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Abstract

Social media platforms have been established as relevant sources of real-time information
for urban traffic analysis. This study proposes an intelligent framework for the classifica-
tion and spatiotemporal analysis of traffic incidents based on semi-synthetic data streams
constructed from historical geolocated seeds for controlled validation, utilizing real reports
from platforms such as X and Telegram. The approach integrates adaptive machine learning
and incremental density-based clustering. An Adaptive Random Forest (ARF) incremental
classifier is used to identify the type of incident, allowing for continuous updating of the
model in response to changes in traffic flow and concept drift. The classified events are
then processed using DenStream, a clustering algorithm that incorporates a temporal decay
mechanism designed to identify dynamic spatial patterns and discard older information.
The evaluation is performed in a controlled streaming simulation environment that repli-
cates the dynamics of cities such as Panama and Guayaquil. The proposed framework
demonstrated robust quantitative performance, achieving a prequential accuracy of up
to 86.4% and a weighted Fl-score of 0.864 in the Panama scenario, maintaining high sta-
bility against semantic noise. The results suggest that this hybrid architecture is a highly
viable approach for urban traffic monitoring, providing useful information for Intelligent
Transportation Systems (ITS) by processing authentic social signals.

Keywords: traffic incidents; social media; data streams; incremental learning; conceptual
drift; ARF; denStream; dynamic clustering; smart cities

1. Introduction

The efficient management of urban traffic is a major challenge for contemporary cities,
particularly in view of the steady increase in the number of vehicles and the burden this
places on road networks. Congestion and traffic incidents, including collisions, roadworks,
blockages, and unforeseen events, have far-reaching social, economic, and environmental
repercussions [1]. These effects impact quality of life, productivity, and public safety, which
has prompted authorities and research centers to adopt more accurate monitoring and
more agile response strategies [2]. Under these circumstances, it is essential to promote
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solutions that integrate different types of information and favor an operational view of the
traffic phenomenon in real-time.

The traditional incident detection approach relies on fixed sensors and surveillance
cameras which, despite their proven effectiveness, present structural limitations such as
high implementation costs and coverage restricted mainly to primary arteries. These restric-
tions create information gaps in highly variable urban environments. To overcome these
shortcomings and facilitate broader monitoring, social media platforms like X (formerly
Twitter) and Telegram have emerged as vital complementary sources. User-generated
content transforms citizens into active sensors, generating a constant flow of real-time data
that directly addresses the limitations of physical infrastructure. This approach extends
spatial coverage to secondary roads, significantly reduces monitoring costs, and delivers
spontaneous reports with remarkable immediacy, capturing minor obstructions or specific
risk situations often missed by conventional systems [3].

Effective use of these volumes of information requires tackling complex technical
challenges. The speed, heterogeneity, and dynamic nature of messages on social media
generate scenarios typical of stream mining, in which the phenomenon known as “concept
drift”, the evolution of underlying patterns over time, is particularly critical [4]. Added to
this are frequent practical obstacles: the widespread absence of georeferencing, the use of
informal language, the presence of textual noise, and variability in the quality of reports.
Overcoming these barriers requires the development of robust and adaptive algorithms, as
well as validation frameworks that allow citizen information to be reliably integrated with
instrumental and reproducible sources.

In this context, knowledge extraction from social and multidimensional data flows
has been established as a critical line of research [5]. Recent studies [1] have validated the
effectiveness of social networks for accident detection. However, the dynamic nature of
these streams poses challenges that require real-time processing superior to static methods.
In analogous domains of streaming data, ref. [6] demonstrated the operational superi-
ority of ensemble-based online learning algorithms for handling large volumes of data.
Additionally, the temporal variability of language requires robust adaptation mechanisms;
the authors of [7], in their review of evolutionary strategies, noted that the mitigation of
concept drift is essential to maintain model accuracy.

Although recent studies have demonstrated the viability of using social media to
detect traffic incidents, highlighting work applied in specific urban contexts such as Panama
City [2] and historical accident analyses [1], most of these approaches are based on static
learning models. These models tend to experience rapid degradation in their predictive
performance when faced with continuous data flows, due to the constant evolution of user
vocabulary (concept drift) and variable urban conditions [4]. Furthermore, while some
research has addressed online clustering and classification for general event detection [8],
their simultaneous and adaptive application, integrating both textual semantics and spatial
density specifically geared toward urban traffic management, remains an area that requires
further exploration. The lack of hybrid architectures capable of autonomous updating
limits the real applicability of these tools in the long term.

Based on this overview, the following research questions are formulated: How can
traffic incidents be reliably detected using data generated on social media? How effective
is the incorporation of adaptive algorithms in responding to flow variability and concept
drift? How can clustering methods contribute to identifying spatiotemporal patterns that
characterize the occurrence of traffic incidents? The answers to these questions will be left
for the conclusion of this research. The main focus of this study is the development of a
method to identify and classify types of traffic incidents based on a classification algorithm
and a real-time clustering algorithm. This method will process traffic incident data in order
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to classify and group the most affected areas accurately and efficiently. In this context, the
objective of this work is not focused on maximizing traditional classification metrics in static
scenarios, but rather on analyzing the behavior of the proposed approach under conditions
typical of continuous data flows, characterized by semantic noise, temporal variability,
and concept drift. The evaluation prioritizes performance stability over time, progressive
adaptability, and the operational usefulness of the method for real-time traffic monitoring,
above the individual accuracy of each classified message. Therefore, the contributions of
this work can be summarized as follows:

*  We propose an architecture that combines adaptive supervised classification Adap-
tive Random Forest (ARF) with density-based unsupervised clustering (DenStream),
enabling simultaneous processing of text semantics and spatial location in real-time.

*  Unlike static approaches, the method we propose incorporates a change detection
algorithm based on adaptive windows (ADWIN) and temporal decay factors, ensuring
that the model automatically evolves in response to changes in social media vocabulary
and traffic dynamics.

¢ A “forgetting” mechanism was implemented in the clustering that allows the persis-
tence and dissipation of incidents over time to be identified.

*  We validate the proposal under a progressive (prequential) evaluation scheme that
simulates a real production environment, overcoming the limitations of traditional
cross-validation for continuous data flows.

The rest of this article is organized as follows: Section 2 delves into the relevant
literature, analyzing related works and proposing various solutions; Section 3 articulates
the details of the proposed method; Section 4 shows the results obtained; Section 5 presents
a discussion of the results; and, finally, Section 6 presents the conclusions and outlines
future work to be done.

2. Related Works

Initial research has explored the capabilities of traffic data derived from digital plat-
forms and social networks [1-3,9-11], recognizing them as highly dynamic information
flows [1,8,12] and useful for the early detection of traffic incidents [2,13-15]. In this field,
different studies have applied machine learning methodologies [10-12,16,17], including
neural networks and deep learning models in combination with ensemble techniques [18],
to classify posts in real-time [10,11,13,14] and extract relevant signals for traffic manage-
ment, taking advantage of the immediacy and considerable variability of user-generated
content [1,2]. These approaches have proven effective in improving the accuracy of incident
detection and prediction [10], overcoming the limitations of traditional techniques by better
adapting to the complexity and speed of information flows on social media. In addition,
the integration of these methodologies allows large volumes of unstructured data to be pro-
cessed in real-time [8,9], which increases the effectiveness of urban traffic monitoring and
management systems [2,10], providing better forecasting and response to critical events.

These approaches have widely used conventional classification techniques, such as
Support Vector Machine (SVM) and Naive Bayes [8,11,19], to detect incidents based on
short and erratic texts [8,11]. The results indicate that, although these methodologies
allow significant patterns to be identified, their effectiveness may be limited by the rapid
evolution of linguistic expressions and the variable nature of online data flows. At the same
time, density-based clustering algorithms [20-25], such as DBSCAN, have made it possible
to identify critical areas and spatial patterns of incidents [21], making them particularly
effective for recognizing spontaneously arising traffic clusters [26,27].

The most recent research efforts have focused on approaches designed specifically
for continuous data streams, addressing the need to process information at the speed at
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which it is generated [8,18,28-30]. In this regard, frameworks have been proposed that
combine incremental clustering algorithms with online classifiers to detect events in real-
time [8,18,31] in a scalable and adaptable manner [8]. Specifically, certain architectures
incorporate a Random Forest classifier as a supervised component [1,2,32,33], which takes
advantage of its resilience to data noise and its ability to handle the different attributes
of social media texts [28], thus reinforcing the synergy between classification models and
dynamic clustering processes [8,18].

However, limitations associated with the nature of social data flows con-
tinue to prevail [2,8,19,34]. One of the main challenges is related to conceptual
drift [2,4,18,28,34-37], as models need to be continuously adjusted to changes in inci-
dent reporting behaviors [4,28,34,35,38]. In addition, only a small portion of posts contain
explicit geolocation metadata, which limits spatial accuracy and requires the use of textual
geocoding processes [2] based on fuzzy matching and address normalization techniques
to approximate the location of the reported incident [1,2]. Adding to this problem is
the linguistic complexity typical of social media, characterized by abbreviations, errors,
colloquialisms, hashtags, and emojis, which introduces an additional layer of noise into
natural language processing (NLP) tasks [1,2,39]. Consequently, these inherent limitations
translate directly into measurable performance gaps in existing static models. Specifically,
unaddressed concept drift causes a rapid and sustained degradation in predictive accuracy
and Fl-scores over time, as the models fail to recognize new terminology. Simultaneously,
extreme linguistic noise and the scarcity of explicit geolocation metadata significantly
increase false-positive rates and spatial latency, severely limiting the operational reliability
of these conventional architectures for real-time traffic monitoring.

The literature shows an evolution from static approaches based on supervised learning
towards more adaptive and flow-oriented architectures, where the combination of classifi-
cation, clustering, and geocoding techniques allows for a more comprehensive approach to
the detection and analysis of traffic incidents. These advances pave the way for more robust
and responsive systems, aligned with intelligent transportation system architectures and
applications geared toward urban mobility decision-making, capable of operating continu-
ously and adjusting to changing social data conditions in real-time. This study introduces
an approach aimed at identifying and characterizing road incidents by combining adaptive
classification and incremental clustering. Reports generated on social media are classified to
determine the type of incident described and then geo-referenced or geo-inferred events are
grouped to identify areas where spatio-temporal patterns of impact emerge. The dynamic
updating of these groups ensures that the processed information consistently reflects the
actual state of the system at any given moment, avoiding the accumulation of obsolete data
and allowing for continuous and coherent analysis of urban traffic evolution. By integrating
classification and clustering mechanisms with periodic updating processes, the proposed
method effectively adapts to fluctuations in the flow of information and addresses the
challenges identified in previous work.

3. Materials and Methods

Before detailing the specific components of the proposed architecture, it is essential
to establish the theoretical justification for selecting the ARF as the core classification
algorithm. In the context of traffic incident detection via social media, data streams present
unique challenges: continuous high-speed flow, fixed incident categories, and severe
concept drift due to the evolving nature of informal language. Table 1 presents a theoretical
comparison between our selected approach and two highly relevant incremental learning
paradigms: the Hoeffding Adaptive Tree (HAT), a standard single-model algorithm for

https://doi.org/10.3390/info17030310


https://doi.org/10.3390/info17030310

Information 2026, 17, 310

5o0f 27

data streams [37], and iCaRL, a state-of-the-art ensemble framework for Class-Incremental
Learning [40].

Table 1. Comparison of incremental learning approaches and concept drift management.

Algorithm/ Learning Concept Architecture Robustness to
Paradigm Style Drift Handling Type Textual Noise
Low (Focuses on
. avoiding catastrophic Neural .
iCaRL Class Incremental forgetting of old Network/Exemplar High
classes)
Hoeffding Adaptive High (Uses early drift . Low (Vulnerable to
Tree (HAT) Data Incremental detection) Single Tree unstructured text)
High (Incorporates . . .
ARF Data Incremental ADWIN sliding Ensemble (Multiple High (Reduces variance
Trees) and noise)

window algorithm)

As illustrated in Table 1, while all three algorithms operate incrementally, their design
objectives differ significantly. iCaRL is an exceptional architecture for scenarios requiring
the continuous learning of new categories over time [40]. However, for Intelligent Trans-
portation Systems (ITS), the categories of incidents are typically static (e.g., accident, traffic,
obstacle). The primary obstacle is not the emergence of new labels, but the concept drift
within the existing ones [41]. On the other hand, while the Hoeffding Adaptive Tree (HAT)
manages concept drift efficiently, its single-tree architecture lacks the necessary resilience
to handle the sparsity and noise inherent in social media text. Consequently, ARF emerges
as the most suitable algorithm for this framework. By combining the ADWIN sliding
window algorithm with an ensemble architecture, it natively adapts to language variations
while maintaining high predictive stability against informal textual noise, all within the
constraints of real-time processing.

This study proposes an integrated method for the detection, classification, and spa-
tiotemporal analysis of traffic incidents based on continuous flows of textual data from
social networks, whose general architecture is presented in Figure 1. Given the dynamic,
brief, and unstructured nature of this type of publication, the method is conceived as a
continuous processing flow oriented toward real-time analysis and adaptation to language
evolution. The process begins with the collection and preprocessing of messages, including
text cleaning and normalization. The data is then analyzed using an ARF incremental
classifier, which identifies reports associated with traffic incidents and adapts to the concept
drift present in the stream. Events classified as incidents feed into a dynamic spatial clus-
tering component based on DenStream, which incorporates a temporal decay mechanism
to identify, maintain, and update spatial patterns of incident concentration. Finally, the
results of the classification and clustering processes are integrated into a geospatial analysis
and visualization module, providing an up-to-date and consistent representation of urban
traffic conditions.

https://doi.org/10.3390/info17030310


https://doi.org/10.3390/info17030310

Information 2026, 17, 310

6 of 27

Collection

@ e Processing

Twitter AP Telegram API Component 2: Preprocessing
Extract 1 b Extract | | | | e
. information ! ' information ! :
Y B ) ' - Text cleaning
| | - Normalization
¢ ' - Vectorization

Component 1:
Data collection

Classification Grouping and visualization of results

Component 4:

Hotspot clustering
- Component 3: ‘I Component 5:
»

-

Incident Classifier Results viewer

Figure 1. Components of the proposed method.

3.1. Component 1: Data Collection

The data collection is designed as a process aimed at capturing textual flows gener-
ated on social networks with high citizen participation around urban mobility, such as X
and specialized Telegram channels or groups, where users spontaneously report traffic
incidents, congestion, and relevant road events. Although the proposed approach is fully
applicable to real data obtained directly from these platforms through continuous monitor-
ing and keyword filtering mechanisms, this work uses controlled experimental datasets
that reproduce the structural and dynamic characteristics of such real flows. These hybrid
data flows preserve key aspects such as the temporal nature of the stream, the linguistic
variability of the messages, the distribution of incident categories, and the presence of
spatial information, allowing the behavior of the methodology to be evaluated in a con-
trolled and reproducible environment. In this way, the collection component establishes a
representative and consistent basis for the subsequent stages of preprocessing, incremental
classification, and spatiotemporal analysis of traffic incidents.

3.2. Component 2: Preprocessing

The purpose of the preprocessing component is to adapt the textual flow from social
networks for incremental analysis in real-time. At this stage, each message is processed
sequentially using a set of basic operations aimed at reducing noise and preserving infor-
mation relevant to the detection of traffic incidents.

Initially, the textual content is cleaned up, which includes removing web links, user
mentions, hashtag symbols, special characters, and other non-alphabetic elements that do
not provide direct semantic information about traffic events. This process mitigates the
noise characteristic of the informal language used on social media.
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Subsequently, the text is converted to lowercase in order to reduce lexical variability
associated with spelling differences between messages. Next, simple tokenization is applied,
in which each message is segmented into individual lexical units. During this stage,
empty tokens generated after text cleaning are discarded, as well as fragments with no
informational meaning that do not contribute to the characterization of traffic incidents.

The resulting textual representation is integrated into an Online Bag-of-Words scheme,
where the vocabulary is not predefined, but is progressively constructed and updated
as new messages enter the data stream. This approach allows each publication to be
represented incrementally, without requiring prior knowledge of the entire corpus or
recalculating the overall representation of the dataset.

As a result, each message is converted into a vector representation that can be immedi-
ately processed by the incremental classifier, preserving the temporal nature of the flow
and allowing the method to continuously adapt to the evolution of language and citizen
reporting patterns.

To ensure full experimental reproducibility, this Online Bag-of-Words scheme is config-
ured to extract unigram frequencies (Term Frequency, TF) strictly incrementally, avoiding
global weighting techniques like TF-IDF that would improperly assume prior knowledge
of the dataset’s overall distribution.

3.3. Component 3: Incident Classifier

The classification process is structured around a continuous flow of messages derived
from real social media traces, organized into discrete time cycles for experimental purposes.
In this work, a 1 h time window was considered, within which messages are progressively
entered into 10 min sub-periods, with an approximate average of 500 posts per interval.
This organization allows us to model the dynamic behavior of the flow and evaluate the
performance of the classifier in conditions close to a real-time environment.

An incremental supervised classifier based on ARF was implemented on this flow,
responsible for identifying messages corresponding to traffic incidents from those that do
not report road events. Based on the vector representation generated in the preprocessing
stage, each message is evaluated individually and sequentially by the classifier, which
issues a multi-class prediction that assigns each message to one of the defined categories:
accident, traffic, obstacle, or no incident.

While other incremental learning models, such as iCaRL [40], are highly effective for
incorporating new classes over time (Class-Incremental Learning), our approach deals
with a fixed set of traffic categories. The primary challenge in this context is the contin-
uous concept drift in social media vocabulary, rather than the emergence of new labels.
Consequently, ARF was selected because its architecture, combined with drift detection
mechanisms, is specifically designed to adapt to rapid distributional changes in continuous
text streams. Although ensemble methods are often considered ‘black boxes” and can
theoretically increase prediction times, interpretability at the individual message level is
secondary to predictive robustness in our framework. To mitigate any potential latency
in real-time processing without sacrificing performance, the ensemble parameters were
carefully bounded.

The ARF classifier was configured as an ensemble of 15 base models, corresponding
to incremental decision trees trained in parallel. This structure allows complementary
linguistic patterns present in citizen reports to be captured and improves the stability of the
classification in the face of noise inherent in informal language. The maximum depth of the
trees was limited in order to reduce overfitting and maintain a balance between predictive
power and computational efficiency.
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To address changes in flow distribution over time, the ADWIN (ADaptive WINdow-
ing) sliding window algorithm was incorporated for both early warning and conceptual
drift detection. These mechanisms allow for the identification of statistically significant
variations in language and reporting patterns observed over time cycles, facilitating the
progressive adaptation of the model without interrupting the classification process.

As a result of this phase, only messages classified as traffic incidents are preserved and
sent to the next component, while the rest of the flow is discarded. This strategy reduces
the volume of data processed in subsequent stages and ensures that spatio-temporal
analysis is performed exclusively on information that is relevant and up-to-date for urban
traffic management.

To explicitly clarify the data flow and dependencies between the components: the
AREF classification module acts as a strict semantic filter for the subsequent clustering
phase. Once the ARF model predicts an incoming message as a valid road incident (i.e.,
accident, obstacle, or traffic), the system extracts its geolocation metadata (latitude and
longitude) and timestamp. The original textual payload and vector representation are then
discarded to optimize memory. Finally, these extracted spatial-temporal coordinates are
immediately forwarded as a continuous, noise-free numerical stream to the DenStream
algorithm. This sequential pipeline ensures that the unsupervised clustering component is
completely dependent on, and fed exclusively by, the semantically validated output of the
supervised classifier.

3.4. Component 4: Hotspot Clustering

The clustering component aims to identify dynamic spatial concentrations of traffic
incidents from previously classified messages. Each incident report contributes its geo-
graphic coordinates to the spatial analysis, serving as the basis for the incremental detection
of clusters that reflect recent developments in urban dynamics. Once a message is classified
as an incident, its latitude and longitude coordinates are incrementally incorporated into
the clustering model.

The process is implemented using the DenStream algorithm, which allows continu-
ous spatial data flows to be managed without requiring global reprocessing or complete
storage of the event history. It is important to note that DenStream retains only summary
descriptors (micro-clusters) rather than tracking discrete entities (individual messages)
over time. This intentional abstraction is highly suitable for Intelligent Transportation
Systems (ITS), as it prioritizes spatial and temporal event density, ensuring the algorithm
remains computationally lightweight while inherently protecting citizen data privacy. In
the first stage, each new point feeds into the structure of potential micro-clusters, where its
spatial proximity to existing micro-clusters is evaluated based on a predefined neighbor-
hood radius. If the point is within the region of influence of a micro-cluster, the latter is
updated, reinforcing its density; otherwise, a new atypical micro-cluster (outlier) is created,
representing a possible emerging concentration of incidents.

Progressively, atypical micro-clusters that reach a minimum density level and receive
continuous reinforcement over time are promoted to consolidated micro-clusters, which
constitute the active spatial clusters of the method. At the same time, DenStream incor-
porates a temporal decay mechanism that reduces the influence of old events, allowing
micro-clusters that no longer receive new reports to lose relevance and eventually be
discarded as spatial noise.

The DenStream configuration was adjusted to capture relevant spatial concentrations
incrementally, controlling both spatial proximity and the minimum density required for
cluster formation. Among the most significant parameters are the neighborhood radius (¢),
the minimum density threshold (y), and the decay factor, which determined the consolida-
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tion of micro-clusters and the dynamic updating of clusters, ensuring that they reflected
the recent evolution of the incident flow and progressively attenuated the influence of
older events.

As shown in Figure 2, the clustering process is applied sequentially to the classified
incident flows, allowing for the analysis of spatial patterns associated with different types of
road events, such as traffic, accidents, and obstacles. As a result, dynamic spatio-temporal
clusters are obtained, characterized by their representative location, density of reports, and
persistence over time, which form the basis for geospatial analysis and visualization of
urban traffic hotspots, where the scale bar indicates the distance in meters to provide a

detailed view of the localized micro-clusters.
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Temporary Decay Mechanism

Given that the approach operates on continuous flows of geolocated reports, a tempo-
ral decay mechanism is incorporated into the spatial clustering process using DenStream.
This mechanism regulates the influence of incidents based on elapsed time and the con-
tinuity of new events in their spatial vicinity. In the implemented model, each incident
contributes to the density of a micro-cluster with a weight that decreases progressively
according to the defined temporal decay factor A = 0.01. If a micro-cluster stops receiving
new reports nearby within the established neighborhood radius, the cumulative density
associated with its incidents gradually attenuates.

As a result, micro-clusters that are not reinforced by recent events lose relevance
and may fall below the minimum density thresholds, being treated as spatial noise or
automatically discarded by the algorithm. In this context, information considered obsolete
corresponds to old incidents whose contribution to the density of the cluster has decreased
due to the absence of recent activity in the same geographical area.

This behavior allows active spatial clusters to dynamically reflect the current state
of urban traffic, strengthening those areas where incidents persist over time and pro-
gressively weakening areas where events have ceased to occur. In this way, the method
prioritizes recent and relevant information, continuously adapting to the evolution of
urban dynamics and facilitating the identification of current hot spots for analysis and

real-time decision-making.
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3.5. Component 5: Results Viewer

The visualization component is the final component of the method and aims to inte-
grate the results of classification and spatial clustering to provide a clear and up-to-date
representation of urban traffic conditions. In this part, the clusters generated by incremental
analysis are displayed on a geospatial map, allowing the observation of concentrations of
events that reflect critical patterns of road impact. The visualization is updated periodically
as the data flow progresses, showing the temporal evolution of the clusters, their persis-
tence or decay, and the emergence of new areas of interest. These clusters, originating from
reported incidents (traffic, obstacle, or accident), are represented by graphic elements that
indicate their location, spatial extent, and relative activity level. In addition, by consolidat-
ing the observation time, the interface provides information labels for each cluster visible
on the map. These labels detail key attributes, such as the status of the cluster, the time
window of origin, the number of reports contained, and their weight. This approach allows
for intuitive analysis of the relationship between time, space, and incident type, acting as
a bridge between automated processing and decision-making in traffic management and
intelligent transportation systems contexts. As shown in Figure 3, the scale bar indicates
the distance in kilometers to show the large-scale distribution of micro clusters throughout

the city.
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Figure 3. Clusters formed on the map (Scale in km). Status: decay (purple), previous (green),
current (red).

4. Results

This section presents the findings obtained after implementing the proposed architec-
ture. The evaluation is structured in two main phases: first, the composition of the datasets
used for controlled validation is detailed; and second, the performance of the selected
algorithms is analyzed. The performance of the ARF incremental classifier is examined
using accuracy metrics and confusion matrices, while the effectiveness of spatial clustering
with DenStream is validated through the consistency of the detected clusters and their
temporal evolution in the Panama and Guayaquil scenarios.

4.1. Data Used

Two datasets were used, totaling 6000 processed records distributed equally between
the two study scenarios (3000 for Panama and 3000 for Guayaquil). Both datasets share a
standardized structure to ensure reproducibility of the experiments and consistency in flow
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intake. Each record includes the following key metadata for processing: unique identifier
(tweet_id ), timestamp associated with the simulated flow (tweet_created), actual geospatial
coordinates (latitude, longitude), textual content of the message or report (text), and the
class label (category) that serves as ground truth for supervised validation (classified as:
Accident, Traffic, Obstacle, No Incident).

Both sets were generated using a simulation strategy based on real traces, preserving
statistical properties observed in historical data, such as the temporal distribution of events,
spatial density on the main road network, and the relative proportion between categories.
The semi-synthetic datasets are publicly available through the GitHub repository mentioned
in the Data Availability Statement.

4.1.1. Panama Dataset

A semi-synthetic data flow designed to replicate the urban mobility dynamics of
Panama City was used. Unlike purely artificial datasets, this dataset was constructed
from historical seeds derived from a corpus of traffic reported in previous studies, based
on georeferenced publications from the X platform. These seeds served as a reference
for modeling and preserving real patterns of temporal distribution, spatial density, and
linguistic variability observed in citizen reports.

From these seeds, 3000 semi-synthetic records were generated, simulating scenarios of
high information density and allowing the algorithm’s capacity to be evaluated in the face
of load peaks and semantic noise.

4.1.2. Guayaquil Dataset

For the Guayaquil, Ecuador scenario, a semi-synthetic dataset derived from real seeds
was constructed, integrating the city’s authentic road topology with semantic content from
real citizen reports.

The generation procedure was based on collecting seeds extracted directly from plat-
form X (formerly Twitter) and from traffic monitoring groups during the period 2025,
capturing regional linguistic variability, local idioms, and non-standard abbreviations.
From these seeds, 3000 semi-synthetic records were generated, preserving geographical
consistency and semantic fidelity, and ensuring experimental control and reproducibility.

4.2. Method Parameter Selection

The selection of the ARF classifier hyperparameters was carried out through prelimi-
nary experiments (warm-up phase) using the first 10% of the data flow, with the aim of
identifying a configuration that offered an adequate balance between accuracy, stability, and
adaptability to conceptual drift. Given the incremental nature of the problem, traditional
cross-validation schemes were not applied; instead, a prequential evaluation was used, in
which each instance is first used for evaluation and then for model updating.

The number of base models (n models) was set at 15, following preliminary tests that
allowed us to find an appropriate balance between prediction stability and computational
efficiency. This configuration enabled the set of models to capture the diversity of lin-
guistic patterns present in the message flow, while maintaining a responsive response to
textual variability.

The maximum depth of the trees (max depth) was adjusted to control overfitting
in the face of the high dimensionality and sparsity of the Bag-of-Words representation.
Reduced depths limited the model’s discrimination capacity, while excessive values tended
to capture patterns that were not very general. Based on preliminary experiments, a
maximum depth of 30 levels was set, which allowed relevant patterns to be preserved
without amplifying noise.
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The sampling hyperparameter (1) was set to 6, a value that allowed diversity among
the trees in the set to be maintained and ensured stability in the incremental updating of the
classifier. It was found that lower values reduced the models’ ability to capture different
patterns in the text flow, while higher values could generate instability in early adaptation.

To detect changes in flow distribution, the ADWIN sliding window algorithm was
used for both warning and drift detection, selected for their ability to identify statistically
significant variations without requiring predefined thresholds. This configuration allowed
for timely reactions to changes in language and reporting patterns observed throughout
the time windows.

Finally, a random seed (seed = 42) was set to ensure the reproducibility of the exper-
iments. The final configuration of the ARF classifier remained fixed for all experiments
reported in Section 4, being applied uniformly to both experimental datasets used in
the study. Table 2 summarizes the final configuration of the ARF classifier used in all
reported experiments.

Table 2. ARF classifier parameters.

Hyperparameters Value
n_models 15
max_depth 30
lambda_value 6
drift_detector ADWIN
warning_detector ADWIN
seed 42

The DenStream parameters were defined considering the incremental nature of the
incident flow, the geographical scale of the urban area analyzed, and the need to identify
dynamic spatial concentrations in real-time. The configuration adopted seeks to balance
spatial sensitivity, cluster stability, and adaptability to changes in the distribution of events.

The spatial proximity parameter e = 0.002 was selected to reflect the geographical
proximity between reports within the urban context of the cities analyzed. This value
allows incidents occurring at short distances to be grouped together, avoiding the merging
of unrelated events and favoring the detection of localized hot spots.

The minimum density threshold # = 4 was defined with the aim of ensuring that
a cluster represents a significant concentration of incidents, discarding clusters formed
by a few isolated events. This value was determined after preliminary tests, observing
that lower values tended to generate spurious clusters, while higher values delayed the
detection of emerging critical areas.

The parameter § = 0.75 was used to determine the weight threshold necessary to
promote an atypical micro-cluster to the category of consolidated (or potential) micro-
cluster. This configuration allowed only those clusters that receive consistent reinforcement
over time to remain active, facilitating the elimination of spatial noise.

The number of initial samples n;n;: = 50 was set to allow the formation of sufficiently
stable initial micro-clusters before starting the complete incremental process, reducing
sensitivity to early fluctuations in the flow. Likewise, the flow rate v = 100 was defined to
match the model update rate to the incident arrival rate observed in the simulated data.

The final DenStream configuration was kept fixed for all experiments reported in
Section 4, being applied uniformly to both test datasets. Table 3 summarizes the final
configuration of the DenStream algorithm used in all reported experiments.
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Table 3. DenStream algorithm parameters.

Parameter Value
epsilon (€) 0.002
mu () 4
beta 0.75
decaying_factor 0.01
n_samples_init 50
stream_speed 100

4.3. Comparison Method

The proposed method was evaluated by comparing the predictions generated by the
model with the actual labels present in the data streams, using a prequential evaluation
scheme suitable for streaming learning scenarios. In the incremental classification approach,
each incoming message was processed sequentially using ARF to predict the event category
based on its semantic content. Each prediction was then immediately compared with the
corresponding actual label before updating the model, allowing its performance to be
measured continuously under realistic operating conditions.

The labeled datasets from Panama and Guayaquil were used as a reference for this
comparison, ensuring that the evaluation was based on direct agreement between the
model’s predictions and the reality represented in the data. Based on this sequential com-
parison, standard incremental classification metrics were calculated, including precision,
recall, and F1-score, as well as confusion matrices, which allowed the model’s ability to
correctly identify different types of incidents in the flow to be evaluated.

In addition, spatial clustering was performed using DenStream, which allowed dy-
namic micro-clusters to be identified based on the geographical distribution of events. The
spatial coherence of the detected clusters was analyzed in relation to the concentration
of incidents present in the data, allowing us to observe the formation, evolution, and
persistence of high-density areas over time. This analysis complements the evaluation of
the classifier by providing a spatial representation of the patterns detected in the data flow.

The application of this evaluation scheme to the Guayaquil and Panama datasets made
it possible to analyze the ability of the proposed method to maintain consistent behavior
in different urban contexts, verifying its adaptability and consistency with the reality
represented in the data flows without requiring structural adjustments or modifications to
the model configuration.

4.4. Method Validation

In order to validate the robustness and adaptability of the proposed method, a se-
quential experimental scheme was designed based on the incremental processing of two
simulated data streams corresponding to the cities of Panama and Guayaquil. This ap-
proach allowed the behavior of the proposal to be analyzed in relation to different spatial
configurations, event densities, and reporting patterns, while maintaining the model con-
figuration unchanged.

In the first stage, the method was evaluated using the continuous data stream from
the semi-synthetic Panama dataset, which allowed for analysis of the baseline performance
of the incremental classifier and the behavior of the DenStream algorithm in the formation
and evolution of spatial micro-clusters. During this phase, the approach’s ability to identify
coherent spatial concentrations of incidents and to discard isolated reports as noise was
observed, validating the expected performance of the method in a controlled environment.

Subsequently, validation was extended to the data flow corresponding to the city of
Guayaquil, with the aim of analyzing the response of the proposal to a change in geo-
graphical context and a different spatial distribution of incidents. This phase allowed us to
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evaluate the adaptability of the method without introducing modifications to the parame-
ters or the structure of the architecture, demonstrating that the model is not overfitted to a
single urban topology.

Throughout both experiments, the temporal evolution of spatial clusters was analyzed,
observing their formation, persistence, and dissolution as new reports entered the flow. The
results obtained in both scenarios confirm that the proposed method maintains stable and
consistent behavior in the face of changes in the distribution of events, showing promising
performance in adapting to traffic dynamics in controlled experimental environments.

4.5. Results Obtained

This section presents the results obtained from applying the proposed method, which
combines supervised classification and unsupervised clustering techniques for the analysis
of urban incidents. The experiments were conducted using different datasets in order to
evaluate the model’s performance in both controlled scenarios and real-world contexts.

In particular, two datasets were analyzed: a dataset based on real traces corresponding
to the city of Guayaquil, constructed from geolocated reports representing urban mobility
events, and a control scenario associated with the city of Panama, designed to validate
the performance of the proposal under controlled and reproducible conditions. For both
datasets, the results of the classification phase are presented, including confusion matrices
and performance metrics, as well as the results of the spatial clustering process through the
visualization of the generated clusters. The datasets used in the study are detailed below
and summarized in Table 4.

Table 4. Summary of synthetic datasets used.

Dataset Source Records Categories
Panama Semi-synthetic X/Telegram 3000 Accident, Non-incident, Obstacle, and traffic
Guayaquil Semi-synthetic X/Telegram 3000 Accident, Non-incident, Obstacle, and traffic

4.5.1. Results with the Guayaquil Dataset

The first set of experiments was conducted using a synthetic hybrid corresponding to
the city of Guayaquil, generated to simulate urban incident reports with associated textual
and geographic information. This dataset incorporates controlled variability, allowing
the model’s performance to be evaluated in a scenario designed to emulate the city’s
information dynamics. The unstructured nature of the data introduces specific challenges,
such as the use of colloquial language, abbreviations, and ambiguous descriptions, as well
as a high density of messages that must be effectively filtered by the classifier.

The classification of incidents was carried out using the ARF model. The results of
this stage are presented through the confusion matrix shown in Figure 4, which shows the
distribution of the model’s predictions against the actual classes of incidents generated for
the Guayaquil environment. This multi-class classification phase is essential for identifying
specific mobility patterns, differentiating between accidents, obstacles, traffic, and other
road events.
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Figure 4. Confusion matrix of the Guayaquil ARF model.

In Figure 4, we can see that the classifier correctly identifies 626 reports corresponding
to the “no incidents” category, which is the class with the highest number of correct
predictions. This result demonstrates the model’s solid ability to filter out irrelevant posts
from the information flow. Similarly, there are 473 correct classifications in the “obstacle”
category, followed by 215 correct classifications in the “traffic” category and 203 in the
“accident” category.

However, the matrix reveals a considerable level of confusion between categories,
due to the semantic complexity of the evaluated dataset. In particular, it is observed that
313 actual reports of “accident” and 339 of “obstacle” were misclassified as “no incidents.”
This behavior suggests that, when faced with descriptions with a low level of detail
or intentional ambiguity in the processed texts, the model tends to make conservative
predictions toward the filtering class.

Likewise, cross-confusion is evident, especially in the “traffic” category, where
317 actual reports were assigned to “no incidents” and 149 to “obstacle.” This pattern
is consistent with the nature of the language used on social media, even in simulated
scenarios, where congestion, partial blockages, or delays are often described using generic
terms that make it difficult to accurately distinguish between routine traffic and physical
events on the road. Despite these confusions, the model maintains sufficient accuracy to
feed into the subsequent stages of spatial analysis.

To complement the confusion matrix-based analysis, Table 5 presents the overall
performance metrics of the ARF classifier obtained for the Guayaquil hybrid dataset,
considering precision, recall, F1-score, and support per category.

Table 5. Classification model results for the Guayaquil dataset.

Category Precision Recall F1-Score Support
Accident 0.927 0.284 0.435 714
No incidents 0.392 0.797 0.526 785
Obstacle 0.487 0.579 0.529 817
Traffic 1.000 0.314 0.478 684
Accuracy 0.506 3000
Macro avg 0.702 0.494 0.492 3000
Weighted avg 0.684 0.506 0.494 3000
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As shown in Table 5, the model achieves an overall accuracy of 50.6% over a total of
3000 processed instances. At the class level, the traffic category shows perfect accuracy
(1.000), indicating that all instances classified under this label correspond to congestion
events; however, its low recall value (0.314) reflects the model’s limited ability to retrieve
all simulated traffic reports, evidencing the classifier’s restrictive behavior.

A similar pattern is observed in the accident class, which achieves high precision (0.927)
but low recall (0.284), suggesting that the model prioritizes minimizing false positives for
critical events at the expense of omitting a significant fraction of these incidents. On the
other hand, the non-incident category has the highest recall value (0.797), confirming the
effectiveness of the model in the initial filtering phase, although with lower accuracy (0.392)
due to the displacement of other categories towards this class. The obstacle class presents
the most balanced performance with an Fl-score of 0.529, reflecting a moderate ability
to identify this type of event in a complex evaluation environment. Overall, the macro
averages (0.702 in precision) highlight the difficulties inherent in classification in highly
variable urban contexts, where semantic similarity between categories limits the balanced
performance of the ARF model.

It is important to note that the accuracy value observed in this controlled scenario
should not be interpreted as a limitation of the proposed approach, but rather as a direct
consequence of the incremental nature of the data flow and the conservative strategy
adopted by the model. In highly dynamic urban contexts characterized by semantic
ambiguity, the classifier prioritizes the reduction of false positives and the stability of
the filtering process, even at the expense of sacrificing overall accuracy. This behavior
is consistent with the objective of the method, whose purpose is not to maximize the
individual classification of messages, but to ensure that the events used in the later stages
of spatial analysis are relevant, reliable, and stable over time.

For the spatial analysis of the Guayaquil dataset, the geographic coordinates associated
with reports classified as incidents by the ARF model were used. In order to analyze the
temporal evolution of the reported events, the data were processed in an incremental
input stream, where each 10 min interval incorporates approximately 500 new messages,
simulating a continuous real-time monitoring scenario. In the first observation interval
(0-10 min), for example, the flow consisted of 85 accident reports, 44 obstacle reports, and
316 traffic reports, which allows us to initially observe the operational load of the approach
and the early distribution of the types of incidents detected. Figure 5 shows the evolution
of this flow.

During the initial phase, shown in Figure 5a,b, there is a dispersion of reports that
begins to concentrate in an incipient manner. In these first 20 min, the method begins
to outline the location of events on road corridors, where traffic reports (blue) clearly
predominate, followed by a few isolated accidents (red) and a minimal presence of obstacles
(orange), which mark the beginning of detected activity on the road network.

Subsequently, in the central intervals of Figure 5c¢,d, it is evident that the accumulation
of incidents reaches its maximum saturation point. In this phase, the density of points
clearly outlines the city’s main avenues and roadways, where the overlap of accident and
congestion reports suggests that the initial events have escalated, severely affecting the
flow of traffic on the busiest arteries.

Finally, when observing Figure 5e,f, a notable reduction in point density can be seen.
This decrease in the arrival of new messages in the last 20 min indicates a transition in the
intensity of the information flow within the monitoring window. However, the persistence
of certain nodes on the main roads allows us to identify areas of recurrence that remain
active, demonstrating that certain critical incidents have a prolonged impact on the road
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network, which the algorithm continues to track effectively despite the decrease in the
volume of new data.

Isita santa
Ana.

Figure 5. Spatial evolution of traffic incidents in 10 min intervals: (a) 0-10 min. (b) 10-20 min.
(c) 20-30 min. (d) 3040 min. (e) 40-50 min. (f) 50-60 min. The colors represent: traffic (blue),
accidents (red), and obstacles (orange).

These visualizations show how incremental report management allows for the iden-
tification of areas with a higher recurrence of incidents in real-time, reflecting significant
variations in both type and density throughout the entire observation hour.

In order to complement the spatial analysis based on the point distribution of reports,
the evolution of the clusters generated by the DenStream algorithm is analyzed below.
While Figure 5 shows the dispersion and progressive concentration of individual incidents,
Figure 6 summarizes this behavior by identifying dense clusters that represent areas of
persistent traffic conflict. These clusters emerge dynamically as the density of events in
the flow increases and allow the abstraction of specific information into more stable and
representative spatial structures for real-time monitoring.
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Figure 6. Evolution of clusters in Guayaquil (Scale in km). Status: decay (purple), previous (green),

current (red).

As shown in Figure 6, a global visualization of the spatial clustering status after
60 min of continuous processing is presented, where the scale bar indicates the distance in
kilometers. This figure simultaneously shows the clusters detected from the first 10 min
to the final snapshot, differentiated by their internal status within the model. The clusters
represented in purple correspond to dense centers in the decay phase, while the cluster
in green represents the center detected in the previous snapshot (50 min). The cluster
highlighted in red corresponds to the current dense center, generated after 60 min of
processing, which concentrates 40 reports within the neighborhood radius € and has a
weight w = 40.00. This behavior demonstrates DenStream’s ability to maintain memory of
past events and progressively update spatial concentrations as new reports are incorporated.
Although the visualization mainly emphasizes the state of the most recent cluster, the model
incrementally identifies multiple dense centers throughout the flow, approximately one
every 10 min, reflecting changes in both the geographic location and semantic composition
of the incidents.

The values mentioned above are summarized quantitatively in Table 6, which shows,
for each temporal snapshot of the flow (in minutes), the dense center detected, the status of
the cluster within the model, the number of cluster groups formed, the number of reports
contained within the neighborhood radius (€), the weight associated with the cluster, the
distribution of reports by category, and the dominant category of each cluster. This table
clearly shows the temporal evolution of dense centers, complementing the information
presented in Figure 6 and facilitating the interpretation of incident concentration patterns
in the city.

Table 6. Dense centers detected by DenStream for the Guayaquil dataset.

Snapshot (min) State Group Reports € Weight (w) Category
10 Decay 1 87 36.58 Traffic
20 Decay 1 113 56.50 Obstacle
30 Decay 1 61 36.27 Obstacle
40 Decay 1 16 11.31 Traffic
50 Decay 1 6 5.05 Obstacle
60 Actual 1 40 40.00 Obstacle
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Table 6 allows for a detailed analysis of the temporal evolution of dense centers
detected by DenStream throughout the data flow corresponding to the city of Guayaquil.
In the initial 10 min snapshot, a dense cluster with 87 reports within the neighborhood
radius € and a weight w = 36.58 is identified, dominated by the traffic category (72 reports),
reflecting an early phase characterized by recurring traffic congestion. At 20 min, the cluster
significantly increases its density to 113 reports within € and reaches the highest weight
observed (w = 56.50), with a clear transition to the obstacle category as dominant, a trend
that consolidates at 30 min with a dense cluster composed exclusively of obstacle reports.
In the 40 and 50 min snapshots, a progressive decrease in both the number of reports and
the weight of the cluster can be observed, indicating a process of temporary dissipation
of events. Finally, after 60 min, the model detects a dense center in its current state with
40 reports within € and a weight w = 40.00, again dominated by the obstacle category,
evidencing the consolidation of a persistent incident that continues to affect urban mobility.
Taken together, these results confirm that DenStream not only identifies relevant spatial
concentrations, but also captures the temporal transition in the nature of traffic incidents
within a continuous flow.

4.5.2. Results with the Panama Dataset

This subsection presents the results obtained from the validation dataset corresponding
to Panama City, which was designed to simulate georeferenced traffic reports published
on social media under controlled conditions. Thanks to its design based on historical
seeds, the dataset incorporates semantic variability, category diversity, and realistic spatial
distribution, allowing the behavior of the proposal to be evaluated in a representative and
reproducible urban scenario.

The classification process was carried out using the ARF model, which operated
incrementally to simulate a continuous flow of incoming messages. The performance of the
classifier was evaluated using the confusion matrix presented in Figure 7, which allows
analyzing the correspondence between the predicted classes and the actual labels of the
Panama dataset.
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Figure 7. Confusion matrix of the ARF model for incident classification in the Panama dataset.
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In Figure 7, we can see that the model correctly classified 917 real reports in the “traffic
category, consolidating itself as the class with the highest number of correct predictions
in this scenario. This is followed by the “obstacle” category with 895 correct predictions,
while the classifier accurately identified 531 instances of ‘accident” and 250 corresponding
to “no incidents.” These results confirm the robustness of the approach for operating in
simulated urban environments with high information density.

However, the confusion matrix reveals ambiguities arising from the operational corre-
lation of incidents. There were 90 cases in which actual reports of “traffic” were classified
as “obstacles,” as well as 54 instances of “non-incidents” mistakenly assigned to this same
category. Similarly, 40 reports of “accidents” were predicted as “traffic” and 45 as “ob-
stacles,” reflecting the close conceptual relationship between physical events on the road
and their immediate effects on traffic congestion. Despite these specific confusions, the
low cross-error rate between critical categories confirms the effectiveness of the model in
identifying the general nature of incidents in a continuous data stream.

To complement the confusion matrix analysis, additional performance metrics were
calculated, including precision, recall, and F1-score for each category, as well as the corre-
sponding support. Table 7 summarizes these results, providing a quantitative view of the
classifier’s performance by class.

Table 7. Classification model results for the Panama dataset.

Category Precision Recall F1-Score Support
Accident 0.851 0.862 0.856 616
No incidents 1.000 0.696 0.821 359
Obstacle 0.826 0.912 0.867 981
Traffic 0.880 0.878 0.879 1044
Accuracy 0.864 0.864
Macro avg 0.889 0.837 0.856 3000
Weighted avg 0.871 0.864 0.864 3000

In the case of the Panama dataset, the model’s performance shows greater stability
in the classification metrics, reflecting less semantic variability in the validation data flow.
However, as in the Guayaquil scenario, the main objective of the classification process is
to serve as a reliable filtering stage for incremental spatial analysis. From this perspective,
the model’s usefulness is evaluated based on its ability to consistently feed the clustering
process, rather than on the isolated optimization of traditional classification metrics.

As shown in Table 7, the model achieved an overall accuracy of 86.4%, accompanied
by a weighted F1-score of 0.864, calculated over a total of 3000 instances. These values
confirm that the ARF classifier maintains solid and consistent performance under controlled
conditions, being able to handle continuous data streams with multiple categories and high
event density.

The analysis by category shows balanced performance. The “No incidents” class
has perfect accuracy (1.000), indicating that the method effectively filters out irrelevant
messages, eliminating false positives in this category. Meanwhile, the “Obstacle” category
achieves the highest recall value (0.912), demonstrating the model’s ability to capture the
vast majority of events related to road obstructions. The “Traffic” and “Accident” classes
have F1-scores of 0.879 and 0.856, respectively, ensuring reliable discrimination between
routine traffic congestion and events of greater operational criticality.
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For the spatial analysis of the Panama dataset, the geographic coordinates associated
with reports classified as incidents by the ARF model within a 60 min time window were
processed. The data were analyzed incrementally in 10 min intervals, with each window
incorporating approximately 500 messages. In the first observation interval (0 to 10 min),
for example, the flow consisted of 37 accident reports, 18 obstacle reports, and 405 traffic-
related reports, allowing us to visualize the operational load of the algorithm and the
predominance of events associated with traffic congestion from early stages. Figure 8
shows the spatial distribution of individual incidents in each time interval, allowing us to
observe how the progressive accumulation of events reflects the urban mobility dynamics
modeled in Panama City.

In Figure 8a, we can see a dispersion that aligns with the main road corridors and
avenues, where traffic reports (blue) predominate massively, with a very limited presence
of accidents and obstacles. However, just 10 min later in Figure 8b, the flow dynamics
change dramatically; there is a sudden increase in orange and red dots, which gives greater
visibility to critical events. This trend is accentuated in the central intervals in Figure 8c,d. In
these phases, the method reaches its highest saturation density, showing a strong prevalence
of accidents (red) and obstacles (orange) that almost completely overshadow traffic reports.
This saturation of high-priority incidents clearly delineates the arteries with the highest
flow, suggesting that physical events are conditioning mobility throughout the monitored
area. As the observation window closes, the composition of the flow changes again. In
Figure 8e, a transition can be seen where obstacles (orange) become the almost exclusive
category on the map, while in the final interval in Figure 8f, the algorithm records a return
to the predominance of traffic reports (blue). This final evolution is key, as it demonstrates
the model’s ability to track how a situation of multiple accidents and obstacles leads back
to a condition of widespread traffic congestion before the monitoring hour is complete.
While the spatial distribution of individual incidents allows for the identification of general
mobility patterns and areas with high operational load, an analysis based solely on points
limits the ability to distinguish persistent concentrations of events in space. In order to
complement this spatial analysis and capture road impact areas in a more structured way,
an incremental clustering approach using the DenStream algorithm is incorporated below,
which allows the identification and tracking of the temporal evolution of incident clusters
as the data flow progresses.

Figure 9 shows the overall status of spatial clustering after 60 min of continuous
processing. The visualization integrates the clusters identified from the first 10 min to the
final snapshot, allowing us to observe their temporal evolution and their status within the
model. The clusters represented in purple correspond to dense centers that are in a decay
phase, while the cluster in green represents the center detected in the previous snapshot
(50 min). The cluster highlighted in red identifies the current dense center, generated at
60 min, which groups 162 reports within the neighborhood radius ¢, reaching a weight of
w = 162.00. This result demonstrates the ability of the DenStream algorithm to preserve
relevant historical information and dynamically update spatial concentrations as new data
is incorporated, facilitating the detection of persistent clusters of high relevance in complex
urban scenarios. The values mentioned above are detailed in Table 8, which shows, for
each temporal snapshot of the flow (in minutes), the dense center detected, the status of
the cluster within the model, the number of cluster groups formed, the number of reports
contained within the neighborhood radius (€), the weight associated with the cluster, the
distribution of reports by category, and the dominant category in each observation interval.
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Figure 8. Spatial evolution of incidents in Panama City at 10 min intervals: (a) 0-10 min. (b) 10-20 min.
(c) 20-30 min. (d) 3040 min. (e) 40-50 min. (f) 50-60 min. The colors represent: accidents (red),
traffic (blue), and obstacles (orange).

The Table 8 allows for a detailed analysis of the temporal evolution of the dense
centers detected by DenStream throughout the data flow corresponding to Panama City.
In the snapshot of the first 10 min, a dense center is identified with 234 reports within
the neighborhood radius € and a weight w = 234.00, composed exclusively of the traffic
category, reflecting an initial phase characterized by massive and highly concentrated
traffic congestion. In the 20 and 30 min snapshots, a geographical shift of the dense center
is observed, accompanied by a marked semantic transition, where the clusters become
dominated by accident reports, concentrating 129 and 135 events respectively, which
evidences a phase of high criticality associated with physical incidents that exceed routine
traffic. Then, in the 40 and 50 min snapshots, the model detects dense centers dominated
by the obstacle category, with 102 and 146 reports within €, suggesting the persistence of
prolonged blockages or interruptions in the road network. Finally, in the 60 min snapshot,
DenStream identifies a dense center in its current state with 162 reports and a weight
w = 162.00, where traffic is once again the dominant category, indicating a reconfiguration
of urban dynamics toward sustained vehicle saturation as a result of previous incidents.
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Taken together, these results demonstrate the algorithm’s ability to incrementally capture
not only the location of critical areas, but also the temporal transformation in the nature of
road events within a real urban environment.
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Table 8. Dense centers detected by DenStream for the Panama dataset.

Snapshot (min) State Group Reports € Weight (w) Category
10 Decay 1 234 234.00 Traffic
20 Decay 1 129 129.00 Accident
30 Decay 1 135 135.00 Accident
40 Decay 1 102 102.00 Obstacle
50 Decay 1 146 146.00 Obstacle
60 Actual 1 162 162.00 Traffic

5. Discussion

The proposed approach for traffic incident detection combines incremental classifica-
tion using ARF with DenStream’s dynamic spatial clustering, allowing for the changing
nature of social media data flows in Guayaquil and Panama City to be managed. Unlike
traditional batch learning-based methodologies, this proposed method is based on the col-
lection and analysis of streaming data, allowing for adaptive evaluation of traffic dynamics
through the use of incremental learning algorithms, responding efficiently to changes in
the underlying patterns (concept drift) inherent in social sensors.

When comparing the performance of the proposal with the existing literature, signifi-
cant advantages in terms of operational immediacy are evident. Compared to [1], which
focuses its analysis on accident extraction using mining techniques on static and histor-
ical datasets, our approach prioritizes real-time processing. Although the methodology
presented in [1] is effective for retrospective analysis, it has its own latency that limits its
applicability for live traffic management. In contrast, our method overcomes this restriction
by processing the flow message by message, applying incremental filtering that reduces
informational noise before the spatial analysis phase, thus optimizing reliability without
the delays observed in [1].

To put the performance of our proposal into perspective, it is useful to compare
our results with the specialized literature applied to similar scenarios. In the context of
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Panama City, previous studies such as [2] have used static machine learning models (e.g.,
traditional Random Forest), achieving high-precision metrics on closed historical datasets.
However, these static approaches often suffer from severe performance degradation when
implemented on continuous real-time streams. In contrast, our ARF-based method achieved
a sustained pre-decision accuracy of 86.4% and a weighted F1 score of 0.864 on the Panama
stream. While a static model may show slightly higher absolute metrics in an offline
batch evaluation, the results presented here are operationally superior because they remain
stable over time. This superiority is due to the integration of change detectors within the
adaptive architecture, which allows the algorithm to autonomously adjust its decision
trees in response to conceptual drift and linguistic variability in social media, ensuring
consistently high accuracy without the need for periodic manual retraining.

On the other hand, validation in the Panama City scenario allows for a direct com-
parison with previous work carried out in the same geographical context. Unlike [2],
where incident identification is based on static training models that tend to degrade in
accuracy when faced with changes in social media vocabulary, our proposal incorporates
mechanisms to handle conceptual drift by autonomously updating the classifier structure.
While in [2] the validity of the model depends on periodic manual retraining, our approach
maintains its effectiveness in the face of linguistic variability over time, ensuring superior
scalability to the solution proposed in [2].

The spatial dimension managed by the clustering algorithm complements this adapt-
ability by allowing clusters to indicate not only the location but also the life cycle of the
incident (escalation and dissipation). However, it is crucial to recognize certain limitations
inherent in the experimental design. First, reliance on social data sources introduces cover-
age bias, as incident detection is contingent on the density of active users and technology
penetration in each urban area. Second, although data streams based on real traces were
used to ensure semantic fidelity, validation was performed in a controlled environment.
While this allows for scientific reproducibility, implementation in a real production envi-
ronment could face additional challenges of network latency and unstructured noise that
are not present in test scenarios. Finally, the accuracy of geolocation inferred from text
remains an open challenge that could affect the granularity of clusters detected in areas of
high urban density.

Despite promising results obtained in simulated environments, this study has certain
limitations and implementation risks that must be taken into account. The proposed
approach is based on social media data, which may introduce spatial and temporal biases
related to user activity and reporting behavior. Furthermore, although the datasets are
derived from real historical seeds, their semi-synthetic nature—which are indispensable
for controlled pre-sequential validation—may not fully capture the extreme data bursts
and unpredictable anomalies of a live deployment. From a performance standpoint, the
model could experience degradation in highly ambiguous scenarios, such as widespread
use of sarcasm. Likewise, when previously unseen local slang suddenly appears, there is
an inherent latency in adaptation: predictive performance may momentarily decline as the
ADWIN algorithm accumulates the statistical evidence needed to update the Online Bag-
of-Words scheme and readjust the classifier. Finally, bringing this architecture into a real
operating environment (ITS) carries structural risks: monitoring depends on the availability
and limitations of third-party APIs (such as X and Telegram). A massive urban event could
trigger a data avalanche that exceeds these quotas or overwhelms computational resources,
making dynamic cloud scaling and secondary physical fallback mechanisms indispensable.
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6. Conclusions

The results obtained indicate that the proposed analysis method, based on incremental
learning and dynamic clustering, demonstrates promising performance in controlled data-
flow environments for the identification of traffic incidents. Returning to the research
questions posed at the beginning of this study, the conclusions are explicitly structured
as follows:

First, regarding how to reliably detect traffic incidents from social media, the research
demonstrates that the ability to process these text streams using the ARF algorithm enables
effective classification of citizen reports, successfully distinguishing between informational
noise and critical traffic events. This approach offers a viable and superior alternative to
traditional static approaches, adapting to the continuous nature of the information.

Second, regarding the effectiveness of adaptive algorithms in the face of traffic vari-
ability and concept drift, it has been demonstrated that the integration of streaming data
mining methods constitutes a highly effective strategy. These methods are able to adapt to
constantly evolving traffic patterns and changes in vocabulary, autonomously identifying
shifting behaviors and reports without requiring manual retraining.

Third, regarding how clustering methods contribute to identifying spatiotemporal
patterns, the study concludes that the introduction of decay functions (forgetting mecha-
nism) via DenStream enables much more efficient spatial information management. This
ensures that structures are constantly updated by prioritizing recent incidents and filtering
out older ones, facilitating a dynamic representation that enables the early detection of
forming clusters and reflects traffic scaling processes in great detail.

Based on the experimental results, it is worth noting that the method demonstrated
stable performance and a high degree of resilience to semantic ambiguity, enabling the
majority of detected events to be correctly located within the neighborhood radius (¢) of
the identified dense clusters. The metrics achieved underscore the positive impact of the
methodology, highlighting it as a dynamic tool that contributes to a deep understanding
of constantly evolving urban dynamics. For future work, we propose improving the
algorithm’s adaptability in larger-scale urban environments and incorporating massive
streams of real-world data to overcome the limitations of current semi-synthetic datasets,
thereby validating the model’s robustness in the face of extreme volumes of live data.
Additionally, we will prioritize optimizing the method’s sensitivity through automatic
parameter tuning based on circadian rhythms. We also aim to investigate the integration
of large language models (LLMs) adapted to continuous data streams, analyzing factors
such as sarcasm and irony to improve accuracy in message retrieval in areas with high
linguistic variability. Experiments in multimodal scenarios, incorporating data from video
surveillance cameras and IoT sensors, will allow us to evaluate the algorithm’s scalability
and robustness when dealing with heterogeneous information sources. To strengthen the
relational understanding of the congestion problem, we propose exploring the influence
of road network topology and social media user density on cluster formation, using
advanced spatial analysis and data fusion tools. Finally, the implementation of Al-based
predictive models, supported by the generated micro-cluster history, is considered a key
way to anticipate and prevent congestion patterns before they become established on the
road network.
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