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Detects abnormal behavior using motor power consumption
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Abstract

In this paper, we used LSTM as a method to detect abnormal behavior of motors. We fixed the

high layout size to 1 and changed the range of the input values and the neural network structure to

see what change in power consumption prediction. Now, as the fourth industrial revolution era, smart

factories are attracting attention. All the physical actions of smart factories are done using motors.

Continuous monitoring of motor malfunctions helps to detect malfunctions and efficient operation.

However, it is difficult to acquire the power consumption constantly due to the influence of the noise.

We have experimented with a simple experimental environment, a method of predicting similarity to

input data by adjusting the range of the input data or by changing the neural network structure.
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Intrusion Detection, Smart Factory
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[I. Related Research

1. Smart factory
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2. Types and Characteristics of Al

2.1 RNN(Recurrent Neural Network)
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Fig. 1. RNN structure and operation method[7]
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2.2 LSTM(Long Short-Term Memory models)
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Fig. 2. LSTM structure and operation method[14]

3. Abnormal behavior detection method

3.1 Short-term electricity demand forecast
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3.2 Strange behavior detection
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Table 1. Experimental environment information.

performance
CPU i7-8700K
RAM 16GB
GPU GTX 1070
Al Tensorflow 1.8, Keras 2.1.6

1. Experimental environment and data
generation process
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Fig. 4. Power consumption data according to motor operation

2. Learning method

2.1 LSTM memory = 32
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Table 2. Al learning data structure and parameters for
experiment 1

Layer Output Shape Parameters
LSTM_1 (1, 20, 32) 4352
Dropout_1 (0.2) (1, 20, 32) 0
LSTM_2 (1, 20, 32) 8320
Dropout_2 (0.2) (1, 20, 32) 0
LSTM_3 (1, 32) 8320
Dropout_3 (0.2) (1, 32) 0
Dense_1 (1, 1) 33
Total parameters : 21,025
Trainable parameters @ 21,025
Inputs : (1, 20, 1)
Outputs © (1, 1)
Actual Input : (5760, 2)
Actual Output : (4011, 1)
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Fig. 5. Loss change according to learning in experiment 1
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Fig. 6. Power estimation result of experiment 1
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Table 3. Al learning data structure and
experiment 2

parameters for

Layer Output Shape Parameters
LSTM_1 (1, 180, 18) 1440
Dropout_1 (0.1) (1, 180, 18) 0
LSTM_2 (1, 180, 18) 2664
Dropout_2 (0.1) (1, 180, 18) 0
LSTM_3 (1, 180) 143280
Dropout_3 (0.1) (1, 180) 0
Dense_1 (1,1 181
Total parameters : 147,565
Trainable parameters @ 147,565
Inputs : (1, 180, 1)
Outputs : (1, 1)
Actual Input @ (4320, 2)
Actual Output : (3276, 1)
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Fig. 7. Loss change according to learning in experiment 2
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3. Learning by modifying the data scale
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measurement amount of power consumption data
according to motor operation

Fig. 10. Angle data according to motor operation

3.1 Use angle data
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Table 4. Al learning data structure and

experiment 3

parameters for

Layer Output Shape Parameters
LSTM_1 (1,17, 32) 4480
Dropout_1 (0.05) (1,17, 32) 0
LSTM_2 (1, 32) 8320
Dropout_2 (0.05) (1, 32) 0
Dense_1 (1, 1) 66

Total parameters : 12,866

Trainable parameters @ 12,

866

Inputs : (1, 17, 2)
Outputs : (1, 2)

Actual Input : (1495, 17, 2)

Actual Output : (1495, 2)
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Fig. 11. Loss change according to learning in experiment 3
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Fig. 13. Angle estimation result of experiment 1

3.2 Exclude dropout function from learning
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Table 5. Al
experiment 4

learning data structure and parameters for

Layer Output Shape Parameters
LSTM_1 (1, 179, 32) 4352
LSTM_2 (1, 179, 32) 8320
LSTM_3 (1, 32) 8320
Dense_1 (1, 1) 33
Total parameters : 21,025
Trainable parameters : 21,025
Inputs : (1, 179, 1)
Outputs : (1, 1)
Actual Input : (3277, 179, 1)
Actual Output : (3277, 1)
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Fig. 14. Loss change according to learning in experiment 4
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4. Experimental Resulis
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Table 6. Loss score for each experiment
(Rounded to 9 decimal places)

Test Score
0.03895902
0.00559098
0.01280079
0.01663422

Validation Score
0.03618324
0.00580908
0.01197435
0.01732073

Train Score
0.00580724
0.00536132
0.00548329
0.01622732

Experiment 1
Experiment 2
Experiment 3
Experiment 4

V. Conclusions
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