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Abstract: Efficient and accurate detection of foreign object intrusion on transmission lines based on UAV aerial images
and deep learning algorithms enables rapid identification of potential safety hazards, thereby improving the lean operation
and maintenance capability of power grids. The research progress of deep learning-based foreign object intrusion detec-
tion methods for transmission lines using UAV aerial images was reviewed. First, deep learning-based foreign object de-
tection methods for UAV aerial images were systematically reviewed from four dimensions: Faster R-CNN, SSD, the
YOLO series algorithms, and other derivative algorithms. Second, an improved model for UAV aerial image-based for-
eign object intrusion detection in transmission lines was elaborated. It illustrated the application strategies and perfor-
mance optimization effects of core technologies in detection tasks, including attention mechanisms, multi-scale feature fu-
sion, and lightweight networks. Subsequently, the DETR-based foreign object detection models built on the vanilla Trans-
former architecture were investigated, as well as large Transformer models tailored for the power industry and their engi-

neering applications. Finally, in view of the current challenges in UAV aerial image-based intelligent foreign object detec-
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tion for transmission lines, future research prospects were proposed.

Key words: transmission line, electrical inspection, UAV aerial image, deep learning, foreign object detection
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9.7%-+ 5.9%- 2.5% F13.8%. CHR[44]82H T T
CenterNet £ B (1) %y 1 28 % =2 N S5 W0 46 0 77 74
CenterNet B B E T % 4%, SRR IS 2
7 96%, AT Faster R-CNN (92.1%). SSD (91.9%)-
FCOS (95.7%)+ YOLOX (95.8%) %& 3= JiiAa il 5
%, AT AN RE AT R 2R B S2 T ROR S % .
AL, A FE R 73T U FIEER
LR ERAZ N SR I i, WSCRR[4S 3 H T2 T
U-Net 7L L6 UK 330510, SCRR[46)3H T
BT 503 U-Net FH G2 AR 150 F 2% 2% 78 J e FE A
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H

M7 SCER[ATIHE T 28 T 54 43 1 55097 Mask-
RCNN )4 HL 28 2% By M I 77 . SCHR[48]4 H
TR TR 404k Mask-RCNN [1) % HE 28 B U5 B i A
MT7v%. SCHR[49T#R 1 B H bRk FE Al Al & H br
K YOLOX F1iE X 43 % DeepLabv3+ 1] i H1 45 %
RN T7E, BAR] 3 — 20 2% M 5Tk

3R R BT i G B AR N S R N R
HEXTEE W 1,

3 MR R IR\ SN YR 3 5] et
RE R AL SRR

B P G B 2 4 B R R X DR B PO R 5 R A
YARGEIBAT R REE . IR ST A

H S H T4 A B RN SRR 5%, B TR AL
A IR A S MR A R R PEOE HER A, &
JR A FL 2 % RS B ARG, 2R G RS AR R 1) S B AR X
W N, W E BRI, 2 RER
fERNE . BRI ET I, AR RE S S B k4T
SO S, DA T L R B AR N e s U 12 R
3.1 ETEENDIGIERNR SRR
FERJIWLHIA U 8 W 2% B 5 ) 3R — 4
PO R, DBl B 77 2UAE 50 V7 &% iR X
358 1) [) B A0 ) AN A SR B IX . — LB AT AT R
TR ST HLA 51 ONRRAE £ H) 2% BOCRE FIE R B 1 2%
T BCE AR R N R I ROR . B
VER JIBEEL (convolutional block attention module,

*1 ARERERBERENREN DA

ik % i H bx LIRS 5/ B 25 PEREXT L
SCHR[27] Faster R-CNN + ROI {23 L) oA 82.51% 5 Faster R-CNN(78.29%) # b #2781 T 4.22%
SCHR[28] Faster R-CNN + ROI AL Z TR0 89.93% AL Faster R-CNN(89.12%) 2 1 0.81%
TCHR[29] Faster R-CNN +¥ 4 1 58 5§ 96.22% AR %
SCHR[31] MobileNet-SSD 551 RN 89% JZ AT /& Faster R-CNN (1) 58 1% . VGG-SSD [ 5 i
, N 5 YOLOV3(65.2%) 1 SSD(69.5%) HEAHLL , #EWfR 2 B T 17%
{[32] MobileNetv3-SSD 2R78Y 2.19
SCHR[32] MobileNetv3-SS MR UK 82.1% H12%
. X . ) ¢ Faster R-CNN(87.4%) .SSD(77.2%) FlJ5i 4 YOLOV3(83.2%) 53 )
HR[33] YOLOV3 + 10 A L=SE 27 88.1%
SCHR[33] V3 -+ E )14 FHE KRN Se=2Y/] b FLF 0.7% . 10.9% F14.9%
- K6 K5 FE AL F Faster R-CNN(95.47%) . SSD (85.87% ) 11 YOLOV5
Hk[34] YOLOv7 + SPD C B8 B 95.98¢
CHR[34] v onv 58 B % (90.97%)
IS A8 T Cascade R-CNN(67.7%) . YOLOV5(61.6%) . YOLOv7
k[35] TFD-YOLOv8 B8 B 73.2%
SLR(33) v SR BHEY ° (67.6%) I YOLOV8(66.5%)
, ’ IS B2 A8 T Faster R-CNN(93.7%) .SSD(88.3%) . YOLOV5(93.7%)
k[36] YOLO-PowerLit i 94.29
SCHK[36] YOLO-PowerLite S & A YOLOV7-tiny (90%)
. K A5 P T CenterNet(61.3%) .SSD(90.4%) . YOLOV5(91.3%) il
#k[37] CFG-YOLOVS =3 97.6°
R3] ven e % YOLOV8(96.6%)
R r—j‘/E 1=} XXé = A+ ﬁ N .
ICHR[38) i;;qﬁﬁxl‘l e RERLARAR 195 B 95.88% .+ Faster R-CNN(93.09%) .SSD(85.2%) F1E#E YOLOV3(92.6%)
il=g
HR[39] e Efk TATLNet KIY Lk 94.68% 11T MobileNet(88.35%) F11 ShuffleNet (83.65%)
SCHR[40] RN 45 B 98.3% 8T AlexNet(76.3%) Fl GoogLeNet(85.6%)
CHR[41] RetinaNet 5 94.1% 1T Faster R-CNN(90.2%) .SSD(89.3%) A1 YOLOV3 (88.5%)
T Faster R-CNN(81.9%) .RetinaNet(80.9%) . YOLOV3 (73.8%) Al
4ik[42] PSTL-Net 98 84.8%
ik(42] ¢ W ° YOLOV7(81.4%)
, 5 Faster R-CNN(80.4%) .SSD(84.2%) . YOLOV5(87.6% ) RetinaNet
R[43] 55 B HT R B 90.1% o
R3] BB BRI ’ (86.3%)HIEL , 43 475 T 9.7%.5.9%2.5% i1 3.8%
. L NCVALI s I F Faster R-CNN(92.1%) .SSD(91.9%) .FCOS(95.7%) . YOLOX
Hk[44] CenterNet s 96% e s s
k(44 CenterNe S E AR 0 (95.8%) 8 7K 5
CHR[45] U-Net TR UK 95.73% Iy ERE LT DeepLabV3+(93.71%) . Vit(95.87%) Al Ocrnet(94.23%)
SCHR[46] Btk U-Net it T4 4 85% 5 U-Net(79%) #I LLHE 1 T 6%
CHik[47] Mask R-CNN it T 249 91% 1T Faster R-CNN(89%) 1 YOLOv3(81%)
SCHik[48] Fine Mask R-CNN W 90.9% T Faster R-CNN(83%) \RetinaNet(78.2%) #ll Mask R-CNN(87.8%)
, LT YOLOV5(91.53%) . YOLOV8(89.07%) . YOLOX(91.85%) il RT-
YHR[49] YOLOX + DeepLabv3+ & LB 92.9% e v & v & %

DETR(91.46%)
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CBAM) JZVEE HLHIFARR, Bz mA&E
I = F X 4 DLER T ks i R, 2 Skt
K6 Fn.

%T 5%t Faster R-CNN 5575 7 % 1 28 8% /) B b 5+
WA ) H AR AIE B B A2 ARG 0K i AR 1 )
SCHR[SOTH CBAM R NRFIEFEH M 2% ResNetS0 (1) %
HRES, BB SER N, AR 4
KENEWK ETXEE, SGlA (ResNet50-
CBAM) 15 SR EEEYIR IR BE 73 A 2] T 87.2%
72.2%, 5 J54f Faster R-CNN (ResNet50) AHLL,
I AR E T 4.6% F 4.9%. TE YOLOVS HEZE i,
SCHR[S1TFE 3 F M 48 1) SPP AL H 5 78 I CBAM LA#R
FHEFAESEECRE 77, SO R I F 2R B 7 M B i
IS B2 I 90% $2TH 2 92.2%. 41%F YOLOX A5 7%!,
HR[S2ITE Z AN SURFIE)Z  (80x80. 40%x40. 20x20)
IR A CBAM, W] 7E U1 5 T 4538 0 A BRI A
PR, B AR IRS B B 85.67% HE T &2 86.04% .
N T AP YOLOV3 #5884 78 34T 3% 2 5 1R 2 5 1IE
A G NAS K CHFAEAS S )8,  SCHR[S3]3H T

BTV B IRHIE Rl P25 11 B AR R P 2 A . 7R
YOLOV3 R Rl 1 2% 1) _ERpe i f hidsin 17 —A
EREIFHERE M2, WE 7 Fos, 8 mEEAK s
PR ZRE R SRR RHER, DR EA AR
TR RS E . 5 YOLOV3 M HAUM L, 2k
AR AR [0 1 SRS I A B 2R AORG B 2l = 1 1.15%
F14.65%. CBAM A Bl T 5 A0 A5 BLRFAIE LA fE
RGNS IR PR . PRARHE R, X
DA SHE AT 0 K P 5 S IR 75 R

R R CBAM 41, BF 50 # ikl il B A
B U By A — AR TR RS B, JEX A
(AT WU EE 248 P AR 1 S B R G R N - SCHR[5417E YO-
LOVS5 (1) FPN 4 #4 1 5] X SimAM [H ¥4 & /i,
AEETCEANZ BT A I DR 5t B AR X IR FIEAL
. SCHR[SS]EE YOLOVT XU ) AL 46 5 55 10X 2%
BN T BRIRAER IHLHIEEE (mixed model of
self-attention and convolution, ACmix), J: #8598l
HEERIISERMMS, Hemie R s R
THEHL. CHR[44] LA CenterNet HE 2L N &4k, [F] D

@) sigmoidiz®
&) T EHR
(OF L

ok IEE; %) iil
REhitite

SAMZ [B]FE R S AL

i \FHER]

IR |

T

Kbt
=D —

\5_.

it

- >@®—»

e
B S U

CAMIEIE R I HLE

6 CBAM M4 451

H

R ZRHEE S AL,

s
HIZAHE

v

L

HRIEFHEE]

Fil S RPAE IR

K7 R IRHIE R A 2%
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AR 8%

5l N\ RIEE = /1 (efficient channel attention,
ECA) ML FI R R Bk 2213 B 1 RR R & (same-
scale residual attention feature fusion, SRAFF) #&it,
HrP ECA BLI DA — 4 38 38 52 1.7 205 I = R AR
B H &N R, SHE SRRl TR g
BBEER, SRAFF AU AE [A] RO RFAE 24 FE 51N
PRE R GIER AL, A W R AR Rl & 1 F
FA5 B ZE IR A F.  SCHR[56-58]7E YOLO ¥ 4% 1% U
i E] NE K HER /) (Swin Transformer) 158 4F
TEFRE M4, ST DR 5 R4 B )
38, R0H SR 2R 37 B H bR o S
KIGHTE F1E UE R, TRFh TGN 25K PR
WA IR RE ST HIANE

WAL I A AR S S P E e S R N E T
FLARE SR 7y, EACTR S R ER I, REAS A R0
e H 0 AR S e BT E RIS B, TSR B
() B AR e o AH R VE R ML 75 2 A %L
e &N TC R Z RAH M, DURA E T IR,
A5 400 R RS B 40 5 5 A B I S AR I TH SRR AR B
e A A A TC AL R 1S brig s, R
B A B0 VER 32/ B AR A g9 HRFAE, S IETC RS
B RPN B RS AR IR EEAS R . (HAZAL
HfEB AT A P TR R KR RS, THRITH
fiiE . JCHAEAL B R G 8dE . ERERAZE
F SRR SS I, THE AR 2 K E BT, HERL
T 2 T0 AL AT 0 B 7R A A, 5 SN A SR AR K
32 ETZREfFHERMENRIENIRE

2 RPERFILRL & R THEN AL 5 PR A P40
HIH R, B AR Bl AR R R RHE S B LA
RIHERERE . REFHER A& FEHEER,
MEEREEAREEZHNELR, B EeT
P& A 2% G5 M PT SE I —3 AA RS . B AHL A
K2 mitmE . RS aEsem, 9 H B RE
ZREE, PHEHRGEE, BEREFERNEET
BE. Nik, BT 2 RERHERL& B4, 7
SRR AE SR B 35 . FPN S5 M etk o XUR B 4% Bk
o) 4 B AR O R R R AT Ok, A RERTE T R R
R R

1t Faster R-CNNAEZL 1, SCHR[S91R H 2 U8
FHEE 51830 & P EHR X I, Al A
ERAGEREE NS5 B A I O CRUUE BN
77.83% $& Tt 2 88.68%, &ML IEAT 2IW] 2 5
RRAGE I 22 PR FERRAE B 5 0 3 ) S R T

e, ARTRRAE 4 FIEm A B kT s f etk . &
Xof i P 2R % S H bR ARSI R 5K, SCHR[60]7E Mask
R-CNN f 3£l I, FIFH FPN $2H0 2 R EERRAE, IF
FINA R B ERE R 2 RERIERE, B
ERTHNE AR RE ST, EMK . TR H R
FL R FEFR T 1.4% . Sy SEILRS A B 5 3 B 1 3%
1, SCHA[61132H T 3 F XU YOLOV3 45 455 71
(1 5 AT vk, FORTIIAE S an 1] 8 Biro, SR FH
AN YOLOV3 WX 25 A5 72 o 00U PR a3t 47 2% BB A N
FHLG B R, A DU HE 2T 5.7%,  AGIi%
FEFR T 2.1 FPS, 75 A I SIS P 554G I 14 A6 ) B A3
FEARSPT o XU 265 I 2L R R T T ARG
&, (HAERVEAR SRR 5 5 TUR A AiTsE

-
- ;@Ag M%-,%Rt>
- YOT)\G &

]
i

K8 XU R IIHESE

Xt Je AHUA A G g 2R 8 /N B bR 4018
AIHER R AR A% O s, WF T ISR E S H
WL LA IR BT 78 S EORILE T T
JewtIT, ARERA TN EbR R IEE )T, AR
YOLOV3HEZE R, Hff 5035 it 5] N\ Dense-Net SZH
RRAER E R E R SRt E, T8 R P S 2 5 R AR
SCHR[62]'FF Dense-Net H#: N FRFAEFEHU R 25 B4 — 2,
SRR, (EXEE . S8 TS
S VR A RN 87.5% R T & 96%.  SCHR[6314
Dense-Net 8 il T = RUEAG I Sk, T4 H AR5 %
RN, A SRR RS B PR T & 95.54%, BRI
YOLOV3 #2151 1.72%. 55 423 45 45 10 23 /Mg 3 s
M HIHEE, WAL S0 A7
— I . AN} RetinaNet £ 78 % 4 B 28 #% /N H b5
SEPVRIEFZ IR A 78 5 B ), SCiR[64]3@ it 7E FPN
SRR P2RHES, BAE R LBz B,
19 BURG RS FE 3R TF 42 90.2%, % 1 ResNet50 42 15
0.6%. Hri P2 FF{E = B AR IR B B 23k 24071, (H
SIEINFHIER G 7 X 512 H 2. 7£ YOLOVT 2244
W, SRR [65]38 i =S ) B PR G AL (spatial-to-
depth convolution, SPD-Conv) i A\ ELAN e,
FEE AL IR AL B S BRI, DR Tt

iR
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K HER BB S/ Bbs e rfiite e, Homyke
RS FEIA 3] 92.2%, FHE T YOLOv7. YOLOVS.
Faster R-CNN. CenterNet &5 3 Jfi #55 %Y #4) 45 & Z 40
#, PTHIEE N 1.1%~8.28%. SPD-Conv 5 ELAN
P25 & BRI /N B ARFHIESE AR, (AR
B R—ETEIUR.

Z R PERFIERRLA T R A 48 1R 218 SURFIE 5 7%
JZAHTRHE, AT AL R EEER,
AT TEANE N0 5 N HIRIIRG S e
PEo ZONEAEEH BRI 2 RS R
hBES5EHEITH, AERENTEER, Bk
KGR EBUR, 5ZWEERETH, mz/NER
VIREA D> BRiERAE, B85 HILE LA, 2R
1B 2 BRI
3.3 ETREUMEH SN R

S E A P B R PR R N R D R R R
Al AREMAETTHEEMMEIR . REFE]
LAY i B A T A S 7 Sk o Y 4 5 R
L& TP 2 558 e 4 DAIIL AT Rl 2 9 245 Sy ik
fill, AR BOAG . RNIRERIE. R, 4R
BUEF BSR4 . BRI ZBE T M
WX 28 R Sk &, SR FH MobileNet. SqueezeNet.
ShuffleNet. GhostNet 255 Ak 3= T, 5 AR
AR (depthwise separable convolution, DSC)+
B ER T EMMS SR BAT, fXTiE
A2 N SR I (0 e AT A A G PR, B T
T2 RAET RSN S, @ik b B 25
EH MRS, (E4ERER IR R R AT 5 R B S B
R

R T PR B RS R L R K AR
RN SRR L g A R B, SCHR[66] 42 H T T
4% 51k Faster R-CNN ) % Hi 28 4% 1A B AG I 7
%, FIHBEN ZFNet NI ZRERL, 1958 H brkr
TEFRELRE /7, W E. 4T, BRI HARR
) Y Ay R RDAG WNE FF B 2 A T Faster R-CNN. SSD
FYOLOBR!, (HRMEERZALRESIA 2. SCHR[67]
P T RETULEERE (YOLOV3) [HH s LR
SR, DUR B ECA R 1ML gt 11
MobileNetv3 /3T %%, MobileNetv3-YOLOV3 ¥
EERISIIL T IS, B SERW. Lk ERE
LIRS RER, ZAE KN R 23.6 MB,
R H H AR URRS R FE #E0L T- MobileNet-SSD
FTYOLOVSs, {H 2% % 84040 1171y B A I 2R

RAE. SCHR[68]HE H T —Fh kgt YOLOV3 [1%i Hi 2k
AR NFYIR AT, MobileNetv2 BUAL Darknet-53
VENET ML, F5KFH DSCAC B A 3k k9 4% (1)
3x34E/, 5 YOLOv3. YOLOv4-tiny f1 YOLOvSs
FHEG, 2t YOLOV3 A5 28 2 AT 45 /N i 455 B R T
(27 MB) AVECPR () ar i T 52, SIZBIL T 0 ek 2 A
K FE A RCP, (R 529 50 R 1970 B An A il
RORA PR N T FERA SR 4 2k 2% B
Yy, SCHR[69]4E H T % T % &1k YOLOvV4-EDAM
(YOLOV4 with embedded dual attention mechanism)
RS (1) S P ksr W 77 9, A FH R N 5% 6 Ul D) 2%
(squeeze-and-excitation network, SENet) ] Mo-
bileNetv2 f£ & CSPDarkNet53 4 /iF JE B/ 4%, 3 i
DSC fX & SPP 1 PANet #5 Ht o (¥ 45 #fE 5 A1,
CBAM {#% A\ SPP fll PANet f5 5t #, YOLOv4-EDAM
W28 S5 R AN 9 FTam o 1258 8L B A A5 A U A R
g EMS R KE, SERERY, HRURai
WP =K 96.71%, K R 45 FPS,  BE2i 2
SERF RIS o (R R 78 BRI GRS
BRI, Hoo S A /N B bR A 25 R AT 4 T
A

BT R 22 BRI 8 AR A e L A
18, M LLEE TN S BE4 1 H 8E,  SCHR[70]
FE T FH T A 2 e A B BB S AR I ) R R Ak
YOLOV5s 28 #5 AL, Z B K/ MUA 144 MB, H
6 D3 FE v T 200 FPS, BEWS S P TREZE40 . 0
K S R PSS I, AE AR AT T
/NEFRETIRE S, X 4 SRR 437 55 13 R
WY, MimsI B IR . SCER[71]16 YOLOVSs
WA R B E AN L, SEEL T 4R 2k % L S 8
B zhtaill, Horb & SRS XS] T 92.1%, HAx
W N33.9FPS, 5 YOLOV3 (232FPS) #1YOLOXs
(31.1 FPS) #HLLAr IR T 10.7 FPS #12.8 FPS, {H
FEAEANFEDCHRSEAT . 1A B AR S5 5L bR B
M, B IPERE 2 R R . SCHk[72]
PEH T — R G YOLOVS F % HL 28 B 42 N\ S P A6
MJ53, 5] N RepConv 45 ¥ 24 il /b 1 55 B A1l
PWAZTHFE, 1E 3T P4 FURRAE il A 9 2% Fh fik N C2F
ghy, RIS R IS FE AR B . SR 4
R, AR (A I B ik 258 FPS, Hi
YIRG IR BE 3L 3 T 96.9%, AHE T JF A YOLOVS #2
F T 22%. HEBRXNEEMN, NRS R
M FAT A BT 23 0] o Sy 7 PR AE A R 531 T8 AL
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MobileNet

v2

19 YOLOv4-EDAM W 2% 45

WA AR S 8, SCRR[73]92 T2 T YO-
LOv4 [ % Fi 28 B b & 3R 5 U5 vk, 18 L 7F CSP-
DarkNet53 #1 5] A DSC #& m A U A R 5, FFAEAS
NSk I 25 v i SPP ASEER DL =y /0y B A s il A
CAC g 5T 2R P 1 S8R U Y i 2 08 F) 91.38%, A Ik
J%°h 39.24 FPS. 25 A K I 7 f 2 R0 i, et
YOLOV4 15 5 e 1 5 SLRG I v A 2 AR ¥ 38 BT
B, FHEAR M G T Faster R-CNN. SSD £ YO-
LOvVS. AR B R L, MLUERRE )
ALK

B iE E L IO RS ERR
WEREH, ARFEBA R, ERAZR%
PER, XBBAET SR, WIS
Ay ERIMARCTE G, 0 3E T AWK R
ko MR HI S RESREAE /1, i
RIRNEG, HADEAR., BHHE . HiRnER%y
SRR ZE, Rl AR, AL
iz B Ak A S A

g LT, RN 2 RERMEmA 55
EALPI2% 3 8 F o g, AN [R] 4E o i
PRAE FELLZR AN SRS I R LA =T
H & M ST SR SCEE B bR DX ISR R B 5
Z RS RHIERLA Re8 S B IRIRZRHEE B, &R
R EG H bR R RS B2 KRN/ B AR 5 e s s 8
AL N LR ST A% O, PRI A1

G AT B S S HERLRE )y AN [ S5O SR
Rt sk i J& I S AR 2. R 3 Jeon T8 TIRE
5 2 SR I i 2R B AR N SR A U T R

4 Transformer X KI&EBIZEE gEiA YN F

Transformer 1% 4 F 2017 4F B Google [ BA 7
“Attention Is All You Need” —3CH B REEH . 145
HPLEFEE IV NZ G, T THESIE R E W
2% (recurrent neural network, RNN) 1 CNN f{ #i
AR R S LS DURHE M RIBR ,  REA5 5L
o NECHEAS R B RFEAS B B IE LR A 5 s Rl
Bo X —READCRIESE T 7R AE SR U e S Y
SRR, EREA B K HPRESZE . FEHERIE K
PR RFAEAR . B ALE H AME 5 AR R A AR R
Wtk R Ja, TR N 5 I 7T R A
4.1 ET &% Transformer 2243 DETR £ 54

MR EY

Biti & W 5T AN W R N, Transformer #5284 #% 40>
DR EIE R 2 OV ik, AT N D o ik
Transformer 5 284 [ i N JZ2 57 = I HLE],  H E4
BARFHAC N P IVRE, IR A 8 S T B o
K B, 18X RIEES, JFRE T VIT,
Swin-Transformer. DETR %5 £¢ i g jf i 410477,
He, VIT B 4L Transformer 2244 57 FH T BG4
FAF:5, @k G B E E RS EGR, R

®2 NEHRME M REXS L2

Bigiiz o Rid) Rz JRBRAE AR
R B H by DI AR ST TR A i SR SN H AR
% RUZFHIERL T 5 2 RUE S Cln R L RE R4 FRILRR G MERER, Bl SR Z SR

ELM S R BRI A  da POl 2 %

R ERIERE ) T I TENHUSEI A 10 G35
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#=3 ETREZEIELZNHBERFANFYRNATHR
, " Ak . Fioall] Hiex
A Hk ICHR et » JFETH GPU , .
U et KR /RS
RetinaNet  3CHik[41] — 5000 Keras GTX 2080  94.1% 147
YOLOv3  3CHR[S3] R JIRHE A (AFF) 3328 PyTorch RTX TITAN  93.16% 419
Faster R-CNN  CHR[59] % R R A+SE Btk 12 000 — — 88.68% 12
98 YOLOv3  CHR[63] WUR B YOLOV3 [ 4% 3000 — GTX 1080Ti  76.2% 7.14
RetinaNet  3Ciik[64] ResNet50+% U P2 2 1629 — GTX 1080Ti  90.4% —
YOLOv3s  SCHR[71] — 2000 PaddlePaddle Volta 92.1% 33.9
YOLOv4  3CHR[73] Tar Sk 5 A~ SPP+DSC 3000 — — 97.54%  39.24
Faster R-CNN  3CHA[50] ResNet-CBAM 2701 — GTX 2080  79.7% —
YOLOX  3CHR[52] ASPP+CBAM+GIoU 4517 PyTorch RTX TITAN 86.57%  30.08
Dense-Net ] U ) % e ) RS 2 %
YOLOV3  <Hk[62] ense-Net 5 BB FHIRE 27 1000 TensorFlow ~ GTX 1080Ti  96% —
JUBE3
BHY SSD SCHR[31] 4251k MobileNet+NMS 4882 Caffe GTX 1080Ti  89% —
SENet-MobileNetv2+
YOLOv4  CHR[69] crobrenety 4517  TensorFlow+Keras GTX 1660 96.71% 45
CBAM-(SPP+PANet)
YOLOvSs  SCHR[72] RepConv+C2E+ 4517 PyTorch RTXTITAN  96.9% 25836
VoS Meta-ACON loss yrore i ’
Mask R-CNN  Zi#k[47] BEFRFAE S (R 3R RS 2 2 7 ik 3571 — RTX 2080Ti  91% 5.06
YOLOvS  SCHR[51] CBAM+DIoU-NMS+DANN 3750 PyTorch RTX 2080Ti  92.2% 121.9
— Mask R-CNN  SCHR[60]  PEN+4:RRHE Rl & HFAESR SR IEHEA L 17 290 PyTorch GTX 1080Ti  93.8% 1.22
ES
YOLOv7 SCHR[65] AL SHA+SDP B 7923 PyTorch RTX 3070Ti  92.2% 19
YOLOvV3  3CHk[67] % F 1k MobileNetv3+f# 7 874 20 000 PyTorch GTX 2080Ti  69.9% 6.06
YOLOvV3  3CHR[68] 1251k MobileNetv2 35000 TensorFlow GTX 1080  78.8% 60
SSD HR[32] MobileNetv3+% &7 B bk 2924 PyTorch GTX1080Ti  82.1% 245
oFi3 YOLOvS  3CHik[43] IR I TR 1981 PyTorch GTX 2080  84.3% —
U-Net SCHR[45] Swin-Transformer £ +CBAM+GAN 235 — — 95.73% —

F B8 5 B 7 B A g 77 e i 4 R RFAE A5, (R
ZIRT A RE R, AEE/N B AR RRIERIERE

85 T E IR ORSEER B . B EEAE B, Swin-
Transformer 5| N & N Z R AFE B NI EEH 2 RE
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