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Abstract

Shifting cultivation is often viewed as an agricultural system in decline, driven by policy
interventions, agricultural intensification, market integration, land tenure changes, and other
socioeconomic drivers. However, mapping its global extent remains challenging because of
landscape heterogeneity and the technical barriers that hinder consistent detection. In this study,
we combined deep learning with high-resolution satellite imagery to map the extent of shifting
cultivation across the pantropics at 1-km resolution. We estimate shifting cultivation covers
211.7 £ 16.2 Mha across 76 countries in 2020, indicating that the system remains prevalent
despite reported declines. Globally, 61.4% of shifting cultivation occurs in tropical rainforests,
whereas in Africa more than half (55.1%) is found in savanna and open woodland biomes.
Mapped areas are frequently located on gentle terrain (below 7° slope). Over 90% of shifting
cultivation areas in Asia-Oceania and the Americas are located within 5 km of plantations,
compared with 71% in Africa. This global assessment provides a foundation for understanding
the persistence, spatial heterogeneity, and contemporary land-use context of shifting cultivation
across the pantropics, including its association with agricultural intensification, plantation

systems, and socioeconomic development.
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Main

Shifting cultivation persists despite multiple announcements of its imminent demise'. Also
known as swidden, or, ‘slash and burn’ agriculture, it is an ancient, multifaceted form of
agriculture involving the rotational clearing and burning, or in a few cases mulching, of woody
vegetation to temporarily enhance soil fertility?. After cultivation, fields are left to regenerate,
allowing vegetation regrowth and when repeating the cycle, a landscape mosaic of cultivated
areas, fallow lands and natural forest or savanna is formed?®. For millennia, this cycle has
supported millions of farmers, local communities and Indigenous people across the planet and
still does in many parts of the tropics*°. The agroecological balance of the system is regulated by
fallow length and the number of consecutive years of cultivation. Historically, intensification
was mainly due to population pressure resulting in land scarcity®, but in recent decades, the
system has been increasingly affected by other drivers such as expansion of commercial

plantations, conservation efforts, carbon farming, and market integration’*.

Shifting cultivation has frequently been portrayed as a major driver of forest loss’ and
greenhouse gas emissions (GHG)'?. From the 1950s onwards, it was widely perceived as a low-
productivity agricultural practice and actively discouraged in favor of more intensified and
market-oriented forms of agriculture. However, this narrative often overlooks broader economic
forces, as the expansion of market-oriented commodity production, driven by increasing global
demand and profitability, has frequently contributed substantially to deforestation. In many
settings, integration into global markets has stimulated further agricultural expansion rather than

11,12

reducing forest loss. Examples include the global expansion of oil palm'"-'~, and rubber in

Southeast Asia'3, cocoa and coffee in Africa'?, soybean'”, and pasture in Latin America'®.

Shifting cultivation has often been criticized for contributing to deforestation and land
degradation, particularly where systems have undergone intensification!’. Shortened fallow
periods can constrain forest regeneration, leading to declines in biodiversity, carbon storage, and
ecosystem services. Such concerns have often supported transitions toward more permanent and
market-oriented forms of agriculture. However, these transitions do not automatically generate
environmental benefits. Indeed, recent studies suggest that shifting cultivation can store more

carbon than some tree-based or biofuel plantations, challenging simplified narratives of
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environmental harm'®!?. The environmental consequences of transitioning away from shifting
cultivation therefore depend critically on both the characteristics of the original system,
particularly fallow length, and the land use that replaces it. Robust assessment of these trade-offs
requires accurate knowledge of the current status of the spatial extent and distribution of shifting
cultivation and its successor land-use systems. Yet substantial gaps remain in our knowledge and

understanding of shifting cultivation systems.

In global agricultural assessments, shifting cultivation is frequently excluded from standardized
land-use definitions and mapping processes*’. Current estimates rely heavily on literature-based

compilations of case studies’-!

, which are constrained by spatial biases and limited scalability.
Although satellite-based machine learning approaches have advanced global land-cover
mapping, shifting cultivation has largely been mapped only at national scales??. The most
comprehensive global dataset to date is derived from coarse-resolution (10 km) visual
interpretation®®. This coarse resolution limits its utility for applications requiring spatial details
and accuracy, such as carbon accounting, fallow monitoring, or tracking land-use transitions.
Moreover, the absence of automated and operational mapping frameworks limits our ability to
generate consistent updates over time. Such information is essential for both scientific

understanding and policy making, especially when aiming to create informed land use policies

and standardized methods for tracking changes in swidden systems.

Mapping shifting cultivation at a global scale remains challenging because of its spatial
heterogeneity, temporal variability, and landscape diversity?*. Most existing remote sensing
approaches rely on decision tree-based algorithms applied to time-series satellite data??. These
rule-based methods are often tailored to specific regions and fail to generalize well across
broader spatial scales, because land use patterns vary widely between different landscapes®’
(Extended Data Fig. S1). In recent years, deep learning has emerged as a transformative tool in
remote sensing, offering new opportunities to address these limitations. Models based on
convolutional neural networks (CNNs) and other advanced architectures provide a flexible and
robust framework to learn directly from imagery?®. Unlike traditional spectral feature-based
methods, deep learning can capture complex spatial and spectral patterns that are otherwise

difficult to obtain.
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Here, we reconceptualize the detection of shifting cultivation as a spatial-pattern recognition
problem rather than a purely temporal classification task. Shifting cultivation landscapes form
characteristic mosaics composed of active fields embedded within fallows at different stages of
regrowth. The size and geometry of clearings are constrained by manual labor and local
livelihood needs, typically producing a compact and recurrent landscape pattern configuration.
We show that these mosaic signatures, although shaped by long-term shifting cycles, can be

identified from single-time high-resolution imagery.

To achieve this, we use PlanetScope nano-satellite imagery via the Norway's International
Climate and Forest Initiative (NICFI) programme, which offers near cloud-free mosaics at fine
spatial detail (4.77 m resolution) for the global tropics by year 2020. Employing a deep learning
framework, we identify and map shifting cultivation based on its spatial configuration, resulting
in a globally consistent 1-km resolution dataset. This approach bridges a critical data gap in land-
use monitoring and provides a foundation for evaluating the environmental and socioeconomic

consequences of shifting cultivation in the context of sustainability governance.

Results
Pantropical extent and validation of shifting cultivation

We produced a pantropical land-use classification map at 1 km resolution consisting of five
classes: shifting cultivation, high tree-cover woodland, conventional agriculture, mixed woody
plantations, and other land cover. Agricultural systems were categorized into non-tree-based (e.g.
permanent cropland and pasture systems) and tree-based types (e.g. monoculture plantations and
agroforestry), distinct from shifting cultivation. The resulting map of shifting cultivation density

is shown in Fig. la.

Model performance remained stable across spatial scaling from national to pantropical domains,
with an overall multi-class accuracy exceeding 80%, indicating that mosaic landscape features
characteristic of shifting cultivation is consistently learnable and transferable across regions.
Independent map validation for the shifting cultivation class yielded an overall accuracy of
87.8% (see Methods for details), with producer’s and user’s accuracies of 84.7% and 81.7%,

indicating balanced omission and commission errors at pantropical scale. Our map also shows

strong agreement with the shifting cultivation occurrence map of Heinimann et al.?3. Within the
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area covered by both maps, 98.9% of grid cells fell within one-level difference of occurrence
(Extended Data Fig. S7). We also compared our map-based area estimates with previously
published regional estimates (Extended Data Table S5), finding general agreement in area
estimated extent, although differences remain due to variations in data sources, methodologies,

and the timing of the imagery used.

Shifting cultivation is widespread through the tropics, occurring in 76 countries with at least 10
kha of mapped area. The total pantropical shifting cultivation extent in 2020 was estimated at
211.7 Mha (95% confidence interval: £16.2 Mha). Regionally, shifting cultivation is most
widespread in Africa (113.6 + 8.7 Mha), followed by Asia and Oceania (49.3 + 3.8 Mha), and
the Americas (48.9 + 3.7 Mha). Despite its widespread occurrence, shifting cultivation is highly
unevenly distributed, with 80% of the total area located in just 20 countries (Fig. 1c). The
Democratic Republic of the Congo (DRC) ranks first in total extent (39.7 + 3.0 Mha), followed
by Brazil, Indonesia, Myanmar and Mozambique (Fig. 1d). In contrast, when expressed as a
proportion of national land area, shifting cultivation is most prominent in smaller countries such

as Sierra Leone and Liberia, where it constitutes a dominant component of the national landscape
(Fig. 19).

The relative importance of shifting cultivation within national agricultural systems varies
substantially (Fig. 1e). In several countries, including the DRC, Liberia, and the Central African
Republic, shifting cultivation represents the dominant agricultural system in 2020. In the DRC,
shifting cultivation accounted for 56.6% of total agricultural land, exceeding conventional
agriculture (36.8%), while plantations occupied only a minor share (6.5%). Similarly, in Liberia,
shifting cultivation dominated national agriculture (75.1%), with conventional agriculture
covering only about 1% of agricultural land. However, it should be noted that in Liberia, recently
established cacao plantations can produce spatial patterns closely resembling shifting cultivation
mosaics in high-resolution imagery, and some misclassification between these two systems is
likely. Our shifting cultivation estimates for Western African countries featuring extensive cacao
production should therefore be interpreted with caution. In contrast, countries such as Brazil and
India exhibit large absolute extents of shifting cultivation but lower proportional importance due
to the dominance of other agricultural systems. Other countries, including Mozambique, Zambia,

Angola, Madagascar, Mexico, and Venezuela, are characterised by a greater share of
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conventional agriculture, while plantation-dominated systems are observed in Indonesia, Cote
d’Ivoire, and Colombia. In Laos and Papua New Guinea, shifting cultivation and plantation

systems occupy nearly equal proportions.

We further ranked the share of shifting cultivation within total agricultural land (Extended Data
Fig. S6a). Among the top 20 countries, 11 of them are in Africa, led by Liberia, Equatorial
Guinea, and Sierra Leone. We compared our shifting cultivation area with the Potapov et al.?
cropland dataset, which maps annual croplands excluding shifting cultivation. We estimated the
proportion of shifting cultivation of the combined crop production area that includes both
shifting cultivation and annual cropland as two distinct, non-overlapping categories. The analysis
shows that in 38 countries (excluding French Guiana), shifting cultivation constitutes more than
50% of the crop production area (Extended Data Fig. S6b). This highlights its continued

importance in agricultural land use across tropical regions, despite being absent from global

cropland statistics.
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160 Fig. 1| Shifting cultivation extent and spatial patterns across countries. a, Global

161 distribution of shifting cultivation shown as a kernel density map (3-km radius). Numbered
162  boxes indicate the locations of landscape examples shown in panel b. b, Twenty

163 representative examples of mapped shifting cultivation landscape mosaics illustrating
164  cross-regionalvariability in mosaic landscape structure (imagery from PlanetScope; RGB
165 bands 3-2-1). ¢, Cumulative distribution curve showing the total share of shifting

166  cultivation extent accounted for by individual countries ranked from largest to smallest
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extent. d, Top 20 countries by total shifting cultivation extent. e, The share of agricultural
land under different production systems (shifting cultivation, conventional agriculture and
mixed woody plantation within the top 20 countries ranked by shifting cultivation. f, Top 20

countries ranked by the percentage of national land area under shifting cultivation.

Biogeographic and topographic distribution

Shifting cultivation showed strong continental differences in biomes and topographic distribution
based on spatial overlays with the World Wildlife Fund (WWF) Terrestrial Ecoregions
classification and Shuttle Radar Topography Mission (SRTM) elevation data (Methods). In the
Americas and Asia-Oceania, shifting cultivation was primarily associated with tropical rainforest
biomes (Fig. 2d), accounting for 77.6% and 90.4% of the mapped area, respectively. In Latin
America, mapped areas were concentrated along riparian corridors of the lowland Amazon basin,
with additional hotspots in Andean montane forest zones. In central America, occurrences were
mainly located at the foothills of the montane moist forest (Fig. 2a). Asia and Oceania share a
similar rainforest-foothill association, with a larger share located in lower montane zones,
particularly in Myanmar, Laos, and Papua New Guinea (Fig. 2¢). In contrast, shifting cultivation
in Africa shows a broader distribution across biomes. Although the Congo Basin rainforest forms
a major core area, a substantial fraction of shifting cultivation occurs in savanna and woodland
systems (55.1%) (Fig. 2d). Prominent clusters are found across the miombo woodlands of
southern and eastern Africa, the West African forest-savanna mosaic, the Guinean lowland
forests and parts of Madagascar’s lowland forest regions (Fig. 2b), with additional smaller

clusters in coastal tree-covered landscapes.

Topography (derived from SRTM elevation and slope layers) influences ecology, accessibility,
land-use pressure, and socio-economic systems, all of which influence where and how shifting
cultivation occurs. Across all continents, shifting cultivation shows a consistent pattern of
occurrence in low- to mid-elevation areas with relatively gentle terrain. Median elevations are
521 min Africa, 231 m in the Americas, and 389 m in Asia-Oceania, with over 75% of mapped

areas occurring below approximately 800 m.

Similarly, shifting cultivation is predominantly located on low slopes, with median slope values

below 1° in Africa, around 1° in the Americas, and about 4° in Asia-Oceania. More than 75% of
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mapped areas are located on slopes below 1.5° in Africa and below 7° in other regions. This
consistent cross-continental pattern indicates that shifting cultivation is commonly associated

with relatively low-elevation and gently sloping landscapes.
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Fig. 2 | Distribution of shifting cultivation in relation to biome classes and topography
across the pantropics. a—c, Distribution of mapped shifting cultivation across the
Americas (a), Africa (b) and Asia-Oceania (c). Inset histograms show the elevation and
slope distributions of shifting cultivation pixels within each region, expressed as a
percentage of total regional shifting cultivation area. Dashed vertical lines indicate the
25th, 50th, 75th, and 95th percentiles of each distribution. Elevation and slope derived
from the Shuttle Radar Topography Mission (SRTM) 30-m digital elevation model. d,
Distribution of shifting cultivation extent across biome classes derived from the World

Wildlife Fund (WWF) Terrestrial Ecoregions classification.
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Shifting cultivation and land use transitions

Shifting cultivation is consistently embedded with other agricultural systems rather than
randomly distributed across tropical landscapes. At the pantropical scale, it frequently occurs in
spatial association with plantation systems and conventional agriculture (Fig. 3a). We quantified
spatial proximity to these land-use systems to assess the context in which land-use transitions

may occur (Methods).

The strength of spatial association between shifting cultivation and plantation systems varies
markedly across regions. Proximity to plantations was particularly high in Asia-Oceania and the
Americas, where 79.5% and 72.0% of shifting cultivation areas occurred within 2 km of
plantations, increasing to 97.8% and 92.8% within 5 km, respectively. In Africa, proximity to
plantations was lower, with 38.2% of shifting cultivation areas located within 2 km and 71.1%
within 5 km (Extended Data Fig. S8). Distances to conventional agriculture were generally larger
across all regions: only 37.1% of shifting cultivation areas in Africa, 30.6% in the Americas, and
17.0% in Asia-Oceania occurred within 2 km of conventional agriculture areas. Within 5 km,
these proportions increased to 67.2% in Africa, 65.3% in the Americas, and 48.0% in Asia-
Oceania (Extended Data Fig. S9).

Because spatial associations with plantation systems were generally stronger, regional examples
of plantation landscapes illustrate the diverse contexts in which land-use transitions may occur
(Fig. 3b—f). In Latin America, shifting cultivation in core Amazon regions remains
comparatively distant from large plantation systems, whereas foothill and montane transition
zones along the Andes show more frequent spatial co-occurrence with perennial crops and
plantations (Fig. 3b). In Southeast Asia, shifting cultivation landscapes are commonly
interspersed with or adjacent to large, contiguous plantation systems (Fig. 3d, e). Africa, which
contains the largest total area of shifting cultivation, shows heterogeneous patterns: West African
hotspots frequently occur near both industrial and smallholder plantation zones (Fig. 3¢), while
Central African regions, including parts of the Congo Basin, show greater spatial separation,
with only scattered plantation presence within predominantly forested landscapes (Fig. 3f).
However, spatial proximity alone does not establish whether plantation expansion directly

replaces shifting cultivation or reflects independent deforestation trajectories.

12
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and mixed woody plantations (perennial plantations or agroforestry systems without clear
shifting fields) at 0.1° x 0.1° resolution. Country boundaries data are from GADM
(https://gadm.org). b, Zoom-in example in Peru showing an industrial oil palm plantation
adjacent to shifting cultivation. c, West Africa: industrial plantation in Liberia (left) and
smallholder plantations in Ghana (right). d, Large-scale rubber plantation in Laos. e,
Shifting cultivation and plantation landscapes in Indonesia (left) and Borneo (right). f,

Plantations in the central DRC rainforest.

Clearing intensity and socioeconomic gradients of shifting cultivation

Clearing is a key component of shifting cultivation systems. Recent clearing intensity was
characterised using the Hansen et al.?”® tree cover loss data aggregated over 2015-2020 within
mapped shifting cultivation landscapes, as a proxy for land-use intensity across rotational

systems.

Clearing activity is highly heterogeneous across these landscapes (Fig. 4a). When the mapped 1-
km areas were ranked by the sum of tree cover loss within it, the top 10% of those 1-km areas
accounted for 37.2% of total tree cover loss over 2015-2020, indicating a strong spatial
concentration of recent clearing activity. By contrast, 14% of areas showed no detectable tree-
loss events during this period (Fig. 4c). These low-activity areas include woody savannas that
fall below the forest definition (tree cover < 10% and height < 5 m) of the Hansen dataset, areas
where no new clearing of forested land was detected within the observation window, and areas
where shifting cultivation may be misclassified. Tree cover loss records only the first loss event
per pixel since 2001. Consequently, repeated clearing within rotational systems following earlier

disturbance may not be captured.

We defined high-intensity areas as those exceeding the 75th percentile of total tree cover loss.
Across countries with mapped shifting cultivation, the proportion of high-intensity areas was
correlated with total shifting cultivation extent (Spearman p = 0.56, P < 0.001; Fig. 4d),
indicating that countries with larger shifting cultivation areas tend to exhibit a higher share of

active clearing.

14
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In absolute terms, high-intensity clearing is concentrated in Africa (59.2% of global high-

intensity cells), reflecting its larger shifting cultivation extent. When normalized by mapped

shifting cultivation area, Africa still shows the highest share of high-intensity clearing (28.1%),

followed by Asia-Oceania (23.4%) and the Americas (20.2%), though the regional differences

are modest. Prominent clusters occur in West Africa (e.g. Sierra Leone, Liberia and Guinea), as

well as in the DRC, Laos and Madagascar (Fig. 4b).
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0.001.

Beyond spatial patterns of clearing activity, the relative importance of shifting cultivation also
varies systematically with economic development. We examined this relationship among
countries where shifting cultivation areas exceed permanent cropland area, using the ratio of
shifting cultivation to cropland as an indicator of relative agricultural prominence. This ratio was
negatively correlated with total GDP (Spearman p = —0.36, P = 0.032; n = 37), indicating that
countries with larger total GDP tend to have lower relative shares of shifting cultivation
(Extended Data Fig. S12). By contrast, no significant relationship was observed with GDP per
capita (p = 0.07, P = 0.67; n = 36; Extended Data Fig. S13). This suggests that total national
GDP, rather than GDP per capita, is more closely associated with the relative prominence of

shifting cultivation within agricultural systems.

At the subnational level, clear patterns emerge along gradients of human development as defined
by the Human Development Index (HDI)?°. The share of shifting cultivation declines
consistently with increasing HDI, both relative to total land area (Fig. 5a) and to tree-dominated
landscapes (Fig. 5¢). Low-HDI regions, predominantly in Africa, show the highest shares and
greatest variability, whereas very high HDI regions show uniformly low shifting cultivation
shares. Intermediate-HDI regions retain substantial variability, indicating that land-use systems

are at varying stages of change across these regions.

In contrast, mixed woody plantation cover is higher in regions with greater human development,
both as a share of total land area (10.5% at Low HDI rising to 25.2% at High HDI) and as a share
of tree-covered area (34.2% rising to 55.4%), indicating that plantation systems are more
prevalent in higher-development contexts (Fig. 5b, d). At Very high HDI levels, plantation cover
as a share of tree-covered area declines (50.4%), despite remaining elevated in absolute terms

(24.6% of land area). This divergence may reflect a greater extent of natural or protected forest
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cover in the highest-development regions, which is consistent with forest transition patterns

observed in high-income countries, though causal attribution is beyond the scope of this analysis.

Together with the decline in shifting cultivation, these patterns are consistent with an association
between increasing human development and the relative prevalence of permanent, tree-based
production systems, although this cross-sectional analysis cannot determine whether
development drives these differences or reflects broader structural and regional factors. Regional
variation remains pronounced. Plantation-dominated landscapes are more common in Asia-
Oceania and the Americas, whereas African regions generally exhibit limited plantation

expansion.
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Human Development Index (HDI)
Fig. 5 | Distribution of shifting cultivation and mixed woody plantation across Human
Development Index (HDI) classes. Violin plots show the subnational distribution of
shifting cultivation (panels a, c¢) and mixed woody plantation (panels b, d) across four HDI
categories (Low, Medium, High, Very high), with points represent the individual sub-
administration unit colored by continent. Black dots indicate group means. HDI classes
follow the United Nations Development Programme (UNDP) classification. a, Shifting
cultivation as a percentage of total land area. b, Mixed woody plantation as a percentage of

total land area. c, Shifting cultivation as a percentage of tree-covered area (high tree-cover
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woodland, mixed woody plantation, and shifting cultivation). d, Mixed woody plantation as

a percentage of tree-covered area.

Discussion

Shifting cultivation remains one of the most spatially extensive yet least mapped agricultural
systems in the tropics. Mapping it at large spatial scales has traditionally relied on time-series
trajectory analysis using decision tree-based algorithms, often constrained by coarse spatio-
temporal resolution, persistent cloud cover, landscape heterogeneity, and limited transferability.
Here, we demonstrate a complementary approach based on recognizing characteristic mosaic
landscape patterns using high-resolution PlanetScope mosaics and deep learning. By reframing
detection from temporal trajectories to spatial configuration signatures (Extended Data Fig. S3),
we show that shifting cultivation can be robustly identified at 1 km resolution across the
pantropics, with consistent performance from national to continental scales (Extended Data

Table. S2, S5).

The presence of shifting cultivation across rainforest, woodland, and forest-savanna mosaic
biomes confirms that the system is not confined to a single biome but occurs across diverse
ecological settings®°. Topographic analyses show that contemporary shifting cultivation is
concentrated in low- to mid-elevation, low-relief environments across the tropics, with regional
differences in rainforest versus woodland dominance. Across continents, most mapped areas
occur below moderate elevation thresholds and on gentle slopes, indicating that accessibility and
terrain constraints remain key spatial controls. This contrasts with the traditional view of shifting

231,32

cultivation as primarily a ‘hill practice , where sloping terrain limits more intensive land uses

such as irrigated paddy farming.

Distance-based analysis reveals that shifting cultivation landscapes are frequently located near
plantation systems and permanent cropland, although the strength of these spatial associations
varies substantially across regions. A large share of shifting cultivation occurs within short
distances of plantations in Asia-Oceania and the Americas, whereas shifting cultivation in Africa
is more commonly associated with permanent cropland. These gradients indicate heterogeneous
transition pathways and suggest that mosaic systems are now often embedded within mixed

agricultural frontiers rather than following a single uniform trajectory.
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The observed proximity between plantation systems and shifting cultivation likely reflects
multiple, regionally specific processes of agrarian change. In some settings, plantation expansion
may directly convert or progressively replace shifting cultivation landscapes. In others,
transitional coexistence may emerge during periods of land-use change, while plantation
employment and rising cash incomes can reduce dependence on subsistence farming and shift
food consumption toward purchased goods. Elsewhere, smallholder cultivation systems may
persist alongside plantations to supply local markets or maintain livelihood diversity. Spatial
proximity alone cannot distinguish among these mechanisms, but it provides measurable
evidence that contemporary shifting cultivation transitions are closely linked to broader

processes of commercialization, labour reallocation, and rural transformation.

We estimated that areas of shifting cultivation cover approximately 211.7 Mha across the
pantropics. This estimate is considerably lower than the 400 Mha reported by the Food and
Agriculture Organization (FAO) of the United Nations in the early 1980s, which was based on
reports from 90 tropical countries, and lower than the more recent estimate of 280 Mha by
Heinimann et al®®. This likely reflects both methodological differences and genuine land-use
transitions over recent decades. Transitions away from shifting cultivation have been widely

documented across Asian countries’®33

, whereas low population density in the Amazon has kept
shifting cultivation active, where it represents the predominant agricultural system in riverine
areas®*. Africa remains the largest contemporary hotspot, with shifting cultivation being
widespread in both rainforest and open woodlands systems. This pattern is projected to persist or
intensify through mid-century, especially for Central Africa®>. However, transitions from shifting

cultivation are also emerging in Africa due to socio-economic change, infrastructure expansion,

and policy interventions.

A persistent narrative within the poverty-environment nexus portrays shifting cultivation as
inherently linked to rural poverty and environmental degradation®, while transitions towards
more permanent and intensive agriculture are often assumed to deliver a double dividend of
poverty reduction and forest conservation. In practice, these outcomes are far from guaranteed
and assessments of the socio-ecological impacts of shifting cultivation should be compared to
counterfactual land uses. For instance, the designation of shifting cultivation areas as protected

forest is assumed to reduce tree loss and improve ecological function and forest structure over
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time, if strong forest governance is in place. In settings with weak forest governance, tree loss
can continue or even accelerate, as profitable commodity crop or plantation expansion can
accelerate permanent deforestation, while increases in average income may coincide with rising
inequality, disputed tenure rights, and losses in autonomy, justice, and other non-material
dimensions of well-being. More broadly, agricultural intensification does not automatically spare
forests. Yield gains may also increase land rents and stimulate expansion (rebound/Jevons
paradox)*¢, meaning that environmental outcomes depend fundamentally on governance
quality’’, tenure security, and market incentives®®. Evidence from the Amazon and broader
syntheses further shows that legally recognized Indigenous and community land rights are often
associated with lower deforestation, underscoring tenure as a critical moderator of land-use
change®. The continued presence of shifting cultivation is likewise context-dependent*’,
reflecting either adaptive livelihood strategies or a lack of viable alternatives. Where land access
is constrained, shortened fallow cycles and more frequent cultivation may reinforce poverty traps

and further constrain land management options through declining soil fertility and reduced

yields*!.

As education, health services, infrastructure, and non-farm employment expand, reliance on
extensive rotational systems like shifting cultivation often declines*?. In several countries,
transitions away from swidden have also been actively driven by land allocation, sedentarization,
and forest zoning policies, which were often framed as ‘eradication’ or ‘stabilization’®. Yet
shifting cultivation functions as a rotational agroforestry system, and policies that rigidly
separate ‘forest’ from ‘agriculture’ may undermine both ecological processes and livelihood

resilience while displacing pressures elsewhere**.

Our results show that countries with larger extents of shifting cultivation often coincide with
more active land-use dynamics, reflected in concentrated tree-loss hotspots. However, the
interpretation of tree loss within shifting cultivation landscapes depends on the counterfactual
baseline. Within stable rotational systems, localized clearing may be offset by regrowth
elsewhere, maintaining mosaic tree cover through time. Relative to permanent annual cropping
systems, shifting cultivation often retains substantially more woody cover. However, compared

with intact or protected forests, it generally exhibits lower forest quality, biodiversity value, and
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carbon storage. Where the fallow period is shortened or repeated clearing intensifies, shifting

cultivation may also contribute to net forest loss and ecological decline.

These distinctions cannot be resolved using static tree-loss indicators or single-date land-cover
maps alone. A deeper understanding of its environmental and socio-ecological impacts requires
more detailed land-use histories derived from dense satellite time series coupled with local
institutional and livelihood data. Time-resolved observations would enable quantification of
fallow duration, regrowth trajectories, and transitions to permanent land uses. This could allow
clearer separation between stable rotational systems, intensified short-fallow practices, and
permanent land conversion. Such temporal depth is essential for linking shifting cultivation to
tree loss and vegetation recovery in a process-based way rather than through static spatial
framework. This will become increasingly achievable as high-resolution satellite data records

lengthen.

In this study, tree cover loss is interpreted as an indicator of clearing activity within landscapes
mapped as shifting cultivation, rather than being attributed directly to shifting cultivation as the
causal driver of individual loss events. This captures broader associations between shifting
cultivation extent and active land-use change while avoiding unsupported assumptions about the
cause of individual tree-loss events. Because land-use systems transition over time, pixels
currently mapped as plantation or mixed agriculture may previously have been under shifting
cultivation, or vice versa. A one-to-one attribution framework would therefore risk overstating

causal relationships between present land cover and observed forest loss.

Improving temporally explicit mapping of shifting cultivation would also increase its visibility in
land-use statistics and policy frameworks. Because shifting cultivation is often poorly
represented or misclassified in existing land-cover products, it is frequently misrepresented or
generalized in policy narratives and grouped with generalized deforestation drivers. More
detailed and time-resolved datasets would support more context-sensitive policies by
distinguishing rotational agroforestry systems from permanent conversion and large-scale

plantation expansion.

Persistent cloud cover remains a major obstacle in tropical land-use mapping. We reduced this
constraint by combining two independent PlanetScope composite mosaics and integrating

prediction probabilities across dates, thereby lowering omission errors in persistently cloudy
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regions. Classification uncertainty is primarily associated with boundaries between shifting
cultivation and mixed woody plantation systems. The plantation class in our framework
intentionally aggregates a wide range of plantation development stages (Extended Data Fig.
S14), from early establishment to closed-canopy dominance, to ensure a conservative delineation
of shifting cultivation extent. Consequently, it may omit transitional mosaics where plantation
and fallow components coexist. Additional uncertainty occurs along forest-agriculture frontiers,
where pasture expansion and short-fallow rotations can produce similar spatial patterns
(Extended Data Fig. S15). These ambiguities reflect both landscape similarity and the limitations

of single-date pattern recognition.

In summary, shifting cultivation remains a major but rapidly transforming tropical land-use
system. Understanding where it persists, how it changes, and under which governance conditions
transitions can support both rural livelihoods and forest conservation will be central to future

tropical sustainability strategies.

Methods

We developed a deep learning-based framework to map shifting cultivation landscapes across the
pantropics for the year 2020 using high-resolution PlanetScope satellite imagery. The method
exploits the fact that shifting cultivation produces a characteristic mosaic-like landscape pattern
through repeated cycles of clearing, cultivation, abandonment, and vegetation regrowth within a
defined area. These cycles create heterogeneous spatial textures composed of newly cleared

fields, fallows at multiple successional stages, and remnant forest patches.

Previous national-scale mapping approaches have primarily relied on long-term medium-
resolution time series and decision tree-based algorithms to detect disturbance and regrowth
trajectories. However, cloud contamination, data gaps, coarse spatial resolution, and strong
regional heterogeneity (Extended Data Fig. S1) limit their applicability to consistent pantropical
mapping. In contrast, high-resolution imagery captures fine-scale spatial mosaics directly,
enabling landscape-pattern recognition without requiring long temporal image stacks. We
therefore use high-resolution imagery in combination with a patch-based classifier that captures
local spatial context to identify shifting cultivation based on its characteristic mosaic landscape

patterns, rather than relying on temporal disturbance trajectories.

23



479
480

481

482
483
484
485
486
487
488
489
490
491
492
493
494
495

496

497
498
499
500
501

502

503

504
505
506
507

A detailed description of class definitions, satellite data, sampling methods, modelling,

validation, and spatial analyses is provided below.
Class definitions

Shifting cultivation encompasses mosaic landscapes formed by cyclical clearing, cropping,
abandonment, and regrowth, typically consisting of irregular patches of cleared land, fallows at
multiple stages, and forest remnants. In addition to shifting cultivation, we introduced four other
classes to help identify a clear shifting cultivation extent. High tree cover woodland encompasses
dense forest and open-canopy woodland systems with predominantly continuous tree cover.
Conventional agriculture includes permanent croplands and pasture systems characterised by
continuous cultivation for food crop and livestock production. Mixed Woody Plantation
represents land under structured plantation or agroforestry management, characterised by a
mixture of woody perennial species. Unlike shifting cultivation systems, these areas do not
exhibit spatial patterns of recent clearing, fallowing, or rotational field dynamics. The class
therefore reflects more continuous and stable tree-based land management, often associated with
long-term production systems. Background includes non-agricultural land uses including urban
areas, water bodies, bare land, savannas, and shrublands with minimal human land-use signals.

Visual examples of the five classes are provided in Extended Data Fig. S2.

Satellite image

We used PlanetScope nano-satellite imagery for both training sample generation and pantropical
prediction. PlanetScope imagery is acquired from a constellation of small satellites (“Doves”)
with near-daily global revisit frequency. This high temporal frequency, combined with 4.77m
spatial resolution, enables detailed observation of fine-scale landscape structure, which is

particularly important for mapping tropical forest ecosystems subject to persistent cloud cover.

Mosaic basemaps were accessed through the Norway’s International Climate and Forest

Initiative (NICFI) Satellite Data Program*. The dataset is provided as biannual composites,
covering December—May and June—November periods. However, for 2020, Planet Labs released
only a June—August composite for the second period. In this study, we used the December 2019—

May 2020 mosaic for model development. To reduce cloud-related artefacts and improve

prediction consistency, we additionally incorporated the June—August 2020 mosaic. Although
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this does not correspond to the standard biannual composite, it provides complementary
observations under different atmospheric conditions, reducing omission errors in persistently
cloudy regions. All the satellite data were downloaded as customised one-degree grid tiles,

which also served as the spatial unit for model inference and prediction mosaicking.
Study area

The study covers tropical regions between approximately 30°N-30°S across Africa, Asia-
Oceania, and the Americas, where NICFI high-resolution mosaics are available, and shifting
cultivation is known to occur. The spatial extent was further constrained using the occurrence
dataset of Heinimann et al.? to guide the definition of the study region. The final study extent is
illustrated in Extended Data Fig. S4. China was excluded due to lack of consistent PlanetScope

mosaic coverage and limited present-day occurrence, despite historical localized practices*®

Calibration data

Mapping shifting cultivation is challenging due to strong spatial heterogeneity in landscape

patterns across regions. To address this, we adopted a phased and scalable sampling strategy.

Model development was initiated in the Democratic Republic of the Congo (DRC), where
shifting cultivation is particularly extensive and well-documented, providing a tractable starting
point for establishing the sampling framework. After a prototyping phase on DRC, the training
data were subsequently expanded to the African continental scale using stratified sampling to
ensure balanced representation of land-use classes across diverse landscapes. Stratification was
guided by the one-degree shifting cultivation occurrence dataset of Heinimann et al.>>. The
sampling was then extended to the pantropical domain. At each stage, independent test datasets

were withheld to evaluate model generalization.

Initial evaluation of the pantropical model revealed residual cloud-related artefacts, which
introduced false positives in the prediction map. To improve classification robustness under
varying cloud and seasonal conditions, we trained the final model using samples derived from
two independent PlanetScope mosaics from 2020, a six-month composite (December 2019-May
2020) and a shorter-period composite (June-August 2020). This dual-mosaic approach provides

complementary observations under different atmospheric conditions, thereby improving
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classification consistency in persistently cloudy regions. Qualitative assessment of prediction
maps confirms that the dual-mosaic approach substantially reduces cloud-related false positives

(Extended Data Fig. S5).

In total, 84,016 samples were used for the final model. Sample sizes for each stage are reported
in Extended Data Table S1. Sample distribution can be viewed in Extended Data Fig. S3. All

sampling was conducted in QGIS (version 3.22).
Model

We used an EfficientNet-B1 convolutional neural network with a modified input layer and
classification head for land-cover classification. The input convolutional layer was adapted to
accept four-channel imagery (R, G, B, NIR). The classification head consisted of fully connected
layers with dimensions 640, 320, 64, and 5, corresponding to the five target land-cover classes.

Dropout (p=0.2) was applied between layers to reduce overfitting.

The model was initialized with pre-trained weights from the ImageNet-1K dataset *’

. Training
was performed using the Adam optimizer with a learning rate of 5 X 10~° and a multi-class cross-
entropy loss function. A batch size of 15 was used. To improve generalization, data
augmentation was applied, including horizontal and vertical flips, random rotations,
downscaling, brightness and contrast adjustments, and Gaussian blur. Augmentation probabilities

were assigned per sample to account for class imbalance.

The training and validation sets were split at an 8:2 ratio. Training was stopped when validation
F1 score stabilized. The model checkpoint achieving the highest F1 score on the validation set
was selected for inference. All training and prediction were performed on an NVIDIA GeForce

RTX 3090 GPU.
Model and product accuracy assessment

Model performance was evaluated using independent hold-out test sets constructed at each stage
of model development (DRC, Africa and global). For the DRC and Africa-scale models, 20% of
samples were reserved for testing. For the global model, 10% were reserved to maximize the

number of training samples. Model accuracy was assessed using precision, recall, overall
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accuracy and F1 score. Confusion matrices for each geographic scale are provided in Extended

Data Table S2.

We applied a stratified random sampling strategy*® for map validation. Strata were defined by
combining the predicted shifting cultivation prediction, the associated class probability

4. Because strata were

(confidence) layer and an independent global forest loss driver datase
partly derived from the model’s own outputs, the validation sample is not fully independent of
the prediction map. However, purely random sampling would require a prohibitively large
number of points to capture sufficient shifting cultivation observations at pantropical scale, and
no independent pantropical reference dataset exists at this resolution. Four strata were defined to
target the agreement, disagreement, and uncertainty between datasets. Stratum definitions and

area proportions are summarized in Extended Data Table S3, and their spatial distribution is

shown in Extended Data Fig. S10.

We randomly selected 100 sample locations from each stratum (Extended Data Fig. S11). Each
sample location was spatially linked to its corresponding 1-km prediction grid cell derived from
the original prediction tiles. The full 1-km grid cell was served as the validation unit. Land use
within each validation unit was interpreted using high-resolution satellite imagery in Google
Earth Pro. When 2020 imagery was unavailable, PlanetScope data and the nearest available

subsequent imagery were used to support interpretation.

All validation units were interpreted across the five land-use classes, allowing accuracy estimates
for all classes, though the stratification was designed to better capture areas of agreement and
disagreement in shifting cultivation mapping. Each validation unit was assigned to one of the
five land-use classes according to our class definitions. A unit was classified as shifting
cultivation when evidence of rotational cropping was present without signs of plantation
establishment. Units with visible plantation development were assigned to the woody plantation
class (Extended Data Fig. S14). Conventional agriculture was assigned where agricultural land
use was present without evidence of old-growth forests. For units located at forest edges, shifting
cultivation was assigned when rotational patterns were evident, regardless of proportional area,
whereas for conventional agriculture and plantations, the dominant land-use class within the grid

cell determined the final label.
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We followed the stratified estimation framework of Olofsson et al.>’, which corrects for unequal
strata representation. Using the interpreted reference labels and the predicted map classes within
the validation units, we computed an area-adjusted error matrix (Extended Data Table S4), and

calculated user’s accuracy, producer’s accuracy and overall accuracy for all five classes.

Country-level statistics

We computed the area of each predicted grid cell using the equation for a rectangular area in
geographic coordinates on a WGS84 reference ellipsoid*®. National boundaries polygons from
the Global Data Lab (https://globaldatalab.org/mygdl/downloads/shapefiles/) were rasterized at
0.01° resolution, and each predicted pixel was assigned to the country in which its centroid falls.
Country-level areas were computed by summing the pixel areas within each national boundary
area, for each of the five land-cover classes. Countries with a mapped shifting cultivation area
below 10 kha were excluded from the area estimation but are listed separately in the
Supplementary Materials. The global shifting cultivation area was estimated as the sum of

country-level areas across all countries exceeding the 10 kha threshold.
Uncertainty estimation

The validation sampling design was optimized to capture variation in shifting cultivation
occurrence and uncertainty rather than proportional representation of all land-use classes. The
user's and producer's accuracies for the shifting cultivation class (84.7% and 81.7%, respectively)
indicate limited systematic bias between commission and omission errors. Mapped areas were

therefore not adjusted using a full confusion-matrix-based area estimator.

Instead, uncertainty was estimated using user’s accuracy (UA) under a binomial approximation.

The standard error of the estimated area was calculated as:

Where A is the mapped area and n is the number of validation samples for the class. 95%
confidence intervals were computed as £1.96 standard errors. These bounds reflect uncertainty
associated with commission error and sampling variability but do not explicitly account for

omission error and should therefore be interpreted as a lower bound on total mapping uncertainty.
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One degree analysis

To enable comparison with the visual interpretation-based occurrence map of Heinimann et al. >,
we computed shifting cultivation occurrence within each of their 1-degree grid cells. For each
grid cell, the occurrence percentage was calculated as the ratio of the summed shifting
cultivation area to the total geodesic area of the cell, computed using the same WGS84
ellipsoidal zone formula mentioned in the section “Country-level statistics”. The resulting
percentages were then classified into five occurrence levels following the original thresholds of

Heinimann et al.>*: <1%, 1-9%, 10—19%, 20—39%, and >40%.

Agreement between our occurrence classification and that of Heinimann et al.??

was assessed by
comparing the occurrence level assigned to each overlapping one-degree grid cell. Cells where
both maps assigned the same occurrence level were classified as high agreement. Cells differing
by one level were classified as moderate agreement, and cells differing by two or more levels

were classified as low agreement (Extended Data Fig. S7).

Biome statistics

Terrestrial ecoregion polygons from the World Wildlife Fund (WWF) dataset were rasterized at
0.01° resolution, and each predicted pixel was assigned to the biome in which its centroid falls.
We retained four biome categories: Tropical & Subtropical Moist Broadleaf Forests (code 1),
Tropical & Subtropical Dry Broadleaf Forests (code 2), Tropical & Subtropical Coniferous
Forests (code 3), and Tropical & Subtropical Grasslands, Savannas & Shrublands (code 7). All
remaining codes were merged into a single 'Other biomes' category. Biome codes, definitions

and the grouping scheme are provided in Extended Data Table S6.
Topographic statistics

Topographic statistics were derived from the NASA Shuttle Radar Topography Mission (SRTM)
30-m digital elevation model (DEM), processed in Google Earth Engine (GEE). Slope were
computed from the DEM, and mean elevation and mean slope values were extracted for each

prediction pixel footprint.

Land-use proximity and spatial pattern analysis

To characterise spatial relationships between shifting cultivation and other agricultural land uses,

we computed distances from each shifting cultivation pixel to the nearest conventional
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agriculture and mixed woody plantation pixel from the prediction map. Pixel centroids pixels
were used as source points. Distances were calculated using nearest-feature analysis in Equal
Earth Greenwich coordinate system (EPSG:8857) to ensure metric accuracy. Results were
summarized globally and by continent, and the proportion of shifting cultivation pixels within

specified thresholds (2 km, 5 km and 10 km) were calculated.

Land use intensity proxy based on tree cover loss

Land-use intensity within shifting cultivation landscapes was approximated using tree cover loss
as a proxy for recent clearing activity. Tree cover loss dynamics were quantified using the Global

Forest Change dataset from Hansen et al.?"-8

, which provides annual maps of tree-cover loss at
30 m resolution. We aggregated tree-loss pixels within 1-km shifting cultivation grid cells to
calculate the total area of tree cover loss per grid between 2015 and 2020 using GEE. Tree-loss
data prior to 2015 were excluded, as early-year layers underrepresent shifting cultivation
dynamics in parts of Asia and the Americas due to omission of small-scale and rotational

clearing events.

We calculated the proportion of grid cells recording no tree loss during 2015-2020, and derived
percentile thresholds (25th, 50th, 75th, and 90th) from the distribution of total tree cover loss
area per 1-km grid cell. These percentiles therefore represent relative thresholds of tree-loss
magnitude across grid cells, rather than proportions of area or number of grids. Based on these
thresholds, grid cells were classified into six activity categories: no tree loss, low activity (<25th
percentile), moderate activity (25-50th percentile), high activity (50-75th percentile), very high
activity (75-90th percentile) and hotspots (>90th percentile). The distribution of tree-loss
intensity across grid cells was visualized using boxplots. To assess the concentration of clearing
activity, we constructed a Lorenz curve relating the ranked proportion of grid cells to their

cumulative share of total tree cover loss.

For country-level analysis, high-intensity areas were defined as grid cells exceeding the 75th
percentile of the tree-loss distribution (combining very high activity and hotspot classes). The
proportion of such grid cells within each country was used as an indicator of relative clearing
intensity within shifting cultivation systems. This indicator was then compared with the national

share of shifting cultivation (% of country area) using Spearman rank correlation.
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GDP analysis

To examine whether shifting cultivation extent is associated with national economic
development, we combined country-level estimates of shifting cultivation extent with cropland
statistics and economic indicators. Shifting cultivation area per country was derived from the

prediction map with the approach described in the Country-level statistics section.

Cropland area statistics were obtained from Peter Potapov et al.°, which maps annual and
perennial herbaceous crops and explicitly excludes shifting cultivation, woody plantations and
long-fallow systems. Total gross domestic product (GDP) and GDP per capita, were obtained
from the World Bank®'.

For each country, we calculated the ratio of shifting cultivation area to cropland area as an
indicator of the relative importance of shifting cultivation within agricultural systems. The
analysis was restricted to countries where shifting cultivation area exceeded cropland area,

focusing on systems where shifting cultivation represents a dominant land-use component.

The relationship between the shifting cultivation-to-cropland ratio and economic indicators (total

GDP and GDP per capita) was assessed using Spearman rank correlation.
HDI spatial analysis

Subnational socioeconomic associations were assessed using the Human Development Index
(HDI) data®®. Subnational units were classified into four categories: Low, Medium, High and
Very High. For each subnational unit, we calculated the proportion of land under shifting
cultivation and mixed woody plantations relative to (1) area of national land (2) area of tree-
dominated land. Tree-dominated land was defined as the sum area of shifting cultivation, high

tree-cover woodland and mixed woody plantation classes derived from the prediction map.
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Code Availability statement

An interactive map viewer of the pantropical shifting cultivation map is available at https://ee-

wanting.projects.earthengine.app/view/pantropicalshiftingcultivationmap. All codes used for

model training, inference, and accuracy assessment are available at https://github.com/ywant/sc-
mapping. Trained model weights and example data are deposited on Zenodo at

https://doi.org/10.5281/zen0d0.20392308.

Data Availability

PlanetScope imagery was accessed through the Norway’s International Climate and Forest
Initiative (NICFI) Satellite Data Program for non-commercial research use. Although the public
access programme has ended, data remain commercially available through Planet’s Tropical

Forest Observatory platform https://www.planet.com/tropical-forest-observatory/. The global

cropland dataset is available from the Global Land Analysis and Discovery (GLAD) laboratory,
https://glad.umd.edu/dataset/croplands. The World Wildlife Fund (WWF) Terrestrial Ecoregions

dataset is available from the WWF website, https://wwf.panda.org. Shuttle Radar Topography

Mission (SRTM) elevation data are available through Google Earth Engine
https://developers.google.com/earth-engine/datasets/catalog/USGS_SRTMGL1_003. The Global

Forest Change dataset is available at https://storage.googleapis.com/earthenginepartners-

hansen/GFC-2025-v1.13/download.html. Human Development Index (HDI) data are available

from the United Nations Development Programme https://hdr.undp.org/data-center/human-

development-index#/indicies/HDI. Gross domestic product (GDP) statistics are available from

the World Bank World Development Indicators database

https://databank.worldbank.org/source/world-development-indicators.
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