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In this study, a deep-learning-based defect classification system was developed
for the surface inspection of automotive parts. A compact conveyor-based setup
was constructed to simulate the actual production conditions and ensure consistent
image acquisition. To minimize background noise from the patterned belt, HSV
(hue, saturation, value) color space segmentation and morphological filtering
were applied. A lightweight VGG16-based convolutional neural network (CNN)
was trained using transfer learning and partial fine-tuning. Despite using a small
and balanced dataset, the model achieved over 95% validation and 95-100%
prediction accuracy on unobserved test images. Therefore, CNNs can effectively
classify known and previously undefined defects and thereby overcome the
limitations of rule-based machine vision systems. Future studies will explore the
integration of lighting control and the application of advanced models for
real-time defect localization and classification.
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(a) Normal data

Crack Scratch
(b) Defective data

Fig. 3 Training data
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Fig. 4 Data processed

(a) Original data
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Table 1 Model summary

Layer (type) Output shape Param #
Input layer 2 (None, 224, 224, 3) 0
VGG16 (None, 7, 7, 512) 14,714,688
Global AveragePooling2D (None, 512) 0
Dense (dense) (None, 128) 65,664
Dropout (dropout) (None, 128) 0
Dense 1 (dense) (None, 2) 258
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