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Semi-supervised image classification method fused with relational features

LIU Wei'*, WANG Xinyu'"’, LIU Guangwei’, WANG Dong’, NIU Yingjie"’

(1. School of Sciences, Liaoning Technical University, Fuxin 123000, China; 2. Institutes of Intelligent Engineering and Mathematics,
Liaoning Technical University, Fuxin 123000, China; 3. Institute of Mathematics and Systems Science, Liaoning Technical Uni-
versity, Fuxin 123000, China; 4. School of Mining, Liaoning Technical University, Fuxin 123000, China)

Abstract: A semi-supervised deep learning model exhibits great generalization ability with minimal required samples
and has made great progress in theory and practical application over the past ten years or so. However, the lack of the
model’s interpretability when modeling the internal “implicit” relationship of samples and the difficulty in constructing
unsupervised regularization items have limited the further development of semi-supervised deep learning. To solve these
problems and enrich the sample feature representation, this study has developed a novel semi-supervised model for im-
age classification—semi-supervised classification model integrating the relational features (SCUTTLE). The model in-
troduces the graph convolutional networks (GCN) based on the convolutional neural networks (CNN) and extracts the
relationships between the low- and high-level features of each layer of the CNN model via the GCN model, thus extract-
ing features and expressing relationships. By analyzing the generalization performance of the SCUTTLE model, the pa-
per further illustrates its effectiveness in solving semi-supervised related problems. The numerical results indicate that
the classification accuracy of the hybrid model with three layers of CNN and one layer of GCN can be improved by
5%—6% compared to that of the CNN model on the CIFAR10, CIFAR100, and SVHN datasets. The effectiveness of the
model proposed in this paper is also proved in the most advanced fusion models of ResNet, DenseNet, WRN (wide re-
sidual networks), and GCN.

Keywords: relationship representation; feature extraction; graph convolutional neural network; hybrid model; semi-su-

pervised learning; image classification; convolution in vision; generalization performance
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Table 1 Attribute information of four datasets
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Table 2 Classification accuracy of five models on four datasets
ES D)
UG/ S FEA KR
CNN(HE) CNN-0-GCN CNN-1-GCN CNN-2-GCN CNN-3-GCN

1000 99.34+0.07 99.26+0.02 99.26+0.03 99.25+0.05
MNIST 2000 99.41+0.02 99.38+0.05 99.30+0.04 99.23+0.01 99.27+0.06
3000 99.40-+0.03 99.33+0.01 99.24+0.07 99.35+0.01
1000 79.73+0.13 79.40+0.12 79.06+0.43 76.56+0.19
CIFARIO 2000 74.21+0.32 79.93+0.31 80.07+0.34 79.53+0.22 79.26+0.16
3000 80.48+0.15 80.47+0.21 80.04+0.13 79.95+0.10
500 90.07+0.24 89.67+0.08 89.57+0.10 89.74+0.23
SVHN 750 84.46+0.27 89.94+0.20 89.44+0.12 89.45+0.40 89.61+0.13
1000 89.88+0.09 89.34+0.07 89.52+0.22 89.34+0.16
1000 49.94-+0.02 49.354+0.13 49.72+0.09 49.63+0.08
CIFAR100 2000 47.72+0.31 50.98+0.12 49.744+0.25 50.21+0.21 50.82+0.17
3000 52.03+0.06 51.42+0.04 51.1940.12 51.44+0.15
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Fig.3 Comparison of feature maps of three samples of five models at different iterations
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