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Unsupervised Anomaly Detection with Wider and Deeper
LSTM-GAN for Energy Consumption Pattern

Hyeyeon Kim - Hyeongsuk Kim - Pilsung Kang
Department of Industrial Management Engineering, Korea University

Anomaly detection in time series is essential because it can detect outlying patterns such as a breakdown in
machines and fraudulent customers. Among many anomaly detection domains, detecting abnormal patterns in
energy consumption is used to detect technical breakdown in factories, general buildings, or energy theft in
households. To overcome the limitations of previous studies, this paper suggests WaDGAN-AD, which
combines generative adversarial network (GAN) and Long Short-Term Memory (LSTM) and applies two
structural improvements. WaDGAN-AD has stacked discriminator LSTM layers to more precisely learn feature
representations of time series data. Also, it has different numbers of hidden units in each hidden layer of LSTM
to consider multiple cycles appearing in a single time-series data. Experimental results based on synthetic
datasets and real datasets show that WaDGAN-AD can better detect abnormal energy consumption than
benchmark methods.
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7] 249 S-S S Ast AIAIE "ol E oA oAl ElolE 9
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Figure 1. Making Input of WaDGAN-AD by Slicing Time Series Using Sliding Windows

Structure Change from One Layer of LSTM to Three Layers of LSTM (Left: LSTM with one hidden layer / Right: LSTM with
three hidden layers)
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with same number of hidden units / Right: LSTM layers with different numbers of hidden units)
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Figure 4. Abstract Structure of Discriminator LSTM and Generator LSTM in Each Model
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Figure 5. Architecture of GAN and LSTM based Anomaly Detection Model. GAN-AD, TAnoGAN and WaDGAN-AD Share the Base
Structure. The whole structure can be divided into model training phase and anomaly detector phase.
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Table 1. Existence of Cycles with a Period of a Year, Week, and Day. Circle indicates the Cycle Exists and Dash Indicates it Does Not

Existence of Cycle Existence of Cycle Existence of Cycle
(Period: Year) (Period: Week) (Period: Day)

Synthetic Dataset A 0 - -
Synthetic Dataset B 0 0 -
Synthetic Dataset C 0 0 0
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Figure 7. Energy Consumption of a Single Building (Left: Plot of 4 days / Middle: Plot of 4 weeks / Right: Plot of 4 years)
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Table 3. Anomaly detection results on synthetic datasets. Bold and underlined numbers indicate the best performance for each dataset.

Bold numbers indicate the second-best performance for each dataset. Parentheses mean standard deviation. Experiments were

conducted five times each.

Models Datasets Synthetic Dataset A Synthetic Dataset B Synthetic Dataset C
GAN-AD 0.7124(0.1149) 0.8259(0.0578) 0.9357(0.0432)
TAnoGAN 0.8756(0.1434) 0.7397(0.0127) 0.8459(0.1182)

WaDGAN —AD, 0.9836(0.0157) 0.9470(0.0426) 0.9396(0.0446)
WaDGAN—AD, 0.9363(0.1233) 0.8845(0.0671) 0.9814(0.0084)
WaDGAN — AD, 0.7344(0.1075) 0.9626(0.0259) 0.9839(0.0107)
WaDGAN—AD, 0.7524(0.1296) 0.9254(0.0768) 0.9404(0.0389)

Table 4. Results indicating whether anomaly detecting performance has been improved. Circle indicates the performance has been

improved and dash indicates it has not.

Structure . .
i Deeper Wider Deeper and Wider

Transformation

Model| From GAN-AD TAnoGAN WaDGAN— AD, | WaDGAN— AD, GAN-AD TAnoGAN

Dataset To | WaDGAN— AD, | WaDGAN— AD, | WaDGAN— AD, | WaDGAN— AD, | WaDGAN— AD, | WaDGAN— AD,

Synthetic Data A 0 0 - - 0
Synthetic Data B 0 0 0 - 0 0
Synthetic Data C 0 0 0 0 0 0
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Table 5. Anomaly detection results on campus datasets. Bold and underlined numbers indicate the best performance for each dataset.

Bold numbers indicate the second-best performance for each dataset. Parentheses mean standard deviation. Experiments

were conducted five times each.

Model Dataset Campus Building A Campus Building B Campus Building C Campus Building D
GAN-AD 0.9958(0.0030) 0.9199(0.0410) 0.9825(0.0051) 0.9852(0.0060)
TAnoGAN 0.9976(0.0004) 0.8976(0.0158) 0.9806(0.0076) 0.9816(0.0008)

WaDGAN— AD, 0.9977(0.0016) 0.8890(0.0046) 0.9932(0.0022) 0.9826(0.0045)
WaDGAN— AD, 0.9963(0.0017) 0.9110(0.0465) 0.9926(0.0007) 0.9889(0.0049)
WaDGAN— AD, 0.9878(0.0207) 0.9833(0.0140) 0.9913(0.0045) 0.9891(0.0058)
WaDGAN— AD, 0.9875(0.0071) 0.9343(0.0403) 0.9890(0.0034) 0.9889(0.0047)

Table 6. Results indicating whether anomaly detecting performance has been improved. Circle indicates the performance has been

improved and dash indicates it has not

Structure Transformation Deeper Wider Deeper and Wider
Model From GAN-AD TAnoGAN WaDGAN— AD, | WaDGAN— AD, GAN-AD TAnoGAN
Dataset To | WaDGAN— AD, | WaDGAN— AD, | WaDGAN— AD, | WaDGAN— AD, | WaDGAN— AD, | WaDGAN— AD,
Campus Building A 0 0 - - - -
Campus Building B - - 0 0 0 0
Campus Building C 0 0 - 0 0
Campus Building D 0 0 0 0 0 0
3 A 2 AE oAl B3 <Table 5> o] 44 &4 A Fdets Ae AT 5 Yok & AFAA A3 T
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Table 7. Anomaly Detection Results on Campus Datasets. Bold and underlined numbers indicate the best performance for each
dataset. Bold numbers indicate the second-best performance for each dataset. Parentheses mean standard deviation.

Experiments were conducted five times each.

Model Dataset Campus Building A Campus Building B Campus Building C Campus Building D
LSTM—AE, 0.6270(0.0001) 0.6585(0.0000) 0.6272(0.0003) 0.7315(0.0000)
LSTM— AE, 0.6270(0.0000) 0.6585(0.0000) 0.6273(0.0002) 0.7316(0.0000)
BiLSTM-AE 0.6269(0.0001) 0.6585(0.0000) 0.6272(0.0003) 0.7315(0.0000)

WaDGAN —AD, 0.9977(0.0016) 0.8890(0.0046) 0.9932(0.0022) 0.9826(0.0045)
WaDGAN —AD, 0.9963(0.0017) 0.9110(0.0465) 0.9926(0.0007) 0.9889(0.0049)
WaDGAN —AD, 0.9878(0.0207) 0.9833(0.0140) 0.9913(0.0045) 0.9891(0.0058)
WaDGAN —AD, 0.9875(0.0071) 0.9343(0.0403) 0.9890(0.0034) 0.9889(0.0047)
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