"'*%W@W“@”W% T oW R A H48 % 413 0

ELECTRONIC MEASUREMENT TECHNOLOGY 2025 4 7 H

DOI:10. 19651/j. cnki. emt. 2417642

Bl &8 21 YOLOvVS-Pose B JHE

HNF

MHaRUNEE"

& #2322 g ou' Hag' o n R
(l.ZEaXFREFRE W 650504;2. = EMER LA FHEE L 650021)

T OE . RO RIE R AAG I 0% F B4 AR R A M ) 38 7 RN R T T T A T A . AR ]
PRBE TR B N T 25 I A A 0 35k 3R G L TR 0K A D R D (o A5 ), 5 T O R T e Ak 4 A R 25 R I A R FAL-
YOLO, ZE A aE FAT 35T W 45 45 04 50 78 4008 A0 3153 2 AR AF 0 A% . 3 i U5 B A AR, MEE T alkA 2 )
TE R RGE A R SA R SRR SAC KISk AR B L ik — 5 U 20 2 BOEE 0 5 X 25 0 MR (IR BE 1. 5T
GSConv % HE Ak 35 FH R AR AT 280 57 2 B FIRE 0 2 80k, 1 A MPD-ToU # 2¢ o6 5Ok 352 T ol g BT B0 s iRk M, SR A 2
P AR R 25 T 4G S 4 L T FAL-YOLO A5 RY (1 XF b A0V b S2 56 . SER 45 R L FAL-YOLO BRI fE B i 5 P
£ L1 mAP A F| T 99. 2% .40l YOLOVS-POSE #£ %I #F GFLOPs, Params 43 B A% T 56. 7% F1 52% , B3 5 (194
Ul 8 T T A 11 TR0 00 A R 2R A, SR R R R R AR S AR

KB MR ZEM AW E T MY Rk & FE L ; YOLOvS-Pose

hESFES: TNILL 73;TP391. 41 XERERIRAD: A EXRtrAFERS LR 520.6

Tobacco stem and leaf angle detection algorithm integrated
with lightweight YOLOvV8-Pose

Gao Kun' Li Junying® Liang Hong' Ma Erdeng® Zhang Hong®
(1. School of Information Science and Technology, Yunnan University, Kunming 650504, China;

2. Yunnan Academy of Tobacco Agriculture Science, Kunming 650021, China)

Abstract: Stem and leaf angle detection is an important part of tobacco phenotype detection, which is of great
significance in increasing yield and efficiency and disease prevention in tobacco farming. Aiming at the problems of low
efficiency, long cycle time and inconvenience of manual stem and leaf angle detection in different environments, a
lightweight tobacco stem and leaf angle detection model, FAL-YOLO, was designed and constructed. The algorithm
builds the FAI backbone network structure to sufficiently reduce the amount of computation and feature redundancy,
and increase the efficiency of using semantic information. The SAC detection head module, which integrates the spatial
attention and channel attention SA attention modules, is designed to further reduce the number of parameters and
improve the perception of stem and leaf angle features. GSConv lightweight convolution is introduced to reduce model
complexity and the number of model parameters. The MPD-IoU loss function is introduced to improve the overall
performance of the model. A self-constructed tobacco stem and leaf angle detection dataset is used to carry out the
comparison and ablation experiments of the FAL-YOLO model. The experimental results show that the mAP of the
FAL-YOLO model on the self-constructed dataset reaches 99. 2%, compared with the YOLOVS8-POSE model in the
GFLOPs, the Params are reduced by 56. 7% and 52% , respectively, and the improved model is capable of identifying
the stem and leaf angles of tobacco plants faster and more accurately, which can support the wisdom of tobacco
agricultural seed selection and breeding.

Keywords: tobacco stem and leaf angle detection;backbone network;lightweight; pyramid pooling; YOLOv8-Pose
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Fig. 1 Experimental area and data collection site
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Fig. 2 Tobacco stem and leaf angle dataset
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Fig. 11 Schematic diagram of MPD-IoU loss function
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Table 1 Experimental environment configuration
#K [

BHIERS Windows 11
CPU Intel(R) Core(TM) 15-12600k{
GPU GeForce RTX 4070S

NAE R/ 32 G

2F 2 HEZR PyTorch 2.3.1

Ji s PR 45 Cuda 12. 5

RS Python3. 12

(a) ARRA
(a) Cloudy

B 12 #HoarEE

Fig. 12 Partial images
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SR SRS I S 96 09 TF M 45 A R A B0 R (precision,
P), A& (recall, R) , K F (mean average precision,
mAP) , 28 & (parameters, Params) , f % K /)N (size) LA J
FRIBEWE(GFLOPOAE N S AT A $6 45 . &0 18 b5
AR, b mAP@O. 5 2464 ToU & K 0.5 i
FESRAG Y- YIS B

FE A BE P 248 B A 0000 A TE AR B 25 2R b, Bl B e
W sl A AT

TP
TP+FP

A R ZIE A 19 IEAEAS 2 i, Bl TE o b T O GF

FEAR B A AT
TP

TP+FN

AP 248 PR | & (precision-recallcurve, PR) T ) [
ARy 7 NI 2 N e Ol ol {1 B 1 R O i B I 7 W /N
L

AP = J:P(r)dr €

mAP@O0. 5 J&48 2 ToU {HE T 0. 5 BYHF M, X ir 2%

(7

Precision =

Recall = (8)

1 AP ERFH AR T mAP AT .
mAP = %ZAP, (10)

B S 405 Params BB RN, S8 B R,
FHRAESEER . BEAS PR IIE &5 A% B 1 R st i o5 FH N A7
/N P R A

Parameters = [i X (f X f) Xo]+o an
A TP 7R TN A BCAY IE B AR B it FP %R AR AR iR
R0 Ry IE AR A B B FIN 2 AR A I i IEREAR S . C
FoRFNEHE . @« RIRAKRND, f BRERE RN 0 £
NH RN
4.4 HEEITLLIEMS

1) SAC O LA 5

ik SCA kil 3k AR & A YOLOVS-Pose 1 Y
POSE #:3k , £ YOLOv8-Pose Kl 3k (9 LRl F 5] A SA
EEAHHL LIS RN 2 iR, SLIs KW, 5
I YOLOv8-Pose M Lk, 51 A SA FEE F1HLHI ) SCA U
Sk AE 00 B ZE A R DU AR 55 rh SR T SR AT Y e TUDRS B2 AN
BtE, AT IR AR PIRFET 1.0%,
RIEHAT 2.1%, XEAUET SAC 5B 7E 1 5 AR AR AE 7Y
TR B8 7 0B R I R T A SR

F2 SACEH I ER K0T
Table 2 The impact of SAC module on the model

A P/% R/% mAP@O0.5% GFLOPs Params
POSE 97.5 95.2 99 8.3 3.01
SCA 98.5 97.3 99 7.3 2.94

2) GSConv & FUXT LE iR 3

A I GSConv B B E JE A YOLOVS-Pose H1 /Y
Conv & BB , [R1BF > 1 -4 4G D0 4 B A ASE 280 2 400 i
B AR S B B X Neck "R R 2 5019 Conv #E4T
B 9,16 F1 19 J2 R GSConv 5 FRUBL b 25 e J7 M 2% 1)
Conv Bl , 25Nk 3 frn. LS5 R BoR A GSConv
BRI Y DA S PR B S R RE, 5
YOLOvVS S B LA LM 25t M P 42T T 0.1%, R
AT 2.6%.

3) PR pREAE SR H

H T B E AR 2R R B MPD-ToU B A 3501k, 4 S 3k B Y
T 3 7 8045 2k BB 8k DIoU . SToU I WloU, 75 AH 7] 52 36 37 55
T4 B FAL-YOLO B8 47 % He 9256 % e 52 36 2%
RWE 4 PR, NFE A4 PRTLUE L MPD-ToU fE K
AR A S HE B pR R, S 50 25 SR EL A O 4 Y o I R R RS B
BOR . X UL MPD-ToU #81 2k bR B9 % B A 2 14 42 AL 1) R
i 4 il S A (RIS [RD L 481 35 000 A 22 i) 199 /N AR £k BEAIG
— ST A L 3] A 8 S ) A R 2R o o R R R AR T
o A5 AR A G ZE 0 A A AT 55
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Table 3 GSConv module comparative test

B g mAP50/ % P/% R/%
YOLOv8-Pose 0.99 97.5 95. 2
9 0. 989 97.2 95.8

16 98.7 97.7 96. 8

19 98.9 97.7 95. 8

9,16 98.8 97.3 96. 7
9,19 98.9 97.4 97. 2
16,19 0.99 96. 7 97.8
9,16,19 0. 99 97. 4 97.8

R4 BEEHILL LR

Table 4 Loss function comparison experiment

1% bR %L P/% R/ % mAP@0. 5%
CloU 95.7 95. 4 98. 6
DIoU 95. 4 94.7 98.3
SIoU 95.7 96. 4 98. 4
WloU 96. 5 96. 8 99. 0

MPDIoU 97.8 98. 4 99. 2

4) ARV IE X LR 50 45 5

SR T U H B E O FastNet A5 81 1 g 3, % B L b
F RO OB AT — 4 X Lk ST K, W mobilevitV2,
mobilenetv4 | ghostv2, YOLOv5-pose 4 #& #, SC#ik (9],
SCHRL17].3CHRC 19 4% YOLOVS-Pose # H A B E 7 & .
SCEEE AN SR 5 PR, R 5 AT, Bt Y FAL-YOLO
BERUAE ARG B R AN 3 MR B T H AR L, HE TR
YOLOv8-Pose B, 40 54 TH T 0. 3%.3. 204, S8t >
1.54 M, It HEGl R BRI R SR FERREIKT 4.7 G,
5 YOLOv5-Pose BEAM L, BRERIET T 1.9% . S5 E T
M7 3.7 M, 5 YOLOvV10-Pose B3EA8 IL AF # R A1 A o]
PIT 0.5% 2% . ZHETHT 4.4 M, tHELTH5HAKN
$EO7 A H S B RN A ]RGS T B S R T R
Ko SCHRLO RN SCHRL LT AR K /NI A5 A L T JR B
R AT ANt B AERURS B 5 FPS BA SO B A 25 8E.
SCHRL19 K B PR & S U R A BB SR TH B R (A 2 S 5K
ARSI 16. 990, FPS 3 R B AL 2 T} 7. 3%, 3 i st
BRI AT AE R 2200 . TSt 5 R S HR AU 1,47 M,
BRI 3.6 G, 0040 Mo 3 1 R RS BE B
B A = 2 8 0P, OIS TR s T ok, b,
Xof BERHY L I 25 e R0 0 A3 Tl R AR, 33 2 TR A 9T f6fF D 114 %

« 92 .

WEPEETRET SO AR A BB R, XU T
A8 5 S N R R 2 W RS I AT 55 A AE BB L T B0 IS 1
PERUERR R R HA R 97. 8% 98. 4% KT FEAA L
FR A A ROR AT T A KARTE . BRI, AR SCHR s 25 0 £
DN B — s B Pk

R5 AEEEMELKE

Table 5 Comparative experiments of different algorithms

mAP@
¥ 45 45 1) P/% R/% Param GFLOPs FPS

0.5%
Mobilevitvl ~ 98.3  96.9 99.1 3.29 10.2  68.3
Mobilevitv2 ~ 98.7  95.2 99 3.35 11.5 8.3
Mobilenetvd  97.9 96.5 99. 2 4. 37 8.2 95.4
Ghostvl 97.9  95.5 98.8 5.43 9.6 57.8
Ghostv2 97.8  96.3 99.2 6.4 8.9  48.9
YOLOv5-pose 98.1  96.5 99.2 2.58 7.3 91.7
YOLOv8-pose 97.5  95.2 99 3.01 8.3 72.6
YOLOv10-pose 97.3  96.4 98.6 2.66 8.0  70.8
SCHik[9] 97.5 95 99 2.74 7.1 102
k[ 17] 97.5  95.9 98.9 2.95 7.9  117.3
k[ 19] 97.7  96.8 99.1 3.52 8.7 77.9
FAL 97.8  98.4 99.2  1.47 3.6  128.6

5) THRh g 455

BT B UE AR SCHE Y 45 A OB E T TR A R, DA
YOLOv8-Pose VE 2y FE 46 #8508 A1 [] 52 36 R 5% T MK IR
nm FAT -+ M2 SAC il Sk e | GSconv B K 51 4%
MI%L MPDIoU, #EA7 4 fil S5 45, AR SE 8 25 R a0 3k 6 fios .
Horp VMR R IZE SN AT M . A 6 o[ LIE
W FAT 4R YOLOvS-Pose T M 45k e, 73 [ 3%
BIT 1.8% . S HEWIE 0. 07 M, FERE L 3.5 G,
ALK N > 2.7 M. ] SAC i sk % R
YOLOVS8-Pose il Sk B M BT , K 8 F 2 T T 1%, A | E
BT 2. 1%, BRI 1.29 M, iHHEEH LD 1 G, #
RN/ 0.2 M, |l AT DL IE =5 I 4% 8% e AN A I Sk
B e B4, T LU Sk AP o 22 IR0 48 B TR0 1 2 B Ao AR
Z4PE, Ml A GSConv B, H BIREEFF T 2. 8%, AT LU
U UE A5 B PR TH G2 R AE AR 5 P05 B 3K 45 B = 40
GO AE XS SR W mh A E B4R T @, M
MPDIoU #t 2k sRE i A BB 21 s, 75 2 5500w R 3 7 2%
FEAZERBO T AG0RAE WA 58T T 2.1%.3%,
KRR T T 0. 5%, 864iE T MPDIoU H & X 35 I HE S/
4 SR s AN A R AR T S T T A1 L 481 By K /Ny R B B
M) , 2 3 A A TR 0 G P B . 24 4 A O AR B IR s
ALK T R YOLOvS-Pose B, fEH 3, 4 [0] . L) ) &
FEArBIARTF 0.3%.3. 2% A1 0. 2% . & 804 F [ 1. 54 M, it
BETRET 4.7 GoBBEBCY 3.3 ML 2 G Hrefs 8l 4
T HETE . St i AR T AR AN B 13 TR
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Table 6 Results of ablation experiment
F Y FAI SAC GSconv  MPDIoU P/% R/% mAP@0.5% GFLOPs/G Params/M Size/M

YOLOv8n-Pose 97.5  95.2 99. 0 8.3 3.01 6.4
Model-1 N/ 94.9  97.0 98.7 4.8 1.72 3.7
Model-2 J 98.5  97.3 99. 0 7.3 2.94 6.2
Model-3 J 97.4  97.8 99. 0 8.2 2.99 6.3
Model-4 J 97.5  95.4 98. 6 8.3 3.01 6.4
Model-5 J J 97.1  96.2 98.3 3.8 1.56 3.4
Model-6 J NG NG 95.7  95.4 98.7 3.6 1.47 3.3
Model-7 NG NG NG NG 97.8  98.4 99. 2 3.6 1.47 3.3

Bl 13 FAL-YOLO %% & fb & i 25 SR
Fig. 13 FAL-YOLO lightweight detection effect
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