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Abstract— In the context of global climate change and frequent
extreme weather events, forecasting future geospatial vegetation
states under these conditions is of significant importance.
The vegetation change process is influenced by the complex
interplay between dynamic meteorological variables and static
environmental variables, leading to high levels of uncertainty.
Existing deterministic methods are inadequate in addressing
this uncertainty and fail to accurately model the impact of
these variables on vegetation, resulting in blurry and inaccurate
forecasting results. To address these issues, VegeDiff is proposed
for the geospatial vegetation forecasting task. To our best
knowledge, VegeDiff is the first to employ a diffusion model to
probabilistically capture the uncertainties in vegetation change
processes, enabling the generation of clear and accurate future
vegetation states. VegeDiff also separately models the global
impact of dynamic meteorological variables and the local effects
of static environmental variables, thus accurately modeling the
impact of these variables. Extensive experiments on geospatial
vegetation forecasting tasks demonstrate the effectiveness of
VegeDiff. By capturing the uncertainties in vegetation changes
and modeling the complex influence of relevant variables,
VegeDiff outperforms existing deterministic methods, providing
clear and accurate forecasting results of future vegetation states.
Interestingly, this study demonstrates the potential of VegeDiff in
applications of forecasting future vegetation states from multiple
aspects and exploring the impact of meteorological variables on
vegetation dynamics. The code of this work will be available at
https://github.com/walking-shadow/Official_VegeDiff.

Index Terms— Geospatial vegetation forecasting, high resolu-
tion, latent diffusion model (LDM), remote sensing, variational
autoencoder.

Received 31 July 2024; revised 10 April 2025; accepted 20 April 2025.
Date of publication 28 April 2025; date of current version 20 May 2025. This
work was supported in part by Shanghai Artificial Intelligence Laboratory,
in part by the Joint Fund for Meteorology of the National Natural Science
Foundation of China under Grant U244220069, in part by the National Natural
Science Foundation of China under Grant 42071297, in part by the AI and
AI for Science Project of Nanjing University under Grant 020914380141, in
part by the Fundamental Research Funds for the Central Universities under
Grant 020914380119, and in part by the Youth Innovation Team of China
Meteorological Administration under Grant CMA2024QN02. (Corresponding
authors: Hao Chen; Xueliang Zhang.)

Sijie Zhao, Xueliang Zhang, and Pengfeng Xiao are with Jiangsu Provincial
Key Laboratory of Geographic Information Science and Technology,
Key Laboratory for Land Satellite Remote Sensing Applications of
Ministry of Natural Resources, School of Geography and Ocean Science,
Nanjing University, Nanjing 210023, China (e-mail: zsj@smail.nju.edu.cn;
zxl@nju.edu.cn; xiaopf@nju.edu.cn).

Hao Chen and Lei Bai are with Shanghai Artificial Intelligence
Laboratory, Shanghai 200000, China (e-mail: chenhao1@pjlab.org.cn;
bailei@pjlab.org.cn).

Digital Object Identifier 10.1109/TGRS.2025.3564317

I. INTRODUCTION

GEOSPATIAL forecasting on Earth involves analyzing
historical data and related influential factors of the

Earth’s surface to identify changing patterns and forecast
future states. In the context of global climate change
and frequent extreme weather events [1], [2], [3], [4],
understanding potential changes and future states, such as land
use/land cover transformations [5], [6], future crop yields [7],
[8], and vegetation growth [9], [10], is crucial for policy-
making and decision-making. The Earth’s surface exhibits
significant complexity and variability, with numerous factors
such as meteorological and topographic variables playing
pivotal roles [11], [12]. Minor historical differences can lead
to vastly different future states, indicating a high degree of
uncertainty in geospatial changes.

The rapid growth of Earth observation data has made it
feasible to apply deep learning for geospatial forecasting [13],
[14], [15]. However, research in this area remains scarce, with
most studies relying solely on historical geospatial data for
future forecasting [16]. This approach is insufficient because
geospatial changes are heavily influenced by various factors,
making it challenging for models to learn patterns solely
from geospatial state variables. Therefore, it is essential
to incorporate related variables when forecasting geospatial
changes.

Given the urgent challenges posed by global climate
change, understanding the evolution of the Earth’s surface
is paramount. Meteorological variables, which inherently
exhibit diurnal and other temporal variations (i.e., dynamic
temperature and precipitation patterns), play a crucial role
in influencing geospatial vegetation changes [17], [18].
When these dynamic meteorological factors interact with
static environmental conditions (e.g., topography), they can
immensely impact vegetation distribution and dynamics. The
variability and complexity of geospatial vegetation changes
are highly pronounced, necessitating models to capture
uncertainties in the change process. On the one hand, the
future geospatial vegetation states are influenced by historical
vegetation states and a multitude of related variables. Minor
differences in historical vegetation and related variables
can be amplified during the change process, leading to
significant disparities in future vegetation states. On the
other hand, meteorological variables, topographic variables,
and other related factors have a significant impact on the
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vegetation change process. These variables interact differently
under various historical vegetation states, highlighting the
complexity of the vegetation change process.

Using the geospatial vegetation forecasting task introduced
in EarthNet2021X [19], the vegetation state is forecasted under
the constraints of dynamic meteorological variables (wind
speed, relative humidity, shortwave downwelling radiation,
rainfall, sea-level pressure, and temperature (daily mean, min
& max) ) and static environmental variables (digital elevation
model and land cover), as shown in Fig. 1(a). Specifically,
two dynamic variables are utilized: high-resolution geospatial
vegetation states and low-resolution dynamic meteorological
variables from time 1 to T + K , accompanied by static
environmental variables corresponding to the geospatial
vegetation states. The task paradigm involves forecasting the
geospatial vegetation states from time T + 1 to T + K , given
the geospatial vegetation states from time 1 to T , dynamic
meteorological variables from time 1 to T + K , and the static
environmental variables. Geospatial vegetation states refer to
the spatial distribution of vegetation on the Earth’s surface.
Dynamic meteorological variables are characterized by their
continuous changes, primarily reflecting daily fluctuations in
this context. In contrast, static environmental variables change
very slowly and can be approximated as static within this
paradigm. Therefore, geospatial vegetation forecasting aims
to predict how the overall spatial distribution of geospatial
vegetation will change in the future, influenced by the interplay
between relatively constant static environmental variables and
the daily dynamic variations of meteorological variables.

Based on this paradigm, many studies have utilized deep
learning approaches for forecasting geospatial vegetation
and have achieved commendable results [19], [20], [21],
[22]. However, three main issues prevent these models from
effectively forecasting future vegetation states, as shown in
Fig. 1(b).

1) Difficulty in handling the high uncertainty of vegetation
changes. The complexity and variability of geospatial
vegetation changes mean that minor differences in
historical vegetation and related variables can lead
to substantial differences in future states, requiring
the ability of models to capture the high uncertainty
of vegetation changes. However, these models are
deterministic models that would generate blurry and
inaccurate vegetation forecasting results that lack crucial
details.

2) Failure to utilize vast amounts of remote sensing
data. These deterministic models are trained on the
limited data relevant to the vegetation forecasting task,
overlooking the plethora of available remote sensing
data that could enhance the model’s understanding of
vegetation states.

3) Inadequate approaches to address the causal relation-
ships of related variables on vegetation changes. These
deterministic models simply concatenate remote sensing
images, dynamic meteorological variables, and static
environmental factors, feeding them into the model
without properly modeling the complex interactions
among these variables on vegetation changes.

To address the aforementioned issues, a probabilistic model
based on latent stable diffusion is introduced for geospatial
vegetation forecasting, aiming to model the high uncertainties
in vegetation changes and generate accurate and clear
vegetation forecasting results. VegeDiff is proposed to forecast
geospatial vegetation changes, leveraging the latent space of
a well-trained vegetation autoencoder to represent vegetation
states and appropriate approaches to model the influence
of related variables on vegetation changes, as depicted in
Fig. 1(c).

Specifically, 1)diffusion model is first introduced to model
the high uncertainty in geospatial vegetation forecasting
probabilistically. Currently, diffusion models are primarily
employed in meteorological applications in Earth forecasting
and have demonstrated superior performance in precipitation
and weather forecasting, but their application in geospatial
vegetation forecasting tasks is lacking. By employing the
diffusion model in vegetation forecasting, the denoising
processes of this probabilistic model are leveraged to model
the high uncertainties in vegetation changes, thereby enabling
the capture of multiple potential futures of geospatial
vegetation states and producing accurate and clear forecasting
results. 2) A vegetation autoencoder is designed to obtain a
well-represented latent space for geospatial vegetation states.
Since combinations of blue, green, red, and near-infrared
channels (RGBN) can calculate many vegetation indices
that effectively indicate geospatial vegetation states, RGBN
remote sensing images are utilized to represent geospatial
vegetation states. Current variational autoencoder [23] models
are trained on vast amounts of natural RGB images, which
are not suitable for RGBN remote sensing images in terms
of channel and scene adaptation. Therefore, a variational
autoencoder is pre-trained on a large amount (10 M) of RGBN
remote sensing images and fine-tuned it on a relatively small
amount (20K) of RGBN vegetation remote sensing data, which
enhances the ability of latent space to represent geospatial
vegetation states, facilitating better forecasting in the latent
space. 3) VegeNet is proposed to model the effects of dynamic
meteorological variables and static environmental variables
on vegetation states. Historical vegetation states undergo
complex transformations to form future vegetation states
under the influence of dynamic meteorological variables and
static environmental variables. VegeNet models both the local
effects of static environmental variables and the global effects
of dynamic environmental variables on vegetation states,
structuring the model according to the causal relationships
affecting geospatial vegetation changes.

Overall, the principal contributions of our work are as
follows.

1) A probabilistic model is first introduced into the
geospatial vegetation forecasting task. VegeDiff employs
the diffusion process to model the uncertainties in the
vegetation change process, capturing multiple potential
futures of geospatial vegetation states and generating
clear and accurate forecasting results.

2) A vegetation autoencoder is designed to achieve a
robust representation of geospatial vegetation states.
This vegetation autoencoder was pre-trained on 10 M
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Fig. 1. Illustration of the geospatial vegetation forecasting task and models, where V indicates geospatial vegetation states, M indicates dynamic meteorological
variables, and E indicates static environmental variables. (a) Overview of the geospatial vegetation forecasting task. (b) Overview of deterministic models
performing the geospatial vegetation forecasting task. (c) Overview of VegeDiff performing the geospatial vegetation forecasting task.

RGBN remote sensing data and fine-tuned on 20K
remote sensing vegetation data, enabling its latent space
to effectively represent the geospatial vegetation states.

3) VegeNet is designed to model the impact of static
environmental and dynamic meteorological variables on
geospatial vegetation changes. VegeNet decouples the
effects of static environmental variables and dynamic
meteorological variables on the geospatial vegetation
change process, effectively modeling the transformation
process of vegetation under the influence of these
variables.

II. RELATED WORKS

A. Geospatial Vegetation Forecasting

Geospatial vegetation forecasting seeks to forecast the
future changes in both the spatial distribution of geospatial

vegetation, which is shaped by the interaction between stable
static environmental factors and the daily fluctuations of
meteorological variables [20]. Geospatial vegetation state
emphasizes the spatial distribution and detailed patterns
of vegetation as captured by the remote sensing images.
In recent years, with the surge in time series data of
meteorological variables and remote sensing images [24],
[25], many deep learning-based methods have been applied
to this task, achieving superior performance [19], [20], [21],
[22]. Requena-Mesa et al. [20] advocated viewing this task
as a guided video forecasting task and have constructed a
dataset specifically for geospatial vegetation forecasting called
EarthNet2021. Diaconu et al. [21] used a ConvLSTM-based
model on this dataset and conducted ablation experiments
to validate the effectiveness of dynamic meteorological and
static environmental variables in forecasting future geospatial
vegetation states. Robin et al. [26] developed a dataset
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for climatically volatile regions of Africa to investigate the
impact of extreme weather on geospatial vegetation states.
Benson et al. [19] improved the EarthNet2021 dataset to the
EarthNet2021X dataset, focusing more on areas with drastic
vegetation changes.

However, the deep learning models used in these studies
are deterministic and face three key limitations. This study
proposes to use diffusion models to forecast geospatial
vegetation changes probabilistically. As probabilistic models,
diffusion models can use diffusion processes to effectively
model uncertainty in the geospatial vegetation change process.
First, they struggle to capture the high uncertainty inherent
in vegetation changes. Second, while vast quantities of high-
resolution RGBN remote sensing data are available for detailed
vegetation patterns, existing methods do not fully exploit
this rich data source. Third, the simple concatenation of
remote sensing imagery with dynamic and static variables
overlooks the relationships between geospatial vegetation
states and these variables. In contrast, our approach advances
the state of the art via three approaches: 1) first introducing a
diffusion model that probabilistically models multiple potential
future states to better represent uncertainty; 2) developing
a novel vegetation autoencoder pre-trained on a massive set
of RGBN images—which is then fine-tuned on vegetation-
specific data—to construct an effective latent representation
of vegetation states; and 3) designing VegeNet to explicitly
disentangle and model the local effects of static environmental
factors and the global impacts of dynamic meteorological
variables. This combined strategy not only provides a robust
probabilistic forecasting framework but also leverages the full
potential of available remote sensing data while addressing the
relationships between geospatial vegetation change and related
variables.

B. Diffusion Models for Earth Forecasting

Diffusion models (DMs) [27] have emerged as a potent
framework for generating high-quality images through a
process known as stochastic denoising [28], [29], [30],
[31]. These models operate by gradually transforming a
distribution of random noise into a distribution of images,
closely resembling the target data distribution. The process
involves an iterative procedure in which an initial noisy image
is progressively denoised through a series of steps, guided
by a neural network that has been trained to perform this
transformation effectively.

Building upon the foundational principles of diffusion
models, latent diffusion models (LDMs) [32] introduce
significant advancements by operating in a compressed, latent
space rather than directly in the pixel space [33], [34], [35].
This modification brings forth several key improvements. First,
by operating in a lower-dimensional latent space, these models
can achieve faster convergence and require less computational
resources, making the generation process more efficient.
Second, latent space diffusion models have demonstrated
an enhanced ability to capture and reproduce the complex,
high-level semantics of the target distribution, leading to the
generation of images with superior quality and greater detail.

This is primarily because the latent space provides a more
abstract representation of the data, enabling the model to focus
on the underlying structure and semantics rather than pixel-
level details.

As the effectiveness of LDMs in generating images has been
proven, their application has extended to video generation [36],
[37], [38], [39], [40]. PVDM [38] introduces a method
of projecting videos into a low-dimensional latent space
represented as 2-D vectors, facilitating simultaneous training
for both unconditional and frame-conditional video generation.
LFDM [39] utilizes a flow forecaster for estimating latent
flows between video frames, thereby training an LDM to
generate temporal latent flows. VideoFusion [40] separates
the transition noise in LDMs into individual frame noise
and temporal noise and synchronously trains two networks
to accurately represent this noise decomposition.

Due to the effectiveness of LDMs in video generation,
some studies have employed LDMs for Earth forecasting
tasks [41], [42], [43], [44]. LDCast [43] introduces an LDM
for precipitation nowcasting, highlighting its capability for
effective uncertainty quantification. Prediff [44] developed
a conditional LDM for the same purpose, incorporating an
explicit knowledge control mechanism to ensure that forecasts
align with domain-specific physical constraints.

However, the application of LDMs in Earth forecasting
has primarily focused on meteorological contexts, with their
potential in other areas of Earth forecasting remaining
relatively unexplored. This presents an opportunity for
significant advancements. Therefore, this study proposed the
use of LDMs for geospatial vegetation forecasting, leveraging
their robust modeling capabilities to forecast the dynamic
processes of vegetation change on Earth’s surface.

III. METHODOLOGY

A. Preliminary: Latent Diffusion Models

LDMs represent a groundbreaking development in the field
of generative modeling, particularly within the domain of
computer vision. LDMs leverage the concept of diffusion
processes, traditionally utilized in thermodynamics and
statistical mechanics, to model the generation of complex data
distributions through a series of gradual, probabilistic transfor-
mations in a latent space. This approach is distinguished by
its capacity to model and manipulate high-dimensional data
distributions with unprecedented precision and versatility.

The core operation of LDMs revolves around the iterative
application of a forward diffusion process, which gradually
adds noise to the data in the latent space over a series of
time steps, transforming the data distribution from its original,
complex form to a simpler, noise-dominated distribution. This
is mathematically represented as

xt = αt xt−1 + (1 − αt )ϵ (1)

where xt represents the data at step t , αt is a coefficient
determining the amount of noise to add, and ϵ is the noise
vector sampled from a standard Gaussian distribution. The
reverse process, or the denoising phase, aims to reconstruct the
original data from the noise by iteratively estimating the noise
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component and subtracting it from the noisy data, effectively
inverting the diffusion process. The denoising process is often
modeled with a neural network that learns to forecast the noise,
ϵ̂, added at each step, thus enabling the recovery of the clean
data

xt−1 =
1
αt

(
xt −

1 − αt

αt
ϵ̂(xt , t)

)
. (2)

The latent space in LDMs plays a pivotal role, serving as
a compact and computationally efficient representation of the
data, which significantly enhances the model’s ability to handle
high-dimensional inputs without the exponential increase in
computational demand typically associated with such tasks.
This efficiency is partly due to the reduced dimensionality
of the latent space, which also tends to capture the most
salient features of the data, thus facilitating a more focused
and effective diffusion and denoising process.

Traditional methods such as CNNs and transformer-based
models have achieved impressive performance in various
forecasting tasks through effective feature extraction and
modeling complex spatial–temporal dependencies. However,
these deterministic approaches often fall short when dealing
with tasks characterized by high inherent uncertainty, such as
geospatial vegetation forecasting under the effects of dynamic
meteorological variables and static environmental variables.

In contrast, LDMs provide a natural framework for
probabilistic modeling by explicitly simulating the evolution
of data through a stochastic diffusion process. Unlike CNNs
or transformers that generate deterministic outputs, LDMs
iteratively add and remove noise, thereby capturing the
underlying aleatoric uncertainty in the vegetation change
process. This property is particularly beneficial in our context,
where the vegetation state is influenced by both dynamic
meteorological variables and static environmental factors.

Moreover, the iterative denoising process of LDMs can be
interpreted as a gradual refinement of data representations,
which aligns with the physical process of vegetation change
under continuously varying external conditions. In contrast,
deterministic models such as CNNs may produce blurry or
averaged predictions when faced with multimodal future states,
and attention-based mechanisms, while effective in modeling
spatial dependencies, do not inherently model uncertainty in
the same principled probabilistic fashion.

Therefore, the adoption of a latent diffusion framework
in the study is well motivated by its ability to capture
diverse plausible future vegetation states through an explicit
probabilistic formulation, leading to clearer and more accurate
forecasting results.

B. Overall Structure of VegeDiff

VegeDiff is composed of a vegetation autoencoder,
a diffusion process, and a denoising process, as depicted in
Fig. 2. The training process of VegeDiff involves two main
parts: training the vegetation autoencoder and training the
VegeNet.

To efficiently forecast future geospatial vegetation, a
vegetation autoencoder is initially trained on 10 M RGBN
remote sensing data. This variational autoencoder provides

a latent space with a robust representation of geospatial
vegetation features and allows for more efficient forecasting
at a lower image resolution in the latent space.

In the context of diffusion models, the denoising process
applied to noisy images is inherently probabilistic. This
characteristic allows the denoising model to effectively
simulate the inherent uncertainties in geospatial vegetation
changes. By iteratively refining the noisy input through a
series of probabilistic steps, the denoising model captures
the complex and stochastic nature of vegetation dynamics.
The denoising model, VegeNet, is trained with all parameters
of the vegetation autoencoder frozen due to its completed
training. Given the high uncertainty in the vegetation change
process, our approach diverges from past research that used
deterministic models to forecast the future state of geospatial
vegetation. Instead, a diffusion model is employed to forecast
the future geospatial vegetation state. As probabilistic models,
they are capable of effectively modeling the uncertainties
inherent in geospatial vegetation changes.

VegeDiff forecasts the future state of geospatial vegetation
based on past vegetation state, utilizing dynamic meteorolog-
ical variables and static environmental variables, as illustrated
in Fig. 2. Specifically, past remote sensing images from time
1 to T , denoted as V1:T , are processed through the vegetation
autoencoder to obtain latent space features Z1:T . Since the
distribution of geographical features in remote sensing images
generally remains constant and vegetation changes are closely
related to past states, future states are generated based on these
past vegetation states rather than from pure noise. Therefore,
in the diffusion process, the past latent space features Z1:T

are averaged over the temporal dimension and combined with
Gaussian noise weighted by weight w to produce the noisy
features NoiseT +1:T +k , which are then concatenated with Z1:T

to form the latent space features Z1:T +K .
As a probabilistic model, VegeNet can effectively model the

high uncertainty in vegetation changes and accurately forecast
future vegetation states. Specifically, in the denoising process,
VegeNet leverages past remote sensing image features Z1:T

and incorporates meteorological features M1:T +k and static
environmental features E, progressively denoising the noise
features NoiseT +1:T +k to forecast future latent space features
ZT +1:T +K . The future features ZT +1:T +K are finally decoded
by the vegetation autoencoder, reconstructing the future remote
sensing images VT +1:T +k , thus providing forecasting results of
future geospatial vegetation states.

C. Vegetation Autoencoder

Due to the high complexity of geospatial vegetation
changes, it is necessary to perform vegetation forecasting
within a feature space that accurately represents the geospatial
vegetation states. Many vegetation indices, which represent the
state of geospatial vegetation, can be calculated using the blue,
green, red, and near-infrared channels. Therefore, this study
chooses to use RGBN remote sensing images to construct
a feature space that effectively represents vegetation states.
To develop such a feature space, extensive data are required
to train the model. Unlike models trained solely on geospatial
vegetation forecasting datasets, the vegetation autoencoder
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Fig. 2. Overall structure of VegeDiff. VegeDiff models the high uncertainty of the geospatial vegetation change process with a diffusion model.

is pre-trained based on the variational autoencoder [23]
of LDMs [32] with 10 M RGBN remote sensing data to
create a robust feature space representative of RGBN images.
Subsequently, the model is fine-tuned with 20K remote sensing
data from the geospatial vegetation forecasting dataset, further
refining the feature space to accurately represent various
vegetation states. Through the two-stage training process,
the vegetation autoencoder can learn the characteristics of
RGBN remote sensing images from a massive dataset, forming
a vegetation latent space that effectively represents various
geospatial vegetation states.

D. VegeNet

The process of geospatial vegetation change is complexly
influenced by dynamic meteorological variables and static
environmental variables. Therefore, modeling the effects of
these variables is crucial for forecasting geospatial vegetation.
Simply concatenating all variables and inputting them into
the model is not advisable, as it would confuse the impact
of dynamic meteorological and static environmental variables
on geospatial vegetation states. Thus, VegeNet is introduced,
which models the complex effects of dynamic meteorological
variables and static environmental variables on past vegetation
states to accurately forecast future geospatial vegetation states.

VegeNet is based on the DiT [45] architecture and decouples
the effects of meteorological and environmental variables,
enabling accurate future vegetation forecasting, as shown in
Fig. 3. The DiT architecture integrates transformer blocks
into the diffusion model framework. Instead of relying on

conventional convolutional layers, DiT employs self-attention
mechanisms to capture long-range dependencies, allowing for
efficient scaling and improved performance in forecasting
tasks. The time series of remote sensing image features
Z1:T +K are divided into patches of size P × P using the
patchify operation, then downsampled by a factor of P through
convolution operations and flattened in the spatial dimension
to produce 1-D sequences, referred to as Z1:T +K tokens. Static
environmental variables E are embedded via a convolutional
layer and downsampled by P to produce E tokens. Dynamic
meteorological variables M1:T +k are embedded through an
MLP layer to produce M1:T +k tokens. All these embedded
vectors are then fed into DiT blocks to model the geospatial
vegetation changes. After processing through N DiT blocks,
the remote sensing image feature time series undergoes
unpatchify operations to upsample by a factor of P , generating
the time series of geospatial vegetation states Z1:T +K . As only
future vegetation states are needed, past vegetation states Z1:T

are discarded to retain future vegetation states ZT +1:T +K .
The DiT block models the complex interactions of

dynamic meteorological and static environmental variables
with geospatial vegetation states, as shown in Fig. 3. Given
the significantly lower spatial resolution of meteorological
variables compared to remote sensing images, the effect
of these variables on vegetation is global. Thus, dynamic
meteorological variable tokens M1:T +k globally adjust the
remote sensing image tokens Z1:T +K through the adaLN-
zero method [45], [46], [47]. This method utilizes global
information from meteorological variables at each time to
derive adjustment parameters as normalization parameters,
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Fig. 3. Overall structure of VegeNet.

adjusting remote sensing image features at the corresponding
time to model the global impact. The vegetation changes at
specific locations are influenced by nearby vegetation, and
neighborhood vegetation changes tend to be similar. Therefore,
Z1:T +K tokens utilize multihead self-attention operations in
the spatial dimension, enabling the model to focus on global
vegetation states, which aids in forecasting future vegetation
states. Since static environmental variables typically have a
similar spatial resolution to remote sensing images, their
impact on vegetation is local. Moreover, understanding past
vegetation states is crucial for forecasting future states,
as vegetation change is a continuous process. Hence, in the
temporal self-attention module, Z1:T +K tokens and E tokens
are concatenated in the temporal dimension and subjected
to self-attention operations along the temporal dimension,
allowing each future vegetation state at each position to
simultaneously consider corresponding past vegetation states
and static environmental variables. This approach effectively
models the local impact of static environmental variables on
geospatial vegetation states and aids in forecasting future
vegetation states based on past vegetation states.

IV. EXPERIMENTAL SETTINGS AND RESULTS

A. Datasets

Satlas [48] is a large-scale pre-training dataset designed for
tasks involving the analysis of satellite images. It integrates
over 30 TB of satellite imagery with 137 labeled categories,
drawing from public, regularly updated data sources such
as Sentinel-2 and NAIP. This dataset supports a range
of applications, from combating illegal deforestation to
monitoring marine infrastructure. From Satlas, all Sentinel-
2 remote sensing images are extracted, retaining only the
blue, green, red, and near-infrared channels, resulting in
approximately 10 M RGBN remote sensing data. These images

were divided into training and validation sets at a 9:1 ratio for
extensive pre-training of the variational autoencoder, enabling
it to gain a deeper understanding of RGBN remote sensing
images.

The EarthNet2021 dataset [20] includes more than 32 000
samples, each with high-resolution Sentinel 2 [49] satellite
imagery (20 m per pixel) and corresponding mesoscale
E-OBS [50] interpolated meteorological data (1.28 km
resolution), covering diverse European landscapes, which
is designed for the geospatial vegetation forecasting task.
Each sample comprises 30 sequential frames with a five-day
interval, capturing four channels and meteorological variables
such as precipitation, sea level pressure, and temperature
ranges.

EarthNet2021X [19] enhances EarthNet2021 by optimizing
cloud masks, adding additional static environmental variables,
and dynamic meteorological data, converting the latter from
raw to 1-D data. It also introduces a vegetation mask that
ensures the remote sensing image time series adequately
represents the dynamic changes in geospatial vegetation. The
minimum NDVI in the vegetation mask segments is above
zero, the standard deviation was greater than 0.1, and the
observable frames exceeded three in the context period and
ten in the target period.

We use the EarthNet2021X dataset for the geospatial
vegetation forecasting task. Given 50 days of past vegetation
states (ten remote sensing image frames) at five-day intervals,
150 days of meteorological variables (150 frames), and static
environmental factors, the task is to forecast the geospatial
vegetation states for the next 100 days (20 remote sensing
image frames) at five-day intervals.

To ensure that the variational autoencoder fully compre-
hends the geospatial vegetation states, vegetation remote
sensing images from the EarthNet2021X dataset are extracted
for fine-tuning the variational autoencoder. All images are
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extracted from the EarthNet2021X remote sensing image time
series, which were split into training and validation sets at a
9:1 ratio to fine-tune the variational autoencoder pre-trained
on the Satlas dataset.

After fine-tuning the variational autoencoder, VegeNet
is trained using the original data split method of the
EarthNet2021X dataset. This approach enabled VegeNet to
effectively forecast the future state of geospatial vegetation
in the well-trained latent space.

B. Benchmark Methods

To assess the effectiveness of the proposed VegeDiff,
comparative experiments are conducted with various bench-
mark methods on the geospatial vegetation forecasting task,
ensuring consistency in dataset splitting and data usage across
all methods. The benchmark methods can be categorized
into non-ML methods, CNN-based models, RNN-based
models, and transformer-based models. RNN-based models
use autoregressive approaches to forecast the future geospatial
vegetation states, while CNN-based and transformer-based
models forecast all future vegetation states simultaneously.

The non-machine learning benchmarks include persistence
methods [20] (using the last cloud-free NDVI pixel) and
historical comparisons [26] (utilizing linearly interpolated data
from the previous year). The CNN-based models include
SimVP [51] and U-Net [52]. The RNN-based approaches
feature ConvLSTM [21] and PredRNN [53], the transformer-
based methods include ViT [54] and Swin Transformer [55],
and CNN-transformer hybrid approaches are represented by
Earthformer [56].

C. Implementation Details

1) Data Preprocessing and Augmentation: To ensure
accurate data loading, the same data preprocessing methods
used in EarthNet2021X [19] are adopted. However, unlike
EarthNet2021X, cloud-covered and non-vegetation pixels are
not directly masked out as this would result in incomplete
remote sensing images with partial masking. Instead, the
cloud mask regions are filled using the adjacent values in
the time dimension of the remote sensing image time series.
This approach ensures that the vegetation in the cloud mask
regions remains consistent with the overall vegetation changes.
Additionally, the values in the non-vegetation mask regions
are replaced with their mean values in the time dimension,
thereby preserving the spatial features of the remote sensing
images while ensuring no vegetation change in the time
dimension for these regions. By filling the cloud mask and
non-vegetation mask regions in the remote sensing image time
series, unmasked remote sensing images that fully reflect the
vegetation states of the entire area can be generated.

For the cloud-covered portions, the cloud-covered areas
in the current frame are replaced with the average of the
corresponding areas in the preceding and succeeding frames.
For the non-vegetation pixels, the average values of the
corresponding areas from the previous ten frames are used to
replace the non-vegetation pixels across the entire time series
of remote sensing images.

To demonstrate the effectiveness of the proposed meth-
ods, only straightforward data augmentation techniques are
employed, avoiding the use of any elaborate tricks. For the
geospatial vegetation forecasting task, the data augmentation
methods used for the VegeDiff model included flipping (p =

0.5) and transposing (p = 0.5), which is consistent with the
data augmentation methods used by the benchmark method
for comparison.

2) Training and Inference: We employed PyTorch [57] to
construct and deploy the variational autoencoder on eight
RTX A100 GPUs (80G each) and VegeNet on four RTX
A100 GPUs (80G each). During the training of the variational
autoencoder, the batch size is set to 64 and used Adam [58]
with an initial learning rate of 4.5e-6. The variational
autoencoder was trained over 50 epochs on the Satlas dataset,
with the checkpoint exhibiting the lowest mean squared error
(MSE) on the validation set being saved. Subsequently, it was
fine-tuned for 10 epochs on the EarthNet2021X dataset, where
again the checkpoint with the lowest MSE on the validation
set was preserved as the final pre-trained model. For training
VegeNet, the batch size is set to 16 and used AdamW [58]
with an initial learning rate of 2e-4. VegeNet was trained
for 200 epochs on the EarthNet2021X dataset, saving the
checkpoint with the lowest root mean squared error (RMSE)
on the validation set as the final model.

3) Evaluation Metrics: We employed two key metrics for
evaluation: RMSE and structural similarity index measure
(SSIM). The RMSE provides a sensitive metric that elevates
the errors by squaring them before averaging, thus giving
weight to larger errors. In our task, both the prediction and the
ground truth are stored in arrays of size T × C × H × W ,
where T is the number of time steps, C is the number
of channels, and H and W are the spatial heights and
widths, respectively. The calculation of RMSE is formalized
as follows:

RMSE =
1
T

T∑
t=1

√√√√ 1
C · H · W

C∑
c=1

H∑
h=1

W∑
w=1

(
xt,c,h,w−yt,c,h,w

)2
.

(3)

The SSIM, on the other hand, measures the visual impact
of differences between the forecasted and actual images. The
calculation of SSIM is formalized as follows:

SSIM(x, y) =

(
2µxµy + C1

)(
2σxy + C2

)(
µ2

x + µ2
y + C1

)(
σ 2

x + σ 2
y + C2

) (4)

where µx and µy are the averages of images x and y, σ 2
x and

σ 2
y are the variances of x and y, σxy is the covariance between

x and y, and C1 and C2 are constants used to stabilize
the division in case the denominators are small. For our
multitemporal prediction, the overall SSIM is the average of
the SSIM computed for each time step t and each channel c

SSIM =
1

T · C

T∑
t=1

C∑
c=1

SSIM
(
xt,c,:,:, yt,c,:,:

)
. (5)

The RMSE emphasizes larger errors by squaring the
differences before averaging, which is particularly useful in
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TABLE I
ABLATION STUDY OF TEMPORAL SELF-ATTENTION AND ADALN ON THE EARTHNET2021X DATASET. THE BEST VALUES ARE HIGHLIGHTED IN BOLD

TABLE II
ABLATION STUDY OF DYNAMIC METEOROLOGICAL VARIABLES (DMVS) AND STATIC ENVIRONMENTAL VARIABLES (SEVS) ON THE EARTHNET2021X

DATASET. THE BEST VALUES ARE HIGHLIGHTED IN BOLD

highlighting significant forecasting failures, while the SSIM
quantifies the perceptual similarity between the forecasted and
actual images.

To validate the model’s performance in forecasting future
vegetation states, the RMSE and SSIM are calculated not only
on RGBN images but also on normalized difference vegetation
index (NDVI) and atmospherically resistant vegetation index
(ARVI) images. NDVI is defined as

NDVI =
NIR − RED
NIR + RED

(6)

where NIR and RED represent the reflectance in the near-
infrared and red spectral bands, respectively. NDVI is a robust
indicator of live green vegetation. This index leverages the
high absorption of red channel by chlorophyll and the high
reflectance of NIR by plant cell structures, facilitating the
monitoring of plant health, biomass, and coverage over time.
ARVI is defined as

ARVI =
NIR − (2 × RED − BLUE)

NIR + (2 × RED − BLUE)
(7)

where NIR, RED, and BLUE are the reflectance values
in the near-infrared, red, and blue bands, respectively.
ARVI enhances the NDVI by introducing a correction for
atmospheric effects, particularly aerosol scattering in the red
spectral band. This is achieved by incorporating the blue
band as a reference to adjust the red reflectance prior to the
NDVI computation. Given that remote sensing imagery in the
EarthNet2021X dataset is prone to atmospheric disturbances,
ARVI offers a more robust and accurate representation of
vegetation conditions compared to NDVI.

Therefore, six validation metrics are utilized in total:
RMSE and SSIM calculated on RGBN, NDVI, and ARVI
images. These metrics comprehensively reflect the model’s
performance in the task of forecasting geospatial vegetation
states.

D. Ablation Study

To verify the effectiveness of the temporal self-attention
module and the adaLN-zero method in VegeNet, and to

explore the role of dynamic meteorological variables and static
environmental variables in geospatial vegetation forecasting,
ablation experiments are conducted on the EarthNet2021X
dataset.

First, to validate the effectiveness of temporal self-
attention, this module from VegeNet is removed and the
static environmental variables are replicated with T times,
concatenating them with the input remote sensing image time
series along the channel dimension. Second, to demonstrate
the effectiveness of adaLN, the adaLN branch is removed
and the dynamic meteorological variables are upsampled
to the spatial size of the remote sensing images, then
concatenated with the remote sensing image time series along
the channel dimension. Finally, to explore the roles of dynamic
meteorological variables and static environmental variables,
experiments were conducted using four different settings:
no relevant variables, only dynamic meteorological variables,
only static environmental variables, and all relevant variables,
with the values of unused variables set to zero.

The ablation results for temporal self-attention and
adaLN are summarized in Table I, demonstrating that the
simultaneous use of both modules yields the best performance.
Specifically, the temporal self-attention module enables the
model to capture both static environmental variables and
geospatial vegetation states from time 0 to T − 1 when
forecasting the state at time T , thereby facilitating accurate
future predictions based on historical data. Conversely, adaLN
converts meteorological variables at each time step into
adjustment parameters for normalization, effectively modeling
their global impact on geospatial vegetation states.

The ablation results for dynamic meteorological variables
and static environmental variables are shown in Table II,
demonstrating that both types of variables help the model
forecast geospatial vegetation, and utilizing both variables
simultaneously can further enhance the model’s performance
in forecasting the future state of geospatial vegetation.
Since changes in geospatial vegetation are influenced by
static variables such as land cover types and DEMs in the
geographical environment, as well as dynamic influences
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TABLE III
OVERALL COMPARISON ON THE EARTHNET2021X DATASET. THE BEST VALUES ARE HIGHLIGHTED IN BOLD

from meteorological variables such as precipitation and
temperature, both dynamic meteorological variables and
static environmental variables effectively assist the model
in accurately forecasting future geospatial vegetation states.
Using static environmental variables as auxiliary inputs can
slightly improve both the overall prediction performance
of the model and the predictions for individual vegetation
indices. In contrast, incorporating dynamic meteorological
variables significantly enhances the model’s performance. The
improvements provided by these two types of variables are
complementary, and their combined use further boosts the
model’s performance.

E. Overall Comparison

To demonstrate the effectiveness of the proposed VegeDiff,
comparative experiments are conducted on the EarthNet2021X
dataset. The results, as shown in Table III, indicate that
VegeDiff outperforms all comparison methods across various
metrics, achieving superior performance in the task of
geospatial vegetation forecasting. Compared to non-machine
learning benchmarks, VegeDiff achieves significantly lower
RMSE and higher SSIM, indicating that it is capable
of generating more accurate forecasting results. Similarly,
when compared to CNN-based and transformer-based models,
VegeDiff exhibits significantly higher SSIM and lower RMSE,
which demonstrates its ability to produce clearer forecasting
results. VegeDiff leverages millions of RGBN remote sensing
images for pre-training the variational autoencoder and fine-
tunes it on 20K geospatial vegetation states remote sensing
data. This process results in a latent space that effectively
represents geospatial vegetation states. Within this latent
space, VegeDiff models the effects of dynamic meteorological
variables and static environmental variables on past geospatial
vegetation states, enabling accurate forecasting of future
geospatial vegetation states.

We performed inferences on sampled data in the
EarthNet2021X test dataset using the trained ConvLSTM,
Earthformer, and VegeDiff models. Based on the inference
results, the NDVI and ARVI indices were calculated, and
their images were displayed for the 5th, 10th, 15th, 20th,
25th, and 30th days, as illustrated in Figs. 4 and 5. Due
to the deterministic nature of ConvLSTM and Earthformer,
their forecasts tend to be blurry, which is disadvantageous for
forecasting future vegetation states. Earthformer, in particular,

Fig. 4. NDVI images of sample inference results of ConvLSTM, Earthformer,
and VegeDiff on the EarthNet2021X test dataset. A time step represents a
five-day interval. This indicates that the model utilizes historical information
recorded at five-day intervals over a 50-day period to predict the geospatial
vegetation state over a future span of 100 days, also at five-day intervals.

Fig. 5. ARVI images of sample inference results of ConvLSTM, Earthformer,
and VegeDiff on the EarthNet2021X test dataset. A time step represents a
five-day interval. This indicates that the model utilizes historical information
recorded at five-day intervals over a 50-day period to predict the geospatial
vegetation state over a future span of 100 days, also at five-day intervals.

produces even blurrier results as it divides images into
several patches for forecasting. In contrast, VegeDiff employs
a diffusion model to model the process of vegetation
change. As a probabilistic model, it effectively handles
the uncertainties in vegetation change, generating clear and
accurate forecasting of vegetation states.

F. Model Performance Over Lead Time

Due to the complex influence of dynamic meteorological
variables and static environmental variables, the geospatial
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Fig. 6. Illustration of model performance over lead time. Lead time refers to
the interval between the forecasting time and the current time. Each lead time
corresponds to a five-day interval. This indicates that the model forecasts the
geospatial vegetation state at five-day intervals over the next 100 days.

vegetation change process exhibits a high degree of complexity
and variability. Lead time refers to the interval between
the forecasting time and the current time. Therefore, as the
lead time of geospatial vegetation forecasting increases,
both the degree and uncertainty of geospatial vegetation
change increase, posing great challenges for vegetation
forecasting. To demonstrate the superiority of VegeDiff in
forecasting geospatial vegetation states over long lead time, the
performance of VegeDiff and comparative benchmark methods
is tested under different lead times. The model performance
was evaluated by the RMSE between the predicted NDVI
images and the ground truth, with lower RMSE indicating
better model performance. The experimental results are
shown in Fig. 6, where the horizontal axis represents the
time interval between the current time and the forecasting
time. It can be seen that as the lead time increases, the
NDVI RMSE of all models increases. This is because the
longer the lead time, the longer the geospatial vegetation
states are influenced by other variables, leading to greater
degrees of change and uncertainty in geospatial vegetation
states, thereby increasing the difficulty of forecasting future
vegetation states. Additionally, it is observed that when the
lead time exceeds 3, VegeDiff outperforms all other models.
In the case of forecasting future geospatial vegetation states
over long lead time, VegeDiff significantly outperforms all
comparison models, demonstrating its superiority in long
lead time geospatial vegetation forecasting. By leveraging a
diffusion-based framework, VegeDiff more effectively captures
the underlying uncertainties present in the dynamics of surface
vegetation changes. This mechanism allows VegeDiff to model
the gradual, stochastic evolution of vegetation, resulting in a
slower accumulation of error compared to other models.

G. Influence of Meteorological Variables

Since VegeDiff can forecast future vegetation states under
the constraints of dynamic meteorological variables and static
environmental variables, it can be used to explore the effects
of these variables on geospatial vegetation states. Specifically,
by modifying one or more dynamic meteorological or static
environmental variables, inputting the modified variables
into VegeDiff, and comparing the forecasting results with
those obtained using the original variables, the impacts

Fig. 7. Influence of precipitation changes on geospatial vegetation changes.
The first row represents the actual state of geospatial vegetation NDVI. The
second row shows the difference between the NDVI when precipitation is
reduced to 80% of its original value and the actual NDVI. The third row
displays the difference between the NDVI when precipitation is increased to
120% of its original value and the actual NDVI.

of these variables on vegetation changes can be analyzed.
This approach helps us understand the influence of different
dynamic meteorological variables and static environmental
variables on vegetation changes, as well as the response of
vegetation in different regions to these variable changes.

Given the significant impact of precipitation on vegetation
changes, the study focused on exploring its effect. Precipitation
is adjusted to 80%, 90%, 100% (no change), 110%, and 120%
of the original values and test the model’s performance under
these conditions. As shown in Table IV, VegeDiff has the best
vegetation states forecasting performance when precipitation
remains unchanged (100%). Both increased and decreased
precipitation lead to erroneous forecastings, which is similar to
the findings of [21]. The results show that VegeDiff is sensitive
to the change of precipitation and can accurately model the
impact of precipitation on vegetation changes.

We displayed the NDVI deviations produced by VegeDiff
under 80% and 120% precipitation conditions, as illustrated
in Fig. 7. The first row shows the NDVI images on the
15th, 20th, 25th, and 30th days for a sample from the
test set of the EarthNet2021X dataset. The second row
shows the difference between the forecasting NDVI and the
ground truth under 80% precipitation, while the third row
shows the difference under 120% precipitation. It shows
that VegeDiff underestimates NDVI when precipitation is at
80% and overestimates NDVI at 120%. As the forecasting
period increases, the underestimation in the 80% precipitation
scenario becomes more pronounced, and the overestimation in
the 120% scenario also intensifies. This indicates that reduced
precipitation inhibits vegetation growth, while increased
precipitation promotes it, which is consistent with the findings
of [59]. Additionally, cumulative effects on vegetation NDVI
arise from sustained changes in precipitation over time,
with decreased or increased precipitation further reducing or
enhancing NDVI, respectively. Moreover, different regions
exhibit varied responses to changes in precipitation. Generally,
areas with lush vegetation are more sensitive to precipitation
changes and respond more strongly.
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TABLE IV
INFLUENCE OF PRECIPITATION CHANGES ON THE MODEL PERFORMANCE ON THE EARTHNET2021X TEST DATASET.

THE BEST VALUES ARE HIGHLIGHTED IN BOLD

V. DISCUSSION

A. Forecasting Vegetation State From Multiple Perspectives

VegeDiff effectively forecasts future geospatial vegetation
states based on past vegetation states, dynamic meteorological
variables, and static environmental variables. By forecasting
geospatial vegetation states with RGBN remote sensing
images, VegeDiff can compute a wide range of vegetation
indices from the forecasting results, providing comprehensive
forecasting of future vegetation states. To demonstrate that
VegeDiff can forecast the future state of geospatial vegetation
from multiple perspectives, three vegetation indices are
selected, including NDVI, enhanced vegetation index (EVI),
and Structure Insensitive Pigment Index (SIPI), and displayed
their forecasting results for the 15th, 20th, 25th, and 30th days,
as shown in Fig. 8.

NDVI is an effective indicator of vegetation health and
density, primarily used to assess biomass and monitor
vegetation changes over time. EVI offers improved sensitivity
in high biomass regions and minimizes atmospheric and
canopy background influences. SIPI is less sensitive to
chlorophyll content variations and more indicative of the
structure and condition of vegetation canopies.

As shown in Fig. 8, VegeDiff can forecast geospatial
vegetation states from multiple perspectives. The forecasting
NDVI results (the first row) provide an overall indication of
vegetation growth and effectively reflect vegetation health.
The forecasting EVI results (the second row) correct for
soil and atmospheric effects, offering a more accurate
representation of vegetation health and providing more
detailed information on vegetation growth conditions. The
forecasting SIPI results (the third row) effectively highlight
areas with poor vegetation growth, serving as an early warning
for vegetation diseases, geospatial drought, and other issues.
Therefore, by forecasting RGBN remote sensing images
through VegeDiff, various vegetation indices can be computed
to forecast future vegetation states from multiple aspects.
This capability provides valuable insights for agricultural
management, disaster warning, and other applications.

B. Expectations and Limitations

The evolution of geospatial vegetation states is governed by
complex interactions between dynamic meteorological factors
and static environmental variables, leading to significant
uncertainty. Traditional deterministic methods often yield
vague and inaccurate forecasts because they cannot adequately
address these combined effects.

Fig. 8. NDVI, EVI, and SIPI forecasting results of VegeDiff on the
EarthNet2021X dataset.

To overcome these challenges, VegeDiff is proposed
for geospatial vegetation forecasting. VegeDiff employs a
diffusion model to capture the inherent uncertainty in
vegetation changes, thereby producing clear and accurate
predictions. Its component, VegeNet, models the influence of
historical dynamic meteorological and static environmental
variables on vegetation, enabling reliable forecasting of future
states. Ablation studies and comparative experiments on the
EarthNet2021X dataset demonstrate that VegeDiff outperforms
existing deterministic methods, particularly in long lead time
forecasts.

Furthermore, exploratory experiments with VegeDiff reveal
its versatile application potential. By generating multiple
vegetation indices from RGBN forecast results and enabling
adjustments of meteorological or environmental variables,
VegeDiff provides insights into the diverse responses of
vegetation to varying conditions. VegeDiff is envisioned as
a benchmark that not only advances probabilistic modeling
in geospatial vegetation forecasting but also opens up new
avenues for practical applications.

Despite its strong performance, VegeDiff also has several
limitations. The pre-training and fine-tuning of the variational
autoencoder in VegeDiff require substantial data and com-
putation, and training VegeNet demands significant memory
resources. These requirements pose challenges for efficiently
transferring VegeDiff to other tasks. Additionally, as an LDM,
forecasting large-scale and long-term future vegetation states
with VegeDiff is time and resource-intensive, hindering its
deployment and application in practical scenarios.

In the future, the study aims to explore efficient fine-
tuning techniques for VegeDiff, enabling its low-cost and
high-efficiency transfer to other tasks. The study also plans to
investigate ways to reduce the denoising steps and accelerate
the denoising process in VegeDiff, speeding up the vegetation
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state forecasting process and facilitating its deployment and
application in practical scenarios.

VI. CONCLUSION

VegeDiff is proposed for the geospatial vegetation forecast-
ing task, which is based on the LDM. Current deterministic
methods struggle with the inherent uncertainty in vegetation
changes, often resulting in blurry and inaccurate forecasting
results. VegeDiff employs a diffusion model to effectively
capture this uncertainty and utilizes VegeNet to model
the complex interactions between dynamic meteorological
variables and static environmental variables, thereby accu-
rately forecasting future vegetation states. The variational
autoencoder within VegeDiff is pre-trained on 10 M RGBN
remote sensing data and fine-tuned on 20K vegetation remote
sensing data. This extensive training process ensures a well-
represented latent space, enhancing the model’s understanding
and predictive capability regarding vegetation states.

Comparative experiments on the EarthNet2021X dataset
demonstrate the effectiveness of VegeDiff in geospatial
vegetation forecasting tasks. Unlike various deterministic
methods, VegeDiff probabilistically models the uncertainty
in the vegetation change process and separately models the
impact of dynamic meteorological and static environmental
variables on vegetation states, enabling it to generate clear
and accurate forecasting results. It is anticipated that VegeDiff
will serve as a baseline in the field of vegetation forecasting,
promoting the development of probabilistic models in this field
and facilitating the deployment and application of VegeDiff in
practical scenarios.
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