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ABSTRACT 
This study investigates human activity community in a city by 
conceptualizing it as a network embedding problem. In order to 
learn the latent representations of activity-travel patterns from 
individual daily trajectories, network embedding learns a vector 
space representation for each type of activity place as a node 
connected by movement links to preserve the structure of individual 
activities. The proposed approach is applied to mobile positioning 
data at the individual level obtained for a weekday from volunteers 
at Guangzhou City. Assessments are conducted to validate 
individual decision making for several types of activities by a field 
survey. This study contributes to a general framework for 
discovering individual activity-travel patterns from human 
movement trajectories. 
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1 INTRODUCTION 
Discovering communities of places by human activities can enable 
a variety of valuable applications. First, it can provide a quick 
understanding of a complex city. Trajectory data can identify 
people's activity-travel patterns and have a better interpretation of 
complex activities in urban areas. Second, given that one user's 
trajectory data reflects that user's behavioral preferences, the 
massive amount of trajectory data of a city can reflect the general 
behavioral characteristics of its urban residents and the general 
demand for urban space. In this way, extracting behavioral 
characteristics from user trajectory data can effectively evaluate the 
rationality of urban functional layout, in order to assess urban 
planning strategies. 

There has been recent research [3] that used human trajectory 
and remote-sensor data to discover regions of different functions in 
a city. There is also research [1] that characterize the relationship 
among the POIs based on how people access them. In this paper, we 
introduce a network embedding (Node2Vec) [2] technique, which 
has been proven successful on multi-label classification in several 
real-world networks from diverse domains, into individual 
trajectories analysis. By constructing a network of places for human 
activities as nodes connected by movement links, activity-travel 
patterns can be extracted as latent features of the nodes. The latent 

features will capture the neighborhood similarity between different 
places and encode people’s daily interactions with different places 
in a continuous vector space with a relatively small number of 
dimensions. 

2 METHODOLOGY 
The input data are individual movement trajectories represented as 
sequences of locations that are attached to Point of Interests (POIs). 
We seek to construct a network from the trajectory data and then 
apply the Node2Vec Algorithm to learn an embedding 
representation for activity places, based on which we analyze 
communities of human activity places. 

Figure 1: Overview of Network Construction Process 

2.1 Construction of Activity Networks 
A network is formally defined as 𝐺 = 〈𝑉, 𝐸〉 in which entities (the 
nodes in V) are linked by ties (the edges in E), representing any sort 
of connection, similarity or interaction [1]. We propose to construct 
an activity network with a set of nodes which correspond to the set 
of activity places, represented by POIs, where users stay to perform 
some activities. The overall process is shown in Figure 1. Given a 
universal set V of n places 𝑥) in a city, one visits a subset of m places 
within V and it forms one’s trajectory that can be represented as a 
series of place, for example, 

𝑡𝑟𝑎𝑗. = [𝑥0, 𝑥1, … , 𝑥), … , 𝑥3], 𝑥) ∈ 𝑉                   (1) 
which is demonstrated in Step 1 of Figure 1. In step 2, a user ’s 
trajectory can be decomposed into a set of Origin-Destination links; 
each link connects two consecutive places in the series. We denote 
this set as one’s activity set (2).  

𝑎𝑐𝑡. = {[𝑡𝑟𝑎𝑗.[𝑗], 𝑡𝑟𝑎𝑗.[𝑗 + 1]]	|	𝑗 ∈ [0,𝑚 − 1]; 𝑗 ∈ ℤ}    (2) 
As (2) is a multiset, it can be written as: 
𝑎𝑐𝑡. = {[𝑥), 𝑥B]C([EF,EG])	|	[𝑥), 𝑥B] ∈ 𝐴(𝑎𝑐𝑡.); 𝑥), 𝑥B ∈ 𝑡𝑟𝑎𝑗.; 𝑥), 𝑥B ∈ 𝑉} 

where 𝐴(∙) gives the underlying set of 𝑎𝑐𝑡. , which only contains 
unique links. 𝑓(∙) is a function mapping a link to its number of 
occurrences in the multiset. In Step 3, we construct an activity 
network G by aggregating all individuals’ (the set I) activity sets to 
form a directed weighted graph. 

𝐺 = 〈𝑉, 𝐸〉, 𝐸 = ∑ (𝑎𝑐𝑡.).∈M                          (3) 
where ∑(∙) is the sum operation of multiset for all 𝑎𝑐𝑡. . In other 
words, 𝐸 contains all the unique links from a combination of all 
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individuals’ activity sets; the weight for a unique link is obtained 
from the total occurrences of this link in the combination. 

2.2 Network Embedding 
We apply Node2Vec [2] to the networks of activity places and learn 
a mapping of places to a low-dimensional space of features that 
maximizes the likelihood of preserving the network structure of 
nodes. We then discover the communities of human activity places 
based on the learned embedding presentations. 

2.3 Community Discovery 
In this study, communities are groups of highly interactive and 
densely connected places that are frequently visited by individual 
trajectories. These places will be mapped as points close to each 
other in the embedding space. In order to determine the similarity 
between places, we calculate cosine similarity between the 
embeddings. Formally, similarity between embedding A and B could 
be defined as: 

(4) 

For a given place, a rank of other places can be found based on the 
calculated cosine similarity (4). A community can be delineated by 
choosing the top-k ranked places surrounding the target place. 
Alternatively, community detection can be done with clustering 
techniques [1]. 

3 EXPERIMENTAL RESULTS 
The set of collected observations in a weekday in Guangzhou is 
composed of 48,178 points for 2,575 volunteers in the Guangzhou 
city. We compute the network of 1,852 nodes and 21,742 edges and 
learn continuous feature representations for the nodes. Figure 2 
shows the visualization of our network. 

Figure 2: Visualization of the Trajectory Network 
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Table 1: Selected Training Results 

Each point is associated with a POI where user stays to perform 
some activities. In order to discover places having high interactions, 
we choose four target POIs with a relatively high frequency of visits 
in the dataset and find the top 3 most similar POIs of each target 
POI based on the embeddings and the cosine similarity measure. 
Table 1 shows the above selected results. To validate our network 
embedding approach, we complete a field investigation. Specifically, 
we interviewed 50 people in those four different places and 
requested them to label two common destinations in their daily 
activities. We then aggregated the results and found the top 3 most 
visited POIs for each place. It shows that over 50 percent of their 
choices are assigned into the same POIs with high similarity in 
Table 1.  

4 DISCUSSION AND FUTURE WORKS 
We proposed an exploratory study on human activity community 
based on POI data and a network embedding approach. The novelty 
of this work is two-fold. First, we presented an algorithm to build a 
complex network that synthesizes trajectories of places that people 
visit to conduct daily activities. Second, we employ a network 
embedding technique to learn a representation for activity places as 
nodes connected by movement links to preserve the structural 
human activities. Some potential future works include discovering 
socioeconomic groups from individual trajectories and simulation 
of human travel patterns to assist urban-transport planning. 
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