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Abstract. Sweet peppers are prone to malformed fruits during the growth and development process.
Machine replace manual identification and removal of deformed sweet peppers, on the one hand, it can
improve the quality and yield of sweet peppers; on the other hand, it can solve the current problems of
high labor costs and low efficiency. In order to realize the identification of sweet pepper fruits by robots,
an improved YOLO v7 — tiny target detection model was proposed to distinguish between normal and
abnormal growth of sweet pepper fruits. The parameter-free attention module (SimAM) was integrated
into the backbone feature extraction network to enhance the feature extraction and feature integration
capabilities of the model; the original loss function CIOU was replaced with Focal — EIOU loss, Focal —
EIOU can speed up model convergence and reduce loss value; the SiLU activation function was used to
replace the Leaky ReLU in the original network to enhance the nonlinear feature extraction ability of the
model. The test results showed that the overall recognition precision, recall rate, mAPO.5 and

mAPO.5 - 0. 95 of the improved model were 99. 1% , 97.8% , 98.9% and 94. 5% , compared with that
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before improvement, it was increased by 5.4 percentage points, 4.7 percentage points, 2.4 percentage

points, and 10. 7 percentage points, respectively, the model weight size was 10. 6 MB, and the single
image detection time was 4.2 ms. Compared with YOLO v7, scaled — YOLO v4, YOLOR — CSP target
detection models, the model had the same F1 score as YOLO v7. Compared with scaled — YOLO v4,
YOLOR — CSP was increased by 0.7 and 0.2 percentage points, respectively, mAP0.5 - 0.95 was

increased by 0. 6 percentage points, 1.2 percentage points and 0. 2 percentage points, respectively, and
the weight size was only 14.2% , 10.0% , 10.0% of the above model. The model proposed achieved

small size and high precision, and it was easy to deploy on the mobile terminal, providing technical

support for subsequent mechanized picking and quality grading.

Key words; malformed sweet pepper; YOLO v7 — tiny; target detection; machine vision

0 3

AR A AR 09 SR A0 (A 22 B M8, 1 3R
JrEAAE o RAEE A R B B, SRR R 2 5
U2, TR T 2 SR S A I S B — Rl A B
T, BB IR O A A6 2 o A 3 1) 388 3 43 g DR <M T
R EHAEZE e, S BUER 2R A K EAR K B A
Se4r, EERBONRIERAIER , AR R L
22 i 19 T 3 v T T S 4 A R S 2 Ak B HE Al e
MR . —T5 0, S WL 5 Rk Ok 2 T B TF
FIREAR , 73— 07 T, SR 52 22 [A) 5% 7 1 4 25 52 i) 1l
FBUR ST 089 A A DA T 52 e S ABUAY ™ 5 TR I A AR
AR R H B Bt BN AR S I G A X e R R
1y B A 8T 22 B, TN T BEAT AR K I 2> 6 98 K
AN Ty A E], H AT T B R, Tk R A
FERRLAREFRL, R mAREEFREW
TGk P i A I Ak B o Sy B e e o 3R TR R
T AG BIL A A B A 2R [ R B AT 5805 8, T 2L B 4
S B AG AL ghe A S 00 AR T SR, Xk AR e I
RPEATHERG MBI B . AR, BEE TR AL B
4 A R, T 5 45 b B BF 52 N B3 B T 7K R L 3 1Y) 3R
) T T LAY Ry B AL Gt P AR Ak BRI TR I 5 )
(g BRI

e 48 P A5 A B B0 A A 0 07 3, 32 0 X B
8 H i 0 Ay A 1) JE2 R B8, B A RR AL e )
F R R B S A AT A R A 4
I, S S B E AR T R T — K R B
PR HC B A A B0 (0 R A, EL AR A (] 9 23 €0 5 ) v
A AT A ARFAIE T 38 ek 6 AN [ B4 s ] R i o A
AP, B AR AT 54380 L B e
e R T ARG 2 T X A [ K A R e B A TR e T
LA AN TR R AT B AL 20 1, 20 B HR X I 4 114 B3
O, FRl 7 28R AT 0 28, B A S B H B U
SR SR AR G AR AL B AT T A
IR BAR VBUE A ) | J0 1k X IR )2 4 41E 3 47 1R
Dyl 4R BB, X L A2 S s B2 % B 358 R KR i 3R Y

il

B,

5 A% 5 EAR AL 38 07 YA R L R B 2E 2] O il
REEPR 2%, AT DL H FE 2% ) BUR P R 4% FloREAE , JF
HEATRRIE RS BT 0 T A AR 7 IR B R B R
PO, ISR R R TR A . TRBE R R4
AT LA A PR 2R A — Bl T EORE B P B B H
B K I 9 2%, 4N Faster R — CNN''"'| Mask R -
CNN'" 710 i B 190 4% 7 A1 P15 I A B 22 11
TEAE , AR 40 AR B AR 300 ) 2ok 08 22 4 i e EAE , P By
Bz B bR I 1) 2% B R R ARG I B L AT LR AR 4 1
BOR AR M THEE Z MR, B EOLE T
S A DR R ARG ) 38 B 18 o g — 2 A ) K
B B H AR K R 45, YOLO v4 T YOLO
v YOLO 7Y SSD A I B AR A
TP 2 AN Tm) By B s A T 9 4% T L 4 AE R AR
BP0 AE , SR B2 7RI R B PR s, B
T HRPE T RS PR A 8 5L, &
Gy MR T PR 5 3 A D LR (e
72 /7 ( Channel attention, CA)'™'" =5[] & 5
(' Spatial SAH™ L B B OE B A
( Convolutional block attention module, CBAM)"™'")
R 38 iR I 2 1) R AR 2 IBCRE 7 R T 2 R LB Y
fif 7 28 o AERITAUR SR ) 5 m, SCRR [ 12 ] R A
Mask R — CNN X &5 (0, i AU 5 52 70 28R 4 2 47 46
FioyiEl, SCHR [ 13 ] Swin — Transformer il 5 3|
Mask R — CNN =+ ® 2% F, 3f i ] UNet3 + 3k ok 3%
PSS BB AR Y 43 B BT &, T T R AR S8 41 43
H o SCHRT22 148 i 1 — B iR 5 RSO B ) R 4 7
H I TE AYDY, I8 45 RO B B B ik A )
YOLO v4 % v F - 350500 F0 A7 B AL, SCik [ 11 ]
1@ 1 A5 RGB H13L 41 7 ( Near — infrared , NIR ) ) £
A AE B, I T Faster R — CNN X EHUEFT IR

ZE L, ST SR 0 SR, T RIABUCR S A iR
S C A WAS T 80 1 25 3 BATY A7 7 LR 75 A e 1
5] R Y i AR A % T R I SR 108 A W A 55 IR
J 5 TR RS A RRE AR T, i) &) 1 LR A 5 >4 F B X

attention,



238 & o Bl B ¥ i

2023 4

AR T30 A A6 AR Sk 5, X B A1 SR ey AR XE TS 22
BIREHLEE A Lo P, 7 SC LU AR JE 2R 52 1 IE
W RS U G ST AT RUR SERUR 4R L AR T 2 8
EED I YOLO v7 — tiny [ A5 G 0 458 78 5 A7 Bl f
A 1o e AN [R) 9 BT R R A 2 pR R, Rl SimAM
TR A B A3 0 2 80 B 0T i i A R Y
A 12 IUCRE 77, 5 A bR T EL vHE A R 531 BRI R 2R
5 IEH SR, O BIB9S R A AL AS R S R
=%,

o

(a)IEHR

(b) RIFIJE

1.2 HiERE

ASHIF T T A8 A AR R R R 4 T
2022 4E 4 2 HM20224E5 A9 HE RE K
b B2 B 18 it A Ml F 5T T S 5 5 IR T 40 B bR
4T ok B0 W IR R P 1% 240 18 (450 RS AL AL A 1
AN SRR AN FLIR TGk (49 % R
2448 R E x2 048 2 % R E R~ 2. 74 pm, 5
SR 12 bit ) R AR A AR B B Rl
L Hiy B AURD R A B P9 R 4R il 3R B8 R 1Y AR 1R
1 005 1 (4 7 W JE 5 S RIE 5 SR 90) , RSN
A T HEA 10 AR BT TG — 4 BUECHD A BIL (43 BE R K
320018 %K x2400 12K, M 4.5 ~ 18 mm, P[]
Ji 1/2 ~ 1/2 000, J& 5% FF 1S0100 ~ 6400) ., N T fig
i T 5% ) ] 5 B 4y i 3 i SR S R 4 G A A AR
B M DX 1 R SRR I S, AR RLBIL 2 A A S BR 3 t
TR AR AR O AR R A A R S T A AT 30° ~
45° IR ES K 30 ~ 50 em, — J5 T, 763X 4> vl F N
JIT 148 1 T ABUIRE S P 4% T LK T ABUIE R T IR 58 3 3%
E R, 55— 5 T, 76 B8040 A 7 B AT DL 2> A TR
FI WL AL R i AL A AR LA £ 2

(o) 52 ()RS (c) FEREREG

()R M
1 IE R KR R

Fig.1 Normal fruit and malformed fruit

2 Fron , 285 Bl i 2 , B
57 = i

b Yaa BN

1 I HHERE

1.1 B2 R B

FERTUA: KRB BB, 25 5 52 I 5% 52 T 30
TR =, IEF RN E 1a s, K& HE
SR IR A AR, e L R 1T~
1: 25 5 0% 50 L, W2 508 0k 2 22 0] LA 200
BE (B 1b) (i MG (B 1) (TEHE A (& 1d)
RIRFRA (K Te) .

1

(a)BLEEA THERLA

(b) AL
2 Bl AL A B BLAR B 0L £ i

Fig.2 Robot perspective together with camera shooting

perspective and distance
L ZIIREMHL 2 XEPLBE 3. Ot HRIE 4. BOER 5.3t
XN

1.3 ¥R

O PRAUE RSN A B, B e A Y % 45 R 1
SiR AR R0 Xk AN [ 058 T R RUR 52 B3R 5 BE 7, sl B [
Rl A R S OB U, %) A P ARRE 2 S
PEAT 5 E B el MR ARG 45 0 os 30 M 7 L2 R K P TR e
SR AR DUAS [] Dt 1 P I35 0 MR 7 A 05, 49 9 S8R A

3 Bl 3 O R BsOR

Fig.3 Data augmentation method and effect



%11 )

FEE A ET U YOLO v7 — tiny (9 FHAURHE SRR 3 % 239

1.4 EBE®KiriE

R AR 1 S s 3 A B K3 EasyDL
i /i EasyDL F3litriE — ¥ 2r BHER S5 8 68 11
e xR4T B Zhbs i, A 3h bR i o8 UG
FHEMBAR TE 844 Labellmg X 5 13 5 14 St AR 1&] 5 i
TR, X5 A Bl bs A 3R I 45 SR HE AT 18 0, A BOXT
YOLO %4 #% 2 xml SCAF, SO/ b 4245 R 44 FR
B b bR 2 8 3 b 28 44 M 4% s 28 X I L S
(Ground truth) () w .y AL F5 , H P bR % 44 70 N 2K,
B IE % 5 (Normal ) Fl i JE S ( Malformed ) o FF 4% #r
T B bR 28 SO 4 BT 2 1Y Bl R A SR I 2k A
(3437 i) IR RS (982 i) Al 42 (491 R 4R
i PASCAL VOC %4 4 #% =X 58 A WF 58 5040 46 19
e,

2 EHHESTRIRA Ak

2.1 YOLO v7 — tiny EH HUH&E 2 SR8 31
YOLO v7'™2 & YOLO vA™* Ve F 2022 4E R A5

BT — X YOLO H Fp A R0 2% . 32 W 46 5% 5 B4
T W%, 51 A &R A& M 4 (Efficient layer
aggregation networks, ELAN ) 4% ) , 76 {f UE A5 BY M fg
1 [ I R ARG 1 R R B 52 2% 5 ek T RRAIE 4 0
1A R0 (4 HAE G 5 B Rl BLA SPPCSPC™ W]
DLREAS 7] J22 0 04 R A il b B Jn 6 % 5 il 46 AU
24k ( Re-parameterization convolution, RepConv) (2]
Dok 7 B R H AR A Sk # A , HAh YOLO v7
I el FH T M R AR, A I 4 v T T2 TS A A 1 Al
B3k (Aux head) , 7] LUSE S 0 25 5 1 2 4R AE , 32 55311
AE R, YOLO v7 —tiny 4& YOLO v7 Z %4 % i 4
TR /B  HAR KR AE D B8 50 2 Bk /) L
PR 25254 5 YOLO v7 JEA A IR, 2 2 X5 /8 T &
T4 i) ELAN 454 A1 8T YOLO v7 b 1 —
AN SO 2 A S R (A WA AR R AIE 2 735,
FLAE 9 28 6 0 Sk 3 R A ] 8 2 4 AL S ] Leaky
ReLU i i HOF1 CLOU ™ 45356 R 40, H 190 245 45 48
K4 Frm .

SP 37
BL A_‘L"‘—:Oll(ﬂl [l)\lnlplf‘
______ 0 S

Concat

S Cii |

ELAN

8 G|

KN - [ET

= padding=kernel/2

Detect

_____________________________________

K4 YOLO v7 — tiny [ 4% 4% {4
Fig.4 YOLO v7 — tiny network structure

2.2 YIEHEAR
ASHIE 5T B U 2RI K A ] — B L 5
B, L AE F K B {E B s Intel Core 7 —
11700K 3.6 GHz iy 16 #% & X IHE AL, UL & A7
64 GB, GPU i NVIDIA GeForce RTX 3090, #il &
24 GB W17, #:1E & 4l 64 i ) Ubuntu 18.04,
Pytorch ¥R & 2% > 35 85% , Python Jili4~ 2}y 3. 8. 16, CUDA
fiAs & 11.1,0penCV Jii4 4. 7. 0. 68, Python IDE
& PyCharm Community Edition 2022,
2.3 EEIIZ

I 25 i B2 R BE L BE B2 R B ( Stochastic
gradient descent, SGD) fIt fk 5 ¥k , £ 84 Il Z5 4t
(Batch size) & ¥ N 32, %] 15 %% 2 % ( Learning

rate) 5 0. 01, 3l i K F ( Momentum ) 7 0. 937 , X
5 ) % (Weight decay) 24 0. 000 5, Il 5k i 72 1
fit ' mosaic #% 3, @ 8 ( Hue) .t 1 &
( Saturation) Fl1 2% & ( Value ) 3 51 2R 500 9% B N
0.015.0.7 1 0.4, Il Z 4 % ( Epochs) ¥ & K
300, i A MR R ST B 640 R x 640 1 %
56 B 300 A5 Il 2R 4E 2% i (8] 10. 45 h, il k58 s
PRAF A5 3] 0 SO0 AL AL (4 A E S, I AR A AR
Bk & bR OKS B B ( Precision, P) | # [l
(Recall, R) 10U (ZZHf- L) 2 0.5 W [~ X HE #
JE (mAPO. 5) 10U £ A [ B {5 ( L 0.5 5] 0. 95,
H K 0.05) B8 E (mAPO. 5 - 0.95)
M FLAE



240 & o Bl B ¥ i

2023 4

2.4 EEBIESHL
2.4.1 BRI I

KRG A F 2% mAP0. 5 mAP0.5 - 0.95
P25 b X1 45 06 T 5 25 00 8 4.9
I ATHE A A -
2.4.2 WELE R IEA

P YOLO ¥7 — tiny 4K S L0 BI 45 54
HE— 35 5T, € 982 Wk 1 191 U 4 6T 1159
AU EAR  FEsb I 3 555 (Normal ) 737 A, R

52 (Malformed) 422 A, BRI 25 B a0 3% 1 F s,
SERF WY, R T OE R S, B RS A R L A3 ]
mAP0. 5 .mAP0.5 - 0.95 1 F1 {8 4 % H 93.0% .
95.5% 96.9% .84.0% H1 94.2% , Xf T Wi I S 52,
MERDRS MEFE 7 [ %€ .mAP mAPO. 5 —0.95 1 F1 {i
435K 94.3% 90. 6% 96. 1% 83.7% 1 92.4% , 4.
PRBERDRHERE A 1% .mAP .mAPO. 5 —0. 95 1 F1 {f{ 4y
WK 93.7% 93.1% 96.5% 83.8% F 93.4% , || 4 7=
A AR A i R AR 12.3 MB,

%1 YOLO v7-tiny JIZ%4& R
Tab.1 YOLO v7 — tiny training results

B3 ] {4 5 i/ 1R FREE/ A P/% R/% mAPO.5/%  mAP0.5-0.95/%  F1{4/%
sk 982 1159 93.7 93.1 96.5 83.8 93.4
iE 982 737 93.0 95.5 96.9 84.0 94.2
EFA Y 982 422 94.3 90. 6 96. 1 83.7 92.4

2.5 M5

it FH I 25 do 1 A5 AR E A6 4R DA U0 25
BB AEBRATIE N 640 RER x640 1R, BHIF
JE AR E N 0.4,10U H{EH &N 0.5, ] GPU
XTI AR B 491 g MG AT R TN, B R T 1
o B[] 4y 4.0 ms, 340 PRGN ZE R & 5 B, 7
SRR FE R YN it AR AT iR, £
e Rl — H b5 8% 5 A 0 L B i et 1 ) i AR S A%
[7]

(b)Y BRI
5 YOLO v7 — tiny L5145

(a) IEH IR ()R]

Fig.5 YOLO v7 —tiny recognition results

3 3 YOLO v7 — tiny #X 8

HEAE 2.5 35 M 45 2R AT 0, i T R R ORI P
RAR IR AE A 423, J5L 4R YOLO v7 — tiny A B 25 5
A 7] — H BRI 2 A BR 2 DL SORE R - Ul
FSE, To AR S b W A2 AHARUIE 5 SR AR IR SRR i
b 3R 25 5 B Dt DR AT R S A5 A R A i MRCRE RN A2
AT BB RL DL 5 FR E AR GF o i ke Bk IR R, 75
BEXF YOLO v7 — tiny $E47 80, HARBCGH - 4 800G
PREL Leaky ReLU it )y SiLU ;¥4 451 2k s % CIOU g hy
Focal — EIOU ; 7€ £ T M £ R i3 i SimAM

3.1 Leaky ReLU ¥ 4 SiLU
T PR RIS B 5 el 0 T 4 B A R O R R
AL M 2o s AR IR R (15 P 28 M 25 ] L)
N BN AR 2 LML f, Leaky ReLU 1 by fifi 48
Do 26 P ST PR — , 2 E ReLU 34005 R B0 36 il 1,
fiff R ot 28 50 H 3 2 BRI Y B R BORE BE Dl 0, A
775 BOTE % S 1) A %, 08 45 1 28 J0 A A i 3k i
F72% 21 B [ ; Leaky ReLU 7 £ IX BUH AT — AR/
(R AR (A5 28 0 P AR AT I 1) 1 1, H g ik
Xh
x (x=0)
LW“““=Lx<xw> (1)
o R FE RN A, BRIA N 0.01, B T Leaky
ReLU FEAN[A] IX 0] 1A A —FE 9 R 8, S BOL RS
PERRBE R &, J0 T O OE B O BRI — B0 R
Hm
SILUY 0% o 8k 245 & T ReLU I Sigmoid bR
B HAT ERATFR P AR R g

X

Szu/'(x) =1+ex (2)

TEVRFE P22 1 25 v, BB ReLU 303 oR B A9 AR
F, X SILU 23 R, 188 A 5 SO R T
PSR, A F T .
3.2 CIOU ¥ B Focal - EIOU

CIOU 2 7£ DIOU ( Distance intersection over
union) 0 B bR %K B9 K RE b %R T B0 OAE
(Bounding box ) K 5 [, iE — 5 T AR RUKE
CIOU FI DIOU #3k A [/ — SCHk , #og Rk Xl

2 (gt)
L"-‘Sclou =1- IOU +p(b(’:7?) o

v (3)



RV TS FET U YOLO v7 — tiny (%) FH AU T 5 15000 550 vk 241
i W= v Focal — EIOU 5| A Focal Loss {4k T 341 FLHE [n] 19 /T
a L =Ty +v 55 v B RE AR R T [ A, B /0 5 A HE R
v = iz ( arctan % _ arctan -2 ) ’ Y K B 4 HE ( Anchor box ) X Bounding Box [R5 (1 41t
m he h A Tl A0 51U 3 2 T 6 A
At b b ——BUAE JTSHE 0 1Y 3.3 EEXTFASHMA SimAM
PR DA SimAM ™ 05 9 HE B B,
S I €02 SR FUSLSEHE RO 0D g o 0 A L A T 2 B 0 0
A, 1 S0 1 e 7 282 8 3

o —— 3 ] TR A 1) 2 8
AR — B 28

1,,—29f It

w' o——FLSHE | I AE B

h< h——FLSHE T AE 5
CIOU it 1 F50IM HE F1 L S AE S f &5 6 R I 00 T
o #F Ab F K SFE i EE B O ) B GIOU ( Generalized
intersection over union ) 8138 2 TLP B AR TOU 45 46
(4 1) 0, HL AT LB 2 U0 A A~ B AR HE A9 R B, e sl
P, H g5k 7n B A& 6 Fr s s 5l T o i H A =X
T v SRR LE Y 22 S T AN S DA TE | i )2 T
X B A BE 5, T LA B 2 BH RS A AR P A AH
.

|
|
|
|
|
| bz
C; < :
|
|
|
I
I

A
K 6 CIOU A& 4H xR ER

Fig.6  CIOU calculation structure diagram

A I, &F % 35X — [A] 8, Focal — EIOU™ #£ CIOU
B L AE O DURE EE PR IT, I A Focal 52848 it 11
HEHE . EIOU 7K R R E A S HSHL O IEE
P2k M BE AR BT PR 73 5 CIOU — 3, K [\] 19 2
Bt e 5 R R L 5 U000 AT A L S AE ) T R R
Zh /N, B BRI S . ETOU 45 2% bR 0 AN

Focal — EIOU $i4k 500
: (et) 2 (gt)
L., =1_I()U+p (b’? ) +P (w’zv ) +
SSEIOU C Cw
C
L“‘“Fuuul— EIOU = [ZULOS.«E,M
(4)
A SR 580
CHESE S S

B HEAEE , SimAM 2 B 4 = 4ERCE 1 E AL
il (Full 3-D weights for attention) , 4> = 4 & 7] L)
Eﬁ?ﬂ’]fﬂﬂﬂﬁﬁﬁ,ﬁ%ﬁﬂtg‘@ﬂﬂl@ Te flis . 1EM
AL S5, T A s S B ), AR W A A (]
0 18] AR A 28 0T W 4 T B R A S 2, i
JE SC—> B 5 oK R B 22 o0 2 1) I e v ] 1k
LI 4% H 2 22 T HL % RE B R BCE AT A A i, T

PUM AR A T, fE & pR KA
e.(w,,b,,¢,x,) =(¢[-[>2+ - 2 (@, -%.)°
(5)
Ho t=wt+b, (6)
X, =wx, +b, (7)

A ——HARM 24T

w,— R E

b,—1w &

M—— & oAU
e/ ME BR A AN TUINRIF — @ E N Z 0 ¢ 5
FoAb w22 5T 2 18] B 2o PR T 2, SR AE AR 28 (1
@@, A1 H 1) A THE, IS I W I, de 2
AEHE PR RIE L

e,(w,,b,,y,x,) =(1 —tA)2 +

M-l
1

7_12 (-1-2)" + 2w (8)
A A—EWL TS
4’%@1_ &N T UEEIERGE
RN
l.=\_i
" —
i ————>-i—
X 4| X
W — ¥
G 5 €
(a)iWiBER S (b)ZS[EiE= 7
= YEE A
Y I 14"
/?rf\\$

) //

W

(e)&=HNEER S
7 SimAM 45478 2 K
Fig.7 Schematic of SimAM structure



242 & o Bl B ¥ i

2023 4

HEA g, -~

2(t-u,)
e (t-u,)> +207 +2A
e 9
b, = —7(t+u,)w,

Horpou, o) % IE R ¢ LUK ITA B2 T 1
HA 2, Wi, /e Ay
4(a” +))

(10)

o= (t-u)’ +20° +2A

Pk, 225 (10) S B RE AR, M 2200 ¢ 5 ] [

A2 0 X MR, Bk B R . dR I Sigmoid
BRI ] 3t DR 8 L, AT 3 1 3 R ) ML 8 S, 2
{H

1

s

X=Sigmoid( )@X (11)

£ 1 4 YOLO v7 — tiny [ 45 5 47 0 0, o i
F 0 4 25 g T P 8 2% , A B0 0 7 T 0 2 o
ELAN B8R T A SimAM i3, % 2 ELAN e
U i A5 A, $ 3R A% OF 42 AR 7, 17 0 Leaky
RelU #4 K SiLU,

i
i

N -

= padding=kernel/2

Concaty ELAN

Detect Detect Detect

e . e S e S e e e e

8 it f5 Yy YOLO v7 — tiny %% 45 44 (&

Fig.8 Improved YOLO v7 — tiny network structure diagram
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Tab.2 Comparison of recognition results of

different activation functions

mAPO. 5/ mAP0.5 -0.95/ Hi#lN{E
O R P/% R/%

% % 5 HE/MB
Leaky ReLU 93.7 93.1 96.5 83.8 12.3
SiLU 97.9 97.6 98.5 89.7 12.3
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Tab.3 Comparison of recognition results of

different IOU loss functions
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Tab.4 Comparison of recognition results before and after improvement

Jigii] P/% R/ % mAP0. 5/% mAPO.5 -0.95/% BRI NAE & I /MB BRI BRI B ]/ ms
YOLO v7 — tiny 93.7 93. 1 9.5 83.8 12.3 4.0
Bk YOLO v7 — tiny 99. 1 97.8 98.9 94.5 10.6 4.2
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Fig. 10 Model heat maps before and after adding SimAM
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Tab.5 Ablation test results
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%= ReLU EIOU 0.95/%
1 vV Vv 83.8
2 Vv Vv 89.7
3 vV Vv 89. 4
4 vV Vv Vv 94.5

VRN T %



244 YA A A S 4

2023 4

WA 154G YOLO v7 — tiny A8, 76 {f
Leaky ReLU 3 i o £ F1 CIOU 453 2k R 80 1) 25 14 F
mAPO.5 -0.95 J7 83.8% , 5k 1 A,k 2 &
B Leaky ReLU 4y SiLU 7% 2§ %4, mAPO. 5 —
0.95 $2F+5.9 AN FE 43 &, 0 3 2 e 2 i LA
¥ CIOU ##t & Focal - EIOU, mAPO.5 -0.95 |
B 0.3 AN E 20 a5, i 50 4 B7E 5 3 3 ah 1mA
SimAM {F 3 S i, mAPO.5 - 0.95 #£ T} 5.1 AN H
AF R
4.2 A [EBRKENE RS IRE

g BIRTTEEXS YOLO v7 — tiny #E 47— R 51K

HEHCAR TORE BE AR T, b T i — 2P 0 R i
YOLO v7 — tiny A9 R0 P fig, 7E AH R B 46 1, 5
YOLO v7 ,Scaled — YOLO v4'' 'YOLOR — CSP'™ &
I A A 0 A5 50 0 A7 6 X LU, 453 00 S B — 2L
Fb 5 AN [R) A5 780 7 56 UF 4 1 9 48 K F1 {5 . mAPO. 5,
mAPO. 5 - 0. 95 BRIy A7 (5 A DA K SR 1A A5 U
Bl . % 6 A, B YOLO v7 — tiny 78 F1{H |
HEA TR B YOLO v7 17K -F, [ Scaled — YOLO v4 |
YOLOR — CSP 43 %17 0.7.0.2 4~ H 4 £, mAPO. 5

. YOLO v7 #1 YOLOR — CSP 43 Jl| &A% 0.2 .0. 4 4~

Scaled-YOLO v4

YOLOR-CSP

i
YOLO v7—tiny

B3 55, A Scaled — YOLO v4 27 0. 1 NH 43 55,
mAP0. 5 -0.95 FAHLL YOLO v7 Scaled — YOLO v4 .
YOLOR — CSP 43 B4 T+ 0.6 .1.2.0.2 4~ E 4> 45, 4
RUNAE 5 H &2 2 i B AIK 85. 8% .89.9% .89.9% ,
{24 YOLO v7 ,Scaled — YOLO v4 . YOLOR — CSP [
14.2% 10.1% 10.1% ,

F6 [ BARE N ERR R 45 Rt
Tab.6 Comparison of recognition results of different

target detection models

F1 BRI Py o ] 1R
mAPO. 5/ mAPO. 5 — )
(% i/ pcaytipis I o215y
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% #=/MB [f] /ms
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Different model recognition results
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