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Abstract. Recently, there has been an increasing demand for traffic
simulation and congestion prediction for urban planning, especially for
infection simulation due to the Covid-19 epidemic. On the other hand,
the widespread use of wearable devices has made it possible to collect
a large amount of user location history with high accuracy, and it is
expected that this data will be used for simulation. However, it is difficult
to collect location histories for the entire population of a city, and detailed
data that can reproduce trajectories is expensive. In addition, such per-
sonal location histories contain private information such as addresses
and workplaces, which restricts the use of raw data. This paper proposes
Agent2Vec, a mobility modeling model based on unsupervised learning.
Using this method, we generate synthetic human flow data without per-
sonal information.

Keywords: Spatio-temporal data analysis · Privacy preserving data
mining · Unsupervised Learning

1 Introduction

Recently, there has been an increasing demand for traffic simulation and conges-
tion prediction for urban planning, especially for infection simulation due to the
Covid-19 epidemic. On the other hand, the widespread use of smartphones and
wearable devices equipped with GPS (Global Positioning System) has made it
possible to collect the location history of many users with high accuracy. There-
fore, it is expected that the city-level human flow data, which shows how people
move and stay in the urban environment, can be used for simulation. For exam-
ple, large-scale data on location history has been used to analyze the effects of
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policies during a pandemic [1]. However, it is difficult to collect location histo-
ries for the entire population of a city, and detailed data that can reproduce
trajectories is expensive. In addition, such personal location histories contain
private information such as addresses and workplaces, which restricts the use
of raw data. In this study, we generate synthetic people flow data which can
reproduce the city-level people flow based on the real location history data. This
data does not contain personal information because it does not correspond to
the real user’s location history and can be freely processed and visualized.

In order to generate a flow of agents, we need an activity model that defines
how each agent moves and stays over time. Although many user activity modeling
methods have been studied in the past, they mainly require a large amount of
labeled data and detailed location histories. On the other hand, a method for
modeling the usage of a region and the activity tendency of users using GPS
data and unsupervised learning has been studied. This allows us to model user
activities based on less frequent and unlabeled data than before. As the model
is based on GPS data collected on a daily basis, it also has the advantage of
being able to take into account changes in the environment over time, such
as changes in social policy, pandemic outbreaks, and seasonal changes. This
paper proposes Agent2Vec, a mobility modelling model based on unsupervised
learning. This model abstracts the tendency of users to move and stay as a
distributed representation. By clustering these distributed representations, we
extract groups of users with similar tendencies. We can use each group of users
as an activity model of synthetic agents, and generate synthetic people flow data.
The main contribution of this work are given in the following:

– Agent2Vec: Unsupervised learning model that abstracts the tendency of users
to move and stay as a distributed representation;

– Generating synthetic human flow data without personal information and with
higher granularity(50 m mesh);

– Evaluation of synthetic data in terms of density of stay and amount of move-
ment;

We have generated a synthetic dataset using a real GPS location dataset, and
we have confirmed that the synthetic dataset reproduces real people flow by
visualization and evaluation. However, we have also identified some challenges
in terms of population distribution and distance traveled.

2 Related Work

In order to generate synthetic human flows, we need an activity model of how
each agent moves and stays. There is a long history of attempts to model how
people move and stay in their daily lives, based on person-trip surveys [2,3].
However, because of the high cost and low frequency of collection, person-trip
surveys can only model typical patterns of activity and cannot model changes
in people’s activities as the environment changes.
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On the other hand, with the recent proliferation of mobile devices, a large
amount of CDR (Call Detail Record) and GPS location history has been
obtained, and activity modeling using these data has become popular. For exam-
ple, Song et al. [4] implemented an LSTM multi-task learning system for learning
human mobility and traffic patterns and a city-level simulation system, mainly
using GPS data. Yin et al. [5] uses the movement history from CDR to model
the activity with hidden Markov model. Ouyang et al. [6] uses GPS trajectory
data to model human mobility and synthetically generate movement trajectories.
Borysov et al. [7] use deep learning-based methods to generate a large number of
and more diverse user models and aim to generate unsampled models by combin-
ing their elements. Another example is the work on modeling the daily activity
schedule of users under various and complex factors [8,9]. Other research exists
that uses reinforcement learning-based activity modeling to generate more nat-
ural movement trajectories [10,11]. The challenge of these methods is that they
require a large amount of detailed, labeled data and the setting of an appropriate
reward function to train the model. However, labeling of movement trajectories
is costly since the movement of an individual is generally high dimensional infor-
mation based on various factors.

Research that has actually generated city-level synthetic-population flow data
includes the use of GPS, CDR, as well as comprehensive datasets such as pop-
ulation distribution and traffic volume [12]. However, such data are generally
expensive, and although the spatial granularity is around 250–500 m mesh, more
granular human flow data are needed for congestion prediction and infection sim-
ulation. In this paper, we generate more granular human flows with a granularity
of 50 m mesh from unlabeled GPS data.

3 Proposed Method

This method aim to generate synthetic human flow data that can reproduce real
human flow from the original location history data. Input data is obtained as
latitude, longitude, and timestamp of a real user with a terminal. The synthetic
data is also generated as latitude, longitude, and timestamp of each agent. To
generate synthetic data, we need an activity model of how each agent moves
and stays respectively over time. This activity model is mainly modeled using
unsupervised learning in this method.

Figure 1 shows an overview of the method. First, we generate a distributed
representation of LU (Location Usage) for each mesh according to the tendency
to stay and represent user’s movement in the form of LU transitions. This LU
is generated for each mesh by learning the tendency to stay at that mesh by
Word2Vec. This allows the user’s location information to be represented as infor-
mation, including POIs (Points of Interest). Next, we extract travel and stay
information from the location history of real users and abstract it in the form
of a distributed representation for each user. Then, by clustering the distributed
representation of each user, we classify users by their tendency to move and stay.
The users in each cluster have a similar tendency to move and stay. For example,
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Fig. 1. Overview of the proposed method

users in the housewife cluster tend to spend most of their time at home, while
users in the salaried worker cluster tend to go to work and leave work in the
morning and evening. Finally, we model the activities of agents based on the
movement and stay tendencies of the users in each cluster and generate syn-
thetic human flow data. These methods are explained in detail in the following
sections.

3.1 Abstraction of Real Users’ Movement and Stay Tendency

In this section, to classify real users, we abstract the tendency of each user
to move and stay as a distributed representation V . This section describes the
procedure for calculating this V . First, we divide each user’s location history into
30-min time slots and assign a mesh to stay in each slot. We then compute the
LU, a distributed representation of the trend in usage over time for each mesh.
It is possible to classify them according to their tendency to stay in the mesh by
clustering them. In this paper, we refer to this cluster of meshes by LU as LU
cluster. These LU clusters are, for example, residential clusters for long stays in
the morning and evening, and office clusters for long stay in the daytime.

Then, we calculate the distributed representation reflecting the tendency
of each user to stay and move, vstay and vmove, independently in Agent2vec.
Agent2Vec is an application of Word2Vec that generates a distributed represen-
tation of each user by learning the user’s tendency to move and stay. Figure 2
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illustrates the architecture of Agent2Vec. The input layer is a one-hot vector
for each user, and the output layer is a one-hot vector with flagged dimensions
for each movement or stays feature. The weights of the middle layer obtained
by training the input vectors produce a distributed representation that reflects
the tendency of each user to stay. The number of dimensions of this distributed
representation for each user is equal to the one of the hidden layer N , In this
case, the number of dimensions of both vstayand vmovewas set to N = 4. The
stay features are learned by Agent2Vec using three pieces of information for each
stay: a weekday or a holiday, the period of the stay, and the stay LU cluster.
This makes it possible to compute a distributed representation vstay based on
the tendency of each user to stay in the mesh, i.e., when and what attributes
they stayed in. The movement features are learned by Agent2Vec using four
pieces of information for each travel: a weekday or a holiday, the period of the
travel, the distance of the travel, and whether the travel is to the main mesh.
This main meshes are the meshes in which each user has stayed for many days,
such as home and office. In our method, we define the main mesh as the mesh
where the user is observed to stay for more than half of the days in the data
obtained for each user. This allows us to compute the distributed representation
vmove based on the movement tendency, i.e., when, at what distance ,and to
what mesh the user frequently visits. Finally, we combine vstay and vmove to
create V , a distributed representation of each user’s tendency to move and stay.

3.2 Real User Classification

In this section, we classify users according to their tendency to move and stay by
clustering their distributed representation V . We used Kmeans++ for cluster-
ing. Figures 3, 4 and 5 shows some examples from the actual clustering into 40
clusters. Figure 3 shows the percentage of LU clusters that stayed in each time
slot on weekdays and holidays, while Figs. 4 and 5 show the number of moves,
the percentage of distance traveled, and the percentage of moves to the main
mesh in each time slot. The vertical axis in Figs. 4 and 5 is the percentage of
moves in each period (every 30 min), normalized for the number of people in
each user cluster, weekdays, and days off. From Fig. 3, clusters 1 and 2 tend to
stay in the residential cluster during the evening hours and in the office cluster
during the daytime, which is similar to that of a typical office worker. Cluster
3 stays in the residential area cluster except a few times during the daytime
when it stays in the restaurant cluster, indicating that it tends to stay like a
homemaker. On the other hand, cluster 2 has the peaks of travel between 7:00
and 9:00 in the morning and between 17:00 and 20:00, and the travel of 3 km to
5 km is conspicuous. In cluster 3, the amount of travel is lower than clusters 1
and 2, and the distance traveled is higher than 0.5 km. Figure 5 shows that clus-
ters 1 and 2 have a high proportion of travels to the main mesh in the morning
and evening, going to work and returning home. Cluster 3 has more travels to
non-main meshes in the afternoon than clusters 1 and 2. These clusters are just
examples, but by clustering, V in this way, we can classify not only the tendency
of users to stay but also the tendency of users to move.
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Fig. 2. Architecture of Agent2Vec

3.3 Generating Synthetic Flow Data

In this section, we explain how to model the activity of agents from each classified
user cluster and how to generate the location history of each agent. First, we
decide which user cluster each agent will use as a model. The probability P (u)
that an agent uses the user cluster u as a model is defined as follows, using Nu

that is the number of users belonging to the user cluster u(U is the number of
user clusters).

P (u) =
Nu

∑U
k=0 Nk

(1)

That is, a typical cluster with many users is likely to be chosen as a model for
agents.

Next, the location history of the agent is generated according to the selected
user model. Specifically, for the mesh in which the agent is currently staying,
we probabilistically select “1. whether to move or stay” and “2. to which mesh
to move if to move” during each 30-min. time slot. The decision to move from
the current stay mesh is made according to a Poisson distribution based on the
average number of moves of real users λ. The probability Pstay that a agent does
not move in a given time slot tis

Pstay =
λ0
t exp(−λt)

0!
= exp(−λt) (2)
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Fig. 3. Stayed LU cluster

At the same time, the probability that a agent moves is

Pmove = 1 − exp(−λt) (3)

This average number of travels λ is averaged for each time slot and for each LU
cluster before the movement. This is based on the idea that the occurrence of
travel is correlated not only with the time of day but also with the LU cluster
before travel. For example, the probability that a user in the salaryman cluster
moves to the residential cluster at 8:00 in the morning is considered to be different
from that in the office cluster.

Finally, we explain the decision of which mesh to move to. This is mainly
based on three factors: the density of stay in each time zone, the LU similarity,
and the distance traveled.
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Fig. 4. Travel distance tendency

For the density of stay, the thickness of stay of actual users in each time
zone is calculated in advance. The density of stay Dt in a given time slot t is
calculated using the number of users C(m) in the mesh m as follows(M is the
number of meshes).

Dt(m) =
C(m)

∑M
k=0 C(k)

(4)

By considering this as the probability of migration, we can set a higher proba-
bility of migration to a mesh with more stays.

For LU similarity, we set the probability of moving to a mesh with LUs that
have high resemblance to the destination LU cluster to generate a destination
along with the user’s POI. The destination LU cluster is determined according
to the proportion of LU clusters (3) that stay in each time zone of the user
cluster to which it belongs. To reduce the amount of computation, we take the
average LU as a representative of each LU cluster and calculate the probability
of moving based on the similarity of the average LU of each LU cluster.

As for the travel distance, we set the travel probability to the one with the
appropriate travel distance to be high based on the trend of travel distance of real
users (mean and variance of distance). Specifically, the probability of movement
is assigned to each mesh according to a normal distribution based on the mean
distance and variance.
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Fig. 5. Travel to main mesh tendency

In this way, the probability of moving to each mesh is calculated for each den-
sity of stay, LU similarity, and travel distance, the product of these probabilities
generates a move to the mesh. Therefore, agents decide the destination mesh
for each period based on the density of stay, POI, and distance from the source
mesh. By generationg agent’s travel probabilistically from each user model, we
can generate synthetic people flow dataset for an arbitrary number of users.

4 Evaluation

To evaluate the proposed method, we generate synthetic human flow data using
a GPS location history dataset provided by Blogwatcher. The target area was
Nisshin City, Aichi Prefecture, and the period of the data was March 2020. We
used the data of 2155 users whose location information was sufficiently available
in the target area. The number of generated agents was 30000, the number of
LU clusters was 4, and the number of user clusters was 40. Figure 6 shows a
visualization of the generated data. The plots show the position of each agent,
which moves over time according to the generative model. We can see that during
the daytime hours there are more stays in the office area near the centre, while
during the night there is a decrease in stays.
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Fig. 6. Visualization of syntheic data

In the following, we evaluate the generated data regarding density of stay,
amount of travel, and distance traveled. The evaluation method is based on the
method used in [12]. As there is no correct data for urban flows, we basically
compare the data with the original data, and for the density of stay, we compare
the data with the population distribution dataset of mobile spatial statistics at
each period.

4.1 Stay Density

We evaluated whether the generated data could reproduce the population distri-
bution at each time. Figure 7 compares the density of stay of the generated data
at 6:00, 12:00, and 18:00 with the respective data. From the top, the density
of stay for Mobile Spatial Statistics (500 m mesh), Blogwatcher (500 m mesh),
Blogwatcher (50 m mesh), and the density of stay for the generated data are
plotted for each mesh. Since the population distribution data of Mobile Spatial
Statistics is available only at the granularity of 500 m mesh, the comparison is
made according to this mesh granularity. If the positive correlation between the
density of stay in both data is high, the generated data will likely reproduce the
actual population distribution. As for the plot with the Blogwatcher data, there
is a positive correlation between 50 m and 500 m meshes. As for the plot with
mobile spatial statistics, there are some meshes where the density of stay is high
in the mobile spatial statistics data but low in the generated data.
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Fig. 7. Comparison of stay density

The Fig. 8 shows the correlation coefficients calculated for each period for
each dataset. There is a strong correlation with the Blogwatcher data, especially
at the 50 m mesh granularity (0.75–0.8), thus reproducing a highly granular
population distribution. However, the correlation with mobile spatial statistics
is low in all periods. This is because the sample size of the original Blogwatcher
data is smaller than that of the mobile spatial statistics, and the stay history
is biased. Figure 9 shows the difference in density of stay between the mobile
spatial statistical data and the geographically drawn data, with the meshes with
large discrepancies in the density of stay colored darker. The plots in the figure
show Akaike and Nisshin stations, which are the main stations in the target area,
and the meshes with a large difference in density of stay are located around the
stations and at the periphery of the target area. The dataset from which the
synthetic data is generated focuses on users in the area and whose positions are
available for many hours during the period and excludes users who stay outside
the area for many hours a day. This may be the reason for the dissociation
between the density of stay in the synthetic data and the density of stay in the
mobile spatial statistics around the station and the periphery of the area, and
the red mesh in the figure is considered the area where users frequently enter
and leave the area.



564 N. Tamura et al.

Fig. 8. Comparison of correlation

4.2 Amount of Travel

Figure 10 shows the comparison between the synthetic data and the original data,
where the horizontal axis shows the hourly time, and the vertical axis shows the
percentage of the travel. Compared with the original data, the generated data
reproduces the peak hours, but the amount of travel during the midnight hours
is lower than that of the original data.

Figure 11 shows the comparison of the travel distance between the synthetic
data and the original data. We can see that the synthetic data tends to move
longer distances than the original data, and especially the distance below 0.5 km
is smaller. This may be because the density and LU similarity are too important
when selecting the destination mesh. In addition, the distance traveled depends
on the user’s geographic location, such as the location of the user’s home and
workplace, this may be because these are not sufficiently modeled in the activity
modeling of agents.
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Fig. 9. Distribution of meshes with high RMSE

Fig. 10. Comparison of amount of travel
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Fig. 11. Comparison of travel distance

5 Conclusion

This paper proposes a method to generate synthetic human flow data in an urban
environment by utilizing large-scale GPS location history data. In particular,
we realize unsupervised user activity modeling using Agent2Vec for distributed
representation and Kmeans++ for clustering. By using this method, we were
able to generate synthetic people flow data using only unlabeled data. This data
reproduces the density of stay in the real world with finer granularity than the
conventional data and models the agent’s travel by LU transitions. Therefore,
the synthetic traffic flow data can reproduce a more realistic flow by creating
the travel along with the POI of real users. As for the prospects, we would like
to generate more accurate human flow data for the distance traveled, which was
not accurate in this evaluation. We are considering an approach that adds a
geographical element to the user activity modeling. We also plan to evaluate our
dataset by comparing it with various other datasets. In addition, we would like
to improve our method to reproduce each agent’s travel route, travel speed, and
means of travel, as these are considered essential elements for reproducing urban
human flows.
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