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Unsupervised Anomaly Detection by GAN Using
Class Label for Watching System

«K. Minamoto and H. Handa (Kindai University)

Abstract— In this paper, we propose an anomaly detection method that considers the data class label for a
monitoring system based on power consumption. Specifically, by considering the usual power usage pattern
as normal data and detecting the case where the daily power usage pattern is different from the past one,
it is possible to detect a day when the daily rhythm is different from usual. If there is a difference in the
daily rhythm depending on the day of the week, the power usage pattern may differ for each day of the
week. Therefore, we propose an anomaly detection method that considers the day of the week by using GAN
that uses class labels. As a result of conducting an experiment using the power consumption data obtained
from the TV at the elderly’s home, we were able to detect the abnormality with a certain accuracy by the

proposed method.
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Algorithm 1 Search the best combination

Input: X: Train data
Output: best combination
1: set c+ 2,b+ —1
2: while do
3 p+gmm(X,c)

4: g« assign(X,p)
5. if All clusters have some labels then
6: e < The cross entropy loss p, q
H(p,q) = - q(@)log(p(x))  (5)
if b<eorb<0 then
: b«e
9: Q<+q
10: end if
11:  end if
12:  if ¢ > 8 then
13: break
14: end if

15: c+c+1

16: end while

17: if b < 0 then

18: return None combination
19: end if

20: return Q
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Table 1: AEFETHWZETLDT —
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Operation Kernel Stride Output BN Nonlinearity
Layer to search for z,
Linear N/A N/A 100 X Tanh
G(Z’w y)
Linear N/A N/A 30*256 v Mish
Transposed Convolution 5 2 60*64 v Mish
Transposed Convolution 15 2 120*1 X Alphasign
D(z)
Convolution 15 2 60*64 v Mish
Convolution 5 2 30*%128 v Mish
Linear N/A N/A 1024 v Mish
Linear N/A N/A 3&1 x Softmaxé&Sigmoid
Optimizer Adam(a = 1073, 3; = 0.9, B2 = 0.999)
Batchsize 32
Latent dimension 100
Iteration 3000
Weight,bias initialization Isotropic gaussian(u = 0,0 = 0.05)
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