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ABSTRACT 

With a long-term global pandemic impact, it is strongly recommended to secure the physical distance in 
daily lives. Physical-distancing is the most efficient strategy to defend individuals by lowering the risk of 
community spreading. Policies of securing physical distances are strongly considered for indoor spaces are 
essential (i.e., office, school, store). We develop an agent-based simulation model to test the physical-
distancing policies (i.e., controlling the capacity of occupants, breaktime between classes, occupants' 
behavior tendency to secure the distances) based on multiple layers of occupancy behaviors that are possibly 
occurred in the educational building. The model measures and compares the possible risk that occupants 

experience from physical distance violation for each policy. The results show the impacts of capacity, break 
time duration, and internal intent to secure the physical distance on the risks of violating the physical 
distance. This study can contribute to designing the physical-distancing policies for the educational building. 

1 INTRODUCTION 

As the Covid-19 pandemic becomes prolonged, it has affected the ways of our daily lives. Among various 
mitigation measures, physical-distancing between individuals is considered as a key strategy to limit Covid-
19 transmissions (Matrajt and Leung 2020). In fact, physical-distancing intervention has been known as the 
most efficient strategy in addressing repeatedly occurring infectious diseases (Caley et al. 2008; 
Kleczkowski et al. 2015; Dascalu et al. 2020; Harweg et al. 2020).  

Designing and implementing physical-distancing policies in strict ways is more critical within the 
facilities where multiple occupants share spaces, but various environmental constraints (e.g., spatial and 
temporal constraints) and social challenges (e.g., non-conforming individuals) exist in practicing physical-

distancing in the indoor environment. Thus it is necessary to understand how environmental constraints and 
individual physical-distancing behaviors affect total risks of physical distance violation at the collective 
level, in order to better design and implement facility operational measures to reduce such transmission 
risks. In particular, such knowledge is critical in reopening and planning campus operations in the face of 
Covid-19. To this end, this paper aims to model occupants’ physical-distancing behaviors in the educational 
facility, using an agent-based method (ABM), and evaluate the impact of possible operational preventive 
measures (e.g., controlling classroom capacity, breaktime scheduling) on physical distance violation risks 
via simulation experiments. Also, the challenges in simulating physical-distancing behaviors are identified. 

2 RELATED WORKS 

Many studies have investigated human behaviors in epidemic scenarios via simulation (Skvortsov et al. 
2007; Caley et al. 2008; Kleczkowski et al. 2015; Garibaldi et al. 2020; Silva et al. 2020). Their foci were 
on the infectious patterns caused by physical human interaction and predicted effects of human interaction 
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in macroscopic ways based on Susceptible-Infected-Recovered (SIR) model (Skvortsov et al. 2007; 
Kleczkowski et al. 2015; Garibaldiet al. 2020). As the macroscopic approach handles large crowds focusing 
on a society level, the interaction between individuals and physical environments in the macroscopic model 
is often modeled abstractly, rather than simulating each individual’s behavior in given physical 
environments. On the other hand, the microscopic simulation approach focuses on simulating each 
individual’s behavior and aggregating their behavioral outcomes. Several recent studies have attempted to 

model physical-distancing behaviors, using the microscopic simulation approaches, including Cellular 
Automata (Dascalu et al. 2020), Social Force Model (Harweg et al. 2020), and ABM (Karimi et al. 2015; 
Harweg et al. 2020; Silva et al. 2020). The CA considers the spatio-temporal variables of the modeling 
environment as discrete and it leads to being difficult to grasp the spatio-temporal dynamics of securing the 
distances among occupants. The SFM and ABM approaches focus on modeling pedestrian behaviors in 
open and continuous space, but spatial (e.g., classroom capacity and facility layout) and temporal 
constraints (e.g., limited breaktime allowed for moving between classrooms) hinder physical-distancing 
behaviors in the education building have not been fully considered.  

In this context, this study will develop a rule-based ABM model reflecting the physical-distancing 
practices to understand the individual's behaviors, interactions among agents, and their influences on the 
total population as a whole. 

3 MODELING PHYSICAL-DISTNACING BEHAVIORS 

We created an ABM model to simulate occupant dynamics in the context of predicting physical-distancing 
behaviors within educational facilities. Agents in this model represent occupants in the education facility 
(e.g., students, staff), and their default behaviors are governed by the rules that include the movements 
between destinations (e.g., classrooms, restrooms, waiting areas, gates) with the consideration of the 
predetermined schedules (e.g., class durations, breaktime duration). They basically follow the shortest route 
to their destinations and will avoid possible collisions with other objects (e.g., other agents, physical 
structures, obstacles).   

An agent’s internal intent to comply with the physical-distancing policy is defined as a dynamic 
variable that is governed by social norm level. An agent’ internal physical-distancing intent will affect its 
behaviors in two ways: (1) In determining a specific arriving location (e.g., seat within a classroom) within 
its destination space, the agent will select the arriving location considering the physical distances to other 
agents to be temporarily fixed within the destination space; and (2) when the agent is moving toward its 

destination, its internal intent will function as a social force to lower its movement acceleration based on 
the distances with other agents with longer adjusting time.  

In a normal state, an agent walks at a constant speed that is defined when entering the space. When an 
agent has internal intent to comply with the physical-distancing, our model simplifies this behavior as of 
decreasing the walking speed. The amount of time taken to adjust the distance is randomly determined as 
an agent's capability implying a time taken to collect the information from the agent's environment (Helbing 
1991; Harweg et al. 2020). The model in this paper does not consider the path change of agents; since the 
agents cannot perform the original task (i.e., walking toward their final destination) when detouring from 
other agents is incapable due to spatial constraints (e.g., wall, door that in a range of physical distance). 

As an output of the model, a risk exposure index (REI) is defined as a ratio between the number of 
occurrences of physical distance violation and the number of occupants (N) per each time interval. 
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where 𝑑𝑖 = distance of ith connection between agents. 
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4 SIMULATION EXPERIMENTS 

4.1 Experimental Design 

We designed and conducted simulation experiments to evaluate the impact of possible operation measures 
to secure physical distance. In particular, the impact of three scenarios was examined: (1) limiting classroom 
occupancy; (2) adjusting breaktime; and (3) different social norms on physical-distancing. 

 The first-floor space of Francis Hall building at Texas A&M University was modeled based on its floor 

plan and classroom operation schedules. The space includes six classrooms (Room 104, 105, 106, 107, 116), 
three office spaces (Room 108, 121, 122), two restrooms, and an open corridor area (Figure 1). The building 
has four exits, and it is assumed that an agent randomly selects one of them for in and out. Agents represent 
two types of occupants in the facility (e.g., students, staff). During the six hours of simulation time, student 
agents repetitively their behavior to take classes, which have a fixed duration (50min). Based on the 
observation we had at the entrance of Francis Hall building with counting the number of people coming in 
and out, we define a rule that every class starts at the same time at each classroom and about 80% of agents 
remain in the waiting areas to take the next classes. Thus, about 20% of agents newly enter from outside of 
the building during every breaktime. Agents can randomly use the restrooms during the breaktime. The 
staff agents stay in fixed working spaces or randomly repeat movements of going to restrooms/returning to 
their spaces during the simulation time. The model was implemented using Anylogic (Anylogic 2020). 
Table 1 shows both the static and dynamic values of each agent and the variables configured for the 

experiments. 

 

Figure 1: Floorplan of the building simulated and an example of simulation run (green dots represent 

agents who secure the physical distance and red dots represent occupants who violate the physical 

distance). 

Table 1: Affecting Variables Designed in Model. 

Factors Model Variables Values 
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Spatio-temporal 

constraints 

Capacity 

𝐶1 100% of 𝐶𝑚𝑎𝑥  (person) 

𝐶2 50% of 𝐶𝑚𝑎𝑥  (person) 

𝐶3 25% of 𝐶𝑚𝑎𝑥  (person) 

Breaktime 

duration 

𝑏𝑑1
 10 (min) 

𝑏𝑑2
 20 (min) 

𝑏𝑑3
 30 (min) 

Arrival rate  
𝑈𝑛𝑖𝑓𝑜𝑟𝑚(𝐶𝑎−1,𝐶𝑎+1)

𝑏𝑑
  (person/min) 

ith break start-

time 
𝑏𝑠𝑖 =  (50 + 𝑏𝑑) × 𝑖 −  𝑏𝑑 (min)   

Arrival schedule 𝑈𝑛𝑖𝑓𝑜𝑟𝑚 (𝑏𝑠𝑖
, 𝑏𝑠𝑖

+ 𝑏𝑑) (min) 

Class duration 50 (min) 

Complying 
with the 
physical 
distance 

 

Selecting seats 

[𝑠𝑛𝑜𝑟𝑚] 

𝑈𝑛𝑖𝑓𝑜𝑟𝑚 𝐷𝑖𝑠𝑐𝑟𝑒𝑡𝑒 ([𝑆𝑛]) 

where 𝑆𝑛  = series of n numbers of 

seats  

[𝑠𝑝𝑑] 
𝑈𝑛𝑖𝑓𝑜𝑟𝑚 𝐷𝑖𝑠𝑐𝑟𝑒𝑡𝑒 ([𝑆𝑟]) 

where 𝑆𝑟  = series of r numbers of 
seats farthest from agents 

Walking speed 𝑈𝑛𝑖𝑓𝑜𝑟𝑚 (0.5, 1.0) (m/s) 

Adjusting time 𝑈𝑛𝑖𝑓𝑜𝑟𝑚 (0.5, 2.0) (sec) 

Physical 
distance 

Physical distance 
𝑑𝑝1

 6 ft (1.8m) 

𝑑𝑝2
 4.5 ft (1.37m) 

4.2 Simulation Results 

4.2.1 Limiting Classroom Occupancy 

Limiting classroom occupancy is widely adopted as a key strategy to ensure physical-distancing in indoor 
facilities. For example, Several states (e.g., Texas, Mississippi, Minnesota, etc.) have been recommended 
50% of their maximum capacity to operate all the retail businesses (Mississippi State Department of Health 
2020; City of Austin 2021;) or school facilities (Minnesota department of health 2020). In this experiment, 
three different levels of classroom occupancy were examined: 100%, 50%, and 25% of maximum capacity. 
The maximum capacity of each classroom was defined based on the number of seats in each classroom. All 
other conditions (e.g., breaktime, social norm level) were assumed to be the same for the three scenarios; 

Agents’ social norm levels were assumed to be very low.  
Figure 2 represents the results of the three scenarios. REI values were peaked during each breaktime 

and stabilized during each class time. During the class times, the 100% capacity scenario has a higher REI 
value compared to the lower capacity scenarios, but 25% capacity scenario shows similar REI with 50% 
capacity scenario at some class times (i.e., class 4 and class 6); this indicates that some classrooms cannot 
accommodate physical-distancing with the limited occupancy scenario.  

REI values during breaktimes highly increase showing steep peaked value regardless of capacity limits; 
Agents have planned behaviors to move to the next classrooms within a given breaktime, and great 
bottlenecks occur during the entry and exit from/to classrooms. 
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Figure 2: REI for Varying Capacity per Space. 

4.2.2 Prolonged Breaktime 

Having prolonged breaktimes can resolve the bottlenecks during breaktimes and is recommended as a key 
operational measure for educational facilities (Minnesota department of health 2020). To evaluate its impact, 
three different durations of breaktimes were examined: 10, 20, and 30 mins. 50 % of maximum capacity 

was assumed for all these scenarios, and agents’ social norm levels were assumed to be very low.  
Figure 3 shows the REI patterns of these scenarios. In general, prolonged breaktimes flattened REI 

peaks during breaktimes. The case of the longest breaktime (𝑏𝑑𝟑
)) has the lowest peak value of REI (1.42) 

compared to other cases (i.e., 𝑏𝑑1
 = 2.15, 𝑏𝑑𝟐

 = 1.58).  
The average REI peak value during the longest breaktime shows about 36% decrease compared to the 

shortest breaktime case (i.e., 𝑏𝑑1
 = 1.96, 𝑏𝑑𝟑

 = 1.26). However, the mitigation effects of prolonged 
breaktime are not significant, as the agents’ in-and-out movements during breaktimes were assumed to be 
sporadic; This indicates that the control of crowd flow (e.g., creating waiting lines for the entry and exit) 
would be necessary in order to take advantage of prolonged breaktime. 

Class 1 Class 2 Class 3 Class 4 Class 5 Class 6

Break
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Figure 3: REI for Varying Breaktime Duration ((a) 𝒃𝒅𝟏
 = 10min; (b) 𝒃𝒅𝟐

 = 20min; (c) 𝒃𝒅𝟑
 = 30min). 

4.2.3 Social Norm on Physical-Distancing 

Students’ social norms related to physical-distancing would be critical in ensuring the safe operation of 
schools. To evaluate its impact, three different scenarios were examined: low, medium, and high levels of 
social norm. For the medium level of social norm, it was assumed that agents behave with relaxed physical-
distancing requirements (4.5 feet), while agents with the high level of social norm were assumed to be very 
strict about distancing 6 feet from other agents. The classrooms were assumed to be operated with 50% of 
maximum capacity. 

Figure 4 shows that the high level of social norm had gradually lowered the REI peak values during 
most of the breaktimes; the maximum REI peak values decrease about 19 % than the scenario with the low 
level of social norm. 

Class 1 Class 2 Class 3 Class 4 Class 5 Class 6

Break

Class 1 Class 2 Class 3 Class 4 Class 5

Class 1 Class 2 Class 3 Class 4 Class 5

Break

Break
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Figure 4: REI for Varying Awareness to Comply Physical Distancing. 

However, strict physical distancing behaviors delayed agents’ movements during breaktimes, and some 
agents were not able to arrive at the next classrooms in time. This resulted in higher REI values during 
Class 5 and 6 compared to the scenarios with low and medium levels of social norm. Figure 5 illustrates 
congestion that occurred in a hallway (Figure 5-a) and an entry to classrooms (Figure 5-b) due to strict 
physical distancing rules. This result indicates the conflict between agents’ tasks and social norm rules, and 
also the facility operation schedules should consider the effect of physical distancing, in order to mitigate 
such congestions. 

To validate this model and reflect the real-world dynamics, we will adjust the agents' walking speed 
and accelerometer with the occupants' walking patterns during the pandemic via observation study. We 
divide the pedestrian situations into three (i.e., walking alone, walking in the same direction with others, 
walking while face each other) and collect each distribution of the walking speed, direction change, and 

accelerometer of the situations. 

 
Figure 5: Effects of Behavior Securing Physical Distance ((a) congestions at the start of breaktime; (b) 

accumulated late agents at the start of class time). 

Class 1 Class 2 Class 3 Class 4 Class 5 Class 6

Break

(a) (b)
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5 CONCLUSION 

We investigated the impacts of the spatio-temproal constraints and occupants' behavior tendencies by 
varying them as variables and evaluated the impacts as the average of occurring the physical distancing 
violation per agent. The developed model provides a new perspective on the dynamics of decision-making 
among conflictive conditions like spatio-temporal constraints and social norms on physical distancing. 
Especially, a social norm reflecting the internal intent to comply with the physical-distancing is quantified 

as acceleration and the results show decreasing risk when agents have the social norm. The model requires 
improvements to consider several decision-making processes such as path change behaviors that can occur 
in the real world. 

The results indicate that spatial and temporal constraints of educational environments could greatly 
diminish the impact of preventive operational measures for physical distancing, by creating various 
bottlenecks. This finding indicates that such simulation of physical distancing behaviors could benefit 
educational administrators and facility managers in designing optimal operation measures considering their 
educational facilities and student populations. 

In the future study, we will design the agent groups having several degrees of internal intent to comply 
with the physical distancing policies and other agents' behaviors. An agent’s internal behavioral choice to 
comply with the physical distancing policy will be defined as a dynamic variable that will be influenced by 
transmissional risk assessment considering the individual's perceived risk and spatio-temporal constraints 

(i.e., spatial density, time pressure from coming to a classroom before a class starts).  When the perceived 
urgency from time pressure (e.g., one minute left until a class starts) goes beyond the perceived 
transmissional risk probability, the agent will decide to relax their physical distance as in-moment behavior. 
Such involuntary non-compliance behaviors will impact the total risk of violation of physical-distancing at 
a collective level. The impacts of the involuntary non-compliance behaviors affecting the degree of securing 
the physical distance will be examined by survey/focus group interview. 
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