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(Design and Implementation of a Lightweight On-Device AI-Based
Real-time Fault Diagnosis System using Continual Learning)
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Although on-device artificial intelligence (AI) has gained attention to diagnosing machine faults in real

time, most previous studies did not consider the model retraining and redeployment processes that must be performed
in real-world industrial environments. Our study addresses this challenge by proposing an on-device Al-based real-time
machine fault diagnosis system that utilizes continual learning. Our proposed system includes a lightweight
convolutional neural network (CNN) model, a continual learning algorithm, and a real-time monitoring service. First,
we developed a lightweight 1D CNN model to reduce the cost of model deployment and enable real-time inference on
the target edge device with limited computing resources. We then compared the performance of five continual learning
algorithms with three public bearing fault datasets and selected the most effective algorithm for our system. Finally,

we implemented a real-time monitoring service using an open-source data visualization framework. In the performance

comparison results between continual learning algorithms, we found that the replay-based algorithms outperformed the
regularization-based algorithms, and the experience replay (ER) algorithm had the best diagnostic accuracy. We
further tuned the number and length of data samples used for a memory buffer of the ER algorithm to maximize its
performance, We confirmed that the performance of the ER algorithm becomes higher when a longer data length is
used. Consequently, the proposed system showed an accuracy of 98.7%, while only 16.5% of the previous data was
stored in memory buffer. Our lightweight CNN model was also able to diagnose a fault type of one data sample

within 3.76 ms on the Raspberry Pi 4B device.
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Fig. 1. Schematic architecture of the proposed system
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Table 1. Details of the model architecture

Layer C K Pool S Pad Ou.tput
Size
Input - - - - - 2,048
Conv" 16 64 2 16 24 16x64
Conv 32 3 2 1 same 32x32
Conv 32 3 2 1 same 32x16
Conv 32 3 2 1 0 32x7
GAP’ - - - - - 32
FC” - - - - - 3

1) Conv: Convolutional Layer,
2) GAP: Global Average Pooling Layer,
3) FC: Fully Connected Layer
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example of vibration data measured from an accelerometer
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Table 2. Characteristics of rotating machinery bearing fault
datasets

28 HOlEH S

Dataset Shaft Rotating Class Sampling
a
(Phase) Speed Rate
CWRU about 30 Hz N, IR, OR, B 12,000 Hz
(Phase 1)
MFPT _ 97,656 Hz or
(Phase 2) 2 Hz N IR OR 43828 1z
Ottawa dynamically
N, I B 2 H:

(Phase 3) changing IR, OR B, C 00,000 Hz

H 3. Z THHOM ARZSte Hlo|EAMlel Sefal ME &
Table 3. Number of samples of the dataset per class used in
a single phase

Class Train Validation Test Total
N 252 &4 &4 420
IR 252 &4 &4 420
OR 252 &4 &4 420

H 4 SERE M ARt
Table 4. Specification of the cloud server

CPU Intel® Core™ 19-10900K CPU @ 3.70GHz x 20
Memory 128 GB
GPU NVIDIA GeForce RTX 2080 SUPER
0S Ubuntu 20.04 LTS
Framework | PyTorch 2.0.0
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Table 5. Memory buffer size depending on Lsampe and Nsamples

Lsample Nsamples

2,048 100 | 150 | 200 | 250 | 300

4,096 50 75 100 | 125 | 150
Memory Buffer Size (MB) 0.8 12 16 2.0 24
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Fig. 5. Performance evaluation results of ER algorithm by
memory buffer size

nelEe Wwe wEe T
wme] ARgagel webds] wie] wwe)
dole AEe] Aolsh A5 }

stk olF Al RdE dA o
FE EEE AL RUHE Auze] FA45 gRlste]
Alz=gl o] ARkl S Hrhskdtt

ER ¢udF9 A% #HASE A8, Lame®l 20487
4096Y WZ tiAow ER ugEe Fo Wl Mrg
Wy =27 F7lel e As w3kE Agsigit & 5= A
Fol Al AHEE Lampedt WIEE] W3 A7) gH5s B &
T} Lampe®l 40968 %9 Nampess 20489 we] dnko
2 AR, F LamedlA WEZE] W3 27185 FUsH
frA gk sl

39 55 47 Leampe®] 2,048 wje} 40964 wj, =& o
Al st kAl Aol A WEe M3 A7)d 2 Rde



156

o4
|

L85 A2 2-Clufo|A Al 7|gt

oL ©Oo

ﬂ'

A
=

1o
Lok

E 6. BN K| CjHIO| A Abet

Table 6. Specifi

cation of the target edge device

Broadcom BCMZ2711, Quad core Cortex A72

LT (ARM v8) 64-bit SoC @ 1.8GHz, 4GB RAM
0S Raspberry Pi OS (64-bit)
Framework PyTorch 2.0.1

I 7. 2t=H|2[To| 4BoIMel F2 AlZE EF Z3 (B9 ms)
Table 7. Inference time measurement results in Raspberry Pi

4B (unit: ms)
mean std min. max
2.88 0.15 2.73 3.76
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