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Abstract

Data acquisition using security cameras for pedestrian tracking and counting is inherently inaccurate due to limited video quality and the
dynamics of pedestrian mobility. In this article we explore how specific patterns of pedestrian behavior in transport terminals can improve
accuracy in tracking and counting. We show the effectiveness of our proposed techniques using data from the New York Grand Central
Station. The proposed tool improves the accuracy of pedestrian labeling based on information about the dynamics of pedestrian mobility in
the specific context of transport terminals.
c⃝ 2021 The Korean Institute of Communications and Information Sciences (KICS). Publishing services by Elsevier B.V. This is an open access

article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction

In the present work, we improve quality of data about
pedestrian mobility in transport terminals, grounded on heuris-
tics based on the dynamics of movements of pedestrians in this
specific context.1

Behavioral analysis of pedestrians is important for appli-
cations such as crowd management, design of public spaces,
surveillance and the design of intelligent interactive environ-
ments [2]. The analysis of pedestrian behavior provides param-
eters for crowd management [3,4], disaster prevention [5] and
the design of crossings [4,6], spaces for exhibits [7] and evac-
uation plans [8]. Information captured from security cameras
has low cost and is largely available, but is also inaccurate.
For this reason, a careful solution for processing, organizing
and analyzing pedestrian mobility information is needed [9].

It can be challenging extracting individualized pedestrian
information from videos when crowd density is big [10]. Some
initiatives aim at understanding pedestrian behavior using sim-
ulations based on random variables. Realistic simulations are
hard to build, however, because they rely on initialization
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parameters which can be hard to select [11–13]. A more
promising alternative has been analysis using empirical data,
usually based on aggregate crowd behavior rather than data
at the individual level [9,14]. In the present article, we follow
this alternative and introduce heuristics that explore contextual
information to improve accuracy of data obtained from exist-
ing tracking algorithms. The proposed heuristics were tested
using open data available about the New York Grand Central
Station. Comparisons were made between the data obtained
after application of the heuristics and the data obtained from
one popular tracking algorithm. The results show that the
proposed heuristics are effective in improvement of accuracy
of available data.

2. Related work

Maheshwari and Heda [10] developed crowd analysis based
on data from security cameras, organized as (1) people count-
ing, (2) people tracking and (3) crowd behavior analysis.
Information extraction followed three steps: (1) preprocessing
to extract features from video; (2) object tracking to segment
individuals from the crowd; and (3) behavior recognition
to identify movement patterns based on attributes such as
direction and speed.

Lam, Cheung and Lam [15] analyzed passenger clustering
effects in Light Rail Transit (LRT) stations in Hong Kong.
Surveys were used to collect opinions about comfort correlated
iences (KICS). Publishing services by Elsevier B.V. This is an open access
nc-nd/4.0/).
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Fig. 1. Proposal to improve data accuracy of pedestrians.

Fig. 2. Transformation to adjust perspective distortions.

to density of passengers. These results provided data to guide
the design and planning of new LRT platforms.

Croft and Panchuk [16] studied pedestrian behavior and
collision avoidance in correlation with eye contact and fluc-
tuations in walking speed and direction, based on indoor lab
experiments.

3. Methodology

In the present work we focus on improvements on data
accuracy based on contextual information. We consider data
from surveillance video cameras about behavior of pedestrians
in transport terminals, as depicted in Fig. 1.

Video images are adjusted to correct geometric distortions
due to perspective of video capture [17–19], as illustrated in
Fig. 2. Frame sequences are transformed with respect to time
using the frame-per-second ratio of the video being used, in
order to have distances properly represented in meters and
time intervals properly represented in seconds. Adjusted paths
are then repaired in three steps, as detailed in Fig. 3. The
output of this process is a collection of adjusted pedestrian
paths, together with assessment reports to support design and
planning of transport terminals.

The trajectory of a pedestrian i is denoted as t i and consists
f a list P i of positions pi . Each position is a triple (x i

p, yi
p, f i

p)
to denote coordinates (x i

p, yi
p) of the pedestrian in a video

frame f i
p. Trajectories are analyzed using a set of parameters

as detailed in Table 1.
Component 1 corrects path distortions, improving pedes-

trian path labeling by correction of assignments of multiple
paths to a single pedestrian. This problem occurs, for example,
450
Fig. 3. Path repair in three steps.

able 1
ontextual parameters by type and scope.

when two people cross paths and the tracking algorithm fails to
continue to track them independently. The proposed algorithm
corrects the labels based on the identification of paths that
have an angle that indicates an abrupt change of direction.
The identification of the threshold angle to indicate abrupt
changes of direction and, therefore, potential errors in path
labeling, must take into consideration that tracking algorithms
may not consistently identify an individual by a specific point
in their body. For example, it can happen that an individual is
identified by the head during part of a path and by the hands or
feet during another part of the same path. To circumvent this
problem, we adopt a minimum distance to calculate direction
and speed.

Labels assigned to pedestrians by the tracking algorithm are
updated based on the observation that a pedestrian tracking
problem can occur due to occlusion during path crossing and

that abrupt changes in paths violate the principle of least
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Fig. 4. Correction based on abrupt change of direction.

Fig. 5. Pedestrian trajectories — Grand Central Station NY.

effort that pedestrians choose to determine their paths. Fig. 4
illustrates the trajectory ta with the abrupt point of change of
direction pa

3 . As effect of Component 1, the original trajectory
ta is divided into two trajectories ta′

and ta′′

.
Component 2 eliminates duplicate paths using anthropo-

metric attributes. Pedestrians can be counted twice if two
different body parts – or a body part and e.g. a bag – are
identified as two pedestrians. This error is reduced based on a
minimum comfort space between pedestrians.

Component 3 joins fragmented paths based on motion
analysis, based on two simple contextual assumptions: (1) all
paths start at one of the terminal doors, and (2) the Least Effort
Hypothesis [20], which assumes that people tend to move
in rectilinear trajectories to minimize distance and effort. An
iterative search is performed, to search for partial trajectories
with starting points near the end of a potentially incomplete
trajectory, therefore finding pairs of trajectories that violate
assumption (1), and then to check whether pedestrian behav-
ioral traits are preserved given assumption (2), in order to
join these trajectories. Iterations are performed until no further
trajectories can be joined.

4. Comparative tests

Many public data sets can be used to test the proposed
tool [21]. In this section we illustrate an application of the
proposed tool on data from the New York Grand Central
Station [3]. The Grand Central Station has eight inbound/
outbound regions, providing 56 different combinations of
source–destination pairs, although there are some rare cases of
pedestrians entering and leaving through the same door. All
trajectories taken from the scene of the 33-minute video as
featured in the literature [3] are presented in Fig. 5.

The labeling of trajectories in a data set is costly, time-

consuming and not necessarily reliable. For these reasons,

451
it is not viable to perform quantitative assessment of the
effectiveness of our tool based on ground truth. In order to mit-
igate this problem, we introduce an indicator for approximate
assessment of quality increase in trajectory labeling.

The indicator, named Improvement Factor, is influenced
by comprehensiveness, i.e. the number of adjusted trajectories
relative to the total trajectories in the original data set, and
correctness, i.e. the extent to which adjustments improved
labeling accuracy. It is defined for each Component c as i fc =

pcc ∗ pic, where pcc (comprehensiveness) is the percentage
of adjusted trajectories that are identified and corrected by
Component c = 1, 2, 3 and pic (correctness) is the percentage
of adjustments that are estimated to be corrections, i.e. pcc =
tcc
τ

, where tcc is the total number of trajectories adjusted by
omponent c, and τ is the total number of trajectories in
he data set. Correctness pic is assessed based on a random

sample of size n of adjusted trajectories, i.e. pic = prc − pwc,
where prc is the percentage of correct adjustments and pwc

he percentage of wrong adjustments, i.e. pwc = 1−prc, hence
pic = 2prc − 1 and prc can be obtained by averaging the
values calculated by prc =

1
n

∑n
k=1

rck
tck

.
Component 1 had accuracy of 93.3% in adjustments. The

total amount of adjusted trajectories was 6.440(15.0%). These
results suggest that the original data set featured high density
of pedestrians and large number of trajectory crossings. The
improvement factor i f1 = 13.0% indicates an improvement of
approximately 5.566 trajectories. (13.0% ∗ 42.821). For Com-
ponent 2, we had 6.950 (16, 2%) excluded trajectories, 92, 5%
of which being correct indications, yielding i f2 = 13.8%.
These values indicate a significant reduction in pedestrian
multiple counting (13.8%), calculated as the difference be-
tween the percentage of correctly deleted trajectories (16.2%∗

92.5% = 15.0%) and the mistakenly deleted trajectories
(16.2%∗7.5% = 1.2%). For Component 3, we had a relatively
small number of trajectories that were adjoined (1.3%), how-
ever with good accuracy (90.0%), thus resulting in i f3 = 1.0%.
One possible reason for the low coverage of Component 3 is
the density of pedestrians in the scenario under consideration,
which hinders the capability of the proposed procedure to
merge trajectories that are labeled as disconnected.

The Total Improvement Factor - TIF, obtained by summing
the improvement factors of each component, was T I F =

f1 + i f2 + i f3 = 13.0% + 13.8% + 1.0% = 27.8%.

5. Conclusions

The benefits of using contextual information to increase
the quality of pedestrian mobility data extracted from videos
can only be achieved after proper calibration of parameters,
which at the moment requires proper manual verification to be
done properly. The results obtained using data from the Grand
Central Station in NY indicate that the tool is feasible to use
and can be effective to increase the accuracy of data. From
the results presented here, several initiatives can be developed,
such as the use of machine learning to optimize contextual
parameters. It can be also interesting, in the future, to study
patterns of variation of the contextual parameters with respect
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o different scenarios, to verify whether the optimized values
f parameters themselves could unveil interesting aspects of
pecific contexts.
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