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Apparent disease detection of bridges using improved YOLOVSs
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Abstract: To solve the problems of low accuracy, high false detection rate, and high missed detection rate in
current target detection methods for apparent diseases in concrete bridges, an improved YOLOvSs method is
proposed. To achieve more effective fusion of features at different scales and increase receptive fields, an
improved spatial pyramid pooling module is added to the YOLOvS5s network to enhance feature extraction
capabilities and reduce computational cost; a light-weight attention module is incorporated into the YOLOVS5s
network to tackle the high false detection and missed detection rates caused by the cross-distribution of different
defect features in disease images; and a loss function considering vector angles is adopted to solve the problems
related to varying defect sizes, classification difficulties and small dataset-induced boundary box regression
mismatches. Experimental results show that the improved YOLOvVSs detector significantly improves accuracy
while reducing false detection and missed detection rates in the task of detecting apparent diseases in bridges.
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[X 38, 35 AU B 22 ) 2% (regional convolutional neural networks, R-CNN) 4 2 ) Fast R-CNN™  Faster R-CNN!“
SERL Be A B9 . R-CNNAE 130 3l 100 77 A= fige e HE i iy JELARL X 7 i 2D R AR 2% H B R &H X
R-CNN # 2% I (1) & £ £ 18 %%, Faster R-CNN fff J] 77— > DX g i 90 4% ¢ AR 8 45 48 K, 4 Cha 5704
Faster R-CNN H] T JUjl| 1R B - FE B RLEEAH OG0 Z Rl R I 45403 . SR RS AIF ST UE S8 1 XUB BeAG: I 77 123 ]
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HEAT BB B 28 BIAG T R0 DX AR AR P A, B R b B2 w8 7 G 4% . SSD Bk A e i T B, — R AR 2 Y R A
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Bl1 YOLOv5s#EIELE
Fig.1 YOLOVS5s framework

Concat
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Fig.2 CSP-Darknet structure
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A 5% 0 % 2 3 Y PR T 5 8] 4 785 b Ak (Relu spatial pyramid pooling-fast, RSPPF) gl A + W 2% , in A
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Fig.3 YOLOVv5s-BD backbone
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Fig. 6 Schematic diagram of efficient channel attention module
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A2 I kb (intersection over union, ToU)H F 115 BUINAE 1 4% , AR FRE BE | e 52 7 A0 750 T 3000 &% S 1 v ffy 2
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+
Lbox=l—IoU+A Q, (13)

- ToU Ay TN AE 1 ECSEHE /9 52 IF L .

3 EWERDWN

3.1 XWIMEREBEERIE

ST AE Windows 2 4E R G 3855 F k47, i ] CPU Jy AMD Ryzen7 5800H,RAM 4y 16 GB i WL 77 BN 77,
GPU & RTX 3060 Laptop, 6 GB b 7/~ N £ o T J& %% > HE 42 2 pytorch, 3 /> il 2k o #2 % ¥ epoch & 300,
Batch_size 24 8, Il 2k i ] SGD L AL 1k AT Z 8O AL B0 bR 27 21 %20 0.01 5 A8 Fr 43 983 640640,

S 56 K 4 A O Mundt FEUE 2019 4F 2 JF I ] T OB ZR R BE 1 B BE A I Y 2 B bR B R g 28 B i 4R
CODEBRIM (COncrete DEfect BRidge IMage Dataset) . % 504 55 f0 & 24 4% vk J6f ih 58 1 A XA 3L 5 s
DR QR 8 TR, A AL B A R AL 1 052 5K o B T AR REAS /D LR T 0 S B A 0 B 4 AR A R U el
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(a) R

() JBiv& . Jhh, A (d)Zge, JBidk . Fgph. 2R
B8 MHRHREER
Fig. 8 Pictures of various defects of bridges
3.2 EMIEER
Z bR 2 R 53 AT 55 O 1k —F SRR 2 DRI B 5 58 B AR 48 B 00 43 AT 55 BRORS BRE B 1 Sk 4 SR DT
FIFE bR o AW H R mAP(mean average precision) fE N PEA F8 5% o J0 43 28 ] 843 248 45 S 04 1R V8 4 e T
F VIR FI W25 RS AR IC 28 R BN 28 1 215 7T 43 Sy 438,43 0 o ELAE 1) AR CE A BB A R S 4 L )

Xt 2 1/ TP.FP . TN F1 FN,
F1 ZAHKBRBEEE

Table 1 Confusion matrix for binary classification

_. HILE
tRid
IE (Positive) i (Negative)
IE (Positive) TP FP
i (Negative) FN TN

5 5 BE (precision, P) il 4 [0 3R (recall , R) i1 B A A0 F .
TP

P=rpiFp (14)
TP
R—mo (15)

R 2 3% 7 A2 A 2 F g T 51 4 A A v S B DAy TE A5 R AR AR T o5 ) LU 48] 5 4 [ R 3 R S B O TE 8 A RE AR
HR R L I g T AR A T o 0 e o S S AR BE (L (AP)BEE P-R HH 25 A bRl RS A T A . mAP I
e B 7 28 1Y P-R 4T B T BRIBCE- S, m AP AT ARy — MW B hr (9 B2 iR bR . AP Ml mAP A5 UINF

AP:M (16)
N ’
mAP:ﬂO (17)
M

s M FROR TR A9 28 1B N R R IR EHR B . mAP AL T mAP,, FImAP,, ., AR B 3 E 1
TIoU Bl e, HoARik Xt F .
jM:] AP@OASj

M (18)

MAP go5=
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21 OmAP(aw 5+0.051)
10

A2 (18) 1= (19) 7T AT, mAP, B ToU B {f Jhy 0.5 B 14 - 500G 32, #8717 OKG B B2 PRI A3 1] 38 R A8 Ak
o mAP 05 2L 0.05 2 3E, ToU BE{E M 0.50 £ 0.95 F-F B85 3 #-F B {8, 38 7% 1 A AE AR ] ToU B T
MIZEE R, mAP,, o B 5 A FEBAY (1) 300 5 [0 U5 RE 7 b5k, F00I0 AE 5 T A 1) 45065 B G 1
33 XWRERESW

ARG Al BB SR B BE AN 5 T 432, HL AR S (A0 2448 ) SRR 09 /0N H bR 32 fi AL 43 BER 9 52 1
TEAG I B, % A A R o HE R R 640%640, R T BGTIEAR HY 9 O iR B A RO | 2 R B S I A T ) 7 SR L R
8] 7 YOLOVSs 1 Ji A= 455 780 46 0 2% 2R 3 J31) 55 ol i 25 1) 4 5 35 A 1) YOLOv5s-RSPPF il A ECA 11 2 J
Hi) YOLOVSs-ECA i i SToU #4741 2% 185 i) YOLOVSs-SToU A 3CH 4 HY 1% e b 15 1 45 458 2% ok 8
) YOLOvSs-BD i i 3 45 45 48 247 X LU, 25 5 UL 38 2, o rf FPS Sy R #0645 ( frames per second) o

F2 HHH YOLOvVSs IR YOLOVSs R4 R 3
Table 2 Experimental results of improved YOLOVSs and original YOLOVSs

MAP 050905 = o (19)

AP/%
Bk — - mAP /% mAP, /% FPS/Hz

2ok it 7% JE& ok & i Atk )
YOLOVSs 79.6 86.7 83.9 90.7 77.8 83.7 55.4 71.9
YOLOv5s-SIoU 79.9 87.1 85.0 90.6 80.0 84.5 56.0 70.4
YOLOvS5s-RSPPF 80.9 87.7 84.7 90.9 79.9 84.8 56.8 78.0
YOLOvV5s-ECA 81.3 87.6 85.0 91.6 81.9 85.5 57.2 70.4
YOLOV5s-BD 84.2 90.5 86.8 92.3 83.6 87.5 61.5 73.6

M S 9 YOLOvVSs-BD M4 T YOLOVSs 4 J5 A B 50 Xt 45 b Bl b 40 4G DI RS ¥ 4 7. v, ol 5% i
TN AE F) 458 2 bR B AR 20, YOLOvSs-SToU AH#E T J5 A8 7 mAP,, #2 T+ 1 0.8%, mAP,, . #2T+ 1 0.6%; T
Xof Ji A 455 A (1) SPPF A5 e i Hh e ifF , YOLOvVSs-RSPPF A #% F AL AL mAP, 42 T T 1.1%, mAP ., 2T+ T
1.4% ; B T 7 F¢ AiF 42 0 25 B2 3 i A ECA VE & S WL, YOLOVSs-ECA A1 #% T JE L7 mAP,  $2 T+ T 1.8%,
MAP 500 B TF T 1.8%. 45 A UL B LRI 7%, YOLOVSs-BD M1 48 T JFUAR B mAP,, #2 T+ T 3.8% , mAP,,,,s 32
FHT 6.1% HLAR R N 45 2 50H BT 38 m , (8 iy et 00 0245 R T S n A 2k 5 AR =X, A R R T ot £
FPS A B 5 T, Tt 2 S s G 000 35 3K

R T L B UE AW ST AR T TR E b M T 2 UL o R ) B ) R R AN R B AR AR T
{6 F 7S WF 58 2C2E R 4% Y OLOv5s-BD 5 Faster RCNN . SSD 1 YOLOV3 #EA7 S I 36 91F , 45 8 W32 3,

#3  REH TR 4%

Table 3 Comparison of different detection networks

AP/%
"% - mAP/% FPS/Hz
Rt it 3% & o B KL
Faster RCNN 71.2 76.8 76.9 78.2 77.4 76.3 12.4
SSD 70.5 75.3 75.1 76.2 74.3 74.3 45.3
YOLOV3 69.9 83.9 85.3 86.1 80.4 81.1 29.6
YOLOVSs-BD 84.2 90.5 86.8 92.3 83.6 87.5 73.6

Wt R 3T LLE M, T YOLOVSs-BD il 45 X 28 X4 i s 5 4 AIE B A7 %5011 12 B BE 07 R B8 56 1 1) s LA
[l 5 48 B , AN 18 & LA Faster RCNN S - 28 1 BB Bk I 532 3%, 16 J& SSD . YOLOv3 ik 28 B By B e il 35 32, 71
HER 22 A1 FPS #B [t YOLOvVS5s-BD 5 A%, UE W AS F 5% o o 4 1) 1) 6% A5 750 7 o FH T YR 6 1 A7 4% 2 U035 3 6 )
J5 AT TR AR
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3.4 GRBAKIAIRIR
Xt I3 B R A R AR AT AL AR A, | JHEAGH I A5 R P 9 s o

Crackraply20.65 Cr Crack 0.74 CracCrack 0.72 CraCrack 0.71

(a) YOLOv5sHK; I 254 £ (b) YOLOv5s-BD#: ) 3] 24 4¢

Crack 0.40

() YOLOvSs K 2 5% (d) YOLOv5s-BDAGH 2B . 24

ExposedBars 0.31 ExposedBars 0.348

(&) YOLOv5sH: I 2 52 15 (f) YOLOv5s-BDA MBI R A . [t %
9 YOLOvV5s#1 YOLOV5s-BD #& iUl 3 &
Fig. 9 Detect results of YOLOvVSs and YOLOvVSs-BD

P9 Ca) A6 i 2138 43 24 20 (erack) , BT 9 (o) K5 31 1 01 22 1y 24 20, H B A 1346 5 & 9 (e) ¥4 it 7% (spallation) 15
K A #% i (exposed bars) HLIRKE T 2440, Bl 9(d) 1 A A 00 31 B8 7% A1 284 250 5 151 9 (e ) Ko il 380 & A 4L 35 A Az ) 28]
& 5 9 (f) o i 1 591 3] 5 5 B V% o 4% LTIk, M L T YOLOVSs, YOLOvSs-BD #5157 ¥R B mAP@O0.5 2
TT 3.8%, mAP@0.5:0.95 5 T+ 1 6.1% , K6 I 3k J32 o s A7 42 T, B8 08 A7 450 AGr ) 30) 5 22 e B HL 9 A S AR Y =
G 3 0 R 2% A1 O B T TR O A W R e UL A

4 LEFRIF
S X 2T L A W B 7 07 T T AR S 2 UL A T S UG L TR R R 2 A W R A e

RO, B — ] T A T L A 0 £ A HE Y OLOvSs 6 I I 465 5 1 X W B ke b R 28 53 K0 S IRDHE L L) %
B AR /N B 1) B, Sy B g aife I TN ARG 0 52, 5 1 AT ) T ME 52 % pR BOHEAT U G o SEER AR R W B0 e Y
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