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Abstract: The identification of urban functional regions (UFRs) is important for urban planning
and sustainable development. Because this involves a set of interrelated processes, it is difficult to
identify UFRs using only single data sources. Data fusion methods have the potential to improve
the identification accuracy. However, the use of existing fusion methods remains challenging when
mining shared semantic information among multiple data sources. In order to address this issue,
we propose a context-coupling matrix factorization (CCMF) method which considers contextual
relationships. This method was designed based on the fact that the contextual relationships embedded
in all of the data are shared and complementary to one another. An empirical study was carried out
by fusing point-of-interest (POI) data and taxi origin-destination (OD) data in Beijing, China. There
are three steps in CCMF. First, contextual information is extracted from POI and taxi OD trajectory
data. Second, fusion is performed using contextual information. Finally, spectral clustering is used
to identify the functional regions. The results show that the proposed method achieved an overall
accuracy (OA) of 90% and a kappa of 0.88 in the study area. The results were compared with the
results obtained using single sources of non-fused data and other fusion methods in order to validate
the effectiveness of our method. The results demonstrate that an improvement in the OA of about 5%
in comparison to a similar method in the literature could be achieved using this method.

Keywords: urban functional regions; identification; matrix factorization; POI data; OD trajectory data

1. Introduction

The identification of urban functional regions (UFRs) is the basis of urban planning.
Accurate UFR identification is crucial to support urban infrastructure planning and improve
quality of life. Many types of data have been used for the identification of UFRs, from early
questionnaires and land use status maps [1] to emerging data such as points of interest
(POIs) [2], social media data [3], and trajectory data [4]. However, using only one type of
data has inevitable disadvantages, both spatially and semantically. For example, POI data
cannot represent the actual size of a space. The sparsity of social media data may lead to a
low identification accuracy. Therefore, fusing data to improve identification accuracy has
become a hot research topic.

Significant progress has been made in the use of data fusion methods for the identifi-
cation of UFRs. Traditional platform-based fusion methods [5,6] have been used widely
in loose coupling mode. The advantage of this method is that it is easy to understand.
Nevertheless, its ability to portray urban functional features is weak. Feature-based fusion
methods [7-10] can capture feature vectors to represent the main features of each data point.
These methods can remove redundant features and retain principal features depending
on the correlated information. Instead of focusing on the data themselves, decision-based
fusion methods [11,12] were proposed to integrate the derived decisions from data. The
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complementarity of multiple prior decisions was considered, but the heterogeneity among
decisions may lead to a low accuracy of UFR identification [13]. Semantically based meth-
ods identify functional regions based on a holistic understanding of the information behind
the data [14-16]. Therefore, all of these methods can ascertain what each piece of data
represents, why different data can be fused, and how they can mutually enhance each
other’s features. However, they often ignore shared or common information indicating
similarity among different data. Moreover, information sparsity is another challenge in
accurate identification. Therefore, mining and engaging the shared information among
multiple data sources in order to improve UFR identification accuracy has become an
interesting issue and a hot research topic.

In order to address the sparsity issue and mine the common information, a data fusion
method named context-coupling matrix factorization (CCMF) was proposed to compensate
for the problem of information sparsity by considering the contextual relationships among
multiple data sources. First, information extraction is performed based on POI data and
taxi origin—destination (OD) trajectory data. Semantic information is derived from the POI
data, while spatial interaction and time—frequency information are extracted from the taxi
OD trajectory data. Secondly, the CCMF method is used to mine common information
among the data sources to be fused into integrated data to identify UFRs. Finally, spectral
clustering was adopted to identify UFRs.

The contributions of this paper involve two main aspects:

(1) The CCMF method was proposed to fuse data to achieve a higher identification
accuracy. The contextual relationships among the data sources were considered in
order to mine the shared information for data fusion.

(2) Empirical work was conducted to validate the usability of the proposed method in the
study area. POI and taxi OD trajectory data were fused for use in UFR identification.
Comparing the accuracy between fused data and single data, the results demonstrate
that the proposed method achieved a higher accuracy in the identification of UFRs.

The remainder of this study is structured as follows. Section 2 reviews the existing
literature. Section 3 presents a definition of the case study area and data. Section 4
introduces the methodology and workflow for urban functional region identification with
the CCMF method. Section 5 describes the experiments and results. Section 6 provides a
discussion of other fusion methods and the impact of parameters. Finally, Section 7 draws
some conclusions.

2. Related Work
2.1. The Urban Functional Region Identification Approach

Many UFR identification methods have been developed, from initial field surveys to
statistical methods to machine learning methods. Field surveys [17] are more subjective,
depending on the investigator’s knowledge. Statistical methods provide new opportunities
to quantitatively measure the metrics of UFRs, for example the kernel density analysis
method [18], k-means [19], and latent Dirichlet allocation (LDA) [20]. Their accuracy de-
pends on their capacity to extract features from data. Meanwhile, they are weak in handling
nonlinear relationships between data sources. Machine learning methods provide the
opportunity to mine information and partly improve identification accuracy for nonlinear
relationships by a black-box approach [21-23]. Some widely used machine learning meth-
ods include GMM [5], fuzzy clustering [24], and random forest classifiers [25]. Recently,
non-negative matrix factorization (NMF), which can be used to detect spatial-temporal
interactions in cities from multiple perspectives, has attracted increasing attention [26,27].
However, most of the works described above applied fusion to only one data type. There-
fore, data fusion method research should receive more attention.
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2.2. Data Fusion Methods for Urban Functional Region Identification

The basic principle of data fusion is to combine various data sources according to
specific criteria [28]. Data fusion methods for the identification of UFRs can be categorized
into platform-based, feature-based, decision-based, and semantic-based methods [29].

Platform-based methods are the lowest level of data fusion according to Luo and
Kay’s architecture [30]. Geospatial data and remote sensing images have been integrated to
evaluate urban land use change [31]. Information on both the space and time dimensions
was mined in order to discover urban functional regions in a loose model, but it did not
consider social attributes [32]. In recent work, an approach was used that integrates social
properties in POI and natural properties in high-spatial-resolution remote sensing images
to delineate UFRs [33]. However, data fusion in platform-based methods engages different
datasets at different stages. Therefore, there is no requirement for data consistency [34].

Feature-based methods can derive comprehensive information. The basic principle of
feature-based methods is equality. Feature vectors are extracted from various data sources
dependently, and their weights are set according to their importance in the identification
of UFRs. Therefore, weighted fusion methods are widely used. For example, a weighted
fusion method was applied to street images and social media data in order to mitigate the
sparsity of social media data [7]. A framework to fuse landscape metrics and human activity
metrics was developed to identify UFRs [35]. In recent years, deep learning methods have
increasingly been involved in feature-based fusion. An improved CNN model [36] was
used to recognize UFRs, which can automatically perform feature extraction and handle
high-dimensional data. Considering the limitations of the CNN model in accuracy and
uncertainty, more attention should be paid to CNN network models [37].

Decision-based methods perform a synthetic estimation for each decision derived from
various data sources. In contrast to other fusion methods, decision-based methods focus on
various synthetic combinations of decisions, instead of data types [38]. The decision-based
fusion method will generate a fused attribute descriptor combining all of the decisions.
Therefore, the descriptor has powerful interpretability for UFR identification results. Weight
has been widely used to describe various contributions of different decisions [39]. Machine
learning methods can be helpful in the determination of weights in order to avoid subjective
bias [40]. Except for the weight mechanism, artificial intelligence (AI) has been widely used
as an end-to-end approach [41].

Semantic-based fusion is a high-level data fusion method based on the semantic
information of the data. Simple AND-OR operations cannot connect them essentially.
Semantically based methods engage the intrinsic semantic information to present the data
features. The increasing amount of spatiotemporal data requires more research to extract
and describe the semantic information. A Non-Negative Tensor Factorization method
is proposed to extend the results achieved for static networks to time-varying networks,
which will enrich the semantic information based on spatiotemporal information [42]. In a
multilevel model, one can use an individual’s socioeconomic characteristics to estimate their
impact on the functional determination of urban regions. However, the interrelationship
between semantic information is ignored [43]. The cross-correlation mechanism was
introduced to mine the semantic features. The CC-FLU model was proposed to identify
UFRs by integrating semantic features and the inter-relationships between them [44].

3. Study Area and Datasets
3.1. Study Area

Beijing, the capital of the People’s Republic of China, was selected as the research area.
It is a modern, world-famous, international city, and it has a complicated spatial structure.
The study area is within the Fifth Ring Road of Beijing, which contains various developed
urban functional regions. A map of the study area is shown in Figure 1.
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Figure 1. Study area within the Fifth Ring Road of Beijing, China.

3.2. Datasets and Processioning

The main data sources in our work were OpenStreetMap (OSM), taxi OD trajectory,
and POI data.

(1) OpenStreetMap (OSM) is a well-known application that uses volunteered geo-
graphic information (VGI) data, representing an important source of citizen science data. An
irregular grid formed by road network data is the basic unit to represent socioeconomic func-
tions in urban management and planning. In this paper, data for Beijing’s Fifth Ring Road in
2018 were obtained from the OpenStreetMap website (https:/ /www.openstreetmap.org/,
18 March 2022). The irregular grid generated by the road network data is the basic unit that
expresses the socioeconomic functions in urban management and urban planning, and it is
unified in its recognition of the impact on urban functions [45,46].

The scale and shape of geographical units may exert impacts on research results. The
division method of homogeneous grids cannot guarantee the continuity of land-use types
in cells. The land-use types in the cells at the junction of different land-use types are
highly mixed.

The OSM data often serve to generate basic spatial units for UFR identification. These
data must be preprocessed in order to ensure data quality. The spatial unit used in this
study is a combination of ArcGIS software operation and manual co-division: for example,
the removal of overhang points in the road and the extension of the independent road line
to connect it to the adjacent road, and finally, by manually removing unnecessary internal
community roads and the middle lines of roads. The study area was divided into 1260 units,
considering four levels of roads: highway, primary, secondary, and urban trunk roads.

The scale and shape of the geographical units may exert impacts on the research
results. The division method of homogeneous grids cannot guarantee the continuity of
land-use types in cells. The land-use types in the cells at the junction of different land-use
types are highly mixed.

(2) Taxi OD trajectory data consist of the paths of taxis, as recorded by Global Naviga-
tion Satellite System (GNSS) tracking devices. Residents’ daily activities are meaningful,
and can be portrayed by taxi OD trajectory data. In our work, one week of taxi OD trajec-
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tory data from the Beijing Fifth Ring Road area in 2018 were employed. It contains about
25-35 million trajectory point data for a single day. Each datum record mainly contains the
taxi ID, time, latitude, longitude, speed, direction, and status (see Table 1).

Table 1. Vehicle trajectory data.

ID Time Lon Lat Speed Direction Status
577745 20181115001526 116.0343475 39.7697029 0 44 1
77451 20181115001524 116.2787704 39.9216766 0 142 1
164881 20181115001522 116.5705872 39.8961868 0 0 1
77420 20181115001527 116.4042664 39.9476395 60 88 1

Status indicates whether the taxi is running: 1 indicates that it is occupied; 0 indicates that it is empty.

Due to the characteristics of taxi operation, some remote locations have no distribution
of OD points, while some popular regions have more distributions. Therefore, the obtained
data are not evenly distributed. There will be missing values or zero in the data matrix.
Likewise, the data used in this paper are the OD data of Beijing for one week. Short data
cycles also make data sparse.

(3) POI data consist of point data with geographical information portraying real-world
objects, whether 2D or 3D, indoor or outdoor [47]. POI data usually have fine spatial
granularity and are widely used to delineate people” activities. POI properties comprise
names, categories, latitudes, and longitudes. Approximately 147,158 records about POls
in 2018 were collected from the Gaode map API (http://lbs.amap.com/, 29 March 2022),
containing 22 categories and sub-categories. Following Chinese technological specifications
(GB50137-2011), the POI data were re-classified as residential, public service, commercial
and financial, industrial, green square, and transportation data (Table 2). In our work, the
POI data were used to determine the types of UFRs.

Table 2. POI reclassification.

Category Sub-Categories
Residential Hotel, guesthouse, community, dormitory, house
Public service Government, museum, hospital, school, library, post office
Commercial and financial Movie theater, entertainment, bank, restaurant, supermarket, cafe
Industrial company, enterprise, building
Green square Scenic spot, park, natural scenery
Transportation Subway station, bus station, airport, railway station

4. Methodology

Inspired by the work of Zheng and Yi [34,48], CCMF was proposed to fuse POI and
taxi OD trajectory data for UFR identification. As shown in Figure 2, this framework
mainly consists of three steps. In the first step, feature information is extracted. Secondly,
the feature matrices are decomposed and a fused matrix is derived. Finally, the spectral
clustering method is employed to identify the functional regions. The methods in the first
step are more common. Therefore, the following sections focus on describing the methods
of steps 2 and 3.
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Figure 2. Flowchart for the identification of urban functional regions.

4.1. Feature Information Extraction Workflow

In our work, trajectory OD and POI data were fused in order to identify UFRs. The

information extraction was the basis of the proposed CCMF method, and the results were
stored as a matrix. The process was as follows:

)

@)

®)

The number of a particular type of POl in a spatial unit can partly reflect the functional
type to some extent. The overlay spatial operation was carried out on POI data and
the spatial units in order to generate a spatial unit POI matrix, P. The rows of matrix
P represent a POI type in this region, and the columns represent the unit location.
Finally, powerful semantic information is provided to the annotating function type.
The location information of the OD data reflects intersections between regions. That is,
the origin and destination points falling into some spatial unit denote their interaction.
Calculating the sum of OD points within each spatial unit, an OD interaction matrix,
Q, is obtained. Rows of matrix Q represent passenger pick-up origin points, and
columns denote drop-off destination points. The matrix element value represents the
frequency of travel from origin to destination points. It is used as original data, mainly
using the frequency of travel interactions of residents within each unit to explore the
potential functions of the region.

The time-frequency sequences extracted from taxi OD data represent taxi flows or
residents’ travel patterns for the time period in this region. The ordinary statistical
method was employed to calculate the time-frequency sequences. The similarity
of spatial units is crucial to UFR identification. The dynamic time warping (DTW)
algorithm is a widely used time regularization method to measure the similarity of
two sets of time series data [49], and this algorithm was also adopted in our work
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to obtain the time—frequency similarity matrix, R. In the same time, there may be a
situation in which the number of OD interactions is the same but the functions are
different. For example, if the peak region is at 6-8 a.m. and 6-8 p.m. during weekdays,
it is likely to be an Industrial or Residential region, while at weekends it is likely to be
a Commercial or a Green region. Therefore, the hourly features are extracted in order
to compensate that shortcoming.

4.2. Context-Coupled Matrix Factorization for Data Fusion

A single data source can only show an urban functional property from one perspective.
There are similarities in functions between different urban regions, and when we know
that two regions are similar in some metrics, the similarity between the data can be used
as contextual information to strengthen the similarity between regions when one is an in-
complete description of the data. We describe the nature or function of the regions together
by learning multiple corresponding similarities (calculated using the corresponding data,
which can reinforce each other). Therefore, fusing the data to achieve high identification
accuracy should be a better approach for UFR identification. As determined by the litera-
ture review, the existing works focus mainly on different fusion methods, but ignore the
contextual information between data sources.

To address this gap, the CCMF method, which considers contextual relationships
among data sources and fully engages them in measuring associations, was proposed. The
core concept of CCMF is the collaborative factorization of feature matrices extracted from
multiple data sources. The contextual information of geospatial data is essential in order to
improve the identification accuracy for spatial and semantic understanding. These data
involve shared hidden factors that can complement each other.

The specific solution reducing the data sparsity limitation is mainly owing to the
fact that they have a common dimension (1260 spatial units). The similarity of different
regions learned from one dataset is transferred to another dataset by context-aware matrix
factorization in order to compensate for the missing values. Therefore, high identification
accuracy can be obtained. In this paper, this was achieved by the inter-regional similarity
obtained from the dense dataset (the POI matrix and OD time—frequency matrix) to enhance
the similarity obtained from the OD interaction matrix. That is, the similarity of the POI
types obtained from the POI matrix compensates for the semantic missingness of the OD
interaction matrix. The similarity of residents’ travel times obtained from the OD time-
frequency matrix compensates for the temporal missingness in the OD interaction matrix.
A schematic diagram is given in Figure 3. There is a shared hidden factor M for matrices
P and Q. Likewise, there is a shared hidden factor N for matrices Q and R. M contains
common information from the POI data and interaction information, and N includes the
similarity of spatial units. The features of multiple data sources are fused to compensate for
data sparsity, which is helpful to solve the problem of data bias. Therefore, the identification
accuracy can be improved.

< [omV ]| <t (R

- a
% #
%
%

Figure 3. Context-coupled matrix factorization.

The correlation between two spatially close objects is stronger than that between two
remote objects. The OD interaction, POI, and OD time-frequency matrices are decomposed
simultaneously. Then, their shared interaction matrix M for feature semantics and inter-
action matrix N for feature similarity are formed. The shared information M between the
OD interaction matrix Q and the POI matrix P is the POI type similarity between different
regions. POI types can assist to the determination of urban function. The rows of matrix P
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L(H,M,N) = 2Hw<

represent the POI type in this region, and the columns represent the unit location. Then,
the two columns represent the similarity of the POI type in different regions. Through
fusion, POI types are shared in order to compensate for semantic missingness. The shared
information N by the OD interaction matrix Q and the OD time-frequency matrix R is the
similarity of the interaction time between cells. One row of matrix R represents a unit, and
one column represents the change in OD frequency of this unit over time. The two columns
in matrix R represent the similarity of people’s activity time between the units, and the
similarity of the interaction times between units can be shared after fusion. Through fusion,
the similarity of the interaction times between units is shared in order to compensate for
the difference in residents’ activity times. The formula is as follows [50]:

- (0| 5] = (e Bl 1R = (v [+ 5 (a4 it i)

where L denotes the data fusion method, W denotes the weight matrix in the range [0, 1], «
is used to regulate the influence of the OD interaction information and POI category on
recognition, and M is the common matrix after the factorization of Q and P (i.e., Q and P
interact through M). Similarly, B is used to regulate the influence of OD interaction and time—
frequency information on recognition, and N is the common matrix after the decomposition
of Q and R, (i.e., Q and R interact through N). The first three terms of Formula (1) are
used to control the matrix factorization, and the last term is used to prevent over-fitting.
Inspired by the literature [51], the stochastic gradient descent (SGD) method was engaged
in order to optimize Formula (1) for higher accuracy based on contextual information in
the similarity between the time—frequency and POI information. The proposed matrix
factorization algorithm is shown in Algorithm 1.

Algorithm 1: Context-coupled matrix factorization algorithm.

Input: OD interaction matrix Q, POI matrix P, OD time—frequency matrix R, error threshold &,
iteration number T
Output: Q’= MNT, the strength of association between user travel and POI

1 Random initialization H, M, N, gradient descent rate vy

2 sett=1

3 ift<Tand Lt — Lt +1>¢)

4 use SGD method to calculate glg aaz\LA aaz%z

5 sety=1

6 while (L (Mt—y 3%, Ut—y 2L Vi—ySk)> L (H, M, N)) do
7 sety=7v/2

8 Mt+1=Mt—y 3L Ut+1=Ut—y3L, Vt+1=Vt—o 2L
9 sett=t+1

10 end loop

11 end if

12 Return Q'= MNT

4.3. Spectral Clustering to Identify Urban Functional Regions

Spectral clustering is an algorithm that evolved from graph theory [52]; it has many
applications in machine learning, computer vision, and data analysis. Spectral clustering
transforms the clustering problem into a spectral decomposition of the similarity matrix [53].
The basic idea is to classify the feature vectors obtained from feature decomposition. In
clustering, the similarity represents the characteristics of the data. The task of spectral
clustering is to divide objects into different subgraphs by a similarity matrix, where the
objects within the subgraphs are similar to each other.

When we have similarity matrix W, we can perform graph partitioning via the follow-
ing steps:

(1) Calculate diagonal matrix T. The values of matrix T on the diagonal are the sums of

the corresponding rows or columns of matrix W.
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(2) Compute the Laplacian matrix L. This is a symmetric matrix formed by subtracting
similarity matrix W from diagonal matrix T.

(38) Perform undirected graph division. The matrix is first transformed into the form of a
graph by considering regions as objects of the graph, and considering similarity as
weights to connect them (Figure 4). In the figure, “Min cut” denotes the segmentation
with the smallest cut edge, and “Normalized cut” denotes the segmentation of ap-
proximately the same size with the smallest cut edge. According to the graph cut idea,
the first K eigenvalues of the similarity matrix are found, and then the corresponding
eigenvectors are found.

(4) Apply the k-means clustering method for cluster feature vectors. Many studies have
employed spatial-based clustering methods to determine regions, such as k-means
and DBSCAN. These methods focus on the spatial proximity of entities, and ignore the
similarities and semantic information among entities. However, the spectral clustering
method can address this gap. In addition, spectral clustering is better for sparse data
because it only focuses on a similarity matrix.

.~~~ Normalized
cut

Min cut
Figure 4. Undirected graph division of spectral clustering: the min cut and normalized cut.

In spectral clustering, matrix Q" from the CCMF method is used as input data. The
spatial distribution of urban functional areas is identified. However, the semantic property
of each functional region is still unknown. In our work, the widely used frequency density
(FD) and category proportion (CP) methods [5] were employed. The formula for FD
is as follows: -

i
PDZ-:E i=1,2,3..,6 )
where i refers to the type of POI, n; refers to the number of POIs of types i in the unit, N;
refers to the total number of POls of the type, and FD; refers to the frequency density of
type i POls in the total number of POIs of that type.

The formula for the calculation of the proportions of different types is shown in
Equation (3):

CPi:%xloo% i=1223...,k ®
i—1 i
where CP; refers to the frequency density of POI type i in this region, and k refers to the
type of cluster.

PQOI data have rich semantic information for the identification of UFR types. In our
work, the maximum proportion rule is used to determine the functional type. When the
proportion of one type of POl is bigger than the others, this function of this unit is defined
as this POI type. In contrast with the traditional human experience determination method,
the powerful semantic information of POI data was used quantitatively. Therefore, better

accuracy can be achieved.

4.4. Evaluation Metrics

The identification results were evaluated both quantitatively and qualitatively. The
kappa factor and overall accuracy (OA) were employed to quantify the identification
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accuracy [54-56]. The OA value refers to the ratio of the number of correctly classified
categories to the total number of categories, although the OA value is a good indicator
of the classification accuracy. However, for multi-class features with a highly unbalanced
number of category elements, its value is more influenced by categories with a high number
of categories, is not well characterized for each category of feature, and represents the
ratio of classification to completely random classification producing an error reduction.
They demonstrated consistency in the measurement of the accuracy of UFR identification
methods. Inspired by existing work [57], the ground truth was manually identified with
Gaode Map and Gaode Image. The comparison shows whether the identification results
are consistent with the ground truth types.

5. Results
5.1. Data Fusion with the Proposed CCMF Method

The proposed CCMF method was used to fuse the semantic information of POI data,
and to show the similarity between spatial units. Figure 5 gives a schematic diagram of
the data fusion. Matrix Q’ is the fusion result of transformation from the original matrix
Q. M’ represents the shared factors, considering POI semantic information in the matrix
factorization. N” denotes the shared factors, taking into account the similarity of spatial
units. After fusing, some zero values of the original matrix Q were filled. Therefore, our
work compensates well for the sparsity of OD interaction data.

N’y N, N’3 N’y e Ny K1 K2 K3 Ka Ks Ks N’y N, N’3 N4 e N'1260

M, 105 098 228 108 ,,, 242 M1 017 001 001 002 003  —0.07 Ki 3297 3279 3247 33.63 .- 2652
M, 1.63 183 1006 143 .. 1697 M2 004 003 004 009 009 —063 K2 —3485 —3485 —33.02 3475 .. 2585
M5 -1304 -1298 -1231 -1320 .. <735 M3 005 009 000 005 -0.04 003 e Ks 1614 1579 1579 1612 .. 763
M, 222 -232 224 217 .. -292 M4 -0.01 000 001 0.01 -0.01 0.04 Ka  =36.01 -3531 -37.05 —36.77 = -3681
Ks 951 1052 13.18 9.01 .. 21.82

Mi260 -8.75 —492 416 -1041 ,,, 5948 Mizé0 —0.25 072 095 045 031 —0.87 Ke  -32.75 -32.08 —dl.46 —-32.92 -+ -33.02

Q’=M’'N’ M * K K* N’

Figure 5. Results of the data fusion.

5.2. Results of the UFR Identification

The proposed CCMF method was used to fuse POI and taxi OD data. The CP method
was used for clustering. Then, following the urban land use field investigation in China
and the Chinese technological specifications (GB50137-2011), the urban land was divided
into six clusters: residential, public service, commercial and financial, industrial, green
square, and transportation. The distribution of functional regions is mapped in Figure 6.
Table 3 shows the CP values of POIs in different clusters.

Cluster 1: This region cluster shows a high CP value for the green square category
(0.219440). More importantly, this cluster contains typical tourism spots. Therefore, cluster
1 was judged to be green square (Green).

Cluster 2: Companies in this functional region have a high CP value (0.172115). In
addition, the spatial units covered in this cluster include Peking University and the Great
Hall of the People. Therefore, cluster 2 was judged to be public service (Pub).

Cluster 3: The CP values in the transportation category (0.217904) have higher values
in cluster 3 than in other regions. This cluster area covers the most important transportation
hubs in the study area, including Beijing Train Station and Beijingnan Railway Station.
Therefore, cluster 3 was judged to be transportation (Trans).

Cluster 4: The value of the residential category (0.202814) is higher in cluster 4
than in other regions. The spatial units covered in this cluster include the Ganjiakou
Community and the Fangcheng Yuan Community. Therefore, cluster 4 was judged to
be residential (Res).
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Cluster 5: The value of the industrial category (0.175169) is high in this area. This
cluster area contains landmarks such as Zhongguancun and Wangjing. Therefore, cluster 5
was judged to be industrial (Ind).

Cluster 6: This region cluster shows a higher CP value for the commercial and financial
category (0.198671), and has landmarks including Xidan and Xihongmen. Therefore,
cluster 6 was judged to be commercial and financial (Comm).

Legend
[ Transportation | | Commercial and Financial [l Industrial
I Public Service | | Residential [ Green Square

Figure 6. Map of UFR identification results.

Table 3. CP values of different clustering regions (clusters 1-6).

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6
Residential 0.143812 0.177729 0.181027 0.202814 0.167457 0.187726

Public 0.149206 0193115  0.168945  0.170677 0.160588 0.173410
service
Commercial =) 14601 0.163830 0213594  0.196002 0.172417 0.198671

and financial
Industrial 0177717 0160707  0.140391  0.174287  0.175169 0.175980
;f:; 0.219440 0150754  0.078140  0.079752 0.170572 0.091786
Transportation  0.165223 0174866 0217904  0.176468 0.153796 0.181427

5.3. Accuracy Comparison Analysis Results

In order to thoroughly validate the UFR identification accuracy, three experiments
were designed. The first one was an accuracy analysis for our proposed CCMF method
from quantitative and qualitative perspectives. In the second experiment, an accuracy
comparison was conducted between fused CCMF data and non-fused single data. Finally,
considering the importance of clustering methods in UFR identification, a comparison of
different clustering methods was carried out.
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5.3.1. Accuracy Analysis with the Proposed CCMF Method

In order to verify the recognition accuracy, we conducted quantitative and qualitative
analyses. The quantitative analysis involved calculating the OA and kappa values. These
were calculated by randomly selecting 30 units for each type of functional region and
comparing them with the ground truth obtained from Gaode Map. Table 4 shows the
identification accuracy of the fused data according to the proposed CCMF method. The
OA reached 90% and the kappa value was 0.88. The user’s accuracy (UA) indicates the
percentage of correct identifications in this category, while the producer’s accuracy (PA)
indicates the probability that the real reference data of this category will be correctly
identified. The UA value for residential was 90%, that for public service was 90%, that for
commercial and financial was 93%, and that for green square was 93%, while the value was
87% for both industrial and transportation. Regarding PA, industrial had a value of 96%,
commercial and financial had a value of 97%, transportation had a value of 96%, residential
had a value of 82%, public service had a value of 84%, and green square had a value of 85%.

Table 4. Fused data identification confusion matrix with 30 spatial units.

Res. Ind. Pub. Comm. Trans. Green UA
Res. 27 0 1 0 1 1 0.90
Ind. 1 26 1 0 0 2 0.87
Pub. 2 0 27 0 0 1 0.90
Classification Result Comm. 0 0 1 28 0 1 0.93
Trans. 2 1 1 0 26 0 0.87
Green 1 0 1 0 0 28 0.93
PA 0.82 0.96 0.84 0.97 0.96 0.85

OA =0.9, kappa = 0.88.

The qualitative analysis was validated using an interactive visualization approach
with Gaode Map and Gaode Image. Table 5 shows some typical spatial units. The results
indicate that the CCMF method could effectively identify UFRs in Beijing.

The validation results shown that the Context-Aware Matrix Factorization model has
strong identification accuracy, but there are still some errors. The main reasons for the
erroneous results are explained below.

(1) One reason is the multi-functionality of the region. Firstly, there are usually very rich
POI data of commercial and financial near-residential regions. Likewise, there are
usually parks or squares near high-end neighborhoods, which may be misclassified,
resulting in a much smaller number of residential areas than the real data. Second,
based on the current situation in Beijing, there are large shopping malls in many
subway stations, such that the purpose of people is not well determined by POI data
and OD data.

(2) Another reason is that the area cannot be acquired. POI data tend to abstract spatial
entities as area-free points, whereas in real life, the area of entities is also one of the
important factors of the identification of urban functional regions.
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Table 5. Comparison of the functional area identification results.

Functional Area

Place

Identification Results
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Table 5. Cont.

Functional Area Place

Identification Results Gaode Image

Gaode Map

Ganjiakou Community
. . (Lat: 39.926322
Residential Lon: 116.327689)

Fangcheng Yuan
Community
(Lat: 39.8733

Lon: 116.442967)

—

5720 Ring Road

Riyue Tiandi (Block 8)

Zhongguancun
Industrial (Lat: 39.983633
ndustria Lon: 116.322892)

Wangjing
(Lat: 39.992024
Lon: 116.476471)

Hanpy Lemon (=

Wanghua Road
Xili Community

Xidan
Commercial and (Lat: 39.91748
Financial Lon: 116.381024)
Xihongmen

(Lat: 39.792674
Lon: 116.333765)

5.3.2. Accuracy Analysis of Single Data without Fusing

An experiment was designed to compare the identification accuracy between fused
data and non-fused single data (POI and taxi OD trajectory data, separately). For the
POI data, kernel density estimation was employed to detect the urban functional spatial
areas, and DBSCAN clustering was used to determine their semantic functional type. For
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the taxi OD data, the DTW distance method and spectral clustering were used for UFR
identification. For the fusing experiment, the method was our proposed CCMF, and the
results are shown in the above subsection.

The results are shown in Figure 7. Six typical areas, labeled with circles and numbered
in Figure 7, were chosen for validation. Table 6 presents the comparison results and
accuracy with the OA and kappa values. The ground truth was obtained from Gaode Map.
The results show that the identification accuracy was lower based on a single data source
was than it was based on fused data.

Legend Legend Legend
Transportation Commercial and Financial Il Industrial Transportation Commerdal and Financial Il Industrial Transportation Commercial and Financial B Industrial
I Public Service Residential [0 Green Square [ Public Service Residential [ Green Square B Public Service Residential [0 Green Square
(a) (b) (c)
Figure 7. Identification results obtained using single data sources (i.e., without data fusion): (a) POI
results and (b) taxi results; and (c) results obtained using fused data. (Different circles denotes
6 typical regions for qualitative validation. The results were shown in Table 6).
Table 6. Comparison of the results and accuracy in different spatial units.
Regions POI oD POI + OD Ground Truth
A Res. Pub. Green Green
B Ind. Comm. Pub. Pub.
C Comm. Comm. Trans. Trans.
D Pub. Green Ind. Ind.
E Pub. Trans. Res. Res.
F Comm. Green Comm. Comm.
OA kappa OA kappa OA kappa
Accuracy
84.1% 0.82 82.6% 0.79 90.0% 0.88

5.3.3. Accuracy Analysis of Different Clustering Methods

A comparison experiment was designed to verify the effectiveness of spectral clus-
tering. The reference methods used were k-means and DBSCAN. The results are shown
in Figure 8; six typical regions, labelled with circles and numbers, were selected for qual-
itative validation. The identification results and accuracy are presented in Table 7. The
results indicate that the spectral clustering method has better performance than the other
two methods.
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Legend Legend Legend
Transportation Commercial and Financial Il Industrial Transportation Commercial and Financial Bl Industrial Transportation Commercial and Financial Il Industrial
B Public Service Residential [ Green Square [ Public Service Residential [77 Green Square I Public Service Residential [0 Green Square
(a) (b) (c)
Figure 8. Identification results of the clustering methods: (a) k-means, (b) DBSCAN, and (c) spectral
clustering. (Different circles denotes that the 6 typical regions for qualitative validation. The results
were shown in Table 7).
Table 7. Comparison results and accuracy of the different clustering methods.
Region K-Means DBSCAN Spectral Clustering Ground Truth
A Ind. Green Green Green
B Green Res. Pub. Pub.
C Ind. Res. Trans. Trans.
D Comm. Comm. Ind. Ind.
E Res. Ind. Res. Res.
F Comm. Comm. Comm. Comm.
OA kappa OA kappa OA kappa
Accuracy
84.4% 0.81 85.6% 0.82 90.0% 0.88

6. Discussion
6.1. Identification Accuracy Comparison

(1) Comparison of the accuracy with non-fused single data.

As shown in Table 6, the accuracy was higher for fused data than non-fused single
data. This was the expected conclusion, as the prepared fused data would lead to a better
identification result.

Moreover, this can also be understood from the data characteristics. A single data
source can only express one perspective of urban functional areas, such that the accuracy
will be low. POI data are static data with rich semantic information, while OD data are
dynamic and can delineate the daily activities of city residents. For POI data, each POI
can only represent a point, and they do not consider the influence of the nearby area and
the spatial scale (e.g., area and length). The same is true for OD data, which can reflect
residents’ activities to a certain extent, though without semantic information. The fusion of
these two types of data can not only enhance the comprehensiveness of data but also fill in
missing values. Therefore, high accuracy can be achieved.

(2) Comparison of the accuracy with other clustering methods.

In terms of the clustering method principles, spectral clustering is a more suitable
method for our data. K-means, DBSCAN, and spectral clustering are all unsupervised
classification methods which are used to classify similar data into groups. The k-means
algorithm has good clustering performance for data with Gaussian distribution, such that
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the requirements for data are strict. DBSCAN is a density-based clustering method that
supports arbitrary shape clustering for dense data, in contrast to the k-means method.
However, if the data density is not uniform, the DBSCAN clustering result is poor. Spectral
clustering focuses on intrinsic similar features of the data instead of the spatial distribution.
Therefore, this method can address the data concern.

For our work, the POI and taxi trajectory OD data are non-Gaussian, and are stored
in matrix form. The uneven spatial distribution is also significant. The data density is
higher in some commercial and financial and green square areas, while the data volume is
smaller in some residential areas. Therefore, the k-means and DBSCAN clustering methods
have lower recognition accuracy for our data. On the other hand, spectral clustering
only requires a similarity matrix between data sources; thus, this was selected as the best
approach for clustering regions.

6.2. Comparison with Other Fusion Methods

As was found in other studies [58,59], the comparison of the reported accuracy of
similar work was widely used as an accuracy validation method. Therefore, we selected
some similar studies, as shown in Table 8, according to case area and methodology.

Table 8. Overall accuracy of the proposed method compared with other fusion methods.

Method OA (%) Kappa
Decision fusion strategy of RSI and MPPD [13] 83.5 NA
CC-FLU mode [44] 85.1 0.81
Fusion method of POI and RSI [33] 78.5 0.75
Fusion using spatial metrics [56] 81.3 NA
SOE-based learning framework [40] 90.9 0.85
Our proposed method 90.0 0.88

NA denotes that this work did not provide accuracy results.

Based on the assumption that these methods achieved similar accuracy with various
types of data, we adopted their reported accuracies as comparison variables. Table 8 shows
the selected methods and accuracy results. In the comparison experiments, the parameters
of Formula (1) of our proposed method were setas « =0.1,  =0.5, and 7y = 0.01. The authors
of [13] proposed a decision fusion strategy within the Fifth Ring Road of Beijing (first line
of Table 8), which is the same study area as in our work. However, our proposed method
achieved higher accuracy. The authors of [44] proposed a CC-FLU model (second line of
Table 8) based on the same principle as our proposed method, but the accuracy of our work
was about 5% higher. The other three methods in Table 8 represent platform-based [33],
feature-based [56], and decision-based [40] fusion methods. The results presented in Table 8
indicate that our method had a slightly lower OA value than the SOE learning framework-
based method, but it had a higher kappa coefficient. The Kappa coefficient is slightly higher,
which means that the classification of this paper is more accurate. Therefore, our method
shows higher classification consistency. In this paper, the distribution of the number of
functional regions is unbalanced. The number of Transportation areas is much smaller than
that of other functional areas, while the number of Residential areas is significantly higher
than that of other region. Therefore, the OA value is not a good indication of the superiority
of the method. In addition, the slightly lower OA value may be due to data processing; for
example, when approaching the destination, some drivers operate the metering device in
advance, artificially changing the vehicle’s occupied status to empty. Some of the taxi stops
are on the road and not in a specific area. The processing may result in OD points that do
not match the real region where they are located. In the future, we will use different data
and add more advanced means of processing data for further research in order to improve
the recognition accuracy. Taken together, these results indicate the good performance of
our proposed method.
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6.3. Influence of the Parameters on the Accuracy

The advantage of our method is that it can incorporate POI semantic, interaction, and
spatial unit similarity information. Parameters « and 8 balance the feature information from
the OD interaction, POI, and OD time—frequency matrices. If # = 0 and = 0, the method
only mines the OD interaction data. If « = inf and = 0, this indicates the fusion of the POI
and OD interaction data. If « = inf and p = inf, the three types of data are fused by matrix
factorization. Therefore, the values of « and B have a significant impact on the identification
accuracy. We used the control variable method and the iterative validation method to
determine the parameters. « is used to regulate the effect of Q and P on recognition, and
is used to regulate the effect of Q and R on recognition; they can be studied separately to
determine them. First, § is set to a value of 0. At this time, only the fusion of Q and P is
studied, and the fusion effect is better when the value of « is 0.1 after iterative validation.
Therefore, « is set to 0.1; the fusion of Q and R is studied, which is the determination
of the optimal value of 8. The above process is exchangeable, and it is likewise possible
to determine p first and then a. The method using neural network training may be able
to be determined simultaneously, which is our future research direction. The confusion
matrix for the calculation of the OA and kappa values was used to validate the proposed
method. Figure 9 provides the accuracy trends with different values of these parameters.
As shown in Figure 9a, with an increased «, the kappa and OA values also increased. When
« surpassed 0.1, the accuracy decreased. Therefore, 0.1 was chosen as the value of «. Using
this as a basis, we determined the value of B. Similarly, Figure 9b shows that OA and
kappa increased and then decreased with increasing values of j3; they reached the highest
value when B = 0.5. Thus, « = 0.1 and 8 = 0.5 were chosen as the parameter values for the
experiments in this paper.

0.84
0.88
0.82
> 0.86
£0.80 z
@
; A~
-
So.78 208
< <
0.76 0.82
0.74 0. 80
0.0 0.2 0.4 0.6 0.8 0.0 0.2 0.4 0.6 0.8
The value of parameter a The value of parameter P
(a) (b)

Figure 9. Influence of the parameters on the overall accuracy and the kappa value: (a) parameter «;
(b) parameter B.

7. Conclusions

In this paper, a context-coupled matrix factorization (CCMF) method was proposed
to fuse data considering the contextual relationships between various data sources. The
goal of our research was to provide a more accurate method for the delineation of urban
functional regions. The principle of our method is the use of matrix factorization to identify
UFRs. This idea has been widely used in recommended research, but seldom in urban
functional identification. The proposed method was validated by fusing POI and taxi OD
data in Beijing, China. The results indicate superior performance in OA and compared to
single non-fused data sources and other similar models. The CCMF method improved the
accuracy by about 5% when compared to a similar method in the case area. However, our
work focused on the methodology. There is still room for improvement. For example, our
next work will examine mixed functional regions with fine granularity.
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