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Abstract

Agricultural expansion is a growing threat to biodiversity in Africa’s protected areas, yet its extent
and future dynamics remain unquantified. Tea cultivation, a major global cash crop and key
livelihood for many low-income countries, has expanded rapidly across the continent, includ-

ing into biodiversity hotspots. Here, we develop a state-of-the-art deep learning model, trained
with a novel dataset across the African continent and reveal that 12% of Africa’s tea plantations

are located within designated protected areas in their totality, irrespective of protection categories,
which are associated with lower biodiversity intactness index values by up to 18% compared to
protected areas. For the future, we predict overall declines in suitable tea growing areas and a fur-
ther expansion into protected areas, with an estimated negative impact on the biodiversity. Because
of the model’s unprecedented high spatial resolution, we are able to provide highly precise spatial
information where tea production currently threatens biodiversity in Africa’s protected areas and
where this will most likely occur in the future. We predict the highest threat for Mt. Kenya (Kenya),
Gebre Dima (Ethiopia), and Rwenzori (Uganda) informing the need for targeted conservation pol-

icy recommendations.

1. Introduction

Tea production sustains the livelihoods of millions
of farmers, as well as farm input industries, fac-
tory employees, transporters, and traders globally
(Xue et al 2013, Su et al 2017). However, also more
than half of the global deforestation for cropland
expansion is attributable to tree crops like tea, oil-
palm, rubber, etc (European Commission 2025). Yet,
reliable, spatially-explicit data on current tea plan-
tations extents and projections of potential future
growing areas are currently not available, for Africa.
Consequently, it is unclear where expansion is cur-
rently occurring within the continent, how this will
change with ongoing climate change, how much pro-
tected areas are and will be affected, and implications
on the conservation of biodiversity. The lack of mon-
itoring and attention to tea production, despite its

© 2026 The Author(s). Published by IOP Publishing Ltd

expansion as reported among other commodity crops
(Ordway et al 2017), poses a biodiversity risk that
is hard to quantify for the lack of spatially explicit
data, particularly in Africa where the crop is known
to overlap strongly with biodiversity hot-spots (Xue
et al 2013, Su et al 2017, Prokop 2018).

Tea production in Africa is predominantly con-
fined to high-altitude regions (>1500 m above
sea level) with suitable rainfall soils, and temper-
ature regimes (Squire et al 1993, Owuor et al
2011, Leshamta 2017, Muoki et al 2020, Mittal
et al 2021). These conditions strongly overlap with
many of Africa’s biodiversity hotspots and tropical
forests (Tranquilli et al 2014, Spracklen et al 2015,
Bowker et al 2017, Razgour et al 2021), creating
tensions between agricultural expansion and biodi-
versity conservation. Climate change is expected to
shift the habitat suitability of tea, while topographic


https://doi.org/10.1088/1748-9326/ae9b28
https://crossmark.crossref.org/dialog/?doi=10.1088/1748-9326/ae9b28&domain=pdf&date_stamp=2026-8-26
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://orcid.org/0000-0003-0803-9279
https://orcid.org/0000-0003-2052-1914
https://orcid.org/0000-0002-0290-6901
https://orcid.org/0000-0002-1344-6023
mailto:woluoch@uni-bonn.de
https://doi.org/10.1088/1748-9326/ae9b28

10P Publishing

Environ. Res. Lett. 21 (2026) 164016

constraints limit adaptation within current grow-
ing regions, increasing the likelihood of expansion
into new sites (Azapagic et al 2016, Bore et al 2016,
Nowogrodzki 2019, Baruah and Handique 2021,
Chen et al 2023, Baldos et al 2025).

However, there is currently no spatially explicit,
continent-wide understanding of where tea is grown,
where it could expand under future climates, and how
these dynamics intersect with biodiversity and pro-
tected areas. This gap impedes the ability to quan-
tify current and future encroachment risks, identify
emerging conflict zones, and design policies that bal-
ance agricultural development and conservation. As a
result, decision making remains reactive rather than
anticipatory, despite growing calls to leverage earth
observation and artificial intelligence for agricultural
and environmental governance globally (von Braun
etal 2023) and specifically in Africa (Nakalembe 2020,
Nakalembe and Kerner 2023).

We make three important contributions to
address critical gaps in understanding tea cultiva-
tion and its implications for biodiversity conserva-
tion in Africa. First, we map the current extent of
tea plantations inside protected areas and identify
regions vulnerable to future encroachment under
future climate scenarios. Second, we quantify the
biodiversity cost of this expansion. By integrating the
current and potential future tea habitat suitability
maps with biodiversity intactness data (Palma et al
2024), we reveal where tea driven land conversion
inflicts the greatest loss on biodiversity, highlight-
ing where urgent intervention is needed. Third, we
produce the first continent-wide, high-resolution,
10 m, map of African tea plantations, created using
satellite imagery and deep learning. This unprece-
dented detail serves as a valuable precision tool
enabling continent-wide monitoring and enactment
of targeted agri-environmental policies (Wuepper
et al 2026) for safeguarding natural habitats from
agricultural expansion.

2. Methodology

2.1. Study area

We identify tea-growing districts in mainland
African tea-exporting countries (Kenya, Uganda,
Ethiopia, Tanzania, Rwanda, Burundi, Malawi,
Zimbabwe, South Africa, Cameroon, Mozambique,
and the Democratic Republic of the Congo) through
published records and expert consultations. The
experts consist of eight scientists: three from Kenya
Agricultural and Livestock Research Organization—
Tea Research Institute, one each from Uganda
Agricultural Research Organization, Tanzania
Agricultural Research Institute, The University of
Buea in Cameroon, and Technical University of
Munich (with expertise in Malawi). The reviewed
publications and expert information provided us
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with a comprehensive list of districts within the
selected countries for our study. With the list of tea
growing districts, we obtain administrative boundary
polygons from the global administrative boundaries
database (GADM 2023), and overlay a 32 km grid
across all listed districts. The grids formed the extents
within which we did the study.

3. Tea plantations label data generation

We annotated tea plantation polygons covering
33 025 ha and non-tea plantation polygons cov-
ering 58 681 ha (Table S1) in seven representative
regions to constitute training (74%) and valida-
tion (26%) labels: two each in Kenya, Ethiopia, and
Rwanda, and one in South Africa (Figure S1). We
used QGIS(version 3.40.7) (QGISDevelopment Team
2022) to annotate the polygons with the high reso-
lution Google satellite hybrid base map, and verified
uncertain field boundaries using historical imagery in
Google Earth Pro. We labeled tea plantation polygons
with a value of 1 while regions outside these were
labeled as 0 if they corresponded to visually identi-
fiable land cover types including non-tea croplands,
grassland, forest, shrub, bare land, water bodies, and
built-up areas. For unclassified areas where land cover
could not be reliably determined due to mixed pixels
or low image quality, we assigned a value of —1 and
ignored them during model training, validation, and
testing. Testing labels, covering 473 ha, were gener-
ated using the same procedure in Burundi, Malawi,
Uganda, and Zimbabwe and were not included in the
training data set (table S1).

4. Satellite and canopy height data

We used publicly available high-resolution optical
satellite imagery to train and apply our model. Ten
spectral, visible to short-wave infrared, at up to 10 m
resolution were acquired from Copernicus Sentinel-
2 mission (Wuepper et al 2025) with all 20 m bands
(Bands 5-7, 11 and 12) bilinearly up-sampled to 10 m.
Cloud contamination was addressed using the Cloud
Score+ algorithm (Pasquarella et al 2023), mask-
ing pixels with a clear score below 0.6 and gener-
ating median reflectance composites for the period
1 January to 31 December 2023. This temporal aggre-
gation is appropriate because tea is an evergreen crop
harvested year-round in tropical Africa, with infre-
quent pruning, normally after every four years, and
rapid canopy recovery in about two months post-
pruning. To improve discrimination between tea and
spectrally similar vegetation, we additionally incor-
porated canopy height data (Tolan et al 2024), reflect-
ing the rather uniform ~1.2 m at which tea plan-
tations are often maintained. Canopy height is an
explicit prior on plant height that helps delineating
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plantation crops (Kalischek et al 2023). See the results
of our model with and without canopy height data
(table S2).

5. Deep learning workflow

We used TorchGeo package version 0.9.0 (Stewart et al
2025) in Python to generate 10 000 patches for train-
ing and 3 000 patches for validating the model across
the seven training tiles and adjacent but spatially sep-
arated seven validation tiles (Table S1). We trained U-
net model with a ResNet-18 encoder and random ini-
tialization using standard categorical cross-entropy
loss given by the formula:

L==Y ylog(pc)

Where y. is ground truth class (as integer index,
not one-hot) and p. is softmax probability for class ¢
and Adam optimizer.

Data augmentation included random 90° rota-
tion, horizontal flips, and vertical flips, each applied
with a probability of 0.5 using the kornia package
(Riba et al 2020) version 0.8.2. We trained the model
for 500 epochs using a batch size of 16 on 11-band
image (10 bands from Sentinel-2 and one canopy
height band) patches of 256 by 256 pixels, with check-
pointing based on the validation loss. Model per-
formance was evaluated in four withheld countries
using precision, recall, F1 score, and overall accu-
racy. Precision (user’s accuracy) quantifies the pro-
portion of correctly classified pixels among all pix-
els assigned to tea and non-tea classes by our model.
Recall (producer’s accuracy) represents the propor-
tion of correctly classified pixels among all pixels
that truly belong to that class as contained in the
mask layer. We also report overall accuracy, reflect-
ing the total fraction of correctly classified pixels, and
the F1 score, which is the harmonic class-wise mean
of precision and recall (Kalischek et al 2023). Table
S2 provides class- and country-wise performance on
the held-out test datasets across the four test coun-
tries. The best performing model was then applied
across all grid tiles covering identified tea growing
districts, and tile-level predictions were subsequently
merged to produce a seamless binary tea map for
Africa.

6. Potential suitable habitat for tea in
Africa

6.1. Tea occurrence records

Beyond the delineation of current tea plantations
extents with high ground sampling distance, we
sought to understand the broader ecological impli-
cation of tea cultivation across the continent, besides
areas currently under tea production. To achieve this,
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we used the 20 425-tea plantation polygons we created
across Africa (including the 12 340 subset we used
for image segmentation) to sample presence points
representing the known presence locations of tea in
Africa. To control for the extent for sampling back-
ground points, we first aggregated all the 20 425-
tea plantation polygons into one then buffered the
resultant polygon by 50 km distance. We then sam-
pled background points inside the 50 km buffer.
This ensured that we did not sample background
points unreasonably far from known tea locations,
for example, into the Sahara Desert. We also consid-
ered inverse distance weighting to ensure that loca-
tions nearer the observed tea plantations are least con-
sidered in the selection of background points. After
aggregating the 20 425-tea plantation, we obtained
4 832 unique 1 km by 1 km tea presence pixels,
since several tea plantation polygons fell within sin-
gle 1 km by 1 km pixel, and also generated equal
number of background points from within the 50 km
buffer to form training data for habitat suitability
modeling.

7. Predictor variables for mapping
potential suitable habitats for tea

We obtained 19 bioclimatic variables from
Climatologies at high resolution for the earth’s land
surface areas (CHELSA) database version 2.1 for cur-
rent (1981-2010) and future (2011-2040, 2041-2070,
and 2071-2100) periods across three shared socio-
economic pathways (SSPs) (SSP126, SSP370, and
SSP585) at spatial resolution of ~1 km at the equa-
tor (Karger et al 2017). These form the most reliable
global scale projections of the potential future climate
conditions given biophysical and anthropogenic con-
tributions (Huisman et al 2025, van de Ven et al 2025).
For future climate data, we used all the five global cir-
culation models (GCMs) in CHELSA; GFDL-ESM4,
IPSL-CM6A-LR, MPI-ESM1-2-HR, MRI-ESM2-0,
and UKESM1-0-LL. Additional relevant environ-
mental predictors for tea included soil bulk density,
cation exchange capacity, clay content, total nitro-
gen, pH, and silt content (Hengl ef al 2017). Three
topographic variables that are important for tea cul-
tivation: elevation, slope, and aspect (Farr et al 2007)
were also incorporated. Of these 29 predictor vari-
ables (table S3), six were excluded (bio5, bio7, biol1,
biol6, biol7, and sand content) due to high multi-
collinearity above our Pearson correlation coefficient
(COR) of |r = 0.9| threshold (table S4) as we defined
through variance inflation factor analysis using usdm
package (Naimi 2015) version 2.1.7. The remaining
23 variables were used to train the habitat suitability
model for tea. We held both edaphic and topographic
variables constant while making future predictions
and only varied the bioclimatic variables. Although
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interactions among retained predictors may intro-
duce nonlinearities, our use of random forest algo-
rithm inherently accounts for such effects.

7.1. Habitat suitability modeling for tea

We built a random forest classifier using the sdm
package (Naimi and Ardujo 2016) version 1.2.67 with
4-folds cross validation as the replication method and
ten iterations. We evaluated the model based on Area
Under the Receiver Operating Characteristic (AUC),
true skill statistic (TSS), COR, and deviance met-
ric from the observations. We then applied the clas-
sifier on current and future predictor variables. We
used the threshold that maximized both sensitivity
and specificity (Max.TSS) of the model to binarize
the current and future output from each of the five
GCMs from CHELSA. Max.TSSbalances the detec-
tion of presences (sensitivity) and avoiding false pos-
itives (specificity) (Guisan et al 2017, Scherrer et al
2018) hence a preferred threshold for our target tea
crop. We then used majority consensus among the
GCMs to obtain the final map for each emission sce-
nario as this ensures we only consider binary out-
puts from GCMs that are unanimously in agreement
within our region of interest.

8. Assessment of biodiversity and
protected area overlap

In order to evaluate the ecological implications of
the current and the potential future tea cultivation,
we quantified the spatial overlaps with two conserva-
tion datasets. We obtained polygons of legally desig-
nated protected areas across Africa from the World
Database on Protected Areas (UNEP-WCMC and
TUCN 2025). The data included terrestrial conserva-
tion areas such as national parks, game reserves, and
community conservancies. For this study, we con-
sider all protected areas in their totality, hence we
may overestimate the extent of tea plantations in pro-
tected areas sub-categories where tea cultivated is per-
mitted, for instance, those under individual landown-
ers. We also incorporated the biodiversity intactness
index (BII) from the natural history Museum data
portal (Palma et al 2024). The BII is an estimated per-
centage of the original number of species and their
abundance that remains in any given area, despite
human impacts and ranges between 0 and 100%
with over 90% indicating resilient and functioning
ecosystem while below 30% indicate severely depleted
ecosystem at risk of collapse (Palma et al 2024).
It provides continuous spatially explicit estimate of
species abundance relative to undisturbed ecosys-
tems, enabling assessment of biodiversity degrada-
tion. We conducted spatial overlays with the binary
tea plantation map derived from deep learning as well
as with binarized tea presence-absence maps gener-
ated using random forest model. This allowed us to
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identify regions where cultivation of tea already coin-
cides with landscapes of high conservation value as
well as those that may become suitable for tea culti-
vation in future but are currently protected or have
high BIL.

The BII was available at a spatial resolution of
10 km, while the tea plantation map, we produced at
10 m resolution. To harmonize the spatial scales for
overlay, we aggregated the high-resolution tea map to
1 km by nearest neighbor interpolation method. On
the other hand, we resampled the BII layer to 1 km
linearly. The potential suitable habitats for tea were
generated at 1 km resolution, consistent with the BII
data. While the aggregation of the high-resolution tea
map reduces fine-scale detail, it ensures comparabil-
ity across datasets and avoids introducing artificial
precision into biodiversity estimates.

9. Results and discussion

9.1. Tea plantations in protected areas of Africa

We present, for the first time, a high-resolution map
of tea plantations in Africa (see Data Availability
section). To validate the accuracy of our mapping
approach, figure S2 shows the model’s predictive
performance across three representative countries.
Additionally, figure S3 presents the evaluation metrics
and associated classification uncertainty derived from
model runs with 10 different seeds and picking the
best model each, providing a quantitative measure of
prediction stability across the continent. Importantly,
we highlight selected regions where tea has already
encroached into protected areas (figure 1). Spatial
relationship between tea cultivation and protected
areas varies markedly across countries. For example,
in Ethiopia, we find 51% of tea plantations are located
within the protected areas, whereas in Cameroon,
Mozambique, and South Africa, tea plantations occur
entirely outside the protected areas (table 1). We note,
however, that the proportions are relative to a spe-
cific country’s total area under tea cultivation. For
example, while more than half of Ethiopian tea lies
within protected areas, the total cultivated area inside
the protected areas is less than that of Tanzania, where
only 10% of tea plantations fall inside protected areas.
We thus quantified the relative contribution of each
country to the total area of tea found inside pro-
tected areas across Africa. Consequently, we found
that Kenya has the largest share of tea plantations
inside protected areas in the continent (69%), fol-
lowed by Uganda (13%), Tanzania 6% and Ethiopia
ranking fourth at 5% (table 1).

To better inform policy formulation for bio-
diversity conservation, we reveal the most at-risk
protected areas in each country (figure 2). Iconic
and globally significant protected areas emerge as
hotspots of encroachment. Notably, our analysis
shows that Mount Kenya (Kenya), Mount Elgon
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Figure 1. Tea maps highlighting regions where notable amounts of tea plantations are already inside protected areas across
selected six countries of Africa: Burundi (A), Ethiopia (B), Kenya (C), Rwanda (D), Tanzania I, and Uganda (F). For each map
panel, red polygons represent predicted tea plantations currently inside protected areas while the blue polygons are the pre-
dicted tea plantations outside the protected areas. In the background of each map is a true color composite of Sentinel-2 refer-
ence image.

(Uganda), Virunga (Democratic Republic of the areas. Together, these landscapes represent some of
Congo), Gebre Dima (Ethiopia), Parc Nationals Africa’s most critical biodiversity strongholds, yet
des Volcans (Rwanda), and Kitulo National Park they are already experiencing substantial overlap with
(Tanzania) are among the most at-risk protected tea expansion.
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Table 1. Area under tea plantations in Africa, area of the tea plantations inside protected areas, percentage of
the country’s tea plantations inside protected areas, and the relative proportion considering areas of tea
plantations from each country that is already inside protected area. Totals are given in bold.

Area under Tea area inside Tea inside Share of tea inside protected
Country tea (ha) protected areas (ha)  protected areas (%) areas in Africa (%)
Ethiopia 3811 1948 51 5
D R Congo 157 45 29 0
Uganda 28201 5280 19 13
Burundi 7451 1239 17 3
Kenya 245127 27 305 11 69
Tanzania 22389 2231 10 6
Rwanda 12 660 1038 8 3
Malawi 14 021 414 3 1
Zimbabwe 2647 31 1 0
Cameroon 1559 0 0 0
Mozambique 731 0 0 0
South Africa 3216 0 0 0
Total 341970 39531 12 12
A
Kenya
Ethiopia
3 DR Congo
Z
>
8 Uganda
Rwanda
Tanzania
0 5,000 10,000 15,000
Tea area within protected areas (ha)
B
DR Congo Ethiopia | Kenya |
Kafa 1 - South West Mau { -
Rutshuru - | $=6949 ha Mizan-Teferi{ [l == 10556 ha MountEigon{ [l ==145%0ha
% Tama { - South Nandiq -
g Kisimba lkobo 1 Bonga | - Aberdares 1 .
g Rwanda Tanzania | Uganda |
[0}
K \olcans 1 - Kitulo National Park 1 I Mount Elgon 1 -
° 1 i ins 1
: worsve [ el i |
i : ‘ Y =4650 ha Livingstone 1 I Y =1525 ha National Park | I > =6108 ha
Gishwati-Mukura 1 o
Rubhidji/lfinga O.A 1 I South Busoga I
Rugez-Bulera-Ruhondo { ‘ Mufindi Scarp 1 I Queen Elizabeth 1 I
0 2,000 4,000 6,000 0 2,000 4,000 6,000 0 2,000 4,000 6,000
Tea area within protected areas (ha)
Figure 2. Area of tea plantations inside protected areas. Top six countries by tea area inside protected areas, orange dashed line
marks mean area (A), and the most affected protected areas by countries (B). Area under tea in each country is annotated in each
panel.
10. Validation of tea map model pixels using tea growing regions in four countries

not included in the training of the model, that is,
Overall, our model attains an accuracy ranging from  Burundi, Malawi, Uganda and Zimbabwe (table S2)
76.2% in Uganda to 99.1% in Zimbabwe on the three of which we visualize in figure S2. The model
hold-out dataset (table S2). We tested the perfor- shows strong transferability (> 90% accuracy in most
mance of the model in delineating tea and non-tea  countries), but notable lower performance in Uganda
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(76.2% accuracy) likely reflects domain shift and
label noise. Labels we annotated from the Google
hybrid base map for Uganda testing site could be
temporally misaligned with 2023 Sentinel-2 com-
posites used as model inputs, introducing inconsis-
tencies. This highlights a limitation to generalizabil-
ity and the need for temporally aligned and incor-
porating more geographically diverse training data
to improve robustness across heterogeneous produc-
tion systems. Future model performance could be
significantly enhanced by incorporating geographi-
cally more diverse and temporally harmonized train-
ing datasets that capture wider range of environmen-
tal conditions and management practices across the
continent.

11. Current and future potential suitable
land for tea

A forward-looking finding from our habitat suitabil-
ity model with an AUC of 0.98 (table S5) shows
large area of the continent to be currently suitable
for cultivation of tea, beyond the currently cultivated
area (figure 3). It suggests more opportunity for tea
producers to expand beyond the current extents for
instance in Ethiopia, Kenya and Uganda, although not
all biophysically suitable areas are available for expan-
sion due to competing land uses (e.g. urban areas,
other crops, livestock systems, protected lands) and
socio-economic constraints. The model also predicts
eastern Madagascar to be suitable for the crop further
suggesting more opportunities beyond the borders of
the mainland continent. However, changing climate
reduces the extent of suitable land for tea (table 2), as
has been reported elsewhere (Beringer et al 2020, Yan
et al 2021) and recently in Kenya (Rigden et al 2020,
Tesfay et al 2024). Given the information we derive
from these model outputs, we determine the extent
to which the predicted suitable habitats for tea could
be overlapping with the known protected areas.

12. Suitable habitat for tea overlap with
protected areas

Table 2 shows the extent of land within the currently
protected areas which is potentially suitable for tea
cultivation under current and future climate con-
ditions. While over 64 000 km? of land within the
protected areas is potentially suitable for tea cultiva-
tion currently, this area is projected to decline sub-
stantially under all future climate scenarios, finding
that agrees with the recent global studies (Ahmed
et al 2018, Baruah and Handique 2021, Bania et al
2025). By the end of the 21st century, suitability
drops by more than half under high emission tra-
jectories of SSP370 and SSP585 with suitable area
falling to a minimum of about 36 000 km? and
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27 000 km?, respectively (table 2), a phenomenon
witnessed across several tea growing areas globally
(Beringer et al 2020, Baruah and Handique 2021).
The findings challenge the assumption that climate-
driven losses in tea growing areas could be offset by a
direct expansion into protected areas. Such expansion
would not only pose immediate threats to biodiversity
and ecosystem integrity within the protected areas,
but the habitats within the protected areas that are
currently suitable for tea cultivation are also poised
to lose their suitability for tea cultivation over time,
see an example region in western Kenya (figure 4).
This underscores the need for proactive adaptation
strategies within existing production landscapes out-
side protected areas.

13. BII and potential tea expansion

Tea plantations across Africa currently show BII aver-
aging 35.8% (table 3), noting that while early tea
establishments in the continent often occurred in rel-
atively pristine forests, some contemporary expan-
sion may take place in already disturbed landscapes.
This reflects the well-documented ecological degra-
dation associated with intensive monoculture farm-
ing (Wright et al 2021, Yahya et al 2022, Suarez and
Gwozdz 2023). However, what is far more concern-
ing is that many of the regions projected to remain
or become suitable for tea cultivation under future
climate scenarios lie within protected areas that cur-
rently support significantly higher levels of biodiver-
sity, with mean BII consistently above 44%, corre-
sponding to a descriptive spatial contrast of about
18%]lower BII in tea areas. These protected areas,
while mostly not currently under tea cultivation,
emerge as refugia for tea across all multiple emis-
sion pathways studied, raising a stark conservation
dilemma.

The areas that are more ecologically intact, and
thus most valuable for long-term biodiversity conser-
vation, are also those that are at risk of future pres-
sure from tea expansion as suitable growing condi-
tions shift. We present an example case of a region
in Mau Forest of Kenya, the country with the largest
share of tea inside protected areas currently in the
continent (figure 4). This highlights the urgent need
for policies that proactively reconcile climate adap-
tation in agriculture with the preservation of high-
biodiversity landscapes, especially in regions where
the boundaries between conservation and cultivation
may soon be tested.

14. African tea plantations and
biodiversity

Up to 392 km? of tea area in Africa is currently inside
designated protected areas. Mount Kenya is currently
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Figure 3. Current potential habitat suitability map for tea in Africa (A) and binary map of tea presence-absence areas (B). The
binary map was obtained by applying a threshold of 0.61 on the suitability; a threshold that maximized both sensitivity and
specificity of the model.

Table 2. Potential suitable habitat for tea (km?) within protected areas under current and

future climate conditions across three shared socio-economic pathways (SSP126, SSP370, and

SSP585) in Africa.

Current 2011-2040 2041-2070 2071-2100
Tea plantations 395
Potential suitable land 64 045
SSP126 62493 57 683 58 075
SSP370 62 898 50 241 36323
SSP585 62 634 48 214 27 664

Table 3. Mean percentage biodiversity intactness index within tea plantations and other potential suitable habitats for
tea inside the protected areas currently and across three future shared socio-economic pathways (SSP126, SSP370, and

SSP585). Standard deviation (sd), and 0th—100th percentiles are also given as p0 to p100.

mean sd pO p25 p50 P75 p100

Current segmented image 35.8 6.8 21.9 30.9 34.2 39.1 84.7
Current potentially suitable 44.2 14.6 4.9 323 39.9 54.1 94.0
SSP126 2011-2040 44.1 14.4 5.8 32.4 40.1 54.1 93.6
2041-2070 44.3 14.2 12.9 32.5 40.6 54.2 92.3

2071-2100 44.1 14.1 5.8 32.5 40.4 53.9 92.1

SSP370 2011-2040 44.0 14.3 5.8 32.3 39.9 54.0 93.6
2041-2070 44.1 13.7 13.8 32.7 40.8 53.7 90.8

2071-2100 43.1 12.8 22.3 32.9 39.8 51.4 85.5

SSP585 2011-2040 43.9 14.3 5.4 32.2 39.8 53.7 92.3
2041-2070 44.1 13.5 14.0 33.0 40.9 53.5 90.0

2071-2100 43.4 12.8 23.8 33.2 40.1 51.5 85.5

the most affected protected area with about 3370 ha
of tea production within its boundaries (figure 2).
This aligns with the broader evidence that agricul-
tural expansion is a major driver of forest cover
loss on the continent (Kalischek et al 2023, Khan
et al 2025, Winkler et al 2025). Furthermore, our

analysis of potential suitable habitat for tea cultiva-
tion in Africa indicates that significant areas within
protected areas are becoming increasingly suitable
for tea production (table 2). While mere suitabil-
ity of an area for tea cultivation does not guaran-
tee cultivation, it raises concerns about the potential
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Figure 4. Tea plantation presence under current and future climate scenarios in relation to protected areas. Tea presence is shown
in green, with protected areas outlined and marked with diagonal orange hatching. Panel (A) shows the predicted tea plantations
derived from satellite image segmentation using deep learning, and (B) current presence-absence predicted by our machine
learning random forest model. Panels C to E show potential future tea presence under SSP126 for the period 2011-2040, 2041—
2070, and 2071-2100, respectively; F to H and I to K show projections under SSP370 and SSP585, respectively. Panel L is the
cloud-free true color Sentinel-2 composite reference image for 2023 of the highlighted region.

future encroachment as these would be the climati-
cally suitable areas for the crop, while some currently
suitable areas become unsuitable for tea production.
This has been already documented at smaller scales
in various regions (Prokop 2018) and several crops,
such as cocoa in Ghana and Ivory Coast (Kalischek
et al 2023), for example. Over time, the suitability of
most protected areas for tea cultivation is projected
to decline due to changing climate conditions as well,
making them not the best long-term solution for tea
farmers either, as is the case in Nigeria, where expan-
sion of agriculture at the expense of forests due to cli-
mate change is insufficient for livelihood preservation
(Khan et al 2025).

To lower the risk of encroachment into pro-
tected areas while sustaining tea production, there-
fore, it would be critical to have increased and sus-
tained support for the affected farmers to be pro-
ductive on the land they already farm. This support
might include, for example, the development and
adoption of improved tea varieties that can toler-
ate expected climate conditions, coupled with exten-
sion and financial services. Such research on climate-
adapted tea varieties is already underway, for exam-
ple, at the Kenya Agricultural and Livestock Research
Organization—Tea Research Institute (Muoki et al
2020) and in China to enable heat stress tolerance

(Chen et al 2023) among others. Helping farmers to
be productive on their land is a win-win situation,
which can align with improving livelihoods in Africa’s
rural regions while simultaneously taking off pres-
sure from protected areas. According to our predic-
tions, the further expansion of tea production into
protected areas could reduce the biodiversity intact-
ness of these areas substantially (table 3). Our spa-
tially explicit results further identify priority inter-
vention hotspots where tea cultivation already over-
laps protected areas, irrespective of protection cate-
gory, including Mount Kenya and South West Mau
in Kenya, Virunga in the Democratic Republic of
Congo, Volcans in Rwanda, Mount Elgon in Uganda,
and Gebre Dima, Kafa, and Mizan-Teferi in Ethiopia,
each with over 200 ha of tea within their boundaries,
underscoring the urgency for targeted policy action in
these landscapes.

15. Conclusion

Using deep learning and publicly available satellite
data, we present the first high-resolution, continent-
wide map of tea plantations in Africa. The dataset
enables, for the first time, a systematic assessment
of the spatial overlap between tea cultivation and
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protected areas, revealing a non-negligible propor-
tion of existing tea cultivation within protected land
and previously unquantified pressure on biodiversity.
We further show that climate change may increase the
future suitability of tea cultivation in ecologically sen-
sitive areas, including Mount Kenya (Kenya), Gebre
Dima (Ethiopia), and Rwenzori (Uganda), elevating,
rather than directly driving, the risk of future expan-
sion into these regions.

Our estimates may overstate the tea-protected
area overlap, since some protection categories per-
mit sustainable agriculture, and are subject to resid-
ual classification and label uncertainty in the under-
lying deep learning model; however, tea cultivation is
concentrated near large, strictly protected areas, lim-
iting the scope of overestimation. Our future suitabil-
ity projections describe biophysical potential rather
than deterministic forecasts, as actual expansion will
depend on policy, markets, land tenure, and farmer
decision making. Even so, the spatial products devel-
oped here offer a practical, policy-relevant evidence
base for reconciling agricultural production, climate
adaptation, and conservation objectives across Africa,
and a founding for coupling with socio-economic and
policy models to generate realistic land-use change
scenarios.
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