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Abstract: A city plays a central role in the processes of economic, social, and environmental development,
becoming the core of policy makers’ strategies. Thus, it is essential to optimize the use of monetary
resources available by means of integrated decision-support approaches, able to pursue an increasingly
“instrumented, interconnected and intelligent” cities prototype. In this perspective, the Smart City
paradigm addresses the challenges of sustainable development through the implementation of new
spatial planning schemes, which require the selection of projects on the basis of multi-criteria economic
evaluation logics, namely financial and extra-financial criteria. The purpose of the work is to define
an innovative model of economic analysis for the choice of investments in a Smart City, useful for
both public operators and private investors. The evaluation protocol is written in the A Mathematical
Programming Language (AMPL) through the optimization algorithms of Discrete Linear Programming
(DLP). The effectiveness, adaptability, and operational simplicity of the investigative tool are tested on
a case study. The model’s limitations and research perspectives are highlighted in the conclusions of
the work.
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1. Multi-Criteria Economic Evaluation for Smart Urban Planning

In an era marked by rapid population growth, the scarcity of available resources, and the increase
of pollutants in the atmosphere, government policies of the contemporary city seek useful actions
to create an ever more “instrumented, interconnected and intelligent” cities model in accordance
with urban sustainability principles [1–7]. Generally, these principles are not considered in economic
evaluation models, which are often structured through algorithms that take into account a limited
number of performance indicators, sometimes even of a purely financial nature. Thus, the analysis
tool becomes weak because it is not very sensitive to real-world changes [8,9].

Consequently, integrated decision-support approaches are required, through which urban planning
actions are favored thanks to the employment of alternative technologies aimed at creating a highly efficient,
equitable, sustainable, and livable city [10,11]. The city space regains its multidimensional nature through
conscious use of a “[ . . . ] new generation of integrated hardware, software and network technologies
that provide Information Technology systems and real-time awareness of the real world and advanced
analytic and actions that optimize business process”, according to Chourabi et al. [7]. The built-up area
is reconfigured, with the aim of optimizing technological advancement and conscious use of available
resources. According to Harrison et al. [5]: “The Smart City connects the physical, IT, social and business
infrastructure to leverage the collective intelligence of the city”.
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At an operational level, the economic disciplines provide analytical models constructed according
to logical multi-criteria, which allow the evaluation of Smart City initiatives based not only on financial
criteria, but also on social, cultural, and environmental criteria [12–14].

This paper highlights the core components of spatial planning processes, particularly in relation to
the logic of a Smart City. Starting from a review of the Operations Research tools, it shows that Discrete
Linear Programming (DLP) may be effective for the selection of investments aimed at achieving urban
sustainability—all this, however, while considering the limitations of a model that intends to deal in
quantitative terms, variables of extra-financial impact, such as the effects on employment, the benefits
for cultural heritage, or the repercussions for climate change. In any case, specialized analyses of the
components under examination can give satisfactory reliability to the results of the study.

A multi-criteria approach is therefore proposed for the optimal allocation of financial resources in
investment projects. The model, written with A Mathematical Programming Language (AMPL) in the
logic of DLP is tested for the definition of an intervention program for the smart growth of a large area.

2. The Smart City’s Core Components

The complexity of real phenomena leads to the search for innovative models of urban management
capable of addressing the growth of the territory according to multicriterial logic [15,16]. In fact, the city
is “the system of the systems” (Chourabi et al. [7]) in which the social, cultural, and environmental
dimensions are linked to the purely financial reality in a biunivocal correspondence relationship [17].

The Intelligent City paradigm describes a systemic approach, like an organism, that develops an
artificial nervous system, enabling it to behave in an intelligently coordinated way [18].

In particular, the interaction between Technological, Institutional, and Human Factors (Table 1),
or rather among Smart City key conceptual components [19], creates an urban reality in which the
“investments in human/social capital and IT infrastructure fuel sustainable growth and enhance a
quality of life, through participatory governance” [20].

Table 1. Smart city core components.

SMART CITY

Technological Factors Institutional Factors Human Factors

Digital City Smart Community Creative City
Intelligent City Smart Growth Learning City
Ubiquitous City Humane City

Wired City Knowledge City
Hybrid City

Information City

Three categories of representative factors of the Intelligent City are identified, from which are
derived models of territory analysis useful for defining the strategic directions typical of smart planning.
These include the British Standard Institute (BSI) model of the British Standard Institute, that of the
city of Santander in Spain, and the SACERT system, all of which create the image of a city-system
taking into account both financial and non-financial dimensions, according to an integrative logic
favoured by Information and Communication Technology (ICT): “a ubiquitous/pervasive computing
infrastructure is a key technological component in the build out of a digital city” [21].

The SACERT system in particular, with reference to the model represented in The Smart Cities
Wheel of the American Fast Company & Inc. (New York, NY, USA) [22], is identified as a useful
framework for smart growth of the city, based on the economic (Smart Economy), environmental
(Smart Environmental), and social (Smart People) dimensions, as well as on the governance, living,
and mobility sectors.

The set of these components defines a city that is not only technologically advanced, but also
“the organic and various set of physical, economic, intellectual and social capital”, as reported by the
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Centre of Regional Science [23]. The Smart City Initiatives are combined with an infrastructure of
communication and sustainable economic development, as well as with a high quality of life and an
optimal management of resources, thanks to a participatory governance.

Consequently, territorial planning must proceed with multicriterial logic through the following phases:

(1) Identification of multiple goals—financial, social, cultural, environmental—to be achieved
through the execution of projects;

(2) definition of criteria that can measure the capacity of actions to pursue different objectives.
The criterion is “a principle or standard by which anything can be judged” [24]. Similarly,
the criterion is “the lens through which to determine if the project is a success or a failure” [25];

(3) attributing a performance indicator to each criterion.

Obviously, the optimal selection of investment projects is essential. To this end, optimization
algorithms are of great benefit, as they can simultaneously take into account more evaluation criteria
by writing a mathematical expression that represents the objective function [26]. In the sense exposed,
Operations Research provides alphanumeric tools for analytical models that are easily adaptable to the
different dimensions of the Smart City.

3. Optimization Algorithms for Smart City Initiatives

Operations Research provides tools to support decision-making activities. This also applies to the
selection of urban investment, where it is necessary to manage limited resources in order to maximize
(or minimize) an objective function subject to constraints [27–29].

In particular, the techniques of linear programming allow the multidimensionality of spatial
planning to be addressed, which can find synthesis within a single algebraic structure capable of taking
into account the entire network of relations and the various city components [30].

In the construction of a mathematical analysis model, the decision is formalized as an optimization
problem of the following type: 

max (o min) C(x1, . . . ,xn)

ϕm(x1, . . . ,xn) ≤ bm

x ∈ X

in which the objective function C(x), the system of constraints ϕm and the set of variables x appear [31].
The mathematical programming problems are classified in:

1. Linear programming problems, if the objective function and the functions defining the constraints
are linear, and

2. non-linear programming problems, if at least one of the problem functions is not linear.

In their turn, linear programming problems can be:

a. Of continuous optimization, if the x vector assumes values in Rn;
b. of integer (or discrete) optimization, when the variables considered assume values in Zn;
c. mixed, when the variables assume both integer and continuous value.

In the context of discrete linear programming, the problem may be:

1. Pure integer linear optimization, when x decision variables are bound to assume values in the
Z+ set;

2. binary or boolean optimization if, instead, the condition of entirety x ∈ Zn
+ is more restrictive and it

imposes that the variables assume only values 0 and 1, or else x ∈ {0, 1}, with the meaning of
chosen {1} and not chosen {0}.

In all of the above cases, it is necessary to select the algorithm solver for the problem under
examination. For the integer linear programming, among the most used resolution algorithms
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recognized are those of dynamic programming, implicit enumeration such as the Branch & Bound
(B&B) algorithm, cutting planes algorithms, and the Branch & Cut (B&C) algorithm [32,33].

In the context of urban planning and design, the selection problems can often be solved through
the use of simple mathematical models characterized by the entirety constraint (x ∈ {0, 1}) placed on
the decision variables. It is worth mentioning the well-known knapsack problem, where the objects are
chosen in function of each of their values, and of the maximum capacity of the knapsack.

With the aim of pursuing the m Smart City goals, with m > 1, the selection problem arises between
n projects, not all of which are eligible for budget constraints. Because a single project cannot be
fractionated, it is possible to implement the algorithms of DLP [34]. Among these algorithms, the B&C
algorithm is selected, which combines the cutting planes method with that of the B&B algorithm.

In the paragraph that follows, a model for the optimal allocation of funds to be invested in a
Smart City is written with the syntax of AMPL.

4. A Multi-Criteria Economic Evaluation Model for Smart Cities

The model is written in Table 2 using the programming environment AMPL [35]. The CPLEX
solver is used. The B&C optimization algorithm is implemented, which can solve integer linear
programming problems.

Table 2. Evaluation Protocol.

Projects Portfolio Selection Problem

Sets

set PROJECTS ;
set PROJECTS_TYPE 1;
set PROJECTS_TYPE 2;
...

set PROJECTS_TYPE k;
set EVALUATION CRITERIA;

Parameters

param BUDGET;

param INDICATORS_unit {PROJECTS, EVALUATION CRITERIA};

param COST {PROJECTS};

Variables

var x {i in PROJECTS} binary;

Objective Function

maximize (or minimize) objective: sum {i in PROJECTS, j in INDICATORS} INDICATORS_unit[i, j] × x[i];

Constraints

s.t. (subject to) constraints_0: sum {i in PROJECTS} COST [i] × x[i] ≤ BUDGET;
s.t. (subject to) constraints_1: sum {j in PROJECTS_TYPE 1} y [f] ≥ 1;
...

s.t. (subject to) constraints_m: sum {h in PROJECTS_TYPE k} l [h] ≥ 1;
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The n projects to be realized in the urban area (set PROJECTS) distinguished from k intervention
sectors (set PROJECTS_TYPE) are evaluated according to m sustainability indicators (set EVALUATION
CRITERIA).

The numerical values that detail the proposed selection problem, namely:

- The available budget (param BUDGET);
- the multi-criteria matrix (param INDICATORS_unit {PROJECTS, EVALUATION CRITERIA}); and
- the vector of the investment costs for the n projects (param COST {PROJECTS}), are reported in

the PARAMETERS section.

The unknowns (var x {i in PROJECTS} binary) are binary, namely x ∈ {0, 1}, in consideration of
the selection problem characteristics to be decided.

The objective function is written as:

MAXIMIZE (or MINIMIZE) objective: sum {i in PROJECTS, j in INDICATORS}
INDICATORS_unit[i, j] × x[i].

The constraint system (CONSTRAINTS) takes into account the total financial available allocation:

s.t. vinc_0: sum {i in PROJECTS} COST[i] × x[i] ≤ BUDGET,

but also the necessity of ensuring the execution of at least one intervention for each individualized
project class:

s.t. (subject to) CONSTRAINTS_1: sum {j in PROJECTS_TYPE 1} y [f] ≥ 1

Operationally, the use of the programming environment AMPL allows the decision maker to:

- Build a model in parametric form through the .mod file;
- write the data about the problem in a .dat file separated by the corresponding .mod file;
- characterize the elements of the system as a set of objects (set);
- define the value of unknowns, i.e., the projects to be selected (var x binary);
- structure the objective function as a linear algebraic expression that maximizes investment

capability to pursue the many goals associated with sustainable city planning.

The model written in Table 2 assumes that all indicators have the same importance for the decision
maker. They may also take into account different weights by simply multiplying by pj coefficients
the values assumed by the projects evaluated with respect to the j-th criterion. This demonstrates the
extreme versatility of the proposed analysis scheme.

5. Case Study

A set of 40 projects are considered, submitted for public funding, and aimed at the urban planning of
a wide area in the province of Salerno (Italy) according to smart planning logic (Table 3). Because of the
limited budget available, which does not allow all initiatives to be funded, it is necessary to select those
projects able to determine the best financial, social, cultural, and environmental impacts on the territory.

On the basis of the smart city key factors, the i-th project is evaluated in accordance with the
following five objectives:

a. financial implications;
b. employment effects;
c. reduction of air pollutants, also thanks to the use of renewable energy sources;
d. implementation of new technologies for better utilization of the services for the city;
e. urban equalization.
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Table 3. Multi-criteria analysis matrix.

Smart Sectors Projects IRR (%) N◦ of
Workers

CO2
(Thousands of
Tons per Year)

N◦ of
ICT IMPA COST

(Thousands of €)

SMART
ENVIRONMENTAL

ENERGY

1 URBAN ENERGY CONSUMPTION MONITORING SYSTEM 6.70 2 −1 3 7 1000

2 ALTERNATIVE ENERGIES FOR SCHOOL BUILDINGS 8.10 3 −3 6 5 4300

3 USE OF PHOTOVOLTAIC PANELS 4.08 1 −5 1 3 3800

4 NEW TREATMENT PLANT 5.14 12 1 0 1 5000

5 GEOTHERMAL SYSTEM FOR PUBLIC BUILDINGS 6.05 4 −3 2 5 4850

6 EFFICIENCY OF CITY’S ELECTRONIC GRID 10.20 1 −2 2 3 3000

7 NEW METHANE GAS PLANT 8.30 5 −2 2 3 3150

8 ALTERNATIVE ENERGY SYSTEMS FOR RESIDENTIAL CONSTRUCTION 9.10 6 −3 1 3 7125

9 RECLAMATION OF CONTAMINATED SOILS 6.20 3 −1 0 9 4560

10 THERMOMETRIC SURVEYING FOR HISTORICAL BUILDINGS 4.50 5 0 2 3 4120

SMART LIVING
LIFE & HEALTH

11 URBAN GARDENS 7.55 10 −3 2 5 2230

12 AIR QUALITY MONITORING SYSTEMS 5.10 2 0 1 5 2000

13 SENSOR NETWORKS FOR ENVIRONMENTAL EMERGENCIES 6.25 3 −1 4 3 5210

14 ENVIRONMENTALLY SUSTAINABLE URBAN RENEWAL 9.30 1 −4 4 7 5748

15 ALTERNATIVE TOURISM ACTIONS 8.00 12 0 5 1 1300

16 DIGITAL ENHANCEMENT OF CULTURAL HERITAGE 11.20 4 0 5 3 1838

17 STRUCTURES FOR EDUCATIONAL SCHOOL CANTEEN 5.35 10 −1 1 5 5370

18 INTEGRATED AGRO-ECOLOGICAL SYSTEMS 7.33 15 −2 1 7 2200

19 CULTURAL INFORMATION CENTRE 8.00 12 3 5 3 2850

20 POLE FOR THE HEALTH PREVENTION 5.40 16 0 4 3 2110

21 SUPPORT SERVICES FOR DISABLED PEOPLE 6.00 15 0 1 5 3700

22 INTERVENTIONS AGAINST EARLY SCHOOL-LEAVING 4.50 4 0 2 5 2300

23 NEW ARCHAEOLOGICAL PARK 7.60 3 0 3 3 3560
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Table 3. Cont.

Smart Sectors Projects IRR (%) N◦ of
Workers

CO2
(Thousands of
Tons per Year)

N◦ of
ICT IMPA COST

(Thousands of €)

SMART MOBILITY
ALTERNATIVE

SYSTEMS

24 ALTERNATIVE MOBILITY INITIATIVES 9.50 6 −3 2 3 2160

25 BIKE-SHARING SYSTEMS 6.50 3 −4 2 3 1617

26 ACTIONS FOR ELECTRICAL MOBILITY 6.60 6 −5 3 3 5895

27 IMPROVEMENT OF COMMODITIES DISTRIBUTION 6.75 1 −1 1 5 9200

28 MOBILITY MANAGEMENT SERVICES 10.20 4 −1 4 1 8000

29 INFO-MOBILITY INTEGRATED PLATFORMS 5.26 2 −1 6 3 7116

30 ASSISTED MOBILITY SERVICES 8.50 8 3 3 3 2500

31 ROAD MAINTENANCE 5.40 8 0 1 5 1600

SMART PEOPLE
INCLUSION

32 SUPPORT SERVICES FOR THE ELDERLY 8.10 22 0 3 9 8120

33 CONSTRUCTION OF SOCIAL APARTMENT BUILDINGS 7.20 2 1 2 7 7800

34 OPEN-DATA TOOLS FOR INTEGRATED PLANNING 9.45 5 0 4 3 1110

35 CREATION OF SOCIAL ENTERPRISES 5.20 16 1 1 5 4860

36 NEW CULTURAL CENTER 10.20 8 0 4 5 6750

37 FACILITY FOR EMIGRANTS 6.80 18 2 0 7 5110

38 CITY ORATORY 4.60 1 0 1 7 3256

39 YOUTH HOSTEL 10.70 8 3 2 5 4560

40 URBAN CIVIC NETWORKS 7.40 4 0 4 3 1230

IRR: Internal Rate of Return; ICT: Information and Communication Technology; IMPA: Indicator in growing measure as the project’s ability to generate new wealth in those districts with a
higher level of degradation.
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The following corresponding performance indicators are assumed:

a. the Internal Rate of Return (IRR);
b. the number of new employees that the project produces (N◦ OF WORKERS);
c. the lowest CO2 emissions in the atmosphere, in terms of thousands of tons per year (the

numerical values are positive—i.e., detrimental for selection purposes—in the case of CO2

emissions, while they are negative where the project causes CO2 destruction, such as for urban
recovery initiatives that create new green spaces);

d. the amount of digital services information offered by the project for the fruition of the service
(N◦ ICT);

e. the geographic location of the operation. A numeric value in the Saaty ordinal scale is attributed
to the indicator (IMPA) in growing measure as the project’s ability to generate new wealth
in those districts with a higher level of degradation, which therefore require useful actions in
pursuit of the highest urban standards found in other city areas.

The comparison of the project’s initiatives’ attributes requires the definition of a common
measurement scale, obtained by normalizing each attribute through the equation:

zij =
xij − µj

σj

where xij identifies the value taken on by the i-th project evaluated according to the j-th indicator,
µj states the arithmetic average of the values assumed by the n projects assessed according to the same
j-th indicator, σj is the standard deviation of the values xij corresponding to the j indicator.

The mathematical model explained in Section 4 is implemented using the normalized data.
The list of projects is constructed by associating each project with the binary value {0,1}, depending

on whether the i-th investment is chosen (value 1) or not (value 0).
The model of the selection problem in question is expressed in the following mathematical form:

{max ∑
i
(irri + n◦ o f workersi + (−emissions)i + n◦ o f icti + impai)× xi

40
∑

i=1
Ci × xi

≤ budget
10
∑

i=1
xi ≥ 1

23
∑

i=11
xi ≥ 1

31
∑

i=24
xi ≥ 1

40
∑

i=32
xi ≥ 1xi ∈ {0, 1} (i = 1, . . . , n)

in which the objective function, the constraint regarding the available budget, and the necessity of
ensuring the selection of at least one project for each Smart Sector are written.

In the AMPL programming environment, the .mod file in Table 2 is associated with the .dat file
(Table 4), that returns the results of the multi-criteria analysis performed for each of the 40 projects set
out in Table 3.
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Table 4. Dat file written in AMPL.

.Dat File

set PROJECTS: = 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36
37 38 39 40;

set INDICATORS: = IRR N.W. CO2 ICT IMPA;

param INDICATORS_unit: = param COST: =

IRR N.W. CO2 ICT IMPA

1 0.6 0.09 −0.33 0.5 0.78 1000
2 0.72 0.14 −1 1 0.56 4300
3 0.36 0.05 −1.67 0.17 0.33 3800
4 0.46 0.55 0.33 0 0.11 5000
5 0.54 0.18 −1 0.33 0.56 4850
6 0.91 0.05 −0.67 0.33 0.33 3000
7 0.74 0.23 −0.67 0.33 0.33 3150
8 0.81 0.27 −1 0.17 0.33 7125
9 0.55 0.14 −0.33 0 1 4560
10 0.4 0.23 0 0.33 0.33 4120
11 0.67 0.45 −1 0.33 0.56 2230
12 0.46 0.09 0 0.17 0.56 2000
13 0.56 0.14 −0.33 0.67 0.33 5210
14 0.83 0.05 −1.33 0.67 0.78 5748
15 0.71 0.55 0 0.83 0.11 1300
16 1 0.18 0 0.83 0.33 1838
17 0.48 0.45 −0.33 0.17 0.56 5370
18 0.65 0.68 −0.67 0.17 0.78 2200
19 0.71 0.55 1 0.83 0.33 2850
20 0.48 0.73 0 0.67 0.33 2110
21 0.54 0.68 0 0.17 0.56 3700
22 0.4 0.18 0 0.33 0.56 2300
23 0.68 0.14 0 0.5 0.33 3560
24 0.85 0.27 −1 0.33 0.33 19,500
25 0.58 0.14 −1.33 0.33 0.33 11,560
26 0.59 0.27 −1.67 0.5 0.33 6600
27 0.6 0.05 −0.33 0.17 0.56 6750
28 0.91 0.18 −0.33 0.67 0.11 16,200
29 0.47 0.09 −0.33 1 0.33 5260
30 0.76 0.36 1 0.5 0.33 2500
31 0.48 0.36 0 0.17 0.56 1600
32 0.72 1 0 0.5 1 8125
33 0.64 0.09 0.33 0.33 0.78 7800
34 0.84 0.23 0 0.67 0.33 1100
35 0.46 0.73 0.33 0.17 0.56 4860
36 0.91 0.36 0 0.67 0.56 6750
37 0.61 0.82 0.67 0 0.78 5110
38 0.41 0.05 0 0.17 0.78 3256
39 0.96 0.36 1 0.33 0.56 4560
40 0.66 0.18 0 0.67 0.33; 1230;

param BUDGET: = 33,500;

The .mod and .dat files are entered into the AMPL command line, specifying the solver that
implements the B&C algorithm:

ampl: reset;
ampl: model FILE.mod;
ampl: data FILE.dat;
ampl: option solver cplex;
ampl: solve.
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The resultant optimal combination is made up of the projects:

1-11-16-18-19-20-21-22-23-30-31-34-35-40.

The corresponding objective function value is 27.98, and the total cost of investment is €33,088.
The available budget of €33,500,000 is almost entirely used.

With an ε-constrained type algorithm, a further constraint can be imposed on the problem:

objective i ≤ objective (i − 1) − ε

so as to extrapolate, with ε = 1h, the list of the best combinations of projects. Table 5 shows the first
seven combinations, associating to each project the value of the objective function and the investment
cost.

Table 5. List of the best combinations of projects.

Combination of Projects Objective Function Costs (in Thousands of €)

1 1-11-16-18-19-20-21-22-23-30-31-34-35-40 27.98 33,088
2 1-11-15-16-18-19-21-22-23-30-31-34-35-40 27.97 32,270
3 1-7-11-15-16-18-20-22-30-31-34-37-39-40 27.96 32,238
4 1-15-16-19-20-22-23-30-31-32-34-39 27.95 32,853
5 1-6-11-12-15-16-18-20-23-30-31-34-38-39-40 27.94 33,494
6 1-11-15-16-18-19-20-21-22-23-30-31-34-40 27.93 29,528
7 1-11-15-16-18-19-20-21-22-23-29-30-34-40 27.92 33,188

The analysis conducted so far assumes that all five evaluation criteria have the same importance.
It is possible to attribute different weights to the indicators by writing the maximization function,
which takes the following form:

max ∑i (p1 ∗ IRRi + p2 ∗ NWi + p3 ∗ EMISSIONSi + p4 ∗ ICTi + p5 ∗ (IMPA)i) ∗ xi,

where p1, . . . , p5 are the coefficients able to “weigh” the indicators between them.

6. Conclusions

The Smart City model enhances the multidimensionality of urban reality, where the multiple
economic, social, cultural, and environmental components converge. The conscious inclusion of
technological innovation in the systemic structure of the city promotes the use of renewable energy
sources, functional virtualization aimed at reducing the intensity of land use, and the promotion
of alternative mobility systems. Consequently, investment decisions require selection processes
that do not disregard the implementation of principles and techniques typical of the multi-criteria
economic evaluation.

The present work proposes a model of economic analysis built according to the rules of Operations
Research, with the aim of choosing the optimal combination of projects to be financed in the
context of sustainable development of the urban territory. The protocol allows not only the public
operator, but also the private investor, who must choose how best to allocate the available resources,
to consistently define an investment program able to pursue multiple objectives, while also taking
into account budget limits and other constraints imposed by the system under examination. In fact,
information derived from multi-criteria analysis is associated with the evaluation algorithm, which is
written in AMPL. Objective functions and constraint conditions are expressed in terms of DLP.

If, on the one hand, the limitations are evident of a protocol that treats in quantitative terms
qualitative variables regarding extra-financial impacts, on the other hand, it should also be noted that



Environments 2018, 5, 50 11 of 12

specialized analyses of social, cultural, or environmental repercussions can give satisfactory reliability
to the results of the model’s applications. Future research must go in this direction.

The case study concerns the selection of projects for a Smart City. It demonstrates the effectiveness
and simplicity of the implementation of the evaluation scheme, which can establish the optimum
combination of investment initiatives that will maximize the objective function value. The possibility
of easily modifying the calculation algorithm, and of “weighing” the estimation criteria in the
maximization function, also attests to the model’s adaptability to different real-world situations.

Author Contributions: Antonio Nesticò and Gianluigi De Mare together conceived and designed the Multi-Criteria
Analysis Model for Investment Projects in Smart Cities. For the case study, Antonio Nesticò performed the calculations
and Gianluigi De Mare analyzed the data. Gianluigi De Mare and Antonio Nesticò jointly wrote the paper.
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