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1. INTRODUCTION

Computer vision has grown rapidly in recent years, making object detection essential in fields
such as self-driving cars, medical imaging, and factory automation [1], [2]. The evolution of object
detection systems has been driven by the demand for accurate and reliable visual recognition in complex
environments. These systems process vast amounts of visual data to identify and localize objects, making
them integral to applications ranging from surveillance to quality control in manufacturing [3]. However,
the increasing complexity of real-world scenarios, along with the need for robust performance across
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diverse conditions, presents persistent challenges, including data scarcity, real-time processing
demands, and difficulties in detecting small objects.

Deep learning has revolutionized object detection, driving a shift from traditional systems based
on handcrafted features and classical machine learning algorithms to more advanced architectures [4].
Convolutional Neural Networks (CNNs) have played a pivotal role in this transformation by enabling
automated feature learning, resulting in significant improvements in detection accuracy and
generalization across diverse applications [5]. Modern object detection frameworks, such as two-stage
detectors (e.g., Faster R-CNN) and single-stage detectors (e.g., YOLO and SSD), have further optimized
performance by balancing accuracy and computational efficiency [2], [5]. Despite these advancements,
challenges such as handling occlusions, detecting small objects, and maintaining robust performance
under varying environmental conditions persist [1], [6]. Additionally, data scarcity remains a critical
issue, particularly in specialized domains where annotated datasets are limited [4]. Addressing these
limitations has driven interest in innovative approaches, including the integration of generative models
like GANs, which offer new possibilities for enhancing object detection capabilities.

The emergence of Generative Adversarial Networks (GANs) presents a promising framework
for addressing fundamental object detection challenges through innovative data generation and feature
learning approaches [7]. With the global generative Al market projected to reach USD 967.65 billion by
2032 [8], and object detection being a key application area, GANs have become increasingly significant
in practical applications. By using the adversarial training paradigm, GANs offer sophisticated solutions
that enhance detection capabilities across multiple dimensions. GANs have significantly advanced object
detection through diverse methodological applications. Researchers have leveraged GANs to generate
synthetic training data to address scarcity, improve generalization, and enhance robustness [4], [9].
Additionally, GANs serve as powerful enhancement methods, including specific occlusion handling
strategies to better manage partially obscured objects and techniques focused on improving small object
detection performance, often by enhancing feature representations [10]. These applications
demonstrate GANs' fundamental contributions to object detection advancement.

While extensive research has examined object detection and GAN architectures independently,
a comprehensive analysis comparing their intersection in recent practical applications remains limited.
This review addresses this research gap by systematically examining and comparing GAN applications
in object detection reported between 2020 and 2025. The analysis focuses specifically on work
within three key application domains where GANs address fundamental challenges: Data Augmentation,
Occlusion Handling, and Small Object Detection. Within each of these domains, this review compares the
methodologies and performance evaluation frameworks reported by different researchers.

The contributions of this review are as follows:

1. This review examines applications of GANs in object detection between 2020-2025.

2. This paper analyzes GAN applications in object detection, categorizing them based on their role
in addressing the three key challenge domains (Data Augmentation, Occlusion Handling, Small
Object Detection) and providing insights into the specific GAN architectures employed. key
challenges and providing insights into the specific GAN architectures employed.

3. This paper presents a comparative analysis of performance metrics for object detection tasks
when employing GAN-based approaches, highlighting the effectiveness of different methods
across various applications.

4. This review identifies key challenges and proposes future directions to improve object
detection using GANs.

2. METHOD

The application of deep learning in object detection has gained significant attention from the
research community, resulting in numerous survey papers examining various aspects of this field. While
these surveys have contributed valuable insights into object detection techniques, the specific role of

Generative Adversarial Networks in Object Detection: A Systematic Literature Review 206
Anis Farihan Mat Raffei?”, Sinung Suakanto?, Faqih Hamami3, Mohd Arfian Ismail4, Ferda Ernawan>


http://u.lipi.go.id/1466480524
http://u.lipi.go.id/1464049910

JOIN | Volume 10 No. 1| June 2025: 205-215

GANs in addressing object detection challenges deserves focused attention. This section reviews
relevant surveys to contextualize the current work and highlight its unique contribution, as summarized
in Table 1.

Table 1. Summary of relevant surveys

Reference Year Primary focus GAN Coverage Main Contribution

[11] 2024 Small Object Detection Moderate Analysis of key challenges in small
Challenges object detection

[12] 2023 Evolution of Object Limited Comprehensive Chronological
Detection Review

[13] 2023 Deep Learning Object Limited Systematic analysis of detection
Detection architectures

[14] 2023 GANs in Computer Vision Extensive Overview of GAN developments in

computer vision

[15] 2023 Underwater Object Limited Analysis of underwater-specific
Detection detection challenges

[16] 2023 GANSs for Occlusion Extensive Analysis of GANs in handling
Handling occlusion problems

[17] 2021 Deep Learning in Self- Limited Analysis of deep learning for
Driving Cars autonomous vehicle perception

[18] 2020 Small Object Detection Extensive Comprehensive review of small

object detection methods

Several surveys have focused on general object detection approaches and their evolution. Kaur
and Singh [13] provided a comprehensive analysis of deep learning-based object detection, examining
both two-stage and one-stage detectors, along with various backbone networks. Their work emphasized
the performance trade-offs between detection accuracy and speed but only briefly touched upon GAN
applications. Similarly, Gupta and colleagues [17] explored deep learning applications in autonomous
driving, highlighting the importance of robust object detection systems while addressing challenges in
real-world scenarios. Small object detection, a particularly challenging aspect of object detection, has
been the focus of multiple surveys. Tong et al. [18] conducted a systematic analysis of deep learning
approaches for small object detection, notably including GAN-based detection methods among their five
key aspects. Their work highlighted the effectiveness of approaches like Perceptual-GAN and MTGAN in
generating enhanced representations of small objects. Wei and colleagues [11] further expanded on this
by examining four fundamental challenges in small object detection, incorporating GAN-based solutions
as part of their comprehensive analysis. Domain-specific survey have provided valuable insights into
specialized application. Xu et al. [15] reviewed deep learning-based underwater object detection,
addressing unique challenges like color distortion, low contrast, blur effects, and domain shift. They
examined image preprocessing, detection architectures, and domain adaptation strategies. While image
enhancement preprocessing didn’t always improve detection accuracy, they explored transfer learning
and domain adaptation solutions. The survey highlighted critical research directions, emphasizing the
need for reliable public datasets, improved preprocessing, and robust domain generalization strategies.

Regarding GAN-specific surveys, two notable works stand out. Iglesias et al. [14] presented a
comprehensive review of GANs in computer vision, analyzing architectural developments, optimization
strategies, and various applications. More specifically, Saleh et al. [16] focused on GANs for addressing
occlusion in images, examining applications such as a modal segmentation and content completion,
while highlighting challenges in GAN training and evaluation. While extensive literature exists on object
detection methodologies, GAN architectures, and their domain specific applications, there remains a
significant research gap in the comprehensive analysis of GAN-based approaches within the broader
context of object detection tasks. Previous survey efforts have predominantly focused on either general
object detection frameworks, providing only cursory examination of GAN architectures, or have
extensively analyzed GAN methodologies without sufficiently investigating their transformative impact
across the spectrum of object detection challenges. These challenges encompass critical areas including
data augmentation strategies, robust detection under adverse conditions, domain adaptation
methodologies, and weakly supervised learning paradigms.

This review addresses this critical research gap by presenting a methodologically rigorous
analysis of GAN-based approaches in object detection. Through comprehensive examination of recent
technological advancements in GAN-based object detection methodologies, this review provides deeper
analytical insights and broader coverage compared to existing surveys, offering a nuanced
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understanding of their contributions to advancing the field of computer vision. The review's scope
extends beyond traditional boundaries, incorporating cutting-edge developments in GAN architectures
and their applications to object detection tasks. By analyzing these advanced methodologies, this review
provides researchers and practitioners with a thorough understanding of current capabilities,
limitations, and future research directions in this rapidly evolving domain.

3. RESULT AND DISCUSSION

The evolution of GAN-based data augmentation has seen several notable advancements.
Bosquet et al. [10] addressed the challenge of small object detection by developing a comprehensive
pipeline centered around their Downsampling GAN (DS-GAN), designed to generate small objects from
larger ones. Their methodology, which integrates object segmentation, image inpainting, and image
blending techniques, alongside optical flow analysis for optimal object placement, demonstrated
substantial performance improvements on the Unmanned Aerial Vehicle Detection and Tracking
(UAVDT) and instance Segmentations in Aerial Images Dataset (iSAID) datasets. Building upon the need
to handle scarce data, Xu et al. [19] introduced Scarcity-GAN, a novel approach for augmenting datasets
in industrial defect detection scenarios. Scarcity-GAN leverages external datasets containing analogous
defect characteristics and employs a clustering module for relevant data selection, which helps the GAN
learn the specific features of defects even when training data is limited. The architecture combines an
Encoder-Decoder generator with a Fusion Patch-Embedding module, ensuring precise defect
localization. The model demonstrated significant performance improvements on datasets for O-ring
inspection and Metal Iron Sheet analysis, showcasing its ability to generalize across different types of
defects.

Further contributing to the field of defect detection, Wang and colleagues [3] developed
conditional TransGAN (cTransGAN) for PCB electronic component inspection augmentation. This
architecture synthesizes conditional GAN capabilities with Transformer-based architectures,
incorporating class embedding conditioning in both generator and discriminator networks. The
methodology was validated through extensive experimentation with PCB component and defect
generation, including capacitors, diodes, optocouplers, and various defect types. Comparative analysis
demonstrated consistent performance improvements across multiple object detection architectures,
including Faster R-CNN, YOLOv3, and SCNet. Similarly, the study by Haruna et al. [20] utilized
StyleGAN2-ADA to augment datasets for rice leaf disease detection. This work highlighted the challenges
of training GANs with limited data and the importance of generating high-quality synthetic images that
closely resemble real data. By combining StyleGAN2-ADA, an architecture known for its stability and
image quality, with a variance of the Laplacian filter to discard blurry or poorly generated images, the
authors improved the performance of Faster-RCNN and SSD models in detecting rice leaf diseases. This
approach not only addressed the issue of data scarcity but also improved the models' ability to
generalize across different types of rice leaf diseases.

Further extending the application of GANs to new domains, Ayub et al. [21] introduced
ColorGAN, a model designed for vehicle color augmentation. ColorGAN utilizes a modified StarGAN-v2
architecture to generate diverse images of vehicles with different colors, demonstrating the feasibility
of using GANs for targeted attribute modification. This method significantly improved the detection
performance of a CNN model when trained with augmented images, showcasing the potential of GANs
in scenarios where specific object attributes need to be varied. Taguchi and colleagues [22] investigated
GAN-based synthetic-to-real domain adaptation for improving wood ear mushroom detection,
comparing CycleGAN and RetinaGAN approaches against pure computer-generated imagery (CGI) and
real images. Their study demonstrated that GAN-generated training data improved detection accuracy
by approximately 6% in F2-score compared to using CGI alone, with RetinaGAN showing better feature
preservation than CycleGAN (13% vs 21% feature degradation rate). However, when combining
generated data with real images, no significant improvement was observed overusing real images alone,
suggesting limitations in the approach for this specific use case. The study highlighted important
considerations for GAN-based data augmentation, including the challenges of preserving object features
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during domain adaptation, the impact of image resolution (limited to 256x256 pixels), and the
importance of computational resources for generating high-quality synthetic data.

These studies collectively demonstrate the significant advancements in GAN-based data
augmentation techniques for object detection. From addressing data scarcity and improving model
generalization to enabling precise control over synthesized image attributes, GANs have proven to be a
powerful tool for enhancing the performance of object detection models across various applications. To
provide a comparative overview of the performance of these GAN-based data augmentation methods,
Table 2 summarizes the key metrics reported in each study.

Table 2. Performance summary of GAN-based data augmentation methods for object detection

Ref Method Dataset Results Drawbacks

mAP (%) F1-score (%)

[3] SCNet Self-developed PCB 96.2 Manual selection of
ResNet101 + dataset generated samples
cTransGAN required
YOLOV3 DeepPCB 96.1
DarkNet +
cTransGAN
Faster R-CNN DeepPCB 98.8
ResNet101 +
cTransGAN

[10] DS-GAN UAVDT 119 (@.5 limited to video datasets

improvement) for optimal performance
iSAID 47 (@.5
improvement)
[19] Scarcity-GAN O-ring - 85.2 Threshold selection for
Metal Iron Sheet - 92.1 clustering

[20] Faster-RCNN +  Rice leaf disease 93 Manual parameter
GAN-based tuning needed
augmentation

[21] ColorGAN HACKATHON 76.1% Resource-intensive

training process

[22] CycleGAN 1235 GAN- 72.28 (+5.51% GAN-based methods

generated images over CGI) improved over CGI but
from CGI source couldn't match real

image performance

Occlusion, where objects are partially or fully hidden behind other objects or elements in the
scene, poses a significant challenge to object detection systems. The ability to detect and reason about
occluded objects is crucial for a variety of applications, including autonomous driving, robotics, and
surveillance. GANs have emerged as a promising approach to address the challenge of occlusion handling
in object detection. The key idea is to leverage the generative power of GANs to imagine or hallucinate
the missing parts of occluded objects, thereby enabling the detector to recognize them despite the
missing visual information. One notable example of a GAN-based approach for occlusion handling is the
work of Cai and colleagues [23], who proposed an occlusion-aware GAN for natural face de-occlusion.
Their method, called Occlusion-Aware Generative Adversarial Network (OA-GAN), is designed to
address the challenging task of restoring faces that are partially occluded by objects such as glasses,
masks, or hands. Unlike traditional inpainting methods that rely on pixel-level manipulations, OA-GAN
employs a two-stage generator network. The first stage predicts an occlusion mask, which identifies the
regions of the face that are occluded. The second stage then uses this mask, along with the visible parts
of the face, to generate a complete, de-occluded face image. By incorporating both adversarial and
attribute-preserving losses, OA-GAN generate de-occluded face images that are perceptually similar to
the original, non-occluded faces.

Cao et al. [24] proposed a novel approach for recognizing occluded retail products using a
combination of GANs with prior inference and spherical clustering. The method addresses two key
challenges: the lack of product features due to hand occlusions and high similarity between different
products. The architecture uses DarkNet53 as the backbone network and incorporates semantic
segmentation to locate occluded regions, followed by a prior-guided GAN for feature restoration and
expansion. The system employs a multi-scale spatial attention (MSSA) mechanism combined with
effective channel attention (ECA) to select discriminative features and uses von Mises-Fisher (vMF)
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distribution-based metric learning to improve feature distinction through spherical clustering. The
approach achieves 96.34% average accuracy on occluded retail products and improves mAP by 1.2%
over baseline methods. Abuhussein et al. [25] proposed a novel two-stage approach combining GANs
with segmentation networks to address occlusion challenges in thermal imaging. The method first
employs a modified U-Net architecture to segment occluded regions, followed by a Pix2Pix GAN-based
network for inpainting the obscured areas. The system uses a reduced U-Net variant with only 485,000
parameters (compared to the standard 40.4 million) for efficient segmentation, while the Pix2Pix
component handles the restoration of occluded regions through patch-wise processing. The approach
achieved impressive results with PSNR of 32.5dB and SSIM of 0.89, outperforming traditional dehazing
and denoising methods like BM3D and BM4D in both accuracy and processing speed. While the method
shows strong performance in handling moderate occlusions, it faces challenges with dense, large-scale
occlusions. The system's practical utility is demonstrated through its efficient runtime of 0.3 seconds per
frame, making it suitable for real-world surveillance and security applications where thermal imaging is
crucial.

Another approach to handling occlusions with GANs is presented by Meng and colleagues [26]
who proposed a novel GAN-based approach called Soil Surface Occlusion Image Inpainting Network (SOI
NET) for handling occlusions in soil surface images. The network employs a two-stage architecture
consisting of a Rough Network and a Refinement Network, with the latter incorporating a coherent
semantic attention (CSA) module to improve context information utilization. The system includes a
vehicle-mounted detection component that identifies occlusions (like weeds, crop residue, and soil
aggregates) and generates corresponding masks for removal. The method achieved superior
performance compared to traditional and other deep learning approaches, with the highest average
PSNR (21.139) and SSIM (0.754) scores across different occlusion levels. When applied to real-world
farmland scenarios, the system effectively removed occlusions and improved subsequent soil moisture
content estimation accuracy, increasing R* from 0.637 to 0.667 and reducing RMSE from 1.916% to
1.822%. The approach is particularly notable for its practical implementation in agricultural
applications and its ability to handle various types of occlusions while maintaining image quality and
detail preservation. Sun et al. [27] propose Ganster R-CNN, a novel architecture combining GAN with
Faster R-CNN to improve occluded object detection. The model introduces two key components: Region
Feature Pyramid Network (RFPN) which integrates feature maps from different scales to capture both
semantic and spatial information, and IGAN (Improved GAN) which generates occluded samples to
enhance the detector's capability in handling occlusions. The IGAN module employs an adversarial
learning strategy where the generator creates occluded samples while the detector learns to improve
detection accuracy through iterative learning. The architecture uses ResNet-101 as the backbone and
incorporates a mask-based approach in the generator to create realistic occlusions while preserving
object features.

While these methods have shown promising results in handling occlusions in object detection,
they also have some limitations. For example, many of these methods rely on paired data for training,
which can be difficult to obtain in real-world scenarios. Additionally, some methods may struggle to
generate realistic and consistent completions for objects with complex shapes or textures. Table 3
provides a summary of GAN-based methods for handling occlusions.

Table 3. Performance summary of GAN-based methods for handling occlusions in object detection

Ref  Method Dataset Result Drawbacks

[23] Pix2Pix KAIST2 PSNR: 32.5dB Struggles when large portions of the frame are
SSIM: 0.89 occluded

[24]  Prior GAN with Self-made PSNR: 0.7743 Real-time performance needs improvement for

vMF clustering SSIM: 0.0183 practical retail applications

[25] OA-GAN CelebA PSNR: 22.61 dB Limited ability to handle extreme occlusions or
SSIM: 0.787 multiple occlusions simultaneously

[26] SOINET 6000 training PSNR: 21.139dB Cannot effectively identify objects with similar

soil surfaces SSIM: 0.754 color to soil

[27] Ganster R-CNN MS COCO +10.3 AP over Poor performance on small objects like
Faster R-CNN tableware
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Small object detection remains a significant challenge in computer vision, particularly when
objects appear small in images due to distance or environmental conditions. This challenge is further
amplified in low-light conditions, where limited training data and poor visibility can severely impact
detection performance. Recent approaches have leveraged GANs to address these limitations by
augmenting training datasets and enhancing feature representation for small object detection. GANs
have demonstrated promising capabilities in enhancing feature representation, augmenting training
datasets, and improving the overall detection performance for small objects across various domains and
applications. Table 4 summarizes the performance of GAN-based methods for small object detection.

Wau et al. [28] addressed small object detection challenges in nighttime conditions through an
enhanced CycleGAN architecture. Their approach tackled the limitations of insufficient training data and
poor visibility by incorporating ResNeXtBlocks for improved feature extraction and an optimized
upsampling module. The enhanced model demonstrated substantial performance gains, achieving
increases of 13.34% in precision, 45.11% in recall, and 56.52% in average precision, while improving
the Fréchet Inception Distance (FID) score by 29.7% compared to the original CycleGAN architecture.
Bashir and Wang [29] proposed SRCGAN-RFA-YOLO, a framework combining super-resolution with
object detection to address small object detection challenges in low-resolution remote sensing images.
Their approach integrates three key innovations: a residual feature aggregation (RFA) network in the
generator for better feature extraction, a cyclic GAN architecture for improved training stability, and a
detector-agnostic framework that can work with various object detectors. The method demonstrated
significant improvements in detection metrics when dealing with highly downsampled images (scale
factor of 16), achieving a 54.3% increase in Average Precision compared to bicubic interpolation and a
29.4% improvement over EDSR-RFA baseline.

Salaudeen and Celebi [30] proposed a two-stage approach combining Enhanced Super-
Resolution GAN (ESRGAN) with object detection networks (YOLOv5 and EfficientDet) to improve small
pothole detection in challenging conditions. Their method addresses the limitations of detecting small
objects in low-resolution images by first enhancing image quality through super-resolution before
detection. The approach demonstrated significant improvements, with the ESRGAN+YOLOv5 model
achieving 32% mAP (at IoU 0.5:0.95) on super-resolution images compared to 12% on low-resolution
images, while ESRGAN+EfficientDet achieved 26% mAP versus 10.6% on low-resolution images. Ren et
al. [31] proposed Region Super Resolution Generative Adversarial Network (RSRGAN), a novel two-stage
approach combining region proposal with super-resolution for infrared small target detection. Their
method first employs a lightweight Region Context Network (RCN) to efficiently extract potential target
regions, followed by an enhanced SRGAN with a distribution transformation generator to improve small
target detection. The approach addresses two key challenges: computational efficiency through region-
based processing, and the distribution gap between real small targets and downsampled training data.
The method demonstrated superior performance, achieving 0.980 mAP@.5 and outperforming state-of-
the-art detectors.

Rabbi et al. [32] proposed EESRGAN-FRCNN, an end-to-end architecture combining edge-
enhanced super-resolution with object detection to improve small object detection in low-resolution
satellite imagery. Their approach integrates three key components: an enhanced super-resolution GAN
(EESRGAN) with residual-in-residual dense blocks, an edge enhancement network (EEN) to preserve
crucial edge information, and a detector network (Faster R-CNN/SSD). The method demonstrated
significant improvements in detection metrics, achieving 95.5% AP with end-to-end training compared
to 64% AP using standard detectors on low-resolution images. A key innovation was the introduction of
edge consistency loss alongside image consistency loss to generate clearer edges and reduce noise in
enhanced images.
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Table 4. Performance summary of GAN-based methods for small object detection

Ref  Method Performance Drawbacks
[28] Enhanced CycleGAN with ResNeXtBlocks  Precision: +13.34% Cannot completely eliminate mode
and optimized upsampling module Recall: +45.11% collapse

Average Precision: +56.52%
F1Score: +30.52% FID Score
reduction: 29.7%

[29] SRCGAN-RFA-YOLO AP increase: 54.3% over bicubic Higherinference time compared to
interpolation other object detectors.
AP increase: 29.4% over EDSR-RFA

[30] ESRGAN ESRGAN + YOLOv5:mAP: 32%  Higher computational cost
ESRGAN + EfficientDet: mAP: 26%

[31] RSRGAN mAP@.5: 0.980 Computationally expensive

[32] EESRGAN-FRCNN COWC Dataset: AP: 95.5% Dataset-specific performance
OGST Dataset: AP: 83.2% variations

3.1 Challenges and Future Directions

Despite the significant advances in GAN-based approaches for object detection, several critical
limitations persist that warrant attention from the research community. The computational complexity
and resource requirements remain a significant barrier to widespread adoption, as training GANs
demands substantial computational resources and time, particularly for high-resolution image
generation and complex architectures. This computational burden becomes especially pronounced
when combining GAN-based enhancement with detection pipelines, making real-time performance
challenging and limiting deployment on resource-constrained devices. Training stability and
convergence continue to pose significant challenges in GAN implementation. Mode collapse remains a
persistent issue, particularly in domain-specific applications, while achieving stable training across
different weather conditions and lighting scenarios requires careful consideration. The delicate balance
required between generator and discriminator performance necessitates careful hyperparameter
tuning, adding complexity to the development process.

Data dependencies also represent another crucial limitation, as many approaches rely heavily
on paired training data, which is often scarce or expensive to obtain. This challenge is particularly severe
in domain-specific applications where annotated training data may be limited. While synthetic data
generation offers a potential solution, generated data may not fully capture the complexity and
variations present in real-world scenarios, potentially limiting model generalization. Performance gaps
continue to exist across different aspects of object detection. Detection accuracy for small objects
consistently lags that of larger objects, especially in adverse conditions. Integration challenges further
complicate the practical implementation of GAN-based approaches in object detection systems. There
are persistent difficulties in seamlessly combining GAN-based enhancement with existing detection
pipelines, often requiring complex trade-offs between image enhancement quality and detection speed.
The limited standardization in evaluation metrics and benchmarking procedures also makes it
challenging to compare different approaches effectively and establish best practices.

Looking ahead, several promising research directions emerge that could address current
limitations and advance the field of GAN-based object detection. In terms of architectural innovations,
future research should focus on developing lightweight GAN architectures optimized for resource-
constrained environments. This includes investigating hybrid approaches combining GANs with
transformers for improved feature learning and exploring multi-task architectures that can jointly
handle enhancement and detection tasks efficiently. Training methodologies represent another crucial
area for future research. There is a pressing need to develop self-supervised and weakly-supervised
training approaches that reduce reliance on paired data. Additionally, research into adaptive training
strategies that can dynamically adjust to different environmental conditions could significantly improve
model robustness. The investigation of transfer learning techniques to improve generalization across
domains also holds promise for enhancing model performance.

Performance enhancement remains a critical focus area, particularly in addressing specific
challenges like small object detection through specialized GAN architectures. Future research should
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prioritize developing more robust approaches for extreme weather conditions and severe occlusions,
while also investigating domain-specific optimization techniques for targeted applications. This includes
exploring novel loss functions and architectural modifications that can better preserve fine details while
maintaining computational efficiency. Efficiency improvements represent another vital research
direction, focusing on model compression and quantization techniques for GAN-based detection
systems. The development of adaptive inference pipelines that can balance performance and
computational cost could make these systems more practical for real-world applications. Research into
efficient architectures specifically designed for real-time applications could help bridge the gap between
laboratory demonstrations and practical deployments.

Finally, standardization and evaluation frameworks require significant attention from the
research community. The development of comprehensive evaluation frameworks for GAN-based
detection systems, along with standardized benchmarks across different environmental conditions,
could help establish more reliable comparisons between different approaches. Creating unified metrics
that consider both enhancement quality and detection performance would provide better insights into
the practical utility of different methods. These research directions collectively aim to address current
limitations while advancing the field toward more robust, efficient, and practical implementations of
GAN-based object detection systems.

4. CONCLUSION

This comprehensive review has examined the intersection of GANs and object detection,
highlighting significant advancements and innovations between 2020-2025. Through systematic
analysis of various applications and methodologies, the review has demonstrated how GANs have
transformed object detection capabilities across multiple dimensions, from data augmentation and
occlusion handling to small object detection. While substantial progress has been made, with some
approaches showing remarkable improvements in detection metrics, several challenges persist,
including computational complexity, training stability, and data dependencies. The integration of GANs
with modern detection architectures continues to evolve, suggesting promising directions for future
research in areas such as lightweight architectures, self-supervised learning, and adaptive training
strategies. As the field matures, future developments are expected to yield more practical
implementations that further push the boundaries of what's possible in computer vision applications,
particularly in addressing real-world challenges such as resource constraints, extreme environmental
conditions, and domain-specific requirements.
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