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Lettuce Growth Period Recognition Method Based on SAB — YOLO Model
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Abstract; In container-based vertical agricultural production systems, supplementary lighting is a key
technical approach for regulating crop growth, optimizing resource utilization, and improving production
efficiency. However, most existing lighting control strategies rely on fixed time cycles or empirical
parameters, lacking effective perception of crop growth stages, which limits their adaptability and
precision under dynamic growth conditions. To address these challenges, a lettuce growth stage
recognition model named self attention based — YOLO (SAB — YOLO) was proposed to realize accurate
and automated identification of crop growth periods in complex visual environments. The proposed model
was developed by introducing multiple structural improvements to the YOLO v5 framework. Firstly, the
conventional convolutional backbone was replaced with a Swin Transformer network based on self-attention
mechanisms, which enhanced the ability of the model to capture long-range dependencies and global
semantic information. Secondly, an asymptotic feature pyramid network ( AFPN) with denser cross-layer
connections was adopted in the Neck to strengthen multi-scale feature fusion and improve robustness to
large scale variations among different growth stages. Furthermore, a convolution transformer fusion
(CTF) module that integrated convolutional operations with self-attention was designed and embedded
into the detection head to further enhance global contextual representation. In addition, the Inner — SloU
loss function was employed to improve bounding box regression accuracy and accelerate model
convergence. Experimental results on a mixed dataset collected from open-source platforms and a
container-based plant factory showed that the proposed model achieved a precision of 88.5% and an
mAP_0.5 of 92.1% , outperforming the baseline YOLO v5 model. Furthermore, an intelligent
supplementary lighting system based on growth stage recognition was designed and validated,
demonstrating the practical applicability of the proposed method in precision agriculture.
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Fig. 1 Images of lettuce at different growth stages
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(E AR N, ARPN XGF A 5 22 A B B 1] 50 119 TR0 28R
I s K5 i % AFPN R B2 BiFPN, {H4 YOLO v5 —
PAFPN {4271 6. 1 4~ 7r mi o Z8 5 K%, AFPN [
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Tab.3 Experimental results of different fusion

networks
S SR K Hnl mAP_0.5/ mAP_0.5:
R/% /% % 0.95/%
YOLO v5 - PAFPN 4.61 x107 73.7 76.8 81.5 66.0
BiFPN 4.61 x107 82.1 81.6 84.0 65.3
GFPN 6.68 x107 78.9 84.6 85.9 60. 4
SAFPN 4.84 x107 65.2 81.2 80.2 53.9
AFPN 4.33x107 79.8 84.9 89.3 65.8
2.2.3  AN[EVE R I HLE M AR X L

YEHL SE ECA Fil CBAM 3 F (1% 19 2 1 ML
HEAT X IR, A R B A5 R 3R 4 TR
2 4 v 50, CTF A 44 Al 3K 84. 1% , Bl & & T
HoAth 32 H ML . 2280 CTF 78359 4 38 AR ) A K
By B 5 T 4 T, Be 05 A AR AR IR R 5tk Ak
CTF B mAP_0.5.0.95 1135 %] 66. 0% , % W] H 1E %
Fft ToU |5 {8 22 B 4, Ul B G A0 M Fn 48 Bk, £
S 7 HRRE % O G b Ak BR R 2R 3 RN R H bR
WEY R, Bk E , CTF BIR7E 2 10 PE fE 48 45
JEBL T BRI L A e 1, B 8 T 4F Hh o8 AR AR

x4 TREEHINHEEXBER

Tab.4 Experimental results of different attention

mechanisms
HEN - it #HM  mAP_0.5/ mAP_0.5:
HLAY /% T/ % % 0.95/%
YOLO v5  4.61 x107 78.4  67.1 77.6 54.7
SE 4.61x107  75.4  75.9 87.0 65.5
ECA 4.61x107 83.0 753 88.0 64.9
CBAM 4.63x10"  73.8 78.8 83.1 64.2
CTF 5.23x107  76.2 84.1 87.1 66. 0
AR .
2.2.4  A[EIRR pR A RE X L

e HL CloU \Inner — CloU \ N #R INALAE 3T LE (Inner —
Wise IoU, Inner — WIoU) 1 P B 5 %k 32 31 It (Inner —
Focal and Efficient IoU, Inner — EIoU) [42-430y Fh 4 g
BRI R AT R U, 7E A g S5 RNk 5 fr
78 o Inner — SToU mAP_0.5 4 90.4% , B/~ T HAE
LoU 24 0.5 W /) B 4 & I B8 1 o [R ), Inner — SIoU
B mAP_0.5:0.95 ik 74.3% , R HEAE LR E S H
(BT S RE PR B MR I PR RE , 7R T 7R A R 23
ST 3 N AR E T o

x5 FAEHMIFHEREXELER
Tab.S Experimental results of different loss functions

%

R A Kt HWmE  mAP0.5 mAP_0.5:0.95

YOLO v5 - CloU 78. 4 67.1 77.6 54.7

Inner — CloU 71.7 83.7 85.1 70. 4

Inner — WloU 77.2 88.3 87.3 72.3

Inner — EIoU 68.9 84.5 86.9 70.8

Inner — SloU 82.5 85.9 90. 4 74.3
2.2.5 JHRGAE

i it & 2 5] A Swin Transformer Backbone .
AFPN (CTF Al Inner — SloU 451 2k o % 4 4% OB
B A S XS H bR A R 19 sk, 4R Bk
Brg R NER 6 Fron. & 6 n]J, A8 mAP_0.5 ik
92.1% . mAP_0.5.0.95 ik 75.9% , K5 i K ik 88.5%
L AR 135k 87. 0% itk 1 4 A e by [R) 4 ] o

6 HRAKRER

Tab.6 Experimental results of ablation experiment %

FETM% T = AL ik RS A Il mAP_0. 5 mAP_0.5:0.95
X X X X 78.4 67.1 77.17 54.7
Swin Transformer X 3 X 80.2 88.1 89.0 72.7
X AFPN X X 79.8 84.9 89.3 65.8
X X CTF X 76.2 84.1 87.1 66.0
X X X Inner — SToU 82.5 85.9 90. 4 74.3
Swin Transformer AFPN X X 78.1 80.2 83.2 67.4
Swin Transformer AFPN CTF X 75.5 89.6 87.1 71.7
Swin Transformer AFPN CTF Inner — SIoU 88.5 87.0 92.1 75.9
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Fig.7 Intelligent supplementary lighting system architecture
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Tab.7 Staged supplementary lighting scheme
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