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Extracting user’s significant places from location data

Bc. Alexandra Ligocká*

Abstract

How can Google or an iPhone guess the location of your home and work or places you visit? This work

explores the process by which a user’s home or work location can be determined based on raw GPS data

collected from GPS-enabled devices. It investigates the feasibility and challenges involved in extracting this

information from such data. Based on existing solutions and approaches, a framework was designed to

extract the user’s home and work locations and places they visit. The framework addresses key issues,

including extracting points from GPS traces, identifying locations with a higher level of significance for

users, extracting visited places and their semantic enrichment and interpretability for users. This paper

further describes the steps involved in GPS data analysis for this task in more detail, existing approaches

to solve given issues, and proposed solution as well as results obtained.
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1. Introduction

With the rise of GPS-enabled devices such as smart-

phones, the volume of tracking data collected on

users is also increasing. This data is utilized by var-

ious location-based services across various sectors,

including social media, e-commerce, transportation,

and healthcare, and can benefit users and service

providers. However, raw location data often lack

the semantic richness required to provide additional

contextual information and deeper insights into user

behaviour. Despite the growing quantity and preci-

sion of location data obtained from mobile devices,

its semantic quality remains a concern. To address

this issue, I have developed a framework that focuses

on identifying a user’s significant locations, including

their home and work locations and places where they

tend to spend more time.

The task of extracting personally interesting places

involves various sub-tasks, with physical place extrac-

tion and semantic place recognition being the main

ones [1]. Therefore, the primary challenges faced

include identifying stops in raw GPS data and dif-

ferentiating between different types of stops, such

as a brief pause or more extended stay. Additionally,

associating semantic meaning with these stops, such

as identifying a place that belongs to a given stop

and extracting places with higher levels of personal

importance, such as home and work, pose additional

challenges. Last but not least is the issue of the

interpretability of results for end-users.

Different techniques have been proposed by the re-

search community to tackle the major challenges in

mining a user’s significant location. Several methods

have been suggested to detect stay points, including

the distance-based approach, time-based approach,

and density-based approach [2]. To address the issue

of variability of stay points’ spatial coordinates, most

researchers incorporate aggregation of stay points into

stay regions using clustering algorithms. Some of the

commonly used clustering algorithms are centroid-

based, such as K-means [3, 4], density-based CB-

SMOT [5] and OPTICS [6] derived from DBSCAN

or hierarchical clustering algorithms. Semantic en-

richment is performed on the extracted stay regions

to broaden the semantic context of locations. Ap-

proaches to enrich location with semantic context

range from basic reverse geo-coding techniques [7] to

more sophisticated approaches using point of interest

(POI) databases [8]. Mapping a location to POI can

be performed using predefined POI categories with a

combination of spatial and temporal rules [8].

2. An overview of proposed framework

In the previous section, I briefly described key issues

in mining users’ significant locations. This section

describes the proposed framework.
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2.1 Input dataset

As a part of my work, I created a sample dataset

containing GPS data - a series of points consisting

of coordinates (latitude, longitude) and timestamps.

I gathered the data using the Google Maps Platform

and designed the framework to process raw GPS data.

Thus, I eliminated extraneous data from the Google-

exported dataset. This approach yields several bene-

fits. For instance, it reduces the amount of data that

needs to be processed and analyzed, which lowers the

computational resources. Furthermore, it makes the

system more widely applicable to a wider range of

input datasets that contain only this essential informa-

tion and reduces storage demands. Figure 1 shows

the input dataset visualised using OpenStreetMap

(OSM) background tiles.

2.2 Proposed solution

Based on an analysis of existing approaches and meth-

ods, I designed a framework for retrieving important

user locations and their semantic labelling. This sub-

section describes the steps and algorithms involved

in each step of data processing.

Stay-points detection is a key part of the whole

system. In this part, stay points are extracted us-

ing a differential-based stay-point detection algorithm

based on seeking the spatial region within a given

radius where a user spent a given amount of time.

The algorithm is based on the algorithm proposed

in [9]. Both time and distance rules are used in or-

der to detect stops where the user has stopped for

an amount of time or wandered around the target

place in a given distance. These two types of stops

are shown in Figure 2. In addition to extracting stay

points, the algorithm also calculates the estimated

departure time. The process of aggregation points

into locations involves taking a set of GPS stay-

points and grouping them together based on their

spatial proximity to form a single location. This ap-

proach is particularly useful when dealing with GPS

data where multiple stay-points may correspond to

the same physical location but have slightly differ-

ent latitudes and longitudes due to GPS inaccuracies

and other factors. I have used HDBSCAN cluster-

ing algorithm in this work because it works well with

datasets of varying densities and complex geometries.

Figure 3 demonstrates a zoomed-in result of cluster-

ing to illustrate the fact that multiple GPS points

may correspond to the same physical location, such

as a single building. Semantic enrichment refers

to the process of augmenting GPS data points with

additional contextual information, such as the name

or type of the place. This work aims to find the user’s

home and work locations and other places the user

visited. Thus semantic enrichment is divided into two

stages. In both stages, OSM database is used to

obtain additional information about places. To ob-

tain correct address information, I incorporate reverse

geo-coding techniques. Home and work locations

are extracted using three conditions. First, the frame-

work queries POI database to obtain the category

for each building in a given cluster, then computes

the proportions of each category; second, I define

typical arrival/departure times; and third, the length

of each stay is computed. Step of mapping places

to POI involves querying POI database as well with

a defined spatial rule based on maximum distance

and POI selection based on the temporal domain rule

defined by the availability of given POI. Putting all

together, the result is visualised using OSM map tiles.

3. Results

Output from the framework includes a JSON file with

places the user visited and a map of given places.

Figure 6 shows obtained results for home and work

locations. Sub-figures a) and b) show annotations

of places with corresponding semantic meanings and

addresses. Extracted places mapped to POI are shown

in Figure 7 using icons to differentiate categories of

POIs.

I validated results using a comparison with Google

Maps, visualisation of this comparison is shown in

Figure 8. According to the results, the framework

correctly detected the user’s home and work locations.

Additionally, it extracted 128 places, of which 118

were correctly mapped to POI. The framework missed

three places, resulting in an accuracy of 90%.

4. Conclusions

After experimenting with various algorithms and ap-

proaches, I have developed a solution that can ac-

curately detect the user’s home and work location

while also identifying locations the user has visited

with 90% accuracy. However, compared to Google

Maps results, there are still some locations that my

algorithm fails to detect, which presents an area for

further improvement.
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