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PEDESTRIAN SPEED ESTIMATION METHOD APPLICATION FOR STATISTICAL ANALYSIS
OF CROWD DYNAMICS

Abstract. This paper addresses the problem of pedestrian detection, tracking, and gait speed estimation based on video
footage from a surveillance camera positioned above the walking area. Such a configuration is typical for surveillance systems
in public spaces. The method proposed by the authors does not require any specialized equipment, making it suitable for a wide
range of real-world scenarios.

The aim of this study is to evaluate the previously developed method for pedestrian speed estimation in a real-life case -
video surveillance in a school corridor. The research seeks to assess the effectiveness and reliability of the algorithm under
conditions that differ from a controlled laboratory environment.

Research methodology. To test the method, a video recording was conducted in a school corridor, where a surveillance
camera captured pedestrian flows over a period of 6.5 hours. Using computer vision algorithms, pedestrians were detected,
their trajectories tracked, and walking speeds estimated. In total, 1,841 trajectories were extracted, with an average walking
speed of 1.15 m/s. The collected data enabled a statistical analysis that revealed patterns of pedestrian traffic under both
normal and emergency conditions.

Scientific novelty. The study presents the first real-world validation of the previously proposed method, implemented
without any prior environmental preparation or the use of additional sensors. A distinguishing feature of the experiment is the
consideration of external factors, particularly regular air raid alerts occurring during wartime in Ukraine. Their impact on
pedestrian behavior was identified and reflected in the analytical results. This approach contributes to a deeper understanding
of human adaptive behavior in stressful situations.

Conclusions. The conducted study confirmed the effectiveness of the previously developed method for pedestrian detection,
tracking, and speed estimation in real-world conditions. The obtained results can be used to further improve decision support
systems in the fields of safety, evacuation planning, and crowd behavior analysis. The use of real data and the inclusion of a
crisis context significantly enhance the practical value of the proposed methodology.
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Makcum TIHIKOB, Oxkcana TUMOIIYK. 3ACTOCYBAHHA METOAY OLIHKHW HIBUAKOCTI IIIIOXOAIB
JJIA CTATUCTUYHOI'O AHAJII3Y ANWHAMIKH HATOBITY

AHomayis. Y cmammi po3z2asitHymo 3adayy 8usi8/AeHHS, 8idcmedxceHHs ma OYiHKU weudkocmi pyXy niwoxodie Ha
0CHO8I gideo3anucie i3 kamepu cnocmepedsceHHs, 6cmaHo8/1eHoi Had 30Hot nepecyganHs. Taka kKoH@izypayis € munogoio
0418 cucmem sideocnocmepedxceHHs: 8 ny6AIMHUX npocmopax. 3anponoHo8aHull aesmopamu memod He nompe6ye H0OHO20
cneyianizo8aHo20 061a0HAHHS, W0 00380/51€ BUKOPUCMO8Y8AMU 1i020 8 WUPOKOMY CheKmpi pea/bHUX cyeHapiie.

Memoto po6omu € anpobayisi cmeopeHo20 paHiwe memody OyiHKU weudkocmi pyxy niuwioxodie Ha NPaKMu4YHOMY
npukaadi 3 peaabHo20 Heumms - gideocnocmepexceHHs y WKiibHoOMY Kopudopi. [locaidsiceHHs mae Ha Memi nepegipumu
egpekmugHicmb i HadiliHicmb anzopummy 8 yMosax, siki 8i0pi3HsiloMbcs 8id 1abopamopHo2o cepedoguuya.

Memodosozisn docaidceHHA. [l sunpobysaHHs mMemody 6yna opzaHizoseaHa 3iUoMKa 8 Kopudopi HA84A/bHO20
3akaady, de kamepa gikcysana niwoxioni nomoku npomsizom 6,5 200uH. 3a 0NOM0O2010 A120pUMMi8 KOMN'IOMepHO20 30py
30ilicHI08a10Cs1 8USIBAEHHS NiwoXx00is, 8idcmedceHHs mpaekmopiil ma oyiHka weudkocmi pyxy. Ycbozo 6ysn10 ompumano 1841
mpaekmopito, a cepedHst weudkicmo pyxy ckaaaa 1,15 m/c. Ha ocHogi 3i6parux daHux nposedeHo cmamucmu4Hull aHaai3, wo
do3s0us oyiHumu QuHamiky niwoxionozo mpagiky y 3guyatiHux ma ekcmpeHux yMosax.

Haykoea Hosu3Ha. Y po6omi enepuie anpo608aHo paHiuie 3anponoHo8aHuli Memod y peaibHux ymMoeax, 6e3 nonepedHvoi
nidzomosku cepedoguuja yu 3asjyveHHss dodamkosux ceHcopis. Ocobausicmio AocaiddiceHHsT € 8paxy8aHHS 308HIWHIX
YUHHUKIS, 30KpeMa pezyAsipHUX NOSIMPSIHUX Mpugoz, wo 6id6ysaomucs nid vac eitinu 6 Ykpaini. Ixwiii enaue na nosedinky
niwoxodie 6ye idenmugpikosanuli ma eidobpadceHutll y pezyasbmamax aHaizy. Takuii nidxid do3zeossie eaubwe 3po3ymimu
adanmueHy nogediHKy Awdell y cmpecosux cumyayisx.

BucHosku. IIposedene docaidyiceHHsa nidmeepduso egekmugHicms po3pobeHo20 paHiwe memody 6usie/eHHs,
gidcmediceHHs1 ma oyiHkuU weudkocmi niuioxodie y peanbHux ymosax. OmpumaHi pesysibmamu Moxicyms 6ymu guKopucmaHi
04151 n0dabwo20 800CKOHA/IEHHS cUucmeM nidmpumMKu hpuliHsimmsl piuwieHb y chepi 6e3neku, naaHy8aHHs esakyayili ma
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aHasizy nogediHku Hamosny. 3aay4eHHs peasbHuUX aHuX ma 8paxysaHHs Kpu308020 KOHMeKCmy nidsuujye npukaadHy
YiHHicmb MemoduKu 0151 NpaKMUu4Ho20 BUKOPUCMAHHSI.

Kawuosi cioea: komn’'romepHutl 3ip, mpekiHe 06’ekmis, oyiHka weudkocmi xo0bbu, gideocnocmepesiceHHs), 2Aub60ke
HAGYAHHSI, MOHIMOPUH2 HAMOGNY.

Introduction. In the modern world, there are a lot of places of crowd congregations, especially in big cities.
Understanding crown movements may help to improve environments and make them more ergonomic and
efficient for usage in daily life, and, what’s more important, during emergencies.

To be able to analyze crowd movements, we need to formalize them and store data in some way. Crowd mon-
itoring and tracking techniques, which require advanced methods of computer vision are used for such tasks.

This paper focuses on the data collection and processing of pedestrians’ movement based on video from
the camera located above the walking area. Collected data is being processed for gait speed estimation and
performing analysis of the retrieved information about pedestrians’s movement dynamic, which can be used,
for example, for crowd modeling in regular and emergency situations. Ukrainian State building regulations [4]
define requirements for buildings, including evacuation policies. This research might be beneficial for under-
standing pedestrians’ movements and developing software for crowd modeling.

Problem statement. The paper proposes a process for data collection about crowd dynamics and aims to
process and analyze collected data.

To achieve the goal, several key steps must be undertaken. First, a thorough review of existing literature on
crowd dynamics analysis will provide a foundation for understanding current methodologies and identifying
gaps. Based on this review, an appropriate method and software will be selected for detecting, tracking, and es-
timating the speed of pedestrians. Following this, relevant data will be collected in the form of video recordings
from real-world scenarios, which will then undergo processing to extract numerical information necessary for
analysis.

The processed data will be analyzed to derive meaningful insights into pedestrian movement. This analysis
will include determining the number of pedestrians at each moment in time and examining how their average
speed changes over time. Additionally, speed-time graphs will be generated to compare the behavior of pe-
destrians moving in groups with those moving individually. The analysis will also focus on understanding the
distribution of speeds and identifying the minimum, maximum, and average speeds observed throughout the
dataset.

Related papers. Computer vision techniques are the subject of multiple research papers and already be-
came a part of commonly used software products that help in daily tasks. Advanced techniques like neural
network models are utilized to implement intelligent systems that perform complex operations.

Kannadasan and Yogeswari [2] consider the problem of estimating the volume of vehicles on the road in
real time. Authors utilize the YOLO-v5 model to detect and categorize detected objects. Authors improved the
model to increase the performance of the object counting task to make it possible to perform operation in real
time. It is beneficial for understanding flow density and density dynamics. However, we're interested also in the
pedestrians' speed estimation which is not covered in this paper.

Shrivastav et al. [11] are solving a similar problem to Kannadasan and Yogeswari. They are counting pedes-
trians using the YOLO-v4 model. Authors also proposed a direction estimate method based on the pedestrians’
trajectories, which provides information for understanding crowd dynamics.

M. W. Park et al. [9] performed an experiment in which 24 volunteers performed a video-recorded 10-m
gait test. Authors estimated the gait speed using their method based on pose estimation. The author’s aim is
to determine the minimum distance between a pedestrian and smartphone camera. However, the actual speed
estimation in the experiment is performed partially manually since the distance is calculated based on the
markers on the video.

S.Mirzaei [12] addresses the challenge of monitoring intersections using a dual-camera system for enhanced
detection, tracking, and predictive safety alerts for road users. The authors employ deep learning-based object
detection and multi-object tracking to analyze vehicle and pedestrian movement. Their approach integrates
predictive modeling to issue real-time safety alerts, improving intersection safety. Their system relies on a du-
al-camera setup and converts data from video sources to the GPS coordinates, which allows them to calculate
the speed. However, their system relies on a dual-camera setup, while our study focuses on single-camera pe-
destrian speed estimation, which presents unique challenges in distance and motion analysis.

Recent advancements in pedestrian speed estimation have explored diverse sensing technologies, including
Radar, LiDAR, and magnetometers. A. Boroomand et al. [1] leverages Frequency-Modulated Continuous Wave
(FMCW) Radar to autonomously estimate gait speed by analyzing Doppler shifts in reflected signals, demon-
strating its effectiveness in non-contact motion tracking. X. Peng and ]. Shan [13] utilize Doppler LiDAR to
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accurately detect and track pedestrian motion, using laser-based velocity estimation to enhance tracking pre-
cision in urban environments. Meanwhile, Y. Liu [14] introduces a novel approach for indoor pedestrian speed
estimation, combining magnetometer-based motion detection with odometry techniques to improve accuracy
in GPS-denied environments. These studies highlight the growing use of multi-sensor technologies for precise
and adaptable pedestrian speed estimation, with applications ranging from urban mobility and surveillance to
healthcare and indoor navigation. However, these researches propose approaches that require more specific
equipment for their implementation, which makes them less usable.

There are studies that use a similar approach as we do - videographic technique to estimate gait speed. Ali
et al. [6] are estimating pedestrians’ speed using recordings from a camera. They are using a software for de-
tecting and storing coordinates of pedestrians, as we do. However, the camera is placed vertically at the ceiling
of the shopping mall atrium, which is not a usual position of the camera. It also limits usage of the approach
to a very specific use case. The camera position allows us to perform trivial calculations knowing pedestrians’
coordinates on the image.

Ghomashchi et al. [5] used YOLO-v4 model for pedestrians detection and tracking from the bird's-eye-view
video images. For speed estimation, a manual, to a great extent, method was used, based on a ray casting tech-
nique. Authors manually defined a polygon, which represented a crosswalk and calculated the time the pe-
destrian spent inside the defined polygon. Knowing the real length for the crosswalk and time, the speed was
calculated. Authors utilize a similar technique for pedestrians’ detection and tracking, but the method for speed
estimation is more primitive and not usable in a random use case since it requires manual operations to be
done.

The reviewed studies do not provide data on pedestrian movement dynamics in real-world scenarios with
extended observation periods. Our research aims to address this gap.

Pedestrian speed estimation method. This section covers the steps of retrieving data for analyzing crowd
dynamics, technical details of the proposed implementation, and briefly describes the method of pedestrian
speed estimation along with the necessary prerequisites for its correct execution.

Our objective is to extract data enabling the construction of speed-time graphs, the derivation of speed
distributions, and the identification of pedestrians moving individually or within groups. The methodology
employed in this study was comprehensively detailed in our previous work [10]. Here, we provide a concise
overview of the key concepts and introduce extensions to the approach.

The initial step of the proposed method involves the identification and tracking of pedestrians, achieved
through the utilization of the YOLOv7 object detection model by Wang et al. [3]. The result of the object de-
tection and tracking is the data about the coordinates of every detected object on every frame, stored in the
relational database.

The next step is the speed estimation based on the stored data. Fig. 1 displays central projection from the
camera point of the image plane on the real-world plane. Here:

AB\C,D, - image plane of the camera;

BD - movement vector. We can calculate the size of this vector in pixels;

Ay,B,,Co,D,, —area on the real-world plane visible on the image from the camera;

B,D, -vector on the real-world plane we are aiming to estimate.

The method presented in [10] enables the calculation of B,D, , which is a diagonal of the trapeze A B,C,D

p=ppTp”

BD :\/h2+(A B, +hetg(£AD,C,)) . )
pp PP P pp

where h - the height of the trapeze.

The equations required for calculating all parameters in (1) are provided in [10]. They are not reproduced
here to avoid redundancy and maintain focus on the primary objectives of this study.

The required parameters for calculation are:

- Height of the camera position;

- The tilt angle of the camera;

- The focal length of the camera in millimeters;

- Camera resolution;

- Sensor size;

- Vertical viewing angle of the camera.

Additionally, a post-processing step is applied to the data to identify pedestrians within groups. The pedes-
trian is marked as one moving within a group if he intersects another pedestrian in 50% of all frames where he
was detected.
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Fig. 1. Projection from image plane to a real-world plane

Data processing and analysis. As the video for processing a video from the camera positioned in the school
hole was selected. The video was recorded during a working day in the Ukrainian school. The total duration
of the video is 6,5 hours, starting at 8:12 AM till 2:43 PM. It is worth mentioning that the recording was made
in November 2024, during the war in Ukraine. Almost every day, there are multiple air raid alerts, which force
students and personnel to move to the shelter. During the period of recording, there were two air raid alerts:
from 1:35 AM to 8:36 AM and from 1:49 PM to 2:21 PM. These periods will be displayed on the graphs as two
highlighted regions.

Pedestrians flow. First, we will consider a graph of number of detected objects over time - Fig. 2.
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Fig. 2. Detected objects over time
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The proposed detection method identifies objects in each frame and is capable of tracking them across
consecutive frames. However, there are instances when an object becomes temporarily occluded for several
frames - for example, when it is obscured by other objects. In such cases, the same pedestrian might be treated
as multiple tracking objects, potentially inflating the values shown in Fig. 1. Nevertheless, this approach ena-
bles visualization of pedestrian dynamics and allows for comparative analysis of pedestrian flow over time.
Importantly, this issue does not significantly affect the calculations of the average estimated speed, which will
be discussed in subsequent sections.

In Fig. 2, distinct spikes are observed every hour at approximately 40 minutes. This can be attributed to
15-minute breaks between lessons. The lowest pedestrian flow values are recorded at the beginning of each
hour, corresponding to the start of lessons. The first air raid alert occurred prior to the beginning of the video
recording, resulting in minimal movement until the alert ended. During the second air raid alert, pedestrian
movement towards the shelter is evident, indicating the highest number of detected objects overall period of
observation, with movement decreasing to its lowest value at 14:10.

Average speed. The graph in Fig. 3 contains average pedestrian speed data during observed time, and the
graph on Fig. 4 displays the average speed distribution.
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Fig. 3. Average speed over time

The graph illustrates the average median speed of pedestrians, calculated over 10-minute intervals. This
approach was chosen based on the characteristics of the algorithm employed, which estimates the distance
between the tracked objects’ positions across consecutive frames. In certain instances, portions of a pedes-
trian's body may be obscured from the camera view by other pedestrians or objects. This occlusion can result
in abrupt shifts (“jumps”) in the detected pedestrian position as the detection algorithm continues to identify
and track the individual. Considering that pedestrian movement is generally uniform and accounting for these
detection nuances, the median speed per pedestrian was used as a more robust measure. Subsequently, the
average speed was calculated based on these median values to generate the presented graph.

As observed, there are several periods where the average speed approaches its maximum value of 1.25 m/s.
The highest speeds are recorded during breaks between lessons and at the onset of air raid alerts. In contrast,
the lowest speeds are observed during lesson times. This reduction in speed during lessons can be explained by
two factors: a smaller number of detected pedestrians and a cabinet within the video frame where individuals re-
main stationary for extended periods. These factors contribute to noticeable drops in the average moving speed.

The average detected speed is 1.15 m/s, which agreed with the research of M. Giannoulaki and Z. Christo-
forou [7], where authors gathered different previous researches on pedestrian speed and claim that pedestri-
ans’ speed varies from 0.78 to 2.79 m/s depending on conditions, with an average value of 1.26 m/s.

The correlation coefficient between the average speed and the number of pedestrians is 0.36, which is a
weak to moderate value. In the social sciences, where human behavior is researched, such a value is considered
sufficient. So, in our experiment, the higher the number of pedestrians, the higher their average speed, which
might be counterintuitive. However, in our case, there was no crowding, and people moved freely. In the case of
bottlenecks, moving speed would obviously decrease significantly with the rising size of the crowd.
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Fig. 4. Speed distribution

Groups and single pedestrian dynamics. In this section, we will consider the dynamic of pedestrians
walking within a group and single pedestrians. Fig. 5 displays the average speed of single pedestrians and with-
in a group along with a number of such founded objects for 10-minute intervals. A pedestrian is considered as
one walking within a group if its frame intersects someone else’s frame at least in 50% of frames the pedestrian
has been detected.

Speed

Number of tracked objects

100

80

60

0,2 40

" Hhi ! I | o 2
o Tuanl il nal las (L Ia0n_ |
0 0000 0000000000000 0000000000000000000DOO
“—aayne-daTuedaTeemdaTnedaTne ot o
BHHBILIBANRAAAFTRSSESSES === === ANANANANNNCE AR RO A< < < <
O O OO OO O OO OO ot e e e e e e e e e o — — — — —

Air alert Tin i Number of tracked objects within a group
mmmm Number of single tracked objects e Total average speed

Average speed of pedestrians within a group === Average speed of single pedestrians

Fig. 5. Groups and single pedestrians dynamics

This chart confirms the previous conclusion about the positive correlation between a number of detected
objects and their speed. In most cases, people in groups move faster than single pedestrians.

To formalize dependency, we will calculate the Effect size coefficient - n°, indicating the impact of the inde-
pendent variable, in our case, the type of movement - single pedestrian or the pedestrian within a group, on the
dependent variable, average speed.

The results are next: 0, =3.53%, nZ,,, =4.25%. Both values indicate a small effect size of the moving
type on the average speed.

Conclusions. This study made it possible to evaluate the proposed method for estimating pedestrian gait
speed [10] under real-world conditions by visualizing the obtained data after processing and generating statis-
tical summaries. A 6.5-hour video recording was captured in a school corridor and analyzed using an artificial
neural network (ANN)-based model for object detection and tracking, along with the developed approach for
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movement speed estimation. The analysis facilitated a comprehensive statistical examination of pedestrian dy-
namics, including pedestrian flow, temporal variations in average speed, speed distribution, and the influence
of walking alone versus in a group on movement speed.

A total of 1,841 pedestrian trajectories were detected, with an average walking speed of 1.15 m/s. The ob-
tained data clearly demonstrate a correlation between the number of pedestrians and their walking speed with
the presence of breaks between classes, which confirms the validity of the proposed method. While walking in
a group versus alone did not exhibit a statistically significant effect on movement speed, a slight influence of
this factor was still observed.

Next steps. The implemented method enables the processing of recorded video footage. The speed estima-
tion algorithm is analytical, relying on mathematical operations that are computationally efficient, allowing for
real-time execution. However, the primary limitation of the current implementation lies in the detection and
tracking stage, which operates relatively slowly and is not suitable for real-time applications.

Overall, the current implementation [8] is effective for extracting data for subsequent analysis. Further op-
timization is required to achieve real-time processing capabilities. Once real-time operation is achieved, the
approach can be effectively utilized for recognizing critical situations and as a component of video analytics in
decision support systems for emergency scenarios.
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