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Seq2Seq model-based Prognostics and Health Management of
Robot Arm

Yeong—-Hyeon Lee*, Kyung—-Jun Kim*, Seung-lk Lee** Dong—Ju Kim***
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Abstract In this paper, we propose a method to predict the failure of industrial robot using
Seq2Seq (Sequence to Sequence) model, which is a model for transforming time series data
among Artificial Neural Network models. The proposed method uses the data of the joint
current and angular value, which can be measured by the robot itself, without additional
sensor for fault diagnosis. After preprocessing the measured data for the model to learn, the
Seq2Seq model was trained to convert the current to angle. Abnormal degree for fault
diagnosis uses RMSE (Root Mean Squared Error) during unit time between predicted angle and
actual angle. The performance evaluation of the proposed method was performed using the
test data measured under different conditions of normal and defective condition of the robot.
When the Abnormal degree exceed the threshold, it was classified as a fault, and the accuracy
of the fault diagnosis was 96.67% from the experiment. The proposed method has the merit
that it can perform fault prediction without additional sensor, and it has been confirmed from
the experiment that high diagnostic performance and efficiency are available without requiring
deep expert knowledge of the robot.
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Fig. 1. Industrial six-axis robot arm
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Table. 1. Data organization

Data name Description Data name Description

J1 1
J2 12

. B Currnt
N of joint m of joint

— I (degree) (%)
J5 15
J6 16

H 2 (5H
Table. 2. Ax

State normal abnomall abnomal2
Axis 5 Axis 5

Fault Timing belt Timing belt
Wear Lower tension
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Table. 3. Number of data samples

normal abnomall abnomal2

Data samples 1,078,519 102,026 80,619
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Table. 4. Dataset configuration
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Train Data 450,000
Validation Data 50,000
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Table. b. Result of granger causality test

value 11:: test 5 value }}:: test 5
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Table. 6. Experiment result
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