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Abstract: Despite the rapid advances in deep learning (DL) for object detection, existing techniques
still face several challenges. In particular, object detection in adverse weather conditions (AWCs)
requires complex and computationally costly models to achieve high accuracy rates. Furthermore, the
generalization capabilities of these methods struggle to show consistent performance under different
conditions. This work focuses on improving object detection using You Only Look Once (YOLO)
versions 5, 7, and 9 in AWCs for autonomous vehicles. Although the default values of the hyperpa-
rameters are successful for images without AWCs, there is a need to find the optimum values of the
hyperparameters in AWCs. Given the many numbers and wide range of hyperparameters, determin-
ing them through trial and error is particularly challenging. In this study, the Gray Wolf Optimizer
(GWO), Artificial Rabbit Optimizer (ARO), and Chimpanzee Leader Selection Optimization (CLEO)
are independently applied to optimize the hyperparameters of YOLOv5, YOLOv7, and YOLOv9.
The results show that the preferred method significantly improves the algorithms’ performances for
object detection. The overall performance of the YOLO models on the object detection for AWC task
increased by 6.146%, by 6.277% for YOLOv7 + CLEO, and by 6.764% for YOLOv9 + GWO.

Keywords: ARO; CLEO; DAWN dataset; deep learning; GWO; object detection; RTTS dataset;
YOLOv5; YOLOv7; YOLOv9

1. Introduction

Object detection studies can generally be divided into two main focus points: im-
provement of image processing methods and DL algorithms for one-stage or two-stage
object detection. Image processing methods such as [1–6] generally involve performing
operations on an image to make it better for object detection. DL algorithms for object
detection, such as [7–16], are involved in improving the performance of DL architectures
such as YOLO, Single Shot Detection (SSD), Faster RCNN, RetinaNet, CoupleNet CNN,
SqueezeNet, VGG, ResNet, and DenseNet.

There are two approaches, one-stage or two-stage approaches, for object detection
algorithms, as mentioned above. The one-stage approach means that object detection is
performed by processing and analyzing all image pixels at once. The two-stage approach
has two stages. In the first stage, region proposals are created, i.e., potential object regions
are identified. In the second stage, object detection is performed in these regions. Both
approaches have advantages over each other. While the single-pass approach emphasizes
speed in object detection, the double-pass approach emphasizes higher accuracy. Since
YOLO is faster and more efficient among the single-stage methods, such as SSD as in [17],
and the detection speed is more important, especially for autonomous vehicles among the
real-time applications, this paper aims to improve the performance of YOLO in adverse
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weather conditions (AWCs). For these and similar reasons, YOLO is commonly used for
object detection in the literature, such as [1–3,7,8,10,11,13,14,16]. For example, reference [1]
proposes approaches that first perform image enhancements and then object detection. The
TogetherNet module of [1] proposes a unified detection module for performing both image
restoration and object detection using some versions of YOLO version x (YOLOx). In [2],
the multi-scale retinex with color restoration (MSRCR) algorithm is used for pre-processing
in vehicle detection in foggy weather, where YOLOv4 is used for object detection. The
focus on foggy weather only in [2] does not provide sufficient data to measure the object
detection performance of AWCs. In [3], a method for enhancing visibility and a robust
approach for vehicle detection and tracking based on deep learning are Introduced. To
solve the problem of low accuracy detection in AWCs, a visibility restoration method
called Automatic White Balance Fused with Laplace Pyramid (AWBLP) is proposed. The
DAWN dataset—containing objects such as cars, people, bicycles, buses, trucks, and
motorcycles [18] under all AWCs, including fog, snow, rain, and sandstorms—is used,
together with YOLOv3 and AWBLP. The YOLOv3 model used here was released In 2018.
Considering the mAP (mean Average Precision) values in the study, the YOLOv3 model is
slightly behind in performance. Another paper uses transfer learning for vehicle detection
by adjusting the pre-trained architecture of YOLO-v5 through fine-tuning [10]. The DAWN
dataset is used as the dataset. In [13], an algorithm was developed to better detect small
objects. These algorithms were combined with YOLOv5 to create the Sf-YOLOv5 model.
In [14], an improved YOLOv5 model for object detection in only foggy environments was
proposed. A feature enhancement module (FEM) structure was created to detect foggy
images, and this module enabled YOLOv5 to improve object detection performance.

Object detection studies in AWCs are one of the most emphasized topics in recent
years. Researchers have focused on applying and improving object detection algorithms in
autonomous vehicles with challenging problems [1,6,7]. In particular, the success of the
vehicles in AWCs is important for performing safe and effective driving. Developments
in computer vision and artificial intelligence have led to some successful results in dif-
ficult weather conditions for object detection, such as AWCs [1–4,6–9,12,14,19]. Among
them, [4,7–9,12,14,15] mainly involve object detection using DL for AWCs. Reference [4]
is based on the Realistic Single-Image Dehazing (RESIDE) dataset consisting of real and
computer-generated hazy images. The aim of the study was to measure the limits of algo-
rithms to remove haze in this RESIDE dataset and to compare them with each other using
YOLOv3. But, it was used for the VOC_Foggy dataset containing only foggy weather con-
ditions. Additionally, the used datasets do not contain trucks. In [7], Anchor-Free YOLOv4
was implemented to speed up vehicle detection. Using this model enabled a reduction in
the required number of predictions per location from three to one. As a dataset, they used
BDD-IW derived from the BDD100K dataset by adding fog to the images. Although it con-
tains only sunny, rainy, and snowy weather conditions, there are no sandstorms conditions.
Also, the old version YOLOv3 was used. The work in [8] proposes the Image-Adaptive
YOLO (IA-YOLO) model to reduce the difficulty of object detection in AWCs. A differen-
tiable image processing module is used to detect AWCs. But, it uses the VOC_Foggy dataset
containing only foggy weather conditions. In [9], the authors compare the performance of
DL algorithms for detecting road surface conditions of autonomous vehicles at night and in
AWCs. For this purpose, the VGG, CNN, DenseNet, and SqueezeNet models are preferred
for this comparison process. However, it does not contain sandstorm conditions, and it
focuses on the road surface conditions at night in view of dry, wet, and snowy weather.
There is no detection of objects such as buses, trucks, and persons. Moreover, it uses the
older YOLOv2. In [12], it is emphasized that the performances of object detection algo-
rithms decrease in AWCs. In order to improve the performance, it is emphasized that the
image should be improved first. The proposed method combines the hazing module and
the detection module and proposes an architecture called BAD-Net. But, it contains only
foggy weather conditions. Additionally, the used datasets do not contain trucks. In [19], a
technique of combining multiple deep learning models and data augmentation is proposed



Appl. Sci. 2024, 14, 5841 3 of 25

to overcome the difficulty of object detection in AWCs. RetinaResnet50, YOLOv3, and SSD
are used for the DAWN dataset. However, the performance results are lower according to
this paper. As a result, the studies in the literature are either not comprehensive or appear
to have low success in terms of AWCs.

Recently, metaheuristic algorithms have shown their effectiveness in applications in
different fields, including path planning [20], image segmentation [21], feature selection
problems [22], software engineering [23], artificial intelligence and machine learning [24],
control engineering [25], structural engineering [26], and biological applications [27]. The
Grey Wolf Optimizer (GWO) [28], Artificial Rabbit Optimizer (ARO) [29], and Chimpanzee
Leader Selection Optimization (CLEO) [30], which are inspired by the hunting methods of
wolves and the foraging methods of rabbits, are prominent metaheuristic algorithms for
finding optimal solutions in complex search areas [25,31]. GWO is based on the hunting
strategy and hierarchical structure led by alpha, beta, and delta grey wolves. ARO was
developed by observing the foraging behavior of rabbits in nature. The CLEO algorithm is
an optimization algorithm inspired by the social hierarchy and decision-making processes
of chimpanzee communities, particularly the role of the alpha male chimpanzee as a leader.
The aforementioned studies in the literature generally focus on the changing structure
of DL algorithms to improve object detection performance based on DL. In addition to
them, there are a few studies on the optimization of the structure, such as [15], where a
boosted region proposal network (BRPN) is developed to overcome the shortcomings of
Faster R-CNN. However, the datasets not containing AWCs are used to test BRPN. The loss
function is improved by the metaheuristic algorithm GWO in the study. On the other hand,
there are almost no studies that optimize the hyperparameters of the YOLO algorithms,
other than [11], where a modified whale optimization algorithm (MWOA) is proposed by
combining the whale optimization algorithm (WOA) and GWO to enhance the vehicle de-
tection performance of YOLOv5. The algorithm optimizes the 12 default hyperparameters
of the YOLOv5 model. However, it uses a dataset with normal weather conditions as the
dataset; therefore, it does not address AWCs. As a result, the optimization of the YOLO
hyperparameters are an open research topic for AWCs. Therefore, in the literature reviews,
no studies on the optimization of hyperparameters of YOLOv5, YOLOv7, and YOLOv9
using metaheuristic optimization algorithms for object detection in autonomous vehicles
under AWCs have been found.

Normally, the default hyperparameters are idealized for general usage. In addition, the
parameter range is determined to be adjusted according to different applications. Although
the default values of the hyperparameters can be successful for images without AWCs,
there is a need to find the optimum values of the hyperparameters in AWCs. Since the
number and range of hyperparameters are many and large, it is challenging to determine
these parameters through trial and error. In particular, the optimization is crucial for
object detection in autonomous vehicles under AWCs when compared to normal weather
conditions. This is because, as can be seen from simulation studies, the parameter changes
in AWCs greatly affect object detection performance. The effect of these metaheuristic
algorithms on object detection performance on different datasets and different YOLO
versions is investigated. This study proposes to improve the performance of object detection
using YOLOv5, YOLOv7, and YOLOv9 algorithms in AWCs by using GWO, ARO, and
CLEO metaheuristic optimization algorithms. In order to increase this performance, we aim
to minimize the 1-mAP value as the objective function. The hyperparameters of the YOLO
algorithms are employed to find optimum values for the datasets RTTS containing mainly
normal weather conditions in addition to foggy conditions, as well as DAWN containing
AWCs. YOLO object detection algorithms in AWCs have been significantly improved by
GWO, ARO, and CLEO in this study.
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2. Dataset Description and Applied Algorithms
2.1. Dataset Description

The DAWN and RTTS datasets with similar object labeling types are the preferred
datasets in the literature. The DAWN dataset has data content that includes only road
images and all adverse weather conditions. RTTS, on the other hand, has data content
that includes only foggy and normal images. These two datasets are used to compare the
performance of the applied methods.

DAWN: Vehicle Detection in Adverse Weather Nature Dataset: Few datasets address
adverse weather conditions through a combination of synthetic weather and real-world
images [18]. To overcome this shortcoming, Mourad A. Kenk and Mahmoud Hassaballah
introduced a dataset called DAWN, which includes various AWCs to be used in vehicle
detection in 2020 [18]. The DAWN dataset is a collection of high-resolution images and
videos recorded under different weather conditions [18]. Roads in urban settings and rural
settings, intersections, pedestrian crossings, and traffic signs are included in the dataset.
Object detection, classification, and tracking can be performed using the dataset’s labeled
samples. Thanks to its wide scope and diversity, the DAWN dataset offers researchers
and developers the opportunity to test and improve autonomous driving algorithms. This
dataset is widely used for training and performance evaluation of deep learning models.
In this study, we utilize the DAWN dataset for the detection of vehicles in AWCs. DAWN
is a dataset specially created for AWCs. In this research, the version of the DAWN dataset
customized for YOLO is used, which was obtained from the Roboflow website [32]. Figure 1
shows the labeling rates of the objects in the DAWN dataset. The labeled objects include
people, bicycles, cars, motorcycles, buses, and trucks.
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Figure 1. Sample numbers of labeled objects in the DAWN dataset.

This dataset is categorized as 2053 training, 197 validation, and 99 test data to be
trained using the deep learning method. In this dataset, fog, snow, rain, and sandstorm
images are randomly selected. 197 validation images are used to help determine the
most efficient hyperparameters. A set of 99 test images that never entered training is
used to evaluate the effectiveness of object detection. Figure 2 shows some images of the
DAWN dataset.
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Figure 2. DAWN dataset sample images.

Real-Time Transportation System (RTTS) Dataset: RTTS is the largest annotated
detection dataset in hazy conditions [4]. It contains 4322 real-world hazy images, mostly in
traffic scenes. There are five categories, including people, bicycles, motorcycles, buses, and
cars. A total of 41,203 bounding boxes are labeled [12]. Public transportation systems are
monitored and improved with the help of the RTTS dataset. This dataset typically includes
location, speed, direction, and stop information for buses, trains, and other public vehicles.
It contains various types of data such as GPS data, sensor data, and passenger counts.
The RTTS dataset aims to use real-time transport data to make more accurate forecasts,
optimize traffic flow, and improve passenger information systems. The RTTS dataset used
for training in this study is the dataset produced for the YOLO algorithms on the Roboflow
website [33]. The DAWN and RTTS datasets with similar labeling types are used. Figure 3
shows the labeling rates of the objects In the RTTS dataset. Figure 4 shows some images of
the RTTS dataset. Additionally, the RTTS dataset containing normal weather conditions
is also used for comparison with the DAWN dataset containing AWCs to determine the
effects of proposed approach.
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2.2. Applied Algorithms

In this study, the DL algorithms YOLOv5, YOLOv7, and YOLOv9 were preferred for
object detection. There are many studies on YOLOv5. YOLOv5 was chosen to compare the
performance of the other two more recent algorithms in AWCs. Optimization algorithms
were used to improve the hyperparameters of the YOLO models, especially the performance
of the algorithms in AWCs. Various optimization algorithms can be used for this task. In
this study, we chose GWO for object detection and the more recent successful ARO and
CLEO metaheuristic algorithms for comparison.

YOLO version 5 (YOLOv5): YOLOv5 is part of the YOLO family for object detection,
optimizing previous versions. YOLOv5 was developed by the Ultralytics company. Al-
though there is no article in any peer-reviewed journal, it is preferred in scientific studies
and shows effective results [5]. The steps related to the image to be detected using YOLOv5
are shown in Figure 5. The image arriving at the input layer is sent to the backbone for pro-
cessing and feature extraction. The spine obtains feature maps with different dimensions
and combines them with the neck to produce feature maps P3, P4, and P5. Finally, these
maps are combined with the head to produce Bounding Boxes (Bboxes) that enclose the
image in a rectangular frame [13].
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YOLO version 7 (YOLOv7): The YOLOv7 [34] algorithm has been widely recognized
for its superior speed and accuracy in object detection, outperforming other established
object detection models within the scope of 5 FPS to 160 FPS [35]. In the realm of urban
infrastructure and transportation, YOLOv7 has been employed for road feature detection,
pothole detection, and pedestrian–vehicle detection, demonstrating its significance in
enhancing road safety and infrastructure maintenance [36,37]. YOLOv7 is one of the most
recent official versions of YOLO released by the authors of the YOLO architecture in 2022.
The architecture of YOLOv7 depends on a standard framework for object detection, which
comprises three key elements: the backbone, neck, and head (see Figure 6). The backbone
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functions as the feature extractor and is tasked with capturing hierarchical features from
the input images. The backbone of the YOLOv7 architecture typically leverages a CNN
(convolutional neural network) structure, such as CSPDarknet or EfficientNet, to efficiently
extract features across various scales. The neck module, which follows the backbone,
provides a collection of neural network layers that combine and mix features to the head
section, which outputs the prediction. The head section takes the mixture of features from
the neck and outputs a prediction.
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YOLO version 9 (YOLOv9): YOLOv9 [38] is the latest YOLO algorithm, released in
February 2024. When creating YOLOv9, two architectures were combined to improve its
performance compared to previous models. Programmable Gradient Information (PGI)
and a Generalized Efficient Layer Aggregation Network (GELAN) are combined to create
YOLOv9. PGI, which prevents the loss of critical information in the trained data as it
passes through multiple layers, makes learning more efficient. GELAN improves the
performance of the model by performing optimization operations during the collection and
processing of information in the layers. By combining these two architectures, YOLOv9
becomes a robust choice for object detection applications. The PGI and the related network
architecture is given in Figure 7. The PGI consists of three main components: (1) a main
branch that makes inferences, (2) an auxiliary reversible branch that provides reliable
gradients for inference, and (3) multilevel auxiliary information. Multilevel semantic
information can be learned to control main branch learning. As seen in Figure 7d, PGI uses
only the main branch in its inference process, thus resulting in no additional cost. In deep
learning methods, the other two components assist in solving or slowing down several
important problems. As neural networks deepen, they encounter problems that require the
auxiliary reversible branch to be developed. An information bottleneck will cause network
deepening, resulting in unreliable gradients produced by the loss function. It is designed
to handle the error accumulation problem caused by multiple prediction branches and the
lightweight architecture caused by deep supervision.
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GELAN’s architecture is given in Figure 8. Enhancing Temporal Action Detection
with Location Awareness (ELAN), which provides accurate and efficient detection of
actions in videos, and Cross Stage Partial Network (CSPNet), which increases the efficiency
and accuracy of convolutional neural networks, are combined to form GELAN. GELAN
combines the strengths of these two architectures.
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Gray Wolf Optimizer (GWO): Based on grey wolf tactics and social behaviors, GWO
is a metaheuristic optimization method. A balance between exploring the whole solution
space and focusing on local regions is achieved by this algorithm by using alpha, beta,
delta, and omega wolves to represent potential solutions within the search space [43]. Wolf
positions are dynamically adapted in this process toward potential solutions, following
the movement of predators tracking prey. The wolf positions are refined iteratively by the
algorithm, leading to the optimal solution being reached with each iteration. Using these
techniques, the GWO algorithm gradually narrows down the search space to find the most
optimal solution. As a result, it is useful for optimizing a wide range of tasks. The iterative
process of emulating the natural social hierarchy and hunting tactics of grey wolves within
the GWO algorithm for tackling optimization problems is illustrated in the flowchart in
Figure 9. During each iteration, candidate solutions, symbolized as wolf positions in the
search space, undergo updates influenced by three primary roles: alpha, beta, and delta
wolves, which represent the best, second-best, and third-best solutions identified thus far.

Artificial Rabbit Optimizer (ARO): The ARO was released as a new meta-heuristic
optimization algorithm in 2022 [29]. Various optimization algorithms inspired by nature
are developed to find the best solution. In ARO, the process of foraging and exploring the
environment of rabbits is modeled and simulated in this way. Rabbits, by nature, avoid
dangerous environments and at the same time explore new environments to find the best
food source. Similarly, ARO provides an algorithm where optimal solutions can exist by
discovering new search areas. In addition to machine learning, ARO has been applied for
optimization in various fields such as finance, engineering, and logistics.

ARO offers a method that effectively performs optimization operations, inspired by
rabbits searching for food in nature. Figure 10 shows the flowchart showing how the
ARO algorithm works. The position and control parameters of the rabbits are loaded.
The energy factor of the rabbits is calculated. As the number of iterations with a random
oscillator increases, the extent of the energy factor A determines their search behavior. If A
is greater than 1, a rabbit is randomly selected, and a foraging maneuver is performed. If A
is less than 1, a tunnel is created, a random hiding place is chosen, and a random hiding
maneuver is performed. After one of the two states is realized, the fitness is calculated, and
the position is updated. The best solution was found until this state was updated. These
steps are repeated until the stopping criterion is met. Finally, the best solution is returned.
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ARO is an optimization method that can be used for various applications due to its iterative
exploration and exploitation process. A solution space is navigated effectively, and optimal
solutions are reached.

Appl. Sci. 2024, 14, x FOR PEER REVIEW 9 of 25 
 

 
Figure 9. Flowchart of GWO algorithm [28]. 

ARO offers a method that effectively performs optimization operations, inspired by 
rabbits searching for food in nature. Figure 10 shows the flowchart showing how the ARO 
algorithm works. The position and control parameters of the rabbits are loaded. The en-
ergy factor of the rabbits is calculated. As the number of iterations with a random oscilla-
tor increases, the extent of the energy factor A determines their search behavior. If A is 
greater than 1, a rabbit is randomly selected, and a foraging maneuver is performed. If A 
is less than 1, a tunnel is created, a random hiding place is chosen, and a random hiding 
maneuver is performed. After one of the two states is realized, the fitness is calculated, 
and the position is updated. The best solution was found until this state was updated. 
These steps are repeated until the stopping criterion is met. Finally, the best solution is 
returned. ARO is an optimization method that can be used for various applications due to 
its iterative exploration and exploitation process. A solution space is navigated effectively, 
and optimal solutions are reached. 

Figure 9. Flowchart of GWO algorithm [28].

Chimpanzee Leader Selection Optimization (CLEO): CLEO is one of the latest meta-
heuristic optimization algorithms released in November 2022 [30]. It is inspired by the way
the chimpanzee family chooses leaders [30]. The leader must be the alpha male. However,
it is observed that the relationships of this chosen leader with other males and females play
an important role in the CLEO algorithm [30]. The memorization ability of chimpanzees
shows an inverted U-shaped performance improvement with age. Figure 11 shows the flow
diagram of the CLEO algorithm showing these steps. The CLEO algorithm uses an iterative
approach to find the optimal solution in the population. At each iteration, the algorithm
calculates the fitness value for each male and female chimpanzee, selects the male and
female chimpanzee with the highest fitness value, creates a new solution using the fitness
values of the selected chimpanzees, calculates the fitness value of the new solution, replaces
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the new solution with the least optimal solution in the current population, and stores the
current best solution. The algorithm stops when the maximum number of iterations is
reached or when the best solution meets a certain criterion.
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3. Proposed Methods

In this study, it is proposed to optimize the hyperparameters of the YOLOv5, YOLOv7,
and YOLOv9 models mentioned in Section 2 to improve their object detection performance
in AWCs. The GWO, ARO, and CLEO algorithms are proposed for these optimizations.
In [11], the first 12 parameters of the hyperparameters of YOLOv5 are used for optimization.
Generally, these first 12 parameters are preferred because they directly affect the training
performance and accuracy of the deep learning models. These parameters include basic
settings such as learning rate, momentum, weight reduction, number of boxes, number
of classes, and loss weights. Since YOLOv5, YOLOv7, and YOLOv9 use the same infras-
tructure, the hyperparameters and value ranges are the same. Figure 12 shows the overall
workflow process of this study. In our study, the first 12 hyperparameters of YOLOv5,
YOLOv7, and YOLOv9 are used for optimization using GWO, ARO, and CLEO. Table 1
provides information about these hyperparameters.
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Table 1. The 12 hyperparameters of YOLOv5, YOLOv7, and YOLOv9.

Hyperparameter Description Lower Limit Upper Limit

lr0 Initial learning rate 0.0010 0.1000
lrf Final OneCycleLR learning rate 0.1000 0.9000

weight_decay Optimizer weight decay 0.0005 0.0100
Momentum SGD momentum 0.8000 0.9900

warmup_momentum Warmup initial momentum 0.8000 0.9500
warmup_epochs Warmup epochs 0.0000 1.0000
Warmup_bias_lr Warmup initial bias lr 0.0000 0.1000

box Box loss gain 0.0200 0.2000
obj Object loss gain 0.2000 4.0000

cls_pw Class BCELoss positive_weight 0.5000 2.0000
cls Class loss gain 0.2000 4.0000

Obj_pw Object BCELoss positive_weight 0.5000 2.0000

3.1. Training and Evaluation

Firstly, YOLOv5, YOLOv7, and YOLOv9 are trained using the default parameters on
the DAWN and RTTS datasets. To compare the object detection performance, YOLOv5,
YOLOv7, and YOLOv9 are trained using the hyperparameters optimized using GWO,
ARO, and CLEO. The way the flow chart shown in Figure 12 works is as follows.

At the beginning, a 50-epoch training procedure is performed using the YOLOv5,
YOLOv7, and YOLOv9 algorithms with the default hyperparameters.

Then, using GWO, training is performed with the hyperparameters, which are re-
newed every 50 epochs. In the same way, the object detection results are obtained using the
same steps using ARO. And in the same way, the object detection results are obtained using
the same steps using CLEO. The loop continues until the result 1-mAP = 0 is obtained.
Or, since training is performed on data containing AWCs, when the mAP value reaches a
certain value, the loop is terminated by external intervention when similar mAP results are
encountered continuously. This training gives a result regarding the accuracy and efficiency
of detecting vehicles in AWCs. These training results show that the object detection per-
formance of YOLOv5, YOLOv7, or YOLOv9 using the DAWN and RTTS datasets, which
contain AWCs but have some differences, varies depending on the dataset and the deep
learning algorithms.

3.2. Performance Metrics

In order to evaluate the efficiency of the object detection model in YOLOv5, YOLOv7,
and YOLOv9, the mean average precision (mAP) value is used in performance measure-
ments in this study. The mAP value is one of the preferred metrics for performance
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measurements in instantaneous object detection in autonomous driving. In addition, there
are studies that also consider the F1 score value for object detection in datasets with imbal-
ances in labeled data. The F1 score is determined as the harmonic mean of the precision and
recall values. In the open-access datasets used in our study, since the data are unbalanced,
another performance measure, accuracy, is not taken into account in the performance
measurement, as it can be misleading.

While the algorithms detect objects, four different situations arise. True Positives (TPs)
describe when the object is correctly predicted, True Negatives (TNs) describe when an
existing object is incorrectly predicted, False Positives (FPs) describe when a non-existent
object is predicted as if it exists, and finally, False Negatives (FNs) describe when the object
exists but cannot be detected. These values allow the calculation of precision, recall, and
the F1 score.

Precision: The ratio of the correct prediction of the samples taken to all the samples
taken is called precision. Mathematically, precision is expressed by the equation provided
in (1).

Precision =
TP

TP + FP
(1)

Recall (Sensitivity): The ratio of TP predictions to all relevant samples is called recall.
Mathematically, Recall is expressed by the equation provided in (2).

Recall =
TP

TP + FN
(2)

F1 Score: The F1 score is the harmonic mean of the precision and recall and provides a
balanced assessment of a model’s performance while accounting for both false positives
and false negatives. Mathematically, the F1 score is expressed by the equation provided
in (3).

F1 Score = 2 ∗ Precision ∗ Recall
Precision + Recall

(3)

mAP (Mean Average Precision): The most important parameter used to measure
and compare the performance of object detection algorithms, especially for vehicle and
pedestrian detection, is mAP (mean average precision). The success of the model in
detecting different objects is important. mAP determines the average precision performance
of the model in all classes. This data show the general object detection performance of the
model. Mathematically, mAP is expressed by the equation provided in (5).

AP =
1
m

1.0

∑
r=0.0

step 0.1

p(r) (4)

mAP =
1
k

k

∑
i

APi (5)

3.3. Implementation Environment

V100 GPU of Google Colab’s powerful GPUs and high RAM were chosen to train the
model. While images were included in the training, they were resized to 640 × 640 for the
YOLOv7 standard. The batch size was set to 8. Training for 50 epochs using the default
hyperparameters took 1 h and 7 min. Training with the hyperparameters optimized using
GWO continued until the best results were found. Similarly, training with ARO continued
until the best results were found. The code implementations of all the algorithms were
developed in Python. The Python codes of the YOLOv5, YOLOv7, YOLOv9, GWO, ARO,
and CLEO algorithms were taken from official repositories. This ensured the reliability and
applicability of the results.
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The computer system used to carry out these studies had a Core i7 10th Generation,
Nvidia RTX 3060 6 GB GDDR6, 32 GB DDR4 3.2 GHz RAM, and 1 TB SSD.

4. Results and Discussion
4.1. Performance of YOLO Models on DAWN Dataset

Table 2 shows the training results of the YOLOv5, YOLOv7, and YOLOv9 models with
original hyperparameters, GWO, ARO, and CLEO optimization algorithms in mAP type
using the DAWN dataset. Figure 13 shows the graphical results of all training using the
DAWN dataset after 50 epochs. The results of other studies using the DAWN dataset men-
tioned in this paper are also given. When the table is examined, it is seen that the training
results of the YOLOv5, YOLOv7, and YOLOv9 models with the original hyperparameters
are 60.20%, 68.50%, and 68.00%, respectively. Different results are seen when the training
results after optimizing the hyperparameters of the YOLO models using the optimization
algorithms are examined. For example, while CLEO provides the best performance im-
provement in YOLOv5 and YOLOv7, GWO is the best for YOLOv9. YOLOv5 + CLEO has a
63.90% mAP value with a 6.146% performance improvement. YOLOv7 + CLEO has 72.80%
mAP with a 6.277% performance increase. YOLOv9 + GWO has 72.60% mAP with a 6.764%
performance increase. According to Table 2, while the best mAP value is YOLOv7 + CLEO,
the best performance improvement is realized with YOLOv9 + GWO in the YOLOv9 algo-
rithm. Table 3 shows the precision, recall, and F1 score values obtained from the confusion
matrix (e.g., “Figure 14”). Figure 14 is a confusion matrix value resulting from the training
of only one algorithm. The values in Table 3 are generated by calculating the values of the
12 confusion matrix values one by one. These values are calculated separately for the six
objects in the DAWN dataset, and different results are obtained for each applied model.

Table 2. The mAP (%) comparison of the DAWN dataset.

Model DAWN (mAP (%))

YOLOv3 + AWBLP [3] 47.79
pre-trained YOLO-v5 [10] 34.50
RetinaResnet50 [19] 32.75
YOLOv3 + RetinaResnet50 [19] 25.68
RetinaResnet50 + SSD [19] 26.20
YOLOv3 + RetinaResnet50 + SSD [19] 25.03
YOLOv5 60.20
YOLOv5 + GWO (Ours) 62.30
YOLOv5 + ARO (Ours) 60.10
YOLOv5 + CLEO (Ours) 63.90
YOLOv7 68.50
YOLOv7 + GWO (Ours) 70.60
YOLOv7 + ARO (Ours) 71.20
YOLOv7 + CLEO (Ours) 72.80
YOLOv9 68.00
YOLOv9 + GWO (Ours) 72.60
YOLOv9 + ARO (Ours) 70.80
YOLOv9 + CLEO (Ours) 70.50

An example of graphical data showing all the changes that occurred throughout the
training is shown in Figures 15 and 16. When the values are analyzed according to the
average of all objects in Table 3, the best model for the F1 score is YOLOv7 + ARO. Since
the detection and positioning of the object are more important in autonomous driving, mAP
values are primarily considered. Therefore, it is observed that the YOLOv7 + CLEO and
YOLOv9 + GWO models are superior to the other models in object detection
and localization.
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Table 3. Results using the DAWN dataset (%).

Person Bicycle Car Motorcycle Bus Truck

YOLOv5
Precision 88.70 0.00 49.69 95.74 94.73 91.80

Recall 57.89 0.00 82.82 62.50 72.00 73.68
F1 score 70.05 0.00 62.11 75.62 81.81 81.74

YOLOv5 + GWO
Precision 81.42 1.00 53.94 94.82 91.83 84.21

Recall 61.29 50.00 82.82 67.07 76.27 77.10
F1 score 69.93 66.66 65.33 78.56 83.32 80.49

YOLOv5 + ARO
Precision 86.76 0.00 51.87 96.96 88.88 88.23

Recall 62.76 0.00 83.83 78.04 64.00 80.00
F1 score 72.83 0.00 64.08 86.47 74.41 83.91

YOLOv5 + CLEO
Precision 85.33 89.47 51.57 94.11 95.34 92.85

Recall 67.36 34.00 82.82 70.32 69.49 75.58
F1 score 75.28 49.27 63.56 80.49 80.38 83.32

YOLOv7
Precision 90.66 1.00 51.86 97.33 96.49 87.01

Recall 68.68 1.00 84.69 80.22 78.57 77.01
F1 score 78.15 1.00 64.34 87.95 86.61 81.71

YOLOv7 + GWO
Precision 87.65 99.00 54.38 95.52 92.85 88.15

Recall 71.71 1.00 87.87 70.33 91.23 81.70
F1 score 78.88 99.49 67.18 81.01 92.03 84.80

YOLOv7 + ARO
Precision 88.09 99.00 55.00 95.34 92.15 87.84

Recall 74.74 1.00 89.79 82.00 79.66 84.42
F1 score 80.86 99.49 68.21 88.16 85.45 86.09

YOLOv7 + CLEO
Precision 88.75 99.00 53.12 95.89 96.34 87.83

Recall 71.00 1.00 86.73 70.00 84.94 80.24
F1 score 78.88 99.49 65.88 80.92 90.28 83.86

YOLOv9
Precision 82.43 1.00 51.57 96.96 96.15 91.17

Recall 64.89 79.76 83.67 70.32 78.12 72.09
F1 score 72.61 88.74 63.81 81.51 86.20 80.51

YOLOv9 + GWO
Precision 87.67 1.00 51.85 97.33 93.75 90.90

Recall 67.36 79.76 84.84 73.00 76.27 80.45
F1 score 76.18 88.74 64.36 83.42 84.11 85.35
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Table 3. Cont.

Person Bicycle Car Motorcycle Bus Truck

YOLOv9 + ARO
Precision 91.17 1.00 49.41 98.64 96.15 95.89

Recall 65.26 50.00 85.85 80.21 78.12 80.45
F1 score 76.06 66.66 62.72 88.47 86.20 87.49

YOLOv9 + CLEO
Precision 83.95 1.00 54.24 98.46 84.37 85.33

Recall 72.34 50.00 84.69 70.32 75.00 77.10
F1 score 77.71 66.66 66.12 82.04 79.40 81.00
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4.2. Performance of YOLO Models on RTTS Dataset

Table 4 shows the training mAP results of the YOLOv5, YOLOv7, and YOLOv9 models
using the RTTS dataset, with original and optimized hyperparameters with the GWO, ARO,
and CLEO optimization algorithms. Table 4 also shows the results of other studies using
the RTTS dataset mentioned in this paper. When the results are analyzed, it is seen that the
mAP value of the YOLOv5-Fog model in [14] is higher than all the models of YOLOv5 and
YOLOv7. The models with the best mAP values are the YOLOv9 models. The objects in
the datasets and the number of labels of the objects are shown in Figure 3. Here, it is seen
that the person tag is labeled considerably more than the other objects except for cars in
Figure 3. Table 4 shows that when trained with the original hyperparameters of YOLOv5,
YOLOv7, and YOLOv9 using the RTTS dataset, the mAP results are 75.60%, 76.80%, and
78.40%, respectively. It is observed that the optimization algorithms used with YOLOv5 do
not affect the mAP result in YOLOv5 in any way. The YOLOv7 + GWO model realized a
performance improvement of 0.13%, the YOLOv7 + ARO model realized a performance
improvement of 0.65%, and the YOLOv7 + CLEO model realized a performance improve-
ment of 1.04% compared to the original YOLOv7 model. The YOLOv9 + GWO model
realizes a performance increase of 0.51%, the YOLOv9 + ARO model realizes a performance
increase of 1.02%, and the YOLOv9 + CLEO model realizes a performance increase of 1.14%
compared to the original YOLOv9 models.

Table 4. The mAP (%) comparison on the RTTS dataset.

Model RTTS (mAP)

IA-YOLO [8] 52.00
TogetherNet [1] 61.55
Faster-RCNN [15] 51.30
RetinaNet [19] 53.10
YOLOv5-Fog [14] 77.80
YOLOv5 75.60
YOLOv5 + GWO (Ours) 75.60
YOLOv5 + ARO (Ours) 75.60
YOLOv5 + CLEO (Ours) 75.59
YOLOv7 76.80
YOLOv7 + GWO (Ours) 76.90
YOLOv7 + ARO (Ours) 77.30
YOLOv7 + CLEO (Ours) 77.60
YOLOv9 78.40
YOLOv9 + GWO (Ours) 78.80
YOLOv9 + ARO (Ours) 79.20
YOLOv9 + CLEO (Ours) 79.30
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Compared to the original YOLOv7 model, the YOLOv9 + GWO model realizes a per-
formance increase of 0.51%, the YOLOv9 + ARO model realizes a performance increase of
1.02%, and the YOLOv9 + CLEO model realizes a performance increase of 1.14% compared
to the original YOLOv9 model. Also, Figure 17 shows the graphical results of all training
using the RTTS dataset after 50 epochs. An example of graphical data showing all the
changes that occurred throughout the training is shown in Figures 18 and 19.
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In our study, the increase in object detection performance with hyperparameter op-
timization shows that the intended goal was achieved, especially when including AWCs
and only traffic roads. The differences are that we only trained on AWCs and used GWO,
ARO, and CLEO for hyperparameter optimization. In [11], the 12 hyperparameters of
YOLOv5 are used for object detection using the MWOA optimization algorithm. Since the
used KITTI [45] dataset usually contains normal, clean images, it is not known how it will
perform in AWCs. Therefore, it uses the dataset with normal weather conditions, and so it
does not address AWCs. Additionally, it uses only the older version of YOLOv5.

After training the DAWN dataset with the default parameters, Figure 20 shows some
images presented to the system for testing. In the first row and third column, some vehicles
are not detected. In the first column of the second row, the oncoming vehicle is not detected.
In other examples, the first row detects objects that are not in the fourth column. Some of
the images entered into the system for testing purposes from the DAWN dataset trained
with GWO-optimized hyperparameters are shown in Figure 21. Compared to Figure 20,
the truck in the first row and fourth column is predicted and detected at a higher rate, and a
vehicle that is not in the first row and fourth column is not labeled as a vehicle. In the second
row and first column, the oncoming vehicle is labeled. The next set of test data images from
the DAWN dataset trained with ARO-optimized hyperparameters are shown in Figure 22.
Compared to Figure 20, all cars are detected and labeled in the sandstorm image in the
first row and third column. The oncoming vehicle in the second row and first column and
the truck in the fourth row and fourth column are not labeled as in Figure 20. The next
test data images from the DAWN dataset trained with CLEO-optimized hyperparameters
are shown in Figure 23. Compared to Figure 20, all cars are detected and labeled in the
sandstorm image in the first row and third column. In the same image, an absent vehicle is
labeled. Looking at the mAP values in Table 2, the smallest mAP value is 68.00% and the
largest value is 72.60%, especially for YOLOv5 and YOLOv9. Looking at the labeled objects
in the figures, it is observed that object detection operations are performed in accordance
with the mAP values.
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Figure 23. Test results with CLEO optimizer hyperparameters.

Table 5 shows the iteration rate, training time, advantages, and disadvantages of the
applied methods for all training using the DAWN dataset, especially our study since it
includes all AWCs.

Table 5. Object detection performance and efficiency comparisons.

Method F1 Score Iteration
Rate (it/s)

50 Epoch
Hours Advantages Disadvantages

YOLOv5 49,690 1.97 0.661 Provides faster responses
for real-time applications.

Low accuracy in object
detection

YOLOv5 + GWO 59,295 2 0.58 Ideal for applications
requiring high accuracies

More processing power
and energy consumption

YOLOv5 + ARO 52,025 1.06 0.63 Low training time Low accuracy in object
detection

YOLOv5 + CLEO 57,607 1.88 0.61 Provides faster response
for real-time applications

Object detection accuracy is
insufficient

YOLOv7 56,097 1.71 0.63
A balanced model, efficient
in both speed and training

time

Lower F1 score compared
to other YOLOv7 variants

YOLOv7 + GWO 73,612 1.55 0.63 Provides a high accuracy
with a good F1 score.

Relatively low speed—this
may cause some delays in

real-time applications

YOLOv7 + ARO 74,612 1.38 0.64 Ideal for applications
requiring high accuracy

Low accuracy in object
detection

YOLOv7 + CLEO 72,622 1.22 0.65 Provides a good balance for
both speed and training.

The intermediate F1 score
does not provide the

highest accuracy

YOLOv9 65,927 1.06 0.65 Low training time
F1 score average is lower

than other YOLOv9
variants.

YOLOv9 + GWO 67,890 1.11 0.66 Good F1 score and
moderate speed

Training time may be
longer than other YOLOv9

variants
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Table 5. Cont.

Method F1 Score Iteration
Rate (it/s)

50 Epoch
Hours Advantages Disadvantages

YOLOv9 + ARO 64,988 1.42 0.67 High speed and high
accuracy

Training period is slightly
longer

YOLOv9 + CLEO 61,073 1.05 0.66 Offers a low training time
and good balance

Low speed may cause
performance degradation

in some applications

Looking at the results in general, models optimized using YOLOv7 + CLEO or
YOLOv9 + GWO, which have the highest mAP value, can be used in applications re-
quiring high accuracies. The models used may vary depending on weather conditions.
However, by using the YOLOv7 or YOLOv9 models, the best mAP results can be obtained
regardless of the weather conditions. When the prediction images are examined in de-
tail, it is clear that the YOLO models optimized separately using GWO, ARO, and CLEO
improve the detection of vehicles, especially when using AWC datasets in dusty weather
conditions. All three training configurations (GWO, ARO, CLEO, and original) showed
success in object detection, regardless of weather conditions, including scenarios beyond
dusty weather. These findings highlight the effectiveness of the YOLOv7 and YOLOv9
algorithms in detecting objects in AWCs and perform even better when combined with the
GWO, ARO, or CLEO optimization algorithms. The results and original values of the first
12 hyperparameters of the YOLO versions 5, 7, and 9 models optimized using meta-heuristic
optimization algorithms are shown in Tables 6 and 7.

Table 6. Optimized and original top 6 hyperparameters in YOLOV5, YOLOv7, and YOLOv9.

lr0 lrf Momentum Weight_Decay Warmup_Epochs

YOLOv5 0.0100 0.0100 0.9370 0.0005 3.0000
YOLOv5 + GWO 0.0124 0.0129 0.9781 0.0008 3.2113
YOLOv5 + ARO 0.0100 0.0100 0.937 0.0005 3.0000
YOLOv5 + CLEO 0.0115 0.0109 0.9556 0.0007 3.2030

YOLOv7 0.0100 0.1000 0.937 0.0005 3.0000
YOLOv7 + GWO 0.0123 0.1286 0.9781 0.0008 3.2113
YOLOv7 + ARO 0.0120 0.1176 0.9406 0.0006 3.0755
YOLOv7 + CLEO 0.0114 0.0125 0.9638 0.0006 3.0110

YOLOv9 0.0100 0.0100 0.9370 0.0005 3.0000
YOLOv9 + GWO 0.0106 0.0107 0.9472 0.0006 3.0526
YOLOv9 + ARO 0.0118 0.0129 0.0006 3.1323 0.8188
YOLOv9 + CLEO 0.0116 0.0129 0.9737 0.0006 3.0202

Table 7. Optimized and original 7 to 12 hyperparameters in YOLOV5, YOLOv7, and YOLOv9.

Warmup_Momentum Warmup_bias_lr box cls cls_pw obj

YOLOv5 0.8000 0.1000 0.0500 0.5000 1.0000 1.0000
YOLOv5 + GWO 0.8956 0.0991 0.0496 0.5956 1.1816 1.2008
YOLOv5 + ARO 0.8000 0.1000 0.0500 0.5000 1.0000 1.0000
YOLOv5 + CLEO 0.8658 0.0972 0.0425 0.5692 1.0823 1.0925

YOLOv7 0.8000 0.1000 0.0500 0.3000 1.0000 0.0700
YOLOv7 + GWO 0.0991 0.8956 0.7956 0.3956 1.1816 0.0495
YOLOv7 + ARO 0.0960 0.8387 0.7303 0.3704 1.1298 0.0472
YOLOv7 + CLEO 0.8008 0.8100 0.0512 0.4000 1.1280 0.0470

YOLOv9 0.8000 0.1000 7.5000 0.5000 1.0000 0.7000
YOLOv9 + GWO 0.8238 0.0848 0.0424 0.5238 1.0452 1.0500
YOLOv9 + ARO 0.0852 0.0467 0.5975 1.1680 1.168 1.0945
YOLOv9 + CLEO 0.8208 0.0802 0.0497 0.5680 1.1760 1.1497
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5. Conclusions and Future Works

In this study, the object detection performances of the YOLO models are optimized,
especially if the hyperparameters of YOLO models used for object detection in autonomous
driving in AWCs are optimized. When the datasets are compared, especially in the DAWN
dataset, which contains only traffic images and only images with AWCs, an increase of more
than 6% in performance is observed by optimizing the YOLO models with optimization
algorithms. For the RTTS dataset, optimizing YOLO models does not show a noticeable
performance increase. The fact that there is generally only one adverse weather condition
(hazy/foggy) in the RTTS dataset and that it does not contain only traffic data distinguishes
the RTTS data set from the DAWN dataset. In the DAWN dataset, even if the YOLOv5
model is optimized using GWO, ARO, or CLEO, it does not perform better than the more
recent YOLOv7 and YOLOv9. However, the mAP values of all the training results with
the YOLOv7 model and the YOLOv9 model were close to each other. According to these
results, the YOLO models including AWCs perform well in object detection in autonomous
vehicles. YOLO with optimized hyperparameters by using optimization algorithms in
AWCs performs much better. Since the objects labeled in the datasets are not balanced,
there are difficulties in detecting some objects. To solve this problem, it is necessary to
find images containing objects such as bicycles, motorcycles, and buses in AWCs and to
label these objects. In future studies, we aim to combine different optimization algorithms
and make changes to the activation functions of the YOLO model to increase the object
detection performance of the YOLO models in AWCs to better levels.
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