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Fig.1 Rice tillering stage data collected under four dif-

ferent phosphorus fertilizer gradients

&1 kEMRFBESBES

Table 1 Description of the rice leaf image dataset

KRR B AR Kb izt WK R IR
Rice growth stage Phosphorus gradient Original data Training set Test set After expansion

PO 390 312 78 3120
4y BER] P1 390 312 78 3120
Tillering stage P2 390 312 78 3120
P3 390 312 78 3120
PO 390 312 78 3120
HAT Pl 390 312 78 3120
Jointing stage P2 390 312 78 3120
P3 390 312 78 3120
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Fig.5 Schematic diagram of the MobileNetV3_U-Net model architecture
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Table 2 Classification performance of a rice modeling approach across two growth stages

AH W WIES W/ % KRR/ % HIER/ Y% FE/% KERR /N /MB YR ] /s
Growth stage Scheme Accuracy Precision Recall F-score Model size Training time
7% 1 Scheme 1 88.43 88.52 88.43 88.45 4.21 13 737.60
Sy BE) Tillering J7% 2 Scheme 2 89.36 89.49 89.36 89.38 4.79 12 945.60
J7% 3 Scheme 3 93.33 93.37 93.33 93.34 4.79 12 614.40
7% 1 Scheme 1 76.38 76.35 76.38 76.35 4.21 13 644.00
15 Jointing J7% 2 Scheme 2 77.82 77.91 77.82 77.80 4.79 12 780.00
J7% 3 Scheme 3 87.40 87.45 87.40 87.42 4.79 12 715.20

1 : /7% 1: MobileNetV3 _large FELBIAY ; 5% 2. 36 F U-Net i3 454949 MobileNetV3_U-Net £ RUEFHERLGBIRY ; 77 % 3: Bl G T #
27 2] W ) B MobileNetV3_U-Net #i%# . T [H . Note: Scheme 1: Baseline MobileNetV3_large model; Scheme 2: MobileNetV3_U-

Net with multi-scale feature fusion via U-Net decoder; Scheme 3: Improved MobileNetV3_U-Net with transfer learning. The same as follows.
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Fig.6 Classification performance of rice leaf model schemes at tillering(A,B) and jointing(C,D) stages
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Fig.7 Confusion matrices of Scheme 3 at two growth stages of rice
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Table 3 Performance comparison of different network models in classifying rice across two growth stages

R EEM HERI=R/ % KR/ % HER/ % FAHE/%  BORR/AN/MB  YIZRES ] /s
Model Growth stage Accuracy Precision Recall F-score Model size Training time
. AYBEW] Tillering 88.43 88.52 88.43 88.45 13737.60
MobileNetV3 _large ) o 4.21
4519 Jointing 76.38 76.35 76.38 76.35 13 644.00
JYBEW] Tilleri 88.62 88.63 88.62 88.62 11 455.20
GhostNet SY8EM Tillering 3.91
A1 Jointing 74.10 74.25 74.10 74.09 11 073.60
SYBEW) Tilleri 86.67 86.73 86.67 86.69 7 236.00
ShuffleNetV?2 SY8E0 Tillering 0.78
A9 Jointing 68.40 68.49 68.40 68.44 7 236.00
SABER Tilleri 92.82 92.92 92.82 92.84 71 820.00
EfficientNet_b1 SYERH Tillering 6.52
154 Jointing 87.05 87.09 87.05 87.04 74 880.00
. JYEEW Tillering 93.33 93.37 93.33 93.34 12 614.40
MobileNetV3_U-Net
#1519 Jointing 87.40 87.45 87.40 87.42 4.79 12 715.20
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Table 4 Classification performance comparison of various models on the Plant Village dataset %
R FIN AR LTS A 5 F EHIHER
Model Class label Precision Recall F-score Average accuracy

Black _rot 99.05 97.66 98.35
) Esca_(Black_Measles) 98.15 99.07 98.60

MobileNetV3 _large 99.18
healthy 99.53 100.00 99.77
Leaf_blight_(Isariopsis_Leaf_Spot) 100.00 100.00 100.00
Black_rot 97.24 98.60 97.91
) Esca_(Black_Measles) 98.58 97.20 97.88

GhostNet 98.95
healthy 100.00 100.00 100.00
Leaf_blight_(Isariopsis_Leaf_Spot) 100.00 100.00 100.00
Black_rot 98.13 98.13 98.13
Esca_(Black_Measles) 98.60 98.60 98.60

ShuffleNetV2 99.07
healthy 100.00 100.00 100.00
Leaf_blight_(Isariopsis_Leaf_Spot) 99.53 99.53 99.53
Black rot 97.69 98.60 98.14
. Esca_(Black_Measles) 99.52 97.66 98.58

EfficientNet b1 99.07
healthy 99.53 100.00 99.77
Leaf_blight_(Isariopsis_Leaf_Spot) 99.53 100.00 99.77
Black_rot 100.00 100.00 100.00
. Esca_(Black_Measles) 100.00 100.00 100.00

MobileNetV3_U-Net 100.00
healthy 100.00 100.00 100.00
Leaf_blight_(Isariopsis_Leaf_Spot) 100.00 100.00 100.00
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A rice phosphorus nutrition diagnosis method based on the fusion of
MobileNetV 3 encoding and U-Net multi-scale decoding

HUANG Daidi', YANG Hongyun', SUN Aizhen’,ZHOU Yawen', LIU Leikun'

1.College of Software, Jiangxi Agricultural University, Nanchang 330045, China;
2.College of Computer and Information Engineering, Jiangxi Agricultural University,
Nanchang 330045, China

Abstract Accurate assessment of phosphorus nutrition is essential for optimizing rice growth and im-
proving fertilizer management. This study proposes a lightweight image classification model, Mobile-
NetV3_U-Net, that integrates a MobileNetV3_large encoder with an improved U-Net decoder for efficient
diagnosis of rice leafl phosphorus status. The encoder leverages pretrained weights to accelerate convergence
and extracts multi-scale semantic representations, while the decoder adopts an asymmetric multi-scale
upsampling strategy with skip connections to progressively fuse shallow and deep features.Unlike the con-
ventional symmetric U-Net, the redesigned decoder adjusts channel width and spatial resolution in a com-
pact manner, enhancing fine-grained feature characterization and sensitivity to phosphorus deficiency symp-
toms. The classification is completed by adaptive average pooling and a fully connected layer.On test sets
from the rice tillering and jointing stages, MobileNetV3_U-Net achieved accuracies of 93.33% and
87.40% , respectively, surpassing representative lightweight models including MobileNetV 3 _large, Ghost-
Net, ShuffleNetV2, and EfficientNet_b1. Furthermore, experiments on the Plant Village dataset using
grape leaf images confirmed its cross-domain generalization capability. MobileNetV3_U-Net demonstrates a
favorable balance between lightweight design and diagnostic accuracy.By enhancing multi-scale feature fu-
sion through a tailored decoder structure, it provides an efficient, robust, and transferable framework for in-
telligent diagnosis of rice phosphorus nutrition.

Keywords rice; phosphorus nutrition diagnosis; lightweight convolutional neural network; multi-
scale feature fusion; improved U-Net
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