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Abstract. Understanding human mobility patterns is key to developing
intelligent, context-aware services. This study analyzes GPS data from
users’ daily activities to identify personal POIs, frequently visited places
such as home, workplace, or leisure locations. Using spatial-temporal
clustering, we detect these POIs and model users’ mobility behavior.
We then apply predictive modeling techniques to forecast the next likely
POI a user will visit. The objective is to enable proactive, data-driven
mobility assistance that supports personalized and efficient daily move-
ment planning. The dataset includes GPS trajectories from 288 users
collected over three months (March, April, and May), and the proposed
model achieves a prediction accuracy of 90%.

Keywords: Clustering algorithm; POIs; Prediction; Markov chain; Ran-
dom Forest; DBSCAN; HDBSCAN.

1 INTRODUCTION

With the growing ubiquity of smartphones and wearable devices equipped with
Global Positioning System (GPS) sensors [1], collecting large-scale location and
mobility data has become increasingly convenient. Modern smartphones contin-
uously record GPS coordinates while users interact with various applications,
generating rich spatial and temporal data that reflect their daily movements
and behaviors. Analyzing these data enables researchers to better understand
human mobility patterns and extract meaningful insights about users’ routines
and preferences.

GPS trajectories, which consist of sequences of latitude, longitude, and times-
tamp, can be used to identify Points of Interest (POIs). Identifying such POIs
provides valuable information for applications in urban planning, intelligent
transportation systems, and personalized recommendation services. For exam-
ple, POIs can help model travel demand, analyze transportation modes, and
optimize city infrastructure or route planning.
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Beyond identifying visited locations, predicting an individual’s next location
or next POI has become a major research focus. Anticipating where a user
is likely to go next can enable more context-aware and efficient services, such
as improved navigation, mobility assistance, and emergency response systems.
Predictive mobility analysis also holds potential for public safety applications,
such as locating missing persons [2], or for supporting individuals with memory
impairments by notifying relatives about their whereabouts.

Previous studies have shown that people tend to follow repetitive mobil-
ity patterns over time, allowing for the modeling and prediction of their fu-
ture movements [4, 9]. Various methods have been developed to extract POIs
from GPS data, generally categorized into density-based and time-density-based
approaches. Density-based algorithms, such as those using kernel density esti-
mation [3], K-means [5], or DJ-Cluster [6], group nearby points into clusters
representing frequent locations. Dynamic extensions of DBSCAN have also been
proposed to account for movement speed and spatial variation. In contrast, time-
density-based approaches consider both distance and duration between points to
detect stays, as seen in [7, 8]. However, many of these methods rely on manually
chosen parameters or neglect contextual factors such as transportation mode,
which can impact clustering accuracy.

For next-location prediction, traditional probabilistic models such as Markov
chains [10] and Hidden Markov Models (HMMs) [14, 15] have been widely used
to estimate the next POI based on previous locations. More advanced versions,
like the extended mobility Markov model [16], achieve improved accuracy by in-
corporating additional context. Nevertheless, these models often face limitations
when dealing with long-term dependencies or large-scale datasets.

In recent years, Machine Learning (ML) approaches have emerged as powerful
alternatives for mobility prediction. Techniques such as K-Nearest Neighbors
(KNN), Support Vector Machines (SVM), Decision Trees (DT), and Artificial
Neural Networks (ANN) can capture complex nonlinear relationships within
large GPS datasets [11–13]. Hybrid models that combine clustering and learning-
based prediction have further enhanced accuracy and robustness [18–21].

Despite substantial progress, most existing studies focus exclusively on either
POI extraction or next-location prediction, often treating them as independent
tasks. In this work, we present an integrated framework that jointly identifies
personalized POIs and predicts users’ next likely POI using spatial–temporal
mobility patterns. Unlike prior studies that rely solely on spatial clustering, our
approach incorporates both spatial density and temporal regularity to better
distinguish meaningful personal locations such as home, workplace, and leisure
sites. By explicitly modeling the temporal dynamics of user movement and tran-
sitions between identified POIs, the framework captures individualized behav-
ioral routines rather than population-level trends.

Another novelty of this study lies in the scale and richness of the dataset,
which contains GPS trajectories from 288 users collected continuously over a
three-month period (March–May). This extended temporal coverage allows for
the identification of stable, recurring movement behaviors rather than short-term
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fluctuations. Furthermore, the predictive component of the model leverages these
personalized POI patterns to achieve a next-location prediction accuracy of 90%,
demonstrating robust generalization to real-world mobility data.

Overall, the proposed framework contributes to the growing field of human
mobility analysis by combining POI detection and prediction within a single,
data-driven system. Its emphasis on personalization, temporal awareness, and
seamless integration between clustering and prediction offers a novel pathway to-
ward proactive, context-aware mobility assistance and intelligent transportation
applications.

2 System Overview

This section presents the general workflow followed to extract POIs and predict
the next likely destinations for users based on GPS trajectory data. The process
consists of two main stages: data preparation and the overall processing pipeline.

2.1 Data Preparation

The dataset used in this study comprises GPS trajectories from 288 users, col-
lected between March and May, primarily within Spain. Each record includes a
timestamp, an anonymous user identifier, and geographic coordinates (latitude
and longitude). To protect participant privacy, all data were collected anony-
mously without any personally identifiable information such as names, demo-
graphic attributes, or device identifiers. Only the minimal metadata required for
mobility analysis was retained. Approximately 94% of all recorded trajectories
were located within Spain as we see in Fig. 1 , while the remaining 6% correspond
to movements distributed across other regions worldwide.

For individualized mobility analysis, the data were grouped by user, en-
abling personalized POI extraction and next-location prediction while main-
taining strict privacy protection.

As the dataset originates from real-world smartphone sensors, it naturally
contains measurement noise, GPS drift, and irregular sampling intervals. To
improve data quality and reliability, a preprocessing procedure was applied, in-
cluding:

. Removing missing or duplicated records to ensure temporal continuity.

. Filtering out invalid or inconsistent coordinates, such as impossible lati-
tude/longitude values or stationary noise.

. Reconstructing temporal order, ensuring that all data points for each user
follow chronological order.

. Resampling or smoothing trajectories where necessary to handle irregular
sampling intervals.

These preprocessing steps allow each user’s trajectory to reasonably approx-
imate their true mobility patterns, providing a solid foundation for subsequent
POI extraction and prediction.
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Fig. 1. Geographical Visualization of User Trajectories

2.2 Process Overview

The overall workflow of the proposed system follows a three-stage process de-
signed to extract meaningful mobility insights from raw GPS data, as illustrated
in Fig. 2. The first stage involves data preprocessing and cleaning, where noisy,
incomplete, or inconsistent GPS readings are filtered to ensure high-quality in-
put. In the second stage, Points of Interest (POIs) are identified by analyzing
users’ mobility traces and grouping spatially close stop points into represen-
tative locations. Finally, the third stage focuses on POI prediction, where ma-
chine learning and probabilistic models are employed to forecast each user’s next
likely destination based on their historical movement patterns. This structured
workflow ensures a smooth transition from raw data to interpretable behavioral
insights, enabling accurate mobility understanding and prediction.

Fig. 2. System Architecture for POI Extraction and Next Location Prediction
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3 Methodology

The proposed framework consists of two main stages: extraction of POIs from
GPS trajectories, and prediction of the next likely POI for each user. The goal
is to detect locations that users visit frequently, referred to as functional areas
of daily activity, and then model the transition patterns between these locations
to predict future movements.

3.1 POIs Identification

The first objective is to identify the user’s POIs locations that represent mean-
ingful activity zones. Several clustering algorithms were initially evaluated. K-
Means and Gaussian Mixture Models (GMM) were found unsuitable, as they
assign every data point to a cluster, making them unable to distinguish between
movement paths and actual stop locations.

To handle noise and variable density in users’ trajectories, we adopted a
density-based clustering approach. HDBSCAN [22] performed better in detect-
ing high-density regions corresponding to stop locations, while excluding sparse
trajectory points. However, further refinement was required to accurately delin-
eate individual POIs.

To enhance POI quality, a stop point detection algorithm [23] was imple-
mented. This method identifies periods where a user remains within a defined
spatial range for a minimum duration, indicating a stationary activity. Each stop
point includes a user ID, timestamps (tstart, tend), and coordinates.

The stop detection process depends on two parameters:

. Roaming distance (r): the maximum radius within which user movement is
still considered stationary.

. Minimum stay duration (δt): the minimum time a user must remain within
radius r for the point to be considered a stop.

To determine optimal parameter values for the stop point detection algorithm,
we adopted a data driven tuning approach rather than fixing a single global
configuration. Specifically, we explored a grid of r and δt values (e.g., r ∈
{20, 50, 100, 250, 500, 1000}m and δt ∈ {5, 10, 15, 20, 30, 60}min) and computed
diagnostic metrics for each pair, including the average number of POIs per user,
time coverage of POIs. These metrics were visualized as heatmaps to identify
stable regions or “plateaus,” indicating parameter combinations with consistent
results.

The heatmap in Fig. 3 visualizes the combined performance of Average POIs
per user and Time Coverage across different parameter values for the stop-point
detection algorithm. Each cell represents a pair of roaming distance (r) and mini-
mum stay duration (δt), with color intensity indicating the normalized combined
score. Darker colors correspond to higher combined scores, reflecting parameter
combinations that detect more meaningful stops while covering a larger portion
of user time. The red rectangle highlights the optimal parameters (r and δt) that
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Fig. 3. Combined Heatmap of Stop-Point Detection Performance of Average POIs and
Time Coverage

balance both metrics, identifying a stable region suitable for robust stop-point
detection.

After extracting stop points, destinations were derived by grouping spatially
close stop points together. Instead of hierarchical clustering, a KNN based ap-
proach was used. For each stop point, the KNN stops within a predefined spatial
threshold were identified. Points that were mutually within each other’s KNN
were merged into a single group, forming a destination.

This method adapts well to varying densities of GPS data and does not
require all clusters to have the same shape or size. It is also computationally effi-
cient and robust against small positional noise, since spatial grouping is directly
based on proximity relationships rather than global clustering thresholds.

The KNN grouping approach relies on two key parameters:

. Number of neighbors (k): defines how many nearby stop points are considered
when forming a group.

. Maximum spatial distance (dmax): the maximum distance in meters between
two stop points to be considered part of the same destination.

Once groups were formed, a medoid was calculated for each destination.
The medoid is the stop point within a group that has the minimum average
distance to all other points in the same group, representing the most central and
representative coordinate of that destination.

Each destination was then assigned a visit frequency, the number of times
the user visited that destination and a unique cluster identifier, providing a clear
structure for subsequent prediction.
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3.2 POIs Prediction

The second stage of the framework focuses on predicting each user’s next likely
destination based on their historical mobility behavior. After identifying all
POIs, each user’s trajectory was transformed into an ordered sequence of POI
visits. This temporal sequence reflects how users typically transition from one
destination to another throughout the day.

To train and evaluate the predictive models, the data were divided into two
subsets: 80% for training and 20% for testing. The training data were used to
learn users’ transition and behavioral patterns, while the testing data were used
to assess the generalization ability of each approach. Two distinct prediction
paradigms were explored: a probabilistic sequential model and a machine learn-
ing–based model, allowing us to compare their effectiveness in modeling human
mobility.

Hidden Markov Model: HMM was employed to capture the probabilistic
transitions between users’ destinations. Each POI is treated as a hidden state,
and transitions between these states represent the likelihood of a user moving
from one destination to another. The model assumes that the next location
depends primarily on the current state, making it suitable for sequential and
time-dependent data. The transition probabilities were estimated from the users’
historical sequences of POI visits, while the emission probabilities describe the
likelihood of observing specific movement events given a hidden state. The HMM
captures users’ regular mobility patterns and is capable of handling short-term
temporal dependencies effectively. However, its performance can be limited when
mobility behavior exhibits long-term dependencies or when contextual factors
influence movement.

Random Forest Classifier: To address these limitations, we also implemented
a Random Forest (RF) model, representing a supervised ML approach. Un-
like HMMs, which rely on probabilistic state transitions, Random Forests learn
complex nonlinear relationships between input features and the next predicted
destination. For this purpose, several temporal and contextual features were
extracted, including:

. Time of day: morning, afternoon, evening

. Day of the week: weekday vs. weekend)

. Previous visited destination (POIt−1)

. Visit frequency of destinations

. Travel distance and time between the last two destinations

These features were used to train the model to classify the next likely POI based
on the user’s past movement and temporal context. The ensemble nature of
Random Forests aggregating multiple decision trees helps to minimize overfitting
and enhances prediction stability.
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4 Results and discussion

4.1 POIs Identification

Fig. 4. Detected Stop Points Across All Users

Fig. 4 illustrates the extracted stop points for all users after applying the stop
point detection algorithm. Each point on the map represents a location where a
user remained stationary for a significant period, reflecting potential areas of in-
terest. The distribution of these points demonstrates the wide geographic spread
of user activities and highlights regions with dense clusters of stationary behav-
ior. Compared to the raw trajectory data, the number of retained points was
considerably reduced due to the elimination of transient GPS readings associ-
ated with movement between destinations. This reduction allows a clearer focus
on meaningful stops, removing noise and redundant trajectory information.

Subsequently, nearby stop points were grouped into clusters representing dis-
tinct destinations as shown in Fig. 5. Each cluster corresponds to a frequently
visited area, derived by merging spatially proximate stop points into a single rep-
resentative medoid. In the visualization, different colors represent distinct desti-
nation clusters, while the size and shade of each circle indicate visit frequency,
larger and lighter circles correspond to destinations visited more frequently by
users, whereas darker and smaller circles represent less frequently visited places.

Overall, this two-step approach combining stop point detection and desti-
nation clustering provides a robust way to extract the user’s most relevant lo-
cations, offering a cleaner and more interpretable visualization of real mobility
behavior.

4.2 POIs Prediction

After identifying the destinations, two predictive approaches were evaluated to
forecast each user’s next likely location: a HMM and a RF Classifier. Both models
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Fig. 5. Clustered Destination Points Showing Frequently Visited POIs Among Users

were trained using 80% of each user’s mobility data and tested on the remaining
20%.

The HMM captures sequential dependencies between destinations by learn-
ing transition probabilities from historical visits, while the RF model integrates
temporal and contextual features like time of day, day of week, last destination
for classification.

Table 1. Hidden Markov Model Model Performance.

Metric Hidden Markov Model (HMM)

Accuracy 73%
F1-score 72%
Macro Average 71%
Weighted Average 73%

Table 1 presents the accuracy matrix for the HMM model, and Table 2 shows
the corresponding results for the RF classifier. The results indicate that the
machine learning model achieved slightly higher accuracy than the probabilistic
model, reflecting its ability to incorporate additional contextual variables beyond
sequential dependencies.

Table 2. Random Forest Model Performance.

Metric Random Forest (RF)

Accuracy 90%
F1-score 89%
Macro Average 88%
Weighted Average 90%
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4.3 Discussion

The results demonstrate the effectiveness of combining stop-point detection with
clustering to identify meaningful Points of Interest from noisy GPS trajectories.
By grouping spatially close stop points into destinations, the system eliminates
redundant trajectory data while preserving essential behavioral patterns. For
the stop point detection algorithm, we optimized the parameters using a data
driven approach, exploring a grid of values and selecting stable regions in the
metrics to ensure robust detection across users.

In terms of prediction, both models perform reliably, but the Random For-
est classifier outperforms the HMM due to its flexibility in capturing nonlin-
ear relationships between temporal and spatial features. However, the HMM
remains valuable for modeling sequential mobility patterns, particularly in sce-
narios where transitions between destinations follow consistent routines. The
prediction models were trained separately for each user, which means that ac-
curacy varies depending on the amount of trajectory data available; some users
with limited data naturally exhibit lower predictive performance. We did not
explore deep learning models due to the limited amount of data, which would
be insufficient to effectively train large neural networks.

Overall, the proposed framework provides a robust pipeline for transforming
raw GPS trajectories into interpretable behavioral insights. Future work will aim
to integrate additional contextual data, such as transportation modes or seman-
tic place information, to further enhance prediction accuracy and generalization.

5 Conclusions

This study presented an integrated framework for identifying POIs and predict-
ing users’ next potential locations based on GPS trajectory data. By analyzing
the mobility traces of 288 users collected over a three-month period, we extracted
frequently visited locations and subsequently modeled the transitions between
these POIs to predict future movements.

The proposed approach achieved a prediction accuracy of 73% for the HMM
and 90% for the RF model, demonstrating the superior performance of machine
learning techniques in capturing individual mobility patterns and forecasting fu-
ture behavior. These findings highlight the potential of GPS-based trajectory
analysis for developing intelligent mobility services, including personalized route
recommendations, urban planning support, and context-aware navigation sys-
tems.

Future research could focus on enhancing prediction accuracy by incorpo-
rating additional contextual information such as transportation mode, temporal
behavior, or social interactions. Moreover, integrating real-time data streams and
exploring advanced deep learning models could further improve adaptability and
scalability in dynamic urban environments.
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