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A B S T R A C T   

As the urbanization rate in the world has increased rapidly, the housing vacancy problem has 
become serious and attracting more attention. Calculating and analyzing vacant housing can help 
reduce the wasteful use of resources. This paper measures the housing vacancy rate and housing 
vacancy stock in the Shandong Peninsula urban agglomeration using night-time lighting and land 
use data. The results show that the average housing vacancy rate in the Shandong Peninsula 
urban agglomeration rose rapidly from 14.68% in 2000 to 29.71% in 2015 before declining 
slowly to 29.49% in 2020. Since urban population growth is lower than the housing construction 
rate, the average annual growth of housing vacancy stock between 2000 and 2020 exceeds 3 
million square meters in megacities and is around 1–2 million square meters in large and 
medium-sized cities. The vacant housing has caused considerable waste of housing resources. The 
driving factors of the housing vacancy were further analyzed using the LMDI decomposition 
method. Results indicate that the economic development level is the most significant driving 
factor of the vacant housing stock. In addition, the value effect of unit floor areas is the major 
driving factor inhibiting the growth of vacant housing stock, while the decline of unit floor area 
value is conducive to the reduction of this stock.   

1. Introduction 

Currently, the world’s urban population accounts for 56.20% of the world’s total population, and this proportion will reach 60.40% 
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by 2030, of which 96.00% of this growth is mainly from developing countries in East Asia, South Asia, and Africa [1]. As the largest 
developing country in the world, China has been keeping a great pace in urbanization, with its increased rate about three times since 
the reform and opening up (around the year 1978). The high-paced improvement in urbanization has been both the outcome and the 
driver of the economic development of China [2]; however, the social and environmental issues along with the fast urban development 
cannot be ignored [3]. For example, in 2010, Time magazine published an article titled “Ordos, China: A Modern Ghost City”, reporting 
the over-development issues in the housing market in the city of Ordos, Inner Mongolia, China. Since then, the term “Ghost city” has 
been used to describe cities with over-developed residential and commercial housing projects that are left empty due to low real-world 
demand [4]. “Ghost city” reflects a series of social, economic, and environmental issues related to the over-development of land, loss of 
urban population, and vacant housing in the process of urbanization construction. Therefore, it is necessary to focus on the problems 
due to the housing vacant in the stage of rapid urbanization in developing countries, especially in China. 

In recent years, vacant housing has become one of the most important issues for the Chinese government and residents [5]. 
Although the per capita housing area has been increasing, there are problems of unbalance between supply and demand. Namely, in 
some cities, a large number of residential and commercial housing has been developed during the rapid urbanization process to meet 
the expected living and developing demand, but due to the unbalanced development between urbanization and population, a large 
number of houses are left vacant, resulting in a waste of construction resources and space [6]. 

Many extensive research works have been carried out to discuss the urban housing vacancy issue. Two indicators, Housing Vacancy 
Rate (HVR) and Housing Vacancy Stock (HVS), have been proposed and widely used for urban housing vacancy evaluation. A 
comprehensive housing vacancy statistical system has been constructed through nationwide research and data collection. The analysis 
and discussion on the driving factors [7]and the economic [8], social [9,10], and environmental [11]impacts of the housing vacancy 
have facilitated healthy and sustainable urban development in the process of urbanisation. For example, Cozens [12]studied the effect 
of vacant and poorly maintained housing on crime, and the results showed that reducing vacant housing and improving the housing 
environment have important implications for crime prevention. Segú [13]developed a model to assess the impact of vacancy taxation 
on housing vacancies in France. The results showed that the vacancy rate decreased by 13.00% with the application of vacancy tax 
between 1997 and 2001, indicating that taxation can be an effective tool to reduce housing vacancy and the waste of resources. 

China’s housing vacancy issues have attracted extensive attention from researchers as it has increased along with urban expansion 
and economic growth [14]. Some studies have attempted to analyze vacant housing in China using statistical research methods 
proposed and applied to cases in Europe and the United States. For example, Zhang et al. [15]empirically investigated the impact of 
income inequality on the housing price-to-income ratio and the housing vacancy rate in various cities based on the 2002–2009 China 
Urban Household Survey (CUHS) database provided by the National Bureau of Statistics of China (NBS). Their research showed that 
the development of the capital and housing rental markets could help alleviate the issues of inequality in the housing price-to-income 
ratio and vacancy rate to a certain extent. Wang et al. [16]applied average sales price data of commercial housing in 35 major cities in 
China from 2007 to 2016 to construct a fixed influence variable coefficient model and analyze the impact of housing vacancy rate and 
control variables on housing price fluctuations. Results indicate that vacancy rate is the major driving factor of housing price fluc
tuations and the main reason for the differences in housing price fluctuations in cities of different scales. These studies have pre
liminarily explored the housing vacancy situation in China based on statistical data. However, due to the need of more sufficient vacant 
housing statistics in China [17], it is challenging to investigate up-to-date housing vacancy issues on a large scale. 

Satellite night light (NTL, night-time light) data, as one type of typical remote sensing data, has been proven to have a high cor
relation with the intensity of human activities and has been widely used in the study of human activities [18,19]. As night lights can 
indicate house-using rates, high-resolution night light remote sensing data has been increasingly used for vacant housing-related 
studies with the further development of remote sensing technology. Vacancy housing evaluation methods with NTL have been 
continuously improved and achieved better research results. There has been a shift in NTL applications from the simple identification 
of “ghost cities” to the detailed calculation of housing vacancy rates [20,21]. For example, Chen et al. [20]estimated the HVR of 15 
metropolitan areas in the United States based on NPP-VIIRS (Nation Polar-Orbiting Partnership satellite with the Visible Infrared 
Imaging Radiometer Suite) data, illustrating the strong correlation between HVR values and statistical data. Niu [22]estimated the 
housing vacancy rate in Qingdao (China) using NPP-VIIRS data and identified different regional characteristics of housing vacancy in 
the city. Using remote sensing data, Li et al. [23]divided the housing vacancy grades into 2430 counties in China. Identifying urban 
housing vacancies is claimed to provide insightful scientific guidance for the balanced development of the cities. For example, in 2018, 
Wang et al. [24]carried out a detailed calculation of housing vacancy in 31 provincial capital cities in China based on night light data 
and auxiliary data, indicatingthat the housing vacancy rate decreases with the city development level. The average housing vacancy 
rate is 23.30% in third-tier cities, 20.40% in second-tier cities, and only 18.90% in first-tier cities. These studies proved that housing 
vacancy rate evaluation using night light data has high accuracy and can be effectively used for housing vacancy in large-scale cities. 
Nevertheless, this method have never been combinedly used with the LMDI for analyzing and evaluating the vacant house situation 
and the driving force of this vacant house situation. 

An urban agglomeration is the highest form of spatial organization in the mature stage of urban development [25]. Research on the 
issues related to housing vacancy in the urban agglomeration development process can provide guiding information to monitor 
housing vacancy and the related economic, social, and environmental problems from a macro perspective. The Shandong Peninsula 
Urban Agglomeration (geographical coordinates: 114.48◦48′ E − 122◦42′ E, 34◦23′ N - 38◦24′ N) is a crucial area for the development 
of Shandong Province (the third largest economy in China), and also one of the critical urban dense areas in East China. Shandong 
Peninsula Urban Agglomeration is also the estuary of thevast hinterland of the middle and lower reaches of the Yellow River in China 
andis the only urban agglomeration in the mature stage among the seven major urban agglomerations [26]. The agglomeration in
cludes 16 cities in Shandong Province, and according to China’s official urban city size categories, two are mega cities (with an urban 
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population of more than 5 million), 8 are large cities (with an urban population of 1–5 million), and 6 are medium-sized cities (with an 
urban population of 0.5–1 million), as shown in Fig. 1. The urbanization rate of Shandong Province rose significantly from only 13.40% 
in 1978 [27] to 63.10% [28] in 2020 (approximately more than 1.00% annual increase), making the population of Shandong reach 
101.5 million. This trend is possible to continue, as claimed in the “Shandong Province New Urbanization Plan (2021–2035)" that with 
the progressing development of Shandong Peninsula urban agglomeration, the urbanization rate of the permanent population is ex
pected to reach about 68.00% by 2025 and 75.00% by 2035 respectively [29]. According to the plan, there is still significant potential 
for the future urbanization construction of the Shandong Peninsula urban agglomeration. However, the rapid population expansion 
and economic growth have resulted in excessive energy consumption and pollution, brought enormous environmental pressure, and 
challenged this region’s sustainable development. Due to the fact that people in Shandong will migrate to other region to seek better 
job, the vacant house is expected to increase and become an obstacle for the socio-economic development in this region, but rarely do 
studies investigate this region’s housing vacancy and resource waste issues. There is a need to systematically evaluate the housing 
vacancy condition and estimate the related environmental issues to provide guiding insights for the sustainable development of the 
Shandong Peninsula urban agglomeration. 

To fill in the research gap, this paper serves as an initial attempt to investigate the housing vacancy and related building stock in the 
Shandong Peninsula urban agglomeration from 2000 to 2020. Night light data and land use data are combinedly used to analyze and 
assess the housing vacancy situation in each city in this region. In addition, the driving factors of the housing vacancy stock in the 
Shandong Peninsula urban agglomeration have been discussed based on the existing research results and the actual situation of this 
research area. The ultimate goal of this study is to propose an urban housing vacancy measurement method targeted for the large-scale 
area and long-term applications, identify the main driving factors of housing vacancy, and put forward policy recommendations to 
reduce housing vacancy stock and facilitate sustainable and healthy development of the city on the basis of the evaluation and 
identification. 

2. Methods and data 

2.1. Residential housing vacancy estimation 

In this study, housing vacancy refers to the whole or part of the housing that is not currently used, or the housing that is waiting to 
be sold or rented [30]. The housing vacancy rate is defined as the ratio of vacant house area to the total area of built housing. The unit 
of housing vacancy stock is m2 [31]. Existing studies mostly use the housing vacancy rate as the main indicator for the housing vacancy 
situation. To further analyze housing vacancy and related issues, this study calculates the housing vacancy stock based on the 
calculated housing vacancy rate combined with statistical data. Therefore, the two indicators, i.e., the housing vacancy rate and the 

Fig. 1. Location map of Shandong Peninsula urban agglomeration.  
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housing vacancy stock, are used in this study to analyze and discuss the housing vacancy situation in the Shandong peninsula urban 
agglomeration. 

2.1.1. Calculation of housing vacancy rate 
The HVR calculation method is developed based on the night-light-based method from existing studies [20,24], using the night 

light data with a resolution of 500 m and the land use data with a resolution of 30 m. The night light dataset is the annual 
NPP-VIIRS-like nighttime light data [32] from 2000 to 2020, obtained from Harvard University’s official data website [33]. This 
dataset was pre-processed before being used for the evaluation in this study. First, the minimum light intensity value in areas without 
lights is set as 0, and the negative pixel values were replaced with zero in this study. Then, for pixels with exceedingly large values, the 
annual brightest light intensity value in the central studied urban area is used as the upper bound threshold value, which can effec
tively remove outliers in the dataset. Finally, to better fit the need of this research, the night light data of the research area is cropped 
according to the administrative division’s data obtained from the National Basic Geographic Information Centre [34]. 

The land use data is obtained from the Chinese land use dataset with a resolution of 30 m from 2000 to 2020 produced by Wuhan 
University [35]. This data is freely available from the open scientific data repository Zenodo [36]. The land use type used in this study 
is the impervious surface, it is an important artificial surface in the city, which can prevent groundwater infiltration into the soil, cut off 
the connection between the city surface and underground hydrology, mainly composed of buildings in the city. Therefore, the land use 
data is binarized, meaning that the artificial surface is assigned the value of 1, and other land use types are assigned the value of 0. The 
data were then resampled to 10 m resolution and cropped according to the administrative divisions of the study area. The processed 
night light data and land use data are then overlaid to construct the 500 m × 500 m data grid, as shown in Fig. 2 (a)-(c). 

In Fig. 2, (a) is the land use data resampled to a 10 m resolution, (b) is the night light data grid with a 500 m resolution, and (c) is the 
overlay data. 

In each 500*500 grid, there are light intensity values and land use intensity values. The night light data in the original dataset 
includes both the lights in the residential and non-residential areas (roads, parks, etc.). As the lights in the non-residential area may 
affect the lights in the residential area, therefore, the non-residential lights in the residential area have been removed. The thresholds 
are set mainly from the two aspects of lighting intensity and land use intensity to determine the lighting in residential areas. Firstly, the 
POI (point of interest) points that only contain roads are obtained from the internet and projected into grid pixels to extract the light 
intensity data of the non-residential areas. The average value of these light intensities is then set as the minimum threshold of the 
residential area light intensity, which is used to eliminate the influence of the non-residential area. During the POI points selection, it is 
found that the light intensity of the bustling commercial area is mostly higher than that of the residential area. Therefore, the POI 
points covering only the bustling commercial area are selected and projected into the grid pixels to obtain the light intensity of these 
sample points. The average value of the light intensity is set as the highest threshold (DN, night intensity digital number) for the 
residential area. It is possible that only using the highest and lowest light threshold to identify the residential area can be greatly 
affected by light. Therefore, the indicator of the green space rate is further introduced. The green space rate is a mandatorily required 
indicator listed in the national standard in China’s housing construction. That is, the ratio of the total area of various types of green 
space within the newly-built residential area must be at least 30.00% and at least 20.00% within the old residential areas. Considering 
the actual situation, the land used for construction in the studied residential area is much higher than the relevant standards. The 

Fig. 2. Overlay of light data and land use data.  
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proportion of the Urban Area Reserve (UAR) of 70% is set as the maximum threshold of the land use intensity of the residential area to 
screen out the pixels that are most likely to be a residential area. In this case, the residential area identification accuracy can be 
improved by setting the light intensity and land use intensity thresholds. The residential area night light intensity can be calculated as 
follows: 

ALI=

∑Nnon− resi

k=1
NTLk

Nnon− resi
(1)  

NTLMA =
{

F(NTL,ALI), if UAR ≥ 0.7
NULL, otherwise (2)  

F(NTL,ALI)=
{
NTLUAR≥0.7 − ALL ∗ (1 − UAR), if DN > NTLUAR≥0.7 > ALL

0, otherwise (3)  

UAR=
Nd

Nt
(4)  

where ALI is the average light intensity of the non-residential area; NTLk is the light intensity in the k-th pixel of the non-residential 
area; Nnon− resi denotes the N-th pixel of the non-residential area; NTLMA represents the light intensity of each mixed pixel after removing 
the influence of the non-residential area, NTLUAR≥0.7 is the light intensity of a single pixel of mixed pixels in each residential area before 
removing the influence of non-residential area; DN is the highest threshold of light intensity in the residential area; UAR is the pro
portion of Urban Area Reserve in each light pixel; Nd represents the number of impervious surface pixels in the binarized land use 
image; Nt indicates the number of all pixels that overlap with the NTL pixel in the binarized land use image (Overlay of 500 m res
olution nighttime lighting data and 10 m resolution land use data, Nt = 2500). 

The light intensity of residential areas with almost no vacancies is selected as the reference value for non-vacant houses (LINV). 
According to the field study, expert interviews, and literature research, the housing vacancy rate in school district housing areas (refer 
to the housing areas with free access to better public schools and better education resources) is very low and tends to be at a zero- 
vacancy level. Therefore, the average value of the top 30.00% light intensity value of the POI points of the school district housing 
is selected as the reference value for no vacant housing (LINV), which is used to calculate the housing vacancy rate of each residential 
area pixel. The calculation is as follows. 

ULIi,t =NTLiMA
/
UARi (5)  

HVRi,t = 1 − ULIi.t
/
LINVt (6)  

If ULIi,t > LINVt,HVRi,t = 0 (7)  

where ULIi,t is the correction value of the light intensity of the i-th residential pixel in year t, NTLi
MA is the light intensity of each mixed 

pixel after removing the influence of non-residential area, UARi is the ratio of Urban Area Reserve of the i-th residential pixel; HVRi,t is 
the housing vacancy rate of the i-th residential district pixel in year t, LINVt is the reference value in the residential area without 
housing vacancy in year t. 

2.1.2. Estimated vacant housing stock 
To investigate the resource waste caused by vacant housing, this study also calculates the housing vacancy stock based on the 

statistical data of the permanent resident population of each city, per capita living area, as well as the housing vacancy rate results 
obtained in this study. The statistical data is extracted from the 2000–2020 Shandong Provincial Statistical Yearbook [37], including 
the total population, urban population, regional GDP, urban per capita living area, etc. The entire residential building area can be 
calculated using Equation (8), and the vacant housing stock can then be calculated with Equation (9). 

Ssum,n,t = Savr,t ∗ Pn,t (8)  

Shvr,n,t =Ssum,n,t ∗ HVRn,t (9)  

where Ssum,n,t is the total residential building area of the studied city n in year t, Savr,t is the per capita living area in year t, Pn,t is the 
number of permanent residents in city n in year t; Shvr,n,t is the vacant housing stock of city n in year t, and HVRn,t is the housing vacancy 
rate of city n in year t. 

2.2. Decomposition analysis of the driving factors of vacant housing stock 

Logarithmic Mean Divisia Index (LMDI) decomposition method is one of the exponential decomposition analysis methods (For 
more information about the LMDI method, please see the Annex S1). The LMDI method has been widely used due to its advantages of 
reversible factors, no residuals, wide application range, and the consistency between addition decomposition and multiplication 
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decomposition methods [38]. Existing studies showed that housing vacancy is mainly affected by a few factors, such as population [39, 
40], economy [41,42], income [16], and urban development level [43]. In this paper, the construction of a factor decomposition 
analysis model follows the principle of Kaya identity [44], the existing results, and the actual situation of the selected study. Changes in 
vacant housing stock are decomposed into five driving factors: the housing vacancy rate, economic value of unit floor area, economic 
development level, urbanization level, and urban population. Thereby the vacant housing stock in the Shandong Peninsula urban 
agglomeration can be expressed as shown in Equation (10): 

S=
S
S0

∗
S0

GDP
∗
GDP
P

∗
P
CP

∗ CP = SS ∗ SG ∗ GP ∗ PCP ∗ CP (10)  

where S is the regional housing vacancy stock, S0 is the regional total housing stock, SS = S
S0 

represents the housing vacancy rate level; 
GDP is the regional Gross Domestic Product and SG = S0

GDP represents the economic value of the unit building area; P is the regional total 
population, GP = GDP

P represents the economic development level; CP is the resident population in urban areas, and PCP = P
CP represents 

the urbanization level. 
Using the additive form of the LMDI model, each factor that affects the vacant housing stock can be decomposed, and their impact 

on the changes in housing stock can be quantitatively analyzed, as shown in Equation (11): 

ΔS=ΔSS + ΔSG+ ΔGP+ ΔPCP+ ΔCP (11)  

where ΔS represents the changes in housing vacancy stock, ΔSS represents the impact of the housing vacancy rate on the changes in 
housing vacancy stock; ΔSG represents the impact of unit floor area value; ΔGP represents the impact of the level of economic 
development level; ΔPCP represents the impact of the urbanization level; ΔCP represents the impact of the urban population level on 
the vacant housing stock; 

Based on the IMDI model, the contribution value of each decomposition factor is expressed as shown in Equation 12–16: 

ΔSS=
ST − S0

Ln ST − LnS0 Ln
SST

SS0 (12)  

ΔSG=
ST − S0

Ln ST − LnS0 Ln
SGT

SG0 (13)  

ΔGP=
ST − S0

Ln ST − LnS0 Ln
GPT

GP0 (14)  

ΔPCP=
ST − S0

Ln ST − LnS0 Ln
PCPT

PCP0 (15)  

Fig. 3a–e. The housing vacancy rate of each city in the Shandong Peninsula urban agglomeration from 2000 to 2020.  
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ΔCP=
ST − S0

Ln ST − LnS0 Ln
CPT

CP0 (16)  

where, ΔSS,ΔSG,ΔGP,ΔPCP and ΔCP represents the change in the vacant housing stock caused by the factors, and the superscripts T 
and 0 represent the end and the start of the studying period. These five indicators can be used to measure the contribution of each 
factor to the changes in the vacant housing stock in a certain period. 

The cumulative contribution rate can more effectively indicate the contribution of each factor at different stages of urbanization 
development. The accumulative contribution rate (ACR) can be calculated as shown in Equation (17): 

ACRFi =
∑

tΔFi∑
t(ΔSS+ΔSG+ ΔGP+ ΔPCP+ ΔP

)× 100% (17)  

where, ACRFi is the accumulative contribution rate of factor i (i = SS, SG, GP, PCP, and CP), ΔFi is the variation of factor i (i = SS, SG, 
GP, PCP, and CP) from the reference year (year 0) to year t. 

3. Results 

3.1. Evolution of housing vacancy rates 

The results of the calculated housing vacancy rate of each city in the Shandong Peninsula urban agglomeration from 2000 to 2020 
are shown in Fig. 3a and b. The overall housing vacancy level was not high in 2000, and the housing vacancy rate in most cities in the 
Shandong Peninsula urban agglomeration was below 10.00%. By 2005, the housing vacancy rate in nearly half of the cities increased 
between 20.00% and 25.00%, (even exceeded 25.00% in some cities). Fig. 3c and d illustrate that housing vacancy has become a 
common phenomenon in the Shandong Peninsula urban agglomeration, and the housing vacancy rates in all cities are above 20.00% in 
2010. The housing vacancy rate peaked in 2015 at around 30.00% in about half of the cities. A regional aggregation phenomenon can 
also be detected in cities with high housing vacancy rates. Despite the slight decrease in the housing vacancy rate in 2020 (Fig. 3e), the 
overall housing vacancy rate is still at a higher level. 

3.2. Spatial and temporal changes in housing vacancy stock 

Fig. 4a–e presents the calculated vacant housing stock of the Shandong Peninsula urban agglomeration from 2000 to 2020. The 
housing vacancy stock in the Shandong Peninsula urban agglomeration showed a fluctuating upward trend during the studied years. 
The vacant housing stock in 2000 in the whole studied region was at a low level (<10%) (Fig. 4a), and this value in most cities 
decreased significantly from 2005 to 2010 (Fig. 4b and c). Only five cities, i.e., Jinan, Qingdao, Zibo, Yantai, and Weihai, experienced 
an increase in the vacant housing stock. Among them, the vacant housing stock in the two megacities, i.e., Jinan and Qingdao, rose 
continuously from 2000 to 2020 with an average annual increase of over 3 MSM (Million Square Metres). In this recent year, the vacant 
housing stock in these megacities was the largest in the entire Shandong Peninsula urban agglomeration, exceeding 80 MSM. With this 

Fig. 4a–e. The vacant housing stock of each city in the Shandong Peninsula urban agglomeration from 2000 to 2020.  
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vacant housing stock, about two million people can be accommodated based on the theoretical calculation of per capita living area of 
that year. In large and medium cities, urban vacant housing stock growth averaged 1–2 MSM per year during 2000–2020. The vacant 
housing stock in these cities experienced a significant decline in 2010 but rebounded sharply from 2010 to 2015 until it started to slow 
down from 2015 to 2020. 

3.3. Driving factors analysis of the vacant housing stock 

A decomposition analysis with the LMDI method has been carried out to analyze the contribution and contribution rate of the five 
main factors to the housing vacancy stock during the study period. According to the results presented in Tables 1 and 2, ΔSS, ΔGP, and 
ΔCP are the main factors that promote the increase of vacant housing stock, whereas ΔSG and ΔPCP have a negative contribution to 
this stock’s growth. In particular, ΔSS showed a positive driving effect during 2000–2015 but then turned into a negative inhibitory 
effect from 2015 to 2020 with a contribution rate of − 2.01%. It indicates that the increase in the housing vacancy rate can promote the 
rise in the vacant housing stock, and reducing the housing vacancy rate can facilitate the reduction in the vacant housing stock to a 
certain extent. The changes in ΔSG showed a U-shaped trend during 2000–2020, illustrating a positive driving effect on vacant housing 
stock during 2000–2005 and 2010–2020, and a negative effect during 2005–2015, with the minimum contribution rate of - 32.48% 
and maximum rate of 330.10%. This implies that ΔSG is a sensitive factor to the vacant housing stock. During 2000–2020, ΔGP had a 
positive driving effect on the increase in the vacant housing stock, and the average contribution and average contribution rate of ΔGP 
are the largest among all factors. At the same time, ΔPCP had a negative inhibitory effect on the growth of vacant housing stock, with 
an average contribution rate of − 37.82%. In this study, however, the urbanization level is defined as the ratio of the total population to 
the urban population, which is the reverse of the conventional definition of urbanization level. Therefore, the results indicated that 
rapid urbanization is also a major driver of the increase in the vacant housing stock. ΔCP showed a positive driving effect on the 
increase in vacant housing stock with an average contribution rate of 44.47%, indicating that the excessive growth of the urban 
population will also facilitate the increase of vacant housing stock. 

The factor decomposition results of the housing vacancy stock in the cities of Shandong Peninsula urban agglomeration from 2000 
to 2020 are shown in Fig. 5. On the whole, there are five influencing factors: ΔSS, ΔGP, ΔCP, ΔSG, and ΔPCP, which have a positive 
driving effect on the growth of the vacant housing stock in each city. In most prefectures and cities, the growth of vacant housing stock 
has a negative inhibitory effect. In the Shandong Peninsula urban agglomeration, ΔGP is the largest positive driving factor affecting the 
vacant housing stock in all cities. Although ΔSG has a negative inhibitory effect on the growth of the vacant housing stock, its impact is 
only in the two megacities. In contrast, the impact on other cities is relatively small, indicating that ΔSG is a relatively sensitive factor 
in megacities. ΔPCP has a significant effect in the Shandong Peninsula urban agglomeration, but in this study, the definition of ur
banization level is total population/urban population, indicating that rapid urbanization will promote an increase in vacant housing 
stock in all cities. 

In Fig. 5, ΔSS represents the impact of the housing vacancy rate on the changes in housing vacancy stock; ΔSG represents the impact 
of unit floor area value; ΔGP represents the impact of the level of economic development level; ΔPCP represents the impact of the 
urbanization level; ΔCP represents the impact of the urban population level on the vacant housing stock. 

4. Discussion 

4.1. Comparison of housing vacancy rate results with other studies 

This paper calculates the housing vacancy rate of each city in the Shandong Peninsula urban agglomeration from 2000 to 2020. As 
relevant statistical data in China has not yet been available, the results from previous studies are used to compare with the results from 
this study in order to verify the accuracy. As shown in Table 3, the Research Center for China Household Finance Survey (CHFS) of the 
Southwestern University of Finance and Economics is the representative institution for calculating the housing vacancy in China [45], 
providing investigation and analysis of urban housing in China every two years. It can be seen from the table that the average housing 
vacancy rate in Chinese cities is between 15.00% and 25.00%, and the housing vacancy rate in first-tier cities is relatively low. Wang 
et al. [24]evaluated the vacant housing level in 2015 in 31 provincial-level cities with different development levels in China based on 
the NPP-VIIRS night-time light data and OpenStreetMap data. The research showed that the average vacancy rate in first-tier cities is 
18.90%, second-tier cities are 20.40%, and third-tier cities are 23.30%. The results are similar to the housing vacancy rate of large 
cities in China in 2018 from Tang et al. [14]calculated using night light data. The May 2015 National Urban Housing Market Survey 
Report [46] jointly released by Tencent.com, Tencent Real Estate Research Institute, China Real Estate News, and Tencent Wisdom 

Table 1 
Factor decomposition (Contribution) of housing vacancy stock in Shandong Peninsula urban agglomeration from 2000 to 2020 (million m2).  

Year ΔSS ΔSG ΔGP ΔPCP ΔCP ΔS 

2000–2005 54.61 140.34 108.72 − 89.52 87.63 301.77 
2005–2010 39.11 − 375.47 211.22 − 31.52 42.91 − 113.75 
2010–2015 100.31 − 69.61 170.63 − 55.28 68.23 214.29 
2015–2020 − 4.81 194.26 29.63 − 66.33 86.56 239.31 
Average 47.30 − 27.62 130.05 − 60.66 71.33 160.41  
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Table 2 
Factor decomposition (contribution rate) of vacant housing stock in Shandong Peninsula urban agglomeration from 2000 to 2020 (%).  

Years ΔSS ΔSG ΔGP ΔPCP ΔCP 

2000–2005 18.10 46.51 36.03 − 29.67 29.04 
2005–2010 − 34.39 330.10 − 185.69 27.71 − 37.72 
2010–2015 46.81 − 32.48 79.63 − 25.80 31.84 
2015–2020 − 2.01 81.18 12.38 − 27.72 36.17 
Average 29.49 − 17.22 81.08 − 37.82 44.47  

Fig. 5. Factor decomposition results of housing vacancy stock in Shandong Peninsula urban agglomeration from 2000 to 2020.  

Table 3 
Comparison of housing vacancy rates in different studies.  

Sources Study area HVR (%) 

This study Shandong peninsula urban agglomeration 2000 2005 2010 2015 2020 
Qingdao 14.31 19.67 24.37 29.45 28.95 
Jinan 17.06 19.38 25.75 28.40 28.13 
Linyi 13.63 23.34 24.72 30.63 31.44 
Yantai 11.93 18.91 22.45 28.34 24.87 
Zibo 14.73 19.09 22.86 30.19 28.14 
Weifang 18.06 21.30 22.02 31.12 27.04 
Jining 18.53 21.92 21.64 33.49 31.13 
Zaozhuang 15.13 20.35 22.39 31.43 30.36 
Taian 13.86 16.21 23.24 30.86 26.44 
Dezhou 17.55 25.43 22.85 28.22 35.35 
Weihai 9.38 18.67 25.57 24.58 30.02 
Heze 17.60 21.01 23.14 29.11 28.55 
Dongying 18.51 21.82 21.67 31.69 31.23 
Liaocheng 12.41 22.32 24.15 35.70 30.09 
Rizhao 9.02 18.18 23.61 25.10 31.54 
Bingzhou 13.17 22.58 23.08 27.00 28.55 

CHFS  2011 2013 2015 2017  
First-tier cities 17.90 17.90 17.50 16.80  
Second-tier cities 17.80 19.60 20.30 22.20  
Third-line cities 19.00 19.70 21.30 21.80  

aReport    2015   
First-tier cities   22.00   
Second-tier cities   24.00   
Third-line cities and Four-tier cities   26.00   

Wang et al., 2019 Nationwide   2015     
20.78   

Tan et al., 2020 Nationwide     2018     
20.51  

a Report: the data is extracted from the May 2015 National Urban Housing Market Survey report (Tencent, Tencent Real Estate Research Institute, China 
Real Estate News, 2015.). 

D. Yang et al.                                                                                                                                                                                                           



Heliyon 9 (2023) e16837

10

showed that the overall housing vacancy rate in major Chinese cities was between 22.00% and 26.00%. 
Compared with the housing vacancy rate results from other studies in the same period, the housing vacancy rate values of some 

cities obtained in this paper are slightly higher. Nonetheless, the calculated results are close to those of previous studies, indicating that 
the calculated results in this paper are relatively accurate, and therefore, can be used to estimate the stock of housing vacancies and 
analye the driving factors. Moreover, this paper calculates the housing vacancy rate of various cities in the Shandong Peninsula urban 
agglomeration from 2000 to 2020. Compared with other studies that focus on the regional vacancy data at a single time node, this 
study can further analyze the regional housing situation and its influencing factors from the time and space perspectives. It can further 
facilitate the formulation of a more scientific urban construction and development plan and promote the healthy and sustainable 
development of the city. 

4.2. Analysis of the potential for reducing the vacant housing stock 

The decomposition analysis of the housing vacancy driving factors showed that, at the macro level, ΔSS, ΔGP, ΔCP are the positive 
driving factors triggering the increase of vacant housing stock,. In contrast, ΔSG and ΔPCP are the negative driving factors limiting the 
increase of vacant housing stock. Therefore, to mitigate this issue, the following suggestions are proposed. i) Reduce the housing 
vacancy rate in each city. As shown in Fig. 3, significant differences are observed in the housing vacancy rates in cities of different 
grades and different cities within the same grade. The “policy by city” principle should be continuously implemented to reduce the 
housing vacancy rate when adjusting the housing market of different cities. For each city, the housing market monitoring policy should 
be tailor-made in congurance with the specific driving factors of housing vacancy in this city and the particular conditions of the 
housing vacancy levels and their distributions in the city. ii). Improve the level of economic development in the region and reduce the 
economic value of unit construction areas. As shown in Table 2, ΔGP has the greatest impact on the stock of vacant housing. Therefore, 
when monitoring the vacant housing stock, it is important to strictly control the housing investment from enterprises and individuals, 
suppress behaviours that maliciously raise the housing value levels, and stabilize economic growth and improve the purchasing power 
of residents. iii). Formulate appropriate urban planning schemes and steadily improve the level of urbanization. It can be seen from the 
decomposition analysis results that excessive urbanization can increase urban housing vacancies. Therefore, the growth of the urban 
population and the correlation between housing supply and demand should be fully considered to prevent excess housing supply 
during the process of city construction and development. 

As shown in Fig. 4, the vacant housing stock in the Shandong Peninsula urban agglomeration is gradually increasing over time at 
the city level, and the spatial distribution has been constantly changing. Combined with the decomposition analysis results of the 
vacant housing stock at the city level in the Shandong Peninsula urban agglomeration (Fig. 5), the following suggestions are proposed 
to reduce the vacant housing stock in the future. First, the two megacities: Jinan and Qingdao have almost the largest vacant housing 
stock over the studied years. During the development of such megacities, the urban expansion speed should match the growth rate of 
the urban population. Reducing the investment property of housing and making sure that the real needs of residents for housing are 
met could reduce the generation of vacant housing stock from its origin. For cities with existing vacant stock, the development and 
construction of new projects should be limited, and urban population introduction should be strengthened to digest the existing large 
amount of vacant stock. Such as, implementing the talent introduction policy, and provide housing security and purchase discounts for 
talents who settle in the local area. In nine large cities, including Linyi, Zibo, and Weifang etc., and six medium-sized cities including 
Heze, Rizhao, and Binzhou etc. The level of economic development is the main driving factor for the increase in the vacant housing 
stock. Therefore, the focus of city development should be placed on increasing the residents’ income, enhancing the resident’s pur
chasing power, and lowering the economic value of unit housing. Meanwhile, with the siphoning effect of the two megacities of Jinan 
and Qingdao on the population, large cities and medium-sized cities surrounding Jinan and Qingdao should vigorously develop the 
education system and provide better development opportunities for scientific researchers. In addition, these cities should also promote 
the development of advantageous regional industries, with the effort to attract populations from other cities and retain the local 
population, and finally, reduce housing vacancies. 

By analyzing the population and vacant housing stock in the Shandong Peninsula urban agglomeration from 2000 to 2020, it is 
found that more than 50.00% of the population and vacant housing stock in the Shandong Peninsula urban agglomeration are 
concentrated in the large cities. In response, the government could consider reducing the construction of new housing and using 
incentives such as home purchase subsidies to encourage residents to purchase the existing housing stock. In addition, the analysis also 
show that the vacant housing stock and the vacant housing stock per capita in the city both growth with the expansion of cities. For 
example, the share of vacant housing stock in mega-cities is over 30.00%, although only about 20.00% of the population. The main 
reason is quite likely that many houses are purchased were not for living. Some studies have shown that housing is a good investment 
product in some Chinese cities [47–50] [47–50] [47–50]. The government could consider introducing housing policies that reduce the 
investment attributes of housing and return housing to its use attributes, thereby fundamentally reducing housing vacancy. 

4.3. Limitations and uncertainties 

This paper uses nighttime light and land use data to quantitatively estimate the urban housing vacancy level, which can quickly 
obtain the housing vacancy situation on a large regional scale. However, the results of this paper have certain limitations and un
certainties due to the limitations of data, methods, and the influence of topography and urban layout as follows: 1) The best spatial 
resolution of long-term series night light data that is currently available is 500 m × 500 m, which is not a high resolution and can be 
easily affected by many background noises such as light intensity, firelight, and exhaust gas burning in urban areas. 2) The land use 
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data adopted in this study is the integrated products on the global scale with an overall classification accuracy of 79.30%, and the 
interpretation accuracy is low corresponding to the real situation, which can, in a way, affect the estimation accuracy of housing 
vacancies. 3) In this study, the selected lighting thresholds for non-residential and non-vacant housing might affect the accuracy of the 
calculation of the housing vacancy rate in the study area. Meanwhile, statistical data is used for the calculation of housing vacancy 
stock, which can also affect the accuracy of the results. 4) Although the method and approach of studying housing vacancy based on 
remote sensing data in this study can be effectively extended to other countries and regions. However, the selection of certain key 
values needs to take into account the actual situation of the research results more accurate. For example, the selection of lighting 
intensity thresholds for non residential and non vacant housing needs to be determined based on the actual situation of the region, 
which is also in line with the differences in housing development in different countries and regions. 

5. Conclusions 

Accurate and objective measurement of housing vacancy data is crucial for predicting housing market demand, reducing resource 
waste, and ensuring the stable development of the national economy. It can provide guiding information for policymakers to formulate 
effective housing market regulation policies and measures. However, at present, authoritative housing vacancy data in China has yet to 
be available, which makes it difficult to conduct further research on the waste of housing resources caused by vacant housing and its 
driving factors. Therefore, this study used night light data and land use data to analyze the vacant housing situation and its driving 
factors in the Shandong Peninsula urban agglomeration. The study is carried out based on existing research on vacant housing and 
combined with the actual situation in China, which is when it is difficult to obtain statistical data. The main conclusions are as follows:  

1) The housing vacancy rate in the Shandong Peninsula urban agglomeration increased from 14.68% in 2000 to 29.71% in 2015 and 
dropped to 29.49% in 2020. Compared with the results in previous research, it showed that the housing vacancy rate calculation 
results using nighttime light data and land use data are more accurate. At the same time, the research results also show that a large 
number of housing vacancies can appear in the process of excessively rapid urbanization.  

2) The total vacant housing stock in the Shandong Peninsula urban agglomeration rose from 49.84 million m2 in 2000 to 696.62 
million m2 in 2020, with an average annual increase of 32.34 million m2. There was a brief dip in vacant housing stock during 2010 
but followed by a rapid increase since then. Research showed that in the process of rapid urbanization, high vacancy of housing 
could lead to a rapid increase in vacant housing stock, resulting in a great waste of housing resources.  

3) ΔSS, ΔGP, and ΔCP, which represent the housing vacancy rate, economic development level and urban population have a positive 
drive on the vacant housing stock, ΔSG and ΔPCP, which represent unit floor area value and urbanization level have a negative 
impact. Among them, ΔGP has the greatest impact on the vacant housing stock and can promote the growth of vacant housing 
stock. ΔSG is more sensitive to the vacant housing stock, and the vacant housing stock can be effectively reduced by reducing the 
unit floor area value. 
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