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Cropland extent serves as a critical determinant for advancing various Sustainable
Development Goals (SDGs), and satellite-derived data has been widely used to generate
cropland extent maps. To further address the global mission of high-resolution cropland
extent mapping, the Food and Agriculture Organization (FAO) and the United Nations Office
on Drugs and Crime (UNODC) have proposed "cropland extent mapping" as a focal theme
for the 2023 Geo-Al Challenge. Organized by the International Telecommunication Union
(ITU) in collaboration with the Zindi platform, tasks of this challenge are divided into two
components: (1) annual cropland extent mapping in Sudan and Iran, and (2) temporal
cropland mapping in Afghanistan, with pre-provided training samples across all three test
regions. Throughout the challenge duration, a total of 74 participating teams submitted their
solutions, with the top five teams selected based on classification accuracy of cropland extent
maps, innovative methodology, and effectiveness of oral presentation. Several key scientific
questions were addressed during the challenge, including optimal classification feature
selection, comparative analysis of diverse Machine Learning (ML) models, and fine-tuning of
ML algorithms. Importantly, all datasets, scripts, and technical reports resulting from the
challenge are openly accessible to the public domain, thereby fostering collaborative
advancements within the agricultural remote sensing community.
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1. INTRODUCTION

The spatial distribution of global cropland extent serves as the foundation for various
analysis in agricultural applications, including crop growth monitor and water manage-
ment, natural resource utilization, environmental assessment, public health initiatives,
and sustainability evaluations, and the role of the agricultural sector and its management
is pivotal for fostering the 2030 Sustainable Development Agenda since farmland is the
basis for human survival and development [1, 2]. Furthermore, information on the state
and changes in agricultural land contributes to the monitoring of the achievement of
several of the 17 Sustainable Development Goals (SDGs) and many of their 169 targets
[3]. Monitoring the cropland extent is directly linked to SDG 2: “Zero Hunger”, but it is
easy to understand its indirect contributions to Goal 6 (Clean Water and Sanitation), Goal
12 (Responsible Consumption and Production), Goal 13 (Climate Action), Goal 15 (Life
on Land), and Goal 17 (Global Partnership for the Goals), as well as to income-based
SDGs such as Goal 1 (No Poverty) and Goal 8 (Decent Work and Economic Growth) [4].

Less immediate relationships can be found with Goal 16: “peace, justice, and strong
institutions”, but they are evident when it comes to measuring the extent of illicit crop
cultivation, such as in the framework of the Illicit Crop Monitoring Programme (ICMP)
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of the United Nation Office on Drugs and Crime (UN-
ODCQ).

With several new earth observation plans and others
to be implemented soon, more satellite imagery with
increasing spatial and temporal resolution is available
[5, 6]. However, satellite data processing and land sur-
face information extraction go far beyond the satellite’s
raw image acquisition and provision. Machine learning
and artificial intelligence are promising to improve the
accuracy and robustness of land cover classification with
satellite images.

Figure 1 - Locations of the test regions of Geo-AI Challenge 2023

Timely and accurate crop maps are essential for various
applications in agriculture, as well as other relevant re-
search fields, such as natural resources, environment,
peace, security, health, and sustainability. Cropland
extent maps are the basic products for practical agri-
cultural applications. Numerous algorithms have been
proposed for cropland mapping using satellite observa-
tions, and several freely available land cover products
provide global cropland extent maps at a 30m resolution,
such as WorldCover, Globaland30, and GFSAD30 [7, 8,
9]. However, the data has several limitations: (1) the
data is not updated annually, limiting their usefulness for
monitoring changes over time; (2) each product has its
definition of “cropland”, which differs from FAOSATA’s
definition of “6620 cropland” or “6621 arable lands”; and
(3) the existing global cropland masks have a significant
disagreement.

To address these challenges and advance the mission
of global high-resolution cropland extent mapping us-
ing remote sensing data, the 2023 Geo-AI Challenge of
cropland extent mapping section has been proposed by
FAO and UNDOC. The challenge aimed at developing
accurate and cost-effective classification models for crop-
land extent mapping with machine learning techniques.
There were 74 submissions, and the top 20 teams with
high cropland mapping accuracy were selected for the
second-round evaluation, and then the top 5 teams were
rewarded based on all performances including mapping
accuracy, novelty of technical report, and performance
of oral presentation. This paper is organized as topics
and data provided by FAO and UNODC, solutions of the
three participants, and a summary.

2. TASKS AND TRAINING

The tasks of the Geo-Al Challenge 2023 could be divided
into two parts: (1) annual cropland extent mapping in two
test regions located in Sudan and Iran using satellite data
collected between July 2019 and June 2020; (2) temporal
cropland extent mapping in Afghanistan using satellite
data collected in April 2022. Fig. 1 shows the locations
of the test regions and false-color composited satellite
images.

2.1 Task and data in Afghanistan

Since 2002, UNODC has provided statistically-sound
information on the area under poppy cultivation in
Afghanistan. The estimates are based on visual inter-
pretation of VHR commercial satellite images. Images
are taken of selected sample units of a 5x5 km grid that
is superimposed on potential agricultural land in the
country. For the proposed challenge, UNODC provided
training and test data produced from the analysis of VHR
satellite imagery (Pleiades at 0.5m spatial resolution) ac-
quired over the Nangarhar Province in April 2022, and
the model is used to identify cropland extent in the same
period.

2.2 Task and data in Sudan and Iran

The tasks for Iran and Sudan are using the satellite image
time series collected during July 2019 and June 2020 to
identify cropland extent at a 10-meter spatial resolution.
There are two test regions, both with a 1-degree by 1-
degree extent. 500 training samples were provided for
each test region, and the participants could add training
samples by themselves. Basically, we encouraged the
participants to use a small training sample dataset, so
that the total number of training samples in each test
region should be smaller than 1000.

© International Telecommunication Union, 2025
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3. SOLUTIONS
3.1 Solution from Mohammad

3.1.1 Materials

Google Earth Engine (GEE) has been widely used for crop
mapping to ensure food security and manage natural
resources [10, 11]. In this solution, GEE was utilized to ex-
tract different satellite data, as described in the following
sections, over three different study areas: Afghanistan,
Sudan, and Iran. Monthly mean values of the data were

computed using GEE over different time periods for each
study area.

For Afghanistan, ground truth samples were collected for
one month, April 2022. However, we extracted monthly
mean values for the past three months (January, February,
and March) to enable near-real-time assessment, as a one-
month interval would have limited cropland mapping
accuracy. For Iran and Sudan, monthly mean values
were extracted between July 2019 and July 2020 to cover
the time frame of the collected samples.

Sentinel-2 Data: Sentinel-2 satellites, operated by the
European Space Agency (ESA), provide high temporal
and spatial resolution optical images, with a spatial
resolution of 10 m, 20 m, and 60 m spatial resolution, and
revisit cycle every 5 days [12]. The optical image from
Sentinel-2 consists of 13 bands covering the spectrum
range from visible to short-wave, including the near-
infrared range. Table 1 shows the extracted 10 bands
from Harmonized Sentinel-2 MSI, level-2A collection
on GEE and used in the solution. The extracted bands
have been used to compute vegetation indices, like the
Normalized Difference Vegetation Index (NDVI) and
Green Normalized Difference Vegetation Index (GNDVI).

Table 1 — Sentinel-2 bands

Band name Description
B2 Blue

B3 Green

B4 Red

B5 Red Edge 1
B6 Red Edge 2
B7 Red Edge 3
B8 NIR

BSA Red Edge 4
Bl1 SWIR 1
B12 SWIR 2

Sentinel-1 Data: The Sentinel-1 mission, operated by
ESA, offers high spatial resolution Synthetic Aperture
Radar (SAR) data up to 10 m with a high revisit frequency
[13]. SAR data is not affected by cloud contamination,
unlike optical data, due to its ability to penetrate clouds
[14, 15]. That’s why it has been used in combination with
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Sentinel-2 data. Sentinel-1 SAR Ground Range Detected
(GRD) collection was utilized due to its provision of cali-
brated and ortho-corrected products. Two polarization
bands, VV (vertical transmit/vertical receive) and VH
(horizontal transmit/horizontal receive), were extracted
for each scene. These two bands were used to generate
more features, such as the Radar Vegetation Index (RVI).

SMAP Level-4 Data: The Soil Moisture Active Passive
(SMAP) mission, operated by NASA, provides Level-4
soil moisture products with a resolution of 9 km. These
products include soil moisture information related to the
soil’s layers, as well as additional data such as Leaf Area
Index (LAI) [16]. Despite its coarser resolution compared
to Sentinel products, SMAP data has been utilized to
account for spatial variation in the surrounding area.
Table 2 shows the selected bands from the SMAP Level-4
(L4) collection.

3.1.2 Algorithms

This study focused on two approaches of cropland map-
ping to gain insight of their respective performance:

1. Weighted ensemble tree-based models. This approach
utilized two models, namely Light Gradient Boosting
Machine (LightGBM) [17], and Categorical Boosting
(CatBoost) [18], chosen for their optimal computa-
tional speed and their ability to handle raw data with-
out normalization [19, 20].

2. Time Series Classification (TSC) utilized by using In-
ceptionTime architecture, an ensemble of convolu-
tional neural network models, due to its scalability
and time efficiency [21]. This approach will help to
exploit the temporal dimension of the time series.

3.1.3 Results and discussion

The best performing approach was the weighted ensem-
ble tree-based models, achieving accuracy scores of 0.857,
0.971, and 0.961 for Afghanistan, Sudan, and Iran, respec-
tively. In comparison, the TSC method achieved 0.614,
0.614, and 0.598 in the same regions. The results suggest
that longer time series spans, as seen in Iran and Susan,
improve the accuracy of cropland mapping. Conversely,
Afghanistan achieved the lowest accuracy, likely due to
its shorter time span of only four months.

Fig. 2 shows the importance of the feature for the en-
semble tree-based models for Afghanistan. The VH
polarization band in February was the significant feature,
indicating that Sentinel-1 SAR data is particularly useful
for crop mapping in winter due to its insensitivity to
atmospheric conditions.



ITU Journal on Future and Evolving Technologies, Volume 6, Issue 1, March 2025

Table 2 - SMAP Level-4 bands

Band name

Description

sm_surface

sm_rootzone
sm_surface_wetness
sm_rootzone_wetness
surface_temp
land_evapotranspiration_flux
vegetation_greenness_fraction
leaf_area_index

Top layer soil moisture (0-5 cm)
Root zone soil moisture (0-100 cm)
Top layer soil wetness (0-5 cm)
Root zone soil wetness (0-100 cm)
Mean land surface temperature
Evapotranspiration from land
Vegetation greenness

Vegetation leaf area index

Feature Importance

VH_Feb
TVI_Mar
SI_Apr
BBA_Mar
VH_Jan
MTCI1_Apr

NDVI_R_Jan

Features
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Figure 2 — Feature importance for Afghanistan

Fig. 3 shows the top features of Sudan. It is worth
noting that the most significant impact is observed from
Sentinel-2 bands during the summer months, particularly
in June and July, when the cloud cover is less frequent,
and thus optical data is less affected. Fig. 4 illustrates
the features” importance for Iran. It shows that the LAI
and evapotranspiration have a high impact on cropland
mapping in Iran.
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Figure 3 — Feature importance for Sudan
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Figure 4 — Feature importance for Iran

3.2 Solution from Stella

Remote sensing data serves as an essential input for the
generation of large-scale crop maps. Prominent examples
include products such as EU World Cover [7], Global
Land Analysis and Discovery crop expansion products
[22], and World Cereal crop maps [23]. However, the
production of these maps is either irregular (resulting
in varying temporal coverage), outdated or utilize dis-
tinct nomenclature for classifying cropland, leading to
significant uncertainty [24]. An analysis of regional-level
crop maps conducted by [25] on numerous crop maps
revealed a lack of consensus, primarily stemming from
intra-class variance. This underscores the challenge of
developing a singular comprehensive product that ac-
curately represents the diverse definitions and cropping
seasonality across different landscapes. In light of these
complexities, our approach to mapping cropland in the
three regions is predicated on recognizing these nuances,
treating each region as an independent entity.

3.2.1 Materials

Only 1000 ground labels (500 each of crop and non-crop
areas) are provided per region. Initially, a workflow
is devised, leveraging the Google Earth Engine API to
extract Sentinel-2 surface reflectance time series for each
label [26]. All spectral bands, except the aerosol and water
vapor bands, are utilized, resulting in a total of 10 bands.
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Out of these, 15 spectral indices, mostly encompassing
vegetation greenness, biomass, and canopy water content,
are derived. For simplicity, the names of the spectral
indices are provided below. An interested user can
consult the GitHub repository or the index database
(https://indexdatabase.de) for the formulas used to
derive these indices.

normalized Difference Vegetation Index (NDVI)
NDVI red-edge

normalized difference water index
enhanced vegetation index
normalized difference built index
soil adjusted vegetation index
browning reflectance index
chlorophyll index

land surface water index
normalized difference pond index
water ratio index

plant senescence reflectance index
difference vegetation index

ratio vegetation index

visual atmospheric resistance index

A limitation of optical remote sensing is the presence
of clouds that often hinder the usability of satellite im-
ages. In this workflow, the identification and removal
of cloudy observations are conducted manually by scru-
tinizing satellite images independently for each region.
This manual approach is chosen over filtering by cloudy
pixel percentage since the latter cannot provide insights
into the location of clouds within an image. Alternatively,
the Scene Classification (SCL) layer can be employed to
locally mask clouds in a fully automated workflow. How-
ever, this substitution may lead to samples with uneven
time series lengths, necessitating temporal interpolations
to ensure uniformity, a typical requirement of machine
learning models. The final step in our data extraction
workflow involves spatial mosaicking. Here, footprints
acquired on the same day are merged to prevent points
that intersect overlapping areas from containing addi-
tional and redundant temporal information.

It is also important to recognize the conditions imposed
on extracting satellite data for the ground labels. In Iran
and Sudan, ground labels were surveyed between July
2019 - June 2020, and only in April 2022 for Afghanistan.
This means that, while there is enough information to
distinguish the temporal characteristics of crops and
non-crops in Iran and Sudan, this information is limited
in Afghanistan. Table 3 shows the input shape in the
dimension (time X number of channels).

Table 3 — Time window and input shape per region

Region Time window Input shape
Afghanistan April 2022 X € RO10
Iran July 2019 - June 2020 X € IR%*10
Sudan July 2019 - June 2020 X € R51X10

3.2.2 Algorithms

Separate classical machine learning models namely Ran-
dom Forest (RF), extreme Gradient Boosting (XGBoost),
Support Vector Classifier (SVC) and k-Nearest Neigh-
bor (KNN) are trained for each region. For each model,
we experiment using either spectral bands only (SB),
spectral indices only, or their combination in a 5-fold
cross-validation. A hyperparameter search for each ex-
periment setup is achieved using Optuna to find the best
set of parameters that maximizes the overall accuracy
[27].

number of correct predictions

(1)

accuracy = —
Y= Ttotal number of predictions

As advancements in Al continue to progress rapidly,
research endeavors comparing classical machine learn-
ing methodologies like random forest with deep neural
networks frequently reveal competitive accuracies [28,
29]. Although our ultimate submission leans towards
classical machine learning, we delve deeper into inves-
tigating the advantages of Deep Learning (DL) models
when contrasted with classical baseline approaches.

3.2.3 Results and discussion

This study undertook a comparative analysis of the per-
formance of four classical baseline models across various
combinations of regions and features. Table 4 presents the
accuracy metrics for the four classical machine learning
models.

In Afghanistan, the best performances can be achieved
using RF applied to spectral bands, XGBoost on spec-
tral bands and indices altogether or KNN on indices or
spectral bands enriched with indices. RF is preferred
here since it uses fewer features to reach an accuracy of
about 82%. Despite the limited amount of time steps
for samples in Afghanistan, the models still achieved
acceptable accuracies.

In both Iran and Sudan, achieving an accuracy exceeding
94% is feasible, contingent upon the specific configu-
ration. Integrating spectral bands in conjunction with
indices frequently produced outcomes on par with those
derived solely from indices. This implies that augment-
ing features does not invariably enhance model efficacy.

© International Telecommunication Union, 2025 5
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Table 4 — Performance comparison of different models and feature
combinations for each region

Table 5 — Performance comparison on short and long time steps using
random forest

Model Spectral bands Indices SB + Indices Time Spectral bands Indices SB + Indices
Afghanistan April 0.824 0.790 0.810
RF 0.824 0.790 0.810 March-May 0.844 0.838 0.826
XGBoost 0.796 0.788 0.824
svVC 0.766 0.800 0.788 Benefiting from deep learning models: Although it is
KNN 0.806 0.826 0.828 acknowledged that classical machine learning methods
do not effectively utilize temporal order, two deep learn-
Iran ing models, namely TempCNN [29] and LSTM [30], are
RE 0.962 0.962 0.960 applied using implementations from [28]. TempCNN ap-
XGBoost 0.942 0.958 0.958 plies 1D convolutions across dimensions to learn spectro-
SVC 0.954 0.964 0.962 temporal features. LSTMs, on the other hand, leverage
KNN 0.948 0.938 0.950 recurrent connections to capture sequential dependen-
Sudan cies through memory cells. In addition, a Multilayer
RF 0.942 0.984 0.982 Perceptron (MLP) is used as a deep learning baseline.
XGBoost 0.938 0.970 0.966 MLPs are comparable to RF in that they do not regard
SvC 0.788 0.986 0.986 temporal order. In a similar way to the classical ML
KNN 0.958 0.950 0.972 models, each model is tuned with Optuna under the

Additionally, the superiority of employing indices over
spectral bands was apparent in a performance boost
ranging from 1% to 4%, except for the Support Vector
Classifier (SVC) in Sudan, where the enhancement was
notably substantial, at approximately 20%.

Impact of increased time steps: The high performance of
Iran and Sudan can be attributed to the high number of
time steps available to aid the classification of crops and
non-crops. To improve the accuracy in Afghanistan, the
phenology for selected croplands was examined beyond
the limited time window (1 — 30 April). Fig. 5 suggests
that crops were in season prior to and after the month of
April.

0.30
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Figure 5 — Annual NDVI profile of a cultivated area in Afghanistan

The time window is then adjusted by one month (March
— May) to triple the number of time steps. Table 5 shows
that, in effect, this increases the mapping accuracy by 2%
on spectral bands and nearly 5% on indices (with respect
to RF).

same cross-validation configuration.

Table 6 — Comparing accuracies for random forest and deep learning
models on limited time steps for Afghanistan

RF  MLP TempCNN LSTM
Spectral bands 0.824 0.784 0.796 0.808
Indices 0.790 0.774 0.862 0.858

Table 6 compares the accuracy for random forest and
deep learning models when considering spectral bands
or indices. On spectral bands, DL RF outperformed
all DL models with a margin between 2-4%; however,
TempCNN and LSTM applied to indices surpassed RF’s
performance by about 4%.

3.3 Solution from Julius

3.3.1 Materials

Our study area spanned two continents, Africa (Sudan)
and Asia (Iran and Afghanistan), as shown in Fig. 1.
For Sudan and Iran, the time span was a two full-year
classification while for Afghanistan there was a temporal
classification using one month of data. We attempted to
build one model that could generalize well across these

countries/continents with varying crop types, farming
practices, seasons, and using varying time spans.

The satellite imagery datasets were extracted from Sentinel-
2 using the Google Earth Engine (GEE). For Afghanistan,
the time span for the imagery spanned one month, April
2022, and for both Iran and Sudan from July 2019 to June
2020 for both train and validation datasets. The cropland
fields and training samples collected for the test regions
are shown in figures 6, 7, and 8. The Afghanistan test
region presented a unique challenge and opportunity

© International Telecommunication Union, 2025
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Figure 8 — Afghanistan croplands sample

for extra data collection. This work ventured beyond
provided data sources, seeking to augment the avail-
able data and broaden the scope of analysis. As such,
an additional 500 training samples, well-labeled from
Afghanistan’s Nangarhar province, were introduced to
enrich the dataset. These samples were extracted from
GEE after the registration of a Google account and subse-
quent GEE enrollment. This tool proved instrumental in
data acquisition and analysis.

3.3.2 Algorithms

To ensure the efficacy of our predictive model, we com-
menced with a comprehensive comparison of various
machine learning algorithms. The following models
were considered for evaluation: logistic regression, ran-
dom forest, AdaBoost, XGBoost, HistGradientBoosting,
LightGBM, and CatBoost. These models were trained
and tested to gauge their performance on our dataset.
The evaluation was based on accuracy, a fundamental
metric for classification tasks. The results of this initial
comparison are summarized in Table 7.

It is evident from the comparison that both XGBoost
and LightGBM outperformed other models in terms of

© International Telecommunication Union, 2025

Table 7 — Performance of various models before hyperparameter tuning

Model Accuracy
XGBoost 0.884
LightGBM 0.880
HistGradientBoosting 0.874
Random Forest 0.866
CatBoost 0.864
AdaBoost 0.828
Logistic Regression 0.682

accuracy. For fast and efficient training and evaluation
LightGBM was chosen as the proposed model because
it is light and fast [30]. This final proposed model was
subjected to hyperparameters’ tuning to determine the
optimal parameters for best performance. Optuna, an
efficient tuning approach was applied [27]. The following
were optimized: number of boosting rounds, learning
rate, maximum depth of the trees and the L2 regulariza-
tion strength. After getting the optimal parameters, we
employed a repeated k-fold cross-validation with five
folds and three repeats to ensure robust model evalua-
tion and selection of the best hyperparameters [32]. This
approach allows for thorough testing and validation of
the model’s performance.

3.3.3 Results and discussion

Log loss learning curves for evaluating results were con-
sidered to help detect where overfitting and underfitting
occurred. Learning curves provide insight into the de-
pendence of a learner’s generalization performance on
the training set size. This important tool can be used
for model selection, to predict the effect of more training
data, and to reduce the computational complexity of
model training and hyperparameter tuning. The valida-
tion loss curve (Fig. 9) initially began at a value of 0.7
and experienced a decrease before it flattened around 0.3.
The training loss curve similarly commenced at the same
value and underwent a decrease. However, the curve
did not flatten and showed a continued decrease of the
log loss yet the validation log loss had plateaued. This
was around iteration 200 showing the point at which
overfitting started and therefore further training would
be stopped.

Accuracy, representing the ratio of correctly classified
samples to the total samples, served as the primary
evaluation metric for assessing the performance of the
LightGBM model. When assessing the performance of the
LightGBM model on a validation set generated through
an 80-20 split of the training dataset, it achieved an
accuracy of 0.87 across different folds with low standard
deviations of 0.0167. Subsequently, the same model was
utilized to train on the entire training dataset and make
predictions on an unseen withheld dataset, resulting in
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Figure 9 — Training loss curve with 10000 rounds and an early stopping
of 20 rounds (80% training, 20% validation)

an accuracy score of 0.913 on the public leaderboard and
0.918 on the private leaderboard, as detailed in Table 8.

Table 8 — Performance of the LightGBM model (80% training, 20%
validation)

Metric Accuracy
Cross-validation 0.870
Public leaderboard 0.913
Private leaderboard 0.918

4. SUMMARY

The 2023 Geo-Al Challenge of cropland extent mapping
has achieved good outputs; participants have contributed
to excellent advancements for global cropland mapping,
enabling a more precise and comprehensive understand-
ing of agricultural landscapes worldwide. Thanks to ITU
for organization this and the Zindi platform for the oper-
ation of the challenge (https://zindi.africa/competitions/
geo-ai-challenge-for-cropland-mapping-with-satellite
-imagery). The cropland maps, scripts, and technical re-
ports for all the prized submissions are open to the public
on GitHub (https://github.com/ITU-GeoAl-Challenge).
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