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Abstract: Urban planning and management increasingly depend on accurate building and population
data. However, many regions lack sufficient resources to acquire and maintain these data, creating
challenges in data availability. Our methodology integrates multiple data sources, including aerial
imagery, Points of Interest (POIs), and digital elevation models, employing Light Gradient Boosting
Machine (LightGBM) and Gradient Boosting Decision Tree (GBDT) to classify building uses and
morphological filtration to estimate heights. This research contributes to bridging the gap between
data needs and availability in resource-constrained urban environments, offering a scalable solution
for global application in urban planning and population mapping.

Keywords: urban population mapping; building height estimation; building use classification;
machine learning

1. Introduction

Population maps serve as a crucial factor in understanding human settlement patterns
and interactions with the environment. Traditional population maps, such as choropleth
maps and dasymetric maps, over administrative boundaries [1–3], such as state or district
levels, have provided valuable insights for broad-scale analysis. However, more refined
population mapping, from gridded data [4,5] to micro-dasymetric mapping is becoming
increasingly feasible using building information [6,7].

The realization of high-resolution population estimates at the building level is expected
to make significant contributions to a wide range of fields that have traditionally relied
on population data, such as waste generation estimation [8], urban energy consumption
calculation [9], and disaster response planning [10].

Efforts have been made to generate population data at the building unit using high-
resolution satellite images, focusing on building density and area [11]. The process requires
high-resolution aerial images with a resolution of 5 m or better to clearly capture building
features. However, such high-quality images are not yet widely available or openly accessi-
ble for global utilization. A number of studies focusing on open data have utilized Points
of Interest (POIs) [12,13], land use data to classify building use [12], building height [14,15],
and building footprints [12,15]. These studies demonstrate that population mapping is
effective in areas with well-defined land use. Nevertheless, challenges persist in regions
where information on land use is absent or incomplete [12]. Furthermore, detailed building
features, such as stairs and entrances, are also being used in the mapping process [12,14].

Three-dimensional (3D) city models and building information are crucial for under-
standing urban settlement patterns [16], enabling multifaceted research on the built environ-
ment dynamics, for instance, disaster mitigation and risk assessment [17,18], environmental
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analysis [19], demographic studies [15,20], and public health management [21,22]. The
utilization of 3D building models, in particular, offers substantial potential for urban plan-
ning and management [23,24]. Urban built-up data, which include building footprints, is
used in population mapping [12,14,25–27] as it indicates human settlement. These data
come in various forms and resolutions. The Global Human Settlement Layer (GHSL)
provides coarser-resolution datasets for urban analysis [28]. In contrast, OpenStreetMap
offers more detailed, community-driven data on urban structures [29]. Tech companies
like Microsoft [30] and Google [31] have recently applied machine learning techniques to
improve mapping capabilities. These efforts have led to initiatives, such as the Overture
Map project [32], which aims to create comprehensive global mapping data. However,
these initiatives typically require substantial computational resources and high-resolution
aerial imagery for both training and inference.

Complementing spatial usage data, such as land use or building use, are commonly
employed as covariates in population mapping [12,14,25–27,33,34]. Recent advancements
in machine learning and satellite imagery have led to the development of datasets related
to spatial interactions, specifically, land use classification. Cheng et al. [35] developed a
method to classify cities into 16 types based on satellite imagery, building characteristics,
and access networks, with the aim of better understanding urban environments in de-
veloping countries. Similarly, Wang et al. [36] successfully identified 14 types of urban
land use, including detailed classifications of urban green spaces, parking lots, and plazas,
using high-resolution remote sensing images and the deep learning model. Furthermore,
satellite imagery and deep learning models have increasingly been applied to tasks, such
as slum mapping, with the accuracy of these methods improving year by year [37]. As
demonstrated, advancements in machine learning and related approaches within the ur-
ban spatial domain are contributing to the development of various datasets beyond just
building information. Understanding spatial usage, integrated with building data, allows
for a more comprehensive understanding of spatial patterns, and human interactions.

1.1. Challenges in Population Mapping and Building Data Acquisition in Data-Limited Settings

Creating and maintaining high-quality building data, as described above, poses a
significant challenge, particularly in data-limited settings. In such settings, the confluence of
these challenges in building data acquisition and micro-scale population mapping presents
a significant barrier to advancement in micro-scale urban studies. Some regions lack the
necessary data infrastructure, technical expertise, and financial resources to implement
traditional methods of 3D city modeling and high-resolution population mapping. The gap
between data requirements and data availability creates a significant barrier to the effective
execution of urban planning, resource allocation, and disaster preparedness initiatives. This
challenge is particularly pronounced in urban areas in developing countries, where the
pace of urbanization and population growth necessitates access to accurate and timely data.
Consequently, there is a high demand for capturing up-to-date population distributions at
the highest possible resolution and with high frequency [38,39].

The micro-population mapping approach presented in this study utilizes building
uses (e.g., residential, commercial, industrial) and volume to estimate the population at
a building level. These two attributes were selected to maintain the generality of the
dataset, ensuring its applicability while capturing enough nuance of the building–human
relationship. Building use indicates occupancy patterns, while volume correlates with
potential occupant capacity. A significant challenge posed during the recreation of this
approach was that some regions lacked the necessary attributes in the building data [40].
This gap further complicates effective urban planning, resource allocation, and disaster
preparedness in these areas.

Meanwhile, the most widely used method for understanding the spatial distribution
of populations is the use of population statistics. While population statistics are commonly
used to understand population distribution in developed countries, there are numerous
challenges associated with such data in developing countries. These challenges include
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unreliable data collection systems, incomplete spatial and attribute coverage, insufficient
technical infrastructure and funding for statistical development, lack of government trans-
parency and commitment to statistical improvement, and the issue of populations not
captured in statistics, such as those in the informal sector [41–43]. As a result, it is difficult
to establish and maintain accurate population statistics, particularly in remote areas and
slums where data quality tends to be lower. These challenges affect policymaking and
the provision of social services and hinder progress toward achieving the Sustainable
Development Goals (SDGs) [44,45].

1.2. Objective of This Study

To address these challenges, particularly in developing countries and underdeveloped
regions, our research aims to

1. Develop methods for micro-population estimation at the building unit scale, including
techniques for estimating building height and usage;

2. Ensure the applicability and scalability of our framework across diverse regions by
utilizing generally available data.

Our novel approach combines multiple source data with advanced population map-
ping techniques to bridge the critical gap between data needs and availability in resource-
constrained settings. The model’s efficacy is evaluated using Japan as a case study, where
reference data are readily available for validation purposes.

2. Methods

This study aims to develop an innovative method for estimating individual building
attributes (building use and number of floors) and population distribution using machine
learning techniques based on aerial images and existing statistical data. Figure 1 illus-
trates the comprehensive forecasting workflow. The proposed approach is expected to
enable accurate, high-frequency estimation of population distribution in regions where
comprehensive building data are lacking. This method has the potential to address critical
challenges in urban planning, resource allocation, and disaster management in areas with
limited infrastructure data.
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2.1. Building Use Classification

We utilized machine learning (ML) techniques to classify building use for individual
structures using satellite imagery and existing statistical data. Unlike previous methods
that utilized street-level perspective images to classify buildings [46,47], our approach
eliminates human intervention for image capturing, facilitating frequent data updates. Our
study introduces a novel classification method that enables swift updates with enhanced
accuracy [48]. Figure 2 illustrates the comprehensive forecasting workflow of building data
building use classification. The methodology involves the fusion of a machine learning
model by utilizing Points of Interest (POI) data and aerial imagery to classify building
usage [49]. This approach overcomes the limitations of traditional methods, offering a more
efficient and scalable solution for urban building use classification.
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We developed and validated our models using Hachioji City, Tokyo prefecture, Japan
(Hereafter, “Hachioji City”), as the study area, which was selected for its diverse and
unbiased representation of building uses. Hachioji City, located in the western part of
Tokyo within the Tama region, is home to approximately 570,000 residents. The city features
diverse topography and urban functions, with mountainous and hilly terrain extending
across the northern and western areas, offering abundant natural landscapes. In contrast,
the southern and eastern parts consist of flatlands, where residential and commercial areas
have developed. Due to its diverse geographical and topographical conditions and the
variety of building types, Hachioji City was deemed an ideal study area for our study.

Our classification system employs three primary building use categories: multi-family
housings, detached houses, and detached offices. It is derived from the data known as
“Residential Maps” in Japan that provide detailed information on the distribution, shape,
usage, and number of floors for individual buildings.

While the focus of this study is to provide the framework for urban areas in developing
countries, we deliberately chose to study cities in Japan. This decision was made due to
Japan’s highly reliable and comprehensive spatial data and statistics that cover the entire
country, which provide a favorable environment for implementing this study and verifying
the results.

2.1.1. Training Data Creation

The training datasets are created for two types of models, polygon data based and
aerial image based, to classify building uses. The polygon data-based model was created
using building polygon data and POI data, while the aerial image-based model was created
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using building polygon data and aerial image. In addition, following the methodology of
Akiyama et al. [15], in this study, multi-family housing, detached houses, and detached
offices were selected as target variables for each classification model (detached house
classification model and multi-family house classification model). The methodology used
to create the respective training data is shown in Figure 3.
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For the polygon data-based model, features were extracted from building polygon
data, from the fundamental geospatial information provided as open data by the Geospa-
tial Information Authority of Japan (GSI), and POI data, obtained from OpenStreetMap.
Building features included area, circumference, and shape complexity. POI features were
derived by quantifying the number of POIs within walking distance (1–5 min) of the center
of each building for that category. For example, in the case of the “bank” POI category,
we counted the number of banks within a 1 min walk (approximately 80 m), a 3 min walk
(approximately 240 m), and a 5 min walk (approximately 400 m) from each building’s center.
This approach allows us to capture the density of banking services in the immediate vicinity
of a building, which could be indicative of its use or the character of its neighborhood.
The list of variables for the polygon data-based model is presented in Table 1, including
these POI-based features for various categories such as banks, restaurants, schools, and
other relevant urban amenities. The list of variables for the polygon data-based model is
presented in Table 1.

For the aerial image-based model, a bounding box of polygon data for each selected
building and extracting the corresponding section from the aerial image was created. These
cropped images were labeled with each building’s use to form a training dataset.

To ensure fair comparison and consistency in training conditions, we used the same
set of buildings as training data for both models. This approach allowed us to minimize
potential biases that could arise from differences in the training data selection, enabling
a more accurate comparison of the performance of machine learning models in building
use classification.
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Table 1. List of variables in the machine learning model.

Categories Variables Data Source

Building Features Area, complexity, length, number
of vertices

Geospatial Information
Authority of Japan

POI (Amenity)

Restaurant, pub, cafe, telephone booth,
medical service, convenience store, fast
food, theatre, hospital, school, bank,
pharmacy, police station, post
office, library

OpenStreetMap

POI (Shop)

Car repair shop, fabric shop,
funeral directors, supermarket,
convenience store, bakery, clothes shop,
electronics shop, hairdresser, pharmacy

OpenStreetMap

POI (Tourism)

Hotel, museum, tourism information,
tourism attraction spot,
tourism viewpoint, tourism apartment,
tourism hostel

OpenStreetMap

2.1.2. Classification Model Construction

This study employed two advanced tools for building use classification, LightGBM
(Light Gradient Boosting Machine) for the polygon data-based model and ResNet50 (Resid-
ual Network with 50 layers) for the aerial image-based model, leveraging the previously
described training data [50,51].

LightGBM, an enhancement of the Gradient Boosting Decision Tree (GBDT) algorithm,
implements a leaf-wise tree growth strategy. This approach significantly accelerates learn-
ing speed and efficiently handles large datasets while minimizing memory usage—a crucial
advantage when processing extensive building data.

ResNet50 addresses the gradient vanishing problem through skip connections (resid-
ual blocks), enabling a very deep network structure. This architecture is particularly suited
for classifying building images with complex visual features, as it can extract a wide range
of low- and high-level features, effectively capturing building appearance and structural
characteristics.

2.1.3. Ensemble Approach

This study implemented an innovative ensemble approach, combining machine learn-
ing models to predict building use. This approach aims to enhance classification accuracy
and address the complexity of urban environments by integrating complementary informa-
tion from diverse data types.

We implemented a multi-stage forecasting strategy using sequential binary classi-
fication models rather than a single multi-class classification approach. This method
addresses challenges encountered in multi-class model training, particularly the difficulty
in efficiently learning distinctive features across numerous building use categories such as
detached houses, multi-family housing, and detached offices. Our multi-stage approach
allows each model to focus on specific, distinguishing characteristics of building types
at each stage, thereby enhancing overall classification performance. Moreover, given
our primary focus on residential building classification, this stepwise approach is better
aligned with subsequent population allocation processes. It allows for a more granular
and accurate differentiation between residential building types, which is crucial for precise
population estimation.

Figure 4 illustrates the comprehensive forecasting workflow. This methodology en-
ables the construction of a hierarchical, highly accurate building using a classification
model. By addressing data imbalance issues and focusing on our primary objective of resi-
dential classification, we anticipate more robust and applicable results for urban population
estimation and analysis.
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2.2. Building Height Estimation

The creation of building height data relies on two key elements: the shape of the
buildings and their respective heights. These factors dictate the overall structure of the city
model and provide the depth and dimensionality necessary for rendering. In this study,
methods for identifying surface object height, including the surface height model (SHM),
utilize the Digital Surface Model (DSM) and the Digital Terrain Model (DTM) to accurately
determine building heights in a grid format. Using the variance in elevation between the
DTM and DSM, Equation (1) can be used to extract the height of the ground surface object.

SHM = DSM − DTM (1)

DEM Local Extrema Filtration

Filtration is employed to normalize the DSM by adapting the minimum and maximum
values within a sliding window, as proposed by Huang et al. [52]. This method involves
applying a filter that replaces each pixel value with the value derived from its neighboring
vicinity. In our study, we decided to use the DSM as is for the maximum value in elevation
to prevent oversmoothening.

The DSM is represented as an array of elevations, where each xij represents the pixel
value at position (i, j) in the DSM matrix as follows:

DSM =

 x00 . . . x0n
...

. . .
...

xm0 . . . xmn

 (2)

The neighboring values of xij can be identified as follows:

DSMij =

x(i−1)(j−1) x(i−1)j x(i−1)(j+1)
xi(j−1) xij xi(j+1)

x(i+1)(j−1) x(i+1)j x(i+1)(j+1)

 (3)
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For indices outside the matrix bounds, the mirror boundary condition is applied to
prevent negative or out-of-range indices.

To create minimum filtration models, we apply minimum filters. The min(DSM)
matrix stores the minimum value defined as follows:

DTM ≈ min(DSM) =


min

(
DSM(0,0)

)
. . . min

(
DSM(0,n)

)
...

. . .
...

min
(

DSM(m,0)

)
. . . min

(
DSM(m,n)

)
 (4)

These matrices have the same dimensions as the initial DSM.
To normalize the DSM, the difference between the local maximum and minimum

values is calculated. This is performed by subtracting the min(DSM) matrix from the DSM
matrix. The result represents the normalized DSM. The isolated height of objects above the
ground level, denoted as SHM, is as follows:

SHM = DSM − min(DSM) (5)

Terrain correction is performed as described in Equation (6) by evaluating slopes
greater than 10 degrees [52] using Horn’s slope algorithms [53] applied to the reference
DTM. This process identifies the areas with significant terrain variation, and in steep terrain,
the model may overestimate building heights. The height of the slope to be corrected
(slopecorij

) is calculated by determining the minimum and the maximum filtered model
of the min(DSM). Specifically, the minimum value represents the “bottom of the slope”,
while the maximum value represents the “top of the slope”. The slope height is then
computed as the difference between these two values.

cSHMij =

{
SHMij − slopecorij

, if slopeij ≥ x%

SHMij, if slopeij < x%
(6)

where

• cSHMij is the corrected SHM at position (i, j);
• SHMij is the SHM at position (i, j);
• slopeij is the slope value at position (i, j);
• Slopecorij is the slope correction based on terrain data;
• x% is the threshold slope percentage.

The estimation of building height considers both usable net height Hnet and total gross
height Hgross, which are calculated using Equations (7) and (8), respectively.

Hgross(Bi) = max{cSHM(x, y) | (x, y) ∈ Bi} (7)

Hnet(Bi) =
1
N ∑

(x,y)∈Bi

cSHM(x, y) (8)

where

• SHM(x, y) is the elevation value at a given pixel location (x, y);
• Bi is a building polygon i;
• N is the total number of pixels within the building polygon.

2.3. Building Population Estimation

In this section, we integrate the building attribute classification and estimation meth-
ods with the population estimation approach developed by Akiyama et al. [15] to estimate
the population per building unit. This method begins with the classification of building use
followed by the identification of residential buildings, the calculation of building volumes,
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and the proportional distribution of the population. The accuracy of these estimates is then
validated against census data for each subregion. In this study, “subregion” refers to the
areas known as “Cho-Cho-Aza,” which serve as the fundamental units of aggregation for
statistical data in Japan. It refers to small administrative units used to organize areas within
cities, towns, or villages. “Cho” typically represents a district or neighborhood, while “Aza”
is a smaller subdivision within that area. These units are commonly used in official records
to group and manage data for specific locations. Similar to city blocks or precincts in other
countries, they facilitate the handling of demographic and geographic information at a
detailed level, aiding in administrative and statistical processes.

For the verification process, we selected Setagaya Ward, Shibuya Ward, and Hachioji
City in Tokyo prefecture, as well as Nagoya City in Aichi prefecture, Osaka City in Osaka
prefecture, and Fukuoka City in Fukuoka prefecture. The selected areas were chosen to
assess the versatility of the proposed method, as they encompass a wide range of urban
characteristics. Each area exhibits distinct features differentiating them from the other cities,
as outlined below. This approach enables a comprehensive evaluation of the method’s
applicability across various urban contexts, ensuring its robustness in diverse settings.

• Setagaya Ward. Characterized by its vast residential areas and numerous upscale
neighborhoods, Setagaya is known for its greenery and tranquil atmosphere. Unlike
the business-centric areas of Shibuya or Shinjuku, Setagaya is predominantly residential.

• Shibuya Ward. As a commercial and business hub, Shibuya is particularly noted for
its role as a center of youth culture and trendsetting. It is more urban and vibrant
compared to the quieter Setagaya.

• Hachioji City. Situated in western Tokyo, Hachioji balances nature and urbanity.
While it has a variety of commercial facilities, it retains a suburban feel, with less
development compared to Setagaya or Shibuya.

• Nagoya City. This is the largest city in the Chubu region and the economic and
industrial center of the area. It is a major urban hub, though its business district lacks
the vibrant commercial culture seen in Shibuya.

• Osaka City. As the largest city in western Japan, Osaka is strongly characterized by
its commercial activity. It is lively and historical, with popular tourist spots such as
Dotonbori and Umeda. Compared to Nagoya, it has a more dynamic cultural scene,
especially in terms of food and local businesses.

• Fukuoka City. As the central city of Kyushu, Fukuoka is known for its balanced
integration of urban functionality and natural beauty. While it is smaller in scale
compared to Osaka or Nagoya, it thrives as a compact city with significant cultural
and economic exchanges with Asian countries.

2.3.1. Integration of Building Use Classification Results

The entirety of Tokyo was chosen as the target region for the building use classification
to prevent overfitting to the characteristics of the specific area and to enhance the model’s
versatility. This comprehensive approach is expected to yield more equitable and reliable
results in subsequent accuracy validation.

2.3.2. Building Volume Calculation

After building use was assigned to the buildings in the study area, the calculation of
building volume was performed. Firstly, the calculation of building volume was performed
by multiplying the area of each building by the estimated number of floors. The number of
floors was determined by dividing the estimated building height, obtained in the previous
section, by an average floor height of 3 m. This approach allows for a more discrete height
estimation, as the critical attribute for residential use is the number of floors [54]. To
address this complexity, we developed a model to estimate the residential use of apartment
buildings and determine the proportion of each building used for residential purposes.

To achieve this, we first created labels indicating whether each apartment building
was used for residential purposes by leveraging nameplate data (containing household or
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business information) and data on building use from residential maps. We then applied a
machine learning method to construct a residential use estimation model, which produces
predictions on a scale from 0 to 1. For example, a prediction of 0.7 indicates that 70% of the
building is estimated to be used for residential purposes.

Finally, we calculated the volume used for residential purposes by multiplying this
predicted value by the total building volume. For instance, if a building has a total volume
of 1000 m3 and the model predicts a residential use value of 0.6, the volume used for
residential purposes is calculated as 1000 m3 × 0.6 = 600 m3. This method enabled a more
precise estimation of the portion of apartment buildings actually occupied by residents,
leading to improved accuracy in subsequent population estimates. Apartment buildings
with a predicted residential use value of less than 0.5 were classified as non-residential and
excluded from the population assignment.

2.3.3. Population Allocation Algorithm

The population is prorated for each building using the constructed framework. In this
study, population statistics and the number of households by municipality are prorated
to generate population statistics on a building-by-building basis. The prorating method
follows the influential study by Akiyama et al. [15].

The initial step involves calculating the volume of each building (vij) by multiplying
the building’s area (sij) by its number of floors ( fij), as expressed in Equation (9) as follows:

vij = sij × fij (9)

where

• vij is the volume of the building j in subarea i;
• sij is the area of the building j in subarea i;
• fij is the number of floors of building j in subarea i.

Subsequently, the number of households is allocated to each building based on its
relative volume within the subarea. The number of households assigned to building (hij) is
calculated using Equation (10) as follows:

hij = Hi

( vij

∑m
k=1 vik

)
(10)

where

• hij is the number of households assigned to building j in subarea i;
• Hi is the total number of households in subarea i;
• m is the number of buildings in the subarea.

To refine our population distribution estimate, the estimated area of each household(
hsij

)
is made from the building volume and the number of allocated households, as shown

in Equation (11) as follows:

hsij =
vij

hij
(11)

where
hsij is the estimated area of each household.
Finally, the number of residents allocated to each household (rij) is determined based

on the estimated household area, as expressed in Equation (12) as follows:

rij = Ri

( hsij

∑m
k=1 hsik

)
(12)

where Ri is the total number of residents in subarea i.
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This methodological approach allows for an accurate estimation of population dis-
tribution, as the relative sizes of buildings and households within each subarea are taken
into account.

3. Experiment and Results
3.1. Datasets

This study utilized a combination of geospatial datasets, primarily from open data, to
construct necessary data and estimate the micro-level population.

3.1.1. Aerial Imagery

This study utilized aerial photographs provided by the Geospatial Information Author-
ity of Japan (GSI) to construct a deep learning model. These images cover approximately
half of Japan’s land area, including plains and remote islands, which are crucial for effective
land management, conservation, and regional development. The images were captured
under optimal weather conditions using an aerial camera mounted on a survey aircraft,
ensuring high-quality imagery with a spatial resolution of 0.5 m, free from cloud and
fog interference.

The GSI aerial images were selected for this research due to their high accuracy and
consistency with the base maps used to generate the training data. This alignment enhances
the reliability and applicability of the deep learning model in analyzing land use patterns
and urban structures across diverse Japanese landscapes.

3.1.2. Building Polygon Data

This study integrated two primary data sources: the 2020 Fundamental Geospatial
Data (FGD) from the Geospatial Information Authority of Japan (GSI) and the Zmap TOWN
II (2020) commercial residential map by Zenrin, Inc. The FGD provides comprehensive
geospatial data for the entirety of Japan, including 13 key elements, such as building
perimeters, building shape, and elevation data, presented as highly accurate polygon data
that align precisely with aerial imagery. While these maps offer extensive topographical
information, they lack detailed building use attributes. To address this limitation, we
incorporated the Zmap TOWN II data. Although the Zmap TOWN II is not open data,
this integration with FGD enabled us to create a robust training dataset by leveraging
the strengths of both sources to develop a more comprehensive and accurate model for
building use classification. This approach paves the way for the potential open building
use data in the future.

3.1.3. Point of Interest (POI) Data

This study incorporated Point of Interest (POI) data from OpenStreetMap [29] to
enhance the feature set for our machine learning model. POI data typically represent
locations of public interest on maps, encompassing a diverse range of attributes, including
public facilities, tourist attractions, and commercial establishments, such as convenience
stores, restaurants, and gas stations. By leveraging this comprehensive POI data, we aim to
capture the complex relationships between building functions and their surrounding urban
context, potentially leading to more nuanced and accurate predictions in our AI-driven
approach to urban analytics.

3.1.4. DEM

One of the key data sources in building height estimation is the digital elevation model
(DEM), which plays a crucial role in explaining the terrain either in the ground elevation
model, such as in the Digital Terrain Model (DTM), or in portraying surface objects, such as
in the Digital Surface Model (DSM). Using the openly available elevation model, the options
have been narrowed down to the DEM, including AW3D30 [55] and NASADEM [56], as
shown in Table 2. AW3D30 is considered one of the most recent global DSMs, as it is open,
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has a high resolution, and has excellent accuracy. NASADEM is served as the DTM for the
terrain references [52].

Table 2. Detailed information on the selected DEMs.

Characteristic AW3D30 V4.1 NASADEM

Spatial resolution (m) 30 30
Vertical accuracy (m) <5 3.5

Datum ITRF97 and GRS80, using EGM96 WGS84/EGM96
Methodology Photogrammetry Interferometric SAR

Temporal coverage starts January 2006 February 2000
Temporal coverage end March 2016 February 2000

Last update April 2024 February 2020
Data source ALOS PRISM SRTM, ASTER GDEM, ICESat
Availability Free of charge Free of charge

When considering the temporal coverage of these data sources, AW3D30 stands
out due to its regular maintenance and updates, with coverage up to 2016. In contrast,
NASADEM provides terrain input data up to the year 2000. However, the ground surfaces
have not undergone significant changes, particularly in the urban areas where the main
focus of this study lies. These data have been used for urban and regional planning
and support [57,58], disaster management [59], environmental monitoring [60], resource
management [61], and various other studies and have provided reliable and proven data.
The ALOS global DSM is available in two products: AW3D with a 5 m spatial resolution
and AW3D30 with a 30 m spatial resolution. AW3D30 is offered at no cost and is valuable
for scientific research, education, and geospatial services. Its accessibility and up-to-date
status make AW3D30 the primary DSM for estimating building height.

3.1.5. Building Height Reference

Project PLATEAU, an open and accessible 3D building data initiative by Japan’s
Ministry of Land, Infrastructure, Transport, and Tourism (MLIT), was employed to verify
the accuracy of building heights. This project represents a significant advancement in
digital twins technology [62,63] and adheres to the Open Geospatial Consortium (OGC)
CityGML standards, ensuring interoperability and consistency.

3.1.6. Population Census

Population data from the Japan Statistics Bureau’s Population Census are utilized
to create and verify population statistics in this study. This comprehensive survey is
conducted quinquennially, encompassing all individuals and households in Japan to assess
the demographic and household composition, with the most recent one carried out in
2020 [64]. The survey collects a broad range of data, including household-level information,
such as the building and the number of children in the household, as well as individual-
level data, like age and occupation. These datasets are publicly available as open data and
are compiled by prefecture, municipality, and subregion.

3.2. Results
3.2.1. Building Use Classification Results

This study evaluates the performance of our multi-stage building use classification
model using four metrics: accuracy, precision, recall, and F-measure. The results for each
classification stage are presented in Tables 3–5.

Table 3. Results of prediction for a detached house.

Building Use Accuracy Precision Recall F-Measure

Detached house 0.90 0.88 0.92 0.90
Non-detached house 0.90 0.92 0.90 0.90

(N = 700)
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Table 4. Results of prediction for multi-family housing.

Building Use Accuracy Precision Recall F-Measure

Multi-family housing 0.78 0.74 0.88 0.80
Non-multi-family housing 0.90 0.85 0.69 0.76

(N = 700)

Table 5. Results of two-stage prediction.

Building Use Accuracy Precision Recall F-Measure

Detached house 0.71 0.62 0.97 0.76
Detached office 0.71 0.70 0.46 0.55

Multi-family housing 0.71 0.90 0.71 0.80
(N = 1050)

The initial classification between detached and non-detached houses, as shown in
Table 3, achieved high performance with 90% accuracy and all metrics exceeding 0.88,
suggesting a clear distinction between these categories. Building on the first stage, the
second stage, differentiating multi-family from non-multi-family housing, as detailed in
Table 4, maintained good performance with 78% accuracy. Notably, multi-family housing
showed a high recall at 0.88, indicating strong detection capability for apartment buildings.
However, non-multi-family housing recall at 0.69 suggests room for improvement.

The two-stage forecasting flow, which includes detached houses, detached offices, and
multi-family housing, as shown in Table 5, achieved 71% overall accuracy. Detached houses
showed excellent recall at 0.97, while multi-family housing demonstrated high precision at
0.90. Detached offices, however, had a lower recall at 0.46 and were often misclassified as
detached houses or apartment buildings.

To further understand the results, SHAP (SHapley Additive exPlanations) analysis,
which was chosen due to its model-agnostic nature, versatility, and capacity to concurrently
evaluate local and global feature importance, reveals that physical attributes derived from
building polygon data are crucial determinants in classifying detached houses. Specifically,
building perimeter (length) and area play significant roles, as shown in Figure 5.
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housing classification.

Complementing the analysis, Grad-CAM, a method for visualizing the decision pro-
cess of deep learning models, particularly convolutional neural networks (CNNs), visually
highlights the parts of a building that significantly influence the model’s decisions, as
shown in Figure 6. Analysis of correctly classified cases confirms that the classification
of detached houses focuses on the entire roof, indicating that the unique roof shape and
structure are important distinguishing features. In the classification of apartment buildings,
a strong recognition of the building outline is observed, suggesting that the large scale and
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distinctive external shape are key to classification. However, analysis of misclassified cases
reveals the model’s limitations and its room for improvement.
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3.2.2. Building Height Estimation Results

The results demonstrated that the accuracy varies by region, as shown in Table 6.
This comparative analysis covers our entire study area. We defined the 5 m confidence
level as the percentage of buildings measured with an error margin within 5 m. This
threshold aligns with the precision of our input DSM data, which has an accuracy of 5 m or
better, ensuring consistency between our estimations and the inherent limitations of the
input data.

Table 6. Result of the building height estimation.

Metric Tokyo Hachioji Nagoya Osaka Fukuoka

Total number of buildings 1,768,107 180,940 678,220 560,198 355,454
5m confidence 90.35% 65.85% 86.19% 93.55% 67.21%

90% confidence error (m) 4.9 19.6 6.4 3.8 15.0
RMSE 6.88 13.37 7.18 6.69 26.7
MAE 4.64 8.56 5.1 3.97 16.11

Mean TRI (m) 5.09 16.64 5.04 4.03 6.19
SD TRI (m) 4.75 14.23 3.30 3.60 10.11

Tokyo Special Sards, including Setagaya Ward and Shibuya Ward, as well as Nagoya
City and Osaka City, exhibit a promising building height estimation of over 85%. In contrast,
Hachioji City and Fukuoka City exhibit relatively lower accuracy. We identified that a
factor influencing this variability is the terrain complexity. We measured it with the terrain
ruggedness index (TRI), calculated from the DTM data of each area. The TRI represents the
standard deviation of elevation differences between a center cell and its neighbor.

The results reveal a clear correlation between terrain complexity and building height
estimation accuracy, as shown in the TRI and 5 m confidence. The example of the results
over Fukuoka City, displayed in Figure 7, shows that lower estimation accuracy is clustered
near the mountains in the southern region.
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3.2.3. Population Allocation Results

Using the results of building attribute estimation, we generated building-by-building
demographic data, as shown in Figure 8. The accuracy of these estimates was verified by
aggregating the results by subregion and conducting a regression analysis, with population
census data for each subregion serving as the true values. In this study, three metrics were
used to assess accuracy: the coefficient of determination (R2), the RMSE, and the MAE.
The MAE directly reflects the overall error size and is less sensitive to outliers, while the
RMSE is more responsive to large errors. By employing these two indices alongside the
coefficient of determination, we were able to account for the impact of small areas that
represent significant outliers in the predictions.
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Figure 8. Estimated population per building in a part of Hachioji City, Tokyo.

Table 7 presents the results of the accuracy validation, Figures 9 and 10 illustrate
the number of visibility data calculated based on the error rate for each subregion, and
Figures 11 and 12 display the regression analysis outcomes.

Table 7. Results of regression validation.

Setagaya Shibuya Hachioji Nagoya Osaka Fukuoka

R2 0.56 0.41 0.82 0.44 0.35 0.14
RMSE 842 1371 1163 443 869 913
MAE 634 1137 769 222 578 6100
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As shown in Table 7, the coefficient of determination was particularly high in Hachioji
City, reaching 0.82, but was below 0.5 in Shibuya Ward. Additionally, the MAE was
significantly lower than the RMSE in Hachioji City and Setagaya Ward, indicating that
while population estimation accuracy was relatively high for many buildings in these areas,
there were substantial errors in certain buildings and regions.

4. Discussion

This study aimed to develop a method for micro-population estimation at the building
unit scale, with a particular focus on estimating building height and usage. Additionally,
we sought to ensure the applicability and scalability of our framework across regions by
emphasizing the integration of generally available data, preferably open data. The model
was tested in Japan, where the reference data are available for validation. Our research has
yielded several findings.

4.1. Evaluation from Building Use Classification

First, the building use classification by the machine learning approach using two-
stage forecasting flow showed the model’s strength in distinguishing detached from non-
detached houses and identifying apartment buildings. The decision-making process of
the machine learning models was analyzed using SHAP and Grad-CAM, revealing the
key features that each model prioritizes in classifying building use and verifying the
complementarity between the polygon data-based and aerial image-based model.

SHAP analysis showed that the relative uniformity in size and shape is a characteristic
feature influencing the identification of detached houses. Additionally, features extracted
from POI data, such as the proximity to restaurants and the spatial co-location patterns of
various POIs, play a significant role in identifying multi-family housing (apartment build-
ings). These POI features capture the semantic context surrounding buildings, reflecting
urban development patterns, and real-world spatial relationships [65,66]. However, it is
important to note that urban developments and zoning regulations can vary by region,
which should be taken into account when adopting the approach. The classification of
detached offices remains a challenge requiring further refinement.

Grad-CAM analysis reveals that misclassification of detached houses often occurs
when the model fails to adequately capture roof characteristics, particularly when recog-
nizing roofs of attached buildings, such as warehouses and garages. Misclassification of
apartment buildings often arises due to difficulty in recognizing the contours of buildings
with complex shapes. To mitigate this problem, using higher resolution image data and
improvement in model architecture to properly capture the complex structure of buildings
are recommended.

The results of both SHAP and Grad-CAM analysis confirm that different machine
learning models, polygon data based and aerial image based, utilize different features for
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building use classification, providing insights into the strengths and limitations of each
of the models. The implementation of the two-stage forecasting approach enhances the
efficacy of the proposed ensemble method, resulting in a more comprehensive and accurate
building use classification.

The utilization of POI data presents two significant challenges. Firstly, the distribution
characteristics of POI data may considerably vary across different regions. Even within
Japan, the applicability of these characteristics is expected to differ between urban centers
and suburban areas. Given that this study aims for international implementation, it is
crucial to conduct a detailed examination of the variations in these characteristics across
different countries and regions. The second challenge pertains to the completeness of POI
data. Compared to Japan, developing countries, which this study intends to investigate in
the further study, are likely to have limited availability of such data. Consequently, there is
a concern that the model may become applicable only to data-rich areas, thus restricting its
generalizability.

To address these challenges, we propose two potential improvements. Firstly, the
construction of a model using representative data extracted from diverse regions through
appropriate sampling techniques could be considered. This approach would enable the cre-
ation of a more versatile model that is not dependent on any specific region. Secondly, the
creation of distinct models for different areas or land use zones could be effective. By select-
ing and applying the most suitable model based on regional characteristics, it is anticipated
that accurate classification can be performed across diverse geographical contexts.

Future research should focus on implementing these proposed improvements and
quantitatively evaluating their efficacy. Furthermore, it is essential to explore alternative
spatial data sources that could potentially substitute for POI data, as well as develop
new features that can be applied in data-scarce regions. This approach will enhance
the model’s adaptability to various urban environments globally, thereby increasing its
practical applicability in diverse international settings.

4.2. Terrain Impact on Building Height Estimation Accuracy

The results of our building height estimation analysis reveal that the accuracy of
the estimations varies significantly across different regions. Areas with relatively flat
terrain, such as Tokyo, Nagoya, and Osaka, yield higher estimation accuracies of over 85%.
In contrast, to better understand the phenomenon of underperforming estimations, our
preliminary analysis shows that errors are more prevalent in terrains with approximately
10% or greater elevation variation.

Several factors may contribute to the increased error margins in mountainous regions.
Firstly, the techniques used for height estimation may be insufficient for the topographic
complexity, which is characterized by substantial variability in elevation. This complexity
complicates the estimation process, as the interplay between terrain and building heights
may lead to increased uncertainty. Secondly, data resolution may be insufficient to capture
the fine details in rugged terrains, as the DEM data used in this study are 30 m. This
limitation can result in inaccuracies when estimating building heights, as the terrain vari-
ations may not be adequately represented in the input data. Model calibration is also
one significant factor. Although our estimation model accounts for terrain correction,
further adjustments or the development of new frameworks tailored specifically to moun-
tainous environments may be necessary. The unique characteristics of these regions may
require specialized approaches to mitigate the impact of terrain complexity on building
height estimation.

When utilizing the number of floors derived from estimated height, it is important to
consider that both metrics represent similar building characteristics. However, exploring
the margin of differences between building height and floor count could provide additional
insights. Additionally, factors such as zoning should be considered when determining
average floor height [67].
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4.3. Population Allocation

The population allocation methodology has proven its performance in this study where
the data are well maintained and commercialized [15]. However, our micro-population
estimation model revealed several areas for improvement. These areas can be categorized
into three main trends: (1) overestimation in sparsely populated areas, (2) inaccuracies in
areas with high concentrations of non-residential buildings, and (3) misclassification of
industrial structures in port and harbor areas.

The first trend observed was overestimation in sparsely populated areas, such as
mountainous regions. In this study, Hachioji City and Fukuoka City exhibited lower accu-
racy due to this issue. In such areas, even small differences in the number of residents can
lead to significant errors due to the small population size. Additionally, since this method
proportionally allocates population statistics by building units within a municipality, some
areas may receive a disproportionately small allocation compared to the actual distribution.
To address this, future research should explore methods that allow for population prorating
on a more granular, underlying unit basis.

The second observed trend was lower accuracy in areas with a high concentration
of non-residential buildings, particularly commercial facilities, such as downtown areas.
In these regions, there was a tendency to misclassify non-residential buildings, especially
commercial properties, as residential buildings. This misclassification led to an over-
allocation of the population. To improve accuracy in these areas, it is necessary to refine
the threshold for determining residential use, enhance the model, and develop methods for
accurately classifying areas not designated for residential purposes.

Finally, the misclassification of warehouses and other facilities located in ports and
harbors emerged as a significant issue. In Osaka and Nagoya, the population of warehouses
in port areas was misclassified, resulting in decreased accuracy. This problem combines
elements of the previous two issues, and it is characterized by a lack of former residents
and the area not being used for residential purposes. In such areas, it is essential first to
develop methods to exclude these regions from the target population and to improve the
model accordingly.

These improvement measures are expected to lead to the development of a more
accurate building-by-building population estimation method. Moving forward, addressing
these challenges is essential for developing a versatile population estimation model that
can be applied across a broader range of urban environments.

To further investigate these three trends, we conducted a comparative analysis of the
relationship between error rates and land use zones by aligning Japanese land use zoning
data with small-area boundaries. We utilized land use zoning data from the National
Land Numerical Information database [68]. Table 8 defines each land use zone, while
Figure 13 presents the average aggregated results of land use zones and error rates for each
small area.

Table 8. Land use zoning classification and descriptions of Japan.

Land Use Zoning Descriptions

I Commercial Zone A zone for larger commercial facilities, such as banks, cinemas, restaurants,
and department stores, as well as housing and small factories.

II Industrial Zone A zone where various industrial factories are allowed, but it also includes
schools, offices, and some residential buildings.

III Exclusive Industrial Zone A zone designated exclusively for industrial factories. In this zone, no
residential buildings, schools, offices, or hotels are allowed.

IV Quasi-Industrial Zone A zone for light industrial activities and small-scale factories that do not
produce significant hazards or nuisances to the surrounding environment.
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Table 8. Cont.

Land Use Zoning Descriptions

V Quasi-Residential Zone A zone located along roadsides that allows for auto repair shops, gas
stations, and small industries while maintaining the residential environment.

VI Category II: Mid-/High-Rise-Oriented
Residential Zone

A zone for medium- to high-rise residential buildings. Shops, offices, and
hospitals up to 1500 square meters are permitted.

VII Category I: Mid-/High-Rise-Oriented
Residential Zone

A zone for medium- to high-rise residential buildings. Shops, offices, and
hospitals up to 500 square meters are permitted.

VIII Category I: Exclusively Low-Rise
Residential Zone

A zone designated for low-rise residential buildings, where small shops and
offices are allowed near housing, as well as elementary and middle schools.

IX Category II: Exclusively Low-Rise
Residential Zone

A zone designated for low-rise residential buildings, where small shops and
offices up to 150 square meters are allowed, in addition to housing.

X Category II: Residential Zone A zone primarily for residential use but also permits shops, offices, hotels,
and karaoke boxes.

XI Category I: Residential Zone A zone intended for residential purposes. In this zone, larger shops, offices,
hotels, and schools up to 3000 square meters are also permitted.

XII Neighborhood Commercial Zone A zone for small-scale commercial facilities that serve the daily needs of
residents, such as small shops and grocery stores.Remote Sens. 2024, 16, x FOR PEER REVIEW 21 of 26 
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Notably, we observed differences in trends between Tokyo, where the model was
developed, and other cities. In Tokyo, larger errors were more common in areas, such as
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Category I and Category II, Mid-/High-Rise-Oriented Residential Zone, where hospitals,
universities, and stores can coexist with residences. The higher error rates in these areas
are likely due to misclassifications between hospitals or certain-sized stores and apartment
buildings or detached office buildings, and there is a tendency for taller buildings to exhibit
greater estimation errors.

In contrast, predictions for areas outside Tokyo frequently showed misclassifications
in exclusive industrial zones. This likely occurred because the Tokyo-based model did not
include sufficient examples from these zones, leading to their classification as apartment
buildings and the proportional allocation of population estimates. This finding corroborates
previous observations of misclassifications in port areas.

Furthermore, both inside and outside Tokyo, commercial zones exhibited a tendency
for overestimation. This overestimation likely stems from the misclassification of com-
mercial facilities as apartment buildings combined with the general tendency for taller
structures to produce larger estimation errors.

To address these issues, one approach is to appropriately sample training data from
each land use zone during model development. In this study, large errors occurred in
industrial areas not represented in the training data. By ensuring that training data include
a diverse range of land use zones, we can mitigate such biases. Another strategy is to
cluster areas based on their characteristics and develop separate models for each cluster
or region. Our analysis revealed distinct error patterns between Tokyo, where the model
was trained, and other regions. By clustering or grouping similar areas and constructing
models tailored to these clusters, we can potentially improve prediction accuracy.

By adopting these methodologies and modeling approaches that account for regional
characteristics, we aim to develop more effective population estimation techniques.

Our ultimate goal is to establish a robust methodology for generating reliable building-
level demographic statistics in developing countries, which is essential for urban planning,
resource allocation, and disaster management. Access to detailed data on both buildings
and population enables us to conduct comprehensive analyses at the building unit level.
An exemplar of this approach is illustrated in Figure 14, which represents a prototype
for integrating population data at the building unit level with vulnerability factors in
risk assessment [69]. This prototype classifies vulnerability levels for population distri-
bution in each building, incorporating data from neighboring structures within a defined
buffer zone.
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5. Conclusions

In this study, we developed a method for micro-population estimation at the building
unit scale, focusing on estimating building height and usage while ensuring the applicability
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and scalability of our framework across regions. The model was tested in Japan, where
reference data were available for validation.

Our building use classification approach, utilizing a two-stage forecasting flow with
machine learning, demonstrated strengths in distinguishing detached from non-detached
houses and identifying apartment buildings. SHAP and Grad-CAM analyses provided
insights into the decision-making processes of the models, revealing the key features priori-
tized in classifying building use and confirming the complementarity between polygon
data-based and aerial image-based approaches. However, challenges remain in classify-
ing detached offices and capturing complex building structures, which can be addressed
through higher-resolution image data and improved model architectures.

The building height estimation analysis revealed that accuracy varies significantly
across different regions, with higher accuracies in areas with relatively flat terrain. Errors
were more prevalent in terrains with approximately 10% or greater elevation variation.
Factors such as topographic complexity, data resolution, and model calibration contribute
to increased error margins in mountainous regions. Future research should focus on
developing specialized approaches tailored to these environments.

The population allocation methodology has three main areas for improvement to be
considered: overestimation in sparsely populated areas, inaccuracies in areas with high
concentrations of non-residential buildings, and misclassification of industrial structures in
port and harbor areas. Addressing these challenges is essential for developing a versatile
population estimation model applicable across a broader range of urban environments.
Comparative analysis of error rates and land use zones revealed distinct trends between
Tokyo and other cities, highlighting the need for appropriate sampling of training data
from each land use zone and the development of separate models for different clusters
or regions.

Overall, potential improvements include refining the building information and further
specifying its usage and physical characteristics. Taking into account regional characteristics
and utilizing multimodal data is also preferable. Additionally, setting region-specific
thresholds and introducing pre-filtering processes could contribute to further accuracy
gains. The resolution of the population data is also significant in micro-scale population
mapping [12].

To facilitate the practical application of the proposed methodology, users of open
data should consider focusing on several key points. These include identifying relevant
open data sources, deriving building use information from alternative datasets where the
data are absent, applying the methodology to map the micro-population of interest, and
validating the results using ground truth data.

This study presented a novel approach to micro-population estimation at the building
unit scale, demonstrating the application of machine learning for building use classification,
morphology-based height estimation, and statistical population mapping. The results show
the potential for high-resolution estimations in areas with uniform residential buildings
while identifying challenges in mountainous regions and commercial areas. By address-
ing these limitations and extending the applicability of the method to diverse regions,
particularly in developing countries, we aim to contribute to the collection of accurate
building-level demographic data for urban planning, resource allocation, and disaster man-
agement. Future research should focus on refining the models to better capture complex
building structures, developing specialized approaches for mountainous environments,
and improving population allocation accuracy in non-residential areas. Furthermore, the ex-
ploration of alternative spatial data sources and the development of new features applicable
to data-scarce regions will enhance the model’s adaptability to various urban environments
globally, thereby increasing its practical applicability in diverse international settings.
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