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A B S T R A C T

Drought presents signi1cant challenges to agriculture, threatening food security and livelihoods, across many 
regions. In Kenya, recurrent droughts across diverse agro-ecological zones emphasize the urgent need for reliable 
and scalable drought assessment methods. Although drought assessment with various datasets has been carried 
out for this region, many of them often use course or moderate resolution data. This study uses high-resolution 
Sentinel-2 observations and machine learning to monitor intra-seasonal crop conditions and assess drought 
impacts across bimodal growing seasons. Using pixel-based supervised random forest models trained with 
multiple vegetation indices as input, we classify croplands into drought-affected and unaffected areas. The 
phenology information is integrated into the framework to take into account two growing seasons. Our results 
from 2016 to 2022 highlight an increasing frequency in drought-affected croplands, with 2022 exhibiting 
widespread crop stress, especially during the long rains season. The results have strong agreement to govern
mental yield statistics and national and international reports as well as regional and global drought monitoring 
platforms. Despite uncertainties from cloud cover, land cover misclassi1cation, and other stressors, the proposed 
framework provides high-resolution and operationally relevant agricultural drought monitoring approach with 
high resolution at national scale. Future enhancements, including radar-based data integration and real-time 
monitoring and prediction, can further strengthen early warning systems, supporting policymakers in devel
oping targeted drought mitigation strategies.

1. Introduction

Drought, a prolonged period of abnormally low rainfall or water 
shortage, stands as one of the most signi1cant environmental challenges 
facing agricultural systems globally. It signi1cantly affects food pro
duction, ecosystem health, and overall sustainability (The Core Writing 
Team IPCC, 2015). According to the Intergovernmental Panel on 

Climate Change (IPCC), the frequency and severity of droughts are set to 
increase globally due to climate change, with notable increases already 
observed in recent decades. Persistent droughts can alter ecosystem 
functions, diminishing ecological productivity and the ability of envi
ronments to support diverse life forms (Owrangi et al., 2011; IPCC. 
Summary for Policymakers., 2013; The Core Writing Team IPCC, 2015).

Agriculture is one of the most affected sectors by drought (FAO, 
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2023). Globally, droughts reduce cereal yields by about 9–10% on 
average (Lesk et al., 2016), and the sensitivity to drought is projected to 
increase under future climate conditions (Leng and Hall, 2019). In East 
Africa, countries such as Ethiopia, Somalia, and Kenya experience 
frequent and prolonged droughts, resulting in considerable agricultural 
losses and widespread water scarcity (Gebremeskel et al., 2019; Joint 
Research Centre, 2022). Kenya has continued to experience increased 
vulnerability to droughts and other extreme climate change induced/ 
related events. Droughts have reduced in their span of occurrence from 
10 to 20 years in the 20th century to 1–2 years in the present century 
(Rhee et al., 2010; Ghazaryan et al., 2020a; Lam et al., 2023).

Monitoring drought hazards and impact is highly critical due to the 
widespread effects of drought on various sectors of the agro-ecological 
system. In general, drought drastically inGuence growth, yield, and 
resistance to pests and disease, along with restrictions on irrigation 
water use (Ghazaryan et al., 2020b; Haile et al., 2020; Santini et al., 
2022; Vicente-Serrano et al., 2022).

Monitoring drought effects on croplands (e.g., growth and yield) may 
help to alleviate the drought effects in agriculture and overcome adop
ted challenges to 1nally mitigate the impacts of agricultural drought. 
Considering the effects of drought on biophysical and chemical prop
erties of soils and plants (e.g., soil moisture, organic matter content, 
vegetation biomass, chlorophyll content, canopy cover, and soil tem
perature), monitoring technologies like remote sensing can effectively 
develop agricultural drought mapping by 1lling data gaps using 
consistent archive of satellite images and up to daily datasets that are 
freely available (Anjum et al., 2011; Hazaymeh and K. Hassan, 2016; 
Ghazaryan et al., 2020b; Camps-Valls et al., 2025).

Earth Observation (EO) data enable effective agricultural drought 
monitoring by providing extensive spatial coverage and continuous data 
availability. Remote sensing-based drought indices can effectively cap
ture the onset, severity, and duration of drought conditions, aiding in the 
assessment and response strategies (Ghazaryan et al., 2020b). In recent 
years, numerous studies have utilized EO data for assessing drought 
impacts, though only a limited number have employed high resolution 
EO data for monitoring purposes. The majority of research has relied on 
moderate resolution data, such as MODIS (Schwarz et al., 2020).

Vegetation-related drought indices, like the Vegetation Condition 
Index (VCI) and Vegetation Health Index (VHI) derived from the 
Normalized Difference Vegetation Index (NDVI), are particularly useful 
for agricultural drought monitoring (Rojas et al., 2011). Ghazaryan et al. 
(2020b) examined several MODIS-based indices for detecting drought 
impacts on crop production, 1nding that the Evaporative Stress Index 
(ESI) and Land Surface Temperature (LST) indicated more severe 
drought conditions than NDVI. Since a single factor like vegetation 
growth does not offer a complete view of drought conditions, new 
indices integrating multiple factors with traditional meteorological 
datasets have been developed, such as Scaled Drought Condition Index 
(SDCI) (Rhee et al., 2010) and Synthesized Drought Index (SDI) (Du 
et al., 2013).

Regional droughts have been examined using multi-source remote 
sensing data, with studies employing MODIS NDVI, EVI, and TRMM data 
through deep learning models (Shen et al., 2019), developing composite 
indices combining SPI and VHI (Monteleone et al., 2020), and proposing 
new drought indices such as Soil Moisture Drought Index (HSMDI) (Park 
et al., 2017) and GBMDI (Zhang et al., 2022). Recent high-resolution 
monitoring efforts leverage Sentinel-2 and 1eld survey data for local 
to regional drought assessment (Ghazaryan et al., 2020a; Kowalski et al., 
2023). Descals et al. (2025) integrated Sentinel-2 phenology metrics 
with 1eld data to successfully detect total crop losses in winter cereals, 
demonstrating the value of high-resolution EO data for rapid drought 
impact assessments.

Despite extensive research on drought monitoring, gaps persist in 
operationally relevant applications. Most studies rely on moderate res
olution sensors such as MODIS, constraining assessments to landscape 
rather than 1eld scales. Additionally, approaches that account for agro- 

ecological heterogeneity through spatially strati1ed modeling remain 
limited. Finally, multi-year, high resolution drought monitoring prod
ucts with integrated quality information are largely absent at national 
scales.

To address these limitations, this study develops a phenology- 
informed, high-resolution drought impact monitoring framework. By 
integrating vegetation indices derived from Sentinel-2 with crop- 
calendar information and agro-ecological zone (AEZ) strati1cation, we 
train pixel-based Random Forest classi1ers to distinguish drought- 
affected and unaffected croplands separately for the long and short 
rains seasons.

The speci1c objectives of this work are to (i) generate national-scale 
seasonal crop condition maps at 20 m resolution that capture intra- 
seasonal drought impacts across bimodal growing seasons of Kenya, 
and (ii) validate the resulting drought-affected cropland patterns using 
independent evidence from sub-county maize yield statistics, NDMA 
drought reports, and hydroclimatic anomalies derived from SPEI. The 
proposed framework provides an operationally relevant advancement in 
agricultural drought monitoring by enabling scalable, 1eld-level 
drought impact assessment, supporting early warning systems and tar
geted drought risk management interventions across Kenya.

2. Study area

The present study covers Kenya located in the East Africa region. The 
area of Kenya is approximately 580,367 km2, with approximately 2% of 
its landmass covered by water. Of the total land area, 18% of the land 
has medium to high potential for agricultural use. Kenya is divided into 
seven major Agro-Ecological Zones (AEZ), which are characterized 
based on soil and climatic conditions (Fig. 1). The climate is moderated 
largely by the varying topography, and the inGuence of the Indian Ocean 
and Lake Victoria. The average temperature across the country varies 
between 15 ◦C and 35 ◦C within a year. Total annual precipitation 
ranges from 200 mm to 2200 mm. The rainfall pattern is bimodal with 
long rains experienced between March and June, and short rains be
tween October and December.

Agriculture is the backbone of the economy in Kenya and relies 
mostly on rainfall, while irrigated agriculture constitutes only 2.4% of 
the cultivated land in Kenya (FAO, 2015). Subsistence crops such as 
maize, beans, and sorghum are grown predominantly on small farm 
(typically under 2 ha), largely under the smallholder farming systems. 
Cash crops such as tea, cotton, sugarcane, and coffee are grown on large 
farm sizes.

Kenya has recorded 28 major droughts in the last 100 years, with 
frequencies increasing in the recent decades (Huho and Mugalavai, 
2010), and has experienced frequent droughts in the recent past (see 
Fig. 2). Notable severe droughts since the 1980s include the 1983–1984 
event with up to 75% rainfall de1ciency that devastated staple crop 
production (Shisanya, 1990), the 1999–2000 drought considered among 
the worst on record, and the 2004–2006 drought that affected even 
typically high-potential regions and pushed nearly 3 million people into 
food crisis (Kandji, 2006). More recent droughts in 2008–2009, 
2016–2017, and 2020–2022 have continued this trend of increasing 
vulnerability (Muller, 2014; CDKN Global, 2017; D'Ercole et al., 2024).

To highlight the drought condition in Kenya, Fig. 2 shows the con
ditions in the recent years based on the time series of Standardized 
Precipitation-Evapotranspiration Index (SPEI) and precipitation pat
terns in Kenya from 2016 to 2022 using ERA5-Land monthly aggregated 
dataset.

3. Data

3.1. Earth observation data

Sentinel 2 data and spectral indices or vegetation indices (VIs) 
derived from it were selected as the main input data for crop condition 
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assessment. Sentinel-2 data offers multispectral information at 10–60 m 
spatial resolution, enabling the exploitation of VIs for at least every 5 
days (ESA, 2015). Sentinel-2 Level-2 A (L2A) data were used and in
formation available in Scene Classi1cation (SCL) band was used to mask 
pixels affected by clouds and cloud shadows (ESA, 2024).

3.2. Additional data

Several additional datasets were integrated into the framework. Land 
cover information from ESA WorldCover V.2 has been used as a mask to 
retain only cropland pixels. This map provides a global land cover map 
at 10-m spatial resolution based on Sentinel−1 and -2 data.

As the cropping systems in Kenya are characterized with a bimodal 
growing season pattern, information on phenology was also integrated 
in the framework based on datasets obtained from two sources. First, a 
survey-based crop growth stage information was provided by Ministry of 
Agriculture of Kenya. Speci1cally, information on long and short rains 
was provided based on timing of planting, vegetative-productive, 
ripening-harvest, and end of harvest. Secondly, the WaPOR Phenology 
dataset (Muller, 2014) was used to acquire the pixel-based phenology 
information at dekadal temporal scale (10-days period), determined by 
Van Hoolst et al. (2016) methodology using a three-year NDVI time 
series. Thus, the growing seasons of croplands have been identi1ed 
based on the above-mentioned sources to two seasons: long rains season 
and short rains season.

The SPEI derived from ERA5-Land monthly precipitation and po
tential evapotranspiration was included as an additional indicator of 
water balance anomalies. Information from the NDMA was also incor
porated for validation and interpretation, providing detailed observa
tions on rainfall, vegetation condition, water and pasture availability, 
food security status and livestock impacts. Finally, maize yield data 
provided by the Ministry of Agriculture were used to evaluate the con
sistency between remote-sensing-based drought signals and observed 
production outcomes.

4. Methodology

Our proposed workGow for crop condition assessment is based on 
vegetation indices of Sentinel-2 images as input to the random forest 

model for performing the binary classi1cation for seasonal mapping of 
crop conditions in Kenya. The process consists of model training on AEZ 
and growing seasons independently due to heterogeneity across the 
study area. Fig. 3 illustrates the scheme of proposed methodology.

4.1. Growing season strati-cation and identi-cation

Accurate distinction of the two main cropping seasons in Kenya was 
essential for analyzing drought impacts. Growing season boundaries 
were identi1ed using phenological metrics rather than 1xed calendar 
dates. The start, peak, and end of each season were determined from the 
WaPOR phenology dataset (Fig. 4) and crop growth stage information 
provided by Ministry of Agriculture of Kenya (Table 1).

The resulting seasonal masks allowed Sentinel-2 time series to be 
divided into long and short rains periods, ensuring that vegetation index 
anomalies were interpreted within the correct growth cycle. This strat
i1cation provided the temporal basis for training and applying the 
classi1cation models separately for each season and AEZ.

4.2. Crop condition indicators and machine learning based classi-cation

Sentinel-2 L2A (surface reGectance) images have been used to 
generate four VIs, including Normalized Difference Vegetation Index 
(NDVI), Normalized Difference Moisture Index (NDMI), Normalized 
Difference Red Edge (NDRE), and Green Normalized Difference Vege
tation Index (GNDVI). The VIs were calculated from monthly median 
and maximum composites of preprocessed Sentinel-2 data. The com
posites were needed due to cloud cover impact on the individual ob
servations and ensured continuous coverage of data across Kenya.

The computed growing season are the input to random forest model, 
for a binary classi1cation. Two groups of time series were categorized by 
identifying local temporal anomalies. The 1ltering of time series stands 
for distinguishing time series that abnormally have low VIs values 
during the growing seasons. The occurred deviations indicate the 
changes compared to undistributed phenology. Consequently, two 
classes of labels are supervised based on drought unaffected and affected 
VIs time series.

Based on historical agricultural drought information, VIs time series 
from two years of 2018 and 2021 were selected for learning step of 

Fig. 1. Geographic representation of agricultural landscapes in Kenya. Fig. 1a the top map (a) displays the Agro-ecological zones (AEZ) of Kenya, provided by the 
Regional Centre for Mapping of Resources and Development (RCMRD). Fig. 1b illustrates the distribution of active cropland 1elds across Kenya, extracted from the 
high-resolution ESA WorldCover V.2 product.
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machine learning models, representing examples of non-drought and 
drought conditions. Based on this information, over agricultural areas 
labels were generated with drought and non-drought conditions. Four
teen independent models were trained per season and AEZ, one for each 
combination of seven AEZs and two growing seasons. AEZ-based ML 
model training helps mitigate the inGuence of administrative borders by 
decomposing spatial heterogeneity using relevant environmental data. 
This approach, increasingly adopted through AEZs and landforms, en
hances the performance of ML models in heterogeneous landscapes 
(Khechba et al., 2024, 2025). Additionally, it provides a structured 
framework for balancing global and regional model performance, 
ensuring localized adaptability and optimizing predictive accuracy 
across diverse regions. For each model, the 70:30 train-test input data 
ratio was chosen to generate classi1ers for predicting the most accurate 
class label (More details in Appendix). The trained models were later 
evaluated using the test data by confusion matrix and overall accuracy. 
The trained models predict crop condition maps of target years for two 
seasons and seven AEZ. In this work, crop condition maps of seven AEZ 
and two growing seasons were generated for the years 2016–2022.

4.3. Quality map

Quality maps were produced to present data reliability across 
different regions. The goal is to supply a visual and quanti1able repre
sentation of data reliability across different regions. To do so, a set of 
thresholds were established based on the probability estimations 
derived from random forest models predictions per pixel and corre
sponding number of Sentinel-2 Clear Sky Observations (CSOs). This 
approach can represent areas with potentially less reliable data, attrib
utable to fewer clear observations or lower probability scores from 
random forest models.

The reliability of the classi1cation was evaluated using a three-level 
quality map that integrates the random forest class probability with the 
number of valid CSOs during the growing season. Pixels with proba
bilities above 0.80 and more than 25 valid observations were considered 
high quality, those with probabilities between 0.50 and 0.80 and more 
than 25 valid observations were considered medium quality, and all 
remaining valid pixels were labeled low quality. The thresholds were 
empirically selected after testing different combinations to ensure 
spatial consistency and stable classi1cation performance across regions 
with varying cloud conditions. This approach is conceptually aligned 

Fig. 2. Time series of drought condition and precipitation patterns in Kenya from January 2016 to December 2022. (a) The 12-month Standardized Precipitation- 
Evapotranspiration Index (SPEI) illustrates the severity of dry (red bars) and wet (blue bars) periods relative to the long-term average. (b) Annual cumulative 
precipitation curves show the progression of rainfall throughout each year, allowing for inter-annual comparison. (For interpretation of the references to colour in 
this 1gure legend, the reader is referred to the web version of this article.)
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with previous work, which emphasizes the importance of per pixel in
dicators of con1dence or predicted accuracy (Khatami et al., 2017). 
While the speci1c implementation differs, the underlying objective of 
communicating spatial variation in map reliability is consistent with 
quality assurance and quality control recommendations (Szantoi et al., 
2021; Tyukavina et al., 2025).

4.4. Validation

In addition to the performance assessment of random forest models 
and derivation of metrics such as overall accuracy, the outcomes of crop 
condition mapping have been compared to other products (indirect 
validation) and evaluated by users (user-based validation) (De Vos et al., 
2025) to enable evaluation across broader areas and/or longer time 
frames. For the indirect validation scope, maize yields and NDMA re
ports have been utilized to relatively evaluate their discrepancies with 
classi1cation outputs by intercomparison temporal and spatial consis
tency. Furthermore, user-based validation involves consolidating the 
feedback and evaluations from end-users (domestic users mainly) on the 
crop condition maps to identify potential discrepancies, assess the 
practicality of the data, and enhance its overall usefulness.

5. Results

5.1. Seasonal crop condition mapping

The crop condition outputs show the spatial characteristics of crop
lands affected by drought at a national scale. The maps are attributed to 
two supervised classes of croplands, namely unaffected pixels and 
drought-affected pixels. Hence, for each year, two sets of classi1cations 
were mapped, including long rains season (season 1) (Fig. 5) and short 
rains season (season 2) (Fig. 6). Fig. 5 shows long rains season maps 
indicating the effect of drought in different years. The maps show sig
ni1cant variation in drought conditions. In 2018 and 2020, the long 
rains season experienced less severe drought, with relatively fewer 

cropland areas being classi1ed as affected (indicated by red pixels). In 
contrast, the 2022 map shows widespread drought stress, with a sub
stantial increase in the number of affected cropland pixels.

Fig. 7 indicates the affected area of croplands by drought over 7 years 
across two growing seasons. Year 2018 experienced the minimum effect 
of drought, particularly the long rains season, after substantial drought 
impacts in 2016 and 2017. Although short rains season in 2020 saw an 
improvement, the long rains remained more impacted, showing signs of 
continuing stress on crops. The sharp increase during both seasons 
started in 2021, and nearly 90% of croplands were affected during the 
long rains season of 2022. Long rains seasons showed more severe im
pacts than the short rains, except in 2018, followed by an increasing 
trend in both seasons.

The combined analysis of satellite-derived drought indicators and 
reported impacts highlights interannual and seasonal variability in 
drought impact. The proportion of croplands with drought impact was 
particularly high during the Long Rains seasons, which aligns with 
negative SPEI anomalies. The Short Rains of 2021 and 2022 also show 
increased areas under stress, consistent with reports of crop failure and 
declining livestock conditions. These outcomes demonstrate that 
extreme drought years are simultaneously captured in biophysical in
dicators and in the socioeconomic outcomes reported by national 
authorities.

5.2. Model performance and validation

Fig. 8 shows the performance evaluation of trained models charac
terized by tuned parameters over test datasets. Random Forest models 
achieved overall accuracies ranging from 65% to 85%, varying by sea
son and AEZ (Fig. 8). Models for high potential agricultural zones (AEZs 
1 to 3) generally showed higher accuracy than those for ASAL regions 
(AEZs 5 to 7), reGecting greater training sample availability and more 
consistent vegetation signals in higher productivity areas.

Quality maps complement crop condition outputs by indicating data 
reliability (Fig. 9). Central and coastal regions generally show higher 

Fig. 3. Methodological workGow for generating a seasonal crop condition map and associated quality map. The process begins with the preprocessing of Sentinel-2 
satellite imagery and phenology data, followed by season-based strati1cation and temporal 1ltering. AEZ based Random Forest models are then applied to produce 
the seasonal crop condition map.
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data quality, while areas with persistent cloud cover show reduced 
reliability. As shown in the right panel of Fig. 9, the quality map cate
gorizes regions using a value range from 1 to 3, where 3 indicates the 

highest data quality. This classi1cation helps distinguish between areas 
with suf1cient Sentinel-2 images and high model con1dence (in green), 
and areas where fewer observations or lower con1dence levels suggest 

Fig. 4. WaPOR phenology (FAO, 2024) in the study area for long rain season illustrates for 2018 a) start, b) maximum and c) end of the season and d) aggregated 
information on both long and short rain seasons.

Table 1 
Growing stages of Maize in Busia county in two seasons of long and short rains, provided by ministry of agri
culture.

Season Crop Stage Jan. Feb. Mar. Apr. May Jun. Jul. Aug. Sep. Oct. Nov. Dec.

Long

Rains

Out of Season

Planting

Vegetative-reproductive

Ripening-harvest

End of harvest

Short

Rains

Out of Season

Planting

Vegetative-reproductive

Ripening-harvest

End of harvest
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reduced reliability (in light green and red). For instance, the central and 
coastal regions of Kenya have higher data quality, while the regions with 
yellow or grey pixels highlight areas where the results are less reliable 
due to factors like persistent cloud cover or lower model prediction 
con1dence.

6. Discussion

6.1. Interannual trends and spatiotemporal patterns of drought condition

The results demonstrate that integrating high-resolution Sentinel-2 
observations with phenological information enables detailed detection 
of drought impacts across Kenya. The derived crop condition maps 
reveal strong spatial and temporal variability between seasons and 
years, reGecting the inGuence of both climatic and regional factors. 
When compared with NDMA drought records, maize yield data, and the 
ERA5-Land based SPEI, the patterns of vegetation stress show consistent 
agreement with independently reported drought events. The NDMA 
reports provide qualitative and quantitative information on drought 
occurrences and other indicators, such as the expenditure on droughts 
and efforts channeled towards drought mitigation responses in various 
sectors. An additional advantage of the reports is that they are published 
annually, enabling a complete series of information for evaluating crop 
condition products.

The crop condition maps derived in this work reveal that 2018 was 
characterized by comparatively non-drought conditions, which also 
applied to most of the ASAL areas. However, the 2019 seasonal condi
tion analysis revealed drought effects in most parts of the country. The 
assessed conditions are also in line with the NDMA reports showing 
widespread hydrological droughts which led to vegetation de1cit in 11 
ASAL counties (NDMA, 2019). The 2019 crop condition map revealed 
more severe drought conditions, particularly, the southeastern and 

northeastern counties and the central-northern region encompassing 
Laikipia and Meru counties. The 1ndings are also in line with other 
studies in the region that showed water scarcity situations across the 
country (Njogu, 2022; Lam et al., 2023).

The crop condition outcomes for 2020 revealed improved conditions 
relative to the 2019 period. Most of the counties in the ASAL regions 
recorded improved conditions. Furthermore, some counties, including 
Makueni, Kitui, Tana River, Meru, and Narok Counties, realized 
improved vegetation conditions, aligned with the NDMA report for the 
2019–2020 (NDMA, 2019, 2020). The generated maps have high 
agreement when assessing 2022 drought, which based on classi1cation 
output had the highest area affected and according to literature was the 
most severe in four decades, following four consecutive failed rainy 
seasons that resulted in cumulative rainfall (NDMA, 2019, 2020, 2021, 
2022; FAO, 2024).

The 2021 crop condition products revealed that the year was marked 
by marginal conditions, with most counties affected, including ASAL, 
Nyandarua, and Nakuru counties. The poor conditions were also 
captured in the NDMA annual report due to the poor performance of 
October to December 2020 short rains and March to May 2021 long 
rains (NDMA, 2021). In addition, the period recorded the highest pop
ulation (2.1 million people) in dire need of food assistance. The crop 
condition maps for 2022 indicated a continuation of the drought situa
tion in Kitui, Makueni, Kwale, Lamu, Tana River, Kili1, Kajiado and 
Narok counties, remained relatively the same in terms of drought pat
terns. The reports from NDMA corroborate the analyzed crop condition 
products, with statistics showing a worsening drought situation and an 
increased population of up to 3.5 million with a high level of acute food 
insecurity by February (NDMA, 2022).

In addition to the NDMA reports, we also utilized maize yield data 
provided by the Ministry of Agriculture, Livestock and Development in 
Kenya. Maize productivity at the sub-county level was compared with 

Fig. 5. Spatial distribution of crop conditions across Kenya 2018–2022 long rains seasons. The maps differentiate between unaffected croplands (green) and affected 
croplands (red) by drought. (For interpretation of the references to colour in this 1gure legend, the reader is referred to the web version of this article.)
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the crop condition maps, as maize coverage in Kenya is expansive and 
produced by over 37 counties out of the total 47 counties.

Analysis of maize yields from 2017 to 2021 reveals intensifying 
drought impacts over time, with distinct patterns between the bimodal 

rainfall seasons (Fig. 10). In 2018, the long rains experienced relatively 
mild drought, reGected in the highest yield of 1.80 tons/ha. This agrees 
with the crop condition mapping outcomes, indicating minimal drought 
impact during 2018. Conversely, years like 2021, which experienced an 

Fig. 6. Spatial distribution of crop conditions across Kenya 2018–2022 short rains seasons. The maps differentiate between unaffected croplands (green) and affected 
croplands (red) by drought. (For interpretation of the references to colour in this 1gure legend, the reader is referred to the web version of this article.)

Fig. 7. Drought-affected cropland area in Kenya during 2016–2022, expressed as the percentage of pixels classi1ed as stressed during the Long Rains (blue line) and 
Short Rains (green line). The dashed line shows the percentage of cropland months with SPEI < −1, indicating meteorological drought severity. Symbols above the 
panel mark drought impacts reported by NDMA. (For interpretation of the references to colour in this 1gure legend, the reader is referred to the web version of 
this article.)
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intensi1cation of drought stress as indicated by the crop condition 
mapping, recorded a signi1cant decline in yields and around 0.42 tons 
decrease from 2018. The Z-score for 2021 aligns with the increasing 
drought-affected cropland coverage observed in the results. The short 
rains season presents a sharper decline in yields over the same period, 
with an average yield of 0.97 tons/ha. The Z-score of −1.10 in 2021 
emphasizes the worsening drought conditions indicated in the crop 
condition maps.

These trends reveal critical insights into agricultural planning and 
food security, highlighting the broader trend of increasing drought in
tensity and its effects on maize yields in both seasons. First, drought 
intensity has clearly escalated over the study period, with 2021 showing 
the most severe impacts across both seasons. Second, the variance in 
average yields between the long and short rains seasons underscores the 

differential impact of drought timing and severity. While the long rains 
season tends to yield higher productivity, it also shows a decline 
regarding prolonged drought periods. The short rains season demon
strates higher climatic vulnerability than the long rains, likely due to its 
critical timing in crop development and greater sensitivity to rainfall 
variability. Third, differential effects across AEZs suggest that drought 
impacts are not uniform, necessitating zone-speci1c adaptation strate
gies. The strong correspondence between remote sensing-derived crop 
conditions, NDMA reports, and yield data con1rms that satellite-based 
monitoring can provide timely early warning information to support 
drought preparedness and response planning in rainfed agricultural 
systems.

Fig. 8. Overall accuracy (in percentage) of drought impact assessment models across different AEZ in Kenya, comparing performance during the long rains season 
(blue) and short rains season (green). (For interpretation of the references to colour in this 1gure legend, the reader is referred to the web version of this article.)

Fig. 9. Crop condition map (left) showing unaffected (green) and affected (red) areas, alongside its complementary quality map (right) for the 2019 long rains season 
in Kenya. The quality map categorizes data reliability from 1 (lowest) to 3 (highest). (For interpretation of the references to colour in this 1gure legend, the reader is 
referred to the web version of this article.)
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6.2. Limitations and outlook

The Guctuations in crop conditions and yields can be due to factors 
unrelated to drought, such as variations in farming practices, including 
irrigation methods not captured in statistical data, and the use of fer
tilizers. Additionally, changes in crop conditions can be inGuenced by 
other variables like plant diseases. Furthermore, uncertainties in crop
land masks can also impact the crop condition output. Misclassi1ed 
pixels (i.e., a road pixel wrongly classi1ed as cropland) cause misin
formation in training the classi1er. Another signi1cant challenge is the 
inherent variability in agricultural land cover, which can undergo sub
stantial changes within short periods. Indeed, VIs of a non-cropland 
pixel do not provide an actual time series of a crop growing stages. 
Although 1ltering of the time series was applied, still some non- 
representative VIs time series may affect model training; 1nally, inGu
encing the mapping accuracy.

The limitations of crop condition mapping can be categorized into 
two main aspects limitations caused by data availability, such as cloud 
free Sentinel-2 images and cropland maps, and varying on-site condi
tions, such as other biotic and abiotic stressors. Due to the characteristics 
of Sentinel-2 images, such as temporal coverage and weather conditions 
in the study area, the availability of Sentinel-2 images can vary. The lack 
of clear sky observations can cause missing values in time series. 
Although monthly mosaics have signi1cantly improved the data gaps, 
due to consecutive cloudy days there are still missing values over some 
cropland pixels. While remote sensing-based methods can identify 
changes indicative of drought, distinguishing these from other causes of 
variability in crop conditions remains a complex task, often leading to 
uncertainties in accurately estimating the impact and timing of 
droughts. Speci1cally, The Fall Armyworm, 1rst observed in 2016, has 
threatened maize crops across the country, causing substantial yield 
losses and economic impacts (De Groote et al., 2020). Simultaneously, 
Kenya experienced its worst desert locust invasion in 70 years, starting 

in December 2019 (Wang et al., 2021). This invasion, which spread to 28 
counties, devastated crops and vegetation, exacerbating food security 
concerns. This complexity underscores the need for a well-established 
approach in interpreting remote sensing outcomes, considering the 
multitude of factors that can affect agricultural land cover. These results 
emphasize the need for targeted interventions to enhance the resilience 
of crop production systems of Kenya. Strategies such as improved water 
management, drought-tolerant crop varieties, and adaptive agronomic 
practices can mitigate the adverse effects of drought and stabilize crops 
yields. Moreover, integrating spatially detailed crop condition moni
toring with yield projections can support more effective decision- 
making and resource allocation in agricultural planning.

Beyond the limitation, this study demonstrates notable advance
ments in drought monitoring and agricultural risk assessment using 
high-resolution (20-m) crop condition maps at a national scale over 
seven years and two growing seasons. By providing detailed and 1eld- 
level insights, the proposed approach addresses gaps in past studies 
that relied on moderate-resolution data, enabling precise identi1cation 
of drought-affected areas and tailoring interventions to local needs. The 
comprehensive national-scale monitoring captures regional variations 
across AEZ of Kenya, while the seasonal analysis highlights the distinct 
impacts of drought during long and short rains. Additionally, the tem
poral trends over seven years reveal increasing drought severity, 
emphasizing the urgency for resilience-building measures and can serve 
as input to early warning and food security assessment frameworks 
(Barrett et al., 2020; Krishnamurthy R et al., 2022).

The proposed framework holds signi1cant potential for operational 
applications beyond retrospective analysis. First, the workGow can be 
adapted for near real time monitoring by processing incoming Sentinel-2 
observations on a rolling basis, enabling detection of emerging drought 
conditions within 2 to 3 weeks of image acquisition. This capability 
would support timely early warning and rapid response. Second, the 
outputs can be integrated into existing early warning systems, such as 

Fig. 10. Trends in maize yield productivity and drought-related anomalies (top) and Z-scores (bottom) for long (blue) and short (green) rains seasons from 2017 to 
2021 of Kenya. The upper panel illustrates annual yields (lines) and their deviation from the mean (bars), while the lower panel provides a standardized measure (Z- 
score) of yield variation. (For interpretation of the references to colour in this 1gure legend, the reader is referred to the web version of this article.)
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FEWS NET and NDMA frameworks, to enhance spatial resolution and 
enable 1eld level targeting of interventions. The 20 m products provide 
substantially more spatial detail than currently available moderate 
resolution products, potentially improving precision of food security 
assessments and resource allocation. Third, the methodology demon
strates transferability potential to other East African countries with 
similar bimodal rainfall patterns.

7. Conclusion

This study demonstrates the feasibility and bene1ts of 1eld-scale 
drought monitoring across AEZ of Kenya using high-resolution 
Sentinel-2 observations and machine learning. By stratifying both the 
bimodal growing seasons and distinct agro-ecological contexts, our 
approach captures localized variability in drought effects. The proposed 
framework, driven by VIs successfully identi1es drought-affected areas, 
showing meaningful correlation with governmental yield statistics and 
NDMA reports for most regions and seasons. Results from 2016 to 2022 
highlight an escalation of drought severity over time, with 2018 expe
riencing minimal drought impacts and 2022 exhibiting extensive crop 
stress in both long and short rains seasons. In particular, the long rains 
season of 2022 saw over 90% of croplands affected by drought in some 
AEZ, underscoring the growing vulnerability of agriculture to climate 
extremes. Nevertheless, the method has inherent uncertainties arising 
from persistent cloud cover, other abiotic and biotic stressors, and 
possible land-cover misclassi1cation, which can confound drought sig
nals. Despite these limitations, this study provides operationally rele
vant, high-resolution crop condition maps that can guide drought risk 
management and targeted interventions at national to county scales. 
Future work could re1ne spatiotemporal coverage by incorporating 
radar-based or thermal infrared data, combining in-situ measurements, 
and further integrating metrics (e.g., soil moisture or precipitation 
anomalies) to differentiate drought from other causes of reduced vege
tation. Additionally, coupling these maps with yield forecasting models 
and near-real-time monitoring systems has signi1cant potential to 
improve early warning systems, ultimately enhancing resilience to 
ongoing and future drought hazards.
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