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A fully-nested encoder-decoder framework for anomaly detection
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(China Railway First Survey and Design Institute Group Co. ,» Ltd, Xi’an 710043, China)

Abstract: In engineering applications, the abnormal samples are often scarce, so the supervised
learning method cannot be applied. To solve this problem, this paper proposes a full-nested en-
coder-decoder anomaly detection model which only needs normal samples. The main part of the
model consists of a generator and a discriminator. The generator is composed of an encoder-de-
coder network with embedded residual structures, which has good ability in feature expression
and image reconstruction. The discriminator is a classification network for identifying whether
the input is a real normal sample. This paper conducts comparative experiments on the standard
dataset CIFAR-10 and the industrial equipment part dataset. The experimental results show that
the proposed anomaly detection model has higher detection accuracy.
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Fig. 1 Proposed framework for anomaly detection
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Fig.3 Examples of normal samples and abnormal samples
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# 1 CIFAR-10 3454 AUROC 51
Tab.1 AUROC results for CIFAR-10 dataset

Ik plane car bird cat deer dog {rog horse ship truck Avg

~AnoGAN 0.529 0.731 0.389 0.482 0.365 0.517 0.431 0.603 0.484 0.697 0.523
GANormaly 0.966 0.691 0.561 0.637 0. 745 0.722 0.915 0.632 0.919 0.711 0.750
Skip-GANormaly 0.997 0.869 0.661 0.747 0.927 0.749 0.974 0.663 0.968 0.872 0.843
ATk 0.999 0.947 0.874 0.877 0.973 0.839 0. 995 0. 864 0.998 0.901 0.927

2 2 CIFAR-10 ¥tfi % AUPRC %%
Tab. 2 AUPRC results for CIFAR-10 dataset

ik plane car bird cat deer dog frog horse ship truck Avg

GANormaly 0.929 0.516 0.492 0.525 0.666 0. 604 0.853 0.501 0.821 0.525 0.643
Skip-GANormaly 0.997 0.770 0.558 0.635 0.911 0. 606 0.961 0. 494 0.943 0.803 0.768
ARCT7 0.999 0.912 0.818 0.825 0.963 0.707 0.993 0.775 0.998 0.836  0.883
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Fig.4 Comparison of AUROC results between our
method and other methods on CIFAR-10 dataset
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Fig. 5 Comparison of AUPRC results between our method
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Fig. 7 Real images of objects in CIFAR-10 dataset and their reconstructed images generated by our method

3 Ll B A A BOE AR B X L SE B 2
Tab.3 Comparative experiment results of

industrial equipment part dataset

VikrS AUROC AUPRC F, Recall Precision
GANormaly ~ 0.892  0.887 0.764 0.682 0.870
Skip-GANomaly 0.873  0.828 0.775 0.831 0.733
ARTT 0.987 0.967 0.983 1.000 0.967
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