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Abstract: This study analyzes the spatial aggregation and activity of the urban population
in Almaty using anonymized population density data provided by a telecommunications
operator and geographic data from OpenStreetMap. The study focuses on identifying
stable zones of high population activity, which facilitates the optimization of transport
routes, urban infrastructure planning, and the efficient allocation of city resources. The nov-
elty of this work lies in the integration of aggregated spatiotemporal data with advanced
clustering methods, including DBSCAN, KMeans++, and agglomerative clustering. The
research methodology involves dividing the city into 500 × 500 m quadrants, calculating
normalized population density metrics, and identifying high-activity clusters. Based on a
comparative analysis of clustering algorithms, DBSCAN exhibited the highest clustering
quality according to the silhouette coefficient and the Davies–Bouldin index, allowing for
the identification of key zones of urban activity. The identified clusters were utilized to
assess transport load, analyze disparities in the distribution of public transport stops, and
develop recommendations to improve public transport accessibility in the most congested
areas. The study’s findings are applicable not only to optimizing the transport network but
also to addressing a broader range of urban planning challenges, including the strategic
placement of infrastructure facilities and the management of population flows. The pro-
posed methodology is scalable and can be adapted to other cities requiring effective tools
for analyzing the spatiotemporal activity of urban populations.

Keywords: spatial aggregation; urban population activity; cluster analysis; urban planning;
machine learning; geographic information systems

1. Introduction
The urban environment is becoming increasingly complex as the number of inhabi-

tants grows, which necessitates the application of modern methodologies for analyzing
population dynamics and spatial aggregation to address resource planning and infras-
tructure optimization challenges. The study of population dynamics plays a key role in
designing a sustainable and efficient urban environment, enabling the identification of
population distribution patterns and the planning of infrastructure based on real needs.
Previous studies [1–3] have employed geographic information systems (GISs) for spatial
data analysis in combination with machine learning methods to model population mobility
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and develop strategies for urban planning optimization. Specifically, ref. [1] proposed
a clustering algorithm based on Pareto theory for territorial stratification and planning;
however, this approach does not account for temporal changes in population activity and
focuses primarily on static assessments. Machine learning methods, including LSTM, were
employed to predict mobility based on time series data, yet spatial patterns of population
density were not addressed [2].

Additionally, study [4] underscores the importance of analyzing spatiotemporal pat-
terns of urban mobility using mobile network data. However, it focuses on short-term
mobility fluctuations, particularly point-to-point travel dynamics. Such approaches fail to
identify stable high-activity zones that persist over extended periods and are essential for
sustainable transport and urban infrastructure planning.

Similarly, ref. [5] utilizes mobile phone data to examine passenger behavior in public
transportation systems, reinforcing the significance of high-resolution temporal and spatial
data for transit planning. However, like other studies, it does not integrate cluster stability
analysis, which is crucial for distinguishing temporary high-density areas from persistent
urban activity centers. Clustering algorithms such as K-Means and Fuzzy C-Means can be
used to identify patterns in mobile data usage [6], which contributes to a better understand-
ing of urban mobility. However, these methods rely on pre-defined assumptions about
the shapes and distributions of clusters. This limits their effectiveness in analyzing hetero-
geneous urban environments. For example, the K-Means algorithm requires a specified
number of clusters and is focused on spherical clusters, making it unsuitable for identi-
fying unevenly distributed areas of population density. The Fuzzy C-Means algorithm is
also initially focused on static data and is more flexible, which may lead to less accurate
results when processing data with a high temporal resolution, such as daily fluctuations in
population density. Another critical limitation is the lack of integration with anonymized
telecommunications data, which provides a higher temporal and spatial resolution for
long-term urban analysis. Although previous studies have successfully clustered mobility
patterns, they have not distinguished stable areas of population concentration over time.
Our study directly addresses these gaps by using fully anonymized carrier data to estimate
the network density in fine-grained urban quadrants. The work combines spatial and
temporal clustering techniques to identify persistent zones of urban activity.

Many cutting-edge studies have applied big data and machine learning methods
to analyze short-term urban dynamics, leveraging high-resolution datasets to predict
mobility trends. To model urban mobility using time series forecasting, an LSTM-based
approach [7] can be used; this provides high accuracy in predicting short-term changes in
traffic patterns. These models are particularly effective for dynamic traffic management,
enabling real-time adjustments to transit networks. However, they primarily focus on
immediate temporal fluctuations and cannot identify persistent spatial activity zones,
which are essential for long-term urban planning. LSTM-based models are designed to
capture sequential dependencies in time-series data, but they do not incorporate spatial
clustering mechanisms, limiting their application in detecting stable, high-density urban
zones. Thus, approaches like that described in [8] are excellent for analyzing short-term
temporal changes but are less effective in identifying stable spatial patterns, which are
central to this study. To address these limitations, this study employed cluster analysis
methods, which provide robust tools for identifying such patterns.

Three clustering algorithms were selected for the analysis of population activity:
DBSCAN, KMeans++, and hierarchical agglomerative clustering [8,9]. These methods
were chosen to balance computational efficiency, adaptability to different urban density
distributions, and robustness to noise. However, given that urban population density is
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highly heterogeneous, methods that assume a homogeneous cluster structure may not
accurately reflect actual spatial aggregation.

Thus, a modified K-Means algorithm can be used; this includes noise processing, im-
proving the quality of clusters in urban data [10]. However, even with these enhancements,
K-Means-based methods struggle with arbitrarily shaped clusters and require a predefined
number of clusters, limiting their flexibility in detecting natural population groupings.
This is particularly problematic in high-density urban areas with significant noise, where
clusters do not conform to rigid geometric boundaries.

By contrast, DBSCAN is well suited to urban mobility analysis because it identifies
clusters of arbitrary shapes without requiring the number of clusters to be pre-set, making
it robust to variations in urban density and spatial noise. This capability is particularly
important when analyzing datasets with an uneven population distribution and significant
noise, as is common in urban environments. Additionally, DBSCAN effectively handles
outliers, enabling it to filter noise points that could distort clustering results in high-density
areas. This approach has also been successfully applied in other domains [11], where outlier
detection is essential for improving model accuracy and anomaly identification.

Hierarchical agglomerative clustering provides a multi-scale perspective on popu-
lation activity, allowing for a more detailed exploration of clustering structures at dif-
ferent spatial resolutions. Unlike partitioning methods, hierarchical clustering does not
require a predefined number of clusters, making it more adaptive to varying densities and
urban layouts.

For example, in [9], this method was used to analyze the spatial data of the urban
environment, thereby enabling the identification of stable data distribution patterns and a
better understanding of their interrelationships. One of the advantages of this approach
is its flexibility in processing data with varying densities, as well as its ability to visualize
results at different levels of detail. However, a significant disadvantage of the method
is its high computational complexity when working with large datasets, which makes it
less suitable for tasks that require rapid processing. Hence, these established clustering
methods—DBSCAN, KMeans++, and hierarchical clustering—each have distinct strengths
and weaknesses when applied to urban mobility data.

Recent studies [12,13] have demonstrated the potential of using mobile data to extract
dynamic patterns of urban mobility, providing useful recommendations for improving
infrastructure and urban planning. In particular, ref. [13] proposed a visual analytics
approach to study population movement patterns using mobile network data, providing a
deeper understanding of the spatio-temporal aspects of urban mobility. Similarly, ref. [14]
used telecommunication operator data to estimate the population density in Milan, Italy,
showing that such data are useful for analyzing population density changes during the
day. Unlike previous studies that primarily emphasize short-term mobility fluctuations,
our approach is designed to identify stable spatial patterns that are crucial for long-term
urban infrastructure development. A major limitation of existing research is the lack of
comprehensive population density analysis based on anonymized telecommunication data,
which offers a high-resolution perspective on urban dynamics. By leveraging cellular
network connection data aggregated at the quadrant level, our methodology enables a
more precise and scalable assessment of persistent high-activity zones, providing a robust
foundation for strategic urban planning and resource allocation.

However, building modern urban infrastructure is a multifaceted task that requires
the integration of various technologies, collaboration among city authorities, the private
sector, and society, as well as a careful consideration of the unique characteristics of each
city. At the same time, a comprehensive understanding of the spatial aggregation and
activity of the urban population becomes a key element of effective urban planning [15].
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Analyzing these aspects enables the identification of population distribution patterns, areas
of heightened activity, and the optimization of urban resource allocation.

Despite increasing attention to population dynamics in sustainable urban develop-
ment, managing urban population flows remains underexplored in planning practice.
Recent studies show that deep learning models can enhance predictive analytics for urban
mobility, addressing the gaps left by traditional approaches [16], yet the potential of such
data remains underutilized, especially in space-constrained cities where infrastructure
expansion is limited [17]. As demonstrated in a study [18], integrating dynamic control
systems can significantly enhance service levels and optimize the utilization of existing
infrastructure. Developing and calibrating population flow forecasting models are also
crucial steps for improving urban planning and resource allocation [19].

Almaty, as Kazakhstan’s largest metropolis, faces rapid population growth and intense
migration flows, necessitating advanced tools to analyze and predict population activity
for sustainable urban planning [20,21]. Its diverse socio-economic landscape and dynamic
urban growth make Almaty an ideal subject for studying the spatial dynamics of the
population and for developing practical recommendations to improve city planning and
infrastructure. Consequently, the relevance of this study stems from the need to develop
effective tools for analyzing and forecasting urban population activity, which will optimize
urban infrastructure, enhance the quality of services provided, and promote the sustainable
development of the urban environment—factors essential for the social, environmental,
and economic well-being of the community.

The application of cluster analysis methods enables a more precise assessment of
population density and distribution, as well as the prediction of pedestrian flows in various
parts of the city at different times of the day [22]. Unlike approaches that focus solely on
mobility dynamics [7], this study emphasizes the identification of stable clusters of popula-
tion activity, which are critical for long-term urban infrastructure planning. Additionally,
it facilitates the identification of critical patterns in transport systems and enhances our
understanding of the factors influencing traffic. Employing cluster analysis for popula-
tion activity data allows for the more accurate forecasting of population dynamics and
optimization of urban infrastructure [23].

The scientific novelty of this study lies in its integrated application of clustering meth-
ods to spatiotemporal data and the introduction of cluster stability assessment techniques.
By focusing on stable activity zones, this approach addresses urban planning gaps and
offers practical infrastructure Optimisation tools. Our study focuses on adapting and opti-
mizing modern clustering techniques for the specific characteristics of urban population
density and activity data. We evaluated the performance of various clustering algorithms,
including DBSCAN, KMeans++, agglomerative clustering, and HDBSCAN, to identify the
most stable and accurate clusters within datasets characterized by an uneven density and
the presence of noise points.

As a result, this research addresses an existing gap in urban planning practices by
offering a practical methodology for assessing and forecasting population activity. This
approach is essential for the effective allocation of resources, the enhancement of pedestrian
infrastructure, and the overall improvement of the quality of life for city residents.

The aim of this study is to analyze the spatial aggregation and activity of Almaty’s
urban population using cluster analysis. This approach aims to identify key activity zones
and provide practical recommendations for the development of urban environments.

The objectives of the study include:

- The collection and processing of data on population density and activity in Almaty
using geographic information systems (GISs) and aggregated data provided by a
telecom operator.
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- The research and application of cluster analysis methods to identify patterns in popu-
lation distribution and activity across different areas of the city.

- The evaluation of the quality of identified clusters using metrics such as the silhouette
coefficient and the Davies–Bouldin index.

- An analysis of the temporal dynamics of population activity within the identified clusters.

2. Materials and Methods
2.1. Data Collection and Preparation

Our study utilized aggregated and anonymized data provided by one of the leading
telecom operators in Kazakhstan. These data reflect subscriber activity within the coverage
areas of base stations and record the number of unique connections in various locations
across Almaty. The telecom operator provides only anonymized data, aggregated into a
500 × 500 m grid for privacy reasons, without the exact coordinates of base stations. The
use of such a grid allows the maintenance of sufficient accuracy in determining the location
of subscribers. The boundaries of the quadrants were obtained from OpenStreetMap (OSM)
data, which reflect the urban infrastructure of Almaty and provide unified geospatial
reference points.

The analyzed data include information on the total number of unique users in each
quadrant; the number of users in “home locations” (when users are present in the evening
and at night); and the number of users in work locations (when users are active during the
day). The integration of spatial data and user activity information was performed using
clustering methods. The results of the analysis helped identify areas of high population
activity, which is valuable for optimizing transport routes, locating government facilities,
and developing private infrastructure. Figure 1 shows a diagram of the research workflow,
demonstrating the integration of telecom operator data and geospatial information for
cluster analysis purposes.
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The stages of data preparation and processing included the following steps:

1. Geographic data on the boundaries of Almaty, its road infrastructure, buildings, and
other objects (current as of 7 October 2023) were extracted from OpenStreetMap (OSM).
These data served as the basis for visualizing the boundaries of Almaty (Figure 2) and
for further spatial analysis.
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2. The city area was divided into equal, non-overlapping 500 × 500 m quadrants using
Python 3.11.5 algorithms and geospatial data processing libraries (Figure 3). This ap-
proach enables standardized analysis and facilitates data comparison across different
parts of the city.

3. This study utilized data provided by a telecommunications operator, which aggregates
and anonymizes the data to protect users’ personal information. These data were
employed to analyze the population density and user activity within each quadrant at
various times of day, thereby capturing the true dynamics of changes in the population
concentration within the urban environment. Data for the period from 1 March to 1
June 2023 were used (Table 1).

Table 1. Structure of the initial data from the telecom operator.

Field Description

WEEK_DAY_IND
Working days indicator: 1—weekdays (from
Monday to Friday inclusive), 2—weekends
(other days)

TIME_HOUR Aggregation hourly window (22:00—this means
the interval from 21:00 to 21:59)

ZID_NUMBER ZID (quadrant) number

CORNER_1(LAT_LONG) Location of the latitude of the longitude of the
TOP LEFT quadrant

CORNER_2(LAT_LONG) Location of the latitude of the longitude of the
TOP RIGHT quadrant

CORNER_3(LAT_LONG) Location of the latitude of the longitude of the
BOTTOM RIGHT quadrant

CORNER_4(LAT_LONG) Location of the latitude of the longitude of the
BOTTOM LEFT quadrant

NUM_OF_UNIQ_HOME_USERS Average Unique Customers in Home Location
Quadrant

NUM_OF_UNIQ_WORK_USERS Average number of unique customers in the
quadrant with the operating location

NUM_OF_UNIQ_USERS Average number of unique customers per
quadrantSustainability 2025, 17, x FOR PEER REVIEW 6 of 23 
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2.2. Data Characteristics

The data used in this study possess several specific characteristics that significantly
influenced the choice of clustering methods. The population data for Almaty exhibit high
variability, with areas of both high and low population density. These data are anonymized
and aggregated, providing hourly population load metrics for 500 × 500 m quadrants across
the city without tracking individual movements. This structure ensures user privacy but
limits the applicability of advanced spatiotemporal methods such as ST-DBSCAN, which
rely on detailed temporal and spatial correlations. The dataset also includes quadrants
with abnormally low or high activity, considered outliers or noise points, which were
effectively handled by DBSCAN. These anomalies can distort clustering results if not
properly addressed during algorithm selection. The urban environment features a complex
spatial organization, and the expected clusters may have arbitrary shapes. This complexity
arises from the diverse urban infrastructure, which includes residential areas, commercial
zones, and transport hubs [24].

2.3. Cluster Analysis of Population Activity and Identification of Load Segments

Following the preliminary processing of the collected data, the most heavily loaded
points in the city were identified, and a cluster analysis was conducted based on hourly
loads to determine load segments or attraction zones within Almaty. For this purpose, clus-
tering methods from the field of unsupervised learning were applied, and their effectiveness
was compared to identify the most suitable algorithm for the dataset.

The research methodology included the following steps:

- For each sector (a 500 × 500-m quadrant), centroids were calculated using the ge-
ographic coordinates of its boundaries. This approach allowed each sector to be
represented as a point in space for subsequent analysis.

- Each centroid was assigned a corresponding sector load, expressed as the number of
unique mobile users (NUM_OF_UNIQ_USERS indicator) per hour.

- To ensure the comparability of loads within each hour, a new indicator was intro-
duced: the normalized load value (NUM_OF_UNIQ_USERS_NORMED), which was
calculated using the following formula:
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NUM_OF_UNIQ_USERS_NORMEDi =
NUM_OF_UNIQ_USERSi

max
j

MAX_NUM_OF_UNIQ_USERSj

where MAX_NUM_OF_UNIQ_USERS is the maximum load value among all sectors in
each hour, i is the index of the current quadrant, and j are the indices of all quadrants in
each hourly interval.

- To address temporal dynamics and identify the most heavily loaded points for each
hour, the 95th percentile of the normalized load indicator (upper_fence_95) was
calculated. This preprocessing step ensured a focus on high-density zones while
filtering out noise from low-activity areas. This approach allowed us to incorporate
temporal dynamics without relying on resource-intensive spatiotemporal clustering
algorithms such as ST-DBSCAN, which were less suitable due to the aggregated nature
of the data.

- The centroids of sectors where the normalized load value exceeded the established
threshold were selected, enabling the analysis to focus on areas with the highest
population activity.

Modern approaches to urban mobility analysis often use big data methods and neural
networks. For example, ref. [7] proposes an LSTM-based approach for modeling urban
mobility using time series data. This method demonstrates high accuracy in predicting
short-term changes in mobility, making it useful for dynamic traffic management tasks.
However, such approaches do not account for stable spatial activity zones, which are
crucial for long-term infrastructure planning. Thus, the approaches described [8] are
suitable for the analysis of short-term temporal changes, but are less effective in identifying
stable spatial patterns, which are central to this study. To address these limitations, this
study employed cluster analysis methods, which provide robust tools for identifying
such patterns.

Three clustering algorithms were selected for the analysis of population activity:
DBSCAN, KMeans++, and hierarchical agglomerative clustering [8,9]. The KMeans++
algorithm is renowned for its efficiency in processing large datasets due to its improved
centroid initialization, which ensures faster convergence compared to the classical KMeans
algorithm. This method is widely used in applications that require the stable and rapid
partitioning of data into clusters. For instance, ref. [24] proposes a modification of KMeans
that accounts for noise points, thereby enhancing the accuracy of identifying high-activity
zones in cities. However, despite this enhancement, the approach is less effective when
analyzing data with arbitrarily shaped clusters, as is typically the case with high-density
data containing significant noise.

In contrast, the DBSCAN algorithm is highly robust to noise and outliers, enabling it
to efficiently detect arbitrarily shaped clusters without requiring the number of clusters to
be specified in advance. This capability is particularly important when analyzing datasets
with an uneven distribution and significant noise. Moreover, this approach has applications
in other domains [11], where filtering out outliers is critical for enhancing model accuracy,
especially in identifying points that lie outside clusters.

Hierarchical agglomerative clustering enables data to be represented at multiple
hierarchical levels while taking into account the spatial proximity of objects. Thus, this
method can be used to analyze spatial data about the urban environment [23], which
made it possible to identify stable patterns of data distribution and better understand
their interrelations. One of the advantages of this approach is its flexibility in processing
data with varying densities, as well as its ability to visualize results at different levels
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of detail. However, a significant disadvantage of the method is its high computational
complexity when working with large datasets, which makes it less suitable for tasks that
require rapid processing.

2.4. Evaluation of Clustering Quality and Hyperparameter Optimization

In this work, the DBSCAN, KMeans++, and agglomerative clustering algorithms were
employed to analyze the spatial distribution and activity of Almaty’s population. Particular
emphasis was placed on the DBSCAN algorithm due to its ability to effectively identify
clusters with an arbitrary shape and to work with noisy data [7].

For each of the selected algorithms, optimal hyperparameters were determined using
the grid search method. Cross-validation with three folds was employed to evaluate the
stability and generalization ability of the models. This approach ensured an objective
comparison of the algorithms and facilitated the selection of the most suitable method for
the dataset. Following the justification of the clustering algorithm choices and a description
of their features, a detailed analysis was conducted to evaluate the clustering quality using
the selected methods: DBSCAN, agglomerative clustering, and KMeans++. The objective
was to identify which algorithm most effectively detects spatial clusters in the data.

To assess the clustering quality, we used a combination of the silhouette coefficient
and the Davis–Bouldin index. The silhouette coefficient evaluates cluster separability and
the degree to which points belong to their assigned clusters, while the Davis–Bouldin index
measures both the compactness of clusters and the separation between them. These metrics
are particularly suitable for this study because they do not require pre-labeled data and can
effectively assess density-based clustering methods such as DBSCAN, which is essential
for analyzing urban population aggregation. For each of the selected clustering methods,
three-fold cross-validation was performed to evaluate model stability and generalizability.
The optimal hyperparameters for each algorithm were determined using a grid search,
which systematically tests possible parameter values and selects the best combinations.
This approach is particularly important in urban environments, where the high variability
in data density and the presence of noise make the reliability of the results a critical factor
under dynamic conditions [25,26].

The silhouette coefficient quantifies how similar an object is to its own cluster relative
to other clusters. It ranges from −1 to +1, where higher values signify that the object is
more closely aligned with its cluster and distinctly separated from other clusters.

For a single point i, the silhouette coefficient is calculated as follows:

si = (bi − ai)/max(ai, bi)

where ai is the average distance from the i-th data point to all other points in the same
cluster and bi is the minimum average distance from the i-th data point to all points in the
nearest cluster (the cluster that minimizes the average distance).

Next, the average indicator S is calculated for all points and clusters:

S = mean(si)

The Davies–Bouldin index is calculated as the average ratio of the within-cluster
spread to the between-cluster distance. Lower values indicate better cluster separation.

DB = 1/N
n

∑
i,j=0

max
((

Si + Sj
)
/Dij

)
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where Si is the average distance between elements of cluster i and the centroid of that
cluster, Dij is the distance between the centroids of clusters i and j, and N is the total
number of clusters.

2.5. Calculation of Transport Load

To connect the identified clusters of population activity with the city’s transport
infrastructure, additional metrics of transport load were calculated for each cluster. For
mapping public transport stops, the corresponding coordinates of the stops were obtained
from OSM. Each stop was spatially associated with the corresponding quadrant. In this
case, transport stops near the edges of a quadrant can also serve neighboring quadrants.
After identifying clusters, the sum of unique users for all quadrants in each cluster was
calculated using DBSCAN. The sum of unique users per day is the aggregated sum of
NUM_OF_UNIQ_USERS across all quadrants in the cluster. The sum of unique users
during rush hour was determined by determining the peak load of each quadrant (from
hourly records) and summing these maxima in the corresponding clusters. To assess the
transport load, the following indicators were considered:

daily cluster load = sum o f unique users per day
number o f bus stops in the cluster ,

hourly cluster load = sum o f unique users during rush hour
number o f bus stops in the cluster

The values obtained show how many people on average relate to each accessible stop
both in everyday conditions and during rush hours. The higher these values, the higher
the load on the bus stops in this cluster.

To calculate the quality of service in each cluster, the average area per transport stop
(in km2) was calculated. A less dense coverage of transport stops potentially leads to an
increase in the walking distance to the stops and the accumulation of city residents at
each stop.

This made it possible to link the availability of transport stops with the activity of the
population in stable high-density clusters.

3. Results
3.1. Heat Maps Analysis of Population Distribution

Heat maps were created based on the collected data to illustrate the load on each
quadrant during specific time intervals (Figures 4–6). The color scale indicates the level
of activity, ranging from blue (low load) to red (high load), allowing for a quick visual
assessment of population distribution patterns.

An analysis of the heat maps (Figures 4–6) shows that night-time activity in the city
is significantly lower than daytime activity, particularly during the lunch period. This
observation aligns with the typical daily cycles of urban life. However, the visual analysis
of heat maps provides only a general overview of the population activity distribution and
does not uncover deeper spatial patterns.

The heat map-based approach has proven effective in studying spatial patterns of
urban population aggregation. For instance, a study [25] utilized heat map analysis to
determine the density and distribution of Almaty’s population, enabling the identification
of key areas of population concentration and activity using OSM data and aggregated
data from a telecom operator. A similar approach in our study provides a detailed un-
derstanding of population density and activity distribution across different parts of the
city, forming a foundation for more accurate decision-making in urban planning and
infrastructure development.
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To gain a more detailed and quantitative understanding of population activity distri-
bution, cluster analysis methods are required. These methods enable the identification of
natural groups of quadrants with similar activity and population density characteristics,
the classification of zones into high, medium, and low-activity areas—crucial for targeted
infrastructure and service planning—and the analysis of spatial patterns to uncover hidden
trends in population aggregation.
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3.2. Comparison and Evaluation of Clustering Algorithms

The evaluation of the clustering algorithms aimed to select the most effective method
for analyzing population activity in Almaty, taking into account an uneven data den-
sity, the presence of noise, and specific spatial characteristics. In our case, each data
element corresponds to a 500 × 500 m quadrant containing three key aggregate metrics:
the average number of unique users (NUM_OF_UNIQ_USERS), the number of users
in “home” areas (NUM_OF_UNIQ_HOME_USERS), and the number of users in “work”
areas (NUM_OF_UNIQ_WORK_USERS). These values represent the total number of cel-
lular users and provide the basis for clustering. The algorithm comparison results (see
Table 2) demonstrated that DBSCAN achieved the best performance across both metrics.
For the K-means algorithm, the number of clusters was set to three based on the analy-
sis of the silhouette coefficient, ensuring an optimal balance between cluster separability
and compactness.

Table 2. Cluster comparison metrics with clustering parameters.

Algorithm Silhouette
Coefficient

The Davis-Bouldin
Index Best Parameters

DBSCAN 0.390781150 1.01724855 {‘eps’: 0.03,
‘min_samples’: 2}

Agglomerative 0.389376287 1.304225119 {‘linkage’: ‘average’,
‘n_clusters’: 3}

KMeans++ 0.370775957 1.280799701 {‘init’: ‘random’,
‘n_clusters’: 3}

To select the optimal parameters eps and min_samples for the DBSCAN algorithm,
a grid search method with cross-validation was employed [26]. The eps parameter was
interpreted in a spatial context as a radius of approximately 3.34 km, which corresponds
to an eps value of 0.03 degrees under the conditions in Almaty. This scale was chosen
based on the city’s size (approximately 650 km2) and the spatial distribution of the tele-
com operator’s base stations. The min_samples parameter was varied from 1 to 3 to
optimize the clustering results. We used the Euclidean metric, which is justified for rel-
atively small areas like a single city; at this scale, differences from a geodesic metric are
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minimal. The min_samples parameter was varied from 1 to 3, and the final values of
eps = 0.03 and min_samples = 2 achieved the best results according to the silhouette and
Davis–Bouldin indices.

For hierarchical agglomerative clustering, the “average” linkage method was applied,
which ensured stable results at various levels of cluster detail.

While ST-DBSCAN extends DBSCAN’s capabilities by incorporating temporal correla-
tions, its application was not feasible in this study due to data limitations. The aggregated
and anonymized nature of the dataset, which provides an hourly population load per
quadrant without individual movement tracking, ensured confidentiality but limited the
use of methods that require the detailed spatiotemporal tracking of each telecommuni-
cations network user’s movement. Additionally, our primary objective was to identify
stable high-density zones to support urban infrastructure planning, making DBSCAN an
optimal choice. DBSCAN’s ability to handle noise and detect arbitrarily shaped clusters
aligns well with the irregular spatial patterns observed in Almaty, providing robust and
reproducible results.

Hyperparameter optimization was performed using grid search, and model stability
was evaluated using three-fold cross-validation. The best performance—yielding a sil-
houette coefficient of 0.39 and a Davies–Bouldin index of 1.017—was achieved with the
parameters eps = 0.03 and min_samples = 2.

The evaluation results presented in Table 2 clearly highlight the advantage of DBSCAN
in detecting stable high-density zones amidst noisy and complex urban data. DBSCAN
proved to be the most effective method for identifying clusters in datasets with uneven
point distribution and noisy data. Unlike K-means, which requires the number of clusters
to be predefined, DBSCAN automatically determines the number of clusters based on point
density, making it particularly suitable for analyzing complex, noisy datasets. Additionally,
DBSCAN excels at detecting arbitrarily shaped clusters and identifying high-density areas
without being constrained by assumptions about the cluster structure. However, it is
sensitive to the selection of parameters such as eps (the maximum distance between points
to be considered neighbors) and min_samples (the minimum number of points required to
form a dense region), which necessitates careful data preprocessing and parameter opti-
mization. While agglomerative clustering offers flexibility for analyzing data at different
levels of granularity, its high computational complexity limits its applicability for large
datasets. Given the specific characteristics of our data, including irregular spatial patterns
and the presence of noise, DBSCAN was selected as the most suitable clustering method
for this study.

To achieve a good clustering quality, a heatmap analysis of the DBSCAN algorithm
parameters was performed on the dataset (Figure 7). The results revealed that eps values
around 0.03 and above improve the silhouette coefficient, indicating better cluster sepa-
ration. Conversely, for the Davies–Bouldin index, eps values below 0.03 are preferable,
reflecting greater cluster compactness. Additionally, optimal results are achieved by select-
ing the min_samples parameter in the range of 1 to 3 for low eps values and 4 to 9 for high
eps values.

The heat maps indicate that eps values around 0.03 and higher lead to an increase in
the silhouette coefficient, whereas lower eps values improve the Davies–Bouldin index.
Considering the specific characteristics of our data, such as their uneven point distribution
and the presence of noise, the DBSCAN algorithm was selected as the most suitable
clustering method. Its ability to accurately identify high-population concentration areas
with complex and irregular shapes makes it particularly effective for this analysis.
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3.3. Visualization of Clustering Results and Analysis of Population Activity Dynamics

The analysis demonstrated that DBSCAN provides the highest cluster stability under
changes in data and model parameters, as evidenced by high silhouette coefficient values
and low Davies–Bouldin index values. This indicates that the algorithm is particularly well
suited for processing complex urban datasets characterized by uneven distributions and
the presence of noise points.

Based on OSM data and mobile phone density data, a clustering map that identifies
twelve areas within the city exhibiting consistently high population density was con-
structed, regardless of the time of day (see Figure 8). This demonstrates the effectiveness
of the DBSCAN algorithm in clustering urban population density data, which are char-
acterized by high spatial heterogeneity, variable point density, and the absence of clearly
defined boundaries between activity zones.
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A comparison of the clustering maps constructed for different time intervals allowed
us to analyze the dynamics of population activity within the static clusters throughout
the day. To achieve this, the cluster boundaries were overlaid on an activity heat map
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(see Figure 9). The analysis revealed that between 14:00 and 14:59, the highest load falls
on clusters located in commercial and business districts, likely due to the lunch break.
In the evening, between 18:00 and 18:59, the load is redistributed, reflecting the end of
the workday and the movement of the population toward residential and recreational
areas. The alignment of the cluster boundaries with the zones of highest population
density confirms both the accuracy of their delineation and the adequacy of the chosen
clustering method.
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peak hour).

One of the key aspects of applying cluster analysis in urban studies is the ability of al-
gorithms to process large volumes of heterogeneous data and reveal hidden spatiotemporal
patterns. Unlike traditional methods such as K-Means, which require a predetermined num-
ber of clusters, DBSCAN adaptively identifies dense groups while ignoring noise points—a
feature that is especially important in highly heterogeneous urban environments [27]. The
proposed methodology not only identifies key activity zones but also accounts for their
temporal fluctuations, thereby providing opportunities for monitoring and forecasting
changes in the load on urban infrastructure. The use of unsupervised clustering methods
confirms their effectiveness in spatiotemporal analysis by revealing patterns that are in-
accessible with traditional approaches. Machine learning helps increase the accuracy of
analysis in conditions of high data variability [28], making this method especially relevant
for optimizing urban planning and traffic flow management.

3.4. Analysis of the Dynamics of Unique Users over Time in Clusters

As part of the study, a detailed analysis of the temporal dynamics of unique user
activity within various clusters identified by the DBSCAN algorithm was performed. For
each cluster, graphs were created to depict changes in the total number of unique users
throughout the day (Figures 9–11). The X-axis on the graphs represents the hours of the day
(from 0 to 23), while the Y-axis indicates the total number of unique users at each specified
hour. The graph colors correspond to the colors of the clusters shown in Figures 7 and 8.
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The temporal dynamics analysis uncovered distinct patterns of user activity across
the clusters, reflecting both common daily rhythms and unique variations tied to specific
urban zones. The graphs (Figures 10–12) demonstrate an overall pattern consistent with
typical urban life cycles, where morning activity peaks between 8:00 and 10:00, followed by
either a plateau or a decline during the daytime, and a second peak in the evening between
17:00 and 19:00. This alignment with expected behavioral patterns serves as a validation of
data quality, confirming its reliability and representativeness of real urban dynamics.
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While the general rhythm is shared across clusters, the magnitude and distribution
of activity reveal significant differences. Clusters such as 3 and 5 maintain consistently
high user counts throughout the day, indicative of central business districts or transport
hubs where commercial and transit activities dominate. In contrast, clusters like 7 exhibit
sharp morning and evening peaks but lower activity levels during the daytime, pointing
to predominantly residential areas. Smaller clusters, such as 8, display overall lower user
numbers, which may correspond to localized zones like small neighborhoods or regions
with limited infrastructure. These differences not only highlight the heterogeneity of urban
zones but also illustrate how population activity dynamically redistributes throughout the
day—a finding further supported by the works [27,29].

The analysis also reveals patterns of movement between clusters, shedding light on
urban population flows. Residential clusters experience a decrease in activity during the
daytime as people move towards commercial or transit hubs, reflected in increased activity
in these zones. Conversely, evening hours show a reverse flow, with residential clusters
regaining activity as people return home. These inter-cluster movements provide a critical
understanding of urban mobility dynamics, offering a foundation for designing efficient
transportation systems.

The variations in user density across clusters, as shown on the Y-axis of the graphs,
also offer insights into public transportation planning. High-density clusters with sustained
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activity throughout the day, such as 3 and 5, require increased transportation capacity to
accommodate population flows effectively. Conversely, smaller clusters with lower activity
levels can operate with fewer resources, enabling the targeted optimization of transport
services. This approach not only enhances efficiency but also ensures equitable resource
allocation based on cluster-specific needs.

Temporal analysis, while robust, also opens new opportunities for future research. One
promising direction is to assess the causal impact of various infrastructure elements, such
as shopping malls, social facilities, or transit hubs, on the dynamics of specific clusters. Ad-
ditionally, exploring how targeted interventions, such as introducing new transport routes
or modifying land use policies, affect activity levels could provide actionable insights for
urban planning. By extending the findings of this study, these future investigations could
deepen our understanding of urban dynamics and further contribute to the advancement
of urban planning strategies.

Particular attention is drawn to clusters with the highest activity, such as clusters
3, 5, and 7. These clusters exhibit significantly higher user counts compared to others,
suggesting that they encompass central or highly frequented areas of the city, including
business districts, major transportation hubs, or popular public spaces.

When analyzing users based on work and home locations, distinct patterns emerge
that align with a typical work schedule. The number of users with a work location peaks
during work hours and declines in the evening and at night. Conversely, users with a
home location display the opposite trend: activity increases in the evening and at night
and decreases during work hours. These findings confirm the expected behavioral patterns
of the urban population and underscore the reliability of the collected data.

3.5. Analysis of Transport Load in Clusters

In addition to the analysis of the temporal dynamics of population activity, an as-
sessment of the load on the transport infrastructure in each of the identified clusters was
carried out in accordance with the procedure described in Section 2.5, and transport load
indicators were calculated for each cluster (Table 3).

Table 3. Public transport load and stop coverage for each cluster.

Cluster
ID

Bus
Stations

Sum of
Unique

Users daily

Cluster
Load Daily

Sum of
Unique Users

Peak Hour

Cluster
Load Peak

Hour
Area, km2

Station
Area Recall,

km2

0 9 659,825.913 73,314 34849 3872 3.05 0.3389

1 8 579,801.9565 72,475 29,976.47826 3747 2.54 0.3175

2 16 666,888.3043 41,681 37,301.82609 2331 3.05 0.1906

3 46 2,115,066.304 45,980 115,664.4348 2514 7.89 0.1715

4 17 804,989.2609 47,352 44,188.52174 2599 2.29 0.1347

5 96 4,062,139.043 42,314 216,134.7826 2251 17.07 0.1778

6 8 705,626.0435 88,203 35,739 4467 2.8 0.35

7 32 2,001,579.696 62,549 102,719.3913 3210 7.89 0.2466

8 470 15,630,093.48 33,256 834,368.3478 1775 70.81 0.1507

9 43 1,838,653.826 42,759 98,810 2298 7.15 0.1663

10 13 721,371.4348 55,490 37,170.08696 2859 3.04 0.2338

11 7 598,000.1739 85,429 34,962.08696 4995 3.05 0.4357
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The analysis of transport load showed that the maximum concentration of passengers
during peak hours was recorded in clusters 11, 6, 0, 1, 7, and 10, where the number of users
exceeds 2800 people per hour. This indicates a significant overload of transport hubs in
these areas. Meanwhile, clusters 8, 5, and 3, despite the high daily load, demonstrate a more
uniform distribution of passenger traffic throughout the day, possibly due to the presence
of a well-developed public transport network and a sufficient number of transport stops.

A further analysis of the stop coverage ratio revealed that in clusters 11, 6, 0, 1, 7,
and 10, the average area per stop is 0.3–0.4 km2, which exceeds the overall average. This
suggests that the stop density in these congested areas is insufficient, potentially reducing
public transport availability and increasing the distance between passenger entry and exit
points. These findings underscore the need to improve transport coverage in high-load
areas to evenly distribute passenger flow and reduce congestion on individual routes.

4. Discussion
The results of this study underscore the importance of clustering algorithms in urban

planning, particularly for population mobility analysis and infrastructure optimization.
Previous research has extensively applied cluster analysis methods and mobility data to
examine the spatial structure of cities. For instance, K-Means and DBSCAN algorithms have
been successfully employed to identify functional zones in Shanghai, demonstrating their
effectiveness in addressing spatial planning challenges [12,27]. Similarly, mobile operator
data have been used to analyze population movement, providing valuable insights into
urban dynamics [5]. At the same time, machine learning methods have proven effective in
identifying hidden patterns and improving predictive analytics in complex datasets [28].
This aligns with previous research demonstrating the applicability of machine learning
algorithms in analyzing unknown and complex datasets [28]. However, most of these
studies have focused on short-term mobility patterns or relied solely on dynamic data.

In contrast to traditional approaches, our study integrates anonymized telecommunica-
tion data with modern clustering methods—particularly DBSCAN—enabling us to identify
stable areas of high population density that are critical for long-term urban planning. This
method demonstrates a high degree of robustness to irregular spatial patterns and noise,
aspects that are often overlooked in conventional approaches. Unlike studies that focus on
short-term mobility changes (e.g., clustering weekly movements based on mobile operator
data [5,6,27]), our work concentrates on identifying stable activity zones. This approach
contributes to the development of sustainable urban infrastructure and facilitates more
efficient long-term resource allocation. Further improvements in DBSCAN’s performance,
as proposed by [29], allow for the analysis of high-dimensional spatial data with optimized
computational costs, making it even more effective for large-scale urban analytics.

However, DBSCAN also has some limitations. The algorithm requires two key parame-
ters (eps and min_samples), the choice of which may depend on the initial data distribution.
This may affect the resulting cluster structures, especially in datasets with widely varying
densities. Also, DBSCAN’s dependence on the distance metric may introduce minor in-
accuracies. The use of 500 × 500 m quadrant-based data aggregation may obscure some
subtle patterns. Despite this, DBSCAN’s robustness to noise, ability to detect arbitrarily
shaped clusters, and lack of a required predetermined number of clusters make it well
suited to analyzing complex urban environments. The proposed analysis methodology
is flexible and scalable, allowing it to be adapted to various urban conditions. The use of
readily available telecommunication and geoinformation data makes our study applicable
in situations where individual movement data are unavailable [4].

Recent research has explored different clustering approaches to classify urban areas
more effectively, emphasizing the advantages of machine learning-based clustering meth-
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ods in optimizing urban spatial structures [30]. These studies demonstrate that selecting an
appropriate clustering approach significantly influences the accuracy of urban classification
and infrastructure planning. Furthermore, studies have demonstrated that combining
spatial indicators, social media activity, and geo-statistical methods allows for a more
comprehensive assessment of urban dynamics and infrastructure needs [31]. In the future,
incorporating these data sources could further enhance the accuracy and granularity of
urban planning strategies.

One of the key applications of this approach is assessing the imbalance in public
transport provision across different parts of the city. Analysis revealed that the most
overloaded clusters (11, 6, 0, 1, 7, and 10) experience high loads during rush hours, leading
to a concentration of passenger traffic at specific transport hubs and resulting in overload
on key routes. This situation is exacerbated by the low density of stopping points, which
forces passengers to converge at a limited number of locations, thereby causing overload
on individual routes. In contrast, clusters 8, 5, and 3 exhibit a more uniform distribution of
passenger traffic throughout the day, likely due to a well-developed transport infrastructure
and a high density of stops. These results confirm that increasing the number of transport
hubs contributes to a more uniform distribution of passenger load and enhances the
accessibility of transport services.

Taking into account the temporal dynamics of population activity enables the opti-
mization of public transport schedules and more efficient resource allocation. Identifying
zones with a consistently high passenger flow density during specific time intervals creates
opportunities for the dynamic redistribution of routes, thereby reducing congestion and
enhancing mobility. In addition, these data can be used to develop environmentally sus-
tainable infrastructure—for example, by creating bicycle routes that connect residential,
business, and recreational areas—which will contribute to the sustainable development of
urban mobility and improve residents’ quality of life.

To address the identified imbalances in transport infrastructure provision, we propose
the following measures: (1) Increase the number of public transport stops in the most
congested clusters (11, 6, 0, 1, 7, and 10) to reduce the concentration of passengers on a
limited number of routes and distribute the load more evenly; (2) Optimize public transport
routes to shorten the distance between stops and enhance accessibility in high-density areas;
and (3) Implement adaptive traffic flow management, including increasing the number of
trips during rush hours and dynamically adjusting routes based on actual load data. The
implementation of these strategies will significantly improve public transport efficiency,
reduce congestion at individual hubs, and enhance passenger comfort. These findings
align with previous studies [32–35], which emphasize the impact of both polycentric
and monocentric city structures on traffic flow formation and the optimization of urban
transport networks.

Although this paper focuses on the analysis of transport infrastructure, the proposed
methodology has broader applications. For example, the identified high-density population
zones can be used to optimize emergency response systems by ensuring that rapid response
services (police, fire department, ambulance) are located in close proximity to areas with a
high population concentration; they can also inform the strategic placement of commercial
facilities—targeting locations with stable pedestrian traffic for new shopping centers or
business districts—and support the development of environmentally sustainable urban
solutions, such as parks, pedestrian zones, and recreational areas in regions with high
population activity. Thus, the present study not only confirms the effectiveness of clustering
methods in urban mobility analysis but also demonstrates their potential across various
areas of urban planning.
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This study demonstrates the potential use of modern big data and machine learning
methods for analyzing the spatiotemporal dynamics of urban activity. The integration
of the DBSCAN algorithm with temporal analysis provided valuable insights into the
processes occurring in the urban environment. These results contribute to the advancement
of research in geoinformatics and urban studies by offering a scalable methodology that
can be applied to other cities and regions. Future research should further integrate ma-
chine learning algorithms—such as optimization methods (e.g., ant colony algorithms)—to
enhance the planning of transport flows and routes. Another promising direction is the
real-time monitoring of traffic flows between clusters, which would improve the accuracy
of forecasting transport bottlenecks and congestion zones. Additionally, incorporating
social network analysis, IoT device data, and other open sources of information will enable
an even more detailed study of population mobility and further improve the accuracy of
the results.

5. Conclusions
In this study, we analyzed the spatial aggregation and activity of Almaty’s population

using cluster analysis methods. The identified high-activity clusters enabled us to determine
key areas that require strategic urban infrastructure planning and traffic management.
Moreover, the application of the DBSCAN algorithm demonstrated its effectiveness in
identifying stable clusters under conditions of high heterogeneity and noisy data, which is
particularly crucial for analyzing the spatiotemporal patterns of urban activity.

The results obtained have practical significance, particularly in the context of public
transport route optimization, urban planning, and sustainable urban development. The
analysis revealed an imbalance in the availability of Almaty’s transport infrastructure,
underscoring the need to expand the public transport network and optimize routes in
congested clusters to achieve a more even distribution of passenger flows. These find-
ings provide a foundation for more effective mobility planning, including adaptive route
management and dynamic traffic load control.

Beyond transport optimization, this study demonstrates the potential of clustering
methods to address a broader range of urban planning issues. The integration of spatial
data and machine learning algorithms enables a more accurate analysis of spatiotemporal
population activity, which can be instrumental in developing emergency response strategies,
optimizing the placement of commercial facilities, and designing public spaces.

By focusing on population dynamics and the stability of the identified activity zones,
this study proposes a systematic approach to analyzing urban infrastructure aimed at
improving the availability and quality of urban services. Future research prospects include
expanding the dataset by integrating IoT data and implementing real-time analysis to
enhance forecasting and decision-making in urban management.
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