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Abstract

Accurate vehicle detection under low-light conditions is a significant challenge in traffic surveillance systems and computer
vision applications. Although YOLOV8 performs well under normal illumination, its accuracy decreases when processing low-
light images due to reduced contrast and limited visual details. This study proposes the integration of gamma correction as a
preprocessing method to enhance image brightness and improve YOLOV8 detection performance. The dataset consists of real
ATCS traffic camera recordings from Medan City under varying lighting conditions. Gamma correction with three values (0.5,
1.5, and 2.0) was applied to evaluate its effect on detection accuracy. The results show that gamma 1.5 provides the best
improvement, increasing mAP@0.5 by 0.14% and mAP@0.5:0.95 by 0.74%, and achieving the highest confidence score of
0.9678 while also producing more stable training convergence. The novelty of this study lies in applying gamma correction to
YOLOV8 using real-world ATCS low-light data, demonstrating that simple preprocessing can enhance detection robustness
without modifying the model architecture.
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1. Introduction and improve the robustness and stability of YOLO-
based models in real-world ATCS environments [6],

Vehicle detection is one of the fundamental aspects in [7]
the ever-evolving Intelligent Transportation Systems '

(ITS) intelligent traffic management system for modern  The latest version of this algorithm, YOLOVS8, was
mobility [1], [2]. As the number of vehicles on the road released by Ultralytics with various performance
increases, there is a need for traffic monitoring systems improvements over previous versions [8]. YOLOVS8 has
that can work automatically and in real-time to reduce higher detection accuracy than YOLOv5 and YOLOVS,
congestion, improve driving safety, and support despite using a similar number of parameters. The new
decision-making in transportation management. architecture used in YOLOVS8 is proven to be more
Accurate and adaptive vehicle detection technology is efficient, enabling high-speed detection even on
needed to meet these needs [3]. resource-constrained devices. YOLOv8 demonstrated

. stable performance and high precision in a variety of
Although CNN-ba_sed detectors suf:h as YOLO achieve application scenarios, including traffic monitoring,
high accuracy, their performance significantly degrades

under low-liaht conditions due to poor feature contrast security surveillance, and object detection on infrared
er low-lig PO L ' images [9]. Like many other object detection models,
motivating the need for illumination-aware

oreprocessing sirategies [4]. This limitation poses YOLOVS still faces problems in low-light conditions,

challenges for traffic surveillance systems, particularl such as at night, during bad weather, or when fog
9 . X Sy P Y obstructs the visibility of the camera. These conditions
those operating at night or during adverse weather

conditions  [5].  Therefore,  illumination-aware lead to reduced image contrast and brightness, which in

. . - turn decreases vehicle detection accuracy [10].
preprocessing techniques, such as gamma correction,
are required to enhance visual features prior to detection
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To overcome this problem, image preprocessing
techniques are required that can improve the visual
quality before detection. One commonly used technique
is Gamma Correction, which is a method of adjusting
the brightness and contrast of images to improve visual
details under various lighting conditions [11]. By
setting the appropriate gamma parameters, images that
were originally dark or too bright can be corrected so
that objects are more easily recognized by the detection
system [12]. Previous research has shown that Gamma
Correction can improve image visibility in low-light
conditions and result in higher detection accuracy
without significantly increasing processing time.
Gamma Correction has been widely used in various
fields of image processing, including face recognition,
object detection, and nighttime video processing [13].

There have been many previous studies on vehicle
detection systems, such as background substraction,
edge detection, Hough transform, and morphological
processing. One study used these approaches to count
the number of vehicles and determine the level of traffic
density on video images captured in real-time. The
approach still has limitations, especially in poor lighting
conditions where the image is dark and object
information cannot be extracted properly [14]. This
suggests that an integration between image quality
enhancement techniques and object detection
algorithms is needed for the system to work more
reliably in various environmental conditions.

This research aims to develop a YOLOv8-based vehicle
detection system combined with Gamma Correction
techniques to improve vehicle detection accuracy in low
lighting conditions. The data used are traffic videos
from Medan City ATCS, focusing on the detection of
four-wheeled vehicles such as cars, buses, and trucks.
The application of this method is expected to produce a
more adaptive, accurate, and efficient detection system,
especially in environments with non-ideal lighting.

2. Methods

The system overview in Figure 1 shows the flow of the
research method consisting of five main stages, namely
dataset collection and preparation, annotation process,
preprocessing and data augmentation with gamma
correction, YOLO model training, and model
performance evaluation [15]. This research started with
the collection of traffic vehicle image datasets from
Medan City ATCS cameras, which consisted of 1400
960 x 720 pixel resolution images. This dataset was
divided into two parts, 80% for training and 20% for
validation. In addition, the test dataset was obtained
directly from traffic image recordings with varying
weather conditions such as rain, night and day lighting,
and various shooting angles to ensure data diversity and
model robustness in detecting objects in various real
conditions.

' Image Preprocessing
and Augmentation

Dataset Collection Data Annotation

v

Model Training

-

_’

Model Evaluation

Figure 1. Flow of the research method
2.1 Data Annotation

The annotation process is performed by marking
vehicle objects in the image using bounding boxes and
labeling them according to their type, such as cars,
trucks, and buses. The annotation is done manually
using software and then saved in a format suitable for
training the YOLO model. The results of this annotation
are used so that the model can accurately recognize and
distinguish vehicle objects [16].

In low-light traffic images, the annotation process
presents  several challenges, particularly in
distinguishing vehicle boundaries due to poor contrast
and illumination variability. Vehicles located far from
the camera or partially occluded by shadows are prone
to inaccurate bounding box placement. Annotation
inconsistencies in such conditions may lead to
imprecise localization during training, which directly
affects the mAP and confidence stability of the
YOLOvV8 model. Therefore, careful manual verification
was applied to ensure consistent bounding box quality,
especially for vehicles captured at night or under rainy
conditions.

2.2 Image Preprocessing and Augmentation Using
Gamma Correction

This stage focuses on preprocessing and data
augmentation to improve the quality and diversity of the
vehicle image dataset, thereby strengthening the
detection model performance. Augmentation is
performed through rotation, cropping, and color change
techniques to add visual diversity to the training data
[17]. Meanwhile, preprocessing uses gamma correction
to adjust the brightness of the image to make the
lighting more balanced, whether the image is too bright
or too dark. This technique helps the model recognize
vehicle objects more accurately under various lighting
conditions and viewing angles [18]. In addition, gamma
correction also plays a role in reducing noise due to
environmental factors, thereby improving the
robustness and consistency of the model against real-
world data variations [19].

The selection of gamma values 0.5, 1.5, and 2.0 in this
study was intentional and based on their representation
of different illumination enhancement levels. A gamma
value of 0.5 provides mild brightening, allowing the
evaluation of under-enhanced images. Gamma 1.5 was
chosen as the mid-level enhancement because previous
studies indicate that values around this range produce
optimal visibility for low-light scenes without
introducing artifacts. Meanwhile, gamma 2.0 represents
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a strong enhancement level, allowing analysis of
potential overexposure or loss of contrast. By testing
these three levels, the study aims to observe how
different intensities of illumination correction affect the
YOLOvV8 detection performance in low-light
conditions.

2.3 YOLO Model Training and Evaluation

The training of the YOLO model is conducted using a
dataset of vehicle images that have been annotated with
labels and bounding boxes according to object types,
such as cars, trucks, and buses. The YOLO model
processes the entire image directly in one stage by
dividing the image into grids, where each grid detects
the objects within it [20]. The training process takes
place over multiple epochs to optimize the parameters
and minimize the loss which includes both detection
and classification errors. Once training is complete, the
model is evaluated using test data to measure detection
performance using the metrics of precision, recall, mean
Average Precision (mAP), and inference time. This
evaluation aims to ensure the model's ability to detect
objects accurately, quickly, and reliably even under
varying lighting conditions or viewing angles [21].

Training YOLOvV8 on low-light datasets introduces
instability during early epochs due to uneven feature
distribution and reduced object contrast. Without proper
illumination normalization, the model tends to converge
slowly and exhibits fluctuating loss values. The
application of gamma correction aims to reduce this
instability by enhancing visual features prior to training,
thereby  improving gradient consistency and
accelerating convergence. This effect is evaluated by
comparing mAP trends and confidence stability across
different gamma configurations.

2.4 Model Performance Evaluation Metrics

The performance of the proposed YOLOV8 model was
evaluated using precision, recall, F1-score, and mean
Average Precision (mAP). Precision is defined as the
ratio of true positive detections to the total number of
detected objects, expressed as Precision = TP / (TP +
FP), where TP denotes true positives and FP denotes
false positives. Recall measures the ratio of true positive

detections to the total number of ground-truth objects
and is defined as Recall = TP / (TP + FN), where FN
denotes false negatives. The F1-score represents the
harmonic mean of precision and recall, calculated as
Fl-score = 2 x (Precision x Recall) / (Precision +
Recall). After defining these metrics, the overall
detection performance is further evaluated using the
mean Average Precision (mAP), which is commonly
used to assess object detection accuracy across different
confidence thresholds [22], [23].

In addition, mAP is used as an overall evaluation metric
in the context of multi-class detection. MAP is
calculated from the average of the Average Precision
(AP) values for each object class, such as cars, trucks,
and buses. The AP value itself is the area under the
Precision-Recall curve (PR curve) that reflects the
trade-off between the two metrics [24]. The model was
tested using test datasets that reflect real-life conditions,
such as variations in lighting, viewing angle, and object
density. This evaluation aims to ensure that the model
is able to accurately detect objects in various situations.
If the precision, recall, F1 Score, and mAP values
obtained are high, then the model is considered ready
for implementation. Conversely, if the performance is
still not optimal, then improvements can be made
through the addition of data, parameter tuning, or model
retraining.

2.5 Model Architecture Visualization Using the Keras
API

To provide a clearer understanding of the YOLOV8
model architecture used in this study, a simplified
structural visualization was created using the Keras
API. Although YOLOVS is originally implemented in
the Ultralytics framework, the backbone—neck-head
flow of the model can be represented using Keras layers
for explanatory purposes. This visualization helps
illustrate.  how feature extraction, multi-scale
processing, and prediction occur within the model. A
simplified Keras-based representation of a YOLO-style
architecture is shown in Table 1. The simplified
YOLOVS8 architecture used in this study is summarized
in Table 1.

Table 1. Model Architecture Summary Table

No Layer / Type Output Shape Parameters
1 Input Layer (None, 640 x 640 x 3) 0

2 Conv2D (None, 320 x 320 x 32) 896
3 Batch Normalization (None, 320 x 320 x 32) 128
4 LeakyReLU (None, 320 x 320 x 32) 0

5 Conv2D (None, 160 x 160 x 64) 18,496
6 Batch Normalization (None, 160 x 160 x 64) 256
7 LeakyReLU (None, 160 x 160 x 64) 0

8 Conv2D (None, 80 x 80 x 128) 73,856
9 Batch Normalization (None, 80 x 80 x 128) 512
10 LeakyRelLU (None, 80 x 80 x 128) 0
11 UpSampling2D (None, 160 x 160 x 128) 0
12 Concatenate (None, 160 x 160 x 192) 0
13 Conv2D (Head Layer) (None, 160 x 160 x 18) 3,474

Total Parameters 97,618
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This visualization demonstrates the hierarchical
processing pipeline typically found in YOLO-based
detectors, enabling readers to understand how YOLOv8
extracts features at multiple spatial scales and generates
bounding box predictions efficiently.

3. Results and Discussions

This section presents the experimental results and
performance analysis of the proposed YOLOv8-based
vehicle detection system under various gamma
correction configurations.

The evaluation focuses on quantitative metrics, visual
comparison, and field testing to assess the effectiveness
of illumination preprocessing in low-light conditions.

3.1 Detection Evaluation Based on mAP50 Value

An evaluation was conducted to assess the performance
of YOLOVS8 in detecting vehicles under various lighting
conditions with and without gamma correction.
Assessment using the mAP50 metric shows that the
application of gamma correction, specifically with a
gamma value of 1.5, gives the best results with an
MAP50 of 0.941 at the 29th epoch. This result shows
that gamma correction can improve detection accuracy
under low illumination conditions.

The evaluation results of YOLOV8 performance under
different lighting conditions and gamma correction
configurations based on the mAP50 metric are
summarized in Table 2.

Table 2. Model Evaluation Results Based on mAP50 Value

Condition Best Epoch Highest mAP50
Clear 49 0.925
Low Light 49 0.940
Gamma =0.5 49 0.940
Gamma =15 29 0.941
Gamma = 2.0 49 0.940
The detailed evaluation results of YOLOvVS8

performance under different lighting conditions and
gamma correction configurations based on the mAP50
metric are summarized in Table 2. In the early epochs,
gamma correction also showed significant results,
where Gamma 2.0 resulted in an mAP50 of 0.874,
higher than the condition without gamma. This proves
that gamma correction is effective in improving the
accuracy and acceleration of YOLOV8 model training.

3.2 Visualization of the Effect of Gamma Correction

Gamma correction is used to improve the visibility of
objects in low-light images without losing important
visual details. Tests were conducted at three different
gamma values (0.5; 1.5; and 2.0) to evaluate their effect
on the visual results of the vehicle image. A gamma
value of 1.0 was not used as it does not change the pixel
intensity.

The visual results are shown in Figure 2, which shows
that the original image is dark and objects are difficult
to recognize. Gamma 0.5 slightly increases the
brightness but is still not optimal. Gamma 1.5 gives the

best results with balanced lighting and clear object
details. While gamma 2.0 makes the image very bright,
it starts to lose contrast in certain areas. The visual
comparison of gamma correction effects under different
gamma values is illustrated in Figure 2.

ight _

Original Low L

Figure 2. Comparison of Visual Gamma Correction Results with
Different Gamma Values

Based on the visualization results, a gamma value of 1.5
proved to be the most effective in improving image
quality without causing overexposure. This shows that
a proper gamma correction configuration can improve
the visibility and accuracy of the object detection
model, especially under low-light conditions.

3.3 Implementation and Visualization of YOLOv8
Detection Results

The YOLOV8 model was implemented using the
Ultralytics framework and trained for 50 epochs on four
different scenarios, namely without gamma correction,
and with gamma correction using gamma values of 0.5;
1.5; and 2.0, respectively. The purpose of this
comparison is to evaluate the effect of gamma
correction  preprocessing on object detection
performance under low-light conditions.

The vehicle detection results produced by YOLOvVS8
under different gamma correction configurations are
shown in Figure 3.

Figure 3 shows the results of vehicle detection in the
low light image. Without gamma correction, only a
small number of vehicles are detected and the
confidence value is low. After applying gamma 0.5,
there is an increase in the number of detections although
it is not consistent. Gamma 1.5 gives the best results
with almost all vehicles detected accurately and high
confidence. Gamma 2.0 also improves detection, but
there is an overexposure effect in parts of the image.
Based on these results, gamma 1.5 is considered the
most optimal configuration in improving the detection
accuracy of YOLOVS in low light conditions.
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Figure 3. YoloV8 Object Detection Results after Gamma Correction
with Different Gamma Values

3.4 Effect of Gamma Correction on Object Detection
Accuracy

An initial evaluation was conducted to analyze the
performance of vehicle objel(‘:)t detection by YOLOV8 on
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low light images before and after gamma correction
preprocessing. Based on Table 2, the highest confidence
value in the original condition (without gamma) is
0.9455. The application of gamma correction 0.5
increases the confidence to 0.9489, and gamma 1.5
provides the most significant increase to 0.9678. In
contrast, gamma 2.0 decreased to 0.9426, which
indicates over-enhancement.

The comparison of maximum confidence values under
different gamma correction configurations is presented
in Table 3.

Table 3. Comparison of Maximum Confidence Values

Conditions Highest Confidence
Original Low Light 0.9455
Gamma Correction 0.5 0.9489
Gamma Correction 1.5 0.9678
Gamma Correction 2.0 0.9426

In addition to confidence, the visual graph in Figure 4
reinforces that gamma 1.5 produces the most stable and
high confidence values in most detections.
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Figure 4. Confidence Graph and Confusion Matrix
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The confusion matrix also shows that gamma 1.5 has
the highest proportion of correct classifications,
indicating the stability of the model in various vehicle
classes. The confidence distribution and confusion
matrix results for different gamma configurations are
illustrated in Figure 4.

3.5 Evaluation of YOLOv8 Model
Correction Effectiveness

and Gamma

The training and testing results show that gamma
correction 1.5 produces a better trend of loss reduction
and improvement in mAP50 and mAP50-95 than other
configurations. Figures 5 and 6 show that the gamma
1.5 model is more stable and accurate than gamma 0.5,
which shows fluctuations and lower mAP values.

The final performance evaluation of the YOLOVS8
model with and without gamma correction is reported
in Table 4.

Table 4. Final Evaluation of Model Performance

Metric Original Gamma 1.5 A (%)
Precision 84.29% 82.79% -1.78%
Recall 89.60% 89.60% 0.00%
F1-Score 86.90% 86.09% -0.93%
mAP@0.5 93.31% 93.44% +0.14%
mAP@0.5:0.95  79.84% 80.58% +0.74%

In the field tests at various locations, gamma 1.5
showed increased confidence in most objects compared
to the other configurations, as shown in Table 5.
However, in some locations, gamma 1.5 had results that
were equivalent to or slightly below the baseline,
indicating that the effectiveness of gamma correction
depends on the visual characteristics of the
environment. The average detection confidence

obtained from field tests at several locations is

summarized in Table 5.

Table 5. Average Confidence at Several Test Sites

Best Gamma (Average
Confidence)

Gamma 1.5 (0.741)
Gamma 1.5 (0.59)
Gamma 1.5 = Original (0.57)
Original & Gamma 1.5 (0.75)
Gamma 2.0 & Original
(0.545)

Location

HM Thamrin — YP. Sutomo
MT Haryono — Irian Barat
Pengadilan — Maulana Lubis
Cipto — Masdulhak

Imam Bonjol — Zainal Arifin

Overall, gamma 1.5 proved to be the most effective in
improving luminance quality, sharpening visual
features, and producing high and stable detection
accuracy, especially under low lighting conditions. The
use of gamma correction 1.5 was also shown to support
the efficiency of the training process and reduce
detection noise. The F1-score value reached 0.89 based
on field tests, with no false positives and only two
undetected vehicles

3.6 Baseline Comparison.

To evaluate the effectiveness of the proposed gamma
correction preprocessing, a comparative analysis was
conducted between the baseline YOLOvV8 model
(without gamma correction) and the models trained
using gamma values of 0.5, 1.5, and 2.0. The
comparison includes key performance metrics such as
MAP@0.5, mAP@0.5:0.95, precision, recall, F1-score,
and maximum confidence values. A comparative
analysis between the baseline YOLOv8 model and
gamma-corrected model variants is detailed in Table 6.

Table 6. Baseline vs. Gamma-Corrected Model Performance

Condition / Model Variant  Precision  Recall F1-Score mAP@0.5 mAP@0.5:0.95 Max Confidence
Baseline (No Gamma) 84.29% 89.60% 86.90% 93.31% 79.84% 0.9455
Gamma 0.5 - - 94.00% - 0.9489
Gamma 1.5 (Best) 82.79%  89.60%  86.09% 93.44% 80.58% 0.9678
Gamma 2.0 — — 94.00% — 0.9426

The results demonstrate that gamma correction
provides measurable improvements over the baseline
model, particularly in terms of detection confidence,
mAP  stability, and robustness in low-light
environments. Among all configurations, Gamma 1.5
produces the best overall performance, yielding the
highest maximum confidence (0.9678) and the highest
MAP@0.5:0.95 (80.58%). Although the baseline model
achieves similar recall, the gamma-enhanced model
shows better illumination normalization, resulting in
clearer feature representation and more stable training
convergence.

Gamma 0.5 and gamma 2.0 also improve the mAP@0.5
compared to the baseline, but their confidence values
are lower than gamma 1.5, indicating that under- or
over-enhancement can reduce model certainty. These
findings confirm that gamma correction—especially at
1.5—is an effective preprocessing technique that

enhances YOLOv8 performance without modifying the
model architecture.

The application of gamma correction is proven to
improve the accuracy and consistency of vehicle
detection under low illumination conditions. In this
study, the use of gamma 1.5 resulted in the highest
detection confidence value (0.9678), outperforming
other gamma variations as well as the original image.
This finding is in line with Viviana Fransisca and
Handri Santoso (2023) who showed that applying
gamma correction (e.g. gamma = 2) to YOLOvV5
increased the average accuracy from 0.846 to 0.918
[25]. This supports that gamma correction is able to
clarify the visual features of vehicles in dark conditions,
thereby improving the detection capability of the
model.

The Dark YOLO approach by (Jiang et al., 2023) aimed
at object detection in low-light environments with
CSPDarkNet53 backbone and attention modules,
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successfully improved the mAP by 4.10% over
YOLOv4 on the ExDark dataset. This confirms that
specialized image processing for low-light is essential,
and the gamma correction technique is a simple yet
effective form of improving the visual representation
before inference [26]. The model with a gamma of 1.5
is not only more accurate, but also shows faster
convergence and a more stable training curve, with
consistent mAP and loss compared to other gamma.
This is consistent with the study on 3LYOLO that
synthesized dark images with gamma manipulation
between 2.0 to 5.0 to train vehicle detection, thus
extending the generalization ability of the model under
varied conditions [27].

Literature such as the evaluation of YOLOV5 with
image enhancement (including EnlightenGAN) shows
that not all enhancement methods improve detection
performance; some even decrease mAP due to the
addition of irrelevant visual noise [28]. Therefore, it is
important to choose the optimal gamma value so that
visual improvements do not cause artifacts that interfere
with detection features.

The results of the study indicate that gamma correction
settings, particularly gamma 1.5, provide optimal
effects in improving image visual quality and YOLOV8
training  stability, while strengthening  model
generalization in low-light conditions without
increasing the risk of disruptive noise.

4. Conclusions

The results of this study demonstrate that gamma
correction is an effective and lightweight preprocessing
technique for enhancing YOLOV8 performance in low-
light vehicle detection. Among the tested variations,
gamma 1.5 produced the most consistent
improvements, particularly in terms of visual clarity,
model stability, and detection confidence. This
configuration achieved the highest mAP@0.5:0.95
value (80.58%) and the highest maximum confidence
(0.9678), indicating that illumination normalization
plays a significant role in strengthening the feature
extraction capability of YOLOV8 under challenging
lighting conditions.

These findings show that gamma correction does not
necessarily  increase  all  evaluation  metrics
simultaneously; however, it provides meaningful gains
in overall robustness and consistency, especially in real
ATCS environments where lighting conditions vary
significantly throughout the day. This emphasizes the
practical relevance of gamma preprocessing for traffic
monitoring systems, allowing existing models to
perform more reliably without modifying architecture
or increasing computational cost.

The implications of this study extend beyond the
specific ATCS dataset used. The approach can be
applied to various intelligent transportation
applications, such as automated traffic monitoring,
congestion analysis, and safety surveillance under low

illumination.  Moreover, the results confirm
observations from prior literature that specialized low-
light image enhancement when optimally tuned can
significantly improve object detection quality.

Despite these contributions, several open challenges
remain. Gamma correction may not always provide
improvements in environments with excessive noise,
glare, or extreme contrast. Additionally, only three
gamma values were explored, and no adaptive or
dynamic enhancement method was applied. Future
research should investigate automated gamma
selection, integration with advanced low-light
enhancement models (e.g., Retinex-based, Zero-DCE,
or deep learning illumination networks), and testing
across broader datasets and more diverse lighting
conditions. Further evaluation using newer model
architectures, such as YOLOV9 or YOLOv10, may also
reveal additional performance benefits.

In conclusion, this study provides evidence that gamma
correction particularly at value 1.5 is a simple yet
effective preprocessing strategy for improving vehicle
detection in low-light conditions. The approach
enhances detection accuracy, stabilizes model
convergence, and offers practical value for real-time
traffic monitoring systems, contributing to more
reliable intelligent transportation infrastructure.

Acknowledgements

The author would like to express his gratitude for the
facilities and resources provided by the institution
where this research was conducted. The author also
declares that there are no conflicts of interest in this
research, and that he has not received any special
funding from any institution, whether public,
commercial, or non-profit.

References

[1] M. Elassy, M. Al-Hattab, M. Takruri, and S.
Badawi, “Intelligent transportation systems for
sustainable smart cities,” Transp. Eng., vol. 16, p.
100252, Jun. 2024, doi:
10.1016/j.treng.2024.100252.

[2] D. Oladimeji, K. Gupta, N. A. Kose, K.
Gundogan, L. Ge, and F. Liang, “Smart
Transportation: An Overview of Technologies
and Applications,” Sensors, vol. 23, no. 8, p.
3880, Apr. 2023, doi: 10.3390/s23083880.

[3] S.Paiva, M. Ahad, G. Tripathi, N. Feroz, and G.
Casalino, “Enabling Technologies for Urban
Smart Mobility: Recent Trends, Opportunities
and Challenges,” Sensors, vol. 21, no. 6, p. 2143,
Mar. 2021, doi: 10.3390/s21062143.

[4] M. Meilany and R. Rahmadewi, “Implementation
Of Real-Time Detection Of Facial Expressions,
Age, And Gender Based On Tensorflow,” JATI,
vol. 9, no. 2, pp. 3203-3209, 2025, doi:
https://doi.org/10.36040/jati.v9i2.13300

[5] Q. S. A. Wasilah, A. R. Dikananda, and D.
Rohman, “Implementation of CNN Resnet50 to

38


https://doi.org/10.1016/j.treng.2024.100252
https://doi.org/10.3390/s23083880
https://doi.org/10.3390/s21062143
https://doi.org/10.36040/jati.v9i2.13300

Halawa et al

Jurnal RESTI (Rekayasa Sistem dan Teknologi Informasi), Vol.10 No. 1 (2026)

(6]

[7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

Detect the Quality of Fruits and Vegetables in
Traditional Markets,” vol. 9, no. 3, pp. 3675-
3682, 2025 doi:
https://doi.org/10.36040/jati.v9i3.13349

N. Bilous, V. Malko, M. Frohme, and A.
Nechyporenko, “Comparison of CNN-Based
Architectures for Detection of Different Object
Classes,” Al, vol. 5, no. 4, pp. 2300-2320, Nov.
2024, doi: 10.3390/ai5040113.

Ayu Wirdiani, Lennia Savitri Azzahra Lofiana,
Putu Arya Dharmadi, and Oka Sudana, “Face
Dermatological Disorder Identification with
YoloV5 Algorithm,” J. RESTI, vol. 9 (4), pp.
721-728, doi:
https://doi.org/10.29207/resti.v9i4.6237.

R. Hidayattullah, N. Suarna, 1. Ali, and D. .
Efendi, “Deep Learning Algorithm Yolov8 to
Improve Traffic Density Analysis,” J. Inform.
Dan Tek. Elektro Terap., vol. 13, no. 2, Apr.
2025, doi: 10.23960/jitet.v13i2.5749.

M. Hussain, “YOLO-v1 to YOLO-v8, the Rise of
YOLO and Its Complementary Nature toward
Digital Manufacturing and Industrial Defect
Detection,” Machines, vol. 11, no. 7, p. 677, Jun.
2023, doi: 10.3390/machines11070677.

Derit Junio Marcelleno and Muhammad Pajar
Kharisma Putra, “Performance Evaluation Of
Yolov8 In Real-Time Vehicle Detection In
Various Environmental Conditions,” J. Tek.
Inform. JUTIF, pp. 269-279, 2025, doi:
https://doi.org/10.52436/1.jutif.2025.6.1.3916.
K.-F. Hung and K.-P. Lin, “Bio-Inspired Dark
Adaptive  Nighttime  Object  Detection,”
Biomimetics, vol. 9, no. 3, p. 158, Mar. 2024, doi:
10.3390/biomimetics9030158.

X. Liu et al., “The real-time shadow detection of
the PV module by computer vision based on
histogram matching and gamma transformation
method,” Sci. Rep., vol. 14, no. 1, p. 21781, Sep.
2024, doi: 10.1038/541598-024-71710-x.

D. Xu, R. Ren, H. Zhao, and S. Zhang,
“Intelligent Detection of Muskmelon Ripeness in
Greenhouse Environment Based on YOLO-
RFEW,” Agronomy, vol. 14, no. 6, p. 1091, May
2024, doi: 10.3390/agronomy14061091.

J. Wang, Y. Li, Y. Wang, H. Lv, and X. Lu,
“Video Sequence Image Matching Algorithm
Based on Adaptive Gamma Correction,” J. Phys.
Conf. Ser., vol. 2400, no. 1, p. 012042, Dec.
2022, doi: 10.1088/1742-6596/2400/1/012042.
S. Saepudin, N. Sujana, M. M. Mutoffar, and A.
A. Haryanto, “Performance Analysis Of Yolov§
Optimization Of Roboflow For Detecting
Emotional Facial Expressions With Machine
Learning,” Naratif J. Nas. Ris. Apl. Dan Tek.
Inform., vol. 6, no. 2, pp. 115-124, Dec. 2024,
doi: 10.53580/naratif.v6i2.292.

S. G. Zain and A. Ardilla, “Detection Of Vehicle
Type And License Plate With Convolutional
Neural Network Model Yolov7,” J. Tek. Inform.

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

JUTIF, vol. 5(6), pp. 621-636, 2024, doi:
https://doi.org/10.52436/1.jutif.2024.5.2. X X.
B.-A. Awaluddin, C.-T. Chao, and J.-S. Chiou,
“Investigating Effective Geometric
Transformation for Image Augmentation to
Improve Static Hand Gestures with a Pre-Trained
Convolutional Neural Network,” Mathematics,
vol. 11, no. 23, p. 4783, Nov. 2023, doi:
10.3390/math11234783.

K. Park, M. Chae, and J. H. Cho, “Image Pre-
Processing Method of Machine Learning for
Edge Detection with Image Signal Processor
Enhancement,” Micromachines, vol. 12, no. 1, p.
73, Jan. 2021, doi: 10.3390/mi12010073.

J. Singnoo and G. D. Finlayson, “Understanding
the Gamma Adjustment of Images,” Color
Imaging Conf., vol. 18, no. 1, pp. 134-139, Jan.
2010, doi: 10.2352/C1C.2010.18.1.art00024.

P. Y. Putra, A. S. Arifianto, Z. E. Fitri, and T. D.
Puspitasari, “Detecting Trucks In Videos Using
The Tiny-Yolo v4 Method,” J. Inform. Polinema,
vol. 9, no. 2, pp. 215-222, Feb. 2023, doi:
10.33795/jip.v9i2.1243.

B. D. Prasetya, E. P. Amalia, P. D. Juliana, and
R. K. Niswatin, “Web-based Object Detection
Implementation for Waste Classification Using
YOLOV8,” Seminar Nasional Teknologi & Sains

(STAINS), wvol. 4, no. 1, 2025, doi:
https://doi.org/10.29407/m7yxsp77
L. Palupi, E. Ihsanto, and F. Nugroho,

“Validation and Evaluation Analysis of Ginger
Variant Object Detection Model Using Yolov5
Algorithm,” J. Inf. Syst. Res. JOSH, vol. 5, no. 1,
pp- 234-241, Oct. 2023, doi:
10.47065/josh.v5i1.4380.

E. B. T. Wea and D. Ariatmanto, "Accuracy
Analysis of Object Detection Using TensorFlow
with the Single Shot Detection Method for
Animated Character Recognition in the Movie
Battle of Surabaya,” J. Pendidik. Dan Teknol.
Indones. JPTI, vol. 5(7), pp. 2101-2115, 2025,
doi: https://doi.org/10.52436/1.905.

G. Zhang, Y. Peng, and J. Li, “YOLO-MARS:
An Enhanced YOLOv8n for Small Object
Detection in UAV Aerial Imagery,” Sensors, vol.
25, no. 8, p. 2534, Apr. 2025, doi:
10.3390/s25082534.

Viviana Fransisca and Handri  Santoso,
“Application of Gamma Correction in Improving
Night Object Detection in the YOLOv5
Algorithm,” Build. Inform. Technol. Sci. BITS,
vol. 5(1), 2023, doi: 10.47065/bits.v5i1.3553.
Jiang Zetao, Xiao Yun, Zhang Shaogin, Zhu
Linghong, He Yuting, and Zhai Fengshuo, “Low-
Illumination Object Detection Method Based on
Dark-YOLO,” J. Comput.-Aided Des. Comput.
Graph., vol. 35(3), pp. 441-451, 2023, doi:
10.3724/SP.J.1089.2023.19354.

Z. Han, Z. Yue, and L. Liu, “3L-YOLO: A
Lightweight Low-Light Object Detection

39


https://doi.org/10.36040/jati.v9i3.13349
https://doi.org/10.29207/resti.v9i4.6237
https://doi.org/10.23960/jitet.v13i2.5749
https://doi.org/10.3390/machines11070677
https://doi.org/10.52436/1.jutif.2025.6.1.3916
https://doi.org/10.3390/biomimetics9030158
https://doi.org/10.1038/s41598-024-71710-x
https://doi.org/10.3390/agronomy14061091
https://iopscience.iop.org/article/10.1088/1742-6596/2400/1/012042
https://doi.org/10.53580/naratif.v6i2.292
https://doi.org/10.52436/1.jutif.2024.5.2.XX
https://doi.org/10.3390/math11234783
https://doi.org/10.3390/mi12010073
https://doi.org/10.2352/CIC.2010.18.1.art00024
https://doi.org/10.33795/jip.v9i2.1243
https://doi.org/10.29407/m7yxsp77
https://doi.org/10.47065/josh.v5i1.4380
https://doi.org/10.52436/1.905
https://doi.org/10.3390/s25082534
https://doi.org/10.47065/bits.v5i1.3553
https://www.jcad.cn/en/article/doi/10.3724/SP.J.1089.2023.19354

Halawa et al Jurnal RESTI (Rekayasa Sistem dan Teknologi Informasi), Vol.10 No. 1 (2026)

Algorithm,” Appl. Sci., vol. 15, no. 1, p. 90, Dec. Electronics, vol. 12, no. 14, p. 3089, Jul. 2023,
2024, doi: 10.3390/app15010090. doi: 10.3390/electronics12143089.

[28] J. Wang et al., “Research on Improved YOLOV5
for Low-Light Environment Object Detection,”

40


https://doi.org/10.3390/app15010090
https://doi.org/10.3390/electronics12143089

