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Improved YOLO v8n Network for Real-time Detection of
Tomato Maturity

REN Jingqiu' WAN Enhan' SHAN Mi' ZHANG Guanghua' LU Weidang’
(1. School of Electrical and Information Engineering, Northeast Petroleum University, Daqging 163318, China
2. College of Information Engineering, Zhejiang University of Technology, Hangzhou 310014, China)

Abstract; To address the numerous challenges faced in tomato harvesting, such as the aging of farmers,
labor shortages, and rising labor costs, and resolve issues related to the low maturity detection accuracy
and inaccurate instance segmentation of tomato harvesting robots in complex orchard environments, an
improved YOLO v8 network-based real-time tomato maturity detection algorithm was proposed. Firstly, by
introducing the channel embedded positional attention module and an improved large kernel convolutional
block attention module into the YOLO v8n network, the algorithm can effectively retain the positional
information of tomato targets in the shallow network layers and establish long-range dependencies between
target regions, thereby significantly increasing the attention of the YOLO v8n network to critical tomato
features. Then a series of comprehensive and rigorous comparative experiments were conducted on the
LaboroTomato dataset, demonstrating that the improved YOLO v8n network achieved 0.4 percentage
points, 1.4 percentage points, and 0.3 percentage points, 1.2 percentage points improvements in
detection and segmentation mAP @ 50 and mAP @ 50 — 95, respectively, compared with that of the
original YOLO v8n network. Finally, the improved YOLO v8n network was lightweight deployed on the
low-cost, low-computation, and low-power Jetson Nano platform, successfully reducing memory usage
from overflow to 2.4 GB and doubling the inference speed. The research result can provide robust
technical support for the real-time and accurate detection of tomato maturity by tomato harvesting robots in
complex scenarios, significantly enhancing the overall efficiency and effectiveness of automated tomato
harvesting operations.

Key words: Tomato maturity ; target detection; YOLO v8n; attention module; lightweight; Jetson Nano

Wk H . 2024 —02 -08 &[] 0 #] . 2024 — 05 - 30

ES&TE: ERAARFFEILETA (62271447)

EEB N MK (1979—) Lo, Bl B08% , R NHFAE B 5155 A BT, E-mail ; renjingqiunepu@ 126. com

BIEMEE: KR (1979—) 5, Al #82 , T+, 32 %0 DS 56 0 — Q8 {5 1Rl 04 15 5 AL BRAFF 5%, E-mail : dqzgh@ nepu. edu. cn



5% 3 3

AR RREK 45 T Ut YOLO v8n [0 265 f4) e i JiC 228 JBE S5 i) A 0 5 v 375

0 3]

[ 7 bl i R T BRI R K A e Bk
37, 7 A7l B R g AR R R R Y T B
WA SR, T MR A A e g T 2R 1
AR TR ER AT I SR AR S Ak L 55 B A RN TR
A bk sE 2P o SRR AL R BT A L
I3 ] 3K 26 Bk AR, S LB R R T 2R AL SRR
B LA LE & S8R R PL A A% 0 4R
S GEC T W [ RERRE N e g
5 LT 45, LA S oK s AT HL M 4 O SR s OF
SRR R AR 378 . LA LS RSB e &2
e TR M T D 3 T G 0 b R S X
X T i SR AR L 2% A RE 75 B T 52 BT SR 9 AT 4
EXEHE,

TR 2 2 1) T 6 B S G DM Ty 3k T R B
15 55 4R BT | 52 BR 55T 40 R E AR , T 4F e 75 1B £
ST 453 3 ¥ A 0 L AN YRS T4
A P e T R BT B R A Y T 0 A
WIS A 2 U O S R, 9F EL AT LA HEAT
AEAL R I, A ECEE BB BT 3 AR K
HE R 33 B 7 s AR TR R YT, XX gk
PR g it R e 3 D T DB T T, R
REAR 2 57 0 HH 42, SR P ORI 394 58 D7 vk 418 A 4
PPk, QLS5 Jr 11, 1945 3 T 190 2% %F 7 i 45 1iF
(¥ 5 BBURE 7, B4 00 2530 I 4% 2 XL B AR A 4, A Sk 40
ZERGTR /N ERR A I 3k o O AL 7 T, R R
TRl 3R R BRI ARG, T AR i
b B AR AR S 50

FL R , 559K 18 76 80 F 20 B R I T 2 AR B T i
LA F5 S A0 ALE T XA RS SRS E B AL T
46552 LR, LA K o A 4T J 2 8 AR F K AL A 7 A

il

PEAT RGN A 7 5t o SR A A JEE AT AT R AR T
], —LERE T B IARS T 8 R B, (ELR LR A A
MRS B A . 5 — S P AR T

'3

(a) £330 T

(b) - B T 7 Al
B A [a) A B B 3 3e 7 o APk T i
Large tomatoes and cherry tomatoes at different stages of maturity
A6k A P 4 [R] Ip 45 OO B {1 22 YOLO v8 SR 11y
640 23R x640 R R, X WRMIRAELE — & 2 E LR
IR T B B, 2l AE T 2 B L (RO Bk 4R

Fig. 1

PG RS 38 KA AE £ B & I 25 R 4 3 0[] 4
K, IF H 5 35 00 45 86 52 B /0N, 52 ) b 2 R AR 42
M, TR 3 ARG P i T RO L N K I

B il o3 o LR

R RE 3808 VR Ak 0 27 I B 4 R AT A L A S IS
R o X b 3R ), AR SCHR Y — B T i
JICEA RGN B B YOLO v8n 2% 15 56, % 18 1
i ANL B 2 J1 BB ( Channel embedded positional
attention module, CePAM) Fl TR E M LA E G
FHAR R AL B A5 B o ARG, BB BRIRE R )
FE 3 ( Convolutional block attention module, CBAM )
FH T 3 57 2 i DX e ) B I R B AR O AR . R,
7E YOLO v8n i1 3 9 2% 51 A X Wi Al 7 & 0 B
e HC B0 O T 52 2% PR 05 v A 4 B R AR 22 S /N Y
50 , DA 2 e A DK 32 o ()R o R T T A R
#RE L HT N YOLO v8n M 28 SR M54k, DI
SEELHE YOLO v8n [ 45 £ AR A IS5 T3 AR 2
FEMHR AL AL S & Jetson Nano I [ 4% i fL &8 %,
et B % 30 o B AR S S RS I e i S BE  Sh b
RARHLAF A A B R AR AR 52 AR S

1 HBiEESH*E

1.1 #iEs

LaboroTomato J& %k H #5 A6 I 1 5 1 43 #1455
T BT 04 7 it G B 4R L A & T A [) it A B B
TG o X T i B % X A R B B ob ol i
PN AN ) 43 B 22 04 0k 57 AH BILAT 4, 43 B 2R 43 0 R
3024 2% x4 0322 F 13120 4% x4 160 2%,
A& L RS ESR UE 1 N NS R i IR )
Flio 45 & AT EFR GH/T 1193—2021" fl 5S¢
Fik [ 19 10T 7 Al s 28 B 45 S SC, AR A g A 3 il S
B 2E AR B R0 AR 7 5 SR, R0 4t 3288 3 b B A
S8 A A BRI R I T R A B A 45 A
6 Flr o I EE R S A o R o8 A LR 2R B 2L
AR AE 90% L b, 2 By 2 L 5 3% 1 & 40 1 AR A
30% ~90% Z [a], & €8 B 50 3R M & 40 M FRLAE 0 ~
30% Z I8 . 2 BCPE 5 34 E 804 R KL, e L
T:2: 10 YNGR 4R VIR uE A A . /1 S IR

LR .
) r‘

(d) PRk A

7, LY -
(c) LA Al



376 | 1 R =

2025 4

PET R A A A Bl Tl Ak AN ] RS 8] 5
W BTSRRI HAR T T AR PR

AT 7 il A A B A R AR AN AR DLl TR A 1|
R FE S, SR A S T8 B R i R O 1) R
e || I PN US> o s R | B S
A 563 WR R 18 4™ se 2 1 282 i [ 5, DA M 1 i A
A ZREIE B2 5 S B 22 I 25802 AL g ) R B ko

il AEN s A b
(b) & EL RS (o) KT H%
2 B sy Tk os Bi 1E

Fig.2 Data augmentation methods

1.2 YOLO v8 M &

YOLO v8 [o 2% ELAT Hfi B J88 PR AR RS/ LU
B S 5 2o PR 45 00K 10172 AR Ay 78 2
JEE G I S TR ) RE it B 3%, B A8 9 A2 S I M R R A
MoK o BURAE— B 5t T B RDRL B AR AT 55
YOLO v8 3 B Hh A v 5 B2, {ELAE A 3R 408 5 1 1
VL RR A 2 S 250/ IN 0 AR E ARG AT 55 I, B Y
TR L LIFER P R EEF LT R T
PR O T XML R AE . R, D2 0k e b
(1 YOLO v8n [ £ 11 Jy Blest X 42, il i 51 ATE B T
DL, 70 PR 5 100 265 2 kAl I BN 25 80406 4820 1 19 D0
T NEE 2405 Sy T X B AR R 245 T S 2 6,
DA g 5 P A 0 50 3 RS JE
1.3 BEHRANLEETNEDR CePAM

X A RRIE XU OKCF-ZEBE H RN 4R R
W 53 ) Ak 4 JRy e R b A 42 Jey o 2 AL, 2R ¢ i aE
TE G b MISE L w Ak fe R A 1 7] 23 391 26 7

chnux(h) — maxXc(h,j) (1)
OosjsW

Y™ (w) = max X, (i,w) 2
OsisH

) BE L 26 ¢ 3 T AE = B b FISE L w AR B S 21t
A AT 0 5l R

YR =y 3 X (b)) (3)
Y = Y X () (4)

Kb X——H A R FFEIE X e R
(H,1) (1, W) ——3b A5 il e [l

Y(h) 5 7K S J7 1) Ak AR AR A
Y(h) ERCX”XI
Y(w) i 3 7 1) AR e R AR A

Y(w) ERCXIXW

X AR AR AR B A 4 Az 18] LR SO IR AT AT
PIMIAE SRl o i T eI ZRB Be, R T /K F- 855 Al
e L R 1R R Al e R B A DRI S SR 5 % 1 R 1R
e e R AE A RS BB AT 0] 3 3 R A

Y=Y (h), Y (w) ] (5)
Y = [ Y™ (w),Y"(h)] (6)
o [, ]V A 4 B I G S A

W w5 A o 1) R AE R Y e ROV R YT e
ROV Rk BB M 45 SR TR 4% 1 A L SR
)1 x 1 H A W, W,, DL & ReLU 3 i of £ F1
Sigmoid JIE BRECH . Ny T IR RY AT R FE T4,
VLT 24 1) 45 98 K r( Reduction ratios,r = 16) Ji /0> W,
R TEE, IS (R RRAE 1) 2 SE 2 R 2% 2
i o % 0 R A A 1 Oy G I RRAE ) A, B

Y=c(W,8(W,Y")) xa(W,8(W,Y")) (7)
A x B IL R AR
o Sigmoid PR X
W, W,—— N EEZSH 1 x 1L B W, e
RO W, e R
0 ReLU J{ 1% R %K

5 PR RlA R AR IE 51T 3 x 3 B BUERAE 4%
TRV 2 R e B 4 B R G B RN B ACRRAE (B XA [
Koo ZlEEd REBIEREZ N % &E
CePAM 7R Sj A8y i Y W] 3ROy

Y, (i) =X, (i,)) o (f7(Y.(i,))))  (8)
K RN 3 X3 LK T BB

CePAM I & JJ A B R 25/ i 1 3 i, &2 R
S 347 3l A 4 J i R LAk FH R SRS i ACRRAE BT R
fiE, e R AR 28 H TR, PR B R AR AR, T b Ak 5
HE R ARERELE. £ LR AHRETIFA R
B AN 23 ) 4E i 2R G FRAE T Y 23 TR AR R TR
539 7K V- J7 1] FEE 17 1) 44 RS R AE 28 6 3 A4~
ZERI4ERE H A W B A5 30 4 A7 Al RN 23 [\ B R
SCHER AT, B R SCHE IR AF #9 [7) — 23 [ 4 B2 il
AR H i DX ] Y B R OC B L AR O — A [ 4
[ = VAN 7 Y VA (=0 N I O3 S R B e A R A
FARIX IR 5 Ak 5 i R AF 181 4 1, 38 3 H AR A7
EAE B G 3 T O FR R B B AR G &R ] DLk
PRS0 B 22 1) ST R A AN 6 B 4, AT 9 D 3
BIFRY
1.4 i CBAM FENERFHZEEES

CBAM & — it fa] 5 177 g R0 A9 i 157 4 FH i 48 ) 5%
E WAL 8-S Bu R s I N K S R (1 I BIE R S g T 5
oS A A N T R RN A R L AR
S B T AN 3 T T R e A R R AR TR e
3 0 4 B AR AR . T CBAM 7 5 7 ALY




5% 3 3

AR RREK 45 T Ut YOLO v8n [0 265 f4) e i JiC 228 JBE S5 i) A 0 5 v 377

iES e
RN
Y 4 S e® G
67 59
</ S e® wigs PR | g e R

FIRVRFAE [

/

FE L

Sigmoid
Medgeixl 2L OE™
/R © s

23 [H]_E T SCRER AT

B AKRIE

s %F%ﬁqlxl & FouFMRE

P03 dIE R A LB B B A A
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