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Abstract

Pedestrian spaces are increasingly becoming popular locations for shopping, recreation,
festivities, and other social activities. Therefore, an improved understanding of the factors
that make walking environments enjoyable and safe is essential. Most existing studies focus
on modelling walking behaviours of individual pedestrians. However, most people partici-
pate in these activities as parts of social groups. Although the movement and choice behav-
iours of pedestrians in social groups differ from those of individuals, a model featuring
group movements has not been developed. This study uses neural networks to analyse the
effects of variables influencing pedestrian movements of social groups and predict the vari-
ation in walking dynamics. A top-view video was used to extract the trajectories of pedes-
trian groups. After identifying the social groups in a crowd, the movement characteristics,
pedestrian—environment interaction, inter-pedestrian interaction, intra-group relationship,
and inter-group relationship of all group members were calculated and considered in the
model. After a variable selection process using neural networks, a neural network model
was developed featuring variables that are strongly related to the lateral or longitudinal
changes in the individual’s walking speed. The current movement condition, presence of
obstacles nearby, impending collisions, current position and velocity of other group mem-
bers, and following behaviour were found to impact a pedestrian’s walking dynamics. The
proposed model can predict the pedestrian density and distribution according to a space
function, contributing to better crowd management and efficient design and renovation of
pedestrian spaces. Furthermore, the variable selection method can optimise and simplify
other pedestrian behaviour prediction models.
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Introduction

People enjoy spending their leisure time in public urban spaces, such as shopping malls,
game parlours, concerts, and festivals. Many places where people undertake such activities
are pedestrian-only spaces because they offer a favourable and safe environment for pedes-
trians. These public urban spaces have attracted increased attention over time, resulting
in overcrowding, which can diminish the pedestrian experience of these spaces and even
affect the physical safety owing to crowd incidents.

Pedestrian flow models can be used to predict the walking dynamics of a crowd. In gen-
eral, pedestrian flow models are divided into microscopic and macroscopic models (Duives
et al. 2013). Microscopic models are most often used to simulate a pedestrian’s operational
movement dynamics. The social force model is one of the most frequently used micro-
scopic models; it considers both physical and motivational factors when determining the
next step of each individual agent in the simulated environment. According to this model,
the pedestrian walking behaviour is influenced by the goal and desired velocity of the indi-
vidual, physical boundaries of spaces (e.g. walls, obstacles), and attractive/repulsive effects
of objects, spaces, and other agents in the surrounding environment of an agent. In the
original version of the social force (SF) model proposed by Helbing and Molnar (1995),
the agents were assumed to have no social attachment to other pedestrians.

In recent years, several alterations have been suggested to the SF model to enhance
its realism. For instance, Zacharias (2001) found that the gathering of pedestrians might
increase the attractiveness of certain locations, and Qu et al. (2018) established that over-
crowding creates unfavourable feelings among people and consequently repulse them. Koh
and Wong (2013) found that commercial activities and crowdedness are both important
factors that divert pedestrians from the preferred path. Furthermore, Xiao et al. (2016)
established that the distribution of pedestrian density is an important factor influencing the
pedestrian experience in a pedestrian environment.

Moreover, the behaviour of pedestrians moving in groups, known as group dynamics,
was found to be an important factor influencing the walking behaviour of individual pedes-
trians (Lu et al. 2014), crowd movement dynamics (Duives et al. 2014), and distribution of
pedestrians over a space (Wang et al. 2013). Considerable research has been conducted on
the statistical properties of group dynamics (e.g. James 1953; Bakeman and Beck 1974).
For instance, observations on pedestrian group size showed that the sizes of social groups
were mostly less than or equal to 6 (Ge et al. 2012; Li et al. 2015; Feng and Li 2016).
Additionally, Moussaid et al. (2010) illustrated that the group size influences the walking
speed and formation of a social group. Zanlungo et al. (2014) reported that small pedes-
trian groups generally exhibit similar constellations.

A common feature of all microscopic pedestrian models featuring group dynamics is
that small explicit additions to the model structure have been made to account for the influ-
ence of the group. An additional force with a predetermined mathematical formulation is
usually added to the array of ‘social’ forces. Essentially, the estimation procedure com-
prises the calibration of the parameters of this explicit new force (i.e. reaction strength
and radius). However, it should be investigated whether this explicit manner of accounting
for the interactions with group members as well as non-group members comprehensively
accounts for all influences of the group on the movement dynamics of the group members.

In contrast to these previous attempts, the present study adopts a different approach to
the modelling of pedestrian group dynamics. The objective of this study is to derive a neu-
ral network model incorporating a comprehensive set of input variables that influence a
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pedestrian’s movement behaviour in social groups. For this purpose, this study estimates an
array of ‘simple’ artificial neural network models that feature the movement characteristics
to evaluate the effect of variables on the prediction accuracy and obtain the best set of input
variables. This new model accounts for a wide range of influences, such as the movement
characteristics of the agent, pedestrian—environment interaction, inter-pedestrian interac-
tion, intra-group relationship, and inter-group relationship.

The remainder of this paper is structured as follows. “Background” section presents a
brief overview of the previous studies on pedestrian movement prediction models. “Meth-
odology” section comprehensively discusses the research methodology. “Case study” sec-
tion presents a case study. “Results” section presents the results of selecting the related
variables and running the neural network model. Finally, “Conclusion” and “Applications
and future work” sections, respectively, present the main conclusions of this research and
the potential applications of this model to future research and the design of public walking
spaces.

Background

Previous studies have attempted to model walking and group dynamics using microscopic
pedestrian simulation models and artificial intelligence (AI) models. This section reviews
the literature intensively. “Explicit modelling of group dynamics” section discusses the
current state-of-the-art pertaining to the modelling of group dynamics. Furthermore,
“Machine-learning modelling of walking behaviour (and group dynamics)” section elabo-
rates the use of AI models to model pedestrian movement behaviour.

Explicit modelling of group dynamics

The studies featuring the modelling of group dynamics can be classified based on the foun-
dation model that they enhanced. Three foundation models are used, namely, social force
(SF) model, cellular automaton (CA) model, and agent-based model (ABM). The studies
that have made specific adaptations to incorporate group dynamics are discussed below.
The SF model is a continuous model that describes the influence of the desired veloc-
ity, presence of other pedestrians, physical borders, and attractiveness of nearby locations
on the pedestrian behaviour as a force. Several researchers have enhanced the original
SF model of Helbing and Molnar (1995) to incorporate group dynamics. Moussaid et al.
(2010) attempted to incorporate head rotation, attraction effect, and repulsive effect in
social groups into the SF model. Furthermore, Zanlungo et al. (2014) used interaction with
group members and the inter-group collision avoidance behaviour to describe the group
dynamics. Recently, Zhang et al. (2018) attempted to incorporate the leader—follower
behaviour in an inter-group relationship and the similarity of position and velocity in an
intra-group relationship into the SF model. This SF model is capable of describing the
interactions, but the force having the dominant influence could not be clarified.
Furthermore, the CA model divides a space into grids of cells and simulates the move-
ment of individuals between cells in discrete time intervals. This model has been improved
to simulate group behaviour in crowds. For instance, Koster et al. (2011) incorporated
social groups into the CA model and found that group behaviour influences the crowd
movement; several group behaviours were validated experimentally. Recent studies have
also incorporated intra-group structure (You et al. 2016) and leader—follower behaviour
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(Lu et al. 2017) into the CA model. CA models require less computation and effectively
describe the existing theories in a discrete space; however, they are incapable of examining
and updating the theory of walking behaviour.

On the other hand, the ABM is a ‘bottom-up’ model, which allows agents to move in
a continuous space instead of grids; it also allows setting movement rules without the
restriction of being driven by a ‘force’. Qiu and Hu (2010) incorporated an intra-group
structure and inter-group relation into the ABM and found that the group size, intra-group
structure, and inter-group following behaviour affect the crowd dynamics. Later, research-
ers attempted to incorporate interactions between sub-groups (Fu et al. 2014), panic case
(Wang et al. 2015), and social group speed coordination (Kiefer et al. 2017) into the ABM.
In the ABM, the rule of movement is predetermined, making it feasible to execute a variety
of behaviours; however, similar to the CA model, the predetermined rule follows the previ-
ously studied theory, and new influencing factors cannot be incorporated.

In summary, attempts have been made in an unorganised manner to simulate group
behaviour by means of microscopic pedestrian models. Previous studies showed the influ-
ence of group dynamics on the pedestrian walking behaviour by adding variables describ-
ing group dynamics, but the relative importance of variables describing group dynamics
and other variables were not directly compared in a comprehensive model. Therefore, fur-
ther fundamental research is required to determine the exact factors that influence group
movement behaviours.

Machine-learning modelling of walking behaviour (and group dynamics)

Al models allow the implicit modelling of various movement dynamics (Chella et al.
2000). In other words, machine learning models can learn a relationship between input and
output variables, while allowing much flexibility in specifying prior assumptions on this
relationship. These model types can also be used to study pedestrian movement behaviour.
This section reviews the three most promising Al modelling techniques that have already
been used by other researchers to model walking behaviour, namely, the Markov model,
neural network, and long-short term memory (LSTM) model.

Markov model

A Markov chain is a stochastic model describing a sequence of possible events in which
the probability of each event depends only on the state attained in the previous event. A
Markov model can be effectively used to study a discrete system and can be applied to
the spatial sequential choice. Models such as the hidden Markov model (HMM)), relational
Markov networks (RMN), and Markov decision process (MDP) use the Markov chain con-
cept to predict pedestrian behaviour. Ashbrook and Starner (2003) incorporated previous
locations into a Markov model to predict the movement of people. By considering indi-
vidual characteristics, Gambs et al. (2010) used a Markov model to predict the next desti-
nation of a person based on the historical information of the previously visited spaces and
the probability distribution of transitions between states. Furthermore, Gambs et al. (2012)
included several historical locations of the concerned person to improve the precision of
prediction.

To study the movement and distribution of pedestrians in a public area, a model that can
be applied to predict the instantaneous movement behaviour is required to simulate pedes-
trian walking dynamics. Nascimento et al. (2010) proposed a two-layer HMM to predict
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the pedestrian movement dynamics based on the historical trajectories. The lower-level
model features stopping and moving to the north, west, south, or east, and the upper-level
model switches the action mode of the lower level according to the type of activity. Burkert
and Bamler (2012) incorporated pedestrian interaction by calculating four motion features
between pedestrians, and a weight was assigned for the interaction based on the distance
between the pedestrians. This model considered the interaction between neighbouring
pedestrians, and it could make sense for determining social groups with two pedestrians.
The Markov models verified the importance of historical states in predicting pedestrian
dynamics. Because Markov models aim to predict discrete states, the amount of input vari-
ables required to build a continuous prediction model is extremely large, and it is difficult
to calibrate the model to compare the effects of different variables.

Neural network

The neural network considered in the present study excludes deep learning, which dis-
tinguishes its concept in this study from the LSTM model. A neural network is a series
of algorithms that endeavours to recognise the underlying relationships in a set of data
through a process similar to the operation of the human brain. Zheng et al. (2002) com-
bined the SF model and a neural network and found that an appropriate proportion of impa-
tient pedestrians in a crowd could improve the crowd movement and passage time. First,
a neural network was used to build a choice model of pedestrian behaviour (Ottomanelli
et al. 2010; Zainuddin and Lim 2012; Yuen et al. 2014). Later, Yi et al. (2016) used the
previous displacement of the pedestrian to predict the future movement. Song et al. (2018)
compared the neural network model and SF model in several scenarios and found that the
former exhibits better performance in predicting the pedestrian movement than the latter.
In general, previous neural network models used historical information and the surround-
ing condition as inputs and considered repulsion from the walking environment.

Because pedestrian movement is also influenced by the attraction from group mem-
bers, a prediction model for walking behaviour influenced by social groups is yet to be
constructed. Wang et al. (2019) proposed a method to select the input variables from a
group of behavioural and environmental factors that could be used to predict the variation
in walking speed to simplify the prediction model. However, that study focused on a choice
model of acceleration, deceleration, and maintenance of the current speed, which do not
quantify the change in speed or consider the change in direction. Thus far, there have been
no reports on a neural network model that considers a variety of variables to predict the
trajectory and walking dynamics and is combined with a method to filter the variables in
this model.

LSTM model

The LSTM model is a type of recurrent neural network model that has recently been used
to predict pedestrian trajectories. It is capable of considering all historical information
and discarding irrelevant data, enabling it to automatically learn the current and histori-
cal states of a pedestrian and predict the future positions. Alahi et al. (2016) used Soical-
LSTM networks to predict the pedestrian movement by considering the previous move-
ment condition and spatial neighbours in the model. It was found that the LSTM model
could predict pedestrian movement, but the environmental factors were not included in
this model. Pfeiffer et al. (2018), Bartoli et al. (2018), and Xue et al. (2018) incorporated
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the environmental borders and obstacles in the LSTM model and improved the prediction
accuracy. Later, other factors, such as the attention model (Fernando et al. 2018) and spa-
tial affinity between pedestrians (Xu et al. 2018), were integrated with the LSTM model to
further improve the accuracy. Recently, Bisagno et al. (2019) considered social groups in
the LSTM model by treating them as an entity and predicted the movement dynamics by
considering only the influence of the inter-group relationship. In that study, many other
factors such as leader—follower interaction and intra-group interaction were neglected. Fer-
nando et al. (2019) used an LSTM model to predict the pedestrian’s operative movement
behaviour and attempted to derive the influence of group behaviour from this movement
prediction model. That study found an approach to extract pedestrian social groups in the
crowd by identifying group behaviour, but the influence of group members on the walk-
ing dynamics was not quantified. Generally, in the LSTM model of predicting pedestrian
dynamics, the influence from walking environment and other pedestrians are represented
by their hidden states, and the type of interaction is not specified. Moreover, a prediction
model for pedestrian movement considering social group behaviour has not been explicitly
elucidated.

In general, the Markov model has logic to predict the pedestrian dynamics, but it can-
not cope with the calibration of many variables needed to be incorporated in a continuous
space. The neural network and LSTM model are not limited by multicollinearity between
variables since their aim is to achieve the highest fit without identifying functional rela-
tionships of individual variables (Lakes et al. 2009). Because the influencing factors of
walking dynamics may have multicollinearity, and most other models should not take the
influencing factors with multicollinearity as input variables simultaneously, which will
lead to the exclusion of some influencing factors, neural network and LSTM model can
establish a comprehensive model. The simplicity of neural networks may impair their
accuracy in some cases; however, because of their simplicity, they have the potential to
be comprehensive and comprehensible. The LSTM model is capable of making accurate
predictions; however, because of its complexity, no existing method has been sufficiently
validated to determine the relative importance of influencing factors represented by hidden
states. Regardless of the type of model used for prediction, a proper set of input variables
is always a key factor. A neural network provides the opportunity to use a variety of vari-
ables as inputs simultaneously and calculate the contribution of each variable to the walk-
ing dynamics to obtain a prediction model with the set of most influential input factors.

Methodology

The present study attempts to establish a comprehensive set of factors that are jointly
required to model grouping behaviour. Thus, a model type is required that can be inter-
preted mathematically and applicable in variable selection. Simultaneously, we intend to
step away from the explicit modelling of the variables and the relations between them. A
neural network is suitable for this purpose. This section presents a method to model pedes-
trian group behaviour implicitly by means of a neural network.

First, the general structure of the neural network is presented. Accordingly, the variables
that feed the model are introduced; then, the variable selection process is detailed. Finally,
the parameter analysis method used to handle the stochasticity in the model calibration
process is discussed.
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Design of neural network model

As seen in Fig. 1, the neural network model in this study is a three-layer network compris-
ing an input layer, a hidden layer, and an output layer, because the neural network with one
hidden layer can be more comprehensible (Heaton et al. 2017). The input layer contains
one or more input variables used to predict the output. The output layer is the accelera-
tion along the x-axis (V,) and y-axis (V,) in the next time interval (0.5 s). The number of
neurons in the hidden layer correlates to those in the input layer. The activation function
between input layer neurons and hidden layer neurons is tangent sigmoid function, and the
activation function between hidden layer neurons and output layer neurons is linear transfer
function. The tangent sigmoid function is defined as

2

YT e

-1 ey
where x denotes the input of hidden neurons, and y represents the output of hidden neurons.

The cases are divided into two sets: training and testing. The training set is used to train
the model (determine the coefficients for the multinomial logit model and parameters for
the machine learning model). The testing set is used to test the performance of the trained
model. The predicted results from the testing set are compared with the actual experimental
data to determine the final prediction accuracy. In this study, the training and testing groups
are randomly selected from the dataset. A limited number of groups featuring large group
sizes are present in the dataset, which might cause an imbalance in the test of the model.
Thus, all the groups are divided into two parts to avoid imbalance between the training

|

O
Q0000

O

L

O
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Input layer ! Hiden layer ! Output layer

Fig. 1 Architecture of neural network used in this study
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and testing data. Groups with more than three members are classified as large groups, and
the others are classified as small groups. In the process of dividing the data, 80% of small
groups and 80% of large groups are selected to be used for training, and the remaining 20%
of the data featuring both types of groups are used for testing.

Identification of candidate input variables

A pedestrian can be affected by his/her current and historical states (Alahi et al. 2016). In
this study, the historical state is described by the velocity variation in the previous time
interval. For the current state, according to the SF model, the pedestrian walking dynamics
is influenced by the preferred velocity, repulsive force from the borders or other pedestri-
ans, and influence of social groups (Helbing et al. 2001). The influence of social groups
can be further classified into intra-group relationships and inter-group relationships (Qiu
and Hu 2010). As shown in Fig. 2, the input variables considered in the model can be
classified into five groups: movement characteristics, pedestrian—environment interaction,
inter-personal interaction, intra-group relationship, and inter-group relationship. In order to
organise the complex environment influence (non-fixed number of obstacles, neighbours,
and leaders) as a few input variables to be used in the neural network, basic rules are used
to convert these influences into variables.

The first group of input variables describes the movement characteristics. In most
microscopic models, these comprise the walking speed, direction, and acceleration. Thus,
these variables are included in the set of candidate variables for this neural network. In

— Pedestrian moving condition Speed (V)
Desired direction (D)
Acceleration in x-axis (Ax)

Acceleration in y-axis (Ay)

By B
By BB
,bd D,

[ Pedestrian--environment interaction — Obstacles |: 20 BEe Be
G B B

Input variables

— Inter-pedestrian interaction Distance between pedestrians [Dg‘f D

D& ,Dd
Time to collision I:Tgm REs
To" T3,

— Intra-group relationship — Group size (Gs)

DE* D2 ;c/D\Szo Y/DS'V 180
5 D DI ‘S;Djwu

TER PR
® o TrTRow

Longitudinal distance (Go)
Lateral distance (Ga)
Difference of speed in x-axis (Gx)

Difference of speed in y-axis (Gy)

L— Inter-group relationship — Leader-follower — L&* &% [&* L5 L5* L&

Output variables [Acce\eration in x-axis of next 0.5s (Nx)

Acceleration in y-axis of next 0.5s (Ny)

Fig.2 Structure of the input and output variables in the model
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Fig. 4 Interaction between pedestrians and obstacles in the environment

this research, this group of variables comprises the current speed (V), desired direction
(D), acceleration along the x-axis (A,), and acceleration along the y-axis (Ay), as shown
in Fig. 3. Because the walking dynamics in a short time interval is influenced by the body
swing, and a long time interval fails to describe certain details of the walking process, the
time interval is set to 0.5 s. V is calculated as the distance of movement in the previous
0.5 s divided by the time interval (0.5 s). The intended direction is the direction extend-
ing from the current position to the final position in the area of focus, and D is the angle
between the current walking direction and the intended direction. A, and A, denote the dif-
ference between the current velocity and the velocity 0.5 s earlier along the x-axis and
y-axis of the current coordinate system divided by the time interval (0.5 s), respectively.
The second group of variables features the interaction between the pedestrians and
obstacles in the environment, as shown in Fig. 4. Pedestrians maintain a safe distance
from other elements in the environment to avoid the risk of injury (Helbing and Molnar
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1995). Therefore, in this study, walls, handrails, steps, and slopes are treated as obsta-
cles. The force from the obstacles within a distance of 1.62 m (Johansson et al. 2007)
from a specific pedestrian is considered. Borders such as steps and slopes, which can
be navigated, are generally considered obstacles. However, in the case of a pedestrian
about to leave the region of interest from a border, the border is not treated as an obsta-
cle when the distance between the current pedestrian position and the position on the
border from where the specific pedestrian will exit the region is less than 4 m (Fajen
and Warren 2003). Based on the angle of interaction, the obstacles are divided into 12
groups, namely, 0°-30°; 0° to — 30°; 30°-60°; — 30° to — 60°; 60°-90°; — 60° to — 90°;
90°-120°; — 90° to — 120°; 120°-150°; — 120° to — 150°; 150°-180°; and — 150° to
— 180°. In this study, the symmetrical parts of the region around the current walking
direction, such as 30°-60° and — 30° to — 60°, are treated as opposite positions. Fur-
thermore, the sum of and difference in the forces at the opposite positions are calculated
and considered as the input variables of this group. For the force in the region from « to
B, Bf'/’ is the sum of forces generated from the obstacles, and BZ’ﬂ is the difference in the
forces. The force generated by an obstacle decays exponentially with the distance from
the edge of the specific pedestrian (Johansson et al. 2007). Thus, if the radii of pedestri-
ans are considered as 0.3 m, the force is calculated using Equation 2.

F(n) = 039 )

The third group of variables pertains to interpersonal interactions. This group of var-
iables includes the time to collision and the distance between pedestrians. Considering
the angle between the current walking direction of a specific pedestrian and the position
of other pedestrians, to clarify the influence from specific directions, other pedestrians
are separated into 12 groups using the same method as separating obstacles, as shown in
Fig. 5. This group of variables are also the sum of and difference in the forces generated
from the opposite positions of the walking direction.

As shown in Fig. 5a, time to collision is the time until an impending collision. A
situation where the distance between a specific pedestrian and another pedestrian is less
than 0.6 m is regarded as a collision, and the time (A¢) is calculated. The time to colli-
sion is also considered as a force. For the force i 1n the region from a to g, T # is the sum
of forces generated from the pedestrians, and T is the difference in the forces Because
the probability of collision decays exponentlally with Ar (Festa et al. 2018), the influ-
ence of a pedestrian (n) is calculated using Equation 3. If no possible collisions arise
from a specific region, the force will be considered as 0.

F(n) = e (3)

Other pedestrians can also be treated as obstacles. For the direction from a to f, D’ # is the
sum of forces between « and f#, and D is the difference in the forces between « and p. For
another pedestrian (n), the distance from the specific pedestrian (d) is used to calculate the
force, as seen in Fig. 5b. The force generated by other pedestrians decays exponentially
with the distance between the edges of these two pedestrians (Johansson et al. 2007); thus,
if the radii of pedestrians are considered as 0.3 m, the distance between the two pedestrian
edges is d — 0.6 m, and the distance-dependent force is calculated using Eq. 4. If no other
pedestrians appear in a specific region, the distance-dependent force will be considered as

0.

@ Springer



Transportation

150

(Xn+Vnxx At,yn+Vnyx At)

-30

(b) Distance between a specific pedestrian and other
pedestrians

Fig.5 Interpersonal interaction
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F(n) = 009, @)

The fourth group of variables comprises intra-group relationships. Aggregation and fol-
lowing are the two actions that group members take to maintain the preferred intra-group
structure (Qiu and Hu 2010), and group size influences the preferred structure (Moussaid
et al. 2010). As seen in Fig. 6, this group of variables includes group size, relative positions
of the pedestrians within a group, and the difference in velocity between a specific pedes-
trian and other group members. Group size (G,) defines the number of pedestrians in the
social group. The central position is the mean value of the positions of all group members
on the x-axis and y-axis. The longitudinal and lateral distances between the specific pedes-
trian and the central position on the x-axis and y-axis are G, and G, respectively, which
describe the aggregation in the social group. The difference in velocity includes two vari-
ables: G, and G,. These two variables indicate the difference in the walking speed between
the specific pedestrian and the mean values of the other group members on the x-axis and
y-axis, which describe the following behaviour in the group.

The fifth group of variables relates to the inter-group interaction; this group of variables
includes the leader—follower behaviour, as shown in Fig. 7 (Qiu and Hu 2010). Robin et al.
(2009) modelled the leader—follower behaviour and divided the visible region (— 85° to

y N y -
.2 7777“51/:(xw,y1)
- Pa=bay2)
G=4 3 -
Po=(0,0) G Po=((x1+x2+x3)/4, (y1+ya+y3)/4)
o, t @ -
GO
4 P3=(x3,y3)
(a) Group size (b) Relative position of a specific pedestrian

in a social group

(¢) Relative velocity of a specific pedestrian
with other group members

Fig. 6 Intra-group relationship
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Fig. 7 Relationship between a leader and a specific pedestrian

85°) into a ‘central’ region (— 15° to 15°), ‘side’ region (— 45° to — 15° and 15° to 45°),
and ‘extreme’ region (— 85° to — 45° and 45°-85°). In the present study, these regions are
separated as left and right regions. The left region comprises the regions 0°-15°, 15°-40°,
and 40°-85°, and the right region comprises the regions 0° to — 15°, — 15° to — 40°, and
— 40° to — 85°. Pedestrians outside the targeted social group but within the range of 6.25 m
from a specific pedestrian and have a walking direction between — 10° and 10° are selected
as potential leaders. Among all the potential leaders, the one nearest to the specific pedes-
trian is the leader at that moment. The variables of leader—follower behaviour are the sum
of and difference in the forces generated from opposite positions of the walking direction.
For the direction from a to f, L # is the sum of the leader—follower force between a and g,
and L” # is the difference in the leader—follower force between a and f. The attractive force
from the leader is positively correlated with the difference in speed (4v) and negatively
correlated with the distance between the specific pedestrian and the leader (d) (Robin et al.
2009). The variable Av = v; — Vps where v, is the speed module of the leader and v, is the
speed module of the specific pedestrian. For a leader (n), the following force is calculated
using Eq. 5. Faster leaders cause acceleration, and slower ones induce deceleration, but
all leaders attract the specific pedestrian along the y-axis. Because the difference in forces
from opposite positions is correlated to the movement dynamics on the y-axis, |F(n)| is
regarded as the leader—follower force when calculating LZ’ﬂ

F(n) = (v;—v,)/d. (&)

Neural network model selection process

A branch and bound technique is used to derive the neural network model with the best
prediction accuracy. The process is initially simple but gains complexity with the progres-
sive addition of variables into the model. Three procedures are used to select the best neu-
ral network to describe the overall walking behaviour, including group behaviour, in the
dataset. In the first procedure, variables without enough prediction ability are filtered out.
In the second procedure, variables with sufficient relative importance are selected. Finally,
the number of neurons is determined according to the average displacement error (ADE) of
the prediction model, as shown in Fig. 8.
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Fig.8 Process of variable selection

In the first procedure, the ability of each candidate variable to predict the walking
behaviour is determined. For this purpose, a neural network model is estimated that uses
only one candidate variable as the input at a time. The prediction ability of every input
variable is evaluated by R-square, which indicates the prediction ability (Tan et al. 2002)
and can be used for both linear and non-linear models (Rzazanskasa et al. 2017; Elmchichi
et al. 2020). The R-square is defined as

_Z0-P-X06-9
YO-y?

where y denote ground truth, y is the mean value of ground truth, and $ means the pre-
dicted value. The R-square closer to 1 indicates better prediction ability. The R-square
between the prediction result and ground truth in the testing process is accordingly used
to filter the variables with sufficient prediction ability. This procedure involves three steps.
In step 1, the R-square between the prediction result of every variable as input and the
ground truth is calculated repeatedly for a fixed number of hidden neurons (n). Accordingly,
the mean value of all the previous repetitions is calculated and recorded. Therefore, the results
of ‘step n’ comprise two sets, namely, the mean value of all repetitions up to that attempt in
and excluding the current repetition. If the margin of error in the 95% confidence interval of
both sets is less than 0.0001 or the number of repetitions exceeds 999, the repetition will ter-
minate and the median R-square of all repetitions will be recorded as Rx, and Ry,. In step 2,
the process of step 1 repeats with hidden neurons from 1 to 9 for all models, and the median
value of Rx, and Ry, will be, respectively, selected as Rx and Ry. In step 3, in order to get a
comprehensive input variable group, even variables with weak prediction ability should be
included in the model. The R-square above O can indicate that a specific variable has predic-
tion ability (Barten 1987). However, due to the randomness of the neural network model, the
R-square of variables without prediction ability will fluctuate around 0. Therefore, setting 0
as the threshold will not be able to filter out some variables without prediction ability and
obtain a stable candidate set. Then, a threshold that can keep a large number of variables with

R2

(6)
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prediction ability and filter out variables with R-square fluctuating around O to obtain a stable
candidate set should be used. In this study, variables with R-square larger than 0.003 in Rx or
Ry are selected for inclusion in the candidate set.

In the second procedure, the neural network model is estimated with all the selected vari-
ables as inputs, and the relative importance of every input variable is calculated. As a non-
linear model, determining the relative importance of variables is more difficult than in linear
regression models, and Garson’s method is used in this study, because it was proved that the
neural network can identify the most influential input variables from a given variable list by
Garson’s method (Garson 1991), and recently, the reliability of Garson’s method in the vari-
able selection process of three-layer neural network is verified to be better than other widely
used methods, such as correlation method and principal component analysis (Papatheocharous
and Andreou 2010; Fischer 2015; Yousefi et al. 2018; Liu et al. 2018). According to Garson’s
method (Garson 1991), for a neural network model with N neurons in the input layer and L
neurons in the hidden layer, the relative importance of the ith input variable to the kth output
variable (/;;) can be defined as

@y

wrj

L N
2j=1 <|wijvjk|/zr:1
ik =
N L N
2 Zj:l <|wzji"jk|/zr=1

where w;; is the weight of the ith neuron in the input layer and jth neuron in the hidden
layer, and v is the weight of the jth neuron in the hidden layer and kth neuron in the output
layer. Variables with sufficient relative importance will be selected for inclusion in the neu-
ral network model. This procedure involves three steps.

In step 1, the relative importance of every input variable is calculated by Garson’s method
in the prediction model with 1-9 hidden neurons (), and the mean value is recorded as the
relative importance in this step. In step 2, because the relative importance calculated by Gar-
son’s method can reach a stable trend with 999 repetitions (Olden and Jackson 2002), the pro-
cess followed in step 1 is repeated 999 times, and the mean value of the relative importance in
all the previous repetitions is calculated and recorded as I. In step 3, steps 1 and 2 are repeated
until the value of / for every input variable is larger than a certain threshold. Because a high
threshold can simplify the model, and a low threshold can ensure the higher prediction accu-
racy, in order to exclude less influential values and maintain a sufficiently comprehensive set
of input variables, the threshold is set to 0.03. If the value of I for an input is less than 0.03, the
input with the least 7 will be deleted, and the updated set of the remaining variables will be the
input in the next repetition of steps 1 and 2. The variables remaining after all repetitions are
the set of candidate input variables.

At the end of the variable selection process, the ADE of the neural network model featur-
ing the selected variables as input is calculated repeatedly with a fixed number of hidden neu-
rons (n), and every repetition is recorded. For all N pedestrians appearing from 7, to #,,, the
ADE of each repetition is calculated as

: )
)

N \/(P;[ _ Gi,l‘)2 + (P;;l _ G;’)Z

, )]
N(tjm - tsta)

ADE =

i=1 t=ty,

where Pi” and P denote the predicted movement along the x-axis and y-axis, respectively,
of the ith pedestrian during the next 0.5 s from time ¢, and Gf;’ and G are the correspond-
ing ground truths. The mean ADE of all the previous repetitions is calculated and recorded.
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With more than 1999 repetitions, the variation of ADE with the increase of hidden neurons
will reach a stable trend, and a U-shape characteristic can be observed, so if the number of
repetitions exceeds 1999, the repetition will terminate, and the mean ADE of all the repeti-
tions for n neurons in the hidden layer will be recorded as A,. The effectiveness is tested
with the number of hidden neurons ranging from 1 to 70, and the number of neurons at
which the movement is predicted with the best accuracy is selected as the number of neu-
rons in the hidden layer.

Parameter analysis

After determining the input variables, output variables, and number of neurons in the hid-
den layer, the actual structure of the neural network model is determined. Garson’s method
is capable of quantifying the relative importance and select variables (Papatheocharous and
Andreou 2010; Fischer 2015; Yousefi et al. 2018; Liu et al. 2018). Other methods such
as Olden’s method and SHapley Additive exPlanations (SHAP) values can quantify the
intensity and direction of each input variable’s contribution to each output variable (Olden
and Jackson 2002; Lundberg and Lee 2017), which is helpful to understand the relationship
between each input and output variable in the model. Since both Olden’s method and Gar-
son’s method are weight-based methods, if Olden’s method is used, comparing the relative
importance and contribution can show the role of specific variables in the structure of neu-
ral network. For a neural network model with N neurons in the input layer and L neurons
in the hidden layer, the contribution of the ith input variable to the kth output variable (C;,)
can be defined as

L
Ci = Z DyVjs )
J=1

where w;; is the weight of the ith neuron in the input layer and jth neuron in the hidden
layer, and v is the weight of the jth neuron in the hidden layer and kth neuron in the output
layer. C, and C, are the contributions of each input variable to N, and N, respectively. The
magnitude indicates the strength of contribution and the sign shows the direction of con-
tribution. The group of input variables will not be further changed by the result of C, and
C, in this step, so no threshold is specified for C, and C,. In this study, the five variables
that have the largest magnitude of contribution to N, and N, are selected as the variables
that contribute significantly to the prediction of N, and N, respectively. Olden’s method can
also reach a stable trend with 999 repetitions (Olden and Jackson 2002), so the final neural
network runs 999 repetitions using random initial weights. To evaluate the performance of
the final model, the average of R-square, ADE, relative importance and contribution will
be calculated.

Case study

Description of the site

The area chosen for case study is a busy commercial district near the Flood Control Vic-
tory monument at the Harbin Central Street, China, as shown in Fig. 9. This district is a
pedestrian-only space, and the area of interest in this study is 59 m long and 9 m wide.
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Fig. 9 Representation of a scene from the case-study area

This region contains six dominant starting points and destinations: (1) left side, (2) slopes
and steps below, (3) right side, (4) entrance of a shopping mall, and (5 + 6) two restaurant
entrances. Except for the left and right sides, this area is surrounded by building facades,
handrails, steps, and slopes, which form the borders of this area.

Using an unmanned aerial vehicle (UAV), a video of length 10 min was recorded on
Saturday, September 1, 2018, which was a pleasant sunny day to visit this area. The cam-
era captured the video at a resolution of 2720 X 1536 pixels and frame rate of 24 fps, and
was attached to a DJI Mavic Pro light UAV weighing 743 g. The flying height of the UAV
was 90 m, which was sufficiently high to observe both ends of the area of interest and suf-
ficiently low to be able to clearly recognise pedestrian movements.

In the 10 min video, 1565 pedestrians appeared in the region of interest. In this study,
pedestrians who are obviously smaller than other pedestrians are regarded as children and
pedestrians on crutches and wheelchairs are regarded as needing other people’s assistance
in walking. Consequently, most people could walk and choose their route independently
with only a few children and pedestrians who need other people’s assistance in walking.
During the video-recording period, all the pedestrians walked calmly without exhibiting
any abnormal behaviour.

Identification of social groups

As the present study considers the walking behaviour of members in social groups, pedes-
trians having an abnormal average walking speed (less than 0.5 m/s) are ignored. The
grouping process can be divided into two stages. By means of a set of heuristics, pedestri-
ans that have similar trajectories are identified in the first stage. Then, in the second stage,
the results of the first stage are reviewed manually, and the social groups are identified.
The first stage consisted of six steps performed automatically by a program, as shown
in Fig. 10; five of these steps relate to the criteria used to determine the similarity between
pedestrians, and the remaining step relates to identifying possible groups based on the
result of the similarity analysis. In the first five steps, the trajectory of every pedestrian is
compared with that of all the other pedestrians who appear in the camera image simultane-
ously. Any pair that meets all the criteria is regarded as being part of the same group. First,
among the six predetermined starting points in the area of interest, as shown in Fig. 9,
pedestrians sharing the same starting point as the specific pedestrian being analysed are
selected and moved to the next step. Similarly, pedestrians having the same destination are
identified in the second step. Accordingly, the distance between these pairs of pedestrians
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Fig. 10 Automatic identification of social groups by a program

in the entire trajectory is calculated. The criterion for relationship is met if the mean value
of the distance is less than 1.5 m (Li et al. 2015). The fourth step considers the difference in
speed; a pair is retained if the mean value of the speed difference between these two pedes-
trians is less than 0.5 m/s (Li et al. 2015). The last step of determining the relationship is
based on the difference in the walking direction; a pair is considered to be related if the
mean value is less than 25° (Li et al. 2015). The sixth step is to identify all the members of
a group. In this step, all pairs with a relationship are first regarded as a two-person group.
If Pedestrian a in Group A is related to Pedestrian b in Group B, Group A and Group B are
combined, and both the original groups are deleted. The initial groups are combined step-
by-step until none of these groups can be combined further.

In the second stage, members excluded from the social groups in the previous step are
added to the group, and irregular groups are disregarded. There is one criterion for add-
ing pedestrians to a group and three criteria for neglecting a group. The pedestrians or
groups that have apparent interactions with anyone in a predetermined group (e.g. touch-
ing, waiting, turning body to talk) in the video are added to that group. In this study, three
types of behaviours are treated as irregular. First, certain factors such as a food stand or
dustbin attract specific pedestrians; it is difficult to incorporate this in a model that consid-
ers all pedestrians. Therefore, groups attracted by these factors are disregarded. Second,
the groups with children are disregarded because children tend to behave more casually
than adults, and their movements influence the movement of other individuals in the group.
Third, the groups stopping to find their way or walking back after reaching the intended
destination are disregarded. In such conditions, the deceleration or return is not induced
by the factors considered in this research. The grouping result is achieved by considering
these manual adjustments. In this stage, 58 groups added new members because of interac-
tions observed, and 48 irregular groups were disregarded.
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Trajectory extraction and grouping

The UAV captured the video featuring images of 2720 x 1536 pixels. Because the pan-
tilt camera can prevent video shaking, the averaged measurement error in every time
interval (0.5 s) is diminished to 0.0173 m. The video analysis software ‘Tracker’, which
is a program built on an open-source Physics Java framework, was used to derive the
trajectories of all pedestrians within the study area from the video recordings. The ori-
gin of the coordinate system, the positive direction of the x-axis, and the unit length can
be fixed on the unchanged background in the video (the building facade in this study),
which can further reduce the averaged measurement error. Combined with the unit
length in the video, this study applies perspective transformation to convert the data to
GPS level. Owing to the high altitude of the UAV and the low number of pixels per indi-
vidual, the movements of the upper body were part of the captured trajectories. After
performing the semi-automatic tracking procedure, the tracking errors produced by the
software were corrected manually by visual inspection.

Most pedestrians were part of various social groups in the video; the grouping condi-
tion is shown in Fig. 11. There were 805 pedestrians walking normally in social groups,
which incorporated 34,005 data points that can be used for training and testing. The
largest group observed in the video consisted of 6 people, and most of the pedestrians
belonged to groups with 2 or 3 people, accounting for 50% and 30% of all pedestrians,
respectively; this result corresponds to the result of James (1953). The remaining groups
consisted of pedestrians walking individually, pedestrians moving slowly (at less than
0.5 m/s), and members in the groups demonstrating behaviour triggered by factors that
are not considered in this study, such as those attracted by other factors or those who
had lost their way. Members in social groups ought to walk together; however, some
larger groups split into sub-groups when the pedestrian density nearby was high and
reunited after passing the crowded area. Although social groups may split, their mem-
bers are more likely to walk together within a certain range of distance.

Fig. 11 Number of groups in 4
different group sizes

100 +

Rest 2 3 4 5 6

Group size (n)
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Results

In the first procedure, the R-square of 18 variables are larger than 0.003 and considered as
having strong prediction ability in this study. After the second procedure, 16 variables are
found to influence the acceleration of pedestrians that are part of social groups when all
variables having strong prediction ability are used as input variables. The relative impor-
tance (/) and contribution (C, and Cy) of these 16 variables in the final model are shown
in Table 1. These variables feature the current movement characteristics, pedestrian—envi-
ronment interactions, inter-personal interactions, intra-group relationships, and inter-group
variables. The influence of the variables included in each group is discussed per group.

Using these 16 variables as inputs, the mean ADE of the training and testing process
of 1-70 neurons in the hidden layer is shown in Fig. 12. In general, the training accuracy
increases with increase in the number of neurons in the hidden layer. Furthermore, the pre-
diction accuracy increases with increase in the number of neurons in the hidden layer when
the number is not large; however, after a threshold, the ADE increases because of over-
fitting. Therefore, the neural network featured 17 neurons in the hidden layer, which can
exhibit the best prediction accuracy.

Movement characteristics

This group of variables consists of four variables, namely, current velocity (V), angle
between the current movement direction and target direction (D), acceleration along the
x-axis (A,), and acceleration along the y-axis (A,). Table 2 shows the result of the first
variable selection procedure, which is the R-square between the prediction result of each
variable and the ground truth of acceleration along the x-axis and y-axis. The prediction
results of V, D, A,, and A, are strongly correlated with acceleration along the x-axis (V).

Table 1 Relative importance

of all input variables, where [ Variables ! = C"

represents relative 1mp9rtapce, v 0.1377 —1.0525 0.0044

C, represents the contribution

to N,, and Cy represents the D 0.2023 0.2487 0.8056

contribution to N, A, 0.2724 0.3180 —-0.0273
Ay 0.3197 —0.0280 1.6436
3330 0.1017 0.1928 —0.0204
320,60 0.1352 0.1503 0.2502
33090 0.1581 —0.2976 —0.0554
330,120 0.1162 0.0839 —0.1110
T?m 0.0656 —0.0453 —0.1510
T3‘30 0.0742 —0.0243 —0.4749
T;‘)"O 0.0398 0.0261 —0.1696
G, 0.0657 0.1716 0.1793
G, 0.0434 —0.0273 0.3694
G, 0.0875 0.1718 —0.0439
G, 0.1204 0.0326 —0.0179
Lg-lS 0.0601 0.0610 —0.0728
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Fig. 12 Average displacement error in the training and testing process with 1-70 neurons in the hidden
layer

Tablg 2. R-square be.tween. Variables Ry Ry
prediction results using a single
variable describing movement

. : 14 0.0084 0.0000
characteristics as input and the

ground truth of the testing data D 0.0031 0.1288

A, 0.1867 —0.0007

A, 0.0115 0.2015

Moreover, the prediction results of D and A, are correlated with the acceleration along the
y-axis ().

In the second variable selection procedure, all the four variables are incorporated in
the final model, as shown in Table 1. The fact that V, A, and Ay are incorporated in the
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prediction model shows that the walking condition in the past 0.5 s strongly influences
the movement during the next 0.5 s. The negative contribution from V to N, indicates that
pedestrians attempt to maintain their walking speed within a desirable range. Both the con-
tributions of A, to N, and A, to N, are positive, indicating that pedestrians follow a simi-
lar turning trend as adopted in the previous time interval. The contribution of D to N, is
positive, indicating that pedestrians try to walk in a similar direction to the destination. N,
is not correlated with V, which could be because fast-walking pedestrians make smaller
directional changes (Duives et al. 2017); however, a small change in the walking direction
induces a large N,. The correlation between acceleration and V and D is consistent with
previous research results (Helbing and Molnér 1995; Zanlungo et al. 2014), and this study
validates a continuous trend of acceleration.

Pedestrian-environment interaction

Of the 12 variables describing the pedestrian—environment interaction, B0 30 B30 60 360 %,
and ng 120 are found to be correlated with N, in the first procedure, as shown in Table 3

This ﬁndmg implies that obstacles in the V151ble area have a strong influence on the varia-

tion of walking dynamics.

In the final model, all the four variables are incorporated as shown in Table 1.
B60 20 and 390 120 contribute more to N, than B 30 which can be caused by the mfrequent
occurrence of walls on pedestrian routes. The contrlbutlon of B} 3060 i positive, which can
be the result of the guiding effect of the wall. A previous study found that pedestrlans tend
to walk along walls to get a smooth path (Lee 2015). The negative effects of B and
390 120 ensure a safe distance between pedestrians and walls. If the specific pedestrlan no
longer walks along the wall, resulting in the wall exceeding 30°-60°, the repulsive force of
the wall will be the dominant factor. This finding validates the guiding effect found by Lee
(2015) and the repulsive force found by Johansson et al. (2007), which are combined in the
neural network model.

B30 60

Inter-personal interaction

The neural network model includes the time to an upcoming inter-pedestrian collision and
the distance to surrounding pedestrians. In the first procedure, T0 30 and T0 30 are found to
be correlated with N, and 70 0, 30 60 D90 120 and D120 B0 are correlated w1th N,, as shown
in Table 4.

T0 30 TO 30 and T30 60 are incorporated in the prediction model, as shown in Table 1. In
the predlctlon model the C, of 793 is negative. This correlation shows that face-to-face
collisions decrease the walking speed The influence of T2’30 on N, is also negative but
weaker than that of T?3O—thls indicates that the deceleration will be more apparent for

Tablg 3. R-square be'tween' Variables Rx Ry

prediction results using a single

var1‘able descpbmg pedestr{an— 500 — 0.0004 0.0169

environment interaction as iput d

and the ground truth of the B30*60 - 0.0005 0.0116

testing data 361090 —~ 0.0004 0.0069
Bo0-120 —0.0004 0.0044

d
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Table 4 R-square between

- . . Variables Rx Ry

prediction results using a single

variable describing inter-personal 70.30 0.0097 — 0.0001

interaction as input and the s

ground truth of the testing data T3‘3O 0.0067 0.0085
T30~6° —0.0003 0.0059
Dio,lzo —0.0005 0.0124
D'20:150 — 0.0006 0.0069

d

collisions approaching from the left. This result may be caused by the fact that most pedes-
trians walk on the right side, resulting in less space to evade collisions from the left. For
Ny, the Cy of both T3’30 and T30’60 is negative, and the Cy of T3’3O is stronger. These correla-
tions show that in face-to-face collisions, pedestrians turn in the opposite direction to evade
the collision, and the collision nearer to the current walking path causes a larger impact. It
can also be found that in the final model, the C, of 7930 is negative. This can be attributed
to the phenomenon that in face-to-face collision, pedestrians are more prone to turn right to
avoid, which is consistent with the previously found right-hand behaviour (Moussaid et al.
2009). The relative importance of the time to collision and the distance of collision is com-
pared in this study. The exclusion of D30,120 and D;zo,lso shows that pedestrians are more
sensitive to the time to collision than the distance to surrounding pedestrians.

Intra-group relationship

Five variables in the neural network model describe intra-group relationships, namely,
group size (G,), longitudinal distance (G,), lateral distance (G,), difference in speed along
the x-axis (G,), and difference in speed along the y-axis (Gy). G, G, G, and Gy are
selected in the first procedure, and the result is presented in Table 5.

All four variables are incorporated in the final model, as shown in Table 1. The C, of G,
and G, is stronger, and the C| of G, and G,, are stronger. The C, of G, and C, of G, are pos-
itive. These two correlations indicate cohesion in social groups, which causes pedestrians
to maintain proximity with their group members. The C, of G, is also positive—this indi-
cates velocity coordination, wherein pedestrians in the same social group attempt to main-
tain a similar walking speed as their fellow group members. The contribution from G, is
slightly different from the finding of velocity coordination proposed by Qiu and Hu (2010).
The less obvious contribution and large relative importance of G, can be caused by the
complex influence of G, in this study. In some cases, the affected pedestrians react before
their group members; Under other influences, their team members react first. Although the
influence of G, is important, it depends on the conditions described by other variables.

Table 5 R-square between

. . . Variables Rx Ry
prediction results using a single
var@ble d;scnbmg intra-group G, 0.0086 — 0.0003
relationship as input and the
ground truth of the testing data G, —0.0008 0.0113
G, 0.0283 —0.0009
G —0.0003 0.0443
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Table 6 R-square between prediction results using a single variable describing inter-group relationship as
input and the ground truth of the testing data

Variables Rx Ry

L0 0.0036 -0.0012

Table 7 Comparison of ADE and

FDE of other methods with that Models ADE FDE

of our neural network model Discrete model 1.0701 2.0132
SF model 1.4717 2.2984
Social LSTM 0.6326 1.3255
Our neural network 0.3559 0.6863

Inter-group relationship

Six variables describe the leader—following behaviour, and the prediction result of L?’IS is
found to be correlated with N,, as shown in Table 6. L2>15 is incorporated in the final model.
The C, of L?’ls is positive, indicating that pedestrians accelerate and decelerate according
to the leader, and the leaders near the current walking path have a significant influence. The
effect of this influencing factor is similar to that of Robin et al. (2009), and this study fur-
ther defines the dominant scope of pedestrian impact.

Neural network model

The final neural network model contains 16 input variables, namely, V, D, A, Ay, 32’30,
B;O’ﬁo, 320’90, Bzo,lzo’ TSO’30, T3’30, T;O’m, G, G, G, Gy, and L?’IS. To further validate the
effectiveness of our neural network model, the prediction performance with the same data-
sets of state-of-the-art models, namely, a discrete model (Robin et al. 2009), the SF model
(Zanlungo et al. 2014), and the Social LSTM model (Alahi et al. 2016), is compared with
that of our neural network model. The dataset is separated into the first five minutes and
last five minutes. For the LSTM model and our neural network model, the first half is used
for training, and the second half is used for testing. The discrete model and SF model pre-
dict the second half. Because Social LSTM model predicts for 12 steps, in order to have an
objective comparison between methods, every model predicts for 12 steps.

The average displacement error (ADE) and final displacement error (FDE) in the pre-
diction of 12 steps (6 s) are listed in Table 7. FDE is calculated as the distance between
the predicted final destination and the true final destination at end of the prediction period
(Alahi et al. 2016). The prediction accuracy decreases with the increase of prediction steps,
so the ADE of predicting 12 steps is significantly larger than that of predicting 1 step.

The results conform to the finding that data-based methods show better prediction accu-
racy (Kothari et al. 2020). Our proposed neural network model achieves a better predic-
tion accuracy than Social LSTM, which may be a result of our comprehensive set of input
variables. Our model has four main advantages. First, the long-term goal of pedestrians is
not included in Social LSTM. In our proposed neural network, the variable D describes
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the direction of destination of a specific pedestrian. Second, studies on human trajectory
prediction can be categorized into the learning of human-human (social) interactions,
human-space (physical) interactions, or both (Kothari et al. 2020). Social LSTM learns
human-human (social) interactions, and our proposed model learns both human—human
(social) interactions and human—space (physical) interactions. Third, as a non-grid predic-
tion model, our proposed neural network model can incorporate distant influences on a
specific pedestrian. Fourth, in our proposed model, the social groups are identified by both
a program and observation, which can further improve the prediction accuracy.

The relative importance and contribution in the final model are presented in Table 1. In
the neural network model, the five most important input variables are Ay, A, D, BSO’QO and
V. This shows that the current walking condition has the greatest impact on the walking
dynamics. V, A,, 330,90’ D, and 32’30 are the most influential factors in the prediction of N,
and Ay, D, Tg’m, G, and B?io’ﬁo have the largest contribution to Ny.

The ADE of the final model to predict the next time step is slightly lower than 0.0370,
and the R-square of predicting the variation of speed in x-axis and y-axis are 0.3161 and
0.4048 respectively. Furthermore, the input variable groups are excluded from the neural
network in individual succession to calculate the ADE of prediction result with the remain-
ing variables, as shown in Table 8. When the movement characteristics group is excluded
from the input variables, the ADE of the prediction result is largest; the ADE is second-
largest when the intra-group relationship group is excluded. Previous studies focused on
building models with better prediction accuracy, and the relative importance of different
variables in a comprehensive model is not directly compared. The results of this study
are consistent with previous studies, that is, the model incorporating group behaviour can
improve the prediction accuracy (Moussaid et al. 2010; Bisagno et al. 2019). Furthermore,
by comparing the importance of group behaviour with other variables, this study verifies
the importance of group behaviour in the comprehensive model, and found that movement
characteristics and intra-group relationship are the most effective of all input variables.

Conclusion

Although attempts have been made by some researchers to incorporate group dynam-
ics into microscopic pedestrian models, the principle of interaction within social groups
remains unclear. This study proposed a neural network model that can clarify the relative
importance and contribution of each influential factor on the prediction of walking dynam-
ics of pedestrians in social groups.

This study presented a three-step method to determine a neural network model for
pedestrian walking dynamics. The first two steps aim to select the input variables, and the
third step determines the number of neurons in the hidden layer. Because the movement of

Table 8 ADE of our neural

Excluded ADE
network, obtained by excluding xcluded group
%np.ut.varlable groups 1n Movement condition 0.0442
individual succession
Pedestrian—environment 0.0370
Inter-pedestrian 0.0373
Intra-group 0.0382
Inter-group 0.0371
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pedestrians is two-dimensional (x-axis and y-axis in the coordinate system), an input vari-
able that is correlated with the prediction of the walking dynamics in any axis is selected
in the first step. In the second step, all the variables selected in the first step are input varia-
bles, and those determined as insensitive in the prediction model are sequentially excluded
using Garson’s method, until all the variables are sufficiently sensitive to be incorporated
in the final model. In the third step, the ADE of the prediction model with an increasing
number of neurons in the hidden layer is calculated, and the number of neurons yielding
the best prediction accuracy is selected.

It is found that the movement dynamics of pedestrians in social groups is influenced by
the group members. Both cohesion and velocity coordination in social groups are influen-
tial factors making non-negligible contributions to the variation in the current velocity. In
this study, the factor with the strongest influence on the walking dynamics was velocity
coordination, which is related to group behaviour. Pedestrians tend to maintain a similar
speed as their group members along the x-axis, but the velocity coordination along the
y-axis is complex and depends on the specific conditions. The cohesion in social groups
influences the members of the group, whereby they strive to remain close to the centre of
their group. Consequently, pedestrians change their velocity to maintain proximity to the
centre. In this study, the influence of cohesion and velocity coordination was validated, and
the weight of the influence of group dynamics was quantified.

The same type of parameter can exhibit different types of influence on the variation in
walking dynamics, and some influences can even be contrary, as observed in the pedes-
trian—environment interaction in this study. Obstacles are generally considered a type of
repulsion, and the strength of repulsion corresponds to the distance and angle with respect
to the pedestrian. In this study, it was found that the force from obstacles within the range
of 60°-120° diverts the pedestrians to the opposite direction; however, in the case of obsta-
cles within the range of 30°-60°, the boundary of the area attracts the pedestrians. Conse-
quently, some correlations cannot be simply regarded as attraction or repulsion, because
the influence can be more complex.

For pedestrians in social groups, the time to collision shows a greater contribution than
the distance to surrounding pedestrians, which has been extensively considered in previous
models. This group of variables incorporates all types of collisions, including colliding
pedestrians in the same and opposite directions. Therefore, the influences of both surpass-
ing behaviour and avoidance behaviour can be incorporated to find the correlation with
variation in the original walking dynamics. The strength and category of influence are
determined by the time remaining for an upcoming collision and the direction from which
the collider approaches.

Applications and future work

This study investigated a comprehensive neural network model to predict pedestrian move-
ments in social groups. This study is important in the design of urban spaces, especially
spaces intended for commercial or entertainment activities. Previous models mainly con-
sidered the parameters influencing individual behaviour. However, pedestrians in these
spaces are more liable to be in social groups, where their behaviour is very different from
those of individual pedestrians. Because the constitution of different sizes of social groups
is related to the activities in which the pedestrians participate, the positions of bottleneck
areas, crowd distribution, and pedestrian capacity are influenced by the function of the
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space. Being aware of the properties of the space to be designed, rather than simply imag-
ining the use of the space, can enable designers to incorporate the environmental settings
and group composition of that space into our neural network model to predict the use of the
space and identify bottlenecks or void areas before completing the project. Furthermore,
changes in the ownership or characteristics of a specific area cause a corresponding change
in the amount and percentage of social groups in the area. This model can also be used to
evaluate the influence of renovation design on pedestrian walking dynamics and ensure
that the renovated space is suitable for its new function.

In this study, the importance of including group behaviour was examined. Group
dynamics has been studied by several researchers, all of whom have proposed the idea
that group dynamics is important in crowd dynamics. However, its relative importance in
comparison with other types of influences has not been quantified. In this study, it was
found that the inclusion of intra-group relationship is highly important, except in the cur-
rent walking condition. Future studies that aim to optimise existing models such as the SF
model, Markov model, and LSTM model should consider the relative speed and position of
a specific pedestrian moving in a social group to predict the movement dynamics of pedes-
trians in real life, and their influences should be incorporated.

Group behaviour and many other factors could potentially influence the walking dynam-
ics of pedestrians. Therefore, a variety of input variables can be added synchronously in a
comprehensive prediction model, which causes the model to contain useless information
and increases the model complexity significantly, especially in the case of models such
as the Markov or LSTM model. Selecting a part of the variables before determining the
final group of input variables is important in the first step. It is also meaningful to test the
relative importance of a specific parameter before adding it to the SF model. Many exist-
ing models require assumptions to be made by the modeller (Cheng et al. 2014); however,
determining whether these parameters are influential and crucial is difficult. This study
provides a method to select variables that are most influential in walking dynamics predic-
tion models. Therefore, this study makes a fundamental contribution to the selection of
influencing factors and the quantification of the influence to simplify the input variables
and identify non-negligible influences.

In the future, the model can be further improved in the following aspects. First, the
input variables can be made flexible; that is, if additional influential factors are found to be
important, the model should allow these factors to be added into the input variable group
to test if they can further improve the accuracy. Second, other methods could also be effec-
tive in the variable selection process, such as SHAP values. If new methods are sufficiently
verified to be effective in variable selection of other machine learning models, such as
neural network with multiple hidden layers and LSTM model, different variable selection
processes and models can be compared to further improve the prediction accuracy. Third,
because different kinds of interaction in social groups caused by the group members’ gen-
der, age, and relationship can affect the influence of social groups, the group dynamics in a
specific kind of space can have some unique features. In addition, other factors such as sur-
rounding density and time of day can also influence group dynamics, and the focus of this
study is the calm walking mode. The multinomial logit model can be further improved by
training the neural network based on experiments in other spaces and conditions. Fourth,
further research can use our neural network model to predict the pedestrian distribution in
typical urban environment, and provide planners with more generic and concrete design
strategies, such as in the form of tables. Fifth, the video used in this study was shot from
the top, which is suitable for tracking pedestrians; to further improve the prediction accu-
racy, another camera can be used to capture and add other information to the model. On
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one hand, the step frequency is unobservable, making the variation caused by pedestrian
locomotion modes with steps unquantifiable. The effects of the swing of the body can be
eliminated by adding a video that can observe the step frequency. On the other hand, the
trajectories of pedestrians are at least 9 m, and the average density is only 0.1938 p/m?,
making it feasible to identify social groups because, under the influence of the territory
effect, most pedestrians do not stay and walk together throughout the trajectory if they are
not from the same social group (Helbing and Molnér 1995). However, it still cannot be
ensured that all social groups are identified without errors. Thus, future attempts should
add another video to record visual hints such as talking and appearance to further improve
the accuracy of identifying social groups.
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