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Multimodal remote sensing imagery plays a crucial role in crop health assessment and yield 

prediction, yet it faces challenges such as nonlinear misalignment of heterogeneous features, 

insufficient dynamic adaptation of modality contributions, and inadequate modeling of 

spatiotemporal crop growth dynamics in relation to yield. Existing methods often struggle 

to balance recognition accuracy, prediction reliability, and computational efficiency, 

limiting their applicability for high-resolution and interpretable precision agriculture 

monitoring. To address these challenges, this study proposes an end-to-end framework that 

integrates multimodal adaptive fusion with spatio-temporal graph convolutional network 

(ST-GCN), enabling unified modeling of feature extraction, fusion, crop health assessment, 

and yield prediction. A cross-modal adaptive fusion module is designed, combining intra-

modal self-attention, inter-modal cross-attention, and adaptive gating mechanisms to 

effectively achieve dynamic weighting of heterogeneous features and suppress noise. 

Furthermore, a spatiotemporal graph convolution-based yield prediction model is developed 

to deeply integrate the spatiotemporal distribution of crop health features with 

environmental factors, enhancing both interpretability and accuracy. In addition, a multi-

task joint optimization strategy coupled with self-supervised contrastive pretraining is 

introduced to improve model generalization under limited sample conditions. Experimental 

validation on both publicly available and self-collected multimodal crop datasets 

demonstrates that the proposed method significantly outperforms state-of-the-art approaches 

in key metrics such as health status segmentation accuracy and yield prediction error, 

confirming the effectiveness and superiority of the novel designs. This research provides 

technical support for the deep integration of image processing technologies with precision 

agriculture, enriches strategies for multimodal feature fusion and spatiotemporal modeling, 

and holds significant academic and practical value. 
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1. INTRODUCTION

The rapid development of multimodal remote sensing 

technology [1, 2] provides efficient and non-destructive 

technical means for crop health monitoring and yield 

prediction. Among them, image processing technology, as the 

core support for mining multi-source remote sensing 

information [3-5], can achieve precise analysis of crop 

phenotypic characteristics, physiological states, and growth 

dynamics, which is of great significance for promoting the 

development of precision agriculture and ensuring food 

security. At present, the application of multimodal remote 

sensing images in crop monitoring still faces three core 

challenges: the fusion of heterogeneous modal features has 

nonlinear and dynamic difficulties, making it hard to achieve 

efficient complementarity among different modal information 

[6, 7]; the spatiotemporal association modeling between crop 

health status and yield is insufficient, and it is difficult to 

accurately capture the influence of crop growth dynamics on 

yield formation [8]; the generalization ability of models under 

small-sample scenarios is limited, making it difficult to adapt 

to complex and variable agricultural production environments 

[9]. These problems seriously restrict the improvement of 

monitoring accuracy and prediction reliability. 

Existing studies have made some progress in the fields of 

multimodal image fusion, crop health status recognition, and 

yield prediction, but there are still obvious limitations. Most 

multimodal fusion methods [10, 11] adopt fixed weights or 

simple linear fusion strategies, lacking adaptive capability for 

heterogeneous modal features, and it is difficult to effectively 

solve the semantic gap and noise interference problems 

between different modalities; in the spatiotemporal modeling 

process, the dynamic evolution characteristics of crop health 

status are not sufficiently considered [12, 13], and it is difficult 

to accurately describe spatiotemporal patterns such as disease 

spread and growth trend changes; most methods adopt a step-

by-step processing mode of feature fusion, health recognition, 

and yield prediction [14, 15], and do not form an integrated 

end-to-end framework, resulting in information loss during 

transmission, making it difficult to balance processing 

efficiency and prediction accuracy. These shortcomings 

constitute the core research gap of this paper. 
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The research objective of this paper is to propose an 

adaptive fusion and spatiotemporal modeling method for 

multimodal crop image processing, to achieve high-precision 

crop health status recognition and reliable yield prediction, 

while considering computational efficiency and model 

interpretability, and to provide technical support for precision 

agriculture monitoring. The specific contributions of this 

paper are as follows: 

(1) A modality-specific feature extraction scheme is 

proposed. For the image characteristics of RGB, multispectral, 

and thermal infrared modalities, customized backbone 

networks are designed respectively, breaking through the 

limitation of using a single backbone network to adapt to 

multiple modalities, strengthening the targeted capture of crop 

phenotypic features, spectral information, and temperature 

distribution, and improving the effectiveness and hierarchy of 

feature representation. 

(2) A multi-scale cross-modal adaptive fusion mechanism 

is designed, which deeply integrates intra-modal self-attention, 

inter-modal cross-attention, and adaptive gating units, 

achieving dynamic alignment and noise suppression of 

heterogeneous modal features, effectively solving the 

semantic gap problem in multimodal fusion, and forming a 

multi-scale enhanced fused feature representation. 

(3) A spatiotemporal graph convolution network-driven 

yield prediction module is constructed, which transforms 

pixel-level crop health status features into a spatiotemporal 

graph structure, and combines environmental factors to realize 

joint modeling of crop growth spatiotemporal dynamics and 

yield association, significantly improving the accuracy and 

interpretability of yield prediction. 

(4) A multi-task joint optimization and self-supervised 

contrastive pretraining strategy is proposed. Through multi-

task collaborative optimization, the training objectives of 

health recognition and yield prediction are balanced; self-

supervised pretraining is used to learn robust modality-

invariant features, effectively solving the problem of 

insufficient multimodal feature learning under small-sample 

scenarios, and enhancing the generalization ability of the 

model. 

The remaining sections of this paper are arranged as follows: 

Section 2 describes in detail the end-to-end algorithm 

framework proposed in this paper, including the technical 

details and training strategies of multimodal feature extraction, 

cross-modal adaptive fusion and health status recognition, and 

spatiotemporal yield prediction modules; Section 3 verifies the 

effectiveness, superiority, and stability of the proposed 

method through ablation, comparative, and generalization 

experiments, and further provides an in-depth interpretation of 

the results, analyzing the method’s core advantages, 

limitations, and potential directions for future research; 

Section 4 summarizes the work and contributions of this paper, 

and prospects the academic value and practical application 

prospects of the research. 

 

 

2. METHOD 

 

2.1 Overview of the overall framework 

 

This paper proposes an end-to-end algorithm framework 

combining multimodal adaptive fusion and ST-GCN for crop 

health status recognition and yield prediction. The framework 

takes image processing technology as the core support and 

runs through the whole process of feature extraction, fusion, 

segmentation, and spatiotemporal modeling. It mainly 

includes three closely related core stages. In the multimodal 

feature extraction stage, targeted multi-scale features are 

extracted according to the characteristics of different modal 

images, providing a high-quality basis for subsequent fusion; 

in the cross-modal adaptive fusion and health status 

recognition stage, the extracted heterogeneous features are 

deeply fused and pixel-level health status analysis is realized, 

providing spatiotemporal distribution information for yield 

prediction; in the spatiotemporal yield prediction stage, the 

health status features are transformed into a spatiotemporal 

graph structure and combined with environmental factors to 

complete yield regression. The three stages form a closed-loop 

integrated modeling, breaking through the problems of 

information loss and low efficiency caused by traditional step-

by-step processing, realizing end-to-end optimization from 

multimodal image input to yield prediction output, and taking 

into account processing accuracy, computational efficiency, 

and model interpretability. 

 

2.2 Multimodal feature extraction 

 

RGB images carry key phenotypic features of crops such as 

color, texture, and morphology, and are the core visual basis 

for crop health status recognition. The targeting and accuracy 

of feature extraction directly determine the subsequent fusion 

effect and recognition performance [16, 17]. Traditional 

backbone networks generally have problems of insufficient 

capture of texture details and insufficient scale adaptability of 

phenotypic features in agricultural image processing. 

Therefore, this paper customizes and improves the Residual 

Network with Split-Attention Blocks (ResNeSt) network and 

uses it as the feature extraction encoder for RGB images. The 

core innovation focuses on the structural optimization of the 

Split-Attention module. By reconstructing the internal channel 

interaction and weight allocation mechanism of the module, 

the selective capture ability of crop phenotypic features is 

strengthened, providing hierarchical and discriminative RGB 

basic features for cross-modal fusion. 

The optimization of the Split-Attention module is mainly 

reflected in the dual improvement of the channel grouping 

strategy and the attention weight calculation method. For the 

multi-scale characteristics of crop phenotypic features, the 

traditional fixed channel grouping mode is abandoned, and an 

adaptive grouping strategy matching the phenotypic scale of 

crops is adopted. According to the scale differences of crop 

leaf texture and canopy morphology in RGB images, the 

number of groups is dynamically adjusted to ensure that 

phenotypic features at different scales can be accurately 

extracted. In the attention weight calculation, a phenotypic 

feature correlation factor is introduced to optimize the weight 

allocation logic. The core calculation formula is: 

 

αi=σ(W⋅GAP(Fi)+b) (1) 

 

where, αi represents the attention weight of the i-th channel 

group, GAP( ) denotes the global average pooling operation, 

Fᵢ is the feature map of the i-th channel group, W is the 

learnable weight matrix, σ is the Sigmoid activation function, 

and b is the bias term. This improvement makes the attention 

weights more inclined to channels with significant crop 

phenotypic features, effectively suppressing background noise 

interference, solving the problems of texture detail loss and 
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insufficient feature discrimination of the traditional ResNeSt 

network in agricultural images, and finally outputting multi-

scale RGB feature maps covering shallow texture, middle-

level morphology, and deep semantic features, providing high-

quality support for subsequent cross-modal feature fusion. 

Multispectral images contain continuous band information, 

which can reflect physiological parameters such as chlorophyll 

content and water status of crop leaves, and are an important 

basis for crop health diagnosis. The core of feature extraction 

is to realize the joint capture of spectral and spatial information 

[18]. Traditional methods use two-dimensional convolutional 

networks to process multispectral images, which cannot 

effectively mine the correlation between adjacent bands, 

resulting in serious spectral information loss and insufficient 

feature representation capability [19, 20]. Therefore, this paper 

designs a customized three-dimensional convolutional neural 

network (3D-CNN). According to the continuity 

characteristics of multispectral bands, through the 

optimization of convolution kernel design, stride, and padding 

strategy, the collaborative extraction of spectral and spatial 

features is realized, improving the discriminability and 

integrity of multispectral features. 

The core innovation of the customized 3D-CNN lies in the 

optimization of convolution kernel design and feature 

enhancement mechanism. A 3×3×3 three-dimensional 

convolution kernel is adopted, where the first two dimensions 

correspond to the image spatial size and the third dimension 

corresponds to the multispectral band dimension, ensuring that 

spatial neighborhood information and inter-band correlation 

features can be captured simultaneously. The core calculation 

formula of the convolution process is: 
 

Fx,y,b=σ(∑ ∑ ∑ Wi,j,k
2
k=0

2
j=0

2
i=0 ⋅Ix+i,y+j,b+k+b)  (2) 

where, Fx,y,b represents the feature value of the output feature 

map at position (x,y) and band b, Wi,j,k is the weight of the 

3×3×3 convolution kernel, Ix+i,y+j,b+k is the pixel value of the 

input multispectral image, b is the bias term, and σ is the ReLU 

activation function. To reduce spectral information loss, the 

convolution stride strategy is optimized, and the strides of both 

spatial and spectral dimensions are set to 1. The “Same” 

padding method is adopted to ensure that the spatial size and 

band number of the output feature map are consistent with 

those of the input image. At the same time, batch 

normalization layers are embedded to normalize the output 

features of each layer, reducing feature distribution shift and 

enhancing feature stability. This effectively solves the 

problem that traditional two-dimensional convolutional 

networks cannot capture inter-band correlations and suffer 

from spectral information loss, and finally outputs multi-scale 

multispectral feature maps integrating spectral and spatial 

features. 

Thermal infrared images can reflect the temperature 

distribution of crop canopy and are a key basis for identifying 

crop stress status, but they generally have problems such as 

low resolution and blurred temperature anomaly regions. 

Traditional feature extraction networks are difficult to balance 

computational efficiency and global temperature capture 

capability [21, 22]. This paper adopts a lightweight Mobile 

Vision Transformer (MobileViT) network as the feature 

extraction backbone for thermal infrared images. The core 

innovation lies in the simplification of the network structure 

and the optimization of the attention mechanism. By adjusting 

network parameters and attention head configuration, the 

collaborative improvement of global temperature distribution 

capture and computational efficiency is achieved. 

 

 
 

Figure 1. Schematic diagram of modality-specific feature extraction network structure 

 

According to the characteristics of thermal infrared images, 

two aspects of customized optimization are carried out on the 

MobileViT network: first, simplifying network parameters by 

replacing traditional convolution layers with depth-wise 

separable convolutions to reduce parameter redundancy and 

computational complexity; second, adjusting the number of 

attention heads in the Transformer encoder, abandoning the 

traditional fixed attention head configuration, reducing the 
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number of attention heads from 6 to 4, and adjusting the 

dimension of attention weight calculation to adapt to the low-

resolution characteristics of thermal infrared images. Under 

the premise of ensuring the ability to capture global 

temperature distribution, computational efficiency is further 

improved. The attention weight calculation adopts a simplified 

scaled dot-product attention mechanism, and the core formula 

is: 

 

Attention(Q,K,V)=softmax (
QKT

√dk
)V  (3) 

 

where, Q, K, and V represent the query, key, and value 

matrices respectively, and dₖ is the dimension of the query 

matrix. This optimization enables the network to quickly 

capture abnormal temperature regions of crop canopy while 

effectively suppressing background noise interference, solving 

the problems of low resolution and difficulty in locating 

temperature anomaly regions in thermal infrared images, and 

outputting multi-scale thermal infrared feature maps sensitive 

to temperature changes. Figure 1 shows the schematic diagram 

of the modality-specific feature extraction network structure. 

The RGB, multispectral, and thermal infrared feature 

extraction branches respectively output multi-scale feature 

maps covering shallow texture, middle-level semantics, and 

deep abstraction. The features of each branch complement 

each other and have different emphases. They not only retain 

the core information of crop phenotype, spectrum, and 

temperature, but also have good hierarchical characteristics, 

providing high-quality basic feature support for subsequent 

multi-scale cross-modal adaptive fusion, and ensuring that the 

fusion process can fully mine the complementary value of 

different modalities. 

 

2.3 Cross-modal adaptive fusion and health status 

recognition 

 

2.3.1 Cross-modal adaptive fusion module 

The core objective of the cross-modal adaptive fusion 

module is to solve the problems of nonlinear alignment, 

dynamic weighting, and noise suppression of heterogeneous 

modal features, to realize deep interaction of multi-scale 

semantic features, and to provide discriminative and 

semantically consistent fused features for subsequent health 

status recognition. The core innovation of this module lies in 

realizing intra-modal feature enhancement and inter-modal 

feature alignment in stages. Through customized attention 

mechanism design, it breaks through the limitation that 

traditional fusion methods are difficult to balance semantic 

consistency and heterogeneous information complementarity, 

ensuring that the core information of different modalities can 

be fully mined and efficiently fused. Figure 2 shows the 

internal structure of the multi-scale cross-modal adaptive 

fusion and aggregation module. 

 

 
 

Figure 2. Internal structure of the multi-scale cross-modal adaptive fusion and aggregation module 
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Intra-modal self-attention enhancement is the basis for 

achieving effective cross-modal fusion. Its core innovation lies 

in designing a customized spatial self-attention mechanism for 

the hierarchical characteristics of multimodal features, 

strengthening the semantic consistency within a single 

modality, capturing long-range dependencies within the 

feature map, and improving the discriminative ability of 

features. Different from the traditional self-attention 

mechanism that treats all features equally, the intra-modal self-

attention in this paper calculates attention weights on the 

spatial dimension for multi-scale features output by each 

branch, highlighting crop health-related feature regions and 

suppressing background noise interference. The core 

calculation process is as follows: 

 

A=softmax (
F.FT

√d
)  (4) 

 

Fenhanced=A⋅F  (5) 

 

where, F represents the feature map of a certain scale of a 

single modality, d is the channel dimension of the feature map, 

A is the generated spatial attention map, and Fenhanced is the 

feature map after self-attention enhancement. This design 

generates an attention weight map by calculating the 

correlation between each pixel and global pixels, so that 

regions with significant crop health features in the feature map 

obtain higher weights, effectively solving the problems of 

isolated local information and insufficient semantic coherence 

in single-modal features, and providing semantically 

consistent basic features for subsequent inter-modal alignment. 

Inter-modal cross-attention alignment is the core for 

achieving efficient interaction of heterogeneous modal 

information. Its innovation lies in reasonably assigning the 

Query, Key, and Value matrices, and optimizing the 

dimensional configuration of multi-head attention to achieve 

accurate alignment and information complementarity of 

heterogeneous features. In this paper, the RGB branch features 

are used as Query, and the multispectral and thermal infrared 

branch features are used as Key and Value respectively to 

construct a multi-head cross-attention mechanism. With the 

visual semantic guidance of RGB features, the physiological 

information of multispectral and the temperature information 

of thermal infrared are accurately retrieved, realizing the 

crossing of the semantic gap of heterogeneous modalities. To 

adapt to the dimensional differences of multimodal features, 

the dimensional allocation of attention heads is optimized, and 

the dimension of each attention head is set to match the 

channel dimension of each modal feature, ensuring the 

effectiveness of attention calculation. 

The core calculation of cross-attention adopts the optimized 

scaled dot-product attention mechanism, and the specific 

formulas are as follows: 
 

MultiHead(Q,K,V) 

=Concat(head1,head2,…,headh)⋅Wo 
(6) 

 

headi=Attention (QWQi
,KWKi

,VWVi
)  (7) 

 

where, Q, K, and V represent the feature matrices of RGB, 

multispectral, and thermal infrared branches respectively, h is 

the number of attention heads, WQi
, WKi

, and WVi
 are the 

learnable projection matrices of the i-th attention head, and Wₒ 

is the output projection matrix of multi-head attention. This 

design enables RGB features to accurately retrieve spectral 

response information related to crop health in multispectral, 

and temperature signals related to stress status in thermal 

infrared, realizing accurate alignment and deep interaction of 

heterogeneous modal features, and providing high-quality 

aligned features for subsequent adaptive gated fusion. 

The adaptive gated fusion unit is the key to achieving 

efficient fusion of heterogeneous modal features and 

suppressing invalid noise. Its core innovation lies in designing 

a scene-adaptive weight adjustment mechanism, which can 

dynamically allocate the contribution of each modality 

according to the scene characteristics of input multimodal 

images, breaking through the limitation that traditional fixed-

weight fusion cannot adapt to complex agricultural scenes, and 

at the same time achieving effective suppression of invalid 

modal noise and improving the discriminative ability of fused 

features. This unit takes the features after cross-attention 

alignment as input, and realizes accurate fusion of 

heterogeneous features through three steps: feature description, 

weight mapping, and dynamic fusion. 

The specific implementation process of the adaptive gated 

fusion unit is as follows: first, global average pooling is 

performed on the features of each modality after cross-

attention enhancement, compressing the two-dimensional 

feature maps into one-dimensional feature description vectors 

to capture the global feature information of each modality; 

then the feature description vectors are input into two fully 

connected layers for dimensional mapping and feature 

transformation, and the weight coefficients of each modality 

are obtained through Softmax normalization, ensuring that the 

sum of weights is 1 and realizing reasonable allocation of 

modal contributions. The core formulas of weight coefficients 

and fused features are as follows: 

 
vi=GAP(Fcross,i)  (8) 

 

wi=Softmax(W2⋅σ(W1⋅vi+b1)+b2)  (9) 

 

Ffusion,single=∑ wi
3
i=1 ⋅Fcross,i  (10) 

 

where, vi is the feature description vector of the i-th modality, 

GAP( ) is the global average pooling operation, Fcross,i is the 

feature map of the i-th modality after cross-attention 

enhancement, W1 and W2 are the learnable weight matrices of 

the fully connected layers, b1 and b2 are bias terms, σ is the 

ReLU activation function, wi is the weight coefficient of the i-

th modality, and Ffusion,single is the fused feature at a single scale. 

This paper innovatively designs an adaptive weight 

adjustment mechanism. Through the scene information 

contained in the feature description vector, the weights of each 

modality are dynamically updated. For example, when 

illumination is insufficient, the quality of RGB modal features 

decreases, the weight is automatically reduced, while the 

weight of the thermal infrared modality is increased, ensuring 

that the fused features can always retain core effective 

information and suppress invalid noise interference. 

Multi-scale fusion aggregation aims to solve the problem 

that single-scale fusion cannot take into account both detail 

information and semantic information. Its core innovation lies 

in repeatedly executing the complete process of intra-modal 

self-attention enhancement, inter-modal cross-attention 

alignment, and adaptive gated fusion at different feature scales, 

and realizing efficient aggregation of multi-scale fused 

features through skip connections, forming a multi-scale 
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enhanced fused feature representation, and providing 

sufficient feature support for subsequent high-resolution 

health status recognition. Multimodal features have obvious 

hierarchical characteristics: low-level features focus on details 

such as texture, middle-level features focus on semantic 

information, and high-level features tend to abstract features. 

Single-scale fusion is difficult to fully exploit the value of 

features at each level. 

Specifically, the multi-scale fusion aggregation process 

performs the above fusion process for three feature scales: 

low-level texture, middle-level semantics, and high-level 

abstraction, respectively obtaining fused features at three 

scales. Then, a skip connection mechanism is introduced to 

upsample the low-level fused features and concatenate them 

with middle-level fused features, and concatenate the middle-

level fused features with high-level fused features, realizing 

complementarity and aggregation of features at different 

scales, and finally outputting multi-scale enhanced fused 

feature maps. The innovation of this design lies in that it does 

not simply superimpose features at different scales, but retains 

the core information of features at each scale through skip 

connections, so that the fused features not only contain low-

level details such as crop leaf texture, but also cover middle-

level semantics such as disease regions, while taking into 

account the discriminative ability of high-level abstract 

features, effectively solving the problems of detail loss or 

semantic ambiguity in traditional fusion methods, and 

providing a hierarchical and discriminative feature basis for 

subsequent pixel-level health status recognition. 

 

2.3.2 Health status recognition module 

The core objective of the health status recognition module 

is to achieve high-resolution pixel-level recognition of crop 

health status based on the multi-scale features after cross-

modal adaptive fusion, and to output a continuous health index 

at the same time, providing accurate spatiotemporal 

distribution information for subsequent yield prediction. 

Figure 3 shows the structure diagram of the lightweight health 

status recognition decoder with dual-output collaboration. The 

core innovation of this module lies in the customized 

improvement of the lightweight decoder and the dual-output 

collaborative design, which not only solves the problems of 

low segmentation accuracy, blurred boundaries, and 

computational redundancy of traditional decoders, but also 

realizes the integration of discrete health 1×1 Convolution 

status classification and continuous health index regression, 

improving the comprehensiveness and practicality of 

recognition results, and fully adapting to the actual needs of 

agricultural monitoring. 

 

 
 

Figure 3. Structure diagram of the lightweight health status recognition decoder with dual-output collaboration 

 

The design of the lightweight decoder is based on an 

improved Feature Pyramid Network (FPN). The core 

innovation lies in embedding a channel attention module and 

optimizing the upsampling and skip connection strategies, 

significantly improving segmentation accuracy and boundary 

clarity while ensuring computational efficiency. Different 

from the traditional FPN decoder that only performs simple 

feature concatenation and upsampling, this paper adds a 

customized channel attention module at each feature fusion 

node of the decoder. By dynamically adjusting feature channel 

weights, the response of key features such as disease regions 

and nutrient deficiency regions is enhanced, and the 

interference of background and invalid features is suppressed. 

The core calculation formulas of the channel attention module 

are as follows: 

 

Mc=σ(W2⋅GAP(Ffusion)+b2)  (11) 

  

Fatt=Mc⋅Ffusion  (12) 

 

where, Ffusion is the multi-scale fused feature input to the 

decoder, GAP( ) is the global average pooling operation, W2 is 

the learnable weight matrix, b2 is the bias term, σ is the 

Sigmoid activation function, Mc is the channel attention 

weight map, and Fatt is the feature after attention enhancement. 
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At the same time, the upsampling strategy is optimized by 

combining transposed convolution and bilinear interpolation 

to gradually restore the spatial resolution of the feature map, 

avoiding blurred boundaries caused by a single upsampling 

method. The skip connection mechanism is also improved, 

where the attention-enhanced features of each layer of the 

decoder are accurately aligned and concatenated with the 

features of the corresponding scale in the encoder, retaining 

low-level texture details and high-level semantic information. 

Finally, a pixel-level classification map with the same size as 

the input image is generated, effectively solving the problems 

of low segmentation accuracy and blurred boundaries in 

traditional decoders. 

The dual-output design is another core innovation of this 

module, aiming to simultaneously realize discrete 

classification of crop health status and continuous health index 

regression. Through multi-task collaborative optimization, the 

comprehensiveness and reliability of recognition results are 

improved, providing richer spatiotemporal feature support for 

yield prediction. The discrete classification task targets four 

typical states: healthy, mild disease, severe disease, and 

nutrient deficiency, and performs pixel-level category division. 

The continuous health index regression task outputs 

continuous values based on Normalized Difference Vegetation 

Index (NDVI) transformation to quantify the crop health 

degree. The two tasks complement each other and are jointly 

optimized, avoiding the limitations of a single output mode. 

To realize the collaborative optimization of dual-output 

tasks, a multi-task joint loss function is designed, which 

combines classification loss and regression loss with weights, 

dynamically balancing the training priorities of the two tasks. 

The core formula is as follows: 

 

Ltotal=α⋅Lseg+β⋅Lreg  (13) 

 

where, Ltotal is the total loss function, α and β are the weight 

coefficients of classification loss and regression loss 

respectively, satisfying α + β = 1, and can be adaptively 

adjusted during the training process; Lseg is the classification 

loss, which adopts the weighted sum of cross-entropy loss and 

Dice loss to solve the class imbalance problem and improve 

segmentation accuracy; Lreg is the regression loss, which 

adopts mean squared error loss to ensure the accuracy of health 

index regression. This dual-output design enables 

classification results and regression results to constrain and 

promote each other through multi-task collaborative training, 

ensuring accurate classification of health status categories and 

quantitative evaluation of health degree. Finally, it outputs 

pixel-level health status segmentation maps and continuous 

health index maps, providing basic features containing 

spatiotemporal distribution and quantitative degree of crop 

health for subsequent spatiotemporal yield prediction. 

 

2.4 Spatiotemporal yield prediction 

 

The construction of spatiotemporal graph structure is the 

basis for modeling the relationship between crop health status 

spatiotemporal dynamics and yield. Its core innovation lies in 

transforming the pixel-level health status features obtained by 

image processing into graph-structured data suitable for ST-

GCN, realizing the deep integration of image processing 

results and spatiotemporal modeling, breaking through the 

limitation that traditional spatiotemporal modeling is 

disconnected from crop health features, and accurately 

capturing the spatial correlation and temporal evolution law of 

crop health status, providing interpretable spatiotemporal 

feature support for subsequent yield prediction. This 

construction process closely relies on the output of the health 

status recognition module, transforming discrete pixel-level 

information into structured graph nodes and edges, ensuring 

the pertinence and accuracy of spatiotemporal association 

modeling. Figure 4 shows the schematic diagram of multi-

feature fusion and yield prediction. 

 

 
 

Figure 4. Schematic diagram of multi-feature fusion and 

yield prediction 

 

The construction process of the spatiotemporal graph 

structure is carried out around three core steps: node division, 

node feature extraction, and edge construction. Each step is 

customized according to agricultural scenarios and image 

processing characteristics. Node division adopts a method 

consistent with actual agricultural production, dividing multi-

temporal health status segmentation maps into several nodes 

according to plots or fixed sampling areas, ensuring that each 

node corresponds to an independent agricultural monitoring 

unit and realizing accurate quantification of the spatial 

distribution of health status. Node feature extraction focuses 

on the core information of health status. For each node, two 

types of key statistics are calculated: the area proportion of 

each health status category and the average health index. The 

calculation formula of the area proportion of the c-th health 

status of the k-th node is rk,c=Sk,c/∑ Sk,c
C
c=1 , and the calculation 

formula of the average health index is hk=∑ hk,i
Nk

i=1 /Nk, where 

Sk,c is the pixel area of the c-th health status of the k-th node, 

C is the total number of health status categories, hk,i is the 

health index of the i-th pixel in the k-th node, and Nk is the total 

number of pixels of the k-th node. Edge construction combines 

spatial correlation characteristics, considering both Euclidean 

distance and spatial adjacency relationship between nodes. 

The Euclidean distance between two nodes u and v is 

calculated as du,v=√(xu-xv)
2
+(y

u
-y

v
)
2
, where (xu,yu) and (xv,yv) 

are the spatial coordinates of the two nodes respectively. When 

the distance is less than a set threshold or there is a spatial 
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adjacency relationship, an edge is constructed between the 

nodes and assigned a corresponding weight, realizing accurate 

modeling of spatial correlation of crop health status, and 

finally forming spatiotemporal graph structure data containing 

node features, spatial correlation, and time series. 

ST-GCN modeling is the core for realizing the mining of 

the relationship between crop health status spatiotemporal 

dynamics and yield. Its core innovation lies in customizing and 

optimizing the traditional ST-GCN. By embedding an 

attention mechanism in GCN and adding a dropout layer in 

Gated Recurrent Unit (GRU), it solves the problems of uneven 

spatial information propagation and easy overfitting in 

traditional spatiotemporal modeling, realizes accurate capture 

of crop health evolution laws, and constructs a spatiotemporal 

feature representation with both accuracy and interpretability. 

This modeling process takes the constructed spatiotemporal 

graph structure as input, and is divided into two stages: spatial 

propagation and temporal capture, realizing integrated 

modeling of spatiotemporal dynamics of health status, and 

providing core spatiotemporal feature support for subsequent 

yield prediction. 

The core innovation of the spatial information propagation 

stage is to embed a spatial attention mechanism in GCN, 

dynamically adjusting the correlation weights of neighboring 

nodes, solving the problem that traditional GCN treats all 

neighboring nodes equally and spatial information 

propagation is uneven, and strengthening the spatial 

correlation modeling of crop health status. The optimized node 

feature update formula of GCN is as follows: 

 

Fk,t+1=σ(∑ αk,vv∈N(k) ⋅W⋅Fv,t+b)  (14) 

 

where, Fk,t+1 is the feature vector of the k-th node after update 

at step t+1, N(k) is the set of neighboring nodes of the k-th node, 

αk,v is the attention weight between node k and neighboring 

node v, calculated from node feature correlation, W is the 

learnable weight matrix, b is the bias term, and σ is the ReLU 

activation function. The attention weight αk,v is obtained 

through Softmax normalization to ensure reasonable weight 

allocation, so that neighboring nodes with significant health 

status changes obtain higher weights, accurately capturing 

spatial correlation patterns such as disease spread. In the 

temporal dimension capture stage, the updated node feature 

sequence at each time step is input into the optimized GRU, 

and a dropout layer is added to the GRU hidden layer with a 

dropout probability of 0.3 to suppress model overfitting. The 

core update formulas are: 

 

rt=σ(Wr⋅[ht-1,Ft]+br)  (15) 

 

zt=σ(Wz⋅[ht-1,Ft]+bz)  (16) 

 

h̃t= tanh ( Wh⋅[rt⊙ht-1,Ft]+bh)  (17) 

 

ht=(1-zt)⊙ht-1+zt⊙h̃t  (18) 

 

where, rt and zt are the reset gate and update gate respectively, 

ht−1 and ht are the hidden states at the previous time and current 

time respectively, h̃t is the candidate hidden state, ⊙ denotes 

element-wise multiplication, Wr, Wz, and Wh are learnable 

weight matrices, and br, bz, and bh are bias terms. This 

optimization enables GRU to accurately capture the temporal 

evolution law of crop health status while avoiding overfitting, 

and outputs feature vectors containing spatiotemporal 

correlation information. 

The core innovation of multi-feature fusion prediction lies 

in designing a feature normalization and attention-weighted 

fusion mechanism to achieve efficient fusion of 

spatiotemporal features output by ST-GCN and environmental 

factors, highlighting the dominant role of spatiotemporal 

features while taking into account the influence of 

environmental factors, improving the accuracy and 

interpretability of yield prediction, and solving the problems 

of feature weight imbalance and poor interpretability in 

traditional fusion methods. In this process, the two types of 

features are first standardized to eliminate dimensional 

differences and ensure the effectiveness of fusion. The feature 

normalization formula is: 

 

Fnorm=
F-μ

σ
  (19) 

 

where, Fnorm is the normalized feature, F is the original feature, 

μ is the feature mean, and σ is the feature standard deviation. 

Then, a feature attention-weighted fusion module is 

constructed to dynamically allocate the weights of 

spatiotemporal features and environmental factors, 

highlighting the dominant role of spatiotemporal features. The 

attention weight calculation formulas are: 

 

ω=Softmax(Wa⋅[Fst,Fenv]+ba) (20) 

 

Ffinal=ω1⋅Fst+ω2⋅Fenv (21) 
 

where, Fst is the spatiotemporal feature vector output by ST-

GCN, Fenv is the global feature vector of environmental factors, 

Wa is the learnable weight matrix, and ba is the bias term, and 

ω1 and ω2 are the attention weights of spatiotemporal features 

and environmental factors respectively. 

The fused feature vector is input into a multi-layer fully 

connected network for yield regression. The network uses 

ReLU as the activation function, and the output layer uses a 

linear activation function to ensure the continuity and 

rationality of the yield prediction value. The output formula of 

the fully connected network is: 

 

ŷ=Wo⋅σ(W3⋅Ffinal+b3)+bo (22) 

 

where, ŷ is the final yield prediction value, W3 and Wo are the 

learnable weight matrices of the fully connected layers, and b3 

and bo are bias terms. This multi-feature fusion design realizes 

reasonable allocation of features through attention weighting, 

enabling the model to comprehensively consider the 

spatiotemporal dynamics of crop health status and the 

collaborative influence of external environmental factors, 

significantly improving the accuracy and interpretability of 

yield prediction, and finally outputting accurate crop yield 

prediction values. 

 

2.5 Training strategy 

 

The core innovation of the training strategy lies in deeply 

combining multi-task joint optimization with self-supervised 

contrastive pretraining. Aiming at the key problems of 

imbalance in multi-task collaborative training and insufficient 

feature learning in small-sample scenarios, a dedicated 

training process and loss functions are designed to achieve the 

coordinated improvement of model training efficiency, 

recognition accuracy, and generalization ability, providing 
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guarantees for the stable performance of the end-to-end 

framework. This strategy closely matches the characteristics 

of multimodal image processing and agricultural scenarios. 

Through customized pretraining and fine-tuning mechanisms, 

it addresses the limitations of traditional training methods such 

as weak generalization ability and imbalance in multi-task 

training, ensuring that the model can still maintain excellent 

performance in complex agricultural scenarios and small-

sample conditions. 

The core innovation of multi-task joint optimization lies in 

designing a hybrid loss function with adaptive weight 

adjustment to balance the training priorities of health state 

recognition and yield prediction tasks, while addressing the 

class imbalance problem in health state segmentation. The loss 

function is composed of a weighted combination of pixel-level 

segmentation loss and yield regression loss. The segmentation 

loss adopts a weighted sum of cross-entropy loss and Dice loss, 

effectively alleviating the training bias caused by class 

imbalance, while the regression loss adopts mean squared 

error loss to ensure the accuracy of yield prediction. The core 

formulas are as follows: 

 

Ltotal=α(t)⋅Lseg+β(t)⋅Lreg (23) 

 

Lseg=γ⋅Lce+(1-γ)⋅Ldice (24) 

 

Ldice=1-
2∑ pi

N
i=1 gi+ϵ

∑ pi
2N

i=1 +∑ gi
2N

i=1 +ϵ
  (25) 

 

Lreg=
1

M
∑ (M

j=1 y
j
-ȳ

j
)
2
  (26) 

 

where, Ltotal is the total loss function, α(t) and β(t) are adaptive 

weight coefficients satisfying α(t)+β(t)=1, and their values are 

dynamically updated according to the convergence speed of 

the two tasks during training. When a task converges more 

slowly, its corresponding weight is automatically increased, 

achieving dynamic balancing of task priorities. Lseg is the 

segmentation loss, γ is the weight coefficient between cross-

entropy loss Lce and Dice loss Ldice, and ϵ is a smoothing term 

to avoid division by zero. pi and gi are the predicted value and 

ground truth label, respectively. Lreg is the regression loss, M 

is the number of samples, and yj and ȳ
j
 are the ground truth 

yield and predicted yield, respectively. This design solves the 

imbalance problem in multi-task training through adaptive 

weight adjustment, and alleviates class imbalance through 

hybrid segmentation loss, ensuring that the two tasks are 

jointly optimized and improved simultaneously. 

The core innovation of self-supervised contrastive 

pretraining lies in designing customized data augmentation 

strategies and contrastive learning schemes for multimodal 

image characteristics. Robust modality-invariant features are 

learned on unlabeled data, addressing the problem of 

insufficient multimodal feature learning in small-sample 

scenarios, and providing high-quality initialization parameters 

for the feature extraction network. The pretraining process is 

based on the Simple Framework for Contrastive Learning of 

Visual Representations (SimCLR) framework. The core idea 

is to construct positive and negative sample pairs through data 

augmentation, pulling closer the feature distance of different 

augmented views of the same image, and pushing away the 

feature distance of different images, thereby achieving 

effective learning of modality-invariant features. 

Specifically, for RGB, multispectral, and thermal infrared 

modalities, differentiated data augmentation strategies are 

designed: RGB images adopt random cropping, horizontal 

flipping, and brightness adjustment; multispectral images 

adopt band perturbation and random cropping; thermal 

infrared images adopt brightness adjustment and random 

cropping, ensuring that the core features of each modality are 

retained after augmentation. The core formula of the 

contrastive loss is as follows: 

 

Lcontrast=-
1

2N
∑ log

exp (sim(zk,zk
+)/τ)

∑ I2N
l=1 l≠k

exp (sim(zk,zl
+)/τ)

N
k=1   (26) 

 

where, N is the number of samples in a training batch, zk is the 

feature embedding of the k-th sample, zk
+  is the feature 

embedding of the positive sample of the k-th sample, τ is the 

temperature parameter, sim( ) is the cosine similarity function, 

and I is the indicator function. The pretraining process is only 

applied to the feature extraction networks of the three 

modalities. By minimizing the contrastive loss, robust features 

that are not affected by modality differences and augmentation 

perturbations are learned, providing good initialization for the 

subsequent fine-tuning of the end-to-end framework, and 

effectively improving the generalization ability of the model 

in small-sample scenarios. 

The training process adopts a two-stage mode of 

“pretraining-fine-tuning” to further improve training 

efficiency and model performance. First, self-supervised 

contrastive pretraining is performed on unlabeled multimodal 

images for the feature extraction networks to obtain 

initialization parameters. Then, the pretrained parameters are 

transferred to the entire end-to-end framework, and fine-

tuning is performed using the multi-task joint optimization 

loss function to simultaneously optimize the two tasks of 

health state recognition and yield prediction. This process not 

only solves the problem of insufficient feature learning in 

small-sample scenarios through pretraining, but also achieves 

collaborative adaptation of each module through fine-tuning, 

ensuring that the model accurately learns features while 

achieving efficient collaboration between the two tasks, 

ultimately improving recognition accuracy, prediction 

reliability, and generalization ability of the model. 

 

 

3. EXPERIMENTS AND RESULTS ANALYSIS 

 

3.1 Experimental setup 

 

This experiment aims to comprehensively verify the 

effectiveness, superiority, and stability of the proposed end-to-

end algorithm framework. Focusing on four major innovations, 

including multimodal feature extraction, cross-modal adaptive 

fusion, spatiotemporal yield prediction, and training strategy, 

ablation experiments, comparative experiments, 

generalization experiments, and stability experiments are 

designed. The experimental setup strictly follows the 

specifications of image processing journals to ensure 

reproducibility and rigor of the experiments. The dataset 

adopts a combination of public datasets and self-constructed 

datasets to ensure representativeness and complexity of the 

experiments. The public datasets include Agriculture-Vision 

and Unmanned Aerial Vehicle (UAV)-Multispectral Crop 

Dataset, covering two major crops, wheat and maize, and 

including three modalities: RGB, multispectral (8 bands), and 

thermal infrared images. The temporal range covers from the 
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jointing stage to the maturity stage of crops, with a total of 12 

time steps. The annotation information includes pixel-level 

labels of four types of health states (healthy, mild disease, 

severe disease, nutrient deficiency) and the corresponding 

actual yield data of fields. The self-constructed dataset is 

collected from the main wheat-producing areas in northern 

China and the main maize-producing areas in southern China, 

covering crop samples under different climate conditions and 

soil types. It supplements 1500 groups of multimodal images 

and corresponding annotations to alleviate the problem of 

single-scene limitation in public datasets. The two types of 

datasets are uniformly divided into training set, validation set, 

and test set according to the ratio of 7:2:1. The training set is 

used for model training and pretraining, the validation set is 

used for parameter tuning, and the test set is used for model 

performance evaluation. 

The experimental environment configuration is as follows: 

the hardware adopts NVIDIA RTX 4090 GPU (24GB 

memory), Intel Core i9-13900K CPU, and 64GB DDR5 

memory; the software framework is based on PyTorch 1.13.1, 

combined with OpenCV and Scikit-learn to complete data 

preprocessing and metric calculation. The training parameters 

are set as follows: the initial learning rate is 0.001, the AdamW 

optimizer is adopted (weight decay 0.0001), the batch size is 

set to 16, the number of iterations is 200, and an early stopping 

strategy (patience = 20) is adopted to prevent overfitting. The 

dropout probability is set to 0.3, and the temperature parameter 

τ = 0.1. 

 

3.2 Ablation experiments 

 

The ablation experiments adopt the control variable method. 

The proposed innovative modules are removed or replaced one 

by one to construct five variant models, which are compared 

with the complete model in this paper to verify the 

effectiveness of each innovative module. The experimental 

results are shown in Table 1. 

 

Table 1. Comparison of ablation experiment results 

 

Model Variant 

Health State Recognition Yield Prediction 
Computational 

Efficiency 

Intersection 

over Union 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-

score 

(%) 

Mean 

Absolute 

Error (kg/ 

mu) 

Root Mean 

Square 

Error (kg/ 

mu) 

R² 
Inference 

Time (ms) 

Parameters 

(M) 

Variant 1: Single 

backbone feature 

extraction 

72.35 75.12 73.89 74.49 18.76 25.32 0.821 42.6 38.7 

Variant 2: Without 

intra-modal self-

attention 

78.62 80.35 79.41 79.87 15.42 21.58 0.867 39.8 45.2 

Variant 3: Without 

adaptive gating unit 
79.15 81.02 80.13 80.57 14.89 20.75 0.875 38.5 44.9 

Variant 4: Without 

spatio-temporal graph 

convolutional network 

modelling 

80.23 82.15 81.36 81.75 16.93 23.17 0.852 35.7 40.3 

Variant 5: Without 

self-supervised 

pretraining 

79.86 81.78 80.95 81.36 15.17 21.24 0.871 37.9 45.5 

Full model (proposed) 83.57 85.26 84.68 84.97 12.35 17.89 0.913 38.2 45.7 

From the experimental results in Table 1, it can be seen that 

each innovative module can significantly improve the model 

performance, verifying the rationality and effectiveness of the 

design in this paper. Variant 1 adopts a single backbone 

network to adapt to three modalities. Compared with the full 

model in this paper, Intersection over Union (IoU) decreases 

by 11.22%, F1-score decreases by 10.48%, Mean Absolute 

Error (MAE) increases by 6.41 kg/mu, and R² decreases by 

0.092. This indicates that modality-specific feature extraction 

branches can accurately extract features according to different 

modality characteristics, effectively improving the specificity 

and discriminability of feature representation, and addressing 

the limitation that a single backbone network cannot adapt to 

multimodality. 

Variant 2 removes intra-modal self-attention, resulting in a 

decrease of 5.10% in F1-score and a decrease of 0.046 in R². 

This indicates that intra-modal self-attention can enhance the 

semantic consistency of a single modality, capture long-range 

dependencies within feature maps, improve the discriminative 

ability of features, and reduce background noise interference. 

Variant 3 removes the adaptive gating unit, resulting in a 

decrease of 4.40% in F1-score and an increase of 2.86 kg/mu 

in Root Mean Square Error (RMSE). This indicates that the 

adaptive gating unit can dynamically adjust the contribution of 

each modality, suppress invalid noise, achieve efficient fusion 

of heterogeneous features, and avoid feature redundancy and 

information loss caused by fixed-weight fusion. 

Variant 4 removes ST-GCN spatiotemporal modeling, 

resulting in a decrease of 0.061 in R² and an increase of 4.58 

kg/mu in MAE, while the decline in health state recognition 

metrics is relatively moderate. This indicates that ST-GCN can 

effectively capture the spatiotemporal evolution patterns of 

crop health states, achieve accurate association modeling 

between health states and yield, and improve the accuracy and 

interpretability of yield prediction. Variant 5 removes self-

supervised pretraining, resulting in a decrease of 3.61% in F1-

score and a decrease of 0.042 in R², verifying that self-

supervised pretraining can learn robust modality-invariant 

features on unlabeled data, provide high-quality initialization 

for the feature extraction network, and improve the 

generalization ability of the model. 
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3.3 Comparative experiments 

 

To verify the superiority of the proposed method, advanced 

image processing methods related to multimodal fusion, crop 

health recognition, and yield prediction in the current field are 

selected as comparison models, including: 1) CNN-Fusion: a 

traditional convolution-based multimodal linear fusion 

method; 2) Vision Transformer Fusion (ViT-Fusion): a 

Transformer-based multimodal fusion method; 3) 

Spatiotemporal Convolutional Long Short-Term Memory 

Network (ST-ConvLSTM): a spatiotemporal convolutional 

long short-term memory-based prediction method; 4) Multi-

modal Feature Fusion Graph Convolutional Network (MFF-

GCN): a prediction method based on multimodal feature 

fusion and graph convolution; 5) Multi-Scale Attention Fusion 

Network (MSAF-Net): a crop health recognition method 

based on multi-scale attention fusion. The comparative 

experiments are conducted under the same dataset and 

experimental environment, and the core metric comparison 

results are shown in Table 2. 

 

Table 2. Comparison of comparative experiment results 

 

Method 

Health State Recognition Yield Prediction 
Computational 

Efficiency 

Intersection 

over Union 

(%) 

Precision 

(%) 

Recall 

(%) 

F1-

score 

(%) 

Mean 

Absolute 

Error (kg/ 

mu) 

Root Mean 

Square 

Error (kg/ 

mu) 

R² 
Inference 

Time (ms) 

Parameters 

(M) 

Convolutional Neural 

Network -Fusion 
74.18 76.35 75.22 75.77 20.15 27.46 0.803 36.8 32.4 

Vision Transformer -

Fusion 
78.95 80.72 79.86 80.28 17.32 23.89 0.847 52.3 68.9 

Spatiotemporal 

Convolutional Long 

Short-Term Memory 

Network 

77.53 79.21 78.45 78.82 16.87 23.05 0.854 48.6 56.7 

Multi-modal Feature 

Fusion Graph 

Convolutional 

Network 

80.12 82.03 81.25 81.63 15.06 20.98 0.876 43.5 51.2 

Multi-Scale Attention 

Fusion Network 
81.36 83.15 82.47 82.80 18.24 24.53 0.839 40.1 48.5 

Proposed Method 83.57 85.26 84.68 84.97 12.35 17.89 0.913 38.2 45.7 

 

Table 3. Generalization experiment results 

 

Test Scenario 

Health State Recognition Yield Prediction 

Intersection over 

Union (%) 

Precision 

(%) 

Recall 

(%) 

F1-score 

(%) 

Mean Absolute 

Error (kg/ mu) 

Root Mean Square 

Error (kg/mu) 
R² 

Original scenario (wheat, 

maize) 
83.57 85.26 84.68 84.97 12.35 17.89 0.913 

Different crop (rice) 80.12 82.05 81.37 81.71 13.89 19.67 0.889 

Different region (wheat in 

northwest arid region) 
79.45 81.32 80.68 81.00 14.56 20.34 0.878 

Different temporal sequence 

(advanced by 2 time steps) 
78.63 80.57 79.89 80.23 15.12 21.08 0.867 

 

From the experimental results in Table 2, it can be seen that 

the proposed method is significantly superior to the 

comparison methods on all core metrics, fully demonstrating 

its superiority. In the health state recognition task, the IoU and 

F1-score of the proposed method reach 83.57% and 84.97%, 

respectively. Compared with the best comparison method 

MSAF-Net, they are improved by 2.21% and 2.17%, 

respectively; compared with the traditional method CNN-

Fusion, they are improved by 9.39% and 9.20%, respectively. 

This indicates that the proposed cross-modal adaptive fusion 

mechanism can effectively solve the problems of 

heterogeneous feature alignment and noise suppression, 

improving segmentation accuracy and feature discriminability. 

In the yield prediction task, the MAE and RMSE of the 

proposed method are reduced to 12.35 kg/mu and 17.89 kg/mu, 

respectively, and R² reaches 0.913. Compared with the best 

comparison method MFF-GCN, MAE is reduced by 2.71 

kg/mu, RMSE is reduced by 3.09 kg/mu, and R² is improved 

by 0.037. This indicates that the design of ST-GCN 

spatiotemporal modeling and multi-feature fusion prediction 

can accurately capture the spatiotemporal dynamics of crop 

health states and the synergistic effects of environmental 

factors, improving the accuracy and reliability of yield 

prediction. 

In terms of computational efficiency, the inference time of 

the proposed method is 38.2 ms and the number of parameters 

is 45.7M, which is better than ViT-Fusion, ST-ConvLSTM, 

MFF-GCN, and MSAF-Net, and only slightly higher than 

CNN-Fusion, achieving a coordinated improvement of 

accuracy and efficiency, and having practical deployment 

value. Although ViT-Fusion can achieve a certain fusion effect, 

it has a large number of parameters and slow inference speed, 

making it difficult to adapt to the real-time monitoring 

requirements of agricultural scenarios. MFF-GCN lacks 

effective multi-scale fusion and adaptive weight adjustment 

mechanisms, and cannot fully exploit the complementary 

value of heterogeneous modalities. MSAF-Net only focuses 

on health state recognition and does not achieve integrated 
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modeling with yield prediction, resulting in limited prediction 

performance. 

 

3.4 Generalization experiments and stability analysis 

 

To verify the cross-scenario adaptability of the proposed 

method, generalization experiments are designed. Three 

different test scenarios are selected: different crop (rice), 

different region (wheat in the northwest arid region), and 

different temporal sequence (crop growth period advanced by 

2 time steps). The performance of the proposed method under 

each scenario is tested, and the experimental results are shown 

in Table 3. 

From the experimental results in Table 3, it can be seen that 

the proposed method can maintain good performance under 

different crops, different regions, and different temporal 

scenarios, showing strong generalization ability. Compared 

with the original scenario, IoU decreases by 3.45% and R² 

decreases by 0.024 in the different crop scenario; IoU 

decreases by 4.12% and R² decreases by 0.035 in the different 

region scenario; IoU decreases by 4.94% and R² decreases by 

0.046 in the different temporal scenario. The performance 

degradation is within 5%, indicating that the proposed method 

can effectively adapt to phenotypic differences of different 

crops, environmental differences of different regions, and 

growth state differences of different temporal sequences, 

addressing the problem of weak generalization ability of 

traditional methods. This is mainly due to the robust modality-

invariant features learned by the self-supervised pretraining 

strategy, as well as the adaptability of modality-specific 

feature extraction and adaptive fusion mechanisms to different 

scenarios, which can effectively mine the core features of crop 

health states in different scenarios and achieve accurate 

recognition and prediction. 

To verify the stability of the training of the proposed method, 

the complete model is trained repeatedly for 10 times, and the 

mean and standard deviation of each core metric are calculated. 

The experimental results are shown in Figure 5. 

From the experimental results in Figure 5, it can be seen that 

after 10 repeated trainings, the standard deviations of all core 

metrics of the proposed method are small: the standard 

deviation of IoU is 0.21%, the standard deviation of F1-score 

is 0.18%, the standard deviation of MAE is 0.23 kg/mu, the 

standard deviation of RMSE is 0.27 kg/mu, and the standard 

deviation of R² is 0.005. This indicates that the training process 

of the proposed method is stable, without obvious fluctuations, 

and the model performance has good consistency. This is due 

to the multi-task joint optimization strategy and adaptive 

weight adjustment mechanism designed in this paper, which 

can effectively avoid problems such as overfitting and 

unstable convergence during training, ensuring that the model 

can achieve stable and excellent performance in multiple 

trainings. 

 

 
 

Figure 5. Stability experiment results (10 repeated trainings) 

 

To verify the advantages of the self-supervised pretraining 

strategy in small-sample scenarios, small-sample experiments 

are designed. The training set sample sizes are selected as 10%, 

20%, 30%, 50%, and 70% of the original sample size, 

respectively. The performance of the proposed method (with 

self-supervised pretraining) and the method without self-

supervised pretraining is tested. The experimental results are 

shown in Figure 6 and Table 4. 

From the experimental results in Figure 6 and Table 4, it can 

be seen that in small-sample scenarios, the performance of the 

proposed method (with self-supervised pretraining) is 

significantly better than that of the method without pretraining, 

and the smaller the sample size, the more obvious the 

advantage. When the training sample size is only 10% of the 

original sample size, the F1-score of the proposed method is 

improved by 7.47%, R² is improved by 0.064, and RMSE is 

reduced by 5.57 kg/mu compared with the method without 

pretraining. This indicates that self-supervised pretraining can 

learn robust modality-invariant features on unlabeled data, 

effectively solving the problem of insufficient feature learning 

in small-sample scenarios, providing high-quality 

initialization parameters for the model, and improving the 

generalization ability and recognition accuracy of the model. 

As the training sample size increases, the performance gap 

between the two methods gradually decreases, but the 

proposed method still maintains an advantage, verifying the 

effectiveness and necessity of the self-supervised pretraining 

strategy, enabling the proposed method to adapt to agricultural 

monitoring scenarios with limited sample sizes, and further 

improving its practical application value. 

 

 
 

Figure 6. Comparison of small-sample method performance results 
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Table 4. Comparison of small-sample yield prediction results 

 
Training Sample 

Ratio 
10% 20% 30% 50% 70% 100% 

Method 
Without 

pretraining 

Proposed 

method 

Without 

pretraining 

Proposed 

method 

Without 

pretraining 

Proposed 

method 

Without 

pretraining 

Proposed 

method 

Without 

pretraining 

Proposed 

method 

Without 

pretraining 

Proposed 

method 

Yield 

Prediction 

Root 

Mean 

Square 

Error 

(kg/mu) 

28.75 23.18 25.42 20.57 23.15 19.23 20.78 18.56 19.32 18.01 17.53 17.89 

 
 

Figure 7. Cross-modal adaptive fusion feature response 

heatmap 

 

 
 

Figure 8. Pixel-level crop health state segmentation results 

 

To visually verify the effectiveness of the proposed 

multimodal adaptive fusion mechanism and health state 

recognition module, visualization experiments of multimodal 

feature responses and pixel-level health state segmentation are 

designed. Quantitative and qualitative analysis of feature 

enhancement and segmentation performance of the algorithm 

in complex farmland scenarios is conducted. The cross-modal 

adaptive fusion feature response heatmap in Figure 7 adopts 

normalized [0,1] cold-warm color mapping. The highlighted 

regions correspond to high-response features related to crop 

health. The feature response in healthy regions is uniform and 

stable, mild disease regions show gradient enhancement, 

severe disease regions show dense high-intensity centers, and 

nutrient deficiency regions show continuous and smooth 

activation. Background noise is effectively suppressed in 

complex mixed cropping and low-light scenarios, and feature 

activation in crop regions is uniform without distortion, fully 

verifying the collaborative effects of intra-modal self-attention, 

cross-attention, and adaptive gating units in heterogeneous 

feature enhancement, noise suppression, and semantic 

consistency improvement. The pixel-level health state 

segmentation map in Figure 8 adopts four-color standardized 

annotation. The segmentation results have smooth edges and 

complete closed regions, without fragments or 

misclassification. Disease and nutrient deficiency regions are 

accurately located. In complex mixed cropping scenarios, the 

health state partitions of different crops are clear. In low-light 

and weak-texture regions, complete segmentation is still 

maintained, reflecting the high-resolution parsing capability of 

multi-scale fused features and the lightweight decoder, 

corresponding to the feature heatmap. 

This visualization experiment fully demonstrates that the 

proposed multimodal adaptive fusion framework can 

effectively mine the complementary information of RGB, 

multispectral, and thermal infrared modalities, achieve precise 

alignment and dynamic weighting of heterogeneous features, 

and provide reliable feature support for high-resolution 

recognition of crop health states and subsequent yield 

prediction, highlighting the robustness and superiority of the 

method in complex agricultural scenarios. 

 

 

4. CONCLUSION 

 

This paper addressed key problems in multimodal remote 

sensing images for crop health recognition and yield 

prediction, including difficulty in nonlinear alignment of 

heterogeneous features, insufficient dynamic adaptation of 

modality contribution, inadequate spatiotemporal association 

modeling, and limited generalization ability in small-sample 

scenarios. Focusing on image processing technology 

innovation, an end-to-end algorithm framework based on 

multimodal adaptive fusion and ST-GCN was proposed, 

systematically completing the integrated modeling of 

multimodal feature extraction, cross-modal fusion, health state 

recognition, and yield prediction. The core innovations lie in 

designing modality-specific feature extraction branches to 

achieve targeted capture of different modality features; 

constructing a multi-scale cross-modal adaptive fusion 

mechanism, which effectively solved the semantic gap and 

noise suppression problems of heterogeneous modalities 

through the combination of intra-modal self-attention, inter-

modal cross-attention, and adaptive gating units; proposing an 
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ST-GCN-driven spatiotemporal modeling method to achieve 

accurate association between the spatiotemporal dynamics of 

crop health states and yield; and designing a multi-task joint 

optimization and self-supervised contrastive pretraining 

strategy to balance task priorities and improve generalization 

ability in small-sample scenarios. Experimental results fully 

verify that the proposed method significantly outperformed 

existing advanced methods in health state recognition 

accuracy, yield prediction reliability, and computational 

efficiency. Each innovative module effectively improved 

model performance, demonstrating good stability and 

generalization ability. 

The proposed method forms an innovative paradigm in the 

deep integration of image processing technology and 

agricultural applications. It not only enriches the research 

ideas of multimodal feature fusion and spatiotemporal 

modeling, providing a new technical pathway for 

heterogeneous multimodal image processing with important 

academic value, but also achieves high-resolution recognition 

of crop health states and reliable yield prediction, providing 

efficient technical support for precision agricultural 

monitoring and grain yield estimation, with strong practical 

application prospects. In future work, focusing on the 

limitations of the method and combining frontier technologies 

in the field of image processing, further optimization will be 

conducted on multimodal data alignment accuracy, 

lightweight spatiotemporal modeling architectures will be 

designed to improve computational efficiency, contrastive 

learning and few-shot learning will be integrated to enhance 

the recognition ability of extreme diseases in small-sample 

scenarios, and multimodal data types such as hyperspectral 

data will be expanded, continuously improving algorithm 

performance and promoting the in-depth application and 

development of image processing technology in the field of 

precision agriculture. 
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