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Spatial patterns of cattle densities across
the Brazilian Amazon revealed by very
high-resolution satellite imagery
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Cattle ranching is a sustainability challengeworldwide, and in theAmazon, the planet’s largest tropical
forest, it remains the main driver of deforestation. Yet, cattle numbers have typically been estimated
from coarse census data or indirect proxies, limiting our ability to monitor land-use change at finer
scales. Here, we introduce a novel approach that applies deep learning-based density estimation to
very high-resolution satellite imagery to detect individual animals across the Brazilian Amazon. Our
cattle data set covers over 12,000 km² in four states and is integrated with pasture maps to analyze
property-level stocking rates. We find patterns of extensive land use, deriving conservative stocking
rate estimates of 0.73 head per hectare in 2018–2019, with lower cattle stocking rates on properties
with higher recent deforestation and properties further away from slaughterhouses. While the use of
VHR imagery presents challenges of coverage and detection, our framework establishes a foundation
for advancing livestock monitoring and supports strategies to address deforestation and promote
sustainable resource management.

Tropical deforestation accounts for a substantial share of global greenhouse
gas (GHG) emissions and is associated with a wide range of additional
environmental and social impacts1,2. The majority of this forest loss is
associated with agricultural expansion3, with resulting commodities fre-
quently destined for globalmarkets and integrated into the supply chains of
large corporate conglomerates4,5. In response, satellite-based monitoring
systems have been widely adopted to map forest clearing, strengthening
environmental law enforcement6, and enabling deforestation monitoring
within global supply chains7,8. Recently, various Artificial Intelligence (AI)-
based innovations have enhanced the monitoring of these land systems,
including detailed maps of vegetation structure and agricultural land to
foster efficiency and sustainable practices9,10. Yet, in the livestock sector, the
largest driver of deforestation worldwide11 and a pivotal component of
global land system sustainability12, satellite-based monitoring capabilities
and associated research remain less developed. Existing global and regional
livestock mapping efforts typically rely on downscaling methods13,14, costly
and time-intensive field assessments, or agricultural censuses15. Conse-
quently, the lack of scalable livestock monitoring severely constrains our
ability to analyze land-use practices and their environmental impacts,
particularly in remote deforestation frontiers where data gaps are
greatest16,17.

Here, we leverage recent technological advances to address this lim-
itation. Novel, very high-resolution (VHR, <1m spatial resolution) satellite
sensors enable the acquisition of observational data at large scales, opening
the possibility to visualize and count individual cattle from space18. Addi-
tionally, AI, or more specifically, neural network-based methods, have
proven their capability in processing and automatically analyzing such
imagery data19. Convolutional neural network (CNN)-based object detec-
tionmodels have already been used on VHR satellite imagery data to detect
and count different animal species20–22. More recently, other types of CNN
architectures called density estimators could further advance the field23,24,
offering two crucial advantages over the more commonly used object
detectors: they allow object counts to be estimated even when individual
objects occupy only a few pixels and when they occur in close proximity to
each other25. Cattle on VHR images occupy only 3–6 pixels and frequently
appear in crowded herds, making density estimators well-suited for this
task26.

Our study region is the Brazilian Amazon, where more than 90% of
deforested areas are converted into pasture2,27. Reducing the environmental
impacts from forest conversion in the cattle sector has been a crucial
component of Brazilian national climate and biodiversity strategies28,29, as
well as sector-specific supply chain commitments30. Despite decades of
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research and policy, the decoupling of cattle production from deforestation
remains unachieved31. Meanwhile, extensive practices and degrading pas-
tures reduce the pasture carrying capacity, further inciting the demand for
new land32,33. This is despite substantial evidence that improvements in
cattle management could simultaneously increase farm incomes and food
production while reducing pressure on forests34–36. Brazil’s ecological con-
ditions would allow cattle production to be intensified to ~3–4 animal units
(AU) per hectare35,37, yet current stocking rates remain far below, averaging
around 0.91 AU nationally34 and between 0.73 and 1.26 AU across Ama-
zonian States38–40. Amore spatially explicit understanding ofwhere and how
cattle production operates andhow it interactswith deforestationdynamics,
market access, and policy interventions could enable more targeted strate-
gies for sustainable intensification.

To derive cattle numbers across pasture landscapes, we employ a
congested scene recognition (CSR)-based density estimator25,26 on VHR
satellite imagery. We first validate image-derived cattle counts against field
observations and assess model performance across four states in the Bra-
zilian Amazon. We then generate cattle density maps covering more than
12,000 km² and quantify cattle densities across these regions. By integrating
property boundaries and land cover data, we examine the relationship
between stocking rates in 2018–2019, deforestation, and other land uses.
Specifically,we address twoquestions: (i) howcattle densities vary across the
Brazilian Amazon and which land-management characteristics typify
cattle-producing farms?; and (ii) which land-use factors are associated with
variation in stocking rates?

For our second question, we seek to shed light on how land-use
dynamics, market integration, and cattle stocking rates interact in Ama-
zonian cattle ranching3,41 using a fixed-effects regression model at the
property level. Specifically, we test whether farms that have cleared forest for
pasture exhibit higher stocking rates, potentially reflecting the temporary
fertility boost of newly deforested soils42, or instead lower stocking rates,
either because capital is diverted from intensification toward land
expansion43, or because ranching is pursued primarily as a strategy for land
speculation rather than productive use3,44,45. We explore the role of market
access in cattle ranching, testing whether proximity to slaughterhouses is
associated with higher cattle stocking rates through reduced transaction
costs, facilitating market integration46.

Results
Advanced remote sensing methods for cattle density and
stocking rate estimation
To assess the reliability of cattle detection in VHR satellite imagery, we
validated image-derived cattle counts (Fig. 1a) against field-based observa-
tions. Field data were obtained from the Agricultural and Forestry Research
Institute in Acre (Portuguese: Instituto de Defesa Agropecuária e Florestal
doEstadodoAcre (IDAF)) and surveydata47 across 29 cattle farms, resulting
in a total of 2155 individual cattle observations in five different VHR images
andproduction contexts in the state ofAcre (SupplementaryData S1).Cattle
production systems in the Amazon are predominantly extensive, char-
acterized byopenpasture areaswith little tree cover (~1-2 trees perhectare48)
and limited structures available for livestock shelter. Nonetheless, a fraction
of animals is expected to be occluded in the imagery49–51. In our validation,
we observed an overall image-to-field cattle detection rate of 77%. To
account for undetected animals, we adjusted image-based cattle counts with
a scaling factor of 1.3 (Fig. 1b, Supplementary Data S1).

The CSR-based density estimation model operates on image tiles of
~120 × 120m and produces both cattle count estimates and an ensemble-
based uncertainty measure (Fig. 1c). Themodel was trained on a data set of
6284 tiles and18,400 labeledcattle.Weestimated themodel performanceon
an independent test set spanning a range of cattle densities, regions, and
imagery sources (Supplementary Figs. 1, S2). The totalMeanAbsolute Error
ðMAEÞ was 0.30, relative to an average density of 0.89 cattle per hectare of
pasture. Error rates are comparable across regions (MAEAcre = 0.28,
MAEAmazonas = 0.41,MAEPará = 0.44,MAERondônia = 0.31), indicating that
the model generalizes well across the study area.

We then produced cattle densities with a 120m resolution across four
states in the Brazilian Amazon using 170 VHR satellite images with a total
coverage of 12,260 km² (Supplementary Data S2). The VHR imagery was
captured in the dry seasons of 2018–2019 (with some additional imagery
from 2017, 2020, and 2021, not used in subsequent analysis). The image
outlines and dates were manually annotated in Google Earth (Fig. 2a).
Overlaying these maps with MapBiomas land-cover data identified
7297 km² of pasture. With a total of 367,511 cattle, and after applying the
scale factor of 1.3, this results in an overall stocking rate SR of 0.65 cattle per
hectare of pasture (Supplementary Data S3). However, cattle distributions

Fig. 1 | Congested scene recognition (CSR) model for cattle detection on very
high-resolution (VHR) satellite imagery in the Brazilian Amazon. aA sample of a
120 m × 120 m and 0.3 meter resolution satellite image patch showing individual
cattle. b Comparison of field-based cattle numbers and cattle counts in satellite
images of 29 farms and 2155 animal heads. The dashed 1:1 reference line indicates
perfect agreement. The CSR estimates are scaled by a factor of 1.3 to account for

invisible and occluded animals in the imagery. cOutput of the CSR model, using an
ensemble approach: (i) predicted cattle heatmap for which the sum of the pixels p is
6.33 and (ii) an uncertainty measure based on the ensemble standard deviation; (iii)
the sum of the predicted cattle is converted into a scaled and rounded geo-referenced
cattle count. Images: Google ©2025 CNES/Airbus, Maxar Technologies.

https://doi.org/10.1038/s44458-026-00082-2 Article

Communications Sustainability |            (2026) 1:98 2

www.nature.com/commssustain


show differences according to their property registration status (Fig. 2b).
Using property boundaries from the Brazilian Rural Environmental Reg-
istry (Portuguese: Cadastro Ambiental Rural, CAR)52, we estimate that 13%
of detected cattle were located on pasture outside registered properties.

Low property-level stocking rates, pasture degradation, and
sparse uptake of integrated crop and livestock systems on
cattle farms
We assessed property-level stocking rates SRa by integrating cattle
densities with property boundaries and corresponding pasture areas

(Fig. 3a), and aggregated these to derive state-level averages (Fig. 3b).
The overall property-level stocking rate SRa is 0.73 ± 0.62 cattle per
hectare of pasture across states (mean ± standard deviation). Acre
exhibits the highest stocking rate (0.85 ± 0.72), while Pará shows the
lowest (0.49 ± 0.38). Stocking rates in Amazonas and Rondônia are
0.75 ± 0.71 and 0.72 ± 0.58 cattle per hectare, respectively. These esti-
mates likely represent a lower bound. To better understand these dif-
ferences, we compared municipal aggregates of our stocking rates with
the cattle herd numbers from the annually releasedmunicipal livestock
survey (Portuguese: Pesquisa PecuáriaMunicipal, PPM)53, and found a

Fig. 2 | Cattle densities in four states located in the Brazilian Amazon. aMap of
the Brazilian Amazon biome showing the outlines of 170 satellite images (in orange)
across pasture landscapes (yellow) covering 12,260 km2. The data set covers 56
municipalities (striped) in the states of Acre (AC), Amazonas (AM), Pará (PA), and

Rondônia (RO). b Example of a single VHR image outline: The predicted cattle
densities show the presence of cattle inside and outside of property boundaries of the
Environmental Rural Registry (Portuguese: Cadastro Ambiental Rural, CAR).
Image: Google ©2025 CNES/Airbus, Maxar Technologies.

Fig. 3 | Estimation and analysis of property-level cattle stocking rates (animals
per hectare pasture) of the states of Rondônia, Pará, Amazonas, and Acre in the
Brazilian Amazon in 2018-2019. a Example of property-level pasture area and
cattle numbers to derive stocking rates, as well as forest cover and deforestation
(2013–2017).bBar plots displaying the estimatedmean property-level stocking rates
in the years 2018–2019, grouped by states, error bars represent standard deviations.

c Coefficient plots from a state-fixed-effect regression on property-level stocking
rates (2018–2019), controlling for local variations. Both (i) deforestation for pasture
and (ii) distance to the nearest federal slaughterhouse are significantly negatively
correlated with stocking rates. Error bars represent 95% confidence intervals. Image:
Google ©2025 CNES/Airbus, Maxar Technologies.
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moderate positive correlation (r = 0.56, Supplementary Fig. 3,
Supplementary Table S1).

To further investigate land management, we integrated moderate and
severe pasture degradation and crop plantations maps into our selected
cattle-producing properties (Supplementary Fig. 4a–f). Moderate pasture
degradation was widespread, affecting 79.4% of the properties, while severe
degradation was observed on 19.7% of the properties. Among the states,
Pará showed the most extensive median levels of both moderate (47.0% of
property area) and severe pasture degradation (8.5% of property area)
(Supplementary Fig. 4d–f).

Additionally, little cropland was identified on cattle-producing prop-
erties.Ourfindings indicate thepresence of cropplantations ononly 0.4%of
cattle-producing properties, covering a median area of 4.5%, with only 5
properties in Pará and 7 properties in Rondônia (Supplementary Fig. 4e), a
more specific estimate than what previous studies report in broader
terms54,55.

Lower stocking rates are linked to past deforestation and lower
market access
We estimate linear regressionmodels with state fixed effects to examine the
association between deforestation and stocking rates, and between market
access and stocking rates. To account for local variations, the regression
includes controls for biophysical (temperature and precipitation), socio-
economic (population density, baseline stocking rates), and property-level
factors (size and forest cover).

We identified a robust negative association between recent deforesta-
tion for pasture (2013–2017) and stocking rates in 2018–2019 (β1 =−0.009,
p < 0.01, Fig. 3c–i). This relationship is notably time-dependent: defor-
estation occurring closer to the cattle observation period (2016–2017) is
associated with significantly lower stocking rates, whereas the effect pro-
gressively weakens for deforestation further in the past (Supplementary
Tables S2–S5). By 2013, deforestation is no longer significantly correlated
with 2018–2019 stocking rates. Although correlative, this temporal pattern
suggests a lag between forest-to-pasture conversion and herd buildup,
during which newly established pastures sustain fewer cattle. Such delays
may reflect land-use strategies oriented toward land occupation or spec-
ulation rather than immediate productive use3,45.

We further examined the role of market access by relating stocking
rates with distance to the nearest federally inspected slaughterhouse
(β2 =−0.013, p < 0.01, Fig. 3c-ii). Distance to slaughterhouses is sig-
nificantly and negatively associated with stocking rates, indicating that
properties located farther from market infrastructure tend to sustain lower
cattle densities. This pattern is consistentwith the hypothesis that proximity
tomarkets reduces transaction costs and supports a higher cattle density46,56.
The stability of both of these relationshipswas confirmed through a series of
robustness checks, including the use of alternative error structures, fixed-
effect specifications, and regressions on raw stocking rates without the scale
factor (Supplementary Tables S4, S5).

Discussion
This study introduces a novel approach to analyzing cattle density and
derived stocking rates in the Brazilian Amazon by applying a CSR-based
density estimation model to VHR satellite imagery. Our method comple-
ments existing work that relies on census13,15, supply chain30, or field survey
data57 by providing a means to monitor cattle production and land-use
change at unprecedentedly fine scales. In the following sections, we evaluate
the potential and inherent limitations of this deep learning approach. Fur-
thermore, we assess the implications of satellite-derived cattle density esti-
mation for future land-use research and the development of sustainable
agricultural systems in the Amazonian context.

A novel method to assess livestock production: contribution,
limitations, and versatility
By demonstrating a cattle density estimation model in the Brazilian Ama-
zon, we contribute to an emerging field of animal detection in satellite

imagery18. For the first time to our knowledge, we experimentally validated
cattle visibility in VHR images using field-based data and found a 77%
detection rate, reflecting that a subset of animals may be obscured by
vegetation or farm structure. We corrected this underestimation using a
scaling factor of 1.3 in subsequent analyses. The CSR-basedmodel achieved
anMAE of 0.30 cattle per hectare, an ensemble-based uncertainty measure,
and good generalizability across the four different Amazonian states. Other
density-based cattle countingmethods show similar performance on small-
scale assessments in the Amazon26, while object detectors or segmentation-
based models are used in other contexts58,59. By making model parameters
and code publicly available, we aim to support further refinement and
adaptation of our methodology.

Predicting cattle density over 12,000 km2 in fourAmazonian states, our
cattle maps complement other existing data on herd size and stocking rates
in the region,which are important tools formonitoringproduction intensity
and its environmental impacts. Reported numbers for herd size in Brazil
vary by source and methodology: in 2017, the agricultural census recorded
173 million heads, while annual IBGE municipal livestock survey (PPM)
estimates from the same year reported 215 million15,53. The discrepancy of
around 20% is sometimes attributed to undercounting of cattle in the
census, as portions of production remain informal60. With our scaled
stocking rate of 0.73 animals per hectare, our results most likely are below
both of these official numbers, as stocking rates derived from census data
average 0.91 AU34.We note that AU rely on herd compositionmetrics such
as age andweight of the animals; however, they are comparablewith simpler
cattle head estimations. Further research with greater spatial and temporal
coverage is needed to more accurately assess the extent to which our esti-
mates correspond to national statistics.

A key advantage of our method is its ability to identify informal cattle
production, allowing for high-resolution spatial understanding of cattle
presence, enabling explicit linkage to compliance and governance frame-
works, as well as cattle laundering and deforestation leakage61,62. Supply
chain traceability is a key issue in the Amazonian cattle sector, and Brazil’s
largest slaughterhouses have begun implementing traceability and
deforestation-free practices30. By independently mapping cattle locations,
we reveal new opportunities to validate, interpret, and complement existing
animal flow data used in the sector63. Notably, 13% of detected cattle in our
sample are located outside property boundaries, indicating that some pro-
duction might be unmonitored by environmental policy mechanisms.

Although these findings are particularly relevant for the Amazon,
the approach itself is applicable in other contexts. With grasslands
comprising roughly 40% of the Earth’s surface64 and livestock con-
tributing more than 15% of global GHG emissions65, the ability to
monitor livestock production at scale represents an emerging frontier in
sustainability science. Our approach is versatile and can be applied to
other cattle-producing landscapes, including in regions where con-
ventional data are even less available or reliable, such as in South
America and Sub-Saharan Africa. However, we note that the Brazilian
Amazon provides particularly favorable conditions for further devel-
oping and testing this approach. Cattle ranching systems are extensive
and characterized by relatively low tree cover on pastures, compared to
many livestock production landscapes in Sub-Saharan Africa, where
pasture tree densities often exceed 8 trees per hectare66.

Despite its broad applicability, our approach has several limitations.
Cattle in VHR satellite imagery occupy only a few pixels, making detection
inherently difficult and sensitive to image quality. While drone-based stu-
dies on cattle detection report much higher accuracies67, satellite-based
monitoring sacrifices ultra-high spatial resolution in exchange for scal-
ability, enabling consistent observation across large regions. However, the
availability of publicly accessible VHR imagery remains very low, com-
mercial acquisition is costly, and imagery licensing restrictions hinder data
sharing and scientific reproducibility67. Coverage is spatially incomplete and
temporally discontinuous, relying on snapshots in time rather than wall-to-
wall or time-series data. Finally, image availability in theAmazon is strongly
biased toward dry, cloud-free periods, when pasture productivity and cattle
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densities are typically lower68, possibly contributing to our lower-bound
stocking rate estimates.

Towards high-resolution, imagery-based land use models
Unlike most prior work relying on municipality- or landscape-level data56,
our property-level analysis provides a finer-grained understanding of land-
use heterogeneity. Our findings highlight the persistently low stocking rates
across the Amazon and widespread extensive cattle ranching (Fig. 3), with
minimal crop-livestock integration and prevalent pasture degradation
(Supplementary Fig. 4d–f). This aligns with the established literature
describing inefficient pasture use in the Amazon34,37,44,56 and underscores
substantial room for sustainable intensification without further land
expansion. However, despite decades of research and policy support35,55, the
adoption of these practices remains low. High initial investment require-
ments and weak information transfer to producers are often cited to con-
strain the uptake of more efficient cattle production systems69–71.

Through the first regional-scalemapping of individual cattle across the
Brazilian Amazon, we provide more nuanced evidence of the driving
mechanisms linking observed livestock densities to deforestation histories
and market connectivity. Regression results reveal a negative association
between stocking rates and deforestation in preceding years, suggesting that
herd build-up after forest clearing is slower than expected under a soil
fertility or a boom-and-bust model42. As recent syntheses indicate, the links
between forest loss and agricultural production are more complex than
simple commodity expansion alone3,31. Herd expansion may be delayed by
financial constraints or broader land speculation cycles72. Cattle can also
serve as a low-cost strategy for occupying newly deforested land, with the
expectation of land appreciation and eventual sale to more capitalized
agricultural producers45.

We also find a significant negative relationship between distance to the
nearest federal slaughterhouse and stocking rates. This result is consistent
with the understanding that improved formal market access facilitates
intensification and aligns with studies at higher spatial scales56. At the same
time, the relationship may be more complex than our analysis captures.
Federal slaughterhouses represent only one segment of cattle markets;
informal and regional slaughtering channels may also influence stocking
decisions, but remain poorly documented73.

The path to sustainable agricultural systems in the Amazon
Extensive ranching, deforestation, fire, and degradation of the Amazon
forest continue to persist, along with many incremental shifts in monetary
incentives for conventional agricultural activities74. The need to find ways
out of the extensive cattle ranching lock-in is more urgent than ever75,76.
Decoupling production and deforestation in the Amazon has been difficult
for decades, with historical and structural drivers deeply entrenched44.
While intensification is often promoted as a pathway to reduce pressure on
forests, it also carries risks.Without effective governance, productivity gains
can trigger reboundor leakage effects, simultaneously increasingproduction
on established properties while incentivizing the opening of new defor-
estation frontiers46,77.

In this context, technology-assisted monitoring can play a critical
enabling role78. When implemented in a just and equitable manner, fine-
scale monitoring can support more transparent governance, inform inte-
grated land-use policies, and help align incentives across actors79. Crucially,
such tools must be embedded within participatory approaches that support
the co-design of production strategies with local producers and policy-
makers. Only through the integration of technological capacity with
inclusive governance can transitions toward more sustainable land-use
systems in the Amazon become viable80.

The newest set of policies adopted by Brazil shows promise in pro-
motingmore sustainable production systems in theAmazon, aiming to stop
deforestation by 203028. Their revised federal action plan includes efforts to
initiate a paradigm shift towards more integrated systems, a pillar of the
action plan that has been neglected in previous cycles28. Yet, international
support will be needed to support Brazil in this effort, both by ceasing

financial flows to harmful activities like pasture expansion and redirecting
them to more valuable and conservation-compatible activities.

Materials and methods
VHR satellite imagery
WeacquiredVHR satellite imagerywithRGB (Red,Green, andBlue) bands
for the years 2017-2021 and manually annotated the provider (Maxar
Technologies and CNES/Airbus) and acquisition date for different large
image patches using Google Earth81. Images originate from different VHR
imagery sensors, including WorldView-3 (ground sampling distance,
GSD = 0.30m), WorldView-2 (GSD = 0.46m), and Airbus Pleiades
(GSD = 0.50m). We used Google Earth historical imagery to verify indi-
vidual cattle andmatch the time range of the field-based cattle numbers. All
images were downloaded with the same zoom level corresponding to a
ground sampling distance of 0.30m.

Cattle verification on VHR satellite imagery
Using field-based cattle counts, we verified the visibility of cattle in five
satellite images spanning five municipalities in Acre (Supplementary
Data S1). Field-based, property-level cattle numbers were obtained from
two sources: (1) semi-annual property-level stock data for 21 farms from the
Instituto de Defesa Agropecuária e Florestal (IDAF) database, combined
with inflow and outflow transaction records to align with the date of each
satellite image; and (2) survey data from 8 additional farms collected in late
202147. Geo-referenced farm locations from the field-based survey were
compared with property boundaries obtained from the CAR. The selection
of these specific farms prioritized diversity in satellite sensors, imagery
acquisition dates, and seasonal coverage. Detection performance was con-
sistent across sensors, with Airbus imagery yielding an 80% detection rate
and Maxar imagery 75% (Supplementary Data S1). Due to the limited
availability of field data, stratification by additional farm characteristics
remained unfeasible, and the validation could not be extended to other
regions. Although we use the detection rate to derive a general scale factor
for the CSR-based cattle density estimations, we note that the representa-
tiveness of the field-based data set might not cover all production system
heterogeneity, region- and site-specific vegetation conditions. However, we
note that similar extensive cattle ranching practices and tree cover are
expected across the assessed region40.

Generation of training and test sets
Training data selection followed a stratified approach to mitigate sensor-
specific artifacts and environmental variability. In doing so, we integrated
imagery from distinct providers (Maxar and CNES/Airbus) while spatial
and environmental diversity was manually ensured by sampling from five
geographically distinct municipalities in the state of Acre and the state of
Pará. Images were processed using a tiling strategy into patches ranging
from 400 × 400 to 420 × 420 pixels, corresponding to a ground sampling of
~120m×120m. Bounding boxes around individual animalswere drawn in
LabelImg82 and then converted into density maps using a Gaussian filter
with a kernel size of 525. The training and validation set consists of 6284
patches with cattle herds containing 18,400 labeled cattle. We note that, as
more than 80% of the cattle stocks in the Amazon are of the Nelore Bos
indicus breed83, the majority of the training data set represents low-
pigmented (i.e., white) cattle; the exact share of white cattle has not been
assessed.

For the test set, to ensure geographic representativeness across the
BrazilianAmazon, we employed a stratified sampling approach targeting all
covered states, selecting tiles that represent a gradient of cattle densities. For
each state, at least two distinct imagery sources were manually selected to
account for within-state pasture heterogeneity and differences in satellite
sensors, resulting in 495 image tileswith a total of 639 cattle. The training set
was annotated by the first author and validated by 10 different verification
assistants. The test set was constructed by the first author, with data
annotation performed by a labeling assistant and subsequent quality
assurance conducted by a second verification assistant.
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Model architecture, training, and testing
To predict cattle numbers, we used a CNN-based density estimationmodel,
based on the congested scene recognition (CSR) architecture as described in
Li et al.25, a method used before to detect cattle26. Our model instance is
designedwith aVGG-1684 backbone for feature extractionwith 3 ×3 kernels
for a constant receptive field size and trained on the ImageNet data set. The
decoder includes dilation, sparsely enlarging receptive fields by a dilation
factor of 2, leading to 5 ×5 kernels, but without increasing the number of
parameters. The model output, consisting of a density map, is 8 times
smaller than the image input size. We utilize a Mean Squared Error loss
function and Adam optimizer with a fixed learning rate of 1 × 10−5 to train
the model. The network was trained in 100,000 iterations, with a batch size
of 16 and horizontal flipping for data augmentation. We used Python 3.9
and PyTorch 1.13.185 to implement the CSRNet architecture.

To test the model, we compared the predicted cattle numbers of the
model outputs to the manually labeled cattle in the test set patches Ci

GT,
indexed by i = 1,…, N. In the case of the CSRmodel, the predicted number
of animals Ci for patch i is the sum of the pixel values of the model output

density map, i.e., Ci =
PW=8

w¼1

PL=8

l¼1
zl;w;i. L, W are the length and width of the

image, and zl, w, i is the pixel value at (l,w) of the densitymap (which is L/8 x
W/8 in size).The error ratewas calculated as themeanabsolute error (MAE)
between Ci and CiGT for all N test patches. This error was then converted
into units of cattle per hectare by considering the GSD of 0.3 and the size of
each input image patch (set to 400 px x 400 px, corresponding to
120m × 120m).

MAE½cattle=hectare� ¼ 0:694 ×
1
N

XN

i¼1

Ci � CGT
i

�
�

�
�

Additional test set performance metrics, including mean absolute
percentage error and mean error for stratified samples across cattle-density
classes and Brazilian states, as well as examplemodel outputs onMaxar and
Airbus imagery, are presented in Supplementary Figs. S1, S2.

Ensemble method to measure uncertainty
We noted variations in model performance across different images, which
were largely due to differences in image quality and the contrast between
cattle and their background. To address this, our model not only provides
predictions but also estimates an uncertainty value to flag low-confidence
predictions. We use an ensemble of five models with randomly initialized
network parameters. For each target pixel, we calculated the mean (zp) and
standard deviation (σp) from the singlemodel outputs, which resulted in the
cattle number and uncertainty measure (as in Fig. 1b), respectively. This
ensemble approach enables a more robust prediction through model
averaging and the estimation of epistemic uncertainty. The discrepancy
between predictions is typically higher on samples corresponding to chal-
lenging parts of the data distribution. Hence, the standard deviation of the
predictions σp, helps measure the reliability of the prediction for a given
image86.

Prediction on the full imagery set
The ensemble CSRNet was applied to 170 satellite image patches with an
average of 71.2 km2 and a total of 12,260 km2. Satellite images were selected
based on availability until saturation. Full details on image outlines,
including acquisition dates, data provider (140 images from Maxar, 30
images from Airbus), and geo-referencing information, are provided in
Supplementary Data S2. For all stocking rate estimations (Fig. 3b, Supple-
mentary Fig. 3), land use characterization (Supplementary Fig. 4a–f), and
regression analysis (Fig. 3c), we used imagery of the years 2018-2019, the
years with the highest abundance of VHR images at the time of data
acquisition. We combined the two years to have higher spatial coverage.

We created cattle densities consisting of geo-referenced data points in
the center of each patch, detailing both the estimated cattle numbers μa and

the ensemble standard deviation σ (ormodel uncertainty) of these estimates
(Supplementary Data S3). The sum of the cattle was rounded to whole
numbers.

Stocking rate estimations and secondary data integration
Overall stocking rates (SR). Using pasturemaps fromMapBiomas27, we
derive the stocking rates by using CSR-based cattle numbers divided by
the mean pasture area within VHR imagery outlines and scaled with the
detection rate-derived factor of 1.3.

Stocking rates at the property-level. Next, we used the CAR to
aggregate cattle numbers at the property level. For each property a with
an image patch set Pa within the image borders, we summed up the
ensemblemean μa of the predicted cattle number within the property and
added a scale factor of 1.3 (see also Supplementary Fig. 4a).We calculated
the mean pasture area Pasta for the years 2018 and 2019. Property
stocking rates (SRa) were then calculated as

SRa ¼
1:3 �PPa

μa
Pasta

Out of 7701 property boundaries from theCAR thatwere fully covered
by the image outlines, 60% showed cattle (we filtered for aminimum of five
animals to reduce the influence of detection noise). We focused on prop-
erties between 5 and 800 hectare in total area to exclude very small holdings
with irregular land-use patterns and very large properties that may be
managed heterogeneously. Further, to mitigate the influence of outliers, we
removed the 10% of property-level estimates with the highest mean
uncertainty σ (a threshold empirically determined on validation data).

Municipal stocking rates. We derived stocking rates on the munici-
pality level by using the cattle mapping-derived cattle numbers per
municipality (scaled by 1.3) and mean pasture area within VHR imagery
outlines (Supplementary Fig. 3a).We filtered formunicipalities for which
we have imagery for at least 50 km2 pasture area, representing a cutoff
below which sampling variability increased sharply, and estimates
became unstable. Supplementary Table S1 further provides a summary of
the proportion of pasture captured.

We then comparedourmunicipal stocking rateswithofficial estimates,
derived from the municipal livestock survey (PPM), averaging animal head
numbers for 2018–2019 and dividing by the mean municipal pasture area
over the same years, following conventions in the literature87. The Pearson
correlation between our mean municipal stocking rates and official esti-
mates was calculated using the cor() function in R (Supplementary Fig. 3b).

Other landuses.Mean crop area for 2018 and 2019was derived from the
MapBiomas classes ‘mosaic of crops’ and ‘soybeans’, while other crop
classes were not represented in the sample. Similarly, mean pasture
degradation for moderate degradation and severe degradation classes, as
defined by MapBiomas27, was calculated for each property (Supple-
mentary Fig. 4). Bothmean crop area and pasture degradation showed no
correlation with stocking rates.

Regression analysis
We employed a state fixed-effects (FE) regression model to account for
state-specific characteristics and added control variables to account for local
variations, allowingus to assess the associationof different variableswith the
stocking rate (SRₐ) for each property a.

We included Deforestationa; t�6;t�2½ � as the proportion of property a’s
area that was deforested and converted into pasture in a four-year window
preceding the observationperiod.This lag structure allowsus to focus on the
medium-term association of forest clearing with herd development. We
selected2013as thebaseline year because interactionsbetweendeforestation
and cattle stocking rates are expected to materialize within a medium-term
window governed by biological herd dynamics and pasture establishment
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processes88. Deforestation for other land uses, such as crop plantations, is
negligible in our study region (Supplementary Fig. 4)2.

We further assumed that higher market access would positively
influence stocking rates. Tomeasuremarket access, we used a georeferenced
slaughterhouse data set from the Transparency for Sustainable Economies
(Trase) initiative89 to calculate the distance to the closest slaughter-
house ðDistSlaughterhouseaÞ.

To account for local variations, we included several controls into our
model. PropertySizea was used to control for differences in landowner
classes, which determines resource access, such as credits for farm invest-
ments, commonly used in the literature as a control variable16,90.
PopulationDensitya

91 at the municipality level was included in the model to
control for the development rate in the region. We further included a
baselinePPMStockingRatesð%Þa;t�6, derived from the municipal livestock
survey (PPM) of the year 2013 and pasture area for the year 2013 at the
municipality level to account for pre-existing differences in production
intensity across regions. ForestCoverð%Þa;t�6, measured as the share of
forest cover in 2013 at the property level, was incorporated to represent
baseline forest availability, while ForestCover Buffera;t�6 represents forest
cover in a 10 km buffer region around the property to account for regional
forest availability.

AvgPrecipitationa and AvgTemperaturea are included as biophysical
control factors influencing pasture growth and, therefore, stocking rate
capacity34. For precipitation, we use the NASA Monthly Global Precipita-
tion Measurement (GPM) v6 with a resolution of 27,830 m92, and for
temperature, we use the measurements from the Global Change Observa-
tion Mission with a resolution of 4638 m93, both taking the mean over
2018–2019 for each municipality. The data used are further described in
Supplementary Table S2.

The FE-Full includes the following estimators:

SRa;t ¼β1Deforestationa; t�6;t�2½ � þ β2DistSlaughterhousea;t

þβ3PropertySizea;t þ β4PPMStockingRatea;t�6

þ β5ForestCoverBuffera;t�6 þ β6ForestCovera;t�6

þ β7AvgPrecipitationa;t þ β8AvgTemperaturea;t
þ β9PopulationDensitya;t þ δs þ ϵa;

where ϵa is the error term, and δs is the state fixed effects. Errors were
clustered at the municipality level. The summary statistics of the variables
are available in Supplementary Table S3. In Supplementary Table S4, full
model parameters include fixed effects with clustered errors, as well as
heteroskedasticity-robust errors and a model specification with single-year
deforestation variables for 2013–2017. Furthermore, we present the
estimates of the regression for unscaled cattle stocking density in
Supplementary Table S5. We show the fixed-effects model with errors
clustered at the municipality level in our main results because it is the most
conservative model. Confidence intervals for Fig. 3 were calculated
following Figueiras et al.94.

R95, the R stats packages for statistical tests, geoprocessing packages sf 96

(v. 1.0.19) and exactextractr97 (v. 0.10.0) were used for spatial analysis. The
buffer metrics were calculated using standard geospatial functions in the sf
package. The package fixest98 (v. 0.12.1) was used for regression models.

Data availability
Details of datasets for the analysis and download links are provided in the
Supplementary Information. Please note that the underlying very-high-
resolution (VHR) satellite imagery used for training and inference cannot be
shared publicly due to third-party copyright restrictions. However, raw
image footprints, timestamps, and derived cattle density outputs and
regression variables are provided in the Supplementary Information.

Code availability
The CSR model and data set are available on https://github.com/
leoniehodel/deepCattleCount, and the pre-trained model parameters are
available on https://doi.org/10.5281/zenodo.13385687, Supporting code
and data for the regression analysis are accessible via https://doi.org/10.
24433/CO.4884776.v2.
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