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Abstract A city contains a variety of different urban functions with referring to the purpose of land use to
support the diverse needs of urban residents, such as residence, working and recreation. Exploring urban
functional zones is a critical task, which provides valuable applications for business site selection, trans-
portation management and urban planning. It is well known that location information and human mobility
semantics both are significant factors for identifying urban functional zones, just considering one factor is
not effective. However, most of existing techniques capture the transformation of functional zones and
interpret the results based solely on location or mobility semantics, and lack the capacity to deal with the
multifaceted features of urban data. To tackle these problems, in this paper, we propose an interactive visual
analytics system for effectively exploring urban functional zones based on spatio-temporal OD data and
Points of Interest data. We first adaptively partition the territory into region units based on adaptive blue
noise sampling method, extract POI feature matrix (location information) as a prior knowledge, model
multidimensional spatio-temporal OD data as a tensor for addressing multifaceted features and propose an
augment tensor-based algorithm that enables users to simultaneously combine mobility semantics and
inherent location information for identifying functional zones. In addition, we design a set of visual
encodings to better understand and interpret the results in a visual and intuitive manner. This system has
been demonstrated using two case studies with a real-world dataset of HangZhou city and domain-expert
interviews.
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1 Introduction

With the rapid development of a city, different functional zones gradually emerging within the modern city
to serve its citizens’ various requirements, such as business districts, residential areas, recreational blocks
and educational zones. These functional zones may be artificially designed by urban planners or sponta-
neously formulated according to people’s actual demands and dynamically change with the acceleration of
urbanization and modern civilization. The exploration of urban functions is a fundamental research, which
has the ability to reveal the physical and social characteristics of the city. Meanwhile, understanding zone
functions not only provides numerous valuable applications such as business site selection, transportation
management and urban planning, but also helps to solve a variety of urban-related problems such as
increasing traffic capacity and enhancing location-based service. Yet despite its importance, very little work
has been done to identify the dynamic changes of urban functions combined with human mobility semantics
and inherent location information, and interpret functional zones via designing an interactive visual ana-
lytics system, which is our focus in this paper.

There has been prior work studying urban functions segmentation, most traditional techniques mainly
adopt various kinds of clustering algorithms to classify functional zones (Adrienko and Adrienko 2011)
Karlsson (2007). In recent years, the advent of location acquisition technologies and mobile computing,
including GPS devices on vehicles and in mobile phones, a variety of large-scale urban data related to
human mobility have been accumulated. As a result, data-driven approaches based on various urban data,
such as taxi trajectory (Ferreira et al. 2013), mobile phone data (Di Lorenzo et al. 2016) and location-based
social networks (LBSNs) (Von Landesberger et al. 2016), which provide an unprecedented opportunities to
explore human mobility patterns. Wu et al. (2017) proposed MobiSeg system to investigate people’s activity
patterns for interactive region segmentation based on heterogeneous mobility data. Zhou et al. (2018)
proposed a visual analysis system for exploring of urban functions based on spatio-temporal taxi OD trips.
Nevertheless, these studies only considered people’s movement behaviors without considering geographic
location information to explore urban functions. Yuan et al. (2012, 2015) discovered functional zones in a

Fig. 1 The visualization interface facilitates the exploration of urban functional zones via six major views, namely, a the
embedding view of a given area illustrates region units as points in the embedding space. b The radial view shows the total flow
volume through seven days. c The POIs ranking view presents the POI configuration to further compare and interpret
functional zones. d The global map view provides the overview of the distributions of functional zones in geospatial as well as
displays the spatio-temporal traffic flow graphs among functional zones to visualize human activities in the global mode. And it
can display the magnitude of local region units’ traffic volume in each functional zone in the local mode. e The intra-flow view
shows the dynamic change of pickup/dropoff volume within functional zone over time to discover the differences among
different zones. f The snapshot panel keeps the records of exploration for further comparison
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city based on a topic-modeling-based approach, and using both location and mobility semantics, which are
the most relevant to our work. However, it is hard for users to understand or interpret the results of urban
functional zones without an interactive visual analytics system and a prior knowledge of these regions.

In this paper, we propose an interactive visual analytics system, which supports the exploration of urban
functional zones. Firstly, we employ the adaptive blue noise sampling to partition urban area into a set of
small region units with semantics. Based on partition region units, we extract POI feature matrix from POI
data utilizing the term frequency-inverse document frequency (tf-idf) (Salton et al. 1975) method and model
spatio-temporal OD data as a three-dimensional tensor. And then we propose a novel augmented nonneg-
ative tensor factorization simultaneously considering both human mobility semantics and location infor-
mation to identify the urban functional zones rather than leverage the solely one factor. Subsequently, a
series of insightful visual encodings are designed enabling users to quickly analyze and compare the results
of urban functional zones from multiple perspectives and different levels of details. Finally, with these
techniques, we develop a visualization framework to visualize and explore urban functional zones and their
attributions. A set of convenient user interactions are provided to help users to conduct a high-efficiency
exploration and analysis the properties of urban functions. Case studies based on real-world datasets and
interviews with domain experts are conducted to demonstrate the effectiveness of our proposed system. To
the best of our knowledge, this system is the first to employ augment based-tensor method with combining
mobility semantics with location information to explore urban functional zones.

The major contributions of our study are as follows:

• We explore urban functional zones utilizing both spatio-temporal OD data and POI data and adaptive
partition urban area into region units.

• We introduce a novel augmented nonnegative tensor factorization to identify functional zones
combining with human mobility semantics and inherent location information.

• We propose an interactive visual analytics system to empower domain experts to analyze and compare
urban functions from multiple perspectives and different levels of details.

The rest of this paper is organized as follows: the related work about is summarized in Sect. 2. Section 3
presents the analysis tasks and the system overview. The urban functions extraction is detailed in Sect. 4.
The visual interface is further introduced in Sect. 5. Case studies as well as domain-expert interviews are
described in Sect. 6 and finally we present the discussion and draw our conclusions in Sects. 7 and 8,
respectively.

2 Related work

In this section, we review techniques that are most relevant to our work, including the tensor decomposition,
visual analysis of urban data and explore of functional zones.

2.1 Tensor factorization of urban data

Tensor factorization which was first introduced by Hitchcock (1927) is important tool for dealing with
tensor data. It can be regard as higher-order extensions of the matrix singular value decomposition (SVD)
(Klema and Laub 1980). Two major tensor factorization we are familiar with, one is known as the Tucker
factorization and the other is known as the canonical polyadic (CP) decomposition (a.k.a., PARAFAC or
CANEDCOMP). Tucker factorization was introduced by Tucker (1963) and later redefined by in Levin
(1965) and Tucker (1966); Tucker et al. (1964), which attempt to present a tensor into the product of some
low-order matrices and core tensors. Later, Carroll and Chang (1970) and Harshman (1970), respectively,
proposed CANDECOMP and PAEAFAC decomposition, which decompose a tensor into a sum of rank-one
tensors. Compared with the matrix-based approaches such as matrix factorization (Lee and Seung
1999, 2000), the tensor-based method has the capability to model multifaceted data and directly cope with
the correlations among multiple dimensions. Therefore, it have been successfully applied for heterogeneous
spatio-temporal data analysis. For example, Cao et al. (2018) capture the semantics of streaming ST data
based on CP decomposition. Liu et al. (2019a) apply successive rank-one CP decomposition methods to
support automated partitioning and multidimensional pattern extraction on spatio-temporal data. Sun and
Axhausen (2016) use a probabilistic tensor factorization framework to understand urban mobility patterns.
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2.2 Visual analysis of urban data

With the increasing availability of location acquisition technologies, more and more urban data related to
human behaviors has become available. It is well known that a variety of useful information is hidden in
large-scale urban data. Therefore, visual analysis of urban data is widely studied and effectively provides
many valuable applications, such as traffic simulation (Wang et al. 2018), route recommendation (Zhu et al.
2019), urban planning (Deng et al. 2020), crowd pattern discovery (Xu et al. 2017; Mingliang et al. 2019;
Xu et al. 2015; Lv et al. 2019) and events exploration (Yingcai et al. 2018). Liu et al. (2017) proposed
SmartAdP, an interactive visual analytics system that support selecting the optimal billboard locations based
on large-scale taxi trajectories. Liu et al. (2019b) combined temporal and geospatial aggregation of traffic
data for creating legible traffic flow maps and employed interactive topic modeling to capture latent
semantic information. Chen et al. (2018) designed and implemented a VAUD system that supports the
visualization, querying and exploration of urban data. Zhu et al. (2019) proposed a web-based visual
exploration system based on the mobile trajectory data that supported the comprehensive analysis of human
mobility, location functionality and traffic assessment. Different from the prior studies, our research focuses
on explore urban functional zones and reveal the mutual influence between urban locations and mobility
behavior by utilizing visual analytics techniques.

2.3 Exploration of urban functional zones

The study of urban functions is an important research topic in the fields of GIS and urban planning in a long
time for supporting policy making, resource allocation and related research. Early studies mainly rely on
remote-sensing techniques, classic theory, clustering algorithms, long-term observation and so on. Deng
et al. (2009) and Seto and Fragkias (2005) conducted comparative analyses of satellite images of cities to
classify regions based on land coverage. Vatsavai et al. (2011) thoroughly compared classification tech-
niques based on high-resolution remote sensing images. Karlsson (2007) gave an overview of related works
which were mainly based on clustering algorithms. Recently, the topic-modeling-based methods are widely
applied to explore urban functional zones. For example, Wu et al. (2017) proposed an interactive visual
analytics system, Mobiseg, which supported the exploration of people’s movement activities to segment the
urban area into regions sharing similar activity patterns. Yuan et al. (2012, 2015) creatively explored urban
functional zones using modified Latent Dirichlet Allocation (LDA) model (Blei et al. 2003), which was first
one that simultaneously combined location semantics of a region and mobility semantics. Yao et al. (2018)
proposed a framework to lean the vector representation of city zones by exploiting large-scale taxi tra-
jectories. Gao et al. (2017) developed a statistical framework to help discover semantically meaningful
topics and functional regions based on LDA topic modeling. Zhou et al. (2018) proposed a visual analysis
system for exploration of urban functions based on spatio-temporal taxi OD trips. In addition, Cai et al.
(2019) extracted the dynamic semantics of urban spaces based on tensor factorization.

In our work, we present an interactive visual analytics system that lays emphasis on the exploration of
urban functional zones. Comparison of most previous research, the biggest differences are as follows. First,
our work partition the territory into region units with semantics, which is superior to the grid-based division
methods. Second, our work utilizes combined human mobility and as prior knowledge of location infor-
mation to capture the transformation of urban zones. Third, we model spatio-temporal OD data as a tensor to
tackle the multifaceted features and propose an augmented tensor-based algorithm which has the ability to
combine mobility semantics and location information. Although Yuan’s method (Yuan et al. 2012, 2015)
and Gao’s method (Gao et al. 2017) are also combined human mobility and geographical location infor-
mation, but our work captures functional zones based on tensor-based algorithm rather than based-topic-
modeling and design a visual analytics system can help users to better understand or interpret urban
functional zones.

3 Problem characterization

In this section, we firstly describe the types of data used in this paper. Subsequently, we summarize
analytical tasks identified from the interviews of domain experts, and then we provide a overview of our
system workflow.
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3.1 Data abstraction

The taxi trajectory data and POI data of HangZhou city are used in this paper to demonstrate the effec-
tiveness of our system. The detailed information is described as follows:

The taxi OD data are provided by the Hangzhou bureau of transportation. The data consist of a series of
GPS records of over 20,000 taxi with around 916 million records per day. Each sampling point of a
trajectory contains a record of taxi’s ID, pickup/drop-of timestamp, GPS coordinates (latitude and longitude)
and status ( occupied/vacant). The time range of the dataset is from April 1–7 2015. Moreover, we mainly
focus on the urban area of HangZhou, where the longitude is in [119.9638, 120.4373] and the latitude is in
[30.1329, 30.4093].

The POI data are collected from Baidu API and contain 37,844 points in the city. Each POI is denoted by
its ID, category and GPS location.

3.2 Task analysis

In order to comprehensive and efficient the exploration the urban functional zones, we discuss with the
domain experts in the form of structured interviews over a 4-month period. One domain expert is an analyst
from an urban planning bureau in HangZhou, China (E1). The other expert is a professor with domain
knowledge in urban data visual analytics and visualization (E2). Based on the discussions with domain
experts, we compile a list of analytical tasks as follows.

R.1 Identify the functional zones. Different from uniform-grid-based strategy, we need to segment the
urban area of a city into local region units in a more reasonable manner? How to capture the inherent
location information? How to extract the mobility semantics of the multidimensional spatio-temporal OD
data? How to employ effective method with combining human mobility semantics and location
information to identify the functional zones?
R.2 Visualize and Interpret the functional zones from different aspects. How to design meaningful Glyph
for visualizing the variation of pickup/dropoff volume over time in each functional zone and the variation
of traffic flow graph over time among functional zones to help users understanding activity patterns? How
to present the ranking of POIs among functional zones to further interpret the results?
R.3 Facilitate inter-region comparisons. What are the differences and similarities among local region
units? How do you provide a series of user interactions to compare the differences between urban region
units? Specifically, (1) users enable to explore the proportion of POIs between region units, (2) users have
the ability to discover the difference the pickup/dropoff volume over time in different region units.

3.3 System overview

Figure 2 illustrates an overview of the proposed system. The workflow of our visual analytics system for the
exploration of urban functional zones mainly consists of two stages: the data analysis stage and the visu-
alization stage. To be more specific, the data analysis stage includes four module. Firstly, we adaptively
partition the territory into local region units through an adaptive blue noise sampling method. Secondly, we
capture inherent geographical location information based on TF-IDF method. Thirdly, we model multi-
dimensional spatio-temporal OD data as a three-dimensional tensor, and the data schema is
ðregion� day� timeÞ ! traffic volume, describing the pickup/dropoff volume in different regions on a
specific date and time. Finally, we propose a novel augmented nonnegative tensor factorization (A-NTF)
algorithm to identify urban functions with combing human mobility semantics and location information
(R1). The visual exploration stage consists of a series of views and provides a user-friendly interactions to
help users understand and interpret the urban functional zones. The global map overview has the ability to
visualize the results of urban functional zones, display the spatio-temporal traffic volume graphs within
functional zones as well as show the magnitude of local region units’ traffic volume in each functional zone
(R2). The POIs ranking view, the intra-flow view and the radial view are employed to further present
differences and similarities between different functional zones (R3). The system we designed offers an
intuitive understanding and interpretation urban functional zones in an interactive manner (R2, R3).
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4 Urban functions extraction

In this section, we first perform territory partition to get local region units and extract POI feature matrix and
then describe how to model multi-dimensional spatio-temporal OD data as a tensor. Subsequently, we
propose a novel augmented nonnegative tensor factorization algorithm with combining human mobility
semantics and inherent location information to identify functional zones of city.

4.1 Adaptive partitioning the territory

In order to explore urban functional zones, the important step is territory partition with dividing the urban
area of a city into local region units. An effective partition method should be able to preserve the distribution
of data as much as possible. According to our common sense, the more prosperous area contains the more
urban functions. Therefore, we need to divide the area into smaller region units. By analyzing the char-
acteristics of OD data and POI data, we discover that the spatial coverage of OD data is limited. And
compared with different POI categories, we find that data of Chinese restaurant have a much better spatial
coverage, see Fig. 3a. We implement an adaptive blue noise sampling method based on Poisson disk
(Bridson 2007) to reduce the scale of POI data and get sampling points with preserving the distribution of
data as shown in Fig. 3b. And then we employ the sampling points as seed cells to compute a Voronoi
tessellation of the urban area on the basis of Delaunay trangulation. The resulting Voronoi cells correspond
to region units. As illustrated in Fig. 3c, the area with higher Chinese restaurant density is divided into more
region units. Intrinsically, it provides us with a more natural and semantic segmentation of urban space than
the grid-based partition methods, and region units carry the social-economic functions.

We use adaptive blue noise sampling rather than other clustering algorithms, the main reason is that it
can meet the needs of users to adaptively adjust the number of sampling points and can achieve the sampling
without deviation, minimum distance and maximum coverage. Specifically, a Poisson disk radius of r at the
trail location p is built adaptively. r generalizes the distance constraint in Poisson disk sampling for a point.
Kernel density estimation (KDE) is employed to estimate distribution of POI points. Given m Chinese
restaurant points P ¼ fp1; p2; . . .; pmg. Mathematically, the density at location p is computed as follows:

f ðpÞ ¼
Xm

i¼1

1

mr2
K

di;s
h

� �
; l ð1Þ

where di;p is the distance from pi to the s-th region, h is the bandwidth and Kð�Þ is a kernel function which
determines the smoothing degree of the reconstructed density field. A Gaussian kernel is used in our
approach. Then the radius r of poisson disk is defined as a/f(p). a is a user-defined parameter, which is able
to control the sampling rate.

4.2 Extracting POI feature matrix

It is well known that there is an inseparable relationship between geographic location information and urban
functional zones, such as a region is a high probability considered as a business area if there are large
number of shopping malls. The allocation of POI uncovers the potential socioeconomic activities of a

Fig. 2 The pipeline of our proposed visual system, which is comprised of two components including data analysis and
visualization
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region. Therefore, geographic location information is an important factor to help explore urban functional
zones.

In order to capture geographic location information, we calculate the distribution of POIs for each region
to get POI feature matrix. For each region ri; i ¼ 1; 2; . . .;R, we first count the number of POIs in each POI
category and then measure the importance of a POI in a local region unit based on the Term Frequency-
Inverse Document Frequency (TF-IDF) (Salton and Yang 1973) method. To be more specific, for a given
region ri, we calculate the POI feature vector, Yi ¼ ðyi1; yi2; . . .; yiMÞ, where yij represents the TF-IDF value
of the j-th POI category and M is the number of POI categories. The value of TF-IDF yij is given by:

yij ¼
fj;ri
Nri

� log
jRj
fj;R

; ð2Þ

where R is the number of region, fj;ri equals the number of POIs belonging to the j-th category which appears
in region ri, and Nri is the number of POIs located in region ri. fj;R denotes the number of regions in which
the j-th category appears in R. Thereafter, the POI feature matrix is denoted by the matrix Y 2 RR�M

þ , where
the i-th row of the matrix Y, is regarded as geographic location information for region ri. The matrix Y is
used as as a prior knowledge to embed into the model that we introduce below.

Fig. 3 a The data of Chinese restaurant are drawn on the map in the form of a scatter chart. b The sampling points based on
adaptive blue noise sampling method using Chinese restaurants category. c Region units generated on the basis of Delaunay
trangulation using the sampling points as Voronoi cells
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4.3 Modeling spatio-temporal OD data as a tensor

A tensor, denoted as v, is a multi-way array or multi-dimensional matrix. Tensors are obviously general-
ization of vectors and matrixes, for example, a scalar is a zero-order tensor, a vector is a first-order tensor, a
matrix a second-order tensor and tensors of third-order and higher are called higher-order tensors. The order
of a tensor is the number of dimensions, also known as ways or modes. Generally, we denote an N-way
nonnegative tensor v 2 RI1�I2�����IN

� 0 has N modes with the dimensionality of I1; I2; . . .IN , respectively. R� 0

represents that all the elements of v contain nonnegative values, which commonly applies to situations when
data represent number of observed instances.

Most traditional data analysis techniques lack the ability to handle multi-way or multifaceted features,
while tensors can meaningfully capture changes in multi-dimensional spatio-temporal characteristics of
large-scale traffic data simultaneously. Thus, we model spatio-temporal OD data as a three-dimensional
tensor v 2 RR�D�T

þ , where R is the number of regions, D indicates the number of days and T represents the
number of time spans.

• Region dimension: we segment the entire urban areas into region units r ¼ ½r1; r2; . . .; rR�, R ¼ 425 in
our implementation.

• Day dimension: we divide the duration of observation into equal day spans d ¼ ½d1; d2; . . .; dD�.
• Time dimension: we divide every day into equal time spans t ¼ ½t1; t2; . . .; tT �.
Correspondingly, vijk stores the traffic volume (e.g., total number of pickup and drop-of) at region ri on the j-
th day during hour k.

4.4 Augmented nonnegative tensor factorization (A-NTF)

Nonnegative tensor factorization (NTF) can decompose a tensor into the product of some low-order latent
nonnegative factors and core tensors, and it considers the relationship among the multi-dimensions of data.
We use the NTF method Tucker to decompose the tensor v to obtain the core tensor S 2 RP1�P2�P3

þ , the
region factor A 2 RR�P1

þ , the day factor B 2 RD�P2
þ and the time factor C 2 RT�P3

þ . The objective function is
defined as follows:

min jjv� S�A A�B B�C Cjj2F; ð3Þ

where P1;P2;P3 are usually very small, indicating the number of latent factors, and jj � jj represents the
Frobenius norm of a tensor (as well as a matrix or a vector). The symbol �A denotes the tensor-matrix
multiplication, where the subscript A stands for the direction, the core tensor whose diagonal elements
represent the relative strength of the corresponding patterns.

In our study, we employ augmented NTF (A-NTF) for identifying urban functional zones with simul-
taneously considering both mobility semantics and POI information. In order to combine the information of
both, we embed the POI feature matrix obtained in Sect. 4.2 into the factorization process of A-NTF. The
objective function is defined as follows:

min jjv� S�A A�B B�C Cjj2F þ kjjY � AGjj2F; ð4Þ

where Y 2 RR�M
þ , G 2 RP1�M

þ , P1 denotes the number of urban functional zones, P2;P3 denote the number of
days and time reductions, respectively. And M denotes the number of POI categories, k is parameter
controlling the contribution of the POI feature matrix Y. In our model, v and Y shares matrix A, thus the
results of regions segmentation that comprehensively consider both human mobility semantics and geo-
graphical location information.

Our model based on A-NTF take into account the richer context information in the spatio-temporal OD
data and POI data, such as the temporal and spatial dimension in a unified manner and the location
information is embedded as a prior knowledge in the process of our model decomposition. We utilize
alternating least square (ALS) algorithm (Kim and Choi 2007; Cichocki et al. 2009) to solve the above
optimization problem, as presented in Algorithm 1. In addition, we initialize the matrices based on NMF
(Nonnegative Matrix Factorization) method to find good initial staring points, which can accelerate con-
vergence of solutions.
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5 Visual interface

We design a visual analytics system to facilitate the exploration and comparison of urban functional zones.
As illustrated in Fig. 1, the visual interface of our system consists of six components, such as an embedding
view, a radial chart, a POIs ranking view, a global map view, an intra-flow volume view and Snapshot panel.

5.1 The map view

As shown in Fig. 1d, to support an effective understanding and interpretation urban functional zones, a
major view of the proposed system is a global map view which consists of the results layer, the spatio-
temporal traffic flow layer and the traffic volume layer.

The results layer provides an overview of the urban area of studies as well as intuitively visual rendering
the distributions of urban functional zones in geospatial. From this layer, we can clearly and quickly discover
the entire urban area is segmented into six urban functional zones and the region units that could have similar
functions filled with the same color. Not surprisingly, we extract the results of urban functions of segmen-
tation through A-NTF method which semantics information is very ambiguous. The visual strategies are
urgently introduced to have a comprehensive interpreting of zones’ real functions from multiple perspectives.
One of the strategy is provided the spatio-temporal traffic flow layer with visualizing the global human
activity, which presents the traffic flow graph to reveal the variation of the human activity flows over time
among different urban functional zones. When users select a time interval in the global mode, the spatio-
temporal traffic flow graph is evoked. Each urban functional zone is mapped as box with different border-
width. The wider border indicates that the greater traffic flow within this functional zone. We normalize the
traffic flow through the sum of flow volume in the corresponding regions divided by the area of the regions to
avoid the larger traffic flow due to larger area of regions. When user hovers over the box, the pickup/dropoff
flows between this functional zones and others is activated. The direction of arrow represents the flow
direction. The thicker line indicates the greater flow. It helps users understand global human activity rules
among different functional zones. Another strategy is provided the traffic volume layer, which displays the
magnitude of local region units’ traffic volume in each functional zone. When users select a time interval in
the local mode, the local traffic volume graph is evoked. In the same functional zones, it is clearly the darker
the color is, the higher traffic volume in the region unit. In addition, when users select a functional zone by
Ranking button, the ranking list for traffic flow corresponding to the local region units in the functional zone
is presented on the right side of map view. When the user clicks on region unit in the ranking list, the
corresponding area unit is highlighted on the map. It helps users understand local human activity rules among
region units and pick up region units with high traffic flow in the functional area more quickly.
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5.2 The embedding view

The embedding view shows the global pattern of urban functional zones in the embedding space. As shown
in Fig. 1a, we perform the state-of-the-art methods called t-distributed stochastic neighborhood embedding
(t-SNE) (Van Der Maaten and Hinton 2008), which outperforms other standard techniques such as principal
component analysis (Jolliffe 1986) and multidimensional scaling (Kruskal 1964) in revealing the implicit
groupings of data items in visualization application (Van Der Maaten and Hinton 2008), to project the
region factor vectors into a low-dimensional space and present them as colored points. Each local region
unit represents a point. The six colors can be found from this view and the color of the point is the same as
corresponding the color of the functional zones. According to the colors of points, we can find the most
points with the same color are clustered together which indicates the same urban functional zones might
share similar semantic. Therefore, the results largely demonstrate the usability of A-NTF method used to
segment urban functions.

5.3 The radial chart

As shown in Fig. 1b, we employ the radial chart to show the total flow volume through seven days of a
functional area. Every day is divided into 24 h and each unit reflects the flow volume in an hour. Based on
the color bar, it is clearly that the darker the color is, the more traffic flow is. In addition, the mode of global,
the total flow volume of functional zones can be showed by clicking the corresponding zones. And the mode
of local, the total flow volume of local region units can be displayed by clicking the corresponding region
units. Hence, it has the ability to compare the characteristics of traffic volume distribution.

5.4 The intra-flow view

The spatio-temporal traffic flow graph has the ability to display human activity among functional zones. We
hope to design a view to show the human activity rules with each functional zone. As shown in Fig. 1e, the
intra-flow view is provided to visualize human activity rules within each functional zone and help users to
discover the difference among different urban functional zones.

Glyph design. To offer a general understanding and comparison the human mobility characteristics of
urban functional zones, it is indispensable for us to provide a good glyph. We consider two aspects about the
design of glyph, on the one hand, the designed glyph has the ability to display and compare human activity
rules of functional zones. On the other hand, we expect to design a familiar metaphor so as to greatly
improve comprehension and reduce cognitive burden on working memory. Inspired by the wheel and clock,
we come up with a novel visual metaphor to display the variation of intra-flow over time. Figure 4a shows
our design. In the top of text colors corresponds to the colors of encoding urban functional zones and
indicates displays the intra-flow corresponding to zone. The 24 stacked bars indicate the variation of
pickup/dropoff volume over time with functional zone and each stacked bar represents an hour in a day. The
volume in different functional zone differs greatly, so directly mapping the volume will cause some visual
errors. We normalize the data to solve this problem. The height of each bar indicates the relative size of the
volume. The bar filled with yellow color represents the pickup volume of a functional zone and the bar with
blue color indicates the dropoff volume. The glyph is generated in two steps: First, we calculate the value of
pickup volume and dropoff volume per hour, sort the two values in an hour and select a larger value.

Fig. 4 a A stacked glyph design to simultaneously present and compare the dynamic change of the traffic flow of
pickup/dropoff over time. b The alternative glyph design
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Second, we draw the larger value bar at first, then draw the smaller bar. Figure 4b presents the alternative
design by using inwards and outwards bars. Although it is also easy to implement, users cannot quickly
compare the magnitude of pickup/dropoff volume. Thus it undermines the efficacy of this design.

5.5 The POIs ranking view

As shown in Fig. 1c, the POIs ranking view presents the POI configuration in all functional zones through
presenting the corresponding external ranking that rank the tf-idf value of each POI category in different
functional zones as well as internal ranking that rank the tf-idf value of all POI categories in a functional
zone. The ordinate is six urban functional zones and the color of text is consistent with that in map view. The
abscissa lists 20 POIs categories. The external rank is represented by the color depth of each square block.
The deeper color indicates the higher ranking. The internal rank is denoted by the embedding circle. The
value in different POIs categories differ greatly, it’s not effective to directly map the volume, thus we use
the logarithm value to solve this problem. The radius of a circle encodes the logarithm value of external rank
and the diameter of the maximum circle is equal to the edge length of the square block. The larger radius
indicates the higher external ranked. This view together with the aforementioned two views (i.e., the spatio-
temporal traffic flow graph within in the map view and the intra-flow view) empower users to understand
and interpret the semantics information of functional zones.

5.6 Snapshot panel

Users may explore the spatio-temporal traffic flow of different functional zones at different times and the
intra-flow of the local region units. The experts hope that our system has the ability to storing the exploration
records to facilitate review of their existing operations. Thereby, their feedback prompted us to add the
snapshot panel for storing historical records.

5.7 Interactions

We adopt the following interactions to support efficient exploration the urban functional zones and local
region units among different view.

Linking, highlight: The system automatically connects the three view not only to support interactive
pattern unfolding, but also to facilitate exploration and comparison the urban functional zones from multiple
perspectives and different levels of details. Meanwhile, the highlighting feature is supported in the map view
and the embedding view. In the global mode, when users double click on a region unit in map view, this
region corresponds to entire functional zone is synchronously highlighted in embedding and map view. And
the intra-flow view displays the results of this functional zone. Similarly, in the local mode, highlighting and
showing the results of this region units.

Configuration: Users can configure our system by modulating the parameters such as the time to explore
the dynamic change of the spatio-temporal traffic flow. And when users switch the mode of global or local,
the traffic volume normalization mode will be change in intra-flow view.

Zooming and scaling: Map view and embedding view support zooming and panning to further explore
local region units. Users can scroll the mouse wheel to zoom and drag the mouse to pan to have a good view
of the map.

6 Case studies

We conduct two representative case studies with our domain experts to demonstrate the usability and
usefulness of our system. Both studies are conducted based on the HangZhou city taxi OD data and POI
data.
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6.1 Exploration functional zones of HangZhou

In this scenario, the experts utilize our designed system to interpret and compare the urban functional zones
of HangZhou city. They first seek to overview of our system and then drill into the analysis and comparison
of each functional zone.

From the results layer in map view Fig. 1d, the studied urban area is segmented into six functional zones.
The experts discover most zones with similar urban functions are geometrically close, whereas zones with
different functions are distant. This phenomenon is in accordance with our common senses. As shown in
embedding view Fig. 1a, the experts can see that the most points with the same color are clustered, which
indicates the same urban functional zones might share similar semantics. Based on observations above, they
preliminary speculate that the results of urban area segmentation are reasonable and effective. And then the
experts switch to several other views to quick overview the characteristics of all functional zones and the
activities rules of the city. As shown in radial chart Fig. 1b, the city has more people’s activity in the
daytime than in the middle of the night. The whole city gradually becomes quite after around 11:00,
progressively wakes up at around 6:00 and has obvious morning and evening peak hours. The traffic volume
has a lower point in the day at between around 4:00 and 5:00, the experts consider the major reason may taxi
shift causes this phenomenon. According to the external rank of the POIs ranking view Fig. 1c, the experts
observe that the square block with deep color mainly allocate in functional zones F#0, F#1, F#5, which
indicates that these functional zones are more mature and more developed areas than other zones. In
additions, as illustrated in Fig. 1e, they notice that the magnitude of pickup/dropoff volume in the functional
zones F#0 and F#1 is greater than other zones which implies two zones may be located in the downtown
areas. Subsequently, the experts further explore each functional zone through different views and from
different levels of details to have a comprehensive understanding of its real functions.

Fig. 5 a, b The intra-flow of the functional zones F#0 and F#1, respectively. Two zones have a larger intra-flow volume of
pickup/dropoff, but the dynamic change over time is very different. c The spatio-temporal traffic volume graph with the
functional zones F#0 with other zones at 9:00 to 12:00, which indicates F#0 has tremendous the volume of inter-regional. d, e
Display the spatio-temporal traffic volume graph with the functional zones F#1 with other zones at 9:00 to 12:00 and 21:00 to
24:00, which implies a large number of passengers visiting F#1 at night
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As shown in the POIs ranking view Fig. 1c, the experts observe the functional zone F#0 have a
significantly higher external rankings in the commercial, restaurant, residential, hotels, medical and
recreational POIs than other functional zones. They think this zone as a regional hub, because it has
tremendous the volume of transportation within intra-regional and inter-regional which can reflect in the
intra-flow view Fig. 5a and the spatio-temporal traffic flow graphs Fig. 5c. Compared with the volume of
pickup and dropoff (Fig. 5a), the experts can see that most passengers visit this zone in the morning (5:00–
9:00) and in the evening (5:00–11:00). The reason maybe is that people come here for work in the morning
and entertainment in the evening. Thereby, the experts infer F #0 is dominated by the comprehensive
business district or the bustling downtown area.

From Fig. 1c, the experts find that the functional zone F#1 contains the maximum number of electronic
products store, furniture building materials market and car service POIs and it has the second highest rank of
residential buildings, shopping mall, supermarket, hospital and so on. It shows that this zone has an adequate
number of service supports the people’s living. Furthermore, experts notice that F#0 and F#1 have a higher
magnitude of pickup/dropoff volume as shown in Fig. 5a, b, but the dynamic change over time is very
different. First, the traffic volume in F#1 are almost increasing at daytime and it is not obvious impact on
traffic flow at the taxi shift time (4:00–5:00). Second, the volume of pickup is obviously greater than the
volume of dropoff at night (6:00–24:00). These phenomena imply a large number of people living here.
Based on these observations, the experts conclude that F#1 might be dominate by the developed residential
areas.

Subsequently, the experts observe that the functional zone F#3 has the fewest POIs external rankings in
most of the POI categories and the most characteristic POI categories in this zone is the entrance/Bridge, car
service and university as shown in Fig. 1c. They suggest the industrial and college town might the most
representative in F #3.

According to geographical location Fig. 1d, the experts notice that most region units of F#4 is located in
the bounding area of the intersection between F#0 and F#1, F#2 as well as F#3. The POI configuration of
this zone is similar to F#0, but in terms of the absolute quantity (compared the size of the circles), F#4 is
less than F#0 as shown in Fig. 1c. Moreover, compared with Fig. 1e, the experts see that although the
volume of intra-flow in this zone is lower than F#0, the dynamic change of intra-flow is similar to F#0.
Therefore, the experts infer that F #4 may be dominate by the developing commercial/business/enter-
tainment areas.

And then the experts clearly discover that the functional zone F#5 has the highest external rank of
recreation and scenic and the second highest rank of Chinese restaurant, hotel, nightlife and station in
Fig. 1c. In addition, Fig. 1e presents this zone has obvious morning and evening peak hours. Notably, the
morning peak time is later than normal working hours, which indicates most people don’t come here to
work. Based on above analysis, the experts infer that F #5 is most likely dominated by the tourism and
entertainment areas.

From the intra-flow view Fig. 1e, the experts find that the volume of pickup/dropoff at night is significant
higher at daytime in functional F#2. In addition, they can see that the inter-regional flow F#2 as shown in
Fig. 5d, e, the volume at night is larger than at daytime is further justification and a quantity passengers
come from F#1 at 9:00 to 24:00. Based on the analyses, the experts speculate F #2 is mostly the
entertainment/parks districts. Meanwhile, it further indicates that F#1 is dominate by the developed resi-
dential areas.

Finally, the experts find that the above results are convincing via comparing these results with a view of
land use planning in Hangzhou which we contend as a form of ground truth.

6.2 Facilitating car-sharing sites

In this use case, we demonstrate how the experts can use our proposed system to facilitate inter-regional car-
sharing sites. They mainly focus on understanding taxi demand in different functional zones to further
facilitate selecting the optimal locations of the car-sharing. In recent years, the sharing cars appear with
bringing the convenience of people’s lives and especially become increasing popular with a group of young
people. Appropriate car-sharing locations help people travel and go from one place to another easily,
whereas inappropriate ones lead to waste of time and investment. To this end, the experts attempt to use our
system to help them understanding the dynamic change of traffic volume at different functional zones, so as
to decide when and where should be arranged.
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The experts suggest that the great deal of traffic flow volume, which are likely to imply deficiencies of
public transportation in such zones, thus shared cars would be needed. Furthermore, it is a dramatically
different demand for car sharing at different functional zones and at different time. These areas such as the
college town, residential zones, office areas, tourist attractions and recreation districts have a high demand
for car sharing based on research, but different functional zones are inconsistent demand for car sharing at
time aspects. On the basis of the above analysis, their criteria of selection as follows: (1) The zones have a
higher proportion of selecting car-sharing as a transportation tool; (2) The local regions have a greater traffic
flow within intra-regional and inter-regional. Based on these two criteria, they first seek to gain insight into
the functional zones F#1 dominated by the developed residential areas and F#2 dominated by the enter-
tainment/parks districts. Both two zones have a high demand for car sharing. Subsequently, the experts look
over the spatio-temporal traffic volume to understand the traffic flow of inter-regional. As shown in Figs. 5e
and 6d, they notice that the inter-regional flows between F#1 and F#2 is greater than other zones at night.

Fig. 6 c The volume of local region units with each functional zone, the depth color indicates the largely traffic volume. The
highlighted square A and B respectively present region#222 in functional zone F#1 and region#32 in functional zone F#2.
Both regions have a greater traffic volume. a, b The intra-flow of the functional zones region#222 and region#32,
respectively. d The spatio-temporal traffic volume graph with F#2 with other zones at 18:00 to 21:00
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And then the experts hope to select local region units that have a greater local traffic volume within intra-
regional at night. As shown in Fig. 6c, the experts find that region#222 and region#32 (highlighted with
black square A and B) have a greater traffic volume through ranking list. Meanwhile, the experts further
look at the dynamic change of the intra-flow over time, Fig. 6a, b present the intra-flow view of region#222
and region#32 through clicking on these two region units in the local mode of map view. It is clearly found
that two region units have larger traffic volume at night. Finally, based on the knowledge obtain in our
system, the experts make a decision that car-sharing can at the region#222 and region#32 and during 18:00
to 21:00 and 21:00 to 24:00.

6.3 Expert interview

The feedback of the domain experts are collected based on semi-structured interviews, which was sum-
marized as follows:

Visual design and interactions: All domain experts confirmed that our system was nicely designed
according to the problem domain and the characteristics of the used datasets as well as the interface was also
quite user-friendly. In particular, our metaphor-based glyph design received high praises from the domain
experts. They believed that the system could be easily understood by users without prior knowledge for
urban areas. E1 commended ‘‘Our proposed system has the ability to effectively identify and visualize the
urban functional zones, and provide an intuitive interpretation of the results for users without a prior
knowledge of HangZhou’’. E2 said ‘‘Our system integrate many visualization and interaction techniques,
enabling me to explore and analyze the urban functions or urban region units from multiple perspectives and
different levels of detail’’.

Comparison with previous work: We asked the experts to further compare our method with previous
work. Our work were familiar to Yuan’s (2012, 2015), Zhou’s (2018) and Cao’s (2018). The expert
expressed our method as a pioneering study for exploring urban functions based on a A-NTF algorithm
simultaneously combined human mobility and location information. E2 said ‘‘Compared with previous
work, our work introduces tensor-based method which has the ability to cope with the correlations among
multiple dimensions outperforms based-topic-modeling approach. And adaptive blue noise sampling
method is introduced to adaptive partition the territory to get region units with strong semantics is superior
to grid-based method. Besides, our designed an interactive visual analytics system which provides an
intuitive visualization for users to easily understand and interpret the results of urban functional zones which
has an advantage over Yuan’s work’’.

Usability and improvements: The experts appreciated our system and found the functions provided by
system quite useful. They all expressed that our system is useful in not only identifying urban functional
zones and interpreting its real functions but also facilitating lots of real world applications such as business
site selection. Apart from the aforementioned, our experts also provided some valuable suggestion. E1
commended, ‘‘ If system provides the POI configuration of the local region units to help users compare the
proportions of POIs categories, it will be more better’’.

7 Discussion

The case studies demonstrate the advantages of our system to explore urban functional zones based on
A-NTF. The combination of the different visualizations enables uses to better understanding and inter-
pretation functional zones form different aspects. Nevertheless, there is still space for improvement.

First, the datasets used in our system are only the spatio-temporal taxi OD data as people’s daily mobile
behavior, but it may lose lots of the useful information. In the future work, we will use a variety of mobility
data to more precisely explore urban functions. Second, we introduce a tensor-based algorithm A-NTF
which is capable of dealing with multifaceted features. However, the A-NTF algorithm may become
inefficient when the data grow (e.g., when handing data of multiple days, or with large number of region
units). In the future work, several techniques can be considered to enhance the performance. For example,
we can improve this method by a parallelized distributed A-NTF algorithm. Besides, we can use a more
space and time efficient tensor factorization method (Wang et al. 2015) which sacrifices a certain amount of
accuracy in exchange for the speed-up computation. Finally, we intend to improve our visual analytics
system so that it can facilitate intra-regional car-sharing sites.
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8 Conclusion

This paper proposes a novel visual analytics system for an insightful exploration of urban functional zones
based on augmented nonnegative tensor factorization using human mobility semantics and inherent location
information. We partition the territory into region units based on adaptive blue noise sampling method,
which outperforms grid-based partition methods, extract inherent location information as a prior knowledge
from POI data, model taxi OD data as a three-dimensional tensor and introduce a novel A-NTF method
simultaneously combined with mobility semantics and location information to effectively identify urban
functional zones. And then we design a set of visualization views to support a comprehensive understanding
and interpretation the urban functional zones. Two case studies and expert interviews demonstrate the
system. Positive feedback and in-depth insights show the effectiveness and usability of our system.
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