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Improved YOLOVS lightweight tobacco leaf count detection algorithm

Xiao Hengshu' 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: The estimation of tobacco leal yield is a crucial task, as the number of leaves directly impacts the yield.
Traditional manual statistics are inefficient and costly, in order to solve these problems, this research proposes a
lightweight YOLOvS8-SLSS tobacco leaf counting detection algorithm, which improves on the YOLOv8n methods for
the lack of detection accuracy, high computational complexity, and missed detections caused by overlapping tobacco
leaves. The algorithm replaces the original model’ s backbone network with an enhanced ShuffleNetV2light
architecture, reducing model parameters and computational load. Integrate the LHCB module into the neck network’'s
C2f module to expand the model’s receptive field, enhances detection capabilities and reduces computational load. The
introduction of the SEAMDetect module has enhanced the detection capabilities in scenarios involving occlusion by
tobacco leaves. Finally, the SPPELAN module is introduced to enhance the model multi-scale feature extraction
capability and computational efficiency. Experimental results demonstrate that the modified model significantly reduces
model parameters and floating-point operations by 63. 3% and 61. 7% respectively. The algorithm’s average precision
improves from 91. 8% to 93. 1%, achieving a real-time detection speed of 83 fps, marking a 5. 1% enhancement over
the original algorithm, meeting real-time detection demands. The improved algorithm enhances the detection ability of
the traditional YOLO model in tobacco leaf occlusion scenarios, realizes the balance of high accuracy, lightweight
design, and real-time detection performance, thus providing effective technical support for the digitization of tobacco
agriculture.
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Fig. 1 Partial image of tobacco plants in the field
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Fig. 2 Tobacco leaf detection dataset construction
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Fig. 3 Tobacco leaf counting detection images
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Table 1 Comparison of lightweight improvement experiments
(% AP@0.5/% Params/M FLOPs/G FPS
YOLOv8n 92 3.0 8.1 79
VER! 91.8 2.6 7.0 89
VY 91.3 2.4 5.7 81
HE3 91. 6 1.72 4.9 93
EX 91.8 1.70 4.9 96
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2%/~ F ShuffleNet v2 %5 # 3€ # . YOLOv8 B Backbone,
Jr% 4 FRon AECHE ShufflNet v2 45 4 k B #: YOLOVS
Backbone,
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Table 2 Comparison of CIB and LHCB experimental results

T AP@0.5% Params/M  FLOPs/G FPS

YOLOv8n 92 3.00 8.1 79
+CIB 92.5 2. 66 7.5 80
+LHCB 93.1 2.61 7.4 81

M2 2 AL AR LHCB BLHUH L T CIB
Pt F YOLOv8n A58 B by YU KG B i 42 T30 &, 2 F+ T
1. 2%, 1 ELASE AL (31 35 AN 2 500 T /0, 6 I S A s Ak
L.

Hk T SEAMDetect #63k ii t wif & A0 4G 0 24 R
YT 25 RANE 9 AR , M B FR D Y 2 B SEAMDetect
R 5 A5 D B A5 TR 1) 30 1Y B A R AR G I 3 Y 3 AR
i RIS PR X B R T B I SEAMDetect £ HBE
i 1 5 AR T SHERY AR B9 A D g
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Fig. 9 Comparison of SEAMDetect improvement results
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T 8 49K, R L F1 Ml AP@O. 5, Params Fl FLOPs f
FIPEM AR AR A5 RN 3 i . MR B E S R RS BE X
A 10 Fis,
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Table 3 Ablation experiment results

ShufflnetV2light LHCB SEAMDetect SPPELAN F1/% AP@0.5/% Params/M  FLOPs/G
X X X X 87.5 92.0 3.00 8.1
N X X X 86. 8 91.8 1. 70 4.9
X N X X 87.6 93.1 2.61 7.4
X X N X 88. 2 93.0 2.82 7.1
X X X N 87.0 92.6 2.85 8.0
J X X N 86. 2 92.5 1. 27 4.1
X N N X 88.0 93.5 2.43 6.3
N N; X N 87.2 92.6 1. 29 4.1
N N, N N/ 87.4 93.1 1.10 3.1

TE O AR BB 3 7 A T e e

f 2 3 AT, Shufflnet V2light HEHe 1y 51 A i 46 5 4%
A 1) TR BsF 3 B T ARG K A 458 2 o PR U Ay S A U 4%y I
PEBE A # . 76 0 00 0 I 45 1 S Al L 6 AR R SE AT R k.
LHCB.SEAMDetect F1 SPPELAN H 3 (i 250 5| A %5 fig
4R FHABE AR B4 4G 0 1k BE . R ARG YOLOvVS-SLSS #2
5 YOLOv8n BRI AH Lb, B MRS ) AP@o0.5 B4 T
1. 2%, B A 2 B0 FVE S5 T340 A T 63.3%
F61. 7% . Wik RYASE AL 7E i ok I 4 A AR, 45 U A% AL
AR AR [, 28 20 4 v T A SR ARG 00

A) AN [l AG I 355 12 45 5 LU

9T 2 I R R U SR A R L K 22 i B AR A U
R T FL O JE 1 %% oAb R R R0 AR SCAR AL 1 B0 O B AE
A A R R R b #E AT ST, SCHk [12] S X
YOLOv8s #28 fb seifk 75 58, SCk [13 ], Semk [ 23], SCiik
[24 1250 YOLOvSn $i i iy S i A e o 77 58 . S g 25 2R
FAFIR,

Faster-RCNN, CenterNet, YOLOv3-tiny, YOLOv5s
R 4G A B2 44K T YOLOv8n 3 fift 45 4, i ELASS 20 f)
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Fig. 10 Comparison of model detection accuracy results

KANFTRE S &AW E K, Hd YOLOv3-tiny X Lt
YOLOv8n, F AR Far I 78 B $2 55 T 4006 , {H 2 A5 78 K /N i
R R B YOLOvSn 9 4 f5H1 2.3 5, YOLOvSs
ASCHRCL2 ], ZE R DU S 240K BE L% YOLOv8n 43 51l 48
TOo1%M L 4% HEMMYSHENITEERAEST
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filXT 6 FPS A1 20 FPS, SCHR[13 148 M 1977 48, AE R A R/
IV S 38 & 07 O b YOLOv8n # B 4 5l s /b T
56. 7% 51. 9% A WA TE T 2. 5%, (H R AR P2
KGR LLASCI AR T 2%, K B IR T 2 FPS; 3¢
Mk[23] SCHR[24 82 9 77 58 X5 b YOLOv8n A5 B , £
KR4 BT T 0. 8% AN BE T 0. 150, BB /N 43 1) s 2
T 10% M 5% PE S s T 9. 9% A 7. 4%  H &4
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Table 4 Different detection algorithm results

Bk P/ % R/ % AP@0.5/% Params/M FLOPs/G  #HE#IK/N/MB FPS
Faster R-CNN 83.6 82.5 85.5 137.1 370. 2 108. 0 —
CenterNet 89. 2 84.7 82.4 14. 4 19.3 124.0 —
YOLOv3-tiny 86. 8 84.3 90. 6 12.1 18.9 24. 4 109
YOLOv5n 88.9 85.9 91.3 2.5 7.1 5.0 71
YOLOv5s 88. 3 85. 4 91.1 9.1 23.8 17.6 57
YOLOv8n 89. 4 86. 5 92.0 3.0 8.1 6.0 79
YOLOv8s 88.7 86.7 92.1 1.1 28. 4 21.4 73
YOLOv10n 88.0 84.0 91.0 2.71 8.4 5.5 76
SCHEk12] 89. 6 87.2 93.3 8.1 30. 2 16.0 53
k[ 13] 87. 4 85. 8 91. 3 1.2 3.9 2.6 81
ik 23] 90. 4 86. 7 92.7 2.7 7.3 5.4 69
SCHk[ 24 ] 89. 9 85. 6 91. 9 2.8 7.5 5.7 65
YOLOv8-SLSS(Z %) 87.1 87.8 93.1 1.1 3.1 2.4 83

YOLOv8-SLSS 7EAG MG B ik 8 1 93. 1% . 5 3k
[12]€93.3%) #H T, & T C#k [13](91. 3%) . SC ik [ 23]
(92.7%) F 3CHk (247 (91.9%), #5 #  35 & fU K
3.1 GFLOPs, M e Ci#ik[12](30. 2 GFLOPs) fil 3Ci#ik[13]
(3.9 GFLOPs) , 155 5 2 BRAR 8 SCik [ 23 10 SCiik [ 24 ]
B 7.3 GFLOPs.7. 5 GFLOPs /> T 423 50 % , 46 ] 33 JiF
KF] T 83 FPS, it F3C#k[12](53 FPS) . 3CHk[23](69
FPS) MI3Ck[24](65 FPS) . 4 HLSCHk[ 13149 81 FPS g

BT, &5 BT, AW STER 0B 7 % YOLOvS-
SLSS P fe /N AR B BN T S B S B T B A
TS BE , J5 300368 28 70 A% 3l 18 4% I AR T AIG, HLoA 8 skt
P

5) B Y B i S S R A 25 SR e

Shy 56 UE BT A A R A S B 0 P A P L S 0 i
A YOLOw8n #5 2 F e J5 1) YOLO-SLSS A% 2 43 51 % K
M A FKH B G- EGHT 58, SCRg RNk 5 s,

x5 HEMHESEITER
Table 5 Tobacco counting results
- KH A K H B T - 14
Tl & o B T o B Bk Py R AT
YOLOv8n 11 249 92.3% 10 633 J 87% 7.6 ms
YOLOv8-SLSS 11732 96.3% 11 308 J 92.5% 8.4 ms
N LHifh (A 12 180 f 12 225 Jr 8s
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Fig. 11 Effects before and after model improvement
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