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Abstract

Low-light environments remain a persistent challenge in computer vision, often leading to notable degradation in object detection
performance. This is primarily caused by reduced contrast, increased noise, and the loss of critical visual details, all of which
hinder reliable feature extraction. To address these limitations, this study proposes an integrated framework that combines Zero-
Reference Deep Curve Estimation (Zero-DCE) for adaptive image enhancement with the YOLOV7 architecture for efficient and
accurate object detection. The study was conducted through a structured pipeline consisting of several key stages: (1) preparation
of the ExDark, NOD, and LOD datasets; (2) preprocessing, including annotation and labelling; (3) low-light image enhancement
using Zero-DCE; (4) dataset selection, partitioning, and utilization; (5) image resizing to ensure model compatibility; (6) model
development, comprising both a baseline YOLOvV7 model and an enhanced Zero-DCE + YOLOV7 configuration; and (7)
performance analysis and evaluation using mean Average Precision (mAP) as the primary metric. Experimental results
demonstrate that the integration of Zero-DCE with YOLOvV7 improves detection performance, with mAP@0.5 increasing from
0.785 in the baseline model to 0.794. Although the improvement is modest, it is consistent and indicates the effectiveness of
incorporating illumination enhancement into the preprocessing stage. In addition, this study’s contribution lies in demonstrating
that the proposed framework enhances the robustness of object detection systems under challenging lighting conditions without
incurring significant computational overhead.
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Introduction

Object detection constitutes a fundamental component of modern computer vision applications [1], spanning
autonomous vehicles [2], Al-driven surveillance systems [3], medical image analysis [4], and human—computer
interaction [5]. This technology enables systems to automatically recognize, localize, and classify objects within
images or videos [6], [7], thereby facilitating rapid, accurate, and data-driven decision-making [8].

In autonomous vehicles, object detection plays a pivotal role in identifying traffic signs [9], [10], [11], [12],
pedestrians [13], [14], [15], and other vehicles to ensure safe navigation [16], [17]. Within the medical domain, object
detection techniques have made significant contributions to supporting diagnostic processes and clinical interventions.
For example, Kim et al. [18] employed object detection algorithms to identify structural abnormalities in radiological
images, whereas Alsallal et al. [19] applied them for tumor and lesion detection, which are critical for early diagnosis
and targeted therapeutic planning.

In the industrial sector, this technology has been widely adopted to improve operational efficiency and enhance
the accuracy of automated systems. For instance, intelligent traffic monitoring systems [20], [21], [22] leverage object
detection to calculate vehicle density, identify violations, and dynamically control traffic signals. Similarly, computer
vision-based systems in logistics and manufacturing enable real-time inventory tracking [23], defect detection [24],
and optimization of distribution routes [25]. Furthermore, in security surveillance, object detection assists in
identifying suspicious activities in public areas [26], critical facilities [27], and restricted zones [28], even under
challenging environmental conditions [29].
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With the increasing demand for intelligent systems capable of performing reliably under diverse environmental
conditions, new challenges have emerged—particularly regarding the quality of visual inputs provided to these
systems. One of the most significant challenges involves low-light environments [30], which substantially impact the
performance of computer vision-based object detection algorithms. Yi et al. [31] demonstrated that under poor
illumination, digital images frequently suffer from visual degradation, including reduced contrast, increased noise,
color distortions, and the loss of essential semantic details necessary for effective feature extraction. Consequently,
detection models that heavily depend on spatial and textural representations often struggle to accurately recognize and
localize objects.

This issue is particularly critical in real-world scenarios, such as nighttime surveillance in public spaces,
monitoring poorly lit indoor facilities (e.g., warehouses or industrial corridors), and extreme weather conditions like
dense fog or heavy rainfall, which significantly reduce visibility. In these contexts, insufficient illumination not only
degrades detection accuracy but may also lead to serious safety risks and operational inefficiencies—especially in
critical domains such as autonomous driving, Al-powered security systems, and medical image analysis [32], [33],
[34].

Various approaches have been developed to mitigate these challenges. Classical methods, such as Histogram
Equalization [35] and Retinex-based enhancement [36], suffer from limited adaptability and often produce visual
artifacts or undesirable distortions. In contrast, deep learning-based techniques—including LLNet [37],
EnlightenGAN [38], and Zero-DCE [39]—achieve more adaptive image enhancement. Among them, Zero-DCE has
demonstrated competitive performance while maintaining a lightweight architecture through its curve-estimation
mechanism, enabling effective illumination adjustment without requiring paired training data. Recently, Wang et al.
[40] proposed a domain adaptation strategy for low-light object detection by integrating a Laplacian pyramid-based
enhancement module with multi-scale feature alignment, enabling the extraction of more robust features under varying
illumination conditions. Similarly, Liu et al. [41] introduced Dark-YOLO, an object detection algorithm incorporating
multiple attention mechanisms and adaptive enhancement modules, which demonstrated significant performance
improvements on the ExDark and DarkFace [42] datasets. Although Dark-YOLO achieved promising results, its
reliance on additional enhancement and attention components increases architectural complexity, suggesting that
further improvements may be achieved through more efficient and modular integration strategies. Moreover, Anoop
and Deivanathan [43] conducted a comparative analysis of enhancement techniques and detection models,
emphasizing the importance of selecting algorithms that preserve semantic features rather than optimizing solely for
visual quality.

Despite these advancements, there remains a substantial gap in developing efficient and lightweight pipelines
suitable for real-world deployment, where detection systems are often required to operate under varying illumination
conditions and limited computational resources. In practical scenarios such as surveillance, traffic monitoring, and
autonomous systems, enhancement methods must not only improve visibility but also preserve structural consistency
without imposing significant computational overhead. In this context, Zero-DCE provides an effective, end-to-end,
reference-free solution for low-light image enhancement through its lightweight curve-estimation mechanism, which
adaptively adjusts pixel-wise illumination without requiring paired training data. On the detection side, YOLOV7 [44]
delivers fast and accurate object detection through its optimized one-stage architecture, efficient feature aggregation,
and real-time inference capability, making it suitable for deployment in time-sensitive applications.

Given these complementary characteristics, integrating Zero-DCE and YOLOvV7 becomes particularly appealing
for real-world low-light detection tasks, as the enhancement module can improve input visibility while the detector
leverages its efficient architecture to maintain high-speed and accurate predictions. However, studies explicitly
integrating Zero-DCE as a pre-processing stage with YOLOV7 for object detection remain limited. Therefore, this
study aims to evaluate the effectiveness of the Zero-DCE+YOLOV7 pipeline in improving object detection
performance under low-light imaging conditions. Specifically, it investigates the contribution of illumination
enhancement to detection accuracy and assesses the robustness of the proposed model across diverse scenarios with
extreme lighting variations.

Method
The methodological framework of this study follows a systematic and reproducible process designed to enhance

object detection under low-light conditions. The dataset was obtained from publicly available benchmark sources and
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underwent a series of preprocessing steps, including resizing, labeling, and annotation, to prepare it for model training.
Image enhancement was subsequently performed using the Zero-DCE algorithm to improve visual quality and object
visibility in low-light environments. The processed dataset was then divided into training, validation, and testing
subsets to ensure unbiased model evaluation, and all images were standardized to a resolution of 416 x 416 pixels for
consistency across experiments. Two model configurations were developed and compared: the baseline YOLOv7 and
the Zero-DCE-enhanced YOLOV7. The performance of both models was evaluated using mean Average Precision
(mAP) as the primary evaluation metric. An overview of the complete research workflow is presented in Figure 1,
providing a comprehensive illustration of the proposed methodology.

All experiments were conducted on a workstation equipped with an NVIDIA GeForce GTX 1080 Ti (11GB), an
Intel Core i17-6900K processor, and 64GB of RAM. Considering the available computational resources, the
enhancement and detection modules were trained sequentially rather than within a fully end-to-end joint optimization
framework. This setup reflects a practical single-GPU configuration representative of real-world deployment and
applied research environments.
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Figure 1. Research Workflow
Result and Discussion
A. Result
1. Dataset

This study employs three publicly available datasets to facilitate model development and performance evaluation
in low-light object detection. Among them, the ExDark dataset serves as the primary source for training, validation,
and internal testing, whereas the NOD and LOD datasets are used exclusively for external testing. This separation
ensures an objective assessment of the model’s generalizability under diverse illumination conditions and object
distributions.

The ExDark dataset was obtained from https:/github.com/cs-chan/Exclusively-Dark-Image-Dataset and
comprises 7,363 low-light images distributed across 12 object categories: bicycle, boat, bottle, bus, car, cat, chair,
cup, dog, motorbike, people, and table. Each image is accompanied by a .txt annotation file specifying object class
labels and bounding-box coordinates in the format (x_min, y_min, width, height). These annotations were utilized
during both training and evaluation stages to enable accurate object localization. In total, the dataset provides 23,711
annotated instances, with people, car, and chair being the most frequently represented categories.

The NOD dataset, retrieved from https://github.com/igor-morawski/NOD, contains three subsets of low-light
images captured using different imaging devices: Nikon D750, Sony RX100 VII, and a hybrid combination of both.
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To ensure consistency in data distribution, only the Nikon D750 subset was selected for this study. This subset
comprises 4,006 images with 28,046 annotated instances spanning three object categories: people, bicycle, and car.

The LOD dataset, obtained from https://github.com/yanghong7410/LODDataset, consists of four distinct data
types—RGB-Normal, RGB-Dark, RAW-Normal, and RAW-Dark—classified according to image format (RGB vs.
RAW) and illumination level (Normal vs. Dark). Specifically, RGB images represent standard pixel-based formats
containing red, green, and blue channel values, whereas RAW images consist of unprocessed sensor data captured
using a Bayer filter configuration. For this study, the RGB-Dark subset was selected to evaluate the proposed model’s
performance in low-light environments. This subset comprises 2,230 images distributed across eight object categories:
car, chair, bicycle, bottle, bus, table, tvmonitor, and motorbike. Due to its limited representation, the tvmonitor
category was excluded, resulting in a final evaluation set of 1,881 images.

By integrating these three datasets, this study establishes a comprehensive experimental framework that enables
both robust training and unbiased cross-dataset evaluation. This design ensures a fair comparison of model
performance and provides insights into the adaptability of low-light object detection systems under diverse imaging
conditions.

2. Pre-Processing

The three datasets employed in this study utilize heterogeneous annotation formats, necessitating a standardized
representation to ensure consistency throughout the data processing pipeline. All annotations were therefore converted
to the YOLO format, which encodes object coordinates using x midpoint, y midpoint, width, and height, with all
values normalized to a pixel range of [0, 1]. The conversion process commenced by loading each annotation file and
assessing its structural compatibility with the YOLO specification. For annotations initially defined using x_min and
y_min, the midpoint coordinates were subsequently recalculated using Equations (1) and (2).

width

Xmidpoint = Xmin T ( > ) (D
width

Ymidpoint = Ymin + ( ) ) 2

In addition to spatial normalization, categorical labels were numerically encoded to align with YOLO’s
classification schema. Specifically, the object classes bicycle, boat, bottle, bus, car, cat, chair, cup, dog, motorbike,
people, and table were mapped to integer identifiers ranging sequentially from O to 11. A representative sample of the
reformatted annotations is presented in Table 1, illustrating the final structure adopted for model training and
evaluation.

Table 1. Sample of Processed Annotations in YOLO Format

Filename Label Xcenter Yeenter width height
2015_00001.png 0 0.67900 0.33200 0.54200 0.51467
0 0.35100 0.71701 0.15800 0.31965
0 0.50100 0.69648 0.12600 0.38416
2015_00002.png
0 0.63000 0.73314 0.15200 0.36364
0 0.75300 0.65543 0.11400 0.23754
6 0.84717 0.21303 0.10645 0.13324
6 0.59424 0.39678 0.12988 0.46267
2017_07358.jpg 6 0.56104 0.51830 0.20215 0.60029
6 0.74854 0.64715 0.26465 0.49780
11 0.79199 0.48390 0.34570 0.49048
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3. Image Enhancement

Prior to the training phase, the ExDark dataset was subjected to low-light image enhancement using the Zero-DCE
model. This enhancement step was essential to establish a clear distinction between the original dataset (without
enhancement) and the modified dataset (with enhancement), thereby enabling comparative analysis of model
performance under varying illumination conditions. The Zero-DCE model was implemented using the PyTorch
framework and comprises a series of Conv2D layers integrated with ReLU and Tanh activation functions. The
architectural structure of the enhancement model is illustrated in Figure 2.

/ ZeroDCE \
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Figure 2. Zero-DCE Architecture

Subsequently, the pixel values of the input image must be normalized prior to processing. Initially ranging from
[0, 255], these values are rescaled to the interval [0, 1] using min-max normalization to ensure compatibility with the
model’s input requirements. This normalization procedure is illustrated in Figure 3.
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Figure 3. Pixel Normalization

Each image in the ExDark dataset was processed using the Zero-DCE model to enhance illumination quality under
low-light conditions. The resulting images exhibit improved lighting compared to their original counterparts, thereby
facilitating more effective object detection. A comparative visualization of pre- and post-enhancement outputs is
presented in Figure 4.
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Figure 4. Pre- and Post-Enhancement Using Zero-DCE

4. Dataset Selection, Partitioning, and Utilization

Among the three datasets mentioned earlier, the ExDark dataset was selected as the primary source for model
training and validation. This dataset was divided into three subsets: training, validation, and testing, with respective
proportions of 70%, 15%, and 15%. In contrast, the NOD and LOD datasets were used exclusively for external testing
to evaluate the model’s generalization capability under varying illumination conditions (see Table 2). The partitioning
of the ExDark dataset was performed through an iterative sampling process across all image categories to ensure
proportional allocation into the designated subsets. The resulting samples from each class were stored in separate lists
to maintain categorical consistency and facilitate subsequent processing. This procedure resulted in a total of 5,148
images for training, 1,111 images for testing, and 1,104 images for validation.

Table 2. Testing Categories

Test Dataset Class
Internal ExDark Bicycle, Boat, Bottle, Bus, Car, Cat, Chair, Cup, Dog, Motorbike, People, Table
ExDark Boat, Cat, Cup, Dog
External LOD Car, Chair, Bicycle, Bottle, Bus, Table, Motorbike
NOD People, Bicycle, Car

5. Image Resize

Prior to performing object detection using the YOLOvV7 model, all input images are resized to a fixed resolution
of 416 x 416 pixels. This preprocessing step is crucial for reducing computational complexity and ensuring
compatibility with the model’s input specifications. The resizing operation is automatically executed during the image-
loading process by leveraging the resize function provided by the OpenCV library. However, since many input images
do not inherently conform to a 1:1 aspect ratio, direct resizing can introduce geometric distortions and produce
unnatural object proportions, as illustrated in Figure 5. Such distortions may negatively affect detection accuracy,
particularly in scenarios where precise spatial localization is required. To overcome this issue, a padding strategy is
employed to maintain the original aspect ratio. By adding border pixels around the image, this technique preserves
the structural integrity of the visual content while simultaneously conforming to the model’s fixed input dimension
requirements.

Figure 5. Resizing Non-Square Images
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6. Modeling

Two modeling scenarios were implemented to evaluate the performance of the object detection system under
varying lighting conditions, namely Baseline+YOLOv7 and Zero-DCE+YOLOv7. The Baseline+YOLOvV7 model
served as the baseline approach, in which object detection was performed directly on the original images without
applying any image enhancement techniques. In contrast, the Zero-DCE+YOLOv7 model integrates the Zero-DCE
algorithm to improve image brightness and contrast prior to the detection stage. The integration of Zero-DCE was
designed to enhance detection performance in low-light environments without relying on additional reference data.
Both models were trained and evaluated using four different configurations to enable a comprehensive and robust
comparative analysis of the system’s accuracy and efficiency, as summarized in Table 3.

Table 3. Training Configuration

Configuration Optimizer Learning rate Epochs Batch Freezed
A SGD 0.01 150 24 No
B SGD 0.01 50 32 Yes
C ADAM 0.001 150 24 No
D ADAM 0.001 75 32 Yes

Table 4 presents the performance results of the Baseline+YOLOvV7 scenario model. In this experiment, four object
detection configurations (A, B, C, and D) were evaluated using the mAP@0.5 metric across multiple object classes.
The findings indicate that configuration B achieved the highest overall performance, with an average mAP@0.5 score
of 0.785, outperforming D (0.766), A (0.758), and C (0.731). These results suggest that the detection strategies or
parameter settings applied in configuration B were more effective in identifying objects within the evaluated dataset.

From a class-level perspective, objects such as Bus, Bicycle, and Motorbike demonstrated consistently high
detection accuracy, with mAP scores approaching or exceeding 0.85 in several configurations. Conversely, classes
such as Table, Bottle, and Chair exhibited relatively lower performance, with the lowest score recorded for Table in
configuration C (0.531).

Table 4. Internal Testing Results of Baselinet+YOLOV7 on the ExDark Dataset

Configuration
Class
A B C D

Bicycle 0.828 0.875 0.828 0.857
Boat 0.744 0.784 0.766 0.776
Bottle 0.664 0.650 0.647 0.639
Bus 0.900 0.919 0.866 0.910
Car 0.805 0.829 0.799 0.813
Cat 0.780 0.767 0.709 0.746
Chair 0.644 0.734 0.635 0.715
Cup 0.701 0.747 0.686 0.735
Dog 0.809 0.809 0.727 0.801
Motorbike 0.822 0.848 0.791 0.814
People 0.822 0.833 0.788 0.823
Table 0.571 0.620 0.531 0.569
mAP@.5 0.758 0.785 0.731 0.766
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Table 5 presents a comprehensive summary of the Zero-DCE+YOLOv7 model’s performance across four
different configurations for 13 object classes. Among these, configuration B achieves the highest detection accuracy
(mAP@0.5 = 0.794), demonstrating superior precision for Bus (0.921), Dog (0.853), and Cat (0.808). In contrast,
configuration C records the lowest overall performance (mAP@0.5 = 0.724), particularly struggling with Table and
Chair, which are more challenging to detect due to weak object boundaries and high background similarity.

Configurations A and D deliver comparable overall accuracy (mAP@0.5 = 0.758); however, their performance
varies across specific classes. Configuration A performs better on Bicycle and Motorbike, whereas configuration D
achieves higher precision for Car and People. Overall, larger objects with distinct visual features, such as Bus and
Motorbike, are detected more effectively, while smaller or visually ambiguous objects, such as Bottle and Table,
remain more difficult to identify accurately. A visual comparison between sample ground-truth images and the
corresponding prediction results is provided in Figure 6 and Figure 7 to illustrate the model’s detection performance.

Table 5. Internal Testing Results of Zero-DCE+YOLOV7 on the ExDark Dataset

Configuration
Class
A B C D

Bicycle 0.870 0.878 0.836 0.839
Boat 0.749 0.803 0.728 0.719
Bottle 0.637 0.656 0.656 0.623
Bus 0.896 0.921 0.901 0913
Car 0.802 0.828 0.783 0.816
Cat 0.746 0.808 0.682 0.783
Chair 0.661 0.713 0.645 0.694
Cup 0.725 0.759 0.664 0.704
Dog 0.788 0.853 0.726 0.798
Motorbike 0.832 0.857 0.752 0.829
People 0.812 0.836 0.785 0.821
Table 0.575 0.611 0.537 0.560
mAP@.5 0.758 0.794 0.724 0.758

The comparative evaluation between SGD and ADAM optimizers reveals that configurations using SGD
(particularly Configuration B) consistently achieved superior performance compared to ADAM-based configurations.
This observation may be attributed to SGD’s stable convergence behavior and its tendency to generalize better in
object detection tasks, especially when trained over extended epochs. In contrast, ADAM, while offering faster initial
convergence due to adaptive learning rates, may lead to suboptimal generalization under certain dataset distributions,
particularly in complex low-light scenarios. These findings suggest that optimizer selection plays a critical role in
balancing convergence stability and detection accuracy within low-light detection pipelines.
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Figure 6. Sample Ground Truth Images from ZeroDCE+YOLOv7 Configuration B
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Figure 7. Sample Predicted Images from ZeroDCE+YOLOV7 Configuration B
5. Analysis and Evaluation

As previously described, configuration B demonstrated the highest performance among the evaluated models. To
assess its generalization capability, configuration B was subsequently tested using the External-test dataset, a
composite dataset characterized by a distinct image distribution compared to the ExDark dataset. This evaluation
aimed to determine the extent to which the best-performing configuration could detect objects under conditions
involving distributional shifts from the training data. The results of the External-test evaluation are presented in Table
6, providing insight into the model’s robustness when confronted with broader visual variability.

Table 6. External Testing Results Using the Optimal Configuration

Class Baseline Zero-DCE
Bicycle 0.404 0.403
Boat 0.763 0.799
Bottle 0.405 0.529
Bus 0.373 0.497
Car 0.613 0.643
Cat 0.718 0.767
Chair 0.445 0.514
Cup 0.791 0.748

Improve Accuracy)
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Class Baseline Zero-DCE
Dog 0.721 0.754
Motorbike 0.279 0.338
People 0.530 0.520
Table 0.522 0.547
mAP@.5 0.547 0.588
time 4.2ms 10.3ms

B. Discussion

The external testing results presented in Table 6 indicate that the integration of the Zero-DCE-based image
enhancement technique yields varying impacts on object detection performance under low-light conditions. Overall,
there is an improvement in the mean Average Precision at an IoU threshold of 0.5 (mAP@0.5), increasing from 0.547
in the baseline configuration to 0.588 after applying Zero-DCE. Similarly, in internal testing on the ExDark dataset,
the integration of Zero-DCE improves mAP@0.5 from 0.785 to 0.794. These results correspond to relative
improvements of approximately 1.15% in internal evaluation and 7.5% in external testing, indicating that illumination
enhancement contributes more significantly under distributional shifts. This finding suggests that enhancement plays
a more critical role when the model encounters unseen lighting distributions compared to in-domain evaluation,
thereby strengthening robustness in cross-dataset scenarios.

When examining performance across individual object classes, the most significant improvement is observed in
the Bottle class, where the mAP increases from 0.405 to 0.529. Substantial gains are also recorded for the Bus and
Chair classes, rising from 0.373 to 0.497 and 0.445 to 0.514, respectively. Furthermore, classes such as Boat, Cat, and
Dog also exhibit consistent improvements, highlighting the model’s sensitivity to objects with distinctive contours
and textures in low-light scenarios.

However, not all object classes benefit from the application of Zero-DCE. For instance, the Cup class experiences
a slight decrease in performance, with the mAP dropping from 0.791 to 0.748, while People and Bicycle show
marginal declines or remain relatively stable. This phenomenon may be attributed to the visual characteristics of these
objects, which are less well-defined or become distorted following the image enhancement process, thereby reducing
detection accuracy.

From a computational efficiency perspective, the inference time increases from 4.2 ms in the baseline configuration
to 10.3 ms after applying Zero-DCE. While this represents a trade-off between accuracy and processing speed, the
additional computational cost is still acceptable in applications where real-time performance is not critical and
detection accuracy is prioritized.

Table 7. Comparison of ExDark Testing Results

Model Test Size Baseline Zero-DCE

YOLOV3 608 0.764 0.769
Faster-RCNN 800 0.621 -

YOLOvV7 416 0.785 0.794

Comparative analysis with existing studies, as shown in Table 7, further highlights the effectiveness of the
proposed approach. Despite employing a lower testing image resolution (416x416 pixels), the YOLOvV7 algorithm
demonstrates superior object detection performance on the ExDark dataset compared to both YOLOvV3 proposed by
Cui et al. [45] and Faster R-CNN developed by Guo et al. [46]. Under baseline testing conditions, YOLOvV7 achieves
a notable improvement in mAP@0.5, increasing from 0.764 and 0.621 in YOLOvV3 and Faster R-CNN, respectively,
to 0.785. Furthermore, incorporating Zero-DCE for low-light enhancement leads to an additional boost in detection
performance, where the transition from YOLOvV3 to YOLOV7 yields an increase in mAP@0.5 from 0.769 to 0.794.
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Conclusion

This study provides compelling evidence that the integration of Zero-DCE-based image enhancement with the
YOLOV7 object detection algorithm substantially improves detection performance under low-light conditions. The
consistent increase in mAP@Q0.5 across the majority of object classes demonstrates that illumination quality plays a
decisive role in extracting discriminative visual features, particularly in deep learning-based detection frameworks.
These findings reinforce the significance of adaptive image preprocessing as a critical step toward achieving robust
and reliable object detection pipelines.

Beyond improving detection accuracy, the results highlight that testing configurations—including input resolution,
enhancement strategies, and model architectures—significantly influence overall system performance. Thus, the
selection of model configurations should not be perceived as a purely technical choice but rather as a strategic decision
that shapes the model’s generalization capability in real-world environments, especially within challenging low-
illumination contexts.

Despite these advances, the study has several limitations. The training processes for the image enhancement and
object detection modules were performed independently, preventing end-to-end parameter optimization. Furthermore,
the experiments were conducted under a practical single-GPU computational setting, which limited the exploration of
more computationally intensive joint-optimization frameworks that could leverage dynamic feature alignment to
further enhance detection performance.

Looking ahead, future research should focus on developing an end-to-end joint training paradigm that tightly
couples Zero-DCE and YOLOvV7, enabling the network to adaptively learn illumination-aware features within a
unified optimization process. In addition, investigating more advanced yet efficient enhancement strategies and feature
refinement mechanisms may further improve robustness under extreme lighting conditions.

In conclusion, this work contributes to the advancement of low-light object detection systems by demonstrating
the value of combining illumination enhancement with state-of-the-art deep learning architectures. The findings
establish a strong foundation for adaptive, high-performance detection pipelines capable of addressing the demands
of real-world visual perception under extreme and dynamically varying lighting conditions.
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