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Research progress on visual detection methods for bolt/rivet faults
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Abstract: Bolts and rivets serve as essential fasteners in engineering applications, including transmission lines, railway transportation,
bridges, and aircraft. However, exposure to external environmental factors makes them susceptible to various faults, such as missing
pins, loose nuts, corrosion, and structural damage. Accurately detecting these faults is crucial for ensuring the safe and stable operation
of transmission lines, railway systems, aircraft, and other related infrastructures. Leveraging large-scale data, deep learning-based bolt
and rivet fault detection employs convolutional neural networks (CNNs) to automatically extract deep image features through hierarchical
learning. By optimizing network parameters, these methods enhance feature extraction and generalization capabilities, yielding superior
detection performance compared to traditional image processing techniques. This paper provides a comprehensive review of vision-based
bolt and rivet fault detection research over the past decade. It begins by outlining common fault characteristics and the challenges
associated with visual inspection. Next, deep learning-based detection approaches are categorized into three main types: two-stage
algorithms, one-stage algorithms, and cascaded detection models. The paper then explores visual fault detection methods in key
application scenarios, including line-type, box-type, and component-type bolts and rivets. Finally, it discusses challenges in machine
vision-based fault detection, such as dataset limitations, sample annotation, and small target detection. By integrating existing deep
learning technologies with the latest research advancements, this study presents an in-depth analysis of future development trends in deep
learning-based bolt and rivet fault detection.
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Fig.2 Improved Faster R-CNN based on dual attention mechanism
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Table 1 Research results on bolt/rivet fault detection based on two-stage detection algorithms
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Table 2 Research results on bolt/rivet fault detection based on one-stage detection algorithms
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JeHE TR s A R R BRI YOLOYS Tl A | 5 41 H]
YOLOvS $aH G 85 5T B 26 19 1 F SCIX 38, f Jim F1L
FRE 4 FEE N 2% (feature pyramid networks, FPN) oG]
Faster R-CNN X 7] 2% % 26 46 0 21) %) B & 1 X 3k 247485 %) 2
I R CR 2 43 28 AR TR A A T R S T ORG B ik 3
82. 8% , SILUERIRIAH LLAE = T 4. 8% , X ILEAR KRR
JE 20 5T TR~ >0 45 AR 1 R B[], T 4
TR,

HL RS G AR A AR SRR R AN B . RS /NG R
A5, R T SEBRATHA 5 Hh B A R AG T, B ek A R
T —FhHET SSD, YOLOV3 1Bk Ay HBAe: ik e kG I 2R 4, %
FGER O AN JF) , SE I SSD E v | BY B MR AR % 4
FAL, P38 o G R Sk B TR R B e 4 | B
FH YOLOv3 1A P A S e A | 3% 22 46 1T 38 8 T 6 AL
T L A S A A VA A R T3
T T IV A B I A T vk, e R B
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5 B M 4% ( congested scene recognition network
CSRNet) 25 5 5& T %% B 19 v FH 25 18] 2 2 ( density-based
spatial clustering of applications with noise, DBSCAN) &%
T AR B3 A P A B X R, P YOLOX X
SRR G T MR AR SRS I 3% 7 AR T T IR
> [ 25 AT Xk AN [ 246 2R MR A i e ) U1 BE T, G rp i A
YRR IR SR F) T 75. 7% , 5 FEMEREAL CSRNet AH HE4R
1 15.6% o O T SE BB R AL by LR JRE B A0k JEE B
W, AR A B T T 2 RS TS 1 A e s 2 Bk
R T3 2%, i i AT 4% EfficientDet 6710 H3 5 1) o5 e
AR IS FL R A6 I 3] A < HL B IR M DX IO
PEATER BT, A FH 5 9% EfficientDet 72 {37 H %M X I8 Y
JITA WA | i X ARG DN B ) MR AR AT A T R 28, S
B SR UE R 207 VR 2 S B 38 P 4R B A A ) A7
MRz —.

B 1R ARG I 50 0 20 10 S5 BRI A/ 490 T A 0
G AT IR R ARG I B30 32 5 1 S0 T B30 0 R AG ) R
/TR, % AR % @ i SSD 45 DeepLab v3 plus
IR AT e B fh o) T 5% WA S A I, 32 7 ¥ A AG DU
T (R A Sl B G DK 2 95. 9% ) FFAG I 32 2 (ke o A )
HEEIRF] 17. 9 fps) 710 HAT —E HRH; T R
HHE FCOS 5% 5 UNet 2005 S2 LR ET R B BEAS I , 1%
7 i FAT i BOARSD EB 25 (R k 99% ) R Sh LRI,
R TP A REALAR BE TR RO R T 5

LT o £ AR 20 TEG ) W R/ B T R ARG DN D7 VR A
FUBRASIN J5 ThT FL AT — 5 B DI 3, G i e A 00 8 228 T
PR AR S I 45 AR A 4% B R S 0 ]
B RGN 2 A [, HN R T S B ) BEOR
o 2% 3 RN T BE T K 10 4 AR (Y MR A B BT B AG:
W72 A AT R

®3 ETHEQNEZHZE/ METHEE TR R

Table 3 Research results on bolt/rivet fault detection based on the cascaded network models

. " . . ERELEA TR
ik I ¢4 KR SEY i ;g; GPU
Faster R-CNN+DCGAN
[28] e VGG 1+ 6 ’ S T R A A B 99% FF OB BB 1000  TensorFlow  RTX 2060
FET BARK I AN 4321 2 [ IR AR A (1 e s A T 2K

2 21 TensorFl TX 1
A L BRI 21, 5% i G A 00 TensorFlow  GTX 1080
[30] 22 FE B EEAG I ) &% 5 FasterR-CNN A Hb , 84T G 6 ) FHET AR BT R . TensorFlow TITAN XP

MGNet KEHRE T 8.8% AR PaddlePaddle
FasterR-CNN+Cascade FHET BRI RINRS BE IR F 81. 2% , 5 R R -
=L BT i 42 h sl
[31] R-CNN & Cascade R-CNN HIHAETHT 7. 8% BEETERIC BYETI 63 PyTorc Tesla V100
B RIS B IR 82. 8% , 5k e )
[32] YOLOv5+FasterR-CNN ;ﬁﬂiﬁ WAL T 4. 8% IEH AT B IEEEET 28 887 PyTorch GTX 2080Ti
) AR TS B F 5 el 750
[33] SSD+YOLOv3 S R Jﬁrgm LR TEH RS | BR MR A 3081 PyTorch ~ GTX 2080Ti
69.3% P& F] T 85.9%
3] CSRNL+YOLOX R B A IRE B 75. 7% , 5 3L FHET IRBE BHETERR 7 480 PoTorch GTX 1080Ti
e BOMM AR T 15. 6% WRRE 5 7 % e 1
- v g
[35]  EfficientDet+EfficientDet BB INHER A2 T 93.91% i;;: 51@2;@ 1 944 — —
R B A IDRS BE R 51 95. 9% ,

SD+Deepl ] CHUEAR R R A 2 T Fl TX 1080Ti
[8] SSD+DeepLab v3 plus K] 17,9 fps TEH RS BRI 3250 ensorFlow G 080Ti

[36] FCOS+UNet BRET B UM MERG RAE 99% LA I IEH B ET BT ET B 3 000 — —

3 HAINAiGS

it WA/ AV E T B AS D R A0, 2 T HIL L

0 B4 RGPS B AR 32 31 7 A R O i, PR kg ey 4] ]
HLAHL AL S LR AR/ BB T B 9 1 iR 30 2 5 AT T A
DURTERIAT TR, %8 73 32 B2 R SR 2k i S RS/ A5 T
R RIS/ BIET R P2 MR A B0 BT 3 1 R 5 A 00 5
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AT TS
3.1 ZRERUERe/ IIETHER
LSRR/ BV TS ARG T 0 K e B | ek
P Al ) B AN R SR DGR A R e, L i R R
YE R A Aty 7E 3 B — AU ) R ge & bt
TEH AL IR NS BOR | D B R AL R b
SEIHL I B8 A YU Bl B AG I kA i A IR I 5
AR g et v v T AR 58 T A0 A T XU R AR
R I D M e o th IR R BV P Bl S Tk ARl
B, PRI, o ARG 42 I | B s HE AT s i o R e | X 2 %
oetae it AR E L, 75 AN TR a8 IR W Ezh
T BT R IR L 2% 2] FOR AT A4 R h i e/
BVET R B A I A 5T
1) 7 e 0 535 fry MR/ OV Tl B )
Faster R-CNN SSD ,YOLO 4§ H A U 4535 7538 FH H
FrAsr AR AR 1 230 R A7 (A X F 52 2475 5 HIBAE (5 1
INFRRIE DR IR AT A 5T 3 LAY 2 2/ S0 T 240 b
FERFAEF IR 55 MUy =gt o A%/ B0 Tl R A DU RS 2
3SR G R R AE R T S AR 2R R Y A A B
WEEE b &, F — 20 32/ B bR R AR $2 BB
WS W FPN BRI T PinkPN, e A A
1 IE AR FR P 2 ( self-calibrated convolution network , SCNet)
WK ResNet FRAESEIN 2 (AR EAEFANE 6 TR ) , #F
W AR R A M 2% ( path aggregation network, PANet) I
R 1) i 4 ek 22 ROBERFIE R | B S 78 B @ Bl 4 (B9 %)
R Al /N AR ) BERIE T PinFPN BIL A
Rk

Ko HEIELMR

Fig. 6 Schematic illustration of self-calibrated convolutions

SR A Y 3 DX Il i 7 7 WL AN 22 R R
At Faster R-CNN, AR B AN (N BE 0% B o4 ) b 52 17
R a0 R ST AR R B R A, 1M HLA ]
DS Gt b FHAN [7) DA /N 1 MR | it v 0 2 R A G e
R oS B2, v o AR B T JE T Faster R-CNN Al
SVM SE R4 28 2% 2 B JF F1ES T St 2 A I 7 ik, S R H
Faster R-CNN K5 & (L 15T, il 1 24> SVM 432 ik
TTESETBRICAGIN 32 VA SE R T AR AT R B Bl

o R i X A PTG B A LA TR RS B R

PN B RR IR, TR G ) R R R E b e, Sl
FEAREEO T HERKE I YOLO 84k 51 L4 #] U-net
XU HR R P MR W G T 2 92 v ) MR A A R A
TUPKG BE RT3k 93. 5% , A BT Ry BRI, 1 T[]
BAAAE BFR AN 2.2 | H AR 22 BN R 502 2055
AT IR ) W BRAR 28 MR 03 2R 7 TE AN T G EL4E I
T 2B KB HAT S5 . PR i s U vh A7 A
RUSEAS T 43 ) 5, i ) 40 48 1 T — Ff 3 T NTS-Net
(navigator teacher scrutinizer network ) [ 2% HE 28 [ B2 44
PEZHRE D5 OB IR e 2 JE M oy R EE 4
PR A 2GR B T 84.5% , 5 T AlexNet, VGGI6,
ResNet18  ResNet34 55 73 28 J7 vEAH LU 42 05 13 10% ~
20% , {H 1% )7 ik 0 R I M BE 7R AR R BE b HORE T ie5 Jo
RS R AR

SR PR TR TESEAT H ARSI 22 B 15 5 A 56 T
EEZOE 575 & AN EHS W W v e = et = Sk iy vl R
R NE R L SR AN IS I S I 7 U A S
Zhao %5 HEH T BT SCHITRURNZE b J1 I 0 I A4 e
ZAREAETL B SE — 15 SR M 4% ((visual feature
and semantic knowledge network, VFSKnet) FIAR ¥ — o B
FIR M 4% (visual feature and position knowledge network
VFPKnet ) LA I AL, VFSKnet 2% > 1248 M B AR 25 2
] 5C2 , VEPKnet 42K 45 F 10 1Y AH0RLBERAAE , IZHE SR TE
P 28 R VLB 0 ) I3 I ARG K B2 430 3K 31 1 93, 91% il
83.29% , % EUEN] T REAR SR AR FE AR 2B 22 ) K
IR 22 /NG A8 ) T4 e MR 5 B RO AR R

] A 46 S T R G S I A SRR AR 2 R
Faster R-CNN #5571 S ] DBSCAN B 54560615 B,
PGB IR PR LY RAEARE, )5 T K 48512
PEATMEGIZHE , B Faster R-CNN A5 7Y () 24 54 o 46 1
KA ] T 83.9%, 5 JF 4R Faster R-CNN (71.9% ) |
YOLOv5(80. 1% ) AH LA 4 = T 12% F1 3. 8%

2] AR 3R T e 5 I 5 K I Transformer
(detection transformer, DETR) fill & B¢ M2 4 e i 46 1) 5
Rk BURE =WILIN L Y NS R (R et T
WIRLE . Ses MR DURE B3k S SR 45 T H AR il
AE B DX T RFNRFAE , 9800 15 A B T A, (L2 2R
S FITRA BN ERR , X B AR AR AR Al TR 1R 5 X
T Y AT 230 1) 8 T e 22 5K, o 25 S 00 kA T 12k i
TR,

2) T 55 W ETC W P R I T AR

WIMTERE JIPLH] 22 RBERHERLS o5 AR A5 SR s
SR R TR B ) S D P e A AT AT B, i F SR
P IO s B 7 ) 5 B AR RISk 2 5 B v R A/
BVET e B AG: DS

Zhao 2581 JL BRI v HI Faster R-CNN 45 4 38
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T H 3 5 R B 25 W 4% (automatic visual shape
clustering network, AVSCNet) , &5k 7 s,

7 AVSCNet 45245 Hy
Fig.7 Overview of AVSCNet

TENZRB B FH AL 6 T IR 3R 28 7 e A M 45 A5 8
JEIE i FRIER R AR RS RN R BOGER X Bl i Faster
R-CNN, 25 450 R (0 W% A ol 9 ke s A 00 G B2 3k 3] 17
71.4% , 5 Faster R-CNN AH AR 25 T 119 , {EJ2 HAG I
JEAUN Faster R-CNN #) 1/3, B ¥R 4 1 T3 T
DBSCN-FPN 503 By #5 £ B R AG I J5 3%, il i DBSCN 2R
AL PUR R eI FIIR G 3 FPN BB K %05 1
A AR A UK B2 S5 B T 74. 2% , 55 Faster R-CNN J&F
X 8 1) 4 4 LW 2% ( region-based fully convolutional
networks, R-FCN) ., 4= 4% 1 [ %% ( fully convolutional
networks, FCN) #H FL73 B2 E5 T 9% (8% 11 6%

FET A W B A TN ASE AR i R e g s A 5 2 K 1
PR 1, T B B AR G bR TE N T W I FE,
AR RS T 5 T el IX 8k 3R 2K 2% 3T (proposal
cluster learning, PCL) M7 ) 48 1 i 2 55 W /B A IN J7 5
M 22 S ] W 4 SR 3 AR 4 | AT 555 2T I
ZRES S M IE R L R TR 8 s B itk PCL A
R G PCL AR AR b 13 BV AT S B MR A% e 45
RGN, FRCOR B A G B A JIKG 82 (AT 31. 6% , {H )2 5 PCL
BERUAHELPRE 5 T 25. 6%

_________

]
SR YARG

8 ik PCL 4544
Fig. 8 Structure of improved PCL

g T Sk 583 M ARG A A A A B A I b A AR 1Y
RATA ) X AR S AR T — R 1 3 B N
2% PR ( self-adaptation weighted loss function, SAW) K

PCL #%!  SAW-PCL 45 #58 i:d 76 5 ¥ 2% h 5 il CBAM
PR ARG ANARAE , F R SAW 45125 sR B sh S AR
[) 2R I A 1 o 2] R B DT - 445 A ) 2 5 I A 1 4
MHERE

3 ) TR TR L R AR I T R TN T

ITAE Sk, [ 6 U 4% ( graph convolutional network ,
GCN) F 1] 45 B #h 4 ™ 4% ( gated graph neural network,
GONN) 7EARZ GURIUAS T 8 K, SR IE5 T
GGNN F4 2 7" 82 — 88 B OC B M1 1R (513, 38 5 Faster
R-CNN 256 HARSEI0 AR S0 T I8R5 e e 2% o0 2%, 3R
AN T S R i AR S R T B R AR R AT 42
(RS R TP URRAE AT 43 A A2 |

AR L2 5 O MG GON 2 ) S [l R S M8 22 i) f) 6
F PR T I T T S A AR A D v AR T
AR SR BT 55 RS AN T 43 RSN SP- i [ %
HERR R AN T 4 R SCIBE SC I, X iR S S Y R T 3
THRA B — 18 YO 2R AP 2 g B e G 7%
T GON AR AR B3t 1 an & 9 Fros i 3 25
PRI MRS D 265, 12 7 V5 R A5 AT A0kt it v WER e il o A T
PR 5, B 5 e A MUK 2 3R 31 93, 1%, 5 B AR Y
(Resnet-101 I 2 85% ) AHELER &5 T 8. 1% .

SRBAMSE ————————————————————
T [ I AN

e EE 4.4
Concat ; -
grxRE F RS §
L e T
Concat
AL o
senu-dun e

i'»ﬁ!%—»}g'ﬂm{

FIERE IR

BRI  RERERE

KO Sl IR AR e ) 2%

Fig.9 Dynamic graph knowledge reasoning network

s A 0 0 5 7 i P G R MR A/ O T B A
TR LASS , AR A S T RS T RS 1 U R 4y
HERAEHRTT 0 iR T REAS RUGBER | 20 B R AR 2 ) R
AR SR TR T AR O 26 R RetinaNet (195551
BREE RN 75 1% , RetinaNet 5905 52 BUEH §T 8RB A sl bR id:,
fe TN TRREEREA SR 2% ) B0 X i S > R T
BT R A MR A SRR 23277 ik, D R A I 2 AR TR
FEGFARAE T HOR SR RIS R I T YOLOVS 551 X
SRR 5 A MR A A I 7 0, S o AL RE A AR 42 11t
TR BRI B

TRIE A S HORT LR SRR S SRS v 4% 3 B 244
FH, A A TR AT R GE U3 4 B
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Table 4 Research results on bolt/rivet fault detection of line-type based on machine vision
ik el g 4 i H#r2di FEZE GPU mAP/%  FPS
[37] PinNet ( SCNet M Faster R-CNN) 5260 FHET B PyTorch GTX 2080Ti  72.5 5.3
X8R R AL AN 22 RO SRR e kA IE IR BRI B BYET
[38] 9752 B — GTX 1080 74.3 8.2
it Faster R-CNN Al MR H
[39] Faster R-CNN+SVM £ /32588 4 000 BEREAUCH: RS ET Caffe GTX 1070 97.5 —
[40] YOLO+U-net 2439 TEF IR b IR A TensorFlow  RTX 3090 93.5 —
[41] Al AZ I NTS-Net 2 000 B T M 6 2 PyTorch TITAN XP 84.5 —
[42] RFBDs ( VFSKnet+VFPKnet) 1 944 TE# IR 5 ARG — — 93.91  31.1
A s 5 BRI 29 5R 1) TEHURAR T 1A M I WA | . :
[43] 28 887 o PyTorch GTX 2080Ti  86.6 —
Faster R-CNN O RS R D i A

[44] flv A SE 56 41N A DETR 475 IEF RS AR BT R R — RTX 3090 70. 6 5.5
[45] H sh i HJE AVSCNet 1 840 IEH RS BT BR TensorFlow ~ TITAN XP 72.4 1.0
[46] DBSCAN-FPN 1 800 IE IR BRI A TensorFlow ~ GTX 1070 76.2 —
[47] ik PCL iR 1984 IEH R G R PyTorch TITAN XP 45 —
[48] SAW-PCL #i%+CBAM 1984 TEF IR BRI PyTorch TITAN XP 39.3 —
[49] Faster R-CNN+GGNN 510 6 JIRFRBRIH — GTX 1080Ti  63.56 —
[50] Resnet-101+ & 1R 38 4507 TEH B G IR A5 6 2 PyTorch GTX 1080Ti  92.86 —
[51]  Resnet-101+IKG S5H1 SCETHERL 2 474 IR R 13 25 PyTorch GTX 1080Ti  92.4 —
[53] He BT 9 45 + RetinaNet 1209 NNGES oW Keras RTX 2080 87.6 3.3
[54] W B+ A RNOMECHR 2 6 420 EH U84 LAY SRR B PyTorch — 89.28 —
[55] et YOLOVS+i8 SCARH il 1 864 I MRS A PyTorch RTX 4060 87.0 —

3.2 AR SRR

FEVRSUE AL/ BVET T3z 1o ) 22 3852 i S5 A 25 i R
PR, WA WA L Bl A AR R X — 2R S RAR
o BREEAE MR ER AC I 1Y B A R 2 — e R R &
TF R A E By s R )52 R R e, A R
BRIz AR EOZ AR R 2 TS W b A AL AL
RGBS A 07 0 Bk B A DN 114 15 22 O T, AR B B 408 4T
TR B 25 RS G 22 45 (trouble of moving freight detection
system, TFDS) . 24 1 fi# ke TFDS vl Rl i A TG A7 3L
AT AR, S s ARG 4R T I AL SRR AL B
WA B AGL I 7 ¥, ST ) AR A DG C 5 A 0 7 MR A %
R DX, T A 0 B A Y JR i = B 555 (local ternary
pattern, LTP ) $& B2 A8 Jr) FRFAE | S5 1 ] 34 1] B2 L
('support vector machine, SVM ) 73 28 £ i 17 88 44 i [ 43
20T ST IR A 1 Sl A U ) A
FIRF T 90. 88% , (HIRALGE KIS AL BT v 2 K& B it 5
RS N 7

A TFDS BRI S AR s or, Bk 7=
T YOLOV3 BUIES & VGG16 4321 e i 51 ZE AR MR 42
WSR3 SR 4 Jm P24 AR A 4 e 4 R AR A BT

Ak VGG16, By (A B RIS B TR 81 T 97.29%
SRR ML VGG16 H LG, HAGISCR LS T 63% .

RN S i IR RS TN AR R AR
REAE Bl B, R S BB E AR R R R 2 B AR W U,
W N PR T TR A 2T 1 B0 4 AL 1) 4R 1
BREASHIN 73 | LA YOLOVT A A3k AR R 538 44 2 407,
B AlexNet ,VGG16 Inception-Resnet-v2 . Resnet-50 43
L HEA IR AR S8 40 2 R FH A A 1 ) i 2 R
Ransac 5 270 H 7 G AT W0 AR & B 2O A e T
IR S P — ARG AR IS T

B T e i —Fp E B B BT, T
B TR LR CATER e i A 4, X 15 4 5 4k
P A Gy A A NP 2 B R M I A ) R
FRRF R T B TR 25 2 B VET 1 LB e A4S I
5, FIF ResNet il DenseNet F-86 5 2 INsR 4R R B 42 H
FRhE . B IihaE O S T I T2t Mask R-CNN 40
ETZIL0 R R 7 12, Mask R-CNN B JEASHE 22 4 1&] 10
ST 38 A T R st AL ) N 2 SR M X 3 T 1
Ak Mask R-CNN | B 455 750 i) 28 3 {5 1) v i R A 2] T
87.5% , 551G Mask R-CNN #H L4 T3 34% .
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Faster R-CNN

»

| ROTalR i [ e
Sehs

10 Mask R-CNN FyJEARAEZL
Fig. 10 Basic architecture of Mask R-CNN
SR R VAT I BREAG: TDRS JBE AN KR R i T S
T U-net++ 9 25 A58 10 904 Tl B 4 D 5 92, o
U-net++15j ResNet 5% 22 9 2% #E A7 Rl 15 o T4 ) £ URFAIE
F R AL T Mask R-CNN B | 2 A5 78 fry e s A i 74
TR T 10. 6% ,HAGIHEE AR T 14. 3 fps,

x5

LTRSS MEAR/ BVET 10 55 A I A7 HAL TR 2
M T E A T R T Faster R-CNN (8147 ik
BREAGHIN J592% , 2% D7 1 1 G A UK B A B T 93.9% 5
A4 R T BT Faster R-CNN FIBCH#E CPN 4405%
AU 2 A R I 0 | SR T RS & Bh LIRS i
e T e Bl ARG T 5 2= S WA B T 3T DETR 5
SimAM {4 5 S ML 25 A i B R vk, A kR i T
AN E ARG INRG B 5 IR 5 T R A B vk 2 R
o T 3 2H TR HE S B E YOLOVS , S 3R 1 8L 455 o il s
TR ORI 5 A A 4L 4R T LT SSD-YOLO f B2 4k
BRI Bl 4L KB IR AL T 5%

25 G T ML OLE ARG I )5 ik A A AR AR AR 4T
W e R FH AT IR

E TSR A K e/ METHUR R TAH T AR

Table 5 Research results on bolt/rivet fault detection of box-type based on machine vision

SCHk A Blla g/ e EEae sl HEZR GPU mAP/%  FPS
[56] MIRICHECH AR+ H &M LTP 5F+SVM 30 000 TEH R TR A — — 90. 88 —
[57] YOLOV3+VGG16 13 239 [F AR | Bl MR A S PyTorch GTX 1060 97.29 27.8
[58] YOLOv7+43 2 [ 4% 589 43 DERAEZEHN 12 AN EREZES] PyTorch RTX 3070 77.1 20.0
[59]  ResNet fil DenseNet F-IE () CNN #57 1 500 IR P& HL MBT BT TensorFlow — 95.56 —
[60] Mask R-CNN 85 BT R B R BT — — 87.5 —
[61] U-net++ 300 ﬁ[_ﬁjﬁ% ‘W_ﬁ R PyTorch RTX 2060 — 14.3
S HINRISSHIPIE Nk &
[62] Faster R-CNN 4321 I B Bty S48 il TensorFlow  RTX 2080 93.9 —
FFERY 5 6 SSBRpA
[10] Faster R-CNN+i#f CPN 280 uzs K sh il b i 8 Ae PyTorch RTX 3090 81.5 —
[63] DETR+SimAM 2 300 B A I B 5 PyTorch RTX 2080Ti  97.12  25.4
[64] etk YOLOvS 15 275 B g A PyTorch RTX 4060 86. 1 12.2
[65] SSD+YOLOv5 1 760 il 20 R AR W PyTorch RTX 3090 98.3 89

3.3 ISR/ HIETE R

PR B ET VR SRy BAR TR 0% rh A ] By
SR, T R ORI A AR S R it AU, AR
% AR RSO R

TE TR FATUR W848 i TAVEPERE (3 3h 4 B i
) SRR R AR R, N T S PR AR A
B SCHPRI , Cha %5V #2 H T 25T Hough A5 4 A1 SVM A
S RO SERERA S BE RS I 3, St T AR 4R 0 R
T4 2% Mk PSR 1 Hough 75445 HUHE R S bl s R AIE
eSSk SVM 43 2348 X /A sl R FAE 5 I8 AR: | 2207 7k
PRV REAR AR SHAFUI B R 3k 95% , A AR M WL &R 48
o AR ZE R BEAR A I A R T SR [ £
FRITHZUR 5 P4 PR 1) SRR P S ARG, Lo 2517 4R T —Fh
FET MG I 1E FR 75 22 A E A W8 Sl AG I 0 32, %0 9

AT DAEE T30 A R £ 50X g BB P11 L o g A
HERT B AE, A 250 P Y 1 22 i B MR R A 3 DL
BRSBTS R R A 1 R AR A B
RGN 7 ik 3 3 R A [ 6 2B O MR A A8 ) 7 45 5 [
E U AR A E MR AR T B A B, S T R A A SR A
PR R FA Sl Y BTSN | Shy 22 b 2 MR A TR K b B A
ML T HAR S

IR GE G A BT T VR AR A B I AR I A 3N
R ZACRE I SE I T, 5 IR ) T AR LS A AE I
ARIE o R AR A SIS (158 BB AL K-, 57 s 25
P TR TR BE A 2 L e RG AL BRARSS & 1) B 1 A
FABIRGIN 5325, Je R YOLOVS 15 i AG: I %5 50 30k 47
WEURR: S A7 R BE A SC B A R I, 3B A Voronoi ] 4328
O FUVETHE | fie/ > 3 12 4005 375 1020 48 55 ) IR R A 2 5



154 f# £ ¥

a6t

G /NSINTYiReS i FORONIALE ST SR DA R F AL ¥
FAS, MR T T IR A SRS I A Sh LR

NTE B 0 Bk B R 5 B R Y R R A
TR JERCTR A5 70" i — ol 35 T TR B 2 2 (1 MR e 2 A )
TR 12 R ETME (5 ZEBUZR 5 )22
2 AN ) A 3T S R R T E RN 7S (R R )
D0 26 LA g 4R AR A DI M R R L2 5 T Y
MBS B RS VB 2R S 3 94, 9% A BRI Z 2L TR
ST AR A T 3 S b e )N (E AR AR (Y 1)1 e
WA R, WRESE TR TRTAEED
L5 A0 5 8] )3 (self attention mechanism and center
point regression, SACPR ) S A4 GR84S ML Al 7 v
L R IR ARG B2 5 RetinaNet 532 AHUT , (H &

HCHEPH 2 RetinaNet 1Y 5.6 5, X057 32 H1 T iE X
Iy EI AR A 45 R 45 5 0 R A A Bl i B A I O 125, DA
DeepLabv3 HVENAAEHEEL M 2% ResNet18 1E N H 7] 2% , 12
RN BIRINE R R AE 95% LA b Aot ™ R T RT
YOLOV5 1 I 3 W #4859 1 22 14 7 0 W 4% S B T 4k % M
TREN R e T BB REAG I, TR VIE AR AL 5 A E Rk
I IHLE LA S ) 4 I A 2 A R i FUAE
52K RESC TS II0 A RS 0 Sk ACHE YOLOVS , 30 A5 780 ity %
B R R 3K 51 92. 6% , 5 TR AR YOLOvS i tb 8
T A3 AR AR T SR TS /N B R
R0 AR 2 BRI X A ) 7T

6 Giit T ALAS LRI Ty AR S iR AT
A G v 7 FH B LR

&6 ETHRMEHMMELBEE/ METHERF MR
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