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R EHEZEZFHE THERFIEKRN RGT-
YOLOvV7 {2 E

ek EZHLELRE X ER
(KK G BT ARRSBE, BEVE 794 701164)

O E.MARBARRG R &, E%m TR LERAEBRY 5ITERARRE
SR VLR ER S, A TR ST 69 S8R F A 2 R A AR A BT B AT £ A
FEFEGI DT THERBRERANRERG GZARARCHEA, RET —FHLEHF
T 4918 B % E A M AL A RGT-YOLOv7 (Receptive Ghost Triplet-YOLOv7). £ £ F M 438 5 3]
ANZFEEANH, REKEFAERRBE L TR GGM I, B THERFEERGH
B KR A 6 At S R e TR R e Peik A BT R F R AR, A
4% B, R FH TR N R, W RA 6 TR AEL TR E) 4 ARk b, /73] &
SRE R BT B A TV KRR K25, AR 5% 30 5 M N B it o B 2 B A3 | A
AR R R 2 iR AR B F ) 3 4 A [ 4T 3R BR, Am 3k sk ) e N Gy A AR GG SRR . S T
R A, 5 YOLOVT A8 L, 17 3] 69 -F 3% JE A & (mean average precision, mAP)Fe - # F 44«
SARIT 6939 T8, LEAZNAGRLELTRANGFHERERGT 223 T
&, 5 Faster R-CNN,YOLOvS 5 #: A A b AL B AF69 124842 7H, & 9 RGT-YOLOv7 2 —# &
B AR T A AR R B AR M AL A

KEBIE . B ARAR M ;38 B E AR IR E S T 5 YOLOVT ; RFB

FE 4 ES . TP391 MEKARERD: A

Road Disease Detection RGT-YOLOv7 Model under Multiple Diseases

Complicated Scenarios

LUO Xianglong, WANG Yanbo',PU Yaya, LIU Ruochen
(School of Information Engineering, Chang’an University, Xi an 710064, China)

Abstract: With the continuous expansion of China’ s road network, road disease detection has become an
indispensable part of road maintenance and traffic safety, and road disease detection based on deep learning has
become a research hotspot in this field. Aiming at the problems of low accuracy and generalization ability of road
disease identification in complex scenes with multiple diseases, a road disease detection model called Receptive

Ghost Triplet-YOLOv7 (RGT-YOLOv7) in complex scenes is proposed in this paper. A triplet attention mechanism
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is introduced in the backbone network to improve the correlation of disease features in different channels and spaces,
and to solve the problem of low feature extraction efficiency. The original SPP module is replaced by the SPPF
module, the Ghost module is added to improve the utilization rate of redundant features, and the original redundant
features and the newly extracted features are fused to get more diverse and rich feature information with different
scales. In order to improve the model perception field, RFBs module is added in the feature enhancement part, and
the feature map is extracted from different directions by using cavity convolution with different sizes to enhance the
extraction of horizontal and vertical features. Experimental results show that the average accuracy and balanced F
score are improved by 6.9 percentage points and 3.9 percentage points, respectively, compared with YOLOv7,
especially the longitudinal fracture identification is improved by 22.3 percentage points, and it also has good
performance improvement compared with Faster R-CNN, YOLOvS5, and recently proposed algorithm models. It is an
effective road disease detection algorithm for proposed RGT-YOLOv7 under complex scenes.

Key words: object detection ;road distress detection ; deep learning; YOLOv7 ;receptive field block (RFB)
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SR T B v B T A P R[] IS LR A
FGEE, BB B H AR IR B 5 Ry H AT A P TRESE T
PeLYi TR T — A T 2 YOLOVT (you only
look once version 7, YOLOv7 )™ fit =5 25 [ 1 A5 453 K62 0]
5k, B R IESE0E 1L (simple attention
machanism, SimAM )" 5¢ 7RO FEAE KR 1T 0
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AR 73 TR B A BB e, i v e 78 3 00 A 32 sk
FE L TEAFERAR AR TR IS, R 5 H A A% e s A %)
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fiif F 43 %% (balanced F score, F,)#FA Fr#& 7 . Liu
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LOVS) VR BEMERCRY, $2 T — M eltb i) YOLOVS 2
TR R i TR 6 AN [ T, 3 ok A ) PR 2 [
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Yook e m R AR Rl RE 0, M N AR T R ) Bk
(convolutional block attention module, CBAM ) J&1E ¢
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o R IURS B2, 7E YOLOVS SEAl 82y 1 X s T
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SPPCSPC)FE He 2 i Ay P 2 1] 4 - Bt Al 5 4 it 4
73 8] 45 7 3% 4 L (spaitial pyramid pooling—FAST and
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SPPFCSPC)fH, 1Yol 1 RFIESEICHCR | TERFIERL&
JZ51 A A 2 [H] F#AE il 5 (adaptively spatial fea-
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KA, SR TR bR 25 03 IO SR , A 38 R 21> H AR
55 HC T IR 8 DA% RE X L, R AT AR 25 3 TC 1 A 8 5 [+
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AT A RS, JF 5 T B B Sk U 2k
5 TR DR UEAS BE 2 T A9 Al B 52w R il M0
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network ) "> F1 5 2% J&y 355 W 4% (cross stage partial net-
work , CSPNet)"'* {1y JEURRL, 30 od 428 o] i 4 Hof B8 6 A2
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Intel Xeon E5-2620 v4@ 2.10 GHz, 32 GB fyiz 1T N
17 IR sE . Python 3.7 DA X Pytorch 1.7 RRAS (8 &
2SI HESR YN R FH YOLOVT FiI AT , 15 &
Batch size N 4, Epoch A 100.
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FR(FPS) b PE fs B A (FLOPs) AR A 2 40 i
YERTENFEAR, Horh A I3 AERR R P F 80
P 0E B % | it 3 g A X A B A D S R R G, VR
16 A FVB A S R BRI R A & e BRI . 3
[ A2 A ARSI A A AE SRR A TR A LU ], MER R
VB walll = o YT S a1 NibE = NI R = (1]
F O3B0 Z 38 A2, mAP 2 7 B A5 R0 e i A1
0 EE AR, TFE AL ’) ~X (11)
JF7R -

TP
k= TP + FN (8)
TP
P= TP + FP (9)
2XPXR
Fo= = (10)
K
> AP,
—_ i=1
mAP = © (11)

s TP AR 4 0 4 6 0 3] I 1E 50 43 2 0 9 3 8K
i PN AR T T (02 I8 1 B R It R
F R PP AR A DR RO A T = XA
T AP R P 5 R BT it 28 0 10 AR s K 9 A6 I H AR
e
34 EIGERSH
3.4.1 Em

ST B UE TR AR R AR 22 o IR R R
b 5 TR A SO R AT AT, AR R A
BT, AR T E Bk 2K FE
IR I E T RRR IR 3 GO BN 2 DU 229 3
IR ZY 5 T IIE R FEE R R R, 5
H i — 28 B PR 24 2 H bR R A R 47 %) L, 25
LA 7 s B 7(a) P Faster R-CNN {6 T
P FEUE A AR R 244% , YOLOvS 5 YOLOv7 ¥
K T 248805 %, {5 YOLOVT 55 AR s 1
WOER 4 4% , RGT-YOLOv7 B2 78 1 45 5 7 Ifd) Y Jek 32
B NSRS 7 At AR ARG ) S R ) 2 4 3
R T A T A 0 A A e 244k, O HLU
WEBRE B 5 I 7(b) 7 Faster R-CNNH B H T 3#54>
R s, (BRIRSNH =R, YOLOVS GRS H
T Yol EAE E AR, YOLOVT AHEHT

PR 7 A B T (B4 20w T AR 2 ) 8%
RGT-YOLOv7 Ul 1 F R 35 91 B AT Hh v my
2% 5 K 7 () " Faster R—-CNN iR 3113 SR 48 47, (HATS
XAl — HARSEAT T 2R A, YOLOVS KA H 22
M2 1) 2258955 %, YOLOVT ARG I HH A7 0 2 1) 24 4%
i IO ) REBE 5 TR KR AR K43, AT AE
kI A7 B A7 BR sl RRAE 42 BUR 7243, YOLO R 5 55k
HBXT DI 44 A A RS , RGT-YOLOv7 F) FH 9 Fh
KINASTR] 8 A5 FRAZ 5330 DA 1) RS 1o 42 5005 35 R A1
FE, L ERR s TR 7 (o) W45 20 R
i T A — B AE 5 7 (d) P Faster R—-CNN i
Sl H T A TG e D A3 1) R AR ) 24 4E , R BEIR
SRS b T /N B R 1) 2448 , YOLOVS A iR 1] H %
T %, YOLOVT Hiefar T 3 rf— 2% 20 5,35 1) A 1)
5%, RGT-YOLOvT 48 B F FEAE T B R 4 7y BT
SAFE R, ARG RHEAR BRI, B AR B b
SRR ERSINT . AR R, &% ST
H— BB SUN 2R E , T4 K ]
VL&t RGT-YOLOVT f U TE Z By 35 01 & 1 5 225
st F R AT A 5 T At A RS AR A B U
R .

ST 25 U B AR ST R AR A T S
DU A 35, AR SO AL 5 H R B 1) 32 3
FEE A 7 AR AR R B A b AT X L, X LA
W 1R . AR ] LI Al o 28 BT mA P )
{5} 52.8%, F AH 314 54.3% , 7 SCHE H 3 2 M
AP 28BS mAP P24 755 8.96 1~ 43 s, F (E
YIRS 7.07 A E 43 5, fE mAP 5 FE_E#Rm T HA
FEAY 0 H 2 X E f B 5 HE Y YOLO-LRDD™? | LE-
YOLOv5 | PD-YOLO" | MN-YOLOv5'* | GSC-
YOLOvS™ H80 J5 1k, 7 3CH i RGT-YOLOVT A5
I AE HE B0 3 | A% YOLO-LRDD . PD-YOLO . MN-
YOLOv5 . GSC-YOLOvS5 £ 4 43 51l $2 15 3.2.3.0.5.2,
52N E 4, AR LE-YOLOvS BERIFEAR 1.5 [ 45
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22.7.2.53.4.4.2.6 1 H 7 55 mAP 43 5l $ 5 4.2
4.9.5.9.8.2 72 H 48 1 F 8O 4R 55 2.7 3.3
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Fig.7 Comparison diagram of different models test
EqTiESE ey walllp RS N 2538 A R, AR SCRE YOLOVT RO
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Tab.1 Model performance comparison table

i Pi%  RI% mAP@0.5/% F /% mﬁ%/
(i -s™)

Faster R-CNN  26.1  45.1 374 38.4 19
YOLOvS 565 504 51.8 50.6 72
YOLOv7? 59.7 555 54.9 57.5 56
YOLO-LRDD'' 592 582 57.6 58.7 86
LE-YOLOvs!'™ 639 532 56.9 58.1 71
PD-YOLO! 594 551 55.9 57.2 56
MN-YOLOv5'®! 572 560 53.6 56.6 42
GSC-YOLOv5™! 572 578 54.6 575 53
RGT-YOLOv7 624 604 61.8 61.4 54

FEMERERY  RUE A S50 S0 R BN 1Y S
T, BB A PEATSE RS, ARG IORG B A5y
AT L, T RS 50 25 SR a2 2 I
2T LIE Y, FEALRNN Ghost fLHRL 5, #5271
SHREFEAL, mAP A 254k, TTRESE T Ghost fik
Hh AR BB IN T REIE A B S SE R AR SR IO AR
TRA WO EAS BB, 78 5 SRR IE $E IO A i
FIVEH . AL N SPPFCSPC BBk 5 , B8 250 A
5, mAP £ 0.8 1N H 43 AL, AT REZ Kk SPPFCSPC
B F =A% 22 1 fie KAk, 7 KA 7 ka7 1
sz AR B BEHL . iNA Ghost Fl SPPFCSPC i
J5 . mAP R F, 5080 i 4 1 3.0.0.8 N H 41 AL,
Ghost B 5 /il A SPPFCSPC J , Ghost 153 v i) Fi 7T
AAFE A W VE 2 40/ INRAIE AR JBAE 5 22 A R fIE SR
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Tab.2 Ablation experiment performance comparison table
PR 2% 1
. mAP@0.5/% F\1% Parameters/M FLOPs/G
M) Ghost SPPFCSPC RFBs Triplet
1 LI 2% 54.9 57.5 37.2 105.2
2 N 54.9 56.3 35.8 104.0
3 N 55.7 56.8 372 105.2
4 N 59.2 59.6 59.0 145.2
5 N 56.8 574 372 105.3
6 N N 57.9 583 358 104.0
7 N N N 59.3 59.8 57.6 144.0
8 N N 59.4 59.9 59.0 1452
9 N N N 583 587 35.8 104.1
10 N N N N 61.8 61.4 57.6 144.1

A LA R, IR S AR R B RR AR AR B TRl
RN 2 B 2R3 N E R YR TR
FRIE SR BUSRAZ BT, 3838 AR R P2 BUSOR . RFBs B A
FH =S [F] RS (8 46 B B B = A [) RUBE A AR
R, P 2 1 o B IBURRAE 5 AR R AIE =2 1]
(AR G, A B 4 23 T A5 R, B KR i g™
KABE AL JEAZ B | (A A 2 O3 A R AR 3 G T 2 AN [+
FIRIE(S B, IEAR N RFBs #5585 , A mAP 5
F o 8O YOLOVT 23 4 T+ 4.3 21 A o ki, K
WK 5 42 TFB 5 . 5 Ghost-SPPFCSPC 1 B 45 45 I 4
TR S AR T H T DAY R AL RS B
CIRDA iR R P R A N ER PN I N T
IR AR IR HE R B9 3 . N Triplet 1 £ ) 45
UG T T 4 A H EAS S T 6 1 T RRAE A% A AR
S, T AR b BRI A5 S I TR T O R RRAIE
A BT DX AN R0 3 28, g/ iR A %6 . IS Triplet
NS, B mAP R 1O E 40, F
FEAR 0.1 A 40 A, 3T 245 W &, (Hn A
RFBs 55 GhostSPPFCSPC 3 Ji5 , Triplet i &5 J) ik
oGS TR G IR JE 1) 4 T A5 BH S, AR N Triplet 1
BB Y AT BB N 5 SRR SR U R BR M 1 2
A B RERE B IO 5 84 RO A AR B
REFH A FEE RS L P URARAN RS, 5
FREBSYFEAE, PR T B A/, AT Ghost—
SPPFCSPC 5 RFBs 5 0] LAAR ff- 1l fiff phe 3 A [A] B,
Ghost-SPPFCSPC B A KAT A EAZ BE iy [ 5], £
BT Ry AR FRAE S B, 1k Triplet {32 25 77 345 $ HL
B ERREAR B DAORER , O 5 A ] RUBE % H At 4k
G E TG, AT 2 AW 200 B RE(E

RFBs 152 He A1) FH 4 R A% KNS W] 114 25318 46 B2 53 1) %F
PRI AT R ) A ] (9 R AR R BB, 2 A5 R X))
2k G\ EE R RIS IGICR , R 24 RUBE
AN FEFRHEAS A I DR G R R 1P U
B, LR REE R RHIE RE S B AR AF M PR I K, A
LA mAP 5 F 20807 342 55 6.9.3.9 1 H 43 A,
A DU AR SO A X 4 P RO ST 3 R TR RS
FERRA H KR T
343 ZALE T

SRy 35 E AR AR X AN ] 3 2R A A RO RO, A
SCHFIH RGT-YOLOvT #7815 YOLOv7 Ji i 45 75 X6} Y
g L B T e T AT RN, 45 2 T SR A
SRR 3PN

R3 ZEFERNMmAP@O.53TLL
Tab.3 Multi—-disease detection mAP@0.5 comparison %

iRl D00 D10 D20 D40
YOLOv7 39.3 54.2 67.8 58.2
RGT-YOLOv7 61.6 56.4 69.5 59.3

MZE3 A LA 1, YOLOVT &8 % T D00 (4 i)
28 ) K DK 2 VAT 39.3%, MBS - AT 0 s &
, PN EE 2w R R E R AR R, S5 W
SRS EE P, YOLOvT #58 DJ BAE R ~F 54488
FRAE SR HOT 200 Ry BR A | s 2K 2 (14 TR 591 0 B
B, A SO B RGT-YOLOVT #E B AH %5 YOLOVT
RETRUAG TR AR BT, 4 i) DA o) A 1) 412 U 35
RIS B, A5 H SR A R AE SR I RE 7, PR e 2 1) 5L
SEB T AR T LA, 4R T 223 N E A
FERE [ 244 | IR Z44% TR T ARG I 7 T 4 S0l v
T 22 1.7 LAAE S, AT LA AR SCHE AR R A

%1
b/l
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AN ) 2 AR 6 T A Ty T 4 R A I RE AR T

g E— AR R H A RGT-YOLOVT # AU ()32 4k,
BE1, ASCEMFSEOR S 5HE T, HAITE
B9 3 B0 48 RDD2022- 3% [# Al RDD2022- B & ik
ATHE, Brikgs LR 4 PR .

R4 HpHIREZUMELE

Tab.4 Other data set generalization experiments %

Kl B mAP@0.5 F,
YOLOV? 50.7 54.3
RDD2022-3 [
RGT-YOLOV7 57.1 552
~ YOLOV7 35.8 40.0
RDD2022-E1 i
RGT-YOLOV7 417 43.1

M FE 4 0] LU AR SCHE R TR R AT AL T
YOLOV7, {HEE IR, B R i 5 80 5 AL
WA ZES, LRI TH AT R . AR SCHE
BEAE S EEEE | mAP 5 F 2 BUHE YOLOVT 43
SRR T 6.4.0.9F 408, FEENEEIEE I mAP S
F AP T 5.9 3140 H A, LG UL BG5S RAT L
P AR SO AR B AR 32 A RE )

4 &g

B X T I g T R e R 2 o O kLS
L2 RERSAG — i FEH 258 57 S E8U
TR RS B2 AR 32 AL BB ) 22 A9 In) 8, AR SCHE YOLOVT
B A [ B ) — B IRz B, P2 S A A R 4
B FH 28 (9 46 0 3892 RGT-YOLOV7. 7E 3 1 R 44 3
S3 N Triplet 13 52 77458 B i 0 % 1T 35 AR ik 12 H
R, 4 SPPCSPC Ll 2y SPPFCSPC #d , [A] 5
A Ghost f53t, {RIEIERAZ BFAAE Y HTHE T, PR EA 41/
FRAE, 45 0 22 SRR AE (0 4R BUSCR: , IR 5 A FRAE
i 1 Ghost 155 B 55 7% 25 B 12 1 i 285 RRAE DE 4
FEERRIE AR G, A RFBs BEH , 22407 1] AR
JEE RO TR E , SRR AR AZ B, R R AN [ )
FRAEAS AR IAE ) . S2Ie 4 B R AR YOLOVT 3
2, RCT-YOLOv7 ¥ & mAP 1 F, 43005 M0 43 4 w5
6.9.3.9 N 435, 5 YOLOVS  Faster R-CNN Hl i it
P2 0 BB A LA B T RE R T, T AEANTR]
B A LA IS5 AR 3 YOLOVT 84T AN 5 1) 1 1
FEHRTE, FWI RCT-YOLOVT M2 RE ) FLUA R I (972
LR J, R 2RI & 1R 43 5 N BEA T3 B
ERMARAL T —F AT a8, AWk — Bt —
A HR T O 2 A6 T0RS 8 A9 [] R, iy %o 9 56 114 IR ok
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