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Abstract. With its continuous development, location information acquisition
technology is able to collect more and more trajectory data, and the rich infor‐
mation contained therein is gradually attracting attention from researchers.
Trajectory data involves complex relationships among moving objects, time,
space, which are hard to understand and be used directly. Nowadays, visual anal‐
ysis of trajectory data is mainly focus on its representation and interaction, but
fails to address the complex correlation contained in trajectory data. Hence, we
propose TrajHIN, a heterogeneous information network model built on trajectory
data, measure the meta path-based similarity and centrality, and use a visual
analytics method to deeply understand trajectory data. The example of visual
analysis of real trajectory data has been interpreted and given feedback from
domain experts, which proves effectiveness of TrajHIN and feasibility of mining
implicit semantic information from trajectory data.
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1 Introduction

Nowadays, with the continuous progress of location information acquisition technology,
trajectory data has gradually received public attention and concern. Trajectory data plays
an important role in behavioral patterns mining, traffic flow prediction, and POI recom‐
mendation, etc. However, trajectory data involves complex relationships between
moving objects, time and space, making it difficult to be understood intuitively. Most
existing research regards trajectory data as homogeneous information networks.
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However, moving objects are related to locations, environment and other things in real-
life scenarios, so homogeneous information networks are not suitable for analyzing
trajectory data.

Han et al. proposed Heterogeneous Information Networks [1, 2], which are the
logical networks involving multiple typed objects or multiple typed links denoting
different relations, such as bibliographic networks, social media networks. Heteroge‐
neous information networks can be used to model complex interaction data.

By analyzing trajectory data based on heterogeneous information network, we can
get the semantics and information that cannot be mined by many homogeneous infor‐
mation networks. For instance, a meta path of region → car → region suggests the most
frequently used region of taxi, and that the region may be the traffic center during this
period. In order to further analyze the underlying relevance in trajectory data, we
measure the meta path-based similarity and centrality.

Visualization is desired since it allows the domain users to incorporate their domain
knowledge and human intelligence in the exploratory analysis process. However, the
scale and complexity of the trajectory data make interactive visualization a challenging
task. Some researchers also introduce graph into visual analysis of trajectory data [8],
but they fail to pay sufficient attention to the various types of objects and relationships
involved in trajectory data, and visualize the high dimensional features of trajectory data.
We hope that the implicit correlation information in trajectory data can be displayed to
users more clearly. We integrate visualization methods with trajectory data analysis
based on heterogeneous information networks so that the information obtained from
analysis can be fully utilized.

The main contributions of this paper are as follows:

• We build TrajHIN, a heterogeneous information network model based on trajectory
data, it is constructed to model complex correlation of trajectory data and express
trajectory data more clearly.

• With TrajHIN, we measure the meta path-based similarity and centrality.
• We integrate the heterogeneity information network model TrajHIN with visual

analysis so that users can easily understand and analyze the relationship between
corresponding objects and mine correlation information in trajectory data.

The respect of this paper is organized as follows. Section 2 describes the related
work. The third section gives the definition and description of our model. The fourth
section presents the visualization and some experiments about the method. Section 5
concludes the paper.

2 Related Work

In this section, we explain some other work related to our research, including others’
work in trajectory data, brief introduction of heterogeneous information networks and
some work in visual analysis.
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2.1 Trajectory Data

Many scholars have mined behavior patterns through analyzing and understanding trajec‐
tory data. For example, Hirokazu Madokoro modeled trajectory data by using hidden
markov model and used behavior patterns in an interest-recommending website [3]. Also,
Mahdim Kalayeh proposed a dynamic model of mining behavior patterns from trajectory
data [4]. Trajectory data was studied in behavior and path planning that Bucher et al.
proposed a path planning algorithm which required less computation based on individual
user trajectory log [5]. There are also some research on trajectory data for predicting loca‐
tion, such as taxi status inquiry and waiting time forecasting based on taxi trajectory data
[6, 7]. According to current position and historical trajectories of a moving object,
predicting location is able to forecast the location of this object [8]. On the other hand,
there are some other research on semantic information mining of trajectory data as well.
For instance, Liu et al. analyzed the best location for setting up billboard from urban taxi
trajectory data [9]. By regarding trajectory data as link relation, Huang et al. constructed
an urban road network relationship and analyzed the traffic condition of roads in urban
center by the link relations between road sections [10].

2.2 Heterogeneous Information Networks

There are some research on the similarity measurement of heterogeneous information
networks. After Han et al. proposed the meta paths for DBLP, the concept of meta paths
was widely introduced into similarity measurement on heterogeneous information
networks. Subsequently, Han et al. proposed Pathsim, a novel similarity measurement
method based on meta path which is able to find peer objects in the network, making it
possible to accurately distinguish different latent semantics in heterogeneous informa‐
tion networks [11, 12]. Also, there are some other research on clustering analysis of
heterogeneous information networks. For example, Aggarwal et al. used local optimal
features to balance heterogeneous information networks which can achieve clustering
[13]. In link prediction of Heterogeneous Information Networks, some studies predicted
possible relationship between two nodes by using observed links and node attributes
[14–16].

2.3 Visual Analysis

Visual analysis related to our work is often focused on two primary aspects. The first
aspect is analysis related to graph. For example, Pienta et al. designed a locally adaptive
exploration model for it, which is of data graph [17]. Chau et al. developed an interactive
visualization system and iteratively improved it to interpret large-scale deep learning
models and results [18]. They even presented a novel interactive visual analytics system to
explore and comprehend them completely [19]. Another aspect in visual analysis is related
to trajectory. One of the most classic applications is proposed by Huang et al. [10], in which
they used taxi trajectory data and graph-based visual analysis to study urban network
centers. Al-Dohuki et al. put forward SemanticTraj as well, which can be used to link the
map and users’ semantic information, make users querying much more efficient than
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before [20]. However, visual analysis neither related to graph nor trajectory has considered
the various types of objects and relationships involved in trajectory data, which may make
it not much suitable when dealing with complex relationships. Therefore, our method
should take good care of this.

3 TrajHIN Model

In this section, we first constructed a heterogeneous information networks model based
on trajectory data. We then described the Pathsim algorithm and measured the meta
path-based similarity in Sect. 3.2. In Sect. 3.3, we designed a new degree centrality
measure of trajectory data and evaluated meta path-based degree centrality.

3.1 TrajHIN Construction

Trajectory data is data information formed by sampling the movements of a moving
object. A trajectory can be seen as a sequence of time-stamped positions. In this paper, the
trajectories of ships are used as an example of visual analysis. Specifically, ship trajecto‐
ries are taken from AIS equipment and include information such as unique identification,
position, course, and speed, name of ship, type of ship, destination and timestamp.

Heterogeneous information networks can be denoted by G = (V , E), while V , E are
object and link respectively [1]. Each V  has a function: 𝛹 :V → T , for T  is a set of a kind
of objects; Each E has a function: 𝛷:E → R, for R is a set of a kind of links. In hetero‐
geneous information networks, |T| > 1 or |R| > 1. TrajHIN is constructed by extracting
the moving objects in trajectory data and related concepts such as time, space and inter‐
relationship. In this paper, the set of object types includes region, ship and destination
while the adjacent, contained and included form the set of relationship types. Region is
obtained from geographical coordinates converted by anti-geocoding after trajectory
data is de-noised and compressed. TrajHIN model construction is shown in Fig. 1.

Fig. 1. TrajHIN model.
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TrajHIN treats region, ship and destination as different types of objects respectively.
In this paper, we mainly examine the following meta paths where a meta path is a path
consisting of a sequence of relations defined between different object types:

• ASDSA (region A, ship S, destination D)
• DSASD (destination D, ship S, region A)
• SAS (ship S, region A, ship S)
• SDS (ship S, destination D, ship S)

Both similarity and centrality measures use the above meta paths as one of their
factors.

3.2 Measuring Similarity in TrajHIN

The settings of heterogeneous information network model TrajHIN and meta paths
generate semantic meaning of similarity between objects in trajectory data. For example,
similarity of two trajectories is no longer limited to the shape and so on, and we can also
mine semantic information through meta path ASDSA and measure similarity by
analyzing meta path between two objects. Pathsim proposed by Sun [15] can well
measure the similarity between nodes in heterogeneous information networks. For
example, given a symmetric meta path P = ASDSA, Pathsim measures in areas a and b
as below:

S(a, b) =
2 ×
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}|||

|||
{

P
a→a

:P
a→a

∈ P
}||| +

|||
{

P
b→b

:P
b→b

∈ P
}|||

(1)

Pa → b refers to a path instance between a and b, Pa → a, Pb → b also represent the
paths from a to a and b to b, respectively.

3.3 Measuring Centrality in TrajHIN

Centrality demonstrates a degree that whether a node is in the center of the information
network. If a node has directly link with many other nodes, it is more like a center than
those nodes which don’t have so many links. We studied trajectory data according to
measuring meta path-based centrality and designed a new centrality measure of trajec‐
tory data in the basis of the heterogeneous network. Given a meta path P(ASA), degree
centrality of a node v is the number of entries back to this node along path P. Then, when
comparing different graphs, we need to normalize degree centrality. From meta path P,
we can see that if the first and the last nodes of the path are in same type, it can be divided
by maximum number of possible connections Num(A) − 1, where A is the set of points
of the same type as point v and Num(A) described those points generated by path P.
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4 Visualization

Through the model TrajHIN we constructed and measured the meta path-based simi‐
larity and centrality above. Next we conduct visualization of our method. We first
designed a interface by integrating TrajHIN with visual analysis in section A and B. In
section C and D, we used real trajectory data to explore similarity and centrality in
TrajHIN. Then, we interpreted visual analysis of real trajectory data and compared it
with feedback from domain experts.

4.1 Interface

We integrate heterogeneous information network based on trajectory data with visual
analysis to analyze trajectory data. Functions include: map matching, region selection,
graph visualization, similarity query and centrality query, the interface is shown in
Fig. 2. Module (1) shows the map; Module (2) displays the trajectory data graph;
Module (3) shows the results of measuring meta paths-based similarity and centrality.
(4) represents the trajectory data information search module.

Fig. 2. Visual analysis interface.

4.2 Visualizing TrajHIN

The module shows a graph of heterogeneous information network model constructed
on trajectory data, which contains three types of objects: region, ship, destination and
different types of edges. In Fig. 3, ship GANGFENG8 is connected to region Ningbo‐
Ninghai. The graph in this module also has the function of dragging zooming, where
different colors of nodes are used to distinguish different types of objects and links.

Heterogeneous Information Network Using Visual Analytics 323



Fig. 3. Graph (Color figure online).

4.3 Exploring Similarity in TrajHIN

By selecting the meta path and inputting the object to be studied, we can display the
top-4 objects in the form of histogram. The names of similar objects are shown in the
abscissa and similarity measurement scores are shown in the ordinate. The histogram is
shown in Fig. 4. The local heterogeneous information network formed by top4 and the
object to be studied are shown in Fig. 5.

Fig. 4. Histogram of similarity analysis.

Fig. 5. Similarity analysis graph.
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In this example, area is Dinghai, and the research meta path is ASDSA. The histogram
shows that the similarity between Dinghai and Putuo is the highest by measuring simi‐
larity through ASDSA. It can also be seen from graph that the number of meta paths of
Dinghai → Putuo will be greater than other areas. Through the meta path analysis like
ASDSA, it can be inferred that the reachability of Dinghai and Putuo is the most similar
for some destinations. As confirmed by domain experts, many ships sail through
common channels in Dinghai and Putuo, so the two areas are similar.

4.4 Exploring Centrality in TrajHIN

By setting the region and time threshold, the user can draw a line chart reflect the degree
centrality with the change of time. Figure 6 shows degree centrality of the area Dinghai
on March 1, 2015. By analyzing the meta path ASA, we can understand that degree
centrality actually refers to the navigation of ships in the area within time threshold. We
can draw the semantic result that centrality of the area is the highest in early morning
when the time threshold for Dinghai area is set to one hour. This means that Dinghai is
the area where fishing vessels work. After doing a field investigation, we find that
Dinghai is indeed the scope of fishing vessels activities on that day. It is shown that the
improved centrality method can be applied to heterogeneous information networks and
obtain semantic information.

Fig. 6. Centrality Results.

4.5 Case Study

We choose Dinghai as the area and observe trajectory data of fishing vessels. Through
similarity analysis of Dinghai based on meta path ASDSA, it can be inferred that Dinghai
and Putuo have the highest reachability on some destinations. By setting time threshold
and meta path ASA, the degree centrality of Dinghai within a specific day was analyzed.
We found that degree centrality of Dinghai was the highest and the area was the most
active from 0:00 to 2:00 and 21:00 to 24:00. Therefore, the conclusion is that this area
is the scope of fishing vessels activities, which was confirmed by a field investigation.
From the results above, we can conclude that the integration of TrajHIN and visual
analysis makes it easy for users to understand and analyze relationship between corre‐
sponding objects in trajectory data, where semantic information can be mined from
trajectory data at the same time.
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5 Conclusion

The rapid development of location logging has led to the explosive growth of trajectory
data. Meanwhile, the abundant information hidden in trajectory data has drawn a lot
more attention. Based on AIS navigation trajectory data, a heterogeneous information
network model TrajHIN is constructed and combined with visual analysis. Experimental
results have validated the effectiveness of TrajHIN and visual analysis. In the future, we
will expand the scale of trajectory data and incorporate the idea of parallel computing
into the model to iterate the visual analysis model so that it can be used for visual analysis
of large-scale trajectory data.
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