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ABSTRACT

Accurate and timely detection of pavement distresses plays a vital role in maintaining the safety
and durability of asphalt pavements. Traditional inspection methods, such as visual surveys,
suffer from limitations including human error, high cost, and lack of repeatability. In this study,
two distinct approaches—feature-based image processing and machine learning—were
employed and compared to automatically detect potholes in asphalt pavements from two-
dimensional images. A dataset consisting of pothole and non-pothole images was collected,
preprocessed, and used for feature extraction. Subsequently, several classification algorithms,
including Support Vector Machine (SVM), K-Nearest Neighbors (KNN), Decision Tree, and
Random Forest, were trained and evaluated. Model evaluation results indicated that the linear-
kernel SVM achieved superior performance, with an accuracy exceeding 97% in distinguishing
pothole images from intact surfaces. Despite its computational simplicity, the proposed
approach demonstrated high accuracy and satisfactory efficiency compared with traditional
methods, under controlled lighting (overcast conditions) and a fixed imaging angle. This
method can serve as a practical and cost-effective alternative to visual inspection in pavement
maintenance management.

Keywords: Pavement Distress Detection, Image Processing, Feature Extraction, Machine
Learning

Road No.126
391



	چاله‌ها و سایر خرابی‌های سطحی روسازی آسفالتی، تأثیر مستقیمی بر ایمنی، آسایش رانندگان و هزینه‌های نگهداری شبکه راه‌ها دارند. روش‌های سنتی بازرسی میدانی به دلیل زمان‌بر بودن، هزینه بالا و پوشش مکانی محدود، کارایی و بهره‌وری فرآیند پایش را کاهش می‌دهند (...
	۲- پیشینه تحقیق

