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Abstract

The COVID-19 pandemic and the resulting mobility restrictions significantly disrupted urban traffic
patterns. This study quantitatively assesses the impact of these restrictions on vehicle flow at a
signalized central intersection in Cluj-Napoca, Romania, through an integrated methodology
combining continuous radar-based traffic measurements and Al-assisted video analysis. Traffic data
were collected before the pandemic (November 2019) and during the lockdown period (April 2020),
enabling a comparative evaluation of flow characteristics and vehicle arrival patterns. Under
constrained observational conditions, vehicle arrivals were modeled using a probabilistic framework
grounded in the Poisson distribution. The findings indicate a dramatic contraction of mobility
demand, with traffic volumes declining in 2020 to 9.55% of pre-pandemic levels. The probabilistic
assessment highlights the predominance of free-flow regimes under reduced demand and confirms
the adequacy of the Poisson model in low-density traffic scenarios. The proposed framework is
transferable to other urban contexts and supports resilience-oriented, data-driven traffic
management under extreme mobility disruptions.

Keywords: COVID-19 pandemic; urban traffic flow; probability estimation; poisson distribution;
smart mobility

1. Introduction

Urban mobility systems are characterized by continuous growth in travel demand and
increasing pressure on road infrastructure, facing major challenges such as climate change associated
with transport-related emissions, deterioration of urban quality of life, and prolonged daily travel
times [1]. From an engineering perspective, these challenges are directly reflected in traffic flow
dynamics, congestion levels, and the operational performance of traffic control systems.

The global spread of SARS-CoV-2 (COVID-19) in early 2020 led to the implementation of
unprecedented mobility restrictions worldwide [2—4]. These measures caused an abrupt contraction
in vehicular travel demand, creating a natural experimental setting for examining traffic flow
behavior under low-demand conditions.

Traffic congestion generates substantial economic losses and adversely affects the efficiency of
urban transport systems. Urban mobility is a key determinant of economic competitiveness [5-7].
From a traffic modeling standpoint, significant demand fluctuations provide an opportunity to assess
the robustness and validity of statistical models commonly used for vehicle arrival estimation.

Ensuring sustainable, reliable, and efficient urban mobility requires the implementation of
strategic planning instruments such as Sustainable Urban Mobility Plans (SUMP), which rely on
quantitative traffic analysis and predictive modeling approaches [8-10]. In this context, evaluating
the statistical distribution of vehicle arrivals under atypical operating conditions becomes
particularly relevant for calibrating and validating probabilistic traffic models.
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This study investigates daytime vehicular traffic dynamics in Cluj-Napoca, Romania, employing
the Poisson distribution as the primary modeling framework. The main objective is to estimate and
compare vehicle arrival distributions before and during the lockdown period, based on traffic data
collected in November 2019 and April 2020. The research focuses on short time-interval flow
variations, the suitability of the Poisson distribution for modeling low-demand traffic regimes, and
the quantitative assessment of traffic reduction relative to baseline conditions.

In Romania, a state of emergency was declared on 16 March 2020 through Decree No. 195 [11],
introducing strict mobility restrictions. These measures resulted in a rapid and significant decline in
traffic volumes.

At the global level, mobility reduction during the pandemic was associated with an estimated
5.4% decrease in greenhouse gas emissions in 2020 [12-15]. This reduction is directly linked to lower
vehicular traffic volumes, highlighting the importance of accurately quantifying traffic flows during
large-scale disruptions.

By integrating radar-based traffic measurements, Al-assisted video analysis, and probabilistic
modeling, this paper proposes a methodological framework for assessing vehicular traffic behavior
under extreme mobility conditions.

2. Literature Review

International studies conducted between 2020 and 2022 consistently reported substantial
reductions in urban mobility following the implementation of COVID-19-related restrictions. Most
research documented significant declines in both public transport usage and private vehicular traffic
volumes.

El-Geneidy et al. [16] reported reductions of 80-90% in public transport ridership in countries
with strict mobility restrictions. Similar analyses conducted across Europe, Asia, and North America
indicated traffic volume reductions ranging from 50% to 90% during the initial months of the
pandemic [17-26].

From a vehicular traffic perspective, the literature highlights:

e  Decreases in traffic intensity of up to 70% at urban intersections [22].
e Increases in average travel speeds under low-demand conditions [26].
e  Structural shifts in modal distribution and temporal travel patterns [18-23].

These findings confirm that the pandemic period generated an atypical traffic regime
characterized by low demand levels and significant modifications in flow dynamics.

Beyond descriptive analyses of mobility reduction, several studies have investigated the
statistical properties of vehicle arrivals using probabilistic models, particularly the Poisson
distribution [30]. The Poisson framework is widely applied to model independent vehicle arrivals
over short time intervals and is generally considered appropriate for low- to moderate-density traffic
conditions.

Pekoz et al. [31] employed the Poisson distribution to estimate traffic flow within a stationary
ergodic intersection model. Abul-Magd et al. [32] used a Poisson-based approach to analyze the
transition from free-flow to congested traffic regimes. The analytical formulation of inter-vehicle
spacing and time-headway distributions has also been derived using Poisson assumptions combined
with Wigner’s Surmise [33].

Maya et al. [34] proposed a bilinear and convolutional Poisson-based framework for multi-
segment traffic flow estimation, integrating machine learning algorithms and stochastic variational
Bayesian techniques to enable real-time parameter updates. Yang et al. [35] developed a Poisson-
based analytical model for vehicle platoon behavior at signalized intersections. Thomas et al. [36]
demonstrated that seasonal traffic noise variability followed a Poisson distribution in Almelo, the
Netherlands.
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Additional applications include queue delay evaluation and signal timing optimization based
on Poisson assumptions [37], intersection transit-time modeling [38], and congestion anticipation
using vehicle trajectory data weighted within a Poisson-based framework [39].

However, most of these studies were conducted under normal operating conditions or focused
primarily on congestion analysis. Limited research has addressed extreme low-demand regimes
induced by large-scale mobility restrictions.

Current literature reveals a significant gap in:

1. Validating the Poisson distribution under severely reduced urban traffic conditions
characterized by fluctuating demand and atypical flow behavior.

2.  Robustly estimating vehicle arrival distributions based on limited datasets collected during
large-scale disruptions.

3. Integrating continuous radar-based traffic measurements with Al-assisted trajectory extraction
to develop probabilistic models capable of adapting to dynamic urban contexts.

Few studies combine multisensory data acquisition (radar and video), artificial intelligence-
based vehicle detection, and probabilistic modeling within a unified framework for analyzing
lockdown traffic conditions.

3. Materials and Methods
3.1. Traffic Data Collection Methodology
3.1.1. Fixed Traffic Surveillance Camera
To analyze vehicular traffic behavior before and during the COVID-19 pandemic, two

complementary data acquisition methods were employed:

1. Continuous cross-sectional traffic measurements and
2. Video-based analysis using fixed surveillance cameras.

The video monitoring system (Figure 1) consists of fixed cameras installed at the analyzed
intersection and integrated into the municipal traffic management system.

Figure 1. Fixed traffic surveillance camera (photo by the author).

The deployed cameras enable continuous intersection-level monitoring, providing detailed
information on vehicle trajectories, vehicle classification, and kinematic parameters such as
instantaneous speed and estimated acceleration. The analyzed video recordings were collected
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during two distinct periods: November 2019 (representing normal traffic conditions) and April 2020
(corresponding to the lockdown period).

Subsequently, the video data were processed to detect and classify moving objects (vehicles and
pedestrians) and to extract relevant traffic parameters, as described in the following subsection.

The surveillance cameras form part of the urban traffic management infrastructure [8], which
includes adaptive signal control systems and traffic sensors. This integration ensures consistency
between video-derived data and operational traffic control parameters, facilitating a comprehensive
analysis of vehicular flow dynamics.

3.1.2. Continuous Traffic Measurements

To evaluate macroscopic traffic parameters, namely vehicle flow and average travel speed, an
automatic radar-based detection system (Speed Detection Radar — SDR Data Collect) was employed
(Figure 2) [40].

Figure 2. Vehicle detecting equipment SDR (photo by the author).

The SDR Data Collect device operates using microwave radar technology at a frequency of
24.125 GHz and determines the speed of moving objects based on the Doppler effect principle [40,42].
The Doppler effect occurs when the device emits an electromagnetic wave toward a moving object
and the reflected wave returns to the radar sensor with a frequency shift proportional to the relative
velocity (Figure 3).
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Figure 3. Operating principle of SDR Data Collect based on the radar Doppler effect.
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Within the experimental framework, the SDR unit was installed in a cross-sectional
configuration relative to the direction of travel and operated continuously (24 h/day) for seven
consecutive days in November 2019 and seven consecutive days in April 2020.

The dataset collected included:

e  the number of vehicles detected within predefined time intervals,
e the instantaneous speed of each detected vehicle,
e and the direction of travel.

These measurements enabled a quantitative and dynamic characterization of traffic flow
conditions [43,44].

The main technical characteristics of the SDR Data Collect system are summarized in Table 1
[41].

Table 1. Technical specifications of the SDR Data Collect system.

Specification Unit Value
Sensor type - Microwave
Frequency GHz 24.125
Speed measuring range km/h 3.00 - 199.00
Speed resolution km/h 1.00
Distance resolution m 0.10
Data rate baud 115200
Power mW 5.00

The Doppler frequency shift f;, depends on the electromagnetic wavelength A and the relative
velocity V between the radar sensor and the moving target. It can be expressed as [45]:

1d¢(t)_2fd 2f 1
b™on dt ___() c2(t)

2l [17 +— (iRtr’o')]T

(Rg + 7V, + Re75) (Ro +V, + ‘.Rtro)]
=Ty o (e“’t—’)] M
=2—(V+ tﬁ)n—z—(V+wxr)n

The phase of the baseband signal ®[r(t)] is defined as:
2r(t)

O[r(t)] = 2nf 2)

The unit vector 7 representing the direction from the radar sensor to the target is defined as:
[N N T = = -
n= (Ro + Vf + mtro) /(”RO + Vt + mtr()”) (3)

where: f is the carrier frequency, c is the speed of the electromagnetic wave propagation, 7 =7, +
7’ represents the initial coordinates of the target in the radar coordinate system (U,V,W), 7 is the
translation vector, respectively 7’ represents the coordinates of the target after translation
(U1, V1,Wh), E(—; is the distance from the radar sensor to the reference coordinate system (X,Y,Z), Vis
the translation Velocity, Vt is the translation velocity at the time t, R, = exp {&t} denotes the
rotation matrix, and e®" denotes the skew-symmetric matrix.

These formulations describe the relationship between phase variation and relative motion,
enabling velocity estimation through Doppler shift analysis.

The SDR system was configured using the dedicated myTrafficData application [46], which
enables parameter setting, real-time monitoring, and cloud-based data storage (Figure 4).
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Date: 09:38:20
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| Get Data Calibrate

Figure 4. myTrafficData application interface and SDR Data Collect device (photo by the author).

Calibration of the detection geometry was performed by correlating the radar position with the
roadway cross-section geometry to minimize measurement errors. The device was installed at a
horizontal angle of 45° relative to the longitudinal axis of the roadway and a vertical angle of 78°,
resulting in an elliptical detection zone aligned with the monitored traffic section.

The 45° horizontal configuration enables longitudinal velocity estimation through cosine
correction of the Doppler component, ensuring accurate measurement of vehicle speed along the
travel direction.

3.1.3. Traffic Measurements Using Image Processing

Following radar-based data acquisition, the video recordings obtained from the fixed
surveillance cameras were processed using the Data From Sky (DFS) platform (Figure 5) [47-50].

The DFS platform enables automated object detection and tracking in video sequences through
deep learning algorithms based on convolutional neural networks (CNNs). In the present study, only
recordings from fixed cameras were used (LIGHT module), without employing aerial imagery.

Programming elements  ®

gi

5] Motion fitters E Category
a
-
"
]

HIEILE
i

Risk analysis |
Congestion detection
Group detection

Runin paralel 8

[Z] Set operations ~

Figure 5. Traffic detection using Data From Sky (photo by the author).
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Video processing allowed object-level extraction of a comprehensive set of traffic-related
parameters, including spatial position in each frame, full movement trajectory, vehicle classification,
estimated speed, estimated acceleration, and total traversal time within the monitored area. The
processed data were exported as compressed Tracking Log files containing frame-level information
for each detected object, thereby supporting subsequent quantitative analysis and advanced

statistical modeling (Figure 6) [50].
Data from Sky Compressed
Web Platform Tracking Log
Upload Data

Products

Traffic Survey Data to Platform

Camera

[ Analyze Video Add Video H Requirements ]

Drone

Figure 6. Functional block diagram of the Data From Sky platform.

The video data processing pipeline consisted of two main stages:

1.  Georegistration, involving the establishment of correspondence between image pixels and real-
world coordinates using fixed infrastructural reference points.

2.  Object detection and tracking, comprising identification, classification, and trajectory
monitoring of vehicles within the analyzed sequences.

The georegistration process enabled the transformation of image-space coordinates into metric
spatial coordinates, ensuring accurate estimation of vehicle speed and travel distance, as well as
consistency of derived kinematic parameters [51].

3.2. Research Methodology

The dataset obtained through radar-based measurements and Al-assisted video processing was
used to analyze vehicle arrival distributions and to estimate traffic flow probabilities using the
Poisson distribution framework. A comparative analysis was conducted for two distinct traffic
regimes: (i) normal operating conditions (November 2019) and (ii) reduced-mobility conditions
during the lockdown period (April 2020).

3.2.1. Case Study Site Description

The analyzed location was Lucian Blaga Square, situated in the central area of Cluj-Napoca,
Romania (46°46'N, 23°35'E) [52]. The selected intersection represents a complex signalized urban
node characterized by multiple entry and exit branches and significant temporal variability in
vehicular demand.

The intersection is supplied by one three-lane arterial (Clinicilor Street) and three two-lane
arterials (Victor Babes Street, Petru Maior Street, and Gheorghe Sincai Street). Outbound traffic is
distributed toward two two-lane arterials (Napoca Street and Republicii Street) and one single-lane
branch (Petru Maior Street) (Figure 7).
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Lucian Blaga

Square

Imagery Date: 10/16/2022
Figure 7. The analyzed area (https://cluj-city.map2web.eu/).

The site was selected due to its operational relevance to the objectives of the study. It is classified
as a recurrently congested urban node during peak hours and serves as a strategic connection
between the main west-east and north-south corridors of the urban network. Its configuration
enables the observation of transitions between congestion-prone and free-flow regimes under
varying demand conditions, thereby providing an appropriate framework for assessing the validity
of the Poisson distribution across distinct operational states [53].

The intersection operates under adaptive signal control integrated within the municipal traffic
management system. This configuration generates a mixed traffic regime influenced both by
vehicular demand and signal control logic. The presence of adaptive signalization is particularly
relevant for arrival distribution analysis, as signal cycles may introduce temporal correlations
between successive vehicles, potentially affecting the independence assumptions underlying
Poisson-based modeling.

3.2.2. Traffic Measurements (Year 2019)

The measurements conducted in November 2019 were intended to characterize the normal
operational regime of the analyzed intersection and to provide the reference dataset subsequently
used for estimating the parameters of the Poisson distribution.

Raw data, consisting of individual vehicle detections [54] (Table 2), were aggregated into 15-
minute intervals. This temporal resolution was selected to reduce random variability inherent in
individual detections, ensure compatibility with typical signal cycle durations, and enhance the
stability of the A parameter estimation within the Poisson framework. Additionally, the chosen
aggregation interval facilitated the identification of congestion-prone periods.

Table 2. Vehicle classification schemes (ARX).

Class Description Parameters
1 MC Very short (Bicycle, motorcycle) d(1)<1.7m & axles=2
2 SV Short (sedan, wagon, 4WD, utility, van) d(1)>=1.7m, d(1)<=3.2m & axles=2
= = <=
3 SVT Short towing (trailer, caravan) grou(p;i 2)3;:12(11); ilarj(ll'e(:g? 4/53.2m,
4 TB2 Two axle truck or bus d(1)>3.2m & axles=2
5 TB3 Three axle truck or bus axles=3 & groups=2

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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6 T4 Four axle truck axles>3 & groups=2
Three axle articulated vehicle or rigid vehicle

7 ART3
and trailer

d(1)>3.2m, axles=3 & groups=3

d2)<2Im or d(1)<2.Im or
d(1)>3.2m

axles = 4 & groups>2
d2)<2Im or d(1)<2.Im or

d(1)>3.2m
axles=5 & groups>2

Four axle articulated vehicle or rigid vehicle

8 ART4
and trailer

Five axle articulated vehicle or rigid vehicle and

9 ART5 .
trailer

Six (or more) axle articulated vehicle or rigid
vehicle and trailer
11 BD B-Double or heavy truck and trailer groups=4 & axles>6
Double or triple road train or heavy truck and
two (or more) trailers

10ART6 axles=6 & groups>2 or axles>6 & groups=3

12 DRT groups>=5 & axles>6

For each entry and exit branch (Figure 8 and Table 3; Figure 9 and Table 4), the following
performance indicators were computed (Figure 10 and Table 5; Figure 11 and Table 6):

e  Vehicular flow (vehicles/15 min).

e  Total daily flow (vehicles/day).

e  Average speed (km/h).

e  15th percentile speed (v15).

e  85th percentile speed (v85).

e  Standard deviation of speed.

e  Coefficient of variation of traffic flow.
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Figure 8. Traffic flow at the entrance to Lucian Blaga Square (2019): (a) Clinicilor Street, (b) Victor Babes Street,
(c) Petru Maior Street, (d) Gheorghe Sincai Street.

Table 3. Traffic flow at the entrance to Lucian Blaga Square (2019).

Date Traffic flow (vehicles / day — every 15 minute by one hour) Sum (X)

Clinicilor V. Babes P. Maior Ghe. Sincai

11/21/2019 15485 11851 15119 1695 44150
11/22/2019 14792 10968 14651 1412 41823
11/23/2019 11438 7730 10726 1322 31216
11/24/2019 10222 6864 12985 1118 31189
11/25/2019 15741 11633 13221 1662 42257
11/26/2019 13761 12059 14067 1551 41438
11/27/2019 14710 12000 13618 1595 41923
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Figure 9. Traffic flow at the exit of Lucian Blaga Square (2019): (a) Petru Maior Street, (b) Napoca Street, (c)

Republicii Street.
Table 4. Traffic flow at the exit to Lucian Blaga Square (2019).
Date  Traffic flow (vehicles / day — every 15 minute by one hour)  Sum (X)
P. Maior Napoca Republicii
11/21/2019 17795 13914 12355 44064
11/22/2019 17840 12802 11121 41763
11/23/2019 15686 8092 7086 30864
11/24/2019 16013 7871 7134 31018
11/25/2019 17897 13974 10435 42306
11/26/2019 17347 13828 10270 41445
11/27/2019 17840 13671 10697 42208

The daily traffic volumes recorded during 21-27 November 2019 indicate a cumulative total of

273,996 vehicles at the intersection entries and 273,668 vehicles at the exits. The relative difference of

0.12% confirms measurement consistency and appropriate sensor positioning. This minor

discrepancy is attributed to vehicles accessing or exiting the nearby underground parking facility and

does not indicate detection losses.
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Figure 10. Average traffic speed at the entrance to Lucian Blaga Square (2019): (a) Clinicilor Street, (b) Victor
Babes Street, (c) Petru Maior Street, (d) Gheorghe Sincai Street.
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Table 5. Average traffic speed at the entrance to Lucian Blaga Square (2019).
Date Average traffic speed (km/h) Average (km/h)
Clinicilor V. Babes P. Maior  Ghe. Sincai
11/21/2019 39.43 30.48 39.61 43.51 38.26
11/22/2019 39.27 30.97 39.51 42.94 38.17
11/23/2019 31.72 36.41 47.41 39.29 38.71
11/24/2019 33.33 37.86 45.37 42.10 39.67
11/25/2019 40.49 29.48 45.43 43.72 39.78
11/26/2019 41.70 28.45 37.62 41.84 37.40
11/27/2019 39.34 27.52 37.40 42.92 36.80
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Figure 11. Average traffic speed at the exit of Lucian Blaga Square (2019): (a) Petru Maior Street, (b) Napoca
Street, (c) Republicii Street.
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Table 6. Average traffic speed at exit from Lucian Blaga Square (2019).
Date Average traffic speed (km/h) Average (km/h)
P. Maior Napoca Republicii
11/21/2019 45.79 49.66 33.70 43.05
11/22/2019 45.37 50.15 38.72 44.75
11/23/2019 51.05 49.56 39.82 46.81
11/24/2019 50.88 49.64 39.90 46.81
11/25/2019 49.78 50.05 33.82 44.55
11/26/2019 46.32 49.27 39.49 45.03
11/27/2019 45.37 49.12 36.19 43.56

The 15-minute aggregated analysis highlights pronounced diurnal variations in traffic flow, with
two distinct peak periods corresponding to morning and afternoon commuting hours. An increased
coefficient of variation was observed during transition intervals between free-flow and congested
regimes, indicating heightened instability in traffic conditions during these intermediate phases.

Average speed values, together with the 15th (v15) and 85th (v85) percentile speeds, confirm the
presence of a mixed traffic regime. During low-demand intervals, traffic operated under
predominantly free-flow conditions, whereas peak hours exhibited a saturated regime characterized
by reduced speeds and increased dispersion.

Video recordings from the fixed surveillance cameras located at Lucian Blaga Square were
processed using the DFS Viewer utility to determine the daily traffic distribution for the analyzed
approaches (Figure 11).

n Configaration) - DakafromSey Viewsr (UGHT made! [= B4

ings Vi

WB W e e e e e e BN R S e

Firat Image I0: 0 saTw

Pre w4 40 E 0 ¥ e e
Figure 11. Traffic detection using DFS Viewer (photo by the author).
Table 7 presents a summary of the data obtained from the processing of video recordings.

Table 7. Traffic values 2019 — DFS measurement.

Daily overview

Date 23.11.2019
Start time 8:45:00
End time 8:50:00
Total period 00:05:00
Location Cluj-Napoca
Analysis minor period 05:00
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Analysis major period
Analysis overall period
Intersection type

30:00
Disable
Traffic light intersection
Overall statistics

Number of tracked objects 425
Vehicle count 272
Medium vehicle count 0
Heavy vehicle count 0
Bus count 0
Motorcycle count 1
Bicycle count 0
Pedestrian count 140
Light truck count 1
Van count 10
Medium truck count 1
Total distance traveled (px) 148671.68
Average speed in analyzed area (kpx/h) 68.72

To assess the consistency between the two measurement methods, traffic flows obtained from
radar detection and video processing were compared for synchronized 5-minute intervals. The
average discrepancy between the two systems was approximately 9%.

This difference can be attributed to technological and operational characteristics of the detection
systems. First, the detection domains differ substantially: the radar operates on a defined cross-
sectional detection line, whereas the video system captures a two-dimensional observation area.
Second, object occlusion and overlapping trajectories may introduce counting inaccuracies in video-
based detection. Additionally, objects located near the boundaries of the camera field of view may be
affected by geometric distortions or partial information loss, further contributing to the observed
deviations.

The traffic flow values aggregated at 15-minute intervals were used to estimate the Poisson
parameter A for each entry and exit branch.

The 2019 dataset defines the baseline traffic regime and serves as the reference condition for
evaluating the changes observed in 2020, thereby enabling the assessment of the suitability of the
Poisson distribution under different demand levels.

3.2.3. Traffic Measurements (Year 2020)

The measurements corresponding to the lockdown period (April 2020) were conducted using
the same methodological framework applied in 2019, ensuring direct comparability of results.
Specifically, continuous radar-based measurements (SDR Data Collect) were complemented by video
processing through the Data From Sky (DES) platform. Data aggregation was performed at 15-minute
intervals, maintaining the temporal resolution adopted for the reference year.

Table 8 presents an example of video-based measurements for a representative interval (07 April
2020, 08:50-08:55), used to validate object detection and classification accuracy.

Table 8. Traffic values 2020 — DFS measurement.

Daily overview

Date 07.04.2020
Start time 8:50:00
End time 8:55:01
Total period 00:05:01
Location Cluj-Napoca
Analysis minor period 05:01
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Analysis major period 30:00
Analysis overall period Disable
Intersection type Traffic light intersection
Overall statistics
Number of tracked objects 41
Vehicle count 28
Medium vehicle count 0
Heavy vehicle count 0
Bus count 0
Motorcycle count 0
Bicycle count 0
Pedestrian count 7
Light truck count 0
Van count 5
Medium truck count 1
Total distance traveled (px) 12577.73
Average speed in analyzed area (kpx/h) 36.27

The aggregated radar-based traffic flows recorded during April 2020 indicate a substantial
reduction in daily traffic volume, reaching an average of 9.55% of the mean daily value observed in
November 2019.

The reduction ratio was calculated as:

_ Q2020

R

= -100% 4)
Q2019

where: Q4,0 represents the mean daily traffic flow during the lockdown period and Q419 denotes

the corresponding mean daily flow during the reference period.

This result reflects an extremely low-demand traffic regime characterized by the disappearance
of conventional peak-hour patterns and a flattened diurnal distribution. Furthermore, a significant
decrease in flow variability was observed, accompanied by increased stability of average speeds,
indicating operating conditions approaching free flow with minimal vehicle interactions.

Since the availability of video recordings for 2020 was limited to short time windows, the
reconstruction of the full daily traffic profile was based primarily on continuous radar measurements.

For the statistical characterization of vehicle arrivals, the 15-minute aggregated flow values were
used to estimate the Poisson parameter A, following the same estimation procedure applied for the
2019 dataset.

3.2.4. The Mathematical Model for Traffic Distribution

To analyze vehicle arrival patterns under the mobility restrictions imposed in 2020, a
probabilistic framework based on the Poisson distribution was adopted. The Poisson model is
appropriate for arrival-type stochastic processes characterized by discrete, independent events
occurring within a finite time interval.

The fundamental assumptions of the model are:

i.  Vehicle arrivals within sufficiently short time intervals are statistically independent.
ii. The probability of more than one arrival within an infinitesimal interval is negligible.

iii. The expected arrival rate remains constant within each aggregation interval.

The Poisson probability mass function is defined as:

(A-t)"- et
n!

P(n,t) = ©)
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where: P(n,t) represents the probability of observing exactly n vehicles within time interval ¢, A
denotes the mean arrival rate (vehicles per unit time), n is the observed vehicle count and ¢
corresponds to the aggregation interval (15 minutes).
The arrival rate parameter 4 was estimated separately for each 15-minute interval using
experimental radar measurements from April 2020 [55]:
4ai

A
t

(6)

where: q; represents the observed vehicle count within interval i. Accordingly, the process is treated
as a non-homogeneous Poisson process, with a time-varying arrival rate reflecting diurnal traffic
dynamics.

Preliminary variance analysis indicated slight overdispersion var(n) > E(n). To assess model
robustness, a negative binomial formulation was tested as an alternative count model. The
generalized log-linear specification of the arrival rate is:

P(n;) = 1—[ exp[—exp(aii?!] [exp(a;)™] -

L
To explicitly address overdispersion, a stochastic error component ¢; was introduced:
A = exp (a;f + &) 8)
Conditional on ¢; the probability mass function becomes:

pnyle) = EPITAexpE))Aiexp (e)™] ©)

ni!

Integrating over the gamma-distributed error term yields the negative binomial distribution:
uy (1 —u)™ (10)

where: T'( )denotes the gamma function and u; =6/0 +4;, and 6 = 1/a is the dispersion
parameter.
Model parameters were estimated using maximum likelihood:

N g

Goodness-of-fit tests indicated that the Poisson model provides a satisfactory approximation for
the analyzed intervals; therefore, the final estimation framework is based on the Poisson distribution.

Video-based observations from 2020 covered only limited time windows. The 2019 dataset,
consisting of continuous 24-hour measurements aggregated at 15-minute intervals, was used as a
structural reference.

Given that uniform traffic conditions within 15-minute samples were confirmed through DFS-
based analysis, the corresponding 5-minute equivalent flow was derived as:

415
Qunit = 3 (12)
where q;5 represents the 15-minute aggregated flow.
The parameter A was calculated using observations for the data recorded in 2020. Given the data
provided in equation 5, the probability that vehicles arrive in a time interval was calculated (Figure
12).
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Figure 12. The probability of vehicles arriving in a time interval.

Since the 2020 video data covered short observation windows, the estimated probabilistic model
was used to reconstruct the full daily traffic profile:

g =1t (13)

where: ¢7°?° denotes the estimated traffic flow for interval i, and 1; is the corresponding estimated
arrival rate. This formulation preserves dimensional consistency and maintains the physical
interpretation of traffic flow as the expected value of the Poisson process.

The index i corresponds to 15-minute intervals for both measured (2019) and estimated (2020)
datasets. To reflect the legally imposed night-time traffic restrictions during lockdown (22:00-06:00),
the corresponding probability values P(t) were set to zero for these intervals (Figure 13). Notably,
2019 measurements during the same period already exhibited minimal traffic volumes.
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Figure 13. Vehicles traffic at 15-minute interval in 2020.

The reconstructed 24-hour traffic profile was validated using NCSS Statistical Software [56]. The
goodness-of-fit analysis yielded a probability level of 0.98, confirming strong agreement between
observed and modeled vehicle counts (Figure 14).
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Figure 14. Comparative results: traffic flow distribution over 24 hours.

Comparison of the estimated daily profiles for 2019 and 2020 reveals:

e apronounced reduction in overall traffic intensity,

e  attenuation of traditional morning and afternoon peaks,
e substantial flattening of the diurnal distribution,

e  structural modification of temporal demand patterns.

These findings indicate a redistribution of mobility demand across the day and a significant
reduction in traffic concentration during conventional peak periods.

The proposed modeling framework enables estimation of traffic behavior under severe mobility
restrictions using limited observational data, offering a transferable tool for analyzing extreme
mobility scenarios and supporting resilience-oriented urban traffic planning.

4. Results
4.1. Traffic Flow Characteristics Before the Pandemic (2019)

Continuous measurements conducted in November 2019 indicate that traffic at Lucian Blaga
Square operated under recurrent high-volume conditions, particularly during peak periods.

The cumulative inflow over the seven monitored days (Figure 8, Table 3) reached 273,996
vehicles, while the cumulative outflow (Figure 9, Table 4) was 273,668 vehicles, corresponding to a
relative difference of only 0.12%. This negligible imbalance confirms global flow conservation within
the intersection and validates the consistency of sensor positioning and data acquisition.

The average daily inflow was approximately 39,142 vehicles/day, ranging between 31,189 and
44,150 vehicles/day. The corresponding average daily outflow was 39,095 vehicles/day, indicating an
almost symmetric distribution of traffic volumes. The coefficient of variation of daily volumes (11-
13%) reflects moderate variability, typical of central urban areas characterized by mixed land use
(administrative, medical, academic).

The highest daily inflow (44,150 vehicles/day) was recorded on 21 November 2019,
corresponding to a regular working day with intense urban activity.

Mean entry speeds (Figure 10, Table 5) ranged between 36.80 and 39.78 km/h, whereas mean exit
speeds (Figure 11, Table 6) varied between 43.05 and 46.81 km/h. The average difference of
approximately 7-8 km/h between entry and exit speeds reflects the dynamic processes governing
intersection operation. Vehicle deceleration and queue formation upstream of the stop line reduces
entry speeds, while downstream acceleration and flow dispersion increase exit speeds. This
difference is further influenced by the adaptive signal control system, which modulates green times
and temporally redistributes traffic demand.
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Peak intervals were characterized by inflows reaching 220-250 vehicles per 15-minute interval
on major approaches, accompanied by mean speeds dropping below 35 km/h, indicating operation
close to saturation conditions.

The combined analysis of flow and speed reveals a clear inverse relationship between traffic
intensity and mean speed, consistent with the fundamental diagram of traffic flow (flow—density—
speed relationship). Increased demand during peak hours leads to reduced speeds and higher
dispersion, confirming the presence of congestion dynamics.

Overall, the 2019 dataset reflects an urban traffic system operating in a dynamic equilibrium
state, characterized by high and recurrent volumes, predictable temporal variability, and systematic
queue formation during peak periods. This operational regime defines the baseline reference
condition for subsequent comparison with the pandemic period.

4.2. Traffic Conditions During COVID-19 Restrictions (2020)

Traffic measurements conducted in April 2020, during the state of emergency, revealed a
pronounced structural reduction in mobility demand at the analyzed intersection.

Al-assisted video processing detected 28 vehicles and 7 pedestrians within a representative 5-
minute interval. When compared with the equivalent reference period in 2019, these values
correspond to approximately 9.55% of the pre-pandemic vehicular traffic and approximately 5% of
the pedestrian activity level. This magnitude of reduction confirms a near-collapse of regular urban
mobility patterns during lockdown conditions.

Despite the drastic decrease in traffic volumes, the mean vehicle speed recorded during the
analyzed interval in 2020 was 36.27 km/h, a value comparable to the entry speed observed under
normal conditions. The absence of a proportional increase in speed indicates that traffic performance
remained structurally constrained by signal timing and intersection control logic rather than by
demand levels alone.

This behavior suggests that, under extremely low demand, the operational regime transitioned
from demand-driven congestion to control-driven regulation. In other words, intersection
performance during lockdown was governed predominantly by signal coordination parameters
rather than by vehicle interactions, confirming a shift toward a quasi—free-flow regime constrained
by fixed or adaptive signal cycles.

4.3. Probabilistic Modeling of Vehicle Arrivals

The Poisson distribution was employed to model vehicle arrivals at the intersection during the
state of emergency, treating arrivals as a discrete time-dependent stochastic process. The model was
formulated as a non-homogeneous Poisson process, with the arrival rate 4; estimated separately for
each 15-minute interval based on the experimental data collected in April 2020.

The estimated values of A; ranged between 0 and 1.6 vehicles/min during active daytime
periods, with a daily average of 0.42 vehicles/min, corresponding to approximately 25 vehicles per
15-minute interval. These values reflect a severely reduced demand regime compared to the 2019
baseline.

The Poisson probability mass function was used to compute the likelihood of observing n
vehicles within a given time interval t.

The variance-to-mean ratio for the 2020 dataset was close to unity (var(n)/E(n) = 1.08),
indicating minimal deviation from the equidispersion property characteristic of Poisson processes.

A chi-square goodness-of-fit test yielded a significance level of p = 0.98, confirming that the
Poisson distribution adequately describes the arrival process under restricted traffic conditions. To
assess potential overdispersion, a negative binomial formulation was also tested. Maximum
likelihood estimation of the dispersion parameter o produced values approaching zero (a — 0),
indicating that overdispersion effects were negligible in the low-demand regime.

Consequently, the Poisson model was considered sufficient for reconstructing the daily traffic
profile.
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Using the estimated A; values, the 2020 daily traffic curve was reconstructed. The resulting
profile reveals an almost complete suppression of the morning peak (07:00-09:00) and a pronounced
attenuation of the afternoon peak (16:00-18:00). Overall, the diurnal variation appears substantially
flattened, indicating a redistribution and homogenization of mobility demand throughout the day.
Traffic volumes between 22:00 and 06:00 approached zero, consistent with the mobility restrictions
in force during the analyzed period.

Compared to 2019, peak-hour flow rates decreased by approximately 88-92%, depending on the
approach, while the average daily flow dropped to approximately 9-12% of pre-pandemic levels.
These results confirm a structural transition from a peak-dominated regime to a uniformly low-
intensity arrival process, statistically compatible with a near-ideal Poisson behavior.

4.4. Model Validation

Statistical validation of the probabilistic framework was performed using NCSS Statistical
Software [56], applying the chi-square (x?) goodness-of-fit test to evaluate the agreement between
observed and Poisson-estimated frequencies.

The calculated 2 statistic was lower than the critical value at a significance level of a = 0.05, with
a reported p-value of 0.98. Therefore, the null hypothesis—that the data follow a Poisson
distribution—cannot be rejected. The high p-value indicates excellent agreement between the
theoretical model and the empirical observations, confirming that vehicle arrivals during the
restriction period are statistically consistent with a Poisson process. Further validation was conducted
using the variance-to-mean ratio. For the analyzed intervals, this ratio was approximately 1.08,
closely aligned with the equidispersion property of the Poisson distribution. In contrast, peak-hour
data from 2019 exhibited variance-to-mean ratios exceeding 1.4, reflecting overdispersion induced by
congestion effects and vehicle platooning.

The near-unit dispersion observed in 2020 suggests that, under severely reduced demand, inter-
vehicle dependence and platooning effects are substantially diminished. As a result, the
independence assumption underlying the Poisson process becomes more realistic compared to
normal traffic conditions.

A comparative assessment between 2019 and 2020 is summarized in Table 9.

Table 9. Comparative assessment between 2019 and 2020.

Indicator 2019 2020 Change
Average daily traffic . .
~39,142 vehicles/day ~3,740 vehicles/day -90.4%
volume

220-250 vehicles/15

Peak 15-min flow min 18-25 vehicles/15 min -88-92%

Pedestrian activity Baseline ~5% of 2019 -95%

Varian:ae;i’cs—mean >1.4 (peak hours) ~1.08 Reduced dispersion
Traffic regime Near-capacity Free-flow dominant Structural transition

The results confirm that mobility restrictions imposed in 2020 led to a severe reduction in
congestion phenomena, the disappearance of the characteristic bimodal daily traffic profile, and a
substantial decrease in temporal variability. Moreover, the statistical behavior of vehicle arrivals
became increasingly compatible with the fundamental assumptions of the Poisson model.

This transition reflects a shift from a near-capacity operational regime in 2019 —characterized by
vehicle interdependence and queue formation—to a low-density, free-flow-dominant regime in 2020,
characterized by rare and nearly independent arrival events.

The probabilistic model demonstrates robustness under extremely low-demand conditions and
provides a reliable tool for estimating traffic behavior in exceptional mobility scenarios. Given the
statistical validation and engineering consistency of the results, the Poisson framework can be
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considered adequate for describing vehicle arrival distributions during the analyzed lockdown
period.

5. Discussion
5.1. Interpretation of Traffic Reduction Under Mobility Restrictions

The results demonstrate a profound structural disruption of urban mobility patterns during the
COVID-19 emergency period. Traffic volumes decreased to approximately 9-12% of the 2019
reference level, while pedestrian activity declined to nearly 5%, indicating an almost complete
contraction of routine urban mobility at the analyzed central node.

Compared to international findings reporting reductions between 60% and 90%, the observed
88-92% peak-hour reduction places the studied intersection at the upper bound of global impact
levels. This heightened sensitivity can be attributed to the functional characteristics of the location,
which include a high concentration of administrative institutions, academic facilities, medical
services, and commuter-dominated trip patterns. The closure of institutions and the large-scale
adoption of remote work directly suppressed the dominant travel demand components.

Importantly, the elimination of the bimodal peak structure and the flattening of the diurnal
distribution indicate that restrictions induced not merely a quantitative reduction in volume, but a
structural reorganization of temporal demand patterns. The disappearance of pronounced morning
and afternoon peaks reflects the collapse of commuting-driven mobility.

The improved compatibility of 2020 data with the assumptions of the Poisson distribution
further supports this structural interpretation. Under near-capacity conditions (2019), vehicle
interdependence, queue formation, and platooning introduce correlations that violate independence
assumptions. Under extremely low demand (2020), arrivals approximate independent rare events,
explaining the superior performance of the Poisson model.

These findings suggest that central urban nodes are highly sensitive to institutional activity
patterns and that mobility restrictions can rapidly trigger a transition toward a free-flow dominant
regime accompanied by fundamental changes in temporal demand structure. This has direct
implications for emergency mobility planning and SUMP-based scenario modeling.

5.2. Traffic Regime Transition and Flow Characteristics

In 2019, the intersection operated close to capacity during peak periods, as indicated by high
flow rates and reduced mean speeds. The observed flow—speed relationship is consistent with
operation near the descending branch of the fundamental diagram, where increased density leads to
speed reduction and congestion onset. The likely volume-to-capacity ratio (v/c) approached unity
during peak intervals (07:00-09:00 and 16:00-18:00), resulting in recurrent queue formation and
shockwave propagation.

During the 2020 restrictions, peak flows decreased by 88-92%, shifting the system to a
fundamentally different operational regime. The v/c ratio fell well below unity, eliminating queue
formation mechanisms and significantly reducing vehicle interactions. Temporal variability
decreased, and the arrival process became statistically closer to independent random events.

Notably, mean speeds did not increase proportionally to the dramatic demand reduction. This
indicates that intersection performance under low demand was constrained primarily by signal
control logic rather than capacity limitations. In 2019, traffic dynamics were governed predominantly
by demand pressure and vehicle interaction effects. In 2020, system behavior became control-
dominated rather than capacity-dominated.

This shift reflects a structural transition in the governing mechanisms of the traffic system —from
interaction-driven congestion to regulation-driven flow stabilization.

5.3. Suitability of the Poisson Modeling Framework

The Poisson framework relies on two core assumptions:
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1. Statistical independence of arrival events.
2. Equidispersion (variance approximately equal to the mean).

Under normal urban traffic conditions, these assumptions are frequently violated due to
platooning, upstream signal coordination, congestion wave propagation, and vehicle
interdependence. Such conditions typically generate overdispersion and correlated arrivals.

During the lockdown period, reduced density significantly diminished inter-vehicle
interactions. The observed variance-to-mean ratio (=1.08) closely approaches the theoretical Poisson
condition. The high x> goodness-of-fit significance level (p =0.98) confirms strong agreement between
observed and theoretical distributions.

Testing a negative binomial formulation yielded dispersion parameters approaching zero (o« —
0), indicating negligible overdispersion. Consequently, the Poisson model provides a statistically
sufficient and parsimonious description of vehicle arrivals under severely reduced demand.

These results confirm that Poisson-based modeling is particularly appropriate for low-density
regimes, nighttime traffic, emergency scenarios, and other rare-event mobility contexts. However, its
applicability remains limited under near-capacity or highly coordinated signal conditions.

5.4. Methodological Implications of AI-Based Video Processing

The integration of radar-based detection (SDR) and Al-assisted video processing (DFS platform)
enabled multi-source validation of traffic volumes and classifications.

Radar measurements provide precise cross-sectional counts and instantaneous speed
estimation, while video-based deep learning detection captures full-scene dynamics, enabling
trajectory reconstruction, classification, acceleration estimation, and interaction analysis.

The observed ~9% discrepancy between radar and video measurements reflects methodological
differences in detection geometry rather than major systematic error. Radar operates on a defined
cross-sectional plane, whereas video detection covers a two-dimensional field with potential edge
distortions and occlusion effects. The strong temporal correlation between the two datasets confirms
coherent representation of flow dynamics.

The hybrid sensing framework enhances robustness, reduces systematic bias associated with
single-sensor approaches, and demonstrates the potential of Al-supported monitoring for
probabilistic modeling and operational diagnostics of urban intersections.

5.5. Urban Resilience and Traffic Management Implications

The observed collapse of mobility demand provides insights into urban traffic system resilience.
In transport engineering terms, resilience can be defined as the ability of the system to absorb extreme
external shocks, maintain operational stability, and recover to its original regime.

Despite a 90% demand reduction, the signalized intersection maintained stable operation
without systemic malfunction. Adaptive signal control remained functional under atypical arrival
distributions, suggesting robust regulatory logic capable of accommodating extreme demand
fluctuations.

The probabilistic framework developed in this study offers practical utility for extreme scenario
modeling, emergency mobility planning, resilience testing, and rapid reconstruction of daily traffic
profiles from limited observations. Such capability is particularly relevant for sudden disruptions
including pandemics, natural disasters, or security-related mobility restrictions.

While the study focuses on a single central intersection, the methodological approach is
transferable to other urban nodes provided that:

i.  Baseline reference data are available.
ii. Low-demand observations exist for comparative calibration.
iii. Arrival processes remain sufficiently sparse to satisfy probabilistic assumptions.

However, extrapolation to multilane coordinated corridors, high-speed freeway segments, or
multimodal hubs must be undertaken cautiously, as different interaction dynamics may invalidate
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the independence assumption. Future research should therefore investigate whether similar
probabilistic behavior emerges across diverse infrastructure typologies and varying demand
structures.

6. Conclusions

This study investigated the impact of COVID-19 mobility restrictions on urban traffic dynamics
at a central signalized intersection in Cluj-Napoca, Romania, using an integrated framework
combining continuous radar measurements and Al-assisted video processing.

The findings reveal an extreme structural contraction of mobility demand. Vehicle volumes
decreased to approximately 9.55% of the pre-pandemic baseline, while pedestrian activity declined
to nearly 5%. Beyond this quantitative reduction, a fundamental transformation of the temporal
traffic structure was observed, characterized by the disappearance of morning and afternoon peak
periods and a pronounced flattening of the diurnal profile.

From an operational perspective, the intersection transitioned from a near-capacity, congestion-
prone regime (2019) to a low-density, free-flow dominant regime (2020), governed primarily by signal
control logic rather than demand pressure. Despite the dramatic reduction in flow, average speeds
did not increase proportionally, confirming the persistent structural influence of signal regulation on
performance metrics.

The probabilistic modeling framework based on the Poisson distribution —supplemented by a
negative binomial robustness test—demonstrated strong agreement with observed data under
reduced demand conditions. The variance-to-mean ratio approaching unity and the high x2
goodness-of-fit (p=0.98) confirm that, under sparse traffic conditions, vehicle arrivals approximate an
independent stochastic process more closely than under congested regimes dominated by inter-
vehicle interactions and platooning effects.

The integration of radar detection and Al-based video analytics enabled multi-source validation
of traffic volumes and strengthened the robustness of probabilistic parameter estimation. The
proposed methodological framework allows reconstruction of daily traffic distributions from limited
observational datasets and provides a transferable tool for modeling extreme mobility scenarios and
supporting resilience-oriented traffic management strategies.

Overall, the study demonstrates that extreme mobility disruptions modify not only traffic
intensity but also the stochastic structure of arrival processes, with direct implications for
probabilistic modeling and operational traffic management under low-demand conditions.

Several limitations must be acknowledged.

First, the temporal coverage of 2020 data was restricted to a limited lockdown window. The 24-
hour traffic profile was reconstructed through probabilistic extrapolation, which introduces
uncertainty.

Second, the reference measurements (November 2019) and lockdown measurements (April
2020) were collected in different seasons. Although seasonal effects in central urban nodes are
expected to be moderate, influences related to meteorological conditions and daylight duration
cannot be entirely excluded.

Third, the analysis focused on a single signalized urban intersection. While representative of
mixed-use central areas, generalization to other infrastructure typologies—such as coordinated
arterial corridors, freeway segments, or multimodal hubs—should be undertaken cautiously.

Finally, the adopted approach was predominantly macroscopic. Microscopic trajectory analysis,
detailed queue dynamics modeling, and behavioral adaptation assessment were beyond the scope of
the present study.

Future research should:

e  Assess the applicability of the probabilistic framework across diverse network typologies and
operational contexts.
e Investigate post-restriction recovery phases and potential rebound effects in mobility demand.
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e Integrate microscopic traffic simulation and dynamic queue modeling to capture fine-scale
interaction mechanisms.

e  Evaluate the long-term stability of stochastic arrival patterns under hybrid work regimes and
evolving mobility behaviors.

Such extensions would further clarify the boundary conditions under which Poisson-based
modeling remains valid and enhance its integration into adaptive traffic management and resilience-
oriented urban mobility planning.
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