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Abstract:

Vehicle detection in low-resolution images remains a significant challenge in computer vision, particularly for embedded
devices such as ESP32-CAM with limited computational resources and simple image resolution. This study evaluates the
performance of YOLOV8 on low-resolution QVGA (320 x 240 pixels) images for vehicle detection and classification. The
dataset was independently collected in a controlled laboratory environment using miniature vehicles, covering four vehicle
classes (motorcycle, car, bus, and truck) with a total of 4,000 images and a 70:20:10 data split. A pretrained YOLOv8
model was fine tuned for 100 epochs and tested on an ESP32-CAM prototype. The evaluation results demonstrate excellent
performance, achieving precision of 0.999, recall of 1.000, mAP@0.5 of 0.995, and mAP@0.5-0.95 of 0.995 on the
validation data, as well as real-time detection accuracy of 97% for motorcycles and cars, and 99% for buses and trucks.
These findings indicate that YOLOv8 can deliver reliable vehicle detection performance on low-resolution images and is
suitable for implementation in embedded device-based systems.
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1. Introduction

Real-time vehicle detection on low-resolution images is an important challenge in computer vision, particularly
for embedded devices such as ESP32-CAM, which are widely used in IoT applications with limited computational
resources [1], [2]. Conventional approaches often result in low detection accuracy under low-resolution conditions
due to the loss of visual feature details, thereby reducing the efficiency of accurate vehicle object identification [3],
[4]. Therefore, an object detection method capable of performing accurate and real-time vehicle estimation under
limited resolution conditions is required.

Traditional computer vision approaches that combine image pre-processing techniques, such as segmentation, with
classification algorithms have been widely used for visual object recognition and evaluated using accuracy, precision,
and recall metrics [5], In recent years, deep learning—based computer vision has been extensively applied to vehicle
detection due to its ability to automatically extract visual features from images [6]. The You Only Look Once (YOLO)
algorithm is one of the most popular object detection methods because it enables real-time multi-class detection with
high accuracy [7]. Deep learning—based computer vision approaches have also been implemented in various systems
for real-time object recognition [8]. The latest version, YOLOVS8, offers significant improvements in terms of
architectural efficiency, training stability, and inference speed, making it well suited for vehicle detection scenarios
with limited image resolution and computational resources [9], [10]. Several recent studies have shown that the
integration of YOLOV8 can improve detection accuracy under low-resolution conditions [11], although further
optimization is often required [11], [12], [13], [14].
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Previous studies have commonly used public traffic datasets with high-resolution images and diverse
environmental conditions [15]. However, performance evaluation of object detection models on low-resolution images
(e.g., QVGA 320 x 240 pixels) and controlled environments remains relatively limited, particularly for vehicle count
estimation scenarios [16]. Low resolution poses serious challenges in vehicle object detection, especially for small-
sized classes such as motorcycles, due to the loss of feature details and reduced accuracy in small object detection
[17], [18]. Recent studies indicate that YOLOvV8 remains promising for applications under limited-resolution
conditions when optimized through enhancement techniques or architectural modifications, although its baseline
performance tends to degrade for small objects and low-resolution images [19], [20].

Based on this background, this study evaluates the performance of the YOLOV8 algorithm in detecting and
classifying vehicles using QVGA-resolution images independently collected in a controlled laboratory environment
using ESP32-CAM. The dataset includes four vehicle classes: motorcycle, car, bus, and truck. The model is trained
and evaluated using standard object detection metrics (such as mAP, Precision, and Recall) and further tested on a
prototype system as a limited implementation study. The primary focus of this research is the performance analysis of
YOLOvV8-based vehicle detection under low-resolution conditions, while system and hardware aspects are utilized
solely as acquisition and testing media.

2. Method
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Figure 1. Research Design

This study employs an experimental research design to evaluate the performance of the YOLOVS8 algorithm in
detecting [21], and classifying vehicles on low-resolution images acquired using ESP32-CAM [22]. Image data were
captured using an ESP32-CAM module with QVGA resolution (320 x 240 pixels) in a controlled laboratory
environment and include four vehicle classes: motorcycle, car, bus, and truck [23]. The research stages consist of
image data acquisition, dataset splitting, annotation and conversion to YOLO format, YOLOv8 model training, and
model performance evaluation using predefined metrics [24], [25].

Image Data Acquisition

The dataset was collected in an indoor laboratory environment with a fixed camera angle and controlled lighting
conditions using miniature vehicles to simulate two-way traffic flow [26], [27]. Image acquisition was independently
performed using an ESP32-CAM module with QVGA resolution (320 x 240 pixels) installed at a distance of
approximately 20 cm from the simulation area. Data were captured via an HTTP endpoint and sequentially stored
using a Python-based program without additional pre-processing. The dataset consists of 4,000 images, evenly
distributed across four simulated vehicle categories (car, motorcycle, bus, and truck; 1,000 images each) and does not
originate from any public dataset. The controlled environment, low image resolution, and use of miniature vehicles
make this dataset specifically focused on controlled evaluation of vehicle count estimation system performance [28].
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Figure 2. Miniature Vehicle Dataset

Dataset Split

The dataset was divided into three subsets: training data (70%), validation data (20%), and testing data (10%). The
split was performed randomly to ensure balanced distribution and to prevent data leakage, where the training data
were used for model training, the validation data for performance monitoring during training, and the testing data for
final evaluation of model generalization [29].

Table 1. Dataset Split

Dataset Type Percentage Number of Images Function
Training 70% 2.800 YOLO model training
Validation 20% 800 Performance monitoring
Testing 10% 400 Final evaluation
Total 100% 4.000 Entire dataset

Dataset Annotation and YOLO Format Conversion

After dataset splitting, each image was annotated with bounding boxes corresponding to vehicle objects (car,
motorcycle, bus, and truck) as labels for object detection training. The annotations were converted into YOLO format
(.txt) containing class indices and bounding box coordinates normalized to image dimensions, as required for YOLOV8
training. The dataset was organized following the standard YOLO directory structure for the modeling stage [30].

Table 2. Class Index Definition

Class Index Vehicle Type

Motorcycle

Car

Bus

Wl N | O

Truck

YOLO-Based Detection Model

This study employs YOLOVS as the vehicle detection algorithm due to its lightweight and efficient architecture,
which is suitable for real-time object detection on low-computational-resource devices. The model was trained using
images resized to 640 x 640 pixels to detect four vehicle classes: motorcycle, car, bus, and truck. As illustrated in
Figure 3, YOLOV8 consists of a Backbone (Conv Block, C2f, and SPPF) for feature extraction, a Neck (UpSample,
Concat, and C2f) for multi-scale feature fusion, and a Detection Head based on a decoupled head that separates
classification and bounding box regression processes to improve detection accuracy and inference speed [31].
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Figure 3. YOLOV8 Architecture
Model Training Configuration

Model training was conducted using YOLOV8 with pretrained initial weights and fine-tuned using the vehicle dataset
in YOLO format. The training process was performed for 100 epochs with an input image size of 320 x 320 pixels,
adjusted to match the QVGA resolution characteristics of ESP32-CAM, using a batch size of 16 and eight workers.
All training was executed on an NVIDIA RTX 4060 GPU using default YOLOV8 parameters to ensure experimental
consistency and reproducibility.

Model Validation Strategy

The validation strategy utilized 20% of the dataset that was not included in the training process to monitor the model’s
generalization capability and detect potential overfitting. Evaluation was periodically performed during training by
the YOLOV8 framework by comparing prediction results with ground truth annotations from the validation dataset.

Model Evaluation Metrics

The performance of the YOLOV8 model was evaluated using standard object detection metrics, including Precision,
Recall, Mean Average Precision (MAP@50), and mAP@50-95, along with monitoring of training and validation loss.
All metrics were computed on the validation dataset to assess the model’s generalization performance.
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10T Traffic Light Prototype

The trained model was implemented on an loT-based adaptive traffic light prototype simulating a two-way
intersection. The system employs two ESP32-CAM modules as visual sensors and one ESP32 as a central controller,
along with a TM1637 display to present countdown timing. In addition to visual detection, the system is equipped
with a sound sensor as a supporting feature for detecting priority vehicles; however, this aspect is not the main focus
of the study. Vehicle count estimation is performed using the YOLOV8 model and evaluated in a controlled laboratory
environment using a physical prototype and intersection simulation [32].

Figure 4. Adaptive Traffic Light System
3. Results and Discussion
Results

The evaluation results of the YOLOv8 model training over 100 epochs are presented in Figure 5, where the
training and validation loss curves—consisting of box loss, classification loss, and distribution focal loss (DFL)—
show a consistent decrease with similar trends across both data subsets. In addition, performance metrics such as
precision, recall, and mean average precision (mAP) at various Intersection over Union (loU) thresholds exhibit a
stable improvement throughout the training process. The decreasing loss patterns and increasing metric values indicate
that the model successfully achieved convergence and effectively improved vehicle detection performance under
controlled testing conditions.
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Figure 5. Training and Evaluation Results

Figure 6 presents the Precision—Recall and Recall-Confidence curves for each vehicle class. The Precision—Recall
curves illustrate the relationship between prediction accuracy and the model’s ability to detect all vehicle objects,
while the Recall-Confidence curves describe the model’s confidence level in its detection results. These curves are
used to evaluate the multi-class vehicle detection performance of YOLOVS.
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Figure 6. (a) Precision-Recall Curve and (b) Recall-Confidence Curve

Figure 7 shows the F1-Confidence and Precision—Confidence curves for each vehicle class. The F1-Confidence
curves represent the balance between precision and recall, whereas the Precision—Confidence curves illustrate the
effect of confidence thresholds on detection accuracy. These curves are utilized to analyze the performance of
YOLOWV8 and to determine the optimal confidence threshold.

1o Precision-Confidence Curve o F1-Confidence Curve

- motor [/ motar

1/ mobll mobil
bus bus.
truk truk

= all classes 1,00 at 1.000 = all classes 1.00 at 0.943

Precision
F

02 02

08 10 0.0 02

04 06 0 06
Confidence Confidence

(@) (b)
Figure 7. (a) F1-Confidence Curve and (b) Precision-Confidence Curve

Based on Figure 8, the model successfully classifies vehicles with a high level of accuracy, with only two images
misclassified as background. This result indicates a relatively low classification error and demonstrates that the model
is capable of effectively distinguishing between vehicle classes.
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Figure 8. Confusion Matrix

As presented in Figures 5, 6, and 7, and summarized in Table 3, the vehicle detection system achieves excellent
performance, with an overall precision (P) of 0.99975, recall (R) of 1.000, mAP@50 of 0.995, and mAP@50-95 of
0.995. These values confirm that the model exhibits very high accuracy in vehicle identification, where its ability to
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detect all target objects (100% recall) and minimize detection errors (precision close to 100%) remains stable up to
the 100th epoch. This is further supported by the continuous reduction in validation box loss and classification loss,
indicating that the model has reached an optimal convergence point without experiencing overfitting.

Table 3. Validation Results

Box Loss  Cls Loss Precision Recall mAP50 mAP50-95 Box Loss  Cls Loss

Epoch () (8) (8) (B) (8) V) V)
1 0.288 1.540 0.960 0.963 0.989 0.989 0.207 0.632
5 0.119 0.264 0.999 1.000 0.995 0.995 0.170 0.449
15 0.081 0.187 0.999 1.000 0.995 0.995 0.140 0.312
30 0.061 0.133 0.999 1.000 0.995 0.995 0.133 0.231
45 0.052 0.122 0.999 1.000 0.995 0.995 0.132 0.229
60 0.046 0.110 0.999 1.000 0.995 0.995 0.131 0.221
75 0.040 0.098 0.999 1.000 0.995 0.995 0.129 0.215
85 0.038 0.091 0.999 1.000 0.995 0.995 0.116 0.195
90 0.035 0.082 0.999 1.000 0.995 0.995 0.099 0.171
91 0.035 0.096 0.999 1.000 0.995 0.995 0.099 0.170
96 0.034 0.080 0.999 1.000 0.995 0.995 0.097 0.162

100 0.034 0.074 0.999 1.000 0.995 0.995 0.096 0.157

In the ESP32-CAM-based system testing, the YOLOV8 model demonstrates detection accuracies of 97% for
motorcycles, 97% for cars, 99% for buses, and 99% for trucks, as shown in Figure 9. These results confirm that the
model is capable of reliably detecting each vehicle class in real-device implementation under controlled testing
conditions.

TRUK: 0 | 0% TRUK: 0 | 0%

(b)

&

TRUK: 0 | 0% TRUK: 1 | 99%
(© (d)
Figure 9. Real-time ESP32-CAM vehicle detection: (a) car, (b) motorcycle, (c) bus, (d) truck.
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Discussion

The YOLOv8-based vehicle detection system implemented on ESP32-CAM demonstrates higher accuracy
compared to conventional approaches such as loop detectors, ultrasonic sensors, or other simple methods, as it is
capable of directly estimating vehicle counts from low-resolution images. By employing a lightweight YOLOv8
model on QVGA resolution, the system achieves competitive performance with a significantly lower computational
burden than previous methods that rely on larger models or higher image resolutions. Buses and trucks are detected
more accurately than motorcycles and cars, which is consistent with the influence of object size and low resolution on
detection performance.

The evaluation was conducted using a laboratory dataset with miniature vehicles, QVGA resolution, and a fixed
camera angle, which limits the system’s ability to optimally handle occlusion, distance variations, extreme lighting
changes, and real-world traffic dynamics. Further research is required to evaluate the system at real intersections with
heterogeneous traffic, higher image resolutions, and multi-sensor integration to improve robustness and
generalization.

4. Conclusion

This study successfully demonstrates that a YOLOv8 model integrated with an ESP32-CAM module can be
effectively used to detect and classify vehicles in low-resolution images under controlled testing environments. Using
QVGA-resolution images and four vehicle classes, the YOLOv8 model achieves very high detection performance,
indicated by precision and recall values close to 1.0, as well as mMAP@50 and mAP@50-95 of 0.995. Testing on real
devices shows detection accuracies of 97% for motorcycles and cars, and 99% for buses and trucks, confirming that
the lightweight YOLOVS8 architecture can operate reliably on 10T devices with limited computational resources.

Nevertheless, the system performance was evaluated using a dataset collected in a controlled laboratory
environment with miniature vehicles, low image resolution, and a fixed camera angle. Future work may focus on
evaluation at real-world intersections with variations in lighting conditions, camera viewpoints, and more complex
traffic densities, as well as exploring the integration of additional sensors to enhance the robustness and scalability of
computer vision—based vehicle detection systems.
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