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Abstract: With the advancement of Agriculture 4.0 and the ongoing transition toward
sustainable and intelligent agricultural systems, deep learning-based multimodal fusion
technologies have emerged as a driving force for crop monitoring, plant management,
and resource conservation. This article systematically reviews research progress from
three perspectives: technical frameworks, application scenarios, and sustainability-driven
challenges. At the technical framework level, it outlines an integrated system encompass-
ing data acquisition, feature fusion, and decision optimization, thereby covering the full
pipeline of perception, analysis, and decision making essential for sustainable practices.
Regarding application scenarios, it focuses on three major tasks —disease diagnosis, ma-
turity and yield prediction, and weed identification—evaluating how deep learning-
driven multisource data integration enhances precision and efficiency in sustainable farm-
ing operations. It further discusses the efficient translation of detection outcomes into eco-
friendly field practices through agricultural navigation systems, harvesting and plant pro-
tection robots, and intelligent resource management strategies based on feedback-driven
monitoring. In addressing challenges and future directions, the article highlights key bot-
tlenecks such as data heterogeneity, real-time processing limitations, and insufficient
model generalization, and proposes potential solutions including cross-modal generative
models and federated learning to support more resilient, sustainable agricultural systems.
This work offers a comprehensive three-dimensional analysis across technology, applica-
tion, and sustainability challenges, providing theoretical insights and practical guidance
for the intelligent and sustainable transformation of modern agriculture through multi-
modal fusion.

Keywords: multimodal fusion; crop monitoring and management; agricultural
machinery; deep learning; sustainable agriculture

1. Introduction

Driven by global population growth and intensified climate change, agricultural pro-
duction faces dual pressures of ensuring food security and achieving resource sustaina-
bility. According to the Food and Agriculture Organization of the United Nations (FAO),
global food demand is projected to increase by 60% by 2050, while traditional agriculture,
which heavily relies on manual experience and extensive management, is increasingly
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inadequate to meet these challenges [1]. In this context, Agriculture 4.0, characterized by
the deep integration of the Internet of Things, artificial intelligence, and robotics, is accel-
erating the transition toward digital and intelligent farming systems [2—4]. However, the
complexity and variability of field environments impose significant challenges on intelli-
gent perception and decision-making technologies. The limitations of unimodal ap-
proaches in dynamic agricultural scenarios have become increasingly apparent, prompt-
ing academic and industrial communities to explore intelligent detection technologies
driven by multisource data [5].

Currently, unimodal detection technologies, such as crop classification based on RGB
imagery or environmental monitoring using single temperature or humidity sensors, suf-
fer from limited data dimensionality and are highly susceptible to environ-mental dis-
turbances [6]. For instance, in orchards with dramatic lighting variations, models relying
solely on RGB cameras exhibit high misclassification rates [7]; similarly, single soil mois-
ture sensors cannot distinguish between drought-induced and salinity-induced crop wilt-
ing, leading to biased irrigation decisions. These shortcomings stem from the inherent in-
completeness of unimodal data, where individual sensors can only capture partial fea-
tures of crops or environments and thus struggle with the multiscale and multidimen-
sional complexity of agricultural fields. Furthermore, data asynchrony and heterogeneity
in traditional sensor networks exacerbate the risk of errors in agricultural navigation and
pest or disease diagnosis.

To address these challenges, multimodal fusion technologies have been developed
to integrate heterogeneous data sources, including RGB images, LiDAR point clouds, hy-
perspectral imagery, and environmental sensor data, enabling complementary perception
and substantially enhancing the robustness and comprehensiveness of detection systems
under complex field conditions.

Despite the significant potential of multimodal fusion in agricultural intelligence,
three major challenges hinder its practical deployment: (i) The spatiotemporal asynchrony
and modal heterogeneity of field data complicate feature alignment and fusion processes,
severely limiting model performance; (ii) The computational demands of complex fusion
algorithms conflict with the limited edge computing capabilities of agricultural equip-
ment; (iii) Insufficient model generalization across different crops and environmental con-
ditions restricts the scalability of multimodal technologies.

Existing studies predominantly focus on isolated technical aspects, such as sensor
design or fusion algorithm optimization, and lack systematic investigations into the coor-
dinated optimization of data acquisition, model construction, and hardware deployment
[8-10]. Moreover, research efforts that extend multimodal fusion applications across the
entire agricultural management chain remain scarce [11].

The main contributions of this review are as follows:

(i) A comprehensive deep learning-based multimodal fusion framework is constructed,
encompassing data acquisition, feature fusion, and decision optimization.

(if) The application of multimodal deep learning in three core areas—crop status detec-
tion, intelligent agricultural equipment operations, and resource management—is
systematically reviewed.

(iii) Key challenges, including data heterogeneity, real-time processing bottlenecks, and
limited model generalization, are analyzed in depth, and future research directions,
such as federated learning, self-supervised pretraining, and dynamic computation
frameworks, are proposed.

The remainder of this article is structured as follows: Section 2 presents the basic
framework of multimodal fusion technologies in agriculture, covering the full chain from
data acquisition to decision optimization; Section 3 reviews applications in crop detection
and plant care, including deep learning-based crop status assessment, multimodal
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intelligent equipment deployment, and detection-driven resource management and eco-
logical monitoring; Section 4 summarizes current challenges regarding data heterogene-
ity, real-time constraints, and model generalization, and discusses future development
directions; Section 5 concludes the study and offers an outlook. The overall structure of
the article is illustrated in Figure 1.
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Figure 1. Multimodal fusion in smart agriculture: from sensing to decision making. Note: The
phrase “Multimodal Fusion in Smart Agriculture” in the red box represents the overall theme and
central concept of the article, emphasizing the macro-level application and significance of multi-
modal fusion technologies in the context of smart agriculture. In contrast, the phrase “Technical
Framework for Multimodal Fusion” in the cyan box specifically refers to the technical implementa-
tion pathway detailed in Section 2, which includes three core layers: data collection, feature fusion,

and decision optimization.

2. Technical Framework for Multimodal Fusion

The core of multimodal fusion technologies lies in integrating multisource data from
different sensors to construct a complete pipeline from perception to decision making.
This framework is structured into three layers: data acquisition, feature fusion, and deci-
sion optimization. The overall architecture of multimodal fusion is shown in Figure 2.
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Figure 2. Technical framework for multimodal fusion.

2.1. Data Collection Layer

The foundation of multimodal fusion relies on efficient and coordinated data acqui-
sition technologies. This section addresses two key aspects: an analysis of the technical
characteristics of different types of sensors, followed by a discussion on methods for spa-
tiotemporal synchronization and feature mapping of heterogeneous multisource data,
aiming to provide standardized inputs for subsequent feature fusion. Effective data ac-
quisition not only ensures the accuracy and reliability of agricultural monitoring but also
contributes to sustainable resource utilization by minimizing redundant data collection
and reducing energy consumption.
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2.1.1. Sensor Types

Agricultural multimodal data acquisition relies on a diverse range of sensor technol-
ogies, enabling comprehensive capture of multidimensional information on field environ-
ments and crop growth through coordinated sensing across aerial, ground, and subsur-
face platforms. These sensors provide a rich data foundation essential for the implemen-
tation of precision agriculture.

Aerial platforms, primarily unmanned aerial vehicles (UAVs), are equipped with hy-
perspectral or multispectral cameras and LiDAR systems to achieve large-scale, efficient
monitoring. Ground platforms, comprising mobile robots and stationary devices, utilize
thermal imagers and RGB cameras for detailed field inspection [12]. Subsurface and near-
surface sensors focus on monitoring root zone microenvironments and meteorological dy-
namics, deploying multiparameter soil sensors to measure variables such as temperature,
humidity, electrical conductivity, and pH levels.

The complementary advantages of these sensors form an integrated aerial-ground-
subsurface perception network, establishing a robust data basis for multimodal fusion
technologies. Table 1 summarizes the advantages, limitations, and application scenarios
of the aforementioned sensors, while Figure 3 presents examples of sensor appearances.

Table 1. Comparison and analysis of different sensor types in precision agriculture.

Sensor Type

Hyperspectral
Camera

Multispectral Low cost, portable, suitable for large-

Camera
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Thermal Im- Identifies irrigation unevenness and
early-stage disease regions
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rameter Sen-
sors
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plex data processing
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Figure 3. Sensors used in agricultural multimodal data collection: (a) hyperspectral camera [26]; (b)
multispectral camera [27]; (c) RGB camera [28]; (d) thermal imaging camera [29]; (e) LIDAR [30]; (f)

soil moisture sensor [31].
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2.1.2. Data Alignment

The efficient fusion of multisource data is fundamentally challenged by spatiotem-
poral asynchrony and modality heterogeneity. Differences in platform characteristics and
sampling mechanisms among aerial, ground, and subsurface sensors often lead to misa-
lignment in timestamps, spatial coordinates, and semantic features. To address this, a uni-
fied framework for spatiotemporal referencing and feature representation must be estab-
lished to provide a reliable foundation for multimodal fusion in agricultural scenarios.
Spatiotemporal synchronization consists of two key processes: timestamp alignment and
spatial registration. Timestamp alignment employs high-precision clock synchronization
protocols to coordinate the sampling rates of UAVs, ground robots, and soil sensors, com-
bined with interpolation algorithms such as linear interpolation and Kalman filtering to
generate temporally consistent data streams. For instance, the USTC FLICAR dataset
achieves timestamp deviations within +5 ms between UAV-mounted LiDAR and multi-
spectral cameras through GPS-based timing and hardware-trigger mechanisms [32]. Spa-
tial registration utilizes SLAM (Simultaneous Localization and Mapping) or RTK-GPS
(Real-Time Kinematic Global Positioning System) to map multisource data into a unified
geographic coordinate system. For example, in scenarios involving object-based differen-
tiation and biophysical characterization of three vegetable crops (cabbage, eggplant, and
tomato), Nidamanuri et al. [33,34] employed a manually guided spherical fitting algo-
rithm to establish correspondences between multiple scans during the registration of Li-
DAR point clouds and multispectral images, achieving a recognition accuracy of 92%, ap-
proximately 20% higher than that obtained with single-sensor approaches.

Recent advances in deep learning-based registration methods have introduced new
solutions for data alignment. In the field of point cloud registration, networks such as
PointNet and DCP (Deep Closest Point) automatically learn feature correspondences, ef-
fectively overcoming the sensitivity of traditional ICP algorithms to initial pose estima-
tion. Table 2 provides the open-source implementations of these representative networks.
These developments provide critical support for precise detection and intelligent decision
making in agricultural environments.

Table 2. Open-source resources of representative point cloud registration networks.

Networks URL
. https://github.com/charlesq34/pointnet (ac-
PointNet cessed on 10 May 2025)

https://github.com/WangYueFt/dcp

DCP
C (accessed on 10 May 2025)

2.2. Feature Fusion Layer

The feature fusion layer serves as the critical nexus between data acquisition and in-
telligent decision making in multimodal technologies. Its objective is to extract more dis-
criminative fused representations through deep interaction and coordinated optimization
of cross-modal features, thereby enhancing precise perception and decision making in ag-
ricultural scenarios. This section elaborates on two key dimensions: fusion strategies and
deep learning models, which together establish a closed-loop framework from strategy-
driven design to model-enabled implementation. By effectively fusing features from mul-
tiple modalities, this layer plays a vital role in promoting sustainable agricultural practices
by enabling more accurate and timely decision making, which can lead to optimized re-
source allocation and reduced environmental impact.
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2.2.1. Fusion Strategies

Multimodal data fusion strategies can be classified into three categories—early fu-
sion, mid-level fusion, and late fusion—based on the integration stage and feature inter-
action mechanisms. Each strategy exhibits distinct differences in computational complex-
ity, information retention, and application suitability, requiring careful selection accord-
ing to agricultural task demands and data characteristics.

Early fusion operates at the raw data level by directly aligning and concatenating
multimodal inputs to form high-dimensional composite data. Typical methods include
data concatenation (stacking temporally and spatially alignhed multimodal data) and en-
coder-based mapping (projecting heterogeneous data into a unified low-dimensional
space using convolutional neural networks or autoencoders). For instance, Couprie et al.
[35] proposed the first deep learning-based multimodal fusion model by integrating RGB
and depth images [36]. Zamani et al. [37] developed an early fusion approach by matching
and aligning visible and thermal imagery for weed and rice classification in fields. In ag-
ricultural scenarios, early fusion preserves comprehensive raw information and is well-
suited for strongly correlated tasks such as crop classification and disease detection. How-
ever, its high computational demands limit its feasibility for deployment on edge devices.

Mid-level fusion extracts high-level features from each modality independently and
subsequently integrates them through interaction mechanisms. Typical methods include
feature concatenation, attention mechanisms (e.g., cross-modal attention or Transform-
ers), and graph neural networks (modeling inter-modal feature relationships through
message passing). This approach efficiently exploits multi-level features extracted from
deep networks, enhancing model performance. For example, Hu et al. [38] proposed AC-
Net, an attention-based feature fusion network for extracting features from RGB and
depth images. Similarly, Shang et al. [39] introduced a novel information fusion network
that improved segmentation performance by jointly processing RGB and depth features.
In agricultural applications, mid-level fusion demonstrates superior capability in han-
dling asynchronous data (e.g., UAV multispectral imagery and ground sensor data) and
reducing redundant information, thus improving computational efficiency [40]. However,
it relies on high-quality feature extractors and may lose low-level cross-modal associa-
tions.

Late fusion aggregates independently analyzed results from different modalities us-
ing methods such as weighted voting or Bayesian networks. For instance, Sun et al. [41]
proposed FuseSeg, a fusion network that combines RGB and thermal data to improve se-
mantic segmentation in urban scenes. He et al. [42] developed a late fusion strategy based
on an enhanced voting method for rice seed variety classification by combining predic-
tions from 2D images and 3D point cloud data, achieving an average accuracy of 97.4%.
In agricultural contexts, late fusion enhances model robustness and reliability by integrat-
ing the complementary advantages of different modalities, making it particularly suitable
for edge computing scenarios with constrained resources. Nonetheless, the loss of cross-
modal relational information and dependence on balanced unimodal performance impose
a ceiling on the achievable accuracy. A comparative analysis of these three fusion strate-
gies is summarized in Table 3.

Table 3. Comparison of characteristics of early, mid-, and late fusion in multimodal systems.

Characteris- Fusion Modal In-  Computa- Infor- Applicable Scenar
. teraction tional Com- RobustnessFlexibility mation In- PP . References
tic Stage . . ios
Depth plexity tegrity
. Data In- . . . Tasks requiring
Early Fusion High High Low Low Highest [43]

put Stage

deep interaction
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Feature Tasks combinin
Mid Fusion Extraction Medium Medium High High Medium & [44,45]
images and text
Stage
. Tasks with strong
. Decision . . o
Late Fusion Stage Low Low Highest  Highest Low modality inde- [46-48]

pendence

2.2.2. Deep Learning Models

As the cornerstone of multimodal fusion systems, deep learning models facilitate the
efficient interpretation and collaborative understanding of heterogeneous agricultural
data through cross-modal association strategies such as self-attention mechanisms, dy-
namic weight allocation, feature space mapping, and adaptive interaction architectures
[49,50]. This section highlights four representative model architectures and discusses their
applications within agricultural contexts.

(A) Convolutional Neural Networks (CNNs): As foundational models in computer
vision, CNNs employ a hierarchical architecture consisting of convolutional layers for lo-
cal feature extraction, pooling layers for spatial downsampling, and fully connected layers
for global feature integration, forming a closed-loop learning mechanism [51]. In agricul-
tural detection tasks, CNNs have been widely applied to problems such as crop disease
identification and weed detection [52,53]. For example, Coulibaly et al. [54] proposed a
method based on the VGG16 model for recognizing pearl millet downy mildew, achieving
an accuracy of 95% and a recall rate of 94.5%. Despite their effectiveness, CNNs face lim-
itations when applied to multimodal data. Due to their reliance on local feature extraction,
CNNs often struggle to capture global contextual information, which can constrain per-
formance in multimodal fusion scenarios. Specifically, when integrating heterogeneous
data sources such as meteorological data and visual imagery, CNNs may fail to effectively
combine features across modalities, reducing model generalization capacity [55].

(B) Generative Adversarial Networks (GANs): GANs consist of two components: a
generator that captures the distribution of real data and a discriminator that functions as
a binary classifier [56]. Their core principle lies in adversarial training, where the genera-
tor and discriminator are iteratively optimized to produce high-quality synthetic data [57].
In agricultural detection, GANs are primarily employed as data augmentation tools to
enrich training datasets. Additionally, GANs have been utilized for anomaly detection;
by learning the distribution of normal crop features, the generator produces images re-
sembling healthy crops, while the discriminator distinguishes between real and synthetic
images to identify abnormal instances. For example, Lu et al. [58] applied a GAN-based
augmentation approach in pest detection, achieving an F1 score of 0.95, outperforming
conventional methods that yielded an F1 score of 0.92. However, the application of GANs
in multimodal fusion remains challenging, as generated samples often suffer from arti-
facts such as blurriness or unrealistic textures, which are particularly problematic in agri-
cultural scenarios requiring fine-grained visual details [59].

(C) Transformer Models: The Transformer architecture, based on a self-attention
mechanism, comprises an encoder and a decoder, each formed by stacking multiple iden-
tical layers [60]. Its principal advantage lies in the ability to capture long-range depend-
encies between different regions within an image [61]. Originally designed for natural
language processing, the Transformer has been widely adopted for computer vision tasks.
In agricultural detection, Transformer models demonstrate significant potential in crop
image classification, object detection, and semantic segmentation, supporting applications
such as plant disease diagnosis, yield estimation, and quality assessment [62,63]. For in-
stance, Xu et al. [64] and Xiong et al. [65] successfully applied Transformer-based models
for crop yield prediction. Nevertheless, Transformers are inherently less effective than
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CNNs at extracting fine-grained local features, which may limit their performance in mul-
timodal tasks requiring detailed spatial information. Furthermore, the training of Trans-
former models is computationally intensive, demanding large-scale datasets and high
hardware resources, while also exhibiting slow convergence, thus constraining their ap-
plicability in resource-limited agricultural environments.

(D) Recurrent Neural Networks (RNNs): RNNs, characterized by temporal modeling
capabilities and parameter-sharing architectures, provide a fundamental framework for
processing sequential data [66]. In agricultural detection, RNNs are particularly suitable
for handling time-series data such as crop growth patterns and meteorological measure-
ments. For instance, Chai et al. [67] employed a time-series modeling approach based on
NARXNN, a variant of RNN, to estimate the Leaf Area Index (LAI), achieving greater
continuity and stability compared to traditional MODIS LAI products. In agricultural ap-
plications, RNNs can be integrated with models such as CNNs to enable multimodal data
fusion, thereby enhancing adaptability to complex agricultural environments. However,
RNNs also face notable limitations [68]. Specifically, when processing long sequences,
RNNs are prone to gradient vanishing or explosion, which undermines their ability to
capture long-term dependencies critical in multimodal tasks. Additionally, RNNs suffer
from low computational efficiency and limited parallelization, resulting in slower training
and inference speeds that restrict their use in real-time agricultural detection scenarios.

In addition to the four mainstream models discussed above, several emerging deep
learning architectures have shown promising potential in multimodal fusion tasks. For
instance, BERT-based vision-language models such as VIiLBERT and VisualBERT lever-
age dual-stream Transformer architectures to achieve effective integration of visual and
textual agricultural information [69,70]. LSTM, an improved variant of RNN, offers en-
hanced stability when handling long agricultural time-series data, such as modeling the
relationship between weather variations and crop growth [71,72]. Graph Neural Net-
works (GNNs) are well-suited for capturing complex spatial relationships in agricultural
settings, such as interactions between distributed soil sensors [73,74]. Meanwhile, Diffu-
sion Models, known for their breakthroughs in high-fidelity image generation, are in-
creasingly being explored for agricultural image enhancement and synthesis [75,76]. Alt-
hough these models are still in the early stages of agricultural application, their unique
structural advantages present new opportunities for advancing multimodal fusion re-
search.

The application of these deep learning models in multimodal fusion provides pow-
erful tools for agricultural detection, significantly enhancing both accuracy and efficiency,
and accelerating the advancement of intelligent agricultural management. A comparative
overview of these four models, in terms of training efficiency, model complexity, and ro-
bustness, is presented in Table 4.

Table 4. Comparison of training efficiency, model complexity, and robustness across different mod-

els.
Model Training Efficiency Model Complexity Robustness References
Relatively simple structure, f
High training efficiency, paral- catively simp e.s TUCHTe, fewer Moderate robustness to data
CNNs . . parameters, not suitable for sequen- . . [77,78]
lelizable processing . noise and deformation
tial data
Low training efficiency, com- Good robustness for generation
GANs  plex and unstable training pro- Complex structure, many parameters tasks, but unstable training pro- [79,80]
cess cess
Transformer High tra.ining efﬁcienc.y, paral- Relatively complex structure, many Strong robustness to fiata noise (81,82]
lelizable processing parameters and deformation
RNN's Relatively low training effi- ~ Relatively complex structure, many =~ Moderate robustness to data (83,84]

ciency, difficult to parallelize parameters noise and deformation
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2.3. Decision Optimization Layer

As the closed-loop decision hub of multimodal fusion technologies, the decision op-
timization layer transforms high-dimensional semantic information within cross-modal
feature spaces into executable agricultural operation instructions through dynamic
knowledge mapping and constraint satisfaction mechanisms. Current mainstream deci-
sion optimization methods include dynamic knowledge graph-driven reasoning, rein-
forcement learning-based adaptive strategies, multi-objective optimization modeling, as
well as emerging strategies for addressing data imbalance in multimodal systems. To-
gether, these models and mechanisms are essential for sustainable agriculture, as they
support precise and efficient monitoring of crop and environmental conditions, optimize
resource utilization, and reduce environmental impact.

(A) Dynamic Knowledge Graph-Driven Reasoning: Dynamic knowledge graph-
driven reasoning constructs agricultural knowledge graphs (e.g., crop growth stages, dis-
ease transmission patterns, soil-climate associations) to map multimodal data into seman-
tic nodes and relations, enabling reasoning and decision making through rule engines or
graph neural networks (GNNs) [85-88]. For example, Chen et al. [89] built a dynamic
knowledge graph based on ontology modeling and a Neo4j graph database, applying it
to agricultural informatization, with experimental results demonstrating effectiveness
and expected outcomes. The advantage of dynamic knowledge graphs lies in their sup-
port for semantic interpretability and transparent decision-making processes; however,
challenges include reliance on domain expert knowledge for graph construction and the
high cost of updates.

(B) Reinforcement Learning-Based Adaptive Strategies: Reinforcement learning (RL)
adaptive strategies, based on Markov Decision Processes, learn optimal policies through
the interaction among environment states (e.g., crop growth status), actions (e.g., irriga-
tion amounts), and reward functions (e.g., yield maximization) [90,91]. For instance, Sun
et al. [92] applied RL for water-saving irrigation in fields based on soil water levels and
crop yield, while Chen et al. [93] utilized RL for rice irrigation by integrating short-term
weather forecasts and observed meteorological data. The strength of RL lies in its ability
to adapt to dynamic environmental changes (e.g., sudden rainfall) and achieve real-time
decision optimization, whereas challenges include the complex design of reward func-
tions and the need for extensive training data [94].

(C) Multi-Objective Optimization Modeling: In agricultural decision-making scenar-
ios, multi-objective optimization modeling incorporates production benefits (e.g., yield
maximization), environmental constraints (e.g., carbon emission control), and resource ef-
ficiency (e.g., water use minimization) into a unified framework, formulating a multi-ob-
jective optimization problem. Intelligent optimization algorithms, such as genetic algo-
rithms and particle swarm optimization, are then employed to solve for the non-domi-
nated solution sets, offering decision-makers balanced solutions that address multiple ob-
jectives [95-98]. For example, Habibi Davijani et al. [99] developed a multi-objective opti-
mization model that, based on production functions, cultivated area, product yield, and
revenue per product, determined a comprehensive objective function for water resource
allocation, achieving a 54% increase in the economic-to-profit ratio compared to the base-
line. The main advantage of this approach is its ability to perform global optimization
under complex constraints; however, the computational complexity grows exponentially
with the dimensionality of the objective space [100].

(D) Data Imbalance Handling in Multimodal Fusion: In the process of multimodal
fusion decision making, data imbalance remains a critical challenge that must be ad-
dressed [101,102]. In practical agricultural applications, different types of sensors often
operate at varying sampling frequencies, resulting in significant disparities in data vol-
ume and dimensionality [103]. For instance, meteorological sensors can generate
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hundreds of data points per second, while remote sensing imagery or manual observa-
tions are updated far less frequently. This discrepancy can lead to models favoring high-
frequency data during training, thereby compromising the fairness and accuracy of the
fusion results. To tackle this issue, several strategies have been proposed in recent re-
search. First, temporal alignment and resampling techniques are employed to downsam-
ple high-frequency data or interpolate low-frequency streams, achieving synchronization
across modalities [104]. Second, attention mechanisms are widely integrated into fusion
models to dynamically assign weights based on the contextual relevance of each modality,
rather than data frequency alone [105]. Third, adversarial training approaches are used to
balance the contributions of different data sources during model training [106]. Finally,
data augmentation is used to increase the number of low-frequency modality samples,
enhancing the model’s ability to capture important features from low-frequency data
[107,108]. These strategies are crucial for ensuring the stability and generalization ability
of multimodal systems, and are an essential part of achieving optimized decision making
in agricultural intelligence.

3. Deep Learning-Driven Crop Detection for Plant Care
3.1. Multimodal Deep Learning for Comprehensive Crop Condition Assessment

Crop detection is one of the core tasks in precision agriculture, encompassing key
processes such as disease diagnosis, maturity assessment, and yield prediction. Tradi-
tional unimodal detection methods, due to their limited data dimensionality and poor
environmental robustness, struggle to meet the dynamic changes and diverse demands
present in complex farmland scenarios. Multimodal fusion technologies, by integrating
spectral, thermal, morphological, and environmental parameters from multiple sources,
significantly enhance detection accuracy and robustness, offering a new paradigm for ag-
ricultural intelligence. This section systematically examines the technical approaches and
application value of multimodal fusion in crop detection, focusing on three dimensions:
disease diagnosis, maturity and yield prediction, and weed identification.

3.1.1. Disease Diagnosis

Early and accurate diagnosis of crop diseases is critical for ensuring agricultural
productivity and sustaining food security. Traditional models relying on meteorological
data (e.g., rainfall) often struggle to differentiate between disease symptoms and environ-
mental stress due to their phenotypic similarities. Multimodal fusion technologies, by in-
tegrating spectral, thermal, textural, and environmental parameters, substantially en-
hance both the accuracy and robustness of disease detection [109,110]. A representative
architecture illustrating the integration of RGB, thermal, and spectral data for crop disease
detection is shown in Figure 4 [111]. This example demonstrates how heterogeneous in-
puts can be effectively fused to improve diagnostic accuracy and robustness in complex
agricultural environments. For instance, Zhao et al. [112] proposed a Multi-Context Fu-
sion Network (MCFN) that combines visual features (field-acquired images) with contex-
tual information (season, geographical location, temperature, and humidity) for crop dis-
ease prediction, achieving a recognition accuracy of 97.5%. Similarly, Selvaraj et al. [113]
developed a pixel-based classification approach using multisource satellite imagery (Sen-
tinel-2, PlanetScope, WorldView-2) and UAV data (MicaSense RedEdge) for banana dis-
ease detection in complex African landscapes, combining RetinaNet and a custom classi-
fier to achieve a detection accuracy of 92%. By enabling precise and timely disease detec-
tion, these technologies support sustainable farming by reducing the need for chemical
interventions and minimizing crop losses, which is essential for maintaining ecological
balance and ensuring food security.
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Figure 4. Multimodal rice-fusion architecture [111]. In the figure, refers to multiplication.

3.1.2. Maturity Detection and Yield Prediction

Maturity assessment and yield prediction are pivotal components of precision agri-
culture, directly influencing harvest timing and market decision making [114,115]. Tradi-
tional models based on historical yield statistics lack the responsiveness to sudden
droughts or pest outbreaks. Multimodal fusion, by integrating remote sensing imagery,
environmental sensor data, and crop phenotypic traits, significantly improves prediction
accuracy and timeliness [116,117]. Maimaitijiang et al. [118] utilized UAV-mounted mul-
tisensors to extract canopy information, including spectral indices (VIs), structural fea-
tures (vegetation fraction, canopy height), thermal traits (normalized relative canopy tem-
perature), and texture information, for soybean grain yield prediction. In a related study
[119], they further combined RGB, multispectral, and thermal images to extract vegetation
traits and employed an ElasticNet regression model for biochemical parameter estimation
of soybeans. Similarly, Chu et al. [120] introduced the BBI deep learning model, utilizing
datasets from 81 counties in China, including meteorological, area, and rice yield data,
demonstrating accurate predictions for both summer and winter rice.

Moreover, Liu et al. [121] achieved a 99.4% classification accuracy for tomato ma-
turity by fusing features from imaging, near-infrared spectroscopy, and tactile modalities
into a unified feature set, outperforming single-modality baselines (color imaging: 94.2%;
spectroscopy: 87.8%; tactile sensing: 87.2%). Garillos-Manliguez et al. [122] proposed a
multimodal deep convolutional neural network that concatenated features from visible
and hyperspectral imaging to classify papaya maturity into six stages, achieving an F1
score up to 0.90 and a top-2 error rate of 1.45%. In a subsequent study [123], the same team
developed an Al-derived nondestructive method using hyperspectral and visible im-
agery, achieving an improved F1 score of 0.97 through image-specific network fusion. Ac-
curate maturity detection and yield prediction through multimodal fusion allow farmers
to optimize harvest times and market strategies, reducing post-harvest losses and ensur-
ing that resources are used efficiently. This not only enhances economic sustainability but
also minimizes the environmental footprint by avoiding overproduction and resource
waste.
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Triticum aestivum L. Alopecurus aequalis Kentucky bluegrass

3.1.3. Weed Identification

Efficient weed identification remains a major challenge in farmland management
[124,125], directly impacting crop yields and ecological sustainability [126]. Traditional
unimodal detection methods are limited in complex environments, often suffering from
occlusion and illumination variability [127-129]. Multimodal fusion, by integrating spec-
tral, morphological, spatial, and environmental features, significantly boosts the accuracy
and robustness of weed identification, providing critical support for intelligent field man-
agement. To provide a clearer understanding of the target detection task, Figure 5 presents
common weed species typically found in wheat fields. For example, Xia et al. [130] lever-
aged multimodal data fusion and deep learning for herbicide resistance scoring by apply-
ing three fusion methods based on 3D-CNN and 2D-CNN architectures to UAV-acquired
spectral, structural, and textural data, validating the effectiveness of the approach. Xu et
al. [131] introduced a dual-path Swin Transformer model for multimodal feature extrac-
tion from RGB and depth images, effectively addressing leaf occlusion issues and improv-
ing weed detection accuracy to 85.14%. Zamani et al. [37] focused on weed detection in
visible and thermal images from paddy fields, developing multiple fusion architectures
and demonstrating that a late fusion structure using a Genetic Algorithm (GA) combined
with Extreme Learning Machine (ELM) achieved the best performance, with an accuracy
of 98.08%. By enhancing the precision of weed identification, these multimodal ap-
proaches enable targeted herbicide application, reducing chemical usage and minimizing
environmental impact. This is crucial for sustainable weed management, as it helps pre-
serve soil health, reduces water contamination, and supports biodiversity in agricultural
ecosystems.

Wheat Brond—l)eef weeds

Amaranthus retroflexus  Capsella bursapastoris

Grass weeds
A

Figure 5. Common weeds in wheat fields [131].

Through systematic analysis of three core application scenarios—disease diagnosis,
maturity and yield prediction, and weed identification— this section highlights the trans-
formative impact of multimodal fusion technologies on agricultural detection. The ad-
vantages are twofold: enhanced information complementarity, where cross-modal feature
interaction mitigates unimodal perception blind spots; and improved environmental
adaptability, where dynamic fusion strategies (e.g., contextual embedding, multiscale fea-
ture concatenation) significantly strengthen model robustness in complex farmland con-
ditions characterized by illumination variability and occlusions.

Despite remarkable progress, existing research still faces several limitations. First,
most studies focus on optimizing single tasks (e.g., disease diagnosis or yield prediction),
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with relatively few exploring multitask synergy —for example, simultaneous disease di-
agnosis and precision weeding remains underexplored. Second, the complexity of multi-
modal data fusion, particularly in dynamic agricultural environments, poses challenges
for efficient real-time data alighment and feature extraction. Third, many models rely on
datasets from specific scenarios, and their generalization across regions and crop types
requires further validation. Lastly, while multimodal fusion demonstrates superior detec-
tion accuracy, its cost-effectiveness and operational feasibility in real-world field deploy-
ments warrant additional evaluation.

Future research should prioritize practical and universal solutions, advancing the
transition of multimodal fusion technologies from experimental research to large-scale
field applications. Table 5 summarizes the applications of multimodal deep learning in
comprehensive crop condition assessment. While deep learning-driven multimodal fu-
sion has achieved notable success in disease identification and yield prediction, the reali-
zation of real-time field operations also depends on the integration with intelligent agri-
cultural equipment. The next section will focus on the deployment of fusion algorithms in
agricultural machinery, harvesting robots, and plant protection robots, completing the
loop from “perception” to “execution”.

Table 5. Summary of multimodal deep learning applications in comprehensive crop condition as-

sessment.
Avplication Sce- Metri
pplica 1-0n ce Algorithms Dataset Precision etne References
nario Type
Crop Disease Detec- MCEN Over 50,000 crop disease images and Con- 97.5%  Accuracy [112]

tion
Banana Localization

Soybean grain yield
prediction
Estimation of bio-

chemical parameters PLSR, SVR, ELR

in soybean
Rice yield prediction

Tomato maturity
classification

Papaya growth stage
estimation

RetinaNet, Cus- Pixel-based multispectral UAV and satel-
tom Classifier lite image dataset for banana classification

DNN-F1, DNN-F2

a fully connected 2568 data collections comprising visual,
neural network spectral, and tactile modalities
Deep Convolu-

tional Neural Net-

textual Information
92% Accuracy [113]

UAV-acquired RGB, multispectral, and

72% A 11
thermal imaging data g ccuracy [118]

UAV-acquired RGB, multispectral, and

22.6% RMSE 11
thermal imaging data 6% MS [119]

summer/winter rice yields, meteorological
BBI data, and cultivation areas for 81 counties  0.57% RMSE [120]
in Guangxi, China

99.4%  Accuracy [121]

4427 RGB images and 512 hyperspectral

(HS) images 90% F1 [122]

work

imaging-specific
Papaya growth stage deep convolu-

estimation tional neural net- Hyperspectral and visible-light images 97% F1 [123]
works
Quantiﬁc?tion of CNN Hyper.spectral data, High—resolution RGB 54.7% RMSE [130]
weed resistance images and point cloud data
Leaf occlusion prob- The multimodal dataset comprises 1288
lem in weed detec- Swin Transform RGB images and 1288 PHA images, while 85.14%  Accuracy [131]
tion the multiview dataset contains 692 images
ion i 1 irs of visibl h li f
Weed detection in ELM-E 00 pairs of visible and thermal images o 98.08%  Accuracy [38]

paddy fields rice and weeds
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3.2. Agricultural Machinery Intelligence for Crop Detection

Driven by the dual forces of Agriculture 4.0 and labor shortages, agricultural machin-
ery is evolving from simple mechanical substitution towards integrated systems combin-
ing multimodal perception, autonomous decision making, and precise execution. Tradi-
tional agricultural machinery, reliant on manual operation or preset programs, struggles
to adapt to dynamic variables in complex field environments, such as crop growth heter-
ogeneity, terrain undulations, and sudden weather changes. In contrast, multimodal fu-
sion technologies, integrating data from vision sensors, LiDAR, IoT devices, and other
sources, endow machinery with real-time environmental perception, autonomous deci-
sion making, and precision operation capabilities, thus propelling agriculture from mech-
anization towards true intelligence. This section focuses on three major application areas:
agricultural machinery navigation, harvesting robots, and plant protection robots. These
intelligent machinery systems are pivotal to sustainable agricultural development as they
enhance operational efficiency, reduce resource consumption, and minimize environmen-
tal disruption, supporting the transition towards eco-friendly and resource-efficient farm-
ing practices.

3.2.1. Agricultural Machinery Navigation

Achieving autonomous navigation for agricultural machinery in complex field envi-
ronments is a core requirement of precision agriculture. Traditional GPS-based navigation
systems are vulnerable to signal obstructions (e.g., from tall crops or uneven terrain) and
dynamic obstacles (e.g., temporary structures or moving personnel), often resulting in
path planning deviations [132]. Multimodal fusion technologies, by integrating LiDAR,
visual sensors, inertial measurement units (IMU), and high-precision map data, signifi-
cantly enhance the environmental perception and decision-making capabilities of agricul-
tural machinery in challenging scenarios [133]. Figure 6 illustrates the principles of navi-
gation technology and the hardware architecture of navigation systems.

For example, Zhang et al. [134] designed a field environment point cloud acquisition
system based on LiDAR, by mounting LiIDAR and GNSS/INS systems on agricultural ma-
chinery to capture positional data and generate 3D point clouds of farmland. Through
algorithms such as point cloud denoising, segmentation, and clustering, obstacles in the
field were successfully identified, and the SLAM framework was employed to optimize
the navigation paths. Experimental results demonstrated that this multisensor fusion ap-
proach significantly improved navigation accuracy and robustness under complex field
conditions. Similarly, Li et al. [135] utilized an extended Kalman filter to integrate envi-
ronmental information from LiDAR and depth cameras, while posture and acceleration
data were obtained from IMUs. A SLAM algorithm based on the fusion of LiDAR, depth
cameras, and IMUs was constructed, followed by global path planning using an improved
ant colony optimization algorithm, and local planning and obstacle avoidance using the
dynamic window approach. Experiments showed that maps generated through multi-
modal sensor fusion more closely reflected real-world environments, effectively enhanc-
ing SLAM accuracy and robustness, while the combination of ant colony optimization and
dynamic window methods substantially improved path planning efficiency. These tech-
nologies improve the autonomy and precision of agricultural machinery navigation, re-
ducing manual intervention and optimizing fuel consumption. This supports sustainable
agriculture.
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3.2.2. Harvesting Robots

Driven by the advancement of precision agriculture, harvesting robots have emerged
as a key technology in agricultural machinery intelligence, offering solutions to labor
shortages and enhancing fruit harvesting efficiency [137,138]. Traditional manual harvest-
ing faces challenges such as high labor costs, low efficiency, and seasonal workforce short-
ages. By integrating multimodal data fusion, harvesting robots combine visual recogni-
tion, robotic arm control, and autonomous navigation to accurately assess fruit maturity,
position, and morphology, enabling precise and non-destructive harvesting [139,140].
These technologies contribute to sustainable agricultural practices by reducing labor de-
mands and improving harvesting efficiency, which helps minimize resource waste and
ensures a more consistent and reliable food supply.

For instance, Birrell et al. [141] developed an iceberg lettuce harvesting robot utilizing
a customized vision and learning system based on convolutional neural networks for clas-
sification and localization. A force-feedback-enabled custom end-effector was employed
to detect the ground and achieve non-destructive harvesting. Experimental results
demonstrated a harvesting success rate of 97% and an average harvesting time of 31.7 +
32.6 s. Similarly, Silwal et al. [142] designed a seven-degree-of-freedom robotic system
capable of precise apple localization and harvesting, achieving an average fruit localiza-
tion time of 1.5 s, an average picking time of 6 s, and a harvesting success rate of 84%.
Figure 7 illustrates the end-effectors used in these two systems.
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Figure 7. End-effector of harvesting robots: (a) iceberg lettuce picking robot [141]; (b) robotic apple
harvester [142].

Additionally, Mao et al. [143] proposed a cucumber harvesting robot recognition
method based on deep learning and multi-feature fusion. By employing a multi-path
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convolutional neural network (MPCNN) and the I-RELIEF algorithm to select color com-
ponents, combined with a support vector machine (SVM), the method achieved robust
cucumber recognition under complex natural conditions. By analyzing the weights of 15
color components, the most discriminative components (e.g., green, red, and brightness)
were selected as input features, significantly improving fruit recognition accuracy and re-
sistance to environmental interference. Experimental results indicated a correct recogni-
tion rate exceeding 90% and a false recognition rate below 22%.

3.2.3. Plant Protection Robots

Amid the surge of precision agriculture, plant protection robots are gradually trans-
forming traditional pest management practices through multimodal data fusion and in-
telligent decision-making capabilities. Conventional pesticide spraying, reliant on manual
labor or pre-programmed drone flights, often results in uneven application and excessive
chemical usage, leading to resource waste, soil pollution, and ecological imbalance
[144,145]. In contrast, modern plant protection robots integrate a range of sensors and me-
teorological monitoring devices to collect detailed field or orchard data, including terrain,
canopy features, and vegetation conditions. Through algorithmic analysis, they generate
prescription maps tailored to specific plant needs, enabling differentiated pesticide appli-
cation based on these maps [146,147]. This establishes an integrated system of perception,
decision making, and execution, advancing the shift from broad-spectrum coverage to
targeted intervention [148].

For example, Blue River Technology’s See & Spray system employs high-resolution
cameras and CNNs to distinguish crops from weeds in real-time, enabling targeted herb-
icide application via high-pressure spraying. This approach has reduced herbicide use in
cotton fields by 90%, setting a benchmark for precision spraying [149,150]. Similarly, Chit-
toor et al. [151] proposed a plant protection robot design methodology based on genera-
tive artificial intelligence (Gen-Al) and multimodal data fusion. By combining 3D LiDAR,
depth cameras, and inertial measurement units (IMUs), the robot achieves precision
spraying for mosquito hotspots. The method optimizes design parameters through mul-
timodal input and feedback mechanisms, ensuring the robot can autonomously navigate
and accurately identify target zones in complex urban landscapes. Experimental results
demonstrated significant improvements in operational efficiency and environmental
safety while reducing chemical usage. Figure 8 illustrates various types of plant protection
robots.

Figure 8. Types of plant protection robots: (a) wheeled plant protection robot [149]; (b) plant pro-
tection robot with manipulator [152,153]; (c) plant protection drones [154].

Through the analysis of agricultural navigation systems, harvesting robots, and plant
protection robots, this section highlights the transformative role of multimodal data fu-
sion in the intelligentization of agricultural machinery. Significant breakthroughs have
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been realized across the perception, decision making, and execution layers. From a tech-
nological evolution perspective, three major trends characterize this transition: (1) the ex-
tension of perception capabilities from single-modality to cross-modal complementarity,
for example, LiDAR compensating for vision-based limitations in 3D terrain modeling,
and thermal imaging enhancing RGB-based detection of concealed plant diseases; (2) the
shift of decision-making frameworks from rule-based systems to data- and knowledge-
driven models, exemplified by the integration of dynamic knowledge graphs and rein-
forcement learning to optimize obstacle avoidance strategies; and (3) the improvement of
execution precision from centimeter level to millimeter level, driven by the adoption of
flexible robotic arms and high-precision spraying systems, which substantially reduce op-
erational damage rates. Despite these advancements, several challenges remain, particu-
larly the computational latency caused by the heterogeneity of multimodal data, which
continues to hinder real time field deployment. Table 6 summarizes the applications of
multimodal fusion technologies in the context of agricultural machinery intelligentization.
These advancements in agricultural machinery intelligence are key to promoting sustain-
able farming practices by enhancing resource efficiency, reducing environmental impact,
and improving overall agricultural productivity.

Table 6. Summary of multimodal fusion applications for intelligent agricultural machinery.

Application Scenario Algorithms Dataset Precision References
Autonomous navigation

ITIDAR' GNSS/INS,' Self-collected three-dimensional point Significant improvement in
Point Cloud Processing

. navigation accuracy, en- [134]
1 f farml
Algorithms, SLAM cloud data of farmland environment hanced robustness

of agricultural machin-
ery in complex farm-
land environments

ionifi . .
Mobile robot mapping EKF, Improved Ant Col- Significant improvement in

and path planning with ony Optimization, Dy- LiDAR, Inertial Measurement Unit,
multi-sensor infor- namic Window Ap- Depth Camera
mation fusion proach, SLAM

mapping accuracy and ro-
bustness; enhanced path [135]
planning efficiency and
safety with error within 4 cm
A dataset of 1505 lettuce images anno-

. tated with weather conditions, camera
Iceberg lettuce harvest- Customized Convolu-

ing robot tional and CNN height, plant spacing, and maturity 97% [141]
stages, complemented by force feed-
back data
Apple harvesting robot Circular Hough Trans- RGB and 3D fruit localization data 84% [142]

form, Blob Analysis
Data were collected from a cucumber

Cucumber harvesting  MPCNN, [-RELIEF plantation in Shouguang, Shandong, = Correct identification rate:

robot SVM China, with an image resolution of ~ >90% with false recognition [142]
1024 = 768 pixels and a total of 218 vali- rate <22%
dated samples
Targeted weeding by Field-captured image data, real-time 90% reduction in herbicide

lant protection robot CNN operational telemetry, multi-sensor usage [149,150]
P P readings, historical farm records 8
Reduced chemical usage by

Sensor data from urban environments, optimizing spray, enhanced
Urban Landscape Fumi- P § spray.

ation IMU, SLAM prescription maps for targeted spray- navigation accuracy during [151]
& ing, real-time feedback dataset application in complex ter-
rains

3.3. Resource Management and Ecological Monitoring for Plant Health

Agricultural environment and resource management constitute a core pillar in the
transition of precision agriculture from an efficiency-driven to a sustainability-driven
model. Traditional extensive farming practices, which have overexploited soil, water
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resources, and ecosystems, are approaching critical environmental thresholds. The appli-
cation of multimodal fusion technologies and digital tools is driving a shift from experi-
ence-based to data-driven agricultural management. Intelligent monitoring systems, ena-
bled by comprehensive sensing networks, capture the real-time dynamics of farmland en-
vironments, providing a robust data foundation for resource regulation. Full-chain agri-
cultural digitalization bridges information gaps across production and processing stages,
facilitating the optimization of resource allocation across time and space. Agricultural eco-
logical sustainability focuses on ecological restoration and resource recycling empowered
by technology, addressing the traditional dichotomy between economic growth and en-
vironmental protection. These three dimensions—environmental monitoring, digital inte-
gration, and ecological restoration —progressively reinforce one another, collectively sup-
porting a green, low-carbon, and efficient circular agricultural system, offering a system-
atic solution to global food and ecological security.

3.3.1. Smart Monitoring

As the neural hub of precision agriculture, intelligent monitoring systems leverage
multimodal sensor networks and real-time data analytics to enable comprehensive dy-
namic perception and closed-loop management of farmland environments, crop growth,
and resource utilization [155-157]. Traditional agricultural monitoring, relying on manual
inspections and single-sensor measurements, suffers from data delays and limited cover-
age. In contrast, intelligent systems integrate multi-source data, such as meteorological,
soil, and image information, to establish an integrated monitoring network, providing
precise decision-making support for both controlled-environment agriculture and open-
field farming [158,159].

In typical applications, intelligent monitoring systems have demonstrated particular
effectiveness in precision irrigation and disaster early warning. For precision irrigation,
Munaganuri et al. [160] proposed a model named PAMICRM, based on multimodal re-
mote sensing data and machine learning techniques, aimed at optimizing irrigation sched-
uling and reducing water resource waste. By integrating satellite imagery, high-resolution
drone images, and ground sensor data, the model enables real-time monitoring of soil
moisture, crop health, and environmental conditions. Experiments showed that
PAMICRM improved adjustment accuracy by 8.5% and reduced response latency by
3.5%, effectively minimizing water waste and enhancing resource efficiency. In disaster
prevention, Birrell et al. [161] developed a multimodal sensor-based early warning system
for monitoring crop diseases and extreme weather events. The system combines RGB-D
cameras, LIDAR, and meteorological sensors, employing deep learning models such as
YOLOvV5 and U-Net to detect early signs of crop diseases and predict potential disaster
risks using meteorological data. Experimental results demonstrated that the system could
issue warnings up to 24 h in advance, reducing disaster-related losses by more than 30%
and significantly improving the accuracy and timeliness of disaster response.

3.3.2. Targeted Resource Allocation

Agricultural ecological sustainability represents one of the most socially valuable
goals of multimodal fusion technologies within precision agriculture [162,163]. The nega-
tive impacts of conventional extensive farming on soil health, water resources, and biodi-
versity have become increasingly evident [164,165]. In response, intelligent systems based
on multimodal data integration optimize resource use efficiency, reduce chemical inputs,
and promote ecological restoration, thus establishing a new agricultural model that har-
monizes production, environmental stewardship, and economic development.

In soil health management, the synergistic application of multimodal sensors—such
as capacitive moisture probes, near-infrared spectrometers, and electrical conductivity
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sensors—enables the dynamic monitoring of soil moisture, nutrient levels, and pollutant
concentrations [166]. For instance, Dhakshayani et al. [167] developed a novel multimodal
fusion network (M2F-Net) based on deep learning and the Internet of Things (IoT), inte-
grating agrometeorological and imaging data for high-throughput phenotyping to diag-
nose fertilizer overuse. Experimental results showed that the late-fusion model achieved
91% accuracy, significantly enhancing the classification performance for detecting exces-
sive fertilizer application and helping reduce fertilizer overuse. Bhattacharya et al. [168]
proposed a method that seamlessly integrates multimodal data sources—including NPK
values, moisture content, image analysis, and geographic information—to provide accu-
rate and customized recommendations for crop and fertilizer management. Their experi-
ments demonstrated a 2.5% improvement in fertilizer recommendation accuracy and a
4.9% increase in crop recommendation accuracy.

In addition, multimodal fusion technologies have shown unique value in water re-
source management. Kilinc et al. [169] applied a multimodal fusion approach to hydro-
logical time-series prediction by integrating historical flow data, meteorological infor-
mation, and geographical data. They optimized bidirectional LSTM (Bi-LSTM) and bidi-
rectional GRU (Bi-GRU) models using a particle swarm optimization (PSO) algorithm and
introduced a self-attention mechanism to capture complex temporal dependencies. Exper-
imental results demonstrated that the method could stably and accurately predict flow
variations, providing reliable support for dynamic irrigation scheduling based on crop
water requirements. These technological examples highlight that resource allocation strat-
egies driven by multimodal crop status detection can significantly enhance water and fer-
tilizer use efficiency while reducing environmental risks.

This section systematically illustrates the critical role of multimodal deep learning in
agricultural resource management and ecological monitoring. First, Smart Monitoring lev-
erages multimodal data fusion to construct real-time sensing networks, enabling intelli-
gent monitoring systems to accurately capture soil moisture dynamics, meteorological
variations, and crop conditions. Second, Targeted Resource Allocation utilizes crop status
assessment results to guide precision fertilization and dynamic irrigation scheduling, with
model optimization and self-attention mechanisms enhancing decision-making accuracy
and stability. These two modules complement each other, seamlessly linking crop status
detection with resource regulation. Together, they not only significantly improve water
and fertilizer use efficiency but also provide robust data support for ecological sustaina-
bility practices. Despite existing challenges such as sensor latency, data incompatibility,
and conflicts in decision-making priorities, the multimodal fusion-based “intelligent agri-
cultural system” is evolving toward greater real-time performance, robustness, and adapt-
ability. Table 7 summarizes the applications and performance metrics of multimodal deep
learning in resource management and ecological monitoring.

Table 7. Summary of multimodal deep learning applications in resource management and ecologi-

cal monitoring.

Application Sce-
nario

Irrigation schedul-
ing optimization

GWO

Algorithms Dataset Precision References
Hydrological datasets across Australia, 92,39 [160]
U.S. Department of Agriculture Dataset
Social media data: typically comprises
both visual and textual features for flood
Flood detection and CNN, ANN, detection and classification; remote sens- 96.1% [161]

assessment

DBP ing data: generally consists of multispec-

tral satellite imagery for flood detection
and mapping.
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Diagnosis of ferti- . lage in Karaikal, India, where agromete- o
) modal Fusion . . 91% [167]
lizer overuse orological data and image data were col-
Network
lected.
. . The accuracy of crop rec-
To provide precise Graph Convolu- ; .
. . ommendations was im-
and tailored recom- - tional FPMax Covering multiple aspects, includin roved by 4.9%; the accu
mendations for  Model, Recur- Vermg pie aspects, §  proved by %77 [168]

crop and fertilizer
management

Hydrological time
series forecasting

rent FPMax
Model

crops, soil, meteorology, and fertilizers racy of fertilizer recommen-
dations was improved by
2.5 percentage points.
Root Mean Square Error

PSO, Bi-LSTM, A hydrological dataset comprising 3652 (RMSE): 0.085; Mean Abso-
Bi-GRU, Self- daily discharge measurements across the lute Error (MAE): 0.040; Co-  [169]
Attention Kizilirmak Basin, Turkey efficient of Determination

(R2): 0.964

4. Technical Challenges and Future Directions

Although multimodal fusion technologies have introduced groundbreaking solu-
tions for agricultural intelligence, their practical deployment still faces significant chal-
lenges. Current obstacles primarily arise from the limited efficiency of multisource data
fusion due to heterogeneity, real-time bottlenecks that constrain edge decision making in
dynamic environments, and insufficient model generalization, which hampers large-scale
cross-domain applications. This section addresses these three core challenges, analyzes
their technical roots, and outlines potential pathways for future breakthroughs, offering
strategic insights for the development of intelligent agricultural systems.

4.1. Data Heterogeneity

Data heterogeneity constitutes a fundamental challenge for multimodal agricultural
systems, rooted in the diverse modalities, mismatched spatiotemporal scales, and seman-
tic fragmentation inherent in agricultural environments [170,171]. It manifests across three
levels: modal heterogeneity (structural differences among visual, spectral, and physical
sensor data), spatiotemporal heterogeneity (temporal mismatch between instantaneous
UAV imagery and continuous soil sensor sampling), and semantic heterogeneity (nonlin-
ear relationships between crop height features from LiDAR point clouds and chlorophyll
content from multispectral imagery) [172-179]. This multilayered heterogeneity results in
two major dilemmas for fusion models: first, a mapping gap between high-dimensional
input data and low-dimensional semantic labels, which forces models to rely on strong
assumptions that sacrifice microenvironment specificity; second, spatiotemporal asyn-
chrony among data sources (e.g., hourly meteorological updates versus second-level vis-
ual data collection) that can introduce causal inference biases. In practical applications,
different types of sensors often collect data on different physical quantities, such as tem-
perature, humidity, and light intensity. These data typically differ in units, dimensions,
and statistical distributions, and directly fusing them may lead to inaccurate results [180].

Although spatiotemporal synchronization techniques (as shown in Section 2.1.2) im-
prove data alignment through hardware clock synchronization and coordinate registra-
tion, they primarily achieve shallow geometric-level alignment and fail to address deep
semantic heterogeneity. For example, while time-series data from soil moisture sensors
and spatial features from UAV multispectral imagery can be aligned within a common
coordinate system, the delayed influence of soil moisture on crop transpiration may ren-
der feature interaction ineffective. Furthermore, the dynamic evolution of agricultural en-
vironments (e.g., sudden weather changes) leads to continuous data distribution shifts,
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causing static alignment models to lose accuracy under environmental perturbations. In
agricultural contexts, data heterogeneity not only increases preprocessing complexity but
also directly impacts the efficacy of multisource information fusion, thereby exacerbating
real-time performance bottlenecks.

Future breakthroughs may emerge from two directions: dynamic adaptive architec-
tures and cross-modal causal reasoning. Dynamic adaptive architectures emphasize mod-
els” online learning capabilities to handle data distribution shifts, for instance, by dynam-
ically adjusting multimodal fusion weights using meta-learning frameworks or incorpo-
rating memory-augmented networks to store historical environmental states and predict
data evolution trends. Cross-modal causal reasoning aims to disentangle confounding fac-
tors and identify causal mechanisms between crop growth and multimodal signals, rather
than relying solely on statistical correlations.

From a broader perspective, data heterogeneity is not merely a technical obstacle but
an intrinsic property of multimodal agricultural systems. The governance goal should not
be to eliminate heterogeneity, but rather to exploit it for difference-driven decision mak-
ing. The transition from multimodal fusion to multimodal collaboration may represent
the critical pathway for advancing multimodal agricultural systems into an era of adap-
tive intelligence.

4.2. Real-Time Bottlenecks

The real-time bottleneck represents a critical barrier to the deployment of multimodal
agricultural systems from theoretical development to field implementation, stemming
from the contradiction between the explosive data processing demands and the limited
edge computing resources available in agricultural environments [181]. In dynamic deci-
sion-making scenarios, such as autonomous obstacle avoidance by agricultural machinery
or disaster emergency response, systems are required to complete multimodal data acqui-
sition, fusion, and decision making within milliseconds. However, the computational ca-
pacity, communication bandwidth, and energy supply of edge devices in the field often
fail to meet these stringent demands. This tension is further exacerbated in complex agri-
cultural settings, where the parallel fusion of LiDAR point clouds from ground robots and
time-series data from soil sensors leads to an exponential increase in computational com-
plexity. Even with the adoption of lightweight model compression techniques, the com-
putational burden at cross-modal interaction layers may still exceed the processing capa-
bilities of embedded processors, causing cumulative decision delays that can ultimately
trigger control failures or operational risks. In practical applications, such as when a drone
is flying at low altitude, the airflow generated by the propellers may cause changes in the
shape of weed leaves, such as curling or rolling. These deformations can increase the dif-
ficulty of weed identification. If real-time processing bottlenecks prevent the model from
handling these dynamically changing images promptly, the accuracy of weed recognition
may be reduced [182].

Current technological strategies to address real-time challenges mainly involve
model compression, optimization of edge computing architectures, and hardware accel-
eration [183-185]. Nevertheless, each approach faces inherent limitations. Although
model compression techniques, such as knowledge distillation and network pruning, re-
duce the number of parameters, they often significantly impair generalization perfor-
mance due to the long-tail distribution of agricultural data, making lightweight models
vulnerable during extreme weather events [186]. While edge computing alleviates com-
putational load through task offloading, sparse network coverage and strict data privacy
requirements in agricultural fields constrain the use of cloud-based solutions [187]. Spe-
cialized hardware accelerators (e.g., TPUs, NPUs) can enhance computational power but
are limited by the harsh environmental conditions and cost-sensitivity of agricultural
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equipment, hindering widespread adoption. Moreover, real-time bottlenecks are closely
tied to generalization limitations. Given the highly dynamic nature of agricultural envi-
ronments, insufficient real-time performance not only reduces the efficiency of edge deci-
sion making but also undermines the model’s ability to capture critical features in evolv-
ing scenarios, leading to unstable performance when adapting to new conditions.

Future breakthroughs to overcome the real-time bottleneck may hinge on the devel-
opment of dynamic adaptive computing frameworks. These frameworks emphasize
online resource awareness and task priority scheduling to achieve elastic adjustment of
computational granularity. For instance, high-precision multimodal fusion could be per-
formed when device resources are ample, while automatic downgrading to rapid single-
modal inference could occur during power shortages or sudden data surges, with incre-
mental learning techniques maintaining continuity of model performance. Innovations in
communication-computation coupling are also essential. Semantic communication tech-
nologies envisioned for 6G networks could transform raw data transmission into high-
level feature transmission, significantly reducing the data load on wireless links [188,189].
Additionally, the integration of federated learning and edge inference offers the potential
to achieve real-time decision making while safeguarding data privacy through distributed
model aggregation [190-193]. Another promising direction is the incorporation of multi-
horizontal prediction, where the system makes short-term sequential forecasts across mul-
tiple time steps in parallel, rather than relying solely on recursive single-step inference.
This strategy can reduce cumulative latency and mitigate the error propagation typically
associated with real-time temporal models [194]. In agricultural scenarios, multi-horizon-
tal prediction could be particularly useful for tasks such as disease progression forecasting
or irrigation scheduling under rapidly changing conditions [195]. By leveraging partially
overlapping feature windows and parallel processing, it may help alleviate computational
bottlenecks while preserving prediction continuity and robustness. Further exploration of
lightweight, multi-step forecasting architectures tailored for edge deployment could offer
a valuable solution to real-time constraints in multimodal agricultural systems [196,197].

4.3. Insufficient Generalization Capacity

Limited generalization capacity is a core bottleneck restricting the large-scale deploy-
ment of multimodal agricultural systems, fundamentally rooted in the strong heterogene-
ity of agricultural environments and the spatiotemporal non-stationarity of data distribu-
tions [198,199]. Traditional machine learning models rely on the assumption of independ-
ent and identically distributed data; however, the dynamic evolution of farmland envi-
ronments (e.g., gradual soil type changes, shifting climate patterns) and the regional spec-
ificity of crop growth (e.g., varietal differences) jointly lead to generalization failures. This
deficiency becomes particularly pronounced in cross-region and cross-crop transfer sce-
narios [200]. At a deeper level, the challenge lies in the disconnect between data-driven
surface correlations and the causal complexity of agricultural systems. Existing models
often rely on statistical correlations to map features to labels, yet struggle to distinguish
confounding factors, resulting in misinterpretation of causal mechanisms and break-
downs in cross-domain generalization [201]. In real-world applications, existing deep
learning-based plant disease recognition systems often experience performance degrada-
tion under new field conditions and previously unseen data. This is primarily due to the
limited generalization ability of deep neural networks when domain shifts occur. Such
domain shifts may be caused by factors like disease type, infection stage, lighting, back-
ground, and planting time. Moreover, most current plant disease recognition methods
operate under the closed-set assumption, which is unrealistic in practice, as the target do-
main may contain numerous images, only a small portion of which belong to the
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categories known during training. In such cases, the system may misclassify new data,
leading to suboptimal performance [202].

Current strategies for enhancing generalization primarily revolve around domain
adaptation and data augmentation techniques [203-206]. However, the unique character-
istics of agricultural scenarios present significant challenges to conventional domain ad-
aptation methods (e.g., adversarial training, feature alignment) [207]. These methods typ-
ically assume latent commonalities between source and target domains; yet in crop phe-
notyping tasks, the high plasticity of plant morphology (e.g., significant phenotypic vari-
ations of the same cultivar under different water stress conditions) leads to sparse domain-
invariant features [208]. Under such circumstances, forced feature alignment can under-
mine the discriminative essence of phenotypic traits. Although data augmentation tech-
niques (e.g., GAN-generated synthetic images) help mitigate small sample issues, they
often fail to reconstruct the complex physical constraints of agricultural systems (e.g., the
dynamic coupling between root development and soil texture), resulting in a semantic
gap between synthetic and real-world data [209].

Future research in agricultural intelligence is likely to focus on the synergistic inte-
gration of self-supervised pretraining and meta-learning frameworks. Specifically, self-
supervised pretraining can extract universal feature representations from large-scale un-
labeled multimodal data (e.g., satellite time-series imagery), capturing both the physical
laws of farmland environments and the biological rhythms of crops, while significantly
reducing dependence on manual annotations [210,211]. Meanwhile, meta-learning can es-
tablish task generalization mechanisms, enabling models to transfer across diverse sce-
narios; for example, enabling fine-tuning with only a few labeled samples of new crop
varieties to effectively address small-sample generalization challenges [212-214]. An il-
lustrative example is the Task-Informed Meta-Learning method proposed by Tseng et al.
[215], which dynamically adjusts model weights based on task metadata (e.g., geographic
location, crop type), substantially enhancing performance in cross-crop transfer tasks. To
improve readability and provide a more systematic understanding, Table 8 summarizes
the key bottlenecks identified in this section along with their corresponding improvement
strategies and enabling technologies.

Table 8. Summary of major bottlenecks and corresponding solutions in multimodal agricultural

systems.

Bottleneck Problem Description  Proposed Solutions Key Technologies

Multimodal data vary in
structure, spatiotem-
poral resolution, and se-
mantic meaning, mak-
ing integration challeng-
ing.

Limited computational
resources on edge de-
vices hinder high-fre-
quency, real-time deci-
sion making in the field.

Models perform poorly
when transferred to Large-scale unsuper-

Insufficient Generaliza- . Self-supervised pre-  vised feature learning,
. ) new regions or crop
tion Capacity
types due to strong en-

vironmental variability.

Dynamic adaptive ar- Meta-learning, memory-
chitectures; cross-modal augmented networks,
causal reasoning causal graphs

Data Heterogeneity

Dynamic computation

. Model compression, 6G
frameworks; semantic

semantic transmission,
edge inference

Real-Time Processing
Bottlenecks communication; feder-

ated learning

training; meta-learning task metadata adapta-
tion
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5. Conclusions

Multimodal fusion technology has emerged as a key driver of the smart transfor-
mation of Agriculture 4.0, offering innovative solutions to complex challenges such as
crop detection, autonomous machinery operation, and resource management through the
deep integration of heterogeneous data sources. This review systematically outlines the
development trajectory of multimodal fusion in agricultural intelligence from three per-
spectives: technical frameworks, application practices, and core challenges, highlighting
its potential and value across the full chain of perception, analysis, and decision making.

Currently, the deployment of multimodal fusion in agricultural scenarios faces sig-
nificant obstacles, including the following: (i) difficulties in feature alignment and seman-
tic fusion caused by the heterogeneity of multisource data; (ii) the contradiction between
limited edge computing resources and the demands of real-time processing of high-di-
mensional data; and (iii) the poor generalization of models due to the strong heterogeneity
of agricultural environments. These challenges reflect the inherent complexity of agricul-
tural systems and place greater demands on existing deep learning-based fusion frame-
works.

In the future, emerging technologies such as cross-modal generative modeling, fed-
erated learning, and causal inference are expected to further empower multimodal fusion
in agricultural intelligence. Meanwhile, the deep integration of full-chain agricultural dig-
itization with ecological management holds the promise of reshaping the collaborative
development of resources, production, and the environment, accelerating the evolution of
agricultural systems from precision farming toward autonomy and green sustainability.
Ultimately, multimodal deep fusion technologies are poised to play a pivotal role in ad-
vancing global food security, ecological protection, and carbon neutrality goals.

This review provides theoretical insights and practical guidance for the application
of multimodal fusion in agricultural intelligence. Future research should focus on the col-
laborative optimization of data acquisition, model design, and hardware deployment to
facilitate the transition from laboratory prototypes to large-scale field implementations,
thereby fostering the development of resilient, efficient, and sustainable smart agricultural
systems.
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