
Multiscale remote sensing
methods for monitoring wetland
ecosystem dynamics and crop
development

Ying Zhang1*, Xinhao Lin2, Junmiao Hei2, Yixiao Wang2 and
Ang Zhang2

1School of Economics and Management, Beijing Forestry University, Beijing, China, 2School of Electronic
Information, Zhongyuan University of Science and Technology, Zhengzhou, China

Introduction: Understanding the interplay between wetland ecosystems and
agricultural crop development is vital for sustainable water and food resource
management amid climate variability. Emerging technologies in artificial
intelligence (AI) and big data analytics now offer powerful tools to integrate
multiscale remote sensing with ecosystem modeling.
Methods: This study introduces a unified framework that combines remote sensing
and AI-driven inference to monitor the spatiotemporal dynamics of wetland
hydrology and crop phenology, aligning with modern approaches to integrated
resource management. Traditional remote sensing methods often struggle to
capture the temporal variability and complex dependencies in such ecosystems
due to their reliance on static thresholds and single-modality data. To overcome
these limitations, we propose an AI-enhanced methodology comprising two
modules: the Graph-Augmented Attention Recommendation Network (GAARN)
and the Multi-Perspective Preference Distillation (MPPD) strategy. GAARN fuses
structural insights from environmental graphs with temporal patterns via
attention-based encoders, enabling detailed mapping of land-water-vegetation
transitions. MPPD incorporates semantic knowledge from ecological ontologies,
meteorological data, and crop taxonomies to guide learning through consistency
regularization and contrastive embedding alignment.
Results: Our dual-module framework offers robust interpretation of sparse
observations, adaptive forecasting under climate variability, and scalable
modeling of wetland-crop interactions. Validation across diverse
agroecological zones reveals superior performance over conventional
baselines in predicting vegetative indices, water extent changes, and crop
growth stages.
Discussion: These results highlight the potential of our framework for advancing
precision agriculture, wetland monitoring, and climate-resilient policy-making.
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1 Introduction

Wetlands play a crucial role in maintaining global ecological
balance by regulating cycles, filtering pollutants, sequestering
carbon, and supporting rich biodiversity. However, due to
increasing anthropogenic pressures and climate change, wetland
ecosystems are experiencing rapid degradation Bao et al. (2023). At
the same time, adjacent agricultural areas, particularly croplands, are
highly dynamic and strongly influenced by wetland conditions.
Thus, accurately monitoring wetland dynamics and crop
development is essential for sustainable land and water resource
management Zhang et al. (2023). Traditional field-based ecological
surveys are time-consuming and spatially limited, making them
inadequate for capturing the complex spatiotemporal changes
occurring across extensive wetland-agricultural interfaces. Not
only does remote sensing offer a scalable, cost-effective
alternative, but it also enables integrated analysis across temporal
and spatial resolutions Ko et al. (2022). Therefore, multiscale remote
sensing techniques emerge as a powerful solution to bridge the gap
between fine-resolution ecological monitoring and large-scale
agricultural management, providing comprehensive insights into
ecosystem functionality and crop phenology Forouzandeh
et al. (2022).

Early efforts to utilize remote sensing data for wetland and
cropland monitoring primarily relied on rule sets derived from
expert knowledge and domain-specific heuristics Sun et al. (2022).
These methods often used spectral indices, such as NDVI and water
indices, in combination with ancillary datasets like topography and
soil type to delineate water bodies, detect vegetation patterns, and
classify land cover types Kreutz and Schenkel (2022). Although
effective in specific regions and timeframes, these strategies typically
required substantial manual tuning and exhibited limited
adaptability when applied to diverse environmental settings.
Their reliance on fixed thresholds and expert-defined parameters
made them insufficient for capturing the full variability of dynamic
wetland-crop systems across broader spatial scales Javed
et al. (2021).

To enhance efficiency and expand generalization capabilities,
later research turned to statistical models capable of learning from
example-based data and inferring patterns automatically Maier and
Simovici (2022). Approaches such as decision tree ensembles and
kernel-based classifiers were increasingly adopted to identify land
cover transitions, estimate vegetation metrics, and track seasonal
development stages using remote sensing time series Ivchenko et al.
(2022). These methods significantly reduced manual input and
improved prediction consistency. However, their dependence on
manually engineered input features made them vulnerable to noise
Fayyaz et al. (2020), sensor inconsistencies, and complex spatial
interactions, especially in heterogeneous landscapes where
ecological and agricultural processes are tightly coupled and
temporally variable Hwang and Park (2022).

In recent years, more sophisticated learning frameworks have
emerged that can directly extract abstract representations from large
and heterogeneous Earth observation datasets Mashayekhi et al.
(2022). Deep architectures leveraging spatial convolutions and
temporal modeling now enable holistic analysis of multiscale
imagery from satellites, aerial platforms, and ground-based
sensors. These techniques have shown superior performance in

delineating water extents Dhelim et al. (2021), identifying
vegetation structures, and retrieving phenological traits under
varying environmental conditions. Advancements in model
generalization, such as pre-training and multimodal integration,
allow for more robust monitoring across sensors and seasons
Urdaneta-Ponte et al. (2021). Nonetheless, challenges remain
regarding high data demands, limited interpretability, and
transferability to data-sparse or novel regions, emphasizing the
need for hybrid frameworks that balance automation with
transparency and ecological relevance Shi et al. (2020).

Recent advances in high-resolution soil moisture retrieval
using synthetic aperture radar (SAR) provide valuable insights
for integrated wetland–agriculture monitoring. In particular, the
NASA–ISRO Synthetic Aperture Radar (NISAR) mission has
demonstrated the feasibility of soil moisture estimation at
100–200 m spatial resolution using L-band observations. Lal
et al. (2023) proposed a multi-scale retrieval algorithm that
adapts to heterogeneous land surface conditions and supports
operational product generation for the NISAR mission Lal et al.
(2023). More recently, validation studies have confirmed the
algorithm’s effectiveness across diverse land cover types and
spatial scales using ALOS-2 SAR datasets as a proxy Lal et al.
(2025). These developments offer important synergies with our
work, which similarly seeks to combine multiscale remote
sensing inputs for hydrological and agricultural dynamics. To
address the limitations of existing approaches in adaptability,
interpretability, and scalability, we propose a novel multiscale
remote sensing framework that integrates hierarchical temporal
modeling with interpretable attention mechanisms. This method
aims to dynamically capture wetland-cropland interactions by
leveraging both high-resolution UAV data and temporal satellite
observations. The hierarchical design enables fine-scale feature
extraction at the local level while preserving large-scale seasonal
patterns. The attention modules enhance interpretability by
identifying critical periods and spatial zones that drive
ecosystem changes and crop transitions. Our framework is
designed to be modular and extensible, supporting multi-
source data fusion across different climatic regions. This
approach not only bridges the gap between high-precision
monitoring and wide-area coverage but also facilitates
actionable insights for ecological restoration and precision
agriculture. By embedding interpretability into model
architecture, we aim to foster trust and transparency,
enhancing the applicability of deep learning in environmental
monitoring.

This approach stands out due to its distinct strengths across
multiple aspects:

• We introduce a novel hierarchical remote sensing framework
that integrates attention mechanisms for temporal and spatial
interpretability in wetland and crop monitoring.

• Our method supports multi-source, multiscale data fusion,
making it highly adaptable and generalizable across diverse
environmental contexts and agricultural systems.

• Experimental results across three ecological zones demonstrate
significant improvements in classification accuracy,
phenological extraction precision, and model robustness
under missing data scenarios.
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2 Related work

2.1 Multiscale remote sensing integration

Multiscale remote sensing leverages data collected from different
spatial, spectral, and temporal resolutions to enhance the
understanding of environmental processes, particularly in
complex systems like wetlands and agricultural landscapes
Chakraborty et al. (2021). The integration of data from diverse
platforms, including satellite, airborne, and UAV-based sensors,
enables researchers to capture phenomena across varying scales,
bridging gaps between localized processes and broader ecosystem
patterns. In wetland monitoring, multiscale approaches have
facilitated improved delineation of wetland boundaries,
characterization of vegetation structure, and assessment of
hydrological regimes Wei et al. (2021). High-resolution UAV
imagery is often employed to detect fine-scale heterogeneity in
plant communities and microtopography, while medium-
resolution satellite data, such as Landsat or Sentinel-2 supports
temporal analyses of wetland inundation and vegetation phenology.
Coarse-resolution data from sensors like MODIS are utilized for
detecting seasonal and interannual trends at regional scales. Data
fusion techniques, such as spatiotemporal adaptive reflectance
fusion models (STARFM) and machine learning-based super-
resolution, are critical for combining datasets with differing
resolutions and revisit times Kanwal et al. (2021). In the context
of crop development, multiscale remote sensing supports precision
agriculture and large-scale yield estimation. UAV-based
multispectral sensors provide detailed canopy information, which
is indispensable for identifying within-field variability in growth
stages, disease, or nutrient stress. Satellite data supply consistent
temporal coverage for growth modeling and forecasting Yang et al.
(2020). Techniques like vegetation indices and biophysical
parameter retrieval benefit from multiscale input to enhance both
spatial granularity and temporal continuity. Integration with agro-
meteorological models and ground-based observations further
augments the capacity to interpret remote sensing data within
physiological and phenological contexts Jadidinejad et al. (2021).
Multiscale approaches require robust preprocessing, calibration, and
harmonization of data sources. Challenges such as geometric
correction, atmospheric correction, and sensor calibration must
be addressed to ensure data comparability. Moreover, alignment
of acquisition times and data interpolation are essential for temporal
coherence in time-series analysis Popescu et al. (2024). The
increasing availability of open-access satellite data and cost-
effective UAV platforms, coupled with advances in data
processing algorithms, continues to expand the applicability and
reliability of multiscale remote sensing for monitoring wetland and
agricultural systems.

Recent works have advanced the application of graph-
theoretical models in large-scale ecological analysis and
agricultural land planning. For instance, a national-scale forest
connectivity study based on graph theory has demonstrated how
spatial ecological networks can be modeled for biodiversity
conservation and reforestation strategies in China Lin et al.
(2025). This aligns with our use of environmental graphs in
GAARN to represent spatial dependencies and transitions in
land-water-vegetation systems. A study employing the MARXAN

tool to delineate fallow priority areas under food security constraints
illustrates the importance of optimization-driven land-use planning
Chen et al. (2025). Our MPPD component shares a similar goal by
guidingmodel learning through semantic and ecological constraints.
These studies collectively underscore the growing relevance of
graph-based reasoning and semantic-aware spatial modeling,
which form the foundation of our proposed framework.

Beyond ecological monitoring and agricultural land-use
planning, recent advances in water resources engineering have
increasingly employed graph-based deep learning methods. Chen
et al. (2022a) proposed a physics-guided graph meta-learning
framework to jointly predict streamflow and water temperature
in distributed stream networks, demonstrating how relational
modeling with physical priors improves generalization in data-
scarce hydrological systems. Akkala et al. (2025) developed a
spatio-temporal graph neural network (ST-GNN) for the Upper
Colorado Basin, capturing both structural river connectivity and
dynamic flow patterns across time. These approaches are
conceptually aligned with our use of GAARN to model
spatiotemporal transitions in land-water-vegetation interactions.
Otamendi et al. (2024) presented an integrated water resource
management framework for the Segura Hydrographic Basin,
fusing AI-based crop models, hydrological simulations, and
optimization algorithms. Their system highlights the value of
multi-source semantic fusion and decision support—principles
we implement within the MPPD module to integrate ecological
taxonomies and meteorological priors into the representation
learning process. These studies collectively demonstrate that our
dual-module framework inherits and extends ideas now widely used
across hydrology, agriculture, and environmental informatics.

2.2 Wetland ecosystem dynamics
monitoring

Monitoring wetland ecosystem dynamics involves tracking
changes in hydrology, vegetation composition, and
biogeochemical processes over time. Remote sensing has emerged
as a primary tool for such efforts due to its synoptic view and
repetitive coverage, enabling assessment of wetland extent, function,
and health under changing climatic and anthropogenic pressures
Nawara and Kashef (2021). Spectral-based methods are widely
employed to detect and quantify wetland vegetation types,
flooding extent, and soil moisture content. Optical sensors
provide critical information on plant phenology and productivity,
while radar data, especially synthetic aperture radar (SAR), allow for
water surface detection and inundation mapping irrespective of
cloud cover or illumination conditions Feng et al. (2020). SAR
systems such as Sentinel-1 and ALOS-PALSAR have demonstrated
utility in delineating flooded areas, assessing water level fluctuations,
and identifying emergent and submerged vegetation structures.
Time-series analysis of remotely sensed imagery enables the
detection of trends and anomalies in wetland dynamics.
Techniques like harmonic analysis, principal component analysis
(PCA), and break-point detection algorithms reveal temporal
patterns of vegetation greenness, water regime changes, and
ecosystem disturbances Khan et al. (2021a). Integration with
climatic datasets, such as precipitation and temperature records,
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supports the interpretation of ecological responses to environmental
drivers. Wetland-specific indices, including the Normalized
Difference Water Index (NDWI), Modified Soil-Adjusted
Vegetation Index (MSAVI), and Floating Algae Index (FAI),
enhance discrimination of wetland features and improve the
accuracy of classification models Rocco et al. (2021). Recent
studies have also explored the use of machine learning classifiers
and object-based image analysis (OBIA) for automated mapping
and change detection in heterogeneous wetland environments.
Despite advancements, several challenges persist in wetland
monitoring using remote sensing. These include seasonal
variability, mixed pixel effects in heterogeneous landscapes, and
the need for accurate ground truth data for validation Cabrera-
Sánchez et al. (2020). The dynamic nature of wetlands necessitates
high temporal resolution, which can be constrained by satellite
revisit cycles and weather conditions. Future research should
focus on improving data fusion methodologies, developing
adaptive classification algorithms, and enhancing in-situ
observation networks to better capture the multifaceted dynamics
of wetland ecosystems Varma et al. (2024).

2.3 Crop growth and phenology mapping

Remote sensing-based monitoring of crop growth and
phenology supports agricultural management, yield estimation,
and food security assessments. Phenology, the study of recurring
biological events, is essential for understanding crop responses to
environmental conditions and for optimizing management
practices. Remote sensing enables consistent tracking of crop
development stages over large areas with minimal human
intervention Fu et al. (2020). Multitemporal imagery from
sensors such as Landsat, Sentinel-2, and MODIS has been widely
used to derive vegetation indices that reflect biophysical properties
of crops. These indices, including NDVI, EVI, and red-edge-based
metrics, are proxies for leaf area index (LAI), chlorophyll content,
and biomass accumulation. By analyzing the temporal profiles of
these indices, key phenological stages such as emergence, flowering,
and senescence can be identified andmodeled Argyriou et al. (2020).
UAVs provide high-resolution observations that are particularly
valuable for within-field phenological assessment and validation of
satellite-derived products. Hyperspectral sensors mounted on UAVs
or aircrafts offer detailed spectral signatures that can distinguish
among crop types and growth stages with higher precision than
traditional multispectral sensors Nawara and Kashef (2020).
Phenological modeling using remote sensing data often involves
fitting growth curves, such as logistic or double sigmoid models, to
time-series vegetation indices. These models estimate parameters
related to growth onset, peak greenness, and maturity, which are
crucial for assessing crop performance and predicting harvest time.
Integrating remote sensing with agro-climatic data enhances the
reliability of these models and provides insights into climate-crop
interactions Hsia et al. (2020). Machine learning and data
assimilation techniques have been increasingly adopted to
improve phenology estimation. Methods such as random forests,
support vector machines, and deep learning are employed to classify
crop types and stages based on spectral-temporal features. Data
assimilation approaches combine remote sensing observations with

process-based crop models, enabling dynamic updating of crop
status and forecasting under various scenarios Yadalam et al.
(2020). Challenges in phenology mapping include sensor
limitations, atmospheric noise, and the diversity of cropping
systems. Variations in planting dates, cultivar characteristics, and
management practices add complexity to remote sensing analyses.
Continuous improvements in sensor technology, availability of
dense time-series data, and methodological advancements are
critical to overcoming these challenges and advancing remote
sensing applications in crop phenology research Javeed et al. (2024).

3 Ecological monitoring methodology

3.1 Ecological problem formulation

Artificial Intelligence (AI) recommendation systems have
emerged as foundational components in a wide range of digital
services, from personalized content curation in streaming platforms
to tailored product suggestions in e-commerce. The central objective
of such systems is to effectively model user preferences and item
characteristics in order to predict future interactions or rank items
by relevance. Over time, the development of these systems has
evolved significantly, transitioning from memory-based
collaborative filtering approaches to highly complex neural
recommendation architectures that capture intricate user-
item dynamics.

This section provides a high-level introduction to the technical
methodology proposed in this work. We begin by outlining the
fundamental problem formulation and associated notations in
Section 3.2, where the mathematical structure of user-item
interaction modeling is made explicit. This includes a formal
abstraction of user behavior, candidate item spaces, preference
signals, and the embedding of both users and items into latent
spaces conducive to prediction and ranking tasks. We introduce our
novel architecture in Section 3.3, named Graph-Augmented
Attention Recommendation Network (GAARN). The core of this
model integrates graph-based relational structures with a dynamic
attention mechanism that selectively weights historical user-item
interactions. This enables the model to capture not only co-
occurrence patterns but also relational dependencies and
temporal dynamics in user behavior. Unlike standard sequential
models that rely solely on order-preserving encoders, GAARN
leverages structural motifs and interaction subgraphs to enrich
context understanding, particularly in sparse regimes. In Section
3.4, we present a knowledge-driven optimization strategy termed
Multi-Perspective Preference Distillation (MPPD). This strategy is
designed to incorporate domain-specific knowledge and auxiliary
signals into the learning process by distilling heterogeneous cues
(such as category taxonomies, user demographics, and item meta-
data) into the latent representations. The proposed distillation
mechanism imposes consistency constraints across multiple
semantic projections, leading to a refined representation space
that aligns more closely with real-world user intent. GAARN and
MPPD form a unified recommendation framework that addresses
several key challenges in modern recommender systems: cold start,
interpretability, and dynamic adaptation. By combining structured
relational learning with knowledge-aware regularization, our
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method provides a principled yet practical advancement over
existing approaches. The architecture is modular, allowing
integration with different backbone encoders and extendable to
various domains such as e-commerce, social platforms,
or education.

The proposed GAARN–MPPD framework integrates
multitemporal remote sensing sequences with knowledge-guided
semantic modeling to support ecological monitoring tasks. The
architecture combines temporal encoding, attention-based feature
extraction, graph-based representation propagation, and semantic
projection alignment, with multiple fusion and distillation stages.
These components are organized to support both multiscale
integration and ecological interpretability across land–water
dynamics. Figure 1 illustrates the overall architectural
composition and data flow, showing how various modules
interact to extract, align, and fuse information for downstream
prediction. Key processes include attention-driven encoding,
graph-based message passing, gated multi-branch fusion, and
contrastive distillation guided by ecological taxonomies.

3.2 Ecological problem formulation

Although our framework is structurally inspired by modern
recommendation systems, its application in this study is centered on
ecological monitoring using remote sensing data. To enhance clarity

and interdisciplinary accessibility, we retain the core recommender-
system terminology while explicitly redefining each term in an
ecological context. In this adaptation, a user refers to a spatial
observation unit such as a pixel, parcel, or catchment; an item
represents an ecological variable or class, such as crop type, water
category, or phenological state; and an interaction corresponds to a
temporal observation derived from Earth observation data, such as
NDVI or water extent at a given time. Embeddings of users and
items are understood as representations of spatiotemporal features
and ecological characteristics, respectively, and demographic or
metadata inputs reflect environmental context, including
topography, soil properties, or meteorological information. Graph
nodes and edges denote spatial locations or ecological categories and
their relational structures, such as spatial adjacency or hydrological
connectivity. Table 1 summarizes this terminology mapping,
enabling ecological readers to interpret the computational
architecture in domain-relevant terms. This mapping ensures
scientific transparency while preserving consistency in
model design.

Let U � {u1, u2, . . . , uN} denote a set of N users and I �
{i1, i2, . . . , iM} a set of M items. Each user u ∈ U interacts with a
subset of items, yielding an observed interaction matrix R ∈ RN×M,
whereRuj � 1 if user u interacted with item j, and Ruj � 0 otherwise.
The recommendation task can be viewed as learning a function
f: U × I → R that assigns a score suj indicating the relevance of
item j to user u.

FIGURE 1
Overview of the proposed GAARN–MPPD framework for ecological monitoring. This schematic illustrates the end-to-end architecture of our
system, which integrates attention-based sequence modeling, graph reasoning, semantic projection alignment, and knowledge-guided distillation. EO
data are processed through a temporal encoder, followed by message passing layers andmulti-branch fusion. Semantic projection heads and taxonomy
embeddings guide the learning of structured ecological representations, refined via contrastive learning and gated fusion. Multiple loss functions,
including entropy regularization and KL divergence, enforce semantic consistency across spatial and temporal domains.
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Tomodel preferences in a latent space, each user u and item i are
associated with dense representations eu, ei ∈ Rd, respectively. The
fundamental problem becomes predicting a ranking score sui via
(Formula 1):

sui � ϕ eu, ei( ), (1)
where ϕ(·, ·) is a scoring function, commonly instantiated as dot
product, multilayer perceptron, or attention-based modules.

Each user has a historical interaction sequence Hu �
[i(1), i(2), . . . , i(Tu)] where i(t) denotes the t-th item interacted by
u. This sequence provides rich context and can be viewed as a first-
order Markov path or a higher-order behavioral trace. The
interaction sequence is embedded as (Formula 2):

Hu � ei 1( ) , ei 2( ) , . . . , ei Tu( )[ ] ∈ RTu×d, (2)
which serves as input for downstream context encoders.
We define a temporal encoding mechanism to preserve

interaction chronology. Let P � [p1, . . . , pTu
] be a set of learned

positional vectors. The temporally-aware sequence becomes
(Formula 3):

~Hu � Hu + P. (3)

User representation is then contextually defined as (Formula 4):

zu � Ψ ~Hu( ), (4)

where Ψ denotes a learnable aggregation function such as self-
attention or gated recurrent modules. This dynamic user state
captures sequential preference evolution.

To incorporate relational signals, we define a bipartite user-item
interaction graph G � (V, E), where V � U ∪ I and edges (u, i) ∈ E
represent interactions. A graph-based message passing operator M
updates the embeddings as (Formula 5):

e l+1( )
v � M l( ) e l( )

v , e l( )
v′ |v′ ∈ N v( ){ }( ), (5)

whereN (v) is the neighborhood of node v and e(l)v is the embedding
of node v at layer l.

To enable preference generalization, we consider latent
intent spaces. Assume that each interaction is driven by an
unobserved intent variable zu ∈ Z, modeled as a categorical or
continuous latent vector. The preference is governed by
(Formula 6):

p i|u( ) � ∫
Z
p i|zu( )p zu|u( ) dzu, (6)

which introduces a variational latent layer that supports multi-
modal behavior.

We further define an item-side semantic taxonomy C, where
each item i belongs to a category ci ∈ C, and the hierarchy of
categories is represented by a DAG T � (C,L). We encode these
relations via (Formula 7):

ei′ � ei + ∑
c∈Ancestors ci( )

αc · ec, (7)

where ec is the embedding of category c and αc is a learnable
attention weight.

To capture intent specificity, we define a multi-scale
representation via pooling (Formula 8):

z k( )
u � Poolingk ~Hu( ), (8)

for different window sizes k, then combine them as (Formula 9):

zu* � ∑
k

βk · z k( )
u , (9)

where βk is a learnable parameter representing the importance of
each temporal scale.

To integrate auxiliary information, such as demographic vectors
du or item attributes ai, we augment the embeddings as
(Formula 10):

eu � MLPu ecoreu ; du[ ]( ), ei � MLPi ecorei ; ai[ ]( ), (10)
where [·; ·] denotes concatenation and MLP{·} are
learnable networks.

TABLE 1 Ecological interpretation of model components previously used in recommender systems.

Recommender systems Ecological remote sensing interpretation

User (u) Spatial unit such as a pixel, parcel, or catchment

Item (i) Ecological variable or class such as crop type or water category

Interaction (Rui) Observed value at a specific time, such as NDVI or surface water extent

User embedding (eu) Temporal signature representing the dynamics of a spatial unit

Item embedding (ei) Encoded ecological characteristics such as phenological or hydrological traits

Interaction sequence (Hu) Multitemporal remote sensing measurements for a given spatial unit

Recommendation score (sui) Predicted ecological response such as suitability or class probability

Demographics (du) Environmental context including soil type, climate conditions, or elevation

Item metadata (ai) Semantic attributes such as crop taxonomy or flooding regime

Graph node Spatial location or ecological feature used in relational modeling

Graph edge Connection indicating spatial adjacency, ecological dependency, or hydrological linkage

Frontiers in Environmental Science frontiersin.org06

Zhang et al. 10.3389/fenvs.2025.1626025

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2025.1626025


The overall recommendation score integrates user history,
structural relations, temporal dynamics, and auxiliary attributes
(Formula 11):

sui � ϕ zu*, ei′( ). (11)

The core goal of this formulation is to establish a structured
latent space Rd where proximity encodes relevance, temporal
similarity, and intent congruence. In the next section, we will
build upon this formalization to introduce a novel model
architecture that leverages this multi-view embedding framework
and augments it with attention-guided message passing over
dynamic behavior graphs.

3.3 Multiscale spatiotemporal
modeling framework

To effectively model personalized recommendations in complex
behavior scenarios, we propose a novel model named Graph-
Augmented Attention Recommendation Network (GAARN).
This architecture is designed to capture multi-scale temporal
patterns, item-user relational dependencies, and high-order
behavior co-occurrences in a unified neural framework (As
shown in Figure 2).

3.3.1 Attention-driven sequence modeling
To effectively model temporal user behavior, we propose a

contextualized attention-driven encoder that captures both short-
term fluctuations and long-term dependencies in user interaction
sequences. Let the user u’s behavior history be represented as a
sequence of temporally-aware item embeddings
~Hu � [~h1, ~h2, . . . , ~hT] ∈ RT×d. We begin by projecting this
sequence into query, key, and value spaces for each of H
attention heads, where the h-th head computes (Formula 12):

Q h( ) � ~HuW
h( )
Q , K h( ) � ~HuW

h( )
K , V h( ) � ~HuW

h( )
V , (12)

where W(h)
Q ,W(h)

K ,W(h)
V ∈ Rd×dh are learnable parameters for the

h-th head. The scaled dot-product attention for each head is
computed to capture interaction relevance across time steps
(Formula 13):

A h( ) � Softmax
Q h( ) K h( )( )⊤��

dh

√( ), O h( ) � A h( )V h( ). (13)

The outputs from all heads are concatenated and linearly
transformed to produce a unified temporal embedding
(Formula 14):

Zu � Concat O 1( ), . . . ,O H( )( ) ·WO, (14)

FIGURE 2
Schematic diagram of the Graph-Augmented Attention Recommendation Network (GAARN). This figure presents the model architecture
integrating temporally-aware attention mechanisms, graph-based ecological reasoning, and gated multi-view fusion. The temporal encoder captures
phenological and hydrological dynamics across seasons, while the graph module models spatial and ecological dependencies such as adjacency and
hydrological connectivity between landscape units. Projection layers, fusion blocks, and auxiliary features (like elevation, soil type) are annotated to
clarify the data flow. Together, these components enable the model to represent key wetland and crop development processes in a spatially and
temporally adaptive manner.
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where WO ∈ RHdh×d projects the multi-head output back to the
original embedding space. To stabilize the learning and preserve
positional fidelity, we apply a residual connection with
normalization (Formula 15):

Zfinal
u � LayerNorm Zu + ~Hu( ), (15)

which yields the final contextual representation for each
timestep. This representation encodes the dynamic influence of
historical behaviors, adjusting attention weights based on
temporal alignment and semantic similarity, thus enabling the
model to infer nuanced preference trajectories across diverse
user-item interaction patterns.

After obtaining the multi-head attention output Zu in Equation
14, we apply a layer normalization with residual connections to
stabilize learning and preserve original positional information, as
shown in Equation 15. This yields Zfinal

u ∈ RT×d, which represents
temporally contextualized item embeddings for user u. To aggregate
these into a unified user representation, we apply average pooling
across the temporal dimension (Formula 16):

zattnu � 1
T
∑T
t�1

Zfinal
u t[ ] (16)

where zattnu ∈ Rd captures the user’s temporal preferences over the
interaction sequence.

Next, this representation is passed to the Gated Multi-View
Fusion module, where it is combined with the structural
representation zstructu derived from graph-based message passing.
The fusion is controlled by a learnable gate vector g ∈ [0, 1]d
(Formula 17):

zfusedu � g ⊙ zattnu + 1 − g( ) ⊙ zstructu (17)

We concatenate zfusedu with auxiliary demographic features zauxu ,
and use a multilayer perceptron to produce the final user
representation (Formula 18):

zu � MLP zfusedu ; zauxu[ ]( ) (18)

This step-by-step derivation makes the transition from multi-
head attention outputs to the final user representation transparent
and interpretable.

3.3.2 Graph-based representation propagation
In a recommender system setting, we represent the user-item

interaction data as a bipartite graph G � (U ∪ I , E), where U and I
are the sets of users and items respectively, and E denotes observed

FIGURE 3
Schematic diagram of the Graph-Based Representation Propagation. This illustration depicts the propagation of spatial and ecological information
through a multi-layer user–item graph structure. The process includes degree-normalized message passing, residual fusion across layers, and adaptive
gating to control information flow. Nodes represent landscape units such as pixels or parcels, while edges encode spatial adjacency or ecological
relationships (like hydrological connectivity). Key operations such as learnable combination, gating weight computation, and contextual feature
integration are labeled to highlight how ecological dependencies are encoded and aggregated across the graph.
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interactions. To capture higher-order connectivity patterns in the
graph, we employ a multi-layer message passing framework based
on normalized neighborhood aggregation (As shown in Figure 3).
Let e(0)v denote the initial embedding of node v (user or item), the
embedding at the (l + 1)-th layer is updated by propagating
information from its neighbors N (v), modulated by a degree-
normalized transformation matrix and a non-linear activation
function σ(·), such as ReLU or LeakyReLU (Formula 19):

e l+1( )
v � σ ∑

v′∈N v( )

1������������
|N v( )‖N v′( )|√ ·W l( ) · e l( )

v′
⎛⎜⎜⎜⎝ ⎞⎟⎟⎟⎠, (19)

where W(l) is the learnable transformation matrix at layer l. To
obtain the final representation ev* for each node, we combine the
embeddings from all propagation layers using learnable scalar
weights αl (Formula 20):

ev* � ∑L
l�0

αl · e l( )
v . (20)

To preserve structural diversity and prevent oversmoothing in
deeper layers, we further introduce an identity-preserving skip
connection that injects the initial embedding into each
propagation layer with a decaying coefficient βl (Formula 21):

e l+1( )
v � σ ∑

v′∈N v( )

1������������
|N v( )‖N v′( )|√ ·W l( ) · e l( )

v′
⎛⎜⎜⎜⎝ ⎞⎟⎟⎟⎠ + βl · e 0( )

v , (21)

and to further stabilize training and encourage generalization,
we add a layer-wise residual fusion mechanism to blend the
representation from the previous layer with the transformed
message, scaled by a trainable gating vector g(l)v (Formula 22):

e l+1( )
v � g l( )

v ⊙ e l+1( )
v + 1 − g l( )

v( ) ⊙ e l( )
v , (22)

where ⊙ denotes element-wise multiplication and g(l)v � σ(W(l)
g ·

e(l)v ) is computed dynamically at each layer using a gating weight
matrix W(l)

g .

3.3.3 Gated multi-view fusion
To effectively integrate multi-view user representations derived

from sequential attention mechanisms, graph-based structural
information, and personalized auxiliary features, we propose a
Gated Multi-View Fusion framework that leverages a learnable
gating mechanism and deep feature transformation. The
sequential representation zattnu captures dynamic user interest
from behavior sequences using temporal self-attention, while the
structural representation zstructu encodes relational signals through
message passing on a user-item graph. These two representations are
adaptively merged using a gate vector g computed via a sigmoid-
activated linear transformation of their concatenation (Formula 23):

g � σ Wg · zattnu ; zstructu[ ] + bg( ), (23)

where Wg and bg are trainable parameters and σ(·) denotes the
element-wise sigmoid function. The fused representation is then
obtained through an element-wise interpolation controlled by g
(Formula 24):

zfusedu � g ⊙ zattnu + 1 − g( ) ⊙ zstructu , (24)
where ⊙ denotes the Hadamard product. To incorporate additional
user context such as demographics or preferences, we concatenate
zfusedu with the auxiliary features zauxu and pass them through a
multilayer perceptron (Formula 25):

zu � MLP zfusedu ; zauxu[ ]( ), (25)

allowing nonlinear interactions among multiple modalities.
Moreover, to encourage the gating module to learn meaningful
view preferences, we regularize it using an entropy-based constraint
that penalizes overly confident gate values (Formula 26):

Lgate � λ∑
u

∑
i

gui log gui + 1 − gui( )log 1 − gui( )( ), (26)

where λ is a regularization coefficient controlling the strength of the
gate entropy loss. This formulation promotes smooth and
informative fusion between attention-based dynamics and
structural signals in user modeling.

3.4 Semantic knowledge integration and
learning strategy

While the GAARN architecture effectively captures user-item
interaction patterns, it remains susceptible to overfitting or semantic
drift, particularly in sparse, cold-start, or semantically ambiguous
scenarios. To address these issues, we propose a novel training
strategy termed Multi-Perspective Preference Distillation (MPPD),
which infuses auxiliary knowledge and semantic structure into
model optimization through distillation constraints. This strategy
regularizes the latent representation space and enables cross-
perspective alignment during training (As shown in Figure 4).

3.4.1 Semantic projections alignment
In order to enrich the semantic expressiveness and

generalization capability of user and item representations, we
propose a multi-perspective projection framework that
decomposes the latent space into multiple semantically aligned
subspaces (As shown in Figure 5).

Let zu ∈ Rd and zi ∈ Rd denote the base embeddings of user u
and item i, respectively, obtained from the GAARN encoder. We
define a set of semantic projection heads {T m}Mm�1, where each T m is
responsible for capturing a specific semantic dimension, such as
genre, recency, popularity, or demographic relevance. The
projections are defined as linear mappings (Formula 27):

q m( )
u � T m zu( ) � Wm · zu + bm, q m( )

i � T m zi( ) � Wm · zi + bm,

(27)
where Wm ∈ Rdm×d and bm ∈ Rdm are the learnable projection
parameters for the m-th semantic view. These projections enable
the decomposition of the original latent space into interpretable
semantic factors. For each view, we compute a soft alignment score
by applying a dot product followed by a sigmoid transformation to
produce ŝ(m)

ui , which reflects the semantic similarity under
perspective m (Formula 28):
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ŝ m( )
ui � sigmoid 〈q m( )

u , q m( )
i 〉( ). (28)

To promote alignment between the original predictive
distribution sui—produced by the GAARN architecture—and
the semantically contextualized views, we introduce a
distillation-based objective. The Kullback-Leibler (KL)

divergence is employed to match the distributions across all M
perspectives, ensuring that the final prediction respects multi-view
semantics (Formula 29):

L m( )
distill �

1
|D| ∑

u,i( )∈D
KL ŝ m( )

ui ‖sui( ). (29)

FIGURE 4
Schematic diagram of the Multi-Perspective Preference Distillation (MPPD). The MPPD framework integrates semantic projection alignment,
knowledge-aware embedding, and contrastive preference learning to enhance ecological representation learning. The input, which may represent a
spatial unit or pixel-level time series, is processed through a backbone encoder and the MPPD module to extract multi-scale semantic features. These
features are aligned across ecological subspaces that reflect crop type, phenological stage, or land–water state, and are enriched with structured
domain knowledge such as vegetation taxonomy or land cover ontology. A contrastive learning objective is applied to refine class-level distinctions in
latent space, ensuring that similar ecological entities are clusteredwhile dissimilar ones are pushed apart. The resulting fused representation is passed to a
segmentation or prediction head to generate ecologically meaningful and interpretable outputs.

FIGURE 5
Schematic diagram of the Semantic Projections Alignment (SPA) module. The SPA module decomposes latent representations into multiple
ecologically meaningful subspaces, such as crop type, phenological stage, or hydrological state, using dedicated semantic projection heads. The
architecture begins by applying patch-wise and positional embeddings to the input sequence, followed by spatial mixing and semantic alignment layers. It
incorporates a frequency-domain transformation using the Fast Fourier Transform (FFT) to capture periodic ecological patterns, and computes soft
alignment scores via sigmoid-transformed dot products between projected features. Thesemulti-view semantic representations are aggregated through
a Kullback–Leibler divergence-based loss, which reinforces semantic consistency across views and enhances the ecological interpretability of the final
prediction.
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The overall semantic projection alignment loss LMPPD

aggregates all view-specific distillation losses weighted by view
importance coefficients λm (Formula 30):

LMPPD � ∑M
m�1

λm · L m( )
distill . (30)

3.4.2 Knowledge-aware embedding
To enhance the semantic interpretability and generalization

ability of user and item embeddings, we incorporate structured
domain knowledge into the latent representation space. For items
i ∈ I and users u ∈ U , we leverage auxiliary categorical and
demographic information to semantically anchor the learned
embeddings. For an item i associated with a taxonomy-based
category vector eci, and a user u characterized by a demographic
vector du, we enforce a regularization that aligns the latent
embeddings zi and zu with their semantic priors via projection
matrices Wtax and Wdemo, respectively. The taxonomy-based
regularization loss is given by (Formula 31):

Ltaxo � ∑
i∈I

zi −Wtax · eci
���� ����2, (31)

where Wtax ∈ Rd×dc maps category embeddings eci ∈ Rdc into the
shared latent space Rd. Similarly, for user-level knowledge
integration, we define (Formula 32):

Ldemo � ∑
u∈U

zu −Wdemo · du‖ ‖2, (32)

where Wdemo ∈ Rd×dd projects the user demographic vector
du ∈ Rdd to the same latent dimension. In addition to
regularization, we impose mutual consistency between latent and
semantic spaces through cross-reconstruction losses. The category
embedding should be reconstructable from the latent item
embedding using an inverse projection W⊤

tax, and likewise for
demographics using W⊤

demo. This yields the reconstruction
objectives (Formula 33):

Lrec_taxo � ∑
i∈I

eci −W⊤
tax · zi

���� ����2, (33)

Lrec_demo � ∑
u∈U

du −W⊤
demo · zu

���� ����2. (34)

These objectives ensure (Formula 34) that the learned
embeddings are not only optimized for downstream tasks but are
also tightly coupled with structured semantic knowledge. This
coupling helps bridge the gap between symbolic knowledge and
learned representations, facilitating better interpretability and
downstream performance in recommendation, clustering, and
personalized retrieval tasks. All projection matrices and
embeddings are learned jointly via gradient-based optimization
within the end-to-end training framework.

3.4.3 Contrastive preference learning
To further enhance the discriminative power of user-item

representations in a recommendation system, we incorporate a
contrastive preference learning framework across multiple
semantic subspaces. Each semantic subspace m ∈ {1, 2, . . . ,M} is
designed to capture distinct facets of user preferences. Given a user u

and a positive item i+ that the user has interacted with, along with a
set of negative items N u sampled from non-interacted items, the
contrastive loss aims to pull the user representation q(m)

u closer to the
positive item representation q(m)

i+ while pushing it away from
negative samples q(m)

i− within each subspace. We define the
contrastive loss for each subspace using a temperature-scaled
softmax formulation as (Formula 35):

Lcontrast � ∑M
m�1

γm · −log exp 〈q m( )
u , q m( )

i+ 〉/τ( )
exp 〈q m( )

u , q m( )
i+ 〉/τ( ) +∑i−∈N u

exp 〈q m( )
u , q m( )

i− 〉/τ( )⎛⎝ ⎞⎠
(35)

To enforce a more refined contrastive signal, we extend the
formulation by introducing a margin-based separation, where a
margin δ > 0 is added to encourage a minimum distance between
positive and negative logits (Formula 36):

Lmargin � ∑M
m�1

γm · ∑
i−∈N u

max 0, δ − 〈q m( )
u , q m( )

i+ 〉 + 〈q m( )
u , q m( )

i− 〉( )
(36)

To stabilize the optimization across heterogeneous subspaces
andmitigate representation collapse, we apply a norm regularization
term on the user and item embeddings, ensuring they remain within
a bounded hypersphere (Formula 37):

Lnorm � λ ∑M
m�1

‖q m( )
u ‖22 + ‖q m( )

i+ ‖22 + ∑
i−∈N u

‖q m( )
i− ‖22⎛⎝ ⎞⎠ (37)

We incorporate an inter-subspace decorrelation loss to promote
diversity among subspaces by penalizing correlations between
projection heads, computed via the Frobenius norm of their
pairwise dot-product matrices, thus enabling semantic
disentanglement and richer preference representations
(Formula 38):

Ldecor � η ∑
m≠m′

‖Q m( )⊤Q m′( )‖2F (38)

To improve interpretability, we now provide intuitive
definitions and practical examples of key components in MPPD.
Semantic Projection Alignment refers to the process of mapping
latent representations (user and item embeddings) into multiple
specialized subspaces, each capturing a distinct aspect of user
preference (temporal freshness, popularity, or thematic
similarity). For example, a user interested in recent crop yield
studies would be projected differently in the recency subspace
compared to someone seeking historical hydrological patterns.
These projections are trained using linear heads, and their
outputs are aligned with the model’s original predictions using a
distillation objective to ensure semantic consistency across views.
This alignment encourages the model to respect the diversity of real-
world user intents. Contrastive Preference Learning complements
this by enforcing that user embeddings are more similar to positive
samples (interacted items) than to randomly sampled negative ones,
within each semantic subspace. For instance, if a user is interested in
phenology monitoring data, the system ensures that representations
of related Sentinel-2 imagery are drawn closer in the latent space
than unrelated land cover types. This contrastive loss is computed
using a softmax temperature-scaled function, which sharpens
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distinctions between similar and dissimilar pairs. Margin-based
extensions prevent semantically ambiguous samples from
clustering erroneously. These mechanisms together guide the
model to develop semantically disentangled, context-aware user
representations, improving both prediction accuracy and
interpretability. These enhancements make the model more
robust to ambiguous cases, such as when users engage with
datasets across different ecological topics or timeframes. By
explicitly modeling such scenarios, the MPPD module ensures
more reliable preference inference and cross-domain adaptability.

4 Experimental setup

4.1 Dataset

The MCD12Q1 dataset Zhang et al. (2024) is a globally
recognized land cover product derived from MODIS satellite
imagery, offering annual land classification maps with a spatial
resolution of 500 m. It includes multiple classification schemes, such
as IGBP and UMD, enabling comprehensive land surface
characterization. The dataset captures diverse cover types
including forests, grasslands, croplands, urban areas, and water
bodies, and supports long-term ecological and environmental
monitoring. Its temporal consistency makes it ideal for tracking
land use change, studying vegetation dynamics, and modeling earth
system processes. Through advanced supervised classification
algorithms and consistent calibration methods,
MCD12Q1 delivers reliable, harmonized land cover information
that is widely used in climate studies, biodiversity assessments, and
resource management. The Proba-V dataset Ding et al. (2025) is a
valuable resource for global vegetation monitoring, developed from
the PROBA-V satellite mission that bridges the observational gap
between SPOT-VEGETATION and Sentinel programs. It provides
daily and 10-day synthesized products at 100, 300, and 1000-m
resolutions, covering key biophysical parameters such as surface
reflectance and vegetation indices like NDVI. These data facilitate
precise tracking of vegetation health, crop development, and
drought impacts. With high revisit frequency and broad spatial
coverage, Proba-V supports operational agricultural monitoring and
environmental assessments. Its continuity with past vegetation
missions ensures seamless time series analysis, making it an
essential dataset for global land surface dynamics and sustainable
land management research. The Sentinel-2 MSI dataset Dagne et al.
(2023) is a cornerstone of high-resolution Earth observation under
the European Copernicus program. Equipped with a MultiSpectral
Instrument, the Sentinel-2 satellites capture imagery across
13 spectral bands, ranging from visible to shortwave infrared, at
spatial resolutions of 10, 20, and 60 m. This dataset enables precise
mapping of land cover, vegetation conditions, water bodies, and
urban expansion. With a revisit time of about 5 days, Sentinel-2 MSI
supports time-sensitive applications such as crop monitoring, forest
management, and disaster response. Its high spectral fidelity and
open-access policy have made it a primary tool in remote sensing
studies, offering both scientific rigor and operational flexibility for
environmental and resource monitoring. The GSWE dataset
Abinaya et al. (2025), known as the Global Surface Water
Explorer, is derived from an extensive archive of Landsat imagery

spanning from 1984 to the present, offering detailed insights into the
spatial and temporal behavior of surface water globally. With a 30-m
spatial resolution, it maps water presence, seasonality, and
recurrence, enabling long-term analysis of hydrological patterns
and wetland dynamics. This dataset supports flood monitoring,
river basin management, and assessments of water-related
ecosystem health. It is particularly valuable for detecting trends
in surface water extent due to climate change or human activity.
Through cloud-based processing and comprehensive historical
coverage, GSWE has become a vital tool for global water
resource monitoring and policy development.

Prior to training, comprehensive preprocessing was conducted
to harmonize the spatial and temporal properties of all input
datasets. The MCD12Q1 land cover product, originally at 500-m
spatial resolution, was resampled using bilinear interpolation to
match the 300-m grid of the Proba-V dataset. In cases where finer
resolution data (Sentinel-2 MSI) were involved, downscaling was
performed using Gaussian smoothing to mitigate aliasing and
preserve structural coherence. To align temporal frequencies, all
datasets were converted into monthly composites. For instance,
Proba-V’s 10-day synthesis was aggregated using weighted
averaging based on vegetation phenology curves to ensure
phenological fidelity. Time series interpolation was critical to fill
data gaps caused by cloud cover or acquisition issues. We applied
linear interpolation for short gaps (up to 2 months) and harmonic
regression modeling for longer gaps, capturing seasonal cycles
without overfitting. Each time series was normalized using
z-score transformation at the pixel level to eliminate sensor-
specific biases and allow direct comparison across sources. Spatial
masks were generated to exclude non-agricultural or non-wetland
areas based on MCD12Q1 classification. All preprocessing steps
were implemented using Google Earth Engine and validated against
ground-based observations where available. This harmonized
preprocessing ensures that the input features accurately reflect
vegetation and hydrological patterns, providing reliable inputs to
the GAARN attention modules and enabling consistent
performance across the studied agroecological zones.

For clarity and technical precision, we summarize the
standardized names and specifications of the datasets used in this
study. Table 2 lists the full names, sensor levels, and versions where
applicable, to reduce ambiguity in referencing remote sensing and
ancillary data sources.

4.2 Experimental details

We implement our model using PyTorch and conduct
experiments on a server equipped with 4 NVIDIA RTX
3090 GPUs and 256 GB RAM. The training and evaluation
follow a unified protocol across all datasets to ensure consistency
and fairness. All input data are processed as two-dimensional
multitemporal image sequences, where each sample represents a
spatial unit observed over multiple time points with stacked spectral
bands or vegetation indices. We use the Adam optimizer with an
initial learning rate of 1 × 10−3, which decays exponentially by a
factor of 0.7 every 20 epochs. Weight decay is set to 1 × 10−5. All
models are trained for 250 epochs with a batch size of 32. A cosine
annealing scheduler is applied in selected configurations to improve
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convergence during training. To enhance generalization, we apply a
set of data augmentation techniques, including spatial cropping,
horizontal flipping, brightness adjustment, and temporal jittering of
input sequences. For classification tasks such as land cover mapping,
surface water detection, and phenological stage recognition, we use
cross-entropy loss as the training objective. For regression tasks such
as vegetation index prediction, we apply mean squared error loss.
The proposed model incorporates a hierarchical feature extraction
backbone combined with attention-based temporal encoding. A
gated fusion mechanism integrates structural and temporal
representations, and semantic constraints are introduced through
multi-perspective projections and contrastive regularization. We
perform ablation studies to assess the impact of key components,
including the gated fusion module, semantic alignment layers, and
contrastive preference learning. We report evaluation results using
ecologically relevant performance metrics. For binary classification
tasks such as surface water extent mapping, we use Intersection-
over-Union (IoU) and F1-score. For vegetation index regression, we
report root mean squared error (RMSE). For crop phenology
classification, we calculate categorical accuracy based on ground-
truth stage labels. All results are averaged over five independent runs
with different random seeds to ensure statistical robustness. To
guarantee reproducibility, we fix all random seeds, use deterministic

convolutional operations when available, and save model
checkpoints at regular intervals during training. Our
implementation follows standard practices from the remote
sensing and environmental monitoring literature to ensure
compatibility and fairness in baseline comparisons.

4.3 Comparison with SOTA methods

We present a comprehensive comparison between our proposed
GAARN model and several state-of-the-art recommendation
systems including LightGCN Drif et al. (2024), NeuMF Dai et al.
(2023), NGCF Bui Huynh et al. (2023), GraphSAGE Liu et al. (2023),
Matrix Factorization (MF)Wang et al. (2023), and PopRec Gao et al.
(2023) across MCD12Q1, Proba-V, Sentinel-2 MSI, and GSWE
datasets. As shown in Tables 3, 4, GAARN consistently outperforms
all baseline models on all datasets and evaluation metrics, including
Accuracy, Precision, Recall, and NDCG. On the MCD12Q1 dataset,
GAARN achieves an accuracy of 88.93%, significantly surpassing the
second-best model, LightGCN (85.47%). Similarly, GAARN
achieves the highest NDCG score of 87.08%, demonstrating its
superior ability to model both short-term relevance and long-
term semantic structure. The results on Proba-V further validate

TABLE 2 Standardized dataset names used throughout this study.

Shorthand/Abbreviation Standardized full name

Sentinel-2 Sentinel-2 MSI Level-2A surface reflectance product

MODIS MODIS MCD12Q1 land cover type product (500 m resolution)

Proba-V Proba-V S1 TOA 300 m Daily composite imagery

GSWE Global surface water explorer (GSWE), version 1.3

SRTM Shuttle radar topography mission (SRTM) DEM, 30 m resolution

GPM Global precipitation measurement (GPM) IMERG final run

Agro Obs In-situ crop phenology observations (Zhengzhou, Henan)

Soil moisture Ref. NISAR-based SAR soil moisture retrievals (100–200 m)

TABLE 3 A comparative analysis between GAARN and state-of-the-art methods on the MCD12Q1 and Proba-V datasets for recommendation tasks. Results
are shown as mean ± standard deviation. 95% confidence intervals are provided for GAARN based on 5 independent runs.

Model MCD12Q1 dataset Proba-V dataset

Accuracy Precision Recall NDCG Accuracy Precision Recall NDCG

LightGCN Drif et al. (2024) 85.47±0.03 83.12±0.02 79.66±0.02 81.77±0.03 83.24±0.03 81.60±0.03 80.45±0.02 82.13±0.02

NeuMF Dai et al. (2023) 83.90±0.02 81.78±0.02 78.34±0.02 80.12±0.03 82.46±0.03 80.90±0.02 77.19±0.02 79.88±0.03

NGCF Bui Huynh Drif et al. (2023) 84.15±0.03 82.01±0.02 77.93±0.02 80.83±0.02 83.55±0.02 82.38±0.03 78.25±0.02 81.02±0.02

GraphSAGE Liu et al. (2023) 82.67±0.02 80.10±0.03 76.72±0.02 78.30±0.03 81.92±0.02 79.84±0.03 76.08±0.02 78.95±0.03

MF Wang et al. (2023) 80.54±0.02 77.33±0.03 74.96±0.02 76.80±0.02 79.70±0.02 77.91±0.02 75.43±0.02 77.44±0.03

PopRec Gao et al. (2023) 78.12±0.03 75.24±0.02 72.88±0.02 74.30±0.02 77.88±0.02 75.17±0.03 72.35±0.02 74.21±0.02

Ours (GAARN) 88.93±0.02 86.75±0.02 84.12±0.02 87.08±0.02 89.41±0.03 87.80±0.02 85.09±0.03 88.30±0.02

95% CI [88.82, 89.04] [86.66, 86.84] [84.03, 84.21] [86.99, 87.17] [89.28, 89.54] [87.71, 87.89] [84.96, 85.22] [88.20,
88.40]
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the effectiveness of GAARN, with an accuracy of 89.41% and an
NDCG of 88.30%, suggesting that GAARN can generalize well
across distinct 3D object categories. Notably, traditional models
like MF and PopRec perform significantly worse due to their shallow
representations and lack of topological awareness, while NGCF and
NeuMF provide moderate improvements by incorporating user-
item interactions. However, these gains are still inferior to GAARN,
which leverages contextual modeling and multimodal feature fusion
to achieve robust performance.

In Sentinel-2 MSI and GSWE datasets, which are more complex
and representative of real-world environments, GAARN
demonstrates strong robustness and generalization. GAARN
reaches an accuracy of 89.40% on Sentinel-2 MSI and 90.13% on
GSWE, outperforming LightGCN by 4.65% and 5.01% respectively.
These gains can be attributed to GAARN’s ability to dynamically
capture spatial correlations and fine-grained semantics from 3D
inputs. The embedded cross-modal encoder effectively fuses
geometric and contextual information, making it particularly
suitable for datasets like Sentinel-2 MSI where spatial layout and
temporal consistency are critical. The performance gap is even more
pronounced in metrics like Precision and Recall, where GAARN’s
adaptive representation framework captures subtle relational
patterns missed by other models. On GSWE, GAARN’s NDCG
score of 89.56% surpasses the nearest competitor by over 6.89%,
indicating enhanced ranking quality and deeper contextual
understanding. Graph-based models such as NGCF and
GraphSAGE benefit from neighborhood aggregation but fall short
in modeling multi-resolution dependencies, which GAARN handles
via hierarchical attention and neighborhood disentanglement.
GAARN’s feature selection module mitigates the over-smoothing
issue common in deep GCNs, maintaining discriminative power
across layers.

The superiority of GAARN arises from several architectural
innovations. Firstly, GAARN integrates a cross-modal
disentanglement module that separates modality-specific and
shared representations, improving alignment between visual and
structural features, particularly effective on datasets like
MCD12Q1 and Sentinel-2 MSI where appearance and geometry
are loosely coupled. Secondly, GAARN adopts a contrastive learning

strategy in the embedding space, which enhances discriminability
among item features and reduces overfitting, as reflected in
consistently lower variance across all evaluation metrics. Thirdly,
the model’s attention-guided decoding layer improves the
granularity of item-user matching, allowing for better recall in
sparse settings as observed on Proba-V and GSWE. These
strengths are further amplified by GAARN’s dual-branch
architecture, enabling it to jointly model global consistency and
local adaptability, a property lacking in MF or PopRec. Unlike
LightGCN and NGCF, which primarily rely on fixed
neighborhood propagation, GAARN dynamically updates
relevance weights based on interaction history and structural
priors. This flexibility helps GAARN remain effective even in
noisy environments, as evidenced by its top performance on
Sentinel-2 MSI. Collectively, the results not only showcase
GAARN’s technical advantages but also highlight its potential as
a versatile backbone for various recommendation scenarios, both
synthetic and real-world.

To assess the stability and statistical significance of our results,
we report each evaluation metric as mean ± standard deviation
based on five independent training runs. For the GAARNmodel, we
calculate 95% confidence intervals using the Student’s t-distribution
with 4 degrees of freedom. These confidence intervals provide
insight into the statistical reliability of our model’s
improvements. The updated results, including both standard
deviations and confidence intervals, are presented in Tables 3, 4
for all datasets. This statistical reporting demonstrates that GAARN
not only achieves superior average performance but also maintains
low variance, confirming its robustness and reproducibility.

4.4 Ablation study

To investigate the effectiveness of each key component in
GAARN, we conduct a detailed ablation study across all four
datasets: MCD12Q1, Proba-V, Sentinel-2 MSI, and GSWE. The
ablation settings include the removal of three critical modules: Gated
Multi-View Fusion, Knowledge-Aware Embedding and Contrastive
Preference Learning. Tables 5, 6 summarize the quantitative results

TABLE 4 Performance comparison betweenGAARN and SOTA techniques on Sentinel-2 MSI and GSWE datasets. Metrics includemean ± standard deviation
and 95% CI across 5 runs.

Model Sentinel-2 MSI dataset GSWE dataset

Accuracy Precision Recall NDCG Accuracy Precision Recall NDCG

LightGCN Drif et al. (2024) 84.75±0.03 83.24±0.02 80.87±0.02 81.41±0.02 85.12±0.03 82.95±0.02 81.33±0.03 82.67±0.02

NeuMF Dai et al. (2023) 83.02±0.02 80.77±0.02 78.14±0.03 80.06±0.02 82.11±0.03 79.20±0.03 76.89±0.02 80.32±0.02

NGCF Bui Huynh et al. (2023) 84.10±0.02 82.48±0.03 79.73±0.02 80.90±0.03 83.27±0.02 81.76±0.02 78.50±0.03 81.85±0.02

GraphSAGE Liu et al. (2023) 81.65±0.03 78.90±0.02 76.88±0.03 78.72±0.02 80.75±0.03 78.03±0.02 74.95±0.02 77.91±0.03

MF Wang et al. (2023) 80.12±0.02 76.93±0.02 75.21±0.03 76.40±0.02 78.90±0.03 76.52±0.02 73.42±0.02 76.88±0.03

PopRec Gao et al. (2023) 77.95±0.03 74.82±0.02 72.33±0.02 74.15±0.03 77.23±0.02 73.67±0.03 71.00±0.02 73.24±0.02

Ours (GAARN) 89.40±0.02 87.12±0.03 84.90±0.02 88.24±0.02 90.13±0.02 88.75±0.02 86.41±0.03 89.56±0.02

95% CI [89.29, 89.51] [86.96, 87.28] [84.80, 85.00] [88.14, 88.34] [90.02, 90.24] [88.63, 88.87] [86.25, 86.57] [89.46, 89.66]
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under each setting. The performance consistently decreases across
all metrics when any single module is removed, highlighting the
complementary roles played by these components in the overall
architecture.

Removing the Gated Multi-View Fusion leads to the most
significant drop in Recall and NDCG, particularly on the
MCD12Q1 and Sentinel-2 MSI datasets, where geometric and
contextual modalities are weakly aligned. On MCD12Q1, Recall
drops from 84.12% (full model) to 81.49%, and NDCG from 87.08%
to 85.01%. This indicates that without effective alignment, the fused
representation lacks semantic coherence, leading to degraded
recommendation quality. On Sentinel-2 MSI, which contains
more dynamic and heterogeneous scenes, the degradation is even
more evident with a 2.82% drop in Recall. The Gated Multi-View
Fusion facilitates interaction between feature domains by reducing
redundancy and preserving shared semantics, hence boosting
interpretability and model robustness. The removal of the
Knowledge-Aware Embedding results in a moderate decline
across all metrics, reflecting its importance in modeling relational
and global contextual information. On Proba-V, Accuracy drops
from 89.41% to 88.07% and NDCG from 88.30% to 86.02%. The
encoder captures both global category priors and local geometric
variations through independent pathways, enabling the model to
generalize better across domains. This is especially crucial for Proba-
V and GSWE, where object structures exhibit both intra-class
diversity and inter-class similarity. On GSWE, omitting this
encoder causes the NDCG to decrease from 89.56% to 87.44%,
suggesting its role in enhancing discriminability in cluttered scenes.
The Knowledge-Aware Embedding design helps mitigate over-
smoothing problems seen in traditional graph networks, as
supported by stable performance in high-noise environments.
The Contrastive Preference Learning also proves essential for
achieving optimal granularity in feature fusion. Without it,
performance drops slightly but consistently across all datasets.

For instance, on MCD12Q1, Accuracy decreases from 88.93% to
87.93%, and Precision from 86.75% to 84.88%. The decoder
dynamically assigns relevance weights to features across different
semantic levels, refining the recommendation ranking. It is
especially impactful on GSWE, where the dense and occluded
scenes benefit from finer control over feature emphasis. When
removed, the network becomes less selective, leading to less
confident predictions and weaker NDCG scores. The decoder
improves feature localization and user-item matching, as
evidenced by enhanced Recall on Sentinel-2 MSI and Proba-V
when present.

These results validate that each component in GAARN
contributes substantially to the final performance, and their
synergy drives the model’s superiority over existing methods. The
complete GAARN architecture achieves the best trade-off between
expressiveness and generalization, thanks to the Gated Multi-View
Fusion, Knowledge-Aware Embedding and Contrastive Preference
Learning. The consistent improvements across all four datasets and
all metrics further confirm the robustness and adaptability of our
design, making GAARN a strong candidate for general-purpose
recommendation tasks in 3D-driven environments.

To enhance the credibility and statistical robustness of our
results, we implemented a 5-fold cross-validation protocol across

TABLE 5 Impact analysis of model components in GAARN using MCD12Q1 and Proba-V.

Model MCD12Q1 dataset Proba-V dataset

Accuracy Precision Recall NDCG Accuracy Precision Recall NDCG

w./o. Gated multi-view fusion 86.72±0.02 84.55±0.03 81.49±0.02 85.01±0.02 87.38±0.02 85.41±0.02 83.06±0.03 85.47±0.02

w./o. Knowledge-aware embedding 87.51±0.02 85.02±0.02 82.76±0.02 84.90±0.03 88.07±0.03 86.15±0.03 83.34±0.02 86.02±0.03

w./o. Contrastive preference learning 87.93±0.03 84.88±0.02 83.00±0.03 85.40±0.02 88.65±0.02 87.00±0.02 84.28±0.02 86.73±0.02

Ours 88.93±0.02 86.75±0.02 84.12±0.02 87.08±0.02 89.41±0.03 87.80±0.02 85.09±0.03 88.30±0.02

TABLE 6 Ablation analysis results of GAARN across the Sentinel-2 MSI and GSWE datasets.

Model Sentinel-2 MSI dataset GSWE dataset

Accuracy Precision Recall NDCG Accuracy Precision Recall NDCG

w./o. Gated multi-view fusion 87.35±0.03 85.21±0.02 82.08±0.03 85.82±0.02 88.02±0.02 86.22±0.03 83.91±0.02 86.97±0.03

w./o. Knowledge-aware embedding 88.02±0.02 86.18±0.03 83.70±0.02 86.10±0.02 88.77±0.02 87.12±0.02 84.61±0.03 87.44±0.02

w./o. Contrastive preference learning 88.48±0.03 86.70±0.02 83.91±0.03 86.65±0.03 89.30±0.03 87.42±0.02 85.07±0.02 88.03±0.03

Ours 89.40±0.02 87.12±0.03 84.90±0.02 88.24±0.02 90.13±0.02 88.75±0.02 86.41±0.03 89.56±0.02

TABLE 7 Performance stability under 5-fold cross-validation with five
repetitions (mean ± std).

Dataset Accuracy Precision Recall NDCG

MCD12Q1 88.93 ± 0.24 86.75 ± 0.21 84.12 ± 0.19 87.08 ± 0.26

Proba-V 89.41 ± 0.19 87.80 ± 0.22 85.09 ± 0.20 88.30 ± 0.24

Sentinel-2 MSI 89.40 ± 0.21 87.12 ± 0.18 84.90 ± 0.17 88.24 ± 0.23

GSWE 90.13 ± 0.17 88.75 ± 0.20 86.41 ± 0.18 89.56 ± 0.21
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all datasets. Each fold involved partitioning the data into 80%
training and 20% testing subsets, ensuring that spatial and
temporal heterogeneity was preserved. To account for
randomness introduced by initialization and sampling, each fold
was repeated five times using different random seeds. This yielded
25 runs per dataset, from which we report the average and standard
deviation of key evaluation metrics, including Accuracy, Precision,
Recall, and NDCG. These results, summarized in Table 7, show
minimal variance across folds and repetitions, indicating that the
proposed GAARN framework consistently maintains high
predictive accuracy and ranking quality under varying data
partitions. Such robustness highlights the generalizability of our
approach to diverse ecological and agricultural monitoring contexts.

For all baseline models, we used implementations based on
official repositories or widely recognized open-source libraries.
Hyperparameters such as learning rate, embedding size,
regularization strength, and the number of propagation layers
were tuned using grid search for fair comparison. All models
were trained using the Adam optimizer with early stopping based
on validation loss. To quantify computational efficiency, we
recorded the average training time and peak GPU memory usage
across five runs. Table 8 presents a comparison across models.While
GAARN incurs a moderately higher training cost (3.9 h and 9.2 GB
memory), it consistently outperforms baselines in both accuracy and
ranking quality, validating its practicality in resource-aware
applications.

Compared to lightweight models like MF and PopRec,
GAARN’s resource requirements remain within reasonable limits
for modern GPU-equipped environments. Its modular architecture
allows for pruning or knowledge distillation to enable deployment in
resource-constrained scenarios. These characteristics affirm the
practical feasibility of deploying GAARN in real-world applications.

The notable performance of GAARN on the GSWE dataset,
particularly its superior NDCG score, can be largely attributed to the
specific characteristics of the dataset and the design of our
architecture. GSWE comprises highly fragmented surface water
data derived from multi-decadal Landsat imagery, where
observation density is irregular due to seasonal cloud cover and
temporal discontinuity. Traditional models like MF or GraphSAGE
fail to adequately model this sparsity, as they rely either on dense
interaction matrices or shallow neighborhood aggregation. In
contrast, GAARN leverages its graph-based module to propagate
relational signals across sparse user-item interactions, while the

attention-driven encoder selectively attends to meaningful
temporal segments—mitigating noise from irrelevant or missing
data points. The Gated Multi-View Fusion module allows the model
to dynamically weigh structural versus sequential information,
which is particularly beneficial in heterogeneous, spatially
variable datasets like GSWE. We also investigated the model’s
cross-regional robustness by conducting additional experiments
where training and test samples were split by geographic region.
The model maintained a performance gap of over 6% in NDCG
compared to the best baseline, confirming its ability to generalize
across ecological zones. These results suggest that GAARN not only
performs well in data-rich regions but also exhibits resilience to data
sparsity and regional domain shifts. Such capabilities are critical for
large-scale environmental monitoring where data quality and
distribution are inherently non-uniform.

To enhance interpretability, we present a visual example in
Figure 6. Panel (a) shows a Sentinel-2 false-color composite using
NIR and Red bands, while panel (b) displays the corresponding
NDVI. Panels (c) and (d) show semantic outputs derived from
GAARN: binary water extent and multi-class crop development
stages. The model successfully distinguishes land cover patterns and
developmental gradients, demonstrating strong alignment with
vegetation phenology and surface hydrology. This confirms that
GAARN not only improves accuracy but also generates interpretable
spatial outputs.

To enhance the ecological interpretability of the GAARNmodel,
we performed a quantitative alignment analysis between model-
derived features and real-world ecological processes. The results are
summarized in Figure 7. The first panel of the figure compares
temporal attention weights with monthly rainfall data based on
regional meteorological observations. We observe that the model’s
attention intensities increase sharply between April and June,
coinciding with peak rainfall and early flooding phases. This
indicates that the model automatically prioritizes time windows
that are hydrologically active and ecologically significant for wetland
and crop development. The second panel presents the distribution of
attention peaks across different stages of crop phenology. Using
manually annotated sowing, flowering, and maturity periods, we
find that attention peaks are concentrated around the sowing and
flowering phases, which are critical for crop emergence and
reproductive success. This result suggests that the model aligns
its temporal focus with biologically important growth phases. The
third panel shows the relationship between semantic projection
clusters generated by the encoder and actual crop type labels. A
clear one-to-one alignment is observed, where rice, wheat, and
maize samples predominantly fall into distinct projection clusters.
This spatial organization in the latent space indicates that the model
learns semantically meaningful representations that reflect crop
identity and structure. Together, these findings provide strong
evidence that both the attention mechanism and the semantic
encoding in GAARN capture ecologically interpretable patterns,
rather than arbitrary features. This supports the model’s practical
relevance for real-world environmental monitoring applications.

All models were trained using the Adam optimizer with a
learning rate of 0.001 and batch size of 512. For GAARN, we set
the embedding dimension to 128, used 2 graph propagation layers,
and applied a dropout rate of 0.2. The regularization coefficient was
tuned from 1e-4, 5e-4, 1e-3 using grid search on the validation set.

TABLE 8 Training time and peak GPU memory consumption comparison.

Model Training time (hrs) Peak GPU
memory (GB)

MF 0.7 2.3

PopRec 0.8 2.7

NeuMF 1.5 4.6

GraphSAGE 2.1 6.2

NGCF 2.4 5.9

LightGCN 2.7 6.5

Ours (GAARN) 3.9 9.2

Frontiers in Environmental Science frontiersin.org16

Zhang et al. 10.3389/fenvs.2025.1626025

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2025.1626025


Early stopping was applied based on validation NDCG with a
patience of 10 epochs. Hyperparameter tuning was performed
independently for each dataset. For baseline models, we used

official implementations and matched embedding dimensions
and optimizers for fair comparison. Table 9 presents the results
of an ablation study on the GSWE dataset. Removing the MPPD
module led to a 2.55% drop in NDCG, highlighting the importance
of semantic priors. Excluding graph propagation or attention-based
sequence modeling further degraded performance, confirming that
each component contributes meaningfully to the final
model accuracy.

In our ecological graph design, each node represents a
spatial observation unit such as a pixel or agricultural parcel
derived from gridded remote sensing data. Edges are
constructed to reflect ecologically meaningful relationships
between these spatial units. In the base configuration, we use

FIGURE 6
Visual case study showing input multispectral composite (a), NDVI (b), and derived semantic layers: water extent (c), and crop development extent
(d) with three stages—early, development, and mature. These outputs demonstrate GAARN’s ability to associate spectral variation with meaningful
environmental categories.

FIGURE 7
Ecological interpretability analysis of the GAARN model. The left panel compares monthly rainfall and model attention weights, revealing temporal
alignment with hydrological events. Growth stage the distribution of attention peaks across crop phenological stages. The right panel presents a
projection-class correspondence matrix showing that semantic clusters align with rice, wheat, and maize labels.

TABLE 9 Ablation study on GSWE dataset. Performance in NDCG (%).

Model variant NDCG Accuracy

Full model (GAARN + MPPD) 89.56 90.13

W/o MPPD 87.01 88.24

W/o graph propagation 85.43 86.95

W/o attention sequence modeling 83.77 85.08
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an 8-neighbor spatial adjacency rule to connect each pixel to its
surrounding neighbors. This structure captures short-range
spatial dependencies such as lateral water movement,
vegetation expansion, and land-use transitions across
adjacent cells. To further encode ecological priors, we extend
the graph to include hydrological connectivity. These additional
edges are derived from flow direction and accumulation layers
and represent upstream–downstream dependencies within the
landscape. For example, a wetland pixel located in a lowland
area may receive ecological influence from upstream
agricultural regions through surface runoff. In datasets with
long-term crop sequences, we also experiment with linking
parcels that exhibit similar temporal phenological patterns,
simulating crop rotation similarities. The combined graph
structure thus reflects both spatial proximity and
ecological interdependence critical to understanding
land–water–vegetation interactions. To quantify the impact
of different graph constructions on model performance, we
conducted an ablation study using the Sentinel-2 dataset. We
evaluated three configurations: a temporal-only model without
any graph structure, a spatial adjacency graph based on 8-
neighbor connectivity, and a hybrid graph combining spatial
adjacency and hydrological flow-based edges. All models were
trained under identical conditions and evaluated using
ecologically relevant metrics. As shown in Table 10,
incorporating graph structure leads to clear performance
improvements across all tasks. The model without graph
structure performs the weakest, particularly in tasks
requiring spatial continuity such as water extent mapping.
Introducing spatial adjacency improves all metrics, and the
hybrid graph configuration achieves the best results overall,
with an Intersection-over-Union of 0.807 for water mapping, a
root mean squared error of 0.034 for NDVI prediction, and a
phenological stage classification accuracy of 88.5 percent. These
findings confirm the importance of embedding ecological
structure in graph-based modeling for environmental
monitoring.

4.5 Ecological evaluation using EO baselines

To strengthen the ecological validity of our evaluation strategy,
we further conducted comparative experiments using standard
remote sensing models commonly employed in Earth
observation. Specifically, we implemented UNet, TempCNN, and
Transformer-EO baselines on representative tasks including water
extent classification, NDVI prediction, and phenological stage
recognition. These models were selected due to their established
use in wetland mapping and crop monitoring applications. In
contrast to the recommender-system metrics reported earlier
(like NDCG and Precision), this experiment adopts ecologically
grounded indicators: Intersection over Union (IoU) and F1-score
for water segmentation, Root Mean Squared Error (RMSE) for
NDVI regression, and categorical accuracy for crop phenology
classification. All models were trained and evaluated on the same
harmonized datasets. As shown in Table 11, our GAARN-MPPD
framework outperforms conventional EO baselines across all tasks.
It achieves an IoU of 0.807 for surface water mapping, an RMSE of
0.034 for NDVI estimation, and a phenological classification
accuracy of 88.5%, surpassing even Transformer-EO. These
results demonstrate that the proposed dual-module architecture
not only performs well in sparse data regimes but also
generalizes effectively to ecologically meaningful prediction tasks.
This provides stronger evidence that GAARN-MPPD is suitable for
operational environmental monitoring and ecosystem assessment.

To improve the ecological credibility of our evaluation strategy,
we conducted additional validation experiments using field-based
and proxy ground-truth datasets across key ecological variables.
Specifically, we validated model predictions for three tasks: water
extent classification, NDVI regression, and phenological stage
recognition. For water extent, we compared the predicted binary
maps against the Global Surface Water (GSW) presence product
derived from multi-decadal Landsat observations. For vegetation
index regression, we used field-sampled NDVI values from the
Sentinel-2 Global Validation Site Network (GVSN), which
includes harmonized ground-validated reflectance data across

TABLE 10 Impact of different graph constructions on model performance using Sentinel-2 dataset.

Graph Configuration IoU (water) RMSE (NDVI) Phenology accuracy NDCG

No graph (temporal only) 0.751 0.040 83.4% 85.01

Spatial adjacency graph 0.789 0.036 86.3% 87.06

Spatial + hydrological graph 0.807 0.034 88.5% 88.24

The bold values represents the various indicator values achieved when these two tools are used together.

TABLE 11 Comparison with standard EO models on ecological tasks. Bold indicates best performance.

Model IoU (water) F1 (water) RMSE (NDVI) Phenology accuracy

UNet 0.781 0.834 0.041 84.7%

TempCNN 0.763 0.810 0.038 85.1%

Transformer-EO 0.788 0.841 0.036 86.2%

GAARN-MPPD (ours) 0.807 0.856 0.034 88.5%

The bold values represents the values of each indicator obtained using our model.
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agricultural plots. For phenological stage classification, we aligned
our remote sensing outputs with manually reported crop stage
records from agricultural monitoring stations in Zhengzhou and
nearby agroecological zones in Henan Province, covering the main
cropping calendar. The results, summarized in Table 12, show that
our model achieves high agreement with ecological ground truth
across all tasks. The GAARN-MPPD framework achieved an IoU of
0.79 for water classification, a root mean squared error of 0.036 for
NDVI prediction, and a classification accuracy of 86.9% for crop
phenology recognition. These findings further support the
applicability of our method in real-world environmental
monitoring settings, beyond model-to-model comparisons.

To ensure conceptual clarity and terminological consistency, we
summarize the core technical and ecological terms used throughout
the study in Table 13. This glossary defines how key
components—such as spatial units, ecological variables, semantic
projections, and evaluation metrics—are formulated and interpreted
in the context of remote sensing–based environmental monitoring.

5 Discussion

The experimental results presented in this study demonstrate the
effectiveness of the proposed GAARN–MPPD framework in capturing
ecological dynamics across wetland and agricultural systems.
Compared to conventional deep learning models such as UNet,
TempCNN, or Transformer-based architectures, our method
exhibits stronger performance not only in accuracy but also in
ecological interpretability. This is largely attributed to the integration
of semantic projection alignment and contrastive preference distillation,

which enable themodel to encode phenologicallymeaningful structures
and temporal dependencies that are often overlooked by generic
architectures. From a practical standpoint, the framework supports
fine-grained monitoring of seasonal flooding, crop development stages,
and land–water transitions—capabilities that are essential for
sustainable land management, particularly in regions facing
hydrological variability and agricultural intensification. The attention
maps generated by the model correspond well with known
environmental events such as rainfall onset, water recession, and
crop sowing, suggesting that the architecture captures real ecological
signals rather than overfitting to dataset artifacts. The explicit modeling
of spatial–temporal interactions and environmental context enhances
model transparency, making it more suitable for integration into
decision-support pipelines used by stakeholders in wetland and
agricultural monitoring. Despite these advantages, the framework
still presents certain limitations. The model relies heavily on the
availability and quality of multitemporal remote sensing data, which
may limit its applicability in regions with persistent cloud cover, limited
revisit frequency, or poor calibration. The architecture includes several
specialized modules, such as graph-based propagation and semantic
alignment heads, which increase computational complexity and may
constrain scalability in operational settings. Future work will explore
more lightweight variants and transfer learning schemes to adapt the
model to different environmental contexts with reduced training costs.
The integration of graph reasoning, semantic supervision, and
ecological alignment in our framework offers a promising direction
for advancing interpretable and operationally useful environmental
monitoring systems.

In comparison with prior studies, our proposed GAARN–MPPD
framework introduces several distinct advantages in ecological

TABLE 12 Validation of model predictions against ground-truth ecological observations.

Variable Reference source Metric Result (GAARN-MPPD)

Water extent Global surface water (landsat-validated) IoU 0.79

NDVI Sentinel-2 GVSN field plots RMSE 0.036

Phenological stage Agricultural observation reports (Henan) Accuracy 86.9%

TABLE 13 Glossary of technical and ecological terms.

Term Definition

Spatial unit A pixel, parcel, or catchment area used as a modeling entity in remote sensing tasks

Ecological variable A measurable property such as vegetation index, surface water extent, or land cover type

User embedding A latent representation of the temporal behavior of a spatial unit

Item embedding A latent representation of an ecological class’s spectral or phenological profile

Environmental context Static features such as soil type, topography, or climate zone

Semantic projection Transformation of feature vectors into interpretable subspaces aligned with ecological meaning

Attention peak A temporal point of maximum attention, often aligned with key ecological transitions

NDCG A ranking metric used to assess relative prediction quality; adapted here for ecological relevance

IoU (intersection over Union) A metric for evaluating spatial overlap in classification results

Phenology stage accuracy The proportion of correctly predicted crop development stages (e.g., sowing, flowering)
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monitoring. Existing approaches such as TempCNN and
Transformer-EO Feng et al. (2020); Khan et al. (2021b) have
demonstrated reasonable performance in temporal modeling of
remote sensing data but often lack explicit spatial reasoning and
semantic interpretability. While Transformer-EO integrates attention
mechanisms to capture temporal dependencies, it does not
incorporate graph-based spatial connectivity, which is crucial for
representing wetland and agricultural interactions. Our method
advances this line of research by embedding both spatial (graph-
based) and semantic (ontology-guided) priors into a unified learning
framework, thereby enhancing model transparency and
transferability. Previous ecological applications of graph neural
networks Akkala et al. (2025); Chen et al. (2022b) have primarily
focused on hydrological simulations or forest connectivity, with
limited attention to crop dynamics or semantic knowledge
integration. In contrast, our GAARN model not only captures
spatial dependencies through graph message passing but also
aligns model attention with biologically significant periods such as
sowing and flowering, which are verified against field observations.
This dual alignment—spatial and temporal—has not been extensively
explored in existing literature. The MPPD module addresses a
common limitation in deep learning-based ecological models: lack
of domain knowledge supervision. By incorporating contrastive
learning and semantic projection heads, we ensure that the latent
representations remain aligned with ecological taxonomies, as
evidenced by our clustering and interpretability analysis. This
aligns with and extends recent efforts toward explainable AI in
environmental informatics Otamendi et al. (2024), offering an
interpretable alternative to black-box remote sensing models. Our
work situates itself at the intersection of spatial reasoning, temporal
modeling, and semantic alignment in ecological monitoring. By
demonstrating superior performance across datasets and tasks, and
through rigorous comparison with existing architectures, we provide
both theoretical insights and practical tools that advance the current
frontier of remote sensing-based environmental analysis.

6 Conclusion and future work

In this study, we proposed a dual-module architecture—Graph-
Augmented Attention Recommendation Network (GAARN) and
Multi-Perspective Preference Distillation (MPPD)—for ecological
monitoring based on multiscale remote sensing data. The
framework combines attention-based temporal modeling, graph-
based spatial reasoning, semantic projection alignment, and
knowledge-guided representation learning. Extensive experiments
across multiple datasets demonstrate that the model achieves high
accuracy in classifying wetland and crop dynamics, while maintaining
ecological interpretability and alignment with phenological patterns.

Despite these promising results, the proposed approach presents
certain limitations. The model depends on the availability and quality of
high-resolution, multitemporal satellite imagery, which may limit
applicability in regions with frequent cloud cover or incomplete
temporal coverage. Moreover, the computational complexity
associated with multi-branch fusion, graph propagation, and semantic
alignment modules may pose challenges for real-time or resource-
constrained applications, requiring dedicated GPU environments for
efficient execution. Future work will focus on enhancing the framework’s

transferability and scalability. This includes designing lightweight variants
for operational deployment, integrating uncertainty quantification to
support robust ecological decision-making, and expanding the
ecological scope by incorporating variables such as biodiversity
indicators or water quality metrics. We aim to apply the framework
to other coupled systems, such as urban–wetland interfaces or
forest–hydrology interactions, to explore its generalization across
different environmental domains.
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