¥33% H2 LR AC 3 - 5 4 Vol. 33 No. 2
2025 4£ 3 A JOURNAL OF SHANDONG JIAOTONG UNIVERSITY Mar. 2025

DOI:10. 3969/j. issn. 1672-0032. 2025. 02. 002

E T B YOLOvSs Bk B 518 #0445k B 48

KA, AL WA=, F oI, #H

DA RBF RHE B FE, DA e 250357

AT PUE IR S AR R T ER RS AT A A N TR IR A R, 38— R T AL
UL BB BRI AR I R . 25 BEBUE TR B B B RFAE LA SAG I I BT Ak 52 2 A L #1058, SR 1 ConvNeXt V2 45
P YOLOvSs Bk 1 M2 i C3 58, SR Efficient Rep [FIZ5iE YOLOVSs 5532 321 R 26 Ry, 51 A BAT
AR NS 1B AL WIoU IR YOLOvSs Fr et B3I SO B2, T ki YOLOvSs 533 (CR-YOLOvSs
B R E BB R A R RS , 5 PRk DX A B 22 ) 45 ( faster region-based convolutional neural
networks, Faster R-CNN )23k Bl 22 2K ( single shot multibox detector, SSD)Z{:  YOLOv3 B s\ YOLOv4 Bk
Rl HEA TR e, e 45 R 3R W] : CR-YOLOVSs SRk 1 I3l 89. 3% , YRl B4 Jy 95. 8% , - H4 el
I 10 1 ms, 3 TR AR BIAL T HAD 4 FhE%; 5 YOLOvSs 595 A1 L, CR-YOLOvSs vk 1Y 43 [l < 2 (R 2 5
5.7% VYR IS FE S B4 = 4. 0% , PRI [HJSEAC 1.0 ms, £535% IR BB IR AL 55 2R A Wl
SFSE GRS BE S -SRI I ] A5 K 2R, SR CR-YOLOvSs S B F1 R e RS S B e
KR PUEIOIE ; BB ; YOLOVSs 553% 5 ConvNeXt V2 #5E8 ; Efficient Rep 4% ; 152k pR % WloU
thE %S . U216.3 THRARREAD : A TEHE 1672-0032(2025) 02-0010—09
SIAMRR KL A A K, AR 2, 5. A T8k YOLOVSs Sk a4 Jo b e oml [J]. ol 4 8 R 3R,
2025,33(2) :10-18.
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5 K 2 AR SR BT v (N R AN 2R SR AR 44 ( scale-invariant feature transform, SIFT) | J5 [a]Bf & B 5 &
(histogram of oriented gradient, HOG) J&#B —{E#5X; (local binary patterns, LBP)Z5) M KI5 Fh 2 BUOC i Er
iF, FieJi i 3 A3 SR TR AR S o SR ML > H AR 30 Sk B R 00 D 9 SR A A 5 PR 15 b B0 T
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55 2 1) KDL, A BRI YOLOVSs S35 I BT 1Rl e 6 11
R o Liu 2555058 oo %o B 45 B 18 o 0 9 )7 1] 6 B2 B )5 I8l ( enhancement algorithm-histogram of oriented
gradient, EA-HOG ) FFHESHTAINFNE MR HEAE ; Yang 5 K41 0R BUR 0 07 Tl i M RRAERE AR A, R O
i) S R D P 5 AR ST BT R AR AR ) AR B 2 T T S0 0 R TR 0 U 7 32 S T 1 5 o, SR P o2 26 0
G BADB IR I, SR PR S 28 Xk AS [RLDR A5 A iF A 40 R A7 40285 Lin 26°° R B4 22 U 4
A B8 V5% B A6 T X 28 ( metasploit framework of deep detection network , MSF-DDN ) ¥ iffi 5 {37 F42: X 35, , 18 33 44)
A XS ) 45 ST BT ARG

FLRT ARG 00 85038 P oy 28 DX 454 750 2 B2 43— [ B R TR A o B R 2 SR FH— o B A Ay
NP B A A T 0 P 48 2R 0 B s DX I, T 4 BB i DX IR AT 232, A BB 2 )2 A6 I (single shot
multibox detector, SSD) "'’ ' YOLO( you only look once) ™' 3R F — Wy BB UG I AR AE 43R PR AN B B
B — W B 2R AR B 1 DX, 27 I Bon e 1 DX AT 43 28, R DX s AU 28 1 45 (faster region-
based convolutional neural networks, Faster R-CNN) "2’ Wei 251" #47E 260 SR Faster R-CNN 855
TR ASARAE , KRS B HAL GE Pk i , ARG CR ARG s 2SS B —Fh % B4k GoogleNet [
LRSS IR AR E A0 T S B, (R R RS 38 A A0 e b SR A ke ik YOLOVA H A3
T A AT IR SRR A, K IKS 2 L Faster R-CNN 53092 5, (A I 850K A JE 3G T oK o Bl 38 Kl 45
AN CHE A B Bl 2 4 L (A R AR T s ]

SEEIOERT RS B AR BB , RN PR 52 2%, SR 45 1 ol B R ik 22 B AL 55 [R) L, £ YOLOvSs
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y(x—p) /o, Hd w R« BMHE, o R« B9FRIEZE

KNH TXT 5 s1 FoRBREAER LKy 1;p3 RARTEBBRAEZ
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W PREL GELU A

flx) = xJi [e = 0.5(x —p) /o’ 1dx/ 270 .

R URUE R A H R 200 T A B, 38 0 A B AR A R AR 2 3 Sk 3 e ACRRE 2 S A, R
FHIE b T5 AL 25 550 43 % 422 , 345 YOLOvSs FyA Az fLRE 7, 4 15 YOLOvSs Syl Bt &2 4435
N HUE RS IE R SRR
1.2 5|\ Efficient Rep M %&

B ORI G R IE AR S AE A 22 I 2 v i s 3, i — 2D 4R S A UK B2, 78 YOLOvSs 503k =T
4 A5 A RepVGG Z5Hy U2 #y Ay Efficient Rep W44 , 38 1 4544 T 2401k )7 S B AR A )l
GRAHEFIR AR . TERR 2 MZE ISRt R, YOLOvSs 83k 2R HI A 2% 1Y) 22 5 % I 25 25 48], 7 HE 3L I 3 3o 23544
BB FHRAER 2 SRR A5 A R B0 S B 254, 18] 3 B .

|
C | 2d C | 2d ,_‘_\ | |
:;)II;VS ;)I;Vl Bateh Norm —— = Cgr;vgd Cé)l’)l(v%d Cé)r;vgd Re3p fgnv
| Batch Norm | | Batch Norm | l

£33 £33 ik
1 : Batch Norm Jy#tH—k; Rep Conv K& 44 H SHLEHL.
B3 #HEhsis

i [ 3 AT %0, Efficient Rep 48 ZE VI Z5ET SR ] 3x3 #F  1x1 FFUH1 Batch Norm J24H %119 £ 37 4% ) 2%
G5k . TESSHESEUL B 45— 3 3x3 BZ 5 Batch Norm JZFlA , 15 8] —A4> 3x3 B KL
T 1x1 H 25 Batch Norm JZFLA, 9788 3x3 B R K58 =43 57 Batch Norm 2 1o 185 48 i i 54 4k
B 3x3 B Be)a , AR AT 3] 3x3 S LG
1.3 BUfHKEE

o AR FORIRES AR I ) S AL TR . B IE Y A AES R BRELE. e —— —
PEm BB IR E S AT A RO GRBE B R b 28 N 2%, 4 va B A AL (9 Wi 8
HREE R . BUBEFNIRIR SR o YOLOvSs 553k 5% 4 2% ki %k CloU 1
SRS IR A S 2, AGr A AT AR 2 S 5 K el (oG B2 AT, ELxF E A i
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HE5 BLSCHE i RSH S8 AL T HE (9 R ST, Jindl YOLOvSs B3 ik A 78 () 1148
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ERIRETER
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s e B BUERDS, Rt 3B 0 B9
1.4 CR-YOLOvss &%

1F YOLOvSs B LAl 5] A ConvNeXt V2 #iHe il Efficient Rep P45 , 43 WM YOLOvSs 3 T M4 Ri
Ui AR i, SE AT R0 4 U A R, i Je 2 DXl L R AIE 7026 A R A 4R A i RORRIE AR B S, R
1K REL WIoU Jit YOLOvSs S5k SGH JEE , JE it CR-YOLOvSs 5%, CR-YOLOvSs 5 i 31
#% ( Backbone Network ) , H1[8] 2% ( Neck Network ) . #ii A3 ( Input Network ) R 25 [6] 4 735t 44 ( Spatial



52 4 SO, 5 LT UG YOLOVSs SRk RS 1B R 13
Pyramid Pooling Fast, SPPF) #t & Ul ( Prediction ) B4R, Sk A AN S B

— —_C SPPF
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¥ ] ¥
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[ | |
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| f
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Ffficient [ 3 | | 3 H[ Head —laox40 ‘
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| |
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l R
(o] o) o]

TE - Conv A FRERAE ; ConvNeXt V2 25 BUM Z2 o 28 S R 5 C3 O I8 B BUIZE 12 B9 AT
Filt &5 25 BUBEBR ; Efficient Rep Jy Rl B M A B BUMN 22 [0 4% ; Rep Block SMZSHE S Ml
B R AR IE SR B 5 640X 6403 ( 585 44y 640 1238, 3 T8 )  RRAIE 141 il A K58l
/IN(Byte) ; Concat iy BFHE#AT ; Upsample Sy b RAEERA: ; MaxPool g KL #AF: ; Head 2y
RIS T RRAE XS ARAG I 25 S 2 AT B ; 80x 80 ,40x 40,20 20 ( 5 5y 80.40.20 &
) ML EAE SR K/ (Byte) o

5 CR-YOLOv5s Hix%4#

ConvNeXt V2 KB R ] 3 1 W0 2% i , G245 WU 2544 (I8 3540 16 AR R A5 BB IR A2 Y, 344 5 i 3
AL AFAE G 4 , /0 AR DI AR R e B, A AR B B 28 A5 R 5 Efficient Rep 026 1 T 2 190 268 B9 A i
SERR AR I R RFRE B S5 AA) (4 DI 58, Ay Fo0I00 o 5 50 sy, vod 0O I 0 U0, 3 5 O R i 2 By 5 1
P, UAGAR BB R AL , B SRRRAE 5 R 25 2R s 02K pR WoU 25 i F A IX 5 ] il DX Jsi ] ) SC TR A, e iod
A AR AGEIN Fp BTN AE 5 LS A N S DA BRI AE 8 )T (RO R ), ml 6 A [a] DXl ) i 2 2R
TN, A 88T A G DA 8], i bRt S SO B, 4 R ARG

2 HuEI AR

2.1 RERERSH

RIG TS FE ) Windows10 #4E 248 . RTX3070Ti GPU 4 .12th Gen Intel (R) Core( TM) i5-12400
2. 50 GHz 4bF 4% .8 GByte NFF .8 GByte AFAEA%E (1) VERETT AL, TR BE 7 2 HESE Pytorch 1. 13.1,3F47
THESEG CUDA 11,7 Kk Python3. 7, BRI IEM 300 ¥k, 248 16 itk , 24> %k 0. 001, 3 &
ZHR 0. 937, ALy 0. 000 5, G858 5 X B 38 58 (mosaic) 3R I X, 7EFHAE 2] (warm-up ) #
YErh & CR-YOLOvVSs S5 0 YN ZRElcde 5 56 B — Y 58 B 1 1) 4% 78 A S 1) 4449 19 26 A5 3 ( Epoch) 2 3,
Py 2] 52 e R AL IR KL HshiRE o R
2.2 HIGHIRE

TS A AR A A T IREZH SR A 1Y 700 5K N BB IR A 4G TR R FE AL eE A5 dn R
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i CR-YOLOvSs B AR ICE & B EURRHEAS B2 AL B 2 Fh % 5t R mosaic SIS 58 J7 20Tk
BEREA PEATBENLIG 3R , GRS Ot (R AL BE TSN 45 e 5 AR 3 1 780 sk A K R
YR e A A 4, S BRI A EcZ b 8 10 1,

2.3 iEMIEER

LN BB AG TG R T4 b R ARG DA 38 RIS 247 4G 0 8] , A6 005 B 45 o 0 45 WA 2% p 44 1]
B FOFRBIRRS EBME E o

HERH %

P =N/ (Npp+Npp ) X100% ,
P Ny N E AT ER AR AR B B 0 R4 T IERIR S B REAR KL, Ny W R RR fER
0 3220 T ARG 3 R e SR M O B RS R RE AL
FEuES
r=Npp/ (Nyp+Npy ) x100% ,
P Ny AT R U LB SRS I REAS B

BT § 2SO £, =] p(r)dr PR

E o= ﬁ Ew/N,
Ao N A FUE ISR EE A
2.4 HRhRIE
JIAIE CR-YOLOvSs By (KM e , 4 5% ConvNeXt V2 Aidk  Efficient Rep W45 Fl451 2k iR %L WloU
XF YOLOvSs Bk i et AR, 11t 8 ARl 77 42 , e CH [R1 38 r PS4 AGI0RS BE34(E K, FTPE-S4 460
BFa] ¢ AR PEAT 8 23 RS 7 R i Fe s , TH Al S 7 R a5 Rk 1 s,

Rl HMRBEARRER

A S e gh R
SR
YOLOvSs ConvNeXt V2 Efficient Rep WloU 4512k M %K /% Epap/%  t/ms
1 \V4 X X X 83.6 91.8 9.1
2 Vv Vv x x 88.2 94.2 10.2
3 Vv x Vv x 86.0 9.6 10.0
4 Vv x x vV 86.7 93.4 8.8
5 Vv Vv Vv x 85.0 95.2 11.5
6 Vv vV x vV 84.1 92.8 8.6
7 v X vV vV 87.8 94.4 10. 0
8 Vv vV vV vV 89.3 95.8 10. 1
T VORI T R LA R ORI TT R O L iR



%2 1) OO, 4 SE TR YOLOVSs B0k OB 1 (e kol 15

B35 1 AJ1. 78 YOLOvSs B vk 3EAE 4351 A ConvNeXt V2 Bl fil Efficient Rep %%, AT /N g 16 A
A 1] RS AGORG B B4, (RSP 446 I B[R] A4 . F YOLOvSs Sk L ah B [RIAS 5] A ConvNeXt V2 #5
RN Efficient Rep 1245, 0] IR 3 4 [l 52 RS- S5 46 0KS 2 244, (HSF- YR B R BE 4 . 7F YOLOvSs 5.
TEHLR | 5] AR BB WoU , 0] B I8 45 5 S 24 46 i pisf 1]

AR TR 1(YOLOVSs 353 ) SR A 8 (CR-YOLOvSs Bk ) A [ 42 5 5. 7% , ~F- Y45l
A B EAE R 4. 0% XGRS R ZE 4 1. 0 ms, K ConvNeXt V2 #iHt 5 Efficient Rep W 2% 14 K 43 [n]
RS- R A B2 YA, SR FH B2 iR WIoU JHBES A ConvNeXt V2 #ile 5 Efficient Rep %45 J5 X -1y
RGBS ] RO 200 R BT 14 e B AT 55w, SR CR-YOLOVSs 550k BH i 42 i R DK 5, LS 246
Fi ) TS SR
2.5 HEEBGHESH

CR-YOLOvSs B M1 YOLOvSs 33 7E A 31| 4:5F 0.20
FEH IR R 2R an 18 7 B .t 7 Rl Bk .
WCHE R JG A6 I 2548 R0 56 E 4R b 1 R A 483 2 B4 Bl 22 X 0.15 1k
B HE R AN /)N | 2 B Ay A5E 280 1) Tt &5 2R 5
BLSEE A 22 B W AR /N . PR U R A )
PAEER 0~50 PPN IR TR, 2648 51~ 150 (RN T
RE2BNS 38t 151 ~300 R N THRE , CR-YOLOvVSs &
VIR R R FE 7F 0. 036, YOLOVSs 4%k Il 45 005
BRI R EAE 0. 040, 7EZEAR 0~50 KN, CR-
YOLOvSs B vk 56 iF 45 19 & 0K 451 28 T B o % 4 : ' '

— YOLOv5s (12548 )
— YOLOv5s (BiFgE)
—— CR-YOLOv5s (JIZi4E)
—— CR-YOLOv5s (B4R )

0 50 100 150 260 2;0 3(I)O
YOLOv5s Syl , H AR 2 B A%, F#H CR-YOLOvS5s AR

SRR BIE SO BR B A I b 27 > BB T B0, RE UK ME
56 BB S 4 5 LA S5

CR-YOLOvSs 5731 YOLOvSs 53k 9V KA IS B2 XoF e an el 8 itz #hi ] 8 ml il . PAR Sk - 3
R NHS B HE 23R 200 YR Z#TICEL, CR-YOLOvSs 553 1 F- XA IS B 2B HE YOLOvSs 533k
fem 2 4. 0%, REEAG W2 (2 1F(7 E . CR-YOLOvSs 5% A1 YOLOvSs 53k A 41 [l %5 FL Al 9 Ffras o
1P 9 n]1: CR-YOLOVSs Sk A9 41 [ R AR5 25 I YOLOvSs 5k 524 K, 7E 540 250 Wk
BT, CR-YOLOvSs 535 1 4 [0 L YOLOVSs S0k i 29 5. 7% , BE S HER bR RAR A, e/
(GRITEiH

B7 mALENRE IR MK

100 1 100
80+ 80t
- 60 | 60
- &
o ——YOLOvS5s X —— YOLOvSs
40+ ——CR-YOLOvSs 40 —— CR-YOLOv5s
20+ 201 f
0 50 100 150 200 250 300 0 50 100 150 200 250 300
AU AU
B8 Aok 4 T 3 d A A AT s Bl 7Sk s 8w fahit

CR-YOLOvSs S YOLOvSs S0 G R AR o030 45 5 Le an el 10,11 B, i 10,11 7]
S AEAS TR AT I R AE AN [ A 00 P 58 K R £ B2, CR-YOLOvSs 5532 34 Bl o A6 00 7 1) 45 otk
A KA L YOLOVSs Sk w4 i
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n

‘ ormal 0.9 £

ek

b) B AL ) it d) R0 eE
{E :normal JJIEH , shift 93207, damage 4547, loss I s B kil 5L
10 YOLOvSs daff ik 40 K 3 25 R

EA ,.
b) B A o) fiffntt d) o e) BRAAN{E
11 CR-YOLOvSs deff X &4bml X 4 R

2.6 ZFEEILESR

gt — LB E CR-YOLOvSs S 2 i JH T Fn AR A D 16 , SR AR [R50 1 6 AR [F] £ 58 %8
CR-YOLOv5s 8.3 Faster R-CNN %3 SSD %3\ YOLOv3 &3\ YOLOv4 &3 YOLOvSs 8030 ik AT
F RS A DU 6 , RS 25 SR X6T L an 3k 2 B

- P . § RASH T 25 B3
1 2 W RS CR-YOLOVSs S pk i i ks 0 SHOAmREHASRA

MR (9 73 6] % 1, Faster R-CNN 3% SSD % YOLOV3 Bk B s
%%\ YOLOv4 %i ?ﬁ *H YOLOVSs %i ]£ ﬁ%u % _\'%_ 5. 7% . Faster R-CNN 83.6 80.3 65.0
8.9% 8.3% 7. 1% 5. 7% , - Yok MRS B ¥ g 4y ey > 04 w2 B8
15.5% 13.6% .7.8% 9. 0% Al 4.0% , ¥y & i i (] b~ 0" L0 B0 26
Faster R-CNN 3 SSD & 1= YOLOv3 & 3E il YOLOv4 & 00" 2 %823
NI 54.9 29,7 14,5 12.2 ms, [t YOLOvSs BpgE o0 .00 918 -

CR-YOLOvS5s 89.3 95.8 10. 1

K1 ms,

CR-YOLOvSs B 4F YOLOvSs Bt 3Lal 5] A ConvNeXt V2 e fl Efficient Rep 4% , #8455 4R 1F
PEHCRE ST, P = B A SO IR A IORG B, (3 hn B e A R A0+ A0 A B, S P A A I s ] 5 5] A 361 2R
PR WIoU fE s FRAG I A50% , 4 i ~F- 240 I BeF ) 5 79 5 1T X 28980 CR-YOLOVS's 53032 (1) -S4 461 DU s ]
[t YOLOvSs Sk 1 ms, ZR-5 5 EPUEFICRIR ST 55 2K A [ 38 SF X4 0K B2 948 P 35k
D ) SR 2R SR FH CR-YOLOVSs B3k EA T8 1 A bR A A T B LA

3 e

1E YOLOvSs B 5Lal 5| A ConvNeXt V2 #iHeFl Efficient Rep %% , 43 M2 YOLOvSs 3T 4% Rif
iy FH AR i, B A R0 B S A\ B AP A, o J B2 DXCE o7 R AIE 9 28 S 4R AR AR At 3 AU IR AR 8 S SR
2% pR AL WIoU fiith YOLOvSs S il Sl B, JE i CR-YOLOvSs 53 , T BB FnF Sl BeeR 2846
TF e H Rl S 22 Fh SR A U T L 1

1) 4 Bl 36 45 5 22 B . CR-YOLOv5s 8. 7: 1 ConvNeXt V2 #idk 5 Efficient Rep 4% Af 42 55 73 [ 3% 1
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STHHG DUDRE B 4 (1, 812k PREC WloU T4 3 S50 R TS8O, TR 31 A ConvNeXt V2 #4 1 Efficient
Rep [9 £6 J5 X - S5 K6 000 Fsf 8] £ 520 o

2) SRR I KT LR B2 S ZE W : CR-YOLOVSs B3 /5 44 0] %6 5P B 46 IR FBE B30 | 5P B4 46 0 i ]
25 3 ANEARIIL T Faster R-CNN &3 SSD 474\ YOLOv3 475 YOLOv4 843k,

3) H T BRI RN 22 R A 4G I X FE AR 50 T 1, CR-YOLOvSs 83 B9 3 [ R [, YOLOvSs 8 1k 1k
5. 7% , - RrRG BE I (EIE A 4. 0% , PR IR A FE K 1.0 ms, 54575 IRBUE ANPRRA AT 55 25K |
A a1 P SRGINPRS BE (P R i 8] 25 P9 22, SR ) CR-YOLOvSs 8335 AT Bl 1 AR 2 A6 3 AL
{0
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Track fastener defect detection based on improved YOLOVvSs algorithm

ZHANG Xingsheng, RUAN Jiuhong™ , SHEN Benlan, LI Jincheng, HUA Chao

School of Rail Transportation, Shandong Jiaotong University, Jinan 250357, China

Abstract ; Aiming at the problems of high complexity of track fastener defects, serious impact on train safety,
and low efficiency of manual inspection, a track fastener defect detection algorithm based on computer vision is
proposed. Considering the characteristics of track fastener defects and the complex working environment during
detection, the ConvNeXt V2 module is used to replace the front-end C3 module of the YOLOvSs algorithm
backbone network, the Efficient Rep network is used to improve the back-end of the YOLOvSs algorithm
backbone network, and the WloU loss function with dynamic non-focusing mechanism is introduced to accelerate
the convergence speed of the YOLOvSs algorithm model, forming an improved YOLOvSs algorithm ( CR-
YOLOvS5s algorithm) to detect track fastener defect states. Ablation experiments and comparative experiments
with faster region-based convolutional neural networks( Faster R-CNN) algorithm, single shot multibox detector
(SSD) algorithm, YOLOv3 algorithm, and YOLOv4 algorithm are conducted. The experimental results show
that the recall rate of CR-YOLOvSs algorithm is 89. 3%, the average detection accuracy is 95. 8%, and the
average detection time is 10. 1 ms, all three indicators are superior to the other four algorithms. Compared with
the YOLOvSs algorithm, the CR-YOLOvSs algorithm improves the recall rate by 5. 7%, the average detection
accuracy by 4. 0%, and prolongs the average detection time by 1. 0 ms. Considering factors such as track
fastener state detection task requirements, recall rate, average detection accuracy, and average detection time,
the CR-YOLOvS5s algorithm is more advantageous for detecting track fastener defect states.

Keywords: track fastener; defect detection; YOLOvSs algorithm; ConvNeXt V2 module; Efficient Rep

network ; loss function WloU
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