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Abstract

Satellite data bolstered by their increasing accessibility is
leading to many endeavors of automated monitoring of the
earth’s surface for various applications. Such applications de-
mand high spatial resolution images at a temporal resolution
of a few days which entails the challenge of processing a huge
volume of image time series data. To overcome this comput-
ing bottleneck, we present PatchNet, a bespoke adaptation of
beam search and attention mechanism. PatchNet is an auto-
mated patch selection neural network that requires only a par-
tial spatial traversal of an image time series and yet achieves
impressive results. Satellite systems face a trade-off between
spatial and temporal resolutions due to budget/technical con-
straints e.g., Landsat-8/9 or Sentinel-2 have high spatial res-
olution whereas, MODIS has high temporal resolution. To
deal with the limitation of coarse temporal resolution, we
propose FuSITSNet, a twofold feature-based generic fusion
model with multimodal learning in a contrastive setting. It
produces a learned representation after fusion of two satellite
image time series leveraging finer spatial resolution of Land-
sat and finer temporal resolution of MODIS. The patch align-
ment module of FuSITSNet aligns the PatchNet processed
patches of Landsat-8 with the corresponding MODIS regions
to incorporate its finer resolution temporal features. The un-
traversed patches are handled by the cross-modality attention
which highlights additional hot spot features from the two
modalities. We conduct extensive experiments on more than
2000 counties of US for crop yield, snow cover, and solar
energy prediction and show that even one-fourth spatial pro-
cessing of image time series produces state-of-the-art results.
FuSITSNet outperforms the predictions of single modality
and data obtained using existing generative fusion models and
allows for monitoring of dynamic phenomena using freely ac-
cessible images, thereby unlocking new opportunities.

Introduction
Satellite technology is extensively used to monitor the
Earth’s surface for different applications. Popular satellite
systems that make their data publicly available include
Landsat-8/9 (NASA 2016), Sentinel-2 (European Space
Agency Signature 2017), and MODIS (NASA 2015). The
last decade has witnessed a significant improvement in sen-
sor technology leading to availability of higher spatial and
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temporal resolution satellite images. However, due to bud-
getary and technological constraints, it is not possible to cap-
ture satellite images with required high spatial and temporal
resolutions using a single satellite system. This necessitates
the development of efficient fusion algorithms that combine
satellite image time series (SITS) from two satellites.

Many applications predicting crop yield, forest cover, for-
est fire (Gupta et al. 2023), etc. require SITS at high res-
olution along both spatial and temporal dimensions. Pub-
licly available data from satellites like LANDSAT 8/9,
SENTINEL-2, MODIS, etc. have high resolution only along
one dimension, e.g., LANDSAT 8 has a spatial resolution
of 30m and a 16-day revisit cycle whereas, MODIS has a
spatial resolution of 250-500m and a revisit time of 8 days.

For high spatial resolution SITS, the amount of data we
need to process increases manifolds, leading to a computing
bottleneck. The amount of 7 years’ data processed for 2000
counties considered in the paper is approximately 2.1 TB for
MODIS and 10.0 TB for Landsat 8, respectively after apply-
ing the bits compression technique (Hubara et al. 2016).

The huge amount of data processing required seriously
impedes the democratization of the use of satellite images
for various applications. In this paper, we are addressing two
major problems- 1) impractical computational requirements
for processing high spatial resolution SITS & 2) dealing with
coarse temporal resolution of high spatial resolution SITS.

For 1), we propose PatchNet which learns prominent pat-
terns in a SITS by doing a spatial patch-based partial traver-
sal, e.g., (1/p)th spatial processing of SITS using the idea of
beam search and attention mechanism for learnable patch se-
lection. The learnable patch selection mechanism eliminates
the need for full spatial processing of SITS, thereby reduc-
ing the amount of processing by a factor of p with some
additional overheads and still achieves SOTA results for end
tasks. Existing methods deal with the processing challenges
by transforming the images into histograms (Sun et al.; You
et al. 2017; Sun et al. 2020; Kaur et al. 2022). A few re-
searchers have also tried to transform images into single-
value numeric vegetation indices (Sakamoto 2020; Skakun
et al. 2021; Ji et al. 2022; Choudhary et al. 2019). Both these
approaches suffer from information loss.

For 2), we propose FuSITSNet, a twofold feature-based
fusion model which can be used to fuse any two SITS. We
applied it for Landsat-8 and MODIS SITS. FuSITSNet im-
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proves the temporal features of Landsat SITS by aligning
its PatchNet processed patches with the MODIS SITS. It
takes care of the untraversed area of the time series by cross-
modality attention which assimilates complementary fea-
tures from two modalities. Its twofold feature fusion elim-
inates the need for image generation at mid-timestamps to
increase the temporal resolution by a factor of 2. Our ap-
proach gives the learned representation directly from Land-
sat & MODIS SITS and thus does not increase the data
volume for effectively increasing the temporal granularity.
Code is available at (Poonam Goyal 2022)

Generative models such as Spatial and Temporal Adap-
tive Reflectance Fusion Model (STARFM) (Gao et al. 2006),
Robust Spatiotemporal Fusion Network (RSFN) (Tan et al.
2022), and GAN ((Bouabid et al. 2020) have been used to
generate Landsat-8 like images at higher temporal granu-
larity. These models are constrained by the requirement of
availability of Landsat & MODIS images captured on the
same day and may also propagate existing noise. Moreover,
the generation process is slow. If we use the generative mod-
els to enhance the temporal resolution of SITS, it increases
the amount of data twofold and thus is computationally pro-
hibitive. We used these models to generate Landsat-like im-
ages at improved temporal granularity of 8 days to create a
baseline for comparisons.

FuSITSNet is set up in a contrastive learning framework
(Fan, Zhang, and Gao 2020) which gives representation of
SITS from both modalities. It can be applied to any two
modalities having varied spatial, temporal, or spectral res-
olutions. The key contributions of the paper are as follows:

• To the best of our knowledge, this is the first attempt to
efficiently process time series of high spatial resolution
satellite images. We propose PatchNet which only needs
to partially process the image time series using the con-
cept of patches. The patch selection mechanism recom-
mends most informative patches and achieves SOTA re-
sults for the end tasks considered.

• We also propose FuSITSNet, a twofold feature-based
fusion model for fusing two image time series having
different resolutions. We complementarily use a patch
alignment module and cross-modality attention to learn
high spatial resolution features of Landsat-8 and high
temporal features of MODIS.

• We conduct extensive experiments to validate our mod-
els, PatchNet and FuSITSNet, for three applications
– Crop yield prediction (CYP), snow cover prediction
(SCP), and Solar energy prediction (SEP). The results
of PatchNet are compared with those of existing mod-
els which use histogram time series and a significant im-
provement is observed. The direct feature-based learn-
ing from two SITS using FuSITSNet outperforms the
enhanced SITS obtained from existing generative fusion
models and all the baselines on single modality.

Related Work
Satellite data: Satellite systems like PlanetScope (planet
2019), CartoSat-1 (ISRO 2019), MODIS (NASA 2015),
Landsat-8/9 (NASA 2016), Sentinel-2 (European Space

Agency Signature 2017), and others are orbiting around the
earth and collecting data at varying spatial, temporal and
spectral resolutions. AVHRR has a coarse spatial resolution
of 1km while PlanetScope, CartoSat-1 have a high resolu-
tion of 2-3m but their data is not freely available. Popular
satellite systems are MODIS, Landsat-8/9, and Sentinel-2
due to their publicly available data which can be used in
different real-world applications like disaster management,
urban planning, agriculture, climate studies, etc. MODIS
launched in 1999 provides data at a spatial resolution of 250-
500m with a revisit time of daily or 8 days depending on
the product. Landsat-8/9, launched in 2013/2021, has a spa-
tial resolution of 30m with a revisit time of 16 days, and
Sentinel-2 launched in 2015 has a spatial resolution of 20m
with a revisit time of 10/5 days.
Spatiotemporal Applications: We consider applications viz.
CYP, SCP, and SEP. These applications abide by the permu-
tation invariant property where value of a pixel contributes
to the end task irrespective of its position in the image (You
et al. 2017). Accurate CYP is crucial for ensuring food secu-
rity around the globe. Researchers have tried to predict crop
yield with climate data (Fan et al. 2022; Verma et al. 2016;
de Wit, Duveiller, and Defourny 2012; Guruprasad, Saurav,
and Randhawa 2019) using traditional machine learning
models. These models lack in capturing complex relation-
ships between meteorological attributes and yield. A few
researchers applied deep learning models and incorporated
genotype (Khaki and Wang 2019; Måløy et al. 2021) and/or
soil (Sun et al. 2020; Kaur et al. 2023) information. Recent
studies attempt to include physics-guided patterns (He et al.
2023), and topological features (Jiang et al. 2022) along with
climate data. Research shifted from meteorological data to
the use of satellite image data after getting easy access to it.
However, it is difficult to process image data due to its high
volume. Therefore, vegetation indices are directly computed
from MODIS product MOD13Q1 for a location. (Sun et al.,
2020) and (You et al. 2017) converted MODIS images into
histograms and used histogram time series to predict crop
yield. Authors (Kaur et al. 2022) presented a deep learning
model for MODIS, Landsat, and Sentinel histogram time se-
ries and fusion model (Kaur, Goyal, and Goyal 2023) to pre-
dict crop yield and highlighted the importance of high spatial
and high temporal resolution of data required for the appli-
cation. However, researchers faced data scarcity for training
models using high-resolution satellites.

The other two applications have gained interest only re-
cently, and very little work is available in the literature.
(Xiao et al. 2022) applied a support vector machine on
atmospheric-oceanic dynamics data SCP. However, satellite
data has great importance for inaccessible and hazardous re-
gions where gathering data physically is not possible (Xiao
et al. 2022). SEP is done to find a suitable location for the
installation of solar plants and reduce the dependence on fos-
sil fuels for economic development. (Jebli et al. 2021) pre-
dicted solar energy using random forest on meteorological
data. The existing studies for the listed applications do not
use satellite data. However, they need analysis of SITS with
high spatial & high temporal resolutions but data from a sin-
gle satellite system has a trade-off between them.
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Spatiotemporal Fusion: To handle the trade-off, spatiotem-
poral fusion is a possible solution. STARFM (Gao et al.
2006) creates synthetic Landsat-like image at timestamp
t + 1 by fusing MODIS and Landsat images at time t. It
is a linear model which calculates the reflectance value of
a pixel by a weighted sum of the neighboring pixels. It is
a pixel-based method that needs at least one pair of images
captured on the same day. Developed variants of the method
also suffer from similar challenges. Another study uses a lin-
ear regression on pixels to generate images (Ping, Meng, and
Su 2018). The pixel-based methods blindly use noisy pix-
els in the fusion process, thus propagating the noise in the
neighboring pixels of the predicted image (Tan et al. 2022).

Given the limitations of pixel-based methods, learning-
based approaches are gaining interest due to their ability
to capture complex relationships in data without relying on
predefined assumptions. (Wang et al. 2017) and (Wei et al.
2017) used downscaling & upscaling to generate an image
having a spatial resolution of Landsat-8 with the help of a
MODIS image. A few attempts have been made to use ad-
vanced Generative adversarial networks (GAN) for image
generation. (Bouabid et al. 2020) generate a Landsat im-
age at time t using MODIS and Landsat images at t and
t − 1, respectively. Similarly, (Tan et al. 2022) used GAN
to handle noise while generating a Landsat-like image us-
ing a MODIS image at timestamp t and Landsat images
at t − 1 and t + 1. Due to the complex image generation
process, generative models have been applied to small-scale
datasets having only a few locations (Bouabid et al. 2020).
The applications under consideration require time series at a
high temporal resolution and interpolating images between
two consecutive images is inefficient and computationally
expensive. Moreover, this approach increases data volume
twofold. Also, the generated images can increase the already
existing noise in the original images. Our proposed method
overcomes these problems.

Problem Formulation
We have considered three spatiotemporal forecasting prob-
lems viz. CYP, SCP, and SEP. The goal is to predict ŷc,zϵ
{crop yield, percentage of area under the snow, and solar
energy produced} for a county c at prediction time granular-
ity z which is a year, a month and a fortnight for CYP, SCP,
and SEP, respectively. Let input data set of TS be Xz =
{[x1

1, x
2
1, ..., x

t
1], [x

1
2, x

2
2, ..., x

t
2], ...[x

1
z−1, x

2
z−1, ..., x

t
z−1]},

where t represents the number of timestamps depending
on the application and the satellite and xt

1 is its image at
timestamp t. For example, for soybean crop t=15 and t=30
for Landsat-8 and MODIS, respectively.

Proposed Framework
We propose two models: PatchNet and FuSITSNet. Patch-
Net extracts prominent features from high spatial resolution
SITS by partial spatial traversal and covering the hotspot
areas using patch selection mechanism. FuSITSNet is a
twofold fusion model that presents a way to fuse two SITS
at the feature level. It uses two encoders - 1) image time
series encoder (TSE) and 2) PatchNet (shown in blackbox

Figure 1: FuSITSNet

in Figure 1 for image time series of high spatial resolution
satellites. The representations of the two time series are then
passed to a twofold Fusion module (shown as a black box in
Figure 1). It learns complementary high spatial and tempo-
ral features to give a joint representation of the two TS. The
regression module is applied to joint features for final pre-
diction. The overview of the FuSITSNet is shown in Figure
1 & all the modules are described in subsequent subsections.

PatchNet
PatchNet is designed to encode high spatial resolution SITS
which is otherwise impractical to process. It works on im-
age times series iteratively for multiple patch time series
(patchTS) and uses the idea of a beam search for optimizing
the patch selection process. A patch is selected in the spatial
dimension and patchTS consists of entire time series for the
patch. The architecture of the PatchNet is given in Figure 2.
We divide the image time series into a spatial virtual grid,
resulting in multiple patchTS, one for each cell. We now on-
wards refer to patchTS as a patch. The patches are processed
using TSE and their representations are passed to the Patch
selection module (PSM). PSM uses attention score to iden-
tify top ’k’ patches that are then forwarded to the Neighbor
Selector (NS). NS determines the unprocessed neighboring
patches of top ’k’ patches and also creates a list of patches
to be processed in the next iteration. The process continues
till a fraction (1/p) of the SITS is processed. The enhanced
patch representations obtained from PSM are passed to the
embedding generation module which outputs the embedding
of the entire SITS learned by the network in multiple itera-
tions. The pseudo-code is given in Algorithm 1.

Time Series Encoder (TSE) gives a linear representation
of the input patch. It consists of two submodules 3DCNN
network and a Spatial Attention Mask (SAM) followed by a
linear layer.
3DCNN Module (Gavahi, Abbaszadeh, and Moradkhani
2021) consists of three convolution layers having 10, 15, and
20 filters with zero padding. Each convolution layer is fol-
lowed by a 3D-max pool layer. 3DCNN leverages both spa-
tial and temporal features simultaneously and learns more
informative representations of the volume.
Spatial attention mask (SAM) We followed (Mohla et al.
2020) and modified it for our problem. It has 6 2D convo-
lution layers, each followed by a batch normalization layer
to reduce the internal covariate shift and model overfitting.
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Figure 2: PatchNet

The skip connections are used after every two convolution
layers to improve the information flow within the network
and mitigate the problem of vanishing gradient. Global av-
erage pooling is done by two pooling operations ’average
pooling’ and ’max pooling’ applied along the channel axis
and are concatenated to create an efficient feature descriptor.
A convolution layer is applied over the feature descriptor to
get the highlighted regions.

Patch Selection Module (PSM) We utilize self-attention
mechanism (given by eq. 1 and 2) to focus on the most im-
portant k patches from n input patches. PSM learns the en-
hanced representations of all the patches across iterations us-
ing the following process and gives the score of each patch
based on its contribution to the end task. The input to PSM
is R = {r1, r2, ...rn}, where n is total number of patches
and ri is the linear representation of each patch after being
processed by TSE. The mathematical representation is:
Query (Q), Key (K), and Value (V) for self attention are:

Q = R× wq, K = R× wk, V = R× wv (1)

where wq, wk, and wv are weight matrices for Q, K, and V,
respectively.

A = softmax(QKT ) (2)
where A = {a1, a2, ...., an} is an attention score matrix for
all the n patches, and each as is of size b equal to size of
patch embedding.
To get the collective score i.e. contribution of the patch to-
wards the end task is calculated as:

S =
b∑

i=0

ais s = 1 to n (3)

l, l̄ = top k(S) where l + l̄ = n (4)

where top k is the function that returns a list, l, the indices
of top k patches and a list, l̄, remaining patches to be used in
the next iteration of the selection process.

Algorithm 1: PatchNet
Input: SITS
Output: Embedding of SITS
initialize: m = 0 and
|P | = total patches in SITS

1: while (m) ̸= |P |/p do
2: select n random patches
3: R = TSE(patchTS)∀n patches // apply TSE to get

linear representation of n patches
4: l, l̄, R̃ = PSM(R) // list of top ’k’ patches and en-

hanced patch representations
5: n′ = NS(l) // NS gives neighbors of each patch in l
6: Select n− n′ random patches
7: m = m+ n
8: EL = EG(R̃)
9: end while

10: return EL

PSM also helps in enhancing the patch representations R as:

R̃ = S × V (5)

Neighbor Selector (NS) finds the untraversed neighbor-
ing patches of all k patches. For a patch pij , set of neighbors
is {pef−pij}, e = i−1, i, i+1 and f = j−1, j, j+1. Select-
ing the neighboring patches ensures that focus is maintained
near the hotspots and this leverages the geospatial informa-
tion to boost the prediction. We select a few untraversed ran-
dom patches for the next iteration to make the number of
patches n.

Embedding Generation (EG) is a two-level process and
consists of two linear layers. The first layer is used to get
the representation of each patch, pij in an iteration. The em-
beddings of all selected patches across iterations are then
concatenated and passed to the second linear which gives a
representation of the entire SITS.
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FuSITSNet
FuSITSNet (Figure 1) consists of two encoders TSE and
PatchNet and a fusion module. We use FuSITSNet for fus-
ing two SITS from Landsat-8 and MODIS. We processed
Landsat SITS using PatchNet. MODIS has a coarser spatial
resolution and can be processed as a whole, thus we used
TSE for processing its time series. However, we can replace
TSE with PatchNet to generate embeddings if the second
SITS also has a high spatial resolution.

Figure 3: Fusion Module

Fusion Module: Given in Figure 3 is a twofold module
that takes the embeddings EM and EL from the two en-
coders for MODIS and Landsat-8, respectively. It learns the
features from the two modalities using two sub-modules,
patch alignment module, and cross-modality attention.
Patch Alignment Module (PAM): We use PAM inspired
by the text video correlation aware module (Chen et al.
2022) to align the patches of fine spatial resolution modal-
ity (Landsat-8) with the corresponding regions in MODIS
time series and learn fine temporal patterns for the aligned
patches. This also suppresses the noise present in two SITS
and mitigates its effect on the end task. In the alignment pro-
cess we calculate the similarity, SimL of Landsat-8 patches
with MODIS as given below:

SimL = EL(EM )T (6)
Softmax is applied over SimL and we use an average patch-
wise aggregator over the MODIS embeddings as:

P i
ML = softmax(SimLi)EM , (1 ⩽ i < n) (7)

PML = [P 1
ML;P

2
ML; · · · ;Pn

ML] (8)
n is number of patches traversed, P i

ML is similarity-aware
aggregated MODIS representation of ith patch of Landsat.
Cross-Modal attention (CMA) learns the inter-modality re-
lationships from the two embeddings EM and EL by apply-
ing bi-directional cross-modality attention by taking queries
from both modalities to leverage their profound features.

The scalar dot product attention between the hotspot spa-
tial features of Landsat and highlighted temporal features of
MODIS gives the joint high quality features in both aspects.
This helps the model to capture the complementary aspects
of the two modalities and thus utilizes the information from
one modality to compensate for the low quality of the other
modality. Also, the module covers the untraversed Landsat-
8 regions with the help of MODIS time series. The output of
the module is represented by FM and FL.

We concatenate PML, FM , and FL and apply multi-head
self-attention to highlight the combined hot spot features. It
is followed by a feed-forward network comprising three lin-
ear layers with the Gaussian Error Linear Unit (GELU) acti-
vation function and followed by layer normalization. Lastly,
a regression layer is applied to get the prediction.

Dataset Details
We considered the top producers of corn and soybean from
the United States for CYP. The crop yield labels are col-
lected from Quick Stats (USDA 2010) compiled by the
United States Department of Agriculture (USDA). For SCP,
we have considered the counties which experience average
snowfall of more than 250 inches per year. The percentage
of the area covered under snow is obtained from the MODIS
product MOD10A1 (NASA 2000). For SEP, we considered
5 states. Details are given in Appendix A.

Data Preparation
Satellite images are by default in float values and require
more bits for storage. We applied bits precision for com-
pression where we replaced float values with unsigned in-
tegers (uint) (Hubara et al. 2016) which reduced the stor-
age requirements by four. The difference between RMSE
for CYP is less than 1% when we applied our model for
100 counties on float SITS and uint SITS. We used uint SITS
with five surface reflectance bands common in both satellites
(MODIS & Landsat-8) for all the experiments conducted.
For data preparation details see Appendix B.

Learning Objectives
We use marginal contrastive loss for contrastive learning and
the mean square error (MSE) for the prediction task.
Margin Contrastive Loss: In our twofold fusion model, we
innovatively applied margin contrastive loss (Shah et al.
2022). Utilizing contrastive loss in regression problems is
challenging since there are no explicit class categories to
directly determine positive and negative pairs for training.
The number of ”classes” is roughly equivalent to the size of
the dataset, rendering traditional contrastive loss implemen-
tation difficult. To overcome this challenge, we used batch-
wise margin contrastive loss (Kaur, Goyal, and Goyal 2023).
We selected the margin as 0.5 which minimized RMSE after
experimenting with values [0.1,0.5,1.0]. Contrastive learn-
ing gives us two losses losspos and lossneg for positive and
negative pairs, respectively.
Mean squared error (MSE): We used mean squared error
for the regression task. It gives the mean squared error be-
tween the actual target yc,z and the predicted output ŷc,z for
all the considered location-year pairs.
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Model Corn Soybean
CNN(You et al. 2017) 24.617 8.346
CNN+GP(You et al. 2017) 23.881 8.343
CNN+LSTM*(Sun et al. 2020) 23.632 8.370
CYN**(Kaur et al. 2022) 21.819 7.370
PatchNet 21.469 7.290
PatchNet+M 20.631 6.963

*uses additional soil data, **uses both meteorological & soil

Table 1: Comparison: PatchNet vs histogram models

The total loss (L) for the model is:

L = losspos + lossneg +MSE

Baselines for Comparison
We considered three types of models for comparison: (i) his-
togram models which work on histogram TS of satellite
data. (ii) our baselines for single modality SITS. (iii) our
baselines on high temporal SITS generated using genera-
tive fusion models

Histogram models: We considered four existing CYP
models CNN (Sun et al.), CNN+GP (Sun et al.),
CNN+LSTM (Sun et al. 2020), and CYN (Kaur et al. 2022)
working on histogram TS to compare with the proposed
PatchNet. CNN and CNN+GP use only surface reflectance
data and did not exploit the temporal dependency in the data.
CNN+LSTM models CYP as a temporal problem using soil
data and surface reflectance TS. The authors processed raw
features using 2DCNN and used LSTM to model the se-
quence embeddings. CYN modeled CYP as a spatiotempo-
ral problem and used soil, and meteorological data along
with surface reflectance histograms. All these models work
for different locations, and time duration. However, we used
the data for the same locations and time duration in all the
models for a fair comparison. To the best of our knowledge,
there are no existing models working on histograms for the
other two applications.

Baseline models: To the best of our knowledge, there is
no method that works with SITS for spatiotemporal prob-
lems. We applied the proposed PatchNet and TSE models on
single modality image time series of Landsat-8 and MODIS,
respectively, and compared with FuSITSNet to see the sig-
nificance of fusing two time series over a single modality.

Generative fusion models: We applied three existing gen-
erative fusion models viz. STARFM (Gao et al. 2006), RSFN
(Tan et al. 2022), and GAN (Bouabid et al. 2020) to enhance
the temporal resolution of Landsat time series. We generated
images at every mid-timestamp to get time series of 8-day
frequency. We then applied PatchNet for predictions using
enhanced SITS and compared them with FuSITSNet.

Details of models for comparison are in Appendix C.

Experiments
We performed experiments using Pytorch 1.11.0 and CUDA
11.7 on an A100 GPU server with 80 GB RAM. A model is
trained for 50 epochs with a batch size of 8 using Adam opti-
mizer with a learning rate η. We have trained the model with

Model CYP SCP SEP
Corn Soy

TSE (MODIS) 23.335 7.545 17.167 8.863
PatchNet(Landsat-8) 21.469 7.290 12.813 8.543
PatchNet(STARFM) 20.289 6.308 — 7.227
PatchNet(RSFN) 22.839 6.432 12.329 8.012
PatchNet(GAN) 18.102 6.296 11.951 7.043
FuSITSNet 16.1925 5.0389 9.2308 2.0447

Table 2: FuSITSNet vs single modality baselines

5 years of data (2014-2018) and, 2 years (2019 and 2020) for
testing. To predict the output for the zth year, the training is
conducted until the (z− 1)th year. For CYP, η = 0.0005 for
a single modality (TSE and PatchNet) and η = 0.000005
for FuSITSNet. In case of SCP and SEP, η = 0.00001 for
all three models. We performed each experiment 5 times
and observed a standard deviation of less than 0.2 for all
proposed models. The evaluation metric used is Root Mean
Squared Error (RMSE). Details are given in Appendix D.

Results and Analysis
Significance of using SITS over histograms time series:
The first set of experiments are conducted to compare the
proposed model PatchNet with existing CYP models using
histogram TS. Table 1 presents RMSE (in bu/ac) achieved
for corn and soybean yield prediction using various models.
It can be observed from the table that for corn yield predic-
tion RMSE reduced by ≈ 12% and 10% with that of CNN
and CNN+GP, respectively. These two models use only sur-
face reflectance histograms. The reduction in RMSE is 9%
for the CNN+LSTM model which also incorporates meteo-
rological data. CYN uses both meteorological and soil data
along with surface reflectance histograms. PatchNet outper-
forms CYN even without using any other data. However, the
error is reduced by an additional 6% when meteorological
data is incorporated into PatchNet.
Comparison of FuSITSNet with single modality baselines:
Table 2 presents RMSE obtained by FuSITSNet and sin-
gle modality baselines TSE and PatchNet using MODIS
and Landsat-8 time series, respectively. It is evident from
the results, that the PatchNet (Landsat-8) performed better
than TSE (MODIS) with ≈ 8% and 3.5% lower RMSE in
corn and soybean yield prediction, respectively. RMSE re-
duced from 17.17 to 12.81 for SCP and from 8.86 to 8.54
for SEP, making an improvement of 25% and 3.6%, respec-
tively. This shows the importance of using high spatial reso-
lution data for the applications. The results improved further
using FuSITSNet for all three applications. RMSE reduced
by ≈ 24% and 30% for corn and soybean yield prediction,
respectively when compared with PatchNet (Landsat-8). A
similar pattern is observed in SCP with an improvement
of 46% from TSE and ≈ 28% from PatchNet (Landsat-8).
The maximum improvement is observed in SEP with almost
76%. The huge reduction in error signifies that FuSITSNet
exploits high temporal and high spatial features and is thus

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

8441



Model CYP SCP SEP
Corn Soy

FuSITSNet 16.192 5.038 9.230 2.044
FuSITSNet (no PAM) 17.198 5.286 12.448 2.501
FuSITSNet (no CMA) 17.242 5.847 11.523 2.749

Table 3: Ablation Study

suitable for spatiotemporal applications. The performance
of FuSITSNet is improved further by using meteorological
data. Details are given in Appendix E. We also compared
the models for no. of parameters & running time required.
The no. of parameters & training time required for genera-
tive fusion models is the sum of parameters & time needed in
the generation and prediction process. FuSITSNet has more
parameters, but the running time is approx. 1/4th of other
fusion models as it does not need a generation process.
Our baselines on enhanced SITS: We generated Landsat-
8 images at every mid-timestamp. It can be observed from
Table 2 that RMSE reduces when PatchNet is applied over
enhanced time series in comparison to PatchNet (Landsat-
8) with an exception in the case of corn yield prediction.
Out of three generative models, GAN generated image time
series performed the best with an improvement of ≈16%,
14%, 7%, and 18% for corn, soybean, snow cover, and solar
energy prediction, respectively.
Comparison of FuSITSNet with Generative fusion mod-
els: Table 2 shows that FuSITSNet outperforms all the sce-
narios where PatchNet applied on SITS generated by the ex-
isting generative fusion models. RMSE reduced by ≈ 20%
for CYP in comparison to the pixel-based model STARFM.
The reduction in RMSE for FuSITSNet is 29% and 10% in
comparison to learning-based models RSFN and GAN, re-
spectively for corn yield prediction and the corresponding
reduction is 21% and 19% for soybean. The best results are
obtained for solar energy prediction where RMSE is reduced
by ≈ 70% using FuSITSNet than that of PatchNet(GAN).
Ablation Study: We carried out an ablation study to show the
importance of modules in FuSITSNet. Considering varia-
tions in results in Table 3, we observed that RMSE increased
significantly without using PAM with a maximum increase
of 25% for SCP followed by 18% in solar energy. Similarly,
the performance of the model is also degraded without cross-
modality attention. This shows that both modules are im-
portant to effectively exploit high spatial and high temporal
features in the two SITS.
Significance of patch selection mechanism: We conducted
experiments without using PSM and NS in PatchNet and
instead replaced them with random patch selection. RMSE
achieved by random selection is 24.29 bu/ac and 9.98 bu/ac
for corn and soybean yield prediction in comparison to 21.47
bu/ac and 7.29 bu/ac, respectively using PatchNet. It is evi-
dent that there is a significant improvement in the model per-
formance and PSM and NS collectively work effectively to
exploit the required hot spot features in the SITS and elimi-
nate the need to fully process it. Also, it suppresses the noise
in the two modalities.
Deciding (1/p)th traversal of SITS: The next set of experi-
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Figure 4: Deciding p for (1/p)th traversal of SITS

ments is performed for PatchNet to know the optimum num-
ber of patches for the traversal of Landsat-8 image time
series. Figure 4 shows the computation time required and
RMSE curve for corn yield prediction by varying p as 5,4,3,
and 2 keeping the patch size of H×H,H = 64. It can be ob-
served from Figure 3 that, there is an improvement of ≈ 6%
in the performance of the model when the traversed region p
changes from 5 to 4, and RMSE did not change much after
that. However but the computation time required from p = 5
to 4 is almost constant but it increases linearly after that.

We also experimented by changing the patch size to
H = 128 for p = 4 and found that RMSE reduced to 21.42
bu/ac which is just 0.2% as compared to that with patch size
64, but the computation time required to process the patch
size of 128 increased 1.5 times. To maintain the trade-off be-
tween the computation time and RMSE, we chose to carry
out the results by taking p = 4 and patch size H = 64.

Conclusion
Satellite image technology is increasingly being adopted by
researchers worldwide for Earth observation to solve prob-
lems related to environment and climate change. The de-
mocratization of this technology is still marred by the need
for processing huge volumes of data and by the unavailabil-
ity of high spatial and temporal resolution images from a
single publicly available satellite system. We proposed two
models, PatchNet and FuSITSNet, to overcome these prob-
lems. PatchNet makes it feasible to efficiently process high
spatial resolution SITS whereas, FuSITSNet fuses two im-
age time series to obtain a joint representation that cap-
tures high spatial resolution features of one satellite system
and high temporal resolution features of another. We have
fused Landsat-8 and MODIS SITS to predict crop yield,
snow cover, and solar energy for 2000 US counties and ob-
tained state-of-the-art results. One of the salient features of
the models is that high spatial and temporal features are
learned without image generation, thereby not increasing
the voluminous data further as is the case with generative
approaches. Another salient feature is that the fusion mod-
ule of FuSITSNet suppresses noise. The performance of the
proposed approach is improved further by incorporating me-
teorological data. The proposed approach is applied only
on permutation invariant applications for now. In future, we
plan to extend our approach to other applications like land
use and land cover classification problems.
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