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Abstract: [Objective] The growth period of rice is an important reference indicator for irrigation, fertilization, and pest
control measures in rice planting management. Researching an intelligent recognition method for rice growth period based
on multimodal fusion, improving the accuracy of rice growth period recognition, is of great significance for optimizing
rice planting management measures and increasing rice yield. [Method] To address the vulnerability of RGB images to
lighting, an H-color channel image is extracted, and a dual-branch rice growth stage image recognition model based on
residual network and attention mechanism is established; Due to the influence of meteorological factors on the length of
rice growth period, a rice growth period meteorological identification model based on three meteorological factors and a
bidirectional long-short period network is established; Using decision trees for decision-level multimodal feature fusion,
multiple models were trained and tested on a self-built rice growth period dataset. [Result] The improved rice growth
period image recognition model achieved an accuracy of 84.25%, which is superior to traditional image recognition models
such as ResNet50 and ConvNeXt. The multi-modality model based on images and meteorological achieved an accuracy
of 87.66% in identifying 9 rice growth stages, which is superior to the single modality recognition model based on images
and meteorology. [ Conclusion ] The multimodal recognition model based on image and meteorological fusion compensates
for the shortcomings of single modal recognition methods. Compared with single modal recognition models, it has
significantly improved the accuracy of identifying 9 rice growth stages.

Keywords: rice growth period; multimodal; image modality; meteorological modality; decision tree
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Fig. 1. Research technology roadmap for intelligent recognition of rice growth period based on multimodal data
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A, Seedling stage; B, Tillering stage; C, Panicle initiation stage; D, Heading stage; E, Flowering stage; F, Milk stage; G, Dough period; H, Yellow ripening stage;
1, Full-ripening stage.
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Fig. 2. Images of nine growth stages in rice
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Fig. 3. Enhancement of image data of rice during milk ripening period
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Fig. 4. Curve charts of three meteorological data during rice entire growth duration in 2024
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Fig. 5. Structure diagram of BilRiceGS model
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Fig. 6. Distribution of rice plant images during various growth stages in RGB channels under different brightness levels
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A, Late flowering stage; B, Early milky-ripening stage; C, Late milky-ripening stage; D, Early dough-ripening stage; E, Late dough-ripening stage; F, Early

yellow-ripening stage; G, Late yellow-ripening stage; H, Early full -ripening stage.
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Fig. 7. Photographs of rice plants at successive late and early growth stages
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BilRiceGS #H Z TiiTAN FEAr LT ResNet50 5
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2.1.3 BilRiceGS 7~ [l s f K454 F A ayiR A7 4
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Table 1. Ablation experiment of BilRiceGS model based on Resnet %
P R SRR Bl 2 R B TR iRTES bt AEzE Fi e
Color attention module Residual attention module Accuracy Precision Recall F, value
x X 77.17 7742 77.08 77.13
v X 82.33 82.55 82.25 82.26
x V 79.09 79.15 79.02 78.99
N V 84.25 84.46 84.20 84.20




674

®2 FRIERIKFEE BHNRAMERETEL

o E /K FE R} 24 (Chin J Rice Sci) 5540 555 5 ¥ (2026 4£9 H)

Table 2. Comparison of recognition performance of different models for rice growth period %
i) RS Kz EEEIE:S FE
Model Accuracy Precision Recall Fi value
AlexNet 72.76 73.44 73.06 72.80
GoogleNet 76.60 77.29 77.15 76.67
ResNet50 80.80 80.93 81.13 80.71
ConvNeXt 76.08 76.82 76.61 69.92
Vit-B-16 74.54 75.31 74.92 74.64
BilRiceGS 84.25 84.46 84.20 84.20
#*3 BilRiceGS REH XN E] AR FEIIRAIE R
Table 3. Recognition results of BilRiceGS model for different varieties of rice %
KA A RS FfiZe Hal & Fiid
Rice variety Accuracy Precision Recall F value
#4£ 1 Huanghuazhan 84.38 84.58 84.27 83.87
C Pifli#e 15 C Liangyouhuazhan 83.21 83.56 82.97 82.71
HiL 7872 Yongyou 7872 86.91 87.31 87.03 87.10
AL 927 Chunyou 927 82.31 82.84 81.96 82.09
#* 4 7T [E BILSTM E# ) MDRiceGS X7k 4 B HIRIIRAIZE
Table 4. Recognition results of rice growth period using MDRiceGS with different BILSTM layers
BiLSTM Z#{ HET UTES EIEES Fifl ¥k
BiLSTM layer Accuracy(%) Precision(%) Recall(%) F value (%) Parameter quantity
1 76.80 76.87 76.76 76.85 9.35M
2 77.51 77.49 77.44 77.43 9.74M
3 77.87 77.82 71.75 77.74 10.14M
4 77.34 77.31 7725 77.24 10.53M
P IURZW i, FEFS 40 MDRiceGS 5 8 (¥ B4R 51 HERR %

MFE 3 A[LLEH, BilRiceGS iR AENS R 1)
PO H X DU R KR S A AR B 1, R ZHA B
SR
22 ETSKYENKEBEEBTHRANEE
MDRiceGS &R 5 9 Hr
22.1 RE BIiLSTM Z#*t MDRiceGS % A14 %
#9 %5 7R

SREA O I K 45 111242 X 48 J2 B0 MDRiceGS
BERIPERE RS2, AR E [ 1 2 4 BT HA
I 5 DR .

HE 4 741, 4 BILSTM 2%k 3 1,
MDRiceGS i e fERIPERE, HSHEMKT 12
2 2 BILSTM M 2% 3F oK & 3 3 . A
MDRiceGS # A& 3 JZ BiLSTM M %,

2.2.2  MDRiceGS 3t 7~ Bl su A7 K A5 £ F #AIR 5 45

BT 3 MR REUE ) MDRiceGS X 4 FK R i
Tl o ANKFEAEE WIR A R IR 5.

MZE 5 AT LAE 1, MDRiceGS %%} PUFh 7K
EEWRBERMER K. NFE 3 L 5 TULE

A B3R 3b a5 KA1 BilRiceGS 157,
23 ETZESHKEEEHRMNERNGERS

o
231 TR)VIR A F R H R K ARG A IR A
RO R

VAL SRR X 2 B R & Sk 2
HeE M EPERERISEN, BEE RERIREEN 4~7,
FEARRI SR R EREATIIZR 5, 451 n3% 6 B
7N o

HIZE 6 AT, FE R AR EIE R 6 Ja i
FRAERTE, (ERSAE L ERTE, DI, k%
R FILRIREN 6.

232 AR aREH EARAGAEFH IR ARG
vl

NIE PR R A 5%, VPSS AR AL &
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FOAEAH [F) B A AL 28 0 1) D SRR B (TR
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Table 5. Recognition results of MDRiceGS model for growth period of different rice varieties %
KA b A TR ks FElEES Fif8
Rice variety Accuracy Precision Recall F value
# 1K  Huanghuazhan 77.78 78.36 77.50 7778
C Pifli#k 5 C Liangyouhuazhan 77.86 77.84 77.67 7751
It 7872 Yongyou 7872 78.19 78.00 78.05 7791
Zff 927 Chunyou 927 77.62 77.64 77.47 77.21
SFHME Mean 77.87 77.82 77.75 77.74
R 6 TREIRRREIREIKIEEBHIRAER
Table 6. Recognition results of rice growth period based on different decision tree depths
REEAIR FE iRTES it FEmES FE S
Decision tree depth Accuracy(%) Precision(%) Recall(%) F value(%) Parameter quantity
4 71.24 71.27 71.24 71.05 4.86 kb
5 86.53 86.43 86.42 86.49 7.25kb
6 87.66 87.54 87.56 87.53 9.64 kb
7 87.66 87.54 87.56 87.53 12.8 kb
#®7 FREMAEZRIKIEETHMRAILER
Table 7. Recognition results of rice growth period using different fusion algorithms
& HE TR TS Al % Fif8 AR SR R
Fusion algorithm Accuracy (%) Precision(%) Recall(%) F value(%) Fusion module parameter quantity
% Z L 81.45 81.33 81.32 81.30 1.25 Mb
Multilayer perceptrons
BEHLAR K 87.75 87.61 87.65 87.61 87.60 kb
Random forest
JUERR (IREEN 6) 87.66 87.54 87.56 87.53 9.64 kb
Decision tree (depth of 6)
& 8 MultiMRiceGS REIXI UFH/K FE4E B HIRYIR A&
Table 8. Recognition results of growth stages of four types of rice using MultiMRiceGS model %
KA b A biRiiks TS FSEES Fi{H
Rice variety Accuracy Precision Recall F value
#45 Huanghuazhan 88.19 88.20 88.07 87.96
C Pifli#k5 C Liangyouhuazhan 87.50 87.30 87.30 87.21
il 7872 Yongyou 7872 87.92 88.32 87.96 87.88
At 927 Chunyou 927 87.00 87.11 86.87 86.91
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A, Image model confusion matrix; B, Meteorological model confusion matrix; C, Multimodal model confusion matrix.
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Fig. 13. Confusion matrix for recognizing 9 rice growth stages using different models
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