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Amidst rapid urbanization, high-rise residential buildings have emerged as the predominant housing typology, a
trend projected to persist and intensify. However, a significant proportion of these residential buildings exhibit
high vacancy rates, resulting in significant inefficiencies and waste. Accurately ascertaining the housing vacancy
rate (HVR) at the residential community scale is therefore essential for improving resource allocation. Traditional
methods for evaluating HVR often face challenges related to limited spatial coverage and insufficient resolution,
particularly in high-rise urban settings. This study compares several methods for estimating HVR at the resi-
dential community level, including the use of location-based services (LBS) data, mobile signaling data, and three
types of nighttime light data. These methods were applied to 5737 residential communities within Beijing’s Fifth
Ring Road. To validate the accuracy of these approaches, field surveys were conducted in 103 representative
communities, utilizing Wi-Fi probes to estimate household counts. The results indicate that LBS data yields the
highest accuracy (correlation coefficient: 0.76), underscoring its effectiveness and potential for large-scale HVR

assessment. Furthermore, the global accessibility of LBS data suggests its applicability for HVR estimation.

1. Introduction

Amidst the global trend of urbanization, high-rise urban environ-
ments have become a defining feature of contemporary cities, charac-
terized by concentrated populations and high building density (Wang &
Shaw, 2018). For example, in 2019, the United States constructed
approximately 352,000 high-rise residential buildings (Mosey & Deal,
2021). In major cities such as New York and Chicago, high-rise resi-
dential buildings are prevalent, including apartment buildings and
multi-family dwellings (Scheu & Garascia, 2016). Similarly, in metro-
politan areas like Tokyo and Osaka, high-rise apartments constitute the
dominant housing form (Peng & Wang, 2022; Sano, Filipovi¢, &
Radovi¢, 2020). In China, large cities such as Beijing, Shanghai,
Guangzhou, and Shenzhen also feature predominantly high-rise resi-
dential buildings (Zhang, Zhao, & Long, 2025). Driven by accelerated
urbanization and limited land availability in central urban areas, the
proliferation of high-rise housing has become increasingly prominent
(Sun, 2020).

The occupancy and utilization of high-rise residential buildings play
a crucial role in global energy consumption and resource use (Nie,

Kemp, & Fan, 2023; Olaya, Vasquez, & Miiller, 2017; Yang, Hu, Zhang,
& Steubing, 2022; Zhang, Li, Chen, Yan, & Liu, 2023). Within this
context, the issue of housing vacancy, defined as residential units that
remain unoccupied for extended periods, has emerged as a key indicator
of resource inefficiency, attracting growing attention from both aca-
demic researchers and policymakers (Flas, Halleux, Cools, & Teller,
2022).

Beyond its association with resource waste, housing vacancy gener-
ates significant negative externalities. High housing vacancy rate (HVR)
may indicate speculative real estate bubbles and can lead to declines in
both residential and nearby property values (Jang, Ahn, Kim, & Song,
2018; Leskinen, Vimpari, & Junnila, 2020). Additionally, elevated va-
cancy levels are linked with increased psychological stress, reduced
subjective well-being, and heightened feelings of fear, anxiety, and
distrust, which can ultimately contribute to adverse health outcomes
(Newman, Li, & Park, 2022; Snedker & Herting, 2016). Vacant housing
is also frequently associated with higher incidences of violent crime
(Arnio, Baumer, & Wolff, 2012; Yonas, O’Campo, Burke, & Gielen,
2007). Moreover, long-term vacancies can trigger a downward spiral of
neighborhood decline, resulting in further property abandonment.
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Therefore, accurately assessing HVR at the residential community level
is essential for mitigating these negative externalities, enhancing
resource efficiency, and supporting broader goals such as sustainable
urban development and carbon neutrality.

Unfortunately, housing vacancy is a widespread issue observed
across both developed and developing countries. Recent studies and
reports have documented its growing prevalence globally. In the United
States, the number of vacant housing units increased by 44 % between
2000 and 2010 (US Government Accountability Office, 2011). A similar
trend is evident in Asia; for instance, Japan’s HVR rose from 2.5 % in
1963 to 13.6 % by 2018 (Kubo & Mashita, 2020). In China, a 2015
survey reported HVR ranging from 22 % to 26 % in major cities (Pan &
Dong, 2021). These statistics highlight the global relevance of housing
vacancy and underscore its importance as a critical issue that transcends
economic development status.

While countries such as the United States and Japan have incorpo-
rated HVR into their national statistical systems, considerable variation
exists in the methods and standards used to calculate and measure HVR,
often shaped by differing national contexts (Flas et al., 2022). Addi-
tionally, the HVR data is frequently reported at aggregated adminis-
trative levels, which constrains the ability to conduct detailed analyses
of regional housing conditions (U.S. Government Accountability Office,
2011). Notably, in some countries or regions, including China, HVR is
not included in official statistical reporting, resulting in a lack of
government-released data on this metric. With the advent of big data,
researchers have increasingly explored using alternative data sources,
such as nighttime light data, to estimate HVR. This approach enables a
more granular analysis of spatial heterogeneity within urban areas
(Chen et al., 2015). However, due to the relatively coarse resolution of
spatial grids of the data, existing studies are typically constrained to
analyses conducted at scales ranging from 130 to 1000 m. (Liu et al.,
2023; Yang & Pan, 2022). Although there is a growing interest in
analyzing residential blocks (Shi et al., 2022), current data limitations,
along with the prevalence of high-rise housing, hinder the ability to
examine housing vacancy at the finer scale of individual residential
communities (Fig. 1).

Accordingly, this study develops and evaluates multiple methodol-
ogies for accurately estimating HVR at the residential community level
in high-rise urban environments, using central Beijing as a case study.
The findings aim to establish a foundational framework for future
research in this and related domains, offering new insights and meth-
odological approaches for large-scale, residential community-level HVR
estimation.

2. Literature review
2.1. Estimating HVR with traditional data

Traditional methods for estimating HVR include the use of
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governmental surveys, taxation records, field investigations, and elec-
tricity consumption data.

Governmental data sources primarily comprise census surveys and
taxation records. Surveys, typically conducted through official census
efforts, provide demographic and housing information, often accessible
via digital government archives. For instance, administrative data from
the United States Postal Service (USPS) and the American Community
Survey (ACS) offer insights into vacant housing units at the census tract
level (Immergluck, 2016; Wegmann, 2020). However, such data often
lack the spatial granularity required for detailed vacancy analysis. While
taxation records can be used to identify vacant housing (Wyatt, 2008),
their availability and utility vary significantly across countries and
regions.

To address these limitations, researchers have employed structured
interviews and questionnaires to gather vacancy-related data within
specific regions (Fahmi & Sutton, 2008; Ma, Zhou, & Fang, 2003).
However, as sampling-based methods, these surveys often lack
comprehensive coverage. Concurrently, field investigations, such as
nighttime photography to observe lighting as a proxy for occupancy, or
inspections of property exteriors and yards, have been used to assess
housing status (Akiyama et al., 2020; Yao, Teng, & Li, 2013). While
these approaches yield detailed household-level data, they are highly
labor-intensive, time-consuming, and difficult to scale. Furthermore,
they are typically based on short-term observations and rely heavily on
subjective judgments, which may compromise the accuracy of vacancy
assessments.

Electricity consumption data has also been utilized to identify vacant
housing by analyzing usage patterns over time (Jiang, Cheng, Xiang,
Yin, & Wang, 2020; Wang et al., 2023). Although this method is effective
in detecting occupancy status, access to such data is often restricted due
to privacy concerns and requires collaboration with utility providers,
thereby limiting its applicability in broader research contexts.

2.2. Estimating HVR with new data

The emergence of new data sources and technological advancements
has significantly improved the capacity to estimate HVR.

Among these, nighttime light data has become an increasingly pop-
ular data due to its broad spatial coverage and ability to capture illu-
mination patterns indicative of human activity. Three commonly used
nighttime light datasets in HVR research include DMSP/OLS (Yao & Li,
2011), NPP/VIIRS (Chen et al., 2015; Liu et al., 2023), and Luojia-01
(Tan, Wei, & Yin, 2020; Yang & Pan, 2022), with their spatial resolu-
tions of approximately 1000 m, 500 m, and 130 m, respectively. While
these datasets are publicly accessible, they face limitations in spatial
granularity and challenges in filtering non-residential light sources, such
as street lights. In 2022, the Changguang Satellite Technology Company
launched the Jilin-01 satellite, capable of capturing nighttime light data
at a remarkable spatial resolution of 0.92 m (Du, Wang, Zou, & Shi,
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Fig. 1. Differences in the identification of vacant houses between low and high-rise urban settings.
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2018). Although this advancement presents new opportunities for
detailed HVR analysis, the data is not publicly accessible and typically
requires customized satellite imaging services, which limits scalability
and widespread application.

In addition to nighttime light data, some researchers have explored
the use of high-resolution remote sensing imagery (Zou & Wang, 2021b)
and street view images (Zou & Wang, 2021a) to identify vacant housing,
using visual indicators such as signs of habitation or prolonged lack of
maintenance as proxies for occupancy status. While these image-based
data sources are generally accessible, their applicability is largely
confined to single-family housing contexts and remains limited in high-
rise urban environments, where multiple households occupy a single
building.

With the widespread adoption of mobile devices, location-based
services (LBS) data and mobile signaling data have emerged as valu-
able resources for analyzing urban human activity patterns. Previous
studies have employed these data sources to estimate population density
and mobility (Jin et al., 2017; Yao et al., 2017). However, their use in
HVR estimation is still nascent, in part due to data accessibility chal-
lenges, as they are typically obtained through commercial purchase
from internet companies or telecommunications providers.

In summary, while previous research has made significant progress
in identifying vacant housing and estimating HVR through innovative
data sources and methodologies (Table 1), challenges persist (Fig. 2).
These include variations in spatial resolution across datasets, their
contextual suitability for different urban environments, and the uncer-
tainty of HVR estimates at fine spatial scales. In response, this study
employs LBS data, mobile signaling data, and nighttime light data to
estimate HVR and evaluate their comparative accuracy, with the goal of
refining residential community-level HVR estimation methods in high-
rise urban environments.

3. Research design
3.1. Study area and data collection
(1) Study area

This study uses Beijing as its case study area. As China’s capital,
Beijing serves as a major hub for politics, culture, education, technology,
and international exchange. High-rise buildings dominate the architec-
tural landscape in central Beijing. However, publicly available govern-
ment data on HVR is currently lacking, underscoring the need to better
understand the city’s vacancy dynamics. This study focuses on the urban
area within Beijing’s Fifth Ring Road, treating all residential commu-
nities in this zone as research objects and basic units of analysis.

(2) Data description and preprocessing

The paper utilizes multi-source big data (Table 2), with the core
datasets comprising five types: Baidu Map LBS data, Unicom mobile
signaling data, Jilin-01 nighttime light data, Luojia-01 nighttime light
data, and NPP/VIIRS nighttime light data. All data processing proced-
ures were anonymized to ensure the protection of individual privacy.

3.1.1. Baidu Map LBS data

The LBS data used in this study is derived from statistical information
obtained through the Baidu Maps Location Software Development Kit
(SDK). Baidu Maps processes over 120 billion location service requests
daily and supports more than 1.2 billion active smart devices per month,
covering all administrative regions in China. The study extracted
smartphone location features and their temporal distribution from
internet-based location data between February and June 2022. Based on
nighttime location patterns and other indicators, the spatial locations of
residential dwellings were identified with high accuracy (See Appendix
1 for details). It is acknowledged that Baidu LBS data may not represent
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the entire population within the study area. Consequently, the number
of residents in each community was proportionally adjusted based on
official demographic statistics. All relevant data processing steps were
anonymized, and no individual privacy was compromised at any stage
or in any output.

3.1.2. Unicom mobile signaling data

China Unicom, one of the major telecommunication operators in
China, estimates residential locations nationwide using the most
frequently observed nighttime positions after user account registration.
To account for potential discrepancies between the number of Unicom
users and the total population, adjustments were made accordingly. In
this study, Unicom mobile signaling data from July 2022 was used to
estimate the total population of each residential community.

3.1.3. Nighttime light data

Three sources of nighttime light data were employed: Jilin-01,
Luojia-01, and NPP/VIIRS. The Jilin-01 satellite offers a high spatial
resolution of 0.92 m. Jilin-01 nighttime light data was acquired for the
study area, specifically between October and December 2022, from
20:00 to 21:00 on weekdays.' Furthermore, Luojia-01 nighttime light
data from September 2018, with a spatial resolution of 130 m, was
selected due to its cloud-free quality. The NPP/VIIRS nighttime light
data from September 2022, characterized by a 500 m resolution, was
also utilized. In accordance with established research practices (Tang,
Du, Lin, Guo, & Qie, 2020), all three datasets underwent preprocessing
steps including coordinate projection, geographic registration, radio-
metric calibration, and the removal of anomalous values.

3.2. Methodology

This paper follows a five-step process. First, the boundaries of resi-
dential communities are delineated, followed by the calculation of
household capacity and the actual household count. The performance of
various datasets is validated to identify the highest-performing high-
resolution data. The workflow is illustrated in Fig. 3.

(1) Identification of community boundaries

The boundary data of residential communities was extracted using
AOI data and land use data. In addition, POI data and remote sensing
imagery were incorporated to refine certain boundaries. This study fo-
cuses exclusively on residential communities completed prior to 2022,
excluding those under construction in 2022. Moreover, given that some
residential areas in Beijing still consist of self-built houses, such as
courtyard residences, which typically feature low building heights and
do not align with the high-rise urban context, the study calculated the
average building height for each residential area and excluded those
with fewer than two stories. After this filtering process, 5737 valid
residential communities were identified, covering a total area of
140.1km?. To minimize the influence of non-residential areas, such as
schools and commercial buildings, on the results, non-residential zones
were manually excluded from these boundaries. The final dataset con-
sists of 5737 adjusted residential community boundaries, covering an
area of 139.7 km? (Fig. 4). The size of each residential community
ranges from 0.054 ha to 61.70 ha, with an average area of 2.44 ha and a
standard deviation of 3.19 ha. Within the study area, the average
building density, defined as the ratio of the total building area to the
area of the residential community, is 2.62, and the average number of
building floors is 9.06.

(2) Calculation of household capacity

1 This timeframe is strategically chosen to precede most urban residents’
bedtime, as suggested by Feng et al. (2020).
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Table 1
Data used for the evaluation of HVR.
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Data source Spatial resolution Data collection method

Research unit Scalability in Reference

high-rise urban settings

Government survey data Low Open access Administrative unit Low Immergluck, 2016;
Wegmann, 2020
Taxation record data High Government House Low Wyatt, 2008
requests
Field survey data High Self-collection House Low Akiyama et al., 2020;
Yao et al., 2013
Interviews and questionnaires High Self-collection House Low Ma et al., 2003;
Electricity consumption data High Government House Low Jiang et al., 2020;
requests Wang et al., 2023
Nighttime light data DMSP Low Open access Grid(1 km)/ Low Yao & Li, 2011
/OLS (1 km) City
NPP Moderate (500 m) Open access Grid(500 m)/ High Chen et al., 2015;
/VIIRS City Liu et al., 2023
Luojia High Open access Grid(130 m)/ High Shi et al., 2022;
-01 (130 m) Residential blocks Tan et al., 2020
Jilin-01 High Purchase Grid (0.92 m) High Du et al., 2018
(0.92 m)
Remote sensing image data High Open access House Low Zou & Wang, 2021b
Street view image data High Open access House Low Zou & Wang, 2021a
LBS data High Purchase Residential community High Jin et al., 2017
Mobile signaling data High Purchase Residential community High Yao et al., 2017
Research scale
A
@ () NPPVIIRS Remote sensing
Global nighttime light data image data
DMSP/OLS
nighttime light data o .
(O Mabile signaling data
@) O () LBS data (9 Street view
National Governrge?t Luojia-01 image data
surve ata q . :
y ! nighttime light data
. Jilin-01 (@) O Taxation records
City nighttime light,data . data
Electricity
consumption data
stri Field:surve Interview &
District Y @ : '
data Questionnaire
» Spatial
Census Gll’id Community Household resolution
f T T ]
1km 500m 130m 0.92m

Data sources applicable for large-scale estimation of HVR in high rising urban settings

@© Data sources with limited capacity for large-scale estimation of HVR in high rising urban settings

Fig. 2. Spatial resolution of various data sources and their corresponding appropriate scales.

The building data used in this study includes both the building
footprints and their respective heights. The footprint area of each
building was calculated, and the number of floors for each building was
determined, assuming a residential building height of 3 m per floor. The
total area of each building was then calculated by multiplying its foot-
print area by the number of floors. By integrating the area designated for
each residential unit, an estimation of the household capacity per

building can be derived. This paper includes a comprehensive classifi-
cation of buildings to more accurately estimate household capacity.” In
cases where data on unit areas are unavailable for specific residential
communities, the average unit area for that building category across all
communities is used as a proxy. By summing up the total household
capacity of all buildings, the aggregate household capacity for each
residential community was calculated (Eq. 1).

2 Specifically, the identified building types include villas and up to 6 floors,
7-18 floors, 19-33 floors and >33 floors residential buildings. These classifi-
cations are primarily based on the prevalent distribution of floor numbers
observed in residential structures throughout China (Li et al., 2023).
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Table 2
Data description and application
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Application Data Spatial Time Source Data information
resolution
Identification of residential Point of interest Point 2022 Baidu Maps Latitude, longitude and category of POIs
community boundary (POI) data
Area of interest (AOI)  Parcel 2022 Baidu Maps Location and category of AOIs
data
Land use data Parcel 2014 Government Residential land boundary in Beijing
Remote sensing 0.3m 2022 Google Maps Remote sensing images for the area within
image data Beijing’s Fifth Ring Road
Calculation of 3D building data Building 2023 Baidu Maps Building footprint and building height
household capacity Residential unit area Unit 2022 Anjuke.com Area, type and location of unit
data
Calculation of LBS data Point September 2022 Baidu Latitude and longitude of each user’s residence
housing count Mobile signaling data ~ Point July 2022 Unicom Latitude and longitude of each user’s residence
Jilin-01 nighttime 0.92m October to Changguang Satellite Nighttime light remote sensing imagery for the
light data December 2022 Technology Company area within Beijing Fifth Ring Road
Luojia-01 nighttime 130 m September 2022 Wuhan University et al. Nighttime light remote sensing imagery for the
light data area within Beijing’s Fifth Ring Road
NPP/VIIRS nighttime ~ 500 m September 2022 NASA and NOAA Nighttime light remote sensing imagery for the
light data area within Beijing Fifth Ring Road
Household size data District 2020 Seventh National Household size of the district
population survey
Permanent Sub-district 2020 China’s seventh national The number of permanent residents in each sub-

population data

population census

district
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(3) Calculation of household count
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Fig. 4. Study area and the residential community boundaries.

The actual household count of various residential communities was
estimated using five distinct datasets. The estimation methodologies
applied to Baidu Map LBS data and Unicom mobile signaling data are
similar. The specific formula applied to calculate the actual household
count with Baidu Map LBS data is represented as Eq. 2, while the for-
mula of Unicom mobile signaling data is given in Eq. 3.

calculated the average household N value of these communities and
applied it as the estimated N value for non-vacant housing units. The
actual number of households in a residential community was deter-
mined by taking the ratio of the community’s N value to the N value of
non-vacant housing units (Eq. 4-5) (See Appendix 2 for details).

Nag; = Niy / Capacity, 4)

Householdpaiguj = POPpgiqu / House_size;

Householdyicomj = POPynicom / House_size;

(2)
H ouseholdnight time light dataj — NRj / N, avg_median

3)

)

Where Householdpgq, j represents the household count of community j as
derived from Baidu LBS data; Pop,,q,; denotes the population count of
community j according to Baidu LBS data; Household,sicom represents
the household count of community j as derived from Unicom mobile
signaling data; POpp;c,m; denotes the population count of community j
according to Unicom mobile signaling data;House_sizejcorresponds to
the household size of community j (that is, the household size of the
district where the community is located).

The study also employed three sources of nighttime light data to
estimate the actual household count within residential communities.
Building on a hypothesis established in prior research, it was postulated
that a linear relationship exists between the number of households and
the nocturnal light emissions from residential buildings, characterized
by a constant linear coefficient (Shi et al., 2022). To determine the N
value for non-vacant household units, the study drew on previous
research (Huang and Zhao, 2023; Wang, Fan, & Wang, 2019) and
assumed that residential communities located in the city center are fully
occupied. A total of 382 residential community samples located in the
city center were selected for analysis. These residential communities
were considered fully occupied, meaning the housing capacity equaled
the number of households. Based on this assumption, the study

Where Ngyg; refers to the average N value per household within the
community j; Ng; denotes the DN value in the community j;
Capacity;represents the household capacity of the community j;
Navg_median i the median of Nuyg; across all communities.
Householdngh rime tight dataj TePresents the household count of community j
as derived from different nighttime light data.

(4) Estimation of HVR

The calculation formula (Eq. 6) for the HVR used by all five datasets
is consistent, defined as the difference between 1 and the ratio of the
actual household count to the household capacity within a residential
community.

HVR; = 1 — Household; / Capacityj 6)
Where HVR; refers to the HVR of the community j; Household; represents
the household count of community j;

Capacity;represents the household capacity of the community j.

(5) Validation of HVR
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To validate the accuracy of different datasets, the study selected 103
representative residential communities for field-based Wi-Fi probe data
collection. The HVR derived from the field data was used as the ground
truth, against which the HVR values from the various datasets were
compared. The detailed validation process is described in the following
Results section.

4. Results
4.1. Household capacity in Beijing

Within the Beijing Fifth Ring Road, residential communities collec-
tively accommodate 3.71 million households, with an average house-
hold capacity of 587 households. The maximum capacity is 9834
households, while the minimum is 12 households, with a standard de-
viation of 721.

4.2. Household count in Beijing obtained from various big data

Distinct variations are observed in household count estimates
derived from different data sources (Table 3). Specifically, the figures
from Baidu LBS, Unicom mobile signaling, and Jilin-01 nighttime light
data all exceed the total household capacity within the study area. Baidu
LBS data recorded the highest actual household count, with 3,614,545
households, averaging 630 per community. Unicom mobile signaling
data reported a slightly lower total of 3,461,831 households, with an
average of 603 per community. Jilin-01 nighttime light data estimated
3,035,028 households, averaging 529 per community. In contrast, both
Luojia-01 and NPP/VIIRS nighttime light data reported household count
below the area’s capacity. Luojia-01 data recorded 2,237,763 house-
holds (average of 390), while NPP/VIIRS data recorded 1,140,533
households (average of 199). The distribution map (Fig. 5 a-e) further
highlights these disparities.

Analysis of pairwise correlations among the five data estimates
(Fig. 5f) reveals that, aside from the strong correlation of 0.80 between
the Baidu and Unicom data, correlations between other data pairs are
below 0.60. These findings highlight the need for validation of perfor-
mance of different data.

4.3. Validation of HVR
(1) Field data collection

This study conducted field surveys across 103 representative resi-
dential communities (Fig. 6a), selected for their geographical diversity
and the variety of architectural typologies they encompass (See Ap-
pendix 3 for details). The average number of floors in the buildings
across these communities was 9.02, ranging from 3 to 34 floors. To
validate the household count estimations from the five datasets, the
study assumed that each occupied house in these communities was
equipped with a wireless network access point (AP), such as Wi-Fi
routers (See Appendix 4 for details).

Between August 15 and 23, 2023, four volunteers equipped with Wi-
Fi probes, GoPro cameras and smartphones running the 2bulu applica-
tion gathered data by cycling through every road within the residential

Table 3
Descriptive statistics of household capacity and household counts (N = 5737).
Total Mean Min Max Std.
Capacity 3,708,109 587 12 9834 721
Householdpidu 3,614,545 630 0 13,042 838
Householdynicom 3,461,831 603 0 12,339 934
Householdjiiin—o1 3,035,028 529 8 27,330 864
Householdjgjia_o1 2,237,763 390 20 11,793 425
Household,, 1,140,533 199 0 2286 216
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communities (Fig. 6b). During data collection, the volunteers main-
tained a speed of no more than 7 km/h, and the Wi-Fi probes were not
obstructed by metal objects or other coverings. The Wi-Fi probe used
was the Zhongke Aoxun TZ-4007, with a detection range of up to 100 m.
It recorded data every 5, s, including source and destination MAC
address, frame type, frame subtype, signal strength, and timestamp.
Concurrently, the 2bulu application tracked GPS trajectories, while the
GoPro camera captured visual images of the community. The combined
data collection efforts resulted in a comprehensive dataset, which
included 10,913,632 entries of probe data, 103 GPS trajectories, and
345.91 GB of image data.

(2) Data processing

The study focused on extracting data characterized by a frame type of
0 and a frame subtype of 8, as defined in the 802.11 protocol, which is
typically used to identify AP devices. A total of 1,263,568 records,
corresponding to 168,436 APs, were extracted. The location of the probe
at the time of AP signal detection was determined by synchronizing the
data collection timestamp with the corresponding GPS trajectory
(Fig. 6¢ and Fig. 6d). Assuming an inverse correlation between signal
strength and the distance from the probe to the AP, multilateration
techniques were used to estimate the likely positions of each AP
(Fig. 6e). This approach was crucial in excluding APs located outside the
communities.

(3) Correlation analysis

The number of routers within a residential community, extracted
from the Wi-Fi probe data, was used as the define Householdw;_ri, and
the HVRw;_p; for the 103 communities was calculated. A bivariate cor-
relation analysis was performed on a sample of these 103 typical resi-
dential communities, with HVRw;_p; as the dependent variable and the
results from the five datasets as independent variables, to assess the
accuracy of the datasets. When compared to the Wi-Fi probe data, the
Baidu LBS data exhibited a strong correlation coefficient of 0.76 (p <
0.001), followed by the Unicom mobile signaling data at 0.69 (p <
0.001) and the Jilin-01 nighttime light data at 0.66 (p < 0.001). In
contrast, the LuoJia-01 and NPP/VIIRS nighttime light datasets showed
comparatively weaker correlations. The LuoJia-01 dataset had a corre-
lation coefficient of 0.46 (p < 0.001), while the NPP/VIIRS dataset
demonstrated a minimal correlation, with a coefficient of only 0.23(p <
0.001).

4.4. HVR at residential community level in Beijing

In conclusion, the Baidu LBS data demonstrates the best performance
among the five datasets. The results indicate that the average HVR of
residential communities within Beijing’s Fifth Ring Road is 13.31 %. It
was observed that 3932 residential communities had an HVR of <10 %,
while 592 residential communities exhibited an HVR exceeding 50 %.
The spatial distribution of HVR across these communities is illustrated in
Fig. 7. Residential communities with higher HVRs are primarily
concentrated on the outskirts of the study area.

The study selected residential communities with varying HVRs and
collected on-site images. Residential communities 1 and 2, characterized
by relatively lower vacancy rates, showed a noticeable aggregation of
both motorized and non-motorized vehicles on their roads, along with
visible resident activity. Residential community 3, with a moderate
vacancy rate, exhibited some signs of residential life; however, the
presence of vehicles was less evident compared to the first two com-
munities. Residential communities 4 and 5, both exhibiting higher va-
cancy rates, displayed distinct characteristics. The former was
undergoing partial building renovations, while the latter was a newly
constructed villa area completed in 2021. Overall, the Baidu LBS data
was found to closely align with the Wi-Fi data findings.
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5. Discussion
5.1. Academic contribution compared to previous studies

High-rising buildings are a prominent feature of major urban land-
scapes. These areas often contain a substantial number of vacant housing
units, indicating a significant waste of construction resources and
potentially posing negative consequences, including adverse effects on
the health of nearby residents. Consequently, accurately identifying the
housing vacancy rate (HVR) at a fine-grained residential community
level is essential for the efficient repurposing of vacant housing,
reducing the consumption of building materials, and minimizing the
generation of demolition waste. However, the distinct architectural
characteristics of high-rise urban environments present considerable
challenges for the detection of vacant housing. This paper proposes a
methodological framework for large-scale identification of residential
vacancy rates in high-rise urban areas.

Accurately calculating housing vacancy rates (HVR) requires precise
estimation of both the total household capacity and the actual household
count within a given area. Previous research has frequently relied on
land use data, specifically, the area of residential communities, to esti-
mate housing capacity (Lu, Zhang, Liu, Ye, & Miao, 2018; Yang & Pan,
2022). However, such approaches may introduce substantial errors in
high-rise urban settings. Other studies have utilized three-dimensional
(3D) building data to estimate capacity, yet often overlook important
residential building attributes, such as building type and number of
floors, which are correlated with unit area (Hu, Yan, Guo, Cui, & Dong,
2017). Some scholars have used household capacity data obtained from
online real estate platforms. However, coverage remains limited. In our
study, 1731 (26.7 %) residential communities lacked available capacity
data. Specifically, 1595 residential communities were not listed on the
Anjuke platform, and 136 were listed, but did not publish housing ca-
pacity information. Furthermore, Anjuke provides only geographic co-
ordinates, which may not align precisely with the actual spatial
boundaries used in our analysis. To address these challenges, our study
integrates unit area data from various residential building types,
collected from real estate information service platforms, with 3D
building data. Additionally, we conducted a linear regression analysis
comparing the available housing capacity data from real estate plat-
forms with our estimations. The resulting R? value of 0.78 supports the
reliability and validity of our proposed methodology.

This study utilizes five distinct data sources, including Baidu
Location-Based Services (LBS) data, Unicom mobile signaling data, Jilin-
01, Luojia-01 and NPP/VIIRS nighttime light data, to estimate the actual
household count at the residential community level. These estimations
are then employed in calculating the HVR, offering innovative meth-
odologies for fine-grained, large-scale assessments of housing vacancy.
To the best of our knowledge, this is the first study to systematically
compare multiple methods for HVR estimation at the residential com-
munity level, and it also marks the inaugural application of LBS and
mobile signaling data for these estimations. A key finding of the study is
the substantial variation in HVR estimates produced by the five datasets.
Notably, the results derived from Baidu LBS and Unicom mobile
signaling data exhibit a strong correlation (correlation coefficient: 0.83),
whereas the other datasets show weak inter-correlations, with co-
efficients consistently below 0.55. This outcome highlights the critical
importance of validating the accuracy and reliability of data sources
used in vacancy estimation.

As previously mentioned, accurately determining household count in
high-rise urban settings presents significant challenges. The external
appearance of residential units provides no reliable indication of occu-
pancy, making traditional field surveys particularly difficult. Further-
more, in cities such as Beijing, access to electricity consumption data,
which could potentially assist in occupancy estimation, is not available
due to data restrictions. To address these challenges, this study in-
troduces a novel method for collecting actual household count data in
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high-rise urban settings, which is used to validate the estimates derived
from the five datasets. This method utilizes Wi-Fi probes to detect and
count wireless network access points (APs) within the residential com-
munities, using AP count as a proxy for the actual household count.
Compared to traditional field surveys, this method significantly reduces
labor and time costs. According to collection experience, a single data
collector can survey 7 residential communities, covering approximately
9000-11,000 households, within an average of 6 h. Moreover, this
approach minimizes potential biases resulting from inconsistent audit-
ing standards among surveyors and offers scalability for application in
other high-rise urban areas.

5.2. Performance of different datasets

The paper collected the AP counts in 103 residential communities to
validate HVR estimates derived from the five datasets. Among the
datasets evaluated, Baidu Map LBS data demonstrated the best perfor-
mance, showing a strong correlation with Wi-Fi probe results (correla-
tion coefficient: 0.76). This finding is consistent with prior research,
which indicates that LBS data significantly outperforms land use/cover
data and nighttime light data in mapping population distributions (Xu,
Song, Cai, & Zhu, 2021). Therefore, LBS data can be considered a reli-
able source for broader estimations of HVRs at the residential commu-
nity level.

In contrast, datasets based on Unicom mobile signaling data and the
Jilin-01 nighttime light data exhibited weaker correlations, with co-
efficients of 0.69 and 0.66, respectively. The relatively lower accuracy of
Unicom mobile signaling data may be attributed to its dependence on
the locations of connected base stations to estimate user locations (Zhai,
Wu, Fan, & Wang, 2018), which lacks the spatial precision of GPS-
enabled LBS data. Furthermore, Unicom’s resident identification algo-
rithm, based on mobile card registration, may not accurately capture the
current population residing within residential communities.

The Jilin-01 nighttime light data also has notable limitations.
Although the current analysis is based solely on luminosity values within
a 2-m buffer zone surrounding residential buildings, it is not possible to
fully eliminate the influence of non-residential light sources, such as
streetlights and vehicle headlights. Additionally, the high spatial reso-
lution of the data introduces inefficiencies in image acquisition. As a
result, the nighttime light imagery used in this study is synthetic,
meaning that different regions were not captured simultaneously.
Moreover, unlike the Baidu Map LBS and mobile signaling data, the
nighttime light data does not allow for extended temporal observation,
thereby introducing a higher degree of randomness into the HVR esti-
mates. The relatively low correlation with LBS data (correlation coeffi-
cient: 0.55) further underscores the limitations of nighttime light data
for this application.

Although previous studies have demonstrated the feasibility of using
Luojia-01 and NPP/VIIRS nighttime light data to estimate HVR at block
or grid scale (Shi et al., 2022; Wang et al., 2019), our findings suggest
that these datasets are less suitable for HVR estimation at the residential
community scale. Specifically, they show only weak correlations with
the Wi-Fi data, with correlation coefficients of 0.46 and 0.23, respec-
tively. This is likely due to the low spatial resolution of these datasets
(Fig. 8). Statistical analysis reveals that 3534 (61.60 %) residential
communities are smaller than a single grid cell in the Luojia-01 dataset,
and 5695 (99.27 %) residential communities are smaller than a single
grid cell in the NPP/VIIRS dataset. Additionally, the Luojia-01 dataset
ceased updates after 2019. This introduces a significant temporal
mismatch between the Luojia-01 data and the other datasets used in this
study. Consequently, the use of Luojia-01 nighttime light data to assess
housing vacancy status beyond 2020 is not feasible.

It is important to note that Baidu Map LBS data, China Unicom
mobile signaling data, and Jilin-1 nighttime light data are not publicly
accessible (Table 4). Access to these datasets requires either direct
purchase or customized services from the respective operators, which
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(a) Jilin-01 nighttime light data

(b) Luojia-01 nighttime light data

(c) NPP/VIIRS nighttime light data

Fig. 8. Comparative of spatial resolution among three variants of nighttime light data in the same area.

Table 4
The comprehensive comparison of five datasets.

Dataset Accuracy in HVR Spatial Time span Collection Based on long-term observation or
estimation resolution method not

Baidu Map LBS data High Point From 2017 to the present ~ Purchase Yes

China Unicom mobile signaling Moderate Point 2019-2025 Purchase Yes

data

Jilin-01 nighttime light data Moderate 0.92 m From 2021 to the present ~ Purchase No

Luojia-01 nighttime light data Low 130 m 2018-2019 Open access No

NPP/VIIRS nighttime light data Low 500 m From 2013 to the present ~ Open access Yes

may constrain very large-scale HVR, particularly at the national level,
due to the high costs of data acquisition. In contrast, the Luojia-01 and
NPP/VIIRS nightlight datasets are publicly available. Previous studies
have demonstrated their utility in estimating HVR at both parcel and
urban scales (Shi et al., 2022; Wang et al., 2019), suggesting that these
datasets can partially mitigate the issue of limited data accessibility.

5.3. Robustness testing

To ensure the robustness of the findings, three robustness checks
were conducted. The first involved calculating the HVR directly from the
residential community boundaries obtained from the AOI and other
datasets, without manually verifying to exclude public buildings or
other non-residential structures. The second robustness check adjusted
the method for estimating the number of households in residential
communities based on nighttime light data. Specifically, it assumed a
linear relationship between nighttime light intensity and population size
within residential communities. By combining nighttime light datasets
with census data, population estimates were generated for each resi-
dential community. These estimates were then divided by average
household size to derive the number of households, followed by HVR
calculation. The third robustness check used housing capacity data
directly obtained from a real estate platform (Anjuke.com) for each
residential community. Results from these robustness checks consis-
tently showed that the Baidu Map LBS data outperformed all other
datasets in HVR estimation (Fig. 9).

5.4. Practical implications and limitations

In summary, this study presents a comprehensive methodological
framework for large-scale and fine-grained analysis of housing vacancy
rates (HVR) using LBS data. The application of this dataset enabled ac-
curate estimation of HVR across a wide range of residential communities
within Beijing’s Fifth Ring Road, revealing an average vacancy rate of
13.31 %. However, despite the presence of vacant units in some com-
munities, the actual household count exceeded the available housing
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capacity in others, indicating an uneven spatial distribution of residents.
These findings carry important policy implications, offering government
agencies a deeper understanding of the dynamics of Beijing’s housing
market and supporting the development of targeted strategies to reba-
lance resident and housing distribution. To address disparities, policies
could be introduced to incentivize resource reallocation within the
housing market. For communities with higher HVR, interventions such
as rental or purchase subsidies, along with increased investment in
public facilities, including transportation, commerce, education, and
healthcare, could help attract residents. Such measures would ease
population pressure in overcrowded areas, promote a more balanced
distribution of residents across the city, and support equitable urban
development. Additionally, the establishment of a dynamic monitoring
system based on LBS data is recommended. This system would enable
continuous tracking of residential patterns, early identification of va-
cancy trends, and timely prediction of potential housing-related issues,
thereby facilitating proactive policymaking and intervention.

While Baidu LBS data is exclusive to China, comparable international
platforms, such as Google, Facebook, and Foursquare, offer similar op-
portunities for housing vacancy analysis. Furthermore, while this study
focuses on high-rise urban environments, the proposed methodology is
also applicable to low-rise urban areas, which typically feature simpler
architectural structures and may facilitate more straightforward
analysis.

Nonetheless, this study is not without its limitations. It primarily
utilizes HVR as an indicator to assess the vacancy patterns in Beijing but
it does not delve into unit-level vacancy analysis, which warrants further
exploration. Additionally, residential boundary determination in this
study required a degree of manual correction to exclude non-residential
buildings. In fact, several recent studies have demonstrated the potential
of integrating POI data (Deng et al., 2022), remote sensing imagery (Lin
et al., 2021), street view imagery (Zhang, Fukuda, & Yabuki, 2021), and
social media imagery (Hoffmann, Abdulahhad, & Zhu, 2023), in com-
bination with deep learning models, to infer building functions rapidly
and accurately. Future research could build upon these approaches to
enhance and automate the boundary identification process. Moreover,
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Fig. 9. Robustness test of the HVR correlation computed with five datasets and the Wi-Fi probe dataset: (a) HVR correlation analysis results without any adjustments;
(b) HVR correlation analysis results using unmodified residential area boundaries; (c) HVR correlation analysis results with adjustments based on nightlight data to
estimate household count; (d) HVR correlation analysis results using housing capacity data from real estate platform.

the current methodology is limited in its ability to distinguish seasonal
vacancies, highlighting another area for potential refinement and
methodological advancement.

6. Conclusions

In this study, we conducted a comprehensive analysis of 5737 resi-
dential communities within Beijing’s Fifth Ring Road and compared five
data sources to develop an accurate and effective methodology for
estimating housing vacancy rates (HVR) at the residential community
level in high -rise urban environments. This proposed framework,
characterized by its precision and efficiency, demonstrates strong po-
tential for application in other regions. Our main findings can be sum-
marized as follows:

12

1) Significant variation exists among datasets in estimating HVR.
Comparative analysis of five high-resolution datasets, along with
their correlation with Wi-Fi probe data, revealed notable discrep-
ancies in estimation performance.

2) Location-Based Services (LBS) data proved to be the most reli-
able for HVR estimation. The estimated HVR derived from LBS data
exhibited the highest correlation with Wi-Fi probe data, with a co-
efficient of 0.76.

3) The effectiveness of Luojia-01 and NPP/VIIRS nighttime light
data at the residential community level is limited. Their corre-
lation coefficients with Wi-Fi probe data were only 0.46 and 0.23,
respectively, indicating relatively low reliability for fine-scale va-
cancy analysis.

4) Using LBS data, the HVR within Beijing’s Fifth Ring Road was
estimated to be 13.31 %. This finding holds substantial policy
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implications, offering valuable guidance for urban housing policy
formulation, the revitalization of vacant housing stock, and the
reduction of resource inefficiencies.
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