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Abstract

There is a lack of detailed demographic data in the northern Brazil region from the 1980s to the early 2000s. These data are
available only at the municipal level, which in northern Brazil corresponds to extensive territorial areas. This data gap may hinder
understanding of various human settlement processes in the region, affecting insights into processes such as the expansion of
economic activities, deforestation, and even violent conflicts. Machine learning algorithms, such as Random Forest, combined
with geospatial data from different sources, can be employed to disaggregate demographic data, transforming the discrete space of
municipal polygons into a continuous raster surface. Thus, this study aims to assess the performance of these technologies under
limited data availability in scenarios similar to those in the late decades of the twentieth century. To this end, a Random Forest
model was implemented and evaluated against both the 2022 Brazilian census data and the WorldPop dataset. The results indicate
that the methodology proposed here is a viable solution in data-scarce contexts, yielding estimates comparable to official census
figures and to more complex products like WorldPop, while demanding significantly less computational effort. Future research
should examine the model’s performance across broader and more heterogeneous regions to better assess its generalizability.

1. Introduction

The Northern region of Brazil is characterized by vast mu-
nicipal territories, low population density, and small urban
clusters. This combination poses challenges for academic stud-
ies on population dynamics, as well as for the implementation
of public policies and urban and socioeconomic planning in the
region. Traditional population data often distribute inhabitants
homogeneously across municipal areas, obscuring real popu-
lation distribution and failing to reflect local demographic dy-
namics.

During the past two decades, significant progress has been
made in producing spatially disaggregated population data
worldwide. In Brazil, the Brazilian Institute of Geography and
Statistics (IBGE), through initiatives such as the National Re-
gister of Addresses for Statistical Purposes (CNEFE), enables
population disaggregation beyond the municipal and census
sector scales. First introduced in the 2000s and refined in the
2010 and 2022 censuses, CNEFE now provides georeferenced
data for nearly all urban and rural households in Brazil. This
official data set is a milestone for validating household-scale
population disaggregation models. However, such data are only
available for periods after 2010. For years, the distribution of
the population remains homogenized at the municipal level.

Dasymetric maps, whilst effective under some circumstances
(Eicher and and, 2001), it may not fully apply to the peculiar-
ities of the Brazilian Amazon, where municipalities have territ-
ories as large as some countries and the urban clusters are small
and/or disperse.

Globally, programs like WorldPop disaggregate population data
using spatial datasets (e.g. remote sensing imagery) and ma-
chine learning algorithms such as Random Forest (Stevens et
al., 2015). This initiative, supported by an extensive research
infrastructure, has produced consistent demographic data since
the 2000s, particularly for developing countries with limited
census resources, and is widely used by professionals in urban
development, public health, and environmental sectors. Never-
theless, its estimates are limited to year 2000 and beyond, and
employ a grand total of more than 30 covariates, with trees al-
lowed to grow maximally (Stevens et al., 2015), which may
severely increase processing time.

Several studies have employed similar methodologies to gen-
erate per-pixel population count and density estimates. For in-
stance, (Qiu et al., 2020) utilized a Random Forest model with a
relatively concise set of ancillary data, though their analysis was
restricted to Zhengzhou and incorporated social variables such
as points-of-interest and building footprints. Meanwhile, (Jiang
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et al., 2023) applied a dual-attention neural network to estimate
population from remote sensing imagery, but this deep learning
approach substantially increases computational demands. Ad-
ditionally, their reliance on nighttime lights data, which suffers
from temporal gaps and coarse spatial resolution.

Other approaches include the work of (Sanchez-Cespedes et al.,
2024), who combined raster and vector data (including social
cartography variables) within a Bayesian framework to estim-
ate populations in hard-to-reach regions of Colombia. Simil-
arly, (Campos et al., 2020) employed regression models based
on Landsat ETM+ imagery and Brazilian census tracts to de-
rive post-census population distributions in Contagem, Minas
Gerais. While effective, these studies focus on post-2000 data
and integrate multiple data layers, increasing computational
complexity. Moreover, they primarily aim to project future pop-
ulation distributions rather than reconstruct historical estimates.
Notably, (Qiu et al., 2020)—like WorldPop—relies on Random
Forest but incorporates over thirty variables, including social
cartography data, further complicating the model. Finally, re-
gression models calibrated for a single urban area may not gen-
eralize well to other regions, as highlighted by (Yagoub et al.,
2024).

Therefore, despite such advances, three caveats still persist:
there is a data gap for periods prior to the 2000s, algorithms
take too much processing resources and time - with several lay-
ers and variables, and models are not customized to the idiosyn-
crasies of settlements in the Amazon and to the lack of geore-
ferenced databases for the region. These end up hindering the
reconstruction and analysis of critical population dynamics in
northern Brazil. For example, intense migration to the region
during the 1980s and 1990s drove agricultural frontier expan-
sion, deforestation, land conflicts, and increased violence. Dis-
aggregated population data for this period are essential to un-
derstanding these dynamics, and their integration with recent
data could extend the temporal scope of demographic studies,
allowing deeper insights on the subjects.

This study proposes a lightweight Random Forest model to
disaggregate population data for Ronddnia, northern Brazil.
Trained on 2022 data and validated against CNEFE records,
the model addresses the scarcity of georeferenced historical
data (1980s—1990s vs. 2010s-2020s) by relying on minimal,
replicable ancillary data layers spanning 40+ years. We hy-
pothesize that high accuracy for 2022 would permit extrapol-
ation to earlier decades. Beyond producing reliable demo-
graphic estimates for understudied periods, the study aims to
provide a simple, accessible framework adaptable to diverse
contexts—even with limited computational resources.

2. Materials and Methods
2.1 Population and census data

We used the IBGE total population for both municipal and
census sectors boundaries as reference data. Total municipal
population data were employed for training the Random Forest
model, while census sector population was used exclusively for
validation and assessment of the results.

2.2 Covariates

Covariates used in our Random Forest model were selected
based on WorldPop’s methodology (Stevens et al., 2015), which

iteratively refines their Random Forest models using fewer
covariates in successive iterations, retaining only those with
demonstrated importance. Additionally, covariate selection pri-
oritized availability of the data for the 1980s—1990s period.
Variables such as roads or municipal/district headquarters, for
example, were excluded due to data unavailability or the need
for manual editing (e.g., vectorization of analog maps).

The covariates we used include: (a) Proximity images derived
from MapBiomas land use and cover classes (LUCC), (b) Res-
idential and non-residential built-up areas from the Global Hu-
man Settlement Layer (GHSL), (c) Spectral indices derived
from Landsat-8/OLI imagery (NDVI: Normalized Difference
Vegetation Index; NDBI: Normalized Difference Built-up In-
dex), and (d) elevation and slope data from the Shuttle Radar
Topography Mission (SRTM). Except for the proximity images,
all covariates were sourced via Google Earth Engine (GEE) and
processed using python and Jupyter Notebook in Google Colab.

MapBiomas was selected for its full Google Earth Engine
(GEE) integration and automated annual LULC mapping since
1985, offering efficient large-scale analysis despite being more
conservative than PRODES (Neves et al., 2020, Maurano and
Escada, 2019). The GHSL, developed by the European Com-
mission, was chosen for its similar timespan (using Landsat and
Sentinel data from 1975 on) and proposal to identify settlments
with more than 50,000 inhabitants (Melchiorri, 2022). NDVI
and NDBI indices were also chosen for their level of relevance
to previous studies, and direct correlation to natural areas and
water bodies - where population is mostly absent. Finally, the
SRTM elevation dataset was adopted for its balance between
accuracy and GEE compatibility, despite not being the highest-
resolution option available (Uuemaa et al., 2020).

All covariates were resampled to a pixel size of 100 x 100m.
This ensures that the generated model is compatible with the
Worldpop data and at the same time allows for faster and more
efficient execution in the Google Colab and Google Earth En-
gine environments. All covariates used in this study are from
the year 2022, except the GHSL layer (year 2020) and SRTM,
from the early 2000’s.

2.2.1 Distance Images Distance images represent pixel dis-
tances (in kilometers) to reference features, with pixel val-
ues thus increasing with distance from these features. These
were generated using Python’s distancerasters library, which
employs the Haversine formula in order to calculate distance.
Based on WorldPop’s covariate importance and Amazonian re-
gional characteristics, seven LUCC classes were selected: (1)
Water, (2) Forest, (3) Savanna, (4) Grassland, (5) Urban, (6)
Anthropic, and (7) Secondary Vegetation. Classes 1-5 were
sourced from MapBiomas’ Land Use/Cover Collection (v9),
while classes 67 came from its Deforestation/Secondary Ve-
getation Collection. MapBiomas provides annual data from
1985 to 2024, which is critical for temporal analysis.

2.2.2 Global Human Settlement Layer The European
Space Agency’s (ESA) Global Human Settlement Layer
(GHSL) project offers a group of several products that delivers
detailed human settlement and population mappings. We used
the 2020 Global Built-up Surface product (P2023A) for both
Residential and Non-Residential covers. This data is available
in 5-year intervals from 1975 onward, with projections to 2030.

2.2.3 Spectral Indices NDVI and NDBI (both well known
and easy-to-use indices (Tamiminia et al., 2020)) for 2022 were
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calculated using USGS Landsat-8 Level 2, Collection 2, Tier 1
surface reflectance imagery. Processing steps included (a) Se-
lecting all available scenes for 2022, (b) converting pixel digital
numbers to surface reflectance, (c) applying cloud/noise filters
on each available scene, (d) calculating NDVI and NDBI for
each scene, and (e) calculating median pixel values to generate
synthetic NDVI/NDBI composite layers for the year 2022.

2.24 Shuttle Radar Topography Mission Elevation
(meters) and slope (degrees) layers were derived from the
Shuttle Radar Topography Mission (SRTM) version 4 digital
elevation model.

2.3 Dasymetric Mapping

In order to train the Random Forest model, a dasymetric popu-
lation mapping was created. Total population values were then
allocated to Mapbiomas urban clusters boundaries. This pro-
cess involved two stages:

Stage 1: For each municipality, the total area of urban clusters
within its territory was calculated. Each cluster’s proportional
area was then squared and normalized to create a weight layer,
emphasizing larger urban areas even if their sizes were similar
and proportional. The municipality’s total population was mul-
tiplied by these weights to allocate population proportions to
individual urban clusters.

Stage 2: The value of population assigned to each cluster was
distributed homogeneously across its pixels. The geometric
centroids of the clusters were calculated, and the inverse nor-
malized distance from each centroid was derived (maximizing
values for centroid-proximal pixels and minimizing them for
distant ones). The product of the homogeneous population layer
and the distance layer resulted in a radial population distribution
around cluster centroids, where most of the population lays in
the central areas and diminishes in periferical areas.

2.4 Random Forest

The Ronddnia Random Forest Model (RRFM) was trained with
500 trees (following [2]), default mtry (square root of total co-
variates), and a maximum tree depth of 10. A stratified random
sample of 100,000 points was used: half of the total points for
each urban class areas (MapBiomas) and non-urban regions. Of
these, 80 percent of the total points were allocated to training.

The Random Forest algorithm was selected due to its seamless
integration with Google Earth Engine, flexibility, and proven re-
liability as a machine learning (ML) regressor for remote sens-
ing applications (Belgiu and Dragut, 2016, Phan et al., 2020,
Magidi et al., 2021). Its widespread use and reproducibility
across diverse scenarios make it a practical choice. Compared
to other ML algorithms, Random Forest often delivers super-
ior performance (Ouchra et al., 2023), balancing high accuracy
with effective modeling of non-linear relationships while mit-
igating overfitting risks (Srivastava and Kumar, 2013). Addi-
tionally, tree depth optimization was implemented to enhance
computational efficiency and accommodate the constraints of
free platforms like Google Colab (Yang et al., 2022), providing
faster training and prediction and even less overfitting. Also,
it was expected to yield reasonably good results (Duroux and
Scornet, 2018).

2.5 Post-Processing

A correction factor was applied to mitigate population overes-
timation that occur in such models [2]. For each municipality,
the factor was calculated as the ratio of reference population to
the estimated population. This ratio was then uniformly applied
to all pixels within the municipality.

2.6 Validation

Validation occurred in two stages: first, the total population es-
timates from RRFM and both WorldPop Brazil Constrained and
Unconstrained (WPBrC and WPBrUn, respectively) were com-
pared against IBGE population census data, at census sectors
level. The Mean Absolute Error (MAE), Root Mean Squared
Error (RMSE), R? and the mean Error Bias (the mean between
the difference between predicted and reference values) were
computed. In addition, spatial error patterns were assessed.

3. Results

3.1 Covariates Importance

The mean decrease in node impurity (MDI) highlights (Fig-
ure 1) the GHSL Residential areas (ghsl_res) as the domin-
ant predictor (MDI = 0.687), followed by Distance to Savanas
(dst_savanas) with MDI = 0.080, Elevation (0.076), Distance
to Grasslands (dst_grasslands) (0.055), and Distance to Wa-
ter Bodies (dst_water) (0.044). Remaining variables exhib-
ited negligible influence (MDI ; 0.02): Distance to Sec-
ondary Forests (dst_secondary) GHSL Non-Residential areas
(ghsl_nres), Slope, NDVI and NDBI showing minimal to near-
zero importance (MDI equal or less to 0.004). The observed
MDI values reflect important characteristics of the urban oc-
cupation in the Amazon Basin: the occupied areas are mainly
regions with low elevation, close to rivers and floodplain areas.
These wetlands, such as varzeas and igapds, have as their pre-
dominant vegetation forests with smaller trees and areas occu-
pied by grasses.

Covariates importance

GHSL: Residential
Distance - Savanas
Elevation

Distance - Grasslands

Distance - Water
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Figure 1. Mean decrease in node impurity (MDI) observed for
the Rondonia Random Forest Model (RRFM).

3.2 Model Comparisons

The Ronddnia Random Forest Model (RRFM), along with
the WorldPop Brazil Constrained (WPBrC) and Unconstrained
(WPBrUn) models, were compared against 2022 IBGE census
data. This comparison is partially limited due to methodolo-
gical discrepancies between the models: (a) WPBrC and WP-
BrUn use projected population data for 2020 based on the 2010
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Figure 2. Visual assessment of Porto Velho estimated people per pixel for each one of the models: (a) Rondénia Random Forest
Model - RRFM, (b) Worldpop Brazil Constrained - WPBrC and (c) Worldpop Brazil Unconstrained - WPBrUn.

Census, rather than the 2022 Census itself, and (b) these models
also employ several covariates from distinct years (e.g., 2015
land use/cover classes, multi-year road networks). The mod-
els were compared using the Mean Absolute Error (MAE) and
Root Mean Squared Error (RMSE), in addition to the coefficient
of determination (R2) and error bias.

3.21 MAE and RMSE The RRFM showed a slightly
lower Mean Absolute Error (MAE) than WPBrC but higher
than WPBrUn: 259.2, 275.8, and 252.2 persons per pixel (ppp),
respectively. For Root Mean Squared Error (RMSE), RRFM
yielded higher values than both WorldPop models: 477.8 ppp
versus 407.4 (WPBrC) and 387.8 (WPBrUn). This suggests
that while RRFM achieves comparable average accuracy to
WorldPop models, it exhibits greater error dispersion, likely due
to localized extreme variations.

The tendency for RRFM showing greater error dispersion can
be related to the fact that the model employs, as the Random
Forest training layer, an population dasymetric layer where the
values are . Thus, RRFM disagregates population radially 2,
and when the data is compared with the IBGE sectors, the
model’s error increases.

This dispersion, concentrated in high-density urban areas, may
stem from two factors. The first one is linked to dasymet-
ric mapping limitations: while RRFM’s independent variable
(urban cluster-based population allocation) distributes popula-
tion radially based on the centroid of each urban cluster 2,
WorldPop models integrate IBGE census sectors as inputs,
providing higher demographic granularity and heterogeneity.
The latter may be connected to the reduced number of cov-
ariates: The RRFM’s limited number of covariates (compared
to WorldPop) may struggle to explain population variability in
complex Amazonian landscapes.

3.2.2 Coefficient of Determination All models exhibited
low R2? values: -0.48 (RRFM), -0.08 (WPBrC), and 0.02 (WP-
BrUn). These results indicate that none of the models suffi-
ciently explain population variability, particularly the RRFM.
Even WorldPop models, which utilize significantly more cov-
ariates, achieved R2? values near zero, underscoring the inherent
challenges of modeling heterogeneous populated regions like
the Amazon region.

3.23 Error Bias All models displayed an overall tendency
to overestimate population per pixel. The WPBrUn showed the
highest bias (+79.9), followed by RRFM (+43.8) and WPBrC
(+39.2). Alongside spatial error distribution analysis, it is pos-
sivel to assess that both RRFM and WPBrC have high error
variability, with both over- and underestimations across census
sectors, and WPBrUn shows predominantly positive error dis-
tributions, reflecting systemic overestimation.

The RRFM’s lower bias magnitude compared to WPBrUn sug-
gests that temporally synchronized covariates (aligned with
2022 census data) improve mean estimates despite persistent
challenges in outlier regions.

3.3 Spatial Error Analysis Highlights

High-magnitude errors occur mainly in clustered/densely popu-
lated areas (i.e., areas tightly stacked with census sectors within
urban zones). Visual analysis confirmed that (1) RRFM have
greater error dispersion, evidenced by the increased number of
census sectors with saturated colours, associated to higher error
values; (2) WPBrUn showed widespread overestimation, with
the highest frequency of positive errors across census sectors,
and (3) both RRFM and WPBrC share a tendency of mixed
over- and underestimations, reflecting the challenges of captur-
ing the Amazon’s demographic complexity. Table 1 and Figure
3 show the aforementioned results.

Model MAE | RMSE R? Bias
RRFM 2592 | 477.8 | -0.48 | 43.8
WPBrC 275.8 | 4074 | -0.08 | 39.2
WPBrUn | 252.2 | 387.8 | 0.02 | 79.9

Table 1. Error metrics for Rondénia Random Forest Model
(RRFM), Worldpop Brazil Constrained (WPBrC) and Worldpop
Brazil Unconstrained (WPBrUn), when compared to IBGE
Census Data for 2022.

4. Discussion

The analysed models showed minor differences in RMSE,
MAE, and error trends overall. Thus, the mean population
values disaggregated by each model are similar. Therefore,
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Figure 3. Spatial distribution of observed errors for the models Ronddnia Random Forest Model - RRFM, Worldpop Brazil
Constrained - WPBrC and Worldpop Brazil Unconstrained - WPBrUn.

RRFM, WPBrC and WPBrUN are equally capable of disag-
gregating the population with similar values in the expected
urban places, with no major differences in the amount of pop-
ulation estimated by them. The observed differences between
the models stem primarily from RRFM’s current hindered abil-
ity to disaggregate the population at finer scales. This is mainly
due to its Random Forest training based on a radially distributed
population layer rather than IBGE census sectors as input data,
as WPBrC and WPBrUn.

Despite this weakness, one of the key strengths of the RRFM is
its broad applicability. Both WPBrC and WPBrUn rely on a lot
of variables, including local variables such as roads, important
landmarks etc. Thus, the models are restricted to specific cities
or regions in such those data are available. On the other hand,
RRFM doesn’t rely on specific social variables, nor is it tailored
to a particular city or spatial context. In addition, it relies in
only a few open-access spatial datasets, such as Mapbiomas,

GHSL, Landsat imagery and SRTM. Thus, as it is based on a
few generalized and widely available datasets, it can potentially
be applied across an entire Amazonian state or similarly large
regions.

From a technical standpoint, the model is based on the Random
Forest algorithm, using a max-depth of 10. Despite its relatively
low complexity — only eight dependent variables — it shows
solid performance when compared to other established models
such as Worldpop database, despite the current hindered ability
to disaggregate the population at finer scales. This makes it both
efficient and accessible, as the processing can be done in a short
span of time, using basic cloud-based tools like Google Colab
and Google Earth Engine python API integration. Thus this
methodology is available for both large and small areas, densely
populated or more secluded, requiring less code-intensive user
experience as both Python and Google Earth Engine python
API are full documented and benefit from a vast online com-
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munity of users and supporters.

Another important feature is its potential for retrospective ana-
lysis. The model uses covariates that have been commonly
available since at least the early 1980s. While it’s not possible
to directly test its accuracy for past periods due to the way of-
ficial data is aggregated (typically by municipality), it’s reason-
able to assume that the model would still perform adequately,
as for 2022, for historical estimates when compatible covariates
are used.

5. Conclusions

This study presents a robust, versatile and adaptable model that
estimates per-pixel total population and demonstrates strong
potential for broad geographic applications, by not relying on
specific local variables and by using generic and widely avail-
able datasets.

The model achieves good performance while maintaining low
complexity, employing less dependent variables than similar
studies. Processing can be completed in a less intensive manner,
by using free and accessible cloud-based platforms and covari-
ates that are readily available nation or worldwide.

Additionally, the model shows promise for retrospective ap-
plications. Although direct validation for past decades is con-
strained by the availability of disaggregated data, the choice of
covariates—commonly used since at least the 1980s—supports
the assumption that the model can reasonably estimate histor-
ical patterns as well.

The weaknesses of the RRFM model, mainly the greater satura-
tion of errors in more densely populated areas, can be addressed
in future studies with the use of a more detailed dasymetric
population mappings as independent variables, or even using
census sectors directly, as other models such as Worldpop does,
depending on the year for which the model will be generated.
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