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Segmentation method of power armor clamp
corrosion based on FEF-DeepLabV3+
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Abstract : The proportion of armor clamp rust in aerial images of power transmission lines is rich in details and irregularly distributed. To
overcome problems such as local information loss, low accuracy, and slow speed in the segmentation detection process, a DeepLabV3+-
based semantic segmentation model for armor clamp rust is proposed. The backbone network is replaced with a lightweight improved
MobileNetV3 network to speed up computation, and an adaptive feature pyramid ( AFP) structure is proposed to merge multiple scales.
A feature fusion atrous spatial pyramid pooling ( FEF-ASPP) structure is proposed, combined with the FRN layer to strengthen pixel
relationships without reducing resolution. Finally, the loss function is optimized to improve the effectiveness of the operator. Experiments
show that the mloU and mPA reach 87. 15% and 96. 64% , respectively, which is an improvement of 3. 09% and 4. 29% compared to the
original model. The parameter quantity is only 48% of the original model, and the inference time is only 15.94 ms, reducing the
requirement for device computing power and achieving high-efficiency, high-precision, and lightweight segmentation detection of armor
clamp rust in power transmission equipment.

Keywords : deep learning; overhead transmission line inspection; image semantic segmentation; defect detection; pixel classification
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Fig. 1 Image segmentation frame for the

corrosion area of the armor clamp
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Table 1 Improved MobileNetV3 model structure
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322x112  bneck,3x3 672 112 1
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Fig. 7 Typical armor clamp display in the ACCS dataset
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Table 2 Experimental platform and environment
configuration parameters

SRR eSSl SR
CPU Intel 15-11400F@ 2. 60GHz
GPU NVIDIA GeForce RTX3060
i PFis RAM 16 GB
VRAM 12 GB
BVERSG Windows11-64 {if
TREE 2 HESR Pytorchl. 11
CUDA cudall. 3
AR CUDNN 8200
JF R Pycharm2021
GRIE T Python3. 8
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i 4401% 2 3 >R (mean pixel accuracy, mPA) 338
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S ], R R Tk (6) Bs

1 N N
mPA_ngii/gTi (6)
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i=1 T,- + Z (Xﬁ —Xil-)
Horpr N RREBRG R, TGRS 2B
BFR BEG X, AEREBRZE R, ¢ FO 2Ry i IR R S
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(7)
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J T IF MG AR ACCS BUHRAE I A sk, 7E
[ —SCE BT RIS HOR BT, 40 5 3 W45 B 4 i
SERAREH DL B A25 3B o A2 A T I Rl 526
4.1 FEFMEEHmITLE

1E ] DeepLabV3 + 45 8 VF Sy S50 11 36 fith A5 784 | i ]
ACCS B 48 V5 7 U1 25 B 4l 4, U 2 o /8 b, 3
MobileNetV3 15 Jy il 2+ M 4%, ZE Rl — MBS 5T, ff
AR R S LA e A7 Y1 2k, A mloU | 4k B A
[a] Wi (frames per second , FPS) fE AP Fa b5, Hoep , #E
B[R] A B A 1 1] R T 2 4 BF R FPS $8 43 R b 3
kR,

MF 3 AT LUE Y, 7E R AR MobileNetV3 PIZ% I RN
T 2 AL A B (B SRR, (R IE A 48 45 mloU Y
H 78.46% ;5| A\ SENet S5 PEMF5 45 L] 4R 455 B 18 T
1 2.79% ., ECANet #HAH AL T SENet 45 5 4 R[] i
PR 2. 24 ms, WIZEIEHN T 9. 52 fps, mloU $2TF T 2. 06% , 1
ECANet XF TP 45 i 4 BE 42 THE T SENet, 4 AFP 4544
1 ECANet LR AL £ 4R BUR 45 1), 55 5 0R 25 4 L
PR FE bR R ] AR A AR 22 0. 34 ms 5 2. 87 fps,{H
mloU #& & T 5.81%, UL Al £, it A AFP 45 #4 il
ECANet 1 2 JI B 3 FL U 45 X455 ik X3 114 431
BORBA AT

Fz3 HELSKIEXTLE

Table 3 Comparison of ablation experiments

. FHEFR A ]/
JF% SENet ECANet AFP  mloU/% 1%/ fps
ms
1 - - - 78. 46 14. 08 72.41
2 vV - - 80. 95 16. 49 60. 63
3 - Y - 82.01 14.25 70. 15
4 - vV vV 84.27 14. 42 69. 54
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FEARIAE 4 DR 8 PR 2R & $2 71, #HEE T DeepLab
250 FET M4 VGG16, ResNetl01 LU K InceptionV3,
mloU 73425 T 8. 57% .5. 85% .3. 81% , mPA 43 5|3 =
T 12.57%.9.96% . 6.72%, H. # ¥ Bf 0] fix 6, 5
Xception B X H H, mloU 5 mPA 43 3= T 0.21% .
0. 79% , 3 HLHEFLAF [A] /0 1 20. 81 ms, FPS #2751 2. 45
fi5 254 4 FPITAY 48 b, Bk MobileNetV3 W25 #£ ACCS
Bt LA,

T4 AEETFMEEIE ACCS HIEE L RITLE
Table 4 Comparison of results of different backbone
networks on the ACCS dataset

FF ™% mloU/% mPA/%  HEFEAS[E]/ms W%/ fps
VGG16 75.70  80.57 14. 88 67.21
ResNet101 78.42  83.18 18.92 52.85
InceptionV3 80.46  86.42 42.18 16. 42
Xception 84.06  92.35 35.23 28.38
it MobileNetV3  84.27 93,14 14. 42 69. 54

4.2 MREIEBRAAN XS b SRI8

W £ S A B T B4 45 FEF-ASPP Bl | %} o 5286
A ACCS ¥ 4 18 b I 2 B0 s 45, B ok ik
MobileNetV3 F=T-RI4% X FEF-ASPP 5 He ik i 3 4 4T
IIHEXT

1) FEF-ASPP S 500

FEF-ASPP #EEFE ASPP S5#38ml AL, 75 4 HAR
AT BT SS TR ZEARYE 2 5 BRI %, LR i
M Be. o 59 E B AR B Kk R DL R el #E S M RE, DA
DeepLabV3+ Jy SRl ALHEA T L LS, SEER 45 RNk 5
FiR .

&5 FEF-ASPP #EHERERT L L3
Table 5 FEF-ASPP ASPP module performance

comparison experiment

B9 TR FEF-ASPP Bk

mloU/ % mPA/ %

1 16 - (6,12,18) 84.27 93. 14
2 16 Vv (6,12,18,24)  86.13 94.53
3 8 VvV (6,12,18,24)  86.20 93.87
4 8 Vv (5,7,11,15)  86.36 95. 47
5 8 Vv (3,6,9,12)  86.41 95.58
6 8 Vv (4,8,10,12)  86.45 95. 65
7 16 - (2,5,7) 85.35 93.52
8 16 Vv (2,5,7,11)  86.61 95. 48
9 8 Vv (2,5,7,11)  86.62 95. 87

HAESCIR SR AT LAGS T, 1] FEF-ASPP Z5 41},

MHEFREUE L T 5 ASPP 4544, 31 HY T RAE RN
8 MR N (2,5,7,11) I PERE A, 15 B 25030 R 4%
ASPP HELAH L, FEF-ASPP #5E B 4T % 45 HAF AT 4515 B
IR B B SR B B A 48 A% mloU Fl mPA 23 B4R & T
2.35% 2.73%,
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I TR B 40 2 55 5 | R 1) 6 J3E 7R ¥ AR AT Sk B 2ot
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Fig. 8 Comparison of mloU performance under

different normalization methods
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Fig. 9 Comparison of loss function convergence curves

4.4 AENIEXHEEEIRTLE

1 [7] — ¥R 55 F , %} U-Net, HRNet , SegNet , PSPNet ,
DeepLabV3+5 Fli 2 itif 43 HIBAY 5 A SCHIETE ACCS
BAEAE LTINS, e FHER G 75 BRI BN B IR 3B
FIPEA R bR , X L2 SR Nk 6 B

®6 TEIEMILLER

Table 6 Compare the results of different architectures

. mloU/ mPA/  fEHES Wi/ Z%/ FLOPs/
FT W% X
% % [8]/ms fps M G

U-Net 67.53 71.78 15.52 64.43  26.89 452.31
HRNet 76.90 81.18 70.16 14.25  29.54 81.17

SegNet 80.38 85.34 41.64 24.01 27.36 113.90
PSPNet 83.44 92.87 43.52 21.68 46.71 118. 44
DeepLabV3+ 84.06 92.35 35.23 28.38 54.71 486. 65

AEY: 87.15 96.64 15.94 62.07 26.53  51.14

M 6 T LIFE 3T it DeepLabV3+ 74 SCH:
AE mloU .mPA PN 8 AR b BORS BE v, 5 05 7 43 5
PER T 3.09% 1 4.29%, 5 U-Net A b 4> 542 & T
19. 62% 1 24. 86% , R [EIFN FPS 55 /i 5 1Y)
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