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Abstract: Promoting the accessibility of basic public service facilities is key to safeguarding and
improving people’s lives. Effective public service provision is especially important for the sustainable
development of less developed regions. Lincang in Yunnan Province is a typical underdeveloped
region in China. In parallel, multisource remote sensing data with higher spatial resolution provide
more precise results for small-scale regional accessibility assessment. Thus, we use an assessment
method to measure and evaluate the accessibility of three types of infrastructure in Lincang based
on multisource geospatial data. We further analyze the matching between public service facility
accessibility and the socioeconomic attributes of inhabitant clusters and different poverty groups.
The results show that the accessibility of educational facilities is currently better than that of health
facilities in Lincang and that of sanitation facilities is relatively poor. Public service facility accessibility
varies significantly among different types of inhabitant clusters, with better accessibility in inhabitant
clusters with high levels of population density, aging, and income. Accessibility to healthcare,
education, and sanitation is negatively correlated to varying degrees of poverty levels of poor groups,
and the mean values of accessibility to various types of public facilities vary significantly across
poor groups. Our findings can help inform policy formulation and provide theoretical support for
planning and optimizing the layout of public facilities.

Keywords: public service facility accessibility; multisource data; spatial evaluation; SDG

1. Introduction

Public service facilities include various types of facilities that provide necessary re-
sources and services for residents’ lives [1]. The rational layout of public service facilities
is related to the fair and efficient allocation of government resources, the quantity and
quality of services enjoyed by the public, and the equality of access to such services [2].
Efficient public service provision is a common problem in urban governance, affecting
residents’ perceptions of life and the formulation of urban development strategies. The
accessibility of public facilities reflects whether the layout of public facilities is reasonable
and whether public resources are equitable; assessing such accessibility can help overcome
inequalities and alleviate poverty [3,4]. With rapid urbanization, there is increasing demand
for culture, education, healthcare, and transportation facilities, among others. Meanwhile,
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the differentiated needs of different groups place increased pressure on the supply of
public service facilities, thus highlighting the importance of investigating public service
facility accessibility.

Accessibility research has a long history. In the late 1950s, Hansen et al. [5] used
various methods and mathematical models to introduce the accessibility theory into the
layout and planning of public service facilities. Wachs et al. [6] characterized accessibility
as the average likelihood that people will participate in an activity, given factors such as
travel time, distance, or cost. Dalvi et al. [7] suggested that accessibility is an inherent
feature or advantage of a place in overcoming spatial operation friction—that is, the
convenience of reaching a place from a particular spatial location using the transportation
system. Accessibility is widely used to define reachability in terms of the travel time
required to reach the nearest target facility and construct global spatial friction [8]. Since
the development of the Geographic Information System (GIS), many studies have used it to
measure transportation accessibility, incorporating land use, population, and employment
characteristics into the assessment [9]. Kalogirou et al. [10] analyzed healthcare accessibility
in Ireland using a GIS-based weighted accessibility model, overlaying population, hospital,
and road networks. Others, meanwhile, have investigated the fairness of different groups’
access to public service facilities [11]. Taking Detroit as an example, Zenk et al. [12] used
GIS and spatial regression modeling to explore neighborhoods’ accessibility to supermarket
chains in terms of racial composition and income. Other studies have shown that public
service facility accessibility is affected by the proportion of mobile population [13], the
regional economy [14], individuals’ socioeconomic and activity characteristics [15,16], and
environmental attributes [17].

Many of the UN’s Sustainable Development Goals (SDGs) mention public service
accessibility. Relatedly, the EO4SDG initiative of the Group on Earth Observations proposes
using remote sensing for SDG monitoring [18]. SDG 11.2 states, “By 2030, provide safe,
affordable, accessible and sustainable transport systems for all and improve road safety, in
particular by expanding public transport, paying special attention to the needs of people
in vulnerable situations, women, children, persons with disabilities and older persons”.
The proposed calculation of the “proportion of the population with easy access to public
transport” as an indicator aligns with the idea of calculating accessibility and emphasizes
the need to focus on different population groups. Health, education, and sanitation are
in line with SDGs 3, 4, and 6, which also refer to differences in the attributes of the
study population.

Hospitals are important public service facilities that affect people’s lives, and unequal
access to healthcare is one of the main obstacles to achieving SDG 3—"Ensure healthy
lifestyles and promote well-being for people of all ages” [19]. Measuring the accessibility of
healthcare facilities can support equitable access to healthcare [20,21] and contribute to SDG
achievement [22]. SDG 3.8 also notes that essential health services should be calculated
as an indicator by stating, “Achieve universal health coverage, including protection from
economic risks, access to quality essential healthcare services for all, and access to safe,
effective, good quality and affordable essential medicines and vaccines for all”. Many
studies have investigated healthcare facility accessibility. Alegana et al. [23] modeled the
probability of public health facility involvement in children’s fever treatment in Namibia
based on travel time, predicting the number of people who would use a public health
facility. Weiss et al. [24,25] improved on Nelson’s spatial friction and mapped the travel
time cost of cities and health facilities globally using the least cost distance algorithm.

Education is another important aspect of development. SDG 4 states, “Ensure inclusive
and equitable quality education and lifelong learning opportunities for all”. Yet, there
is still widespread inequality in terms of the accessibility and quality of schools [26].
SDG 4.5, which suggests using the Education Parity Index as a measurement indicator,
states, “By 2030, eliminate gender disparities in education and ensure equal access to all
levels of education and vocational training for disadvantaged groups, such as persons
with disabilities, indigenous peoples and children in vulnerable situations”. Studies have
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found that different groups have different accessibility to schools based on income and
location [27], highlighting the need to study the different attributes of inhabitants. It has
been shown that accessibility and equality are significantly better in eastern and central
China than in western China [28]. It is important, therefore, to study the western inland
areas with poor accessibility to further promote sustainable development.

Public sanitation is a basic guarantee for hygienic cities and public health. SDG
6 proposes that “water and sanitation should be made available to all and managed
sustainably”. The criteria reflecting public sanitation’s level of implementation and progress
include availability, quality, physical accessibility, affordability, and acceptability [29].
Improved sanitation reduces the risk of diarrheal infections in children [30,31] and is an
effective intervention for most water-related diseases [32]. Therefore, improving sanitation
accessibility is essential for a healthy, sustainable future in developing countries [33] and
contributes to achieving SDG 6. SDG 6.2 more specifically states that “by 2030, everyone will
have access to adequate and equitable sanitation and hygiene, eliminating open defecation,
with particular attention to meeting the needs of women, girls and vulnerable groups”.

Current research on public service accessibility is dominated by large-scale data,
mostly corresponding to a resolution of 1 km. As a result, the data are not precise enough to
guide practice. Moreover, it makes research unfavorable for further analysis combined with
other factors. At the same time, the differentiated needs of different types of inhabitants and
groups have been neglected, resulting in mismatches between the supply of public service
facilities and residents’ needs. Therefore, evaluating accessibility using multisource data
with higher accuracy can make research more scientific and can overcome the data shortfall
problem of previous studies [34-36]. Meanwhile, studies have shown that socioeconomic
and demographic factors play a key role in accessibility [37]. Thus, it is important to use
more clear, scientific classification methods to study the relationship between accessibility
and inhabitants’ social attributes, which can improve public service facility accessibility
research and guide policy. It is also necessary, then, to study differences in inhabitant and
resident attributes to allocate public service facilities in precise differentiated ways. Relat-
edly, remote sensing technology has been increasingly used for mapping in socioeconomic
research [38-40]. You et al. [41], for example, used remote sensing to study the effectiveness
of shelters. Wang et al. [42] measured the urban poverty space based on remote sensing,
while Cui et al. [43] used it to measure the service capacity of primary schools. Thus, by
using remote sensing to measure service accessibility, we can better analyze the equity and
convenience of residents’ use of public service facilities based on high-precision data.

China was the first country to achieve the UN’s Millennium Development Goal
of halving the number of people living in poverty [44]. By the end of 2020, China had
eliminated absolute rural poverty under the current standard and entered a phase of relative
poverty characterized by regional and urban-rural income disparities, unequal access to
public services, and multidimensional poverty [45]. With rapid economic development,
problems of social inequality have gradually emerged in China, including unequal access to
public services. The government has noted such inequalities, projecting in the Fourteenth
Five-Year Plan for Public Services that basic public services will be equalized by 2035.

Assessing public service facility accessibility in underdeveloped regions can help
alleviate poverty, equalize public services, and promote sustainable development. This
study takes Lincang, a typical underdeveloped region in Yunnan Province, as the study
area and uses a method based on multisource remote sensing data to measure and assess
the accessibility of three types of infrastructure: healthcare, education, and sanitation.
We further explore the matching relationship between the accessibility of these three
infrastructures and the social attributes of the inhabitants and different poverty groups.
The findings can help guide policy and support the planning and optimization of the layout
of public facilities.

This study’s marginal contributions are threefold. (1) We use remote sensing to
measure the accessibility of service facilities and synthesize multisource data to construct
Points-of-Interest (POI) data, which can improve measurement accuracy. (2) The 30 m
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accuracy of the remote sensing data used in this study is relatively high, which overcomes
the problem of the low resolution of Open Street Map (OSM) road network data and
compensates for the data shortcomings of previous studies. (3) We use a clear, scientific
classification method to study the relationship between public service facility accessibility
and inhabitants’ social attributes and different poverty groups, which has implications for
both theoretical research and policy practice.

2. Materials and Methods
2.1. Study Area

Lincang is located at the southwestern border of China’s Yunnan Province, with a
longitude of 98°40’-100°32E and a latitude of 23°05'-25°03/N. It is governed by one district,
four counties, and three minority counties (Figure 1). Lincang’s land area is 24,000 km?,
with 97.5% of the city belonging to mountainous and semimountainous areas and 70%
covered by forest. Lincang has a population of 2.6 million, of which 38.6% are ethnic mi-
norities. In May 2019, Lincang was approved to build a National Sustainable Development
Innovation Demonstration Zone with the theme of “Innovation-Driven Development in
Borderland Multiethnic Underdeveloped Areas”. It aims to explore solutions for achieving
the 2030 SDGs. With its rich ethnic and cultural resources and excellent environment,
Lincang has unique resource advantages for building a sustainable development demon-
stration zone.
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Figure 1. Geographic location and administrative divisions of Lincang.

2.2. Data Sources
2.2.1. Landuse Data

The landuse data in 2020 were derived from the landcover dataset GlobeLand30 (http:
/ /globeland30.0rg, accessed on 6 December 2021). This includes 30 m spatial resolution
global landcover data developed by China based on Landsat TM5, ETM+, OLI multispectral
imagery, HJ-1 multispectral imagery, and GF-1 multispectral imagery. In total, 11 level-1
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types were included, with an overall accuracy of 85.72%; these include cropland, woodland,
grassland, scrub, wetland, water, tundra, artificial ground, bare ground, glacier, and
permanent snow (Figure 2).
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Figure 2. Spatial distribution of land use and public facilities in Lincang.

2.2.2. Elevation Data

Elevation data were obtained from the Advanced Spaceborne Thermal Emission and
Reflection Radiometer (ASTER) GDEM V3 dataset, available from NASA’s Earthdata web-
site (https:/ /search.earthdata.nasa.gov, accessed on 7 June 2021). With a spatial resolution
of 30 m, ASTER provides the only high-resolution elevation imagery data with global land
coverage. Elevation is a static variable and rarely changed. The ASTER GDEM V3 dataset
used in this study was released in 2019.

2.2.3. Points of Interest (POI) Data

The POI data of public service facilities of Lincang in 2020 were obtained from the
China Point of Interest (https://www.resdc.cn, accessed on 23 December 2021) at the Center
for Resource Environmental Science and Data. Six types of facility data were extracted:
general hospitals, health centers, secondary schools, primary schools, public toilets, and
public wash basins (Figure 2).

2.2.4. Socioeconomic Statistics

Socioeconomic data in 2020 were obtained from the Lincang Statistical Yearbook, the
Lincang National Economic and Social Development Statistical Bulletin, the Earth Big
Data-Supported Assessment Report on the Progress of SDGs in Lincang, official statistics
on poor households in Lincang, and information provided by government departments.

2.2.5. Road and River Network Data

Road network data included those on railways extracted from Open Street Map (OSM)
(https:/ /www.openstreetmap.org/, accessed on 7 December 2021) and highways at all
levels provided by the Lincang Transportation Bureau. River network data were also
extracted from Open Street Map (OSM) (https://www.openstreetmap.org/, accessed on 7
December 2021). They are dated in 2020.

2.3. Method
2.3.1. Public Service Facility Accessibility Assessment
We chose a minimum cumulative cost distance to calculate public facilities acces-

sibility as it is readily interpretable and is known to be a predictive metric in research
domains [8,24,25,46-50]. And, minimum cumulative cost distance better captures the op-
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portunity cost of travel than Euclidean or network distance [24]. All areas in the study
area are represented by pixels with a spatial resolution of 30 m. The travel time cost raster
was quantified by setting the speed of people passing through each pixel in the study area
and obtaining the travel time for each pixel. Then, a minimum cost path algorithm was
used to calculate the shortest traveling time from each pixel to the nearest public facility by
combining the public facility and the time cost raster.

Figure 3 shows the main calculation process, which is generally divided into four steps,
as follows:

(1) Generate the passing speed raster layer. Railway, river, and road data were extracted
from the OSM dataset and the road network dataset provided by the Lincang Trans-
portation Bureau. The corresponding speeds were assigned in the attribute table.
Then, they were converted into a raster with a spatial resolution of 30 m. The pixel
values were the corresponding traffic speeds of each type of railway, river, and road.
For areas not covered by roads and rivers, we extracted land-cover and land-use
type data from the Globeland30 dataset and assigned the corresponding traffic speed
(walking) to the pixels of each type. Table A1 shows the specific settings of traffic
speed for different types of pixels. In the case of multiple underlying surface types
in a pixel, the type with the highest speed was preferentially selected to generate the
final passing speed raster data.

(2) Calculate the cost raster. The pixel size was divided by the highest passing speed of
the 30 m spatial resolution passing speed raster data obtained above to calculate the
minimum passing time of each pixel and obtain the cost raster.

(3) Calculate the path distance. We used path distance analysis [51] to calculate the
minimum cumulative cost distance (shortest travel time) between each pixel and its
nearest public facility combined with the cost raster and elevation as the surface raster,
taking into account the surface distance as well as horizontal and vertical cost factors
to modify the cost.

(4) Map the spatial layout of public facility accessibility. Finally, we completed the
accessibility evaluation of three types of infrastructure (healthcare, education, and
sanitation) and drew the accessibility map.
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Figure 3. Flowchart for calculating the accessibility of public facilities.
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The detailed calculation steps for path distance are as follows:

(1) Prepare the surface raster. Path distance analysis is generally used to calculate the least-
cost path between a source and a destination, while accounting for the surface distance
and the horizontal and vertical factors [51]. As Lincang is mostly mountainous, the
effect of terrain fluctuations on traffic speed needs to be considered. Therefore, we
extracted 30 m spatial resolution elevation data from the ASTER GDEM V3 dataset as
the surface raster for traffic speed adjustments.

(2) Generate vector point data of public facilities. Based on the latitude and longitude
coordinates of public facilities provided in the POI data, vector point data were
generated for Lincang General Hospital, the Health Center, primary and secondary
schools, public toilets, and public washbasins.

(8) Calculate the minimum cumulative cost distance. The traveling cost between two ad-
jacent nodes depends on the spatial direction of the two nodes and the way the image
elements are connected. The three cases included are the adjacent node cost, cumula-
tive perpendicular cost, and diagonal node cost, the specific principles of which are
detailed in [51].

2.3.2. Classification of the Inhabitants’” Socioeconomic Attributes

The fact that infrastructure construction satisfies the needs of various groups in society
affects whether the development gap between these groups can be narrowed and whether
society can develop in a harmonious and balanced manner. We selected four socioeconomic
attributes directly related to inhabitants” governance: population density, registered resi-
dence structure, age structure, and income level. Based on population density, inhabitant
clusters are classified into two types: high density and average density. The registered
residence structure is based on the proportion of local population to the resident population.
Therefore, the inhabitants are classified into three types: local population (clusters with
predominantly local household populations), mixed population, and foreign population
(clusters with predominantly nonlocal household permanent residents). In terms of age
structure, we used the proportion of the elderly population to the total population as an
indicator to classify inhabitants into aging and nonaging clusters. Inhabitants are classified
into high-income, middle-income, and low-income types based on the level of per capita
annual disposable income (Table 1).

Table 1. Classification and grading criteria for the socioeconomic attributes of the Lincang inhabitants.

Socioeconomic . cpe o Inhabitants’
Attributes Indicators Classification Criteria Classification
General density (<100) Gd-C
Population density People/km?
High density (>100) Hd-C
Registered Registered Foreign population (<25%) Fp-C
residence structure res1denics/. total Mixed population (25%-75%) Mp-C
population Local population (>75%) Lp-C
N i 10% N-C
Age structure People over 60 years onaging (< )
old/total population Aging (>10%) A-C
Low income (<10,000) L-C
Income level Yuan/person Middle income (10,000-30,000) M-C
High income (>30,000) H-C

To describe and analyze the accessibility of public facilities to Lincang inhabitants
with different socioeconomic attributes, the inhabitant clusters are classified and named as
follows. The naming rule is “population density-age structure-household structure-income
level”. Each name corresponds to a specific inhabitant clusters type, resulting in a total of
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36 inhabitant clusters with different socioeconomic attributes. For example, “Gd-N-Fp-L”
stands for general density, nonaging, foreign population, low-income inhabitant cluster.
Table 2 presents a list of the different types of inhabitant clusters.

Table 2. Designations of inhabitant clusters with different socioeconomic attributes.

Popula.t ion Age I;Zi;zt:;zg Income Designation Popula.t ion Age II{{eegs;flt:rr:g Income Designation
Density Structure Structure Level Density Structure Structure Level

Low Gd-N-Fp-L Low Hd-N-Fp-L

Foreign Middle Gd-N-Fp-M Foreign Middle Hd-N-Fp-M

High Gd-N-Fp-H High Hd-N-Fp-H

Low Gd-N-Mp-L Low Hd-N-Mp-L
Nonaging Mixed Middle Gd-N-Mp-M Nonaging Mixed Middle Hd-N-Mp-M

High Gd-N-Mp-H High Hd-N-Mp-H

Low Gd-N-Lp-L Low Hd-N-Lp-L

Local Middle Gd-N-Lp-M Local Middle Hd-N-Lp-M

General High Gd-N-Lp-H High High Hd-N-Lp-H
density Low  GdAfpL  demsity Low  Hd-AFpL
Foreign Middle Gd-A-Fp-M Foreign Middle Hd-A-Fp-M

High Gd-A-Fp-H High Hd-A-Fp-H

Low Gd-A-Mp-L Low Hd-A-Mp-L

Aging Mixed Middle Gd-A-Mp-M Aging Mixed Middle Hd-A-Mp-M

High Gd-A-Mp-H High Hd-A-Mp-H

Low Gd-A-Lp-L Low Hd-A-Lp-L

Local Middle Gd-A-Lp-M Local Middle Hd-A-Lp-M

High Gd-A-Lp-H High Hd-A-Lp-H

2.3.3. Cluster Identification of Poverty Groups

The impact of infrastructure accessibility on different poverty groups is a theoretical
basis for providing accurate poverty alleviation policies. This study used poverty allevia-
tion system data, combined with machine learning methods, to identify poverty groups in
multiple dimensions to analyze differences among poverty groups. Using multifactor anal-
ysis to deal with continuous and categorical variables in the poverty alleviation data [52],
we obtained four poverty dimensions: family background, ethnicity and self-development,
geographic environment, and health and labor (Table A2). Based on the identification
of poverty dimensions, we used the k-medoids clustering method for differential group
identification [53]. This method is based on real sample points and is more robust to noise.
The clustering results obtained by this method are more accurate; thus, it is more conducive
to the accurate identification of poverty groups. The differences in each attribute among
different poverty groups were analyzed by ANOVA and the Games-Howell pairwise com-
parison test [54]. Meanwhile, the Chi-square test was used for proportional attributes, and
the Bonferroni adjusted z-test was used for post hoc comparative analyses for groups with
significant differences [55]. The final groups of differentially poor people are determined as
shown in Table 3.

There are significant differences between the different groups. The first poverty group
is “ethnic minorities and large-scale families”. Ethnic minorities make up the largest pro-
portion of this group at 62.37%. Households are relatively large, with an average household
size of 4.25 persons. The second group of poor people is “young and geographically
favored”, the majority of whom are young or middle-aged (58.50%). They live in a geo-
graphically favorable area compared with the other groups. This group is dominated by
migrant and nonagricultural workers (68.62%). The third group of poor people is “older
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and less educated”. There are many elderly people (>60 years) in this group, with an
average age of 65.42 years. The level of education is low, with an illiteracy rate of 51.28%.
The fourth poverty group is “sick, disabled, and lonely”. People in this group are in poor
health, have insufficient working capacity, and have few family members. Most in this
group are elderly people left behind in rural areas.

Table 3. Poverty group clusters.

Group Group Name Group Characteristics
Group 1 Ethnic minorities and Highest proportion of ethnic minorities;
P large-scale families family size is large

Young, with superior Highest proportion of young and

Group 2 . . middle-aged people, superior geographical
F geographical conditions environ%nerg, cgnveniIe)nt trar%spgrta};ion
Group 3 Old and less educated Highest proportion o.f aging population; low
education levels
. . Highest proportion of population with
Group 4 Sick, disabled, and lonely diseases and disabilities; family size is small
3. Results

3.1. Spatial Patterns of Accessibility to Public Service Facilities
3.1.1. Accessibility to Healthcare Facilities

Figure 4 shows the accessibility map of medical and health centers and the proportion
of cumulative population in Lincang. The map of minimum travel times to general hospitals
and health centers (Figure 4a,c) shows spatial heterogeneity in the accessibility of healthcare
facilities in Lincang, with a spatial resolution of 30 m. Overall, travel times to general
hospitals are longer than to health centers, especially on the northern and eastern fringes
of the study area. In terms of general hospital accessibility, each county has some small
areas with high accessibility (blue areas in Figure 4a). We can assume that the distribution
of general hospital resources in each county and district in Lincang is relatively balanced.
Meanwhile, from the land use and land cover shown in Figure 2a, the areas with high
accessibility to general hospitals are highly consistent with the zones of construction sites.
The accessibility of health centers (Figure 4c) is much better than that of general hospitals,
with significantly more and evenly distributed blue patches throughout the region. To
further analyze the healthcare status of Lincang residents, we intersected the travel time
maps of general hospitals and health centers with gridded demographic data and then
quantified the proportion of the Lincang population that visited health facilities at each
time period (Figure 4b,d). A total of 9.16% and 12.75% of the population lived within
a 15 min travel time from general hospitals and health centers, respectively, and 31.68%
and 60.31% lived within a 30 min travel time from general hospitals and health centers,
respectively. Moreover, 44.48% and 76.17% of the total population lived within a 1 h travel
time from nearby general hospitals and health centers, respectively. We found that through
motorized transportation, 60.3% of the population lived within a 10 min travel time from
a hospital or clinic, and 82.6% and 91.1% lived within 30 and 60 min travel time from a
hospital or clinic, respectively. This shows that the accessibility of healthcare facilities in
Lincang lags relatively behind.
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Figure 4. Spatial patterns of medical facility accessibility and cumulative population ratio distribution
in Lincang. (a) Minimum travel time to general hospitals. (b) Cumulative area and population ratio
of accessibility to general hospitals at each time period. (¢) Minimum travel time to health centers.
(d) Cumulative area and population ratio of accessibility to health centers at each time period.

3.1.2. Accessibility to Educational Facilities

Figure 5 shows the accessibility of educational facilities and the cumulative percentage
of the population in Lincang. Unlike the cumulative population distribution statistics for
healthcare facilities, the population here only refers to the school-age population—that is,
primary schools corresponds to the population aged 5-9 years old, and middle schools cor-
responds to the population aged 10-14 years old. Figure 5a,c show the spatial distribution
of primary and middle schools accessibility, respectively, with a spatial resolution of 30 m.
Comparing the two maps reveals that primary schools have significantly better accessibility
than middle schools, and the difference in accessibility between the two is most obvious
in the southwestern part of the city. To further analyze accessibility for the school-age
population, we cross-tabulated the primary and middle schools travel time maps with
data for the 5-9-year-old population and the 10-14-year-old population, respectively. We
quantified the proportion of the population that arrived at nearby primary and middle
schools at different times. Figure 5b,d show the cumulative time taken by the populations
aged 5-9 years and 10-14 years to attend nearby primary and middle schools, respectively.
The results show that 24.98% and 16.75% of the school-age population live within a 15 min
travel time to primary and middle schools, respectively, and 55.85% and 41.68% of the
school-age population live within a 30 min travel time to primary and middle schools,
respectively. The proportion of the school-age population that can reach nearby primary
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and middle schools within 1 h is 89.15% and 79.12%, respectively. The accessibility of
educational facilities in Lincang is thus noticeably better than that of medical facilities.
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Figure 5. Spatial patterns of educational facility accessibility and cumulative population ratio
distribution in Lincang. (a) Minimum travel time to primary school. (b) Cumulative area and
population ratio of accessibility to primary school at each time period. (¢) Minimum travel time to
middle school. (d) Cumulative area and population ratio of accessibility to middle school at each
time period.

3.1.3. Accessibility to Sanitation Facilities

Figure 6 shows the results for sanitation accessibility and cumulative population
ratio in Lincang. Considering data availability and representativeness, public toilets and
public washbasins were selected to measure the accessibility of sanitation facilities. Among
them, the public washbasins are a set of facilities responding to the “Patriotic Hygiene
Special Action” in Yunnan Province, representing characteristic sanitation facilities in
the province. Figure 6a,c show the spatial heterogeneity of the accessibility of public
toilets and washbasins, respectively, with a spatial resolution of 30 m. We can see that the
accessibility of public washbasins in Lincang is slightly better than that of public toilets
and that the overall distribution is spread out at multiple points. The public toilets and
public washbasins accessibility maps are cross-tabulated with the gridded population data
of Lincang to calculate the proportion of the population that takes time to reach nearby
public toilets and public washbasins (Figure 6¢,d). The results show that 17.88% and 17.85%
of the population live within a 15 min walk from a public washbasins and public toilets,
respectively, and 43.25% and 39.15% of the population had access to nearby public toilets
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and public washbasins within 30 min, respectively. Moreover, 81.59% and 70.66% of the
city’s population live within 1 h of a public toilets and public washbasins, respectively.
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Figure 6. Spatial patterns of sanitation facility accessibility and cumulative population ratio distribu-
tion in Lincang. (a) Minimum travel time to public toilets. (b) Cumulative area and population ratio
of accessibility to public toilets at each time period. (c¢) Minimum travel time to public washbasins.
(d) Cumulative area and population ratio of accessibility to public washbasins at each time period.

3.1.4. Comparison of Public Facility Accessibility in Lincang’s Counties and Districts

To further analyze the accessibility of public facilities in each county and district of
Lincang, we counted the accessibility maps of primary schools, middle schools, general
hospitals, health centers, public toilets, and public washbasins in Lincang by county and
district (Figure 7). It can be seen that the accessibility of all types of public facilities in the
seven counties and one district is the best in Yongde County and is the worst in Fengging
County. In terms of public facility type, the accessibility of primary schools in the study
area is the best, and the accessibility of general hospitals is the worst. The accessibility of
other types of public facilities varies from county to county, but most are concentrated in
the travel time range of 40-60 min.
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Figure 7. Comparison of accessibility to public facilities in Lincang’s counties and districts.

3.2. Public Facility Accessibility Analysis Based on Different Inhabitant Attributes
3.2.1. Correlation Analysis of Inhabitant Attributes and Minimum Cost Distance

Studying differences in the economic and social attributes of the inhabitant clusters
is conducive to providing differentiated and precise public infrastructure allocation. We
used SPSS 22.0 to analyze the correlation between the minimum cost distance to medical,
educational, and sanitation facilities and socioeconomic inhabitant attributes. Table 4 shows
the Pearson’s correlation coefficients between the two variables. Population density is
significantly and negatively correlated with the minimum cost distance to the three facili-
ties, strongly correlated with accessibility to educational facilities (1% significance), and
moderately correlated with accessibility to medical and health facilities (5% significance).
This suggests that the minimum cost distance to the respective facility decreases with in-
creasing residential population density. In other words, public facility accessibility is better
in inhabitant clusters with high population densities. The level of aging is significantly and
negatively correlated with the minimum cost distance to medical facilities (5% significance)
and is weakly and negatively correlated with both educational facilities and health facilities
(10% significance). This suggests that the minimum cost distance to the three types of public
facilities decreases with aging, thus highlighting the propensity for justice between public
facility accessibility and the elderly population. Income level is significantly and negatively
correlated with the minimum cost distance to the three types of facilities. Overall, there
is a significant negative correlation between population density, aging level, and income
level and the minimum cost distance to public facilities. In addition, the local household
registration rate is to some extent related to the least-cost distance to public facilities.
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Table 4. Pearson’s correlation coefficients between minimum cost distance and inhabitant attributes.

Minimum Cost Distance for Public Facilities

Inhabitant Attribut
nhabitan ributes Healthcare Facilities = Educational Facilities  Sanitary Facilities
Population density —0.528 ** —0.601 *** —0.497 **
Registered residence ratio —0.315* —0.376 * —0.102
Aging level —0.480 ** -0.301 * -0.320 *
Income level —0.574 *** —0.533 ** —0.515**

Note: ***,** and * indicate significant correlations at the 1%, 5%, and 10% levels (bilateral), respectively.

3.2.2. Average Analysis of the Accessibility to Public Facilities in Different
Inhabitant Clusters

Statistically, there are 15 different types of inhabitant clusters in Lincang. Table 5
shows the minimum cost distance averages of the three types of public service facilities
in different clusters. The means of the three types of public service facility accessibility
differ among different inhabitant cluster types. In terms of healthcare facility accessibility,
the Hd-N-Mp-H type of cluster requires the shortest average time, and the Gd-N-Lp-L
type has the furthest cost distance. The comparison indicates that population density
and income level have a strong influence on healthcare facility accessibility. In terms of
the accessibility of educational facilities, Hd-N-Mp-H, Hd-N-Mp-M, and Hd-N-Fp-H are
more accessible, with an average access time of 30 min or less. These clusters have high
population densities and residents with moderate-to-high incomes. Sanitation conditions
are more consistently distributed among most inhabitant clusters, but travel times are
longer in the Gd-A-Lp-L and Gd-A-Mp-L clusters, which exhibit significant aging trends
and low-income characteristics. In terms of the weighted-average least-cost distance,
accessibility to public facilities is poorer in the Gd-A-Mp-L, Hd-A-Lp-L, Gd-N-Lp-L, and
Gd-A-Lp-L neighborhoods, which mostly have lower population densities, low-income
levels, and aging residents.

Table 5. Average values for the accessibility of different types of inhabitant clusters.

Minimum Cost Distance for Public Facilities

Inhabitant Health Educational Weighted A

i ealthcare ucationa . [ eighted Average
Attributes Facilities Facilities Sanitary Facilities MingCost Distangce
Gd-N-Fp-M 65.89 38.22 35.76 46.62
Gd-N-Fp-H 60.52 32.76 33.28 42.19
Gd-N-Mp-M 66.72 39.04 36.48 47.41
Gd-N-Mp-H 62.08 34.57 34.55 43.73
Gd-N-Lp-L 72.70 44.32 37.32 51.45
Gd-N-Lp-M 67.64 41.65 35.09 48.13
Gd-A-Mp-L 53.52 49.55 47.93 50.33
Gd-A-Mp-M 50.67 46.87 45.72 47.75
Gd-A-Lp-L 59.21 48.29 49.24 52.25
Gd-A-Lp-M 53.68 45.52 46.77 48.66
Hd-N-Fp-H 46.80 30.09 30.91 35.93
Hd-N-Mp-M 44.52 28.51 33.50 35.51
Hd-N-Mp-H 42.04 26.46 32.38 33.63
Hd-A-Mp-L 48.75 48.72 40.22 45.90
Hd-A-Lp-L 58.97 50.28 42.59 50.61

3.3. Public Facility Accessibility Analysis Based on Attributes of Poor Groups
3.3.1. Correlation Analysis of Different Types of Poverty Groups and Least-Cost Distance

Studying the differences in infrastructure accessibility between different poor groups
is essential for alleviating relative poverty, preventing the risk of returning to poverty,
and achieving the equalization of public social services. Table 6 shows the correlations
between the minimum cost distance of healthcare, educational, and sanitary facilities and
the poverty level of different groups. The minimum cost distance of public infrastructure is
positively correlated with the poverty level of poor groups at different significance levels.
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This indicates that improving infrastructure and basic public services is closely related to
poverty alleviation. The mean values of accessibility to the three types of public services
vary across poverty groups. Specifically, accessibility to healthcare infrastructure has a
strong positive correlation with poverty levels in group 4, which is characterized by a large
proportion of “sick, disabled, and lonely”. For this group, the main cause of poverty is
“disease-related poverty”, and improvements in health infrastructure are likely to be more
effective for alleviating their poverty. Poverty levels are positively correlated at the 1%
significance level with access to educational facilities for group 3, which is characterized by
an “older population with a low level of education”. The main reason for poverty in this
group is “poverty due to lack of schooling”, and being far away from educational facilities
is not conducive to alleviating their poverty. The poverty status of different poor groups is
to some extent related to the minimum cost distance to a sanitation facility, but it does not
show significant differences. In Lincang, as a multiethnic underdeveloped border region,
group 1 is the main type of poor population, characterized by “ethnic minorities and large-
scale families”. The accessibility of medical, educational, and sanitation infrastructure for
this group is poor, and improving infrastructure thus plays an important role in alleviating
their poverty.

Table 6. Pearson’s correlation coefficients between minimum cost distance and poverty groups.

Minimum Cost Distance for Public Facilities

Poverty Groups

Healthcare Facilities Educational Facilities Sanitary Facilities
Group 1 0.472 ** 0.489 ** 0.275*
Group 2 0.311* 0.470 ** 0.138
Group 3 0.502 ** 0.568 *** 0.208 *
Group 4 0.625 *** 0.397 ** 0.289 *

Note: ***, ** and * indicate significant correlations at the 1%, 5%, and 10% levels (bilateral), respectively.

3.3.2. Analysis of Average Accessibility to Public Facilities among Different Poor Groups

We further analyze the mean least-cost distance to public service facilities among
different poverty groups. As shown in Table 7, the three public service facility accessibility
averages differ significantly across poverty groups. In terms of the weighted-average
distance to public facilities, group 2 has the strongest accessibility, groups 1 and 3 have
the second-highest accessibility, and group 4 has the worst accessibility. Group 4 is char-
acterized by poor health, insufficient working capacity, and few family members. The
majority of this group are elderly people left behind in the countryside, and infrastructure
development is important for lifting them out of poverty. Most of group 2 are young and
middle-aged people, and the accessibility of infrastructure and public services plays a
positive role in helping them get out of poverty and achieve their own development. The
poor accessibility of health and sanitation infrastructure in group 1 is attributable to the fact
that this group is dominated by ethnic minorities who mostly live in remote mountainous
areas. The lack of infrastructure further inhibits their survival and development. Thus, the
improvement of public service infrastructure is conducive to poverty eradication in these
ethnic areas.

Table 7. Average values for the accessibility of different poverty groups.

Minimum Cost Distance for Public Facilities (Minutes)

Poverty

Groups Healthcare Educational . cees Weighted Average
Facilities Facilities Sanitary Facilities Min Cost Distance

Group 1 58.32 47.88 60.20 55.47

Group 2 43.04 39.65 40.22 40.97

Group 3 59.28 52.80 56.95 56.34

Group 4 63.64 62.85 63.72 63.40
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4. Discussion

First, in terms of healthcare facility accessibility, the distribution of general hospitals
in each county and district of Lincang is relatively balanced. The accessibility of health
centers is much better than that of general hospitals, which confirms that the higher the
level of public health infrastructure, the lower the balance of its spatial layout; meanwhile,
the lower the level of health infrastructure, the more balanced the spatial layout [56]. The
accessibility of educational facilities in Lincang is significantly better than that of medical
facilities. Unlike previous studies that took primary or middle schools alone as the study
subject, we compared the accessibility of primary and middle schools and concluded that
the accessibility of primary schools is significantly better than that of middle schools in
all counties and districts. This could be related to the current primary school zoning
enrollment policy, wherein parents who buy housing tend to choose locations that are more
accessible to their children’s primary school. Regarding sanitation facilities, the accessibility
of public washbasins in Lincang’s counties and districts is slightly better than that of public
toilets, and the overall distribution is characterized by multipoint diffusion. This also
suggests that the “Patriotic Hygiene Special Action” to implement washbasins has helped
improve accessibility.

Second, the public infrastructure accessibility to different inhabitant groups with
different economic and social characteristics differ obviously. There is a significant negative
correlation between population density, aging level, and income level and the least costly
distance to public facilities. Transportation-based accessibility has been shown to be
unevenly distributed across populations, with the most underserved group being low-
wage earners, followed by seniors and less educated people [57]. Currently, there are
more studies on income as a factor influencing accessibility, with many confirming that
low-income households are more likely to be located in low-accessibility areas, while
middle- and high-income households are more likely to be located in high-accessibility
areas [58,59]. In terms of educational facility accessibility, inhabitant clusters with high
population density and high income have better access. The larger population density
promotes the construction of educational facilities in the region, and good educational
facilities attract more people, thus forming a virtuous circle. Proximity to good schools
often means higher housing prices, which means that families capitalize on excluded
public goods. As a result, the spatial differentiation of socioeconomic groups further
reduces educational access for low-income people, which has also been shown in previous
studies [60]. The improper allocation of educational resources restricts social mobility
and further exacerbates differences in urban social spaces [61], which is detrimental to
overall city development. Regarding healthcare access, aging, low-income, low-population-
density inhabitant clusters have less access. Studies have shown that distance from medical
and health facilities has a significant effect on people’s use of medical care [62,63]. The
low affordability of healthcare itself reduces low-income people’s use of medical services.
Moreover, low-income people often live in places with poor accessibility, further reducing
their access.

Finally, unlike studies that measure poverty only in terms of income and do not
categorize poverty groups, we categorized poverty groups into different types with corre-
sponding salient features. Infrastructure accessibility is essential for poverty alleviation and
protection against the risk of returning to poverty. Our findings show that the least-cost
distances to healthcare, education, and sanitation infrastructure are positively correlated
with different degrees of poverty. Echoing our findings, a study in Chicago found that
accessibility was lower in areas with high populations of minorities, poor people, and less
educated people [57]. Moreover, a study in Perth similarly revealed poor accessibility for
elderly and low-income households [64]. In terms of the weighted-average distance to
public facilities, poor group 4 had the least access among the four poverty groups. Most
of this group are elderly people left behind in the countryside, for whom infrastructure
development is needed to lift them out of poverty. As an underdeveloped multiethnic
frontier region, Lincang’s poor group 1 is the main type of poverty-stricken population.
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The poor accessibility to health and sanitation infrastructure for poor group 1 is attributable
to the fact that this group is dominated by ethnic minorities who mostly live in remote
mountainous areas, where the lack of infrastructure curtails their survival and development.
When developing public facilities, consideration can be given to prioritizing allocation to
disadvantaged groups. While this could lead to an unequal spatial distribution of public
infrastructure, it could help equalize opportunities and outcomes. This is in line with Rawls’
view that “public facilities should be allocated in favor of the more disadvantaged” [65].

The findings of this paper are validated by the fact that less developed regions around
the world are alleviating poverty by enhancing infrastructure accessibility. Akbar et al. sug-
gested that improving female educational infrastructure in rural areas and reformulating
health policies should be prioritized for poverty alleviation in Pakistan, with a special focus
on middle and high-level poverty groups [66]. In their study, Fereira and Cateia showed
that investment in infrastructure has a significant impact on structural transformation
and poverty reduction in Guinea, while the economic and social characteristics of the
different groups should be emphasized in the process of poverty reduction [67]. Xiao et al.
empirically estimated the impact of infrastructure development on the income level and
distribution of poor households, and showed that fine-tuned investment in infrastructure
in poor rural areas is conducive to sustainable development for the poor [68]. Infrastructure
accessibility is a key national development priority and an important condition for achiev-
ing sustainable development. Especially in poor and underdeveloped areas, enhancing the
precise allocation of infrastructure is conducive to upgrading local economic development
and people’s living standards, thus promoting local sustainable development.

5. Conclusions

Taking Lincang in Yunnan Province, a typical underdeveloped region in China, as the
study area, this study used multisource remote sensing data and POI data to assess the
accessibility of healthcare, education, and sanitation facilities. Moreover, we explored the
relationship between public service facility accessibility and different inhabitant attributes
and heterogeneous poverty groups. The results of this study reveal large disparities
in the accessibility of different types of infrastructure in Lincang. We also found that
public service facility accessibility varies significantly among inhabitants with different
socioeconomic attributes and among different groups of poor people. Inhabitant clusters
with high population density, high levels of aging, and high income have better access to
public facilities. The accessibility of healthcare, education, and sanitation infrastructure is
negatively correlated with the poverty level of poor groups to varying degrees.

Combined with the findings of the study, we propose the following three policy rec-
ommendations. First of all, it is necessary to provide precise differentiated configurations
of public service facilities based on inhabitant characteristics to improve the service level
and efficiency of public facilities. Promoting the accessibility of public facilities should be
prioritized in areas with less developed economies, lower residential income levels, and
serious aging. Secondly, precise development policies should be formulated for poor dis-
tricts to improve the accessibility of infrastructure, such as education and health care. And
upgrading the infrastructure configuration according to poverty-causing characteristics
among different groups will enhance efficiency. Finally, less developed regions need to
strengthen the universality and equity of public services as a means of preventing the risk
of returning to poverty and promoting their sustainable development.

We explored the main infrastructure accessibility through multisource data fusion and
accuracy improvement, expanding the application of remote sensing technology and better
utilizing the social and economic benefits of remote sensing applications. The assessment
methodology based on multisource geospatial data is equally applicable to other less
developed regions for infrastructure accessibility measurement. Our findings provide a
reference for the same type of underdeveloped areas, which is conducive to promoting
their sustainable development through the planning and optimal layout creation of public
facilities. However, this study still has some limitations. We measured infrastructure
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accessibility based on a spatial dimension perspective and did not account for nonspatial
factors such as residents’ self-selection, economic affordability, and institutional barriers,
especially regarding the inequality of such factors among disadvantaged groups. Thus,
future studies can consider integrating route determination and transportation decision-
making more closely to enrich the results. Similarly, infrastructure accessibility depends not
only on facility allocation but also on intermodal transportation networks. Some studies
have shown that transportation-related factors contribute to almost half of the spatial
inequalities in healthcare accessibility [69]. Thus, more transportation factors could be
incorporated into future research.
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Appendix A

In constructing the computational cost grid, the traffic speeds of different types of
pixels are set as follows: (1) Land refers to the parts of land excluding roads. Based on
the data for land-use type, it is assumed that the same type is internally homogeneous. It
can move in any direction, the travel mode is limited mainly by walking, and the passing
speed is set for each pixel of land-use type [24]. (2) Highways include railways in the OSM
dataset as well as national roads, provincial roads, county roads, township roads, village
roads, foreign roads, and special roads of the Lincang Transportation Bureau. Traffic speed
is determined based on the mileage and speed standards of different grades of railway in
China and China’s highway engineering technical standards, combined with the specific
situation of the study area. (3) Water area. Considering that the water area is stationary
and navigable, but the rivers in the study area are not navigable, the transportation time
cost is greater than that of the land; thus, the traffic speed is set at 1 km/h [24]. Table Al
shows the speed for each road type.

Table Al. Passing speeds in different types of pixels.

Dataset Type Speed (km/h)
Open Street Map Railway 90
River 1
Transportation bureau road network data National highway 80
Provincial highway 60
County highway 40
Township road 30
Village road 30
Substandard highway 20
Accommodation road 30
Globeland 30 Arable land 2.87
Forest land 3.068
Grassland 4.86
Shrubland 3.6
Wetland 2
Water area 1
Artificial surface 5
Bare area 3

ASTER GDEM V3 Elevation Surface raster
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Table A2. Poverty dimensions and corresponding eigenvalue loads of attributes.

Dimension
Variable Family Ethnicity and Self- Geographical = Health and
Background Development Environment  Labor Force
Ethnicity 0.0068 0.8749 0.0037 0.0016
Age 0.0206 0.7504 0.0025 0.0074
Education level 0.0837 0.4656 0.0214 0.1258
Health status 0.5007 0.0049 0.0421 0.8125
Labor ability 0.4892 0.1684 0.0230 0.7762
Total family population 0.7858 0.0253 0.0047 0.0051
Working population in the family 0.8236 0.0027 0.0039 0.7664
Migrant workers in the family 0.7859 0.0043 0.0026 0.6355
Distance to the nearest city 0.0037 0.0014 0.8572 0.0097
Distance to the nearest station 0.0098 0.0036 0.8901 0.0196
Distance to the nearest public facility 0.0188 0.0025 0.8012 0.0054
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