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Abstract Understanding urban dynamics and large-scale

human mobility will play a vital role in building smart cities

and sustainable urbanization. Existing research in this do-

main mainly focuses on a single data source (e.g., GPS data,

CDR data, etc.). In this study, we collect big and hetero-

geneous data and aim to investigate and discover the rela-

tionship between spatiotemporal topics found in geo-tagged

tweets and GPS traces from smartphones. We employ La-

tent Dirichlet Allocation-based topic modeling on geo-tagged

tweets to extract and classify the topics. Then the extracted

topics from tweets and temporal population distribution from

GPS traces are jointly used to model urban dynamics and

human crowd flow. The experimental results and validations

demonstrate the efficiency of our approach and suggest that

the fusion of cross-domain data for urban dynamics modeling

is more practical than previously thought.

Keywords GPS trajectory, human mobility, SNS, location-

based social network (LBSN), topic modeling, data mining,

spatiotemporal topic

1 Introduction

In smart-city research, understanding urban dynamics and

large-scale human mobility has become one of the major
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modern challenges [1]. Devices and web services are becom-

ing increasingly interconnected in social and community in-

telligence infrastructures [2] and data vitalization applica-

tions are constantly being developed to communicate with

community and end users [3]. Especially, in modern cities

with heterogeneous life patterns and high dependence on

public infrastructure, city- or nation-scale understanding of

human mobility is crucial for urban planning, transportation

planning, and emergency response.

Recently, increasingly accurate and precise location data

such as Call Detail Records (CDR) and Global Positioning

System (GPS) logs have become available and have opened

a broad range of research possibilities including understand-

ing regional mobility [4,5] and mobility prediction during a

large-scale disaster [6]. However, to fully utilize the data in

many estimation, prediction, or classification models, supple-

mental information with high accuracy and precision is cru-

cial.

One possible solution to this issue is to use data from the

Location-based Social Network (LBSN) services. Some users

of services such as Twitter, Sina Weibo, and Swarm post con-

tent with location tags (geo-tags) usually use GPS devices on

their mobile phones. The data are accurate and precise, and

given a large amount of data from the same users, the data can

be considered trajectories of the users’ mobility. Each post

represents users’ opinions and responses to environments;

therefore, through an appropriate technique of opinion min-
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ing [7], the textual content of the data can be considered as

contextual and mobility information. Thus, data have large

information potential, such as topical inference of the trajec-

tories of tourists [8] and event detection and inference [9].

However, compared to the GPS datasets, the trajectory from

LBSN is usually sparse and highly biased. To model and un-

derstand the city-scale mobility pattern, we need a compre-

hensive dataset while utilizing rich contextual information

from real-time and high-resolution LBSN data. Therefore, in

this research, we aim to assimilate big mobility data from

GPS and contextual information from LBSN data in regres-

sion models for large-scale human mobility estimation.

In this study, we collect big and heterogeneous data and

jointly use them for regression models using (1) GPS logs of

approximately 440 thousand anonymized mobile phone users

throughout Japan from July 25, 2013 to July 31, 2013 and (2)

Geo-tagged tweets from Twitter during the same period. We

employ latent Dirichlet allocation (LDA) topics modeling to

discover latent topics from tweets. Then the extracted topics

from tweets and temporal population distribution from GPS

traces are jointly used to train a regression model to discover

and model their relationships.

The key idea of this work is summarized in Fig. 1 and this

work has the following key characteristics that make it unique

compared to previous research.

Fig. 1 The key idea of this work (Can we use cross-domain data for human
mobility modeling and estimation? We employ topic modeling to discover
latent topics from geo-tagged tweets, and estimate population distribution
from GPS traces. Credit: “Konzatsu-Tokei�” c©ZENRIN DataCom CO.,
LTD)

1) Big and heterogeneous data: our research is based on

a big and heterogeneous data source. We used the GPS

records of 440 thousand users over one week and the

related Twitter data.

2) Fusion of cross-domain data: We propose a novel

pipeline using state-of-the-art methods to discover

the relationships between human mobility data and

location-based social network data and apply it to hu-

man mobility estimation.

The rest of this paper is organized as follows. We discuss

related work in Section 2. The data are introduced in Sec-

tion 3 and the formal definitions and model specifications are

summarized in Sections 4 and 5. In Section 6, we experimen-

tally evaluate our methods using real data, and finally Section

7 concludes the paper.

2 Related work

There have been several studies with location logs and tra-

jectories starting from survey-based [10,11] to large-scale

mobile phone data for city-scale or nation-scale mobility

[4,5,12]. Traffic analysis is also a recent prominent subject

using big data [13–18]. In addition, with supplemental infor-

mation, application-focused models including disaster evac-

uation behavior [6,19], residential life patterns [20], public

safety [21,22], and regions of different functions [23] have

become possible.

As Guo et al. [24] proposed the concept of mobile crowd

sensing and computing that leverage both mobile sensing of

devices and cognitive intelligence of humans, LBSN data

have also been used for understanding urban dynamics. For

example, even though less than 1% of tweets in Twitter are

geo-tagged [25], Twitter data have been widely used in the

fields of Computer Science, GIScience, and transportation

engineering [26]. Cheng and Wicks conducted a study to first

extract clusters in geo-tagged tweets and then applied LDA

to interpret the topics of the clusters [27]. Sakaki et al. es-

timated locations of earthquakes and typhoons using geo-

tagged tweets [28]. Abbasi et al. extracted tourists’ mobil-

ity patterns from other users [29]. Other studies include un-

derstanding topical features from trajectories based on geo-

tagged text messages [8], emergency event location estima-

tion [30], application development for improving emergency

awareness [31], and urban land use estimation [32]. Some

studies focus on the trajectory of the LBSN data to investi-

gate mobility [33], such as cross-border mobility estimation

[34] and global mobility patterns [35], suggesting geo-tagged

tweets sufficiently reflect global and regional human mobil-
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ity.

By combining mobility and social activity data, Pan et al.

[36] developed a model to detect traffic anomalies and em-

ployed a tf-idf based approach on tweets to discover repre-

sentative words for each anomaly; however, such application

is rare as the number of studies combining multi-modal data

for smart city research remains limited.

3 Big and heterogeneous data source

• GPS data The GPS trajectories used in this study are

from approximately 440 thousand anonymized mobile phone

users throughout Japan from June1, 2013 to July 31, 2013,

which are processed by NTT DOCOMO, INC1) . An app on

the phones sends the location of the users every five minutes,

provided a GPS signal is available. One important drawback

of the data is that the number of points is biased toward day-

time and downtown areas, where people usually spend the

daytime. This is because the data were collected when mo-

bile phone users were usually on the move.

• Geo-tagged tweets The geo-tagged tweets from June

1, 2013 to July 31, 2013 were collected using the Twitter

API. To extract tweets concerning mobility and social activ-

ity, only tweets posted from check-in services (e.g., Swarm)

are used for the following experiment. Figure 2 compares the

number of GPS points and the number of tweets at the same

locations and shows low correlations, suggesting that estima-

tion of human mobility from geo-tagged tweets is a very chal-

lenging task.

4 Hypothesis and preliminaries

4.1 Hypothesis

Nowadays, residents in urban cities move regularly using

different transportation infrastructures. Some of them en-

joy Twitter or other LBSNs with their mobile devices. They

sometimes post their “check-ins” during their commutes and

travels. Each post represents their sentiments, lifestyle, or

events they observe or participate in. Especially, when they

encounter anomalies such as traffic accidents or seasonal

events, they tweet more heavily. Collectively, while we as-

sume the collection of tweets represents peoples’ sentiments,

lifestyles, or events, we expect to observe significantly more

tweets about unprecedented events.

What and how people tweet is heavily biased depending on

the topics. For example, under normal circumstances, people

tweet about their personal thoughts or post responses to other

tweets. However, when they observe unexpected events, they

tend to be more descriptive of the events. We assume this is

the key to understanding the background of human mobility.

4.2 Preliminaries

Human mobility data and social media posts are different

modal data and require separate preliminary data processing

steps. For human mobility data, GPS trajectories from mobile

phones are used for this study. The GPS trajectory is struc-

tured as a 4-tuple:

Fig. 2 The number of GPS points and tweets (Low correlation can be observed between the number of GPS points and the number of tweets,
suggesting more supplemental features are required for better estimation. Credit: “Konzatsu-Tokei�” c©ZENRINDataCom CO., LTD)

1) “Konzatsu-Tokei (R)” Data refers to people flow data collected by individual location data sent from mobile phones with enabled AUTO-GPS function
under users’ consent, through the “docomo map navi” service provided by NTT DOCOMO, INC. Those data are processed collectively and statistically to
conceal private information. Original location data is GPS data (latitude, longitude) transmitted every five minutes and does not include information to specify
individuals, such as gender or age
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X = {(u, τ, lat, lon)}, (1)

where u, τ, lat, and lon are the device ID, timestamp, latitude,

and longitude, respectively.

For social media posts, geo-tagged tweets are used for this

study. The tweet dataset is structured also as a table con-

taining the user id, latitude, longitude, timestamp, and raw

tweet. Supplemental components of original tweets such as

URLs, hashtags, usernames, and location names in “check-

in” tweets are removed. For further processing, we use the

following equations to define tweets:

ti = {(ui, τi, lati, loni,wi)} ∈ T, (2)

and the text in the tweets.

wi = {wi,1,wi,2, . . . ,wi,Ni } ∈ V. (3)

A tweet ti is a 5-tuple where ui, τ, lat, and lon are device ID,

timestamp, latitude, and longitude by a user with correspond-

ing timestamps, and w is a bag-of-words which contains Ni

words. Let the vocabulary V = {1, 2, . . . ,V} be a set of word

IDs so that each word appears in the collection of words V at

least once.

Our goal is to train a model Y ≈ f (X, B). Given X as a

combined feature with the number of tweets and the result of

topic modeling, our model can infer and estimate the number

of GPS points Y.

5 Models

5.1 Overview of models

The entire process consists of three parts (Fig. 3): tempo-

ral distribution estimation, topic modeling, and regression.

First, the grid-based temporal distributions of GPS points and

tweets are calculated. Second, using the tweets, topic model-

ing is conducted to discover latent topics. Last, by utilizing

the temporal distribution of tweets and the results of topic

modeling, regression models are trained to predict the tem-

poral distribution of GPS points. As tweets, and potential

GPS trajectories, are meant to be collected in real-time, we

prioritize model simplicity and processing time for possible

applications.

5.2 Temporal distribution estimation from GPS data and

tweets

Each dataset is discretized to produce a human mobility ten-

sor and social activity tensor. We selected one hour as the

time interval Δdt. In addition, we defined a grid with Δdlat

and Δdlon. We experimentally selected Δdlat and Δdlon= 1km,

calculated by the Vincenty distance as the grid size to ensure

uniformity throughout Japan.

The human mobility tensor M = {mi, j,t} is a three-

dimensional array containing the number of GPS data points

Fig. 3 Model overview
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m in the ith latitude index, jth longitude index, and tth tem-

poral index. We have removed duplicate points by the same

users from sets of spatiotemporal indices. Similarly, the ten-

sor S = {si, j,t} is a three-dimensional array containing the

number of geo-tagged tweets s in the ith latitude index, jth

longitude index, and tth temporal index. For subsequent topic

modeling, the tensor W = {wi, j,t} containing the bag-of-

words representation of tweets under the same indices is also

defined. For example, if w1 and w2 for tweets t1 and t2 fall

under the same indices, these bag-of-words representations

are concatenated. The vocabulary V is defined for the en-

tire dataset and is shared among the tensors for the following

models.

5.3 Topic modeling from twitter data

Three methods are applied on the geo-tagged tweets. First,

we use Latent Semantic Analysis (LSA) based on an “online

incremental streamed distributed training algorithm” [37].

LSA takes the term frequency-inverse term frequency matrix

as the input and computes a low-rank approximation of the

input matrix using singular value decomposition:

Xt×d = Ut×kΣk×kVd×kT, (4)

where X is the term-document frequency matrix, U and V

are orthogonal matrices and Σ is a diagonal matrix. t is the

number of terms, d is the number of documents, and k is the

dimension size (the number of topics). The ith column in X

represents a vector corresponding to the ith document in re-

lation to each term, while the ith column in V(di) becomes

the vector corresponding to the ith document in the low di-

rectional space where the number of topics = k. Σkdi for each

document will be saved and used with the regression models.

Second, LDA is performed. LDA is a probabilistic exten-

sion of LSA [38]. LDA assumes that a set of documents are

derived from k topics through a generative process where

each topic has a multinomial distribution βk ∼ Dirichlet(η)

over the vocabulary. For each document d, the distribution

over topics θd ∼ Dirichlet(α) is drawn followed by topic in-

dex zdi ∈ {1, 2, . . . ,K} and topic weights zdi ∼ θd, and finally

word wdi is drawn from the selected topic wdi ∼ βzdi. In this

study, a variation with faster online implementation [39] is

used. Each probability corresponding to the topics for each

document will be saved and used with the regression models.

Finally, the topic tensor T = {zk,i, j,t} is defined using the

result of the topic models. It contains topic weights z of topic

k on a collection of tweets falling under the ith latitude index,

jth longitude index, and tth temporal index. We experimen-

tally set the number of topics k as 10.

5.4 Regression models for data fusion

To understand the relationship between GPS trajectory and

spatiotemporal topics from topic modeling, we develop the

regression model, Y ≈ f (X, B). Under three scenarios (# of

tweets → GPS, # of tweets + LSA → GPS, and # of tweets

+ LDA→ GPS), Y is the mobility tensor M reshaped into a

column vector. For the first scenario (# of tweets→ GPS), X

is tensor S reshaped into a column vector. For the second and

third scenarios (# of tweets + LSA → GPS and # of tweets

+ LDA→ GPS), X is tensor S or T, reshaped and stacked to

construct a matrix with 1+k rows with T from LSA or LDA,

respectively.

In this study, the Support Vector Regression (SVR) model

is employed, and we also use the Radial Basis Function

(RBF) and Gradient Boosting (GB). The RBF kernel func-

tion is defined as follows:

exp(−γ|x − x′|2), (5)

where γ represents kernel parameters in the form of a kernel

coefficient.

Gradient Boostinghas high predictive power with hetero-

geneous features and takes the form of an ensemble of deci-

sion tree models. The loss function is optimized using least

squares regression, least absolute deviation, and the combi-

nation of the two.The evaluation of the model performance is

based on k-fold cross validation with k = 3. The parameters

for each model are optimized based on grid searches.

6 Experiments

We selected the area of interest as the Greater Tokyo Area

(138.72 to 140.87 in longitude, 34.9 to 36.28 in latitude) and

the timespan from July 25, 2013 to July 31, 2013. The times-

pan is that for which we could prepare both GPS data and

Twitter data and in this timeframe, we anticipated a yearly

fireworks festival (Sumidagawa Fireworks Festival) usually

held on the last Saturday in July (the 27th in 2013). However,

in 2013, the festival was canceled during the event for the first

time in the festival’s history due to heavy rain. Spectators of

the event are known to gather along Sumidagawa-river,which

is one of the largest rivers near the city center of Tokyo.

6.1 Results of topic modeling

As observed in Tables 1 and 2, some topics can be consid-

ered strongly related to mobility and transportation infras-

tructure. While LSA tends to produce topics on generic activ-

ities, LDA produces topics potentially about specific events.
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LDA also produces some topics mentioning certain locations

(e.g., Tokyo and Shinjuku stations, as both are popular trans-

portation hubs in the area).When comparing the shares of

probability for each topic in the LDA model, temporal fluc-

tuation can be observed (Fig. 4). Every morning, the shares

of certain topics (e.g., topic 3 “Food” and 4 “Travel”) drop

and shares of other topics (e.g., topic 7 “Routine”) increase.

Geographically, topic 4 “Travel” is significant around trans-

portation hubs and tourist spots. Topic 7 “Travel, Events” is

clustered around the fireworks festival venue during the fire-

works festival.This suggests that the model successfully cap-

tures the dominant visiting purpose aroundan area.

6.2 Regression analysis for data fusion

For model performance evaluation, the Root Mean Square Er-

ror (RMSE: in number of GPS points) is calculated and used

for performance comparison (Table 3). Overall, the combined

feature with the number of tweets and LSA with Gradient

Boosting achieved the best performance. Figure 5 shows the

average distribution of GPS points, tweets, and estimated

GPS points among all temporal units in the time span. Gener-

ally, when the average number of tweets in the spatiotemporal

Fig. 4 (a) Average shares of each topic (LDA) in each temporal unit; (b) top topic from LDA model during 07/26/2013 (Friday) 19:00 – 20:00;
(c) top topic from LDA model during 07/27/2013 (Saturday, Fireworks festival) 19:00 – 20:00 (On average, Topics 3 and 7 take the greatest shares
in each temporal unit. Topic 4 (Travel) is dominant in transportation hubs and tourist spots (Tokyo station, Airport, Tokyo Disney Resort) on
Friday. On Saturday, Topic 6 (Travel, Event) is significant around the fireworks festival venue)
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Fig. 5 Distribution of (a) GPS points, (b) tweets, and (c) estimated distribution of GPS points (Credit: “Konzatsu-Tokei�” c©ZENRIN
DataCom CO., LTD)

unit is below three, the model overestimates the number of

GPS points. This is reasonable, but is one of the most signif-

icant limitations of the model.

Table 3 Regression model performance (RMSE)

SVR GB

# of tweets 102.95 99.21

# of tweets + LSA 99.55 93.64

# of tweets + LDA 100.89 96.93

Figure 6 shows the spatial distribution of RMSE values

(top left) and the estimation error (ground truth – estimated

value) for 19:00 – 20:00 each day of the week. Overall, the

accuracy around tourist spots (Tokyo Disney Resort, Meiji

Jingu, and an international airport) is higher than average;

however, in the areas around transportation hubs (Tokyo and

Shinjuku stations), the accuracy is lower than average. This

may be because of intensive daily transportation mixed with

commute and leisure.The model tends to underestimate on

weekdays around major transportation hubs (Tokyo and Shin-

juku stations) and the accuracy is higher during weekends.

Figure 7 shows the RMSE in each temporal unit and RMSE

compared to the number of tweets in the spatiotemporal unit.

The accuracy is generally higher during the weekend (07/27

and 07/28). However, the accuracy is lower during rush hour

on weekdays (06:00 – 10:00 and 17:00 – 20:00). Compared

to the number of tweets, as the number of tweets increases,

the accuracy generally increases, even though there are clear

fluctuations in accuracy in some places with larger numbers

of tweets.

These two analyses suggest that the intensive transporta-

tion due to the commute during rush hour around transporta-

tion hubs makes the estimation difficult. We think this is one

of the major limitations of the model.

6.3 Parameter evaluation

To evaluate the parameter selection, we conducted the exper-

iment using different sets of parameters: time interval Δdt,

spatial grid intervals Δdlat and Δdlon, the number of topics k,

and the time span for the experiment. Table 4 summarizes the

results.

First, increasing the number of topics does not significantly

improve the model performance. Even though a higher num-

ber of topics theoretically helps the model to distinguish more

particular topics, this city-scale human mobility estimation

application appears to be dominated by generic daily mobil-

ity patterns.

As time intervalΔdt or spatial grid intervalsΔdlat andΔdlon

become smaller (higher resolution), R2 decreases, but the

RMSE also decreases.With higher resolution, the error tends

to become smaller(better RMSE), but noise hurts the model’s

fitting ability (worse R2). This parameter selection involves

a tradeoff between accuracy (RMSE) and performance (R2),

and computation cost. In addition to the basic limitation men-

tioned in Section 6.2, the recommendation is to use higher

resolution by securing the average number of tweets in the

spatiotemporal unit as at least three.

Table 4 Model performance evaluation with different parameter sets

RMSE R2

# of topics 10 20 30 10 20 30

# of tweets + LSA (GB) 93.64 92.96 92.94 0.41 0.41 0.41

# of tweets + LDA (GB) 96.93 95.06 95.66 0.36 0.38 0.38

Time interval /mins 30 60 90 30 60 90

# of tweets + LSA (GB) 66.45 93.64 116.04 0.33 0.41 0.44

# of tweets + LDA (GB) 67.41 96.93 119.16 0.31 0.36 0.4

Spatial grid interval /m 500 1000 1500 500 1000 1500

# of tweets + LSA (GB) 57.55 93.64 126.32 0.32 0.41 0.45

# of tweets + LDA (GB) 59.15 96.93 128.55 0.28 0.36 0.43

Time span /weeks 1 4 8 1 4 8

# of tweets + LSA (GB) 93.64 97.23 96.96 0.41 0.39 0.41

# of tweets + LDA (GB) 96.93 98.98 98.9 0.36 0.37 0.38

7 Conclusion

In this study, we combined big and heterogeneous GPS data
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Fig. 6 Spatial distribution of RMSE (top left) and estimation error (ground truth – estimated value) in 19:00 – 20:00 on each day from
07/25/2013 (Thursday) to 07/29/2013 (Monday) (Credit: “Konzatsu-Tokei�” c©ZENRINDataCom CO., LTD)

with geo-tagged tweets. The application of topic modeling

discovers several behaviors in urban life style including sea-

sonal events. The regression model with GPS, tweets, and

topics from tweets produces better results to infer human

mobility, especially during unprecedented events. The result

suggests that spatiotemporal topics from geo-tagged tweets

are influential to evaluate human mobility. The analysis of the

regression result suggests some key indicators for parameter

choice. The model performs best on weekends and sometimes

on weekdays, except during rush hour around transportation

hubs. The model also works during large-scale events, where

a sufficient number of tweets is expected, depending on the

parameter choices.

As future work, we aim at cross-domain data fusion

[40,41] using deep neural network models to explore the

multi-feature representation of human mobility and social
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Fig. 7 (a) RMSE in each temporal unit and (b) RMSE compared to # of tweets in spatiotemporal unit

activities.
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