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Abstract Aiming at the new challenges in efficiency and reliability in the field of fault diagnosis in recent years, a coarse-
fine fault diagnosis method for induction motors based on the symmetrized dot pattern(SDP) was proposed. In this method , firstly,
the vibration signals of each faulty motor were converted into snowflake images by SDP method, and then a two-stage fault
diagnosis framework of coarse-fine classification was designed for image feature extraction and classification. In the coarse clas-
sification stage, the color histogram features and the support vector machine (SVM) were used to diagnose the samples, and a
threshold was selected to determine the samples for the coarse classification. In the fine classification stage, Gist features that can
extract image details and SVM were used to diagnose the remaining samples. Experimental results show that the proposed method
combines the advantages of color histogram features and Gist features , can achieve the most reliable diagnosis with relatively high
efficiency, and has certain anti-noise ability.
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Fig. 1  Structure diagram of the SDP principle
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Fig. 2 Flow chart of the proposed method
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Tab.1 Rated parameters of induction motors

3.1

Bk LENES HL 3 el IR
Pole Voltage/V. Current/A  Speed/(r/min) Power/kW
4 220/380 6.4/3.7 1500 1.491 4
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Tab. 2 Status label descriptions of induction motors
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Broken bar motor
Sl BRM 120/60/60
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Rotor misalignment motor
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Fig. 3  Fault implantation
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Tab.3 Comparison between one-dimensional signal and SDP image

W —HEY AR et —4iES C4ER
Faulttype 1D signal 2D image| Faulttype 1D signal 2D image

FBM

o

3.3 2initie

R T SR TR T VR A AL T R S L B
I3, 3T T i .
3.3.1 —%4F N5 SDP 4 #e xb b iX I

AR SCHE T SDP 7 i s — 4k i 3k A5 5 T ol — 4
% L4 i R B B BB B . N T SR IE S S
PR R S Y B R T — 45 BT R
S8, AR I B BRI T 2 19 o B i 12 W v, ARG
R A RN 4 FrR .
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Tab.4 Comparison of one-dimensional signal input and two-

dimensional signal conversion

BE L MR RE AEEFOK
Speed/ %ﬁﬁ}ﬁ Accuracy/  Precision/  Recall/  F|-score/
(e/min) Signal form % % % %
1D-1 95.71 96.28 95.71 96.00
1000 1D-2 92.38 95.03 92.38 93.69
2D 98.81 98.90 98.81 98.86
1D-1 94.05 94.43 94.05 94.24
1250 1D-2 90.00 94.12 90.00 92.01
2D 97.62 97.63 97.62 97.62
1D-1 93.81 94.40 93.81 94.10
1 500 1D-2 82.62 92.16 82.62 87.13
2D 95.71 95.97 95.71 95.84
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Tab. 5 Single stage and two-stage fault diagnosis results under different speed conditions
e A7 RTIES LIRS FEILES F 534 Y R] 3R]
Speed/(r/min) Algorithm Accuracy/% Precision/% Recall/% F\-score/%  Training time/s  Test time/s
SVM+Color 96.43 96.46 96.43 96.4 8.38 2.659
1000 SVM+Gist 98.57 98.59 98.57 98.58 92.864 47.604
P
PRk 98.81 98.90 98.81 98.86 96.644 6.124
Proposed method
SVM+Color 88.57 89.29 88.57 88.93 11.816 3.63
1250 SVM+Gist 97.14 97.18 97.14 97.16 87.851 43.369
E 3/
PRk 97.62 97.63 97.62 97.62 93.906 15.043
Proposed method
SVM+Color 89.52 89.61 89.52 89.57 12.169 3.819
1500 SVM+Gist 94.29 94.38 94.29 94.33 91.607 45.604
H, ¥
Bri ik 95.71 95.97 95.71 95.84 101.252 20.758
Proposed method
KEW o 1sa toa sas SR TG, (LA VR S B W78 B S5 4 2
Not adde
T S P IRBERZIAEN91. 90% . UL, i ik Bl —E B
NM | | h L L L l .
g I | | N ) HTHLRE ST
i i B i B E— | o A
() [ I I I 1N F6 AEEEFGHTHAMRISHER
BEM L_:_ _lL: :_: :ﬁl :_L _ll J Tab. 6 Two-stage diagnostic results under different noise conditions
Tls | als | als als | @ ¥z It TR E <1 E S S
BRM U_ | : | : |J| |_IL | J Noise/dB  Accuracy/%  Precision/% Recall/% F\-score/%
P R D
( \ il
| | | | | . . . .
o 1| ! i | i X ot atded 98.81 98.90 98.81 98.86
s K R )
Jp i ‘_|f|_ ——H== _:1 _:I ‘_: ] 20 98.81 98.85 98.81 98.83
| | | | |
RUM | | I I I (I | 15 97.62 97.62 97.62 97.62
(T Ty S [/
{"li_ T:___,_:___l‘_{___p]L —= 10 95.24 95.51 95.24 95.37
SPM | | h L L L Ly 5 91.90 92.17 91.90 92.03
O O O O R
{+__-L|___l_|___|_}___|+___l]
RMM | : | : | : | : | : | M 000 0001 NM 000 000 000 000 002
\_l[_ il 2 _fll_ oo il 1_{_ - 'jl_ - _|TJ - ) BBM 000 0001 BBM 008 000 000 000
4 Z:IEJH%)::E‘%’{LI—‘F Eg SDP ’f% BRM 0.00  0.00 BRM | 0.00 0.00 000 0.00
Fig. 4 SDP ]mages under d]ffere}’]l ]’]Olse Cond]tlo]’]s FBM 0.00 0.03 FBM [ 0.00 0.05 0.00  0.00
RUM 0.00 0.00 RUME 0.00 000 0.00
T I’ﬂil’l 5_ = T i /i‘ E/:J T ‘{R‘ ﬂ‘j /&U s Xd‘ SPM [ 000 000 000 000 0.00 SPM £0.00 000 0.00
A 1000 r/ min 5% 8 25 302 1
:Ljﬁ“j]ﬂ Z_\‘ Iﬁ] H;Fé§7j(qz‘ Bg ,f%%j&ﬁ? T ﬁ& ﬁ% i/Z\ %J?iﬁ%\ , i/Z\ %}? RMM 000 000 000 005 0.00 RMMF 0.00 003  0.00

ML R ME 6N, HFE6ATLIE R INE
I 7S B, AEf R RS H R R B R R
1B, MAEIR S5 5 H i i A [B) R B2 1 55 30 1 e P ) 4
T b () S AR S5 02 B 2 IR 7 ) 238 A 1S T R I ) o
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