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Abstract Pushing behavior impairs people’s sense of well-being in a crowd and repre-
sents a significant safety risk. There are nevertheless still a lot of unanswered questions
about who behaves how in a crowded situation, and when, where, and why pushing behav-
ior occurs. Beginning from the supposition that a crowd is not thoroughly homogenous
and that behavior can change over time, we developed a method to observe and rate for-
ward motion. Based on the guidelines of quantitative content analysis, we came up with
four categories: (1) falling behind, (2) just walking, (3) mild pushing, and (4) strong
pushing. These categories allow for the classification of the behavior of any person at any
time in a video, and thereby the method allows for a comprehensive systematization of
individuals’ actions alongside temporal crowd dynamics. The application of this method
involves videos of moving crowds including trajectories. The initial results show a very
good inter-coder reliability between two trained raters with a 90.5% overlap (KALPHA
=.79) demonstrating the general suitability of the system to describe forward motion in
crowds systematically and quantify it for further analysis. In this way, pushing behavior
can be better understood and, prospectively, risks better identified. This article offers a
comprehensive presentation of this method of observation.

Keywords Pushing behavior - forward motion - crowd psychology - observation method -
content analysis - rating system
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1 Introduction

Imagine a crowd of excited fans waiting to enter a concert hall: There is no queuing
system and everyone wants to be the first in the hall, for there are no seat reservations
either. If you had a bird’s eye view to observe this crowd from above, you would likely
get the impression that it is just one big throng in which everyone is pushing and shoving.
Examining each person individually, however, reveals that the crowd is not actually ho-
mogeneous and not everyone is behaving the same. This paper introduces an observation
method which focuses on individual behaviors in such crowds and allows for an appraisal
of who is pushing at which moment in time to draw a more differentiated picture. The
assessment and evaluation of individual behavior is performed by trained observers using
videos of crowds and the extracted trajectories.

Crowded situations are common and happen—at least before COVID-19—almost ev-
ery day. Just think about the jostling at the train station. As ordinary as it may be, the
consequences can be very serious. Pushing behavior not only impairs satisfaction during
the crowd experience [1], it also poses a safety risk. Different studies show that high mo-
tivation, which often involves pushing and shoving, increases density [2, 3], and reports
from real-life scenarios indicate that pushing from behind can lead to life-threatening den-
sity and pressure resulting in injuries and fatalities [4]. Although there is broad evidence
of cooperative behavior in emergencies [4—7], pushing may also occur during evacua-
tions, which further increases the danger. [8] Several simulations of pedestrian crowds
have therefore tried to integrate this behavior [9, 10] but without providing a systematic
psychological basis.

Aside from the safety issues, pushing and shoving were generally evaluated as inappro-
priate and unfair in recent studies with a bottleneck set-up [2, 1 1]. It is quite surprising,
though, that the same participants mentioned these behaviors as the most promising strate-
gies for faster access. Whether individuals actually move forward faster by jostling de-
pends, however, on their strength and the density of the crowd. With respect to the crowd
as a whole, it has not yet been conclusively determined whether increasing the pressure
by pushing changes the flow through the bottleneck. Although it has been suggested that
pushing actually decreases the flow—the so called “faster-is-slower” effect [12, 13] —
Haghani et al. [3] found no conclusive evidence for this general occurrence in a review
of current experimental literature. Their own experiment, however, indicated that at least
strong and aggressive pushing prolongs the egress time in a bottleneck situation.

However, not everyone in a crowd pushes to the same extent. In Adrian et al. [2], the
percentage of participants engaged in this behavior varied from 29.2 to 78.6%. Reasons
for non-pushing were, for example, avoidance of danger or a general aversion to push-
ing. Additionally, identification with the crowd may influence pushing behavior—high-
identification participants tended to push less and to give more help in a mass evacuation
scenario [14]. Also, social norms (e.g., triggered by the spatial organization of the crowd)
influence whether pushing is an appropriate behavior or not. Queuing, for example, is a
social system where norms prevail that are opposed to pushing [11, 15, 16]. These results
show very clearly that pushing is a complex behavior influenced by several factors. Apart
from this general decision for or against pushing, it is also natural that any human behav-



Pushing and Non-pushing Forward Motion in Crowds 3

ior is not static but dynamic and can therefore change over time. This means, of course,
that pushing behavior is also dynamic and sometimes people push only to stop in the next
moment. Researchers addressing crowd dynamics have nevertheless tended thus far to
address pushing as a constant behavior in a homogeneous crowd. Our proposed rating
method takes into account these fluctuating dynamics of pushing and non-pushing.

But before examining these complex dynamics, it is essential to understand which be-
haviors are included when talking about pushing. According to the Cambridge Dictionary
“(to) push” means “to move forcefully, especially in order to cause someone or something
that is in your way to move, so that you can go through or past them” [17]. Further, it must
be distinguished between intentional and unintentional pushing [18]. Unintentional push-
ing is the physical reaction to a push from behind that results in one person being pushed
forward into another person. In intentional pushing, on the other hand, individuals exert
energy themselves to build up forward pressure. In recent studies [2, 11], participants
mentioned the use of elbows, arms, or shoulders, as well as pushing to the front and push-
ing to the side as different forms of (intentional) pushing. Additionally, filling gaps is
mentioned as a strategy for faster access. It is debatable whether filling gaps is a form
of pushing behavior, as it is less aggressive, but it clearly leads to increased density and
people moving forward faster. Consequently, for the purpose of our method, we include
filling gaps as a form of pushing. This enumeration of possible forms of pushing strongly
suggests that simply distinguishing between pushing and non-pushing is too simple to be
helpful. Therefore, our method examines two different gradations of pushing, namely,
mild and strong. Adapted to this, we also distinguish two gradations of non-pushing: a
simple forward movement “with the flow” and a forward movement that is slower than
the crowd as a whole and thus “falling back.”

The general idea for the observation and rating method is based on quantitative con-
tent analysis as used in psychology and the social sciences [19,20]. With the help of
a complete coding system, this method captures the characteristics of a document. The
coding system is created before the analysis and contains precise definitions of the char-
acteristic expressions and assigns numbers to them. The details of the coding system,
as well as useful examples and explanations for the coding process, are recorded in the
codebook. Furthermore, the document is divided into precise units of analysis. The rating
is performed by at least two trained raters, and reliability measures serve to ensure their
concurrence. While content analysis was initially developed for text documents (such as
newspaper articles, diaries), in recent years it has also been adapted for the analysis of
images and video material.

Important steps of content analysis for both text and video analysis are [20]: (a) de-
termination of the analysis material, and definition of units of analysis, (b) design of the
coding system based on the literature and research questions, (c) tentative application and
revision of the coding system, (d) discussion of the validity of the coding system, (e)
training of raters, (f) reliability analysis (inter-coder reliability), (g) complete data collec-
tion, and (h) statistical evaluation. In this paper, we present our content analytic method
for capturing pushing behavior in crowd videos in a step-by-step fashion (with the excep-
tion of the last two steps (g and h)—for an analysis of the data at this level has yet to be
performed).
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2 Method

The method described here uses videos taken of crowds from overhead in confined areas
such as in front of bottlenecks. Trained observers pick out individual people one by one
and categorize their behavior in every second. To do this, they use a four-level category
system that includes pushing and non-pushing behavior. The method is introduced here
with a thorough step-by-step explanation, to facilitate its future use by other research
groups.

2.1 Determination of the analysis material and definition of units of
analysis

Although pushing behavior has been regularly observed in former experiments, an in-
depth approach for defining and grading the behavior has not been one of the most promi-
nent objectives in pedestrian dynamics so far. As a result, there is a wealth of video
material that can be potentially “recycled” for constituting a base to analyze the behav-
ior (see for example: Pedestrian Dynamics Data Archive [21]). Any video that contains
pedestrians in forward motion can be used. The category system can be applied to experi-
ments with very different crowd dynamics (i.e., fast or slow) because this method includes
the entire spectrum of pushing and non-pushing behavior. Every participant can be cat-
egorized as to the degree and intensity of their behavior, whether pushing is observed or
not.

Individual trajectories must be available or first extracted for the video to be evalu-
ated. The detection is done via PeTrack software [22]. PeTrack was mainly developed
for automatic extraction of pedestrian trajectories from video recordings that are captured
from cameras with a top-down view for measuring the physical properties of crowds (e.g.,
density). The category system uses these trajectories for individual pedestrians to provide
accurate timing (via frame numbers: 1 second is equal to 25 frames) of starting categories,
category shifts, ending categories, and their spatial visualizations. PeTrack was upgraded
specifically for the current category system; an annotation command and a feature allow-
ing the video to be played in real time were added to the software (Version 0.8.15) in
order to have an accurate-timing comment (rating: category 1 to 4) for a specific person
and a specific frame. The txt file output shows the rating with the respective frame that is
bound to the respective pedestrian.

The rating is executed in specific frames that contain a starting point, an ending point,
or a behavior change, for every pedestrian. However, a human observer needs at least
one second in order to comprehend the complex behavior (and its potential change in the
next second) of an individual and therefore it does not make sense to use the frame units
defined in PeTrack. For the category system, a unit of analysis is consequently defined
as the behavior of an individual in one second. The frame rate of PeTrack is, however,
25 frames per second. Therefore, it was decided that the median of frame ratings within
one second of one participant would be calculated and used as the minimum unit of the
rating measure. The process of the rating of pushing behavior is as follows: After the
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experiment video selection, the ptc (PeTrack) files were gathered from the IAS-7 database
and every pedestrian in the chosen video was annotated according to their behavior. The
starting point was considered the first frame (usually frame 0) in which PeTrack detects
the selected pedestrian, and the ending point was set as either in the last frame of the video
or when (if) the pedestrian reaches the bottleneck. In the latter case, the ending frame was
always annotated as “END.”

2.2 Design of the coding system on the basis of literature and
research questions

As outlined above, pushing is defined as a behavior that can involve using arms, shoul-
ders, or elbows; or simply the upper body, in which one person actively applies force to
another person (or people) to overtake, while shifting their direction to the side or back,
or force them to move forward more quickly. Pushing usually correlates with speed ac-
celeration. Our approach also includes using gaps as a form of pushing because this is a
form of overtaking. We distinguish two gradations of pushing behavior: mild and strong.
Accordingly, we also distinguish two gradations of non-pushing forward motion. As a
result, a category system with four categories has been created: (1) falling behind, (2)
just walking, (3) mild pushing, and (4) strong pushing; as two pushing (3 and 4) and two
non-pushing (1 and 2) categories.

Six different parameters were used for rating individuals according to these categories:
the position of their arms and hands; the position of their shoulders and heads; their
personal space; their interaction with others; speed and acceleration; and attention to the
exit. These parameters have different behavioral outputs depending on which category
they are in, as can be seen below.

Falling behind (1) is the most passive category in terms of forward motion (Fig. 1).
People in this category use their hands and arms less. Their arms are generally crossed or
dropped by their sides, apart from cases in which they were chatting with other people and
using their hands to gesture (arms and hands position). They show frequent head move-
ments because their attention is scattered; they can hence focus on non-specific things in
their environment (shoulder and head position). They mostly have some distance to the
group and minimal physical contact. In most cases, they are at the back of the crowd,
but, when they are in the front, they may actively increase the distance to the person in
front by slowing down (personal space). They might be actively involved in chatting with
other participants (interaction with others). They are slow overall—even stopping in some
cases or changing their direction to somewhere different than toward the exit—and ob-
struct the pedestrian flow (speed and acceleration). They are focused on other people or
things in the environment or become distracted via cell phones instead of focusing on the
exit (attention to the exit).

The second category, just walking (2), is applied to people who are not pushing but
also not as passive as the people in the falling behind (1) category; they are basically
just going with the flow (Fig. 1). People in this category have similar properties with
the former category as they can have crossed and dropped arm positions, but since they
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are mostly within the crowd, they can use their arms close to their upper body to protect
against possible pushing behaviors and they may hold onto fixed objects or barriers to
stabilize themselves (arms and hands position). They move slowly and methodically,
and they can form a penguin-like waddling motion (shoulder and head position). While
they are mostly maintaining their position relative to the crowd and staying in their line,
they can be in close body contact with others around them if they are jammed or shoved
but under normal circumstances they have sufficient space around them to avoid body
contact, as they do not actively increase or decrease the distance to others under a length
of half a meter (personal space). They sometimes chat while they are walking (interaction
with others). They are also slow and steady, and they may let others go first (speed and
acceleration). They can focus on protection or the environment while they are walking
toward the exit (attention to the exit).

Mild pushing (3) is a genuine pushing category but, as the name implies, a less active
category than the fourth (Fig. 1). People in this category actively increase the density
of the crowd. They may raise their arms to apply force to the back of other persons or
extend their elbows and arms, or even stabilize themselves by holding on to barriers to
prevent others from overtaking (arms and hands position). They often move fast and me-
thodically; consequently, they can form a “fast” penguin-like waddling motion (shoulder
and head position). They have much more body contact, they tend to close gaps, change
their lines, and overtake for faster access, but without applying excessive force. They may
be disproportionately close to the next person without trying to overtake as a tailgating
movement or as “psychological pushing,” or the closeness can even occur out of an affil-
iation motive such as hugging someone they know (personal space). They mostly do not
chat with other people (interaction with others). They are fast, and they actively decrease
their distance to others (speed and acceleration). Their attention is focused on the exit or
possible gaps providing a better route (attention to the exit).

The last category, strong pushing (4) is created due to the need for an advanced pushing
category for extreme cases (Fig. 1). People with strong pushing behavior tend to use their
elbows and hands more strongly to create gaps, they can use barriers to pull themselves
forward, they may collide with other people or even pull other pedestrians backward,
as they are actively changing their position (arms and hands position). They can move
sideways and use a shoulder as a plow, and in most cases, they lean forward (shoulders
and head position). They have the most physical contact, and they may create some space
behind them due to their rapid movement (personal space). They might communicate
with others to engage in coordinated pushing (interaction with others). They are fast and
accelerate rapidly when possible (speed and acceleration). Like the mild pushers in the
former category, the strong pushers’ attention is focused on the exit or possible gaps that
might provide a better route (attention to the exit).

All actions in these categories are fully observable in overhead video analysis. This
does not mean, however, that people show every parameter in their respective category as
they move forward. A person does not necessarily use their arms close to their upper body
as protection in just walking (2) if there is no pushing behavior around. There might be
no coordinated pushing for people in the strong pushing (4) category if the strong pusher
is alone. Consequently, people can be annotated and put in a category depending on their
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Figure 1 Illustrations of four categories. Each line represents one category. From top to bottom: Category
(1) Falling Behind, Category (2) Just Walking, Category (3) Mild Pushing, Category (4) Strong
Pushing

prominent behavior even if they do not meet all the parameters.

Another crucial point is that people are not bound to their initial category; as outlined
above, they can change their behavior in real life and the category system adapts accord-
ingly to account for these changes. A person might start out as just walking (2) but some
time later switch to mild pushing (3) depending on the environment or a shift in moti-
vation. This allows us to describe not only individual differences between people in the
crowd but also to capture temporal dynamics.

2.3 Tentative application and revision of the coding system

Once the base structure and the technical properties of the pushing behavior system had
been established, raters participated in a series of trials to develop the system further
using existing datasets from the project BaSiGo [11, 23, 24] as well as interdisciplinary
experiments performed at the University of Wuppertal [2,25]. All the former experiment
video recordings, along with trajectories of each pedestrian, had already been prepared
for earlier research and studies and subsequently stored and published in the pedestrian
dynamics data archive. The ethic statements for these experiments and recordings can be
found in the corresponding papers; no additional ethical approval was necessary for the
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current study.

The selected empirical setup for the main trial video was an L-shaped bottleneck sce-
nario, where all participants were instructed to reach the exit with high motivation [11,23].
People were gathered on a platform, each wearing a unique hat (enabling their individual
detection from cameras), and were instructed to pass through the bottleneck and exit the
platform. Forty pedestrians were randomly selected (out of 123) for the trial dataset and
rated accordingly.

The trial ratings revealed that understanding short-term behavior changes is notably
challenging: Behavioral shifts of the pedestrians (e.g., category changes from 2 to 3)
require more than a second to be comprehended by their actors since there were many
examples of momentary behavioral changes for some pedestrians that appear to have hap-
pened only by accident (being pushed increases acceleration momentarily in a passive
way) or to have been unconscious decisions on the part of the pedestrian (accidental line
changing toward a gap), with the former behavior being resumed after one second. It was
thus decided that the time gap for a valid and intentional behavioral change should be at
least 2 or 3 seconds depending on its context.

2.4 Discussion of the validity of the coding system

Revision of the coding system after some trials revealed some significant points regarding
the pushing behavior system. Raters were concerned that they were focused on the ob-
servable motivation (having high or low motivation) rather than actual pushing behavior
in some cases. While being highly motivated and using strong or mild pushing behavior
are potentially highly correlated, the actual behavior can possibly be disregarded while
observing the crowd due to the primed motivation of the pedestrian. This vague issue
has come up during high-motivation-priming video trials where it was observed that, al-
though most of the pedestrians were highly motivated to reach the bottleneck, not all of
them were using pushing behavior. Overall, the main concern was that raters might in-
advertently appraise the motivation of the pedestrians instead of their observable pushing
behavior.

After careful consideration, raters agreed to conduct the rating process with a context-
dependent perspective to avoid this issue. For instance, being fast and accelerated in a
calm and slow crowd was agreed to be an indicator for mild (3) or strong pushing (4), but
the same behavior can be seen as just walking (2) if the crowd is highly energetic and the
average flow speed is similar to the “fast” pedestrian. It is thus helpful to watch the video
once before the actual rating to get a feel for the respective context. Raters favored this
approach as it is much more accurate for detecting and annotating pushing behavior, as it
frames the question to be answered in more concrete terms.

The exactness of timing was also an issue for the consistency between both raters: After
several test appraisals, some selected annotations done by two raters were analyzed and
found, in fact, to be comparable except for a small time slippage by one or two seconds. It
was later decided that the observed behaviors were actually the same but coded differently
in time either by mistake or by a time lag caused by the software. Nevertheless, it is only
natural for human observers to have minor errors in the timing of their ratings in a highly
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detailed and complex dataset, and those minor errors should not be problematic especially
if the raters are in agreement about what they have seen. Consequently, raters decided
to look more closely at the cases with a time slippage of up to two seconds between
ratings and select the proper timing together for the main dataset. This process was called
“correction” and was done for all the related cases.

2.5 Training of raters

The same L-shaped bottleneck video [11,23] was selected for use again as the training
dataset for two raters to annotate pedestrians. The remaining participants from the main
trial dataset (n = 83, out of 123) were annotated by the raters. The rating was done via
PeTrack and a txt output was collected afterward.

The output shows only the respective frames for which a rate comment was inserted
(i.e., frame 0 = 3, frame 523 = 4, frame 801 = 3, frame 1792 = END; for participant
*number*), hence it always needs to be prepared for data analysis. The first preparation
was done manually; the total frame numbers were written in Excel and all the ratings were
dragged in between the frames (i.e., frame 0,1,2,3....520,521,522 = 3). After every rating
for every frame and every pedestrian was prepared, the median of the ratings for units of
seconds was calculated and written accordingly. The final procedure was to assemble all
the ratings in one column. These proceedings were done separately for the two annota-
tions of two raters. Later, data columns of two raters were merged (as two columns) and
collected in one Excel file. The file was stored for later analyses in IBM SPSS.

2.6 Reliability analysis (inter-coder reliability)

It was decided that the inter-coder reliability should be calculated via Krippendorff’s al-
pha (KALPHA) [26]. Having multiple coders and an ordinal level of measurement (i.e.,
categories increase from 1 to 4 depending on the behavior), KALPHA was found to be
the most effective reliability coefficient for our rating system.

For calculating KALPHA we used a macro by Andrew F. Hayes for IBM SPSS [27].
This macro provides a proper syntax where only the last line must be manually adapted to
the respective data set and the required output. This looks as follows: KALPHA judges
= judgelist/level = lev/detail = det/boot = z. “Judgelist” contains the names of the raters,
“lev” is the measurement level (in our case: ordinal = 2), “det” is a selection of whether
there is a need for a more detailed output (O for only KALPHA value), and “z” is the boot-
strapping number (in our case: 10000) [28]. As database for the inter-coder reliability,
we used the ratings from the training section. So, N = 83 participants were rated by two
independent raters. Please note that N = 43 participants were rated twice by one rater with
4.5 months in between because the first rating was performed before the method had been
described in detail for this article. In the process of writing, the categories underwent
additional differentiation and clarification, so we decided that both raters should conduct
their observations at the same time. As the quality of the first rating thus might remain
below what is possible, we repeated it for this paper to demonstrate more accurately the
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potential of our system. The second rating round was almost a new one since the rat-
ing process is very complex and there was a big time gap between the two ratings. The
rater could thus not remember the former ratings and was of course not aware of the rat-
ing of the second observer during the process. Finally, the dataset for reliability analysis
consisted of 143,172 rated frames. After aggregating 25 frames into one second, 5,717
units of analysis remained. We adjusted 60 units due small time slippages as explained in
Sec. 2.4). For this prepared data set, the results show 90.5% overlap between the raters
and KALPHA =.79.

Even though De Swert [28] mentioned KALPHA = .80 as an established limit for good
reliability, he also stated that lower values (minimum of .67, or even .60 for extreme
cases) are acceptable if there are good reasons for it. In our case, there is an extremely
large number of analysis units, and our categories further rely on rather minor behaviors
which are context dependent and sometimes difficult to detect from above. Additionally,
behavioral shifts over time are considered, and the analysis units are somehow dependent
from each other (e.g., if one observer sees a shift to mild pushing and therefore changes
the rating from 2 to 3 but the other evaluates the behavior differently, the rating does not
only differ for one second but immediately for several). Given this complexity of the
rating system, a value of .79 is, in our view, more than satisfactory.

Despite this high level of agreement between raters, we nevertheless have partially
divergent ratings for some participants. If the data is to be used for further analysis, how-
ever, there cannot be two data sets with divergent values. Therefore, the question is how
to combine these different values into one value. The calculation of the mean value, for
instance, makes no sense for the method (e.g., 2.5 as mean between just walking and mild
pushing). Instead, the raters have to reach a later compromise in cases of disagreement.
For that purpose, all divergent cases must be observed again and discussed. This leads to
a completely consistent data set that can be used to answer the following research ques-
tions. It is essential to note that this step may only be performed after the inter-coder
reliability has proven to be high enough.

2.7 Preliminary visualization

For visualization of the rating, we took one video from the Pedestrian Dynamics Data
Archive [2,21,25]. Screenshots are depicted in Fig. 2 and the full video can be found
in the ‘Supplementary files’ section. This visualization is only preliminary to illustrate
our rating system. More sophisticate forms can be created using special software (e.g.,
JuPedSim) [29] or including other quantities (e.g., density).

3 Discussion

Pushing behavior impairs people’ sense of well-being in a crowd and also poses a signif-
icant safety risk. Nevertheless, to date it has been barely investigated. Following the idea
that a crowd is not thoroughly homogenous in behavior and that there can also be changes
over time, we developed a rating system of individual behavior in crowds. Prospectively,
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Figure 2 Preliminary visualization of ratings. Screenshots were taken from one exemplary video. Letters
(A, B, C, D, E, F) state the order of the crowd flow. Timepoints of the screenshots are: A =
00.00s, B=00.08s,C=00.16 s, D=00.24 s, E=00.32 s, F=00.40 s.

this can be used to systematize and quantify all kinds of forward motion as we not only
capture pushing but also non-pushing behavior. However, since pushing can have various
forms, having just a binary distinction would have been too easy. Therefore, we came
up with four categories to take this diversity of forward motion into account: (1) falling
behind, (2) just walking, (3) mild pushing, and (4) strong pushing. These categories thus
enable us to classify the behavior of any person at any time in a video. In this way, we can
not only consider the individuality of people but also the temporal dynamics of behavior.
Our rating system was built on the scientific basis of content analysis [19,20] and showed
a very good inter-coder reliability between two trained raters.

3.1 Limitations

Although the rating system was found to be reliable, it is also worth mentioning its chal-
lenges and limitations in order to have a well-rounded perspective on the system. One
major concern was noticed during the training process: The rating procedure was too
time consuming. Annotating forward motions of numerous pedestrians involves repeated
watching of the videos, focusing on a specific person, and determining the exact time
periods of behavioral changes. Overall, annotating one pedestrian required at least five
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minutes of observation and consideration, as well as inserting the actual rates into the
software. Complex cases, however, required as much as ten (or even fifteen) minutes.
In order to have a complete annotation of 83 participants, each rater spent at least seven
hours preparing the data. Raters spent an additional two hours correcting the data before
the statistical analysis could occur (check Sec. 2.4). In the long run, these durations cannot
and (more importantly) should not be decreased since the nature of the system depends
on detailed observations. Speeding up the rating process might cause human observers to
miss valuable information concerning the pedestrians.

The second observed issue was related to the properties of the selected video. Even
though the video was high-resolution, image distortion (flattened fish-eye) sometimes
made it hard to perceive and determine actual behavior. The software distorts images in
this way to depict an accurate trajectory from the pedestrians from the first standing point
through the bottleneck, but this also causes pedestrians to be shaped somewhat bizarrely
when they move away from the center. The raters tried to adjust their observation and rate
accordingly, although some information might have been lost throughout the process due
to this situation. In a broader perspective, using only a bird’s-eye view could potentially
lead to a loss of information, as well, since the observation becomes slightly limited when
seen only from this vantage point. Future studies could incorporate secondary cameras
with frontal or side angles where it is thought that these could be beneficial.

Finally, the method was limited by the use of only one video for introducing the push-
ing behavior system. Even though the selected video contains a crowd scenario with
varied behaviors, a different kind of environment (i.e., less crowded, high motivation, low
motivation) could potentially be constructive for determining the applicability of the sys-
tem itself. Raters have conducted some informal trials with different videos that suggest
that the system is valid in all the cases mentioned. Additionally, investigating multiple
exit scenarios or pedestrians moving in different directions could also be beneficial for
showing how feasible the system is, although, we firmly believe that the system would be
valid in these cases as well. If a crowd scenario contains forward motion of the pedestri-
ans, then the system can potentially be used since it is based on individual observations
regardless of the direction of the pedestrian moving. However, crowd contexts such as
watching a sport or a music performance cannot be investigated with the current rating
system because these situations do not contain forward motion. Nonetheless, regardless
of the selected crowd scenario, it has proven beneficial for raters to confer in advance
about the category system for each individual experiment and agree on a set of individual
examples of the four categories. This minimizes the context effects.

3.2 Practical implications

While on the subject, possible future applications are described below. The first and prob-
ably the most prominent future study could be automating behavior detection by utilizing
artificial intelligence (AI) [30,31]. As it was mentioned in the limitations, the rating pro-
cess is time consuming and laborious, but an automated Al system could dramatically
decrease the rating time by assisting raters in appraising clear cases while flagging the
ambiguous ones. All in all, the rating system and the actual annotations might be consid-



Pushing and Non-pushing Forward Motion in Crowds 13

ered as the beginning of further pushing behavior-related studies since the system opens
a door to measure behavior in space and time and can potentially be applied to related re-
search questions. If an automated detection system could be created, later research could
use it to acquire the annotations of multiple videos in a short time.

Regarding future research in social and crowd psychology, behavioral effects can be
easily observed and measured with the rating system. Observing one person or one group
within a crowd is quite difficult due to having a massive amount of information from the
environment, but reducing this data to four ordinal categories could be useful for observ-
ing what is really happening in the crowd. For instance, behavior propagation can be
observed if it exists (i.e., strong pushing behavior propagates between pedestrians over
time via exposure) or behavioral clustering can be identified in some specific locations
(i.e., mild pushing behavior localizes in front of the bottleneck). The authors are cur-
rently working on these research questions in regard to the rating system’s future appli-
cation. These examples could potentially yield crucial insights for crowd management
and evacuation studies, as well, since the system allows interested parties to understand
pushing and pushing-related behaviors. Ultimately, the rating system should make it easy
to recognize if behavior categories affect each other in any way, depending on the time
and their position.

Although the rating method is far too time consuming to be directly useful in the appli-
cation field of crowd management, it directs the focus toward observing individual behav-
ior as a key to understand the strategies people use in crowds. Such knowledge could be
very useful for practitioners in the long run since (potentially dangerous) shifts in crowd
movement could be better understood. Likewise, using the system can be beneficial in
evacuation studies, such as observing the effects of given directions or instructions on
the crowd at an individual level. Potentially, researchers can identify unfair or unwanted
behaviors and their effects in an evacuation scenario, and then design or model alternate
scenarios to avoid dangerous situations. Furthermore, the detailed descriptions of push-
ing behavior developed for this method could provide a starting point for thinking about
automated observation tools for crowds to detect characteristic indicators of problematic
behavior.

3.3 Conclusion

Our rating system provides an important and adequate basis for better understanding the
complex dynamics of pushing behavior and forward motion in general. In the video we
tested, the agreement between two raters was very good, and a consistent and highly
reliable dataset can be generated through the subsequent strategy of compromising. In
the future, however, the system must prove its suitability for other videos in different
contexts (e.g., different motivations, different moving directions or even CCTV footage).
An automated solution for speeding up the rating process would be also beneficial. In any
case, this idea is worth pursuing since the quantification of pushing behavior is necessary
to answer further research questions which will allow researchers to better understand
crowds and thus contribute to public safety.
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