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Research on few-shot recognition algorithm of fittings image based
on improved U-Net

Xie Zhihui' Wang Wenshuang® Liu Xuefeng'
(1. College of Automation and Electric Engineering, Qingdao University of Science and Technology, Qingdao 266061, China;
2. Yantai Power Supply Company of State Grid Shandong Electric Power Company, Yantai 264000, China)

Abstract: Power fittings inspection is a critical task in ensuring the safe operation of the power grid. To address the
challenges of imbalanced fittings samples and complex background images leading to false and missed detections, an
improved detection method based on the U-Net is presented. Firstly, a generative adversarial network is employed to
generate synthetic fittings samples. alleviating the issue of imbalanced sample distribution in the dataset. Secondly, a
foreground enhancement method is proposed, which applies a background mask to the feature map generated by the
network and optimizes the corresponding loss function. Finally, an attention mechanism is integrated into the U-Net
network to enhance the model’ s ability to extract fittings features in complex backgrounds. Experimental results
demonstrate the effectiveness of the proposed algorithm in detecting fittings objects, the fittings detection accuracy
reached 98. 82% . the mean intersection over union reached 83. 94 %, the precision reached 91.01%, the recall reached
86.18% , and the mean average precision reached 89.73%. The proposed algorithm is not only applicable to normal
fittings, but also effective in detecting rusty fittings. This approach provides a new perspective for the intelligent
detection of fittings.
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B i ik 1119 320 160
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AR S8 ff ] NVIDIA GeForce GTX2080Ti My
GPU.¥:/E &% N Ubuntu 16. 04. 7 LTS, 4i f i 75 4 Py-
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Akt 4 1K U-Net AP U-Net3 + # B98I Tran-
sUNet BRI AERT SHEIRA T BR T U-Net3+ & Al 5t 4 3
P4 1 Recall Bt FFE-UNet FL35 7 0. 06 % 2 4b, % 1k
KE B AT 38 15 1 4 B A Precision Fl Recall
H¥A —ERENERF . X RV R Ry R EA —
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S AR 2 e ). B, FFE-UNet i I F4& B H
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x2 ARAEZAMNER %
Y Precision Recall mAP
SSD 74. 48 76. 16 69. 35
Fast R-CNN 76. 39 70. 74 77. 21
Faster R-CNN 80. 46 79.52 79. 65
YOLOv3 71. 2 75. 47 76. 28
YOLOv4 78.72 81.61 76. 31
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FIRCESE A B 0. 1 B 0.9, 6K N 0. 1,45
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[

®3 AEARMEAIHENER %0
L PATHEREE S U B B 4R
Loss Function
mloU mAP mloU mAP
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HE 6 1] LUE AR Bk L HE IR (B R R R Lk e F1 U
TRV EE SRR T LA B A 4 U RS 1 A T T LA
. XERE FFE-UNet 758t [ 4 B AR 5 i B A
R I ORI R I T2 3 A o R A S R o Y v B
RAREWE T .

Bl6  Agha B Al Mg

Jy % iE FFE-UNet #1895 Bk, A LB T
U-Net  FEA 7 56 M (UNet _ A) L A T 7 7 HL i # be
(UNet_B) (A 5358 5K WE (UNet_ O B9 Z A THALLE . F
4 AR B 7R T T R SR e 45 R, 3k 4 TR &t
A S A5 RS S AR R R R BE (A — R PR 4R T, X
238 3 8 A FastGAN A R 1) & B A, T LY 52
G AR PR A B B L (A5 AN [R] 28 501 9 4 LR A 0 AH X
A o IXRE YN AR R B S R T A b ST 3 A A S0 Y AR
AEFNHRAR 42 w55 4 EL AR i M B P RN AT S . AE A AC-
mix VERREEYE , & BB AR R R B YA R, X
PO A ACmix 1 7 AR B S BE 5 (5 455 784 110 5 F 42 B
FE 7 1A oA TR R 0 Ak SR A A T Y AR R S X A TR
W) Precision Ml Recall {E 3 F- 45 B &, R AR 3 ik
W S5, A5 RUAG 4G B mloU, Precision A1 Recall {8 43 51 42 7+
4.35%.8. 54260 3. 77 % ,UEW] T AR SCHUHE Iy i 19 G B

R4 HEXRBER 4P,

U-Net UNet_A UNet_B UNet_C

Accuracy mloU Precision Recall
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98.03
98. 43
98. 56

79.59 82. 47 82. 41
82. 86 84. 83 82. 65
81.92 84.61 82.71
98. 49 80. 78 87.95 84. 56
98. 75 83. 33 88. 34 85.07
98.78 83.2 87. 35 84.12
98. 82 83. 94 91.01 86. 18
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FEAR R D 14 4 B R SURE A BE 22 M 4 HLBUHE 4R AR A 4L
g 22 S R R I AR I RS BE RS R B[R] . [R) B, FFE-UNeet
[ 4 1E 45 EL A6 I 5P X% Precision Fil Recall B9 42 T+ %% K &
. FRAREX T E ML M Precision Al Recall {H , HH 5
T U-Net [ % 73 542 T+ T 13.65% M 2. 182 H# T
U-Net3+ M % 43 5l $2 F+ T 15.25% #1 4. 3400, AH B T
TransUNet P24 735042 71 17 14. 9120 1 2. 06 %0, X — %
SRR WG R O Ik T LU AU e 4 ELIRG i S
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TR A R M. B A, FFE-UNet M 45 75 4 H A& iy
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B mloU fH 4 5 #2 F+ 7 20.59% . 3.24% . 12.87%,
4.09% 7. 44 % .5. 84 % 1 8. 61 % ;15 U-Net3+ ML A7 L,
SRR F T 9.37%.5.83%.10.09% .4.97%.10.69% .
6.01%F1 8.42% ;5 TransUNet P 4548 L, 4 SI42 T T
19.33% . 4.23% . 10.07% ., 4.86% . 3.65% . 4.6% #
5.22% . MIX gk AT LLE . ok HRE AR - T R 0 1
FFE-UNet [ 8 X} F #£ A $405 5 50 0 1Y 8 4 5 | By 75 4 F
PATHEMR 55 4 BB T AF AR BERR T RO . AR A
ACmix {2 Sy MLl AR RE i 3K 45 B8 RN RZ A BT
SCAF B T AR 8 7 46 8 )RR AR SR AR 7 L it — 2B R T T
R (0 G I A B . 2 KOR B , FFE-UNet X 45 7€ i i %
(accuracy) .mloU, Precision UL & Recall 4 Wi PEM 18 F5 F
WA —E B E MR, I B NI ¥ FER Sk F , FFE-
UNet W48 1| 25 3 B P, Bk B L T U-Net, U-Net3 +
Fl TransUNet W%, XA T AR LR &R
A0 5 T A I A

x5 BEEEBNER

LT P 5 AR BEL R ERLHIF R U SRR s 3 FE A PR NNV
Accuracy/ % 97.75 99. 11 98. 26 99. 42 97.76 99. 42 98.18

mloU/ % 86. 79 85.62 61.33 78.3 75. 14 61.96 70. 46

U-Net Precision/ % 80. 23 81.19 27.31 64.72 53.1 29.63 47.76
Recall/ % 93.43 86. 64 71.26 85. 84 92. 43 69. 27 82.55

Y| Y RERT /s 2. 87 2.96 2.87 2.97 2.96 2.95 3. 00

Accuracy/ % 97.91 98. 74 98.18 98. 24 99. 23 97.9 97.96

mloU/ % 84. 38 84.74 72.55 78.13 75.33 64.69 67.21

U-Net3+ Precision/ % 78.63 75.46 30. 83 62. 98 60. 15 33.29 52. 27
Recall/ % 91.27 85.52 73.23 86. 33 92. 46 74.22 83. 65

YL RERT /s 3.08 3.12 2.96 2.95 2.96 2. 88 3. 16

Accuracy/ % 97. 36 98.99 98.61 98. 08 99. 34 97. 84 98. 2

mloU/ % 85. 98 84. 85 62.59 79. 54 78.53 64.71 74.25

TransUNet Precision/ % 78.97 80. 8 31. 11 63.19 56. 94 32. 84 51.97
Recall/ % 93.55 85.27 70. 57 86. 41 93. 69 72.06 81.23

Y - FERT /s 2.62 2.77 2.81 2. 89 2.91 2.85 2.91

Accuracy/ % 98. 38 99. 45 99. 17 98. 64 99.63 98. 22 98. 36

mloU/ % 90. 21 89. 71 81.92 84. 14 83.75 74.78 77.9

FFE-UNet Precision/ % 93. 88 82.97 84.52 88.51 88. 43 80. 62 71. 32
Recall/ % 95. 61 94. 74 94. 16 87.3 91. 47 83. 46 87.18

Y FRERT /s 3.39 3.51 3.42 3.33 3.3 3.43 3.5
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& HHAFR. | 7(c)~ (D, FFE-UNet M A] D) 58
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