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Abstract Aiming at the problem of invisible diseases of
tower foundation in power transmission and
transformation projects caused by improper operation and

concrete

AL BT —F & F k349 Faster R-CNN W % GPR
B3R5 7 k. B 4, L ResNet-50 4 £ F M % gk A i@
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ik 3| 84.49% F-Score 4 77.58% . 48 4% F 4% % ¢4 Faster-
RCNN B 4 # m 42 A4, g st B R 3 H E R G
T6.37%.
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PEEZALES

related environmental factors during construction, this
paper proposes a GPR image recognition method for hidden
diseases of tower foundation in power transmission and
transformation projects based on improved Faster R-CNN.
Firstly, the traditional Faster R-CNN model is optimized,
and RseNet-50 is used as the feature extraction backbone
network, combined with the attention mechanism ( SE
module). By adding the SE module to different levels of
the network and placing the SE module in different
positions for comparative experiments, the optimal position
in the model is judged, so that the model can reduce the
redundant calculation burden on the basis of extracting the
key information in the feature map. Secondly, the soft-
NMS algorithm is used to improve the detection ability of
closely connected targets. Finally, based on the measured
data of the rigid straight column foundation, the simulation
is carried out by gprMax, and the GPR image is processed
by the generative adversarial network to expand the data set
and enhance the learning ability of the model. The
experimental results show that the average accuracy of the

KBS 2025-04-15; fEEBH  2025-10-19. R Pt

EEWE EEKARPFEGTH " S BRI A0 2 0 252 PR BEFT 7 (62476153) BT H).

FE—EEE N BRI, 55,1979 44 Wb WA AR S, B R, R T 1) B AR A IR A A R I R B 12 R R Y R G FR Y.
E-mail; chengjiangzhou@ ctgu. edu. cn

WG 20,2001 SR A4 AR L, E BT 1) i e 4R TR E-mail; 2020237301 @ qqg. com

http : //www. progeophys. cn

« BIIEE



2026,41(1) LY, % HT 80U Faster R-CNN 78 i LRSI BRVERF GPR BB IRBIDFSE  (www. progeophys. cn) 443

HESES P63l
XEEARIRER A

doi: 10. 6038/ pg2026110563
CSTR :32085.14.pg2026110563

optimized model is 84.49%, and the F-Score is 77.58% .
Compared with the traditional Faster-RCNN target
detection model, the recognition accuracy is improved by
6.37% on the basis of the same data set.

Keywords Ground penetrating radar; Hidden disease
detection; Faster R-CNN; Generative adversarial network
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Fig. 7 The forward model of cavity disease
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Fig. 12 Measured recessive disease detection results

(a) Cavity disease; (b) Crack disease.
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% 8 10 ZH 3 Faster R-CNN & #3t b
Table 8 Comparison of 10 groups of improved Faster R-CNN structure

415 Soft-NMS SE-Net GAN 5 R 4% mAP/% FPS F-Score/ %
1 x x x ResNet-50 77. 41 12.21 71.79
2 Vv x x ResNet-50 78.88 11.55 73.20
3 x Vv X ResNet-50 78. 04 11. 68 74.21
4 x x Vv ResNet-50 79.39 13.12 74. 89
5 Vv Vv x ResNet-50 78.02 11.87 75.43
6 Vv x Vv ResNet-50 84.93 13.33 74. 47
7 x Vv Vv ResNet-50 84. 00 14.71 76. 11
8 vV Vv Vv VGG19 68.2 14.48 76.25
Vv Vv Vv INET-V3 78.3 13.96 76. 68
10 Vv Vv Vv ResNet-50 84. 49 14.43 77.58
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Fig. 13 Three kinds of feature extraction network test results
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0 110 Table 9 Comparison of different network models
SSD Yolo V5 Faster R-CNN 7 f# 7Y
G 0 A 7Y FPS F-Score/% mAP/ %
) VAN E IR
B 14 F bR S B R L ssD 46.36 67.4 68.72
Fig. 14 Comparison of target detection models
Yolo V5 31.93 75.19 76.23
. N "~ N Faster R-CNN 13. 69 72.16 78.12
F1 % 8 195, e )5 19 Fater R-CNN iy 550 7, o
AR LAY 14. 43 77.58 84.49

HAEMFERE mAP F-Score 4351y 84.49% 77.58% .




2026,41(1) FRILY, 5 2T Faster R-CNN {428 i TSRS 2 R4 % GPR [ R 71 B 52

(www. progeophys. cn) 451

21k B, 45 Y BE 6% o 0 2t U0 R P i R
g AL, GPRH 5 6 ) 25 SR A5 3 52 PR 9% Uk, X
IRl ibRs s O Gl B R ARl PR AR TN
H AP ) R S8 RE - 2 I 0. 081s. 5 L GEHL a2
AFEAIE BT RE G5 A SOt R I B A Z M A
Fbs, $2 it 7 rT5E YR 4508

48 B
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T RE S PR e 3 R B 75 oK, 8 51 A Soft-
NMS 8 38 33 2 7 HL R itk & 3, 9 e 8
£ BB 7R AL FE S BE 10 GPR &% It B8 Joks i b 5 o7
F 43 2 R AE . 38 2k O VA UL R S B B B IR T
LB R AT AR E AT

(1) Z AR GE % T P TH ) i A28 v R 3 56
GPR &4 H iy 25 1l Fn 284 4

(2) g3 Mk, L1k J5 1Y Faster R-CNN AR 7 7
5 E 9] 7 T mAP . F-Score 4> % Jy 84.49%
77. 58% , Ref6 A7 R H IX. 43 24 4% 1 25 ) 4 32 B T 2K
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