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SUPAPORN BUNRIT : AUTOMATIC CONSTRUCTION MATERIAL
IMAGE CLASSIFICATION WITH DEEP LEARNING TECHNIQUE OF
CONVOLUTION NEURAL NETWORK. THESIS ADVISOR : ASSOC.

PROF. KITTISAK KERDPRASOP, Ph.D., 189 PP,

CONVOLUTION NEURAL NETWORK (CNN)/TRANSFER
LEARNING/AUTOENCODER/CONSTRUCTION MATERIAL IMAGE

CLASSIFICATION.

Various sub-tasks on modemn construction management system require
automatic or semi-automatic processes in handling the operation inside. Especially for
construction progress monitoring task, the automatic process in classifying the
difference of each construction material from an image is necessary in the preliminary
stage. The more the preciseness in automatic classifying, the more the exactness in
assessment of each material had been used. Subsequently, the progress of the
construction can be evaluated with the highest degree of reliability. Almost all
existing related works have been studied based on hand-designed features of which
the classified accuracy still not much appreciated. In this research, automatic feature
extracted method from the prominent technique in deep learning, convolution neural
network (CNN), is studied. The pre-trained of ResNet101 model is adopted in the
concept of transfer learning in the scheme of fixed feature extractor. Data
representation learning based on autoencoder model is then employed to encode such
the CNN extracted feature. Finally, multi-class support vector machine (SVM) is used
for the classification stage. This research also studied other diversified methods in

applying CNN models. The pre-trained architectures of AlexNet and GoogleNet are




also explored compare to ResNet1(1 model. Whereas, principal component analysis
(PCA) is investigated to be compared to autoencoder. Experimental results reveal that
with the autoencoder-based method employed in the proposed work, the classification
performance can improve more than the performance obtained from PCA in all cases.
Especially, when the fixed feature extractor of ResNet101 is used as the input to an
autoencoder, t.he classitied result outperforms the others with an accuracy of 97.8%
for dataset 1 and 98.0% for dataset 2. Tt can be inferred that by applying autoencoder
on top of the pre-trained transferred features from a suitable transferred model, the
performance can be improved without the need to train or fine-tune the complex CNN

model.
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