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Abstract
As traffic cameras become prevalent, the automatic analysis of traffic scenes presents new opportunities and
challenges. Advances in deep learning allow for automated characterization of traffic in such videos. This work aims to
understand traffic flow without human supervision, focusing on the localization of road intersections. For this purpose,
a three-stage method is proposed that uses a deep neural network for vehicle detection, an object tracker to recover
vehicle trajectories, and unsupervised machine learning to detect potential incoming and outgoing traffic flows. The
approach has been tested on a variety of real and synthetic videos, with satisfactory results across different camera
positions, traffic patterns, and weather conditions. As a key part of the methodology, five options for clustering starting
and ending track points were tested. These options included a basic strategy based on predefined spatially localized
clusters, and the K-means algorithm with two methods to determine the optimal number of clusters: the Elbow method
and the Silhouette score. Additionally, Mean Shift and the Density-Based Spatial Clustering of Applications with Noise
were evaluated. An exhaustive analysis of the proposed clustering methods was conducted, including runtime at each
stage, performance metrics , and the addition of noise to simulate tracker failures. The results demonstrated the
feasibility of the proposed methodology and concluded that Mean Shift is the most suitable clustering method due
to its balance of high performance, low runtime, and stable behaviour against abnormal trajectory points.
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1 Introduction

Technological improvements in video cameras, massive
and fast computer storage, and network connectivity have
enabled the deployment of ever larger amounts of traffic
cameras for video surveillance, monitoring, and collection
of data, both linear road segments and, more typically, in
intersections and roundabouts (1; 2; 3). Systems for traffic
surveillance are deployed for a range of goals, including
recording and monitoring how vehicles use and share
the road network (to identify antisocial and/or dangerous
behaviors), detecting and predicting congestion, collisions,
and other traffic-altering anomalies, and collecting statistics
about traffic flow. Research in traffic surveillance can be
classified in various areas, such as vehicle detection (4;
5), scene analysis (6; 7), traffic tracking (8; 9; 10) and
monitoring (11; 12), detection (13) and management of
emergency situations (14; 15), detection of traffic events (16;
17), detection of empty parking slots (18), etc.

Artificial intelligence, and especially deep learning, is a
technology that is currently accelerating the automation of
many kinds of tasks across many disciplines and industries,
especially processes that require unsupervised, automated
detection with reduced labelling, such as detection of screen
printing defects (19) and lightning prediction (20). In the
context of traffic surveillance, the application of deep neural
networks, mainly convolutional neural networks (CNNs),
to the large (and growing) amount of traffic video data

enables the implementation of automated intelligent systems
to monitor and predict traffic flows.

In many cases, the design of intelligent systems for traffic
applications is relatively straightforward for video feeds
from linear road segments, but becomes significantly more
challenging in urban scenarios, such as traffic intersections
and roundabouts. Vehicle detection and tracking is more
difficult in these scenarios, since the vehicles have
more complex spatio-temporal trajectories, with frequent
accelerations and slowdowns, waiting periods to cross
intersections or at traffic lights, frequent lane changes and
turnings. In these urban settings, vehicles are also frequently
hidden from the camera viewpoint by other vehicles, trees
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or buildings, either partially or completely, making traffic
tracking even more challenging (21).

Recently, some researchers have applied deep learning
to overcome specific difficulties in traffic analysis at
intersections. For example, Abdeljaber et al. (28) developed
a CNN-based tool for the automatic extraction of traffic
trajectories at road intersections, and Tak et al. (29) applied
YOLOv4 (a deep learning model) for vehicle detection with
a camera installed at an intersection. Other researchers have
applied clustering to whole traffic trajectories for various
tasks, such as the classification of the different types of
trajectories in an intersection (30), the inference of traffic
rules at an intersection from GPS tracks (31), or tracking of
vehicles through multiple traffic cameras with overlapping
fields of view (32).

In the context of automatic video analysis at intersections,
some recent work has been published. Pan et al. (22)
introduced the Physics-Guided Spatio-Temporal Graph
Neural Network (PG-STGNN) framework, designed to
capture complex spatio-temporal dependencies in traffic
networks for traffic flow prediction, i.e., flow count. A multi-
intersection-aware traffic flow prognostication architecture
was proposed by Shen et al. (23), which employs recent
information from nearby roads using a relevance vector
machine (RVM). Jakubec et al. (24) implement a YOLO-
based framework to automatically analyze traffic flow,
including speed and vehicle gaps, within the observed
intersection area. Some approaches are composed of
ensembling tasks, for instance, Tang et al. (25) develop a
three-stage system: detection with YOLOv5, tracking with
the MS-SORT model, and, finally, integrating trajectories
with a re-identification (ReID) method based on ResNet-
50 architecture to match trajectories across different
surveillance videos, with the aim of analyzing intersection
traffic conditions. The work of Azimjonov et al. (26) presents
a vision-based, real-time traffic-monitoring system for
collecting statistics on vehicle movements at intersections.
The object-tracker and data-association algorithms use
bounding-box properties to estimate vehicle trajectories,
aiming to compute vehicle counts and instantaneous and
average speeds. Song et al. (27) proposed a K-means
trajectory clustering method based on NURBS curve fitting
to obtain traffic flow parameters. The B-spline quadratic
interpolation function is used to fit a smooth NURBS
curve to the vehicle trajectory, and the K-means clustering
algorithm measures the minimum distance, using the first
and last endpoints to automatically divide the intersection
area to count the vehicle flow.

In Table 1, the main characteristics of reported studies
are summarized. The related works, which focused on
intersection video analysis, share some similarities with
the present study, such as the implementation of a three-
stage method that includes detection and tracking. However,
they differ in the final and crucial step, which defines the
purpose of the system. While previous studies have primarily
focused on predicting vehicle flow, analyzing intersection
conditions, and collecting vehicle movement statistics–
mostly utilizing private datasets– this work focuses on
identifying the entry and exit points at intersections through
vehicle tracking points clustering. Some of these studies
also incorporate unsupervised approaches, which, alongside

the reported results, demonstrate the viability of applying
these methods to the addressed problem. Additionally, while
many studies are limited to specific locations, the proposed
method has been designed for general intersection locations
and conditions using open-access datasets. Considering
the drawbacks and gaps identified in the literature, the
proposed methodology offers an innovative, reproducible
approach that, as far as the authors know, has no comparable
frameworks.

The methodology presented in this paper is intended
to facilitate automated analysis of traffic trajectories at
intersections with traffic surveillance cameras by applying
deep learning-based methods to reduce human supervision.
The proposed three-stage method automatically detects
points of traffic inflow and outflow at the borders of the
scene watched by a video camera. The first stage involves
detecting vehicle positions in each video frame using the
YOLOv5x6 model. At the second stage, vehicle trajectories
are reconstructed using the Norfair tracking method. Finally,
the key task is addressed by applying unsupervised clustering
to these trajectories to automatically identify the traffic flows
entering and exiting the intersection.

In turn, this enables the analysis of road intersection
videos without the need for manual labeling of the roads and
traffic lanes visible in the intersection. Further analysis of
these videos (not addressed in this work) may be enabled by
the automated detection of these points of traffic inflows and
outflows.

While this work is focused on unsupervised detection
of points of entry and departure of traffic flows in video
sequences, we have previously published work on other
aspects of the processing of traffic videos, from basic
detection and tracking of vehicles (33) to unsupervised
clustering of vehicle types (34) and detection of anomalous
vehicle trajectories (35).

The rest of this work is organized as follows: Section 2
provides a detailed description of the methodology used
for detecting potential incoming and outgoing traffic flows
in traffic videos at intersections. Section 3 describes the
settings items and the data set used for the experiments and
the assessment of the performance of the proposed method.
Finally, conclusions are drawn in Section 4.

2 Methodology
The following method is proposed for identifying vehicle
entry and exit points in traffic videos of an intersection.
Initially, an object detection deep neural network, denoted
as F , is used to obtain a collection of object detections, St,
from the current video frame, Xt, at each time step t:

St = F (Xt) =

= {(at,i, bt,i, ct,i, dt,i) | i ∈ {1, ..., Nt}} (1)

where the total number of object detections is represented by
Nt. For the i-th object detected at time t, the upper left corner
of its bounding box is denoted by (at,i, bt,i), and the lower
right corner by (ct,i, dt,i).

Next, the output from the object detection network is fed
into a tracking method, G. This method takes the current set
of object detections, St, along with the previously tracked
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Table 1. Summary of studies on automatic video analysis at intersections.

Reference Task Method Dataset Location

Pael et al.
(22)

Predict traffic flow
(Regression)

Physics-Guided Spatio-Temporal
Graph Neural Network

(PG-STGNN)

Private 1 location from
Yizhuang District
of Beijing, China

Shen et al.
(23)

Short-term Traffic Flow
Forecasting (Regression)

Relevance Vector Machine (RVM) Private 6 locations from
Minnesota, EE.UU

Jakubeck
et al. (24)

Traffic analysis
(timestamps, speeds, gaps,

and directions)

YOLO + ByteTrack + Traffic
analysis module

Private 1 location from
Zilina, Slovak

Republic

Tang et al.
(25)

Long-term traffic conditions
(trajectories integration)

YOLO + MS-SORT + ResNet-50 Private 2 locations from
Yiyang city,

Hunan, China
Province.

Azimijov
et al. (26)

Real-time vehicle
movements statistics (total

counting, instantaneous, and
average speed)

YOLO + Own tracker + data
association module

Available 5 locations from
the Netherlands,
Sweden, Turkey,

Japan, and Ukraine

Song et
al. (27)

Vehicle flow counting NURBS (Non-Uniform Rational
B-Splines) curves + K-means

Private 3 unknown
locations

Our
proposal

Unsupervised inflows and
outflows detections

YOLO + Norfair + Clustering
method

Open-access 14 general
locations

objects, Qt−1, and produces the updated set of tracked
objects, Qt:

Qt = G (St, Qt−1) =

= {(αt,j , βt,j , γt,j) | j ∈ {1, ...,Mt}} (2)

where the total number of object tracks is denoted by Mt.
The centroid of the j-th tracked object at time t is represented
by (αt,j , βt,j), and γt,j is an integer that uniquely identifies
the tracked object.

At the start of the video, there are no tracked objects, so
the set is initially empty:

M0 = 0, Q0 = ∅ (3)

The set Rt includes all tracked objects from the beginning
of the video up to the current time t:

Rt =

t⋃
τ=1

Qτ (4)

Then, the set Vt, which contains the first and last
occurrences of all tracked objects up to the current time t,
is calculated:

Vt = {(ατ,j , βτ,j , γτ,j) ∈ Rt

|τ = min {τ ′ | (ατ ′,j , βτ ′,j , γτ ′,j) ∈ Rt}∪

{(ατ,j , βτ,j , γτ,j) ∈ Rt

|τ = max {τ ′ | (ατ ′,j , βτ ′,j , γτ ′,j) ∈ Rt} (5)

Subsequently, the clustering method is applied for
clustering the set Vt. In the case of the K-means clustering
algorithm, the Elbow method is applied to determine the
optimal number of clusters, k. The Elbow method identifies
the value of k corresponding to the point of maximum
curvature on the Mean Quantization Error (MQE) curve as
a function of k:

MQEk,t =

=
1

|Vt|
∑

(αj ,βj ,γj)∈Vt

min
h∈{1,...,k}

∥∥(αj , βj)−
(
ᾱh,k, β̄h,k

)∥∥2
(6)

where |·| represents the cardinality of a set, ∥·∥ denotes the
Euclidean norm of a vector, and

(
ᾱh,k, β̄h,k

)
is the center of

the h-th cluster derived by the k-means algorithm for a total
of k clusters. Please note that the elbow of the curve is found
without introducing any kind of visual assessment into the
procedure, but algorithmically finding the point of maximum
curvature as it is described in Equation 6. See Figure 1 for a
visual example.

Let us denote the value chosen by the Elbow method as k̂.
The corresponding set of cluster centers is then given by:

Ct =
{(

α̂h, β̂h

)
| h ∈

{
1, ..., k̂

}}
(7)

The set Ct is viewed as a compact representation of the
observed centroids within Rt.
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Figure 1. Determining the number of clusters using the elbow
method for the video Seq1_SK_1 processed with YOLOv5x6.
For each possible number of clusters k, the mean squared error
(MSE) is computed, and the point of maximum curvature is
chosen as the best number of clusters. This graph is purely
illustrative: the elbow point is algorithmically computed as the
point of maximum curvature, without any kind of visual
assessment.

When vehicle detection and tracking maintain sufficiently
low error rates, the cluster centroids in Ct indicate where
vehicles enter and exit the camera’s view.

3 Experimental Results
This section presents the results obtained by applying
the previously described methodology in a series of
experiments with various videos of road intersections from
the perspective of a traffic camera.

3.1 Methods
The system is implemented using OpenCV to read image
frames from recorded videos or, if available, to retrieve a
live stream from a traffic camera. For vehicle detection,
the deep learning network YOLOv5 is used. Specifically,
of the range of publicly available sub-models, YOLOv5x6
is used. This sub-model is trained on the COCO dataset
(36) and achieves an mAP@0.5 of 72.7 (37). Objects of
COCO classes car, motorcycle, and truck are considered to
be vehicle detections. Any other detections are discarded.
Vehicle detections are fed to Norfair, a publicly available
state-of-the-art object tracker with standard assignment
heuristics and Kalman filters (38). Default parameters are
used for these components. It should be noted that this
method is best suited when the point of view of the camera
is high enough to minimize vehicle-vehicle occlusions that
might result in tracking failures.

For each vehicle trajectory, the starting and ending
points are retrieved and clustered using three state-of-
the-art clustering algorithms: K-means (39), Mean Shift
(40; 41), and Density-Based Algorithm for Discovering
Clusters in Large Spatial Databases with Noise (DBSCAN)
(42) employing the SCIKIT-LEARN (43) Python library.
Additionally, an alternative method based on split frames
into quadrants (Quadrant-based) has been included to
compare results between a simple spatial-rule-based method

and an unsupervised method, which involves methodological
complexity and higher computational cost. The Quadrant-
based strategy divides the frame into four parts, each
corresponding to a predefined cluster. The choice of a 2× 2
grid is due to the common placement of the intersection in
the picture.

In the case of the K-means algorithm (42), two methods
are used in order to estimate the optimal number of clusters:
the Elbow method and the Silhouette Score. The Elbow
method consists of repeatedly computing clustering with
different cluster numbers, measuring clustering performance
(see Section 2 for details), and selecting the point of
maximum curvature in the clustering metric. However, the
Silhouette score is a distance-based criterion that selects the
cluster number that maximizes the Silhouette coefficient, a
normalized difference between the intra-cluster distance and
the nearest inter-cluster distance. Please note that the other
two clustering algorithms (Mean Shift and DBSCAN) do not
require specifying the number of clusters.

The Mean Shift clustering algorithm is an iterative
method aiming to discover “blobs” in a smooth density
of samples (41). This algorithm identifies clusters of
arbitrary shape and variable size without requiring a priori
specification of the number of clusters. It is a centroid-based
algorithm, which works by updating candidates for centroids
to be the mean of the points within a given region by using a
kernel function that determines the weight of nearby points
for re-estimation of the mean. The implementation used in
this work is from the Scikit-learn package for Python (44).

Finally, the Density-Based Algorithm for Discovering
Clusters in Large Spatial Databases with Noise or DBSCAN,
is a clustering method that relies on a density-based notion of
clusters, which is designed to discover clusters of arbitrary
shape (42). The DBSCAN algorithm has 2 hyperparameters
to be adjusted in order to get significant results. The first
one is the epsilon parameter, which defines the radius of
a circular (or spherical, in higher dimensions) neighborhood
around each point. In our study, we use the method described
by Ester et al. (42) to estimate epsilon, which involves
applying the Elbow method to the K-nearest neighbours
algorithm. The second parameter that can be adjusted is the
Min points parameter which is the number of points a core
point must have within its epsilon neighbourhood. In (42)
is demonstrated how the optimal value for this parameter in
bi-dimensional distributions is 4. Therefore, Min points has
been adjusted to 4 for the experiments carried out.

The goal of this clustering stage is to obtain cluster
centroids that mark the positions of roads and/or road lanes
at a road intersection. The aim of using all these methods
– Quadrant-based, K-means (Elbow), K-means (Silhouette),
Mean Shift, and DBSCAN – is to compare clustering
performance and to validate the three-stage methodology
proposed using several strategies. The overall proposed
methodology is illustrated in Figure 2.

Please note that all values described in this pipeline
(also in the formal description in Section 2) are in pixel
space (from vehicle bounding boxes to bounding boxes’
centers, tracking and clustering of starting and ending
points), without translating them to non-distorted geometric
coordinates over the road plane. This means that, depending
on the lens geometry and the camera pose, pixel distances
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Figure 2. Methodology pipeline.

of similar magnitude in different parts of the scene will
actually represent very different real distances over the road
plane. This will influence clustering results, as portions
of the road that are far away from the camera (on in
greatly compressed areas of the image plane) will naturally
present different clustering from similar areas that are near
the camera. However, this work is mostly concerned with
unsupervised detection of entry/exit points in traffic scenes
in qualitative terms. For this, clustering in the pixel space
presents reasonably good results. Furthermore, detecting
both arbitrary camera poses (relative to the road) and
arbitrary lens geometries, and undoing them effectively,
consistently and without errors, is very difficult unless using
supervised methods, like the one used by García-González et
al. (45). In contrast, working in pixel space can be effective
even when measuring relative distances and velocities
between trajectories, as shown by Fernández-Rodríguez et
al. (35). For these reasons, and noting that we are more
concerned with qualitative results about entry/exit points in
traffic scenes, in our methodology we use coordinates in
pixel space.

3.2 Datasets

To evaluate the proposed methods, a diverse set of videos
from several well-established open-access datasets has been
utilized. A total of 14 videos have been chosen, those videos
whose scenes met the criteria in which the model was
implemented, from three state-of-the-art datasets depending
on the purpose. To validate the proposed method in bad
weather conditions, seven videos from the AAU RainSnow
Traffic Surveillance Dataset (46) were chosen: Hadsundvej-
1, Hadsundvej-2, Hasserisvej-1, Hasserisvej-2, Hasserisvej-
3, Hjorringvej-2, and Ostre-3. For each intersection, all
videos are from the same camera, but were captured
at different times and under varying weather conditions,
including rain and snow.

To test the proposed method with different viewing angles
of the same vehicles, another six videos were taken from the
Ko-PER Intersection dataset (47): Seq1_SK_1, Seq1_SK_4,
Seq2_SK_1, Seq2_SK_4, Seq3_SK_1, and Seq3_SK_4. Of
these, videos whose names differ only in the ending number
were recorded at the same time in the same intersection, but
from cameras in different places and orientations. All videos

depict four-way intersections, but some recordings do not
include incoming/outgoing vehicles in one of the four ways.

Finally, to check the behaviour of the model out of
the scope conceived, road intersections, a non-branching
road segment video was added: the video titled Highway
from the 2014 CDNET dataset (48). Additionally, three
videos were generated using CARLA (49), each showcasing
different perspectives of the same three-way intersection.
These synthetic videos were designed to feature scenarios
such as speeding, tailgating, and unnecessary lane changes
amid heavy traffic, in order to test the robustness of the
proposed method when applied to videos depicting vehicles
engaged in hazardous, unconventional behaviours.

3.3 Performance Metrics
Given that our study explores five distinct clustering methods
(Quadrant-based, K-means (Elbow), K-means (Silhouette),
Mean Shift, and DBSCAN), it is essential to provide a
thorough and structured presentation of the experimental
results to adequately capture the unique characteristics and
performance of each approach. Clustering algorithms often
exhibit significant differences in how they handle data,
particularly in terms of how they define clusters, their
sensitivity to parameters, and their ability to manage noise or
outliers. These variations are likely to influence the outcomes
of our experiments, and as such, warrant individual attention
and detailed analysis.

Given that the key part of the methodology proposed
relies on the clustering task, it is essential to consider
the clustering performance measures obtained from the
underlying clustering processes. These measures provide
critical insights into the quality and effectiveness of
the clustering methods used, helping to validate and
interpret the results. By evaluating the performance of the
clustering processes, we can better assess the reliability
and significance of the conclusions drawn from the
data. Therefore, several well-known clustering performance
measures have been considered:

• Mean Squared Error (MSE) quantifies the compact-
ness of clusters by measuring the average squared
distance between points and their respective centroids,
with lower values indicating tighter, more coherent
clusters.
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• Davies-Bouldin Index (DBI) (50) assesses the sep-
aration between clusters by considering both intra-
cluster similarity and inter-cluster differences, with
lower values signaling better-defined clusters.

• The Calinski-Harabasz index (50) measures the
ratio of between-cluster dispersion to within-cluster
dispersion, where higher values indicate better
clustering structure.

• The Silhouette score (51) gauges the separation
between clusters by comparing the average intra-
cluster distance with the nearest inter-cluster distance,
providing insight into how well clusters are formed.
The higher the score, the better the clustering.

Together, these performance measures offer a compre-
hensive understanding of clustering quality, enabling more
robust and reliable conclusions in any clustering study. Fur-
thermore, the required runtimes have been recorded in order
to take computation time into account as a key constraint
for validating and supporting the methodology in real-world
scenarios.

3.4 Results
To facilitate a comprehensive and nuanced comparison
of these methods, the experimental results section will
be addressed by performance metrics, allowing thorough
comparison of each strategy and ensuring that each
method’s results are presented in a manner that supports
careful reflection on its strengths, limitations, and overall
effectiveness. This structure not only enhances clarity
but also provides the necessary context for understanding
the conditions under which each method excels or faces
challenges, thereby offering valuable insights into their
comparative performance.

Table 2. For each video (first column), number of frames
(second column) and per-frame milliseconds spent in detection
(YOLOv5x6, third column) and tracking (Norfair, fourth column).

Video Frames Detection Tracking

CARLA1 3839 37.068 0.684
CARLA2 3900 37.150 0.707
CARL32 3629 37.084 0.507
Highway 1700 37.135 0.428

Seq1_SK_1 2419 37.035 1.177
Seq1_SK_4 2419 36.816 0.594
Seq2_SK_1 947 37.225 1.528
Seq2_SK_4 947 37.044 0.622
Seq3_SK_1 1020 37.084 1.516
Seq3_SK_4 1020 37.122 0.925

Hadsundvej-1 4800 42.381 1.236
Hadsundvej-2 6000 42.423 1.845
Hasserisvej-1 6000 42.432 0.438
Hasserisvej-2 5998 42.684 0.540
Hasserisvej-3 5998 42.599 0.650
Hjorringvej-2 5998 42.589 1.101

Ostre-3 5998 42.4242 0.264

Mean 3712.47 39.558 0.916
Std 1948.6 2.663 0.418

The proposal is a three-stage methodology – detection,
tracking, and clustering – where the key part is the clustering
task, which, in addition to detecting and following vehicles,
gives their tracks meaning, in this case, unsupervised
detection of inflows and outflows. To ensure the real-time
feasibility of the methodology, runtimes are computed by
stages. In Table 2, the detection and tracking execution time
(ms) per frame for each video is reported together with the
mean and standard deviation (Std). While the detection task
takes between 37 and 42 ms, the tracking task is too fast,
taking around 1 ms to track and return the starting and
ending points of the vehicle’s follow. Independent of the
video nature (high-traffic or lonely intersections), the two
stages require less than a second.

In Table 3, the number of clusters estimated by each
strategy is reported. It can be noted that DBSCAN
yields more spread values, while K-means with the Elbow
method shows the least change in the number of clusters
between 3 and 5, except for Quadrant-based, which, due
to its implementation, can distribute points into 4 clusters.
However, if in the frame there is a quadrant without points,
the number of clusters counted is 3 instead of 4. Figure 3
depicts some samples of how these clusters are distributed
to ensure a qualitative inspection. The samples shown, from
left to right, are the first frame of CARLA1, one of the three
videos synthesized using CARLA, Hasserisvej-1 from the
AUU RainSnow Dataset, and Seq1_SK_1 from the Ko-PER
dataset. The Seq1_SK_1 first frame (third column) shows
how the Quadrant-based strategy works (first row): assigning
a point to the cluster and splitting the image into a 2× 2
grid. In this case, the clustering makes sense according to
the intersection. However, in the CARLA1 and Hasserisvej-
1 videos, this approach is unsuitable because of its lack of
adaptation to the scene. Whereas clustering methods give the
methodology the ability to adapt to the position of the camera
and the shape of the intersection, for example, be indifferent
to three and four-way intersections. In this sample, the K-
means algorithm correctly clusters the entry and departure
roads, although in Hasserisvej-1 (second column), the points
corresponding to the right road (obscured by a large tree)
are not differentiated by K-means alternatives, nor by Mean
Shift. When the Silhouette score is maximized in K-means,
the number of clusters increases due to the criterion to
minimize the intra-cluster distance, as can be observed in
the Seq1_SK_1 video (third column) when comparing the
second and third rows. In the samples shown, the Mean
Shift and DBSCAN methods retrieved considerably more
clusters (and noise points in the case of DBSCAN). In the
CARLA1 frame, clustered by DBSCAN, it can be seen that
the three lanes at the left upper and right bottom corners
are associated with different clusters, while points located
more centrally around the intersection are unclustered and
assigned as noise (points colored in olive green). These
points are commonly associated with the location of the
vehicles at the beginning of the recording, and it is interesting
to note how the clustering method addresses them, as it is a
way to filter outliers that do not follow the complete path in
sequences . Only DBSCAN leaves out these points, while the
others assign them to a cluster (increasing its size) or create
a new one.
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Table 3. Number of clusters obtained from the clustering process executed as part of the traffic flow detection method proposed.

Video Quadrant-based K-means (Elbow) K-means (Silhouette) Mean Shift DBSCAN

CARLA1 4 3 3 5 8
CARLA2 4 4 10 6 9
CARLA3 3 3 3 6 7
Highway 4 3 3 5 5

Seq1_SK_1 4 4 7 7 8
Seq1_SK_4 4 4 6 7 5
Seq2_SK_1 4 4 5 6 9
Seq2_SK_4 4 4 5 6 8
Seq3_SK_1 4 4 6 6 9
Seq3_SK_4 4 4 5 6 9

Hadsundvej-1 4 4 10 5 11
Hadsundvej-2 4 4 10 5 16
Hasserisvej-1 3 4 4 5 7
Hasserisvej-2 3 5 4 4 9
Hasserisvej-3 3 5 3 5 8
Hjorringvej-2 4 4 3 4 15

Ostre-3 3 4 8 4 7

Table 4. Mean Squared Error (MSE) obtained from the clustering process executed as part of the traffic flow detection method
proposed. For each video (row), the best value among the clustering methods is highlighted in bold. The lower the better.

Video Quadrant-based K-means (Elbow) K-means (Silhouette) Mean Shift DBSCAN

CARLA1 9956.217 12350.548 12350.548 6770.168 114126.938
CARLA2 13000.487 8339.266 627.041 5462.168 23825.615
CARLA3 4521.686 4521.686 4521.686 1206.038 11981.324
Highway 10530.192 4979.555 4979.555 2078.328 45435.673

Seq1_SK_1 13436.413 13170.683 3783.763 3876.677 107545.304
Seq1_SK_4 11095.887 9032.155 3140.652 2586.105 50539.211
Seq2_SK_1 17326.015 10449.417 7249.272 5180.770 12826.112
Seq2_SK_4 24582.805 6326.696 2706.947 2071.361 36121.573
Seq3_SK_1 15509.273 15509.273 5720.161 8138.330 56139.482
Seq3_SK_4 18664.424 13070.108 9077.905 6577.037 45179.618

Hadsundvej-1 4510.452 2636.424 576.047 2526.784 9312.325
Hadsundvej-2 4634.410 2862.392 530.749 3178.662 16391.929
Hasserisvej-1 3477.890 756.543 756.543 679.731 1587.225
Hasserisvej-2 3188.378 298.561 872.436 872.436 3684.462
Hasserisvej-3 2477.752 260.617 1304.901 889.434 1331.422
Hjorringvej-2 4984.974 2353.246 4514.143 2499.075 6778.097

Ostre-3 5494.156 1278.395 256.893 1858.866 3620.832

Mean 9846.554 6364.445 3704.073 3320.704 32142.773
Std 6294.529 4955.040 3327.339 2229.811 33826.149

To quantitatively analyze clustering performance, the
results obtained from the metrics for each clustering method
across all videos are reported and discussed below. Table 4
presents the Mean Squared Error (MSE) achieved by
each clustering method. The Quadrant-based strategy and
DBSCAN algorithm yielded the highest MSE values, while
K-means and Mean Shift achieved the lowest, suggesting
poor clustering performance in terms of fit. Specifically,
optimizing the Silhouette score to estimate the optimal
number of clusters produced lower MSE values more
frequently than the Elbow method. The difference in the
K-means means across the two approaches—Elbow and
Silhouette—arises from videos with different numbers of
clusters. In these cases, a larger number of clusters (as shown
in Table 3) reduced the MSE by decreasing the distance

between the centroid and the points within the cluster; for
this reason, the lowest value achieved (256.893 with Ostre-
3) is with K-means (Silhouette). Finally, the Mean Shift
algorithm achieved the lowest MSE values in 8 out of 17
videos within the dataset. It reported the lowest mean while
requiring fewer clusters than K-means (using Silhouette)
or DBSCAN. This can be interpreted as a more effective
distribution of clusters around the starting and ending points
of the tracks.

The Davies-Bouldin Index (DBI) is the other performance
metric to minimize; it improves by increasing separation
between clusters and decreasing variation within clusters.
The outcomes across clustering proposals are reported in
Table 5. In this case, the lowest value per video is more
spread, with DBSCAN showing the highest values, followed
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Figure 3. Samples of the first frame, where the initial and final points for each detected vehicle trajectory are overlaid on the frame.
The columns, from left to right, represent the CARLA1, Hasserisvej-1, and Seq1_SK_1 videos, respectively. Each row corresponds
to a different clustering method. Points that belong to the same cluster (as determined by the clustering method) are shown in the
same color, while cluster centroids are marked in black.

by Quadrant-based, whereas K-means and Mean Shift report
more similar values. It is worth noting that the Quadrant-
based strategy has the CARLA3 masked as the lowest value
(along with the two K-means options) with a DBI of 0.110,
because it considers 3 clusters in this video. This outstanding
result is a consequence of the lack of points in one quadrant
of the image; it is due to the distribution of the points,
not the approach itself. In this case, the K-means algorithm
optimized with the Silhouette score obtained better (lower)
results than the Elbow method. The Elbow method yields
the same outcome only when the K value matches that from
the Silhouette approach, as in the CARLA1 and CARLA3
videos. The DBI obtained by K-means (Silhouette) with a
mean and standard deviation of 0.318 ± 0.110, while Mean

Shift had retrieved 0.351 ± 0.148. Across the dataset, DBI K-
means achieved the lowest values more frequently, occurring
11 times compared to 7 times for Mean Shift.

The Calinski-Harabasz index can be interpreted as
indicating that well-defined clusters have a large variance
between clusters and a small variance within clusters.
According to the values obtained, reported in Table 6, the
approach that maximizes the Calinski-Harabasz index is K-
means (Silhoutte), which achieved the highest mean value
of 2101.099 and performed best 8 times across all videos.
This is followed by the Mean Shift method and the K-
means method using the Elbow technique, which achieved
the highest values 7 and 5 times, respectively. In contrast,
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Table 5. Davies-Bouldin Index (DBI) obtained from the clustering process executed as part of the traffic flow detection method
proposed. For each video (row), the best value among the clustering methods is highlighted in bold. The lower the better.

Video Quadrant-based K-means (Elbow) K-means (Silhouette) Mean Shift DBSCAN

CARLA1 0.215 0.128 0.128 0.280 0.633
CARLA2 0.302 0.374 0.296 0.490 0.939
CARLA3 0.110 0.110 0.110 0.120 0.718
Highway 0.341 0.233 0.233 0.162 0.802

Seq1_SK_1 0.367 0.376 0.328 0.328 0.897
Seq1_SK_4 0.374 0.392 0.277 0.199 1.223
Seq2_SK_1 0.470 0.415 0.377 0.404 0.864
Seq2_SK_4 0.658 0.265 0.275 0.193 1.081
Seq3_SK_1 0.409 0.409 0.286 0.336 0.624
Seq3_SK_4 0.557 0.524 0.476 0.414 0.790

Hadsundvej-1 0.671 0.483 0.454 0.518 1.427
Hadsundvej-2 0.632 0.492 0.477 0.609 1.107
Hasserisvej-1 0.551 0.288 0.288 0.206 0.876
Hasserisvej-2 0.472 0.250 0.228 0.228 0.932
Hasserisvej-3 0.419 0.242 0.297 0.432 0.996
Hjorringvej-2 0.560 0.489 0.478 0.485 0.872

Ostre-3 0.802 0.425 0.391 0.569 0.905

Mean 0.465 0.347 0.318 0.351 0.923
Std 0.171 0.123 0.110 0.148 0.198

Table 6. Calinski-Harabasz obtained from the clustering process executed as part of the traffic flow detection method proposed.
For each video (row), the best value among the clustering methods is highlighted in bold. The higher the better.

Video Quadrant-based K-means (Elbow) K-means (Silhouette) Mean Shift DBSCAN

CARLA1 2865.495 3462.808 3462.808 3225.945 694.355
CARLA2 1531.665 2425.423 10700.693 2470.792 586.805
CARLA3 8510.273 8510.273 8510.273 12710.396 2324.966
Highway 314.664 1047.715 1047.715 1235.552 265.047

Seq1_SK_1 700.874 715.876 1268.408 1268.408 74.233
Seq1_SK_4 461.888 574.278 1001.929 1016.524 138.332
Seq2_SK_1 361.319 619.278 672.256 782.817 272.549
Seq2_SK_4 104.576 467.897 828.425 869.816 50.569
Seq3_SK_1 351.589 351.589 582.242 408.218 149.789
Seq3_SK_4 124.132 184.968 201.862 233.204 37.745

Hadsundvej-1 174.427 325.425 513.254 257.627 70.139
Hadsundvej-2 480.394 840.110 1624.751 676.688 110.147
Hasserisvej-1 236.903 930.525 930.525 779.604 446.893
Hasserisvej-2 392.462 2596.522 1142.908 1142.908 377.995
Hasserisvej-3 529.532 2991.325 1111.086 853.369 430.558
Hjorringvej-2 945.496 2159.449 1591.853 2101.830 502.843

Ostre-3 48.007 234.965 527.699 163.555 51.669

Mean 1066.688 1672.849 2101.099 1776.309 387.331
Std 1975.898 1992.803 2851.448 2847.044 524.553

both the quadrant-based strategy and DBSCAN show no
outstanding values.

The Silhouette score outcome by clustering methods is
shown in Table 7. The first fact to highlight is that K-
means (Silhouette) retrieved the highest values, ranging
from 0.632 to 0.908, indicating good performance with a
strong structure. This is to be expected, as K-means with
Silhouette is specifically designed to maximize this metric.
The Silhouette score measures how compact clusters are,
with how well separated they are. Therefore, when the
number of clusters increases, as shown in Table 3, often
clusters become smaller and more compact, which results in

a lower intra-cluster distance that can boost the score. This
could explain why K-means with the Elbow method obtained
good performance (0.755±0.081), but slightly worse than
the Silhouette version (0.786 ± 0.072), whose number of
clusters is usually larger. K-means alternatives are followed
by Mean Shift, which obtains a slightly lower but still
good value (0.730 ± 0.080). However, the results from
DBSCAN and Quadrant-based clustering indicate a weaker
structure, with scores of 0.578 ± 0.117 and 0.613 ± 0.159,
respectively.

Finally, in Table 8 is shown the runtime (ms) employed by
each clustering method in the third stage of the methodology:
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Table 7. Silhouette score obtained from the clustering process executed as part of the traffic flow detection method proposed. For
each video (row), the best value among the clustering methods is highlighted in bold. The higher the better.

Video Quadrant-based K-means (Elbow) K-means (Silhouette) Mean Shift DBSCAN

CARLA1 0.816 0.878 0.878 0.759 0.729
CARLA2 0.765 0.770 0.863 0.642 0.806
CARLA3 0.908 0.908 0.908 0.856 0.652
Highway 0.686 0.868 0.868 0.793 0.715

Seq1_SK_1 0.736 0.739 0.785 0.785 0.358
Seq1_SK_4 0.759 0.780 0.809 0.803 0.697
Seq2_SK_1 0.618 0.737 0.787 0.778 0.549
Seq2_SK_4 0.371 0.792 0.805 0.793 0.630
Seq3_SK_1 0.718 0.718 0.794 0.696 0.698
Seq3_SK_4 0.543 0.689 0.718 0.723 0.501

Hadsundvej-1 0.452 0.627 0.632 0.575 0.528
Hadsundvej-2 0.514 0.632 0.681 0.573 0.503
Hasserisvej-1 0.487 0.815 0.815 0.779 0.500
Hasserisvej-2 0.579 0.774 0.806 0.806 0.517
Hasserisvej-3 0.635 0.770 0.799 0.698 0.496
Hjorringvej-2 0.537 0.685 0.699 0.685 0.487

Ostre-3 0.293 0.652 0.721 0.663 0.456

Mean 0.613 0.755 0.786 0.730 0.578
Std 0.159 0.081 0.072 0.080 0.117

Table 8. Runtime (ms) obtained from the clustering process executed as part of the traffic flow detection method proposed. For
each video (row), the best value among the clustering methods is highlighted in bold. The lower the better.

Video Quadrant-based K-means (Elbow) K-means (Silhouette) Mean Shift DBSCAN

CARLA1 49.393 70.778 54.327 13.472 7.249
CARLA2 61.317 71.659 54.851 13.372 3.196
CARLA3 65.581 53.835 56.381 16.143 9.766
Highway 56.953 54.095 47.294 15.464 2.452

Seq1_SK_1 41.407 50.098 40.087 12.318 8.176
Seq1_SK_4 41.477 41.724 49.688 16.427 2.437
Seq2_SK_1 51.234 49.479 60.562 16.615 7.564
Seq2_SK_4 45.306 43.059 51.286 14.606 2.209
Seq3_SK_1 42.387 45.118 46.536 16.100 3.860
Seq3_SK_4 47.633 55.856 46.313 19.370 2.616

Hadsundvej-1 20.935 60.968 46.991 12.418 2.579
Hadsundvej-2 20.217 129.836 120.720 21.000 6.966
Hasserisvej-1 13.039 51.509 44.304 14.818 6.771
Hasserisvej-2 20.021 54.937 55.705 11.433 3.306
Hasserisvej-3 16.679 47.994 57.794 12.743 3.524
Hjorringvej-2 19.981 119.094 128.149 31.878 5.177

Ostre-3 15.864 57.820 55.174 16.298 8.190

Mean 37.025 62.227 59.774 16.146 5.061
Std 17.089 24.163 24.222 4.624 2.468

cluster starting and ending points retrieved by the first
(detecting) and the second (tracking) steps. These results are
considered a key metric due to the importance of solving in
real-time scenarios. In terms of runtime, the fastest clustering
approach is DBSCAN (5.061 ± 2.468), whose maximum
runtime recorded is 9.766 ms, while the next-fastest method
is Mean Shift (16.146 ± 4.624), with a minimum runtime of
11.433 ms. They are followed by Quadrant-based (37.025
± 17.089), K-means (Silhouette) (59.774 ± 24.222), and
K-means (Elbow) (62.227 ± 24.163). The main difference
between the recorded runtimes lies in how each algorithm
handles clustering. DBSCAN is a non-iterative process

that calculates the epsilon parameter, which establishes the
threshold for neighbor distance, and the Min points, to define
clusters. However, both Mean Shift and K-means are iterative
methods, with K-means also involving the estimation of the
optimal number of clusters.

Due to the complexity of decision-making, we aim to
compare clustering methods by considering performance
metrics: MSE, DBI, Calinski-Harabasz index, Silhouette
score, and clustering runtime as key factors to optimize. In
this multi-objective context, where no method achieves all
objectives, it is important to make trade-offs among them.
For this reason, a Pareto front, Figure 4, is generated to
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Figure 4. Trade-off between clustering runtime and each clustering measure –MSE, DBI, Calinski-Harabasz, and Silhouette
score– among all clustering methods –Quadrant-based, K-means (with Elbow method and Silhouette score optimization), Mean
Shift, and DBSCAN–. Colors represent each clustering method. Values attained by videos are shown as a scatter plot with light
marker colors, while the mean across all videos is shown as a marker with a darker color. Means are evaluated as a Pareto front,
and those in the Pareto front, i.e., the optimized trade-off between runtime and performance, are represented with a rhombus
marker. The arrows represent whether the metric should be maximized (↑) or minimized (↓).

summarize the results, where each clustering performance
metric (vertical axes) is compared against clustering runtime
(horizontal axes). Each data point represented in a light
color corresponds to a value from a video, while the dark
color represents the mean. The color of the points indicates
the clustering strategy used, and the rhombus marker shape
identifies the means on the Pareto front. A mean value
belongs to the Pareto front if it is non-dominated, meaning
there is no other solution that can improve at least one
objective without worsening at least one other objective.
In this case, each plot is treated as an objective aimed at
minimizing runtime, making DBSCAN the primary choice,
as is reported at Table 8. However, due to its low performance
metrics, the Mean Shift method is another solution, as both
algorithms appear on the Pareto front in each plot. Following
these two options is K-means with Silhouette optimization,
which comes out three times out of four on the front as well.
Although Mean Shift is not the fastest in terms of runtime, it
offers a better balance between speed, with a mean under
17 ms, and high-performance metrics that result in well-
defined and structured clusters, excelling in MSE, while also
retrieving competitive outcomes in DBI, Calinski-Harabasz,
and Silhouette scores.

The difference in performance between Mean Shift and
DBSCAN lies in how the algorithms reach and expand
clusters. Mean Shift is an iterative method that shifts
data points to find local maxima of the kernel density
estimation. This approach can be computationally intensive
but generally produces high-quality clusters. In contrast,
the DBSCAN algorithm checks only the points within
a specified radius, making it computationally efficient.
However, this may result in reduced clustering accuracy.
Therefore, DBSCAN is often more suitable for large datasets
that require extensive analysis. In the task addressed, cluster
entry/exit points at intersections, the Mean Shift approach,
although not the fastest, achieves high performance with low
runtime.

We evaluate the robustness of the methodology and the
clustering methods against tracking failures by including
in the clustering process additional points as if they were
starting/ending points in a legitimate, actually tracked
trajectory, and checking how the clustering process is
affected by the additional noise in the input data. To simulate
failures in the tracking method, we draw these additional
points from the set of all centers of bounding boxes for
detected vehicles across all video frames in a scene. In
this way, the probability distribution of additional, erroneous
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Figure 5. Heatmap of difference across percentage of noise added and non-noise baseline in Silhouette score. Since it is a
function to maximize, negative values (indicated in red) denote a decrease when noise is added.

Figure 6. Samples of the first frame from Ostre-3 video, where the cluster centroids for each percentage of added noise are
overlaid on the frame. From left to right and top to bottom, correspond to the legend: Quadran-based, K-means (Elbow), K-means
(Silhoutte), Mean Shift, and DBSCAN.

points is not uniformly random, but mimics the observed
patterns of traffic flow in the video sequence, simulating
tracking failures that change the input data to the clustering
methods. For each video sequence, we add increasingly
higher amounts of simulated tracking failures, computed as
percentages of all starting and ending points detected in
the video sequence (i.e., before adding any noise). We test
three scenarios, setting the amounts of simulated tracking
failures as 5%, 10%, and 20% of the total starting and ending
points in each video sequence. Silhouette score is chosen
to analyze clustering method behavior under increasingly
higher noise levels because it ranges [-1,1] and gaps between
the non-noise baseline and the noise-added version are
clearly represented.

Figure 5 depicts a heatmap illustrating how the Silhouette
score changes when adding noise points to the input data

for the clustering algorithm, relative to the baseline (i.e.,
without additional noise). If M0 represents the Silhouette
score without additional noise, and M5, M10 and M20

represent the Silhouette score for 5%, 10%, and 20%
additional noise, the heatmap illustrates the difference
between Silhouette scores ∆i = Mi −M0, i ∈ {5, 10, 20}
for each combination of video sequence and clustering
method. In the Silhouette score, higher values indicate better
performance. Therefore, a negative value, represented in
red, indicates a decrease when noise points are included.
As expected, when the input to the clustering method is
corrupted with a noise point, the Silhouette score generally
worsens. Specifically, for ∆5, ∆10, and ∆20, the Silthouette
score decreases by an average of 0.018, 0.024, and 0.043,
respectively. These results show a slight overall worsening
of performance. However, we can remark that clustering
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methods are affected in different ways. K-means (with
Silthouette or Elbow) attains overall higher gaps, whereas
DBSCAN reported, in general, small gaps but with widely
dispersed values, i.e., its performance fluctuates severely
across videos. Finally, the Mean Shift algorithm reports
the smallest gaps while exhibiting a stable behavior. It
worsens as the added noise portion increases, but the largest
difference is below 0.15, maintaining good performance
against the impact of noise addition. To illustrate how it
qualitatively affects the added noise, Figure 6 shows the
cluster centroids for each scenario: no noise addition and
with 5%, 10%, and 20% added. In K-means(Silthouette),
a great centroid shift can be detected in each cluster and
every strategy (0%, 5%, 10%, and 20%). Nevertheless, Mean
Shift displaces only 20% of the centroids with respect to the
baseline, with 5% and 10% of the centroids unaffected. As
well, DBSCAN only has one cluster centroid rearranged, but
it is quite moved, demonstrating its widespread values.

4 Conclusions
Traffic surveillance videos from road intersections capture
traffic patterns that can be analyzed to extract valuable
scene information. In this work, a three-stage method is
proposed to automatically identify potential incoming and
outgoing traffic flows. The process begins by detecting
vehicle positions in each video frame with the YOLOv5x6
model. These frame-by-frame detections are then used
to reconstruct vehicle trajectories through the Norfair
tracking method. By applying unsupervised clustering to
these trajectories, the resulting cluster centroids provide an
automatic understanding of the traffic flows entering and
exiting the intersection.

In order to provide a comprehensive evaluation of traffic
patterns captured in those road intersection surveillance
videos, we compare several different clustering algorithms
– Quadrant-based, which is a spatial assignment of points
spatially; two versions of K-means, applying the Elbow
method and the optimization of the Silhouette score;
Mean Shift, and the DBSCAN algorithm–. The inclusion
of multiple clustering methods allows us to analyze the
adaptability of each algorithm to the nature of the video data
and identify which performs best in this context. Traffic flows
in videos can vary in complexity, and each algorithm offers
a unique approach to clustering, which helps us compare
their effectiveness at handling the dynamic movement of
vehicles. This multi-faceted approach ensures that the system
is adaptable to a variety of real-world traffic scenarios.

To support the evaluation of the above-mentioned
clustering performance, we incorporated the runtime by
stages and several clustering performance metrics, in order
to provide quantitative backing for assessing the quality of
the clusters produced by the different algorithms, ensuring
that the analysis is thorough and consistent. Additionally, a
comprehensive analysis of the trade-off between clustering
runtime and performance metrics within a multi-objective
decision-making process has been conducted using a Pareto
front. Finally, to test methodology robustness against tracker
failures, a set of noise inputs corresponding to a percentage
of noise added was included. To compare results, differences
between the noisy and noise-free versions were extracted

and reported as a heatmap. The evaluation demonstrates the
effectiveness of the proposal, given the slight performance
decrease.

This gives us a clearer understanding of which algorithm
is best suited for extracting meaningful traffic flows from the
video data. While DBSCAN runs faster, Mean Shift offers
a better balance between computational cost, performance,
and robustness in the presence of noise, making it the most
suitable clustering method.

The proposed method has been tested with a set of videos,
both from publicly available datasets and synthetically
generated. Experimental results demonstrate that using
better object detection models reduces the number of false
negatives and false positives in the placement of cluster
centroids at road ends. Since the method is robust to
false starting/ending points in vehicle trajectories, it also
works when vehicles follow unconventional trajectories
(speeding, tailgating, repeatedly switching lanes) and in bad
weather (rain and snow). The method can be useful when
processing large batches of traffic videos from many different
intersections, in order to provide awareness of the layout
of the intersection, as well as to help in the detection of
vehicles making anomalous entries or exits in each traffic
video (i.e., far from any of the clusters, or in the fringes of
an existing cluster). These findings highlight the potential of
traffic forecasting, providing essential insights for intelligent
transportation systems.

For future research on the system proposed in this article,
the authors plan to explore two main research lines. The first
involves experimenting with different tracking algorithms
beyond the one used in the current work to determine
whether these alternatives can improve performance. By
testing various tracking methods, the authors aim to
enhance the accuracy and reliability of vehicle trajectory
detection, particularly in complex or crowded traffic scenes.
This exploration of new tracking approaches may lead to
better overall results and more robust handling of vehicle
movements under diverse conditions.

The second research focus is on translating the coordinates
of all real-world scenarios presented in this work to real-
world GPS coordinates. This step would allow the system
to map detected vehicle trajectories more accurately to real-
world geographic locations, providing a more practical and
scalable solution for real-world applications. By aligning the
traffic data with GPS coordinates, the system can support
advanced traffic analysis and integration with other geo-
referenced systems, such as navigation or traffic management
platforms as well as enabling data fusion from multiple
cameras, in order to provide more data points to the
clustering algorithms, and enabling the application of the
algorithm to more complex traffic road layouts that cannot
be adequately watched from the point of view of a single
traffic camera.

To address the lack of semantic information provided
by the methodology, since it just provides clusters of
road localization, another further research line could be
implementing a fourth stage post-processing where clusters
will be semantically labelled. This proposal could be
explored with supervised techniques, such as deep learning-
based models or through a visual large model (VLM).
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These three research directions will help extend the
current system’s applicability and improve its effectiveness
in real-world traffic monitoring and analysis scenarios.
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