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Abstract

The Tigray War was an armed conflict that took place primarily in the Tigray region of northern Ethiopia from Novem-
ber 3, 2020 to November 2, 2022. Given the importance of agriculture in Tigray to livelihoods and food security,
determining the impact of the war on cultivated area is critical. However, quantifying this impact was difficult due to
restricted movement within and into the region and conflict-driven insecurity and blockages. Using satellite imagery
and statistical area estimation techniques, we assessed changes in crop cultivation area in Tigray before and during the
war. Our findings show that cultivated area was largely stable between 2020-2021 despite the widespread impacts of
the war. We estimated 1, 132,000 + 133, 000 hectares of cultivation in pre-war 2020 compared to 1,217,000+ 132, 000
hectares in wartime 2021. Comparing changes inside and outside of a 5 km buffer around conflict events, we found a
slightly higher upper confidence limit of cropland loss within the buffer (0-3%) compared to outside the buffer (0-1%).
Our results support other reports that despite widespread war-related disruptions, Tigrayan farmers were largely able
to sustain cultivation. Our study demonstrates the capability of remote sensing combined with machine learning and
statistical techniques to provide timely, transparent area estimates for monitoring food security in regions inaccessible
due to conflict.

Keywords: Crop mapping, Conflict, Area estimation, Land use change, Food security, Smallholder farming, Machine
learning

1. Introduction

Armed conflicts profoundly disrupt agriculture and food systems, jeopardizing food security and livelihoods for
affected populations [1]. Direct impacts include damage to agricultural infrastructure, loss of labor and inputs, market
dysfunctions, and prevention of farming activities [2, 3]. Indirect impacts include environmental degradation, uncon-
trolled resource exploitation, and displacement of farming communities [4]. Quantifying agricultural land use changes
is critical for assessing the impact of war on food security in inaccessible conflict regions and targeting humanitarian
relief efforts [5].

Satellite remote sensing data can provide qualitative and quantitative insights about the impact of conflict on agri-
cultural land use and production. This remote, real-time data source is especially critical for assessing impacts in
regions where traditional ground-based surveys cannot be conducted due to insecurity.

Most studies using satellite data to assess war impacts on cultivation in other regions have found significant reduc-
tions in cultivated land due to war, ranging from approximately 15-30% across studies. Skakun et al. [6] found a 22%
net loss of cropland in regions not occupied by the Ukraine government following the military conflict that began in
2014 in southeastern Ukraine, and that cropland losses were higher (46%) in areas in the buffer zone surrounding the
conflict border. In a study of the more recent war in Ukraine that began in 2022, Ma et al. [7] detected concentrations of
fallowed croplands in western Kherson and central Luhansk associated with conflict activities. Witmer [8] found that
the average cultivated area decreased by 25% in the period after the Bosnian War between 1992-1995. In a study of
the armed conflict in Mali, Boudinaud and Orenstein [9] found that 25% of areas in Mopti exhibited crop area losses in
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2019 compared to pre-conflict years. Olsen et al. [10] concluded that cropland cultivation decreased by 16% from 2016
to 2018 as a result of armed conflict in South Sudan. In the first (1994-1996) and second (1999-2009) Chechen wars,
Yin et al. [11] found higher rates of cropland abandonment in areas closer to conflict events (45% abandonment within
1 km compared to 6% greater than 8 km from conflict events) as well as higher rates of re-cultivation in areas farther
away from conflict events. Miiller and Kummerle [12] and Peterson and Aunap [13] studied the impact of government
and economic transitions in Romania after 1989 and Estonia between 1990-1993, respectively. While these transitions
were not armed conflicts, they were tumultuous periods with disruptions to the agricultural sector that were associated
with 32% of croplands being abandoned in Estonia and 21% abandonment in Romania.

While most studies concluded net losses or negative impacts to agricultural production due to conflict, Li et al. [14]
found that there was a net increase in rural areas of Syria during the civil war. Eklund et al. [15] reported a mixture of
cropland expansion, abandonment, and other changes in areas of Syria and Iraq occupied by the Islamic State. NASA
Harvest [16] found that despite fears of disruptions to wheat production in Ukraine driven by the Russia-Ukraine war,
wheat production in Ukraine in 2023 was similar to pre-war production levels. In a study of cropland abandonment in
14 regions globally, Yin et al. [17] found that detecting cropland abandonment was particularly challenging in regions
characterized by small field sizes and low-intensity farms such as Nepal and Uganda.

Together, these studies highlight that the impacts of armed conflict on agricultural land use is highly variable in
different contexts. Quantifying changes from satellite data remains challenging, particularly in smallholder farming
contexts, and requires a mixture of evidence to shed light on inaccessible regions.

The Tigray War was an armed conflict primarily fought in the Tigray region of northern Ethiopia that lasted from
November 3, 2020 to November 2, 2022. The conflict involved the Ethiopian federal government and Eritrea on one
side and the Tigray People’s Liberation Front (TPLF) on the other. Figure 1 provides a map and timeline of conflict
events recorded by the Armed Conflict Location and Event Data Project (ACLED) in 2020 and 2021 (the timeline
considered for our study). Violence and destruction were widespread in the Tigray region, though most conflict events
occurred in Southern, North Western, and Central Tigray. Most battles and other incidents occurred between November
2020 and March 2021, and reports of fighting decreased substantially after Ethiopia declared a unilateral cease-fire in
June 2021 to allow farmers to till their land and humanitarian aid groups to enter.

Agriculture is a critical industry in Tigray, providing employment for 80% of people and constituting 65% of the
land area [18]. Disruptions to cultivation could have severe consequences for livelihoods and food security. Thus,
quantifying the impact of the war on agriculture is crucial for targeting humanitarian relief to ensure the population’s
basic needs are met. Many farmers reported delays in ploughing due to insecurity [3] and 353,000 people in Tigray
were reportedly experiencing “catastrophic” levels of “acute food insecurity” in June 2021 [18]. Food insecurity in
early 2021 was exacerbated by the loss of food stocks destroyed by armed forces during the start of the war in late 2020
and the blockage of food and humanitarian aid to the region [18]. Humanitarian aid was blocked or severely limited
from the start of the conflict until April 2021, when aid organizations could deliver food aid for the first time since late
2020. In surveys conducted between April and May 2021, 50-70% of households in NorthWestern and Central Tigray
reported that food assistance was their primary source of food [18]. The June 2021 cease-fire gave hope that farmers
would be able to cultivate their fields in the 2021 main season, but there were grave concerns and uncertainty about
food insecurity and the fate of food production in 2021.

Quantifying the impact of the Tigray civil war on agricultural land use is challenging due to lack of ground-truth
data, small field sizes, and heterogeneous landforms. Studies of the impact of the Tigray war on cultivated area found
that there was significant and widespread disruption of farming activities particularly in late 2020 and early 2021
including destruction of farm stocks and supplies, delays in ploughing and planting due to threats from soldiers, and
market disruptions [19, 3, 18]. Nyssen et al. [3] reported that despite these disruptions, the effect on cultivated area
was relatively moderate because most farmers were able to employ wartime adaptation strategies including shifting the
timing and location of farming activities, changing crop types, and leveraging communal aid. Through remote sensing
analysis, Weldegebriel et al. [19] concluded that there was a modest net loss of 714 km? of “well cultivated land” in
highland cropland areas of Tigray (which excludes the Western and parts of the North Western zones) in wartime 2021
compared to pre-war 2019/2020. These studies suggest that the impact of the war on crop cultivation in Tigray was
likely moderate. However, there has not yet been a statistically rigorous estimate of the change in cultivated area over
the entire region of Tigray before and after the war began.

In this study, we used well-established cropland mapping and area estimation techniques leveraging remote sensing
data, machine learning classifiers, and statistical estimators to estimate the change in cropped area in 2020 (pre-war)
compared to 2021 (wartime) in Tigray. We used recommended practices for computing scientifically rigorous and
transparent estimates of change in land area [20]. While prior work discussed the potential for multifaceted impacts of
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the Tigray war on food security and the agricultural sector—such as population displacement, changes in crop types
or cultivation practices, movement and access limitations, market dysfunction and loss of income, or destruction of
food stocks and farming equipment [3, 18]—most of these factors are difficult or impossible to determine from satellite
observations, especially in the absence of extensive ground-truth data. Our study focused on impacts of the Tigray
war on crop cultivation that resulted in a binary change in cultivation status (either cultivated or not cultivated), which
could be observed from satellite observations.

Our results provide evidence that complements previous studies of the impact of war on cultivation in Tigray [3, 19].
Our results show that cultivated area was largely stable between 2020 and 2021, with a relatively small amount of land
attributed to cropland gain or loss. Comparing the change in cultivated area in a 5 km buffer of conflict events to the
remainder of Tigray, we found a slightly higher upper limit of the confidence interval of the percentage of cropland
loss within the conflict buffer (0-3%) compared to outside (0-1%). Our findings support the conclusion that Tigrayan
farmers were largely able to cultivate crops at a scale comparable to pre-war years despite the widespread impact of
the war on farming and other aspects of life.

2. Methods

2.1. Study area

The Tigray region spans approximately 50,000 km? in northern Ethiopia with an estimated population of approx-
imately 5 million as of 2019 [21, 22]. Tigray shares a border with Eritrea to the north and Sudan to the west. Tigray
contains five zones: Eastern, North Western, Western, Central, and Southern. The terrain in Tigray is very mountainous
and hilly, with extensive terracing used for agriculture. Elevations range from 500 meters in the northeast to almost
4,000 meters in the southwest. The climate is generally semi-arid, with average annual rainfall between 400-800 mm
concentrated in the summer months (June to September). An estimated 80% of the population works in agriculture
and around 65% of the land area is devoted to cultivation [21]. The Central and Western zones have more intensive
agriculture due to higher rainfall and fertile soils. The majority of crop cultivation in Tigray is rainfed with two growing
seasons: meher (June-September), which is the main growing season, and belg (February-May), which is the minor
growing season. The majority of agricultural land in Tigray is used to grow teff, barley, wheat, maize, sorghum, finger
millet, oats, and sesame [23]. For most crops, planting occurs between May to July, vegetative growth between July
and September, and harvesting between September and December [21].

2.2. Conflict data

We obtained a geographically and temporally referenced dataset of conflict events that occurred in Tigray in 2020
and 2021 from the Armed Conflict Location and Event Data Project (ACLED). ACLED compiles data from various
sources including media reports, NGOs and international organizations, government reports and statements, social
media and online platforms, academic literature, eyewitness accounts, and local sources. We included all event types
provided in the ACLED dataset except “Peaceful Protests.” This resulted in a dataset of 831 events with multiple event
types: 666 battles, 104 violence against civilians, 43 explosions/remote violence, 11 strategic developments, 5 riots,
and 2 protests.

Figure 1 shows a map and timeline of these events. From Figure 1b, it can be seen that the majority of conflict
events occurred prior to the start of the 2021 main growing season. This plot also shows that Ethiopia’s declaration of
an immediate, unilateral cease-fire occurred during the land preparation phase. However, some battles and other events
were still reported after the cease-fire. Of the five zones in Tigray, the majority of the conflict events in the 2020-2021
time period were recorded in the Southern zone (247), followed by the North Western (199), Central (196), Eastern
(117), and Western (72) zones.

November 2020 marked the official start of the war and was the month with the most recorded conflict events
during the study period. This also coincided with the harvest period of the main meher season of 2020. Despite this
outbreak, final crop yields estimated at the regional and national level were reportedly favorable, with the exception of
localized conflict-affected areas which were reported to have lost an estimated 90% of the main 2020 season harvest
due to pillaging and burning by armed forces [24]. Based on the conflict timeline and previous reports (e.g., [3, 24]),
we expected that the conflict might have some impact on the minor belg 2021 season but were uncertain about the
likelihood of impact on the major meher 2021 season. In this study, we did not differentiate between estimated area of
crops cultivated during the belg versus meher season since our goal was to estimate the change in the total cultivated
between 2020 and 2021. Furthermore, estimating changes between the individual seasons would be difficult since
farmers may plant the same fields in different seasons each year.
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2.3. Cropland mapping

2.3.1. Classification model

Figure 2a summarizes the workflow we used to create annual cropland maps for 2020 and 2021. We used the long
short term memory (LSTM) recurrent neural network architecture from Kerner et al. [25] to create a binary cropland
map for 2020 and 2021 separately. The LSTM architecture has one base hidden layer, which is followed by two
classification heads: one two-layer head is used to classify training instances within Tigray, and one single-layer head
is used to classify global training instances (outside of Tigray). We used a batch size of 128 instances. We used early
stopping with a patience of 10 epochs and proceeded with model weights from the training checkpoint with the highest
F1 score evaluated on the validation set. Training concluded after 16 epochs for the 2020 model and 13 epochs for the
2021 model (one epoch represents one complete pass through the entire training dataset). We used the Adam optimizer
with default parameters to tune weights during training with learning rate set to 0.001. We set the a hyperparameter
that balances the global and local samples in the loss function to 10 [25]. We used dropout during training with a
dropout probability of 0.2. We used the trained model for each year to predict the full cropland map for Tigray in 2020
and 2021 using the OpenMapFlow python library [26]. Our code used to create the cropland maps in this study can be
found at https://github. com/nasaharvest/crop-mask.

2.3.2. Cropland change mapping

We created a cropland change map for 2020-2021 by combining the cropland maps created for 2020 and 2021
separately. This resulted in a map with four change classes: stable non-crop, stable crop, crop gain, crop loss. Using
the annual cropland maps to create a change map, rather than training a model to classify four change classes directly,
allowed us to leverage a large training dataset available for binary cropland classification (see Section 2.3.4). Since
large labeled datasets for four-class cropland change are not available, direct change classification would have required
us to label a large dataset of training samples for the change classes, which would have been extremely time-consuming.

2.3.3. Satellite data

We used the pixel-level time series input data format from the CropHarvest database [27] for the LSTM classifier.
The 12-month time series consists of aggregated observations in a given pixel over each month from February 1 to
January 31 for the year of interest (2020 or 2021) to allow the model to observe the full growing cycle in either the belg
or meher season. We included observations from Sentinel-2, Sentinel-1, and the Shuttle Radar Topographic Mission
(SRTM) Digital Elevation Model (DEM). Note that while CropHarvest includes meteorological data (precipitation
and temperature) from the ERAS dataset, we omitted this dataset because we found that it introduced artifacts in the
predicted map. We used all bands from Sentinel-2 except B1 (coastal aerosol) and B10 (cirrus) and added NDVI
(computed from B8 and B4). This resulted in 12 channels from Sentinel-2. We aggregated the 5-day observations
to monthly by taking the least-cloudy pixel per 30-day window using the method described by Schmitt et al. (2019)
[28]. We used top-of-atmosphere observations (Level 1A) since this was required by the cloud-filtering algorithm. We
used the VV and VH channels from the Sentinel-1 synthetic aperture radar dataset which we aggregated to monthly
by taking the median of observations over each month. We used the SRTM DEM to compute elevation and slope
features. In total, our input data had 16 channels for each of 12 timesteps for a given pixel (note that elevation and
slope are constant over all timesteps). All datasets were pre-processed, resampled to 10 m/pixel, and exported to
Google Cloud Storage using Google Earth Engine. The preprocessing code for each dataset can be found at https:
//github.com/nasaharvest/openmapflow/tree/main/openmapflow/eo.

2.3.4. Model training, validation, and test data

Our training dataset consisted of approximately 100,000 total instances with binary labels of crop or non-crop
(about 5,000 of which were in Tigray and thus used to train the local classification head). The training dataset was
constructed primarily from publicly accessible data in the CropHarvest dataset (https://zenodo.org/doi/10.52
81/zenodo.5021761). Since our training data contained a mix of global and local (within Tigray) samples, we do not
expect our model to be biased toward detecting cropland in a specific season.

The validation and test datasets can be found at https://data.harvestportal.org/dataset/annual-a
nd-change-maps-for-tigray-2020-2021. We created validation and test datasets for choosing hyperparameter
settings and evaluating final performance metrics (respectively) using a random uniform sample of points in Tigray.
Since points were randomly sampled within Tigray, we expect the proportion of cropland in this sample to represent the
approximate proportion of cropland area in the region, including the approximate proportion of planting in the meher
and belg seasons typically observed in the region. We created independent samples for each year. Each point was
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Figure 3: Left: 12-month time series of Sentinel-2 NDVI for ground-truth plots annotated as cultivated (“Crop”), fallow with weeds (“Fallow
Weed”), or fallow with no vegetation at all (“Fallow None”). Solid lines depict the mean and shaded regions depict the standard deviation of the
time series for all samples. Right: Visualizations of example ground-truth plots in PlanetScope September 2021 basemap. The plot labeled “Fallow
with weeds or grass” has a similar appearance to fields labeled with crop types, while the field labeled “Fallow (no vegetation at all)” is easier to
distinguish. Note that our map classification used Sentinel-2 inputs (left-most time series) while our response design used PlanetScope data for
photointerpretation of reference sample labels (similar to those shown on the right).

labeled by the authors and other trained individuals. Annotators answered the question “Does this point contain active
cropland?” for each point. We describe our labeling procedure used to answer this question in Section 2.5.2. Each
point was labeled by at least two different annotators and we retained only the points for which both (or a majority of)
labelers agreed. This resulted in a validation set of 440 labels (140 crop and 300 non-crop) for 2020 and 289 labels (93
crop and 196 non-crop) for 2021, and a test set of 425 labels (127 crop and 298 non-crop) for 2020 and 297 labels (109
crop and 188 non-crop) for 2021.

2.3.5. Post-processing

The University of Ghent and Mekelle University published a small ground-truth survey dataset of 161 fields sur-
veyed in Tigray at the end of August 2021 [29]. The team of geographers visited six districts in Eastern and Southern
Tigray (including Mekelle), spanning ecoregions with diverse biophysical and agro-ecological characteristics. Fields
surveyed were typically near (hundreds of meters away from) main roads. Selection criteria for fields included rainfed
farmland (no irrigation); no buildings, iron sheets, or trees on the land; and field size at least 30 m X 30 m, and no
intercropping. Surveyors recorded point locations in the center of each field. Data for each field was recorded by
observing and talking to farmers who were present on the land.

Surveyors recorded the crop type being grown in each field as well as the crop condition (e.g., good, medium, poor)
and notes about the nearby farmlands. Of the 34 fields recorded as fallow, 20 were recorded as “fallow with weeds or
grass” and 14 as “fallow (no vegetation at all)” (meaning the field had been plowed but not seeded). The 127 remaining
cultivated fields included teff (33), maize (7), sorghum (5), other cereals such as wheat, barley, or millet (62), oil crops
such as flax or niger seed (12), legumes such as beans or peas (6), and potato (2).

To better understand the difficulty of distinguishing cultivated from fallow fields (which may resemble cultivated
fields due to the presence of weeds or other vegetation) in satellite observations, we plotted the 12-month time series
profiles for these ground-truth points in each of the 12 Sentinel-2 channels that were used for our model input. Figure
3 shows the NDVI time series and B.14 shows the time series for all Sentinel-2 bands. Figure B.14 shows that the time
series for all bands is visually very similar for the cultivated and fallow fields surveyed. This observation, in addition to
visual inspection of predicted crop maps in Tigray, suggested that our predicted crop maps may overestimate cultivated
area in Tigray by classifying some fallow fields as cultivated.

In Figure 3, some differentiation between cultivated and fallow fields can be seen in the NDVI time series: the
peak of the NDVI time series appears substantially higher on average than the peak reached in fallow fields. This also
makes intuitive sense: we would expect fallow fields to have lower biomass than cultivated fields, since the pattern
of vegetation in fallow fields should be sparse and unmaintained. Thus, we hypothesized that for a given predicted
cropland map, within the pixels predicted as cropland there will be a minority sub-population of pixels that reached
lower peak NDVI than the majority of the pixels which may correspond to fallow fields (or other erroneous predictions).
To identify and remove these potential false positives, we computed the mean and standard deviation of the peak NDVI
value for all positive (cropland) predictions in a given map. We then identified which of those pixels had NDVI below
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n standard deviations from the mean (i.e., ¢ — no). We then re-classified those “anomalous” positive pixels to the
non-crop class.

We evaluated the effect of using n € {0,0.5,1.0, 1.5,2.0,2.5, 3.0, 3.5, 4.0} for this post-processing algorithm on the
true positive rate (TPR) versus false positive rate (FPR) for the ground-truth dataset and validation dataset for Tigray in
2021. Figure 4 shows a plot of these values. We found that a threshold of n = 3.5 offered the optimal tradeoff between
TPR and FPR for the ground-truth dataset. This post-processing threshold also increased the TPR on the validation
dataset without significantly increasing the FPR. Thus for our final cropland maps in 2020 and 2021, we applied this
post-processing algorithm with n = 3.5 to reduce false positive predictions.

2.4. Comparison to existing land cover maps

Some prior studies used existing global land cover maps to derive a cropland map for change assessments instead
of creating a custom classification map as in our study. For example, Weldegebriel et al. [19] used the WorldCover 10
m/pixel global land cover map for 2020 [30] to assess changes in cultivated area between 2020-2021 in Tigray.

To assess the accuracy of our custom map classification compared to existing land cover maps, we evaluated
multiple global land cover maps using our independent test set following the methodology described in Kerner et
al. [31]. We only included maps that were created in 2017 or later to ensure temporal coherence: WorldCover [32, 33],
Digital Earth Africa [34, 35], Copernicus [36, 37], Dynamic World [38], ASAP [39, 40], GLAD [41, 42], and Esri
LULC [43, 44]. If multiple years were provided by a land cover product, we used the closest year to our reference data
year.

2.5. Area estimation

Reliable area estimates cannot be obtained by pixel counting (i.e., summing the pixels in each class and multiplying
by the area covered by each pixel) from maps that inevitably contain classification errors. Sample-based area estimates
are considered good practice for producing unbiased estimates of land area [20]. Mapped areas obtained from pixel
counting and sample-based areas may differ significantly [45]. We used the best practices outlined in Olofsson et
al. [20] to compute unbiased area estimates using a reference sample stratified by the classification map classes. Figure
2b summarizes the workflow we used to estimate annual cropland area and change in cropland area between two years.

2.5.1. Sampling and response design

We created a stratified random sample of 10 x 10-meter pixels using the four strata in the 2020-2021 cropland
change map classes. We drew 799 samples total (sampling rate 0.00015% in Tigray) using the following allocation
to the four strata: 131 for “stable planted,” 404 for “stable not-planted,” 134 for “planted gain,” and 130 for “planted



loss.” We pre-allocated 100 samples to each change stratum, then allocated the remaining samples approximately
proportionally to the map area for each stratum. Pre-allocation helps reduce the uncertainties in area estimates for
change classes resulting from low sample sizes [20].

Each point was labeled by the authors and other trained individuals. Annotators answered two questions for each
point: “Does this point contain active cropland in 2020?” and “Does this point contain active cropland in 2021?” Each
reference sample was independently labeled by at least two annotators. For samples that did not have a unanimous
label agreement for both questions, we convened expert annotators as a group to discuss and decide the label to assign
for each year. We describe our labeling procedure used to answer this question in detail in Section 2.5.2.

2.5.2. Satellite interpretation of reference points

The labels assigned to the reference samples described in Sections 2.3.4 and 2.5.1 have a significant impact on
the area estimates and performance metrics derived from those samples. In this section, we detail our procedure for
determining whether a given reference point for a given year should be labeled as containing active cropland or not.
We provide several examples to illustrate how we determined these labels in Appendix A.

We used Collect Earth Online (CEO) as our primary labeling interface. We created a CEO project for each set
of reference points and configured the project’s Imagery Options to include the 3-5 m/pixel Planet Monthly Mosaics,
10-20 m/pixel Sentinel-2 monthly composite (displaying the Agriculture band combination — a false-color composite
of the SWIR-1 (B11), near-infrared (BS8), and blue (B2) bands — by default), and the 0.5-1 m/pixel Mapbox Satellite
layers. The Planet and Sentinel-2 layers allow users to view the imagery for a specific month/year, while the Mapbox
layer is a basemap and the date cannot be configured. Thus, we instructed labelers to base their interpretation primarily
on Planet and Sentinel-2 since the date of the Mapbox images was unknown — however, the high-resolution Mapbox
basemap can still provide additional context for the coarser Planet and Sentinel-2 layers.

For points where additional context might be helpful, labelers were instructed to click “Download Plot KML” in the
CEO interface and load the point in Google Earth Pro on their desktop computer. In Google Earth Pro, labelers used
the “Historical Imagery” tool to view any high-resolution imagery (typically provided by Maxar or Airbus/CNES)
available for the point. While high-resolution images during the growing season of the reference year were rarely
available, high-resolution images acquired at any point (or multiple points) in time can provide additional helpful
context for interpreting the coarser imagery in CEO (similar to the Mapbox basemap). In Google Earth Pro, labelers
can also change the viewing angle of the point and use the terrain layer to better visualize the landscape in 3D — this is
particularly helpful for points on steep slopes or ridges unlikely to host agriculture.

The majority of agricultural land in Tigray is used to grow teff, barley, wheat, maize, sorghum, finger millet, oats,
and sesame [23]. These are row crops that are planted and harvested on an annual cycle, necessitating yearly tilling,
sowing, and management. Thus, as in Skakun et al. [6], we defined cropland as “a piece of land that is sown/planted
and harvestable at least once within the 12 months after the sowing/planting date.” This is also consistent with the
Ethiopia Central Statistics Agency’s definition of annual/temporary crops as “crops, which are grown in less than a
year’s time, sometimes only a few months with an objective to sow or replant again for additional production following
the current harvest. Continuously grown crops planted in rotation are also considered as temporary crops since each is
harvested and destroyed by ploughing in preparation for each successive crop” [23]. Our definition does not include
permanent (perennial) crops, since these represent a minority of production in Tigray [23]. Our definition also does not
include livestock or pasture.

Labelers typically stepped through the Planet Monthly Mosaic for each month spanning the crop calendar for
Tigray (considering both the belg and meher seasons), zooming in/out and panning around to assess the point locally
and compared to nearby fields or landscapes. They did the same for the Sentinel-2 layer and compared the Mapbox
layer to the Planet and Sentinel-2 layers for context. If needed, they downloaded the point’s KML file and viewed
historical imagery available in Google Earth Pro. Labelers looked for the following indicators of active cultivation of
annual crops:

e Approximately rectilinear shapes of fields
e Relatively uniform color and texture within field boundary suggesting management
o Dark brown color during land preparation/planting months indicating plowing

e Changes in color and texture aligned with crop calendar: e.g., increase in greenness during months between
sowing and vegetated phases, dark green color during peak vegetation month(s), or rapid changes from green to
brown in harvest months



e Presence of harvest piles at the end of the growing season [46]
In contrast, fallow (inactive) fields tend to be characterized by:

o Lack of uniformity in color and texture
e Sparse, mottled, or un-managed appearance

e Brown, beige, or a lighter green color indicating the presence of bare soil, weeds, or residual plants

Lack of significant change in color and texture throughout the growing season

While all of these characteristics may not be visible in the imagery for every point, labelers looked for a combination
of these characteristics to decide the label for a point. We illustrate some of these characteristics in the examples
provided in Appendix A.

2.5.3. Cultivated area in Tigray region and zones

We used the reference samples to compute confusion matrices between the map class and reference labels, which
were then used to compute map accuracy, area estimates and uncertainties, and investigate changes between 2020-2021
that could be seen visually in satellite images [20]. We computed area estimates for the four change classes representing
transitions from 2020 to 2021 as well as annual cropland area estimates for 2020 and 2021 separately. For the annual
area estimates, we used the reference labels from each year provided by the two-year change reference samples. We
computed the annual and change area estimates for the Tigray region as well as within each of the five zones in Tigray.
For each zone, we clipped the classification map to the zone boundary and filtered the reference samples to use only
the samples within a given zone to estimate area. The code used to compute annual area estimates is available at
https://github.com/nasaharvest/crop-mask/blob/165d01cc3114427fac59f28ec2eeee5c97de25f
c/notebooks/crop_area_estimation.ipynb. The code used to compute change area estimates is available at
https://github.com/nasaharvest/crop-mask/blob/359708379fb7£064e1248ff35daaf56e27eee97a/
notebooks/ethiopia_tigray_change_area_estimation.ipynb. The reference samples can be accessed via
Github following the paths recorded in the change area estimation notebook.

2.5.4. Cultivated area in proximity to conflict events

To evaluate whether cropland change was concentrated in locations where conflict events directly occurred, we
computed the four-class change area estimates inside and outside of a buffer surrounding locations of reported conflict
events. Using the ACLED conflict event database described in Section 2.2, we used QGIS to create a 5 km buffer
surrounding each event location and then dissolved the boundaries to create a single geometry. We chose 5 km as the
buffer size based on previous studies that used similar buffer sizes to assess conflict impacts on agriculture [10, 6, 19].
We estimated cropland change inside this boundary by clipping the change map and filtering the reference samples to
the buffer geometry. To estimate cropland change outside of the buffer zone, we created a new geometry representing
the difference between the Tigray region boundary and the buffer zone boundary. We then estimated cropland change
in the outside-buffer boundary by clipping the change map and filtering the reference samples to the geometry.

3. Results

3.1. Map classification and accuracy assessment

Figure 5 shows the annual cropland classification maps for 2020 and 2021 as well as the four-class change map of
transitions between the 2020 and 2021 maps. Full resolution GeoTIFFs of maps are available at https://data.har
vestportal.org/dataset/annual-and-change-maps-for-tigray-2020-2021.

Table 1 and Table 2 report the overall accuracy, precision (user’s accuracy), recall (producer’s accuracy), and F1
score for the cropland class in the 2020 and 2021 maps, respectively. We computed these metrics using the independent
test sets labeled for each year described in Section 2.3.4. We found F1 scores of 0.78 + 0.11 for the 2021 map and
0.69 +£0.11 for 2020. Overall accuracy was similar between the two years: 0.83 +0.02 in 2020 and 0.84 +0.02 in 2021.
There was a moderate difference in precision (user’s accuracy) between 2020 (0.75 = 0.04) and 2021 (0.79 + 0.04) and
larger differences in recall (producer’s accuracy) between 2020 (0.65 = 0.03) and 2021 (0.76 £ 0.03). This is likely due
to differences in climatic factors between the two years that result in different types of errors made by the classifier. For
example, differences in rainfall between the two years could affect vegetation patterns that make cultivated cropland
easier or harder to distinguish from fallow land or other vegetation, or differences in cloud cover could affect the quality
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Figure 5: Annual cropland and change maps overlaid with zone boundaries (solid lines) and 5 km buffer around conflict events (dashed lines).

| Map | Map Year | F1 | OA | Recall (PA) [ Precision (UA) [ TN [ FP [ FN [ TP |
WorldCover-v100 2020 0.70 £ 0.11 0.84 +£0.02 0.60 + 0.03 0.84 + 0.04 283 15 51 76
Digital Earth Africa 2019 0.66 +0.12 | 0.81 £0.02 0.61 +0.03 0.72 £ 0.04 268 30 49 78
WorldCereal-v100 2020 0.62 +0.11 0.82 +0.02 0.49 +0.03 0.84 +0.04 286 12 65 62
Copernicus 2019 0.53+0.12 | 0.72+0.02 0.52 +£0.04 0.54 +£0.05 242 56 61 66
GLAD 2019 0.51 +£0.11 0.78 £0.02 0.38 +£0.03 0.79 £ 0.05 285 13 79 48
Dynamic World 2020 0.50+0.11 0.78 £ 0.02 0.37 £0.03 0.76 + 0.05 283 15 80 47
ASAP 2017 045+0.12 | 0.72+0.02 0.39 +0.03 0.54 +0.05 255 43 77 50
Esri LULC 2020 0.40 = 0.10 0.76 £ 0.02 0.27 +£0.02 0.77 £ 0.06 288 10 93 34

[ Harvest (ours) | 2020 [ 0.69=0.01 | 083002 | 065%003 | 075004 | 270 | 28 | 45 | 82 |

Table 1: Performance metrics for 2020 test set used for assessing accuracy of annual cropland map. We report metrics for other cropland and land
cover maps on the same test set for comparison to our map (ordered by decreasing F1 score). Legend: OA = Overall Accuracy, PA = Producer’s
Accuracy, UA = User’s Accuracy, TN = True Negatives, FP = False Positives, FN = False Negatives, TP = True Positives.
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| Map | Map Year [ FI |  OA [ Recall (PA) | Precision (UA) | TN [ FP [ FN | TP |

WorldCover-v200 2021 0.63+0.12 | 0.76 £0.02 | 0.54 +0.03 0.75 +0.05 168 | 20 | 50 | 59
Copernicus 2019 0.57+0.09 | 0.67+0.02 | 0.53 £0.02 0.61 £0.03 259 | 78 | 108 | 123
Digital Earth Africa 2019 0.56 £0.13 | 0.70£0.03 | 0.51 £0.04 0.61 £0.05 152 | 36 | 53 56
Dynamic World 2021 0.53+0.11 | 0.75+0.03 | 0.39+0.03 0.83 +0.05 179 | 9 66 | 43
WorldCereal-v100 2020 0.53+0.12 | 0.74+£0.03 | 0.40+0.03 0.77 £ 0.06 175 | 13 | 65 | 44
GLAD 2019 0.51+0.12 | 0.72+0.03 | 0.40+0.03 0.71 £ 0.06 170 | 18 | 65 | 44
ASAP 2017 0.49+0.13 | 0.67+0.03 | 0.42+£0.04 0.58 +0.06 154 | 34 | 63 | 46

Esri LULC 2021 047+£0.12 | 0.72+0.03 | 0.34 +£0.03 0.77 £ 0.06 177 | 11 | 72 | 37

| Harvest (ours) [ 2021 [ 0.78+0.11 | 0.84 +0.02

0.76 £0.03 [ 0.79+0.04 [166[22] 26 | 83 |

Table 2: Performance metrics for 2021 test set used for assessing accuracy of annual cropland map. We report metrics for other cropland and land
cover maps on the same test set for comparison to our map (ordered by decreasing F1 score). Legend: OA = Overall Accuracy, PA = Producer’s
Accuracy, UA = User’s Accuracy, TN = True Negatives, FP = False Positives, FN = False Negatives, TP = True Positives.

| Year | Southern | Central | Western | Eastern | North Western || Tigray

2020 | 227 +43 | 256 £48 | 327 +71 | 133 +37 282 + 57 1,132+ 133
2021 | 265+45 | 241 +46 | 368 +76 | 136 + 35 314 £ 60 1,217 + 132

Table 3: Annual area estimates for Tigray and each zone within Tigray (units are kha)

of the input time series in some areas. Unbalanced precision and recall scores between the two years may result in
higher error rates when the maps are combined to form a change map, compared to maps with balanced scores.

Of the compared maps described in Section 2.4 (not including our map), we found that WorldCover had the highest
performance metrics overall for both years. Compared to our map, the WorldCover map had a similar F1 score in 2020
but had significantly lower performance in 2021.

3.2. Annual area estimates

We report the annual cropland area estimates for 2020 and 2021 in Table 3. Figure 6 shows these estimates as a bar
plot to illustrate the relative differences between each year. We found similar estimates for cultivated area in Tigray in
2020 and 2021, with a possible small net increase: 1, 132+ 133 kha in 2020 and 1,217 +132 kha in 2021 (1 kha = 1,000
ha). We found a similar trend for each zone, with the exception of the Central zone which showed a possible small net
decrease. This net decrease in Central Tigray may be due to a higher concentration of conflict events recorded in the
Central zone during the growing season [19]. Figure 7 shows the confusion matrices between the map and reference
samples for Tigray. We provide the confusion matrix for each zone in Figures C.15-C.19. All confusion matrices are
expressed in terms of proportion of mapped area based on good practice recommendations [20].

3.3. Change area estimates

Table 4 summarizes the area estimates for the four transition classes. We found that cropland gain accounted for
70 — 160 kha while cropland loss accounted for 19 — 79 kha in Tigray. The stable transition classes accounted for the
majority of the area in Tigray: 1,033 — 1,293 kha of stable cropland and 3,798 — 4,054 kha of stable non-cropland.
Figure 7a shows the confusion matrix between the reference samples (stratified by the four change class strata) and the
classified change map, expressed in terms of mapped area proportions. For Tigray, there was good agreement between
the map and reference samples for the stable not planted class: of the area mapped as stable not planted, only a small
fraction of the mapped area should have been mapped as stable planted according to the reference sample. There was
also good agreement between the map and reference samples for the stable planted class, though approximately one
third of the area mapped as stable planted should have been mapped as stable not planted according to the reference
sample. This is likely due to the similarity in satellite time series between planted fields and other vegetated areas,
which may include fallow fields in addition to non-agricultural areas. We used the same reference samples to compute
class-wise accuracy metrics (overall accuracy, user accuracy/precision, producer accuracy/recall, true positive rate, and
false positive rate) in Table 5.

The change estimates at the zone scale follow a similar trend as the region (Tigray) scale. The majority of the area
in each zone was estimated as stable non-crop followed by stable cropland. A relatively small amount of cropland gain
and loss was estimated in each zone. However, the standard errors relative to the area estimates were much larger at the
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Figure 7: Confusion matrices between reference samples and Tigray change and annual cropland maps, expressed in terms of proportion of area as
recommended in [20]

zone scale compared to those for Tigray region due to smaller reference sample sizes. The standard error was highest
for the change classes in Western Tigray. Figures C.15a-C.19a provide the confusion matrices for each zone. Tables
D.7-D.11 report the accuracy metrics computed using the reference samples in each zone.

While we provided the full-resolution cropland and cropland change maps as part of this study for transparency and
reproducibility of our area estimates, we emphasize that their intended use is for stratification in the area estimation
procedure (see Figure 2b). The change map has limited accuracy as shown in Figures C.15-C.19 and is not intended
for visual interpretation of changes or other uses outside of the sample-based area estimation described in this paper.
We also emphasize that inaccuracies in the map do not signify inaccuracies in the area estimates, since such errors are
accounted for by the use of an unbiased estimator [45].

3.4. Cropland area changes in proximity to conflict events

Table 6 summarizes the change area estimates computed inside and outside of the 5 km conflict buffer. We reported
the confidence interval in units of kha and as a percentage of the total area in each boundary to enable comparison
between the two boundaries, since the total area outside the buffer is much larger than the area inside the buffer. We
found that the percentage of total area estimated for each change class was similar within the confidence intervals of the
estimates. However, our results show a higher upper boundary of cropland loss inside the conflict event buffer (0 —3%)
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| Class | Southern | Central | Western | Eastern | North Western ||  Tigray |

Stable cropland | 208 +43 | 226 £+47 | 418 £ 80 | 108 + 35 286 + 58 1163 + 130
Stable non-crop | 728 +47 | 775+49 | 865+ 78 | 473 £37 937 +59 3926 + 128
Cropland gain 53+23 23+17 | 28+29 | 24+14 21+ 14 115 +45
Cropland loss 25+ 17 17+ 13 10+ 19 19+£16 12+£15 49 + 30

Table 4: Change area estimates for Tigray region and each zone within Tigray (units are kha)

| Metric | Precision (UA) | Recall (PA) | True Positive Rate | False Positive Rate |
Stable cropland 0.69 +£0.08 0.67 £0.06 0.53 0.07
Stable non-crop 0.93 +0.03 0.81 +0.02 0.65 0.13
Cropland gain 0.19 £ 0.07 0.55+0.21 0.76 0.14
Cropland loss 0.08 = 0.05 0.59 +0.33 0.79 0.15

Table 5: Accuracy metrics for four-class cropland change reference sample in Tigray. Overall accuracy is 0.77 + 0.02. See Tables D.7-D.11 for
zone-level metrics. Legend: OA = Overall Accuracy, PA = Producer’s Accuracy, UA = User’s Accuracy, TN = True Negatives, FP = False Positives,
FN = False Negatives, TP = True Positives.

compared to outside the buffer (0 — 1%). This suggests that cropland loss may have been slightly more concentrated in
the vicinity of conflict events compared to locations with greater distance from conflict events. Figure E.20 shows the
confusion matrix between the reference samples and the mapped areas inside and outside of the conflict event buffer.
Tables F.12 and F.13 report the accuracy metrics.

Since the reference sample size for the area inside the conflict buffer (n = 219) was smaller than the sample size
for the area outside the conflict buffer (n = 582), the higher upper bound of loss in the conflict buffer could be due to
a relatively smaller sample size. To test this, we performed an experiment to estimate the cropland loss area outside
the conflict buffer with a smaller sample size equal to that inside the conflict buffer. We randomly sub-sampled 219
points from the non-conflict 582 reference samples, then calculated the cropland loss area and confidence interval (CI)
using this sample. We repeated this 10 times using different random seeds, since the result may vary depending on
the samples drawn. We calculated the median and mean cropland loss area and CI over all random seeds. Table G.14
reports the results from this experiment and Table G.15 summarizes the results compared to those reported in Table 6
using the full reference sample. For both the mean and median estimates with n = 219, we found a lower upper bound
CI as a percentage of total area (0 — 1% for the median, 0 — 2% for the mean), consistent with our result using the
larger sample size (0 — 1%). We note that the mean estimate is sensitive to outliers thus we feel the median is a more
representative estimate. These results confirm that the higher upper bound of cropland loss inside the 5 km conflict
buffer is most likely due to a higher likelihood of loss near conflict events, rather than a smaller sample size.

4. Discussion

4.1. Key findings and agreement with other studies

In reports published in the first half of 2021 prior to the planting and growing season, there were grave concerns
and uncertainty about whether Tigrayan farmers would be able to cultivate their crops in the 2021 meher season
[18, 3]. Satellite remote sensing data provides real-time and historical observations that can be used for qualitative and
quantitative assessments of how conflicts affect agricultural land use and production. This source of data is particularly

’ Class \ Inside Buffer \ Outside Buffer ‘

Stable cropland | 318 =63 (19 —29%) | 838 £ 115 (18 —24%)

Stable non-crop | 943 + 62 (67 — 76%) | 2999 + 113 (73 — 79%)
Cropland gain 37+19 (1 - 4%) 77+42 (1 -3%)
Cropland loss 19+ 17 (0 -3%) 28 £23 (0 - 1%)

Table 6: Change area estimates (kha) inside and outside of a 5 km buffer around conflict events.
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valuable for evaluating impacts during armed conflict, since traditional ground-based surveys may be impractical due
to safety concerns. Using remote sensing observations of Tigray during and prior to the war, studies such as ours,
Nyssen et al. [3], and Weldegebriel et al. [19] could ascertain information to help clarify uncertainty about the impact
of the conflict on cultivated area.

Our finding that crop cultivation area in Tigray in wartime 2021 was comparable to cultivated area in pre-war 2020
agrees with previous studies of the impact of the war on cultivated area [3, 19]. Through ground interviews and satellite
image analysis, these studies concluded that despite many reports of disruption to farming activities, most Tigrayan
farmers were ultimately able to plant and harvest crops by employing wartime coping strategies such as shifting the
timing and location of farming activities, changing crop types, and leveraging communal aid [3]. While we did not
find a net loss of cropland as in Weldegebriel et al. [19], it is difficult to directly compare the 714 km? net loss found by
their study to our study since their study was restricted to highland croplands in Tigray, employed a specific definition
of “well-cultivated cropland,” estimated area using pixel counting instead of a reference sample, and did not provide
confidence intervals. Nevertheless, our estimate of area attributed to cropland loss in Tigray was between 19-79 kha
which is comparable to the net loss of 714 km? (or 71.4 kha) found by Weldegebriel et al. [19].

Our estimate of cropland loss in Tigray is much lower than cropland losses found in studies of some other conflict
regions globally, which have been found to range from 15-30% [6, 8, 9]. Our findings further support the conclusion by
Nyssen et al. [3] that Tigrayan smallholder farmers were largely able to sustain cultivation amidst violence. However,
this may to some extent also reflect the difficulty of quantifying changes in small, heterogeneous farm landscapes like
Tigray and confusion between planted and fallow fields, as discussed in Section 4.2 and Yin et al. [17].

4.2. Limitations

We followed best practices established by the scientific literature whenever possible, but there are some limitations
inherent in our approach. One possible source of error in our estimates is in the reference labels used to estimate
area. We tried to maximize the correctness and confidence of these reference labels as much as possible through our
response design. We used high-resolution images from PlanetScope (3 m/pixel) and Google Earth (<1 m/pixel) when
available. Each sample was analyzed and labeled independently by at least two different annotators. If there was any
disagreement between annotators, we convened expert annotators to review and discuss all of the available evidence
and come to a consensus label for the sample. Even with these precautions, it is possible that some samples were
interpreted incorrectly due to the difficulty of differentiating between crop fields that are fallow and fields that are
planted from satellite images, even in high-resolution (3 m/pixel) images (see Figure 3). Appendix A shows some
examples of reference sample labels and corresponding high-resolution satellite images from the reference dataset.

Another limitation of this study is that we used only two years for our change analysis: 2021 (wartime) and
2020 (pre-war). Including additional pre-war years in the analysis would help establish a baseline of “nominal” area
estimates to compare with wartime 2021. It is also possible that in addition to the outbreak of war during the end of
the harvest period in 2020, the COVID-19 pandemic may have had some impact on the 2020 growing season [47].
Nevertheless, we included only 2020 and 2021 in our study due to the significant resources required for analyzing two
years and the precedence set by prior studies using similar statistical techniques that compared two years for change
assessments (e.g., [20, 6, 10]).

Finally, the impacts of the Tigray war on crop cultivation in our study were limited to those that resulted in a binary
change in cultivation status: either cultivated or not cultivated. We designed our study this way because our primary
goal was to provide early warning insights to the USAID Famine Early Warning Systems Network’s Early Warning
Team about the potential for shortfalls in crop production in Tigray during the war. Our goal was to broadly assess
whether the total cropland area under cultivation in Tigray was lower during the war (2021) compared to prior years
(2020). Thus, we followed a similar approach to previous work that estimated the change in cropland area between a
pre-war and wartime period (e.g., [6, 9, 7, 15, 8]).

Our study did not account for other impacts such as population displacement, changes in crop types or cultivation
practices, movement and access limitations, market dysfunction and loss of income, or destruction of food stocks and
farming equipment that were reported in farmer surveys [18, 3]. While some studies analyzed plowing status and
harvest status from satellite observations [3, 19], most of the other factors listed are difficult or impossible to determine
from satellite observations, especially in the absence of extensive ground-truth data for calibration. Other studies used
quasi-experimental methods such as propensity score matching to account for additional covariates such as population
density, distance to roads, or distance to conflict events [10]. We did not employ such techniques since the objective of
our study was a broad assessment of cropland area change occurring between the pre-war (2020) and wartime (2021)
period. In addition, as shown in Figure la, conflict events during the study period were widely distributed and not
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aggregated along a front or in clusters. Using the distance to conflict or the density of conflicts as a predictor variable
may not adequately capture the nuanced impacts that individual conflict events can have on cropland loss due to the
heterogeneous nature of warfare tactics, varying levels of intensity, and the different scales at which these events occur.

5. Conclusions

Despite widespread disruptions to agriculture, our remote sensing-based crop maps and area estimates suggest
Tigrayan smallholder farmers were largely able to carry out crop cultivation activities in 2021 amidst the Tigray war.
Our approach using satellite remote sensing, machine learning, and statistical techniques enables timely, accurate
insights about agriculture in conflict regions where ground access is not possible using satellite data and statistical
methods. Further studies could build on our methodology to incorporate additional years before and during the Tigray
war to continue monitoring Tigray’s agriculture and food security situation. We made all code and data used in this
study publicly accessible to enable transparency and reproducibility and to facilitate future work.
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Appendix A. Examples of reference sample interpretations from satellite images

In this section, we provide several examples of reference data samples to illustrate how we interpreted change class
labels for each point based on high-resolution satellite images from Planet Monthly Mosaics and Google Earth points.
In the caption of each figure, we provide the ID of the point in change_2020-2021_strat_ref_samples_labeled.shp
file provided at https://data.harvestportal.org/dataset/annual-and-change-maps-for-tigray-2
020-2021. We indicate the approximate location of each point within Tigray by the gold diamond on each figure.
Red dots indicate the point was labeled as non-crop/not cultivated while green dots indicate the point was labeled as

crop/cultivated.

Sept 24, 2020

Sept 9, 2021

Land preparation / Planting Vegetative / Growing Harvesting

. -

> R,
June 2020 % Sept 2020

June 20215,

Figure A.8: Example point labeled as planted cropland loss (id #238). The reference point is in a field that appears cultivated in 2020 but fallow
in 2021, although there are adjacent fields that are cultivated in 2021. The first column shows images from Airbus/CNES from Google Earth while
other columns show Planet Monthly mosaics from Collect Earth Online.
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Figure A.9: Example point labeled as planted cropland loss (id #485). The reference point is in a field that appears cultivated in 2020 but fallow
in 2021. In June 2020, the field containing the point appears dark brown suggesting land preparation; in September, it appears dark green and
uniformly vegetated; in November, it appears to have been cleared/harvested. However, in 2021, nearby fields show signs of preparation with dark
brown soil in June but not the reference field; in September, the field has some faint greenness but is sparse and patchy; in November, the field
appears to have sparse and lingering vegetation indicative of a fallow field. The first column shows an image from Airbus/CNES from Google Earth
(no high-resolution image was available for 2020) while other columns show Planet Monthly mosaics from Collect Earth Online. The Google Earth
image was taken outside of the growing season, but still provides helpful context showing the area in higher resolution than can be seen in the Planet
Mmosaics.
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1 o —

’ .

Dec 4, 2020 June 2020 Sept 2020

Figure A.10: Example point labeled as planted cropland gain (id #549). The reference point is in a field that appears fallow in 2020 but cultivated in
2021. In 2020, the field containing the point does not exhibit signs of land preparation, as it remains light brown in June 2020, or of vegetative growth,
as it remains brownish/dull green in September 2020. In June 2021, the field and other fields surrounding it appear to have a darker brown color
suggesting land preparation; in September, it appears bright green and uniformly vegetated; in November, it appears to have been cleared/harvested.
The first column shows images from Airbus/CNES (2020) and Maxar (2021) from Google Earth while other columns show Planet Monthly mosaics
from Collect Earth Online. The Google Earth images were taken outside of the growing season, but still provide helpful context showing the area in
higher resolution than can be seen in the Planet mosaics.
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Figure A.11: Example point labeled as planted cropland gain (id #523). The reference point is in a field that appears fallow in 2020 but cultivated in
2021, which is clearly shown in the high-resolution Google Earth images from October 2020 versus 2021 shown in the second column. In August
2020, the field appears dull green compared to the brighter, uniform green shown in the September 2021 Planet mosaic. The first two columns show
images from Maxar from Google Earth while other columns show Planet Monthly mosaics from Collect Earth Online.
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Figure A.12: Example point labeled as planted cropland gain (id #206). The reference point is in a field that appears fallow in 2020 but cultivated
in 2021. The Google Earth image from June 2021 clearly shows that the field has been prepared for planting, which is also seen in the July 2021
Planet mosaic but not in 2020. The field appears densely green and vegetation in August 2021 but bare in the September 2020 mosaic. The first
column shows an image from Maxar from Google Earth (no high-resolution image was available for 2020) while other columns show Planet Monthly
mosaics from Collect Earth Online.
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Figure A.13: Example point labeled as stable non-crop (id #0). The reference point is in a terraced area that could have been used for agriculture
in prior years, but in 2020 and 2021 appears uncultivated. This can be seen in the high-resolution Google Earth image from November 2021 which
shows patchy vegetation and the Planet Monthly mosaics which do not show signs of land preparation, dense vegetation during the growing period,
or harvesting.
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Appendix B. Sentinel-2 time series of cultivated and fallow fields
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Figure B.14: 12-month time series in each Sentinel-2 input channel for ground-truth plots annotated as cultivated (“Crop”) and fallow with weeds
(“Fallow Weed”) or fallow with no weeds/bare soil (“Fallow None”). Solid lines depict the mean and shaded regions depict the standard deviation
of the time series for all samples in each band.
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Appendix C. Zone-scale confusion matrices
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Figure C.15: Confusion matrices for reference samples

area as recommended in [20]

Map
Stable NP PGain PLoss Stable P

0.65

PGain Stable NP

Reference

0.12

Stable P PLoss

(a) 2020-2021 change map

Reference

Reference

Crop Non-Crop Map

Non-Crop Crop

Non-Crop
Non-Crop

Reference

Crop
Crop

(b) 2020 map (c) 2021 map

and change/annual cropland maps in Southern Tigray, expressed in terms of proportion of

Non-Crop Map Crop Non-Crop Map Crop
Q Q
<] o
Q Q
5 5
=4 8 b=
c
(&)
.
o
=4
o [}
I <
O ]
(b) 2020 map (c) 2021 map

Figure C.16: Confusion matrices for reference samples and change/annual cropland maps in Central Tigray, expressed in terms of proportion of area

as recommended in [20]
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Figure C.17: Confusion matrices for reference samples and change/annual cropland maps in Western Tigray, expressed in terms of proportion of
area as recommended in [20]
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Figure C.18: Confusion matrices for reference samples and change/annual cropland maps in Eastern Tigray, expressed in terms of proportion of area
as recommended in [20]
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Figure C.19: Confusion matrices for reference samples and change/annual cropland maps in North Western Tigray, expressed in terms of proportion
of area as recommended in [20]
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Appendix D. Zone-scale change map accuracy

| Metric | Precision (UA) | Recall (PA) | True Positive Rate | False Positive Rate |
Stable cropland 042 +0.14 0.44 +0.10 0.32 0.11
Stable non-crop 0.83 £ 0.05 0.75 £ 0.04 0.72 0.38
Cropland gain 0.18 +0.12 025 +£0.16 0.33 0.10
Cropland loss 0.10 +£0.09 0.27 £0.25 0.44 0.11

Table D.7: Accuracy metrics for four-class cropland change reference sample in Southern zone of Tigray. Overall accuracy is 0.65 + 0.04. Legend:
UA = User’s Accuracy, PA =

Producer’s Accuracy.

| Metric | Precision (UA) | Recall (PA) | True Positive Rate | False Positive Rate
Stable cropland 0.56 + 0.19 0.32 £ 0.09 0.22 0.05
Stable non-crop 0.82 +0.05 0.87 +0.03 0.81 0.46
Cropland gain 0.13+£0.11 0.30 £ 0.27 0.56 0.11
Cropland loss 0.22 +£0.17 0.56 + 0.39 0.71 0.06

Table D.8: Accuracy metrics for four-class cropland change reference sample in Central zone of Tigray. Overall accuracy is 0.73 + 0.05. Legend:
UA = User’s Accuracy, PA =

Producer’s Accuracy.

| Metric | Precision (UA) | Recall (PA) | True Positive Rate | False Positive Rate |
Stable cropland 0.64 +0.13 0.83 +0.08 0.69 0.12
Stable non-crop 0.91 £ 0.07 0.59 £ 0.05 0.41 0.11
Cropland gain 0.08 £ 0.08 0.29 £ 0.36 0.60 0.18
Cropland loss 0.00 + 0.00 0.00 £ 0.00 0.00 0.23

Table D.9: Accuracy metrics for four-class cropland change reference sample in Western zone of Tigray. Overall accuracy is 0.66 + 0.06. Legend:
UA = User’s Accuracy, PA =

Producer’s Accuracy.
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| Metric

| Precision (UA) | Recall (PA) | True Positive Rate | False Positive Rate

Stable cropland 0.43+0.21 0.28 £ 0.13 0.30 0.09
Stable non-crop 0.85 £0.07 0.87 £0.03 0.79 0.34
Cropland gain 0.36 £ 0.21 0.57 +£0.31 0.73 0.09
Cropland loss 0.07 £0.14 0.11+£0.21 0.17 0.08

Table D.10: Accuracy metrics for four-class cropland change reference sample in Eastern zone of Tigray. Overall accuracy is 0.74 + 0.06. Legend:

UA = User’s Accuracy, PA = Producer’s Accuracy.

| Metric | Precision (UA) | Recall (PA) | True Positive Rate | False Positive Rate |
Stable cropland 0.61 +£0.15 0.39 +0.09 0.39 0.08
Stable non-crop 0.84 + 0.06 0.82 +£0.03 0.69 0.34
Cropland gain 0.19 +£0.15 0.61 £0.34 0.62 0.08
Cropland loss 0.02 + 0.04 0.18 £0.35 0.33 0.16

Table D.11: Accuracy metrics for four-class cropland change reference sample in North Western zone of Tigray. Overall accuracy is 0.71 + 0.05.
Legend: UA = User’s Accuracy, PA = Producer’s Accuracy.
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Appendix E. Conflict buffer confusion matrices
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Figure E.20: Confusion matrices for reference samples and change maps inside and outside Skm conflict event buffer, expressed in terms of
proportion of area as recommended in [20]
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Appendix F. Conflict buffer change map accuracy

| Metric | Precision (UA) | Recall (PA) | True Positive Rate | False Positive Rate |
Stable cropland 0.74 £ 0.13 0.66 +0.11 0.55 0.07
Stable non-crop 0.92 + 0.06 0.83 £ 0.04 0.63 0.10
Cropland gain 0.30 £ 0.14 0.75 £0.30 0.87 0.15
Cropland loss 0.11 +£0.10 0.52 £0.45 0.67 0.15

Table F.12: Accuracy metrics for four-class cropland change reference sample inside Skm buffer of conflict events in Tigray. Overall accuracy is

0.78 + 0.05. Legend: UA = User’s Accuracy, PA = Producer’s Accuracy.

| Metric | Precision (UA) | Recall (PA) | True Positive Rate | False Positive Rate
Stable cropland 0.66 + 0.10 0.68 + 0.07 0.51 0.06
Stable non-crop 0.93 +0.03 0.80+0.02 0.65 0.15
Cropland gain 0.13 £0.07 0.43 £0.25 0.67 0.14
Cropland loss 0.07 = 0.05 0.66 +0.47 0.88 0.15

Table F.13: Accuracy metrics for four-class cropland change reference sample outside Skm buffer of conflict events in Tigray. Overall accuracy is

0.77 £ 0.03. Legend: UA = User’s Accuracy, PA = Producer’s Accuracy.
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Appendix G. Effect of sample size on conflict buffer estimates

Since the reference sample size for the area inside the conflict buffer (n = 219) was smaller than the sample size
for the area outside the conflict buffer (n = 582), it is possible that the higher upper bound of loss in the conflict buffer
reported in Table 6 is due to a relatively smaller sample size. To test this, we performed an experiment to estimate
the cropland loss area outside the conflict buffer with a smaller sample size equal to that of the conflict buffer. We
randomly sub-sampled 219 points from the non-conflict 582 reference samples, then calculated the cropland loss area
and CI using this sample. We repeated this 10 times using different random seeds, since the result may vary depending
on the samples drawn. We calculated the median and mean cropland loss area and CI over all random seeds. We report

the results in Table G.14.

Table G.14: Cropland loss area, overall accuracy (OA), user’s accuracy (UA), and producer’s accuracy (PA) for random subsets of size n = 219 from
reference sample in region outside of the 5 km conflict buffer.

Seed Cropland loss area (kha) \ OA UA PA
1 26 + 28 0.74 +0.05 | 0.10+0.11 | 1.00 = 0.00
10 54 +61 0.79 £0.05 | 0.10+0.09 | 047 +0.54
100 22 +£43 0.77 £0.05 | 0.00 = 0.00 | 0.00 + 0.00
1000 21 +23 0.76 £ 0.05 | 0.08 = 0.09 | 1.00 + 0.00
10000 41 +48 0.77 £ 0.05 | 0.08 £ 0.08 | 0.47 £ 0.56
100000 33 +27 0.77+£0.05 | 0.13+0.11 | 1.00 = 0.00
2 15+20 0.75 +0.05 | 0.06 =0.08 | 1.00 +0.00
20 28 £ 27 0.76 £0.05 | 0.11 £0.10 | 1.00 £ 0.00
200 5170 0.73 £0.05 | 0.07 £0.07 | 0.33 £0.50
2000 29 + 27 0.78 £0.05 | 0.11 =0.11 | 1.00 = 0.00

Median 29 + 28 - - -

Mean 32 + 37 - - -

\ Cropland loss area (kha) \ Percentage of total area

Inside buffer (n=219)

Outside buffer (n=582)

Outside buffer (n=219, median)

Outside buffer (n=219, mean)

19 = 17
28 £ 23
29 + 28
32 +37

0-3%
0-1%
0-1%
0-2%

Table G.15: Comparison of cropland loss area estimates inside and outside the 5 km conflict buffer for full sample sizes (reported in Table 6) and

equal sample sizes.
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