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A Two-Phase Clustering Approach for Urban Hotspot
Detection With Spatiotemporal and Network

Constraints
Feng Li , Wenzhong Shi , and Hua Zhang

Abstract—Urban hotspots are regions with intensive passenger
flow, sound infrastructure, and thriving business during a certain
period of time, which mirror the travel behavior of residents. Taxi
trajectory is one of the important data sources for urban hotspot
detection. Unfortunately, it should be pointed out that quite a
few of the relevant studies have ignored the temporal dynamics
or network-constrained characteristics of urban hotspots, making
the detecting results less reasonable and reliable. In this study, a
two-phase clustering approach is proposed to detect urban hotspot
with taxi trajectory. Concretely, in the first phase, spatiotemporal
hierarchical density-based spatial clustering of applications with
noise is utilized to cluster the trajectory points with spatial and
temporal attributes, which is essential for understanding the evo-
lution of urban hotspots over time. In the second phase, the idea
of region growing is introduced to further filter noise, in which
the spatial similarity between data points is measured by the route
distance, considering that the trajectory data are constrained by the
road network. A case study is carried out by the proposed method.
Meanwhile, in combination with the Luojia1-01 night-time light
remote sensing data and POI data, the reliability of the clustering
results is verified and the semantic meaning of the discovered
clusters is enriched. Furthermore, not only the spatiotemporal
distribution but also the trip lengths and directions of the detected
hotspots are explored. These findings can serve as a scientific basis
for policymakers in traffic control, public facilities planning, as well
as location-based service.

Index Terms—Night-time light, route distance, spatiotemporal
clustering, taxi trajectory, urban hotspots.

I. INTRODUCTION

URBAN hotspots refer to the regions with developed trans-
port and commercial prosperity, which can reflect human

mobility patterns to a great extent [1]–[3]. Thus, effectively
analyzing the spatiotemporal distributions of urban hotspots is of
great significance not only in trip recommendation [4], but also
in traffic prediction [5] and location-based service [6]. Equipped
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with GPS devices, taxis can easily capture sequences of locations
and time stamps at a certain frequency, and record a wealth of
information about human mobility [7]. Hence, taxi trajectory
data have been widely used in urban planning [8], social sensing
[9], and urban hotspot detection [10]–[12].

On the basis of taxi trajectory data, recent research works
have devised a set of methods to identify urban hotspots, in-
cluding but not limited to kernel density estimation (KDE), data
field, and DBSCAN [13]. Hu et al. utilized KDE to generate
a smooth and continuous surface network that summarized the
spatial distribution of trajectory points, and locally high areas
on the surface were defined as hotspots [14]. This method has
formed a nearly rigorous statistical basis and effectively reduced
the subjectivity of analysis that makes it suitable for detecting
hotspots with trajectory data. However, it is important to note
that the bandwidth selection was a vital issue and summarizing
large collections of points was a challenge. Qin et al. introduced
a data field clustering algorithm which was applied to simulate
the mutual interaction among points in data space, then urban
hotspots were shaped by the aggregation of trajectory points and
visualized on the map [15]. The clustering method can identify
hotspots with any shape and be available for uneven distribution
datasets. Unfortunately, the choice of parameter is a challeng-
ing problem that will affect the clustering results significantly.
Tang et al. used the DBSCAN algorithm to cluster the pick-up
and drop-off points of taxis and further explored the spatial
distribution of urban hotspots [16]. The benefit of this method
lies in that it can group data in arbitrary shape and size with
two important parameters, namely the neighborhood of a point
and the minimum number of points within the neighborhood
to form a cluster. Besides, data with a sparse distribution will
be identified as noise points and filtered out [17]. Nevertheless,
much attention needs to be paid on selecting the appropriate
parameters.

Although spatial clustering has received increasing attention
in urban hotspot detection [18], the lack of temporal attribute
limits the ability in discovering the points that are spatially
adjacent but distant in time [19]. It should be emphasized that
taxi trajectory is a typical kind of spatiotemporal data, including
location and time attributes [20]. And the status and size of urban
hotspot change over time due to the movement of human [21].
Thus, spatiotemporal clustering method is desired on the study of
urban hotspots detection so as to provide more accurate results.
ST-DBSCAN extends DBSCAN to cater for spatiotemporal
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data, making it possible to cluster in both space and time [22].
Liu et al. applied this method to several simulated datasets
that were composed of spatiotemporal events, and the ability of
ST-DBSCAN to discover clusters with different shapes and sizes
was demonstrated in part by the results [23]. However, similar
to DBSCAN clustering algorithm, this method is sensitive to
the selection of parameters and performs less well on datasets
with uneven density distribution. Qin et al. improved the data
field-based cluster technique by introducing the time influence
and applied it to extract city hotspots from taxi trajectory data
[15]. The experiment results indicated that the sustaining and
inconstant hotspots area could be found with the help of the
improved method, but the choice of proper parameters needs
further consideration.

Moreover, quite a few of clustering methods adopt Euclidean
distance to measure the similarity between points. In fact, taxi
trajectory data are considered as a particular type of spatiotem-
poral data that overlaid on the street network. Accordingly, in
order to enhance the reliability of the results, route distance is
more suitable for discovering urban hotspots from taxi trajectory
data. Zhao et al. represented drop-off events of taxi trips as
linear features and then used them to detect urban hotspots
in network space [18]. For the purpose of delimitating the
centeredness surfaces of the urban hotspot, Xia et al. calculated
a spatiotemporal potential value for each pick-up point and
then assigned the resulting values onto the basic linear units
derived from a network segmentation algorithm [24]. Deng et al.
utilized network-constrained Delaunay triangulation to calculate
the spatial proximity between points in the process of forming
clusters [25]. From the above researches, it can be inferred
that the route distance plays a significant role in improving the
accuracy of urban hotspot detection.

Night-time light (NTL) remote sensing can capture the in-
tensity, distribution, and changing patterns of artificial light at
night, which is closely related to human activities [26]. Conse-
quently, it is popular in a range of research fields represented by
socio-economic monitoring and population estimation. Xin et al.
used the NTL data to monitor the urban expansion in Wuhan,
and a conclusion was drawn that socio-economic had a strong
correlation with the NTL data [27]. By fusing geo-tagged tweets
along with night-time light data, Devkota et al. proposed an
original approach to discover tourism areas of interest in remote
places [28]. In order to improve the precision of population
estimation, Yu et al. attempted to integrate NTL data together
with taxi trajectory data to estimate population at fine scales in
Shanghai, and the results demonstrated that the newly proposed
method could cope with the overestimation problem caused by
using NTL data alone [29]. Enlighten by the previous research
works on NTL data, we attempt to integrate taxi trajectory and
Luojia1-01 data for urban hotspot detection, so as to enrich the
semantic meaning of clustering results in this article.

In light of the spatiotemporal-constrained and network-
constrained characteristics of taxi trajectory data, a two-phase
clustering method is proposed for urban hotspot detection in
this article. First, enlightened by ST-DBSCAN and HDBSCAN
clustering algorithm, we propose an improved method ST-
HDBSCAN to discover uneven clusters from spatiotemporal
data, which is essential for understanding the evolution of urban

hotspots. Second, we introduce the idea of region growing to
further filter noise, and use the route distance to measure the
spatial similarity between data points, which is more in line
with the actual situation. The optimal clustering parameters for
hotspot detection are determined on the basis of an internal
validation indicator called the density-based clustering valida-
tion index (DBCV) and prior knowledge interpreted from the
OpenStreetMap, so as to minimize the impact of subjectivity in
parameter selection. The effectiveness of our proposed method
is illustrated with a case study in Shanghai, China. Besides,
Luojia1-01 NTL data, which have a finer spatial resolution of
130 m and can serve as a useful source in the reflection of human
activities, are integrated along with geographic data to verify
and analyze the spatiotemporal distribution of urban hotspots.
According to the detection results, not only the spatial and
temporal distributions of urban hotspots are analyzed, but also
the trip length and direction of the hotspots are explored.

The remainder of this article is structured as follows:
Section II introduces the dataset used and the preprocessing
methods. In Section III, the two-phase clustering method is
described in detail. A case study in Shanghai is carried out to val-
idate the effectiveness of the proposed method in Section IV and
the characteristics of the detected hotspots are further explored
from different perspectives in Section V. Finally, Section VI
summarizes the article and outlines the potential future work.

II. DATA DESCRIPTION AND PREPROCESSING

A. Data Description

The trajectory data for this study is acquired from the GPS
devices of more than 12 000 taxicabs in Shanghai, one of the
most populous cities in the world and located in east China. Over
85 million trajectory records are sampled with a time interval
of approximately 10 s on April 1, 2018. Each record contains
detailed taxi information, including not only the collecting time
and location but also the vehicle number, status, and velocity.
The street network of Shanghai, consisting of 46 470 nodes and
80 544 edges, is selected from OpenStreetMap by importing
OSMnx library [30]. The POI data are collected from the Amap.
After converting to the WGS84 coordinate system, a total of
493 675 POIs in 2018 are available in this work, including
business area, residential zones, railway stations and so on. And
the night-time light data are originally obtained from Luojia1-01
satellite launched in 2018. It has a finer spatial resolution of 130
m and greater light sensitivity in comparison with the commonly
used NPP-VIIRS data, which make it possible to clearly discover
the urban extent and even the distribution of roads or large-scale
houses. The trajectory data of one taxi in Shanghai are presented
in Fig. 1(a), and Fig. 1(b) displays the night-time light data of
Luojia1-01.

B. Data Preprocessing

In order to reduce the impact of incorrect trajectory data and
better achieve the targets of the work [31], several processing
steps are performed as follows:

Duplicate data cleansing: Sliding window is used to delete
duplicated adjacent points with the same coordinate position or
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Fig. 1. (a) Study area with trajectory data of one taxi and (b) Luojia1-01
night-time light data.

collected time. Meanwhile, irrelevant attributes are removed to
decrease the dimension of the data.

Anomalous data cleansing: The records whose attribute value
exceeds the valid range are regarded as abnormal data. Besides,
few taxis may keep the same status through all day owing to
invalid operation or equipment failure.

Drift data cleansing: The first is to remove the sampling points
with poor signal quality, that is, to delete the points with less than
three positioning satellites; the second is to smooth the trajectory
with multiple speed thresholds.

In view of the fact that trajectory points are constrained by
the street network, a weight-based map matching method is
introduced to project these points onto the corresponding road
sections [32], [33]. Map matching plays a significant role in re-
ducing the positioning errors of trajectory points and facilitating
the subsequent calculation of route distance between two points.

Fig. 2. Density scatter plot: (a) O points and (b) D points.

The quantization formula is put forward by involving two weight
factors: the driving direction of the taxi and the distance to the
adjacent road section

Ω = εθ × cos(Δθ) + εd × 50− d

50
(1)

in which θ represents the difference between the instant driving
direction of taxi and the azimuth of road section; d indicates
the vertical distance from the point to the road section; εθ
and εd denote direction weight coefficient and distance weight
coefficient respectively, and the sum of them equals 1. And
referring to the width of the main road in Shanghai, 50 m was
adopted in the formula, so as to ensure that the candidate road
sections are within this limit. The matching point can be obtained
by projecting the trajectory point vertically onto the center line
of the best matching road section with the maximum value of Ω.

OD points, as the pick-up and drop-off events, are extracted
from the processed data in terms of the status information of each
trajectory and play a crucial role in urban hotspot detection.
When the operation status change from vacant to occupied, it
indicates a pick-up event marked as the origination of the ride,
and a shift from occupied to vacant suggests a drop-off event
marked as the destination of the ride. As shown in Fig. 2, the
extracted OD points are displayed in the density scatter plot.
Since the pick-up and drop-off events have a similar distribution,
only the latter are selected to detect urban hotspots for the
convenience of calculation.

In the process of acquiring and transmitting the night-time
light data, there is an issue of radiation distortion that leads to
high DN values and large bright area, so the original image
of Luojia1-01 is not directly usable. Hence, the DN values are
converted to the absolute radiance in accordance to the following
conversion formula. Considering that the absolute radiance is
extremely small floating-point data, a further step is needed to
map it to a specified grey scale level like 10 bits

L = DN3/2·10−10 (2)

in which L denotes the calibrated absolute radiance and
DNdenotes the gray value of original image.

Then, the night-time light remote sensing data are clipped
in terms of the city boundary shapefile originated from OSM
data under the same coordinate reference system. Next, natural
breaks method that can identity logical break points for each
class is utilized to classify the grid cells with radiance intensity
to different groups. Finally, in order to intuitively display the
location of urban hotspots, the classification results are shown
in pseudo-color and superimposed on the basic map of Shanghai.



3698 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 14, 2021

Fig. 3. Workflow for urban hotspot detection.

III. METHODOLOGY

The workflow devised for urban hotspots detection is shown
in Fig. 3. Concretely, drop-off events are first extracted from the
processed trajectory data in accordance with the variations of
status information. Second, exploratory data analysis is applied
to intuitively understand the distribution of drop-off events, en-
suring that the dataset is suitable for performing spatiotemporal
clustering. Third, the two-phase clustering approach is utilized
to detect urban hotspots with spatiotemporal and network con-
straints. Fourth, the effectiveness and rationality of the proposed
method are illustrated by the visual inspection of high-density
POI regions and experimental comparison with other methods.
Finally, the detailed characteristics of the detected hotspots
are further explored, including spatiotemporal distribution, trip
lengths, and trip directions. Besides, Luojia1-01 NTL data are
utilized as a complementary data to enrich the static features of
urban hotspots. The improved clustering approach mentioned in
the third step is elaborated below.

A. Phase One: Spatiotemporal Clustering With ST-HDBSCAN

Inheriting the merits of DBSCAN and hierarchical clustering,
HDBSCAN has the ability to efficiently discover spatial clusters
with arbitrary shapes, filter out noise with fast velocity, and
handle clusters with varying densities [34], which make it well
suitable for using large quantities of GPS trajectory points to
detect urban hotspots in different shapes, sizes, and numbers.
However, this method is inappropriate for clustering spatiotem-
poral data and more specifically it fails to address the dynamic
change of hotspots through time [35]. As shown in Fig. 4,
the spatially adjacent points are not necessarily close in the

Fig. 4. Spatiotemporal neighborhood: (a) spatial similarity, high similarity
between A and B; spatial similarity measurement, red line indicates route
distance and black line indicates Euclidean distance, and (b) spatiotemporal
similarity, low similarity between A and B.

time dimension, illustrating that the interaction between points
is closely associated with their temporal attribute. Therefore,
ST-HDBSCAN, which is an extension of HDBSCAN along the
time axis, is utilized to discover the urban hotspots in light of
the spatiotemporal similarity.

The clustering result of HDBSCAN is affected by one main
input parameter mpts, which describes the smallest size grouping
to form a cluster, while a new initialization parameter εt needs to
be introduced in ST-HDBSCAN to describe temporal threshold.
For an accurate representation of the extended clustering ap-
proach, several concepts and components are given as follows.

Definition 1 (spatiotemporal core distance): The spatiotem-
poral core distance of a point x is denoted as st-dcore(x) and
defined as the spatial distance to the kth nearest neighbour within
temporal threshold εt, where the value of k is the same as mpts.

Definition 2 (Spatiotemporal mutual reachability distance):
The spatiotemporal mutual reachability distance between
two points a and b is formulated as st− dmreach(a, b),
which equals to max{st− dcore(a), st− dcore(b), d(a, b)}
and d(a,b) is the origin metric distance between them.

At the first stage, the spatiotemporal mutual reachability
distance between points is calculated to push away sparser noise
and then set as the edge weight of minimum spanning tree. With
the help of minimum cluster size, the next step is to condense
the cluster hierarchy, which is converted from the minimum
spanning tree. In the final step, the stable clusters are extracted
from the condensed tree. The cluster should not be considered
as urban hotspot if the points within it are generated throughout
the day. Therefore, the temporal threshold can further control the
value of spatiotemporal mutual reachability distance and has a
dramatic effect on hotspot detection.

B. Phase Two: Density Filtering Within Road Network Space

The significant advantage of ST-HDBSCAN is that it can
handle variable spatiotemporal cluster. However, owing to the
fact that fewer drop-off events are distributed in suburbs, some
of the detected clusters are sparse in density and large in size,
which may lead to the reduction of homogeneity in a cluster [36].
Moreover, the taxi trajectory is constrained by the street network
in urban space. As the red and black lines in Fig. 4(a) illustrate,
the route distance between the origin and the destination is
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slightly longer than the Euclidean distance, which means the
number of points in a cluster may be overestimated. The spatial
similarity between points should be measured by the shortest
route distance, so as to improve the accuracy of clustering.
Therefore, a filter method based on route network distance is
applied for postprocessing. Several of the definitions in the
method are described below.

Definition 3 (Network distance threshold): The network dis-
tance threshold is utilized to measure the similarity between
points and denoted as εs.

Definition 4 (Core point): The core point denotes such an
object that there exists at least mpts many points within the
network distance.

The method starts with grouping the clustering results derived
from ST-HDBSCAN according to their labels, and then the filter
method based on the route distance is applied for each valid
cluster. The noise points which are far from the core points
are eliminated and the large sparse clusters are broken up into
several compact clusters or directly removed, so as to ensure the
homogeneity of each cluster.

In the process of filtering, all drop-off points in the spatiotem-
poral cluster are first projected in 2-D plane, and then an arbitrary
point unmarked is selected as a seed point. The second is to
judge whether the seed is a core point according to the number
of points contained within the network distance threshold. If so,
a new cluster is created and the idea of region growing is adopted
to iteratively assign relevant points into this cluster [37], [38].
Otherwise, this point is temporarily marked as noise point. The
above steps are repeated with a new point, until all of the points
have been processed.

Besides, the origin cluster is converted into a graph form to
facilitate the calculation of network distance. Considering that
the street network consists of nodes and edges, where each node
has a spatial coordinate and each edge has a spatial length, it is
appropriate to transform it into a graph format for convenient
calculation. After projecting the drop-off events onto the street
network, the projection points and corresponding road segments
are added to the graph to act as new nodes and edges, and then
the shortest route distance between any two points is obtained
by means of Dijkstra’s algorithm.

C. Cluster Validation

Internal validation and external validation are two principal
ways for measuring the effectiveness of clustering. However,
urban hotspot detection is an unsupervised learning with no
known class labels, so it is rather difficult to evaluate the
clustering results eternally. In this article, with the high-density
POI data and the geographical environment interpreted from the
distribution of infrastructure, visual inspection is used to verify
whether the cluster can be better explained from outside. Mean-
while, the DBCV index, is applied to the clustering results. In
comparison with the commonly used validation indicator CDbw
in density-based clustering algorithm, DBCV index performs
better because it can properly find clusters with arbitrary shapes
[39]. On the basis of the minimum spanning tree formed by
entities, the validity index DBCV adopt the density sparseness
of a cluster (DSC) and the density separation of a pair of clusters

(DPSC) to measure the density within a cluster and between
clusters. Ranging from -1 to 1, the greater the value of DBCV,
the better the clustering assignments

V (Ci) =
min1≤i,j≤n;i �=j (DSPC(Ci, Cj))−DSC(Ci)

max (min1≤i,j≤n;i�=j (DSPC(Ci, Cj)) , DSC(Ci))

(3)

DBCV =
n∑

i=1

|Ci|
|O| V (Ci) (4)

in which n represents the quantity of clusters, |Ci| and |O|,
respectively, indicate the size of each cluster and the total number
of entities.

IV. COMPARISON AND ANALYSIS

A. Exploratory Data Analysis

Through exploratory data analysis, the distribution pattern
of OD points will be initially discovered, which is useful for
determining whether the dataset is suitable for spatiotemporal
clustering [40].

Specifically, the purpose of spatial autocorrelation statistics
is to describe the degree of similarity between adjacent ob-
servations. The areas with high density of drop-off events are
generally considered as urban hotspots, so we utilize the global
autocorrelation index Moran’s I to measure the correlation be-
tween the density of drop-off events and their spatial location,
where the density is quantified as the number of points within
their spatiotemporal neighborhood. As depicted in Fig. 2(b),
the spatiotemporal neighborhood is well defined as a cylinder
with a base radius as r and a height as 2ΔT . And these two
parameters are the same as the spatial radius Eps1 and temporal
radius Eps2 in ST-DBSCAN. The Moran scatter plot is shown
in Fig. 5(a), where the horizontal axis indicates the standardized
density value and the vertical axis indicates their spatially lagged
counterparts. Most of the data lie in the upper right and lower
left quadrants, and the value of Moran’s I is up to 0.901, indi-
cating that the density of drop-off events exhibits an obvious
positive spatial autocorrelation. The p-values and z-scores are
0.001 and 304.244, respectively, which means that the drop-off
events present a remarkable clustering pattern in space with a
confidence level of 99%.

Besides, the target of space-time stationary analysis is to
intuitively understand the variations in the data. In this article,
we select second-order polynomials to fit the trends of drop-off
events. A 3-D perspective of the data is shown in Fig. 5(b), where
the X-axis and Y-axis represent the spatial coordinate of drop-off
events, and the Z-axis indicates the collecting time expressed in
minutes. As the red and green curves shown, the projected trends
in both directions tend to be stable. Therefore, it can be inferred
that the drop-off events are spatiotemporal stationary without
the necessity of eliminating the trends from the data in advance.

In general, the drop-off events exhibit strong clustering pattern
and are stationary in space and time, which are suitable for
spatiotemporal clustering.
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Fig. 5. Exploratory data analysis. (a) Spatial autocorrelation analysis, and
(b) space-time stationary analysis.

B. Validation of the Proposed Method

In order to verify the effectiveness of the two-phase clustering
base on spatiotemporal and network constraints, the drop-off
events extracted from the taxi trajectory dataset at 10:00–12:00
are selected as the experimental data. Besides, given that the
distribution of POI has a strong positive correlation with human
activities [41], the POI data are used as an external reference.
The accuracy of urban hotspots detection can be partly illustrated
if there exists a well matching degree between the detected
hotspots and the high-density POI areas. At first, the study area
has been divided into different blocks in terms of the network
structure rather than the commonly used grids, so as to ensure
the independence and integrity of each block. Then, we project
the POI data onto the block and further calculate its density Db
with the following equation:

Db =
Qp

Ba
(5)

in which Qp represents the quantity of POIs in each block, and
Ba denotes the block area in hectares. Next, the natural breaks
method is utilized to classify POI hotspots into different groups,
and the blocks with top 3% high-density values are selected as
POI hotspots. As shown in Fig. 6(b), from light red to dark red,
the deeper the color, the more active the hotspot is.

Fig. 6. Validating the effectiveness of the proposed method. (a) Urban hotspots
detected and (b) high-density POI areas.

It is noteworthy that the selection of three initial parameters
is a critical issue that will heavily affect the quality of clustering
results. Nevertheless, without knowing the intrinsic characteris-
tic of trajectory points, it is hard to provide meaningful values
for these parameters. Hence, the optimal parameters are chosen
from multiple sets of values by using the combination of DBCV
index and visual inspection, so as to reduce the impact of subjec-
tivity. In phase one, in order to select the optimal parameters for
minimum cluster size mpts and temporal threshold εt, a total
of 20 sets for the two parameters are examined. The value of
DBCV index is calculated with spatiotemporal constraint and
the evaluation information for different combinations is listed
in Table I. It indicates that the DBCV index goes up with the
increase of temporal threshold and tend to be stable at 20 min.
Thus, minimum cluster size and temporal threshold are set to 10
and 20 min, respectively, for the experimental dataset. In phase
two, several trials are conducted with fixed values for parameter
mpts and εt,while changing spatial threshold εs from 50 to 300
m with the interval of 50 m. By using DBCV index, 200 m that
has a relative maximum is determined as the value for parameter
εs.

The two-phase clustering method is implemented on the drop-
off events with the parameters selected above. In Fig. 6(a), the
urban hotspots identified are superimposed on the basic map
of Shanghai. It can be found that most of the detected urban
hotspots seem to be reasonable by the visuals inspection and are
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TABLE I
QUANTITATIVE EVALUATION OF CLUSTERING RESULTS WITH DIFFERENT

COMBINATIONS OF MINIMUM CLUSTER SIZE AND TEMPORAL THRESHOLD

in the vicinity of high-density POIs, which means the overlap
degree between them is relatively high, and, thus demonstrating
the reliability of the proposed method. Since the trajectory data
are distributed along the road while the POI data are mainly lo-
cated with the city blocks, the detected hotspots and high-density
POI areas are not exactly matched. For example, Hongqiao
Railway Station and Airport are successfully identified as urban
hotspots in the bottom left corner of Fig. 6(a), owing to the large
and variable passenger flow, but the density of POI data near
them is relatively low. It may be due to the fact that the public
transportation hubs are mainly designed for freight/passenger
traffic and are far away the city center, resulting in less developed
businesses. Besides, a few residential areas have high-density
POI data, but without corresponding hotspots around, such as
Shangnan Community in the lower right of Fig. 6(b). The reason
for the abnormal case can be deduced from the origin map.
Equipped with complete facilities and possess a large number of
houses, this community is marked as a high-density POI area.
But the roads within it are crowded and the taxis may even be
restricted to enter, which makes it almost impossible to generate
an urban hotspot within the community due to fewer drop-off
and pick-up points.

C. Clustering Results and Comparison

By comparing with the clustering results of typical method
DBSCAN and its extension in the time domain ST-DBSCAN,
the advantages of the two-phase clustering algorithm con-
strained by space-time and road network are elaborated. With

Fig. 7. Validating the advantages of the proposed method. (a) DBSCAN
clustering and (b) ST-DBSCAN clustering.

the help of a simple heuristic, the input parameter MinPts of
DBSCAN is roughly set to the natural logarithm of the number of
datasets, while the value for parameter Eps is picked depending
on the k-distance graph. For ST-DBSCAN, the value of mini-
mum points and spatial radius are inherited from DBSCAN and
temporal radius Eps2 is selected from a range of 10 to 25 min
via the clustering validation indicator DBCV. With the proper
parameters, DBSCAN and ST-DBSCAN clustering method are
adopted on the drop-off events and the detection results of urban
hotspots in the selected period are presented in Fig. 7. It can be
seen that DBSCAN could find clusters with arbitrary shape but
lacks the ability to divide the drop-off events concentrated in the
city center into independent clusters. The main reason why the
clustering result of DBSCAN is undesirable is that it ignores the
temporal attribute of drop-off events, which results in many spa-
tial adjacent objects but with large time difference being grouped
together. By introducing temporal similarity, both the proposed
method and ST-DBSCAN can discover the dynamic patterns of
urban hotspots, and thus providing preferable clustering results.
As shown in Fig. 6(a) and 7(b), the two-phase clustering method
and ST-DBSCAN are able to identify multiple urban hotspots
that are at the same spatial location but differ greatly in time.
However, compared with the proposed method, ST-DBSCAN
shows a worse performance in handing clusters with different
densities. Fig. 7(b) illustrates that quite a few of the clusters
detected by the ST-DBSCAN are concentrated in downtown,
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TABLE II
QUANTITATIVE EVALUATION OF DIFFERENT CLUSTERING ALGORITHMS

leaving many urban hotspots in the outskirts undiscovered. In
contrast, the proposed method works well with varying density
clusters and the size of the detected hotspots is relatively smaller
due to the constraint of the road network [see Fig. 6(a)].

Moreover, the quantitative evaluations of different clustering
algorithms are provided to further validate the advantage of
the proposed method. And the results of these comparisons
are listed in Table II. It indicated that the two-phase clustering
method performs better than DBSCAN and ST-DBSCAN in
urban hotspot detection, and it has the potential to effectively
discover spatiotemporal clusters with various shapes, sizes, and
densities in the road network space. As for efficiency, with R-tree
spatial index, both DBSCAN and ST-DBSCAN can reduce the
time complexity to O(n∗log n), while the runtime complexity
of our method is O(n2∗log n). We tested the time consuming
by these methods on various size of dataset, and the result
reveals that the proposed method performs better than the other
two when the number of points is lower than 15 000, but the
execution time increases rapidly for bigger size of dataset due
to the calculation of large 2-D array and the introduction of
temporal threshold εt. The size of the dataset we used in the
comparison experiment is up to 21 558 and 10:00-12:00 is the
time period with the largest number of drop-off points. The
execution time of the three methods is 124.9, 42.4, and 60.5,
respectively. Although the execution efficiency of our method
in processing large dataset is unsatisfactory, the result of urban
hotspot detection is much better than the other two method.

V. EXPLORATION OF THE DETECTED URBAN HOTSPOTS

A. Spatiotemporal Distribution

For a better understanding of the detected hotspots, the spa-
tiotemporal characteristics of them, including spatiotemporal
distribution, travel distance, and direction distribution, are fur-
ther explored in this section, which also illustrate the applicabil-
ity of the proposed method [42]. At first, the drop-off events in
three representative periods are selected to study the spatiotem-
poral distribution of urban hotspots, namely 10:00-12:00, 15:00-
17:00, and 20:00-22:00. And with reference to the geographical
environment interpreted from the OpenStreetMap, each of the
detected clusters for different time spans is assigned with a
particular semantic meaning such as school and mall. Besides,
the extracted urban hotspots from the processed night-time light
data are shown in Fig. 8(c). From blue to red, the deeper the
color indicates the greater the value of radiance intensity, and
the areas with distinct red color are deemed as urban hotspots.

Fig. 8. Spatiotemporal distribution of the detected urban hotspots. (a) Using
trajectory data in 15:00–17:00, (b) Using trajectory data in 20:00–22:00, and
(c) Using Luojia1-01 night-time light data.

As shown in Figs. 6(a) and 8, the overall spatial distribution
of the identified hotspots is relatively similar in different periods
and the majority of the hotspots are located within the outer ring
of the city. Among them, the area around People’s Square and
Jing’an Temple are one of the largest urban hotspots and even
tend to be connected and integrated at 15:00–17:00. In addition,
public transportation hubs such as Hongqiao airport, railway
stations, and bus stations have formed active urban hotspots due
to the high volume of trips they maintain. Commercial blocks
like Xujiahui, Tianzifang, and New World, which are acknowl-
edged as preferred places for gathering, have been identified as
urban hotspots with a long duration time but varying in scope
at different time periods. Despite being far from the city center,
Wujiaochang district is surrounded by numbers of universities
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and zones for entertainment, and a majority of students prefer
to go out for dining and shopping on a rest day, which makes it
easier to generate urban hotspots within this area.

There is a certain spatiotemporal evolution of urban hotspots
over the three periods, along with the change in the number
of the urban hotspots detected. On the rest day, residents are
more prone to do outdoor activities later than usual. The greatest
number of clusters are identified during 10:00–12:00 with 143
clusters. In addition to some persistent urban hotspots such as
commercial blocks and transportation hubs, residential areas like
Caoyang Village, medical facilities like Zhongshan Hospital,
and scenic spots like Hongkou Football stadium have formed
different types of temporary urban hotspots due to the heavy
travel demands of residents in the late morning and the diversity
of outdoor activities distributed in various parts of the city. Dur-
ing 15:00–17:00, multiple previously independent clusters are
gathered together in downtown and the quantity of the detected
clusters decreases to 109. The more likely reason is that quite
a few of people travel at this time and the volume of passenger
flow around urban hotspots remains high. Only 103 cluster are
discovered between 20:00–22:00, but the scope of some urban
hotspots such as main business districts and large shopping malls
have been expanded, of which the most notable change happens
in Waitan. This is because it would be more appealing than ever
with the lights on.

It is interesting to note that many striped urban hotspots are
discovered along the major road, such as Zhenguang Road,
which partly reflects the fact that the detection of clusters is
constrained by the road network. This is mainly because these
roads are covered with residential, educational, and commercial
facilities that extremely appeal to residents and the drop-off
points of taxi are usually determined in light of traffic condi-
tions as well as the wishes of passengers, which are randomly
distributed along with a certain range of the road with no fixed
location. Moreover, it can be seen that there are two clusters
around Waitan with different time span in 10:00–12:00, because
the volume of passenger flow fluctuates over time and the state of
urban hotspots may change dynamically between convergence
and dispersion. Therefore, it is convenient to monitor the dy-
namic of the urban hotspots with the help of spatiotemporal
constraints.

Both the trajectory data and the NTL data contain a wealth
of information about human activities, which can directly affect
the spatiotemporal distribution of urban hotspots. It can be seen
from Fig. 8(b) and (c) that there is a strong positive correlation
between them due to the similar distribution of the detected
urban hotspots. Simultaneously, it also demonstrated the effec-
tiveness of using taxi trajectory data to detect urban hotspots.
Trajectory data have been extensively applied in detecting urban
hotspots due to it tells a lot of stories about the area residents
interested in during a day. But limited by the fact that trajectory
data just account for a small part of human movement data and
urban hotspots cannot be detected completely using trajectory
data alone. For instance, in view of the travel cost, a significant
number of residents tend to take the subway to Hongqiao Airport
during the evening period, resulting in an underestimation of
passenger volume and the disappearance of the hotspot detected
by trajectory data at 20:00–22:00, but it can be discovered using

Fig. 9. Distribution of travel distance for six representative hotspots.

NTL data because of high light intensity maintained. With a
finer spatial resolution of 130 m, Luojia1-01 night-time light
remote sensing data create a new perspective to extract urban
hotspots quickly and effectively. However, using only NTL data
may cause identification errors in specific places and ignore
the dynamics of urban hotspots. For example, owing to ex-
cessively high radiance intensity in surrounding roads, Science
and Technology Museum was marked in deep red in Fig. 8(b),
but it is unreasonable to regard it as a busy hotspot because
fewer residents visit it at night. Hence, taking into consideration
the advantages and limitations of trajectory and NTL data, the
combination of the two types of data may provide considerable
potential for urban hotspot detection to a certain extent.

B. Travel Distance Distribution

From a smaller spatial scale, we further adopt taxi trajectory
points to study the travel distance and direction distribution of the
detected hotspots. To simplify the experiments, only six typical
hotspots with high travel demands are selected, namely Peo-
ple’s Square, Jing’an Temple, Wujiaochang, Lujiazui, Hongqiao
Railway Station, and Pudong Airport. First, the travel distance
is roughly set to the cumulative distance between two adjacent
track points, since it is more line with the actual situation than
the shortest route distance. Then, it is divided into six levels and
the proportion of travel distance in each level is shown in Fig. 9.
Except for transportation hubs, the distribution of travel distance
around other four hotspots are similar and the vast majority of
travels are no more than 20 km, which reflects the service scope
of these hotspots and also indicates that people are more willing
to choose close destinations for activities. Compared to the most
popular hotspots near People’s Square and Jing’an Temple, there
are more trips between 3 and 6 km around Wujiaochang since it
is a subcenter of Shanghai and mainly caters to the travel needs
of its surrounding areas, while there are fewer trips smaller than
3 km around LujiaZui because it is a central business district with
limited residential building nearby. As for Hongqiao Railway
Station, and Pudong Airport, they possess a higher percentage
of long-distance trips than other hotspots as they are located in
the suburbs and provide convenient services throughout the city.

C. Travel Direction Distribution

The travel direction is defined as the coordinate azimuth
between the pick-up point and the drop-off point. First, the travel



3704 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 14, 2021

Fig. 10. Travel direction distribution and entropy value of six hotspots. (a)
Wujiaochang (H = 3.4977), (b) People’s Square (H = 3.4324), (c) Jing’an
Temple (H = 3.3834), (d) Lujiazui (H = 3.3976), (e) Hongqiao Railway Station
(H = 2.9028), and (f) Pudong Airport (H = 1.6308).

directions for all drop-off points around one urban hotspot are
calculated, then we divide them into 36 equal-sized bins with an
interval of 10° and take 0° as the due north. Besides, in order
to get more detailed knowledge about the distribution of travel
direction, Shannon entropy is employed to quantity it, where a
lower value imply more regular distribution [43]. Based on the
direction binned, the entropy can be written as

H = −
n∑

i=1

P (di)logeP (di) (6)

where n denotes the numbers of bins and P (di) represents the
proportion of the directions in the ith bin. The distribution of
travel direction for six urban hotspots is presented in Fig. 10. Of
these hotspots, Wujiaochang has the most disordered distribu-
tion with travel directions across all bins and the entropy value
of it is the greatest (3.4977), which means that it has a relatively
high attraction to the surrounding areas, especially the direction
toward People’s Square. While Pudong Airport has the most
regular distribution since the majority of passengers coming
from the city center in the north-west, and the entropy value of
it is the smallest (1.6308). Besides, an interesting phenomenon
can be observed from the travel direction distribution of People’s
Square and Jing’an Temple, the two hotspots seem to have an
active interaction due to the fact that there is a higher proportion
of trips in the corresponding directions.

VI. CONCLUSION

In this article, using the taxi trajectory data, a two-phase
clustering method is proposed for urban hotspots detection
with spatiotemporal and network constraints. In the first phase,
ST-HDBSCAN is applied so as to catch the dynamic patterns of
urban hotspot over time and handle the uneven density. In the
second phase, in order to make the clustering results more in line
with the actual situation, the idea of region growing is utilized to
filter out the noise points in the urban road network space. Then,
the optimal clustering parameters for urban hotspot detection
are determined on the basis of an internal validation DBCV

and prior knowledge interpreted from the OpenStreetMap. The
effective of the proposed method can be partly demonstrated
because there exists a well matching degree between the detected
hotspots and the high-density POI areas. And compared with
other conventional methods, the advantages of it are illustrated
due to it could handle clusters with different sizes, shapes, and
densities.

Furthermore, a case study is conducted to detect urban
hotspots in Shanghai by the two-phased clustering. And for a
better understanding of the detected hotspots, we further explore
the spatiotemporal characteristics of them, including spatiotem-
poral distribution, travel distance, and direction distribution.
Moreover, a new possibility is provided to combine the taxi
trajectory data and NTL data, so as to detect the urban hotspots
in a more comprehensive way. In essence, all these findings are
determined by the travel regularities of residents and the layout
of urban facilities, so exploring the characteristics behind the
urban hotspots can serve as a scientific basis for policymakers in
convenient travel, public facilities planning, as well as location-
based service. In the future, attention could be paid to detecting
the periodic patterns of urban hotspots using the trajectory data
with a longer time span, various kinds of POI data and NTL data.
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