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Abstract. GPS data is an interesting thing to research. Various studies have been conducted to
find information based on GPS data. In this paper, we propose a novel model for determining
the stopping point on a GPS data for cases of human movement without using transportation
modes. Further, this information can be used to determines human behavior such as fraud and
favorite spot. The GPS data used in this research is the travel data of the SUSENAS survey
officers at the time of updating the census block for 27 households. Density Based Spatial
Clustering Of Application With Noise (DBSCAN) And Gaussian Mixture Model (GMM)
Clustering model is used to create the model. The model made using a flowchart and applied to
the GPS data that has been collected. The results of the developed model show that the
stopping points generated using the DBSCAN cluster model are better than the stopping points
generated using the GMM cluster model. Furthermore, the results of this study will be used to
make model of surveyor fraud.

1. Preliminary
GPS is a satellite system for navigation and positioning using satellites. One of the factors of accuracy
of positioning with GPS is data processing strategy. Following the development of GPS needs in
human life, GPS observation data can be processed using a variety of software. Data collection carried
out by a GPS device to measure the location or research location, distance, absolute location, and land
height from sea level.
Several studies have been conducted to determine the stop point of a GPS data starting from the
stop point when driving a car to the stop point of the movement of animals [1] (Faeni, 2020). Peter
Stoper et al. (2005) describe how GPS devices work and demonstrate the ability of the device to
provide accurate data about travel movements. The study describes the software developed to improve
the ability to analyze data results (Stopher et al., 2005). The latest GPS devices at that time showed the
potential to replace conventional methods of data collection which were not good enough due to
known errors and inaccuracies in the data (Gong L et al., 2014). This study developed a procedure that
made it possible to infer models and destinations on most of the recorded trip data.
Chaoran Zhou et al (2017) using tracking data obtained from smartphones and internet surveys,
drawing conclusions based on data using machine learning methods is used to find out the stops of a
trip. In his research, millions of smartphone-based GPS tracking data were used. Various attributes
such as speed, distance, aim, etc. used to describe the travel status of smartphone users.
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Another research is Jinjun Tang et al. (2017) which uses a two-layer decision framework to model
the behavior of taxi drivers looking for passengers in urban areas. The first layer models the taxi
driver's decision to pick up passengers from one place. The Huff model is used to describe the
attractiveness of the pick-up location (Xiao Z et al., 2017). Furthermore, the Path Size Logit (PSL)
model is used in the second layer to analyze route choices based on some information such as path
size, path distance, travel time and delay due to intersections. The results show that the proposed Huff
model has high accuracy for estimating the driver's pick-up location choice. PSL outperforms
traditional multitomial logit in modeling driver's route choice behavior (Tang et al., 2016).
Subsequent research was conducted by Zong fang et al. (2018) designed a process to identify a
person's journey and activities based on GPS data. The identification process consists of four stages,
namely: determining segment status, detecting activity, identifying trips, and recognizing short-term
activities (Fang et al., 2018). By proposing a method for identifying trips and activities from GPS data,
this study provides a research scheme for detecting other travel information based on GPS data (Yu
Zhang et al., 2018) such as travel mode and travel destination, a sensible decision for transportation
planning and management. urban.
From the various literatures above, it can be learned how research related to the use of GPS data or
time analysis to determine a person's behavior can be studied. Furthermore, this study uses GPS data
and stop time to validate the data collection process in survey activities. Furthermore, the results of the
analysis are expected to assist in making a decision whether a data collection process in a survey needs
to be repeated or is already valid.
2. Research methods
This study uses primary data collected by simulation (Halder, 2006) directly to the field which was
carried out in the case of updating (household updating) SUSENAS. The simulation was carried out at
RT 03 RW 01, Cibeuying Hegar, Sadang Serang on January 12, 2019. Data was collected using an
android application that was made by myself and using a Samsung A50 device.
The development of the stopping point determination model is designed according to the
characteristics of the data generated from the results of the simulation data carried out. The system
simulation is carried out with the following scenarios:
● Susenas Updating Process Simulation
● Target population : 30 households in RT 03 RW 01, Cibeuying Hegar, Sadang Serang
● Simulation time: 08.00 – 11.00
● Device used:
o Samsung A50
● The simulation is carried out in one process without a pause
● The simulation is carried out by direct interviews, walking from house to house
The results of the system simulation can be seen in the following table:
Table 1. Results simulation.
No

Parameter

Method

1

GPS Accuracy

6-14 m

2
3
4

Battery Consumption
A lot of data collected
Data size

6%/hour
669 records
4863 bytes

The data is processed using R software (Handoyo et all. 2017) using the mclust and fpc libraries.
Software is used to create clusters using the DBSCAN (L Ni et all, 2018) and GMM methods. In
addition, R software is also used to visualize data and maps.
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Density-Based Spatial Clustering of Application with Noise (DBSCAN) is one of the pioneer
examples of the development of density-based clustering techniques or commonly known as densitybased clustering(Mumtaz ea, 2010). Among the various types of clustering algorithms, density based
clustering is more efficient for determining clusters on data with different densities(Matheus ea, 1993).
Based on this assumption DBSCAN used in this research.
GMM is a type of density model consisting of components of Gaussian functions. This function
component consists of different Thresholds to produce multi-density models. Yihua (2010) used
GMM to model the distribution of GPS traces across multiple traffic lanes. The GMM naturally
accounts for the inherent spread in GPS data.
In the simulation process, from the target of 30 households, 27 households were successfully met
and interviewed. 3 households could not be found because after being visited the household was not at
home so that household information was obtained from the nearest neighbor. The model is built using
the principle of proximity as a household point determination. Here is a flowchart of the resulting
model:

Figure 1. Model stop point determination.
Determination of the stopping point using model explained by the flowchart image above. The
following steps are carried out in model:
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●

Calculate the distance between all points and point 0 using the haversine formula. Here is the
formula for calculating distance using the haversine formula (Chandra ea, 2020. Saputra ea,
2019):
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Information:
lat1
: latitude coordinates at point 1
lat2
: latitude coordinates at point 2
long1 : longitude coordinates at point 1
long2 : longitude coordinates at point 2
PI()
: constant of magnitude pi (3.14)
●
●
●
●

Clustering data using GPS based on distance so as to get a temporary stop point using density
based clustering (DBSCAN) and GMM methods
Calculate the stop time on each cluster
If the downtime > 30 seconds then input as a valid break point. If downtime < 30 seconds
continue loop
Continue iterating over the resulting number of clusters

3. Results and discussion
3.1. Clustering with DBSCAN and GMM
In this study, researchers compared two clustering methods to get clusters that match expectations.
The methods used are DBSCAN clustering (Ester, 1996) and gaussian mixture model (GMM)
clustering (Y Li et all, 2020). Figures 2 and figure 3 show the results of two clustering methods on
GPS data generated by model.

Figure 2. Clustering results with DBSCAN.
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Gaussian Mixture Model

Figure 3. The results of clustering with the GMM cluster method.
Figures 2 and figure 3 show the results of clustering using the GMM and DBSCAN methods. The
DBSCAN method produces 27 clusters as seen from the different colors of 27 groups. The GMM
cluster method produces 9 clusters as seen from the color of 9 groups. The syntax of the R application
use mclust library.
From the results of the analysis, it can be concluded that the DBSCAN method is more suitable for
this research. Because the distance between clusters can be adjusted according to the characteristics of
the distance of the house in a census block. So that the resulting cluster can be more in line with the
actual situation.
3.2. Evaluation of model
This evaluation is carried out by comparing the average stopping point resulting from the model
calculation with the stopping point seen based on the Google Maps application. The evaluation steps
are as follows:
Hypothesis
The hypotheses in this evaluation are:
● H0 : : There is no average difference between the variables in the generated GPS data
● H1: The average between the variables in the resulting GPS data is different
If the p-value/ Sig. 0.05 then H0 is accepted.
If the p-value/ Sig. < 0.05 then H0 is rejected
Normality test
Normality test was performed using Shapiro-Wilk (Hinton et al., 2014) on R software. All p-values
> 0 ,05. So it can be concluded, all variables with normal distribution are normally distributed and
there is no need for data normalization process.
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Figure 4. Stop point normality test results with R . software..
Test Multivariate t-test
Because the conditions for the normal distribution assumption are met, then the sample data can
then be tested with parametric statistics, namely the paired t test (multivariate) (Kim T, 2015). It can
be seen in the figure below that the p-value is 1, which means > 0.05, then accept H0 and H1 is
rejected. So it can be concluded at a 95% confidence level that the stopping point calculated by model
II is the same as the actual stopping point seen with the Google maps application.

Figure 5. Result of multivariate t-test.
Next, overlay the points on the map using the R application with the leaflet library. There are 2
sets of points that are overlaid on the map, namely the starting point of method II and the stopping
point of model . Figure 6 show the results of the point overlay.

Figure 6. The result of overlaying the starting point of model on the map.
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4. Conclusion
Based on the results and discussion, this study can conclude several things, including:
1. This study succeeded in making a model for determining the GPS stopping point of human
activities not using the mode of transportation (walking) and evaluating the model.
2. The DBSCAN Clustering model is more suitable to be used to determine the stopping point in
the GPS data of the SUSENAS updating case study.
3. The results of the evaluation of the stopping point show the model for determining the
stopping point according to reality compared to the point on google maps with a 95%
confidence level.
This research can be used to determine the research stop point using GPS data in cases of
movement not using transportation modes. Furthermore, we will use the results of this study to create
a surveillance system in a survey that can detect surveyor falsification. We suggest more study to
differentiate the activity of humans when they stop it can be for work or just to rest.
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