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Abstract: Cropland monitoring is important for ensuring food security in the context of global climate
change and population growth. Freely available satellite data allow for the monitoring of large areas,
while cloud-processing platforms enable a wide user community to apply remote sensing techniques.
Remote sensing-based estimates of cropped area and crop types can thus assist sustainable land
management in developing countries such as Ethiopia. In this study, we developed a method for
cropland and crop type classification based on Sentinel-1 and Sentinel-2 time-series data using Google
Earth Engine. Field data on 18 different crop types from three study areas in Ethiopia were available
as reference for the years 2021 and 2022. First, a land use/land cover classification was performed
to identify cropland areas. We then evaluated different input parameters derived from Sentinel-2
and Sentinel-1, and combinations thereof, for crop type classification. We assessed the accuracy
and robustness of 33 supervised random forest models for classifying crop types for three study
areas and two years. Our results showed that classification accuracies were highest when Sentinel-2
spectral bands were included. The addition of Sentinel-1 parameters only slightly improved the
accuracy compared to Sentinel-2 parameters alone. The variant including S2 bands, EVI2, and NDRe2
from Sentinel-2 and VV, VH, and Diff from Sentinel-1 was finally applied for crop type classification.
Investigation results of class-specific accuracies reinforced the importance of sufficient reference
sample availability. The developed methods and classification results can assist regional experts in
Ethiopia to support agricultural monitoring and land management.

Keywords: cropland; crop types; Ethiopia; Google Earth Engine; LULC; multispectral data; radar
data; random forest classification; Sentinel-1; Sentinel-2; time series

1. Introduction

Crop type maps provide essential information for planning and decision-making in
the field of agriculture and environment. Knowledge on the annual area and distribution
of crops is fundamental, especially for sub-Saharan African countries that experience
climate change and recurrent food insecurity. One of these countries is Ethiopia, where
in 2020–2022, 26.4 million people were still undernourished according to the FAO, even
though yields have increased [1] and the country has significantly improved its food
systems in the past years [2]. Around 40% of the land is used for agriculture [1], and
approximately 90% of the cropland is used for smallholder farming which is an important
pillar of economy and people’s livelihood [2]. Several challenges for the Ethiopian food
system have been formulated by the Climate Resilient Food Systems Alliance, including
a lack of crop production diversity, agricultural intensification with negative effects on
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deforestation, soil quality, erosion, biodiversity, and water availability, as well as weak land
management practices and high land fragmentation [2].

In response to current food insecurity and considerable food deficits, the government
of Ethiopia strives to increase agricultural production and its efficiency [3]. Therefore,
Ethiopia has been promoting large-scale agricultural investment (LSAI) to transform the
agricultural sector. Three million hectares of land suitable for commercial agricultural
investment have been identified, especially in lowland regions [3]. However, progress has
been hindered as investors only developed a small fraction of the transferred land, due to
weak institutional and legal frameworks coupled with limited capacities [3]. Therefore,
there is a great need for monitoring the implementation and actual state of land use of
every LSAI area. Regarding these challenges, detailed annual crop type maps could be one
element to support informed agricultural and environmental decision-making as well as
land management planning. But despite their importance, such datasets are not available
for Ethiopia.

Earth observation allows for the derivation of such crop type maps and remote sensing
has become a valuable tool for cropland and crop type mapping in recent decades [4].
Advantages of remote sensing include the repeated data collection, the applicability on a
range of spatial scales, relatively low costs compared to extensive land surveys, and the
possibility to map and monitor land areas that cannot be accessed by survey crews on
the ground [4]. Especially since the availability of open-source remote sensing data with
high spatial resolution and short revisit times, as provided by the Sentinel-1 and Sentinel-2
satellites, a valuable database for mapping cropland and crop types is available. These data
provide information on crop phenology on a field scale with sufficient temporal and spatial
resolution to also map smallholder farming areas.

Several approaches exist, which have been applied worldwide for crop type mapping
using different databases and methods. Remote sensing approaches for crop monitoring
often make use of spectral bands from multispectral satellites, such as from Sentinel-2,
and vegetation indices derived thereof, which are useful for assessing the condition of
vegetation [5–7]. Optical and NIR bands are most widely used, but red-edge bands, which
are related to the physical–chemical parameters of plants, and SWIR bands, which are less
affected by atmosphere scattering, have also proven useful for crop classification [8,9]. The
analysis of time series is especially useful, as it provides information about plant phenology
(e.g., [10]). Information derived from SAR sensors, such as from Sentinel-1, can assist
crop monitoring (e.g., [11,12]), especially in cloud-prone areas. Both the backscattering
coefficients of different polarization modes, as well as derivatives and radar vegetation
indices derived thereof have been used in the context of crop classification [5,12–14]. In
recent years, several studies worldwide have made use of approaches that combine optical
and SAR data (e.g., [5,15–21]).

Methods recently applied to crop type classification include mostly machine learning
algorithms, such as support vector machines, random forest, and artificial neural networks
(e.g., [15,20,22]). Random forest and other decision tree models especially are widely used
(e.g., [23–25]). These state-of-the-art classifiers are less susceptible to high-dimensional
feature spaces compared to earlier methods such as parametric maximum likelihood
classifiers [16]. Recent investigations were also made on unsupervised or semi-supervised
classification methods for crop type classification [26,27] and towards early-season crop type
mapping (e.g., [28–30]). A further development in recent years has shown an extended use
of cloud-processing environments, such as Google Earth Engine (GEE), for remote sensing
analyses, also in the context of crop classification (e.g., [23,29,31,32]). GEE was introduced in
the 2010s to enhance the usability of satellite imagery for large-scale applications. The web-
based platform provides earth observational data at global scale and the cloud-computing
infrastructure for their analysis [33].

For Ethiopia, some studies have been published on local to regional land use/land
cover mapping and change detection for selected areas within Ethiopia [34–46], but only
a few remote sensing-based studies focused on cropland mapping or crop type classifi-
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cation. In the field of cropland area estimation, some research has been conducted for
different regions within Ethiopia, mostly based on optical imagery. In most studies, Land-
sat data have been used [47–49], sometimes in combination with other remote sensing
imagery such as IKONOS, Worldview, SPOT PROBA-V, and SRTM DEM data [50–52].
Other studies applied imagery from WorldView [53] and black and white photography [54].
Methods applied included logistic regression [50], supervised maximum likelihood classifi-
cation [49], generalized additive models [52], object-based analyses [53], and random-forest
algorithms [54].

With regard to crop type classification, studies for Ethiopia are scarce. Two studies have
been published that focus on mapping the distribution of a specific crop type in Ethiopia.
The first study from Guo [4] reported about mapping teff in Ethiopia. The research focused
on producing a teff distribution map using satellite imagery and household data. This
study made use of MODIS NDVI time series. A second study by Sahle et al. [55] focused
on mapping the supply and demand of enset crop in the Wabe River catchment in southern
Ethiopia. For this study, enset crop farms were digitized based on Google Earth imagery.
According to our literature search, no further remote sensing-based studies on crop type
differentiation in Ethiopia have been published so far.

For other regions in Sub-Saharan Africa, some studies on crop type classification
and resulting crop type maps have been published, for example for South Africa [56,57],
Kenya [58,59], Kenya and Tanzania [32], Benin [60], Burkina Faso [61], Ghana and Burkina
Faso [62], Mali [63,64], and Madagascar [65]. In the context of the G20 Global Agriculture
Monitoring Program (GEOGLAM), a harmonized, up-to-date global crop type map was
developed as a set of Best Available Crop-Specific masks [66]. This product currently
provides percent per pixel at 0.05 degrees for five crop types (maize, soy bean, rice, winter
wheat, and spring wheat), and thus does not provide the level of detail as envisaged for
this study.

In the context of lacking information on cropland area and crop type maps for Ethiopia
and the need for improved monitoring of agricultural investment areas, the aim of the
presented study was to develop a remote sensing-based method with the purpose of
examining the land used for agricultural production and to differentiate crop types grown
for LSAI areas within three regions in Ethiopia. For these areas, such information has
not been available before. With respect to method development, the objective was to
develop a classification method based on open-source remote sensing data implemented in
a cloud-processing environment to allow for a low-threshold application by regional experts.
Innovation points of the study include the classification of cultivated areas in a region
where detailed land use/land cover (LULC) maps are not yet available, and the systematic
analysis of satellite data input parameters for crop type classification with a large number
of crop types and for six classification scenarios. Specific research questions addressed
include the following: (1) What share of LSAI areas is actually used as cropland? (2) How
do different combinations of input parameters derived from Sentinel-1 and Sentinel-2 data
perform for crop type classification? (3) Which crop types are grown in the three study
areas and what are the crop-specific classification accuracies?

2. Materials and Methods
2.1. Study Areas

The study covers three areas within the regions of Amhara, Benishangul-Gumuz,
and Gambela, which are located in western Ethiopia. The study areas were defined as
contiguous areas around the large-scale agricultural investment (LSAI) areas with a buffer
zone of 5 km. The size of the study areas was about 1594 km2 for Amhara, 5243 km2 for
Benishangul, and 6206 km2 for Gambela. Figure 1 provides an overview of the location
of the study areas, their topography [67], and characteristic climate diagrams [68]. Major
characteristics of the three study areas are also summarized in Table 1.
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Figure 1. Overview of the three study areas in Ethiopia. The figures on the left show (a) the location
of the study areas and (b) agro-ecological zones [69] within Ethiopia. The map in the center (c)
shows the location of LSAI zones and study areas in more detail. On the right (d) are three climate
diagrams [68] representing the three study areas.

Table 1. Major characteristics of the three study areas.

Amhara Benishangul Gambela

Size of study area 1594.23 km2 5242.74 km2 6205.83 km2

Terrain elevation 760–2163 m 549–2221 m 405–1605 m

Elevation of field data points 1050–1930 m 660–1560 m 420–580 m

Annual temperature mean 19.5 ◦C 22.6 ◦C 27.6 ◦C

Annual precipitation sum 1424 mm 1311 mm 1099 mm

Agro-ecological zone (FAO)

Tropics, lowland sub-humid;
Land with terrain limitations

(SW, S); Tropics, highland,
sub-humid (NE)

Tropics, lowland sub-humid Tropics, lowland sub-humid;
Tropics, lowland, humid (SE)

Woredas mainly covered by
study area

Ankasha, Guangua,
Wemberma Assosa, Bambasi Abobo, Etang, Gambela Zuria

The study areas are characterized by a similar climate regime with a pronounced
raining season from May through October. Temperatures generally show little variance
throughout the year, but differ between study areas (19.5 ◦C for Amhara, 22.6 ◦C for
Benishangul, and 27.6 ◦C for Gambela) in accordance with differences in terrain elevation.
Gambela is the most low-lying study area with relatively flat terrain. The LSAI areas are
mainly located at terrain heights between 400 m and 600 m. The Benishangul study area
shows more variance in topography with LSAI areas in altitudes ranging from 600 m to
1600 m. The LSAI areas in the Amhara study area are located at altitudes between 1000 m
and 1950 m with higher elevations towards the north-east. Parts of the study area in the
south-west and south are characterized by steep terrain.
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With respect to agro-ecologial zones [69], the Benishangul and Gambela study areas
can be almost completely categorized as tropical sub-humid lowland. The Amhara study
area is also dominated by tropical sub-humid lowland, except for the north-eastern part,
which shows characteristics of tropical sub-humid highlands, and larger parts in the south-
west and south that are classified as land with terrain limitations due to steep topography.
According to the FAO Crop Calendar [70], the sub-humid agro-ecological zone of Ethiopia
is the most stable zone in Ethiopia, covering varying ranges of altitude (400–4300 m), mean
annual temperatures (8–28 ◦C) and rainfall amounts (700–2200 mm). The dependable
growing period spans 180–330 days [70]. Common agricultural practices include cereal-
based, enset-based, and shifting cultivation [70].

2.2. Data and Workflow

The main database for the presented LULC and crop type classifications was time series
of Sentinel-1 and Sentinel-2 satellite data (Sections 2.2.1 and 2.2.2). In addition, a digital
surface model was used for the LULC classification (Section 2.2.3). The reference database
consists of sample data for LULC classes and field data on crop types (Sections 2.2.4
and 2.2.5). A workflow showing the steps for preprocessing and classification applied
within this study is provided in Figure 2.
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2.2.1. Sentinel-2 Data and Preprocessing

The time series of Sentinel-2 data [71] used in this study includes all images within the
period from 1 January 2019 to 31 December 2022 for the three study areas. This includes
1164 scenes for Amhara, 1139 scenes for Benishangul, and 1428 scenes for the Gambela
study area. The data from the Sentinel-2 MultiSpectral Instrument (MSI) were retrieved
from the Earth Engine Data catalogue as harmonized Level-2A data [72]. Relevant bands
from the visible, red-edge, near-infrared, and shortwave infrared spectrum with 10 m
resolution (B2, B3, B4, and B8) and 20 m resolution (B5, B6, B7, B8A, B11, and B12) were
selected (Table 2). Additionally, the Sentinel-2 cloud probability product [73] was retrieved
for the same temporal and spatial coverage.
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Table 2. Sentinel-2 spectral bands used in this study.

Name Central Wavelength Pixel Size Description

B2 496.6 nm (S2A)/492.1 nm (S2B) 10 m Blue
B3 560 nm (S2A)/559 nm (S2B) 10 m Green
B4 664.5 nm (S2A)/665 nm (S2B) 10 m Red
B5 703.9 nm (S2A)/703.8 nm (S2B) 20 m Red Edge 1
B6 740.2 nm (S2A)/739.1 nm (S2B) 20 m Red Edge 2
B7 782.5 nm (S2A)/779.7 nm (S2B) 20 m Red Edge 3
B8 835.1 nm (S2A)/833 nm (S2B) 10 m NIR

B8A 864.8 nm (S2A)/864 nm (S2B) 20 m Narrow NIR
B11 1613.7 nm (S2A)/1610.4 nm (S2B) 20 m SWIR 1
B12 2202.4 nm (S2A)/2185.7 nm (S2B) 20 m SWIR 2

Preprocessing steps included cloud masking using the cloud probability product.
Cloud-free pixels were selected by applying a maximum cloud probability threshold of
15%. This threshold was selected to effectively remove thin cirrus clouds and, especially,
fog, which is characteristic for the tropical sub-humid climate. Continuous time series for
the study area were then created by mosaicking adjacent scenes for each individual date,
clipping them to the area of interest, and employing time-weighted linear interpolation
of masked pixels using the respective feature value of the closest valid preceding and
following observation. This procedure generates a gap-free time series at 5-day intervals
and thus allows for applying a harmonized classification procedure for different study
areas and years. The Sentinel-2 time series after preprocessing consisted of 73 datasets
per year.

Additional features were generated to supplement the spectral bands for LULC
and crop type classification. Vegetation indices (VI) have been designed to enhance
the interpretation of satellite data for vegetation analyses and are commonly used for
vegetation and crop type classification and monitoring [8,10,16,74,75]. For this study,
12 vegetation indices that have proven important in previous crop type classification
studies [5,17,25,59,76–78] were calculated for the Sentinel-2 time series according to the
equations presented in Table 3.

Table 3. Sentinel-2-based vegetation indices used within this study.

Name Short Name Formula Description Reference

Normalized
Difference

Vegetation Index
NDVI NDVI = B8−B4

B8+B4

Most widely used for vegetation
monitoring; quantifies the vegetation’s

photosynthetic response.
[79]

Modified Simple
Ratio MSR MSR =

B8
B4 −1√

B8
B4 +1

Shows a relatively linear relation with
canopy structure parameters. [10,80]

Enhanced
Vegetation Index EVI EVI =

2.5× B8−B4
B8+6×B4−7.5×B2+1

Developed to optimize the vegetation signal
and to improve sensitivity in high biomass
regions; reduces the atmospheric conditions

and canopy background noise.

[81,82]

Enhanced
Vegetation Index 2 EVI2 EVI2 =

2.5 × B8−B4
B8+2.4×B4+1

Two-band version of the EVI; minimizes
soil background influence; requires no

blue band.
[83]

Soil Adjusted
Vegetation Index SAVI SAVI =

(1 + 0.5)× B8−B4
B8+B4+0.5

Attempts to reduce soil background
conditions. [84]

Green Normalized
Difference

Vegetation Index
GNDVI GNDVI = B8−B3

B8+B3

Evaluates the photosynthetic activity of the
vegetation; sensitive to chlorophyll

concentration and pigment concentration.
[76,85]
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Table 3. Cont.

Name Short Name Formula Description Reference

Normalized
Difference Red
Edge Index 1

NDRe1 NDRe1 = B6−B5
B6+B5

Directly proportional to chlorophyll; can
serve as sensitive indicators of early stages

of leaf senescence.
[86,87]

Normalized
Difference Red
Edge Index 2

NDRe2 NDRe2 = B7−B5
B7+B5

Similar to the NDRe1, uses a different
red-edge band combination. [5,88]

Red-Edge NDVI
Index ReNDVI ReNDVI = B8A−B5

B8A+B5

Often used in biochemical applications;
directly proportional to chlorophyll;

indicates leaf senescence.
[10,86]

Green Normalized
Difference

Water Index
GNDWI GNDWI = B3−B8

B3+B8

Developed to monitor changes related to
water content in water bodies, was found to

be relevant also for crop classification.
[19,89,90]

Normalized
Difference Water

Index 1
NDWI1 NDWI1 = B8−B11

B8+B11

Highlights changes in the water content of
vegetation canopies; sensitive to water
stress and less sensitive to atmospheric

effects than the NDVI.

[10,91]

Normalized
Difference Water

Index 2
NDWI2 NDWI2 = B8−B12

B8+B12

Similar to the NDWI1, but constructed with
SWIR band 12 instead of band 11 from

Sentinel-2.
[10,91]

VIs that use information from red and NIR wavelengths are especially suggested
for studying the dynamics of vegetation structure [10]. The VIs tested within this study
included five VIs that make use of the red and NIR bands (NDVI, MSR, EVI, EVI2, and
SAVI). More information about the indices is listed in Table 3. A modification of the NDVI
involved measuring reflectance in the green band instead of the red band. One VI based on
the green and NIR bands was included in this study (GNDVI). Red-edge VIs are especially
suitable for pigment retrievals [10] and can contribute to the detailed classification of crops,
because the red-edge bands are very sensitive to changes in vegetation chlorophyll [5,74].
Three VIs that include the red edge were included in this study (NDRe1, NDRe2, and
ReNDVI). Normalized difference water indices have also been applied in the context
of crop classification and agricultural monitoring [19,59,76,77]. In this study, three VIs
focusing on the vegetation water content were included (GNDWI, NDWI1, and NDWI2).

2.2.2. Sentinel-1 Data and Preprocessing

Time series of Sentinel-1 synthetic aperture radar (SAR) data were retrieved for the
years 2021 and 2022 for the three study areas [92]. This included 116 scenes for Amhara,
127 scenes for Benishangul, and 123 scenes for the Gambela study area. Ground Range De-
tected (GRD) scenes in Interferometric Wide swath (IW) acquisition mode and descending
orbit from the Sentinel-1 collection in GEE were used. This collection includes calibrated
and ortho-corrected Sentinel-1-A and 1-B GRD products with 10 m pixel spacing, for which
thermal noise removal, data calibration, multi-looking, and range doppler terrain correction
have already been performed [93,94]. We used Sentinel-1 data in descending mode only, as
previous studies showed a similar general tendency of ascending and descending curves
for all crop types [17,18]. Moreover, from September 2022 onwards, only descending data
are available from Sentinel-1A for Ethiopia [95]. The developed method thus also allows
for application to more recent periods for which only Sentinel-1A data are available.

Data in VV and VH dual polarization mode were selected, which are commonly
applied for vegetation and crop classification [5,13,14,17,18,96], and clipped to the area of
interest. Additional preprocessing performed within this study included speckle filtering
using a mono-temporal Lee sigma filter [94,97], radiometric terrain normalization, and
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conversion from linear values to decibel units. These preprocessing steps were applied
using the framework for preparing Sentinel-1 SAR backscatter in GEE implemented by [94].

In addition to the backscatter coefficients in VV and VH polarization modes, three
radar features were derived for the Sentinel-1 time series: the difference (Diff), ratio
(Ratio) and radar vegetation index (RVI). These parameters have proven important in
previous radar-based vegetation classification studies [5,11,12,17,98]. The formulas for the
calculation of difference, ratio, and RVI are given in Table 4.

Table 4. Sentinel-1-based radar features used within this study.

Name Short Name Formula

Difference Diff Di f f = VV − VH
Ratio Ratio Ratio = VV

VH
Radar vegetation index RVI RVI = 4VH

VV+VH

2.2.3. Digital Surface Model

In addition to Sentinel-2 and Sentinel-1 data, a digital surface model (DSM) was used
for cropland classification to reduce misclassified pixels in hilly terrain. The ALOS World
3D (AW3D30) product, a DSM with a horizontal resolution of approximately 30 m [99,100],
was used for this purpose. Based on the AW3D30 elevation data, the slope and a 5-cell focal
mean of the slope were calculated as additional features.

2.2.4. Field Data on Crop Types

Information on the crop types grown within the three study areas are available from
two field campaigns, which were conducted to collect in situ data for this study in 2021
and 2022. The field data were sampled within the period 17 October–21 November 2021
and 10 October–11 December 2022. The field data collection for all study areas followed
a standardized field protocol. For crop types that are more common and more widely
distributed over one study area, a higher number of field data was collected to account for
inner-class variability. The point data were recorded inside fields with at least 30 m distance
to other land cover/crop types to avoid the assignment of mixed pixels to the reference
dataset for classification. For crop types, for which less than 20 field data points were
collected during the field campaign, additional points were manually sampled. Additional
reference points were also added for tree crops (coffee and mango trees). The field data were
checked for inconsistencies and unreliable points were manually excluded from further
analysis. Figure 3 shows the location of the field data points collected and Table 5 gives an
overview of the reference data available for the crop type classification for the three study
areas and the two years 2021 and 2022. Data marked with an asterisk (*) were included in
the classification, to allow individual fields to be classified, but excluded from accuracy
assessment due to insufficient reference data availability.

2.2.5. Reference Data for LULC Classification

Reference data for the training and validation of 11 LULC classes were manually
collected based on satellite imagery, as no sufficient field data were available for the
different LULC classes. The point data were selected separately for the three study areas
and the two years of interest on the basis of Sentinel-2 satellite data of the respective year
(RGB and NIR-R-G annual median, RGB and NIR-R-G growing season median, NDVI
max, NDVI min, and NDVI variability) and using high resolution imagery available in
Google Earth as reference. Reference data were collected for the following classes: tree
cover, grassland or wetland, cropland, bare or built-up area, water, shrubland, sparse
vegetation, fallow cropland, tree plantation, young plantation, and mixed vegetated/bare
area. The data collection was performed with a focus on separating cropland from other
LULC classes. The classes included were chosen according to suggestions by the users of
the project in Ethiopia. The plantation classes were added and separately sampled in order
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to separate them from natural vegetation and tree cover. From the field data (Section 2.2.4),
a random share per crop type (max. 100 points) was additionally used as reference data for
the cropland class.
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2.3. Cropland Classification Approach

As the first step of the classification, a LULC classification was performed (Figure 2)
in order to identify cropland areas and separate them from other land cover types. The
classification method was based on Sentinel-2 and Sentinel-1 satellite data time series from
the year of interest (i.e., 2021 or 2022) (Sections 2.2.1 and 2.2.2). Additionally, Sentinel-2 data
from two previous years were included to separate permanently bare areas from cropland
that was cultivated in previous years, but fallow in the year of interest. A digital surface
model was used to include terrain slope information (Section 2.2.3).

Based on the preprocessed satellite data (compare Section 2.2), temporal aggregations
were derived for the year of interest as input for the LULC classification. Temporal features
allow to capture average spectral characteristics of crops over a certain period of time, and
to avoid data gaps due to cloud coverage for optical data. From Sentinel-2 data, medians of
the spectral bands, as listed in Table 2, for the period May–November (months 5–11) were
calculated. Additionally, different NDVI aggregations were derived: annual (variance and
maximum), seasonal for period 5–11 (minimum, median, maximum, and 10th percentile),
and for 2- and 3-month periods (months 2–4, 5–7, 8–10, and 11–12; maximum and median).
These aggregations were selected after data inspection in order to include relevant statistics
and time periods for the differentiation of cropland from other classes. Moreover, the
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variance in a 5-by-5 pixel neighborhood of the median and the 10th percentile of the NDVI
for the vegetation season was included as additional information to support shrubland
identification. Additionally, the maximum NDVI for the two previous years was derived
from the Sentinel-2 data.

Table 5. Available reference data for crop type classification from the three study areas for the years
2021 and 2022.

Crop Type Class No.
Amhara Benishangul Gambela

2021 2022 2021 2022 2021 2022

Maize 1 113 233 169 180 39 102
Sorghum 2 - - 293 183 25 36

Sunflower 3 62 79 - - - -
Sesame 4 20 21 19 - - 19

Mung bean 5 27 53 3 * - 721 394
Soy bean 6 75 128 157 63 - 87

Groundnut 7 - - 17 - - -
Haricot bean 8 37 20 2 * - - -

Cotton 9 - - - - 350 215
Pepper 10 29 22 100 199 - -

Chickpea 12 25 - - - - -
Wheat 15 63 99 - - - -

Mango tree 1 16 - - 22 66 - 23
Coffee 1 17 74 92 - - - -

Teff 18 16 22 24 20 - -
Finger millet 19 21 13 - - - -
Niger seed 20 - - 29 48 - -
Flax seed 21 - - 1 * - - -

SUM - 562 782 836 759 1135 876
1 Used in LULC classification for class “tree plantation”; * Included in crop type classification, but not sufficient
data for accuracy assessment.

Temporal aggregations derived from the Sentinel-1 data included seasonal metrics for
period 5–11 (median, 10th percentile, and 90th percentile) for VV and VH polarizations,
and medians for both polarizations for 2- and 3-month periods (months 2–4, 5–7, 8–10,
and 11–12). In addition, the slope and 5-cell focal mean of the slope calculated from the
ALOS3D30 DSM were added to the stack of input bands from Sentinel-1 and Sentinel-2
data. This information was included in order to assist in the identification of small flat
areas in valleys or on top of hills and to prevent these from being misclassified as cropland.
The final input image used for LULC classification was comprised of 40 bands.

A pixel-based supervised classification approach using 6 random forest models with
100 decision trees each was finally applied in the GEE to classify LULC within the three
study areas for the years 2021 and 2022 separately. Random forest classifiers use machine
learning algorithms to create a set of decision trees [101]. They have the advantage of a high
accuracy, resistance to overfitting, and robustness to high feature space dimensionality and
noise [16,96,101]. The supervised classification was based on field data for cropland and
sampled reference data (compare Section 2.2.5). A random selection of 80% of the reference
data were used to train the random forest classifier. The remaining 20% of the reference
data were reserved for accuracy assessment.

2.4. Crop Type Classification Approach

As the second step of the classification (Figure 2), the cropland class of the LULC
classification was further sub-differentiated into crop types for the three study regions and
the two years of interest. The classification procedure was again implemented using GEE.
The crop type classification was based on Sentinel-2 and Sentinel-1 satellite data time series
from the year of interest (i.e., 2021 or 2022) (Sections 2.2.1 and 2.2.2). As the growing season
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for crops usually starts in May, only data of the relevant growing period, i.e., from the
beginning of May until end of December, were considered.

Based on the preprocessed satellite data (compare Section 2.2), temporal aggregations
were derived as input for the crop type classification. From Sentinel-2 data, monthly
medians of the spectral bands as listed in Table 2 were calculated for each month of the
period May–December. Median aggregations were chosen, in order to reduce the influence
of possible remaining cloud contamination on the monthly aggregations of individual
optical bands. Additionally, monthly median aggregations were derived for the vegetation
indices (Table 3) for the individual months from May to December. From the Sentinel-
1 backscatter values and parameters (VV, VH, Diff, Ratio, and RVI), monthly median
aggregations per individual parameter were also generated.

Compiling all these variables, the database comprised a total of 216 bands, including
monthly medians of spectral bands, vegetation indices, and Sentinel-1 backscatter and
features. As some of these variables were expected to be highly correlated, such as the VIs,
not all variables were included at once for the classification. We first tested individual VIs
and radar parameters and selected the best performing variables for further combination
with other parameters. Thus, in this study, we successively tested different combinations
of input data for the crop type classification (see 33 variants listed in Table S1), in order
to find a suitable input dataset that retrieved robust results for all three study areas and
both years of investigation. The variants can be categorized in five categories based on the
input data used for the classification: Sentinel-2 VIs only, Sentinel-2 bands and combination
with VIs, Sentinel-1 radar indices/parameters (RI) only, Sentinel-1 backscatter (VV, VH) in
combination with RIs, and the combination of parameters from Sentinel-2 and Sentinel-1.

For testing the different variants, pixel-based supervised random forest classification
with 100 decision trees was applied in the GEE. The different variations of input data
(Table S1) were used and tested separately for all three study areas and both years of
interest. The supervised classification was trained using the field data collected for the
years 2021 and 2022 (Section 2.2.4). In the case of the availability of a large amount of data
(>150 points) for a single crop type, a random subset of 150 points was created. This was
done in order to balance the classification, as, for other classes, not as many field data were
available (compare Table 5).

From the resulting reference data, a random selection of 80% of each class was used
to train the random forest classifier. The remaining 20% of the reference data were re-
served for accuracy assessment. To allow for comparison, an identical reference data and
training/validation split was used for all input data variants tested in this study.

2.5. Accuracy Assessment

The accuracy of the LULC and crop type classification results was determined using
standard statistical measures. As described above, the reference data for validation were
made up of a random selection of 20% of the available reference data for each study area
and year, which were not used for training of the classifiers. For each study area and year,
the identical training/validation split was used for all classifiers tested in this study. In
order to retrieve information about the classification accuracy, the trained random forest
classifier was applied to this independent reference dataset for validation. The reference
sample classification accuracy was summarized in a confusion or error matrix (e.g., [102]).

Based on the error matrix, producers’ and users’ accuracies were calculated for every
class to assess the classification accuracy and classifier performance [103,104]. The formulas
for calculating the accuracy metrics are given in Table 6. For the crop type classification, ad-
ditional class-specific F1-scores were calculated (e.g., [18,105,106]). The F1-score calculation
formula is also given in Table 6.
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Table 6. Formulas for calculating the accuracy metrics Producer’s accuracy, User’s accuracy, Overall
accuracy, and F1-score.

Name Short Name Formula

Producer’s
accuracy PA PA =

number o f correctly classi f ied points f or a class
total number o f re f erence points f or that class

User’s
accuracy UA UA =

number o f correctly classi f ied points f or a class
total number o f classi f ied points f or that class

Overall
accuracy OA OA =

total number o f correctly classi f ied points
total number o f re f erence points

F1-score F1 F1 = 2×UA×PA
UA+PA = TP

TP+ 1
2 (FP+FN)

3. Results
3.1. Results of LULC Classification for the Three Study Areas

The developed classification procedure was applied to derive LULC maps for the
three study regions Amhara, Benishangul, and Gambela for the years 2021 and 2022 for
eleven classes at a spatial resolution of 10 m.

3.1.1. LULC Classification Maps

The classification results for the three study regions are presented in Figure 4. Based
on the LULC classification, cropland areas could be identified. The classes tree plantation
and young plantation represent perennial tree crops. They were included as separate crop
classes in the LULC classification, because their characteristics differ from typical annual
crops. Plantations are typically coffee plantations (Amhara) or mango tree plantations
(Benishangul and Gambela).

Regarding the cropland within the LSAI areas, the classification results revealed that
significant parts of these areas were not used as cropland in the years of investigation
(Table 7). For the years 2021 and 2022, about 79% and 80% of LSAI areas in Amhara were
used as cropland. For Benishangul, we found that 19% were used as cropland in 2021 and
20% in 2022. For Gambela, the active cropland was estimated to be about 17% and 21% of
the LSAI areas for 2021 and 2022, respectively.

Table 7. Absolute area within the LSAI boundaries [km2] and share of LSAI areas [%] classified
as cropland or non-cropland for the years 2021 and 2022 for the three study areas Amhara (AMH),
Benishangul (BEN), and Gambela (GAM).

AMH 2021 AMH 2022 BEN 2021 BEN 2022 GAM 2021 GAM 2022

[km2] [%] [km2] [%] [km2] [%] [km2] [%] [km2] [%] [km2] [%]

Cropland 101.46 79.3 102.86 80.4 107.65 18.8 115.75 20.2 405.22 16.6 522.83 21.4
Non-cropland 26.53 20.7 25.14 19.6 464.92 81.2 456.82 79.8 2036.87 83.4 1919.27 78.6

SUM 127.99 127.99 572.58 572.58 2442.10 2442.10

Having a look at individual LSAI areas, we observed that almost all LSAI areas in
Amhara were used for crop production (Figure 5). In most of these, between 70% and 100%
of the areas were used as cropland. In Benishangul and Gambela, a large number of LSAI
areas was not used for crop production (cropland area ≤ 10%). However, for all three study
areas, the area used as cropland increased between 2021 and 2022 (Table 7).
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Figure 5. Count of LSAI areas with a defined percentage range of area used as cropland for the
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3.1.2. LULC Classification Accuracy Assessment

The classification results were validated using 20% of the available reference data,
which were not used for the training of the classifier. The validation results are provided
in Figure S1. Table 8 gives a summary of the overall accuracies, producers’ and users’
accuracies for the cropland class, as well as the F1-scores for the cropland class. For 2021,
the overall accuracies are 88% for Amhara, 89% for Benishangul, and 90% for Gambela. For
2022, the overall accuracy is highest for Amhara (89%), followed by Benishangul (87%) and
Gambela (87%). Cropland was classified with producers’ accuracies between 88% and 98%
(average 94%) and users’ accuracies between 85% and 93% (average 90%). The class tree
plantation has an average producer’s accuracy of 93% and an average user’s accuracy of
91%. F1-scores for the cropland class range between 89% and 95%.

Table 8. Summary table for LULC classification accuracies. The table gives the overall accuracy (all
LULC classes), the producer’s accuracy, user’s accuracy, and F1-score for the cropland class for each
of the classifications for the Amhara (AMH), Benishangul (BEN), and Gambela (GAM) study area for
the years 2021 and 2022.

AMH
2021

AMH
2022

BEN
2021

BEN
2022

GAM
2021

GAM
2022

Overall accuracy [%] 87.5 88.9 89.2 87.2 89.7 86.6

Producer’s accuracy [%]
for cropland class 95.7 96.4 90.7 87.5 97.9 93.1

User’s accuracy [%]
for cropland class 90.1 92.6 91.9 90.7 89.5 84.8

F1-score [%]
for cropland class 92.8 94.5 91.3 89.1 93.5 88.8

3.2. Comparison of Different Input Datasets for Crop Type Classification and Variable Importance

We compared 33 variants of input data for the random forest crop type classification.
All variants were tested for the three study areas and two years of investigation. This
resulted in a total of 198 separate classifiers that were built for this study. An overview
of all variants and individual classification accuracies retrieved therewith is provided
in Table S1.

The diagram in Figure 6 shows the average overall accuracy per variant. The minimum
and maximum accuracies achieved for the individual classifications (2 years and three study
regions) are shown as black lines. With respect to the variants based on Sentinel-2 single
VIs, we found that all 12 variants retrieved a similar average overall accuracy, which was
on average 75% (min 74%, max 77%). The individual classifications, however, showed
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strong variations in accuracies spanning from 59% to 89%. The combination of two or
three VIs improved the average accuracy to about 81% and reduced the variation of
individual classifications to the range from 70% to 89%.
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from three study areas and two years).

The classifications based on Sentinel-2 bands alone retrieved high overall accuracies
of, on average, 85%. The addition of VIs did not significantly alter the accuracies retrieved
with Sentinel-2 bands, though the combination of Sentinel-2 bands with EVI2 and NDRe2
retrieved slightly better results within this category. For all variants from this category, the
range of individual accuracies was relatively small, within the range from 78% to 93%.

The variants based on Sentinel-1 RIs alone showed the lowest overall accuracies
observed for the crop type classifications within this study. Their mean overall accuracy
was on average 57% (min 42%, max 67%). The parameter “Diff” retrieved an average
overall accuracy of 59%, the best result for individual RIs. Combining the three radar-based
features (RVI, Diff, and Ratio) improved the accuracy to an average overall accuracy of 62%
and reduced the range of individual accuracies to 56–65%.

The classifications based on Sentinel-1 VV and VH backscatter resulted in an average
overall accuracy of 70% (min 63%, max 77%). The addition of RIs slightly improved the
overall accuracy. The best results in this category were obtained by combining VV and VH
with Diff, which resulted in an average overall accuracy of 73% (individual accuracy range
from 65% to 81%).

Finally, five variants combining parameters from Sentinel-1 and Sentinel-2 were tested.
Two variants included a combination of two or three VIs and VV, VH, and Diff. The
average overall accuracy of these variants was 81%, very similar to the results based on
VI combinations alone. The range of individual classification accuracies was also similar,
with slightly higher maximum accuracies. Two variants included Sentinel-2 spectral bands
and VV and VH or VV, VH, and Diff from Sentinel-1. These variants retrieved an average
overall accuracy of 85%, which is very similar to the result based on Sentinel-2 bands alone.
The range of individual classification accuracies was slightly narrowed when radar features
were included. The last variant made use of the most input parameters and combined
the spectral bands and two VIs (EVI2 and NDRe2) from Sentinel-2 with VV, VH, and Diff
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from Sentinel-1. With 86%, this variant reached the highest average overall accuracy of all
variants tested. The range of accuracies for the individual classifications was relatively low
and ranged from 82% to 92%.

3.3. Results of Crop Type Classification for the Three Study Areas

The final crop type classifications were derived with the variant combining Sentinel-2
and Sentinel-1 data that retrieved the highest average overall accuracy (S2 bands + EVI2 +
NDRe2 + VV + VH + Diff). The classification was built and performed separately for each
of the three study areas Amhara, Benishangul, and Gambela, and for the years 2021 and
2022. The classification results for the three study areas are presented in Section 3.3.1 and
the accuracy assessment results in Section 3.3.2.

3.3.1. Crop Type Classification Maps

The crop type maps in Figure 7 show the classification results for the three study areas
and two years. In order to also include the tree crop classes, the data were combined with
the classes tree plantation and young plantation, which were already separated during
the previous LULC classification step. Areas classified as fallow cropland in the LULC
classification are also included in the maps. The individual crop type classifications separate
among different numbers of crop types, depending on the crop types present in the study
areas for which in situ data were collected. The crop type classification results have a spatial
resolution of 10 m.

Table 9 gives the area within the LSAI boundaries used for growing individual crop
types. In the Amhara study area, maize is the most important crop and is grown on more
than 60% of the cropland within the LSAI areas. The second most common crop is soy bean,
followed by wheat, sunflower, and coffee (Table 9). In 2021, haricot bean was also among
the most grown crops. In Benishangul, maize and sorghum are most common, followed
by soy bean and pepper. In Gambela, mung bean is grown on about 60% of the cropland
within the LSAI areas. The second most often grown crop within the LSAI areas in the
Gambela study area is cotton (Table 9).

3.3.2. Crop Type Classification Accuracy Assessment

The crop type classification results retrieved with the best performing input dataset
(Section 3.2) were validated using 20% of the available reference data, which were not used
for training of the classifier. The validation results are provided in Figure S2. Additionally,
class-specific F1-scores were derived, which are shown in Figure 8.

The classification for the Amhara study area for the year 2021 shows a high overall
accuracy of 92% (Figure S2). Only a few class confusions occur. Systematic misclassifications
cannot be observed. Several classes reach maximum possible producers’ or users’ accuracies
(Figure S2). Figure 8 displays the class-specific F1-scores for individual study areas and
years. For Amhara in 2021, maximum accuracies (100%) can be observed for haricot bean
and finger millet. Sunflower (97%), soy bean (94%), maize, sesame, and mung bean (91%)
also reach F1-scores greater than 90%, closely followed by wheat and teff (both 89%).
Chickpea (80%) and pepper (73%) reach the lowest F1-scores for this classification.

The class-specific accuracies retrieved for Amhara 2022 are generally lower than for
2021, except for wheat and sunflower. The overall accuracy reaches 84% (Figure S2). It can
be observed that most incorrect validation points have been assigned from other classes
to maize (10 points from 122 total) and soy bean (6 points). The validation points for the
pepper class could not be correctly classified for the year 2022 and were assigned to other
classes (maize, soy, and mung bean) resulting in an F1-score of 0 (Figure 8). Sunflower
(97%) and wheat (95%) reach high F1-scores, followed by haricot bean (86%), maize (82%),
soy bean (81%), and finger millet (80%). F1-scores between 80% and 70% can be observed
for sesame, teff (both 75%), and mung bean (71%).
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Table 9. Absolute area within the LSAI boundaries [km2] and share of cropland area [%] classified
as individual crop types for the years 2021 and 2022 for the three study areas Amhara (AMH),
Benishangul (BEN), and Gambela (GAM).

AMH 2021 AMH 2022 BEN 2021 BEN 2022 GAM 2021 GAM 2022

[km2] [%] [km2] [%] [km2] [%] [km2] [%] [km2] [%] [km2] [%]

Maize 61.9051 61.01 67.2309 65.36 37.5616 34.89 47.9994 41.47 11.7496 2.90 89.4852 17.12

Sorghum - - - - 38.6618 35.91 43.0771 37.21 24.4287 6.03 3.4753 0.66

Sunflower 3.9644 3.91 5.6068 5.45 - - - - - - - -

Sesame 0.5605 0.55 0.3739 0.36 0.1145 0.11 - - - - 0.8099 0.15

Mung bean 1.3982 1.38 2.8713 2.79 - - - - 252.3298 62.27 312.816 59.83

Soy bean 11.499 11.33 10.4768 10.19 18.3924 17.08 12.7959 11.05 - - 3.9267 0.75

Groundnut - - - - 0.0191 0.02 - - - - - -

Haricot bean 5.4474 5.37 0.1424 0.14 - - - - - - - -

Cotton - - - - - - - - 116.7159 28.80 111.7163 21.37

Pepper 1.5435 1.52 1.1936 1.16 10.0832 9.37 8.3346 7.20 - - - -

Chickpea 1.1034 1.09 - - - - - - - - - -

Wheat 8.5287 8.41 9.0344 8.78 - - - - - - - -

Mango tree - - - - 0.1137 0.11 0.0181 0.02 - - 0.5962 0.11

Coffee 5.0093 4.94 4.9900 4.85 - - - - - - - -

Teff 0.365 0.36 0.8858 0.86 0.3157 0.29 0.0214 0.02 - - - -

Finger millet 0.1358 0.13 0.0533 0.05 - - - - - - - -

Niger seed - - - - 2.3906 2.22 3.5083 3.03 - - - -

Flax seed - - - - 0.0001 0.00 - - - - - -

SUM 101.4603 102.8592 107.6527 115.7548 405.224 522.8256
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(a) Amhara, (b) Benishangul, and (c) Gambela study areas.

The classification for Benishangul for 2021 includes eight classes. The overall accu-
racy is 82% (Figure S2). Except for niger seed and sesame, all classes reach F1-scores of
80% or higher (Figure 8). The highest F1-scores are achieved for teff (100%), maize, and
sorghum (both 85%). The few validation points for sesame were not correctly classified
and one point from niger seed was misclassified as sesame. Most classification errors,
however, occurred because validation points were falsely classified as maize (9 points from
155 total) or sorghum (8 points), which, therefore, have reduced users’ accuracies (78%
and 81% respectively). Some validation points from soy bean (12 points from 45, PA: 73%)
and pepper (6 points from 26, PA: 77%) were assigned to other classes. Repeated class
confusions can be observed between sorghum and soy bean (6 validation points) and soy
bean and pepper (5 points, Figure S2).
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The overall classification accuracy for Benishangul for the year 2022 is 88% (Figure S2).
The highest F1-scores (Figure 8) are obtained for soy bean (95%) and niger seed (92%),
followed by pepper (88%), maize (87%), sorghum (86%), and teff (75%). The F1-score for
teff results from a low PA (60%) because only three of five validation points were classified
correctly, while the UA is 100% (Figure S2).

For the classification for Gambela 2021, we obtain an overall accuracy of 89% (Figure S2).
High F1-scores are obtained for mung bean (94%), cotton (89%), and maize (80%), while
the F1-score for sorghum (60%) is lower (Figure 8), mainly because three of six validation
points have been assigned to other classes (Figure S2).

The classification for Gambela for the year 2022 shows an overall accuracy of 85%
(Figure S2). High F1-scores are observed for sesame (100%) and cotton (97%), followed by
soy bean (86%), maize (81%), and mung bean (77%), as can be seen in Figure 8. Sorghum has
again a low F1-score of only 50% and a low producer’s accuracy, because several validation
points were not recognized correctly (Figure S2). Misclassifications generally occurred most
often from other classes to mung bean (8 points) and maize (7 points) for Gambela 2022.

Regarding the validation results for individual crop type classes, it can be observed
that false classifications often occur when validation points from rare classes are assigned
to classes for which more reference data are available. Lower accuracies are generally
observed for classes with fewer reference data, such as sesame, groundnut, and niger seed
for Benishangul 2021, and teff for Benishangul 2022. For Gambela 2021, PA and UA are
lowest for sorghum, which had the fewest reference data available (Table 5). The F1-scores
obtained for sorghum in Gambela are relatively low for both years (50% and 60%), mainly
due to low producers’ accuracies (Figure S2).

To further analyze and confirm this observation, we calculated diagrams showing the
number of reference data per class and the class-specific producers’ and users’ accuracies,
as well as F1-scores (Figure 9). We found that PAs are especially low for classes with few
reference data (Figure 9). In general, accuracies below 70% only occur for classes with few
reference data. Except for one single UA value (mung bean, Amhara 2022), all classes from
all classifications with more than 40 reference data obtained accuracy values higher than
70% for PA, UA, and F1-Scores. Classes for which many reference data were available often
have lower users’ accuracies compared to producers’ accuracies. This is caused by points
from other classes being assigned to these classes (false positives).
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Figure 9. Diagrams showing the number of reference data (training and validation) per class used
for crop type classification and the class-specific (a) producer’s accuracy, (b) user’s accuracy, and
(c) F1-score. The diagrams include all crop type classes from the individual classifications for Amhara
(AMH), Benishangul (BEN), and Gambela (GAM) for the years 2021 and 2022.

4. Discussion
4.1. Classification Approach and Input Feature Importance

Within this study, we first classified LULC separately for both years of investigation
and, in a second step, classified crop types for the identified cropland areas. This procedure
was applied as there were no reliable annual cropland maps available for the study regions.
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Annual maps were required, as the study aimed at identifying land actually used as
cropland for each specific year. Moreover, with the LULC classification, perennial tree
crops, such as coffee and mango tree, could be separated. These classes do not compare to
other crop types, which show a typical annual phenology, but have similar spectral and
temporal characteristics compared to forest or shrubland. Therefore, the tree crop classes
were already identified in the first step of the LULC classification.

In the context of this study, the LULC classification had the purpose of identifying the
cropland areas to be included for subsequent crop type classification. For future studies
with a focus on separating LULC classes, it may be useful to consider an a priori selection
of classes based on, e.g., the taxonomy or spectral features. A hierarchical classification
based on the FAO Land Cover Classification System (LCCS) taxonomy [107] might also be
applied. A hierarchical classification would allow to aggregate classes and progressively
increase the level of detail of the classes [108–111].

The comparison of different input datasets for crop type classification showed a high
importance of Sentinel-2 spectral bands. The addition of Sentinel-1 parameters only slightly
improved the accuracy compared to Sentinel-2 parameters alone. However, it reached the
same or better accuracies for all six classification scenarios. In other studies, where a large
number of different crop types were distinguished, a combination of several Sentinel-2
bands and Sentinel-1 parameters also proved to be advantageous. Asam et al. [18], for
example, found that the best results for crop type classification were obtained by combining
Sentinel-1 and Sentinel-2 data as input to a random forest classification for Germany.
Sentinel-2 data alone also retrieved high F1-scores, while accuracies based on Sentinel-1
alone were lower for many crop types [18]. In another study on crop type classification in
Germany, however, Sentinel-1 data were more important, but the best results were also
obtained using a combination of Sentinel-1 and Sentinel-2 data [16]. In one study on the
classification of soy bean and corn in the United States, the authors found that optical
data were preferred over SAR by supervised algorithms such as decision trees [24]. For a
study in Kenya, a more similar environment compared to our study, Aduvukha et al. [59]
compared the performance of different input datasets for crop type classification and found
that the best performing input dataset included variables of Sentinel-2, VIs, and Sentinel-1.
Another study on crop mapping in West Africa also reported that the integration of both
optical (RapidEye) and SAR (TerraSAR-X) data improved the classification accuracy [61].

4.2. Classification Results and Influence of Reference Data on Accuracies Obtained

For LULC and crop type classification, mostly supervised classification methods are
applied. Therefore, accurate reference data are of great importance for reliable classification
results, especially for crop type classification, where field data are usually required [112].
Regarding the cropland classification of our study, the LULC classifier relied on sample
data collected based on remote sensing imagery, as the field data collection concentrated
on in situ data for crop types. In the case of the natural vegetation classes, the separation
between similar classes was often difficult. This was no obstacle for the purpose of this
study, as the focus was on outlining cropland areas. Therefore, the separation between
other classes was of less importance. The collection of separate samples for the classes tree
cover and shrubland, as well as shrubland, grassland, and sparse vegetation was especially
difficult due to a gradual transition between these classes. Difficulties in separating natural
vegetation classes were also observed, e.g., by Eggen et al. [45], who classified LULC
in the Ethiopian highlands and found that the observed confusion among grassland,
woodland, and barren categories reflects the difficulty of classifying savannah landscapes,
especially in eastern Central Africa. Moreover, they state that the monsoonal-driven rainfall
patterns leading to cloud coverage for significant periods of time make class separation
more difficult.

The supervised crop type classification of this study was trained using field data
collected for the three study areas in the years 2021 and 2022 (Section 2.2.4). The in situ
data were collected for a broad range of crop types. In total, field data for 18 different
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crop types were available for the classification. This is a very valuable database for crop
type classification. The spatial distribution of field data over the Amhara study area was
good for both years. For the western part of the Benishangul study area, no field data
were collected in 2021, as this area was not accessible during the field campaign due to
security reasons. For Gambela, field data were available from different parts of the study
area, though for 2022, no data were available from the most northern part. The distribution
of field data among crop types was not optimal from the perspective of remote sensing
classification. For some crop types, only a few field data were collected, while for others,
large sample sizes were available. Having a look at the class-specific accuracies, we found
that for classes with few reference data especially, PAs were low (Figure 9). Classes with
more than 40 reference data mostly obtained accuracy values higher than 70% for PA, UA,
and F1-Scores. Based on these observations, we suggest collecting at least 40 to 50 points for
the not-so-frequent crop type classes as well for future data collections in these or similar
study regions. This can be expected to improve the class-specific accuracies, especially for
the rare classes, but also the UA of the more frequent classes.

For future field surveys in the study areas, the cropland and crop type maps derived
in this study can be used to provide a priori information about expected class sizes and
locations. This could assist in optimizing survey routes or selecting target areas for setting
up, for example, clustering schemes or sequential exploration methods to identify the most
important fields to survey [112,113].

4.3. Outlook

The monitoring of different types of agricultural areas might become increasingly
important for Sub-Saharan Africa due to climate change affecting agricultural productivity,
especially for smallholder farms [114,115]. Due to the relatively high spatial resolution
(10 m) of the classification results of this study, the classification approach used can also be
applied for monitoring smallholder farms in Ethiopia and comparable regions and, thus,
contribute to developing sustainable agricultural management in these regions.

The classification algorithm is designed to be applicable for monitoring cropland and
crop types in the study areas for future years as well. As this is a supervised classification,
reference data have to be available for the study area and year of interest.

Future research could be dedicated to testing how the random forest classifier that
was trained for one study area and year performs in classifying another area or year.
Random forest classifiers potentially allow for transferability [25]. In one study by Wang
et al. [31], a random forest transfer was tested and the authors found that transfer to neigh-
boring geographies is possible when regional crop compositions and growing conditions
are similar [31].

The final classification results from this study derived the actual land used for agricul-
ture and crop types grown in the three study areas. Unproductive lands become visible and
land managers can take measures to improve land use efficiency accordingly. Therefore,
remote sensing offers the potential to improve and support the performance monitoring of
agricultural investments in Ethiopia. The information products on cropland and crop types
can potentially also be integrated in agricultural management information systems and
form the basis for further analyses on topics such as crop yield estimation and agricultural
revenue generation.

5. Conclusions

The aim of this study was to develop a remote sensing method for mapping crop-
land and crop types for large-scale agricultural investment (LSAI) areas in Ethiopia.
The method development was based on open-source Sentinel-1 and Sentinel-2 time se-
ries and implemented in Google Earth Engine (GEE) to allow for the application by re-
gional experts without their own remote sensing classification software and large compu-
tational infrastructure.
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In order to select a robust input dataset, 198 different crop type classifications based
on 33 variants of input data for three study areas and two years of investigation were
calculated. The comparison of input datasets for crop type classification produced the
following findings: (1) The individual VIs retrieved similar overall accuracies of on average
75%, but showed large differences in accuracies for individual classifications ranging from
59% to 89%. (2) The combination of two or three VIs improves the average accuracy to about
81% and reduced the variation of individual classifications. (3) Accuracies obtained based
on Sentinel-1 parameters alone were comparatively low and reached about 71% overall
accuracy. The combination of VV, VH, and Diff obtained the highest accuracies within
the variants of Sentinel-1 input datasets. (4) The seven best performing input datasets all
made use of Sentinel-2 bands and retrieved average accuracies >84%. (5) The addition of
Sentinel-1 parameters only slightly improved the accuracy compared to using Sentinel-2
parameters alone. (6) From the variants tested in this study, the best performing input
dataset with the most robust results included the following parameters: S2 bands, EVI2
and NDRe2 from Sentinel-2, and VV, VH, and Diff from Sentinel-1.

The accuracy assessment of the LULC classification showed F1-scores for cropland
ranging between 89% and 95%. The crop type classifications for the six classification
scenarios retrieved overall accuracies between 82% and 92%. Comparing the number
of reference data per class and the class-specific accuracies obtained, we found that
low accuracies (<70%) for PA, UA, or F1-score only occurred for classes with few (<40)
reference data.

With respect to the classification results for the three study areas, our findings were as
follows: (1) In Amhara study area, about 80% of LSAI areas were used for growing crops.
The most common crop was maize, followed by soy bean and wheat. (2) In Benishangul,
about 20% of LSAI areas were used as cropland. The most important crops were maize
and sorghum. (3) In the Gambela study area, 17% and 21% of the LSAI areas were used for
crop production in 2021 and 2022, respectively, with the most important crops being mung
bean and cotton. These results indicate a great potential for further cropland development,
especially in the Benishangul and Gambela study areas.

In this study, we classified cropland and crop types for three study areas in Ethiopia.
We separated a comparatively large number of 18 different crop types. For the study areas
in Ethiopia, such detailed crop type classification and corresponding information products
on spatial distribution of land used for agricultural production and crop types grown
have not been available before. The classification approach was implemented in a cloud-
processing environment in order to enable uptake by regional experts and decision-makers
from resource-constrained institutions without their own large computational software and
capacities. The developed classification method is designed to allow application in further
years and to similar study areas.

Supplementary Materials: The following supporting information can be downloaded at: https://
www.mdpi.com/article/10.3390/rs16050866/s1, Figure S1: Confusion matrix tables for the LULC
classifications for the three study areas Amhara, Benishangul, and Gambela for the years 2021 and
2022. The accuracies are given as users’ accuracies (UAs), producers’ accuracies (PAs) and overall
accuracy (OA); Figure S2: Confusion matrix tables for the crop type classifications for the three study
areas Amhara, Benishangul, and Gambela for the years 2021 and 2022. The accuracies are given as
users’ accuracies (UAs), producers’ accuracies (PAs) and overall accuracy (OA); Table S1: Overview
of the 33 input data variants tested for random forest crop type classification. The table provides
information about variant category (column 1), bands/indices/parameters included (column 2),
number of input bands (column 3), and overall accuracies retrieved (columns 4–12). The overall
accuracies are provided for the six individual classifications, as average for each study area, and as
an overall mean.

https://www.mdpi.com/article/10.3390/rs16050866/s1
https://www.mdpi.com/article/10.3390/rs16050866/s1
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