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Abstract: To address the issue of low vehicle detection accuracy in road surveillance, this paper proposes an improved
vehicle detection method based on YOLOv7. Firstly, we introduce the Efficient Multi-Scale Attention Mechanism
(EMA) for cross-space learning to enhance attention to feature information. Secondly, we replace the SPPCSPC
module in the neck network with the SPPFCSPC module, trim the CBS layer, and introduce the EMA attention
mechanism to strengthen attention to small target areas, thereby obtaining more accurate vehicle features.
Additionally, we incorporate the EMA attention into the MP module to fuse more important feature information.
Finally, employing the MPDIoU loss function accelerates model convergence and enhances detection accuracy.
Experimental results show that the improved YOLOv7 achieves a detection accuracy of 86.69% , which is a 2. 83%
improvement over the original YOLOv7 network. This enhancement effectively boosts the accuracy of vehicle object
detection, providing assurance for applications such as road video surveillance.

Keywords: vehicle detection; YOLOv7 ;attention mechanism; MPDIoU loss

5
BE A 2257 WA T % L B 2023 AR IR, - E AL 3 45 1R

il

R M2 B R A IR BEAS 5 IZ AL RE D AN SR G )

AT AW

TE A A 00 v PR A0 R S i - B I AN A, OF HLIX R AL

ATk 4. 35 ACK . THIR A P DR A S AR AR L 4R A S R
SR L LA B O 52 T8 2 4 FU0RE B o — T G Y
1E55 . FERCT ST A0 B AR R I B AR AR D fil B 7 56 110 5%
B A A O 2 — AR A BRI N B2 Tz R .

BLANA Oy 52 LR B0 A F AR A I L 2 T 2 T
WFFE R REAL ARSI O 05 X e F S I 3 T ML o I LA R
TRIE 22 MG B B . Herp  HLaR 22 ST VR D AL 5207 i

W H 199 :2024-04-09

« 52 .

FEVR I 2% 2 v, ZEA R DU AT A 43 A T o B s S 7R A
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R-FCN) ™, T2 A58 38 7 B 0% S5 0 46 v R 2 (L EL A A X 4 12
A R R, R A R R A T R B[] — S T 4%
AR SR A X AC R B 4G YOLO (you only
look once, YOLO) Z 511" I 5 25 Z HE 6 Il % (single shot
multibox detector, SSD)™ , % %5 U 3 # H AT & A FEH K
0 R ORE B BRI B T AR ) AN W R O AE SR R
JEW T AR R 4% (RetinaNet)™ | drots &4 I ™) 4%
(CenterNet)™ F1 52 i} Transformer H Fr 4 71 IR & 2%
(real-time detection transformer, RT-DETR)"" 4 H ¥5 ¥
M5, Horpr RetinaNet 3 5] A £ 5 #5128 (focal loss) , T 81
DRTENME L4 28 By BE A, DT Bl 35 58 B B AG W) 45 75 b LR 5%
515 5O A 18] BT () M fE 5 CenterNet J2 38 52 70000 97 4
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Py B 34 FORE , DTS2 B R 0 B AR I s RT-DETR J2& 38
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YOLOv4 1y 3 T ¥ 2% A1 350 78 N 45 6 1 7 W R W™ 2%
(GhostNet) FIVRBE 1] 4385 45 R 47 6 43 45 L IF (] Fire
Module JIITR ¥ 26 VR B o DA $12 =5 190 266 A6 T 336 5 Li 25 1
YOLOVS5 Hfii—A~%0 40 5 15000 Sk > e 0 358 /0 L 4] 04 90 1
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B2 % % GhostNet 5 YOLOvT #1454 i1k
05 2% It Xk A 8RR AIE )2 6 0 S8 T 25 7 AL ) LA s D A A
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BoT) £ 44 i I 2% B il G 142 % 1A B 4% (5 L, IR SE 4 SToU 43
2R BRI S IO 45 AT S T A5 B B AT LG R O IR R R I £
H AR50 2R BH 25 7E YOLOv7-tiny 21 W 45 v 3R FH I
BT 43 B BUR T IR i S ELAN-DW #He il Head J2 51
A GhostNet V2 #HEBALS B IR R IG5 22 450 53t
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B 5 ik A FEZETVFE YOLOVS R4 R F 22 ROEE Rl & 1Y)
I 2% T W 4 AT AL L IFAE Neck 843 th 19 FrAE B
ZJE A 5% B R 3 7 HLA Ceriplet attention, TA) L #2 7
BB (R AE R HURE ) 5 Zhai % 76 SSD Ry 3E 4l B it T
HHEH ML (DenseNet-S-32-DCE T SSD Y 31 /W 4
[ 512 REEFRHE 2 1 @l-G AL, JF 78 B br B0 2 A 2
SEARZEH R T RIRIMERE
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FE R (H ik 8 5 g T AR R AE /N B B AG T B A A B AL
BT, W Ah X BT T ik T A T A A R K & R A
T A P/ A B IR R £ 1 [R5, T3 45 3 %
AR L RN DI R AL A A 35 25 5 o TORPRL A8 2 T
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Xk b 3R 1) B A SCER T — R T YOLOVT 9 ik 51
R EEASR LT 3 5 D AE YOLOVT Hof ek iy
Z2 R% 75 [ RRAF 4 57 3 1t £k 45 #4 (spatial pyramid pooling
feature concatenation and spatial pyramid combination,
SPPFCSPC) & e %5 e Jit 22 ]2 =5[] 4 7 85 it 1k 45 44
(spatial pyramid pooling concatenation and spatial pyramid
combination, SPPCSPC) #i 3k ; 2) % SPPFCSPC #l fz A ith
b (maxpool , MP) 8 e vt i) 45 B #E 47 8 89 , IF 51 A mi &L
Z B 1 B J1 (efficient multi-scale attention, EMA) 1 &
TIHUHIHEAT O0AL S R in 5 38 B WE 4% T G2k 5 3) R A T
e/ 5 HE B By B AE AR R BE HE ¢ ) B (minimum point
distance based IoU, MPDIoU) 1 2 44t 4% b £ . 3 B 1 A
B A 285 58, DA SO PR B S e . dd et DL E ek i
T BE US4 Ry A A T S8R, DA TG A 280 2 A A T I e
4 ] A

1 YOLOv7 &k #tid

YOLOv7? B ¥:E7E YOLOVS W36l EtiT T B &k
3 35 O Tk P9 46 45 48 R 2 R B, 4R T T AR AG T B
HEgeMH THA YOLO A T W EH R T, Fik, 43
SR YOLOvT FE A S pi il , Hp 45 25 an e 1 iR

YOLOv7 (1 M 2% 45§ i1 Input % A ¥ij . Backbone [#
4% Neck W 255 Head % H ¥ 4 A0, A AR AE
HEA Input i A J5 23 3547 — F2 51 /) 350 0 30 B4 , 40 2508
R s AR RN ST 46 7 % 640 X 640 R /NPT Backbone
W 4% 3B CBS ik ELAN A5 il MP AR He 20 5%, H: 2%
FaniE 2 TR, CBS #Htl Conv 2 BN E M SiLU #i%
B L. ELAN H 24 CBS K & 21 5, i i A R
SRR B B AR 2 = A R B M RRIE AR B DT 2 5 D 4% 114 2
Mgy A ERE ., MP BSR4 T CBS B A
wARMASRE BT T RFEERAE A BORARRRAE X 5% 48 T
B SH A ME B R R R BE S . UK Neck W45 3222
i SPPCSPC Bt | ELAN-w #it  CBS 8t . MP H He I
UPSample B8l i, H o, ELAN-W B A [ F ELAN
BT PIASBE4E B AR, SPPCSPC #5 He 12 1 3k 184 K 5z B,
HE YR 3 fiR . A B EmE hm 3 2
RBE AT T8 R /N3 51 R 80 X 80 X 128,40 X 40 X 256,20 X
20X512)3% A\ Head £l 3k , 38 3 RepConv BEHAE B H b
30 FAE , I 32E 47 B A5 28 500 00 T80, L3R A5 o i TR0
R,
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(75 9 2% BE % T i 2R 48 T PR b X B AR A g O Y

ELAN-w =—»q cBs | cBs | cBs | cBS }—+—-

(b) ELAN-wiiHt
€1 3 Neck ¥ 45 £ 1B 45 14 151

Ay, B TR A b R Al M Ll R AL
il B A BOR . YOLO M 7E 4259 B br kil 1 55 th = 3
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Input | C xH xW
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lcr/6xHx1 cr/6xmxw
[xAvgPool | [ YaAvgPool | [ Conv(3x3) |
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lerrexixw  Jerrexnx1
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HIE AT 1D AR Kb AL AR L SR 5 K I P A KRR AE
P T 45 005 2 7 1) BEAT PR 42 SRR k47 1 X1 B Bz
B JF R A U B0 i R 1T 23 A S A ) L SR T A
JELet: Sigmoid bR O 2k P BUIEAT 004, DU BE 2D —
B3 o A5 0 TAE 1X 1 43 ST P 25 VAT i A 2 ) 5
BUAN [ 14 15 108 18 5 T REAIE 308 5 AR SR 1 N LN Y
P EEE RN E RS —&. B— Il 1E 3X3 73
R AR IR G 3 <3 4 AU 3 R R X 3 2 1] Y i S AR
B I AR IE R R B9E [ . Xk EMA ] DUARE£R
T[4 3 SCAR R TR AN ) £ 18 A T e AT 3 A 2
RO 25 ] 25 M (5 B A Bl — D EE b, RiEE,
EMA FI| F 454257 Bt A X 11 32 B% B9 i ek 1]

ST 4 R 7 15 60 0 5 25 D DL 2 0
e/ 2 W 0 0 148 1L S R R B 2 T AR
RYVCC SRS Y Sf 2D 2R B A S T

1
z(:waE:lztyxl(i,j) (1

AT REITTERCR, 7 2D 4 5 359k 1k A9 i Ak R
FH 4 = Jr 5 (9 B AR A 2 pR 4K Softmax SRIUA LA 1
kA i, F ik — R BA PG K 1X1 430/ 3X3 43
SCIFAT AL B ) S R AE T 2 AT R I RS A 3R, 15 3
THIAIX AW EEREER, Lo, 7
3X 3 4y AL FIRE#EAT 2D 42 R 343tk 3R B4 R 25 R AR
B E WA 43 3 3 38 R AR IR A AL 1T, 1 X 1 A S Ak
B I T 2 T B 3 S A A A BE R OIR, B R X
Ry AR 1X1 AWM AR B S L 7E 3X3 3L
A A T 5 2 A28 IRDE B DR IR 7R M R e A TORG A
BzS AL BAE R . B8 1X1 40305 3X3 2 AL R
HVRHE B AHZS A5 L — A H 9 A 25 ) 2 00 A B {8 PF 3
WSk B AL BRI A Sigmoid B8 B H R AT LA A B
2 EMA 5 0 RRAE B 5 5 A RRE 1B X RS R/
), [R) AT DA 3 45 38 I i 26 &R, I 38 1 B 7R I A 4%
EMER/ETFTXFER.

2.2 SPPFCSPC-EMA 4 i#

5l AT FEF %5 0] 4 35 i b (spatial pyramid pooling,
SPP) % #4) ff) SPPCSPC 5% B, v 4, & 5 B B ¥ 4%
(cross stage partial, CSP) 2544 , i 33 %% i K % 58 22 11 X i
A MG HEAT % B O Ak A0 4 AE B2 T, 3F T 4 v TR AL 1 R
BEVE SR L X AR BT R A S BOR T B Y
HEMTZE ARSI R . i piX — )3 (5 45T YOLO v5
HrE Y PR 25 B] 4 5 38 3t b (spatial pyramid pooling-
fast, SPPE) 5 # # B AR , %} SPPCSPC A B it 47 e it » 75
#| SPPFCSPC #idk, FEUH M 3 Mt b4 k b 5
1) Maxpool X SPPCSPC e i i fb 4% k 24 5.9.13
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W4 ) B A A A5 4R F AG T ak E

SPPFCSPC-EMA J& 7 SPPFCSPC %% #y i) £ ail - 3
177 M 25 6] 4 -9 i AL B, B 70 48 BRI Y L B

B ZE R I, DL E — 25 3 R R BIORE B . HL &6 Kl 0t A Y
CBS £t 1 5] A EMA 7 & H AL & 0 | % xt
SPPFCSPC %5 # #: 47 4k, #H b+ SPPCSPC, LA & 44
Hi ) SPPFCSPC, T #4 J5 () SPPFCSPC-EMA fE45#) |45
i AR B SO AR N B AR R RS S . TRANZ
R ZEE 6 fiR.

[sppesee - CBS II II CBS
(a) SPPCSPC
serrcsre . -
]
(b) EHMATSPPFCSPC

[ spercspeEMA |- i B ces
1
[ cBs |

(c) E#JJ5 SPPFCSPC-EMA

A 6
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D#EIT CBSJZ. A THRE/DNERWHERE LR, W5
FRUZ Y 2ok 98 38R, R SCHE e R AL Z T8 87 45 2 4> CBS
2. TERITIR R — 2 CBS E 04T FR4E , M &A%
VI 2% B N S B0 o G AR B B 08 T8 A S50 Ak 3N H
FREFAE(E B .

28I A EMA FEE M. AL E Z i AL T B
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TR Ak /N H A3 D80 56 3, B AR ORI A B2k

1£ SPPCSPC # #J 3 SPPFCSPC-EMA #Y i 72, XF
CBS JZ 5y H /55 AiF B 2R 47 382 55, DT PR e 8302 B, OF 51
A EMA EEIIHUH A BT 5SROI S M09 22 4 el
KB, MeAh, 38 5 46 /0 A A%, W] DU R T S 1/ B AR
B JER 7 BT, AT BEORG ff b 42 B A ARAE . X — R AT Tk
TEE B 7E 4R TR ok B bR B0 A R DL R AR 4 B A
RS %

2.3 MP-EMA X i#

P T 38 B 0 M s B AR S 3l H LR A A AR O
BB 04> B B AR BN, B A W ERCEE BB D,
T TR L AR B A Y OC B RRAE AR B AR SCHE MP 254
WLl TE A A A CBS 20 B 0T RAE 1 4 CBS
2SI EMA JE S 0L 0 05 8, R 1 MP-EMA B
Yo, L5k 7 Bios . fEMARER X € RO #A

o« 56

SPPFCSPC-EMA T # 1 J5 %F e &l
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B 750 BB A GE X, o Pt 250 2 B 33
g CBS JHEAT 2 5 F SRR , 0 PR 1 5 R 25 I
SR 1/2. 3 FLE A8 G [ 225 B4 3 5 6030 38 6 7 5040

DA EARIEE X, € RT 7 7. UG P4 L

(O ARAE AT PE B Bl R A s Y e R
Ho B g B a0 r .
Y =X, +X, (2

MP- MA =

Bl 7 MP-EMA 5 #)[&

2.4 WMEKEFEHR
YOLOv7 ffi ] CloU 1E Ry 5 2% R 41, 25 & 25 18 17 Bl Ul
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12751 AT LA S o0 6% S50 AE 1 1] U1 15 S5, AR A5 T o A 1) T3
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MPDIoU = IoU — (10)

wi+h? with?

Horp, OO T ped F ge 53 54X T HE Fn
FLIAHE, iy i) B (b p i) 43 ) s BMAE i 72 |
SRA R AR AR, (28 v5) Ml (2F v Fom FHE M 22
SRR AR R d, A A I AE R S HE A 2
EAMATAZEERS. XA P H w a5 5%
A BRI 58 B FH s B

3 XBERSHW

3.1 HREE

A ST i R FH Y BUHE 42 O SAKSHAM JAIN R 42 5|
F14 2 5 25 500 I A S 0 R A P R SCRE R T 6 2L
B4 Motorcycle, Auto, Car, Bus, Truck, Tractor, %454
A 8 219 sk A F IR 7 = 2+ 1 A Ll o BRI 2R 4 V56
TEAE 4R
3.2 SLIGIREE

LIIEENR 1 PR,

3.3 4 BE $E AR I

AR SR S5 PR 48 A 0 55 S 80 (parameters) |
7 38 R B (GFLOPs) | ffE 8 % (precision) , # 1] %
(recalD) FHPHKE B (m AP) Fl & 0 E 5 i 5 (FPS) » L - 45
bl AT PE AL Bk PR RE AR AL T 2R 5 B B AR . AHOGHY
HHEAXWTF .

TP

Percison = TP L FP (1)
TP

Recall = 7575 12)
R DIAP

— 1

mAP N (13)
F S

FpS — —2mes (a4
Time

K. TP RIRIEFATIAES, FP FR 8 IR A M HESL, FN
FoRIRATIRER, D AP FEHT A Kl 2 5169 5 AP 1. N
T8 BT A 0 25 0] BB, Frames {C R MWL, Time 10K 48
A [a] .

3.4 HEXKBERSH

£ SAKSHAM JAIN R4 ) 1) 4248 25 51 B A% 4 I %1
P4 HEAT VA RS O 56 UE AR S Bk ik A i L P 3t
WET 6 T, £ 2 v "RagI AW &, K
£3.35 2L 1) SPPFCSPC-EMA . MP-EMA #l MPDIoU #:
e, TR ER T E TR mAP SR X L B S 9 B B
0 (4 KG B2 L SR ] Params . GFLOPS 3 X H % 40 v ok J5 19
SR AR 2 KN R FPS Sk X b A 4 Btk J5 19 52
BHPERE AL . THRRSE I A R IR 2 FiR,

M3 AT LR ML H 1 AP YOLOVT &,
mAP 2 83. 86% . FPS 2 40. 65, /F FIE M 45 bR 2k 45 2
2009 i A 2k i SPPFCSPC-EMA #8 3t, mAP EJF T
0.53% B THET 6.94%, I ETHET 1.77%,FPS
& B TF 0 41, 02, 356 83 0 A Bk 7 B9 SPPFCSPC-EMA #
HLRE 2 5 Ak X /N B AR XA G , BUTE ME A 0 2R SRR AT
() B 1, T LA OB AT A B 1) 2 B30 RN T A, B T B
3 4o Ak ¥E ) MP-EMA #iH:, mAP 7+ 7T
2. 15% . 58 & EFT 6.86%, i1 H & AT 11.5%,FPS
TR 32. 46, UL B MP-EMA 5 GE 6% 10 A 200K B 424 1
KHEGFERE, B MRS HEMITE &858 -
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£ 471 % v 7o ¥ o3 A
x2 HEMIWLER
4% SPPFCSPC-EMA MP-EMA MPDIoU mAP/ % Params/M GFLOPs/G FPS
1 83. 86 37.222 105. 199 40. 65
2 v 84. 39 34. 639 103. 339 41. 02
3 v 86. 01 39. 774 117. 291 32.46
4 v 85. 34 37.222 105.199 40. 65
5 v Vv 86. 29 37.192 115. 430 32. 82
6 v Vv Vv 86. 69 37.192 115. 430 32.82
Tl B AV A B B2 5 5 4 4 A (fE A MPDIo U 45 2% bR 8K, 7T LA £3 AEAMEELIBER
ELA 0 FORE 3 ORFORT BE , m AP BT 1.48%, mAP/ Params/ GFLOPS/
FPS (R 40 65555 5 410 745 2 41 MAERE 1 I A 3t Ll y M c S
B MP-EMA £ 8, mAP L J+ T 2.43%, FPS T F% % Faster RCNN  78.73  136.791  401.813  16.23

32. 82, YW Bk iy SPPFCSPC-EMA 5 MP-EMA #i$k 7
20 A K S5 AT DR TR ZE A I sk R 5 5 6 Lo AR SO 4R
IR RS T 3 MR, mAP 8B YOLO v7
Bk AT 2.83%, K E T 86.69%. B HETNMT
0.08%.i+tE® ETHT 9. 7%, FPS %3 32. 82, W] T A&
SCAS A T i 0] R A B R AS D Y A R R
RBRAL T S EOR AT ST A B LT A A
T RN
3.5 XXM ERS

R T A B TR AR SCE Ik B A RO S AR SO R A e X
Tk HAL— R I 30 H AR A ISR AT T 2R A X
Sy, Hodh fl 3 T Faster R-CNN, SSD, YOLOv4,
YOLOv5 1, YOLOvS _ 1, RetinaNet, CenterNet fl RT-
DETR., i@ it 76 84 4 b i#4T mAP.Params,GFLOPS
FPS Y b, 7 SCRES 4181 T M 45 3005 16 B bR A T00RS B2
SHE TR R R . LSS R L 3
B,

M 3 A SEER 25 AT LA L 7R SO IR AR X 2 )
H bR A A HE 4 1) mAP AT 90 By BRI X 2% Faster
R-CNNY“ 5T 7. 96 %, tHE T BBy BE A B SSD # 75
T 9.08%, @ i Xk YOLO Z % By YOLOv4RY,
YOLOvS_ 1% Fil YOLOVS _ 1™, A sk i | 7
20. 76 %% 4. 33% 1 1. 21% . T A SCU5 B MAR T L 4E &k B

SSD 77.61 24. 280
YOLOv4 65.93 63. 965
YOLOv5_1 82. 36 46.658
YOLOv8_1 85. 48 43.634
RetinaNet 85. 07 36. 434
CenterNet 86. 00 32. 665
RT-DETR 86.13 19. 882
A7 %k 86.69  37.192

275.372  24.80
59. 989 57.52
114. 645  42.27
165.425  34.04
146. 906 18. 57
70. 217 72.13
114.000  50. 86
115.430  32.82

He 3 B B 2 RetinaNet™ ! #l CenterNet™, 43 51 2 &
T 1.62%H0.69% . docJa . 38k %t b deoHr A SE B E ArAs Il
Bk RT-DETRYY, A SC sk #E @ T 0.56%, ik 5] T
86.69% . HW LLK M. A SCH7 5 AR B F HA 5 % Wow
FPS MAXF A%, HE o B 40K, 28 L r ik, AR U4 55
5 H At 2 9 S AR B, R A T — ORI B Y A 4R
T AT R AR A R AR o R OR
3.6 AL SH

S T Wb R 7 AR S0 VR R OR W) A B R R I AR
ARSCAEBR AR R BT R GE B 3 5T M M 0 T %
Yo N 0k B R R AT D0, AR I R R 8~ 10 TR,
MG RT LB S AR RO TR (R G T AR S
SRR A T I W AR 1 R T U R B 5 A T ALK TR B 2
SR TR BE o A % B, B GBRGHE R  YOLOv7 fE AU BE 4%
T 0 Hb T B WA R T R AR A TR I AU

8 iR IR

¢« 58 o



FEE F. AT EEHNR BESFIEG F4 B ARAN F &

P10 A SCE kA I 20 R ]

ST AE TR ALAT LA UE 5 b % A5 AT B AR IR i ok

T TE % MR AT 00 4250 E A T B % R [, A S AR

—FHECHE R YOLOVT Bk 77 % . i i #% 59 3 50 4 1

JERGIA EMA T Z ) HLE Y J7 % . i SPPFCSPC-

EMA Hl MP-EMA 5 . 53531 R B w8 08 4 496 6 6 0 L B

5if Al 42 A OC HE O R AR B O HL BB 2K R 2 MPDIoU

oIS 1 2 T AE 1) [0 0 Wi S50, AR A B v AR ) SR 4 2R, SR

B a5 R RN, OIS Y ST T BT B G E AR AG D

AT R R A R RS B LAY A A R A 2 R

TR A I A X AR R AR S TE AR Y AR b o AR

A 0 2% 5 T BEATER AT ST, 05 ) 4% B8 40 B8 48 19 A 501

S

5% 3k

(1] skal. ZETIREE % S R P52 (D], 2. 75t
U KA . 2022.

[2] XIE X. CHENG G, WANG J. et al. Oriented R-
CNN for object detection [ C]. Proceedings of the
IEEE/CVF International Conference on Computer
Vision, 2021: 3520-3529.

[3] GIRSHICK R, DONAHUE J, DARRELL T, et al.
Region-based accurate

segmentation [ J ]. IEEE

and Machine

convolutional networks for

object detection and

Transactions on Pattern Analysis

[4]

(5]

[6]

[7]

(8]

[9]

Intelligence, 2015, 38(1). 142-158.
FAN Q, BROWN L, SMITH J. A closer look at
Faster R-CNN for vehicle detection[C]. 2016 IEEE
Intelligent Vehicles Symposium (1V), IEEE, 2016:
124-129.

DAIJ, L1Y, HE K, et al. R-FCN: Object detection
via region-based fully convolutional networks [ C].
Proceedings of the 30th International Conference on
Neural Information 2016
379-387.

REDMON ], DIVVALA S, GIRSHICK R, et al.
Unified,

detection[ CJ. Proceedings of the IEEE Conference on

Processing  Systems,

You only look once: real-time object
Computer Vision and Pattern Recognition, 2016 779-
788.

JEONG J., PARK H, KWAK N. Enhancement of SSD
by concatenating feature maps for object detection[ J].
ArXiv preprint arXiv:1705. 09587,2017.
RAJENDRAN S P, SHINE L, PRADEEP R, et al.
Fast and accurate traffic sign recognition for self
driving cars using retinanet based detector[ C]. 2019
Communication and
Electronics Systems(ICCES), IEEE, 2019 784-790.
DUAN K, BAI S, XIE L. et al. Centernet: Keypoint

triplets for object detection[ CJ. Proceedings of the

International Conference on

IEEE/CVF International Conference on Computer
Vision, 2019: 6569-6578.

¢« 50 .



5547 % L I A S

[10] ZHAO Y, LYU W, XU S, et al. Detrs beat YOLOs 63-73.
on real-time object detection [ J]. ArXiv preprint [25] WHAR. 228, M XU, 25, BuE YOLOV i A sh 2 3¢ B
arXiv:2304. 08069,2023. FrAe 4wk [J/OL ). 88 HL LA 5 0 1, 1-11[2024-

[11] Rk, B, Emfe. 2T YOLO-TridentNet [ 75 01-31]. http://kns. cnki. net/kems/detail/11.2127.
K773k [0, R EE T ok 2 4 CA A B 24) . 2020, TP. 20230922. 1630. 004. html.
34(11):1-8. [26] ZHENG Z, WANG P, LIU W, et al. Distance-loU

(121 SBSEFH,6A 5, B0, S5, T [ B 000 52 38 W 45 3 5t 1 3% loss: Faster and better learning for bounding box
A A AT ] AL AR S N . 2022,58(6) ¢ regression[ C]. Proceedings of the AAAI Conference
192-199. on Artificial Intelligence, 2020, 34(7): 12993-13000.

[13] LI S, YANG X, LIN X, et al. Real-time vechicle [27] SILIANG M, YONG X. MPDIoU: A loss for
detection from UAV aerial images based on improved efficient and accurate bounding box regression [ ] ].
YOLOvVS5[J]. Sensors, 2023, 23(12): 5634, ArXiv preprint arXiv:2307. 07662,2023.

[14] #EX00g A Es e sk B, T YOLOVT [ B W #3842 [28] JAIN S. Vehicle detection 8 classes [ DS ]. (2020)
WAL [T, BR PG RN K 2F 24, 2023,41(6) : 155- [2024-05-18 1. https://www. kaggle. com/datasets/
161,175. sakshamjn/ vehicle-detection-8-classes-object-detection.

[15]  BEsE. a5 X35 . 2Tt YOLOVT W& B g £ [29] REN S, HE K, GIRSHICK R, et al. Faster R-CNN:
HARKI 77 1 (1], % 4 26 % TR 52 4. 2023, 44 (6) Towards real-time object detection with region
166-172. proposal networks[ J]. IEEE Transactions on Pattern

[16] VFBEPH, & &EBH. Bt YOLOv7-tiny B 42 & 2% 41 41 % Analysis and Machine Intelligence, 2016, 39 (6):
A AR ISR E LT ], AL AR 5 9, 2024,60(1) 1137-1149.

74-83. [30] LIU W, ANGUELOV D, ERHAN D, et al. SSD:

[17] #HiE. /0 W18, 45, Stk YOLOvV? )& 2= 18 i% Single shot multibox detector[ C]. Computer Vision-
s HBEGW A LD AT/ 5 A, 2024, ECCV 2016 14th European Conference, 2016 21-37.
60(1):96-103. [31] BOCHKOVSKIV A, WANG C Y, LIAO H Y M.

[18] skAI=, W2, it YOLOvS iy & R R &R 44 5 YOLOv4: Optimal speed and accuracy of object
ARA I A [T AL TR S N A, 2024,60(3): detection[J]. ArXiv preprint arXiv:2004. 10934 ,2020.
129-137. [32] JOCHER G, STOKEN A, BOROVEC ], et al

[19] ZHAIS, SHANG D, WANG S, et al. DF-SSD: An Ultralytics/ YOLOV5: v3. 1-bug fixes and performance
improved SSD object detection algorithm based on improvements EB/OLJ]. (2020-10-29) [ 2024-05-21 .
DenseNet and feature fusion[]J]. IEEE Access, 2020, https://zenodo. org/record/4154370.

8: 24344-24357. [33] TERVEN ] R, CORDOVA-ESPARAZA D M, et al.

[20] RIEL. B4, 2T % YOLOVT B9 TE A LA A Ultralytics/ YOLOv8: YOLOvS docs[ EB/OL]. (2023-
B BRI ], Hs S ,2024,31(2) :35-40, 111, 01-10 ) [ 2024-05-21 J. https://ultralytics. com/

[21] OUYANG D, HE S, ZHANG G, et al. Efficient YOLOvS.
multi-scale attention module with cross-spatial [34] LINTY, GOYAL P, GIRSHICK R, et al. Focal loss
learning[ C]. ICASSP 2023-2023 IEEE International for dense object detection [ C]. Proceedings of the
Conference on  Acoustics, Speech and Signal IEEE International Conference on Computer Vision,
Processing(ICASSP) , 1IEEE, 2023 1-5. 2017. 2980-2988.

[22] HE K, ZHANG X, REN S, et al. Spatial pyramid [35] ZHOU X, WANG D, KRAHENBUHL P. Objects as
pooling in deep convolutional networks for visual points[J]. ArXiv preprint arXiv:1904. 07850,2019.
recognition [ J ]. IEEE Transactions on Pattern [36] ZHAO Y, LYU W, XU S, et al. Detrs beat YOLOs
Analysis and Machine Intelligence, 2015, 37 (9): on real-time object detection [ J]. ArXiv preprint
1904-1916. arXiv:2304. 08069,2023.

[23] WANG C Y, BOCHKOVSKIV A, LIAO H 'Y M. 1EE®/NT
Scaled-YOLOv4 : Scaling cross stage partial network[ C]. ES LA, R O kAL T
Proceedings of the IEEE/cvf Conference on Computer E-mail: guoxy1023@163. com
Vision and Pattern Recognition, 2021: 13029-13038. RBGREES I, 4, 25 7 1 85 Bk

[24] BRRAM . EH.EMW. % HEF sk YOLOVS i H ARk 15 B AL LSS ILSE OGS BT,

W RpFse (I, 3Pl TR 5 8, 2022,58 (13)

60 -

E-mail: zshuo2011@163. com



