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Abstract: Vehicle classification plays a vital part in the development of intelligent transportation systems (ITS)
and modern traffic management, where the ability to detect and identify vehicles accurately in real time is essential for
maintaining road efficiency and safety. This paper presents an enhancement to the YOLOv8m model by refining its
activation function to achieve higher accuracy and faster response in diverse traffic and environmental situations. In this
study, two alternative activation functions—Mish and Swish—were integrated into the YOLOv8m structure and tested
against the model's default sigmoid linear unit (SiLU). Training and evaluation were carried out using a comprehensive
dataset of vehicles captured under different lighting and weather conditions. The experimental findings show that the
modified activation design leads to better model convergence, improved generalization, and a noticeable boost in
detection performance, recording up to 5.4% higher accuracy and 6.6% better mAP scores than the standard YOLOv8m.
Overall, the results confirm that fine-tuning activation behavior can make deep learning models more adaptive and
reliable for vehicle classification tasks in real-world intelligent transportation environments.
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Figure 1 Conceptual Framework of the Modified YOLOv8m Model for Vehicle Classification
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Figure 2 Image Annotation Process Using Roboflow
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Figure 3 Data Augmentation Techniques Applied to Vehicle Images
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Figure 5 Modified YOLOv8 Medium (Gradient Normalization, o, and Bias Adjustments, Accuracy = 0.961)
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Figure 6 YOLOv8 Medium Accuracy on the Pothole Dataset
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Table 2 Comparative Results on the Pothole Detection Dataset
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Table 3 Comparative Results between Baseline and Modified YOLOv8m Models
23 SRR 50 YOLOVSm BEAY 1 45 5 ik

$ebr 2\ YOLOvVS8m i YOLOvSm RIEE
e 2 0.907 0.961 +5.4%
mAP@50 0.876 0.934 +5.8%
mAP@50—95 0.851 0.917 +6.6%
LA PN 1.417 0.981 -30.8%
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Figure 7 Real-Time Testing at Alangilan Overpass, Batangas City
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