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Abstract

Satellite image time series (SITS) provide valuable information for agricultural
monitoring, yet supervised learning approaches remain limited by the scarcity
of labeled data, particularly in developing regions. To address this challenge,
we propose SatMAE-Agri, a masked spatiotemporal autoencoder for self-su-
pervised representation learning from multi-temporal Sentinel-2 satellite im-
agery. The proposed method extends masked autoencoding to spatiotemporal
remote sensing data by jointly modeling spatial structure and temporal evolu-
tion. Satellite images are divided into non-overlapping patches and embedded
into a latent space, where both spatial and temporal positional encodings are
added. A high proportion of spatiotemporal tokens is randomly masked, and
the encoder processes only the visible tokens. A lightweight decoder then re-
constructs the masked patches, enabling the model to learn meaningful repre-
sentations without manual annotations. We evaluate the method on Sentinel-
2 image time series over agricultural regions in Burundi. Experimental results
show that the model successfully reconstructs heavily masked patches and cap-
tures consistent spatial and temporal patterns across crop fields. The learned
representations are suitable for downstream agricultural tasks such as crop
classification and change detection. This work demonstrates that masked spa-
tiotemporal modeling is a promising direction for label-efficient learning in
satellite-based agricultural monitoring.

DOI: 10.4236/0alib.1115081 Sep. 30, 2026 1

Open Access Library Journal


https://doi.org/10.4236/oalib.1115081
http://www.oalib.com/journal
https://orcid.org/0000-0002-9727-7182
https://doi.org/10.4236/oalib.1115081
http://creativecommons.org/licenses/by/4.0/

A.-E. Sabiraguha et al.

Subject Areas

Applications of Communication Systems

Keywords

Masked Autoencoder, Self-Supervised Learning, Satellite Image Time Series,
Sentinel-2, Spatiotemporal Modeling, Remote Sensing, Agricultural
Monitoring, Representation Learning

1. Introduction

Satellite image time series (SITS) provide rich information for monitoring agri-
cultural dynamics, crop phenology, and land-use changes. However, obtaining la-
beled data for large-scale agricultural analysis remains expensive and time-con-
suming. This makes self-supervised learning (SSL) [1] [2] an attractive solution
for learning useful representations without manual annotation.

Recently, masked autoencoding has emerged as a powerful SSL strategy in com-
puter vision [2], where parts of the input are hidden, and the model learns to re-
construct them. While this idea has been widely explored for natural images, its
application to spatiotemporal satellite data remains underexplored, especially for
agricultural regions in developing countries.

In this work, we propose SatMAE-Agri, a Masked Spatiotemporal Autoencoder
designed for Sentinel-2 satellite image time series over agricultural areas in Bu-
rundi [3].

Our contributions are:

- A spatiotemporal masked autoencoder tailored for satellite image time series.

- A patch-based embedding strategy for multi-spectral Sentinel-2 data.

- A high-ratio masking scheme encouraging robust temporal-spatial represen-
tation learning.

- A self-supervised training pipeline for agricultural monitoring without la-
bels.

Self-supervised learning methods such as contrastive learning [4] and masked
modeling have significantly improved representation learning without labels [4].
Masked Autoencoders (MAE) demonstrated that reconstructing missing image
patches enables efficient learning of visual features [4].

Recent works have adapted SSL to remote sensing imagery. However, many ap-
proaches focus on single-date images rather than time series. Satellite image time
series introduce temporal dependencies that standard MAE architectures do not
fully exploit.

Yet, few methods combine temporal modeling with masked reconstruction in
a unified SSL framework [5] [6].

Our method bridges this gap by extending masked autoencoding to multi-tem-

poral, multi-spectral satellite data.
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2. Methods and Methodology

We propose a Masked Spatiotemporal Autoencoder (SatMAE-Agri) that learns
representations from satellite image sequences by reconstructing masked patches.

Figure 1 illustrates the overall architecture of the proposed SatMAE-Agri frame-
work. The model follows a masked spatiotemporal autoencoding strategy where
satellite image time series are divided into patches, embedded, partially masked,
and reconstructed through a Transformer-based encoder-decoder architecture

(7] [8].

Sentinel-2 Time Series
)
Patch Embedding
{
+ Spatial Positional Encoding
+ Temporal Positional Encoding
!
Random Masking (75%)
)
Transformer Encoder (visible tokens only)
)
Mask Tokens Inserted
)
Transformer Decoder
!

Reconstructed Patches

Figure 1. Overview of the SatMAE-Agri masked spa-
tiotemporal autoencoder framework.

2.1. Patch Embedding

Each satellite image frame has shape:
TxCxHxW
where
- T'=number of time steps.
- C=number of spectral bands.
- H, W= spatial dimensions.
H W

N=—x—

P P

Each patch is flattened into a vector of size P?-C and projected into a latent

embedding space using a linear layer:
X, € RPZC
z,; =W, X; +b,

where:
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e X, isthe flattened patch at time step t and spatial index i.
e W, e R®*P s the learnable projection matrix.

o 7, €R" isthe patch embedding.
z,; = Linear (Patch, ; )

This converts the satellite sequence into a sequence of spatiotemporal tokens.
Figure 2 illustrates how Sentinel-2 images are split into spatial patches that are

later converted into tokens.

Sentinel-2 Image (Or; al) Extracted Patches (Tokens)

Patches are flattened and projected
to embedding vectors

P12 P3,4 P5,2
P14 P3,2

Figure 2. Example of patch extraction from a Sentinel-2 image.

The image is divided into non-overlapping patches that are flattened and pro-
jected into embedding vectors.

Each patch is flattened into a vector of size P?-C and projected into a latent
embedding space using a linear layer. This converts the satellite sequence into a

sequence of spatiotemporal tokens.

2.2. Positional Encoding

To preserve spatial and temporal order, we add spatiotemporal positional encod-
ings.

Each token embedding receives:
e A spatial positional embedding indicating its location within the image grid.
e A temporal positional embedding indicating its time step.

The final token representation is:
space time

h, =z, +p"" +p

where:

e €

space
i

is the spatial positional embedding.

time

e ¢ " isthetemporal positional embedding.

This enables the model to understand where and when each patch occurs.
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2.3. Masking Strategy

We apply random masking to a high percentage (e.g., 75%) of tokens across both

space and time.
Steps:
1) Flatten all spatiotemporal tokens into a sequence.
2) Randomly select a subset to keep (visible tokens).
3) Mask the remaining tokens.
4) Encode only visible tokens.
A high masking ratio forces the model to:

- Learn global spatial context.

- Exploit temporal correlations.

- Develop robust representations rather than memorizing textures.
Let Z= {Zm} be the full token set.

We randomly sample a visible subset:
ZiCZ
The masked set is:
Zraw = Z\ 2y
The encoder processes only

vis *

2.4. Architecture

The model consists of:

Encoder

- Input: visible spatiotemporal tokens.

Backbone: Transformer encoder layers.
- Output: latent representation of visible tokens.
Decoder
- Mask tokens are reinserted.
- Full token sequence (visible + mask tokens) is processed.
- The decoder predicts original pixel values of masked patches.

The architecture is lightweight on the encoder side and heavier on the decoder,

making training efficient.

2.5. Experimental Setup

2.5.1. Dataset
We use Sentinel-2 satellite image time series over agricultural regions in Burundi.

Each sample consists of:

- Multi-spectral bands (e.g., 10 bands).
- Multiple time steps (e.g., 3 - 6 dates).
- Patches extracted from the same geographic location.

80% of patch locations are used for training, and 20% for validation.
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2.5.2. Preprocessing
- Cloud filtering (if available).
- Per-band normalization (mean/std).

- Patch extraction (e.g., 32 x 32 pixels).

2.5.3. Training Details
- Loss: Mean Squared Error (MSE) on masked patches.
The reconstruction loss is computed only on masked patches:

1 ~
Z ||Xt,i — X |z

|Zma-5k| (t!i)EZmask

ﬁrec =

where:
X.; 1s the original patch.

X.; is the reconstructed patch.

- Optimizer: Adam.
- Batch size: 2 - 16.
- Masking ratio: 75%.
The model parameters @ are optimized by:

6 =arg mgin L.

3. Results

The model successfully reconstructs masked patches from heavily masked inputs.
Even with only 25% visible tokens, reconstructed patches preserve:

- Spatial structures (Good field boundaries, patterns).

- Temporal consistency across frames.

Training loss decreases steadily, indicating effective learning of spatiotemporal
features.

Qualitative results show that the model captures agricultural texture and sea-
sonal changes despite the absence of labels.

To qualitatively evaluate the reconstruction capability of the proposed model,
we visualize examples of masked inputs and their reconstructed outputs. Even
with a high masking ratio, the model successfully recovers spatial structures and
preserves temporal consistency across frames.

Results from Figure 3 show the examples: Left: masked input patches. Middle:
reconstructed output. Right: original satellite patches. The model accurately re-
stores spatial patterns and temporal structures despite heavy masking.

The training process of the proposed SatMAE-Agri model is stable, with the
reconstruction loss consistently decreasing over epochs. This indicates that the
encoder-decoder architecture successfully learns meaningful spatiotemporal rep-
resentations from masked satellite patches.

According to Figure 4, the steady decrease demonstrates effective learning of
spatiotemporal features despite the high masking ratio.

To further evaluate the effectiveness of the learned representations, we analyze

additional experimental results.

DOI: 10.4236/0alib.1115081

6 Open Access Library Journal


https://doi.org/10.4236/oalib.1115081

A.-E. Sabiraguha et al.

Masked Input

(25% visible) Reconstructed Output

Original Satellite

Figure 3. Qualitative reconstruction.

oo Training Reconstruction Loss over Epochs

~——— Training Loss (raw)
= Training Loss (smoothed)

Reconstruction Loss (MSE)

Epochs

Figure 4. Training reconstruction loss over epochs.
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Figure 5. Performance comparison using features learned by SatMAE-Agri on a downstream agricultural
task.

These results confirm that the proposed masked spatiotemporal modeling ap-
proach captures meaningful temporal and spatial information useful for agricul-

tural analysis (see Figure 5).

4. Discussion

The high masking ratio encourages the model to infer missing information using
both spatial context and temporal evolution, which is crucial for agricultural mon-
itoring.

The learned representations can be transferred to downstream tasks such as:

- Crop type classification.
- Yield prediction.
- Change detection.

A limitation is that reconstruction-based SSL focuses on low-level details; fu-
ture work could integrate contrastive or predictive objectives.

Beyond reconstruction quality, we analyze the structure of the learned repre-
sentations.

Figure 6 illustrates the organization of feature embeddings extracted from the
encoder, showing that patches with similar temporal behavior tend to cluster to-
gether. This suggests that the model captures meaningful spatiotemporal patterns
relevant to agricultural dynamics.

As is clearly shown in Figure 6, similar agricultural patches form coherent clus-

ters, indicating that the model learns semantically meaningful representations.
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Figure 6. Visualization of learned feature embeddings (e.g., PCA/t-SNE).

5. Conclusions

We proposed SatMAE-Agri, a masked spatiotemporal autoencoder for self-super-
vised learning on satellite image time series. The method effectively learns repre-
sentations from agricultural Sentinel-2 data without labels by reconstructing
masked patches across space and time.

This work demonstrates that masked modeling is a promising direction for la-

bel-efficient agricultural monitoring in data-scarce regions.
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