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8 EAEHIEMSHY T, ¥ YOLOvS ST Hbstildr, PR 2 5T A A B B M 38 (7 s ATl
15 O AR BEAD AN 15, A SCHE H — P T 24dt YOLOVS (22400 H FrAss il 7732, ﬁﬁﬁvﬁ%ﬂlléﬁmﬁﬁﬁ%lﬁ%
FEBTHIIEEAE RS, 51N B G RASHE 115, 78 3 T M %% (backbone) ﬁbﬂ)i?{”ﬁ'—ﬁ{;’%ﬁ}ﬁj}ﬁ%ﬁ% (squeeze and excitation,
SE), fiii e 41Xt 38 18 URFE S ., RTHFAERIERE ST 0 1 SR T MM A RIS AN VIR I ARAS 2, K30 5 B 5 A 1
2R, G REZ I (convolutional block attention module,,CBAM) 5 Neck #43fili &, {5 B 7RG AN [ K
AN IS BE DGV BB ARRAE, SR TR AR SR ERE Ay 7E 32T I 28 {2 () - 3 Ak SPP b, A5 A 4 A\ AT
DL A 2 BB e i BRI R, E?ﬁ?ﬁ@iﬁﬁﬂﬁ, AT B AR ERAE 518 F Hardswish 3075 BREL, B T84S X 4 B
FEA SR 7 H, 18 CIol](F%ﬁﬁ‘UﬂUT@EUﬂ 453 5% BR 2, 508 e ALKS BEAC AN I 2ot A2 A B bk I HE [=] 3 3 B 18 11
e . S 45 R, OIS AR TE KITTI 2D #i 4 B, H AR R4S 1% (precision) & 1 2.5%, A
A% (recall) 3875 1 5.1%, PR E{E (mean average precision, mAP) #2715 T 2.3%.

KHIR: H AR, YOLOVS; 48 5 Ui, v s L, SR = 0B, B0 s % Hardswish

SRR BRIE L BRI AR, 5 AR L, 5 e B T Bk YOLOVS 19 248 H bl v SEHL R G R ,2022,31(12):127—134. http://www.c-s-
a.org.cn/1003-3254/8758.html

Vehicle-side Target Detection Based on Improved YOLOVS

LI Guo-Pu', CHEN Sheng-Dong', WANG Liang”, ZOU Kai', YUAN Feng'

'(Guangzhou Institute of Software Application Technology, Guangzhou 511458, China) |
*(Guiyang Academy of Information Technology, Guiyang 550081, China) s

Abstract: In the application scenario of autonomous driving, YOLO“V,S is applied to target detection, and the performance
is significantly improved compared with that of previous versions. However, the detection accuracy is still low in the case
of high running speed. This study proposes a vehicle-side target detection method based on improved YOLOVS. In order
to address the issue of manually designing the initial anchor box size in training different datasets, an adaptive anchor box
calculation is introduced. In‘addition, a squeeze and excitation (SE) module is added to the backbone network to screen
the feature information for channels and improve the feature expression ability. In order to improve the accuracy of
detecting objects of different sizes, the attention mechanism is integrated with the detection network, and the
convolutional block attention module (CBAM) is integrated with the Neck part. As a result, the model can focus on
important features when detecting objects of different sizes, and its ability in feature extraction is improved. The spatial
pyramid pooling (SPP) module is used in the backbone network so that the model can input any image aspect ratio and
size. In terms of the activation function, the Hardswish activation function is adopted for the entire network model after
the convolution operation. In terms of the loss function, CloU is used as the loss function of detection box regression to

solve the problems of low positioning accuracy and slow regression of the target detection box during training.

O 4T H: BRHS E AL (ZNWLQC[2019]3012-1); ByRHE 3% ([2021] — % 297)
RIS B : 2022-01-24; A& 8] 2022-02-22; SRR H]: 2022-03-11; csa 7E£k H RIS [8]: 2022-09-14
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Experimental results show that the improved detection model is tested on the KITTI 2D dataset, and the precision of target

detection, the recall rate, and the mean average precision (mAP) are increased by 2.5%, 5.1%, and 2.3%, respectively.

Key words: target detection; YOLOVS5; squeeze and excitation (SE); attention mechanism; convolutional block attention

module (CBAM); activation function; Hardswish

[ 3025 B 0 4 2000 G PR 25 B O BRASAE
99 R P S N AR R T S B BB A, AT B T
O T P 50 R DA B 3 4T R ), I e
SR AR A 8 U F 2 T A, LA A 6 R T 55 B
T E AL 20, 1 B e R G0 T LAY Ry
3 AN B BRI, b E BRI R 13 2
AT IR ST R SR — AN A 7E 1 B R
S5 R TATUISR, AT B8 0 UL P 0 T 77 B A
SERR TR S, A BRI 7 v R N TR 1
PRI . AR 0 S R, 2R i 455 0 S L
A AdaBoost 4 AR BRI 5 H eI A THEF R
PRI AT L, R 2 31 VR AR TR £ 4 A
AERES. Bk, BT 2D BRI 5 I B4R A
[ 30y 25 o R e ) TRz,

I B 2 S 1 T2 R, B 4 5 A
AR AR EN T BRI, (E3E T 2R B2 31 1 AR A U
(T B0 5 4046 3 B TSR MR . 8
EURRAAAR IS P o S 2 50 s o 00 5 S b R
PRI, e TR 2 ST R J7 7 T LS9 one-stage
Al two-stage P K. L Faster R-CNNP YR 1) two-
stage VA SGIE T RPN $R H B A A 435460 0 4 4k A %

6 X3, PO 0 DX I PR R AE 32 AT 73 SR A0 H AR HEAGL T, |

T VE AR B R R U2 (R B LAYOLO &
B 3R one-stage H ARKCWI SR, 5 1L 1[5 7y
T 44 F 7 5 AN 2R 31, ik B R U e L
EHA T 45 L 22K A R R B, i
S F B AR AT 25 .

1EH BB N5 R, % YOLOVS AT Hix
R e, PR RE L AT B R T, (RAE g AT
JEE 1 0 R RS BE AT AN . DR A St — P T
B3 YOLOVS 144 H Fnder il 77 v2:.

1 YOLOVS FEA 53
BINSE I H 4 35 H Ak, OFEH AN (input). EF
M 2% (backbone)~ M 2% (neck) Fl%i Hi i (head).
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YOLOVS A %A 1) /4 2 L5 /g a0 Pl 1 i, R 28 2R 4 45
I 2 .
1.1 I\ (Input) o

YOLOVS TE i N 3 4 I 1 4l i 17 19 35 7 81
HHFE I Mosaic EHEHE 52 4 NIl 8RB 1 B S A HE
VHBE, REARE 5 IR B 4 i, A5 S5t B S 11
PRASHE R AT B8 KRB WIRHME KN, TN T8 4
MEFI S5

Mosaic & —Fh 5T Cutmix" " [ %38 186 o8 )7 5.
1E Cutmix FHE T WK EE, 1 Mosaic ¥ 4 5Kl
PR A R 1 SKIEAT ISR, 1 P35 7 X IE 3 T ez
M SRR . 7 I s A R L KR
P&, 4 F Mosai Jim /2 J5 Rt B, 2 BB BRI 4 15,
DR k2> 7 Ak -S4 R 22 I 75 KA (R K.

3 I P 47 A A TR ASE B F o BB AT,
S AR UG PR /N N B 9 48 B /NS 4 i
L. SR JE AR AR S 4 B R /N 5 48 T L T S 4 U
RISV NN I=E ) €l braey Stk D O NING]<a

£ YOLOV2', YIOLOv3EL YOLOv4™ fig7 i,
S o 3 et 2 R G X, 1 A e 9 K0 4 4
TR R K B A R YIRS (R B B R, 46
JEIE L BT 38 47 R 3R AR T BA 6 UE. YOLOVS
FR AR A [ 3 I A HE T B Th BE RN BRI 5
P 0 0 5 110 42 R 1 30 L PR ) e 0 i A
1.2 EFM4 (Backbone)

TP 2% BE N B T HRELER-IE, /£ YOLOVS W
FEH T C3 B SPPF #ide. HA i C3 Btk
AR R R s L, i F SPPF REERBENT [A]—
ANFFHE B AT 22 RO RRHESR AR, G R TSR ARG

C3 BRHAE T 3 MBI DU 2 A S
e (bottleneck), I A AR LA & AL & SC 1. YAML
) n A1 depth_multiple Z40RAN diE. L5 2 fr
R, C3 BRHLE N6 ik 2 R BEAT 2 o 1) 2 BEAR e, 4%
MG RPN, — AR T iR TE € £ 4> Bottleneck
B 3 MBI, 50— NG — AN EEAG
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R, B 5 % P L #E4T Concat #:4F. H A 7E Concat
AR I B bR AR e b R 300 R B SILU. B —
iz IC R N A Sigmoid 281 5.0 HI BRE, FRR S Ab Ak

LD FFM%
Input Backbone
v

L 640x640%3 b

E Mosaic : !

| s .

[ mem . "
o EgEs P l

o aEm . ,
| E A b cBS

cs | Conv Bt SiLU
Normalization

B L E SO yaml (1) n A
depth_multiple Z B i

:_’ (‘BS _. -
? _’

G ESOGE IR E AR R, AT R
LR, SiLU SO R B0 ST
SiLU(x) = x X Sigmoid(x) (1

FUHS ) 255 i
Neck Output

m

CBS - 80x80x255

| B
|
: :
—E_E_. a
l Do

m
P 40x40%255

ey
B

20x20%255

Concat

2 YOLOv5 R4 M454

SPPF i J5i 3 1 7 [H] 4 7 54k (spatial pyramid
pooling, SPP) " Kt — 55, {H A 5 it A A% BT HA —
FE. SPP 7£ YOLOVS HERIAfE A 4 AN itfb Az, 73 il 2
5x5, 9x9. 13x13 Ml 1x1. SPPF 7E YOLOv5 H ¥k iA
FAPRAN AL RZ, 23 )& 5x5 Al 1x1. Pixf b R SPPF
TE SR EURFE ) 38 P 2 TP

2% ) G B AT B A AN ) ROBE KN [ R AR
B, AT 3 RS R AE B B B AT ] 2 R ik, R
73 ) [A] 2 H & RHAE. S8 5 1 N4 1S B R AE &
R B 75 1 [ 52 K BE B RFAEAN 2, 5 T\ B 4 i 4
Z TR 4. SPP BN AZ BF, fi vk T CNN %
N BG R /I D6 2 3] 5 (1 ) 758, AN T T A 73 4 AT 2
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B B 1 B LL AR /.
1.3 FEBMILE (Neck)

H4FIE 473 (feature pyramid network , FPN) !'?
I 1% 58 4 454 (path aggregation network, PAN) !
AR HH FPN [R] {5 A LG JZ AR 151 43 3 26 A0 1 S
TEMIE S B, fEM 2% R J B N &3 U{E E. PAN
£ H T EEdEAE R, fREEEEA S AR
Tl 2. PAN RERl& A A RCTRHE BRI B, A T
PRI AS [ FEAR /I A e A
1.4 % (Head)

it A AR RN 4, 2 R R B 2
JOBERFAE P HEAT TO0II A [5) R /N B 04 . i i P 8 A
Pl i S SAR A S JOAE R, FF2 P A ) 7 .

AL 3 FhOREE B TR &, 5 1 Fo@ AR R N
B T 8 5 T KA 15 ﬁ@%ﬁﬁid\, TRAE THK
JZ& T 3 HE R, Xﬁ?*ﬁ‘?)ﬂlﬂd*%ﬁ%@ﬁﬁuﬁﬂﬁﬂﬁ. £
2 PR AT G M T 16 5 T RAE S, Rz
S e A A I S A A B SR 3 R A kY
NG T 32 £ R RAE R LIRS B AUR AR,
SRR Rl N/ U
1.5 5K (Loss)

155 B BT I, JAAEAE B EAR T ER A T
CloU R 8™, & 5% A i) 2% A WU AE AT H A A 28 5 1F0
R 32 FHE A0 PR BRI S 5 v L, Il g AR
eh B A A [ )38 5, i vl S R e 674 2

CloU A F:

CloU = IoU—sz’zbgt) —av
Horp, p2(b,bg’)§j\%ﬂﬁi§7?ﬁ?ﬂﬂﬁ*ﬂﬁ%*@ﬂ‘]*bﬁ i}
R B £ 2% i 05 [ I 2 TR 1 2 S HE Py 52 /)8
PP X 381 077 R S . ST B 5, v PSR R 5
EE B AR AL, afity B 24 =l (3) AL (4):

1%

= 3
T T ToU+v ®)
4 st 2

V= = arctan e arctan% 4)

CloU Wyt kA =X (5) F= (6):
Losscioy = 1—CloU (5)

2 b.b&!
Lossciou = 1— IoU + /L’z) +av (6)

c
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(2

2 4yt YOLOVS

ik JE AR (R FK YOLOVS-TR, F M4 45 # 4 3
Fiow, SR 4 Brs. 72 IR AR AL 3 T I 25 TR
B0 45 5 BRI B (squeeze and excitation, SE) '), #ik
B TE (I ARFIEAE S, $ETFHRFERIARE /)08 T TR
DUAS [E] R /NI IS FRDRG B2, 48 AR 2 A (convo-
lutional block attention module, CBAM) """ 5 Neck &
SyRE, TR TN S I E AR A OC R RRAE, 15
RURFAE SR HLRE /7. E‘{%{?ﬁ@ﬁﬁ@, & R AR 5 4
Hardswish S B 5", R FHF 8 AN B e,

2.1 ETFMLE (Backbone) B

1E E 3 255035 5 L3t AT HARKE I, T 2 2% i35
B AT 5) B 245 SURAE, BRI F HRR X 3,
FRARFAIE 27 23, 2T s e A ar I K 2.

JE 26 55 U B B 32 EE AL R4 (squeeze) AT
(excitation) P43, SE B4 N RFIE(S Bk &t
JEGtRAE, AR5 2L WU E, AR BB e
REASEASE 0 B 0 DGV H b X358 10 388 T ARRALE, 17 410 i A B
B @ AR,

ARSCHEE T WL P SPP B ST, A —A
SE Bidk, ok 5 i) EF Mg il 3 Fros. R 3+
I 2% i he U BEHGOR B IRFALE, DN SE AR g {5 20
BN IR H A X 8 ) 38 8RR AR, I RE A AN 21 2 0
TERHIE, T%ﬂfﬁi”ﬁ?%%%ﬁﬁ‘ﬁ%glﬁﬁﬁ, NTTE =
T e ] A 2 \

2.2 FEBMILE (Neck) B

TE B B R, B Wi 25 B4 e Car”
“Vgﬁ.”“Truck”“Tram”“Pedestrian”“Person_sitting”
“Cyclist™Tram”!"*, 285 2 8] {) K/ BEK 2 F 1.
[F) INF T A AL AR A A, 3 B S AR AL ) ) AR A T
Borb BIREBCR, BB A LI 1) LE A R IR BV,
For il ) H AL T AR R ANAT 23 /N H bR —fCE BRATR
H A, B8 DL A B AT s A e 1B 50 T, [ B 0 AN )
KN B AR AT A I 2 A TR HE .

BRE R I CBAM £ ZE Pk, B
JBIBYE R B (channel attention module, CAM) 175
8]V & JyA R (spatial attention module, SAM). CBAM
[F) By SG Y 1 2 (A5 JE A E (S 5., T 9 2 o [] A 4 AE
PR AT B, S A AR B 0 O v EE B ) ARRAIE, B TR AL
FFEFEELRE 11,

ASCAESTER A 2 b5 91> CBAM AR, Bt fE i)
BRI LS a0 3 FR, [N R BT CBAM
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BEHAL PRI, SeRt AT IEE R 8, IR T 2%, SERHIE B A B B S, el e iy — P
IR, AR R 25 R TR R Bl I AL ACFEH, T H AN RO/ ML IR H A S5 R i1
i AL RE SR 015 B, CBAM BHLAE A S H % 1) RREIAEAS AN [F) RN BRI, R 5 50T = A R A AN
VERE B AEIEE S /M5 2. K CBAM Bl & 7E35 FETHRAESRINAE 7, ATTHRTH AR RICHIAS L.

A B FUSHAE S i e
Input Backbone Neck Output

640x640%3

80x80%255

CBAM

E Mosaic : i
| | | :
E E Concat i
; L m . §
| B @R P 5
Dl HEREE o ] i
| _ e
t —_—t '

» L\

K3 YOLOv5-TR R4 4i# ! \. .

ot % ‘ a -
Normalization

MR RLE SCf yaml B9 7 A0 —
depth_multiple Z R P

oo
 m-

— Ko —

-
<
Q
=}
s}

@)

: ), ©-
MaxPool 1x1 \ /v N \ /v
WIS M s
3 IR 22 Al 7
MaxPool 9x9
MaxPool 13x13
4 YOLOVS5-TR M 2& 20445 Hy
2.3 HUE R BGH TEFE, EPEAE RS R Bt N E L
N TR EAERL R IERE ST, [R5 RE AR - S Hardswish 7E MobileNetV3 22!t 2 1 A
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AL BFR PR SR S, s
W2 2 B T E 1R A R

A Hardswish BECE e SILU s%k. 5 [F 2
FHELT SiLU R, & oy B R AR T i B A
1) Sigmoid KbER, BATHUE R 8 VI R 518 B2 R
Mo AL, RIS RS BA =5 3k B /7. o, Hardswish
B e R 7 OE Ak (7), BRI 8 3 Rl AT L,
xIEHNE.

0,if x<-3
x, if x> +3
x(x+3)

6

Hardwish(x) = (7

, otherwise

3 ST

B HE J AR AR AE KITTI 2D H bk il 5
% B, ST AR AR R L T I Y
B T A [a] 30 AR SR IR EE R 73 A Hh I 0 35 14 FAE
51 VA1 45 2K R 2K 1 A5 S . 5 258 P S ) i 3
J&, BEAT 2 ZH 0 LSRG, 15 BRI 45 R
3.1 HiEK

KITTI2D Hbrta i 4, KM A MALEIE,
7481 KA A BRI E R, o EGEE ORI N
png #&3. 3Z I 7:2:1 I ELBIR S, LR IlZR4E 5241 A
FEA, BRUESE 1500 MEAFIINREE 750 MEA. Fr2k
HRALEE 7 BRI, 42 “Car’“Van”“Truck”“Tram”
“Pedestrian”Person_sitting”*“Cyclist”*“Tram”.

XU ZRB0E HEAT B 1 0, B35 B R HSV (i3
. BEWLALFE (translation). K/NAEHE (scale). FEANLZE

A B AT Mosaic B4 1 92 4%, BAASHUnER 1 il 4L

AR 25 0 R, SRR 1 2
%1 Hdphmsl

s K

HSV-Hue 0.015
HSV-Saturation 0.7
HSV-Value 0.4
Translation 0.1
Scale 0.5
Flip left-right 0.5
Mosaic 1.0

3.2 LWINE

6 PR 85 40 N IR R B AL PR 88, )1 SR B B4
FH 2 Ht NVIDIA GeForce GTX 1080 8 GB . 771 GPU,
M AE+E 32 GB, CPU #2 Intel(R) Core(TM) i7-6700K . Jil

132 Z%i# % System Construction

WM EEA VSCode. Python 3.8, Cuda 11.4. Fi7Y
7E Linux R4, i PyTorch R 5 2% S HESE 4 7.

MERIAEE M 1k NVIDIA GeForce GTX 1080 8 GB
RAFH) GPU, H AR IR 5 — 3
3.3 IZEE

W24 depth_multiple KRR EE 550, WE
HAE N 0.33, 3 width_multiple 2275155 55 B 35 %%,
W EHAA N 0.50. Budk 5 R AR AL AE KITTI 2D HAx
R A g gk, B B A SRS 8N 3k 2.

%2 YEEH. |

ZHATR w PG
N R~k [640, 640]
1RGNN 64
HIUE S ) % 0.01
A 0.001
Pl ite 300
ToUYIZRBIA 0.50
etk % SGD
oA A A H 2 Rk 0.0005
IoU Loss CloU Loss

3.4 iTfhIEFR
ARCRE K 4 AN EPR, BAEREHZ (Precision, P).
P 408 2 2918 (mean average precision, mAP)
Mm% (frames per second, FPS) F1 74 [7] 3 (recall, R).
THEA = (8)-=0 (11) fiok:

TP
pP= (®)
TP+ FP
&
AP=— > AP; 9
mAP= Zl ©
F N
Fps = (10)
ElapsedTime
TP
R=——— (11)
TP+FN

Horr, TP NIEREASTION A 13, FN AR TN A
RINECE, FP OYIEFEARTIINET R IECE, TN AFAFEATI
MIEBECR. APPSR | RRIAERZ, N R HE.
FrameNum #3818 7MW, ElapsedTime 5&4g 1 s BN,
35 ZWERSHH

2k R BB YOLOVS-TR, 76 1T R4 Hi s i s
47 5 WU (SE), BT E I (CBAM) 5
Neck #i77flt &, [FI 247 B A #84F 5 18 H Hardswish
WOE BRAL, R T B W 2 A

R 300 58, FFAEIRUESE B, W %2 oot 5
RS ER AN S ARE A 1) 320 FAE [ H 45 2K (box_loss)~  H A%

© TEREBIK R

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


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

20224F #5314 55 121

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

i H AR SN A

BEEBUL (obj_loss) AR (cls_loss) (AL,
AR 5 Fros.

Wi 5 pow, BodfE LAY YOLOVS-TR F1 YOLOVS
FHECER T, o A [B] A 453 26 A0 H bR B A5 B30 R BRI,

P AL S S50 B BB YOLOVS-TR BEAYE 14X 300 %
S, 320 FURE [B] A 451 0% il 2 Tk P 2%, B S 1A £ 0.023 8
FE AN REK. HERBAEERHRIE S 0.0351 26 AN
FAAR. B35 IR 31 0.002 1 22 A5 AN FEFRAIK.

010 0.035 F
0.10
ol 0.030 |
0.09 |
. 0.025 |
» 007 b 0.08 |
g Z 2 0020 |
) 0.06 | 2,007 ¢ i'
2 0.05 8 006 | S 0015 F
0.04 0.05 | 0.010 |
0.03 0.04 ‘oioos L
. , X X . . = 1y \ + : . :
0 100 200 300 0 100 20{) 300 0 100 200 300
Epochs Epochs Epochs
(2) A FHHE [T 25 () B bR B Rk (©) Rk
— YOLOV5 — YOLOV5-TR
\ -
‘ =
» K5 kK

. v
M 6 Fior, FEUE A bR, W5 ok 5 R bk
FFRR G R (P) HEIZF (R) 124 IoU K 0.5 B
SRR FESME (mAP) HIAR A, EAREHE IR 3. YOLOVS-

TR KRR REEL YOLOVS &, fERRLIEAR 300 )5,
FEHIRIAF] 0.945, F AR IEF) 0.875, kS EE )L
0.929.

1.0 1.0 1.0
08 08 | 08
0.6 0.6 | 0.6
S
& &~ | 3
04 04 0.4
0.2 02 0.2 r|
0 . . . 0 N L . ‘ 0 N N .
0 100 200 300 0 100 200\ 300 0 100 200 300
Epochs Epochs ™ & Epochs
(a) K5 R REICES (o) “FHIRE R
—— YOLOv5 —— YOLOVS-TR
-

bV 6 R R AR

B
*

*3 EQ&&E%L YOLOV5-TR Fil YOLOVS 1A 15 b7 %] H

GRMEEL2D YOLOV5-TR YOLOV5
P 0.945 0.931
R 0.875 0.846
mAP@0.5 0.929 0.904
FPS 277 285

FEMHAAE Ut W %% S5Ot 5 S e R Ja 455 3
AL TR AR, BAASIEINE 4. YOLOVS-TR 3 kM B
tb YOLOVS &, TEBLBLIEAR 300 56 ), #2604 2
0.939, $&m 1 2.5%. HEIZFILF] 0.875, #2751 5.1%.

X IoU 2~ 0.5 B (P EIRE FEAE 2IE 0.929, $2/1 T 2.3%.

%4  EMRE L YOLOVS-TR 1 YOLOvVS MEREFEFR%T EL
PSR AR YOLOV5-TR YOLOV5
P 0.939 0.914
R 0.892 0.841
mAP@0.5 0.928 0.905
FPS 277 285

FE BRI, SR A [A] otk oy >R R4S B 48 b
eIt as . Hod o A G R 46 5 L (SE).
HRE R IR (CBAM) A 53 (Hardswish). M
F 5 AT LSRR, A B 2 4 Tk B OB A K TR
RSB, LRSI TE T 2.2%. X B A T
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L B SRR T AR e 45 55 A A ORI 25 R 3 A,
S AL ERIR T T 2.7% 1 2.2%. X P28 5 H4 1
PETI B A FH 02 48 5 SR B B A B =
B, 23 ALk P3RS BESAESETE T 0.8% F1 1.1%.

5 FEMER AN A ek s SR B B FE AR AR L
2R P R mAP@0.5
YOLOV5 0914 0.841  0.905
YOLOV5+Hardswish 0.916 0.843  0.909
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