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Università degli Studi di Salerno
Via Giovanni Paolo II, 132

84084 Fisciano, Italy

KEYWORDS

Performance evaluation; multiformalism modeling;
energy management; wireless sensor networks; simu-
lation; ns-3; Internet of Things; edge computing

ABSTRACT

The di↵usion of intelligent services and the push for
the integration of computing systems and services in
the environment in which they operate require a con-
stant sensing activity and the acquisition of di↵erent in-
formation from the environment and the users. Health
monitoring, domotics, Industry 4.0 and environmen-
tal challenges leverage the availability of cost-e↵ective
sensing solutions that allow both the creation of knowl-
edge bases and the automatic process of them, be it
with algorithmic approaches or artificial intelligence
solutions. The foundation of these solutions is given
by the Internet of Things (IoT), and the substand-
ing Wireless Sensor Networks (WSN) technology stack.
Of course, design approaches are needed that enable
defining e�cient and e↵ective sensing infrastructures,
including energy related aspects.
In this paper we present a Domain Specific Language

for the design of energy aware WSN IoT solutions, that
allows domain experts to define sensor network models
that may be then analyzed by simulation-based or ana-
lytic techniques to evaluate the e↵ect of task allocation
and o✏oading and energy harvesting and utilization
in the network. The language has been designed to
leverage the SIMTHESys modeling framework and its
multiformalism modeling evaluation features.

I. INTRODUCTION

The consolidation of IoT/WSN devices as a commod-
ity enables a widespread adoption of sensing nodes that
are capable of autonomous computing and may consti-
tute intelligent sensor networks. IoT/WSN technolo-
gies are largely used in small size installations, such in
the case of home automation applications, as well as
in large settlements, such in the case of smart cities;
in controlled environments, such as in industrial plants
within Industry 4.0 projects, and in the wild, e.g. for
environmental monitoring in forests, seas, or farmlands;

in predictable situations, such as surveillance systems,
and where is little information before deployment, such
as in emergency response and management; in static
configurations, such as in museums or campuses, and
in highly dynamic and critical scenarios, such as in bat-
tlefield and tactical military operations. In the most
advanced applications, IoT/WSN-based solutions are
enabled to be deployed in any scenario by leveraging
energy management techniques and node computing
capabilities, that, at the state of the art, are non negli-
gible with a limited cost per node and allow advanced
features, such as support to fog and edge computing
solutions and dynamic reconfiguration. The possibil-
ity of adopting energy harvesting, e.g. exploiting vi-
brations, tidal waves, wind, electromagnetic radiation,
enables the design of large scale distributed reactive
systems with advanced sensing capabilities that can be
deployed in locations that do not provide energy grids
and can survive and perform their mission for long pe-
riods without attendance or maintenance, possibly ex-
ploiting reconfiguration and task migration strategies
to keep operating in degraded conditions until a mini-
mal resource amount, in terms of energy and nodes, is
available.

The design process of systems with these features
must be supported by proper tools in order to ensure
the compliance with non-functional specifications re-
lated to energy, coverage, resilience, survivability. De-
sign issues include the application level, the architec-
ture of each single node class, the definition of sensing
strategies and devices, the organization of the network,
the definition of the most fit networking technology and
protocols, the energy management features, the recon-
figuration policies, including task scheduling and of-
floading solutions. They belong to di↵erent domains
and impact di↵erent aspects, often correlated and in
conflict with each other. Even the description of mod-
els should consider abstractions that are derived from
the application domain, in order to allow modelers to
focus on the scenarios and have an holistic approach
to the characteristics of the components of the system:
for this purpose, defining a DSL (Domain Specific Lan-
guage) may be a profitable choice, provided that mod-
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els specified by this language can be then analyzed or
processed by means of proper tools.

This work is based on the general methodology pre-
sented in [10] and proposes a possible implementation
for it, that is fit to partially fulfill the goals of the ePas-
sion research project. At the moment, it supports the
definition and the evaluation of single scenarios. In
fact, in this paper we present a DSL-based modeling
approach that allows the description of IoT/WSN sys-
tems with energy harvesting capabilities and task of-
floading features, to support the evaluation of fog and
edge enabled applications. The language is designed
in the framework of the SIMTHESys [3] modeling ap-
proach, to exploit its solver generation features and its
multiformalism capabilities. We introduce a suitable
DSL and show how it can be used to describe and an-
alyze a scenario.

After this introduction, the paper is organized as fol-
lows: Section II analyzes the WSN energy aspects to
be modeled; Section III presents the general modeling
approach; Section IV presents a simple application to
demonstrate the approach; Section V points at some
relevant literature; conclusions close the paper.

II. IoT/WSN CHARACTERISTICS AND
ENERGY RELATED ISSUES

A IoT/WSN node is a low-cost embedded computer
that is capable of communicating with other nodes and
with a server in di↵erent network configurations by
means of standard wireless and Internet technologies.
The main responsibility of a node is the operation of
a number of sensors, the nature of which depends on
the mission the application should accomplish. While
nodes may be used in scenarios in which they can be
plugged into the power grid, in this paper we are inter-
ested in nodes that are powered by batteries and can
harvest energy from the environment. A node has a
complete software stack and might run applications in
real time mode: in this paper we will only consider at
the operating system level what is related to manag-
ing the problem of task allocation, execution and of-
floading, and at application level the tasks intended
as workload to be managed at network level. Conse-
quently, with respect to the analysis presented in [10],
in this paper we consider a reduced architecture for
each node with a special accent on software tasks, sen-
sors, interaction mechanisms with the environment and
task allocation strategies.

The way in which nodes use energy depends on many
factors. A baseline is given by the energy needed to
keep a node in stand-by mode, in the case in which
its duty cycle (that is, the organization of time slots in
which it is actively operating (by sensing, transmitting,
computing) or waiting for the next activation event)
and architecture allow a low-energy state; another con-
tribution is needed to run application tasks; moreover,
sensing and related preprocessing operations require
energy as well. A significant contribution is given by
network transmission, both for exchanging payload and
for network management: this contribution depends on

the kind of protocols used, the chosen hardware, the fre-
quency of reconfigurations, the interconnection services
provided to other nodes, the position of the node in the
network, natural obstacles, interferences and noise, fre-
quency of data exchanges according to the application,
the existence of an infrastructure, the availability and
reliability of nodes, the scale of the network and the av-
erage distances between nodes. In some applications,
nodes also may be equipped with motors to be able
to change position, or to contrast external actions that
interfere with their positioning (e.g., see [9]).
The design of energy performances of IoT/WSN sys-

tems should target the energy balance of harvesting
nodes, the general energy management policy of the
network, the survivability of the network: consequently,
di↵erent models are needed at di↵erent design stages,
depending on the level of detail, and possibly for dif-
ferent targets (e.g. an analytical modeling technique
for a coarse grain or a global behavioral model, or a
hardware-in-the-loop technique applied to a prototype
for a very detailed understanding of the system). As
interactions and dynamics depend on the evolution of
the components, a good level of prediction quality may
be achieved, once the design is su�ciently detailed, by
using event-based simulation to explore alternative sce-
narios.

III. MODELING APPROACH

In our framework, on one side, we analyzed a number
of actual scenarios from commercial or custom instal-
lations, on the other we analyzed the general domain
to identify , on a metamodeling basis, the entities that
characterize performance models for the domain and
their behaviors (including mutual interactions), accord-
ing to the SIMTHESys approach.
In general, as discussed in [10], modeling a node im-

plies modeling the behavior of its hardware configura-
tion, its software and scheduling, its communication
related activities and the utilization and harvesting
recharge processes of its power source. The environ-
ment impacts on the schedule, as well as the network
configuration and organization. On these premises, we
identified a set of elements, with their properties and
behaviors, a minimal set of which is shown in Fig. 1 and
Fig. 2 that is suitable to describe the most of the ana-
lyzed scenarios. Properties are attributes of an element
that define its current state, while behaviors describe
its dynamics and change its state. As the goal of these
models is to evaluate the energy consumption accord-
ing to the configuration and the course of events of a
scenario, behaviors in these models are essentially re-
lated to task scheduling and migrations (in their e↵ects
on the energy available in a node and workload config-
uration), task activation in reaction to sensing events
(in the same perspective) and energy harvesting phe-
nomena (that raise the available energy), resulting in a
state update related to the energy balance in the sys-
tem, so they will not be described nor analyzed for the
sake of simplicity.
The chosen modeling structure exploits hierarchical



Fig. 1. The elements of the DSL and their properties

Fig. 2. The elements of the DSL describing the components of an IoTdevice and their properties

modeling, in order to simplify the modeling procedure
and to better map to the domain the approach. In fact,
elements such as IoTdevice and Event include submod-
els, that also add flexibility.

A. Model elements

Element IoTdevice describes a generic IoT node that
can be equipped with diverse sensors and is capable of
executing software. Its properties are: NumberOfDe-
vices, that takes into account the number of instances
of such a node which compose a scenario; Distribution,
that provides the spatial distribution of nodes of this
kind in the scenario, by means of a probability distribu-

tion1; SensingRange, the radius of the area, centered on
each node of this kind, in which a sensor is catching ex-
ternal events; O✏oadingRange, the radius of the area,
centered on each node of this kind, in which a sensor
can ask a neighbour node for task o✏oading when the
available energy is below a defined threshold; Area, a
submodel describing the covered area; Specification, a
submodel describing the configuration, in terms of com-
ponent Sensor, Algorithm and PowerSource elements.
Element Event describes an event class that may so-

licit Sensor elements, inducing task executions on IoT-
devices and related state changes. Its properties are:
Type, that describes where in the scenario events are

1In the full formalism, it is also possible to provide all positions,
but the consequences are not in the scope of this work.



generated by means of a probability distribution2 and
the area in which the event may manifest; Frequency,
that defines when the events manifest with a probabil-
ity distribution; Specification, that provides additional
information on the logic with which the positions in
which events manifest are described; Area, a submodel
describing the covered area. In this version of the for-
malism, if Type is Linear, Specification describes a set
of trajectories consisting of N points, which they pass
by, the average and variance around each point and
the average and variance of the duration of the event
around each point; if it is Brownian, the initial point of
trajectories, the average speeds of a reference trajectory
and their variances are provided; if it is Area, events
are generated within an area and an initial position and
angle and the average and variance of the final size of
the covered area are provided, together with average
and variance of the duration of the events generation.

Element EnergySource describes a type of possible
source of energy which can be harvested. Properties
are: Intensity, which is described by a time dependent
probability distribution to match the oscillations of the
source during the timespan of the evaluation; Area, a
submodel describing the covered area.

Specification submodels are composed of three kinds
of elements: Algorithm describes a workload, with
properties TriggeredBy, a list of on-board sensors which
schedule its execution, TriggeringProbability, the prob-
ability that, as a consequence of a sensor triggering,
the workload is actually scheduled, EnergyConsumed,
the energy amount required for a run, and O↵Loadable,
defining if this workload can be o✏oaded in case of need
or it cannot (for privacy reasons, or because tightly
connected to the given IoTdevice instance); Sensor,
defining one of the on-board sensors, with properties
Senses, providing the list of events it reacts to, En-
ergyConsumed, the energy amount required for a sen-
sor operation, and DutyCycle, specifying the time du-
ration of its active part and inactive part in its ac-
tivity cycle; and PowerSource, describing one of the
on-board energy storage units with properties Maxi-
mumCapacity, Harvests, which provides the list of En-
ergySource elements that provide it energy, O↵Load-
ingRequestThreshold and O↵LoadingAcceptThreshold,
that respectively define the energy level under which
the node may ask neighbors for o✏oading or over which
it may accept o✏oadings from neighbors.

B. Example

Fig. 3 shows a simple scenario example.
In this example, there is a single type of IoTdevice,

with 100 instances that are uniformly distributed in
Area Area3. Each of the instances has a sensing area
with a radius of 50 meters and can request for o✏oads,
or can be requested for o✏oads by, other instances

2In the full formalism, it is also possible to provide all positions,
but the consequences are not in the scope of this work; here,
due to the nature of the case study, that focuses on catching
movements of di↵erent subjects in an area for surveillance and
early alert, events are generated by means of trajectories.

within a radius of 200 meters. Each instance sched-
ules and runs two workloads of two di↵erent Algorithm
kinds, namely A1 and A2, both activated by an instance
of the R1 Sensor. A1 is triggered by R1 with proba-
bility 0.1, consumes 2 mW and cannot be o✏oaded;
A2 is triggered by R1 with probability 0.02, consumes
20 mW and can be o✏oaded. Each IoTdevice instance
has a single PowerSource B1, with a maximum capac-
ity of 5000 A, requesting o✏oading with less than 750
A available and accepting o✏oading with more than
2500 A available, and capable of harvesting the only
EnergySource H1 in the model, that radiates over Area
Area4 with the intensity described by the formula in
figure.
Two types of Event sources are present in the exam-

ple. The first one is of Brownian type, acting in Area1,
in which events are exponentially distributed with rate
0.1 events per hour (details are omitted); the second
one is of Linear type, with the same event rate and a
trajectory description that is omitted, but graphically
represented in the figure as di↵erent paths passing by
a number of points in Area2.
Area elements are described as polygons as in the

figure.

IV. EVALUATING AN EXAMPLE
SCENARIO

To demonstrate the approach, we evaluated the ex-
ample presented in Section III-B in a scenario in which
di↵erent levels of energy harvesting are considered. The
system has been simulated by starting from a descrip-
tion in the proposed DSL and generating a simulation
model by means of the SIMTHESys modeling frame-
work, that relies on the technique described in [5], in-
tegrated in a SIMTHESys solver. Fig. 4 shows an in-
stance in which the sensors have been randomly placed
according to their number, and to the area defined by
the model. Figure shows also six paths leading to events
generation: three follow the linear model, and three
the Brownian approach. During the motion among the
considered paths, mobile entities can produce events
on the monitored area, according to two di↵erent lev-
els of severity, as shown in Fig. 5. In particular, the
image shows where events are missed: the considered
path and the position of the sensors, combined with
the area, creates a great hole in the left side of the
region. A sensor relocation, placing more devices in
the area, would improve the reliability of the system,
significantly reducing the number of losses.
Figures 6, 7 and 8 show the usage of batteries re-

spectively with no harvesting, an average of 0.2 mAh
obtained by harvesting and an average of 0.4 mAh. In
particular, interpolating the energy decrease, it can be
seen that the two harvesting can increase the lifetime
of the system respectively of 66% and 400%, showing
the importance of this feature: even a minimal increase
in harvesting power can e↵ectively increase the lifetime
of the system. Some sensors, however, due to their
position where events are more frequent, and where
there are no neighbors with which they might share



Fig. 3. An example of scenario
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Fig. 4. Generated trajectories
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Fig. 5. Generated events

their load, are more stressed than others, and tend to
deplete their battery much faster than others. Again,
a better placement of the devices should allow to solve
this issue: the use of the proposed method in an auto-
matic search procedure could help precisely determin-
ing the locations in which the addition of few sensors
can increase the coverage and the total lifetime of the
system.

V. RELATED WORK

Energy management in WSN is a topic extensively
covered in literature, in which the di↵erent aspects of
the subject are analyzed, regardless it remains one of
the most important challenge [16]. In [26], [17] and
[4], a general introduction is provided and an intro-
duction about the main elements to define a modeling
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Fig. 6. No harvesting
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Fig. 7. Harvesting, average 0.2 mAh

framework is o↵ered. All devices that are part of a
WSN/IoT consume a certain amount of energy to per-
form their functionality [2]. This causes the batteries in
WSN devices to drain quickly and require frequent bat-
tery replacement. In a distributed network, changing
batteries can also be risky, costly and laborious, and
impossible in some scenarios. Thus, energy harvesting
is the only viable option to provide unlimited energy
resources to such low-power devices in the IoT [20].
Harvesting techniques are widely used in CPS

(Cyber-Physical System), because of their nature, that
implies integrating, controlling and monitoring physical
devices using sensors and actuators through WSN/IoT
systems [15]. Various harvesting techniques are used in
CPS applications to guarantee a continuous energy to
devices [8]. Lastly, a review of energy sources in CPS
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Fig. 8. Harvesting, average 0.4 mAh

is presented in [12].
In [13] and [19] an overview about power manage-

ment methods is available. In [25] and [23] energy sav-
ing in protocols and network management is examined.
Di↵erent energy optimization techniques have been ap-
plied to WSN, including neural networks [21][14], rein-
forcement learning [22], game theory [7], fuzzy logic [6]
and genetic algorithms [11].

The definition of the characteristics of an IoT system
may be extremely di�cult to obtain in the modeling
and design phases; a modeling approach is described in
[18] and [24]. A more focused review on DSL methods
may be found in [1].

VI. CONCLUSIONS AND FUTURE WORKS

In this paper, we presented a DSL for the descrip-
tion of energy harvesting IoT/WSN, designed to allow
technicians to evaluate setups in which sensors are de-
ployed in large areas with no access to the electrical
grid, with the purpose of implementing surveillance ap-
plications. We leveraged our previous results to obtain
the generation of complex scenarios, including events
or visitors, from a user-friendly description. Future
works include the release of a complete solution, in-
cluding assisted validation tools to manage the param-
eterization of the models to match the characteristics
of o↵-the-shelf sensors and nodes and the implementa-
tion of further behaviors and event categories, and the
design of the needed SIMTHESys components to imple-
ment more complex o✏oading and energy management
strategies from literature.
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