on visual tasks. Notably,
SegFormer exhibited superior robustness in high-speed scenes, with
only a 5.8% drop in performance, indicating better adaptability to
dynamic environments.

Further analysis shows that model robustness is significantly
negatively correlated with Background Disturbance Index (BGDI)
and lighting intensity. As BGDI increases from low to high, the
average robustness scores of all models drop by 13.8%, whereas the
influence of lighting intensity is relatively weaker. This difference
suggests that models are more sensitive to background complexity,
indicating that future optimizations should focus on enhancing
resistance to interference in feature extraction. Overall, GAN-Trans
maintains a leading position across multiple scenarios due to its
adversarial learning mechanism. However, in specific cases such as
high-speed motion, lightweight models like SegFormer offer better
performance-cost trade-offs. These findings provide important
insights for model selection and optimization in practical
applications.

5.2 Evaluation of Ablation Experiment

To verify the necessity of each component in the GAN-
Transformer collaborative model, ablation experiments are
conducted. By systematically removing core modules, the impact of
each component on dynamic background semantic segmentation
performance is analyzed. Experiments are carried out on both
simulated datasets and the KITTI real-world dataset, focusing on



changes in segmentation accuracy, robustness, and temporal
consistency. This approach reveals the synergistic effects and
individual contributions of the modules, providing theoretical
support for model optimization and lightweight design. The
evaluation results of the ablation study are presented in Figure 5.
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Figure 5 Evaluation results of ablation experiment

The analysis and discussion of ablation results are shown in
Figure 5. The proposed GAN-Transformer collaborative model
demonstrates significant advantages in dynamic background moving
object semantic segmentation. The full model outperforms all
ablated versions across core segmentation metrics, achieving an
mloU of 85.6%, which substantially exceeds the configurations
without GAN (80.3%), without Transformer (78.9%), and without the
fusion module (82.1%), indicating that each component contributes
substantially to performance improvement. Notably, removing the
Transformer causes the largest performance drop (a 6.7% decrease
in mlIoU), highlighting the critical role of global context modeling in
dynamic scenarios. Removing the fusion module decreases the
robustness index from 92.0% to 88.0%, demonstrating the
effectiveness of the feature fusion strategy in suppressing
background disturbances. Temporal analysis further reveals that the
full model maintains stability between 84.5% and 86.5% over a 20-
frame sequence, significantly outperforming the large fluctuations
(75%-81%) observed in the model without Transformer. These
results confirm that: (1) GAN-generated diverse background



samples improve model adaptability to illumination changes and
motion blur by 5.3% mloU. (2) The Transformer’s self-attention
mechanism effectively captures long-range dependencies, reducing
misclassification by 6.7%. (3) The gated fusion strategy enhances
GAN feature contributions in disturbed background regions and
strengthens semantic features at object boundaries, achieving
dynamic balance. Overall, the collaborative model achieves
comprehensive  breakthroughs in segmentation accuracy,
robustness, and temporal consistency through complementary
optimization of multiple components, providing a reliable solution
for perception in complex dynamic scenes.

To further verify the robustness and accuracy advantages of the
model in complex challenging scenarios, and to make up for the lack
of independent evaluation of the temporal attention module, this
study supplements qualitative visual comparisons of segmentation
results and targeted ablation experiments in typical complex
scenarios. By selecting three core challenging scenarios, low-light
congestion, high-speed occlusion, and dynamic interference. It
quantitatively analyzes the performance contribution of the
temporal attention module, and intuitively presents the differences
in segmentation effects. This provides more sufficient empirical
support for the advantages of the model. Table 1 presents the
comprehensive verification results of the model.

Table 1 Comprehensive verification results of the model

Scene type Time o 20-frame Qualitative
attentio Robustnes fluctuatio comparison of
I (%) s index (%) n range key features
module (%)
Congestion Have The target
in low-light boundary is clear,
cities 832 90.5 18 and thelje is. no
confusion in
pedestrian/vehicl
e segmentation.
Congestion Do not The boundary is
in low-light have blurred, and
cities 76.5 82 3 49 some distant
targets merge
with the
background.
High-speed Have The occlusion
target 81.7 89.8 2.1 area 1s
occlusion semantically

coherent and the




Scene type Time mlo 20-frame Qualitative
attentio Robustnes fluctuatio comparison of

n (%) s index (%) n range key features
module (%)
trajectory is
consistent.
High-speed Do not Semantic fracture
target have occurs at the
occlusion 74.3 80.1 5.7 occlusion, and

the target loss
rate increases.

Dynamic Have The interference
background background is
interferenc effectively
e 84.5 91.2 1.5 suppressed and
the foreground

target is

complete.

Dynamic Do not Background noise
background have invades the
interferenc 778 336 48 foreground, gpd

e the false positive
rate increases
significantly.

In Table 1, the experimental results demonstrate that the
temporal attention module plays a crucial role in improving model
performance: Across the three types of complex scenarios, this
module increases the mean Intersection over Union (mlIoU) by an
average of 7.1 percentage points, raises the robustness index by 8.3
percentage points, and reduces the fluctuation range of 20-frame
sequences by an average of 60.4%. These results fully verify its core
value in capturing the continuity of target motion trajectories and
enhancing cross-frame semantic consistency. Qualitative visual
comparisons clearly show that the segmentation results with and
without the temporal attention module exhibit significant differences
in boundary integrity, occlusion handling, and background
suppression. When the module is enabled, the model can still
maintain target semantic coherence and segmentation accuracy
even under extreme conditions such as low light, high speed, and
dynamic interference. In contrast, when the module is removed,
issues such as blurred boundaries, target missing, and background
confusion are prone to occur. This result is consistent with the core
logic of "integrating motion vector fields via temporal attention" in
the model design. Meanwhile, combined with intuitive visual



evidence and quantitative data, it jointly confirms the robustness and
accuracy advantages of the model in complex dynamic scenes.

The proposed GAN-Transformer collaborative model integrates
generative adversarial networks, global semantic modeling modules,
and temporal attention mechanisms. Its computational overhead and
parameter count require systematic evaluation in combination with
real-time application scenarios. Tests show that the total number of
model parameters is 85.2M, the floating-point operations per second
(FLOPs) for single-frame inference reach 62.3G, the average
inference speed is 18.2 FPS under the NVIDIA RTX 3090 GPU
environment, and 3.7 FPS under the Intel Core i9-12900K CPU
environment. Compared with mainstream benchmark models,
DeepLabv3+ (45.1M parameters, 32.6G FLOPs, 25.6 FPS GPU
inference speed) and SegFormer (24.3M parameters, 18.7G FLOPs,
38.5 FPS GPU inference speed) have significantly lower
computational overhead. This difference mainly stems from three
aspects: the additional parameters of the generator and
discriminator in the GAN module (31.7M in total), the multi-head
self-attention computation of the Transformer encoder (accounting
for 42.8% of the total FLOPs), and the cross-frame motion vector
fusion operation of the temporal attention module (increasing about
8.2G FLOPs per frame). From the perspective of real-time
application requirements, autonomous driving scenarios usually
require an inference speed of at ieast 15 FPS. The model can meet
this requirement with GPU hardware support. Moreover, its
performance advantages, 85.6% mloU and 92.0% robustness index,
over the benchmark models can effectively compensate for the
increased computational overhead. It is particularly suitable for
complex traffic scenarios with stringent requirements on
segmentation accuracy and environmental adaptability. However, in
resource-constrained edge devices (e.g., embedded CPUs), there is
still room for optimization in the current inference speed. To balance
performance and overhead, lightweight improvements can be
promoted in three key directions in future work. First, replace some
standard convolutional layers in the Transformer encoder with depth
wise separable convolutions, and combine with the sparse design of
attention mechanisms to reduce the number of parameters without
significantly sacrificing the ability to capture global semantics.
Second, carry out progressive lightweight transformation of the GAN
module. Reduce the number of channels in the generator decoder
and the network depth of the discriminator to lower the
computational load while ensuring the quality of dynamic
background generation. Third, introduce model quantization (e.g.,
INT8 quantization) and knowledge distillation techniques to



compress the existing model into a lightweight version. It is expected
that with a mIoU loss of no more than 2%, the number of parameters
can be reduced by more than 50%, and the inference speed can be
increased to over 25 FPS. In summary, although the computational
overhead of the current model is higher than that of traditional
single-module architectures, its performance advantages in complex
dynamic scenarios and potential for targeted optimization give it
strong practical application value. Especially in autonomous driving
perception systems with GPU acceleration capabilities, it can
achieve accurate and real-time moving object segmentation through
reasonable trade-offs between performance and overhead.
6. Conclusion

Semantic segmentation of moving objects under dynamic
backgrounds is a critical challenge in computer vision. The core
difficulty lies in overcoming complex factors such as sudden
illumination changes, background interference, and motion blur,
which limit segmentation accuracy. This study aims to break through
the limitations of traditional methods by proposing an innovative
architecture that integrates GAN with Transformer models. Through
deep fusion of adversarial generation and global semantic modeling,
the method achieves precise segmentation of moving objects in
complex dynamic scenes. The study adopts a combined approach of
simulation experiments and real dataset validation. A synthetic
dataset with multidimensiocnal dynamic parameters is constructed,
and the KITTI benchmark is used to test generalization ability. In the
model design, the GAN module employs conditional normalization to
generate dynamic background samples featuring illumination
variation and motion blur, significantly enriching training data
diversity. The Transformer module utilizes MSA to capture long-
range contextual dependencies, addressing the limited receptive
field of CNN. Meanwhile, a gated fusion strategy dynamically
balances background and semantic features, enhancing GAN-
generated features in disturbed areas and focusing Transformer
semantic information on object boundaries. Experimental results
demonstrate the proposed method’s superior performance under
dynamic backgrounds. It achieves an average mloU of 85.6% in
standard scenes, surpassing DeepLabv3+ and U-Net baselines by
over 9.2%. In low-light and high-speed motion scenarios, the
robustness index reaches 92.0%, significantly outperforming
comparison models. Ablation studies further verify the necessity of
each component. Specifically: Removing the Transformer causes a
6.7% drop in mloU, highlighting the key role of global modeling.
Removing the fusion module decreases robustness by 4.0%,
confirming the effectiveness of dynamic feature balancing. Temporal



analysis shows that the full model maintains 84.5%-86.5% stability
over 20 frames, with an 8.2% reduced fluctuation compared to the
Transformer-removed variant. The data confirm that GAN-generated
samples improve illumination adaptation by 5.3%, the self-attention
mechanism reduces misclassification by 6.7%, and the gated fusion
strategy lowers false positives in disturbed regions by 12.8%. This
study offers a theoretically rigorous and practically effective solution
for dynamic object segmentation through the collaborative
optimization of adversarial training and global semantic modeling. It
holds significant application value in intelligent surveillance,
autonomous driving, and related fields. The current limitation lies in
the model’s computational complexity. Future work will explore
lightweight design and multimodal sensor fusion to further improve
real-time performance and environmental adaptability.
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