
Aggregate Human Mobility Using Mobile
Network Big Data

Okkie Putriani1,2 , Sigit Priyanto1(B), Imam Muthohar1 ,
and Mukhammad Rizka Fahmi Amrozi1

1 Universitas Gadjah Mada, Yogyakarta, Indonesia
spriyanto2007@ugm.ac.id

2 Universitas Atma Jaya Yogyakarta, Yogyakarta, Indonesia

Abstract. Processing big data into human mobility analysis requires more in-
depth stages and calculations with each consideration or assumption at the begin-
ning of the step. Data from the Ministry of Transportation Research and Research
Section with City Data for March 2022 on 15–16, Sunday and Monday as a repre-
sentative of weekends and weekdays. The data received is translated into a UTM
48 S coordinate map because it is located in DKI Jakarta. The method used is
processing the Python and Kepler programming languages as data visualization.
The data cleansing required at the beginning removes data that is not moving and
eliminates data that moves too far at speeds above 60 km/h. Data aggregation
is indicated by spatial join with the zoning area. It eliminates the need to do an
internal movement. Furthermore, set a dwelling time of 30 min and a travel time
of 50 km/h. The movement taken is the movement of more than one activity. In
one zone, the area can be represented from one sub-district area or a particular
zoning area, then translated into one midpoint simultaneously. It becomes inter-
esting when the analysis of human mobility is seen from the internal movement
so that the internal movement is eliminated. By looking at the data aggregation, it
can be calculated for preparing the Origin-DestinationMatrix table. The condition
of DKI Jakarta with calculations using the MNBD is undoubtedly a new finding
because this is the initial condition of the Covid-19 pandemic coming to Indone-
sia. So that human mobility can be seen more clearly due to less movement due to
travel restrictions. After experiencing the data aggregation process, approximately
only 2.17% of the data can be used. It can be seen that the five highest zones are
Gambir, Karawaci, South Bekasi, Sunter Agung, and Pondok Aren.
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1 Introduction

The essence of human movement can be seen from the origin and purpose of their
activities [1]. Billions of people move daily, and these activity trips can be aggregated
into movement data that can be analyzed further [2]. The existence of technological
sophistication makes cell phones capable of recording human mobility data [3–5], and
the behaviour pattern of human mobility can be used as a transportation policy [6, 7].
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1.1 Human Mobility

Human mobility is a commonly used but loosely defined term that represents the notion
of a person’s spatio-temporal occupancy, involving the interactions between people,
society, and the surrounding physical environment [4, 8]. A better understanding of
human mobility is key to understanding human interactions with their environment
and the use of geospatial, which aids in transportation and urban planning, political
decision-making, epidemiology, economic development, emergency management, etc.
[9]. Human activities generate large amounts of geospatial data. Processing big data
into human mobility analysis requires more in-depth stages and calculations with each
consideration or assumption at the beginning of the step [10].

1.2 Mobile Network Big Data

Given the volumes of data that are now generated by mobile networks due to the almost
ubiquitous use of mobile phones [11] by the majority of the population, this data can be
considered as big data. Spurred by the exponential growth of mobile connectivity [12],
the attendant large volumes of Mobile Network Big Data (MNBD), offer the possibility
to obtain rich behavioral insights [13] at a scale that was never possible before. The
movement data model can be obtained from MNBD data collected from aggregations.
One of the MNBD data provider companies comes from the United States, namely
citydata.ai, which utilizes a geospatial platform related to daily movement data from the
areas we need.

1.3 Previous Condition

For Indonesian conditions, they began utilizing cellular data through the country’s
leading telecoms carrier in 2017–2018. Processing this prefix data presents difficulties
because it does not reflect actual situations. One Indonesian citizenmay usemultiple ser-
vice providers, and a single territory is split up under the dominance of various providers,
as well as mapping tasks that continue to employ traditional techniques, particularly by
carrying out manual surveys [14].

2 Material and Methods

The information was gathered by the Republic of Indonesia’s Ministry of Transportation
from citydata.ai. With the initial entry strategy for the Covid-19 pandemic, sample data
for 2020 were collected in Indonesia in March. The sample consists of the weekends
and weekdays of March 15 and 16, 2020, respectively. The boundaries of the given
area are Jakarta and its surroundings. The Python programming language combines this
daily data into one massive data set, which is then processed to enable analysis and
visualization.
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3 Results and Discussion

3.1 Collect the Data

Information from the Ministry of Transportation Research and Research Section with
City Data for March 2022 on 15–16, Sunday and Monday, as an example of weekends
and weekdays. Due to its location at DKI Jakarta, the data is converted into a map in
UTM 48 S coordinates. Figure 1 depicts the UTM 48 S coordinate.

3.2 Data Cleansing

Data cleansing is essential in preparing data during operations or downstream analysis.
When many data sources are integrated, there are several opportunities for data to be
duplicated or incorrectly categorized. If the data is incorrect, the results and algorithms
are unreliable, even if they appear to be correct. [6]. Given that these procedures differ
from data set to data set, there is no definite way to specify the distinct phases in the data
cleaning process. The initial data cleansing process removes any data that is not moving
and eliminates any data that moves too quickly at speeds more than 60 km/h. The data
cleansing can be seen in Table 1.

3.3 Data Aggregation

Data aggregation [16] is the process of gathering data and summarizing it for uses like
statistical analysis. Aggregation is used to get more information about a particular team
based on a particular variable. Spatial connectionwith the zoning area is a visual indicator
of data aggregation. It does away with the requirement for an internal movement. Set
a dwell period of 30 min and a travel speed of 50 km/h. The movement made is the
result of several different activities. One zone can be represented by one subdistrict area
or one specific zoning area, simultaneously translated into one middle. When internal
movement is eliminated, and the analysis of human motion is done from the outside, it

Fig. 1. UTM 48 S Coordinate Map: Indonesia 102oE–108oE [15]
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Fig. 2. Jakarta Origin Destionation Matrix 15–16 March 2020 Using MNBD

Fig. 3. The Chord Diagram of Origin-Destination Matrix Intercity in Jakarta Administration:
15–16 March 2020

becomes interesting. It can be determined to create the Origin-Destination Matrix table
by looking at the data aggregation. The table can be seen in Table 2.

A table of origin and destination is then used tomap the aggregate of humanmobility,
as seen in Fig. 2. The computation shows that internal motions continue to remain
dominant. Internal movement is not considered when calculating trip displacement in
the transportation sector.

The data is then aggregated back into Jakarta regional units in Fig. 3 to make it
simpler to see the results of the ODMatrix calculations. Afterwards, they were grouped
to create a Chord Diagram to determine which movements represent excellent human
mobility.
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Fig. 4. The Frequency of Jakarta Human Mobility on March 15–16, 2020

Gambir

Sunter 
Agung

Pondok
Aren

Karawaci

Bekasi 
Selatan

Fig. 5. Five Highest Zones of Human Mobility in Jakarta on March 15–16, 2020

The movement has decreased compared to the general conditions in Jakarta, as seen
in Fig. 4, which displays the frequency of data throughout 24 h on two days in March
2022. This condition is a result of work-from-home policies and activity limitations.
In order to effectively represent actions with colour. The pandemic is officially moving
toward Indonesia, as indicated by the orange tint. A decreased activity is apparent since
the blue denotes a restricted travel activity limitation scheme. This is the initial state of
the Covid-19 epidemic reaching Indonesia, the situation of DKI Jakarta, as determined
by calculations utilizing the MNBD, is unquestionably a novel discovery. In order to
better understand human mobility by reducing movement owing to travel constraints.

It can be seen that the five highest human mobility zones during March 15–16, 2020
are Gambir, Karawaci, South Bekasi, Sunter Agung, and Pondok Aren. The five highest
mobility zones can be seen in Fig. 5.

4 Conclusion

Using Mobile Network Big Data data samples collected on March 15 and 16, 2020,
the movement of people in Jakarta, Indonesia, demonstrated the effects of the Covid-19
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epidemic, including a decline in activity and movement. Gambir, which receives 95% of
all origin and destination visits, is the most popular location. A definition of movement
based on the method of transportation used or integration with public transportation is
anticipated from the future follow-up study.
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which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the source,
provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter’s Creative
Commons license, unless indicated otherwise in a credit line to the material. If material is not
included in the chapter’s Creative Commons license and your intended use is not permitted by
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the copyright holder.
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