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Abstract—Service fabric management in Fog Computing is a
challenging task, which has to deal with a complex and resource
scarce environment. We argue that approaches leveraging Value-
of-Information (Vol) concepts and tools are particularly inter-
esting to support the realization of that objective. This paper
describes innovative methodologies and reference models for the
service fabric management for Fog Computing applications. First,
we formalize the Vol concept and discuss its adoption in Fog
Computing environments. Then, we propose a formal model
that aims at maximizing the allocation of Fog services from
a value-based perspective. To overcome the complexity of this
model, we present two possible approaches (simulation-based
optimization and a model approximation) and we compare them
by adopting Evolutionary Algorithms (EAs) as optimization tech-
niques. Experimental results prove the validity of both models
in finding resource allocation solutions capable of minimizing
network latency and maximizing the utility for the end-users
of Fog Computing services. Finally, we show how the results of
the approximated model can be adopted as a first approximated
approach for resource management of Fog Computing services.

Index Terms—Fog Computing, Service Management, Opti-
mization Models.

I. INTRODUCTION

Fog Computing is a relatively recent paradigm that advo-
cates the allocation of information-processing services at the
edge of the network. Fog Computing is particularly well suited
for Internet-of-Things (IoT) applications, as it leverages prox-
imity with either raw data sources, information consumers,
or both, in order to reduce latency and burden with network
infrastructure with respect to Cloud Computing approaches
(11, [2], [3].

Fog service fabric management, i.e., the dynamic assign-
ment and management of resources in Fog Computing sce-
narios to fulfill service level objectives, represents a particu-
larly challenging task. In fact, Fog Computing solutions are
responsible to deliver low-latency applications at the edge of
the network with improvements due to the proximity of users
and devices. However, managing such applications means
dealing with a significant number of users with heterogeneous
interests, a large number of devices, and applications with
different Quality-of-Service (QoS) and Quality-of-Experience
(QoE) requirements.

978-1-7281-4973-8/20/$31.00 (© 2020 IEEE

Scientific literature often addressed Fog Computing resource
management as an optimization problem, considering many
different optimization criteria, including: deadline matching
[4], energy consumption (green computing) [5], job duration
[6], or tail latency minimization [7]. In this context, Value of
Information (Vol) maximization, i.e., the maximization of the
utility that Information Objects (IOs) deliver to end recipients,
represents a particularly interesting criterion. In fact, Vol-based
optimization would allow to naturally and seamlessly prioritize
the assignment of resources to services that are providing the
highest value to their end users — either because they are
serving a considerable amount of users or because they are
providing highly valuable IOs.

Research on Vol has been developing a particularly promis-
ing set of methodologies and tools that could represent a
foundation for a next generation service fabric management
solutions. Recently, a number of Vol based solutions were
proposed in several application areas [8], [9], [10], [2]. How-
ever, while interesting results have been achieved so far, they
mostly followed objective approaches that calculate Vol of
a message according to its content, and the distance between
time and location of information generation and receival. Very
few works considered subjective approaches that take into
account different utility models per each user when estimating
Vol. Among those, an approximation of utility per message
and user profile type is proposed in [11] and an interesting
empirical approach measuring the user utility is followed in
[12].

The challenging objective of this paper is to further develop
existing methodologies and tools to exploit Vol concepts
in next generation service management. To this end, the
manuscript develops a theoretical framework for the optimiza-
tion of service fabric in Fog Computing applications. The
paper then investigates generally applicable models for the
assessment of total Vol generated by a specific service fabric
configuration, designed to be fitted in the above mentioned
optimization framework. More specifically, we propose both
a user-specific Vol model that assumes perfect information on
the entire system and requires a simulation approach for its
evaluation and a simpler approximated model which we specif-
ically designed with practical adoption in mind. Finally, the



paper presents an experimental evaluation that compares the
proposed models, adopting Evolutionary Algorithms (EAs) as
optimization techniques. This experimental evaluation proves
the validity of both models in finding services allocations
capable of maximizing the end-users’ utility of Fog services.

The considerations in this manuscript emerged from our
experiences in the SPF [13] and Phileas [14] research projects.
SPF is a Fog-as-a-Service middleware solution for the manage-
ment and orchestration of Fog Computing applications, while
Phileas is a discrete event simulator we designed to reenact the
reproducible evaluation of Fog Computing scenarios. Both are
built on top of the Adaptive, Information-centric, and Value-
based (AIV) information maturity model that we adopt in this
paper to formalize the Vol based model for service fabric
optimization in Fog Computing applications.

II. RELATED WORK

Originally born from the seminal research by Howard in
1966, Value of Information (VoI) has long been a widely
explored topic in decision sciences. Recently, Vol has started
attracting the attention of several researchers in the wireless
communications and network and service management re-
search areas as a natural criterion for optimization of (scarce)
resource allocation.

Initially, VoI has been applied to military research in [11] to
optimize bandwidth consumption and information delivery in
tactical networks. In such situations, Vol based information
delivering techniques have proven their abilities in dealing
with low-bandwidth and disrupted networks.

A different perspective is the one provided in [8]. In
this article Turgut et al. discuss the value of information
and the cost of privacy in the Internet of Things (IoT). A
formulation to quantify the value of an information/service that
considers the costs (privacy, infrastructure, and maintenance)
is given and discussed. Focusing instead on Cloud Computing
applications, Boloni et al. propose an interesting Vol-based
computation scheduling in [9]. The proposed model considers
both the costs and the benefits associated with the processing
of information on Cloud Computing platforms and shows how
their Vol scheduling approach can outperform other traditional
methodologies.

In [10], Giordani et al. discuss the application of Vol to
prioritize the most important transmissions in future vehicular
networks. The authors quantify VoI utilizing information qual-
ity, space, and time interdependencies criteria and consider
its adoption as proxy for broadcasting decision in vehicular
networks. Other works suggest the adoption of Vol to quantify
the relevance of information and sensors such as the authors
in [2], which propose Vol as a technique to design a sensor
service ranking mechanism. Finally, another relevant work
considering the possibility of measuring user-utility in the Vol
formulation is [12].

An interesting scenario where Vol can provide its utility is
Fog Computing, a recent and compelling research topic which
attracted the attention of several works from both the academia
and the industry. In fact, Fog Computing can be particularly

beneficial for resource management and IoT applications [15],
[16]. Some solutions focus instead on optimizing Fog resource
provisioning by minimizing the system (infrastructure) costs
without invalidating QoS requirements [17].

With regard to resource management, Skarlat et al. propose
an interesting formulation in [18]. In this work, the authors
formalize the Fog service placement problem and propose
a genetic algorithm as a problem heuristic solution. This
demonstrates to achieve reduced network latency and better
utilization of Fog resources. In [19], the authors discuss the
Fog service placement problem in a smart city scenario and
present a genetic algorithm for its resolution. Then, other
works address resource management to achieve reduced energy
consumption such as [20].

III. SERVICE AND INFORMATION MATURITY MODEL

In this work we will adopt the Adaptive, Information-
centric, and Value-based (AIV) service and information ma-
turity model [14]. AIV proposes an innovative Fog service
model, that enables the development of services capable of
automatically scaling their resource requirements to match
users’ QoE requirements to the best of the system’s capabilities
given the current execution context.

More specifically, AIV assumes that the processing function
of a Fog service emerges as the result of the coordinated
orchestration of adaptive and composition-friendly service
components. This loose definition of Fog services allows
to rather easily support dynamic architectures in which the
single instances of service components can be migrated to
different devices along the Cloud-IoT continuum according to
the current execution context (service requirements, resource
availability, user preferences, etc.).

Developers will define and implement Fog services as a
topology of service components that are connected together
in a dynamic service fabric, according to a service description
that defines the service semantics and characteristics and
the interactions between service components. In turn, service
components represent the basic building block of Fog services.

AIV also proposes an information maturity model which
divides messages in three different categories, according to
the corresponding information processing phases. The first
processing phase regards raw data: input feeds of (typically
sensing) data gathered from Wireless Sensor Networks (WSN),
smartphones, wearable devices, and other IoT devices in
general. According to the AIV model, raw data are analyzed
by generic lower level service components to produce higher-
order data constructs called Information Objects (1Os). In
particular, I0s are generated by multiple aggregated and/or
distilled raw data fused to obtain more valuable information.
Finally, the last processing phase makes use of the IOs to
generate Consumption Ready Information Objects (CRIOs),
which represent the information in its final stage, ready to be
consumed by the users who requested it for. Let us note that
the generation of an IO could require many raw data objects,
and that, in a similar fashion, a CRIO can be the result of
the aggregation of multiple 10s provided by many different



intermediate service components. Generally, the AIV model
considers 10s as the output of service components and CRIOs
as the output of Fog services.

IV. AIV MODEL AND NOTATION

Building upon the AIV model discussed in the previous
Section, we introduce the following notation, which we will
use as a basis to formulate the optimal service fabric allocation
problem. DS is the list of data sources, which represent IoT
sensors or other types of device that generate raw-data to be
processed. Each data source ds; € DS has location ds!.

With regards to processing devices, D is the list of edge
devices, on which it is possible to execute service components
that implement a (portion of a) Fog service. Each device d; €
D has location d and total resources d.".

S is the set of Fog services to allocate. s; € S represents
the j-th service. In turn, service s; is realized as a workflow
s}”f built on top of a set of different service components scy,
with a corresponding amount of requested resources at time
t sci”(t). More specifically, a workflow s}”f represents an
order list of service components interacting each other, e.g.
s?f = 8C1,5C2,8C3, .., SCp.

A service s; is then defined as the combination of its
service components SC;. SC is the set of service components
that need to be allocated. In this work, we assume service
isolation to simplify the system model notation, i.e., no service
component shared between services:

sC = Js¢; (D

J

However, by assuming service isolation we are not consid-
ering service components shared between different services.
To overcome this simplification, we will relax this assumption
in future work.

U is the set of users. Each user u; € U has location u% and
it is subscribed to a set of services u;.

It is possible to model the allocation of service components
sci, on fog devices by using matrix notation. A represents
the current service allocation configuration: it is a matrix
of size |SC| x |D|, where [SC| is the number of service
components and |D| is the number of fog devices. The
matrix A is composed of a4 ; elements: oy ; is equal to 1
if the service component scy is allocated on fog device d;.
Therefore, according to this formulation, a service s; is “fully
instantiated” if all its service components sc; € SCj result
allocated at time ¢. Or, equivalently, if:

>

kEeSCy,,ieD

a;m— = |S(Ck| (2)

(Note that service components might, and typically will, be
allocated on different edge devices.)

The resources allocated at time ¢ on device d; are ra;(t) =
> jen @i % sci”, thus leaving ar(t) = 1 — ra;(t) available
resources at device d; and time ¢. The overall assigned and

TABLE I
SUMMARY OF USED NOTATION
[ Term [ Meaning
DS Set of data sources
ds; € DS i-th data source
dsé Location of i-th data source
D Set of edge devices
d; €D i-th device
dé Location of i-th device
d? Total resources at i-th device
S Set of Fog services
s; €S J-th service
s;.”f Workflow of j-th service

scy, k-th information processing component

scp (t) Amount of resources requested by k-th information
processing component at time ¢

ag.q €A Service component scy, allocated on device d;

ra;(t) Amount of resource allocated on device d;

ar;(t) Amount of available resources on device d;
Set of end users

u €U I-th end user

u% Location of I-th end user

u;y Set of services the 1-th end user subscribed to

rt Generation time of request r

7l Location of request 7

mo? Originating time of message m

mor Originating location of message m

available resources at time ¢ can then be expressed as ra(t) =
> jiea @i % sci” and ar(t) = 1 —ra(t) respectevely.

Vi Zaﬂ?i X sc;T < dfT. 3)
JEA

Equation (3) defines a constraint on the edge resources in
use at time ¢ in the overall Fog Computing scenario. In fact,
the amount of allocated computational resources allocated by
service components running on a device d; € D must be less
or equal than amount of total resources di".

I" is the communication configuration. In this manuscript,
we will focus solely on the Vol-optimal instantiation of service
components. We will consider the joint optimization of service
instantiation and network configuration in future works.

V. OPTIMAL RESOURCE ALLOCATION PROBLEM

We formulate the problem of resource allocation for service
fabric in Fog Computing applications using a mathematical
optimization framework. More specifically, we aim to maxi-
mize a function f,, that captures the behavior of the system
according to the optimization criterion in the n-th window of
time (which goes from t,, to t,1):

arg max f,(A,T,D,S,U)

AT A
> o =[SCy @

)
s.t. Vk
mESCy,i€D

Let us note that function f,, changes every time the global
system state © = (D, S, U) changes, e.g., when new resources
become available or new service components are instantiated.
In that case we have a new function to optimize, i.e., fyy1-



Using a sequence of functions to model the system implies
that we are capable of finding out when the function changes,
i.e., when the system changes — which is a quite complex task
per se (see for instance [21], [22], [23], and [24] chapter 2).

Since it is going to be difficult to detect (or predict) changes
to the global system state, and consequently to find out when
the optimization procedure should be re-triggered, it might
be convenient to reformulate the optimization problem in
equation (4), switching from a model based on a sequence
of static (i.e., time-invariant) optimization functions f, to one
based on a single dynamic (i.e., time-varying) optimization
function f:

arg max f(A,T,D,S,U,¢)
a, 7y
5
s.t. vk Z Qm i = |S(Ck| ©)
meSCyg,i€D

This turns the optimal resource allocation problem from
a sequence of (relatively) static optimization problems to
a single — but significantly more complicated — dynamic
optimization problem.

A. Vol-based optimization

Considering the assessment of the total Vol delivered by
the service fabric to end users as the main criterion for
optimization, we have:

frno = TOTALy o1 (tn, trny1) = Volg(m). (6)

>

MEM(trn,tnt1)

where M(t,,,t,4+1) are the messages received by end users
within the (¢,,t,+1) time window.

Note that for the purposes of the Vol maximization cri-
terion the Vol contribution of messages exchanged between
sensors and service components are considered indirectly in
the calculation. In fact, the starting Vol of a CRIO message is
the result of the aggregation of the multiple raw-data and 10s
who generated it. Also note that a message can be received
by different end users.

Also note that Volg depends on the current state © of the
system. The next Section presents some proposals to define the
Vole model, adopting different perspectives and assumptions
on the knowledge of the system.

VI. Vol MODELS

Most Vol models proposed so far in literature only consider
the (simpler) case in which the Vol of a message does not de-
pend from the specific user that receives it. These approaches
implicitly assume an “objective Vol perspective”, according
to which the value of an information object is an intrinsic
characteristic and does not depend from the user consuming
it. More sophisticated approaches based on a “subjective Vol
perspective” require a deep knowledge and differentiation for
each possible user, thus further increasing the complexity
of the model. This Section attempts to present generically
applicable models of both types.

A. User-agnostic Vol Model

We assume that at the moment of its generation each
message (of either raw data, IO and CRIO type) has an
originating Vol. The starting Vol of I0s and CRIOs depends
from the message- and service component-specific result of the
processing of previous messages. The starting Vol associated
to each IO is calculated as a service component-specific
function of the raw data messages consumed in the generation
of the IO.

The starting Vol associated to each CRIO can be calculated
as a function of the priority of the corresponding service and
of the output of a service-specific Vol calculation function,
that every service implementation is supposed to provide:

Volp(m, 1, s) = SSP(I(m)) x FSP(I(m)) (7

where I, is the set of input IOs processed in the generation
of CRIO m, s is the Fog service that generated m, and
SSP(I(m)) is a factor that allows to take into account
service-specific considerations when assessing the value of the
information extracted from the I(m) IOs. Finally, F.SP(s) is
the priority of s, thus representing a weight factor that permits
to assign higher Vols to the CRIOs produced by higher priority
Fog services.

The starting Vol in equation (7) is the basis to calculate the
Vol of message m at its recipients. More specifically, the total
Vol delivered by a CRIO m needs to consider factors such
as the number of its recipients, timeliness relevance decay (a
factor taking into account the decrease in the value for time
sensitive 10s by applying a penalty according to the delivery
time), proximity relevance decay (a factor taking into account
the decrease in the value for location-aware 10s by applying
a penalty according to the delivery location):

Volg(m,1L,,, fs,MR(m)) = Volg(m,L,,, fs) x

Z [TRD(r*,m°) x PRD(r', m°))]  (8)
reMR(m)

where MR is the (set of) receivals for message m,
TRD(r*,m°"), as in “Timeliness Relevance (of Request)
Decay”, is a factor that takes into account the loss of Vol in the
time passed between request generation time r?, and response
generation (the current time m®°*). Finally, PRD(r!, m°), as
in “Proximity Relevance (of Request) Decay”, is similar to
the TRD(r*, m°") component, but its impact on the final Vol
score depends on the physical distance between the position
of the requester, given by r!. and that of the source of IO,
provided by m° (in case message m was simultaneously
issued by several requesters, 7' returns the location of the
requester closest to the 10 source). With regards to the general
case in which an IO m is constructed from more raw-data
messages, the centroid of the origin points of each raw-data
that contributed to its generation is considered for the purpose
of PRD calculation. This also applies to CRIO messages
resulting from the composition of multiple IOs.



B. User-specific Vol Model

To account for user specific utilities we could add to
equation (8) a component (U) that considers utility for each
user receiving message m:

Vo]@(m,]lm,fs,r,m,t) = VOIO(m7Hm7fS) X

Z [TRD(t,m°") x PRD(r!,m°") x U(r*,m, )]
reEMR(m)

©))

where U (", m,t) is the utility of message m for user r* at
time ¢.

Note that this model does not specify the behavior of utility
function U, which is likely to be user-specific and context
dependent. Most importantly, forecasting the U component in
equation (9) represents a challenging task, even more than
the forecasting of the sum component in equation (8).

The practical adoption of a high complexity model such as
this requires the adoption of simulation-based optimization.
Simulation-based optimization [25] is based on the creation
of a simulated model and the optimization of its input param-
eters. Therefore, it is possible to verify how different service
component allocations perform within a defined scenario by
evaluating the total Vol collected within the given time win-
dow.

C. Model Simplifications

We formulate a simplification of the model defined in equa-
tion (9) to reduce its complexity to a manageable degree in
order to avoid simulation based approaches for its evaluation.
More specifically, we first assume that Vol only depends on
message type (m;) and service profile:

Voly(m,1,,, fs) = Vol(my, [s) (10)

In addition, we assume that it is possible to approximate the
sum component in equation (9) by clustering messages and
users in a limited number of classes, calculating an average
TRD and PRD for each class of messages, and calculating an
average utility per message and user type. More specifically,
we have:

Z TRD(t,m°) x PRD(r',m°) x U(r",m,t) =
reMR(m)

> [TRD(my) x PRD(my) x > Ulug,my)] (1)
miEM ur €U

where m; represent a class of messages.

With regard to message clustering, we can use different
policies. For instance, a natural way of clustering messages
is according to their content or service type. User clustering
could be performed according to several criteria, including
location, profile type, and other criteria. For location-based
user clustering, we could model the number of users at a given
time ¢ thought the concept of user group. A user group uy
represents a set of users in a defined location d"* with share

of interest w,;(k) in consuming CRIOs produced by a service
s;. At a given time ¢, the number of users within a user group
ug is fixed and it is expressed as wuy(t).

However, considering the PRD and TRD of equation (11) is
still challenging since they are IO specific. In addition, service
components defining the workflow of a service, are likely to be
instantiated on different fog devices. Therefore, the calculation
of each PRD and TRD requires to consider the location of the
fog device where the service component scy, is instantiated on.

It is possible to improve the approximations made in equa-
tion (11) by analyzing in depth the processing stages defined
in the AIV information maturity model: raw-data collection,
IO0s processing, CRIOs delivering. Since, information latency
is strictly related to the distance each information has to travel,
let us consider the PRD components first. More specifically,
we can relate PRD components to their processing stage to
express respectively: proximity to data sources and devices
(raw-data), proximity to devices running service components
belonging to the same service (IOs), and proximity of fog
devices and users (CRIOs). The first takes into account the
decay the information is subjected to from the generation
of raw-data to its first processing phase. The second is to
consider the information-delay in the processing chain, e.g.
related service components should be allocated close to each
other to obtain reduced distance and latency. Finally, the
last PRD component considers the proximity of the device
generating the information in its final stage (CRIOs) to the
users interested in consuming it. It is worth nothing that the
same considerations can be done for TRD components.

PRD components can be feasible or infeasible with respect
to the distance from information source to information recip-
ient. Feasibility is determined accordingly to the constraints
depicted in equation (12), where d'i-*% indicates the location
of the device where the service component sc; is allocated
on, dsé the location of the data source ds;, sc;11 the service
component next to sc; in the service workflow, and u} the
location of the user group uy.

distance(d'*% , dst) < max_distance
latency(d'+*¢i  dst) < max_latency
distance(d'*% | d'»5¢i+1) < max_distance
latency(d'*¢  d'+*%) < max_latency
distance(d"*% “2) < max_distance
latency(d'+*¢i  ul) < max_latency

12)

min (WRD X PRDRD FWips X PRDios FWerios X PRDCTiOS)
DS,D,U

PRDgp =~ Z [distance(d}, dst)]
sc, €SC

PRD;,, ~ Z [distance(d}, dj})]
sc, €SC

PRD¢yjos = Z [distance(d}, u},)] (13)
sc;,€SC



TABLE II
DISTANCE BETWEEN USER GROUPS AND FOG DEVICES.

I I R T
di 723.55 1586.61 0 339.74
da 158.90 | 2240.61 702.95 366.34
d3 414.92 1884.99 | 339.74 0

dy 0 2297.23 723.55 414.92
ds | 2297.23 0 1586.61 | 1884.99
de | 2091.34 | 206.00 1380.80 | 1679.33
dr 136.19 | 2189.24 | 606.02 327.48

We can formalize these considerations into equation (13),
which defines the objective function of the approximated
model and all its components, where RD stands for raw-data.
The allocation resulting from the optimization of equation (13)
will privilege lower distance, thus minimizing the delay within
the overall chain defining a service.

More specifically, the resulting allocation will try to allocate
service components within the same workflow in a way that the
distance between the devices where those service components
are allocated is minimal. Furthermore, the objective function
tries to maximize the single service component utility, e.g,
service component allocations allowing the processing of raw-
data from multiple data sources (or to serve multiple user
groups) are preferred to other allocations.

VII. EXPERIMENTAL EVALUATION

To validate the proposed models, we used meta-heuristics
algorithms to optimize the service fabric of a Fog Com-
puting applications using both simulation-based optimization
implementing the user-specific model in equation (9) and the
approximated model defined in equation (13). In particular,
for this work we consider the adoption of Genetic Algorithm
(GA) and Quantum Particle Swarm Optimization (QPSO) to
find a solution for both formulations. As optimization library,
we exploited the capabilities of ruby-mhl (https://github.com/
mtortonesi/ruby-mhl) for both GA and QPSO.

In order to test the performance of the two models, we
devise a testbed reenacting a realistic Fog Computing scenario.
This testbed contains the description of 7 devices, 9 data
sources, 4 user groups, and 8 service components. Within
the scenario, each Fog Computing service is defined as a
workflow of 2 service components. The locations of devices,
data sources, and user groups are defined in the scenario with
a latitude and longitude position in accordance with the GPS
position system. In particular, the distance between user groups
and devices is depicted in Table II.

A. Evolutionary Algorithms Configuration

Evolutionary algorithms represent an interesting and valu-
able technique to solve the value-based service placement
optimization problems defined in equations (9) and (13). In
particular, we used genetic algorithms to find an approximated
solution to the Vol service placement problem. To this end,
Fig. 1 depicts the chromosome representation for the allocation

sc, , service component 1 of service 1 sc, , service component 2 of service 2

s, service 1= (sc1‘1,sc“,scl1)

d, device 2

service components

Fig. 1. Chromosome representation. Each gene in the chromosome represents
the mapping between a service component and a fog device.

problem. In particular, we used an integer chromosome rep-
resentation, in which genes represents the mapping of service
components on fog devices. In more words, the value of a
gene indicates the device where that service component will
be allocated. More specifically, it is possible to identify each
service component scy, as part of service s; by adopting the
notation scy ;, where k identifies the component within the
workflow of service s;. In the representation depicted in Fig.
1, service components belonging to the same workflow are
adjacent genes. Furthermore, let us note that this representation
implicitly solves the constraint defined in equation (2), by
allocating each service component to a fog device. On the
whole, it is possible to use this notation with other types of
evolutionary algorithms such as Particle Swarm Optimization
(PSO) and its variants.

Instead, from a resource consumption perspective, each
service component scj, requires an amount of scj,” resources at
time ¢. Considering that, this optimization problem is solved
for a given system state, the amount of resources allocated
is monitored for the corresponding time window. Therefore,
service components allocated on a device d; must respect
the constraint defined in equation (3) for the given system
state. Finally, service component allocations must respect the
constraints defined in equation (12).

B. Implementation of Vol Models

To help readers understand the following results we give a
description of the implementations of the user-specific model
defined in equation (9) and the approximated model defined
in equation (13). Let us note that, in the implementation of
the model (9), we defined the utility function U as a table
depicting the utility of a message of class m; to cluster of
users.

On the one hand, the user-specific model is implemented
in the Phileas simulator. More specifically, Phileas takes as
input a configuration describing devices, users, service of a
realistic Fog Computing and an allocation array describing the
allocation of service components on devices to return as output
the total Vol collected in a one hour time window. For the sake
of these experiments, the input configuration is fixed, while the
input allocation array is the parameter that the optimization
process changes to maximize the output Vol. To guarantee



the reproducibility of the simulation, all the random variables
responsible for the event generation have a fixed seed.

On the other hand, to find a solution to the approximated
model defined in equation (13), we implement a fitness
function algorithm that tries to minimize the overall PRD
components. The fitness function algorithm illustrated in Alg.
1 is a function that evaluates an input allocation and checks
for its feasibility.

Algorithm 1: Fitness function algorithm

Data: An allocation array z
Result: Sum of the PRD components associated to
allocation x
prds_sum = 0;
forall Device d do
resources_on_d = check_assigned_resource(d);
L if unfeasible(resources_on_d) then return oo;

sc_raw_data = find_sc_raw_data(x);

forall sc in sc_raw_data do

device = x[scl;

sc_ds_distance = calculate_distance(device, DS);
min_distance = min(sc_ds_distance);

if unfeasible(min_distance) then return oo;
prds_sum += sum(sc_ds_distance);

forall s in Sdo // service-chain feasibility
scs = find_scs(s,x);
forall sc in scs do

d; = z[sc]; dj = z[sc+ 1];

processing_distance = distance(d;, d;);

if unfeasible(processing_distance) then return

003
prds_sum += processing_distance;

sc_crios = find_sc_crios(x);
forall sc in sc_crios do // CRIOs delivering
feasibility
device = x[sc];
sc_ugs_distance = calculate_distance(device, U);
man_distance = min(sc_ugs_distance);
if unfeasible(sc_ugs_distance) then return oo;
s_ugs = select_unfeasible(sc_ugs_distance);
prds_sum += sum(selected_ugs);

return prds_sum;

In Alg. 1 each PRD component is evaluated to verify
the feasibility of the input allocation considering both the
constraints defined in equation (3) and equation (12), thus
avoiding to select infeasible allocations. Solutions not respect-
ing those constraints are invalidated by assigning them infinite
values, and thus discarded from the population. Therefore, the
function defined in Alg. 1 drives the optimization algorithm
to solutions capable of minimizing the overall distance of data
sources, devices, and users, thus finding an optimal allocation
that privileges lower PRD and TRD components.

Finally, the result of the fitness function is the sum of PRD
components related to the input allocation array. To relate
the output of the fitness function into a Vol value, the best
allocations found during the optimization process are given
as input to the Phileas simulator, which returns the total Vol
collected in a given system state.

C. Results

Let us specify that the output values deriving from the
optimization of the approximated model and the simulated
model are not directly comparable since the first does not
express a Vol value but the summation of PRD components,
which the function defined in Alg. 1 tries to minimize. On
the other hand, the output value of the simulation-based
optimization represents the total Vol collected in the given
system state. Since both models require an allocation array
(where to allocate service components) as input parameter, we
evaluated the allocation arrays obtained iterating the evolution-
ary algorithms on the approximated model within Phileas. In
this way, it is possible to observe on the same scale and to
verify if the approximated model is a good approximation of
the simulated one.

The first experiment consists in testing the two evolutionary
algorithms on the simulation-based model. The input param-
eter for the optimization process is the allocation array and
the output is the total Vol of the receivals generated during
the simulation of one hour time window. The optimization
algorithm iterates over to find the best allocation for service
components on fog devices for a maximum of 100 genera-
tions. To this end, Fig. 2 depicts how the two evolutionary
algorithms behave in optimizing the total Vol in the given
time-window. In this comparison, QPSO proved its validity in
finding an allocation resulting in a higher total VoI and a faster
convergence speed.

Another goal of this work is to evaluate the performance of
two evolutionary algorithms in optimizing the fitness function
of the approximated model. We run this experiment by setting
the number of generations for both the QPSO and GA to
850. We chose to increase the number of generations in the
approximated model since the optimization process does not
require to evaluate each allocation array within the simulator.
Fig. 3 illustrates the performance of QPSO and GA in optimiz-
ing the fitness function. In this experiment, the GA relatively
outperforms Quantum PSO in minimizing the fitness function.
More specifically, GA finds an optimal allocation around the
400-th iteration. However, both algorithms demonstrate good
performance in finding an optimal solution with a tiny gap
during the entire process.

At the other end, Fig. 4 shows the total Vol produced by
the allocations generated from the optimization of the fitness
function. As shown in Fig. 4 both GA and PSO find acceptable
solutions. GA finds an allocation capable of generating a
greater Vol around the 400-th iteration. These results indicate
that the approximated model is good enough as first estimation
but still requires investigations and improvements. However,
considering that approximating the Vol function is a challeng-
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ing task, those results are promising in all those scenarios
requiring a quick allocation or re-allocation of resources.

Then, we compared the results of the approximated model
and the simulated model in Fig. 5 and Fig. 6. More specifi-
cally, Fig. 5 compares the gap between the approximated and
simulated model for 100-th generations of QPSO, while Fig.
6 shows the same comparison for GA. The results show a gap
between the approximated and simulated model in finding an
optimal VoI allocation, which is mainly due to the approxima-
tions made to define the fitness function. However, we believe
that those results are acceptable as a first approximation in
finding a quick and satisfying resource allocation in Fog
Computing environments. In addition, further enhancements
can be made to improve the performance of the approximated
model. Finally, Table III reports the configurations and the
execution time, measured via the time UNIX utility, to run
the optimization on both the simulated-based model and the
approximated one.

VIII. CONCLUSION

This work presented our efforts in formalizing a system
model notation for value-base service fabric management for
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Fig. 6. Comparison between the simulated model and the approximated model

using GA.

TABLE III
EXECUTION TIME OF THE OPTIMIZATION MODELS

Model EA Popqlation Iterations Exe_cution

Size Time

Approximated GA 128 850 6.53s

Approximated QPSO 40 850 2.87s
Simulation based GA 128 100 10030.43s
Simulation based | QPSO 40 100 4113.16s

Fog Computing. In particular, we proposed two formulations:
a user-specific Vol model that we implemented within the
Phileas simulator and an approximated model that tries to
allocate resources by minimizing the overall distance and
latency within the scenario. Finally, the two approaches are
compared with detailed experimental results that show how
GA and QPSO are capable of finding feasible and acceptable
solutions.

It is worth noting that optimizing the approximated model
is much less computationally expensive than the simulation-
based optimization process. In fact, the latter requires to run a
simulator for each member of the population, while the former
only requires to evaluate the value of the fitness function
defined in equation (13).

Future works will entail the adoption of reinforcement
learning [26] techniques as another optimization option for
service fabric management of Fog Computing applications.
This technique could be applied to our model by measuring
the delivered Vol (or a portion of it) within a time-window
and feed it to a self-learning allocator component within a
reinforcement learning framework.
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