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YOLOVS Traffic Object Detection Based on GhostNet and Attention Mechanism
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(Department of Computer Technology and Applications, Qinghai University, Xining 810016, China)
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Abstract: Traffic object detection models have massive parameters, low detection accuracy and‘speed, and poor
generalization. In view of these problems, YOLOVS real-time traffic object detection model based on GhostNet and
attention mechanism is proposed. The K-means clustering method based on geneﬁc algorithms is used to obtain the best
prior bounding box suitable for vehicle detection. The lightweight GhostConv is used to extract target features, and the
C3Ghost module based on the CSP structure is constructed, which can greatly reduce the number of model parameters,
reduce the calculation cost, and improve the caletlation speed. Transformer block and CBAM attention module are added
in the feature fusion layer to exploreﬁ the potential of feature extraction of the model and find attention regions for the
model in scenarios with dense objects. The results of ablation experiments and comprehensive performance evaluation on
the UA-DETRAC data set show that the average accuracy of the proposed model reaches 98.68%, the number of
parameters is 47 M, and the detection speed is 65 FPS. Compared with YOLOVS5, the number of parameters is reduced by
34%, the speed is increased by 43%, and the average accuracy is increased by 1.05%.
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SO, 0.2 (1 leUVIZRBIME, #E& K/ 16, IR

100 epoch.
2.3 @I ET K-means 5i% 5 B X A6 N AE 3R BY
FiE

£ YOLO R 5E 24§ A anchor box /£ 4 H A5 HE
[P 7E R £ A, anchor box IIEFEKE 52 3] YOLO &
YRR BE UL E, [R I anchor box 14 T T2 IR ik
I ELSE ) H ARAEBRLE. BT YOLO W28 (1) Tl 26 2
3EBZEE R, 2R A 3 ANHE, BT DAIERR
RIYIZRHT, 752 2 RN R 2Ry 9 3K, Bt YOLOVS

¥J4 anchor box.

# H K-means K777, ¥ MW EHE 5 B L% X
K A AR RAWIUE TS A0 i, Aol s T3 4R
H RN FEA X, THE S BN R R O AU EE B,
FER eI o BRI R R L A . AR5
TR i, B EAZ AR R L, A
PR B RO AL B AR BOR B R (H
SEAE S 1) K-means X T 446 58 28 o0 FRE A S0 I
FRAER UK, B 5 BN R Uil

AR SRR T M B9 K-means SR, ¥ K-means
Tk 10 5 0 OO A eSO 2R FARRE 45 4,
Jfﬁﬁ.\ﬂ?ﬁﬁﬁﬁﬁ PR AR B 55 R 2 4 B A A,
Go Sl AR B I L. SRR R

(1) ¥ YOLO H T 158 FRAF Xof A by B 46 DAy 40 08
ARFR.

(2) it K-means ZEFE45 %] n /> anchors.

(3) F AL S FEHLN anchors 1K 96 34748 57
{8 FH anchor_fitness 77 V51548 7 J5 A& B2, i SRAR
T 5 SORAR AT B R AR S S 1 45 R IAE 45 anchors,
R AR S AR AR 22 B JE i B SRR s AL Sk
5 anchor Fl real bbox 1 H & &, {183 % Sk dh4b 4

[ & 225 H anchor box ¥ (20, 31), (70, 61), (95,
154). 7E 40x40 M2% - IRB LR A (\30, 43), (56, 91),
(172, 162). 15 20%20, M4 | K45 H Hy (43, 54), (102,
92), (129, 384); \
2.4 REERETFHIERT
CORFREIREEE . AR PR R
AR/ IME BV RE I PEAN TR A%, KA B (precision,
P) SRR E Ax b, T B A i e, vH A O
P= TPT+PFP @
A (recall, R) & BT A H5L H AR, BT 1E
ffy H AR g, v 5 A O
k= TPY:FPFN ©)
P44 (mean average precision, mAP) 5& i 2
TR U B T A, TR A N

1

AP = f P(R)dt (6)

0
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AP,

M-

mAP =

(M

Hodr %8 IoU N 0.5 I}, TP (true positive) F7 FiIAE
HREIHRZE IoU KT 0.5 WHUE, FP (false positive) %
7~ IoU 7/INT 0.5 BIALEE, FN (false negative) s A K
I3 LSRR B R Sege P E R T IR mAP, 5353
& mAP@0.5 M mAP@.5:.95, mAP@0.5 %7x IoU W&
0.5 B, B KA SR, mAP@.5:.95 K~
ToU BHATE (0.5, 0.95) X [a] P4, 25K 0.05, 735
mAP, SR J5 BCF A, B AR HE 2 mAP@O.5, T
] mAP@.5:.95 ] LASE NS FRONAE fr B i) HER 1.

Ao WIS E 5 FH P R R b, — oo A 0 43 5K 1 v B
it I (8], A7 0 ms, — iR RERD A I 1B B, BT
FPS, W& 8] ] AH B3 45 *%’*”ﬁ’]‘mﬁﬁﬁ PR H
HEMSHE AR, ﬁ;ﬁ%%ﬁ%ﬁuﬁﬁﬁ‘ﬁ/?‘ RIBH
UK, F LA A IR 2 20, H AL GFLOPs, 40
Fe B SN B R SN, ] DA AR A SR i,
R4 M.
2.5 IKREH

407 2 o IR I A7 R AR T 5 SRR S R i 1) 22
PR, G AR YNGR T7 ). A STk BR80T 3 8 2 2HR,
5398 box_loss (EAI L) obj_loss (7 K45 %) A
cls_loss (B AS 1K), 13X (8) FIan: t,, ty, TN 7] &
SHSLAE; K, S, B 4 BIR N RIE B . MR SR
DA B AR WA b RO AE () B 5 a2 75 55 N IO PR BB
YIZRTE hyp.scratch-low.yaml _E0M, ap0x=0.05, ac1s=0.3,

Aobi=0.7; ab¥anee & Fi - P45 4 A X FEE i R E AL

5 My Ronoxt B FIAE /& 5 O IEFE A, YOEOVS
3 7> (45K bR S i T‘;mamiﬁaézkﬁﬁ, BAIE
FEARRIRHE R A Z 55

K s2 B
bal obj
B apox Z Z I JLCloU
i=0

Ltotal(tp’tgt) = Z
i=0 j=0

k=0
s2 B
+ dobj Z Z sz JLob_] +dcls Z Z HZFJJ Lcls]

i=0 j=0 i=0 j=0

®)

ENLARI KT CloU loss, tN=\ (9) Aizn: ToU N
BESHA; p?(b,b8")FR < M HEFD H FrAE O 5
IR 2RI B, 23R R X M 2R BE 555 oV R s TRAE A H b
HEMIKBEEL. CloU loss ¥ H FHERN ) R % 3 4> 51 %2
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JUFTIA R (E& A, oo mdE ey, Kot e
Rk .
2 gt
Letoy =1—ToU + - (b;b ) vav 9)
c
0, ifloU<05
a=y Y ___ tpusos (0
(A-IoU)+V
4 wét w)?
V= ﬂz(arctanF—arctan h) (11)

o3 AR AN E A B %%ﬁﬂt)ﬂﬁ?ﬁ Sigmoid ]

HE 1 A2 S Ry iﬁ (BCEWithLogitsLoss), & A a0
& (12) Fi=k (13) FroRe

_Lobj (Po, P1ov) = BCE(f{ﬁ’”"”’ (Po-Proviwey) (12

Leis (Cp, Cgt) BCESlgmmd(cp, CIoU;Wcls) (13)

obj

2.6 SKIRLEROHRT
2.6.1 GhostNet Fifif &

7E YOLOvSs Hffi | Ghost #EIEAT B AR AR, 15
M2 HEH 7071633 FFEH] 3692633, A Z UL
457 52%, iS5 EH 16.5 GFLOPs K 4%l 8.1 GFLOPs,
THEIE EEA 49%. Ghost A FIRCRAIZ (1), 20 (2)
MR ZEAK, T H Ghost A2 50% FEAE K, N
TH EE AN s 4 R 50%. ¢\

Ghost & ] Bt 5 F A2 - jﬁﬁj\ﬁ’ﬁ%ﬁl I 4
% YOLOvS E:J%* A B3k Ghost HfH, R LS B2
T4 bk B2, G OREBE i, K5 YOLOVSs il Ghost-
YOLOVS $2HURFAErT AL, 10 6 Fraw, FEAE B 43l
NEE 14> C3 S5FA1 C3Ghost £5 1 45 5, KAk k-

PR3 R AIE 32 B &5 SR AT, 9 HAE T e Bl R IR RRAE

K] 5, Ghost-YOLOVS ¥ 224 4 5% $ HU B 5 in Bl &2, 4=
AR IR0 R R B AERHAE B R . 2 )5, 8 30 U 515 2
YOLOv5s K4 0.970 3, #5129 0.958 0, Ghost-
YOLOvVS5 K illAE M 0.967 9, H 12N 0.938 5, k&
T F% 0.24%, AR T % 2.94%, 15 H 4518 Ghost 7E#
7R PR NERE e IR A = = e S VO (E R S
— B HERE.
2.6.2 B RVEVENY

T BT A AL G AR S, YT I RS A,
IR G — #3314k 100 epoch, B mAP fx = 11)
g5 RARAF, 45K 1 FioR, Ghost F SRR IR I, fi
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i H AR SN A

i Ghost B RS 408 A, (0F 3.5 M, {H 2 A I 1
B R AN (0] 5 R B, CBAM ] LU TR 2 (1) Bty 55 AN
HIEZE, mAP@.5:.95 fEbrHL YOLOvVSs #27F 1 1.82%,
Ut B AR Y S AE [B] U5 B A, AR R R R OB R O\ A
A, SHENINT 1| M. ERERRZ, ¥ Ghost F
CBAM A8, of B A CBAM i = ) A Y Ao
MR LF, I HS %= >, CBAM # B Ghost H 4
(140306 B E B RVRFALE, FIEBR T H0AE J2., 8 570838 () AH OGP,
XL YOLOVSs, P #25 1%, R $2%& 1.1%, mAP@.5:.95
Tt 2.68%, ZH IR/ 26%, 7E LRI GE 3R
[ BN, FAEARCASE B0 R AL 2 R 1) 75 5K . AU Ghost
CBAM. Transformer iX 3 F A8 YOLOVSs, 778
RRSES 1T AR, AT 8 000 SKIET, A3
PSR AR /MERT Transformer BAHUIF A R IFBL, F H
AN Ghost Al CBAM ()5, ‘réﬁ;ﬁﬁ LEV T

(a) YOLOVS F2HUIE

ENEEEEEE
EEEEENEE
EEEEEEEE
EEEEEEEE

(b) Ghost-YOLOV5 #HURHE ]
6 RSN EE
ZEATEREVEN
Rt P A SR B RE, RS A 8 000 5k
7R E] 44 066 7K, XTJFE K YOLO A0 SR A1 ol
HEREACE BT EE 2 dr, 25 RN 2 B, AR SCEIERT

2.63

3

%

bR YOLOVSx, mAP@0.5 1 0.976 3 &7+ %] 0.986 8,
P H10.9335 $#27+3] 0.9760, R 1 0.9544 #2751 0.9652,
[FIBT S5 E N 86.7 M B/D B 47 M, R4 T 46%, H %
tH 37 FPS #2 = F 65 FPS, #2F+ 7 43%. {fH 11233
ik 0 XA A 36 A BV A P, AR SO BRI AR
mAP@0.5 Lt YOLOVSx &ith 2.4%. XLt YOLOvSx, 4
SCEVELERTIN TR L KSR . ALK N, 2 RE AT
CEINEIR

21 RS R I

ik Py R mAP@5.95 B
YOLOVS5s 0.9703  0.9580 0.8569 7.2
+Ghost L 09679 09385 0.8366 3.5
+CBAM. 0.9762 0.9697 0.8751 8.2
;i—Tfansformer 09731 0.9567 0.8661 7.2
+Ghost& CBAM  0.9808 0.9699 0.8837 5.0
WS A7 0.9755 0.9749 0.8808 5.6
FK 2 MR RE X AR
ok » R maP@0s SHE W RE
(M) (FPS) mAP@0.5
YOLOV3-SPP 0.9381 0.9617 0.9775 60 138  0.686
YOLOv5s 0.9247 09532 0.9706 7.2 8l 0.685
YOLOv5x 09336 0.9545 09763  86.7 37 0.715
AL 09760 09652 0.9868 47 65 0.751

XTEE YOLO ZFIAR 75 50, A SC B AR R D RS
FE. BEE. TR T LR, 5 B SHERA
w0, SRR TR RS K, SN Ry T — oK 30 FPS fE
Sobrite, PO T Bl AT 30 SR B P
i 1R, SdE R AU B 65 FPS [ B, i b vk
116%.
2.6.4 DropBlock 1E L

UA-DETRAC #4548 K48 F Cannon EOS 550D
AHATL LA 52 1 6 AR A F0 55, JF HAR AR $5 16 [R) 4 1
HELET A B, M GR A R S IR H A S d . o
7(a) Fion, BATEIZREE b, 7 R85 P sl 8k
ATEIRESE b, 2 B R AR VI ZRAT AL T £ 3IRES, 18
Ik 5 HA B % REAR U W 8. A1 )11 25t A A5E 2R 7 1 45
£ b mAP 153 97.63%, fEMRLE F maP RE 71.5%,
BB AR ZR5E LA BT RO, 7T feid Tk 4
Yt LR E, B AL 2.

S SR AR B Ak, AR A 2 S R BT
S A SCHE N ZRBY B e A8 P AR 251 1 0 AR M 55 B A
A5 2R A H FRAE R AN B, (R R i L ) R A
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B ER U KB 3. 78 Detect J2 ) % B AL FEAFAE K )
I A f FH DropBlock #E R, ¥ B Bf M KA 3, BF
e B P 2 A AT T A 30%. BV Y 7 A B 45 11E 1A
I, B ATLBF i 30% AH 4T3 S5 I REAIE DX dak B, 3 G A 1Y
b TR 2 AL, B4 A Iz A M. B 7(b) FT
DL AR AR SRS b R4 2kt A2 15 5 0~ 3, (A
FEMB AL £ mAP WHETHE] 74%. L WIFE YOLOVS fi
Wk DropBlock 1E M4k, fig % 75 B A% 70 55 4 1 1)l
S5, $ i 7R 50 UE B AT PR AR B 00 WU 1k e, 1 e AR AR
ZARET].

0.16 ;

0.14 b A

0.12
0.10 + — J5 YOLOVS5X train/obj_loss

0.08 g - Ji YOLOv5x val/obj_loss . &
0.06 |

0.04 |
0.02 | \
0 L .\" ‘ L L y
0 20 . 408 60 80 100
s . Epoch
(a) J& YOLOvVSx 43 845 R s &

ik

" -
\ ¥

0.07
0.06
0.05 F-
K 004 f
E 003 |

0.02
~ DropBlock-YOLOV5x train/obj_loss

001 DropBlock-YOLOV5x val/obj_loss

0 20 40 60 80 100
Epoch

(b) 1 il DropBlock[f] YOLOv5x 4325851 4 Wi s /&
Bl 7 UIZREEAIMNALE B2 S kI s &l

2.7 KRMERIIE
o T MU S A S SR s
B 347 £ 0, K RN 8 RN 9 o, 155
2L O P A o P R 30 5, 64 /N R 2 A
AN AR . RS A, BT 2%
W37 5. /£ YOLOvS SyERa il o H B VF 2 I A 16 Il
AT D ) 2 A8 2 R B/ 26 P4 s O,
A e YOLOvVS SRR, 7818 KK BRI AL 1
B, I LA LR, 725 2 ALK Y b, ZE kb
T e HE 95 PR B 438 EL A7 7T A 0, M) 8(a) 0
K 9(a) A LAE B YOLOVS S AA it 22 b
NSRS 0 ZE R AT T 8 IR0 B0 A, A
S B A M AT TR SR SR

- -
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AR AR RE 6 SN RISl = T A

car 0.95zar 091':' b,
car 0.960 g7 car 0. g7car 5:97zar 096

e}

eor 3.94¢a7C.97% ccnhr“D.Q?_

_cqr u.:y?
T |

d \
war O 94ccr nY3:ar 0, 9\3‘\ \

car 0.9659C.0:96" cor 0.96 car 0.96

) .

(b) e YOLOVS Hail 44 5

8 HIATiE

car 0.93 .

bus 0. 954

"
earnAr
o, Ohocar 0.50°%

car 0.90 _
i S ‘“ car 0.83 bys 0.95
- car094 :
. R~

car 0.9(i=

(b) Bitt YOLOVS 645 5

Ko WL

w5 R4E

DR R 2 AR RS W E B 2% A8 38 37 35 A (] 28 TR i
REL. BASHER K S 8, A
5 T GhostNet 57 & /I YOLOVS ZE 40k
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i H AR SN A

PSSR T 1A S ) K-means SRRk, 153)i&E
FH T ZE SRS 0 1 P A, 3@ 3 i\ DropBlock, & =
RIZAGHE; AL SR B 39 Ghost B IF#4%EE C3Ghost
B E 5 CSP 4544, /DAY S 40, b T BRROAR,
FHAE T WL ARG S 7500 Transformer block A1 CBAM
VER A, ISR A R AR B B RE 1 FIAS U B ). SEEG
g JLR B, 78 YOLOvSx FEAMt I otk 1 595, A5l
K BEIL F] 97.57%, 4 IR F]1E 96.48%, 5 YOLOvSx
TR AST KSRy 4.21%, BIFIR$ET 1.03%, S &
b 35 M, ISR E — A, AR R, A SO AT DA
TEHF 5 PRI H E S H br, K5 N R
2 A0l H AR, b IRAE . R . BT, AR A
PEAR THAN 58, S50 PN R 0 50 1 e 1 A8, 7RI 25
£ AR RI, EREMRE LRIAE, BRI
ZHRE . TENLLL R 2 4b, 2 )5 i DV 52
% Dropout (MC Dropout) AH DT H7 1 £ 6] 2 X A5 24 A
T 5 A 90, AR T e 0 T M ) T £
T T8 G — S R ) Tl

S 30k
Hadi RA, Sulong G, George LE. Vehicle detection and
tracking techniques: A concise review. arXiv:1410.5894,
2014.
2 Zivkovic Z, van der Heijden F. Efficient adaptive density

—

estimation per image pixel for the task of background
subtraction. Pattern Recognition Letters, 2006, 27(7):

773-780. [doi: 10.1016/j.patrec.2005.11.005]

3 Godbehere AB, Matsukawa A, Goldberg K. Visual tracking

of human visitors under variable-lighting conditions for a
responsive audio art installation. Proceedings of«the 2012
American Control Conference. Mdntréal: IEEE, 2012.
4305-4312. ' "

4 Farnebiack G. Tv&o—ffame motion estimation based on
polynomial expansion. Proceedings of the 13th Scandinavian
Conference on Image Analysis. Halmstad: Springer, 2003.
363-370.

5 Lucas BD, Kanade T. An iterative image registration
technique with an application to stereo vision. Proceedings of
the 7th International Joint Conference on Artificial
Intelligence. Vancouver: ACM, 1981. 674-679.

6 Dalal N, Triggs B. Histograms of oriented gradients for
human detection. Proceedings of the 2005 IEEE Computer

Society Conference on Computer Vision and Pattern

oo

10

14

15

16

18

Recognition. San Diego: IEEE, 2005. 886-893.

Ma XX, Grimson WEL. Edge-based rich representation for
of the 10th IEEE
International Conference on Computer Vision. Beijing:
IEEE, 2005. 1185-1192.

Papageorgiou CP, Oren M, Poggio T. A general framework

vehicle classification. Proceedings

for object detection. Proceedings of the 6th International
Conference on Computer Vision. Bombay: IEEE, 1998.
555-562.

Kazemi FM, Samadi S, Poorrezza HR, et al. Vehicle
recognition using curvelet transform and SVM. Proceedings
of the 4th Ivnternational Conference on Information
Technology. Las'Vegas: IEEE, 2007. 516-521.

Freund Y; Schapire RE. A decision-theoretic generalization
of :)n-line learning and an application to boosting. Journal of
Computer and System Sciences, 1997, 55(1): 119-139. [doi:
10.1006/jcss.1997.1504]

Girshick R. Fast R-CNN. Proceedings of the 2015 IEEE
International Conference on Computer Vision. Santiago:
IEEE, 2015. 1440-1448.

W 2. 22T OpenCV AR R THEHL R SR,
2012, 21(3): 220-223. [doi: 10.3969/j.issn.1003-3254.2012.
03.051]

Ren SQ, He KM, Girshick R, et al. Faster R-CNN: Towards
real-time object detection with region proposal networks.
IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2017, 39(6): 1137—1149?[d()i: 10.1109/TPAMLI.
2016.2577031] o "

B, Sk BPUCL 85 Ll 41/ EL 5 0% U Faster-RCNN
(oA IRES HHEHH RS RE, 2019, 56(2): 319-327. [doi:
10:7544/issn1000-1239.2019.20170749]

MRk, BEARE. T2 RIZRHER A [ Faster-RCNN i B
FIbm sty o (57 8K 2222 4, 2018, 29(4): 393-397. [doi:
10.3969/j.issn.2096-2835.2018.04.008]

Redmon J, Farhadi A. YOLO9000: Better, faster, stronger.
Proceedings of the 2017 IEEE Conference on Computer
Vision and Pattern Recognition. Honolulu: IEEE, 2017.
6517-6525.

Liu W, Anguelov D, Erhan D, et al. SSD: Single shot
MultiBox detector. Proceedings of the 14th European
Conference on Computer Vision. Amsterdam: Springer,
2016.21-37.

E AT TR Ak 8 S e D B R K AT D o M SR B ROR
WAL [ LA ] P2 K22 K3, 2021,

FKB T, T IE, Bria . BT St B L S b A
M. TH LR, 2022, 42(8): 2378-2385. [doi: 10.11

System Construction &1L 159

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://dx.doi.org/10.1016/j.patrec.2005.11.005
http://dx.doi.org/10.1006/jcss.1997.1504
http://dx.doi.org/10.3969/j.issn.1003-3254.2012.03.051
http://dx.doi.org/10.3969/j.issn.1003-3254.2012.03.051
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.7544/issn1000-1239.2019.20170749
http://dx.doi.org/10.3969/j.issn.2096-2835.2018.04.008
http://dx.doi.org/10.11772/j.issn.1001-9081.2021061005
http://dx.doi.org/10.1016/j.patrec.2005.11.005
http://dx.doi.org/10.1006/jcss.1997.1504
http://dx.doi.org/10.3969/j.issn.1003-3254.2012.03.051
http://dx.doi.org/10.3969/j.issn.1003-3254.2012.03.051
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.1109/TPAMI.2016.2577031
http://dx.doi.org/10.7544/issn1000-1239.2019.20170749
http://dx.doi.org/10.3969/j.issn.2096-2835.2018.04.008
http://dx.doi.org/10.11772/j.issn.1001-9081.2021061005
http://www.c-s-a.org.cn

i E R %N

http://www.c-s-a.org.cn

2023 4F #5324 H 4

772/j.issn.1001-9081.2021061005]

20 Han K, Wang YH, Tian Q, et al. GhostNet: More features

21

22

23

24

25

from cheap operations. Proceedings of the 2020 IEEE/CVF
Conference on Computer Vision and Pattern Recognition.
Seattle: IEEE, 2020. 1577-1586.

Jocher G. YOLOVS. https://github.com/ultralytics/yolov5.
(2020-08-09).

Wang CY, Liao HYM, Wu YH, er al. CSPNet: A new
backbone that can enhance learning capability of CNN.
Proceedings of the 2020 IEEE/CVF Conference on Computer
Vision and Pattern Recognition Workshops. Seattle: IEEE,
2020. 1571-1580.

Dosovitskiy A, Beyer L, Kolesnikov A, et al. An image is
worth 16x16 words: Transformers for image recognition at
scale. Proceedings of the 9th International Conference on
Learning Representations. OpenReview.net, 2021. 1-10.
Woo S, Park J, Lee JY, ef al. CBAM: Qonvoluti?inal block
attention module. Proceedings of “the 15th European
Conference on Computer V‘ision. Munich: Springer, 2018.
3-19.

Wen LY, Du DW, Cai ZW, et al. UA-DETRAC: A new

benchmark and protocol for multi-object detection and

160 Z %% % System Construction

26

27

28

29

30

tracking. Computer Vision and Image Understanding, 2020,
193: 102907. [doi: 10.1016/j.cviu.2020.102907]

R R, XN, o D% BT L FOR ) K R K
Br. iHEHL TR, 2008, 34(20): 200-202. [doi: 10.3969/j.
issn.1000-3428.2008.20.073]

Ghiasi G, Lin TY, Le QV. DropBlock: A regularization
method for convolutional networks. Proceedings of the 32nd
International Conference on Neural Information Processing
Systems. Montréal: ACM, 2018. 10750-10760.

Lin TY, Dollar P, Girshick R, et al. Feature pyramid
networks for object detection. Procee‘ding's of the 2017 IEEE
Conference on Computer Vision' and Pattern Recognition.
Honolulu: IEEE‘: 20172936-944.

Liu S, Qi-L, Qin HF, e al. Path aggregation network for
instance segmentation. Proceedings of the 2018 IEEE/CVF
Conference on Computer Vision and Pattern Recognition.
Salt Lake City: IEEE, 2018. 8759-8768.

Howard A, Sandler M, Chen B, et al. Searching for
MobileNetV3. the 2019 IEEE/CVF
International Conference on Computer Vision. Seoul: IEEE,
2019. 1314-1324.

Proceedings of

(B Tedhi: FhEHE)

© TEREBIK R

http:/fwww.c-s-a.org.cn


http://dx.doi.org/10.11772/j.issn.1001-9081.2021061005
https://github.com/ultralytics/yolov5
http://dx.doi.org/10.1016/j.cviu.2020.102907
http://dx.doi.org/10.3969/j.issn.1000-3428.2008.20.073
http://dx.doi.org/10.3969/j.issn.1000-3428.2008.20.073
http://dx.doi.org/10.11772/j.issn.1001-9081.2021061005
https://github.com/ultralytics/yolov5
http://dx.doi.org/10.1016/j.cviu.2020.102907
http://dx.doi.org/10.3969/j.issn.1000-3428.2008.20.073
http://dx.doi.org/10.3969/j.issn.1000-3428.2008.20.073
http://dx.doi.org/10.11772/j.issn.1001-9081.2021061005
https://github.com/ultralytics/yolov5
http://dx.doi.org/10.11772/j.issn.1001-9081.2021061005
https://github.com/ultralytics/yolov5
http://dx.doi.org/10.1016/j.cviu.2020.102907
http://dx.doi.org/10.3969/j.issn.1000-3428.2008.20.073
http://dx.doi.org/10.3969/j.issn.1000-3428.2008.20.073
http://dx.doi.org/10.1016/j.cviu.2020.102907
http://dx.doi.org/10.3969/j.issn.1000-3428.2008.20.073
http://dx.doi.org/10.3969/j.issn.1000-3428.2008.20.073
http://www.c-s-a.org.cn

	1 基于GhostNet与注意力机制的YOLOv5交通目标检测方法
	1.1 YOLOv5算法结构
	1.2 增加基于GhostNet的轻量化网络设计
	1.3 增加注意力机制
	1.4 基于GhostNet与注意力机制的YOLOv5模型

	2 实验与分析
	2.1 数据集
	2.2 实验环境
	2.3 设计基于K-means与遗传算法的检测框获取方法
	2.4 模型性能评价指标
	2.5 损失函数
	2.6 实验结果分析
	2.6.1 GhostNet特征图
	2.6.2 模块有效性评价
	2.6.3 综合性能评价
	2.6.4 DropBlock正则化

	2.7 检测结果对比

	3 结论与展望
	参考文献

