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A B S T R A C T

This paper proposes a new activity-based equilibrium model to solve a joint activity-travel pattern scheduling
problem in pedestrian networks. A novel supernetwork platform, pedestrian-joint-activity-time-space, is proposed
to capture the complex structure of pedestrian networks and intragroup interactions on joint activity choices of
pedestrians. The joint activity-travel pattern scheduling problem is transformed into an extended static user
equilibrium traffic assignment model with side constraints for group interactions. A heuristic solution method is
proposed to solve the user equilibrium problem concerned. A simplified pedestrian network is used to illustrate
the convergence of the proposed heuristic solution method. Furthermore, the use of Wi-Fi tracking data from
mobile phones to generate the activity patterns of pedestrians and their interactions is also investigated with a
real case study in a selected area of The Hong Kong Polytechnic University.
1. Introduction

Understanding and predicting pedestrian activity and travel demand
play an important role in the efficient design of new infrastructure, such
as facilities on university campuses or in shopping centers, and in the
daily operations of such infrastructure. The spatiotemporal consistency
of pedestrians’ activity/travel choices and intragroup interactions of
behaviorally heterogeneous groupmembers requires explicit modeling of
activity-travel scheduling decisions. These decisions can be classified into
three levels: (1) departure time choice and activity pattern choice (stra-
tegic level); (2) activity scheduling and route/mode choice (tactical level);
and (3) walking behavior (operational level) (Hoogendoorn and Bovy
(2004)).

Although modeling pedestrian walking behaviors such as the choice
of walking orientation and speed plays a central role in pedestrian
behavior research (see Hoogendoorn et al. (2002) and Bierlaire and
Robin (2009)), activity-travel choice models for pedestrians at the stra-
tegic and tactical levels have received little attention. Hoogendoorn and
Bovy (2004) developed an activity-travel scheduling model in a contin-
uous time-space pedestrian network, but their model focused mainly on
the tactical level. Activity-travel scheduling models in pedestrian
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networks can be distinguished from existing counterpart models in
transportation networks (e.g., Miller and Roorda (2003), Bhat et al.
(2004), Arentze and Timmermans (2004), and Roorda et al. (2009)) in
the following aspects. First, pedestrian networks have a more complex
structure than transportation networks. In particular, pedestrian net-
works include various types of points at multiple levels (floors), such as
pathways, stairways, escalators, and elevators. Second, the intragroup
interactions of behaviorally heterogeneous pedestrians within the same
group also play an important role in activity choice behavior. Finally,
crowding effects at activity locations may affect pedestrians’ activity
choices.

Lam and Yin (2001) first proposed an activity-based equilibrium
model in which a time-expanded supernetwork was used to capture in-
dividuals’ spatiotemporally constrained activity-travel scheduling
behavior. This model was followed by the use of activity-time-space
(ATS) supernetworks, which are extended from the time-expanded
supernetwork, for schedule-based transit systems (Li et al. (2010)),
congested networks (Ouyang et al. (2011)), stochastic utilities (Fu and
Lam (2014)), and weather effects (Fu et al. (2014)). Fu and Lam (2018)
developed a joint-activity-time-space (JATS) supernetwork platform to
model the joint activity and travel choices of two persons in multimodal
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transit networks. The modeling of joint activities in their study, however,
was simplified in that each individual’s schedule contained a maximum
of one joint activity. Vo et al. (2020) proposed a household utility opti-
mum to model the joint activity and travel choices of private car users
with more generalized interactions of various household types using
different transportation modes (i.e., private car or public transit).
Nevertheless, no studies have focused on modeling the activity and travel
choices of pedestrians and their interactions.

In this paper, we propose a novel activity-based equilibrium model to
schedule the daily joint activity-travel patterns (JATPs) of pedestrians,
hypothesizing that behaviorally heterogeneous pedestrians in the same
group may have joint activities and are affected by crowding discomfort
while walking and participating in activities. We then propose a
pedestrian-joint-activity-time-space (PJATS) supernetwork platform to
capture the complex structure of pedestrian networks and interactions on
the joint activities of pedestrians. Based on the proposed PJATS super-
network, the JATPscheduling problem is transformed into an extended
static user equilibrium (UE) assignment problem with additional con-
straints for intragroup interactions. A heuristic solutionmethod, based on
the method of successive averages (MSA), is proposed to address the
extended UE problem. To generate the JATP choice set at each iteration
of the solution method, a multi-agent path finding (MAPF) algorithm is
adopted. Furthermore, the use of Wi-Fi tracking data frommobile phones
is investigated and illustrated to generate an activity pattern for pedes-
trians and their joint activities within a selected study area on The Hong
Kong Polytechnic University (PolyU) campus.

The rest of this paper is organized as follows. First, the model as-
sumptions are given in Section 2, the network representation is proposed
in Section 3, and the problem formulation and solution method are
presented in Sections 4 and 5. The numerical example is given in Section
6, followed by an experimental study at PolyU with the use of Wi-Fi
tracking data to generate the activity pattern of pedestrians and their
joint activities. Finally, our conclusions are given in Section 7, with
recommendations for further studies.

2. Model assumptions

To facilitate essential ideas without loss of generality, several as-
sumptions have been adopted in this paper:

(1) JATPs are considered in a fixed study horizon divided into equally
spaced time intervals (Lam and Yin (2001), Ouyang et al. (2011),
and Fu et al. (2014)).

(2) Travel times in the pedestrian network are deterministic and flow-
dependent (Lam and Yin (2001), Ouyang et al. (2011) and Fu et al.
(2014))), and dynamic and stochastic walking behavior is not
considered (Hoogendoorn and Bovy (2004)).

(3) Activity utilities and travel disutilities are deterministic and flow-
dependent (Lam and Yin (2001), Ouyang et al. (2011), and Fu
et al. (2014)).

(4) Pedestrians have perfect knowledge of traffic conditions
throughout the network (Fu and Lam (2014)) and activity loca-
tions. Note that the proposed model is used mainly for long-term
infrastructure planning and facility management purposes.

(5) The joint decision-making process seeks to maximize the utility of
JATP of the entire group (Fu and Lam (2018), and Vo et al.
(2020)).

Some abbreviations used in the paper are summarized as follows:

� PJATS: Pedestrian-Joint-Activity-Time-Space supernetwork
� JATP: Joint Activity-Travel Pattern
� ATP: Activity-Travel Pattern
� UE: User Equilibrium
� MSA: Method of Successive Averages
� MAPF: Multi-Agent Path Finding
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� CBS: Conflict-Based Search
� DBSCAN: Density-Based Spatial Clustering of Applications with Noise
� HMM: Hidden Markov Model
� MAC address: Media Access Control address
� PolyU: The Hong Kong Polytechnic University

3. Network representation

3.1. Pedestrian-joint-activity-time-space (PJATS) supernetwork

Given a pedestrian network, a PJATS supernetwork GigðNig ;EigÞ is
constructed for each member i of group g, where Nig ;Eig are the set of
nodes and links, respectively. Each PJATS supernetwork Gig captures
both separate and joint activities of member iwith other group members.
The nodes and links of Gig are composed of the exclusive subsets below.

� Nig ¼ Nig
act [ Nig

loc [ Nig
start [ Nig

end,

� Eig ¼ Eig
act [ Eig

wait [ Eig
travel [ Eig

exchange [ Eig
ingress [ Eig

egress [ Eig
start [ Eig

end,

where

� Node ða; l; z; m[fig;kÞ 2 Nig
act , m⊆g, is an activity node. It represents a

state in which a group of members m, including i, jointly participates
in an activity a at time k at location l on floor z, or in short location ðl;
zÞ.

� Node ðl; z; kÞ 2 Nig
loc is a location node. It represents a state in which

member i stays at location ðl; zÞ at time k.

� Node StartðiÞ 2 Nig
start is a start node. It is a dummy start node for

member i.

� Node EndðiÞ 2 Nig
end is an end node. It is a dummy end node for member

i.

� Link ða; l; z; m; kÞ → ða; l; z; m; k þ 1Þ 2 Eig
act , m⊆g, is an activity link.

It represents that a group of membersm, including i, performs activity
a from time k to time kþ 1 at location ðl; zÞ.

� Link ðl; z; kÞ → ðl; z; kþ1Þ 2 Eig
wait is a waiting link. It represents that

member i waits from time k to time kþ 1 at location ðl; zÞ.
� Link ðl; z; kÞ→rðl’; z’; k’Þ 2 Eig

travel is a travel link. It represents that
member i travels on route r from location ðl; zÞ to location ðl’; z’Þ
from time k to time k’, where k’ � k is the travel time on route r.

� Link ða; l; z; m; kÞ → ða; l; z; m’; kþ1Þ 2 Eig
exchange is a member-ex-

change link. It represents that at a given location ðl; zÞ, if m⊂m’, a
group of members m’ nm joins m in performing activity a at time k; if
m⊃m’, a group of members m nm’ leaves m while performing activity
a at time k; wherem’ nm is a group of members inm’ but not inm, and
both m; m’ include i.

� Link ðl; z; kÞ → ða; l; z; m; kþ1Þ 2 Eig
ingress is an activity-ingress link. It

means that a group of members m, including i, enters activity a at
location ðl; zÞ at time k.

� Link ða; l; z;m; kÞ → ðl; z; kþ1Þ 2 Eig
egress is an activity-egress link. It

means that a group of members m, including i, leaves activity a at
location ðl; zÞ at time k.

� Link StartðiÞ → ðl; z; 1Þ 2 Eig
start is a start link. It is a dummy start link

for member i beginning his/her activity/travel plans at location ðl; zÞ.
� Link ðl; z;Kþ1Þ → EndðiÞ 2 Eig

end is an end link. It is a dummy end link
for member i ending his/her activity/travel plans at location ðl; zÞ.

Fig. 1 illustrates the expansion of PJATS supernetworks Gi1g and Gi2g

for two members i1 and i2 with a number of study time intervals K ¼ 4.
In this example, the pedestrian network has two locations, loc1 and loc2:
Members i1 and i2 begin and end their activity/travel plans at loc1 and
loc2, respectively. The two members have lunch on the 9th floor of loc2.
With the proposed PJATS supernetwork, a path from node StartðiÞ to



Fig. 1. PJATS supernetworks for two members i1 and i2.
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node EndðiÞ in supernetwork Gig represents a feasible activity-travel pattern
(ATP) of member i that takes into account joint activities between i and
other members of group g. A feasible joint activity-travel pattern (JATP) of
group g is composed of feasible ATPs of group members so that the
spatiotemporal consistency in the joint activities of the ATPs involved is
maintained.
3.2. Link utility/disutility in PJATS supernetwork

Let u0iaðkÞ denote the utility gained whenmember i separately performs
activity a at time k. The utility of member i performing activity awith the
crowding discomfort effect at location ðl; zÞ between times k and kþ 1,
denoted by uiaðkÞ, can be expressed as

uia

0
@k

1
A¼

Zkþ1

k

u0ia

0
@x

1
Adx

�
1� αi

a

�
f zl
�
k
��
Cz

l

�θalz
�

(1)
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where αia � 0 is the crowding discomfort sensitivity of member i to the
crowdedness of activity a, f zl ðkÞ and Cz

l are the flow and capacity,
respectively, at location ðl; zÞ between times k and kþ 1, and θalz is the
parameter related to the congestion effect of activity a at location ðl; zÞ.

The joint utility ugaðkÞ gained when a group of members g jointly
performs activity a between times k and kþ 1 is given by

ugaðkÞ¼
X
i2g

wig
a u

i
aðkÞ þ

λa
2

X
i;j2g;i6¼j

wig
a u

i
aðkÞwjg

a u
j
aðkÞ (2)

where λa � 0 is a parameter that represents the intragroup interactions

for the joint participation of activity a, and wig
a is member i’s weight

parameter representing the relative influence of member i in group g on
joint activity participation of activity a. A detailed interpretation of the
group utility function and alternative formulations that represent various
group decision-making strategies can be found in Zhang et al. (2009).

Let vrðkÞ denote the disutility for traveling on route r with departure
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time k. The travel disutility is given by

vrðkÞ¼ � VOTr:trðkÞ
�
1þ βr

�
frðkÞ=Cr

�θr�
(3)

where VOTr � 0 is the value of time, βa � 0 is the congestion discomfort
parameter, frðkÞ and Cr are the flow and capacity, respectively, between
times k and kþ trðkÞ, and θr is the parameter related to the congestion
effect for traveling on route r. Note that the value of VOTr is relative to
the route. For example, the value of the time needed to walk on routes
with steps or obstacles might be higher than that needed to walk along a
corridor.

4. JATP scheduling model

In the JATP scheduling model, pedestrians in the same group
schedule their activities and travels to maximize the group utility. With
the PJATS supernetwork proposed in Section 3, the activity-travel
scheduling decisions are equivalent to the determination of a path in
the JPATS supernetwork for each group member such that the summa-
tion of the utilities of paths of all members is maximized while main-
taining spatiotemporal consistency among the paths. The set of paths in
the JPATS supernetwork that satisfy the above conditions then represents
the optimal JATP.
4.1. Optimal JATP

Let Pig denote the set of paths in supernetwork Gig for member i of

group g. The utility of path p 2 Pig , denoted as uigp , can be obtained by
the summation of the utilities of the links on path p as follows.

uigp ¼
X
e2Eig

ψ ig
e δ

ig
ep (4)

where δigep ¼ 1 if path p contains link e and δigep ¼ 0 otherwise, and ψ ig
e is

the utility of link e on path p 2 Pig : The utility ψ ig
e is given by

� if e 2 Eig
wait [ Eig

exchange [ Eig
ingress [ Eig

egress [ Eig
start [ Eig

end, then ψ ig
e ¼ 0,

� if e 2 Eig
act with e ¼ ða; l; z; m; kÞ → ða; l; z; m; k þ 1Þ, then ψ ig

e ¼
uma ðkÞ,

� if e 2 Eig
travel with e ¼ ðl; z; kÞ→rðl’; z’; k’Þ, then ψ ig

e ¼ vrðkÞ,

where uma ðkÞ and vrðkÞ are the activity utility and travel disutility given by
Equations (2) and (3), respectively.

Let Sg denote the set of all feasible JATPs of group g, Sg can be defined
with respect to ATPs of members i in group g, Pig , in the following
equation:

Sg ¼	
R


!rðp; p’Þ; 8p; p’ 2R; R2�i2gPig

�
(5)

where R is a feasible JATP of group g, the term �i2gPig is the cross product
of sets Pig , and condition rðp; p’Þ is true if path p conflicts with path p’.
The conditionrðp; p’Þ is given by Definition 2, where epk denotes the link
on path p 2 Pig elapsed through time k to time kþ 1, andmpk denotes the
set of members related to link epk. Then, mpk ¼ m⊆g when link epk takes
one of the following forms:

� epk ¼ ða; l; z; m; kÞ → ða; l; z; m; k þ 1Þ 2 Eig
act ,

� epk ¼ ðl; z; k’Þ→rðl’; z’; k’’Þ 2 Eig
travel, k

’ � k � k’’,

� epk ¼ ða; l; z; m’; kÞ→ ða; l; z; m’’; kþ 1Þ 2 Eig
exchange,m

’ ¼m orm’’ ¼ m,

� epk ¼ ðl; z; kÞ → ða; l; z; m; k þ 1Þ 2 Eig
ingress,

� epk ¼ ða; l; z;m; kÞ → ðl; z; k þ 1Þ 2 Eig
egress.
4

Otherwise, mpk ¼ ∅.

Definition 1. (Link conflict). Given two links epk 2 Eig and ep’k 2 Ei’g

with their corresponding sets of members mpk and mp’k, link epk conflicts
with link ep’k, denoted as rðepk; ep’kÞ, if mpk \mp’k 6¼ ∅ and epk 6¼ ep’k.

Definition 2. (Path conflict). Given two paths p and p’, path p conflicts
with path p’, denoted by rðp; p’Þ, if 9k : rðepk; ep’kÞ;k ¼ 1:::K.

Let Φg 2 Sg denote the feasible JATP of group g with greatest utility,
or the optimal JATP of group g, where the JATP utility is the summation
of utilities of ATPs of all group members. The optimal JATP of group g
can be expressed as

Φg ¼ argmax
R2Sg

X
i2g

X
p2R\Pig

uigp : (6)

Note that R \ Pig in Equation (6) represents a unit set for the feasible ATP
p of member i in JATP R of group g such that p does not conflict with ATPs
of other members of group g in terms of time and space.
4.2. JATP scheduling model formulation

Based on the proposed PJATS supernetwork, the JATP scheduling
problem can be transformed into an extended static UE traffic assignment
problem. This paper considers behaviorally heterogeneous classes of
pedestrians and intragroup interactions of pedestrians in the same group.
The JATP choices in the pedestrian network reach equilibrium if (1)
pedestrians cannot improve their utility by unilaterally changing their
ATPs to any other feasible ATPs, and (2) pedestrians in the same group
must ensure the spatiotemporal consistency among their ATPs when they
perform joint activities. In other words, the utilities of all used JATPs are
the greatest, and all unused JATPs have smaller utilities. The UE condi-
tion can be expressed as

f igp
�
ϕig � uigp



¼ 0; 8p2R\Pig;R2 Sg; g 2 Λ; (7)

ϕig � uigp � 0;8p 2 R \ Pig;R 2 Sg; g 2 Λ; (8)

qig ¼
X
R2Sg

X
p2R\Pig

f igp ; 8g 2 Λ; (9)

f igp � 0;8p 2 R \ Pig;R 2 Sg; g 2 Λ; (10)

where

f igp : the flow on path p related to the ATP of member i of group g,
ϕig : the utility of optimal ATP of member i of group g,
qig : the demand for member i of group g,
Λ: the set of groups.

The flow on link e in the PJATS supernetwork can be determined by

xe ¼
X
g2Λ

X
i2g

X
R2Sg

X
p2R\Pig

f igp δigep: (11)

Then, if e 2 Eig
act , xe represents the crowdedness at the corresponding

activity location in which member i of group g participates. If e 2 Eig
travel,

xe represents the traffic flow of the corresponding route on which
member i of group g travels. The UE problem can then be expressed
below as the minimization problem of the following gap function

minGAP¼
X
g2Λ

X
i2g

X
R2Sg

X
p2R\Pig

f igp
�
ϕig � uigp



: (12)

The UE solution convergence can be evaluated by the relative gap
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(RGAP) (Fu and Lam (2014))

RGAP¼GAP

,X
g2Λ

X
i2g

X
R2Sg

X
p2R\Pig

f igp uigp : (13)

5. Heuristic solution method

In this section, an Algorithm for the MAPF problem to determine the
optimal JATP is first presented. Based on this algorithm, a heuristic so-
lution for the UE problem is proposed.

5.1. Solution algorithm to find the optimal JATP

The proposed PJATS supernetwork does not ensure spatiotemporal
consistency among paths p 2 Pig of members i in group g if each path for
each member is searched separately in each Gig . Therefore, the optimal
JATP defined by Equation (6) is not simply the path with the greatest
utility in each network Gig separately. The path-finding problem must be
treated as a MAPF problem in which each member is regarded as an
agent, and the conflicts between member i and other members in the
same group are considered simultaneously in the path-finding process for
each Gig . To solve the MAPF problem, we propose a solution Algorithm
based on the conflict-based search (CBS) proposed by Sharon et al.
(2015). The pseudo-code of the proposed solution algorithm is given
below.

Algorithm. Conflict-Based Search
The key idea of the above Algorithm is that the conflict is examined at
each time k between path p 2 RR \ Pig and path p’ 2 RR \ Pi’g , with i 6¼ i’
(Line 9). If there is a conflict, either member i or member i’ avoids the
conflict, that is, either path p uses link epk or path p’ uses link ep’k. The
details for the development, optimality, and completeness of the CBS can
be found in Sharon et al. (2015). The path-finding problem in each
iteration of the CBS for each Gig is a longest-path problem. The problem is
known to be NP-hard for a general graph. Fortunately, the PJATS
supernetwork Gig constructed for each member i is a directed acyclic
graph (see Fig. 1). Thus, paths with the greatest utility can be determined
via dynamic programming.
5.2. Heuristic solution for extended UE problem

Based on the solution Algorithm for the optimal JATP proposed in
Section 5.1, the extended UE problem can be solved without requirement
of JATP enumeration. The solution algorithm for the extended UE
problem is outlined as follows.
5

Step 1: Network expansion. Transform the pedestrian network into
PJATS supernetworks GigðNig ;EigÞ, 8i 2 g; g 2 Λ.
Step 2: Initialization. Let n ¼ 0. Find the optimal JATP Φg using the
CBS Algorithm in supernetworks Gig ;8i 2 g; g 2 Λ. Assign all demand

qig on ATP p for member i in JATP Φg , i.e. f igðnÞp ¼ qig ;8p 2 Φg ; i 2 g;
g 2 Λ. Set Sg ¼ fΦgg;8g 2 Λ. Update link flows and link utilities.
Step 3: Column generation. Find the optimal JATP Φg using the CBS
Algorithm in supernetworks Gig ; 8i 2 g; g 2 Λ. Update Sg ¼ Sg [
fΦgg;8g 2 Λ.
Step 4: Flow update. Find the optimal JATP Φg among JATPs in Sg :
Assign all demand qig on ATP p for member i in JATP Φg to obtain the

auxiliary flow for ATP p, i.e. f igðauxÞp ¼ qig ; 8p 2 Φg ; i 2 g; g 2 Λ. Set

f igðauxÞp ¼ 0 if ATP p for member i is not in JATPΦg ;8p 62Φg ; i2 g; g 2Λ:

Obtain the flow f igðnþ1Þ
p ; 8p2R\Pig ; R 2 Sg ; i2 g; g 2Λ, using MSA

(method of successive averages) as below.

f igðnþ1Þ
p ¼ f igðnÞp þ 1

=n

�
f igðauxÞp � f igðnÞp



:

Then, update link flows and link utilities.

Step 5: Convergence test. For an acceptable convergence level ε, if
RGAP � ε, Stop. Otherwise let n ¼ nþ 1 and go back to Step 3.

6. Numerical example

The numerical example aims to illustrate (1) the results of the pro-
posed model and the convergence of the solution, (2) the sensitivity of
the proposed model with respect to intragroup interaction, (3) the
application of the proposed model to evaluate facility management pol-
icies, and (4) the possible use of Wi-Fi tracking data to generate activity
patterns from the matched media access control (MAC) address of the
detected pedestrians in a selected area within the PolyU campus.
6.1. Input data

In the numerical example, a simplified pedestrian network (as shown
in Fig. 2) on the campus of PolyU is adapted to illustrate the essential
ideas of the proposed supernetwork platform. The study network consists
of six locations: locations (1) (student halls), (2) (canteen), (3) (entrance
1), and (5) (entrance 2) on the ground floor, and locations (4) and (6)
(classrooms) on the ninth floor of the Block Z building (Faculty of Con-
struction and Environment (FCE)). These six locations are related to three
common activities of FCE students: home, study (lecture), and eating
activities. Note that the study network covers only a small area of the
PolyU campus at which MAC address scanners are installed for this case
study. In addition, only students who lived in the student hall are
considered, although some PolyU students may live off campus.

Pathways for walking are only available between locations on the
same floor. There are two lifts (lifts 1 and 2) at entrances 1 and 2 on the
ground floor, respectively, to provide access to the ninth floor. Parame-
ters related to the travel disutility of link types (i.e., pathways or lifts) are
presented in Table 1. The lift capacity is less than the pathway capacity
and results in greater crowding discomfort.

The study horizon is the 9 h from 10:00 to 19:00. Each hour was
divided into 60 equal intervals, that is, 1 min per interval. We assumed
that all students begin and end their schedules at the student halls. Stu-
dents can perform four types of activities: staying home in a student hall,
eating and/or caf�e at the canteen, and attending a lecture in the classroom.
No congestion effect was considered when a student stays in a student
hall or attends a lecture in the classroom. The capacity of the canteen was
set to 300 students per minute. It was assumed that students perceive the
utility functions of the four activities identically. The bell-shaped mar-
ginal utility function proposed by Ettema and Timmermans (2003) was
adopted (see Fig. 3).



Fig. 2. Simplified pedestrian network on PolyU campus.

Table 1
Basic link data for the example pedestrian network.

Parameters Link type

Pathway Lift

Capacity Cr (students/minute) 70 6
Crowding discomfort parameters βr ; θr 30, 2 60, 4
Value of time VOTr (HK$/minute) 1 1
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The numerical example aims to illustrate JATPs to model the intra-
group interactions of two behaviorally heterogeneous student classes: A
and B. Table 2 shows all feasible group types for two student classes. To
facilitate the presentation of essential ideas on the joint activity issue, it is
assumed that class A students may only take part in joint activities with
class B students. In other words, intragroup interactions between either
two class A students or two class B students are ignored in this paper.
Thus, there are only three group types, X, Y, and Z, as shown in Table 2. In
particular, each group with type X (or Y) consists of only one student
from class A (or B) who has no intragroup interactions with class B (or A)
students. Each group with type Z comprises one student from class A and
one from class B performing activities jointly. However, it should be
noted that the proposedmodel is not restricted to scenarios with only two
student classes and three possible group types. The extension of the
proposed model is recommended for further studies with consideration
of multiuser classes and various combinations of group types.

The total number of students was 500. For illustrative purposes, 250
class A students were assumed to have joint activities with 250 class B
students. Thus, the demand for the JATPs of class A and B students with
intragroup interactions was 250. Note that in reality, the numbers of class
Fig. 3. Simplified temporal utility profiles of four activities.
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A and B students are not necessarily equal. For example, suppose that 300
class A students have joint activities with 200 class B students. In that
case, the travel demand for class A and B students with intragroup in-
teractions would be 200 each. The remaining 100 class A students would
be considered separately without intragroup interactions.

The parameters related to student and group types for activity utility
as shown in Equations (1) and (2) were set as wAZ

a ¼ wBZ
a ¼ 0:5, wAX

a ¼
wBY
a ¼ 1, λa ¼ 0:4, αAa ¼ 0:4, αBa ¼ 0:6, and θalz ¼ 2, where activity a can

be either eating or caf�e. It must be noted that αAa ¼ 0:4 and αBa ¼ 0:6mean
that students in class B are more sensitive to crowding discomfort at the
location of activity a than students in class A.
6.2. Numerical results

We considered the base case in which the number of groups with type
Z is 125 over the population of 500 students. That means that the
numbers of groups with types X and Y were each 125. The results are
presented in Fig. 4 for the temporal distribution of students at activity
locations and on travel links. Between 12:00 and 12:30, approximately
70% of students leave the student halls and go to the canteen for lunch by
traveling on link 1–2. For the 13:30–15:30 period, all students are in the
classroom because of the significant high utility of the lecture. From
15:20, students begin to leave the classroom and head to the caf�e due to
the lecture’s decreasing utility. Due to the congestion at the canteen,
approximately 50% of students go straight to the student halls without
visiting the canteen for caf�e. It can be observed from Fig. 4 that students
do not arrive at and leave the classroom at the same time, but rather
within certain periods, such as 12:45–13:45 and 15:20–16:20, before and
after a lecture, respectively, because the only way to enter and leave the
classroom is via lifts 1 and 2. However, because the lifts have a smaller
capacity (i.e., six students per minute) than the 70 students per minute on
the pathways, it takes some time for the lifts to carry all of the students.

The proposed solution Algorithm required about 55 min for 5000 iter-
ations to solve the UE problem (Windows 10, Intel Core i5 3.50 GHz, 8 GB
RAM). This computation time is acceptable for strategic planning purposes,
although the study network is relatively small with six activity locations.
Evenwith its small size, the study network still coversmost commonly used
activity-travel patterns of FCE students. If the study networkwas larger and
included different student types from different faculties, the computation
timewould increase ina linear fashionwith respect to thenumberof student
types. This does not prevent the applicability of the proposed model in
practice because the model is intended for long-term facility planning
purposes for which the computation time is not the main concern.



Table 2
Feasible group types for intragroup interactions of two student classes.

Student 1

Class A Class B

With intragroup
interactions

Without intragroup
interactions

With intragroup
interactions

Without intragroup
interactions

Student 2 Class With intragroup interactions ✓ N.A. √ (group Z) N.A.
A Without intragroup

interactions
N.A. ✓ N.A. √ (groups Y, X)

Class With intragroup interactions √ (group Z) N.A. ✓ ✓

B Without intragroup
interactions

N.A. √ (groups X, Y) ✓ N.A.

√: feasible group type; N.A.: infeasible group type.

Fig. 4. Spatial student distribution at activity location and travel links.
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Fig. 5 illustrates the convergence characteristics of the proposed heu-
ristic solution method. The convergence pattern fluctuates significantly,
and the MSA fails to converge, likely because the mapping function in
Equation (4) is not strictly monotonic. However, the fluctuation seems
7

stationary. We can interpret such regular fluctuation as day-to-day
adjustment of the students’ activity-travel behavior, in which each itera-
tion step is regarded as the students’ adjustment in making their activity-
travel choices on a given day based on the information from previous days.



Fig. 5. Convergence characteristics of proposed UE heuristic solution method.
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6.3. Sensitivity analysis of intragroup interactions

Let NZ denote the number of groups with type Z. In other words, NZ is
the number of pairs of students who may perform joint eating and/or
caf�e. The sensitivity analysis results are given in Table 3. The sensitivity
analysis of parameter NZ shows that the travel demand for students’ trip
chains and the activity allocations not only depend on the individual
activity utility, they also have a significant dependence on intragroup
interactions among students.

As shown in Table 3, the increase in NZ results in an increasing
average duration of joint eating and caf�e. In addition, class A students
always spend more time on eating and caf�e than class B students. These
results can be explained by the higher utilities of joint eating and caf�e and
the smaller crowding discomfort sensitivity of class A. However, as NZ

decreases, the duration of eating and caf�e for class B students increases,
whereas class A students spend less time on eating and caf�e, because
when more students perform eating and caf�e in pairs, a number of class A
students, who perform activities separately, cancel eating and/or caf�e or
shorten the activity durations due to the crowding discomfort at the
canteen.
6.4. Evaluation of facility management policies using the proposed model

In this section, the proposed model is used to evaluate facility man-
agement policies. We used the base case setting (i.e., NZ ¼ 125). Sup-
pose that the university proposes two policies to evaluate the significance
of lift 1 and the canteen. Specifically, Policy I is to close lift 1, and Policy
II is to expand the canteen’s capacity from 300 students per minute to
500 students per minute. Figs. 6 and 7 depict the effects of Policies I and
Table 3
Comparison of results by student classes of three scenarios.

Student class NZ ¼ 0 NZ ¼ 75 NZ ¼ 125(*)

A B A B A B

Travel demand of trip chains
Home-Eating-Lecture-Home 7 73 69 5 105 11
Home-Lecture-Caf�e-Home 0 0 0 0 15 18
Home-Eating-Lecture-Caf�e-
Home

203 0 181 73 128 95

Home-Lecture-Home 40 177 0 172 2 126
Average time allocation of activities (hours/student)
Home (at the student halls) 4.41 5.29 4.24 5.06 4.37 4.76
Lecture (at the classroom) 2.56 3.16 2.63 2.85 2.65 2.85
Eating (at the canteen) 0.83 0.15 0.82 0.26 0.81 0.36
Caf�e (at the canteen) 0.98 0.00 0.85 0.42 0.70 0.59

Average travel time (hours) 0.49 0.40 0.46 0.41 0.47 0.44
Total time (hours/student) 9.00 9.00 9.00 9.00 9.00 9.00

NZ : number of groups with type Z, (*): the base case.
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II on population distributions at various activity locations. Table 4 lists
the detailed results of the average activity time allocation with the effects
of the two policies and their benefits of the policies shown in bold.

Fig. 6 shows that Policy I results in earlier departure times and later
arrival times of students to and from the student halls. The durations of
eating and caf�e activities also increase. These outcomes result from the
increase in the time required when only elevator 2 is used to carry all
students and lift 1 is not operating. The students then tend to depart
earlier and leave activity locations later to wait for the lift to be less
congested. With Policy II, more students go to the canteen for eating and
to the caf�e for longer activity durations than the distribution in the base
case given in Fig. 4. This is explained by the larger number of students
who go to the canteen for eating and caf�e and the increase in eating and
caf�e durations (see Fig. 7).
6.5. Using Wi-Fi tracking data to generate activity patterns of pedestrians

In this case study, the experiments were performed on the campus of
PolyU. MAC addresses were collected from the six Wi-Fi scanners at
various activity locations on campus (see Fig. 2). The locations chosen for
the installed Wi-Fi scanners were the main entrance of the campus to
capture students from the student halls, the student canteen, entrances,
and classrooms at Block Z building for FCE. These places are major ac-
tivity locations for FCE students. Because this experimental study was
performed in the context of a university campus, it was expected that
major activities (e.g., studying and eating) would be conducted at the
selected locations. With that being said, the installed Wi-Fi scanners
detected most students who entered and left the buildings concerned.
Activity episodes were therefore extracted by matching the entering and
leaving records from the same MAC address from the scanners within a
feasible time window. Incomplete episodes, i.e., those with only a single
detection, were then discarded. Although the Wi-Fi scanners could not
capture all activity in the study area, the detected activities can still serve
as samples to study the representative JATPs of university students.

Fig. 8 shows the flow chart for generation of pedestrians’ activity
patterns from Wi-Fi tracking data. There were three main steps, as
illustrated. First, the raw Wi-Fi data were preprocessed via a set of filters
to eliminate outliers and leave only the pedestrians’ signatures. TheWi-Fi
scanners were installed mainly at various entrance gates, and signatures
were captured when pedestrians walked between activities. Second,
density-based spatial clustering of applications with noise (DBSCAN) was
applied to the records from each MAC address from various scanners to
separate activities. This Algorithm was used to aggregate Wi-Fi
Fig. 6. Spatiotemporal student distribution with Policy I.



Fig. 7. Spatiotemporal student distribution with Policy II.

Table 4
Effects of Policies I and II on average time allocation of activities (hours/student).

Home Lecture Eating Caf�e Travel

Base case (1) 4.57 2.76 0.58 0.64 0.45
Policy I (2) 4.00 2.48 0.96 1.06 0.50
Policy II (3) 4.34 2.89 0.66 0.66 0.45
Difference (2)–(1) �0.57 �0.28 0.38 0.42 0.05
Difference (3)–(1) �0.23 0.13 0.08 0.02 0
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signatures that belong to the same walking trip in a fast and unsupervised
approach. Once different walking trips were separated, activity episodes
were extracted from two consecutive walking trips. Finally, a hidden
Markov model (HMM) was applied to all extracted activity episodes to
identify similar activities in terms of the samples’ spatial and temporal
characteristics. The distribution of various activity patterns was deter-
mined by labeling the generated activity types from HMM back to indi-
vidual temporally ordered activity episodes of all detected pedestrians.

Wi-Fi tracking data collected on Tuesday, September 4, 2018 are used
for illustration in this example. There were 1433 pedestrians (unique
MAC addresses) detected by the sixWi-Fi scanners on the survey day. The
following sections show the detailed procedures and generated results for
each step.

Step 1: Initial data processing
Fig. 8. Flowchart for generation of pedestrians’
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The initial processing aims to filter out vehicular devices (e.g., car
dashcams) and fixed devices (e.g., printers) captured by Wi-Fi scanners
because their existence will disturb the analysis of pedestrians’ move-
ment. Vehicular devices can be identified by their vendors and fixed
devices by their frequency of detection. Devices captured continuously
are most likely to be fixed devices near the detection region. After this
noise is eliminated, the remaining pedestrian signatures are ready for
activity analysis.

Step 2: Generation of activity episodes

DBSCAN is a density-based unsupervised clustering Algorithm that is
often used to deal with large-scale spatial data. The details of this algo-
rithm can be found in Ester et al. (1996). In this example, DBSCAN is used
to separate Wi-Fi signatures from different trips for each pedestrian.
Because the study area is a university campus and most of the transfers
can be finished within 15 min, the maximum distance between two
signatures in one cluster is set to be finished in 15 min. The minimum
number of signatures required to form a cluster is set to be one for each
trip, which must be captured by at least one scanner. In this way, each
resulting cluster represents one walking trip between two activities. The
activity episode information can be extracted from two consecutive
walking trips. To be specific, the earliest timestamp in one walking trip’s
signatures is the end time of the first activity, and the latest timestamp is
the start time of the second activity. When a group of pedestrians con-
ducts one joint activity, activity episodes that have a start time and end
time with small differences at the same Wi-Fi scanner (activity location)
will be generated by different group members. JATPs can then be
generated by identifying these activity episodes at each Wi-Fi scanner.

Fig. 9 summarizes the results of Step 2. The left-hand figure shows the
distribution of activity episodes from all detected pedestrians. Most pe-
destrians (88.76%) have one to three activity episodes, and themaximum
number of episodes recorded for a pedestrian is five. The figure on the
right-hand side illustrates the distribution of group members partici-
pating in activities. Most activities are solo (95.53%), and most group
activities include two persons. The biggest group has six pedestrians.
Fig. 10 illustrates the detected activity patterns of two pedestrians and
their joint activities.

Step 3: Activity pattern generating

Having extracted activity episodes from Wi-Fi data, it is possible to
identify similar activity types to analyze pedestrians’ JATPs at an
aggregate level. HMM is adopted here to label detected activities into
groups with similar spatiotemporal characteristics. HMM is a time-state
model that can discover the hidden states from observed data in an un-
supervised approach. Details of the formulations and solution algorithms
about this method can be found in Rabiner (1989). In this example, the
activity patterns from Wi-Fi tracking data.



Fig. 9. Distribution of generated activity episodes and group activities. (left: distribution of activity episodes; right: distribution of group numbers).

Fig. 10. Illustration of detected activity patterns of two pedestrians and their joint activities.
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start time, duration, and location of all detected activity episodes from
1433 MAC addresses are the observed inputs in the HMM. The generated
hidden states are referred to as various types of activities.

In reality, detailed in-campus activity types can be tedious to
enumerate. To simplify the illustration and to be consistent with the
proposed model results, the activity episodes detected by scanners are all
aggregated into two general categories: studying and eating. To further
demonstrate the captured characteristics of these two activity types,
Fig. 11 shows the joint distribution of the start time and duration for
studying activities and eating activities. Studying activity occurs on
campus throughout the day in three major clusters, denoted S1, S2, and
10
S3 for later analysis. Eating activity occurs in two distinct clusters,
denoted E1 and E2.

By labeling each individual’s temporally ordered activity episodes
with the generated activity types, the distribution of various activity
patterns is shown in Table 5. It can be observed that 38 activity patterns
can be extracted from 1433 pedestrians’ Wi-Fi signatures. On average,
each pedestrian has 2.2 activities captured by Wi-Fi scanners. Frequently
observed patterns include two daytime studying activities (S1–S2), two
daytime studying activities separated by one eating activity (S1-E1-S2)
(15.91%), one morning studying activity (S1) (12.42%), and one after-
noon studying activity (S2) (11.24%). In addition, some unique (or



Fig. 11. Joint distribution plot of duration and start time per activity type.
(left: studying activity; right: eating activity).

Table 5
Distribution of activity patterns from detected pedestrians.

No. Pattern Count Percentage No. Pattern Count Percentage

1 S1–S2 228 15.91% 20 E1-S2-E2-S3 11 0.77%
2 S1-E1-S2 227 15.84% 21 S1-E2 10 0.70%
3 S1 178 12.42% 22 S1-E1-S1 10 0.70%
4 S2 161 11.24% 23 E1 9 0.63%
5 E1-S2 96 6.70% 24 S1-E2-S3 9 0.63%
6 S1-E1 80 5.58% 25 S2-E2-S2 4 0.28%
7 S1-E1-S2-E2 74 5.16% 26 S1-E1-S1-S2 4 0.28%
8 S2-E2 63 4.40% 27 S1-E1-S2-E2-S2 4 0.28%
9 S1–S2-E2 46 3.21% 28 E1-S1-S2 3 0.21%
10 S1-E1-S2-E2-S3 32 2.23% 29 E1-S2-S3 3 0.21%
11 S3 29 2.02% 30 S1–S2-E2-S2 3 0.21%
12 E2-S3 26 1.81% 31 E2-S2 2 0.14%
13 S2–S3 18 1.26% 32 S1–S3 2 0.14%
14 E1-S2-E2 17 1.19% 33 S2-E1-S2 2 0.14%
15 E2 16 1.12% 34 S1-E2-S2 2 0.14%
16 S2-E2-S3 16 1.12% 35 S1-E1-S1-E2 2 0.14%
17 S1-E1-S2-S3 16 1.12% 36 E1-S1 1 0.07%
18 S1–S2–S3 14 0.98% 37 E1-S2-E2-S2 1 0.07%
19 S1–S2-E2-S3 13 0.91% 38 S1-E1-S1-E2-S3 1 0.07%

Total 1433 100%

S1: studying activities that started between 06:00 and 12:00 with the peak occurrences at 9:30.
S2: studying activities that started between 12:00 and 18:00 with the peak occurrences at 14:00.
S3: studying activities that started between 18:00 and 23:00 with the peak occurrences at 19:00.
E1: eating activities that started between 8:00 and 15:00 with the peak occurrences at 12:00.
E2: eating activities that started between 15:00 and 20:00 with the peak occurrences at 18:00.
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abnormal) activity patterns come from fewer than 10 pedestrians (see
pattern numbers 23–38 in Table 5). The uniqueness may be a result of
abnormal activity time choices or unusual combinations of activity epi-
sodes. These unique patterns are indeed meaningful even though they
were chosen by a small number of students. Note that whether a pattern
is abnormal or not depends on the proportion of detected pedestrians
(1433 persons) in the actual population under study. However, further
grouping of these unique patterns can be considered for further analysis
as needed.

7. Conclusions

This paper proposed a new activity-based equilibrium model to
schedule the JATPs of pedestrians with use of Wi-Fi data. The multilayer
11
structure of pedestrian networks and the joint activities of pedestrians
were captured by a PJATS supernetwork platform. A heuristic solution
based on CBS and MSA was proposed to solve the JATP scheduling
problem. A simplified pedestrian network in the study area within the
university campus of PolyU was used to show the application of the
proposed model for facility planning and management purposes. The
results of the numerical example show that the proposed model could
reasonably reproduce the JATPs of students in various scenarios. It was
also demonstrated that the Wi-Fi data collected in the study area of the
PolyU campus could be used to generate the daily activity pattern of
pedestrians and their joint activities from the MAC addresses of the
detected pedestrians.

To calibrate and validate the proposed model, more than 30 Wi-Fi
scanners were recently installed around the campus to investigate the
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activity-travel patterns of pedestrians with use of Wi-Fi data. About 100
students will be hired to carry out a travel diary survey by activating the
Wi-Fi connection on their communication devices (with the MAC address
recorded) while they are on campus during selected weekdays. The
generated activity patterns will then be validated by a paper-based travel
diary survey completed by the hired/invited students. The experiment
will be repeated for different groups of students (e.g., different de-
partments, full-time/part-time students) to ensure that a variety of data
are collected in terms of different activities, locations, and schedules by
time of day.

It is worth mentioning that the given experimental study by Wi-Fi
tracking benefited from the reliable campus wireless network and the
high penetration of Wi-Fi-enabled devices among university students.
When this approach is used in another context in a different environ-
ment, the performance of the proposed approach may be affected by the
valid samples based on the matched Wi-Fi data only. As we enter the 5G
era, multiple types of sensors and fully connected infrastructure will be
available in the near future. Therefore, future studies should extend the
proposed model with the use of multiple sources of urban big data for
smart city development.
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