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Abstract: As cities continue to grow, the functions of urban areas change and problems arise from
previously constructed urban planning schemes. Hence, the actual distribution of urban functional
areas needs to be confirmed. POI data, as a representation of urban facilities, can be used to mine
the spatial correlation within the city. Therefore it has been widely used for urban functional area
extraction. Previous studies are mostly devoted to mining POI linear location relationships and do
not comprehensively mine POI spatial information, such as spatial interaction information. This
results in less accurate modeling of the relationship between POI-based and urban function types.
In addition, they all use Euclidean distance for proximity assessment, which is not realistic. This
paper proposes an urban functional area identification method that considers the nonlinear spatial
relationship between POIs. First, POI adjacency is determined according to road network constraints,
which forms the basis of a co-occurrence matrix. Then, a Global Vectors (GloVe) model is used to train
POI category vectors and the feature vectors for each basic research unit are obtained using weighted
averages. This is followed by clustering analysis, which is realized by a K-Means++ algorithm. Lastly,
the functional areas are labeled according to the POI category ratio, enrichment factors, and mobile
phone signal heat data. The model was tested experimentally, using core areas of Zhengzhou City in
China as an example. When the results were compared with a Baidu map, we confirmed that making
full use of nonlinear spatial relationships between POIs delivers high levels of identification accuracy
for urban functional areas.

Keywords: urban functional regions; identification; points-of-interest; GloVe; Zhengzhou

1. Introduction

The city is the product of human society at a certain stage of development. It is an
open, complex and giant system [1]. The various components of cities interact in different
forms and ways to form various urban structures, including mainly economic, social and
spatial structures. Spatial structure refers to the configuration and distribution of facilities in
different areas of a city [2]. As cities continue to grow, their spatial structures are becoming
more diverse and complex [3]. The planning schemes developed in the early days of the
city are no longer reasonable. It has led to issues such as traffic congestion, environmental
degradation, housing shortages and emergency lag [4]. In order to solve the problems of
urban development, optimize the layout of urban space and improve the full utilization of
space resources, it is necessary to formulate a reasonable urban planning scheme again. In
the process of formulating the urban planning program, the primary task is to determine
the functional zoning of the city.

Originally, the identification of urban functional areas relied primarily on surveys and
statistics. However, this is potentially subjective, limited by statistics, and inefficient [5].
Thus, some studies moved on to using high-resolution remote sensing images. This can ac-
curately capture physical surface characteristics, such as shape, texture, and spectrum [6–8].
However, this method suffers from low accuracy and poor data currency. In addition,
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functional areas are affected by human social and economic activities and only natural at-
tributes can be extracted from remote sensing images. To solve these issues, the concepts of
“social perception” [9] and “urban computing” [10] have been applied to the measurement
of social and economic activities in urban space.

With the development of sensors and data acquisition technology, an enormous quan-
tity of data have become available to study the socio-economic environment and to uncover
patterns of interactions in urban functions. More current methods for identification of
urban functional areas mainly utilize Points of Interest (POIs) [11–15], social media [16–20],
and vehicle trajectories [21–24]. Thus, various types of Big Data have made it possible to
discover the distribution of urban functional areas in ways that were not previously feasible.
Hélder Tiago [19] used photo data from social media to confirm the correlation between
tourism activities and the functional distribution of cities. Xue [20] used Tencent Street
View photos to analyze pedestrian trajectories and advance research on the identification
of functional urban areas. Chen [21] used taxi GPS data to identify functional areas of the
city by analyzing their movement patterns. However, the identification of functional areas
using social media data and vehicle track data only uses the frequency of their data points
as a criterion for determining the type of functional area and does not take into account the
spatial correlation within urban areas.

Among the rich data sources above, POI data are city-wide facilities, institutions
and geographical places closely related to people’s lives abstracted as point geographic
entities with both location and semantic information. POI data can be used to study spatial
correlation and spatial interaction within cities. That is because the configuration of the POI
varies in the different functional areas. For example, industrial areas have many companies,
factories and some infrastructure such as parks, restaurants and shops. POI data are also
characterized by their accessibility and presentability. Therefore, POI data are widely used
in the identification of urban functional areas. We also used POI data for our research.

In the early days, POI-based urban functional area identification focuses on analysis
of the number and density of various types of POIs in basic urban units. For instance,
Hu et al. [11] used 250 m2 POI density information to identify the functional areas in
Guangzhou. Yuan et al. [12] mined POI data using a probabilistic topic model to enable
functional area identification in Beijing. Yi et al. [13] analyzed POI data quantitatively and
used Fisher’s exact test method to identify urban functional areas. Gao et al. [14] used
Latent Dirichlet Allocation (LDA) topic modeling technology to mine POI and social media
data to achieve the same objective. They are limited by the fact that the functions were only
determined according to POI frequency. This results in much of the spatial information of
the POI being wasted. This method fails to explain that points within a space are defined by
their surroundings, violating the first law of geography [25]. Thus, their accuracy therefore
needs to be improved further.

To solve the above problems, Yao et al. [26] proposed a method that combines the
language model, Word2vec, and POI data. The shortest distance sequence between all
POIs in each independent, basic research unit was used to construct a training data set.
Regional feature vectors were then obtained that made it possible to identify the urban
functional areas. Wu et al. [27] applied a Global Vectors (GloVe) deep learning model
that considered the global co-occurrence of information when undertaking functional area
identification. Here, the POI spatial distribution was described by natural language se-
quences and language models were used to quantify the relationship between the POIs
and different categories of urban functional area. These methods can mine latent seman-
tic information and geographical information related to the spatial distribution of POIs.
However, linearly distributed [28] natural language sequences were used to organize the
POI data in the Parcels (Figure 1a). This method of POI organization does not fully exploit
the spatial information of POIs. For example, POI information that is far apart in a natural
language sequence but spatially close to each other will be ignored. Additionally, in urban
spaces, POIs have a scattered distribution and a strong correlation with surrounding roads.
There are also interactive connections between adjacent parcels that are notably different
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to natural language sequences. This makes using the linear relationship between POIs in
parcels potentially problematic and can result in nonsensical outcomes such as the splitting
of adjacent POIs across two sides of a street. The mining of spatial interaction features
between parcels can therefore be undermined by proceeding in this way. There is another
very important point: this type of approach measures the proximity of POIs in terms
of Euclidean distances. However, in reality, there are buildings that can be an obstacle.
Therefore this measurement is not realistic.
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In this paper, we propose an urban functional area identification method that takes
into account the nonlinear spatial relationship between POIs. This method considers not
only geographical adjacency, but also urban structural integrity. It can comprehensively
mine POIs proximity information and spatial interaction information in line with realistic
scenarios. The spatial adjacency of POIs is first established on the basis of road networks
(Figure 1b). Take any POI as the center and count the information of all the neighboring
points within the neighborhood threshold of its road network. An improved co-occurrence
matrix can then be constructed and the global POI co-occurrence information can be mined.
After this, a GloVe model is used for training so as to obtain POI category vectors, which
form the basis of feature vectors. K-Means++ is then used to cluster the feature vectors,
and the regional clusters are evaluated by three indicators to determine the category of the
urban functional area.

2. Study Area and Data

The study area includes the main urban areas of Zhengzhou City in China (namely,
the following districts: Zhongyuan; Jinshui; Erqi; and Guancheng Huizu (Figure 2). These
cover a total area of 801.1 km2. With its excellent economic development, large residen-
tial population and dense road network, Zhengzhou is a city of great dynamism. It is
the political, economic, and cultural center of Henan Province. In recent years, rapid
urban development has rendered the functional structure of its main urban areas highly
heterogeneous. Thus, the study area incorporates a variety of different urban functional
types, such as residential areas, science, educational and cultural facilities, business and
entertainment zones.

The data used in the study came from the 2020 urban administrative division map of
Zhengzhou, POI data for Zhengzhou on 28 December 2021, the road network data from
2020, and the mobile phone signal heat data for Zhengzhou residents on 3 June and 5 June
2020. The POI data were obtained through an application programming interface (API)
provided by the AutoNavi open platform. There was a total of 216,413 data points in the
study area. The road network data were downloaded from the OpenStreetMap website.
The mobile phone signal data were provided by China Unicom. Specific data descriptions
are given in Table 1.
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Figure 2. Core areas of Zhengzhou City.

Table 1. Data used in this study.

Data Type Quantity Description

Urban administrative division
map of Zhengzhou 1 The core areas of Zhengzhou were

selected for this study

Road network data 12,149
Highways, primary roads, secondary

roads, and tertiary roads were selected to
construct Parcels

POI data 216,413 13 large categories, 128 medium
categories, and 434 small categories

Mobile phone signaling
heat data 8,922,272

Population heat data in the 500 m grid
area in 24 time periods on a workday and

a weekend day

3. Methodology

As considering the spatial distribution of urban POIs as a whole can assist with
mining urban functional areas, we used a GloVe model to train POI category vectors. The
POI co-occurrence relationships needed to be based on the actual urban structure, so the
road network was used to construct a co-occurrence matrix. An overall flowchart for
the proposed method is shown in Figure 3. It covers five steps: (1) construct the parcels
(basic research unit) according to the urban road network; (2) from a city-wide perspective,
establish POI adjacency relationships on the basis of the road network and constructing a co-
occurrence matrix; (3) use a GloVe model to train POI category vectors; (4) construct feature
vectors for each parcel and perform clustering; and (5) identify and label the functional
areas. The rest of this section describes this process in detail.
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Figure 3. Flowchart of urban functional area identification.

3.1. Constructing the Parcels (Basic Research Units)

In existing studies, the research areas are mainly divided according to grids [11],
cadastral data [26], and road networks [29]. In grid-based methods, irregular urban blocks
are converted into uniform shapes, which does not represent the macro-morphology of
the urban structure. Division on the basis of cadastral data risks breaking the connectivity
between regions. Division according to urban road networks, however, more naturally
reflects how cities are actually organized. The proposed method therefore uses highways,
primary roads, and secondary roads as basic urban division units. The areas formed by
these divisions are known as Parcels.

A morphological approach [30] was used to construct the Parcels. As shown in
Figure 4a, road networks are usually represented by multiline roads, which affect the
organization of the POIs. It is therefore better to generate single-line road networks. This
involves first of all rasterizing the original road network and thickening the roads using
a morphological expansion function, which fills in the gaps and voids between roads
(Figure 4b). The expanded roads were then refined and, in order to maintain the overall
topology of the original road network, the central axis of each road was extracted. This was
used to represent the road (Figure 4c). Finally, meshes were constructed for the single-line
road network to form Parcels (Figure 4d).
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3.2. Co-Occurrence Matrix Construction

The distribution of POI types in terms of number is a power–law distribution, as is
the distribution of words, so that deep learning natural language models can be used. The
only one of these is GloVe, a word embedding model that makes use of city-wide statistical
information. It can embed a high-dimensional vector space with the total number of words
into a continuous vector space of a much lower dimension. The words can then be mapped
to vectors represented by numbers [31]. The statistical information it utilizes–co-occurrence
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frequency–is very important information about the spatial characteristics of urban areas
and helps in modelling the relationship between POI types and urban area functions. The
GloVe model was therefore chosen for the identification of urban functional areas.

The GloVe model stores statistical information in a co-occurrence matrix [32]. A co-
occurrence matrix is a matrix consisting of the frequency of two simultaneous occurrences
of two words in all different words. It can be used to measure semantic similarity between
words based on the principle that words in a language are semantically closer to their
neighbors. In geography, a similar law suggests that the shorter the distance between
two objects, the closer their relationship (the first law of geography) [25]. This renders
co-occurrence matrices also suitable for mining POI semantic information in urban space.

Constructing a co-occurrence matrix is at the heart of the GloVe model. The original
GloVe model constructed the co-occurrence matrix by sliding over each sentence in the
corpus (i.e., a set of texts in a certain format [33]) using a fixed window and counting the
number of times that different words appeared in the window at the same time. When
applying them to geographical studies, Euclidean distances have been commonly used in
the past to calculate the proximity between objects. They first use a greedy algorithm to
arrange all POIs in the basic research units into a sequence of POIs that satisfy the shortest
distance. The frequency of co-occurrence with neighboring objects is then obtained by
sliding over each POI sequence through a fixed window. The final co-occurrence matrix is
formed. This rationale for transforming POI into sequential documents is not theoretically
convincing or rigorous. The transformation of spatial data into sequential document data
has limitations in terms of mining the spatial characteristics of POIs. This is because
natural sequences are inherently sequential in structure (linear in structure), whereas POIs
are distributed in a two-dimensional geographic space (non-linear in structure). This
allows co-occurrence information to be ignored for POI pairs that are far apart in terms of
POI sequence location, but close in terms of spatial location. As an example, let us take
the POI sequence: scientific research institutions, fitness centers, parking lots, colleges
and universities, Chinese restaurants, dormitories, entrances and exits. Let the size of
the window be 5. The central term is colleges and universities, and the terms within
a step length of 2 are fitness centers, parking lots, Chinese restaurants and dormitories.
In reality, however, colleges and universities are most strongly correlated with scientific
research institutes. This makes it clear that adjacency relationships obtained in this way are
incomplete and unrealistic. Increasing the size of the window only results in additional
redundant adjacency relationships. In addition, this approach is quite sensitive to the
construction of Parcels (basic research units). This approach assumes that POIs are only
relevant within the same area, ignoring the fact that POIs that exist within different Parcels
are also potentially relevant. For example, the presence of a public security bureau and a
fire station on either side of a road, which are geographically close to each other but belong
to two adjacent Parcels, would not be statistically relevant if this method was used.

In this paper, considering that POIs are geographically distributed, unlike the sequen-
tial distribution of words in documents, the original method of constructing a co-occurrence
matrix is no longer used. In addition, in order to explore the non-linear location relation-
ship and spatial interaction information of POIs in geographic space, we no longer rely on
Parcels, but take a city-wide perspective. We find that urban facilities are usually arranged
along the sides of roads in the real world and that physical movement in the urban space
is typically constrained by the road network (Figure 5). For example, walking from point
A to point B in Figure 5, because there are buildings on both sides of the road that create
barriers, we cannot walk along the red line (a straight line formed by two points), we can
only walk along the blue line (the road). The road network can therefore be used to mine
the neighborhood relationships between POIs and construct a co-occurrence matrix. The
proximity relationships mined by this method are not only closer to reality, but are also
more comprehensive. This method does not result in any of the following three situations:
(1) Information from POI pairs that are far apart in the real world are incorrectly counted,
because they are in the same parcel and the POI points on the parcel are sparse; (2) Due to
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parcel limitations, the information about POI pairs that are actually close is ignored; (3) POI
pairs are in the same parcel and are close to each other in the real world. However, due to
the number of windows set, their proximity information is not counted.
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Figure 5. Distribution of POIs in the road network.

To obtain sufficient information, small POI categories are best used to construct a
training dataset. The co-occurrence matrix can be achieved as follows:

1. Abstract the road network into a graph, G = (N, E), where E is the set of all roads
(edge set), and N represents their intersections (node set);

2. Use a nearest neighbor search method to map geographic entities to the edges of the
road network and represent these entities in the form of a tuple, 〈e, (pos1, pos2)〉,
where: e is the nearest neighbor of each geographic entity, working from the start
point and end point of each edge; pos1 denotes the distance between the projected
point of the geographic entity and the starting point of e; and pos2 represents the
distance between the projected point of the geographic entity and the end point of e.
So, the geographic entity D1 in Figure 6 can be represented as 〈(n1, n2), 4.2, 2.1〉;

3. Perform a nearest neighbor search according to the road network constraints for each
geographic entity to obtain a neighboring point set, having set a distance threshold.
For the geographic entity D1 in Figure 6, the neighboring point set is (B1, C1, C2, A1);

4. Build an n × n co-occurrence matrix, X, where n is the total number of POI categories.
The value of each element, Xij (i and j are the categories), in the matrix is updated
according to the neighboring point set. So, on the basis of the neighboring point set of
D1, it is necessary to add 1, 1, 2 at XDA, XDB and XDC, respectively. The results are
shown in Table 2.

The neighboring point distance threshold can be obtained by calculating the average
value of the network distance between each geographic entity and the nearest neighboring
geographic entity [34,35]. The calculated value was 150 m in this study.
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Figure 6. Graph representation of the road network.

Table 2. The co-occurrence matrix of Figure 6.

Quantity A B C D

A 0 3 4 3
B 3 0 3 2
C 4 3 0 3
D 3 2 3

3.3. Construction of the POI Category Vector

The representation of the regional features depends upon the training of the POI
category vectors using the co-occurrence matrix. The POI co-occurrence matrix is X, with
the element Xij being the frequency of co-occurrence of the POIs in category i and cate-
gory j in their spatial context. Xi = ∑k Xik is the frequency of the co-occurrence of any
POI category and category i. Pi,j = P(j|i) = Xij/Xi is the probability that category j will
appear in the spatial context of category i. When training the POI category vectors, the
co-occurrence probability ratio is better able to measure the correlation between the POI
categories than the co-occurrence probability itself. This helps to distinguish the different
POI categories and accurately express the semantic characteristics of the various POIs.
Taking an example, let the small POI categories include colleges and universities, libraries,
supermarkets, Chinese restaurants, metallurgical chemical units, industrial parks, etc., and
let i = colleges and universities, j = metallurgical chemical units, and k = the other POI
categories. Libraries in urban spaces are usually close to colleges and universities, while the
adjacency relationship between libraries and metallurgical chemical units is weak. When
k = libraries, the value of Pi,k/Pj,k will be large. Industrial parks and universities possess a
weaker proximity relationship, while industrial parks have a stronger proximity relation-
ship with metallurgical chemical units. When k = industrial parks, the value of Pi,k/Pj,k will
be small. In addition, there are supermarkets distributed near both metallurgical chemical
units and universities. So, when k = supermarkets, the value of Pi,k/Pj,k will be close to 1.

If the POIs were organized using the linear approach described in Section 3.2, the
co-occurrence probability ratios would misrepresent the correlation of real-world urban
facilities. For example, the following two situations can occur: (1) Since metallurgical
chemical units and industrial park areas belong to different parcels. Their co-occurrences
are not counted, resulting in a low probability of co-occurrence; (2) In suburban areas with
larger parcels, the colleges and universities may be in the same parcel as the industrial
park. This would erroneously make them co-occur more frequently, leading to a higher
co-occurrence probability. These two cases make the value of Pi,k/Pj,k instead larger when
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k = industrial park. This ratio reflects the larger correlation between industrial park and
higher education institutions, contrary to reality.

Using the non-linear organization of POIs in this paper, these two situations do not
occur. Although metallurgical chemical units and industrial parks are in different parcels,
their co-occurrence counts will be counted because the road network distance is less than
the threshold. Universities and industrial parks are in the same parcel, but their road
network distances are larger. Their co-occurrence counts will not be counted. The non-
linear organization of POIs in this paper enables the co-occurrence probability ratios to
correctly reflect the correlation between POI types.

From the example situation above, a generalized model of the loss function for the
GloVe model can be expressed as follows:

g
(
(vi − vj)

Tvk

)
=

Pi,k

Pj,k
=

g
(
vT

i vk
)

g
(

vT
j vk

) (1)

where, vi, vj, and vk represent the feature vectors for the POI categories i, j, and k, re-
spectively. If an exponential operation is performed for (vi − vj)

Tvk, the loss function
becomes:

Pi,k

Pj,k
=

exp
(
vT

i vk
)

exp
(

vT
j vk

) (2)

To keep the loss function model as simple as possible, this equation needs to be
simplified. Doing this involves keeping the numerator and denominator on both sides of
the equation equal to each other and maintaining the symmetry on the right-hand side. So,
the deviation terms bi and bj need to be added in the left side of the equation:

vT
i vj + bi + bj = log

(
Xi,j
)

(3)

Based on the principle that the higher the co-occurrence frequency of the POI cate-
gories, the greater the weight, a weight term should be added to the cost function:

J =
N

∑
i,j

f
(
Xi,j
)
(vT

i vj + bi + bj − log (Xi,j)
2 (4)

Since the co-occurrence matrix is a sparse matrix, it is necessary to limit the value of
the loss function when Xi,j = 0, to ensure that the weight does not increase or decrease
significantly when the co-occurrence frequency is too large or too small. The weight
function therefore needs to be:

f (x) =

{
( x

xmax
)0.75, x < xmax

1, x ≥ xmax
(5)

This is because the number of POI types is less than the number of words in the
semantic space and the co-occurrence frequency is greater than the number of co-occurrence
of words in the semantic space. The xmax value in this paper needs to be set higher than the
100 set in the original model, which was finally set to 400 after multiple experiments.

The dimensions of the POI category vectors are key parameters in the GloVe model.
As the number of POI categories is not as high as the number of words in a semantic space,
the dimensions for the POI category vectors can be set to 70 (Table 3). To analyze the spatial
distribution of the 70-dimensional POI category vectors, a data dimensionality reduction
technology, t-SNE, was used to mine the information from the higher-dimensional data.
t-SNE maps all the POI category vectors into a 3D semantic space, as shown in Figure 7.
After dimensionality reduction, the POI categories with similar or related spatial semantic
information will be closer to one another. Looking at the example in Figure 7a, there are
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various POI categories, including government agencies, medical and healthcare facilities,
and sports and leisure facilities. These kinds of resources are usually located in the public
service and management areas of a city. In particular, as China Telecom and China Mobile
are telecommunications companies with the same role in an urban space, their branches
almost overlap in the 3D semantic space. The large POI categories in Figure 7b include
catering services, shopping services, and public facilities. At the level of the smaller
categories, restrooms, casual dining places, Suning stores, and Gome stores all appear
together in shopping malls, where they play a similar role in meeting peoples’ needs for
leisure and entertainment. It is these kinds of precise and nuanced concerns that justify the
use of smaller POI categories.

Table 3. Partial POI category vectors.

POI Category POI Category Vectors (Dimension = 70)

Outdoor fitness center (−0.00319916, 0.00888043, −0.02442472, . . . . . . , −0.02165624)
Parks (0.02811326, 0.02575135, −0.0115155, . . . . . . , −0.0042832)

Middle Schools (0.04371936, 0.03249595, −0.02067991, . . . . . . , −0.05321765)
Factories (0.01310952, −0.03528632, 0.01673809, . . . . . . , 0.08923801)
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Figure 7. The POI type vectors is visualized in the three-dimensional coordinate system, and its part
is taken for enlarged display, as shown in (a,b). Note: Because the training is carried out with Chinese
labels, it is displayed in Chinese. And a English definition below each label.

3.4. Regional Feature Expression and Clustering

To accurately measure the similarity of different urban regions, it is necessary to
construct regional feature vectors. The regional features in this study were constructed
at a Parcel scale, so all of the POIs in each Parcel needed to be obtained. Then, different
functional clusters were obtained through clustering.

Previous studies have used the weighted average of all the word vectors in a text to
measure similarity [36,37]. Here, the POI category vectors obtained via the GloVe model
were initially treated as word vectors, with the POI categories in each Parcel being treated as
the text. The weighted average of the word vectors was then calculated to obtain the feature
vector for each Parcel:

Parcelveci =
∑N

j=1 type
(

pi,j
)

N
(6)
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where Parcelveci represents the feature vector of the i-th Parcel; N is the total number of
POIs in the Parcel; and pi,j is the POI vector of category j in the i-th Parcel.

Having obtained the Parcel feature vectors, they were clustered using the modified
K-means algorithm, K-means++. When initializing the cluster centers, they were placed as
far away from one another as possible to achieve a globally optimal solution. The prior
parameter, K, in a K-means++ algorithm, determines the clustering effect. Elbow and
silhouette coefficient methods were used to objectively select the value of K. The key index
in the elbow method is the Sum of Squared Errors (SSE). As K increased, the SSE first
decreased sharply, then flattened out (Figure 8a). The relationship between the K and SSE
values takes the form of an elbow, with the elbow being at K = 5. In the silhouette coefficient
method, the larger the value, the better the clustering effect. As shown in Figure 8b, the
value was at its largest at K = 5. So, in this study, K = 5 was chosen as the optimal number
of clusters.
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3.5. Identification of the Urban Functional Areas

After obtaining the regional clusters with similar functions by clustering, an actual
spatial meaning needs to be assigned to each of them so as to identify the functional areas.
There are many ways of classifying urban functional areas. Here, we took the perspective
of peoples’ everyday lives and social activities. The functional areas therefore incorporated
things such as business areas, residential areas, public service areas, industrial areas and
scenic spots [38,39]. Existing data were used to label each regional cluster according to the
following three indicators:

(1) The category ratio. The frequency density (FD) and category ratio (CR) of each
large POI category in each regional cluster was calculated to obtain the distribution of each
POI within the different regional clusters. This was executed using the following:

FDi =
ni
Ni

(7)

CRi =
FDi

∑n
i=1 FDi

× 100% (8)

where i is the POI category; ni is the number of POI category i in the regional cluster; Ni is
the total number of POI category i; FDi is the frequency density of POI category i in the
regional cluster; and CRi represents the ratio of the frequency density of POI category i in
the regional cluster to that of all the POIs;
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(2) Enrichment factor. As certain POI categories occur very frequently in urban spaces,
the FD and CR of the POIs cannot fully reflect the attributes of the regional clusters. It is
therefore necessary to add in an enrichment factor (EF) for each category of POI. This can
be calculated as follows:

EFj
i =

(
N j

i /Ni

)
/
(

Nj/N
)

(9)

where EFj
i represents the EF of the category j POIs in the i-th the regional cluster; N j

i
represents the number of category j POIs in the i-th the regional cluster; Ni represents the
number of all POIs in the i-th the regional cluster; Nj is the number of category j POIs in
the whole study area; and N denotes the total number of POIs in the study area;

(3) Population heat value. Human activities are closely related to the spatial structure
of cities. The changing characteristics of individual activity in the city can reflect the urban
functions undertaken by the study area. The population heat value represents the number
of individuals active in an area, which is the basis for the analysis of human behavior. The
study of its changes over time can help to label the clusters of areas obtained after clustering.
It can compensate for the errors arising from the labelling of functional areas using only the
EF and CR values of the POI, and increase the scientific and rational nature. Within the area
covered by each regional cluster, the heat values of the population are statistically analyzed
for 24 time periods on weekdays and rest days. The results can reflect the aggregation and
distribution characteristics of the population under different time periods. The higher the
value, the higher the aggregation of the local population in that period, and vice versa. For
instance, during the morning and evening peak hours on workdays, the aggregation was
very high in residential areas. The value was higher than it was during other time periods.

4. Results
4.1. Functional Area Identification

The proposed method was used to obtain functional clustering results for 1017 parcels
in Zhengzhou City (Figure 9). The CR and EF values for each POI category in each regional
cluster were also acquired (Table 4), together with the population heat values for a workday
and a weekend (Figures 10 and 11). The regional clusters were then labeled and the
identification results analyzed:

ISPRS Int. J. Geo‐Inf. 2022, 11, 498  13  of  23 
 

 

 

Figure 9. Identification results of urban functional areas in the main areas of Zhengzhou. Note: Pub‐

lic Service in the legend is Science, Education and Public Service areas. 

Table 4. CR and EF values of POIs. 

Category 
𝑪𝟎  𝑪𝟏  𝑪𝟐  𝑪𝟑  𝑪𝟒 

EF 1  CR 2  EF  CR  EF  CR  EF  CR  EF  CR 

Accommodation  1.033    8.529    0.284    6.115    0.719    7.098    1.100    7.000    1.149    7.734   

Government agency  0.893    7.374    1.911    7.990    0.463    4.572    1.021    2.461    1.355    9.120   

Medical and 

healthcare 
1.042    8.596    1.902    7.735    0.664    6.560    1.030    2.900    1.035    6.967   

Sports and leisure  0.935    7.719    2.056    8.069    0.586    5.783    2.736    11.263    1.153    7.763   

Commercial resi‐

dence 
1.014    8.371    0.815    6.376    0.667    6.591    0.429    0.624    1.051    7.073   

Public utilities  0.963    7.946    1.578    7.269    0.144    2.169    1.850    8.946    0.783    5.270   

Science, education 

and culture 
1.005    8.294    2.225    9.731    0.782    7.724    1.015    1.641    0.928    6.250   

Financial and insur‐

ance 
0.882    7.279    1.021    7.005    0.362    3.572    1.014    1.651    1.483    9.988   

Transportation Fa‐

cilities 
0.909    7.503    2.202    8.953    0.763    7.533    1.068    4.758    1.181    7.952   

Shopping service  0.997    8.232    1.935    8.100    1.963    19.513    5.076    15.111    1.055    7.103   

Restaurants  1.092    9.014    1.927    8.068    2.143    20.289    2.320    9.099    0.769    5.175   

Tourist sites  0.650    5.367    1.033    7.597    0.439    4.339    10.547    33.029    1.387    9.338   

Corporations  0.700    5.775    0.410    6.991    0.431    4.255    1.012    1.517    1.525    10.267   
1 The EF value is the enrichment factor of the POI, the higher the value the higher the enrichment of 

this type of POI. 2 The CR value is the proportion of POIs in the category, the higher the value the 

higher the proportion of the density of this type of POI in the sum of all types of POIs in the region. 

(1) 𝐶 ：Residential areas 

From the analysis of CR and EF values of POI, comparing with other regions hori‐

zontally, it can be found that the CR value of the business residential POI in this regional 

cluster is the highest. A longitudinal comparison shows that different types of POIs are 

evenly distributed. This is in line with the spatial distribution characteristics of residential 

areas which are surrounded by medical, sports and leisure, accommodation, restaurants, 

Figure 9. Identification results of urban functional areas in the main areas of Zhengzhou. Note:
Public Service in the legend is Science, Education and Public Service areas.



ISPRS Int. J. Geo-Inf. 2022, 11, 498 13 of 22

Table 4. CR and EF values of POIs.

Category C0 C1 C2 C3 C4
EF 1 CR 2 EF CR EF CR EF CR EF CR

Accommodation 1.033 8.529 0.284 6.115 0.719 7.098 1.100 7.000 1.149 7.734
Government agency 0.893 7.374 1.911 7.990 0.463 4.572 1.021 2.461 1.355 9.120

Medical and
healthcare 1.042 8.596 1.902 7.735 0.664 6.560 1.030 2.900 1.035 6.967

Sports and leisure 0.935 7.719 2.056 8.069 0.586 5.783 2.736 11.263 1.153 7.763
Commercial

residence 1.014 8.371 0.815 6.376 0.667 6.591 0.429 0.624 1.051 7.073

Public utilities 0.963 7.946 1.578 7.269 0.144 2.169 1.850 8.946 0.783 5.270
Science, education

and culture 1.005 8.294 2.225 9.731 0.782 7.724 1.015 1.641 0.928 6.250

Financial and
insurance 0.882 7.279 1.021 7.005 0.362 3.572 1.014 1.651 1.483 9.988

Transportation
Facilities 0.909 7.503 2.202 8.953 0.763 7.533 1.068 4.758 1.181 7.952

Shopping service 0.997 8.232 1.935 8.100 1.963 19.513 5.076 15.111 1.055 7.103
Restaurants 1.092 9.014 1.927 8.068 2.143 20.289 2.320 9.099 0.769 5.175
Tourist sites 0.650 5.367 1.033 7.597 0.439 4.339 10.547 33.029 1.387 9.338

Corporations 0.700 5.775 0.410 6.991 0.431 4.255 1.012 1.517 1.525 10.267
1 The EF value is the enrichment factor of the POI, the higher the value the higher the enrichment of this type of
POI. 2 The CR value is the proportion of POIs in the category, the higher the value the higher the proportion of the
density of this type of POI in the sum of all types of POIs in the region.

(1) C0: Residential areas

From the analysis of CR and EF values of POI, comparing with other regions hori-
zontally, it can be found that the CR value of the business residential POI in this regional
cluster is the highest. A longitudinal comparison shows that different types of POIs are
evenly distributed. This is in line with the spatial distribution characteristics of residential
areas which are surrounded by medical, sports and leisure, accommodation, restaurants,
shopping, schools and other infrastructures that provide services to residents. Looking at
the population heat values, as residential areas form the principal areas in which people
live, their overall heat value was higher than in other areas. During commuting hours
between 7:00 and 9:00 and 17:00 and 19:00 on weekdays, the heat value was especially high.
At weekends, the heat value was stable during the day, with a peak at around 19:00 in the
evening;

(2) C1: Science, Education and Public Service areas

The CR value of the POI shows that there are numerous science, education, and
culture-related venues in this regional cluster, such as Zhengzhou University, Henan Uni-
versity of Technology, Henan University of Traditional Chinese Medicine, etc. Meanwhile,
transportation facilities, sports and leisure, restaurants and shopping POIs also have high
values. It is consistent with the spatial distribution of infrastructure around the school
that meets the shopping, dining, sports and traffic needs of the school’s students and
faculty. The heat value in this area remained high during the daytime from 8:00 to 18:00 on
weekdays, with a peak at 12:00, which agrees with what is known about students’ daily
behavior. At weekends, the heat value was significantly lower;

(3) C2: Commercial areas

The CR and EF values for the shopping service and restaurants POI in this regional
cluster were high. These areas are mainly dominated by shopping malls and business
buildings (office buildings), such as Zhenghong City, Xidi Port, Wanda Plaza, and Zhongke
Building. On weekdays, the heat value for this area was especially high from 17:00 to
20:00, which is in agreement with what is known about people using these facilities after
work for dining, shopping, entertainment, etc. The overall higher heat values on rest days
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than weekdays confirms the concentration of the flow of people to commercial areas on
weekends;

(4) C3: Natural scenic spots

Tourist sites’ POI in the regional cluster had the highest EF and CR values compared
both horizontally and longitudinally. These areas included numerous tourist attractions
and parks, such as Longhu Park, Xiliu Lake Park, Zhengzhou Forest, People’s Park, etc.
These areas also contained a range of public facilities (e.g., public restrooms), restaurants,
convenience stores, hotels and other basic service facilities. The distribution of the popula-
tion heat value for different time periods was relatively uniform on working days, but the
value at weekends was generally higher. The peak value was between 10:00 and 16:00 on
weekends, which agrees with people’s known travelling behavior at weekends;

(5) C4: Industrial areas

In terms of EF and CR values, the corporation-type POIs have the highest value in
this regional cluster, while POIs such as scenic-type and government-type also hold not
particularly low values. This is because, in addition to corporations, factories, agricultural,
forestry, animal husbandry and fishery areas, industrial areas also include some basic
service facilities, such as parks, restaurants, and convenience stores. At the same time,
there were some government agencies nearby to regulate and control the industries, so the
number of government agencies was also relatively large. From geographical location, this
regional cluster is mainly distributed in the periphery of the city, which is in line with the
actual distribution of industrial zones. In terms of the population heat value, the value was
at its highest on the workday from 9:00 to 18:00, but lower at the weekend, matching the
daily working behavior of residents;

(6) C5: Unidentified areas

These areas were not analyzed in this paper because of the insufficient POI data, the
overall low thermal values, and the small overall area with no specific functions.
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Figure 10. Population heat value of different areas in different time periods on weekdays.
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Figure 11. Population heat value of different areas in different time periods on weekends.

4.2. Validation

To assess the accuracy of the results we acquired, the functional area identification
results were compared with Baidu online maps and Baidu Street View. Table 5 shows a
comparison of some typical areas.

Area A in the Table 5 gives the map and street view of Longhu Wetland Park, which
is a scenic spot. The identification result also categorized this as a natural scenic spot (C3).
Area B is Zhengzhou University, which belongs to the science, education, and culture-related
category. Again, this is consistent with the identification result (C1). Area C is Grand
View International Trade, World trade shopping center and Silverbase Plaza, which is
business service-related areas. As the identification result is a business area (C2), this, too,
is accurate. Area D has multiple residential areas, such as Zhengshang Goldfield Family,
and Wu Jian Xin Neighborhood. The identification result was also residential area (C0).
Area E incorporates many different companies and even has an Enterprise Park. Here, the
identification result is industrial area (C4), which is consistent with the reality.

Together these results suggest that the proposed method was able to accurately classify
the urban functional areas of Zhengzhou City.

4.3. Comparative Analysis

To assess the relative merits of our proposed approach in relation to other possibilities,
the outcomes of using the popular LDA model (Figure 12a), Word2Vec model (Figure 12b)
and a traditional GloVe model (Figure 12c) were compared with the results of using the
proposed method. Experts with a geographical background were invited to label each
parcel in terms of different function. The functional area types included residential areas,
scientific research, education, and public service areas, scenic spots, business areas, and
industrial areas. The results of the four methods were then compared to the manual
classifications (Figure 12e). The confusion matrix (Figure 13), overall accuracy and kappa
coefficient (Table 6) are calculated using the population classification results as criteria.
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Table 5. Verification of functional area identification results.

Function Baidu Map Baidu Street View Identification Results

Natural
Scenic

(brown)

1 
 

 
 
 
 

 
 
 
 

 
 
 

 
 
 
 
 
 
 
 

(Longhu Wetland Park)

Public
Service *
(yellow)

1 
 

 
 
 
 

 
 
 
 

 
 
 

 
 
 
 
 
 
 
 

(Zhengzhou University)

Commercial
(blue)

1 
 

 
 
 
 

 
 
 
 

 
 
 

 
 
 
 
 
 
 
 

(Grand View International Trade, World trade shopping center, Silverbase Plaza)

Residential
(pink)

1 
 

 
 
 
 

 
 
 
 

 
 
 

 
 
 
 
 
 
 
 

(Zhengshang Goldfield Family, Wu Jian Xin Neighborhood)

Industry
(purple)

 

2 

 
(Xingda Medical Equipment Co., Enterprise Park)

* Public Service is Science, Education and Public Service areas.



ISPRS Int. J. Geo-Inf. 2022, 11, 498 17 of 22

ISPRS Int. J. Geo‐Inf. 2022, 11, 498  17  of  23 
 

 

(Xingda Medical Equipment Co., Enterprise Park) 

* Public Service is Science, Education and Public Service areas. 

4.3. Comparative Analysis 

To assess the relative merits of our proposed approach in relation to other possibili‐

ties, the outcomes of using the popular LDA model (Figure 12a), Word2Vec model (Figure 

12b) and a traditional GloVe model (Figure 12c) were compared with the results of using 

the proposed method. Experts with a geographical background were invited to label each 

parcel in terms of different function. The functional area types included residential areas, 

scientific research, education, and public service areas, scenic spots, business areas, and 

industrial areas. The results of the four methods were then compared to the manual clas‐

sifications (Figure 12e). The confusion matrix (Figure 13), overall accuracy and kappa co‐

efficient (Table 6) are calculated using the population classification results as criteria. 

 

Figure 12. Identification results of different methods. Note: Public Service in the legend is Science, 

Education and Public Service areas. Figure 12. Identification results of different methods. Note: Public Service in the legend is Science,
Education and Public Service areas.

ISPRS Int. J. Geo‐Inf. 2022, 11, 498  18  of  23 
 

 

 

Figure  13.  Confusion matrix  of  identification  result  based  on  different methods:  (a)  LDA;  (b) 

Word2Vec; (c) GloVe; (d) proposed method. 

Table 6. Kappa coefficient and overall accuracy. 

Method  Kappa Coefficient  Overall Accuracy 

LDA  0.330029  0.499472 

Word2Vec  0.389353  0.543822 

GloVe  0.635169  0.721987 

This study  0.740416  0.801268 

(1) The identification results of the LDA model have much deviation in both urban 

center and suburban areas (Figure 14). In the urban center area, multiple Science, Educa‐

tion and Public Service areas are classified as residential land uses. Meanwhile, multiple 

industrial sites in suburban areas are not correctly classified. From the confusion matrix, 

the probability of being correctly classified is low for either functional area (Figure 13a). 

This is because LDA is an unsupervised learning‐topic probability generation model that 

uses a bag‐of‐words method to generate topics, which is independent of the order of word 

distribution in the document. Hence, the model essentially judges the type of functional 

area by  the  frequency of POI, and  this  judgment criterion has  limitations. Specifically, 

there is only one school in the public service area, while there are multiple dormitories 

and family homes. The probability of the occurrence of residential areas is greater than 

that  of  scientific  and  educational  places.  So,  scientific  and  educational  places will  be 

wrongly classified as a residential area. There are many services and infrastructures near 

factories in industrial land, and the number of these facilities is greater than that of facto‐

ries, so industrial land is not classified correctly; 

Figure 13. Confusion matrix of identification result based on different methods: (a) LDA;
(b) Word2Vec; (c) GloVe; (d) proposed method.



ISPRS Int. J. Geo-Inf. 2022, 11, 498 18 of 22

Table 6. Kappa coefficient and overall accuracy.

Method Kappa Coefficient Overall Accuracy

LDA 0.330029 0.499472
Word2Vec 0.389353 0.543822

GloVe 0.635169 0.721987
This study 0.740416 0.801268

(1) The identification results of the LDA model have much deviation in both urban
center and suburban areas (Figure 14). In the urban center area, multiple Science, Education
and Public Service areas are classified as residential land uses. Meanwhile, multiple
industrial sites in suburban areas are not correctly classified. From the confusion matrix,
the probability of being correctly classified is low for either functional area (Figure 13a).
This is because LDA is an unsupervised learning-topic probability generation model that
uses a bag-of-words method to generate topics, which is independent of the order of word
distribution in the document. Hence, the model essentially judges the type of functional
area by the frequency of POI, and this judgment criterion has limitations. Specifically, there
is only one school in the public service area, while there are multiple dormitories and family
homes. The probability of the occurrence of residential areas is greater than that of scientific
and educational places. So, scientific and educational places will be wrongly classified as a
residential area. There are many services and infrastructures near factories in industrial
land, and the number of these facilities is greater than that of factories, so industrial land is
not classified correctly;
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Figure 14. Comparison of LDA model recognition results (a,c) and actual functional areas (b,d) in
the urban center area and suburban area. Note: The urban centers are (a,b), while suburbs are (c,d).

(2) Based on the LDA model which only considers POI frequency, the Word2Vec model
takes into account the spatial correlation of POI. From the correct rate of each functional
area identification in the confusion matrix (Figure 13b), it is seen that this method enhances
the functional area identification to some extent. However, since the model is trained only
on separate local contexts and not on global co-occurrence counts, important co-occurrence
statistics of POI are ignored, resulting in the inaccurate identification of some regions. For
instance, area A (Figure 15a) in the Word2Vec model identification results is the location of
commercial shopping centers such as Zhenghong City and Jianye Kaixuan Plaza, while
area B (Figure 15b) is the Xidi Port shopping center. They are both commercial areas but
are not classified as such. Looking at areas C (Figure 15c) and D (Figure 15d), where there
are multiple steel-casting and auto parts industrial businesses, these have been assigned to
different categories. Area D is correct, but area C is not;
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and Baidu map: (a) area A of Figure 12a; (b) area B of Figure 12a; (c) area C of Figure 12a; (d) area D
of Figure 12a.

(3) The traditional GloVe model utilizes the global co-occurrence information for the
training of POI-type vectors, as well as the overall accuracy and Kappa coefficient (Table 6)
being higher than the first two methods. However, when organizing POI relationships,
only POI linear location relationships are considered, resulting in errors in the statistics
of global co-occurrence information. The effect of functional area recognition is limited.
Areas A (Figure 16a) and B (Figure 16b) in the traditional GloVe model identification
results are the locations of North China University of Water Conservancy and Hydropower
and Henan University of Finance and Economics and Government, respectively, both of
which are scientific research, education, and public service areas. However, they have been
given different categories. Area C (Figure 16c) is Zhengzhou Xiliu Lake Park and area D
(Figure 16d) is Longhu Wetland Park. Both of these areas are typical scenic spots, yet they
have not been assigned to the same category.
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The identification results for the proposed method are shown in Figure 12d. As
can be seen, the incorrectly classified areas in the above two methods were all correctly
classified, and the results are much more consistent with the actual functional areas. From
the confusion matrix (Figure 13d), it can be seen that the accuracy of the proposed method
was higher across all categories than that of a traditional GloVe model based on the POI’s
linear spatial relationships. The identification accuracy for the science, education, culture
and public service areas, industrial areas, and scenic spots was especially high, though the
accuracy for business areas is slightly lower. From Table 6, it can be seen that the Kappa
coefficients and overall accuracy of the proposed method were 0.74 and 0.80, respectively,
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which is better in both cases than the results produced by the other methods. This shows
that we can model the relationship between POI types and functional areas more accurately
by taking road network restrictions to mine POI proximity information. This functional
area identification method, which takes into account the nonlinear location relationship of
POIs, can improve the functional area identification effect.

4.4. Discussion

The proposed GloVe model identification method, which takes into account the non-
linear location relationship of POI, can effectively identify urban functional areas. Our
method not only mines POI co-occurrence information from the city as a whole, but also
takes into account the interaction information of POIs between different parcels. It can take
into account the geographical proximity and structural continuity. In addition, the method
in this paper differs from previous studies using Euclidean distance to mine the proximity
relationship, but uses road network distance, which makes the POI proximity information
more relevant to reality. In summary, it is able to mine more comprehensive POI semantic
information and provides a more effective functional area identification result.

Nonetheless, the proposed method is not without limitations. As central urban central
areas tend to have a rich mixture of multiple different functions, there is some deviation
between the identification results for the central area (Figure 17a) and the actual functional
categories (Figure 17b). The identification accuracy for business districts is particularly low
(Figure 13d). This is mainly due to the fact that business areas are heavily concentrated in
central areas, where they are often mixed with other functional areas such as residential
areas and government agencies.
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Figure 17. Comparison of the identification result of the central area between the proposed method (a)
and the actual function categories (b).

Another limitation of the approach in this paper is that both the Big Data and the
model are only a simplification of the city. The identification of urban functional areas
is a very complex process involving many factors, such as population growth, economic
activities, etc. This paper only uses the population heat value of cell phone signaling data to
reflect the aggregation and travel characteristics of the crowd, which can reflect the behavior
pattern of residents to a certain extent, but is not comprehensive enough, meaning the
results may have some bias. Further research can be conducted by fusing spatiotemporal
data such as floating vehicle trajectory data, subway data, and social media data.

5. Conclusions

This paper proposed a GloVe-based model for urban functional area identification
that considers the nonlinear spatial relationship between POIs. POI proximity information
based on the road network was mined to construct a co-occurrence matrix and a GloVe
model was used to train small POI category vectors. Parcel feature vectors were then
constructed to measure the similarity between the different areas. After this, a clustering
algorithm was used to split the parcels into six categories. CR, EF, and population heat
values were used to assign different functions to the six region clusters. The method was
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applied to urban areas in Zhengzhou City and the city’s different functional areas were
obtained. The identification results were then compared with Baidu maps to verify the
accuracy of the proposed method. The performance of the proposed method was also
compared with LDA, Word2Vec and a traditional GloVe model. It was found that the
proposed method had a higher identification accuracy for urban functional areas. This
reflects that the global co-occurrence information based on road network mining is closer
to the real POI, which can obtain a more accurate modeling of the relationship between
POI types and urban functions and improve the functional area identification.

This study can be a useful tool for assessing changes in the function of built-up
areas, as a result of human economic activities. At the same time, this study can be a
good supplement when it is relatively difficult to obtain conventional cadastral data in
some areas. The findings of this study offer a source of reference for identifying and
understanding complex urban spatial structures and their functional configuration. The
proposed method can also assist in the selection of urban sites for different functions, urban
master planning, and the construction of smart cities.

In the future, we will fuse multiple spatial and temporal data with traditional data as a
means of identifying functional changes in regions. On the other hand, we only considered
a single function of the region in this study, without taking into account that city center
areas often have different functional attributes. In the subsequent work, the different
functional intensity of regions is also a research direction.

Author Contributions: Conceptualization, Yue Chen and Haizhong Qian; methodology, Yue Chen;
formal analysis, Xiao Wang; investigation, Lijian Han; writing—original draft preparation, Yue Chen;
writing—review and editing, Haizhong Qian and Xiao Wang; visualization, Yue Chen; supervision,
Xiao Wang and Di Wang; funding acquisition, Haizhong Qian All authors have read and agreed to
the published version of the manuscript.

Funding: This research was funded by The Natural Science Foundation for Distinguished Young
Scholars of Henan Province, grant number 212300410014.

Data Availability Statement: The original POI data and mobile phone signal heat data provided by
Gaode Map and China Unicom Ltd., respectively. Restrictions apply to the availability of these data,
which were used under license for this study.

Acknowledgments: The authors would like to thank the anonymous reviewers for their valuable
comments.

Conflicts of Interest: The authors declare no conflict of interest.

References
1. Batty, M. Cities as Complex Systems: Scaling, Interaction, Networks, Dynamics and Urban Morphologies; Springer: New York, NY,

USA, 2009. [CrossRef]
2. Anas, A.; Arnott, R.; Small, K.A. Urban Spatial Structure. J. Econ. Lit. 1998, 36, 1426–1464.
3. Yuan, N.J.; Zheng, Y.; Xie, X.; Wang, Y.; Zheng, K.; Xiong, H. Discovering Urban Functional Zones Using Latent Activity

Trajectories. IEEE Trans. Knowl. Data Eng. 2015, 27, 712–725. [CrossRef]
4. Couch, C. Urban Planning: An introduction; Bloomsbury Publishing: London, UK, 2017; p. 45.
5. Cai, J.; Huang, B.; Song, Y. Using multi-source geospatial big data to identify the structure of polycentric cities. Remote Sens.

Environ. 2017, 202, 210–221. [CrossRef]
6. Hu, S.; Wang, L. Automated urban land-use classification with remote sensing. Int. J. Remote Sens. 2013, 34, 790–803. [CrossRef]
7. Shao, H.; Li, Y.; Ding, Y.; Zhuang, Q.; Chen, Y. Land Use Classification Using High-Resolution Remote Sensing Images Based on

Structural Topic Model. IEEE Access 2020, 8, 215943–215955. [CrossRef]
8. Castelluccio, M.; Poggi, G.; Sansone, C.; Verdoliva, L. Land use classification in remote sensing images by convolutional neural

networks. arXiv 2015, arXiv:1508.00092.
9. Liu, Y.; Liu, X.; Gao, S.; Gong, L.; Kang, C.; Zhi, Y.; Chi, G.; Shi, L. Social Sensing: A New Approach to Understanding Our

Socioeconomic Environments. Ann. Assoc. Am. Geogr. 2015, 105, 512–530. [CrossRef]
10. Zheng, Y.; Capra, L.; Wolfson, O.; Yang, H. Urban Computing: Concepts, Methodologies, and Applications. ACM Trans. Intell.

Syst. Technol. 2014, 5, 38. [CrossRef]
11. Hu, Y.; Han, Y. Identification of Urban Functional Areas Based on POI Data: A Case Study of the Guangzhou Economic and

Technological Development Zone. Sustainability 2019, 11, 1385. [CrossRef]

http://doi.org/10.1007/978-0-387-30440-3_69
http://doi.org/10.1109/TKDE.2014.2345405
http://doi.org/10.1016/j.rse.2017.06.039
http://doi.org/10.1080/01431161.2012.714510
http://doi.org/10.1109/ACCESS.2020.3041645
http://doi.org/10.1080/00045608.2015.1018773
http://doi.org/10.1145/2629592
http://doi.org/10.3390/su11051385


ISPRS Int. J. Geo-Inf. 2022, 11, 498 22 of 22

12. Yuan, J.; Zheng, Y.; Xie, X. Discovering regions of different functions in a city using human mobility and POIs. In Proceedings of
the 18th ACM SIGKDD International Conference on Knowledge Discovery and Data Mining, Beijing, China, 12–16 August 2012;
pp. 186–194.

13. Yi, D.; Yang, J.; Liu, J.; Liu, Y.; Zhang, J. Quantitative Identification of Urban Functions with Fishers’ Exact Test and POI Data
Applied in Classifying Urban Districts: A Case Study within the Sixth Ring Road in Beijing. ISPRS Int. J. Geo-Inf. 2019, 8, 555.
[CrossRef]

14. Gao, S.; Janowicz, K.; Couclelis, H. Extracting urban functional regions from points of interest and human activities on location-
based social networks. Trans. GIS 2017, 21, 446–467. [CrossRef]

15. Wang, Z.; Ma, D.; Sun, D.; Zhang, J. Identification and analysis of urban functional area in Hangzhou based on OSM and POI
data. PLoS ONE 2021, 16, e0251988. [CrossRef] [PubMed]

16. Liu, X.; He, J.; Yao, Y.; Zhang, J.; Liang, H.; Wang, H.; Hong, Y. Classifying urban land use by integrating remote sensing and
social media data. Int. J. Geogr. Inf. Sci. 2017, 31, 1675–1696. [CrossRef]

17. Tu, W.; Cao, J.; Yue, Y.; Shaw, S.-L.; Zhou, M.; Wang, Z.; Chang, X.; Xu, Y.; Li, Q. Coupling mobile phone and social media data: A
new approach to understanding urban functions and diurnal patterns. Int. J. Geogr. Inf. Sci. 2017, 31, 2331–2358. [CrossRef]

18. Chen, Y.; Liu, X.; Li, X.; Liu, X.; Yao, Y.; Hu, G.; Xu, X.; Pei, F. Delineating urban functional areas with building-level social media
data: A dynamic time warping (DTW) distance based k-medoids method. Landsc. Urban Plan. 2017, 160, 48–60. [CrossRef]

19. da Silva Lopes, H.T.; Remoaldo, P.C.A.C.; Ribeiro, V. The use of photos of the social networks in shaping a new tourist destination:
Analysis of clusters in a GIS environment. In Spatial Analysis, Modelling and Planning; IntechOpen: London, UK, 2018. [CrossRef]

20. Xue, F.; Li, X.; Lu, W.; Webster, C.J.; Chen, Z.; Lin, L. Big Data-Driven Pedestrian Analytics: Unsupervised Clustering and
Relational Query Based on Tencent Street View Photographs. ISPRS Int. J. Geo-Inf. 2021, 10, 561. [CrossRef]

21. Chen, Z.; Gong, X.; Xie, Z. An analysis of movement patterns between zones using taxi GPS data. Trans. GIS 2017, 21, 1341–1363.
[CrossRef]

22. Liu, X.; Gong, L.; Gong, Y.; Liu, Y. Revealing travel patterns and city structure with taxi trip data. J. Transp. Geogr. 2015, 43, 78–90.
[CrossRef]

23. Liu, X.; Kang, C.; Gong, L.; Liu, Y. Incorporating spatial interaction patterns in classifying and understanding urban land use. Int.
J. Geogr. Inf. Sci. 2016, 30, 334–350. [CrossRef]

24. Liu, X.; Tian, Y.; Zhang, X.; Wan, Z. Identification of Urban Functional Regions in Chengdu Based on Taxi Trajectory Time Series
Data. ISPRS Int. J. Geo-Inf. 2020, 9, 158. [CrossRef]

25. Tobler, W.R. A computer movie simulating urban growth in the Detroit region. Econ. Geogr. 1970, 46, 234–240. [CrossRef]
26. Yao, Y.; Li, X.; Liu, X.; Liu, P.; Liang, Z.; Zhang, J.; Mai, K. Sensing spatial distribution of urban land use by integrating

points-of-interest and Google Word2Vec model. Int. J. Geogr. Inf. Sci. 2017, 31, 825–848. [CrossRef]
27. Zhang, C.; Xu, L.; Yan, Z.; Wu, S. A GloVe-Based POI Type Embedding Model for Extracting and Identifying Urban Functional

Regions. ISPRS Int. J. Geo-Inf. 2021, 10, 372. [CrossRef]
28. Mikolov, T.; Sutskever, I.; Chen, K.; Corrado, G.S.; Dean, J. Distributed representations of words and phrases and their composi-

tionality. In Proceedings of the 26th International Conference on Neural Information Processing Systems, Lake Tahoe, NV, USA,
5–10 December 2013; Volume 26, pp. 3111–3119.

29. Zhang, X.; Du, S.; Wang, Q. Hierarchical semantic cognition for urban functional zones with VHR satellite images and POI data.
ISPRS J. Photogramm. Remote Sens. 2017, 132, 170–184. [CrossRef]

30. Burger, W.; Burge, M.J.; Burge, M.J.; Burge, M.J. Principles of Digital Image Processing; Springer: Berlin/Heidelberg, Germany, 2009;
Volume 111.

31. Socher, R.; Perelygin, A.; Wu, J.Y.; Chuang, J.; Manning, C.D.; Ng, A.Y.; Potts, C. Recursive deep models for semantic composition-
ality over a sentiment treebank. EMNLP 2013, 1631, 1631–1642.

32. Pennington, J.; Socher, R.; Manning, C.D. Glove: Global vectors for word representation. In Proceedings of the 2014 Conference
on Empirical Methods in Natural Language Processing (EMNLP), Doha, Qatar, 25–29 October 2014; pp. 1532–1543.

33. Ng, H.T.; Zelle, J. Corpus-based approaches to semantic interpretation in NLP. AI Mag. 1997, 18, 45. [CrossRef]
34. Thurstain-Goodwin, M.; Unwin, D. Defining and Delineating the Central Areas of Towns for Statistical Monitoring Using

Continuous Surface Representations. Trans. GIS 2000, 4, 305–317. [CrossRef]
35. Yu, W. Spatial co-location pattern mining for location-based services in road networks. Expert Syst. Appl. 2016, 46, 324–335.

[CrossRef]
36. Zhang, D.; Xu, H.; Su, Z.; Xu, Y. Chinese comments sentiment classification based on word2vec and SVMperf. Expert Syst. Appl.

2015, 42, 1857–1863. [CrossRef]
37. Islam, A.; Inkpen, D. Semantic text similarity using corpus-based word similarity and string similarity. ACM Trans. Knowl. Discov.

Data (TKDD) 2008, 2, 10. [CrossRef]
38. Ya, L.; Yalan, L.; Chang, Q.; Yuhuan, R.; Zhihao, W. Semantic information mining and remote sensing classification of urban

functional areas. J. Univ. Chin. Acad. Sci. 2019, 36, 56–63. [CrossRef]
39. Yanyan, G.; Limin, J.; Ting, D.; Yandong, W.; Gang, X. Spatial Distribution and Interaction Analysis of Urban Functional Areas

Based on Multi-source Data. Geomat. Inf. Sci. Wuhan Univ. 2018, 43, 1113. [CrossRef]

http://doi.org/10.3390/ijgi8120555
http://doi.org/10.1111/tgis.12289
http://doi.org/10.1371/journal.pone.0251988
http://www.ncbi.nlm.nih.gov/pubmed/34043670
http://doi.org/10.1080/13658816.2017.1324976
http://doi.org/10.1080/13658816.2017.1356464
http://doi.org/10.1016/j.landurbplan.2016.12.001
http://doi.org/10.5772/intechopen.78598
http://doi.org/10.3390/ijgi10080561
http://doi.org/10.1111/tgis.12281
http://doi.org/10.1016/j.jtrangeo.2015.01.016
http://doi.org/10.1080/13658816.2015.1086923
http://doi.org/10.3390/ijgi9030158
http://doi.org/10.2307/143141
http://doi.org/10.1080/13658816.2016.1244608
http://doi.org/10.3390/ijgi10060372
http://doi.org/10.1016/j.isprsjprs.2017.09.007
http://doi.org/10.1609/aimag.v18i4.1321
http://doi.org/10.1111/1467-9671.00058
http://doi.org/10.1016/j.eswa.2015.10.010
http://doi.org/10.1016/j.eswa.2014.09.011
http://doi.org/10.1145/1376815.1376819
http://doi.org/10.7523/j.issn.2095-6134.2019.01.009
http://doi.org/10.13203/j.whugis20160192

	Introduction 
	Study Area and Data 
	Methodology 
	Constructing the Parcels (Basic Research Units) 
	Co-Occurrence Matrix Construction 
	Construction of the POI Category Vector 
	Regional Feature Expression and Clustering 
	Identification of the Urban Functional Areas 

	Results 
	Functional Area Identification 
	Validation 
	Comparative Analysis 
	Discussion 

	Conclusions 
	References

