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A Comparison of Image Classification System for Building
Waste Data based on Deep Learning
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Abstract This study utilizes deep learning algorithms to automatically classify construction waste into
three categories: wood waste, plastic waste, and concrete waste. Two models, VGG-16 and ViT (Vision
Transformer), which are convolutional neural network image classification algorithms and NLP-based
models that sequence images, respectively, were compared for their performance in classifying
construction waste. Image data for construction waste was collected by crawling images from search
engines worldwide, and 3,000 images, with 1,000 images for each category, were obtained by excluding
images that were difficult to distinguish with the naked eye or that were duplicated and would interfere
with the experiment. In addition, to improve the accuracy of the models, data augmentation was
performed during training with a total of 30,000 images. Despite the unstructured nature of the collected
image data, the experimental results showed that VGG-16 achieved an accuracy of 91.5%, and ViT
achieved an accuracy of 92.7%. This seems to suggest the possibility of practical application in actual
construction waste data management work. If object detection techniques or semantic segmentation
techniques are utilized based on this study, more precise classification will be possible even within a

single image, resulting in more accurate waste classification

Key Words : Automatic Classifier, Convolutional Neural Network(CNN), Data Augmentation, Deep

Learning, VGG-16, Vision Transformer(ViT)
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