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A lightweight model for identifying the stalks of tea buds based on the im-
proved YOLOv8n-seg

SHI Wu, YUAN Weihao, YANG Mengdao, XU Gaojian
(School of Information and Artificial Intelligence, Anhui Agricultural University, Hefei 230036, China)

Abstract: Identifying the stalks of tea buds is of great significance for achieving automated and intelligent tea picking.
However, existing object detection algorithms face significant challenges in terms of low detection accuracy, high computation-
al demands, and large model sizes, which collectively limit their deployment on edge devices. To address these challenges,
we proposed a lightweight tea stalk detection model, YOLOv8n-seg-VLS, which was based on the YOLOv8n-seg framework.
The model incorporated three significant enhancements. First, the VanillaNet lightweight module was introduced to replace
traditional convolutional layers, thereby reducing the model’ s complexity. Second, a large separable kernel attention ( LSKA)

module was incorporated into the neck section of the network to minimize memory usage and resource consumption. Third, the

YRS E 89 :2024-08.23 loss function of YOLOv8 was modified from center

BEETR LR Rk A RRHAO T AU H (KJ2020A0106) 5 8L A . . .
TR I ( 202103h06020013 ) 3 - BUE K227k Bl 37 intersection over union ( Shape-ToU), thereby enhancing

intersection over union ( CloU) to shape- and scale-aware

AL H ($202310364126) the precision of bounding box localization. The experimental
VEERMN 0 2(2004-) B ZBNEEN AR, DI T A i results on a collected tea dataset demonstrated that
HLLSE . (Tel) 15656038325 ; ( E-mail ) wshi@ stu. ahau. edu. YOLOv8n-seg-VLS achieved a mean average precision
cn (mAP) of 94.02% at mAP, 5, and 62.34% at mAP . s »

BIVEE . FR 2, (E-mail) xugj@ ahau.edu.cn with a precision of 90.08% and a recall of 89.96%. In com-
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parison to the original YOLOv8n-seg, the proposed model demonstrated an improvement in frame rate, reaching 245.20 frames

per second (FPS). Moreover, the model size was 3.92 MB, which was only 57.39% of the size of YOLOv8n-seg. These re-

sults provide technical support for further development of intelligent tea harvesting equipment.
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Fig.1 Example of image acquisition of tea buds
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Fig.3 Data augmentation effect
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Fig.5 Improved model structure diagram
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for tea bud and stem identification

1.3.2 VanillaNet 23 M % [ TR JL 18
i, XN 2R3 5 e ) Bk bl 22 4 5, 3R ¢
Ui e L ITERE  RILASIFGE 7 YOLOV8n-seg [ E 1
FEAEER UM 2% R 5] AT VanillaNet ™ [25 | 28 451
WE 7 Frzs . VanillaNet B 31 FRRI 2% 820
B, BB BAH — 2B B nT DA H#E— A
A 17 R 2%, 3 A FH T R 3 A P e 32 BRI 1R
M

VanillaNet P %% 75 3= T35 H— 125 16 0 4
4x4x3xC( C Fona hRRIE B 8 B EO B RE,
¥ 3 3 E ARG BLSS Y C Gl TE AR R, 32
S AN B, FE BB T BB A B T
WL ARk 2 WAL 2 HEAT R RAE IR A
BB el s EE O A% . BBV bl A R R A
B EEF TR R, &5 —RBRAeEEE,
FH T th XU T A 2845 5 . i R i
IME T BRREYIR A 1x1 KA, BABREE
PIFRKEAL I IH — 1k ( BN) 2B Rk, X Fhiz It
TERUIE 0 45 R 114 5] Bsf 308 ok ik /485 760 & 2% i 5
BB R PR AR [ B RN
1.3.3 LSKA & A#uhl  AWF5EE S A LSKA £
B SRARARRE I (4 REAE SR BURE T, 5 40 0 K N A% T
b WAL NI RN 2 i NN e o e =0 S ]
RTAERE RS, RSB0 NE . # G E
W LSKA UL T RNZR RS 8 W b T
THAR, RBASIE WA [R] RO R AR 1 H AR ARAE, $2 5
TSR AU TR AT

LSKA & S LHI M 25 254 n ikl 8 s, LS-

KA B kexl () RAGBAZ L (2d-1) x (2d-1) BITH
FEBR, k/dxk/d BIUREEY TR G 1x1 B,
FEUR B A FURIR B4 5K A5 B0 it U 1) BN 1) 2 A
JEWR 5 38 o0 3 2 A B SR T 5 5 1 O 45 2R
X F— A AFFEE FC, H LSKA (%t an = Fs .

EC:HZWWEJZ({—I)XI * (HZWWfX(2d—1)XFC) <3)
2 =H2WWC[%] x1 X(HZWWfX [%] XZC) (4)
ACZWlxlxzc (5)
]_;'C:AC@FC (6)

ol xR C@T P BIRFE BRI LI EL
FERAARHEIE, 3 HORAS TR (H) FUTERE (W) ST
ﬂ?*ﬂ s szll—l)xl Al WICX(ZA—I) ﬁj\%U%i_\‘j{A\j‘j (2d=1)x1 i

FON 1x(2d-1) R, 26 Fmh iR 5,
W B Aoy | 4 [ 2 |
(R, 2¢ Fom sy — A rhaFELER, W, % 1x1
(U A For i IR FE ki A
1.3.4 Shape-loU # % &4t YOLOv8 R CloU'®’
3514 BRI A 300 ST 45 BB, 1% bR B SR 6 T
TREIRE F REA51 2%, PR T A % 0 ) L 5 A T
T =2 1B 1 i), S SR i ook o 1 | by T i)
I A RN | SR S TR A 5 R 0
S TR BOR, A FSE R Shape-ToU™ 4515
PR CloU 451 25 PR %X, Shape-IoU i i 4 & F2 I
3 IO A 2 ARS8 O P A 51 e PR A i A (0 T 4R
IR JEE | B3R A IR0 o i) R~ L 38 I e S B
AP S 150 A3 el o 40 R 4 KMk i
FRo X —BAE AP T CloU HIUBHY 3 A, B $2 7t
TR R B R £ RS B2 SR A I 1
AR

Bprcdegt
foU="— (7)
Bpre( UBgl
2 gty s
szL). (8)
() +(h)’
2x(h*)’
b= s s (9)
(w*) +(h*)’
(=)’ (y.~r)’
d.‘:hhx 02 +bwa a c:zy (10)
=3 (1-e")0,0=4 (11)

t=w,h



i ERAF R EE TG YOLOV8n-seg %% AL 28 W IZE i s A U A 5 81

r - - ‘ 777777777777777777
‘ T ‘ EUN
|
(T
| | : BrEe T BB
g —» »
‘ el i e
| -
| L] | 1x1 Conv 1x1 Conv 1x1 Conv
| 224x224x3 ‘iéx5ﬁ512_ | 28x28x1024  14x14x2048 T740% 4
Conv FeR R L

7 VanillaNet % 2543

Fig.7 VanillaNet network structure diagram
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MobileNetV3 90.37 58.88 85.68 87.87 218.76 5.81
MobileNetV2 85.42 56.67 84.32 82.74 227.43 4.25
GhostNet 86.37 57.12 85.44 83.78 238.38 3.98
ShuffleNetV2 84.88 56.49 84.29 83.98 237.46 4.01
VanillaNet 94.02 62.34 90.08 89.96 245.20 3.92
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Table 4 Comparison of different models

A mAP 50( %) mAP 50 0.95( %) P(%) R(%) FPS(T,1 s) BRI /N (MB)
Mask-R-CNN 85.38 54.43 79.98 81.02 150.37 173.30
YOLOvS5s-seg 88.71 56.43 85.42 85.51 195.03 13.80
YOLOv7-seg 89.72 58.84 87.14 88.52 202.15 74.40
YOLOV9c-seg 91.22 59.14 89.34 88.87 210.74 56.20
YOLOv8n-seg-VLS 94.02 62.34 90.08 89.96 245.20 3.92
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Fig.10 Recognition effects of different models on the stalks of tea buds
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