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Abstract

In order to solve low accuracy and missing detection of traffic signs in sign recognition task,
caused by complex road environment, small and dense signs filled of whole picture, we propose
an improved Yolov5 algorithm. Firstly, we use genetic algorithm and K-means algorithm to get
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perfect anchors fit for the dataset which is good for the small objects. Secondly, we introduce the
Bi-FPN structure to the neck of mode to combine high level semantical features and low-level
features, which improves the representational capacity of the network. Thirdly, embedding the
Gam attention into the backbone and neck could enhance feature extraction ability and an-
ti-interference ability to messy background. Furthermore, a modified SloU loss function is applied
to optimize the training process and improve accuracy. Experimental results show that the mean
average precision (mAP), precision, recall and F1 score are improved by 10.03%, 4.7%, 2.6 % and
3.48 % compared with the benchmark YOLOv5 algorithm respectively, which shows that the pro-
posed algorithm is effective for Chinese traffic sign detection. In addition, 208.33 FPS could meet
the real-time requirement.
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1. 518

ISR, Bl Hh [ S DR PO R T, LARTREVRVR 258 SR AR A RE X VA AT L R B PRE I K AS 3A
—/N e HAag A 1 e MR IR R0 R G — B R Tt AR I — AN EE T W], E R i) 2 g
BRI TNEGE, HRH RS R4, ST ERAL, DB, RO, @R &R
7 Z4i(Traffic Sign Recognition System, TSRS)E 42 il R 48 s b i — A HE A i oy, ILER%
B FUR ML S 2 e .

48 (1A AR B A I ZEARFE T LR AR GRHE, A8 @br TR FIBESE, M52 Hix
PEEUEMR G HIRHE, SR 5 TR I ARIE DI SAML A8 25 2] 70 264, A RB W INGar 2 G, 8 n LU kX
RriR B EUGEAT 70 2K [1] . F LB RRIE AR AR TEIE B R 4 ) 2B R, 2 BERRIE SR IR 40 2 T 3
THHEEER, FEIRT ARG BEFE B EATE L SEBR R R . #3588 TRV AR IR S AR BE 2 ST R
&, RERIPLTS 0 H bR A WA H O o (132 F T 20w 5 A I AT R 2] [3] [4]

FE TR B 2 ST B BRI B9k 2 N PR B (two  stage) 57 (W1, RCNN [5]. fast RCNN [6].
faster-RCNN [7]) A1 —Bfr 5.9% (one-stage) (41, SSD [8]. YOLO [9] [10] [11] [12])Fi . 7E 35 i@ AR & iR 5
o, ZEHE R [13]55K YOLOV3-tiny A& Sk AR AR I 2%, S T —Fh = RBE IR B IR 22 45 M 028 i@ An &
PRI B, FRE KD H TR p [ 2T @ bR AT P 48 BTG, fEOR. B4 B SRR
bRE FL 80070 92.41%. 93.91%- 92.03%, IS (8] 5.0ms. #fl#f i [14]5 4 T —Fh Strong
Tiny-YOLOV3 HArfa iR, Z %@t 51 N\ Fire Modul JZ AT @18 A e, 72 /NSRS 2501 [R] 1) R
W MR AR TR S . IR, MEAYLE Fire Module JZ 2[RI shortcut SK 38 5 0 2% (R AE B B RE 77, 78 [
RS AR BRI R R EIA R T 85.56%. XN JiFE[15]% 82 T — M A 2 N ER &SR M
45 (SF-RCN), £ FEAlAFAIE B2 B 2% i N 22 JRUBE 25 5 R Ak 6 7 B B (MASPP), - 7E I 25 v 38 o i
ANPUEPHERSHR (F-concat), BlGEAY & R 5020058, 2B b [5 508 A5 5k HohE B bR R
BIEHIEE] T 87.48%.

ASCHEET YOLOVS BB, S0 A2 il b & 7E G % 48 B o5t/ Be e, a3 iy b, sIN
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Z R R, B AR T AE [T K R S T, SRR RSB AR A AR AR B, I BRSNS S
P 3k YOLOVSs #5707 K b T K 27w [ A2 38 A A W B4 £ (CCTSDB) [16] AT ISR AEGE . SEEG
ZEREFH], Pk E ) YOLOVSs KA LE SR 46 YOLOVS 4% ) mAP $54r42 71 17 10.03 N 20 A, Uk
FT AT AES R, AEEESA T 26 MES A, HEAEDN BRI R R 4.

AR ZHEN R . %5 2 #59 M Input. Backbone. Neck. Head PU-/J5 i X} 5 4h YOLOVS H Y 42035
BT, XML EESS . TN GAM VER ML . RRIERL G 4514 Bi-FPNL TR AU Si )
SloU 73 ST VEGH I IR . 25 3 #0a4txt vp [ 22 il A AT I A4 25 (CCTSDB) B A i . SEIG I8 1)
FERVEHAT 1T BRASAR, e h] SR B 25 AN S5 RO AT 1 T B A

2. YOLOV5 (&R 4o 4y
2.1. J&% YOLOVS $#58

2016 4, Joseph Redmon %5 A\ H 7 —Ff #i i Bt (one-stag) i) H FrEE I 4% YOLO, FF& i AWriAR
AR Z YOLOVS, i&¥TRA one-stage H Al Hyk AL HER VL. YOLO iz AR K B As kil 8 9 —
A2 B) 43 25 R TR A RN A 16 R 2R 1 [ )T ) . YOLOVS AR 54 AT L4324 Input. Backbone.
Neck. Head PUANEEHL Iy, FEARYEAAL AR BRI 58 BE AN, 742 H1 YOLOV5s. YOLOvSm. YOLOVSI.
YOLOVSX PYAMEEARY, ARAEANF %, JERC T AR AR £, AT s U005 B AN s FE (1747 o

Input % A\ i 3= ZA G Mosaic B¥E145m . H3E M anchor 5,  HE R B A 46 =1 TJ51%:. Mosaic %
P 1 v i BEALAR . BENLEEY . BENLHEAR 7 20 4 sk AR EGOEAT 9%, AMUBEFEE R B AR
50, PemN HARMR IR, Haep BA7R AR, ek BN 208 . HIE R anchor 1152 48] A K-Means
RBFMBAEEE, BIERLTHEA RIIZREE () B A R AEAE, AR A A BN A RS 17 F00U A i B 4 ¥ L T
Ground Truth, T NP AR RIS SR 4 51 8 DR FE o I L ]y 4 T8 A ] 5 EU PR L 1 3 S b
AR, PR TR B e .

Backbone F=E44% C3 [17]H1 SPPF [18]#55k. C3 #HHL+ BottleneckCSP b, Hif & AR 1k M Sk
R BIFHEEI N, SCRPRHIEAE R, Sl 45 55 HRFAE , 30 9 I 286 B BCRRAIE (1) B8 77 110 [] B8 20> DX 4
SR . SPPF B A R HAAZ I S ORI AL AT R R, $2 =y IR 25 R B2 B

Neck = Z 40 FEASAE 4 7 35 P 2% (feature pyramid networks, FPN [19])F1 5 %45 58 & M 4% (path aggrega-
tion network, PAN [20])fHZ5 & 1454 . FPN J2 H T A T, K2 RRHIE S Bl ERpEr 7 sUk AT 4%
G . PAN 2K ER, BIRZERAERE BAIERE . FPN Z BTN &R aiif SURHIE, TR iE4:
FEEN B ] BRIk e AR, SEIL i ERHE SR R R A oAb, AR RS T 1 A 7y Sy
1EfE B .

Head W& 7 =Mk, 7E=AMaill = b UK 20 30l FoRFE 32 £, 16 580 8 i AR HHRHE K
TR A B RSE I bR, R TS ORI Je 3 EAT DE B0, AR T K i NAS R RST ) B A,
JCHRE/NE PRI i 1 FrRy YOLOVSS [0 48 424

2.2. gt YOLOVS

2.2.1. KWHEHEMIL

KESEIOUF B, I8 1A 0 50 E BB 08 1R T P52 1A 3 m X 6% 11 5 1 s e ek A SB0 E, 8 va P 48
MIHERAZE o BT [A) B Ec s S ks H bR /N & AN AR F], YOLOVS %= T COCO H4iE AR i 1) 4 HE AN i 3
GRS EbS E R BAEEE . A SCHH K-Means SEEAE AL 5%, 1HH HIE S AN FERHEZ I8 HE, Wik
1FR.
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Figure 1. YOLOV5s network architecture
1. YOLOV5s M4g 45

Table 1. Different anchor box size

# 1. TRIRER LI HEIE

RF SeInHEHE

80*80 [7.7] [11,11] [14,14]
40*40 [18,18] [24,23] [32,30]
20*20 [26,25] [54,54] [96,113]

2.2.2. SINFHIERL& 45 Bi-FPN

BRI E W 208 AR A W R I R I RRAE Bl 28 IR FE 0, = s SCRFIE AR, BB
% R B 4 v P 0t B R R, (RS R RIS, E AR A B A SR R AE S Y I R S W 55 4k
Yolovs KA FPN + PAN AHZS & [ 2546 SEIURFAE Il &, B N b 89 FPN 45 74 Be 8 52 (it 50 s k)i A& B (R
FI TPk 5r25), H B R PAN S5 R RER 3 AL 50 5 10 7 B A5 B (A R TPk e Ar), XA 1S TR E 2
[ B B A AE SUE BRI B R, e T BRI IIE SR (LA 2).

TR RFAE A HOR 6] B D AN FURRAE E AT B INARL G, AT RRIE B AT X 43 o AN [FRRAE 5
TR REDTHR R AN I, EERNX — A, ARSCRAMBCF (BT T+ B L) RAE S 73 0 4%
Bi-FPN [21]. ‘B 5I AT A% 2] (AL SR A 2 AN R NP AR A B, e % B A 1~ A ) FRUBE AR AE A5
B[R E G R E TR A E R R 2 REERHERLE . Bi-FPN BRI~ A (1) R
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W.
P i
Zi:g+2wj

Hrr, P RRHEJERER, PERRARPAER, wi MR ESE, 248 = 0.0001
AT DL G B 3 BN B T S R 2% R R ST BERSAE A FURHE 2 RO AE S, (IR AE
FIEE

N Y SRS ORI /N H ARSI AR S £ R R, 20> Bi-FPN Z5 I RERS 6k B 2 MR 4L,
e 13, HAT R F 21 )R, 25 )E. IRl MK IIZGAE, FEE XA EER, WiiE H iR
(17 SR E RLAERA R o

P (1)

repeated blocks

Ps O—>@ > Ps OO

(a) FPN (b) PANet (d) BiFPN

Figure 2. FPN and Bi-FPN architecture comparison
2. FPN # Bi-FPN xfEt

2.2.3. mMEEANEI(GAM)
VER IHUH Al e R S 4 R s L, SRBUBOSE OGRS B, M H = i iR R
WRATTAER, REES B SR AR B S B HER %,

[ )

Channel Attention Spatial Attention

> M. D & @M,
» > Q—>
Input features Fy Output featu rest

\

Figure 3. The overview of GAM attention
3. GAM attention T2 R EE
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GAM 737 /1011 (Global Attention Mechanism) [22] /<[] - CBAM ## 5t (Convolutional Block Attention
Module) [23], ‘EAMNANFE R 1441 5 WU R B R I8 TE 5 78 (B N O 4E AT IR, EEE T
ISR, SIANFBOR T BN TR, ETA =ANYEE FEE ZRRE. GAM at-
tention A FE A 3 FR .

GAM attention L4 V3 2 ) A HORN 25 [R] 3 ) AR . S TE VR R ) AR S B = 4EHESE = A
g FRREE, H—APER MLP (22BN MO 4B TE - 2 AR S TRARRER, &
JeiAT U B e M, R ok FE R ARAE B NS MLP, PRG3R JEOR 4k R, FEik4T Sigmoid Kb 24 H
(WL 4)e 23 [a)i 3 ) TR P‘ﬁ"%%ﬂ?i&ﬁ?l‘ﬂ%%ﬁﬂ%, IR 7 Ak 20 25 (] 4 A5 B 45
M), 1) FH 38 T8 4 Dl A1 77 1) RA SR I/ 3o T A5, A 9D v B R R R IRy 0] T A R4 A R K SR (O
5).

SlngId S
_ |
Input features F M,(Fy)
Figure 4. Channel attention submodule
4. BEEFENFERER
Cx HxW C/rx HxW CxHxW .
sigmoid
ale
Conv

Input features F, M (F3)

Figure 5. Spatial attention submodule
5. FEPEENFIER

2.2.4. B FEVIHRE K KRzt

YOLOV5 (145 2% B 40 43 2845 2% (classification loss) . H br B 15 FE 151 2% (object loss) Al 52 A7 AE bbox [H] 7
151 2% (boundingbox regression loss) = #7324l E . LA @ AL HE bbox [H] U451 2% SR F 56 4248 b i 2k iR 4K
(Complete-loU loss, CloU Loss [24])5230 H ARHE T . Bk i+ 541 A :(2)~B) s

Loy =1-CloU O]
2(B,B"
CloU = loU (B,Bgt)+%+av (3)
gt
v arctan— _ arctan ¥ 4)
gt
T h n

1- IoU(B,Bg‘)+v

Horh, B, B ARKIMAMER ELIAE, p BIASHE 0o p AR AR K BR QR 25, 17 ¢ T2 A% ) e, 25 T AE
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TSR P i/ P X T A AR S, w' . hO AR STSHEAE I SR FE A = B2, wy h AR TIUIAE (1) 58 B2 A
T RE o v ONTIIIHE A B SEHE K 58 Lh ) Z A4k, o -PETIRF, RT3 L iliss i i 452 2 A 1oU
05318 PR R o

FESEI1) 10U 451 2R J8 T TIINAE A B SIHE 2 (8] 1R 52 IR B 1t BV 45 SR A0 2K, 1T 20 W Tt AE 7E ] U e
10U i 2t T A SRR 2, b G YT HE N B SICHE 57 4 B S AN S8 A L & IS OLAE THED 10U ik R
BA XA, JoEH SRS, GloU [25]51 A REME [E] I AHE AT 350 SEAE 5 FROIIHE (1) /A, il o 1 L SGHE
TN 56 4= 43 B 10U T VA M B9 3 0 5 F) 1) A0 DloU 51 N T 48 5 v o 551 A 4D P 35 22 7 R T S50
p Hlc, fifek 7 FINAE AL SEHE 78 A A, 545 FROMHE thoC SR WS4 T FCSEHE ) Pl L. YOLOVS %
H CloU #5122 75 DloU &Rl BB e 3 1 FINHE 15 B0 SHE I B8 LAz 1) @, 5 4 () g o X I L & i)
R SR RS ST 25 el . AR H RN IR SR 77k, U 2% 18 31 L SGHE 5 TR AEARE 22 8] ¥ 77 5] 7 5
B Sl B2 1 A ) . X AN R R BRSO RS BRI, O TRIAE AT REZE I ghad R b “ DY b i
%7 AR EEER . Gevorgyan Z.25 N T A4S SloU [26]45 5% R % .

SloU 5 [8 1 FLSAE AN UM HE 2 [B] ) 1) o A B, EEHT o T RS HE br . BRGS0 MR
(Angle cost). FF E§4ii 2K (Distance cost). JEAR15 2k (Shape cost). loU #i%(loU cost).

a) AR

A =1-2+*sin?| arcsinx— = (6)

4

C,

=—= 7
x=— sin(a) (7

_ t 2 t 2
a_\/(bg ~b,, ) +(b8 -b, ) ®)
c, = max(bcgy‘,bcy )—min(bcgy‘,bcy) 9)

Figure 6. Angle cost
El 6. mEMRETEE

W 6 Fis, IEBURN A, HELARAARE)~9), Joh (b, b, ) ABUME 04T, (62,02
FUEHE L AT, o FOR ST AN BRI 0 SO BES - oo Dy PUSRRERN UM A0 28 (R R R 22

DOI: 10.12677/0rf.2022.124165 1576 BE 51


https://doi.org/10.12677/orf.2022.124165

DIV, EE

b) BEEHIL

A=3_,,(1-e) (10)

2 t 2
pz(bcht_bcx) 'pz(bfy bcy) r=2-A (11)
c c,

w

FREHRA A, THREARXNAA(L0)~(11), Hrr oy, A ey FL SRR PN AE S5 /)N S50 7 1) 56 A
c) ARPL

Q=3 (1-e¢*) (12)
- |W_Wgt| (13)
= max(w, wgt)
|h—h?|

“= max(h,hgt) =
; -------------------- ™
: BGT
' L~
;
;

— C

Figure 7. Shape cost
E 7. R TEE

mE 7 for, BRBEAN Q, HEARNAR(12)~(14), Hrbw,h,ws, h® 5351 T I0HE A E S )
T 0 NEESEL, PRI TEART R R OCERRRE, A 1 ik G T OGUE TR A K T BT T A R F2 35 o
% SloU kR IA A 2 A (15) s

)+ﬂ

Ly =1-10U(B,B* (15)

FEILHER )55, SIOU Loss &Ik % e 4T, (A NSCHE R, WEE, T HEM%
) CIOU Loss, R ASSC R B AL SIOU Loss IUAE [ V453 26 pR . 11l 8 B AR ekt 5 1
YOLOV5 [ 2% 11 74 45 44
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Figure 8. Improved YOLOVS5 network architecture
8. BiHEY YOLOVS M4 454 [E
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3. KWERE DR
3.1. ISk

o [E A2 # 54 CCTSDB2021 (CSUST Chinese Traffic Sign Detection Benchmark 2021) 1Ky # Tk
B A I IS i R HE e AL PRI R 4 AT S0 = gk A BH 2 T A A S [ 16]. AR 17,856 5K
HrpIl 24 16,356 7K, MiAAE 1500 5k(W.7 2). HRibsd 3R A = K35 $8brd (Mandatory) . 2%
1E#7 & (Prohibitory). 425 45 & (Warning) (W1l 9 FiR). B 0 #8% A 860*480, 1280*720, 1920*1080
NG ZiBbrEG R RN F LI 5 MrdE(XS, S, M, L, XL)#EA7ERI5r (0.3 3).

- @0 @@
~ A A A A
e

g
)ﬂl_

Mandatory

Figure 9. Chinese traffic signs with meaningful classification

E 9. Z@iniRREE

Table 2. Traffic sign dataset classification and amount

=2 BRENBIRSEAI N HE

P2 training #4& test A
Prohibitory (Z%11) 13,867 2177
Waring (f67R) 4598 333
Mandatory (%% 8363 718

Table 3. Cropped image size and amounts

# 3. BRI IRRHE

P FOFBR) o
XS <210 813
S [210,400] 807
M [400,1000] 828
L [1000,2000] 408
XL >2000 372
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3.2. SLBIAEANR BT

ASCEIGAE Linux #:4E R4t Ubuntul8.04 k4T, KA Geforce GTX 1080Ti, 11GB igfTW 17, ¥
A6 TR B 27 STHESE pytorch 1.7, SEIGIAES 2 python3.8, GPU JIi#E k{4 CUDAL1.2. SEIGHIEES
BE R 1% 100 epochs, HAEARUE (batch size)y 32, BEMLEAE FF&:(SGD), )& (momentum)
0.957, A H % y§ (weight decay) >y 0.00048, #J4f%: > %K 0.012,

3.3. I FRE
A B EH AR IR PR e bR . LRSI B (precision, P). A [F1Z(recall, R). “F34k &
118 (mean average precision, mAP). F1 73 %(F1 score) F14E#p 4b FR TR (FPS) o« & WiEAN Fabrit AR T -
TP

“TP+FP
R TP
TP+FN
. 2PR
P+R

+
1d¢
mAP _ﬁi;_([P(R)dR
Hort, TP s IESE TP IESAIHEL, PN PR IESE TN 510 HORE, FP e 1 SR T e IE S i it s
TN e ST B S B, N RoR R
34. KWERESH

AT IS RT YOLOVS MBI H bR iR BIPERE, ACE I T IR YOLOVS (V6. )T 7E AT il
FrEBIEEF I RI(LL Repo), VAL ASHILLL, XF A SOk it AT 7 iHahsess, 5 a6 A oot
MIEGE YOLOVS 4445570 (25 Imp-YOLO) 552 3 4Rk 47 1 4 b S26 45 AN 4 Fior.

Table 4. Experiments results
4 KWER

mAP mAP
Model p R o) 05055) F1 FPS

original 90.80 69.2 76.3 52.1 78.542 123.46

Repo 88.10 73 79.33 50,87 79.84 246.7
91.77 76.23 82.3 54.07 83.28

GAM (+3.67) (+3.23) (+2.97) (+32) (+3.44) 202.99
. 92.1 754 8213 53.73 82.91

BI-FPN (+4.0) (+2.4) (+2.8) (+2.87) (+3.07) 232.89
915 74.97 82.03 5413 82.41

SloU (+3.4) (+1.97) (+2.7) (+3.27) (+2.57) 250.42
92.8 756 85.7 60.9 83.32

Imp-YOLO (+4.7) (+2.6) (+6.37) (+10.03) (+3.48) 208.33

HI SR AT R0, et YOLOVS BEUAE & T br h #4122 38T . FE IR AR B (R Aty B 5
GAM JE =& SR, Refs S 4 A F 22 (6] A2 B A5 RN A TG A5 B DR — 38 Z A EAR L, A2 = AN
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PERHIEAS S, 0T TR AL B AS 2 00 25 Sk MIAE 25 B TE L ORI B8R, R4 R $2F+ T 3.23%, & fii mAP
PTHT 3.2%. Bi-FPN 54 s AU 77 SOATR-E AL A, 1T DU ZRRE 5 5 B R IE R T A 200 P 1
FRRA . B HAREE SN BARER 2 B0, U R E A S A B T T B TRHAE A SR ECRE T
fERERLHERA B P 32T T 4.0%. 50/ 51 SloU AEATIIAE [ 4 2% R 8, R T 546 CloU A % 1&
TSI L5 RO A AEE 22 [ [ 77 1) A [ 1 5 SO SO 08 ) ) 8, 3 A 28 0 FAE ) SE ARG . 3.27%, il
MRS T 3.72FPS.

AT S, AHILEEEA YOLOVS, HERRFE P ISR T 92.8%, #2&F 1 4.4%, HHIZ 75.6%, T
2.6%, Fl-socore Jy 83.32, #2711 3.48%. mAP@0.5:0.95 7 10.03%, A ks i LUl & 6k /) B 1
S EARAE A s R TIRS B2 R [RTIE, AS I R 3k 208.33FPS REML I /L SEIF PE TR SR . SEIb 4 REINEE 4
MU AT Rl R 5] U5 453 2K R B SR R A T LA R AR 28 Sl J5 R i )RR - 1] 10 Sy eadt i
JE S 25 SR L o

44KM/H 2019/01/14 16:04:37 1559 A4KM/H 2019/01/14 16:04:37 1559 A4KM/H 2019/01/14 16:04:37

2019/01/23 07:28:17

: e 14KN/H 2019/01/14 18:05:52 - 4 e
(@) EE (b) YOLOVS5s ik
Figure 10. Improved YOLOVS5 detection result comparison
10. B4if YOLOVS B ENSLE#MLE R

v 14KM/H 2019/01/14 18:05:52 e 14KM/H 2019/01/14 18:05:52

(© Eﬂzi& YOLOV5s Hi3:

B 10 ATRAE M, JEAEH) YOLOVS SE ISR MR A AR A I A7 E AT BT L, 0 R AR B 4
/NE BRI A J I DL R, R IASCR R A . S — RIS — MR RAR I, 28 ok A R R A 7
ANEEIEFRIR, 5 =K RS (A R AR 1B AR IR . T A S0 ) YOLOVS B0 i D IR AE G Aar il v 1 s
bR pTA A EARE, RN, RIS

FEAS IR ARSI b, o5k YOLOVS BEAUAHE: T IR 4R 1) YOLOVS 5& o #Efff FE 58 9 B iR (L3 5).
TE = R EFR L E S mAP@0.5:0.95 40 JilliiEl T 62.5%- 61.2%7FH 58.9%. 7E4% 1bAs e Aok T
T 9.7%, fEESREEMIEEIRE T 8.27%, fE4RRbrd FENKEEESEE 1 12.1%. FEAF R HAwAaill
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Table 5. Experiments result for classification
= 5. TREIZEFM LI M LER

Prohibitory Waring Mandatory
Model MAP MAP MAP MAP MAP MAP
(0.5) (0.5:0.95) (0.5) (0.5:0.95) (0.5) (0.5:0.95)

Repo 80.90 52.8 86.17 52.93 71 46.8

GAM 84.53 56.77 88.2 55.9 74.17 49.5
(+3.63) (+3.97) (+2.03) (+2.97) (+3.17) (+2.7)

Bi-FPN 84.17 56.43 87.8 55.07 74.53 49.67
(+3.27) (+3.63) (+1.63) (+2.14) (+3.53) (+2.87)

SloU 84.83 56.7 87.63 56.43 73.57 49.3
(+3.93) (+3.9) (+1.46) (+3.5) (+2.57) (+2.5)

85.7 62.5 89.8 61.2 815 58.9
Imp-YOLO (+4.8) (+9.7) (+3.63) (+8.27) (+10.5) (+12.1)

Table 6. Experiments results for cropped image size
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XS S M L XL

Model  map mAP mAP mAP mAP mAP mAP mAP mAP mAP
(05) (0.5:095) (0.5) (0.5:0.95) (0.5) (0.5:0.95) (0.5) (0.5:095) (0.5) (0.5:0.95)

Repo 73.47 35.87 86.93 53.97 92.93 63.07 96.9 69.07 96.4 74.23
80.9 41.73 87.37 56.93 94.13 65.77 97.4 71.63 95.9 73.53

CAM " (41743) (+587) (+0.43) (+297) (+12) (+27) (+0.5) (+257) (05  (:0.7)
gy 798 4157 8723 5590 936 65 9707 7097 9563  73.13
(+6.33) (+5.7) (+0.3) (+1.93) (+0.67) (+1.93) (+0.17) (+1.9) (-0.77) (-1.1)

sy 8043 4287 8580 56 931 6495 98 72 9695 7485
(+6.97) (+7) (-1.13)  (+2.03) (+0.17) (+1.88) (+1.1) (+2.93) (+0.55) (+0.62)

ovoLo 822 497 8740 6040 929 6820 974 753 948 755
p (+8.73) (+13.83) (+047) (+643) (-003) (+513) (+05) (+6.23) (-160) (+1.27)
4. #5ig
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