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Abstract: To improve the efficiency and accuracy of the field diagnosis of insulation layer deterioration of
the cable intermediate joint, a non-contact diagnosis method based on adaptive deep learning of surface
temperature is proposed. First, infrared thermal imaging was performed on the insulating surface of the
cable joint and cables at both ends. The surface temperatures of multiple symmetric areas on both sides of
the center of the cable joint and cables at both ends were collected without contact. Subsequently, a deep
learning network based on a two-hidden autoencoder extreme learning machine was constructed to mine
the deep hidden features in the surface temperature data. The extracted deep hidden features were used as
input to the random forest diagnosis model. A quantum rotation gate with a nonlinear dynamic adaptive
rotation angle was further proposed to improve the update strategy of the quantum firework algorithm and
optimize the parameters of the diagnostic model. Finally, by combining the infrared temperature of the
joint surface and loss angle tangent value of the insulating medium, a dataset was constructed to train and

test the diagnostic model in the field. The experimental results show that the improved quantum fireworks
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algorithm can better approximate the global optimal solution and has high convergence efficiency. The

deep learning random forest diagnostic model exhibited strong feature extraction and classification

capabilities, whereby the classification accuracy and stability of the diagnostic model were effectively

improved after parameter optimization, and better diagnostic results were achieved under the condition of a

small sample training set. Therefore, noncontact diagnosis of joint insulation deterioration is achievable.
Key words: cable middle joint, infrared temperature measurement, insulation deterioration diagnosis,

two-hidden autoencoder extreme learning machine, random forest, quantum fireworks algorithm
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Table 1  Statistics of optimization results for each algorithm
Function Statistical result IQWFA QWPA QGA QBA
Optimal value 0.0086 0.0183 1.4461 0.9954
Sfi(x) Mean value 0.1857 0.7629 16.1084 3.5226
Standard deviation 0.1035 0.1579 3.9382 1.0634
Optimal value 0.0310 0.2882 2.9779 0.3292
fa(x) Mean value 3.1861 5.9860 36.0357 8.7531
Standard deviation 1.0023 2.0500 8.1559 3.2950
Optimal value 0.1216 0.1136 5.1347 0.1347
f3(x) Mean value 1.9393 2.3087 23.2533 3.5533
Standard deviation 0.3821 0.8211 13.0955 0.8554
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(a) Single hidden layer deep learning test results
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XA [F 0 AL A REIE BIBRACHI(L, D HE AR, A3
DHD-RF R RS 7E 0K B2 b 5 55 S AR AR b B AT
B IR, A [F) D 2 Bt SR B A B m 2028
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Table 2 Test results of different model
DS Test item RF SHD-RF DHD-RF
%)) (0,386) (3,265) (3,307)
Lonosphere
Test precision/% 89.23 92.02 96.45
LD (0,521) (5,373) (4,419)
Shuttle
Test precision /% 90.52 93.04 98.31
L 0,603 5,570 6,606
USPS (L,7) (0,603) (5.570) (6,6006)
Test precision/% 90.81 95.61 98.35
fabr, Prefl Rec € LA0F -
43 BPEAZWKTISEIRR p __TP an
L] AR PH S L 2 7 25 AR H 36 1 10 kV L H TP+ FP
BiERXT S, #2022 4 5 A 1 H-2022 4 11 A 10 R . TP (12)
HE, REZ K2 AL KM To~ T “ TP+FN

T F Tp 0¥, UASAR B B 4825 2 A SR B FE A/ 1E VIME,
HRE A B FE M IE VME BE AT L AR E DK,
W B FL 1T 9000 2% B A4 g /NFE AR KR 4R, 1 LT 6000
NN EHE, 5 3000 25 N IAEE .

K FHZINBE AR Y SR 204 X IR P 27 ) B LAR RIS BT A
RBHATINZ MBS EAAL, W E G i PR 2 T 1 M
WE NN S 1.2 6%, B3 L. T3 3
BN 1<L<10. 100<T<1000, 5 it 51
WEIFET S, LR SR E N WA
B N=10, BIEKIEANE Si=80. BIEF1% Re=2,
mEAR R K GM =10, FE[ TR RMR P,=0.2. A4
= 1.4, HKIERRERN 500, BJaEmitsEn:
L=5, T=683, %} 500X4 HMAFEAL) 4 FhB ik
AW RAT, 2WE RREHEE R 5 B
TNy RABFN R R AS P HRE A B UME BB 53K
IR R, IR AR I e A I EYIE S
AR I 2 oK R A B m iz Wi i % .
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LARSCTHER SRR PR B BAT I, 4 Fhf
G HWIRE 1 45 510 Pre F1 Rec et 16 3 Fs .

75 450
5 478 19 0 0
'z, 400
° E 350
£ Er 22 460 15 3 300
é o 250
S o
2 9
2 Sl 0 21 473 7 0
= ~ 150
= 100
=
= 0 0 12 50
—0

Normal Overhaul Replace Fault
Actual state

K5 ARESWHREREE

Fig.5 Confusion matrix diagram of state diagnosis
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Table 3 Diagnostic accuracy and recall rate statistics

Ref.[13] Ours

B Ryc B Rec

92.8%

94.5% 96.0% 96.0%

90.2%

91.7% 92.5% 93.0%

94.5%

932% 95.7% 94.2%

95.0%

96.5% 97.4% 98.4%

93.1%

94.0% 95.4% 95.4%

Method Ref.[12]
Index B Ry
Normal 90.3%  92.0%
Overhaul 88.5% 87.3%
Replace  91.5% 90.4%
Fault 93.0% 94.5%
Mean 90.8% 91.1%
SD 1.65% 2.61%

1.88%

1.76% 1.79% 2.03%
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