
SICKLE: A Multi-Sensor Satellite Imagery Dataset
Annotated with Multiple Key Cropping Parameters

Depanshu Sani1, Sandeep Mahato2, Sourabh Saini1, Harsh Kumar Agarwal1,
Charu Chandra Devshali2, Saket Anand1, Gaurav Arora1, Thiagarajan Jayaraman2

1Indraprastha Institute of Information Technology, Delhi, India
2MS Swaminathan Research Foundation, Chennai, India
https://sites.google.com/iiitd.ac.in/sickle/home

Abstract

The availability of well-curated datasets has driven the
success of Machine Learning (ML) models. Despite greater
access to earth observation data in agriculture, there is
a scarcity of curated and labelled datasets, which limits
the potential of its use in training ML models for remote
sensing (RS) in agriculture. To this end, we introduce a
first-of-its-kind dataset called SICKLE, which constitutes a
time-series of multi-resolution imagery from 3 distinct satel-
lites: Landsat-8, Sentinel-1 and Sentinel-2. Our dataset
constitutes multi-spectral, thermal and microwave sensors
during January 2018 − March 2021 period. We construct
each temporal sequence by considering the cropping prac-
tices followed by farmers primarily engaged in paddy cul-
tivation in the Cauvery Delta region of Tamil Nadu, In-
dia; and annotate the corresponding imagery with key crop-
ping parameters at multiple resolutions (i.e. 3m, 10m and
30m). Our dataset comprises 2, 370 season-wise samples
from 388 unique plots, having an average size of 0.38 acres,
for classifying 21 crop types across 4 districts in the Delta,
which amounts to approximately 209, 000 satellite images.
Out of the 2, 370 samples, 351 paddy samples from 145
plots are annotated with multiple crop parameters; such as
the variety of paddy, its growing season and productivity
in terms of per-acre yields. Ours is also one among the
first studies that consider the growing season activities per-
tinent to crop phenology (spans sowing, transplanting and
harvesting dates) as parameters of interest. We benchmark
SICKLE on three tasks: crop type, crop phenology (sowing,
transplanting, harvesting), and yield prediction.

1. Introduction

Satellite imagery has emerged as a widely applicable RS
tool for researchers across domains like wildlife conserva-
tion, climate science, and economics among others; due to
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Figure 1. Schematic diagram of the complete study region in Tamil
Nadu, India. Field data was collected from the highlighted blocks.

its ability to generate policy-relevant data for large and inac-
cessible areas in a cost-effective manner. Despite the abun-
dance of satellite data, there is a lack of curated datasets
that are annotated with field data, thereby limiting its po-
tential applicability for training and evaluating ML mod-
els. Agriculture is also one such domain where collecting
field data involves conducting ground-based surveys, which
is expensive and laborious. There exist publicly available
datasets that target specific tasks, such as crop identifica-
tion [5, 26, 31], land cover classification [5, 31] and yield
estimation [31] among others. These datasets provide value
when researchers are interested in singular line of inquiry
that requires one dataset at a time. For instance, a crop yield
prediction model can be trained using SUSTAINBENCH’s
crop yield dataset [31] and a transfer learning approach can
then be adopted. However, the dataset only has county-level
annotations, which precludes a high-resolution, plot-level
analysis. Furthermore, most available datasets have differ-
ent characteristics and cover different geographies; for in-
stance, the PASTIS [19] has multi-spectral information for
crop type mapping within the French metropolitan territory;
whereas Agriculture-Vision [2] has only Red, Green, Blue
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and NIR spectral bands for crop anomaly detection across
the US; and SUSTAINBENCH’s field delineation task has
only visible spectrum bands in France. Therefore, it is not
possible to train and evaluate a single model for different,
yet closely related tasks, e.g., harvesting dates and yield es-
timates. Moreover, the time-series samples in these datasets
are produced using an arbitrary sequence length, which
might affect the overall performance. For example, each
sequence in PASTIS-R [20] contains observations taken be-
tween Sep’18 − Nov’19 and has no details regarding the
crop phenology dates. It is likely that multiple crops have
been cultivated in this period and hence the quality of input
is degraded, ultimately affecting the performance. All the
aforementioned datasets lack labels of key cropping param-
eters, which, if predicted accurately, could lead to better-
informed downstream decisions, whereas [9] provides the
key cropping parameters but lacks the access to satellite im-
agery data, which adds an overhead to collect and process
the data from multiple satellites making the training process
cumbersome. To the best of our knowledge, there exists no
prior dataset that contains multi-sensor satellite data anno-
tated with multiple cropping parameters for the same set of
plots. To tackle the mentioned challenges, we make the fol-
lowing contributions that can significantly impact the qual-
ity of deployment and hence promote applicability of RS
and ML in agriculture:

1. We introduce a first-of-its-kind dataset, SICKLE
(Satellite Imagery for Cropping annotated with Key-
parameter LabEls), containing images from multiple
satellites (Landsat-8, Sentinel-1 and Sentinel-2) hav-
ing a variety of sensors (optical, thermal and radar)
with annotations of multiple agricultural cropping pa-
rameters for each plot. These annotations are created
at 3 scales, i.e., 30m, 10m and 3m spatial resolution.

2. We organize the dataset in a way that can be readily
used by researchers from multiple domains, includ-
ing agronomy, RS and ML. Multiple cropping parame-
ters for the same set of plots allow multi-task learning,
which can help learn better feature representation. The
availability of multi-scale annotations enables the gen-
eration of high-resolution (HR) inference maps from
low-resolution (LR) images. Moreover, the individual
bands at actual resolutions and the metadata are pro-
vided, which can help develop a better band interpo-
lation strategy. The presence of time-series image se-
quences from different satellites of the same geograph-
ical location can help evolve cross-satellite fusion, syn-
thetic band generation and forecasting techniques.

3. We include the plot-level crop phenology dates, i.e.,
sowing, transplanting and harvesting dates, in the
dataset. In the absence of these dates, the estimation of
cropping parameters using time-series data can suffer

due to interference from other seasonal crops planted
in cases of heterogeneous farming.

4. We present a novel strategy for preparing time-series
data over a seasonal temporal window that is consistent
with the regional cropping standards that are typically
followed by the farmers for crop production, which im-
proves the robustness and correctness of a solution in
a real-world deployment.

2. Related Work
2.1. Crop Type Mapping

With the increased application of multi-temporal
datasets for crop type mapping, the classification meth-
ods have transitioned from applying Maximum Likelihood
based approach [32] to modern algorithms such as Support
Vector Machines [10, 14, 27], Decision Trees [4, 30], Ran-
dom Forest [8, 12] and neural networks [1, 33]. However,
the availability of such datasets is limited. Often, there
is an imbalance with respect to the availability of labelled
datasets across geographical regions. For instance, Eu-
rope has an abundance of large, densely annotated datasets,
whereas, for regions like South Asia and Africa, labelled
datasets are sparsely available. Kehs et al. [9] provide a field
dataset collected from May 6, 2019 − June 9, 2019 having
plot boundaries, crop type labels, irrigation status, density
of green leaf area and other key parameters for 474 plots
in Northern Busia county, Kenya. CV4A Kenya Crop Type
Competition [6] dataset with segmented sentinel-2 tiles is
also available for Kenya. For Ghana and Sudan, SUSTAIN-
BENCH provides data inputs as growing season time series
of imagery from three satellites: Sentinel-1, Sentinel-2, and
PlanetScope in 2016 and 2017 for different crop types [31].
Some other datasets published particularly focusing on crop
type target class for the European regions are [18, 20, 24].
At the global level CropHarvest collection is available with
crop/non-crop and agricultural class labels, collected from
publicly available datasets and covering 343 labels [26].
Except for [9] all the datasets listed here are labelled with
crop type information only, but on the other hand, [9] has
no satellite imagery associated with it.

2.2. Crop Phenology Dates

Estimating start and end of the season requires phenol-
ogy metrics to be derived from satellite images. Methods
such as shape model fitting of time-series indexes such as
NDVI and EVI are widely used for generating phenology
metrics of a crop season [11, 23]. For paddy crops, SAR-
based time-series are also applied to derive these season
dates [29]. Phenology dates are often used for rule-based
crop type classification [23]. The training data provided
by [9] has labels on the planting and harvest dates for Maize
at plot level. However, this data has not been benchmarked
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yet, possibly due to unavailability of any satellite images
with the dataset.

2.3. Crop Yield

Current methods for yield estimation use empirical as
well as process-based models. ML-based empirical models
can produce reliable estimates of paddy yield [15]. Ran-
dom Forest models with Sentinel-1 data have been used to
predict paddy yield with high accuracy [3]. [22] used CNN-
LSTM with Sentinel-2 images for tehsil (block) level wheat
predictions and achieved 50% better performance over other
models. The Process-based models mentioned here use dy-
namic crop models with remote sensing inputs along with
other parameters to simulate crop yield. SUSTAINBENCH
crop yield datasets provides county-level yields for 857
counties in the United States, 135 in Argentina and 32 in
Brazil for the years 2005− 2016 [28].

2.4. Lack of Multiple Downstream Tasks

There is a lack of publicly available datasets that can be
used for predicting multiple key cropping parameters. One
of the largest datasets available for multiple tasks, such as
crop type mapping and field delineation, is [31]. However,
the geographical coverage of these datasets varies depend-
ing on the specific tasks involved. In contrast, both semantic
and panoptic segmentation masks are supplied by [19, 20]
for a specific area; a feature that is lacking in [31]. Ad-
dressing anomaly patterns, plot boundaries along with nine
distinct types of these patterns are provided by [2]. Despite
the fact that few available datasets provide multiple crop-
ping patterns, neither of them can be used to train a multi-
tasking end-to-end trainable network for reasons outlined
above.

3. Dataset Description
The Cauvery Delta is a major rice cultivation region in

Tamil Nadu, India, where farmers cultivate one or two crops
of paddy, depending upon water availability. However, due
to significant shifts in the its agrarian landscape, an Indian
Council for Agricultural Research (ICAR) study in 2013 re-
classified four districts of the Cauvery Delta from dry semi-
humid to semi-arid conditions [17]1. Given its centrality to
rice production in India, the inferences via well-designed
ML methods from this dataset would enable analysis of the
impact of aridification on paddy yields and other cropping
patterns in the region. Moreover, we anticipate that the chal-
lenges of the SICKLE dataset (discussed hereafter in sec-
tion 4) will also drive novel vision techniques. We high-
light the key features of SICKLE, mentioned in section 1,
and show a detailed comparison with the recent literature in
Tables 1 and 2.

1The supplementary material has more details about the study region,
data sampling and dataset statistics.

3.1. Data Acquisition

Ground-based surveys were conducted throughout the
study region to collect field data for the time span of
January 2018 − March 2021 for 388 individual plots. We
interacted with the farmers of these plots to collect infor-
mation on the type and variety of the crop grown in each
agricultural season, its growing season duration and produc-
tivity in terms of yield. Paddy being the primary focus of
this study, the phenology dates and the crop yield were only
gathered for the seasons in which paddy was cultivated.
Moreover, the surveys were conducted from June 2021 -
February 2022 and hence the collected field data is entirely
dependent on the ability of the farmer to recall the details
of the crops grown in the past. As a result, out of 2, 370
samples, we have phenology dates and crop yield estimates
for 351 paddy samples only. For the remaining 656 paddy
samples, the farmers could only recall rough estimates of
the season duration but not the crop yields. We also col-
lected the GPS coordinates of the centroid of the plot, the
block and the district it lies in, the relative location to the
Cauvery Delta, and area of the plot in acres. The specific
coordinates of each plot are withheld for privacy reasons. It
is to be noted that ground-based surveys are expensive, in-
efficient and difficult to scale. Therefore, we surveyed only
a subset of all the plots from multiple blocks at random.

For the entire study region, we acquired the tile
images from 3 publicly available satellites, Landsat-8,
Sentinel-22 and Sentinel-1, using the products ‘LANDSAT/
LC08/C02/T1_L2’, ‘COPERNICUS/S2_SR’ and
‘COPERNICUS/S1_GRD’ from the Google Earth Engine
platform [7]. Unlike previous works, we downloaded all the
available bands, including the Quality Assessment and the
derived bands, from all these satellites at their original res-
olutions band-wise, along with metadata. These bands and
metadata files can be used as a prior for various tasks. For
instance, Sentinel-2 provides a derived Scene Classification
(SCL) band, which classifies each pixel as bare soil, vege-
tation, water, cloud, etc., that can provide more information
about the image. Now, if the crop cover map suggests that
the water pixel (based on the prior) is a paddy crop, we can
conclude that the model is not accurate.

3.2. Data Annotation

For the annotation task, we created vector files for each
of the 388 surveyed plots using QGIS [16] by manually
drawing the polygon boundaries around the GPS coordi-
nates of each plot by visualizing the high-resolution image-
based geographical maps available with the product. Since
the broader objective of SICKLE is to be able to gener-

2The surface reflectance (SR) data for Sentinel-2 is not available before
Dec’18. Moreover, the top-of-atmosphere (TOA) data is also archived and
is not accessible via Google Earth Engine. We requested the TOA tiles
from Copernicus and converted them to SR images using Sen2Cor [13].
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Tasks [31] [5] [2] [21] [20] [26] SICKLE

Crop Type Semantic Segmentation ✓ ✓ ✓ ✓ ✓ ✓

Crop Type Panoptic Segmentation ✓ ✓

Cropland Segmentaion ✓ ✓

Field Delineation ✓ ✓ ✓

Phenology Date Prediction ✓

Crop Yield Prediction ✓ ✓

Crop Anomaly Detection ✓

All above tasks for same set of plots ✗ ✗ ✓ ✓ ✓

Multi-Task Learning ✓ ✓

Multi Image Super Resolution ✓

Cross-Satellite & Cross-Sensor Fusion ✓ ✓

Synthetic Band Generation ✓ ✓

HR prediction using LR images ✓

Table 1. A comparison of SICKLE with related datasets (SUSTAINBENCH [31], Radiant ML Hub [5], Agriculture-Vision [2], Pixel
Set [21], PASTIS-R [20] and Crop Harvest [26]) based on the tasks that can be performed using them. The bottom 4 tasks are not only
related to the agricultural domain but are also applicable for remote sensing community.

Characteristics [31] [5] [20] [2] SICKLE

Time series data ✓ ✓ ✓ ✓

Multiple annotations for same plots ✓ ✓

Annotations at multiple resolutions ✓

Multi-sensor data for all tasks ✓ ✓

Consistent with the regional cropping practises ✓

Number of time-series samples [1, 966− 10, 332] Variable 2, 433 NA 2, 370

Table 2. A comparison of SICKLE with the related datasets that can be used for multiple tasks (SUSTAINBENCH [31], Radiant ML
Hub [5], PASTIS-R [20] and Agriculture-Vision [2]) based on their characteristics.

ate inferences for the entire Cauvery region rather than a
plot-wise analysis, we are interested in a region-wise anal-
ysis where the individual plots are unkown. Therefore, we
create a rectangular buffer area of 320m × 320m around
each plot. As many of our surveyed plots were from the
same local region, the buffer area for such plots was highly
overlapping. Thus, to regularize the relative locations of
all the plots within these extended boundaries, we trans-
lated the centroid of the polygon buffers randomly in X
and Y directions. These polygon buffer vectors were used
for clipping out image patches from the satellite tile im-
ages. We identify all the plots within a buffer using the
actual polygon vectors and then annotate all of them with
plot id, crop type, sowing date, transplanting date, har-
vesting date and crop yield labels at 30m, 10m and 3m
resolutions based on the preparation strategy mentioned in
section 3.3. For crop yield, we assume that cropping dis-
tribution was uniform within a plot and therefore distribute
the amount of yield such that the sum of pixel-wise yield in
a plot is equal to the total yield provided by the farmer.

3.3. Dataset Preparation

Regional Standard Growing Season: As discussed in
section 1, using time-series data of an arbitrary sequence
length will likely deteriorate the quality of cropping param-
eter prediction due to interference from crops planted in
other seasons. If the time-series data spans an arbitrary du-
ration (ta) that is substantially smaller than the actual grow-
ing season of paddy (tp), then the data might not be able
to capture the complete phenological structure and hence
will lack the information necessary for accurate prediction.
On the other hand, if ta ≫ tp, then the data will likely
span multiple seasons and may witness interference due to
a multi-crop cultivation leading to poor predictions. There-
fore, we argue that the duration of the observations to cre-
ate time-series input data should depend on the downstream
task. Moreover, the crop phenology dates gathered from
the farmers might differ from that region’s standard paddy
season duration. For instance, while the standard growing
season starts in September, a farmer might sow the seeds in
August or October, depending on the water availability and

5998



(a) Training plots (b) Validation plots (c) Testing plots

Figure 2. Geographical extent of the surveyed region. Each marker
denotes the presence of a surveyed plot. The blue color represents
plots in the train set, the green color represents the validation set
and the red color represents the test set.

other factors. On the other hand, there might be crops, such
as coconut and banana, that can span an entire year for its
cultivation. Thus, instead of using arbitrary sequences as in
prior work [2, 5, 20, 21, 26, 31], we propose a novel method
for preparing time-series data where we consider the length
of the regional standard growing season as the duration for
creating the time-series data. This strategy leverages the
domain knowledge of the crop’s growing season in the re-
gion, which is available (as a default) even in the absence of
information on the crop’s actual growing season in a partic-
ular plot, which is often the case in a real-world setting. For
this purpose, we use Table 2 (supplementary material) as
a regional standard obtained from Tamil Nadu Agricultural
University (TNAU) [25]. We then curate a data set based on
this regional standard for paddy crop cultivation. Specifi-
cally, for each regional standard season, we consider all the
satellite images of a particular plot between that duration as
a single sample. From an application standpoint, we argue
that leveraging domain knowledge is crucial for success.

Dataset Creation: As mentioned in section 3.2, instead
of clipping satellite images at a plot level, we clipped a
patch of 320m× 320m around each plot, which might also
contain other plots from the region. Following the tech-
nique we proposed in the previous section, we downloaded
and clipped the images available in the regional standard
growing season only. 3

Creating Train/Val/Test Splits: Randomly dividing
the plots into training, validation and test sets created un-
even distributions across these splits. We observed that the
distribution is highly skewed in terms of almost all the key
parameters when using random splitting. Some of the pos-
sible reasons for this could be the sensitivity of crop pa-
rameters on geographical location, uneven distribution of
size and count of the plots across different patches, and un-
availability of all the parameters for some samples. Thus,
we created plot-level parameter histograms using pixel-wise
annotations of all the samples associated with each plot; and
then concatenated all the parameter histograms to create a

3The dataset directory structure is explained in supplementary material.

1-dimensional histogram for each plot in the dataset. We
then iteratively split the plots using a stratified split with
different random seeds. For each iteration, we compute the
Wasserstein metric (Earth Mover’s Distance) between the
training, validation and test plot histograms. We executed
this method for over 200, 000 iterations and chose the split
with the least Mean Wasserstein Distance (Fig 2).

4. Challenges
Along with the applicability of SICKLE for developing

better algorithms to predict multiple key cropping parame-
ters, we also aim to bridge the gap between the agriculture,
RS and ML communities. The proposed dataset has differ-
ent modalities of raw data from distinct satellites that would
allow ML engineers to leverage data-driven methods as well
as domain-specific knowledge, which could be exploited to
develop practically usable systems.

1. Currently, the publicly available datasets ignore opti-
cal images having clouds based on a certain thresh-
old. But paddy is also grown during rainy seasons,
thus will contain heavy cloud covers for such samples.
When the images corresponding to these samples are
ignored during the development phase of a solution,
the inferences generated after the deployment will be
unanticipated. It is also important to know that includ-
ing such images will not contribute much towards the
solution’s performance because of the limitations of
optical sensors. However, SICKLE is also encapsu-
lated with radar observations, which are not sensitive
to clouds and other atmospheric interference. Thus so-
phisticated methods for fusing multiple sensory obser-
vations is a necessity.

2. The annotations masks are based on the ground sur-
veys conducted during January 2018 - March 2018.
Compared to the crop-cutting based data collec-
tion, conducting ground-based surveys is economi-
cally more feasible, but the ground truths are much
noisier. Thus, considering these annotations as ground
truths would be logically incorrect. Alternatively, one
can assume these annotations to be weak signals about
the ground truth information and thus develop algo-
rithms based on weak supervision.

3. Majority of the plots in this study region are small
farms, with more than 95% plots having an area of
less than or equal to 1 acre and an average size of
0.38 acres. Thus low-resolution crop parameter masks
tend to smoothen the edges of individual plots (Fig 3).
Moreover, the masks at 30m resolution are unavail-
able for very small plots (Fig 4). Sometimes, small
plots adjacent to each other are merged due to the res-
olution (Fig 5). The availability of high-resolution
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(a) 3m resolution (b) 10m resolution (c) 30m resolution

Figure 3. Masks at LR tend to smoothen the plot boundaries.

(a) 3m resolution (b) 10m resolution (c) 30m resolution

Figure 4. Masks are not available for smallholding farms at LR.

(a) 3m resolution (b) 10m resolution (c) 30m resolution

Figure 5. Masks for small adjacent plots are merged at LR.

masks allows us to develop methods for generating
high-resolution inferences. Figures 3, 4 and 5 depict
the boundary and area of individual surveyed plots.

4. Despite conducting an extensive ground survey, most
of the area in the study region remains unsurveyed.
Thus the number of data samples available over a sea-
son for predicting crop parameters is small. This re-
striction inspires small-sample and data-efficient learn-
ing methods.

5. Although the sampling strategy allowed us to gather
data from all over the study region, there are several
other factors that influence the distribution of crop pa-
rameters. Factors such as distance from the irrigation
source, soil conditions, etc. can vary across different
plots and may also influence the prediction accuracy.
The predictive models would be required to factor in
these changes or be designed to be robust to them in
order to be deployed.

5. Methodology
Although SICKLE can be used to perform various tasks,

such as synthetic band generation, image super-resolution,

multi-task learning, etc., we benchmark it on 3 tasks, i.e.
crop segmentation, phenology date and crop yield predic-
tion. Phenology date prediction is further composed of
sowing, transplanting and harvesting date predictions. We
benchmark the dataset using the code repository of [19],
which includes the implementation of U-Net 3D, ConvL-
STM and U-TAE among others. We slightly modified the
backbone architecture of all the models to output a pixel-
wise embedding, instead of a class map, and add a convo-
lution output layer. This modification allows us to perform
cross-satellite fusion.

5.1. Crop Segmentation

We pose this as a binary semantic segmentation prob-
lem of classifying each pixel as paddy or non-paddy. But
one can also pose this as a multi-class semantic segmen-
tation problem as finer labels for all the non-paddy crops
are also provided. We use Pytorch’s implementation of the
Cross-Entropy Loss. Therefore we don’t need to use any
activation function explicitly on the logits. This makes the
architecture reusable for regression tasks, discussed in the
next sections. Along with the time-series crop segmenta-
tion, we also demonstrate the performance of U-Net 2D and
DeepLabV3+ using a single image as the input.

5.2. Phenology Dates Prediction

Phenology date prediction can be posed as a segmenta-
tion as well as a regression problem. We know the duration
of regional standard season a priori; hence, we can clas-
sify one of the season days as the sowing, transplanting or
harvesting day. A common approach in such a problem set-
ting is to use a cross-entropy loss, which is not ideal in this
scenario because it treats all the misclassifications equally;
hence a date that is misclassified by ±1 day will be the
same as a misclassification of ±100 days. Therefore, we
pose this problem as a regression problem and use the root
mean squared error (RMSE) loss. A regressor also makes it
possible to account for outliers, as mentioned in section 4.
Because the architecture discussed in the previous section
does not contain any activation function at the output layer,
it is directly reusable for regression tasks.

5.3. Crop Yield Prediction

Similar to 5.2, we pose yield prediction as a regression
task and use the RMSE loss. We emphasize that even after
incorporating the regional standards, it might be challeng-
ing to estimate the yield if multiple vegetation signals are
available for a pixel. Let’s consider a case where the start
of the regional standard season contains the harvesting pe-
riod of a crop A grown in the previous season and the actual
growing season for the crop B starts just after the harvesting
period of A. Because there are multiple vegetation signals
within the standard season, the estimates will be ambigu-
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ous. If B turns out to be a damaged crop but A has high
productivity, the yield estimates will be unanticipated and
incorrect. Therefore, we propose a novel strategy of us-
ing the phenology dates to estimate the actual growing sea-
son, which is then used for yield prediction. This follows
two implementations. One can argue that time-series data
is necessary to monitor productivity throughout the season.
One can also claim that a single image of the crop can es-
timate crop yield during the harvest season. Therefore, we
benchmark the results of crop yield prediction on both these
implementations.

5.4. Cross-Satellite Fusion

The data from different satellites can be fused in various
ways. The prominent fusion techniques are early fusion: the
inputs are concatenated and then processed, and late fusion:
the embeddings from each satellite data are concatenated
and further processed. Because the satellites have different
revisiting frequencies and hence acquire images on different
dates, making it inappropriate to do an early fusion. There-
fore, we adopt the late fusion technique as shown in Fig 6,
wherein we use the architectures mentioned in the previ-
ous sections to generate a feature embedding instead of a
class map. We concatenate the embeddings of all the par-
ticipating satellites channel-wise and then use a convolution
output layer.

Sentinel 1

Sentinel 2

Landsat 8

Convolution
Layer

Output Mask

Spatiotemporal
Encoder

Intermediate Feature
Embeddings

Decoder Pixel-Wise Feature
Embeddings

Figure 6. We adopted this architecture to benchmark the dataset
on all the tasks. The time-series sequence from each participat-
ing satellite is processed using a spatiotemporal encoder to gener-
ate an intermediate feature embedding. The decoder accepts these
embeddings and generates a pixel-wise embedding. All the pixel-
wise embeddings from all the participating satellites are channel-
wise concatenated and fed to a convolution output layer. If only
one satellite is participating in fusion, it is equivalent to a single
satellite prediction task.

6. Experiments

6.1. Experimental Setup

We use all the 2, 370 samples for benchmarking crop
segmentation. Although rough estimates of the phenol-
ogy dates are available for all the 1, 007 paddy samples,
we benchmark phenology date and yield estimation on 351
paddy samples for which all the other crop parameters are
also available. We divided the samples into 80%, 10% and
10% splits to create training, validation and test sets using
the technique mentioned in section 3.3. Although, while
making the splits we ensured that no plot from the valida-
tion and testing sets is exposed during the training, it was
observed that plots in validation and test sets were still be-
ing exposed during training because some of these plots are
adjacent to the plots in the training set. Therefore, by mask-
ing them out, we ensure that such pixels are ignored while
training. We use a 50% dropout strategy to train all the
models for 100 epochs with a cosine anneal scheduler hav-
ing starting and minimum learning rate of 0.1 and 1e − 4,
respectively, which is kept constant after 75 epochs. We set
the starting learning rate for all the single image tasks to be
1e − 3. We reduced the number of parameters by reducing
the number of convolution blocks because of the small size
of the dataset as compared to [19]. We also adopted data
augmentation techniques, which included random horizon-
tal and vertical flip along with random brightness adjust-
ment and Gaussian blur. While the flipping augmentation
helps in better spatial regularization of the plots, bright-
ness and blur augmentations help by synthesizing the ef-
fect of climatic and atmospheric interference. Moreover,
because there is an imbalance of crop type distribution with
paddy being less, we use a weighted cross-entropy loss with
weights 0.62013 and 0.37987 for paddy and non-paddy
crops, respectively. For a fair comparison between the re-
ported results, we resize the Landsat 8 images to generate
predictions at 10m resolution.

6.2. Metric

We report the mean and standard deviation of the results
obtained with different seed values (ranging from 0 to 4) on
the test set. For segmentation tasks, we report the results
using pixel-wise accuracy, f1-score and intersection-over-
union (IoU). The results include macro-averaged as well
class-wise metrics. For regression tasks, we report the root
mean squared error (RMSE), mean absolute error (MAE)
and mean absolute percentage error (MAPE). Because the
phenology date prediction has a specified range of dates,
we normalize the MAE by the maximum possible date, i.e.
183, instead of the ground truth value to compute MAPE,
because otherwise, its value overshoots due to the minimal
range of sowing date (≈ 0).
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Task Metric L8 S2 S1 Fusion

Crop Type (SI) IoU (%) 47.73%± 1.77% 54.87%± 3.08% 64.35% ± 4.82% -
Crop Type IoU (%) 56.04%± 5.84% 78.12%± 3.48% 81.77% ± 6.60% 81.07% ± 5.77%
Sow Date MAE (days) 2.66± 0.961 2.30 ± 0.611 3.61± 0.898 2.33 ± 0.639
Transplant Date MAE (days) 6.20 ± 1.030 6.36± 2.164 7.23± 0.779 6.16 ± 1.770
Harvest Date MAE (days) 9.86 ± 0.736 8.83 ± 1.520 10.08± 0.561 10.75± 3.389
Crop Yield (SI) MAPE (%) 46.74% ± 3.82%% 60.44%± 14.50% 48.35% ± 7.64% -
Crop Yield (RS) MAPE (%) 54.00% ± 9.67% 72.38%± 8.74% 71.81%± 17.27% 70.35% ± 13.75%
Crop Yield (AS) MAPE (%) 59.38% ± 14.75% 73.59%± 9.81% 65.66%± 16.24% 64.56% ± 13.77%

Table 3. Results for the benchmarking tasks. Single-image experiments are denoted with SI in parenthesis. The results are reported using
the same benchmarking model (U-Net 3D for time-series and U-Net 2D for single image) for a fair comparison. RS denotes the experiment
when using Regional Standards to create the time-series input, whereas AS denotes the one using Actual Season. The supplementary
material includes a list of exhaustive experiments and their results.

Figure 7. An illustration of the outputs obtained from U-Net 3D (Fusion) on the test set. Figures (a) - (e) are the ground truth annotations
and figures (f) - (j) are the output maps generated. All the pixels that were predicted as non-paddy in (f) were masked out in (g) - (j).

6.3. Results

We performed experiments with multiple state-of-the-art
architectures for time series and single-image predictions
wherever applicable. Table 3 includes the benchmarking
results for each task. It is important to note that these re-
sults only have the experiments done on the same backbone
architecture for a fair comparison. A complete list of exper-
iments is available in the supplementary material. The best
results are highlighted in green color and the competing
(second best) are represented using a bold font.

7. Conclusion

This paper introduces SICKLE, a first-of-its-kind
dataset consisting of satellite image time-series data from
multiple satellites with multiple key cropping parameters
annotated at multiple resolutions. The dataset enables re-
searchers to develop an end-to-end pipeline wherein one can
predict the key cropping parameters at a plot-level given the
satellite images of the complete region. Such an end-to-

end pipeline is necessary for real-world deployments where
gathering the individual plot-level insights is a crucial task.

Besides the cropping parameter annotations, the dataset
also serves as the first step towards building a research
ecosystem for researchers across agriculture, remote sens-
ing and machine learning domains by emphasizing on var-
ious fundamental challenges that could potentially benefit
the overall development of the community.
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