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Abstract: Agent-based modeling (ABM) is a flexible and simulation-friendly modeling approach.
Ambient-oriented modeling is effective for systems containing ambient and spatial representations.
In this paper we propose a framework for the integrated use of agent-based modeling and ambient-
oriented modeling. We analyze both agents and ambient in detail. We also compare both modeling
approaches as well and analyze their similarities and differences. The integrated implementation
provides a new link between mathematical modeling and simulations. The model developed using
this framework has four parts. The first part constitutes the identification, definition, and relations
of agents. In this part, we use agent-based modeling along with the concepts of discrete-event
simulations and system dynamics. The second part of the model is the mathematical representation
of the relations of agents, i.e., the parent and child relation of agents. The third part of the model is
the representation of the messages along with relational symbols where we utilize the concepts and
symbols of relations and messages from ambient-oriented modeling. The fourth and final part of the
model is the simulation, where we describe the rules that govern the processes represented in first
two parts. The framework is helpful in overcoming certain limitations of both approaches. Moreover,
we provide a scenario of a bus rapid transit system (BRTS) as a proof of concept, and we examine the
generic concept of BRTSs using the proposed framework.

Keywords: agent-based modeling; ambient-oriented modeling; mathematical modeling; simulations;
internet of things; complex systems modeling; discrete-event simulations; system dynamics

MSC: 00A72

1. Introduction

The emergence of technologies such as internet of things, cloud computing, multi-
agent systems, artificial intelligence, and fast communication systems are disrupting exist-
ing business and process models. New models are frequently emerging. From households
to industry, everything is demanding updates with respect to technology. The develop-
ment of sophisticated and interlinked technologies for assisting and augmenting systems
development without preliminary models are a risky task [1].

Autonomous entities are the basic elements in agent-based modeling (ABM), which
are termed as agents. In cognitive agent-based models, agents have an additional decision
mechanism. There are certain rules defined in such models which guide an agent to make
a decision or interact with other agent. The rules are defined in visual workflows in the
visual tools of agent-based modeling tools such as AnyLogic, whereas the rules are defined
with code in other tools such as NetLogo. While modeling a system with agent-based
modeling approach, the composition of the model also contains an environment. One of the
most prominent features of agent-based modeling is its openness to be used in combination
with other modeling approaches [2]. According to [3], ABM has three major benefits: its
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flexibility, its ability to capture emergent phenomena, and its ability to provide natural
descriptions. According to [4], agent-based modeling is beneficial when the system being
modeled contains heterogeneous and autonomous components. These components can
act in distributed, local, and parallel manners; have self-organizing capability; and are
emergent where there is uncertainty in environment along with spatial-temporal scales.

Ambient-oriented modeling is based on ambient calculus. An ambient is basically a
container such as an airplane which contains other ambients in itself. The children ambients
inside the parent ambient are dependent on parent ambient. This approach to modeling is
very helpful for discrete-time systems. It uses mathematical symbols to represent systems.
The basic elements of ambient-oriented modeling are ambients, processes, locations, and
contextual expressions. For modeling spatial aspects of things, it is better to do so using
a model [5]. Although some researchers have attempted to develop simulations for this
approach, many contributions are needed to make it simulation friendly. There is a lack of
mature simulation tools which provide the facility to represent ambient-oriented models.
Ambient-oriented models have been used for context-aware systems and for software
development purposes. However, due to attractiveness of ambient intelligence, ambient-
oriented models seem likely to gain more popularity in the near future [6].

Advancements in information and communication technologies have influenced trans-
portation systems as well. IoT is used for tracking goods during shipments. Long-route
transport systems are also using the latest technologies to remain updated on weather,
road congestion, and other uncertainties. Within cities, people use different internet-based
applications for booking appropriate vehicles and detecting suitable routes and other rele-
vant points such as petrol pumps, tyre shops, etc. Smart and autonomous vehicles have
gained significant attention from the research community and industry. All vehicles are
containers, they have ability to move, and they move in certain boundaries. As such, these
vehicles fulfill the properties of ambients. While modeling transport systems, one may use
ambient-oriented modeling. Modeling and simulation are crucial tools used in creating,
maintaining, and optimizing transport system schedules.

The problem of traffic congestion is a common problem encountered in urban areas
and especially in peak hours. To solve this problem, most countries are moving toward BRT
and trains [7]. However, operation management and scheduling are still difficult for BRTs.
This difficulty increases during peak hours and from unusual burdens such as holidays
and events. Real-time monitoring and forecasting of crowds can be helpful in managing
scheduling effectively during peak times [8]. BRT systems are usually both cost effective
and time effective [9]. Computer simulations may be used to examine different aspects of
BRTs such as management, time effectiveness, and cost effectiveness. For the purpose of
simulation, the first step is to identify the problem and define the objectives of the model.
Then, in the second phase, the model is developed and then tested and validated. Then,
when the model is formulated, the simulations are performed on the basis of the model for
the specific abstraction level of the model [10]. The trip attribute approach may be used to
compare BRT with other transport systems with respect to attractiveness [11]. In the trip
attribute approach, there is a trip origin and a trip destination. Between the trip origin and
destination, there are processes such as bus stops, bus movement, and transfer from vehicle
to vehicle. For all these processes, attributes are defined such as access walk, wait time,
travel time, and egress walk. These attributes will be used to calculate the total travel time
and the cost of the trip for comparison. BRT systems have multiple heterogeneous groups
such as buses, passengers, and stations. Agent-based modeling is used to represent groups
of agents and model the behavior of agents. Hence, agent-based modeling has widely
been used for BRT [12]. The latest trends in information and communication technologies
have disrupted the existing workflows. New technologies have significantly changed
transportation systems as well. Communication between things and even vehicles is a part
of the latest systems. For representation of communication in the model, there is a need to
represent messages passed by different agents. However, agent-based modeling does not
provide guidance on the representation of messages in a model. Moreover, agent-based
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modeling does not provide any way to represent agents that are included in other agents
and have movement that depends on the movement of the other agent.

This paper is based on one of our recent publications in which we examined different
modeling approaches for internet of things (IoT) [13]. In that article, while mapping, we
showed the use of both agent-based modeling and ambient-oriented modeling at the device
layer and the virtual layer of IoT-A reference architecture. We also showed the use of these
two approaches at the virtual entity layer. However, in this paper we are providing an
integrated implementation of ABM and AOM. The article aims in answering the following
research questions:

¢ How can complex systems with agents that contain other agents and have the ability
to move within a limited location can be modeled?

e How can one represent different agents of different levels based on their dependencies?

* How can we add details such as message sending or receiving from certain linked
agents to the representation of dependencies?

The rest of the paper is structured as follows. The background is discussed in Section 2.
In Section 3, we discuss the use of ABM and AOM in combination and also provide the
framework that uses both approaches in combination. In Section 4, a BRTS scenario is
discussed for the purpose of elaboration. Section 5 of the manuscript is entitled Discussion
and Analysis. Finally, we provided the conclusions in Section 6.

2. Background

Modeling is used for different purposes including education, analysis of natural
systems, and engineering. Agent-based modeling is well known due to its flexibility and
simulation friendliness. By simulation friendliness, we mean that is easy to simulate the
model due to the availability of relevant tools and tutorials. A large number of tools
for ABM have been developed [14]. ABM is also used for the prediction of behavior of
certain actors in systems [15]. For complex scenarios such as world politics where human
behavior is important, it may be used differentiating the agents and meta-agents [16]. In the
domain of economics, ABM helps to model heterogeneous interacting agents [17]. Due to
its ease of use in comparison to mathematical modeling, the use of ABMs is preferred for
heterogeneous agents playing roles in certain systems [18]. Different models have also been
developed for analyzing the behavior of people in emergency situations and for crowd
management in disasters [19].

New paradigms in computing are emerging frequently. However, the demands of
systems modeling also change with the emergence of new technologies such as modeling
vehicles with respect to mobile ad hoc networks and services [20]. Vehicles traveling
over long distances contain different agents within themselves as well, such as a vehicle
containing traceable goods and humans. So, what specific framework can be used to show
the movement of vehicles and the agents that they contain? Ambient-oriented modeling is
based on the concepts of ambient calculus, ambient intelligence, and context-aware systems.
It provides a mathematical representation of systems [21]. There are three important
properties of an ambient, i.e., an ambient is moveable, an ambient may include other
ambients, and the movement of an ambient should take place in a limited space [22].
Internet of things connects the physical objects with internet. This gives rise to new
workflows. In the development of software, discrete time models play a vital role. Discrete
time models may be developed using ambient-oriented modeling and may be helpful in
internet of things application development [23]. Ref. [24] described the use of ambient-
oriented modeling for the virtualization of the spatial aspects of physical things. Ref. [6]
provided AmbiNet, which is an environment for ambient-oriented modeling.

Agent-based modeling has been used to model different aspects of air-traffic sys-
tems. Ref. [25] used agent-based modeling for the investigation of boarding times for two
different airplanes. Three new methods of boarding were also introduced with the help
of simulations and modeling. Ref. [26] analyzed different agent-based approaches for air
traffic management and proposed an agent model. Ref. [27] also presented an agent-based
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model for air traffic management. In this model, the interactions between air traffic con-
trollers and aircraft were focused on. Ref. [28] considered different boarding strategies for
developing a configurable agent-based model for the identification of the best strategy.
A well-known open-source tool named NetLogo was used for the purpose of simulat-
ing the models. Ref. [29] provided an agent-based model for analyzing and forecasting
air transport.

Agent-based modeling has also been used to model different aspects of electric ve-
hicles. Ref. [30] analyzed different schemes for the cost-effective distribution of electric
vehicle charging stations using agent-based modeling. Ref. [31] used agent-based mod-
eling to propose an integrated dynamic method for detecting electric vehicle’s evolution
patterns. Ref. [32] used agent-based modeling for determining the impact of electrification
of long-distance vehicles. Ref. [33] provided an ecosystem model for electric vehicles by
using agent-based modeling for the purpose of analyzing different parameters such as
operational costs and workplace charging. Ref. [34] used multi-agent-based modeling for
electric vehicle integration. In this article, the authors presented a platform which uses a
combination of different simulation environments. Ref. [35] developed a framework for
modeling electric vehicles. Ref. [36] used agent-based modeling for the comparison of four
urban policy adoption scenarios of electric vehicles against a baseline. Ref. [37] used cogni-
tive agent-based modeling in combination with artificial neural networks for prediction
of the demand for electric vehicles based on social influence. Ref. [38] discussed shared
vehicle’s autonomous mode requests and used agent-based modeling for determining the
preference of vehicles for certain distance ranges. Ref. [39] used agent-based modeling for
autonomous vehicles to provide safe traveling and avoid collisions. The model was simu-
lated in the Java Agent Development Framework. Ref. [40] used agent-based modeling for
emergency evacuation and safety during everyday movement at train and subway stations.

Bus rapid transit systems remarkably facilitate people with average and low incomes
by providing a rapid source of public transportation. In developing countries which cannot
afford inter-city trains, BRTSs may be implemented at a lower cost. However, easy access to
BRTS stations is also an important parameter [41]. Modeling and simulation may be helpful
for analyzing different aspects for increasing efficiency by reducing fuel consumption and
improving other relevant parameters [42]. There are also feeder vans that operate as a
shuttle service to provide customers access to BRTS stations [43]. Keeping the buses on
schedule is also a difficult job in the case of BRTSs because the buses share the common roads
instead of using separate tracks. Departure frequency and signal priority may be useful
variables for keeping the buses on schedule as provided the mathematical model in [44].
Crowd management is also an important aspect to manage in BRTSs. Anticipative crowd
managing procedures may be used to prevent congestion [45]. Agent-based modeling may
be used to model BRTSs by using the concept of multi-agent systems for the purpose of
scheduling [46].

Agents are autonomous, but they are neither totally free nor totally dependent. Agents
have dependence on the environment which provides the conditions for their existence [47].
In multi-agent systems, there are several types of agents that interact with one another
to achieve goals by generating a sequence of actions [48]. Agents in multi-agent systems
are heterogeneous and are grouped according to their behaviors and are modeled at
multiple levels [49]. Recently, a type of modeling called multi-scale modeling has evolved
to represent complex systems at different scales [50]. Multi-scale modeling is used in
engineering and material science by combining the emerging methods with existing ones
leading to the predictive approach of modeling [51]. A term used in multi-scale modeling
is scale bridging, which is used to couple different models and keeping the relations at
different scales [52]. Multi-scale modeling approach uses the computing concept of divide
and conquer for enhancing the details of models. Given the progress in computational
facilities, simulations of complex multi-scale models are now used [53]. Their applications
include uses in the avionics, automobile, materials, medical, electronics, chemical, and
pharmaceutical industries [54].



Mathematics 2022, 10, 4157

50f23

A comparison of system dynamics, discrete event simulations, and agent-based mod-
eling is provided in [55]. System dynamics (SD) is one of the earliest major and traditional
modeling approaches, having been introduced in the 1950s. SD is used for modeling
systems at an abstract level and provides an aggregate view of the system. Another well-
known approach, discrete event simulation (DES), was introduced in the 1960s. It uses
entities as basic elements along with block charts and resources that describe resource
sharing and entity flow. It also provides representations of global system behaviors. Agent-
based modeling (ABM) is a quite recent development and is used in a variety of disciplines
due to its stochastic models. Global system behavior is not defined in ABM. The difference
between ABM and the other two methods is that ABM allows for the modeling entities
that have stochastic behavior, whereas the other two do not have the capability for this.
ABM starts from the bottom and moves up whereas the others start from the top. DES
and ABM both allow for the modeling systems that contain heterogeneous entities at the
individual level, whereas SD focuses on the aggregate level [56]. In DES, the entities do not
show individual behavior, whereas in ABM, entities interact with one another and show
individual behavior. In the AnyLogic simulation tool, both stochastic and deterministic
agents exist in the same model simultaneously [57]. In DES, there are queues, whereas
there is no concept of queues in ABM. Agents in ABM are active, whereas the entities in
DES are passive. Ref. [58]. In operational research, there exists an SD model for every ABM
model. As such, DES, SD, and ABM are used in combination for more detailed models [59].

Until now, ambient-oriented modeling has not been widely used for research purposes.
However, it has been used for containers that have the ability to move and have narrowness.
In Table 1, we analyze the use of this approach for relation representation and representation
of messages. However, models created using this approach lack simulations. Agent-based
modeling has been used for analyzing systems using simulations. The abstraction of
a model is the process of considering a specific aspect of something or some process
under study and representing it in simpler form [60]. According to [61], different levels of
abstractions can be applied for detailed modeling of a system. The column “Abstraction”
shows that there are different abstraction levels in agent-based models. The abstraction
level of the model depends on the granularity of the model. Adaptive abstraction may be
used for autonomously shifting from one level to the other. An abstraction level for the
cross-level interaction can also be selected in agent-based models. Cross-level interaction
occurs where one agent is at less detailed level whereas the other agent is at more detailed
level. So, the interaction between different levels of granularity requires the identification of
agents with respect to their levels. On the other hand, ambient-oriented modeling has been
used for few models. There are many simulation tools for agent-based modeling, and some
are also open source, such as NetLogo. One may easily find help for agent-based models.
There is a lack of specific simulation tools for ambient-oriented modeling. We found only
one software tool for ambient-oriented modeling, i.e., Ambinet. However, this tool has been
presented in [6], and we are unable to find it on the internet. To the best of our knowledge,
there is no formalized way to represent the relations of agents where one agent is included
in another in agent-based modeling and simulations. In addition, agent-based modeling
does not provide a formalized way for the representation of messages between agents at
different levels of abstraction. Hence, there is need for a framework which provides a
solution to the aforementioned lack of agent-based modeling and simulation tools.

Agent-based modeling has been used in combination with sociology, psychology,
network effect theory, and game theory [62]. Agent-based modeling has been widely used
for the modeling and analysis of transportation and vehicular systems [63-65]. Repre-
sentations of messages and communications between agents have not been addressed in
previous work. In addition, inclusion relations have not been provided and represented in
agent-based models of transportation systems. In agent-based modeling, different groups
can be represented as an agent [66]. In our model of BRT, we use groups of buses as one
agent and the group of passengers as another agent. We provide the representation of the
messages between the buses, passengers, and stations as well. We also provide representa-
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tion of the inclusion relations in our model of BRT. Symbols for messaging and inclusion
are not available in existing agent-based modeling frameworks. The representation of the
messages will bridge the model with the design of information and communication system.

Table 1. Comparison of agent-based and ambient-oriented modeling approaches.

Approach Strengths Abstraction Simulation Software
It supports
adaptive
Simulation abstraction, NetLogo is used by
friendliness cross-level [69].
and interaction, There are more
flexibility abstraction than eighty
ABM [25,27], of real agent-based
[28,30], environment, modeling and
[31,32], and coupling simulation
[34,39], of tools as
[40,42], heterogeneous discussed in
[35,38]. models [70].
[3,60,67]
[61,68].
Ambinet,

an environment

Representation The models that . .
. - for ambient-oriented
of inclusion are developed modelin
relations and using this [6] &
AOM messages in approach Howeve;' this
models have not involved framework’ is not
[21,22], any data such as in .
[6,24] [5,21,71] very mature and is

not marketed the same
as the tools for ABM.

3. Use of Agent-Based and Ambient-Oriented Modeling Approaches in Combination

According to [72,73], agent-based modeling is helpful in examining the interactions
between individuals as well as to determine the implications of different hypotheses. It
helps to create empirically supported models while keeping the assumptions realistic rather
than idealized. It also helps in modeling entities at different levels in a system. It helps to
keep interdependence while modeling agents in a system. It also provides the facility to
model heterogeneous agents in an efficient and easy way. Rules may be defined at different
levels, i.e., a separate rule for a specific type of agent or population and rules for interactions
between different agents and subsystems in a system. Hence, it provides a flexible way
of modeling. Apart from these benefits, there are also some considerations to keep in
mind while using agent-based modeling approaches. It may not be helpful in modeling
discrete-time events. Availability for standardized procedures for agent-based modeling
while constructing and analyzing models is also a critical issue. Understanding the rules of
the model in the simulation may also be difficult. However, agent-based modeling may be
used in combination with other modeling approaches to overcome these issues.

3.1. Integrated Framework for Modeling

We propose a framework that uses concepts of both agent-based modeling and
ambient-oriented modeling for a detailed model. This integrated use will help us in
obtaining a comprehensive model covering all practical aspects necessarily required for a
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detailed model. The Figure 1 shows a meta-model to depict the relation among different
attributes and entities involved in modeling. Secondly, integrated use will help in handling
both discrete time and continuous time systems. In complex systems at one component of
the system may behave as continuous time whereas, the other component of the system
may be a discrete time.

Locations Identification Autonomicity

Processes |-

) >{ Agents Rules

1

Proto-Agent « —
Static <« —— /|
e

J—f Inclusion « —— il Model
/ “\‘
/A
/| N—
Meta-Agent ! N

Cognition «—

| Mathematical <«
Cognitive < ‘

———————— { Mobility «— | -
/ \

] ( EEEEE—
Mobile <« /

Narrowness «— Simulation «
Granularity
Ambient <«

Figure 1. Meta-model of modeling by integrated use of ABM and AOM.

Flexibility

Figure 2 shows a framework that is based on the combination of ABM and AOM.
The framework shows a flow of modeling consisting of the identification of agents, classifica-
tion of agents, determining the relations of agents, formalization of processes, formalization
of messages, formation of rules, and, at the last phase, the simulation according to the
rules. The model is composed of a mathematical representation along with a simulation.
However, the model retains the type of the agent and controls its behavior accordingly.

Considerations before starting: Before modeling, one has to select a desired level of
abstraction or granularity and flexibility. The level of granularity differs according to the
requirements of the system to be modeled. Additionally, different agents have different
input variables. The flexibility of the system based on different agents and variables is
defined such that one may analyze or learn from the system using different values.

The proposed framework involves the following steps:

Identification of agents: The first step while using these approaches in combination
is identification of agents. At this step, the agents are identified, and they are assigned
any identity as a unique identifier. Here, the functionality of the agent for which it is
autonomous is also defined.

Classification of agents: Upon the identification of the agent, the agent is analyzed
based on the properties it possesses. After analyzing, the agents are assigned different
types for the purpose of elaborating their behavior in modeling. The classification of agents
is helpful in modeling the behavior of specific agents. This classification will be made as
per the types of agents discussed in the next subsection. For example, if an agent has the
ability to move, then it will be classified as a mobile agent, while if the agent cannot move,
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then it will be classified as a static agent. The rules for the classified agents will be written
as per their type and should never be conflicting with their assigned types.

Relations of agents: Different agents in a model have relations to one another. Every
agent should have a relation to at least one of its counterparts involved in the systems
modeling. These relations may be symmetric or asymmetric. These relations are represented
in the form of networks for better understanding. Causal loop and stack and flow diagrams
may be used for representing the relations between agents.

Formalization of processes: After defining the relations of the agents, the next phase is
writing the processes of the agents according to the rules of ambient-oriented modeling.
This will help in elaborating the functionality of certain agents and their interaction with
other agents. These processes, along with relations, will be used for the formation of the
rules of the model.

Formalization of messages: The messages between the agents will be modeled by using
ambient-oriented modeling symbols. The messages modeling will include the relations of
the agents as well. The messages will contain the symbols <> and () receiving, along with
relations such as parent, child, and sibling symbols.

Formation of rules: The rules of the model will be elaborated. Based on these rules, the
simulations will be developed. The rules are coded in some agent-based simulation tools
whereas visual workflows are developed in others. Some common operations involved
in rules will be setup, creation of agents, interaction of agents, and movement of agents.
For ambients, there will be operations included in the rules such as in, out, move, and copy.
Generally, the rules are mathematically represented for associating more details with the
graphical model.

Simulation: At the end, the model will be simulated. The simulation will represent the
behavior of the agents in the system.

There will be three outcomes of using this modeling approach. The first outcome will
be a simulation. The simulation will be helpful in representation of the model in both two-
and three-dimensional space. The second outcome will be the representations of relations
based on the ambients” properties. The third outcome will be the representation of the
messages communicated between different agents along with the ambients’ relations.

‘—> Identification of Agents » Classification of Agents

4

Formalization of Processes |,
for Agents

Defining Relations

Formalization of Messages

for Agents > Formation of Rules

.47 Simulation of Model

Figure 2. Integrated framework flow diagram.
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To use ABM in combination with AOM, the first step is to distinguish between the
agents and ambients in a system. There are certain properties which distinguish different
types of agents.

Let p be a set of properties that agents or ambient may hold to be considered in agent-
based and ambient-oriented modeling. We represent these properties with lower-case Greek
alphabet letters, i.e., Location is denoted as A, identification is denoted as ¢, autonomicity is
denoted by , inclusion is denoted by u, nobility is denoted by J, granularity is denoted by
€, cognition is denoted by 7, and flexibility is denoted by x. Hence, p = {A,1,, u, €, 1, }.

The autonomicity of an agent is a required property in modeling. An entity e is an
agentiff e holds autonomicity ¢ for a specific functionality.

Definition 1 (Autonomicity). If X is a set of inputs such that X = x1,x2,x3...,xn and Y
is a set of outputs such that Y = y1,y2,y3...,yn, then autonomicity is defined as the mapping
between input and output such that VY = f(X) is defined and x # y.

While modeling, an agent under examination should have a unique identifier to track the agent.
We call the property of possessing a unique identification 1. The functions and rules of any specific
agent are assigned using this identification.

Definition 2 (Identification). If I is a set of identities such that I = {il1,i2,i3,....,in} and
il # i2 # i3 #,...,in, then identification | for a set of entities E = {x1,x2,x3,...,xn} is
mapped as x1 to x1;1, x2 to x2;5, etc., and every element of the set E should have a unique value of i.

Every agent in the agent-based modeling should have a position in the environment which
shows its location. The location of the agent is also an important property which every agent must
hold. Generally, location is identified by x and y co-ordinates in a 2D environment. In a 3D
environment, the locations have x, y, and z coordinates.

Definition 3 (Location). Let L be a set where L = {¢1,02,¢3,...,¢n} such that (1, £2, 03, ...,
In are different locations and 01 # €2 # (3 # ... # (nand YL3(xy,z) where x, y, and z are the
coordinates. Then, the location A may be defined as L := (x,y, z) such that in 2D z = null.

The agents that can move from a point to another possess the property of mobility. In a model,
such agents are at one point during the first time interval but at the other over another time interval.

Definition 4 (Mobility). IfV({1,...,¢n) € LY agent a;; € A such that {; # {; and an agent
holds the property of mobility 6 If f €1 # 2 # €3 # ... # {n over t1,12,13, ..., tn where t is the
time at each location £.

Some agents are capable of including other agents in themselves. This property of including is
named as inclusion.

Definition 5 (Inclusion). Let, (a1,a2,3,...,an) € A where A is an agent and al,a2,a3,...,an
are also agents. Then, A holds the property of inclusion y and A — al,a2,a3,...,aniff

1. Aj#al; #a2; #a3; # - #an;

2. Aj=al;j=a2;=4a3;=--- =an
3. 6A — Al2 = dalpy — alp = 5&2[1 — a2p = a3y — a3p = -+ = danp —>
anpp

The inclusion y is defined as Vx,y,z,... € a at an interval of time t in the model where
X,Y,z,...and a are all agents then a is holding the property of inclusion.

The process of learning from the environment and making decisions accordingly is called
cognition of agent. In the case of reflexive agents, they only use the if-then rule. In utility-based
decision making, a utility function is provided to the agent and the agent makes decisions based
on the function. Adaptive agents adapt themselves according to different situations and decide
accordingly. In goal-based decision making, there are defined goals for the actions to execute. So, the
appropriate technique should be used for decision making.
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Definition 6 (Cognition). The cognition 1 of an agent is defined as the capability of an agent to
receive information I from the environment e and make a decision d with respect to I.

The granularity of the agent describes the level to which the complexity of the agent is modeled.
Different agents have different granularity levels. This is the level of abstraction that is aimed to
be achieved in the model. Inappropriate selection of the granularity level may lead to difficulty in
modeling or the failure of the modeling objectives.

Definition 7 (Granularity). V (g1,92,43,...,81) € € A€ # ¢, the granularity € of an agent
a or a system s is defined as 3e¥a \ s, where (g1, 92,83, ...,gn) are the levels of detail about an
agent or a system.

The properties p can be characterized into different categories. The first is the set of those that
must be possessed by an agent for modeling. The properties that must be possessed are autonomicity,
identification, and location on the surface of the environment. The second set is the properties that
are optional to agents. Another category of properties may be the properties that are based on levels
such as flexibility and granularity. The set of optional properties is Op = {y, €,1,x}.

3.2. Agents

Agents are the basic building unit of agent-based modeling. In agent-based modeling,
agents are autonomous entities. They may have intelligence and decision-making capability.
Agents may be a living or non-living thing which interacts with other entities in the model.
Agents may be static objects as well as dynamic objects. The decision-making agents may
be termed cognitive agents. Cognitive agents can learn from the environment in which
they exist, and on the basis of learning, they may take decisions. Another type of agent
is proto-agents. This type of agent is not fully specified but provides information about
a specified agent to a non-specified agent. The third type of agent is meta-agents which
are composed of other agents. An example of a meta-agent may be a room which may
have a temperature sensor as an agent, an AC controller as an agent, a humidity sensor as
an agent, a TV as an agent, and a refrigerator as an agent. On the basis of behavior, there
are three types of agents. The first type can move and is described by the term “mobile
agent”. The second type is stationary, and it cannot move across the landscape. The third
type connects two agents and is described by the term “connecting agent”.

Definition 8 (Agent). An agent in agent-based modeling is a tuple x = (f,i, L, Op, where
*  (f is the property of autonomicity for function f;
e iisthe identifier of the agent;
o L is the location of agent where it may exist on landscape and L € A;
e Op is set of optional properties possessed by an agent. Op may be empty, single, or multiple
for a specific agent.
So, from the definition we can create a set of mandatory properties Mp of agents in agent-
based modeling.
Mp ={A,, T}
We use upper-case Greek alphabet letters for types of agents. We represent meta-agents with A
(alpha), cognitive agents with B (beta), mobile agents with I' (gamma), static agents with E (epsilon),
proto-agents with Z (zeta), and connecting agents with H (eta).

Definition 9 (Cognitive Agent). Cognitive agent B is defined as a tuple B = {(f,i,L,Op} A
Op # {} An € Op.

Definition 10 (Mobile Agent). Mobile agent T is defined as a tuple T = {{f,i,L,Op} A Op #
{}Nd € Op.

Definition 11 (Static Agent). Static agent E is defined as a tuple E = {{f,i,L,Op} A ¢ Op.
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Definition 12 (Proto Agent). Proto agent Z is defined as a tuple Z = {{f,i,L,Op} AVZ3IY
where Y is a specified agent.

Definition 13 (Meta Agent). Meta agent A is defined as a tuple A = {(f,i,L,Op} N Op #
{}Ap e Op.

Definition 14 (Connecting Agent). Connecting agent H is defined as a tuple H = {{f,i,L, Op} A
UNY = HAH # ®where UAY are two agents.

The movement of the agent can be determined by the direction that the agent is facing.
In simulation, the state of action of an agent can be determined and displayed by the color
of the agent. The behavior of the agent can be defined by the certain action that it should
perform or the state in which it should move. The key considerations of the agent are the
cognition of the agent and the granularity of the agent.

3.3. Ambients

Ambients are entities which fulfill three basic properties. These properties are in-
clusion, mobility, and narrowness. We may also define an ambient as an agent with the
properties inclusion, mobility, and narrowness. Another definition of an ambient may be
an agent which is both a mobile and meta-agent with limited change in its location. The
property of inclusion is defined by an ambient’s inclusion of another ambient within it,
just as with meta-agents. Mobility is the property that an ambient can change its location
and move from one place to another, as with mobile agents. Narrowness indicates that the
movement of an ambient should be in a limited space. In ambient-oriented modeling, every
ambient should have an identifier and processes. As with agents, ambients also possess
identifiers for the purpose of identification. These identifiers help in tracing and tracking
ambients. Processes are similar to the behavior of agents. These processes include the rules
that an ambient has to follow and the action that an ambient has to perform.

We denote narrowness by v and it is defined as:

Definition 15 (Narrowness). The narrowness v is defined as the limitation of agent O to move
between specific points (x1.y1,x2.y2,...,xn.yn) on location L and cannot move outside the spe-
cific points.

Definition 16 (Ambient). Anambient in ambient-oriented modeling is a tuple x = {f,i,L, Op,v A
e OpNd e OpAOp # {} where

e (f is the property of autonomicity for function f;

*  iis the identifier of the ambient;

» L is the location of ambient where it may exist on landscape and L € A;

*  Op is set of optional properties possessed by an ambient. Op must hold mobility and inclusion;
* v is the narrowness which an ambient must hold.

Ambient-oriented modeling is based on ambient calculus, so it uses mathematical
symbols to represent the model. Primarily, an ambient is considered as a container which
contains other ambient. So, on the basis of this property, different types of ambients have
been defined. There are three types of relations between ambients, i.e., parent, child,
and sibling.

*  Thesymbol “1” denotes a parent. This means that if we say “X” is a parent of “Y”, then
the relation may be represented as X 1 Y. If “X” is an airplane and “Y” is a passenger,
then ambient “X” is the parent of ambient “Y”.

*  The symbol “|” denotes a child. This means that if we say “Y” is a child of “X”, then
the relation may be represented as Y | X. If “X” is an airplane and “Y” is a passenger,
then ambient “Y” is the child of ambient “X”.
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¢  The symbol “::” denotes siblings. This means that if we say “X” and “Y” are two
siblings, then the relation may be represented as X :: Y. If “X” and “Y” are both two
passengers traveling in same airplane, then we may call “X” and “Y” siblings.

¢ The symbol “<>" denotes sending a message.

e The symbol “()” denotes receiving a message.

There are four syntax categories. The first is location, represented by a. The second
is opportunities, represented by M. The third is processes, and it is represented by P.
The fourth is contextual expressions, represented by k. The primitives of an ambient
may be:

in: An ambient may enter in a sibling. When the ambient enters in a sibling, it then
becomes a child. If “X” and “Y” are two siblings and “X” enters in “Y”, this can be written
as XinY.

out: An ambient may leave the parent. When the ambient leaves the parent, it then
becomes a sibling of the parent. If “X” is the parent and “Y” is the child and “Y” leaves
“X”, it can be written as Y out X.

open: Open is used to dissolve the boundaries of an ambient.

copy: Copy is used to create duplicates of an ambient.

3.4. Relation of Agent and Ambient
Theorem 1. An ambient is a type of agent.

Proof. Let the set of properties possessed by an ambient be denoted by Amp. Because Amp
=Cf,, Ly, 6,vand Amp O Mp. As, Ap = Mp U pand y € Amp, Ap C Amp. AsTp =
Mp U éand 6 € Amp, I'p C Amp. Ambient possess the property of narrowness v, which
is neither available in any other type of agent and this property does not contradict the
mandatory properties of agents. Ambient must possess all the mandatory properties Mp
as well as some optional properties Op with an extra property which is added to the set of
properties p of agent. Therefore, ambient is a type of agent.

So, the sets of properties and optional properties are revised as:

p={Nul e nx v}

Op ={u,en,xv} O

4. Bus Rapid Transit System Model: A Modeling Scenario

In this section we provide a model of a generic BRT system for a proof of concept.
We modeled it at an abstract level with less detail. There are three agents in this system.
The number of agents and states may increase in case a more complex system is modeled.
The increase in the number of agents can increase the number of relations, and hence, more
representations may be added. Ambients may be organized in hierarchical manner, such as
in the case of a person riding on a bus, who may possess a bag, and in the bag, there may
be a laptop or mobile phone. As such, in this case more details may be provided for specific
purposes. Now, we are following the steps provided by the framework for the purpose
of modeling.

4.1. Identification of Agents
We have three agents in our model

. Buses;
*  People;
e  Stations.

4.2. Classification of Agents

Buses: Buses are ambients;
People: People are mobile agents;
Stations: Stations are static and meta-agents.
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4.3. Determining the Relations of Agents

There are four stations and a road is connecting these stations. People can ride on a
bus. People can stand on a station. A bus stops at a station. A bus travels along a road.

Figure 3 shows the casual loop of the system. Figure 4 shows the stock and flow
diagram of the system. Figure 5 has two parts, the first part (a) shows the state chart of the
agent denoted as Bus and the second part (b) shows the state chart of the agent denoted
as Passenger.

// \\\ / \\
| o
v - Ride Bus Capacity
Passenger Waiting RL
£ [\
/ ! ///
AN # .
+ o
S~ Potential
‘ Passenger “~
Figure 3. Casual Loop.
Ride

Potential Passenger 2 ’ Passenger

Bus Capacity
4 A

Figure 4. Stock and Flow Diagram.

4.4. Formalization of Processes

The ambient-oriented model according to the above defined rules will be as follows.

There are two ambients: bus and passenger. The ambient bus is represented by B and
the ambient passenger is represented by X. P is the process, S is the station, and « is the
location. mov means move to.

Pg | Px

This shows both processes are parallel.

Pgp = (mov(a == 5y))

Px = (mov(a == S1))

The above shows that the bus moves to station one in the first process, and in second
process, the passenger moves to station one.

Pp = (in,:: X)

This shows that the passenger standing on the station moves in the bus.

Pg = (mov(a == Sp)

Px = (mov(a == Sy))
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This shows that the bus moves to station two and similarly, a new passenger comes to
station two.

Pg = (out, T X)

Pg = (in,:: X)
®
Move to 1% Station < Enter Station
Stand in Queue
Stop Wait
If Last Station Bus Arrive
» Move to Next Station Ride on Bus
If Not Last Station Reach Station
Stop Get Off the Bus
Leave Station
(]
(a) (b)

Figure 5. (a) State Chart for Agent “Bus” (b) State Chart for Agent “Passenger”.

In the above two lines, the passengers that are inside the bus indicate that the bus is
parent of the passengers, who should get off the bus, whereas the passenger standing on
the station are siblings of the bus and should ride on the bus.

Pg = (mov(zx == 53)

Px = (mov(a == S3))

Pg = (out, 1 X)

Pg = (in,:: X)

Pg = (mov(a == Sy)

Pp = (out, 1 X)

In the above lines, a situation similar to the previous explanation is presented. Let
F be the first station, N be the last station, and O is a constant. The process for bus Pg is
modeled as shown below.

mov(x == Sp)
(in,:: X)
mov(a == Sp40)
Pp = (out, 1 X)
(in,:: X)
mov(a == Sy)
(out, 1 X)

Let Syearest be the station nearest to the location of passenger and Sjegsination e the
destination of the passenger. The process X for the passenger is modeled as shown below.
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mov(& == Spearest)
mov(in,:: B)
mOU(tX == Sdestination)
mov(out, | B)

4.5. Formalization of Messages

The bus shares its current location to the next bus station and the bus station calculates
the approximate arrival time and provides it to the passenger. So, this may be modeled as:

Pg = (S1 < bus_id,a >,0)

Px = (81 :: (bus_id, exp_time),0)

The messages from the station agent are as follows:

Pe B :: (bus_id,a),0
ST X < bus_id, exp_time >,0

4.6. Formation of Rules

Assuming normal hours and routine service, when there is no rush the rules will be
as follows.

The rules of the bus will be: The bus moves from the source to station one. At station
one the bus moves to the bus stop and waits. After pickup, the bus moves to station two.
At station two, the bus first drops off passengers and then picks up passengers. Then,
the bus moves to station three. At station three, the bus first drops off passengers and
then picks up passengers. Then, the bus moves to station four, which is the final station.
At station four, the bus drops passengers off and ends.

The rules of the passenger will be: The passenger comes to a platform. At the platform,
the passenger waits for the arrival of a bus. When the bus arrives, the passenger rides on
the bus. Then, the passenger moves to the desired station by bus. At the desired station, the
passenger gets off the bus and onto the platform. Finally, the passenger exits the platform.

The average waiting time of passengers at station ¢ can be calculated as Awt(c) =
Y i_; (wty)/nwhere Awt(c) represents the average waiting time at station ¢, 7 is the number
of passengers, and wt is the waiting time of certain passenger.

4.7. Simulation

We the used AnyLogic simulator for the simulation. Figure 6 shows the flowchart of
the model along with the 2D run. After running, the values show the number of buses as
well as passengers who crossed specific area. The rules are represented in this flowchart.
In this flowchart, the “busSource” is used to generate the agent “bus”. After the bus is
generated, a delay function is used because there is a normally a gap between buses. Then,
the bus moves to station one by using the function “Mv2BS1”. Meanwhile, a parallel process
is running for the agent “passenger”. There is a passenger source represented in green with
the title “pedSource”. When a passenger is generated, it waits and enters into the station.
The passenger leaves the station when the function “pedExit” is called. After “pedExit”,
there is a function “queue”, from where passenger enters the bus. As we used station
as an agent, we used the enter and exit functions at the station. After the bus arrives at
station one, the passengers at station one who are waiting in “queue” can ride on the bus.
For riding, we used a function “pickup”, represented in blue. The “pickup” function has
two pre-conditions: the first is that there should be a bus, and the second is that there
should be passengers. Similarly, the bus moves to station two using the function “Mv2BS2”.
Here, two processes will occur: first, “dropoff” and second, “pickup”. After “dropoft”,
the passenger will enter the respective station then leave the station, and then the agent
passenger will be destroyed. Similar to the first station, passengers at station two are
generated by “pedSource2” and will ride on the bus. Similarly, the bus moves to station
three where both “dropoff” and “pickup” can occur. Then, the bus moves to station four
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using the function “Mv2BS4”. This is the last station and here only the “dropoff” function
is available. After the last station, the agent bus is destroyed at the black filled cross.
Figure 7 shows the 3D representation of the model. In the 3D view, the grey horizontal
line with a green line in center represents the road. The yellow and white boxes on the road
represent the buses. The comparatively larger rectangular boxes along the roadside are the
stations. The dots on the stations represent passengers waiting on the station. However,
while executing the model, one may watch buses picking up passengers moving from
station to station, dropping of passengers at stations, and exiting from the area. Similarly,
the passengers coming to a station, riding on the bus, and exiting from the bus and leaving
the station can also be observed. Alongside the 3D model, a graph is shown in the same
figure. This graph has been created to analyze the waiting time of passengers at the first
station. The bus rapid transit systems with isolated tracks are represented here in a model.

dB':‘lg pickup1

pedG ET:H pedSink2
]

pedEnter2 pedGaTos pedSink3

1 1 nm 109

pedEnter3 pedG?Toﬁ pedSinkd
0

The model can be well understood using a mathematical representation of the pro-
cesses and a visual representation using simulations. From the graph, one can easily
observe that the waiting time is high when the system starts keeping the number of passen-
ger constant. However, as the buses start operating, the average waiting time decreases.
Although only one aspect of the model was considered here, multiple other aspects of the
model can change the behavior of agents. This model can be used for the prediction of the
required bus frequency at rush hours by increasing the number of passengers.

. .

pediiaitt  pedGoTaa pedExitt aueyet

pedSource1
o

Figure 6. Work-flow of Model for BRTS.

a
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Figure 7. 3D view of BRTS simulation with graph for waiting time.
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5. Discussion and Analysis

In this section, we discuss the added value of the proposed framework for developing
models of systems that are composed of agents and ambients. In the absence of any
comparative frameworks, here we examine how to design complex agent-based ambient-
oriented systems in general. In particular, we also discuss how conventional modeling
schemes fail to provide effective tools for building detailed models and simulations of
agent-based ambient-oriented systems.

5.1. Problem in Modeling Agent-Based Ambient-Oriented Systems

The concept of agents and ambients functioning in collaboration was provided by [74],
where an ambient was treated as a mobile entity for the first time. In this article, the
agents were considered as entities that are placed within an ambient. On the basis of
this article, Ref. [1] provided the concept of an ambient-oriented modeling approach.
The proposed ambient-oriented modeling, unlike its base article, does not distinguish
between the agent and the ambient. In model [21], any entity is treated as an ambient
whether it fulfills the definition of an ambient or not. Agent-based modeling is mature
and contains well-developed frameworks, software, and libraries, as discussed in previous
sections. As such, modeling agent-based ambient-oriented systems needs a framework
to properly distinguish between agents and ambients, elaborate the process, simulate the
model, represent their relations in the model, and represent the messages.

5.2. Our Framework for Modeling Agent-Based Ambient-Oriented Systems

Our first research question was: how can complex systems that have agents that
contain other agents and have the ability to move within a limited location can be mod-
eled? We can rewrite this question as: how can agent-based ambient-oriented systems be
modeled? Our second research question was: how can one represent different agents of
different levels based on their dependencies? We can rewrite this question as: how can we
represent the inclusion relations of ambient and agents? Our third question was: how can
we provide details such as the message sending or receiving from certain agents alongside
the representation of dependencies? We can rewrite this question as: how can we represent
messages alongside the relations between ambient and agents?

Ambients always possess three properties, i.e., inclusion, narrowness, and mobility.
Inclusion means that an ambient is a container which can contain other entities. Narrowness
means that it should have certain boundaries. Mobility means that an ambient will always
have the ability to change the location. When we analyze means of transportation such
airplanes, trains, buses, and cars, they may be treated as ambients. An airplane is an
ambient which moves from one airport to another and also contains passengers and crew
staff. A bus is an ambient as it can move from one location to the other and passengers can
ride on it. A train is an ambient as it moves from station to station, while containing people
and luggage. A car is an ambient as it can move from one place to another while including
the driver and passengers. A ship is an ambient as it can move from one port to another
while containing people and luggage. Similarly, trucks are an ambient and may contain
different agents.

We have discussed different types of agents in previous sections. All other agents who
do not fulfill the properties of ambients should be treated as agents. An agent may be an
ambient at a certain granularity level, whereas at another level it may not. For example,
while modeling bus systems, the human riding on the bus will be an agent, whereas in other
cases, humans may also contain some agents such as mobile phones, smart-watches, etc.,
and have the ability to move. An agent should have some role in the model. Depending on
the availability of data, one may select any of the agent-based modeling types. There are
different frameworks/protocols available for agent-based modeling. These frameworks
may be extended for the addition of ambient features.

A model is based on some entities and the rules for processes. Usually, the rules of
agent-based modeling are written in code for simulations. In some simulation environments
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such as AnyLogic the rules are written as flow diagrams and have visual representations of
the rules. In ambient-oriented modeling, the rules are represented as processes. Processes
contain messages as well. To use agent-based modeling in-combination with ambient-
oriented modeling, the rules should be defined in simulations and an explanation should
be provided in the form of ambient-oriented modeling expressions. Agent-based modeling
is very effective for ad hoc systems and continuous time simulations, because ambient-
oriented is primarily state based and can be effectively used for event-based properties of
systems. Our proposed framework will be useful for modeling complex systems that have
both agents and ambients as their components.

With the emergence of new technologies, modern transport systems are rapidly chang-
ing. Internet-based applications are facilitating transportation as well. Internet-based
transport systems such as Uber and Careem are operating in multiple countries. Internet
of things-based goods tracking applications have also been proposed. SWVL is a service
operating in different countries which provides internet-based routed public transport.
These types of systems require modeling for different purposes. Hence, our modeling
approach will help in modeling such transport systems. It will help in modeling both urban
and long-distance transport systems. There are various agent-based simulation environ-
ments. Although we used AnyLogic, other tools may also be used. Some of the famous
agent-based modeling tools are NetLogo, AgentCell, AgentFactory, Brahms, UrbanSim,
and Swarm. However, the addition of ambient properties to these tools will be helpful for
the representation of ambients and modeling agent-based ambient-oriented systems.

5.3. Comparison

A hybrid modeling framework uses ABM, DES, and SD in combination to model
teamwork, and ABM builds the frame, while the internals of agents are modeled by DES
and SD [75]. For modeling teamwork in engineering environments, an ABM approach
has been provided [76]. A framework for modeling freights has been proposed that
overcomes the limitations of existing approaches [77]. A framework known as MESA has
been presented and this framework is for agent-based modeling [78]. A framework for the
modeling and simulation of emergent behaviors has been presented [79]. A framework
for modeling and simulation has been proposed that addresses incident management on
three axes, i.e., incident, domain, and life-cycle phase [80]. A traffic simulation framework
to reproduce urban freight movements, particularly concerning double-parked delivery
operations has been developed [81]. A modeling and simulation framework has been
provided to support a holistic analysis of healthcare systems through a stratification of levels
of abstraction into multiple perspectives and their integration in a common simulation
framework [82]. Modeling and simulation are used in software engineering and a modeling
framework for model-driven development (MDD) tool has been provided [83]. In one of
our recent articles, we proposed a modeling framework for software engineering in internet
of things (IoT) systems [84]. A framework for modeling different aspects of transportation
system has been proposed and has used agent-based modeling in this framework [85].
A framework for modeling complex systems has been provided and this framework used a
combination of network-based and agent-based modeling [86]. A framework for modeling
the security of internet of things systems has been proposed [87].

There are several other frameworks that provide the use of agent-based modeling and
other traditional modeling approaches for different specific purposes. However, there is
no single modeling framework that provides the use of agent-based and ambient-oriented
modeling approach in combination. Additionally, no other framework provides representa-
tion of messages and processes that are associated with agents in agent-based modeling.
Agent-based modeling has widely been used for modeling transportation systems. There
are five well-known modes of transportation, i.e., road transportation, maritime transporta-
tion, air transportation, rail transportation, and inter-modal or multi-mode transportation.
All these modes of transportation satisfy our definition of an ambient. A car, bus, truck, or
any vehicle that is a part of road transportation satisfies the definition of an ambient. Ships,
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boats, and other similar entities used in maritime transportation are also ambients as per
the definition. Airplanes, helicopters, and jets used for air transportation also satisfy the
definition of an ambient. Similarly, rail transportation that uses trains and similar entities
also satisfy the definition of an ambient. As all the primary modes of transportation can be
modeled using the concept of ambients, so can the derived modes or multi-modes. Accord-
ing to the definition, an ambient can move within a certain location and has the ability to
contain other agents within itself. The use of our framework will help model transportation
systems with more details and represent communication as well. Agent-based modeling
does not provide a formalized mechanism of modeling communication. Although trans-
portation mostly included mechanical entities some decades ago, due to rapid emergence
of information and communication technologies, however, transportation has also been
upgraded to smart transportation. Technologies such as the internet of things have had
a significant impact on transition of transportation as well. The use of new technologies
has shifted the transportation systems to complex ones. So, representing messages is a
key aspect of modeling modern transportation systems. Hence, this framework provides a
mechanism to model and simulate modern transportation systems using agent-based mod-
eling, while providing details such as the representation of messages and representations
of the relations of agents in a hierarchical manner.

6. Conclusions

In this paper, we discussed agent-based modeling and ambient-oriented modeling in
detail. We discussed agents and ambients in different aspects, as the agent is the basic unit
of agent-based modeling and the ambient is the basic unit of ambient-oriented modeling.
We also provided the similarities between agents and ambients. We proved a proposition
that an ambient may be treated as a type of agent. However, in case of agent-based
modeling and ambient-oriented modeling, both approaches promote different methods
of modeling. Agent-based modeling promotes visual representations and minimizes the
use of mathematics. Ambient-oriented modeling is based on calculus and also has very
low support for visual modeling. We provided a framework that uses the concepts of both
modeling approaches for detailed models. It provides a mechanism to model agent-based
ambient-oriented systems. For a proof of concept and to validate our framework, we used
an example of a BRTS. We applied the steps provided in the framework and obtained
a detailed model. The model contained representations of hierarchical relations as well
as the communication messages between the different agents. This framework is useful
for modeling modern transportation systems to obtain detailed models for the purpose
of feasibility study, elaboration, education, and design. This modeling framework will
be helpful in model-based engineering of transport systems that use information and
communication technologies.

We used only one aspect of our model for BRT. Different aspects can be considered while
modeling BRT systems. The model developed using the data collected from specific BRT
systems will provide more accurate predictions. In the future we aim to extend this approach
for implementation for relevant scenarios such as internet of things supply chains.
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