
Understanding global pedestrian behaviour in 565 cities with dashcam videos
on YouTube

MD SHADAB ALAM∗, Eindhoven University of Technology, The Netherlands

MARIEKE H. MARTENS, Eindhoven University of Technology, The Netherlands and TNO, The Netherlands

OLENA BAZILINSKA, National University of "Kyiv-Mohyla Academy", Ukraine

PAVLO BAZILINSKYY, Eindhoven University of Technology, The Netherlands

The interactions between future cars and pedestrians should be designed to be understandable and safe worldwide. Although previous
research has studied vehicle-pedestrian interactions within speci!c cities or countries, this study o"ers a more scalable and robust
approach by examining pedestrian behaviour worldwide. We present a dataset, Pedestrians in YouTube (PYT), which includes 1562.80
hours of YouTube day and night dashcam footage from 565 cities in 104 countries. The included videos feature continuous urban
driving, are at least 10 min long, feature no atypical events and represent everyday conditions, and are from cities with a minimum
of 20,000 population. We detected pedestrian movements, focussing on the speed and the pedestrian crossing decision time during
road crossings based on the bounding boxes given by YOLOv11x. The results revealed statistically signi!cant variations in pedestrian
behaviour in#uenced by socioeconomic and environmental factors such as Gross Metropolitan Product, tra$c-related mortality, Gini
coe$cient, tra$c index, and literacy. The dataset is publicly available to encourage further research on global pedestrian behaviour.
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1 Introduction

Advances in the !eld of automated driving (AD) demonstrated by companies such as Waymo1, Tesla2, and Baidu3 have
spurred increased e"orts among researchers and industry stakeholders to collect comprehensive datasets and analyse
tra$c behaviour on a global scale [64]. Data collection for AD research primarily relies on the acquisition of expensive
hardware [32, 71], which often requires considerable time and resources. For instance, Dingus et al. [20] conducted
a large-scale study that collected 43,000 hours of driving data from 100 instrumented vehicles operating across the
United States for 12 months. Similarly, the study by Neale et al. [49] collected approximately 2,000,000 vehicle miles,
comprising nearly 43,000 hours of data, involving 241 primary and secondary drivers, and spanning a 12 to 13-month
data collection period across 100 di"erent vehicles in the USA. Another notable example is the Shanghai Naturalistic
Driving Study (SH-NDS) conducted by Zhu et al. [74], which was a joint e"ort between Tongji University, General
Motors, and the Virginia Tech Transportation Institute. This study involved a three-year data collection procedure
1https://waymo.com/
2https://www.tesla.com/autopilot
3https://www.apollo.auto/apollo-self-driving
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that commenced in December 2012 and ended in December 2015. Driving data were collected daily from 60 drivers in
Shanghai, China, accumulating a total of 161,055 km travelled during the study period. However, such studies are often
geographically restricted, limiting their ability to capture diverse cross-cultural variations in driving behaviour.

1.1 Pedestrian behaviour

Pedestrians and modern cars share roads in urban environments. In 2019, pedestrians accounted for 20% of road fatalities
in the European Union [22]. These fatalities often occur because the driver is unable to understand the intentions of the
pedestrian [61], the time of the day [53], the complexity of the tra$c patterns and the higher density of the population
[15], etc. Cultural di"erences between drivers and pedestrians can sometimes lead to tra$c fatalities, especially in
cases where the driver is operating a rental car in a foreign country [54, 62, 70]. Variations in tra$c regulations, such
as di"ering signing policies, often contribute to this problem. For example, Summala [62] studied the behaviour of
American drivers navigating European roads, where uncontrolled intersections operate under di"erent sign policies and
priority rules. The study found that American drivers initially exhibited riskier crossing behaviour, likely in#uenced by
their familiarity with US tra$c rules.

Walking constitutes a signi!cant portion of urban tra$c. Even in highly motorised modern urban transportation
systems in developed countries, like the US, pedestrian tra$c still plays an important role, especially in short- to
medium-distance travel and in the process of connecting di"erent modes of transportation. According to the Nationwide
Personal Transportation Survey (NHTS) conducted in 2019, 34% of the total trips in Switzerland were made on foot and
11% in the United States [11]. In particular, in densely populated cities in the developing world, where walking remains
a primary mode of transportation. A study by LUTP (Leaders in Urban Transport Planning) [68] indicates that in major
Indian cities, between 25% and 50% of trips are made entirely on foot, while in major African cities, this !gure reaches
around 50%. Even in terms of distance travelled, walking accounts for over 50% of all trips in countries like Tanzania.
Unlike vehicles, which follow more predictable patterns dictated by tra$c rules and road designs, pedestrians exhibit a
wide range of behaviour that can be di$cult to anticipate. This variability is in#uenced by numerous factors, including
individual decision-making, environmental context, cultural norms, and social interactions [19]. As a result, accurately
modelling pedestrian behaviour in tra$c scenarios presents a considerable challenge. Pedestrians can make sudden
stops, change directions, or take unpredictable actions, such as crossing outside designated crosswalks or interacting
with their surroundings in ways that are di$cult to quantify. This unpredictable behaviour complicates e"orts to
develop advanced driver assistance systems (ADAS) and automated driving systems (ADS) technology that can interact
e"ectively and safely with pedestrians on the road.

Studies by Bazilinskyy et al. [5], Oudshoorn et al. [51], Medury et al. [44], Sa"o et al. [60] and Alam et al. [1] leverage
crowdsourcing experiments to analyse pedestrian decision-making across di"erent cultures. However, these studies
often lack realism due to their controlled experimental conditions. Similarly, research utilising Virtual Reality (VR)
and driving simulators, such as the studies by Onkhar et al. [50], Tram et al. [65], Zhao et al. [72] and Bazilinskyy et
al. [6], faces challenges due to hardware constraints that limit their applicability across di"erent global contexts. In
addition, these studies often focus on a speci!c set of scenarios prede!ned by the researchers, neglecting other variables
such as diverse environmental conditions, time of day, age of the pedestrian, and various unexpected or spontaneous
events that can signi!cantly in#uence pedestrian behaviour and safety outcomes. This gap underscores the need for
more comprehensive research methodologies that consider a broader range of real-world conditions and pedestrian
demographics.
Manuscript submitted to ACM
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1.2 Datasets for pedestrian behaviour

Soon, future tra$c will be mixed, comprised of manually-driven (MDVs) and automated vehicles (AVs), as well as
vulnerable road users (VRUs) [7, 45]. The algorithms deciding on the behaviour of AVs are being designed by computer-
human interaction experts in both industry and academia today [2, 36]. Often, decisions are made based on the
veri!cation done with a limited base of potential users comprised of individuals from a single city/country/culture.
However, such algorithms must be scalable to all cultures, and it is important to understand how pedestrians behave
cross-culturally.

Pivotal datasets such as KITTI [25], NuScenes [12], One Thousand and One Hours [42], Caltech Pedestrian detection
benchmark [21], Pedestrian Intention Estimation (PIE) [56], A2d2 [26], Waymo Open Dataset [63], ApolloScape Auto
[67], Cityscapes [16], A*3D dataset [55], Argoverse [13] and others have become standard benchmarks that support a
variety of tasks in computer vision (CV) and AD research. Studies such as Oxley et al. [52] and Rasouli et al. [57] used
videos to investigate the intentions of pedestrians in tra$c. Oxley et al. [52] discovered that crossing decisions were
primarily based on vehicle distance and less on vehicle arrival time. Rasouli et al. [57] trained a neural network for the
classi!cation of pedestrians looking to cross or walking. Similarly, Mordan et al. [48] used the JAAD dataset [58] to
detect 32 attributes for a pedestrian. Meanwhile, Vajgl et al. [66], and Mauri et al. [43] used KITTI datasets to train their
algorithm to detect cars, pedestrians, and cyclists in tra$c with distance estimation.

On-road studies that involve instrumented vehicles for the collection of tra$c data often limit their scope to one or a
few speci!c cities or countries due to: (1) high costs [17], (2) the complexity of the method [10], (3) the use of specialised
hardware and closed source software [29], and (4) di$culties with obtaining ethics approval for cross-country research
[27].

Another critical limitation of the existing datasets is the scarcity of research on regional di"erences in pedestrian
behaviour, particularly at the city level across the globe. For example, NuScenes [12], which has 1000 20-second scenes,
features scenes from Singapore and Boston, MA, USA, while Argoverse [13], with 300 km of mapped road lanes, focusses
on Miami, FL, USA, and Pittsburgh, PA, USA. The datasets such as the Waymo Open Dataset [63], which contains 1,050
scenes each spanning 20 s, attempt to cover parts of the USA, namely San Francisco, CA, Detroit, CO, Seattle, WA,
Phoenix, AZ, Los Angeles, CA, and Mountain View, CA. Similarly, the 𝐿2-dataset [14], which contains a total of 11,211
driving videos that equate to approximately one hundred hours, covers !ve cities in China. The KITTI dataset contains
scenes only from Karlsruhe, Germany.

1.3 Aim of study

As shown above, the present literature lacks an understanding of how pedestrians behave in di"erent cities (and
countries). The present study aims to provide a dataset PYT ("Pedestrians in YouTube") that entails insights into tra$c
behaviour in di"erent cities worldwide. We achieve this goal by collecting 1562.80 hours of day and nighttime dashcam
footage from 387 cities from the video hosting platform YouTube (https://www.youtube.com). The dataset was used to
analyse pedestrian crossing speed and time to initiate crossing without the use of any pre-trained neural networks,
relying solely on object detection in each video frame. Furthermore, the study’s objective is to explore the di"erence
in tra$c behaviour and compare tra$c behaviour and city-speci!c parameters, namely: Gross Metropolitan Product
(GMP) per capita, rate of tra$c-related mortality, Gini coe$cient, tra$c index, average height, and level of literacy.

Manuscript submitted to ACM
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2 Method

2.1 Dataset

Numerous videos of driving footage from the perspective of the dashcam are available on the Internet, with the absolute
majority placed on YouTube. Sharing "special" dashcam tra$c videos is a phenomenon in which people exchange them
for amusement. A notable example is a Telegram group BadShofer (https://t.me/s/badshofer) with →43,600 users and
→52,500 shared videos as of 4 February 2025. Most of such videos are short and contain isolated footage of abnormal
events, such as accidents and unexpected behaviour of tra$c participants. The angle of the camera is often not constant
throughout such videos. For this study, we collected dashcam footage, which is representative of regular driving
situations. Numerous users on YouTube share relatively long (often longer than 40 min) dashcam videos made with
professional recording equipment (e.g., https://www.youtube.com/@jutah with →803,000 followers and 818 uploaded
videos, as of 4 February 2025). These videos frequently generate an Autonomous Sensory Meridian Response (ASMR) in
viewers, a tingling sensation induced by speci!c auditory or visual stimuli [4, 39, 40]. Additionally, such lengthy and
monotonous driving footage is commonly used by viewers as relaxing "background noise", simultaneously providing
income for the authors through continuous playbacks [30]. As these videos are hosted on YouTube, they are under the
fair use on YouTube4, which allows their use for research. To populate the dataset with YouTube videos, we de!ne the
following inclusion criteria:

C1: A continuous focus on urban settings, excluding clips that feature highways, rural routes or parking areas.
C2: A minimum duration of 10 minutes to ensure adequate coverage of urban environments.
C3: Avoidance of atypical events, such as accidents or special events, that do not represent everyday conditions.
C4: A population threshold of at least 20,000 for the cities of interest to ensure su$cient pedestrian interactions.

However, in cases where the capital city or the largest city of a country has a population of less than 50,000, it
should still be included in the dataset to ensure comprehensive geographical representation, especially in smaller
or island nations (e.g., Liechtenstein).

In this study, we collected dashcam videos from YouTube, complying with the licencing conditions. The authors
included videos that passed the C2 criterion from the results of search queries on YouTube. The queries were as follows:
"dashcam video in [city]", "driving videos in [city]", "dashcam videos in cities", "driving videos in [city]", and "dashcam video
driving [country]". One video could feature multiple cities, out of which those that satisfy criterium C4, were added. If a
part of the video does not meet criteria C1 and C3, the part was removed from the study. Furthermore, if the video
contains scenes from both daylight and nighttime, the video was split into two based on street lights (i.e., nighttime
driving started when the street lights went on). The search for videos took place between 3 February 2024, and 19
February 2025. A total of 2,757 videos were included from 565 cities in 104 countries. See Figure 1 for the overview of
included countries and cities. They represent 79.23% of the global population. Of these videos, 2396 featured daytime
driving, 335 showed nighttime driving, and 26 included footage from both daytime and night. The combined length of
the collected footage is 1527 hours, 58 minutes, and 59 seconds. The videos were downloaded from YouTube using the
pytube!x (https://pytube!x.readthedocs.io) and yt-dlp (https://github.com/yt-dlp/yt-dlp) libraries with a resolution of
1280 x 720 px. Supplementary material (section 4.1) contains the codebase used in this work.

The videos in the dataset were then analysed with the You Only Look Once (YOLO) algorithm [59], speci!cally
YOLOv11 [34]. It processes images in a single pass, predicting bounding boxes and class probabilities simultaneously.

4https://support.google.com/youtube/answer/9783148?hl=en&sjid=15816069292466875886-EU
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Fig. 1. 565 cities from 104 countries from which videos were included in the dataset. Colour of markers indicate the continent.

It can detect objects from 80 di"erent classes and provides the width (W), height (H), and centre coordinates of each
bounding box (X-centre, Y-centre). The output from YOLO is normalised between 0 and 1, representing the relative
position and size of objects within the frame. We processed the videos with YOLO to extract detailed annotations of
persons (N=2,432,518;), bicycles (N=159,542), motorcycles (N=939,522), cars (N=4,734,629), buses (N=218,510), trucks
(N=664,139), tra$c lights (N=346,781) and stop signs (N = 25,521) with a minimum of 70% con!dence. Each detected
object was assigned a unique ID, which was tracked across frames to analyse movement patterns. However, these
unique IDs were not transferred when videos transitioned from day to night or vice versa, as the tracking was reset at
these transitions.

To enhance the analysis, we incorporated various statistical data for each city. These parameters include:

(1) Population Data: We collect both national and city-level population data, sourced from https://restcountries.
com/.

(2) Road Tra!c Mortality: The number of tra$c-related deaths per 100,000 inhabitants, obtained from https:
//data.worldbank.org/indicator/SH.STA.TRAF.P5.

(3) Income Inequality (Gini Coe!cient): Gini coe$cient values, re#ecting economic disparity, were sourced
from https://restcountries.com/.

(4) Gross Metropolitan Product (GMP): For cities in the United States, GMP data was recovered from https:
//www.bea.gov/, while data for other cities were sourced from https://data-explorer.oecd.org/.

(5) Literacy Rate: Data on literacy levels in di"erent regions were obtained from https://data.worldbank.org/
indicator/SE.ADT.LITR.ZS.

Manuscript submitted to ACM
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(6) National Average Height: The average height per country was referenced from https://www.kaggle.com/
datasets/dilaraozcerit/averageheightdata.

(7) Tra!c Index: Congestion and tra$c conditions in each city were measured using the https://www.tomtom.
com/tra$c-index/.

Further details, including the list of cities included with their corresponding YouTube video IDs and incorporated
statistical data, can be found in the supplementary material section 4.1.

2.2 Detection of pedestrian crossing

The acquired dataset allows us to investigate pedestrian behaviour on the city level (and automatically on the level
of countries and cultures). Detecting pedestrian crossings accurately is essential for understanding and modelling
pedestrian behaviour in urban settings. The algorithm detailed in Algorithm 1 employs this detection strategy to
systematically identify and count pedestrian crossings.

Algorithm 1 Detection of pedestrian crossing.

1: Input: CSV !le containing tracking data of individual objects, including their unique ID and position (X and Y
coordinates in the frame).

2: Output: List of IDs of individuals who crossed the pedestrian area
3: Filter the dataset to include only entries corresponding to persons.
4: Initialise an empty list: 𝑀𝑁𝑂𝑃𝑃𝑄𝑅𝑆𝑅𝑃𝑇𝑈𝑃𝑉 ↑ [].
5: Group the !ltered dataset by 𝑊𝑋𝑈𝑌𝑍𝑄 𝑆𝑅 , such that all entries corresponding to a single individual across multiple

frames are grouped together and named as 𝑎𝑁𝑂𝑍𝑏𝑄𝑅𝐿𝑐𝑉𝑐.
6: for each 𝑎𝑁𝑂𝑍𝑏 in 𝑎𝑁𝑂𝑍𝑏𝑄𝑅𝐿𝑐𝑉𝑐 do
7: Extract the X-coordinate values of the individual across frames: 𝑑𝑒𝑐𝑓𝑍𝑄𝑃 ↑ 𝑎𝑁𝑂𝑍𝑏 [𝑔 ↓ 𝑀𝑄𝑋𝑉𝑄𝑁 ] .𝑕𝑐𝑓𝑍𝑄𝑃 .
8: if 𝑖𝑈𝑋(𝑑𝑒𝑐𝑓𝑍𝑄𝑃) ↔ 0.45 and𝑖𝑐𝑑 (𝑑𝑒𝑐𝑓𝑍𝑄𝑃) ↗ 0.55 then
9: The individual is classi!ed as having crossed the pedestrian area.
10: Add the individual’s ID (i.e., 𝑎𝑁𝑂𝑍𝑏 .𝑋𝑐𝑖𝑄) to 𝑀𝑁𝑂𝑃𝑃𝑄𝑅𝑆𝑅𝑃𝑇𝑈𝑃𝑉 .
11: end if
12: end for
13: return 𝑀𝑁𝑂𝑃𝑃𝑄𝑅𝑆𝑅𝑃𝑇𝑈𝑃𝑉 .

The algorithm de!nes a pedestrian crossing when their tracked path moves from less than 0.45 to more than 0.55
of the frame width, or vice versa. It !lters YOLO-detected pedestrians, tracks their movement using unique IDs, and
checks if their X-coordinates meet the crossing criterion. If so, their ID is stored. This method ensures adaptability to
di"erent tra$c orientations and road structures, enabling cross-city comparisons and further behavioural analysis.

2.3 Calculation of pedestrian road crossing speed

Algorithm 2 calculates the speed at which pedestrians cross a road. The algorithm calculates the speed of pedestrians
crossing a road using frame-by-frame tracking data and removes outlier speeds to ensure accuracy. First, the input data,
consisting of video-speci!c metadata, a list of pedestrian IDs who crossed the road, and an average person’s height
in the country for pixel-to-metre conversion, is processed. The algorithm iterates through each group of pedestrians,
identi!ed by a unique ID, and calculates the mean height of each individual. Using the mean height and average height,
it computes a pixel-per-metre (ppm) scaling factor, which allows the conversion of X-coordinate movement (in pixels)
into real-world distance (in metres). The time taken by each pedestrian to cross the road is calculated from the di"erence
Manuscript submitted to ACM
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between the maximum and minimum timestamps of their movement. The pedestrian’s speed is then determined by
dividing the real-world distance by the time taken. Speeds greater than 1.42 m/s are treated as outliers and excluded
from the results [9, 37, 47], to eliminate people on a skateboard or a bicycle. The algorithm generates a list of speed
values for pedestrians who have successfully crossed the road.

Algorithm 2 Calculation of pedestrian road crossing speed
1: Input:
• 𝑅𝑐𝑉𝑐𝑗 𝑁𝑐𝑖𝑄: DataFrame containing the tracking data of objects, including their unique ID, coordinates of the
centre (X-centre and Y-centre), size of the bounding box (height and width) and time information.

• 𝑀𝑁𝑂𝑃𝑃𝑈𝑋𝑎𝐿𝑐𝑉𝑐: List of pedestrian IDs who crossed the road, as determined by the pedestrian crossing identi!cation
algorithm.

• 𝑘𝑄𝑈𝑎𝑘𝑉𝑂 𝑗 𝑏𝑄𝑁𝑃𝑂𝑋: Real-world reference length used to calculate pixel-per-meter (ppm) scaling (refer to 2.1).
2: Output: A list of valid speed values.
3: Initialise an empty list: 𝑃𝑏𝑄𝑄𝑅𝑙𝑄𝑃𝑍𝑓𝑉𝑃 ↑ []
4: function !"#$_!%_&’%(((dataframe, crossingData)
5: Initialise an empty dictionary: 𝑕𝑐𝑁 ↑ {}
6: for each 𝑀𝑁𝑂𝑃𝑃𝑈𝑋𝑎𝐿𝑐𝑉𝑐 in 𝑅𝑐𝑉𝑐𝑗 𝑁𝑐𝑖𝑄 do
7: for each 𝑈𝑅 in 𝑀𝑁𝑂𝑃𝑃𝑈𝑋𝑎𝐿𝑐𝑉𝑐 do
8: Find the minimum and maximum X-coordinate for the pedestrian: 𝑑_𝑖𝑈𝑋 and 𝑑_𝑖𝑐𝑑
9: Find the index of the minimum and maximum X-coordinates.
10: 𝑀𝑂𝑍𝑋𝑉 ↑ di"erence between the index of the minimum and maximum X-coordinates:
11: 𝑉𝑈𝑖𝑄 [𝑀𝑁𝑂𝑃𝑃𝑈𝑋𝑎𝐿𝑐𝑉𝑐] ↑ 𝑀𝑂𝑍𝑋𝑉/fps of the video
12: end for
13: end for
14: return 𝑉𝑈𝑖𝑄
15: end function
16: function C)*&+*)!$ (,$$- !% &’%(((dataframe, crossingData, length, time)
17: for each 𝑈𝑅 in 𝑀𝑁𝑂𝑃𝑃𝑈𝑋𝑎𝐿𝑐𝑉𝑐 do
18: Extract the data for the pedestrian with ID 𝑈𝑅 from 𝑅𝑐𝑉𝑐𝑗 𝑁𝑐𝑖𝑄: 𝑎𝑁𝑂𝑍𝑏𝑄𝑅𝑚𝑈𝑉𝑘𝑆𝑅 ↑

𝑅𝑐𝑉𝑐𝑗 𝑁𝑐𝑖𝑄 .𝑎𝑄𝑉_𝑎𝑁𝑂𝑍𝑏 (𝑈𝑅)
19: Calculate the mean pedestrian height (in pixels) across all frames: 𝑖𝑄𝑐𝑋𝑛𝑄𝑈𝑎𝑘𝑉 ↑

𝑎𝑁𝑂𝑍𝑏𝑄𝑅𝑚𝑈𝑉𝑘𝑆𝑅 [↘𝑛𝑄𝑈𝑎𝑘𝑉𝑂 𝑗 𝑉𝑘𝑄𝑜𝑂𝑍𝑋𝑅𝑈𝑋𝑎𝑜𝑂𝑑 ↘] .𝑖𝑄𝑐𝑋()
20: Determine the minimum X-coordinate:𝑖𝑈𝑋𝑔𝑝𝑄𝑋𝑉𝑄𝑁 , and the maximum X-coordinate:𝑖𝑐𝑑𝑔𝑝𝑄𝑋𝑉𝑄𝑁
21: Calculate the pixel-per-meter ratio: 𝑏𝑏𝑖 ↑𝑖𝑄𝑐𝑋𝑛𝑄𝑈𝑎𝑘𝑉/𝑘𝑄𝑈𝑎𝑘𝑉𝑂 𝑗 𝑏𝑄𝑁𝑃𝑂𝑋
22: Compute the real-world distance crossed: 𝑅𝑈𝑃𝑉𝑐𝑋𝑀𝑄 ↑ (𝑖𝑐𝑑𝑔𝑝𝑄𝑋𝑉𝑄𝑁 ↓𝑖𝑈𝑋𝑔𝑝𝑄𝑋𝑉𝑄𝑁 )/𝑏𝑏𝑖
23: Retrieve the time taken by the pedestrian to cross: 𝑉𝑈𝑖𝑄 ↑ 𝑎𝑁𝑂𝑍𝑏𝑄𝑅𝑚𝑈𝑉𝑘𝑆𝑅 [↘𝑞𝑈𝑖𝑄↘] .𝑖𝑐𝑑 () ↓

𝑎𝑁𝑂𝑍𝑏𝑄𝑅𝑚𝑈𝑉𝑘𝑆𝑅 [↘𝑞𝑈𝑖𝑄↘] .𝑖𝑈𝑋()
24: Compute the pedestrian’s speed: 𝑃𝑏𝑄𝑄𝑅 ↑ 𝑅𝑈𝑃𝑉𝑐𝑋𝑀𝑄/𝑉𝑈𝑖𝑄
25: if 𝑃𝑏𝑄𝑄𝑅 ↔ 1.42 then 𝐿 Filter out unrealistic speeds [24]
26: Append the calculated speed to 𝑃𝑏𝑄𝑄𝑅𝑙𝑄𝑃𝑍𝑓𝑉𝑃
27: end if
28: end for
29: return 𝑃𝑏𝑄𝑄𝑅𝑙𝑄𝑃𝑍𝑓𝑉𝑃
30: end function
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2.4 Calculation of pedestrian crossing decision time

We developed a method to measure the decision time of pedestrians as they approach and begin to cross the road,
as detailed in Algorithm 3. This analysis utilises video data tagged and processed through the You Only Look Once
(YOLOv11) object detection system, speci!cally focussing on individual pedestrians identi!ed by their unique ‘YOLO
id’. The algorithm calculates the time it takes a pedestrian to decide to cross a road based on their movement data. The
algorithm determines the time taken for a pedestrian to decide to cross based on their movement data. It !rst isolates
data for each pedestrian based on their unique ID and processes their movements individually. For each pedestrian,
the algorithm calculates their mean height to set a margin of 10% to detect consistent movement. Identi!es the initial
X coordinate and determines the crossing direction (left-to-right or right-to-left) based on the pedestrian’s starting
position. The algorithm then iterates through the X coordinate data of the pedestrian in steps, checking whether the
pedestrian remains within the de!ned margin for 1 second. Once consistent movement is detected, the time taken to
initiate crossing is recorded. The result is stored in a dictionary, where the keys are pedestrian IDs, and the values are
the respective decision times for starting the crossing.

Algorithm 3 Calculation of pedestrian crossing decision time.

1: function C)*&+*)!$ C’%(("./ D$&"("%. T"#$(dataframe, crossingdata)
2: Initialise dictionary: 𝑅𝑄𝑀𝑈𝑃𝑈𝑂𝑋𝑞𝑈𝑖𝑄𝑃 ↑
3: Group by pedestrian𝑊𝑋𝑈𝑌𝑍𝑄 𝑆𝑅 : 𝑎𝑁𝑂𝑍𝑏𝑄𝑅𝐿𝑐𝑉𝑐 ↑ 𝑏𝑄𝑁𝑃𝑂𝑋𝐿𝑐𝑉𝑐.𝑎𝑁𝑂𝑍𝑏𝑜𝑟 (↘𝑊𝑋𝑈𝑌𝑍𝑄𝑆𝑅↘)
4: for each (𝑍𝑋𝑈𝑌𝑍𝑄𝑆𝑅) in 𝑎𝑁𝑂𝑍𝑏𝑄𝑅𝐿𝑐𝑉𝑐 do
5: Extract X-coordinates: 𝑑𝑒𝑐𝑓𝑍𝑄𝑃 ↑ 𝑎𝑁𝑂𝑍𝑏𝐿𝑐𝑉𝑐[↘𝑔 ↓ 𝑀𝑄𝑋𝑉𝑄𝑁 ↘] .𝑕𝑐𝑓𝑍𝑄𝑃
6: Calculate mean pedestrian height across all frames:𝑖𝑄𝑐𝑋𝑛𝑄𝑈𝑎𝑘𝑉
7: Set initial X-coordinate: 𝑈𝑋𝑈𝑉𝑈𝑐𝑓𝑔
8: Set margin for movement:𝑖𝑐𝑁𝑎𝑈𝑋 ↑ 0.1 ≃𝑖𝑄𝑐𝑋𝑛𝑄𝑈𝑎𝑘𝑉
9: Initialise counters: 𝑀𝑂𝑋𝑃𝑄𝑀𝑍𝑉𝑈𝑕𝑄𝑠𝑁𝑐𝑖𝑄 ↑ 0, 𝑗 𝑓𝑐𝑎 ↑ 0
10: Determine crossing direction:
11: if 𝑈𝑋𝑈𝑉𝑈𝑐𝑓𝑔 < 0.5 then
12: Set direction to left-to-right: 𝑅𝑈𝑁𝑄𝑀𝑉𝑈𝑂𝑋 ↑ 1
13: else
14: Set direction to right-to-left: 𝑅𝑈𝑁𝑄𝑀𝑉𝑈𝑂𝑋 ↑ ↓1
15: end if
16: for 𝑈 ↑ 0 to 𝑓𝑄𝑋(𝑑𝑒𝑐𝑓𝑍𝑄𝑃) ↓ 10 step 10 do
17: if 𝑑𝑒𝑐𝑓𝑍𝑄𝑃 [𝑈] ↓𝑖𝑐𝑁𝑎𝑈𝑋 ≃ 𝑅𝑈𝑁𝑄𝑀𝑉𝑈𝑂𝑋 ↔ 𝑑𝑒𝑐𝑓𝑍𝑄𝑃 [𝑈 + 10] ↔ 𝑑𝑒𝑐𝑓𝑍𝑄𝑃 [𝑈] +𝑖𝑐𝑁𝑎𝑈𝑋 ≃ 𝑅𝑈𝑁𝑄𝑀𝑉𝑈𝑂𝑋 then
18: 𝑀𝑂𝑋𝑃𝑄𝑀𝑍𝑉𝑈𝑕𝑄𝑠𝑁𝑐𝑖𝑄 ↑ 𝑀𝑂𝑋𝑃𝑄𝑀𝑍𝑉𝑈𝑕𝑄𝑠𝑁𝑐𝑖𝑄 + 1
19: if 𝑀𝑂𝑋𝑃𝑄𝑀𝑍𝑉𝑈𝑕𝑄𝑠𝑁𝑐𝑖𝑄 = 𝑗 𝑏𝑃/10 then
20: Set #ag: 𝑗 𝑓𝑐𝑎 ↑ 1
21: end if
22: else if 𝑗 𝑓𝑐𝑎 = 1 then
23: Store crossing decision time: 𝑅𝑄𝑀𝑈𝑃𝑈𝑂𝑋𝑞𝑈𝑖𝑄𝑃 [𝑍𝑋𝑈𝑌𝑍𝑄𝑆𝑅] ↑ 𝑀𝑂𝑋𝑃𝑄𝑀𝑍𝑉𝑈𝑕𝑄𝑠𝑁𝑐𝑖𝑄
24: break
25: else
26: Reset consecutive frame counter: 𝑀𝑂𝑋𝑃𝑄𝑀𝑍𝑉𝑈𝑕𝑄𝑠𝑁𝑐𝑖𝑄 ↑ 0
27: end if
28: end for
29: end for
30: return 𝑅𝑄𝑀𝑈𝑃𝑈𝑂𝑋𝑞𝑈𝑖𝑄𝑃
31: end function
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3 Results

3.1 Pedestrian crossing decision time and pedestrian road crossing speed

Figure 2 shows the distribution of the speed of pedestrian crossing the road and the time it takes for pedestrian to start
crossing the road. The average pedestrian speed during the day across the cities analysed is 0.82 m/s (SD = 0.14). At
night, the average speed is 0.80 m/s (SD = 0.16). The city with the highest daytime speed is Coimbra, Portugal, at 1.19
m/s, while Chongqing, China, records the lowest speed during the day at 0.29 m/s. At night, Monaco has the highest
speed at 1.13 m/s and Shanghai, China, the lowest at 0.23 m/s.
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Fig. 2. Speed of crossing of pedestrian over time for pedestrian to cross the road. Each marker represents one of the 565 cities in the
dataset, with colour depicting the continent.

The average time it takes pedestrians to cross the road during the day is 0.31 s (SD = 0.13). At night, the average
crossing decision time is 0.34 s, with a standard deviation of 0.29 s. The longest time to start crossing during the day is
in So!a, Bulgaria, at 1.05 s, while the shortest time is in Huaián, China, at 0.10 s. At night, the longest time to begin
crossing is observed in Mexico City, Mexico, at 1.61 s, while Monaco has the shortest time at 0.14 s.

In cities such as Delhi, India (0.01 m/s), Sydney, Australia (0.01 m/s), Cairo, Egypt (0.02 m/s) and Shanghai, China
(0.02 m/s), pedestrian speeds exhibit minimal variation between day and night. In contrast, Moscow, Russia (0.51 m/s)
and Hong Kong, China (0.48 m / s) show signi!cantly greater di"erences in pedestrian speeds during these periods.
Furthermore, the time taken by pedestrians to start crossing shows the largest di"erences between day and night time
in Moscow (0.51 s) and Hong Kong, China (0.48 s), whereas London, UK (0.00 s) and Las Vegas, US (0.01 s) demonstrate
negligible di"erences. Furthermore, regional patterns indicate that Asian cities tend to have faster speeds and start
crossing the road earlier compared to North American and European cities, where speeds are generally slower.

Cities with higher literacy rates generally exhibit faster crossing decision times. For example, Düsseldorf, Germany
(99% literacy) has a crossing decision time of 0.18 s, Paris, France (99% literacy) has a crossing decision time of 0.28 s

Manuscript submitted to ACM



10 Alam_YT et al.

during daytime and 0.22 s at night, and Bucharest, Hungary (99% literacy) has a crossing decision time of 0.13 s. Other
cities with high literacy rates, like Ottawa, Canada (99% literacy) and Taipei, Taiwan (86% literacy), also show relatively
short crossing decision times, at 0.35 s and 0.33 s, respectively, during the day and at night, respectively. Some cities
with high literacy rates show longer crossing decision times, especially at night. Mexico City, Mexico (95% literacy) has
a crossing decision time of 1.61 s at night, and Taipei, Taiwan (98.7% literacy) has a crossing decision time of 1.52 s at
night. Lower literacy cities like Juba, South Sudan (35% literacy) have longer crossing decision times during the day,
with 0.6 s. Other cities with lower literacy, such as Lagos, Nigeria (62% literacy), exhibit a crossing decision time of 0.24
s.

3.2 Time taken by pedestrian to start crossing as a function of tra!c-related mortality

Figure 3 shows the dependency between the amount of time pedestrians take to start crossing the road and tra$c
mortality. Cities like Geneva (tra$c mortality rate: 2.7 per 100,000, crossing decision time in night time: 0.16) and Oslo
(tra$c mortality rate: 2.7 per 100,000, crossing decision time: 0.19 s in daylight) have both low tra$c mortality rates
and relatively short crossing decision times. Similarly, Frankfurt has a tra$c mortality rate of 4.1 per 100,000 and a
crossing decision time of 0.16 s, while Amsterdam has a tra$c mortality rate of 3.8 per 100,000 and a crossing decision
time of 0.27 s. These cities exhibit low values in both mortality rates and crossing decision times.
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Fig. 3. Time taken by pedestrians to start crossing the road as a function of tra!ic-related mortality (per 100,000 of population). Each
point represents a city, where the size of the point corresponds to the GMP per capita.

In contrast, cities with higher tra$c mortality rates generally have longer crossing decision times. Moscow has a
tra$c mortality rate of 18.0 per 100,000 and a crossing decision time of 0.47 s, while Juba shows a tra$c mortality rate
of 25.7 per 100,000 and a crossing decision time of 0.60 s. Can Tho reports a tra$c mortality rate of 26.4 per 100,000 and
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a crossing decision time of 0.41 s, while Dubai has a tra$c mortality rate of 18.1 per 100,000 and a crossing decision
time of 0.45 s. These cities have higher mortality rates alongside longer or moderate crossing decision times.

3.3 Correlation matrix

The correlation matrix (Figure 4) illustrates the strength and direction of relationships between various parameters
analysed in this study. The crossing decision time negatively correlates with pedestrian crossing speed (r = -0.29),
indicating that pedestrians who take longer to initiate crossing typically walk slower. A negative correlation is observed
between tra$c-related mortality and pedestrian crossing decision time (r = -0.22), suggesting that cities with higher
tra$c mortality rates tend to have shorter pedestrian hesitation times.
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                 

                 
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                 

                 

                 

                 

                 

                 

                 

                 

                 

                 

                 

                 

                 

&URVVLQJ

'HWHFWHGSHUVRQV

'HWHFWHGELF\FOHV

'HWHFWHGFDUV

'HWHFWHGPRWRUF\FOHV

'HWHFWHGEXV

'HWHFWHGWUXFN

&URVVLQJZLWKRXWWUDIILFOLJKW

'HWHFWHGWRWDOQXPEHURIPRWRUYHKLFOH

'HWHFWHGFHOOSKRQH

'HWHFWHGWUDIILFVLJQV

JPS
WUDIILFBPRUWDOLW\

OLWHUDF\BUDWH

*LQLFRHIILFLHQW

7UDIILF,QGH[

&URVVLQJVSHHG

&URVVLQJGHFLVLRQWLPH

&URVVLQJGHFLVLRQWLPH

&URVVLQJVSHHG

7UDIILF,QGH[

*LQLFRHIILFLHQW

OLWHUDF\BUDWH

WUDIILFBPRUWDOLW\

JPS

'HWHFWHGWUDIILFVLJQV

'HWHFWHGFHOOSKRQH

'HWHFWHGWRWDOQXPEHURIPRWRUYHKLFOH

&URVVLQJZLWKRXWWUDIILFOLJKW

'HWHFWHGWUXFN

'HWHFWHGEXV

'HWHFWHGPRWRUF\FOHV

'HWHFWHGFDUV

'HWHFWHGELF\FOHV

'HWHFWHGSHUVRQV

&URVVLQJ

Fig. 4. Correlation matrix illustrating the relationships between pedestrian behaviour, including pedestrian crossing speed, decision
time, socioeconomic indicators, and tra!ic-related factors.

There is also a positive correlation between literacy rates and pedestrian crossing decision time (r = 0.33), highlighting
that higher literacy rates are associated with longer pedestrian decision-making times. The Gross Metropolitan Product
(GMP) shows a weak negative correlation with crossing speed (r = -0.19), suggesting wealthier cities may have slightly
higher pedestrian speed. Pedestrian crossing decision time shows negligible correlations with the GMP (r = 0.01) and a
very weak negative correlation with the tra$c index (r = -0.04).

Finally, there is a weak negative correlation between pedestrian speed and the Gini coe$cient (r = -0.08), indicating
that cities with lower tra$c mortality could have marginally higher income equality. Pedestrian crossing speed also
weakly correlates negatively with the number of detected vehicles (r = -0.17), suggesting that pedestrian speeds decrease
slightly as the number of vehicles increases.
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4 Discussion

The present study introduces the "PYT" dataset to explore pedestrian behaviour across the world, contributing to the
vehicle-VRU interaction research community by examining di"erences speci!cally at the city level. By focussing on
the analysis at the city level, this study captures the uniqueness inherent in the behaviours of pedestrians that arise
from localised conditions. The analysis of this dataset reveals substantial variability in the time required to initiate the
crossing and the speed of the pedestrian during road crossings. These city-speci!c variations are in#uenced by local
tra$c regulations, urban infrastructure, and prevailing cultural norms, highlighting the complexity and distinctiveness
of pedestrian behaviour in di"erent urban contexts.

The use of the YOLOv11 algorithm helped identify signi!cant di"erences in pedestrian crossing behaviour between
cities with varying socioeconomic conditions, such as tra$c-related mortality rates, GMP, and literacy levels. The
study also highlights a notable correlation between literacy rates and pedestrian crossing behaviours. In cities with
near-perfect literacy rates, such as Düsseldorf, Germany and Paris, France, pedestrians tend to exhibit faster decision-
making, resulting in shorter crossing initiation times. This trend suggests that higher literacy levels may contribute to
better awareness of tra$c rules and quicker reactions in tra$c environments. However, outliers such as Mexico City,
Mexico, and Taipei, Taiwan exhibit prolonged crossing decision times at night, despite high literacy rates, indicating
that additional factors, such as infrastructure quality and nighttime lighting conditions, play critical roles in pedestrian
safety.

When comparing pedestrian speeds, cities with advanced infrastructure, such as Hong Kong, China and Tokyo, Japan,
demonstrate consistently high walking speeds during the day and night. These results suggest that well-designed urban
environments promote pedestrian con!dence and e$ciency in movement. In contrast, cities such as Dhaka, Bangladesh,
and Can Tho, Vietnam, show slower walking speeds, which may be related to challenges such as inadequate pedestrian
infrastructure or increased safety concerns at night. The signi!cant di"erences between day and night pedestrian
behaviour, particularly in cities like Mexico City, Mexico and Hong Kong, China, suggest that local tra$c patterns,
lighting conditions, and cultural factors in#uence pedestrian speed.

The analysis of pedestrian crossing decision time reveals further variability between cities. In cities like Warsaw,
Poland and So!a, Bulgaria, longer waiting times during the day suggest higher tra$c volumes or a more cautious
pedestrian approach. However, cities such as Geneva and Monaco exhibit shorter waiting times, indicating more e$cient
pedestrian crossings, likely supported by favourable tra$c regulations and well-planned urban infrastructure. Cities
with advanced urban planning, including Tokyo, Japan and Shanghai, China, exhibit moderate walking speeds and
shorter start times, indicating the presence of organised pedestrian tra$c systems. In contrast, cities with less developed
infrastructure, such as Dhaka, Bangladesh and Yangon, Myanmar, exhibit slower speeds and shorter crossing decision
times, highlighting the challenges faced in these regions.

An important observation from the study is the relationship between pedestrian crossing behaviour and tra$c-related
mortality rates. Cities with low mortality rates generally exhibit shorter pedestrian crossing decision times, while cities
with higher mortality rates show longer hesitation times. This correlation suggests that the level of tra$c safety directly
in#uences pedestrian con!dence and decision-making processes. European cities tend to cluster at the lower end of
mortality rates, indicating more consistent safety standards, whereas cities in Africa and Asia display greater variability
in pedestrian behaviour, re#ecting disparities in infrastructure and safety measures. The relationship between crossing
decision times and mortality rates presents an interesting pattern, with a gap in the mid- to high range of mortality
rates and crossing decision times. This indicates that cities with moderately high mortality rates can still implement
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safety measures that prevent excessive pedestrian hesitation, while cities with extremely high mortality rates struggle
with inadequate infrastructure, leading to signi!cant delays in crossing decisions.

The !ndings also suggest that while technological advances in tra$c systems, such as automated vehicles, are
important, socio-economic and environmental factors play a more immediate role in shaping pedestrian behaviour.
Observable patterns of time and speed adjustments are more re#ective of the local socio-cultural context than of
technological innovations. Thus, interventions aimed at improving pedestrian safety should be tailored to address these
contextual factors rather than relying solely on high-tech solutions. The insights gained from this research provide a
foundation for developing targeted strategies to improve road safety globally by focussing on enhancing pedestrian
infrastructure and addressing socioeconomic disparities that impact tra$c behaviour.

4.1 Limitations and future work

Although the PYT data set provides substantial information on pedestrian behaviour globally, there are inherent
limitations associated with using YouTube videos for data collection. In particular, reliance on video footage limits
the depth of analysis to the characteristics of the bounding box provided by YOLOv11, restricting the evaluation of
detailed attributes such as exact pedestrian actions, precise vehicle speeds, or lane characteristics. Furthermore, the
lack of information on the speci!c seasons and exact dates of the videos limits the exploration of seasonal or temporal
variations in pedestrian behaviour.

Future research should extend the analysis to include more comprehensive behavioural assessments, such as
jaywalking patterns [69, 73], cycling dynamics [18, 28], and pedestrian follower behaviours [41]. Extending the focus to
other vulnerable road users (VRUs), particularly cyclists, could further enrich the dataset and broaden the understanding
of mixed tra$c interactions globally [46].

Future research should also address these limitations by using more advanced CV models capable of detecting a wider
range of attributes within video footage. For example, by employing algorithms that can discern detailed features such
as vehicle dynamics, lane markings, and speci!c pedestrian actions, researchers could gain a deeper understanding of
tra$c behaviour. This includes detecting additional attributes for pedestrians, such as intentions to cross the road, time
to cross predictions, current behaviour such as direction and walking posture, and appearance factors like clothing and
accessories [48]. In addition, vehicle-related attributes such as lane detection [23], speed estimation [38], and distance
calculations [66] between objects could also be incorporated.

In addition, a more comprehensive national analysis [31] would allow a deeper understanding of regional behavioural
variations and facilitate more targeted policy making decisions [8]. Developing an entirely automated framework
capable of fetching, preparing, and analysing video data autonomously would signi!cantly enhance the scalability
of such research. This approach could o"er valuable tools for policymakers and urban planners to make informed
decisions about infrastructure development [33], tra$c safety standards [35], and transportation policies [3], ultimately
contributing to safer and more e$cient urban environments worldwide.

Supplementary material

A maintained version of the source code is available at https://github.com/Shaadalam9/pedestrians-in-youtube. The
PYT dataset can be found at https://www.kaggle.com/datasets/anonymousauthor123/pedestrian-in-youtubepyt.
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