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A Study on Fault Diagnosis of Shipboard Electric Motors using
Machine Learning Techniques
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Abstract

Most of the critical equipment on ships are rotating machinery driven by electric motors. When faults occur
during navigation, the absence of crew members with specialized knowledge in the related field often leads to initial
difficulties in handling these situations. Additionally, the deployment of experts upon arrival at the port can result in
additional challenges in terms of time and cost. There is a growing demand for fault diagnosis technology using
machine learning techniques that can enable non-experts to respond to initial fault conditions in electric motor-based
rotating equipment operating on ships. In this study, we propose a machine learning-based fault diagnosis algorithm
using vibration signals generated by electric motors. To evaluate the proposed machine learning-based fault diagnosis
algorithm, we established a testbed environment focusing on electric motors. We created and assessed a total of 21
fault modes based on motor condition and intensity of fault signals. Through this research, we anticipate an
advancement in condition monitoring technology for shipboard electric motors.
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Various ship equipment systems equipped with motors
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Lots of equipment systems equipped with motors
are installed in the engine rooms of large ships

\

During long-term operation of the ship, excessive
vibration of the motor occurs due to varlous factors

\

It is difficult to identify the cause of the motors
due to the absence of vibration specialists.

\

Costs escalate significantly due to increased
maintenance/replacement expenses and reduced life of
motors.

'

There is a demand for the development of a real-
time self diagnostic system based on artificial
intelligence algorithms for fault diagnosis
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Fig. 1. Necessity of electric motor failure diagnosis
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Table 1. Data sheet of motor

Key specifications 160kW, 2 pole, 44 Volt
RPM 3600 RPM
Bearing 6314c3
Rotor 50 EA
Stator slot 60 EA
Air gap 1.45 mm
Core length 380 mm
[ q
DE NDE
Drive end Non-drive end

o
iy

% 8 MA
Fig. 8. Sensor attachment location
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Table 2. Motor failure mode items
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Table 3. Key parameters of CNN+GAP Network

# Fault types Level | Condition Network Parameters
1 Bent shaft 0.3mm - Batch normalization layer 6 channels
2 Bent shaft 0.6mm - Convolution layert 167l 3x3x6 convolution
3 Static_eccentricity 10% | Inclined Maxpooling layert 2x2_maxpooling
4 Static eccentricity 10% Parallel LelU layert -
5 Static eccentricity 30% | Inclined Dropout layert -
6 Static eccentricity 30% Parallel Convolution layer2 3271 3x3x6 convolution
7 Static eccentricity 50% | Inclined Maxpooling layer?2 2X2 max_pooling
8 Static eccentricity 50% Parallel LelLU layer2 -
9 Looseness - - Dropout layer2 -
10 Magnetic center DE 6mm Move Convolution layer3 6471 3x3x32 convolution
11 Magnetic center NDE 6mm Move Maxpooling layer3 2X2 max_pooling
12 Rotor bar drilling 5point 50% LelLU layer3 -
13 Rotor bar drilling 10point | 50% Dropout layer3 -
14 Rotor bar drilling 5point 100% Global average pooling layer 6471
15 Rotor bar drilling 10point | 100% Classification layer 21 classes
16 Unbalance G16 Inclined
17 Unbalance G16 | Parallel E 4 22|50 M
18 Unbalance G6.3 | Inclined i ; :
Table 4. Learning option of algorism
19 Unbalance G6.3 | Parallel . i o
20 Weak end-shield - - Field LelLe
21 Normal ) , 60%
Train data Signal  : 21x4x12800x6
STFT @ 834x60x60x6
33 CNN + GAP £12|& M 20%
== Validation data Signal  : 21x2x12800x6
STFT  : 252x60x60%6
B oAoA A%y 1% 4Pe FAA A= 20%
N N N Test data Signal  : 21x2x12800x6
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Fig. 9.
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Signal analysis evaluation(Unbalancing)
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Table 5. Fault signal detection rate evaluation results
[1>) Fault Level Status 2;‘;“;:; Accuracy
1 bent3m Bent Shaft 3mm - 18 100%
2 bentém Bent Shaft 3mm - 18 100%
3 ecc10inc Static Eccentricity 10% Inclined 18 100%
4 ecc10par Static Eccentricity 10% Parallel 18 100%
5 ecc30ine Static Eccentricity 30% Inclined 18 100%
6 ecc30par Static Eccentricity 30% Parallel 18 100%
7 eccS0ine Static Eccentricity 50% Inclined 18 100%
8 eccS0par Static Eccentricity 50% Parallel 18 100%
9 loose Static Eccentricity - - 18 100%
10 mede Magnetic Center(DE) &mm Move 18 100%
n mende Magnetic Center(NDE) émm Move 18 100%
12 nor Neormal - - 18 100%
13 rotor5poe50 Rotor bar drilling 5 point 50% 15/18 90%
14 rotorSpo100 Rotor bar drilling 5 point 100% 18 100%
15 rotor10po50 Rotor bar drilling 10 point 50% 18 100%
16 rotor10po100 Rotor bar drilling 10 point 100% 18 100%
17 unGéinc Unbalance G6.3 Inclined 18 100%
18 unGépar Unbalance G6.3 Parallel 18 100%
19 unG16inc Unbalance G16 Inclined 18 100%
20 unG16par Unbalance G16 Parallel 18 100%
21 weak Weak end-shield - - 18 100%
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Table 6. Detection rate results for each algorithm

Algorithm Detection rate results(%)
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