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A B S T R A C T

Decentralized hybrid energy systems are promising long-lasting solutions to support socio-economic develop-
ment in compliance with environmental concerns. Traditionally, microgrid planning has mainly focused on
economics only, sometimes with reliability or environmental considerations, and the project costs have been
estimated by approximating the multi-year operation of the system with a single-year approach, thus neglecting
long-term phenomena. We propose a multi-objective multi-year method to plan microgrids in the Global
South, accounting for socio-economic (Net Present Cost, job creation), security (public lighting coverage) and
environmental impacts (carbon emissions, land use); the entire multi-year lifespan of the project is considered,
including demand growth and assets degradation. The advanced version of the augmented 𝜀-constraint
algorithm, denoted as A-AUGMECON2, is here proposed to efficiently solve the multi-objective model, by using
a novel pruning algorithm that avoids solving redundant optimizations. The method is applied to an isolated
community in Uganda. The approach successfully quantifies the trade-off between local long-term impacts,
supporting policy makers and local developers in designing effective policies and actions. In particular, our
results suggest that the environmental targets can be aligned with the project economics, and that the financial
impact of public lighting is limited, which encourages its implementation in electrification projects. Conversely,
optimal land use and job creation lead to high economic and environmental costs, highlighting the need for
a trade-off for policy and business decision makers. Moreover, the novel A-AUGMECON2 algorithm enables
reducing by 48% the computational requirements of the standard AUGMECON2, extending the application of
multi-objective methodologies to more complex problems.
1. Introduction

1.1. Motivation

As stated in the Sustainable Development Goals, achieving universal
electricity access is a key priority of the international community [1].
Electricity is a well-known determinant for social development [2], as
it enables the use of modern appliances, replaces lower quality energy
sources, such as kerosene, wood, and charcoal, stimulates economic
growth, and improves well-being [3,4]. However, currently, almost 800
million people live without access to electricity, and most of them
are located in rural areas in Sub-Saharan Africa [5], which are often
difficult to reach. Additionally, these remote areas typically rely on
subsistence economy, with very basic electricity needs, such as lighting
and charging of mobile phones; therefore, depending on the location,
extending the public power grid may be considered too expensive and
not-worth in the short-term. Conversely, decentralized solutions such as
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microgrids can be promising and cost-effective solutions, but adequate
optimization tools shall be developed to account for the multi-faceted
context of rural areas in the Global South for the entire lifetime of the
project.

Multi-objective optimization has proven to enable evaluating the
trade-offs between different decision criteria in the energy sector, in
particular for rural electrification projects, where different types of
stakeholders with different priorities may be involved (companies,
public institutions, NGOs) and a thorough analysis of the relation-
ships between the economic, environmental and social impacts on
the community is required [6]. The corresponding output, typically
being a Pareto frontier, provides the decision maker with a more
comprehensive view of the outcomes of their choices so that more
informed decisions can be taken, also based on cultural and site-specific
characteristics which could hardly be described within the algorithm.
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Moreover, when dealing with rural areas, scarcity of information is
often an issue hindering the effective calibration of a single-objective
optimization, which entails the identification of weights or bounds,
heavily influencing the final solution [7,8].

Hence, it is timely and useful to develop a multi-objective plan-
ning methodology able to address economic, social, and environmental
objectives, besides accounting for the multi-year characteristics of the
project and including the degradation model of the assets. On the
other side, in order to tackle the increased complexity in planning
methodologies, it is also important to develop novel techniques to more
efficiently address multi-objective optimization.

1.2. Literature analysis

Standard microgrid sizing tools usually focus on single-year
economics-only optimizations in order to reduce the complexity of
the analysis. In [9–11], the least-cost solution is identified by opti-
mizing the generating portfolio together with the scheduling strategy
of the first year, assumed to be representative of all the subsequent
years. Likewise, the operating costs will also recur from year to year.
Therefore, cost is considered as the only determining factor in the
effectiveness of the rural electrification process. These assumptions
hardly match the complex circumstances of off-grid microgrids in the
Global South, given the multiplicity of impacts on the community
involved, the intrinsic long-lasting nature of the system, the significant
load growth and the assets degradation over the years. Neglecting these
aspects in favour of more details on short-term features can lead to sub-
optimal designs, since long-term dynamics are more relevant in rural
contexts and significantly affect the optimal choice of the system [12].

Only few studies have recently adopted a multi-year approach,
partially integrating the multi-year characteristics of the system [13–
15]; namely, load growth [13,15] and storage capacity reduction,
regardless of how the batteries are used [14,15]. Actually, the pace
at which batteries degrade is strongly linked to their operation [16]
and this has significant impact on the optimal microgrid planning and
scheduling [17]. Moreover, renewable energy generators are subject
to performance deteriorations too [18,19], and this influences their
optimal size.

A growing interest in environmental protection issues has led vari-
ous scholars to also include an assessment of carbon emissions in their
analyses, as a limit not to be exceeded [20], or as monetary cost to
be minimized [15,21], or as additional objective function [22–25];
however, Life-cycle Assessment (LCA), which quantifies the emissions
along the whole life-cycle of an asset, is rarely adopted [20,24], and
generally only direct emissions are taken into account [15,21–23,25],
resulting in incomplete and sometimes misleading evaluations.

In addition to this, the importance of considering the social im-
pact of rural electrification projects is increasingly recognized and
demanded as an indispensable element of system planning tools [6].
Nonetheless, very few multi-objective algorithms have been devel-
oped including social assessments, mostly through the evaluation of
employment generation [26–28].

A popular and consolidated approach for holistic analysis of ru-
ral electrification projects is to use Multi-Criteria Decision Analysis
(MCDA) [29–32], which is more prone to including social and qualita-
tive decision criteria. However, MCDA cannot determine the generation
mix and the scheduling strategy and is not able to efficiently manage
different configurations of hybrid systems. Hence, these aspects must be
analysed separately and MCDA is used for ex-ante [31] or ex-post [32]
assessments, but planning tools are still needed.

Therefore, it turns out that the literature lacks a holistic multi-
objective optimization that addresses all the aforementioned shortcom-
ings.

In the scope of Mixed-Integer Linear Programming (MILP) optimiza-
tion, which is the formulation adopted in this study, the most common
2

approaches to solve multi-objective problems are the weighted sum
method [33,34] and the 𝜀-constraint method [35–37]. The latter has
the advantage of being able to represent the entire Pareto frontier
independently of its shape; moreover, its results are not influenced by
normalization issues and it generally has better computational perfor-
mances [7,8]. In particular, the augmented 𝜀-constraint method (AUG-
MECON2) has been developed as an advancement of the traditional
𝜀-constraint method [38,39] and, currently, it is a well consolidated
method, widely adopted to solve a diverse portfolio of problems in the
energy sector [36,37,40,41].

However, AUGMECON2 presents two interrelated drawbacks: (1)
when complex algorithms with more than two objective functions are
optimized, the computational burden may become extremely large
because of the presence of redundant iterations; (2) the higher the
desired resolution of the Pareto frontier, the more the redundant points.
The former issue needs an advancement of the methodology, while
the latter, which is related to the readability of the results and the
choice of the final point, could be faced by one of the post-Pareto
selection methods available. These can be grouped into three major
categories: offline pruning algorithms to reduce the number of Pareto
points [42,43]; clustering algorithms to identify and group similar
solutions [44]; mathematical methods to select a single final point [45,
46]. This additional step requires further computational resources, thus
exacerbating the first issue.

Most of the recent literature still considers AUGMECON2 as the
most up-to-date development of the 𝜀-constraint method, as proven
by its recent use in a wide variety of scientific literature also beyond
the energy sector [47,48]. The very first efforts in advancing the
methodology have been proposed in [49], partially addressing the issue
of redundant optimizations. Nonetheless, the scope of [49] is limited to
a theoretical approach applied on a test knapsack problem to highlight
the efficiency of the algorithm, yet the performances of AUGMECON2
could be further improved. For these reasons, AUGMECON2 is selected
by the authors to solve the multi-objective multi-year optimization
under study, and its two main shortcomings are faced by a novel
methodology, aimed at providing better computational performances
and improved readability of the Pareto frontier by means of an online
filter of redundant optimizations.

1.3. Contributions

To the best of the authors’ knowledge, the proposed modified ver-
sion of AUGMECON2, here denoted as A-AUGMECON2, goes beyond
the state of the art both in terms of advancements of the mathematical
properties of the algorithm, fully addressing the issue of redundant sim-
ulations, and in terms of practical application of such novel approach,
being it its first application to energy systems. Moreover, this is the first
study providing such a comprehensive evaluation of rural microgrid
projects, discussing both the multi-objective and multi-year features of
the problem. In short, the main novelties are discussed below.

1. Development of a multi-objective multi-year planning methodol-
ogy able to efficiently optimize and simulate the operation of the
entire lifetime of a project, using economic (Net Present Cost),
social (Job Creation and Public Lighting), and environmental
(Life-cycle emissions and Land use) objective functions.

2. Detailed modelling of the degradation of the assets of the mi-
crogrid performed by a custom iterative approach decomposing
the full non-linear model into the consecutive optimization of a
MILP problem.

3. Development of the A-AUGMECON2 methodology that reduces
the computational requirements of the standard AUGMECON2,
using a novel pruning algorithm that avoids the simulation of
redundant iterations and enables the introduction of the first two
novelties while keeping a good tractability of the algorithm.



Applied Energy 299 (2021) 117283M. Petrelli et al.
Fig. 1. Microgrid layout [17].

2. Microgrid planning

In this section, the model for the multi-year planning of off-grid
microgrids is described. The formulation, based on [17], accounts for
detailed simulations of the entire lifetime of the project, including the
operational effects of the generation and storage degradation and of
battery variable efficiency.

2.1. Description

The configuration of the microgrid considered in this study and
shown in Fig. 1 is aimed at representing the typical off-grid system
in the Global South: it includes photovoltaic panels of type 𝑝, wind
turbines of type 𝑤, fuel-fired generators of type 𝑔, and battery storage of
type 𝑏, coupled at the AC busbar to supply the demand. The proposed
model adopts a single-node equivalent, which represents an effective
and well-established characterization of this kind of system [11,25],
where generation assets are usually centralized and the distribution
network is typically radial.

The list of all the quantities used in the following subsections to
model the planning and operation phase of the microgrid is presented
in Table 1.

2.2. The objective functions

2.2.1. Net present cost
As for microgrid investments, the Net Present Cost is typically

considered as economic objective function, to be minimized, according
to Eqs. (2)–(8). Its formulation takes into account the investment costs
𝐼𝐶𝑖, the operation and maintenance charges 𝑂&𝑀𝑖, the replacement
costs 𝑅𝐶𝑖 of batteries and diesel generators (the other components have
service life longer than project duration), and the residual values 𝑅𝑉𝑖
of the assets at the end of the project lifetime. Given the cumulative
modelling of DG replacement charges as in (5), there is no need to
consider DG residual value.

min𝑁𝑃𝐶 =
∑

𝑖
(𝐼𝐶𝑖 + 𝑂&𝑀𝑖 + 𝑅𝐶𝑖 − 𝑅𝑉𝑖) (1)

𝐼𝐶𝑖 = 𝑁𝑖 ⋅ 𝑐𝑖 (2)

𝑂&𝑀𝑖⧵{𝑔} = 𝑁𝑖 ⋅ 𝑚𝑖
∑

𝑦
𝑑𝑦 (3)

𝑂&𝑀𝑔 =
∑

𝑦,ℎ
𝑑𝑦(𝑚𝑔 ⋅ 𝑈𝑦,ℎ,𝑔 + 𝜋𝑓 ⋅ 𝐹𝐶𝑦,ℎ,𝑔) (4)

𝑅𝐶𝑔 =
𝑐𝑔

ℎ𝑙𝑖𝑓𝑒𝑔

∑

𝑦,ℎ
𝑑𝑦 ⋅ 𝑈𝑦,ℎ,𝑔 (5)

𝑅𝐶𝑏 = 𝑁𝑏 ⋅ 𝑐𝑏
∑

𝑑𝑦(𝑘𝑦,ℎ,𝑏 − 𝑘𝑦,ℎ−1,𝑏) (6)
3

𝑦,ℎ
𝑅𝑉𝑖⧵{𝑔,𝑏} = 𝑑
|𝑌 | ⋅𝑁𝑖 ⋅ 𝑐𝑖 ⋅

𝑦𝑙𝑖𝑓𝑒𝑖 − |𝑌 |

𝑦𝑙𝑖𝑓𝑒𝑖

(7)

𝑅𝑉𝑏 = 𝑑
|𝑌 | ⋅ 𝑐𝑏

𝐶𝑟𝑒𝑠
|𝑌 |,|𝐻|,𝑏 −𝑁𝑏𝐶𝑏

𝐶𝑏 − 𝐶𝑏

(8)

2.2.2. Emissions
Environmental objectives have been increasingly included in energy

projects planning, due to climate-change concerns. To perform an
accurate evaluation of the microgrid global impact, emissions have
been considered in the proposed methodology in terms of LCA, i.e. ac-
counting for construction, installation, operation and disposal of the
assets. The minimization of total emission allows to evaluate solutions
in line with the increasing pressure of governments for high shares
of renewables. The mathematical formulation of 𝐶𝑂2 emissions is
reported in (9)–(13). Fuel-fired generators are the only contributing
emissions during the operation phase (𝑂𝐶𝑂2𝑔).

min𝐶𝑂2 =
∑

𝑖
𝐶𝐶𝑂2𝑖 + 𝑂𝐶𝑂2𝑖 (9)

𝐶𝐶𝑂2𝑖⧵{𝑔,𝑏} = 𝑁𝑖 ⋅ 𝑒𝑖 (10)

𝐶𝐶𝑂2𝑏 =

[

1 +
∑

𝑦,ℎ
(𝑘𝑦,ℎ,𝑏 − 𝑘𝑦,ℎ−1,𝑏)

]

𝑁𝑏 ⋅ 𝑒𝑏 (11)

𝐶𝐶𝑂2𝑔 = 𝑁𝑔 ⋅ 𝑒𝑔 +
∑

𝑦,ℎ

𝑈𝑦,ℎ,𝑔

ℎ𝑙𝑖𝑓𝑒𝑔

⋅ 𝑒𝑔 (12)

𝑂𝐶𝑂2𝑔 = 𝐹𝐶𝑦,ℎ,𝑔 ⋅ 𝑒
𝑜𝑝
𝑔 (13)

2.2.3. Land use
The local environmental impact of the microgrid is taken into

account by including in the analysis the minimization of the space
required for the installation of the different assets [26]. The importance
of this variable for decision makers is strictly related to the specific con-
ditions of the area where the system needs to be installed; for example,
land occupation may become a sensitive issue when the community is
based in a protected area. The land use (𝐿𝑈) minimization is therefore
considered in (14).

min𝐿𝑈 =
∑

𝑖
𝑁𝑖 ⋅ 𝑙𝑜𝑖 (14)

2.2.4. Jobs creation
Energy planning can promote local jobs, as a consequence of the as-

sets installation and operation, which are incorporated in the proposed
multi-objective method by means of a maximization problem [26–28].
The mathematical formulation of the job creation 𝐽𝐶, detailed in (15)–
(18), is a function of the jobs generated throughout the value chain
of each asset (𝐶𝐽𝐶𝑖). Moreover, the contribution related to fuel con-
sumption for fuel-fired generators is accounted by means of a separate
variable (𝑂𝐽𝐶𝑔).

max 𝐽𝐶 =
∑

𝑖
𝐶𝐽𝐶𝑖 + 𝑂𝐽𝐶𝑔 (15)

𝐶𝐽𝐶𝑖⧵{𝑔} = 𝑁𝑖 ⋅ 𝑗𝑖 (16)

𝐶𝐽𝐶𝑔 = 𝑁𝑔 ⋅ 𝑗𝑔 +
∑

𝑦,ℎ
𝑈𝑑𝑔
𝑦,ℎ ⋅

𝑗𝑔
𝑦𝑙𝑖𝑓𝑒𝑔

(17)

𝑂𝐽𝐶𝑔 =
∑

𝑦,ℎ
𝑃 𝑑𝑔
𝑦,ℎ,𝑔 ⋅ 𝑗

𝑓
𝑔 (18)

2.2.5. Public lighting coverage
Finally, public lighting (𝑃𝐿) is considered and included in the

optimization, as it is an important enabler of better living conditions,
including but not limited to improved security, recreational and educa-
tional activities. For this reason, street lights are considered as priority
loads and they are not subject to curtailments: once a street light is
installed, it must be supplied during the dark hours. The total need of
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Table 1
Definition of indexes, parameters and variables for microgrid planning.
Indexes
h Hours y Years
g Diesel generators (DG) p Photovoltaic panels (PV)
w Wind turbines (WT) b Batteries (BESS)
i Components, 𝑖 ∈ {𝑔, 𝑝,𝑤, 𝑏}

Parameters
𝑀 Big constant |𝐻| Number of hours per year
|𝑌 | Project lifetime 𝑦𝑙𝑖𝑓𝑒𝑖 Component lifetime
𝑐𝑖 Unit capital cost 𝑚𝑖 Unit maintenance cost
𝑒𝑖 Unit installation emissions 𝑒𝑜𝑝𝑖 Unit operation emissions
𝑙𝑜𝑖 Unit land occupation 𝑗𝑖 Unit jobs from value chain
𝑗𝑓𝑔 Unit jobs form fuel use 𝐿𝑡𝑜𝑡

𝑦,ℎ Total lighting demand
𝑑𝑦 Discount factor 𝑓 𝑢 Max unmet demand fraction
𝛿 Demand growth rate 𝛾𝑧 Forecast error of 𝑧
𝑃 𝑝𝑣
𝑦,ℎ,𝑝 Available PV power 𝑃𝑤𝑡

𝑦,ℎ,𝑤 Available WT power
𝜌𝑝𝑣𝑦,ℎ,𝑝 Linear PV degradation rate 𝜌𝑤𝑡

𝑦,ℎ,𝑝 Linear WT degradation rate
𝜋𝑓 Cost of fuel ℎ𝑙𝑖𝑓𝑒

𝑔 Total DG working hours
𝑃 𝑔 Max DG power 𝑃 𝑔 Min DG power
𝑎, 𝑏 Fuel consumption coefficients 𝐷𝑂𝐷𝑏 Depth of Discharge
𝜂𝑦,ℎ,𝑏 Power-dependent efficiency 𝜂𝑏 Max BESS efficiency
𝐶𝑏 Max BESS capacity 𝐶𝑏 Min (aged) BESS capacity
𝐶𝑟𝑒𝑠
𝑦,ℎ,𝑏 Total residual BESS capacity 𝑘𝑦,ℎ,𝑏 BESS replacement counter

𝑃𝑄𝑏 Max power-to-energy ratio 𝑃𝑄𝑦,ℎ,𝑏 Power-to-energy ratio
𝑄𝑡ℎ𝑟

𝑦,ℎ,𝑏 Cumulative throughput 𝑛𝑐𝑦𝑐𝑦,ℎ,𝑏 Working max number of cycles

Variables
𝑁𝑃𝐶 Net present cost 𝐼𝐶𝑖 Initial investment cost
𝑂&𝑀𝑖 O&M cost 𝑅𝐶𝑖 Replacement cost
𝑅𝑉𝑖 Residual value 𝐶𝑂2 Total LCA emissions
𝐶𝐶𝑂2𝑖 Emissions from installation 𝑂𝐶𝑂2𝑖 Emissions from O&M
𝐿𝑈 Total land use 𝐽𝐶 Total job creation
𝐶𝐽𝐶𝑖 Jobs from whole value chain 𝑂𝐽𝐶𝑔 Jobs from fuel use
𝑃𝐿 Public lighting coverage (%) 𝑁𝑖 Number of units installed
𝐷𝑦,ℎ Load demand 𝐷𝑢

𝑦,ℎ Unmet demand
𝐿𝑦,ℎ Fulfilled lighting demand 𝑃 𝑟𝑒𝑛

𝑦,ℎ Renewable power injected
𝑅𝑦,ℎ Total reserve requirement 𝐹𝐶𝑦,ℎ,𝑔 Fuel consumption
𝑃 𝑑𝑔
𝑦,ℎ,𝑔 Power produced by DG 𝑅𝑑𝑔

𝑦,ℎ,𝑔 Reserve provided by DG
𝑈𝑦,ℎ,𝑔 Active DG units (integer) 𝑤𝑑𝑐ℎ

𝑦,ℎ,𝑏 Binary variable on BESS state
𝑃 𝑑𝑐ℎ
𝑦,ℎ,𝑏 Discharging power of BESS 𝑃 𝑐ℎ

𝑦,ℎ,𝑏 Charging power of BESS
𝑅𝑠𝑏

𝑦,ℎ,𝑏 Reserve provided by BESS 𝑄𝑦,ℎ,𝑏 Energy level of BESS
a
m

𝐹

𝑃

𝑃

𝑈

b
i
s
t
t
m

𝑄

𝑄

𝑄

𝑃

street lights to cover the whole area and the related power profile 𝐿𝑡𝑜𝑡
𝑦,ℎ

are assessed. Eq. (19) maximizes the coverage of the service, expressed
as the share (%) of the total requirement which is actually fulfilled.

max𝑃𝐿 =
𝐿𝑦,ℎ

𝐿𝑡𝑜𝑡
𝑦,ℎ

⋅ 100 (19)

.3. Main constraints

The electric balance is guaranteed by (20), while (21) describes the
inear growth of the demand. A reasonable amount of load shedding, to
e defined according to local socio-economic information, is generally
dmitted in rural areas, as long as it enables a reduction of the elec-
ricity tariff. Hence, Eqs. (22)–(23) rule the fraction of unmet demand.
he dispatched power from renewable sources is limited in (24) by their
vailability and by the degradation of the components over time.

∑

𝑏

(

𝑃 𝑑𝑐ℎ
𝑦,ℎ,𝑏 ⋅ 𝜂𝑦,ℎ,𝑏 −

𝑃 𝑐ℎ
𝑦,ℎ,𝑏

𝜂𝑦,ℎ,𝑏

)

+𝑃 𝑟𝑒𝑛
𝑦,ℎ +

+
∑

𝑔 𝑃
𝑑𝑔
𝑦,ℎ,𝑔 +𝐷𝑢

𝑦,ℎ = 𝐷𝑦,ℎ + 𝐿𝑦,ℎ

(20)

𝑦,ℎ = 𝐷1,ℎ(1 + 𝛿)𝑦 (21)
𝑢
𝑦,ℎ ≤ 𝐷𝑦,ℎ (22)

ℎ
𝐷𝑢

𝑦,ℎ ≤ 𝑓 𝑢
∑

ℎ
𝐷𝑦,ℎ (23)

𝑟𝑒𝑛
𝑦,ℎ ≤

∑

𝑝
𝑁𝑝 ⋅ 𝑃

𝑝𝑣
𝑦,ℎ,𝑝 ⋅ 𝜌

𝑝𝑣
𝑦,ℎ,𝑝 +

∑

𝑤
𝑁𝑤 ⋅ 𝑃𝑤𝑡

𝑦,ℎ,𝑤 ⋅ 𝜌𝑤𝑡
𝑦,ℎ,𝑤 (24)

Constraints (25)–(28) detail the mathematical description of the
uel-fired generators for every technology 𝑔 taken into consideration,
4

d

nd ensure their correct operation and their support to reserve require-
ents.

𝐶𝑦,ℎ,𝑔 = 𝑎 ⋅ 𝑈𝑦,ℎ,𝑔 + 𝑏 ⋅ 𝑃 𝑑𝑔
𝑦,ℎ,𝑔 (25)

𝑑𝑔
𝑦,ℎ,𝑔 + 𝑅𝑑𝑔

𝑦,ℎ,𝑔 ≤ 𝑃 𝑔 ⋅ 𝑈𝑦,ℎ,𝑔 (26)
𝑑𝑔
𝑦,ℎ,𝑔 ≥ 𝑃 𝑔 ⋅ 𝑈𝑦,ℎ,𝑔 (27)

𝑦,ℎ,𝑔 ≤ 𝑁𝑔 (28)

The equation block from (29) to (35) describes the model of the
attery storage by technology 𝑏. While (29) depicts the energy balance
n the battery, (30) and (31) detail the maximum and the minimum
tate of charge of the battery. It is worth noticing that 𝐶𝑟𝑒𝑠

𝑦,ℎ,𝑏 models the
otal capacity of the battery, accounting for its degradation as stated in
he following subsection. The power limits of the batteries are instead
anaged by constraints (32)–(35).

𝑦,ℎ,𝑏 = 𝑄𝑦,ℎ−1,𝑏 + (𝑃 𝑐ℎ
𝑦,ℎ,𝑏 − 𝑃 𝑑𝑐ℎ

𝑦,ℎ,𝑏)𝛥ℎ (29)

𝑦,ℎ,𝑏 ≤ 𝐶𝑟𝑒𝑠
𝑦,ℎ,𝑏 (30)

𝑦,ℎ,𝑏 ≥ 𝑁𝑏 ⋅ 𝐶𝑏(1 −𝐷𝑂𝐷𝑏) + 𝑅𝑠𝑏
𝑦,ℎ,𝑏 ⋅ 𝛥ℎ (31)

𝑃 𝑑𝑐ℎ
𝑦,ℎ,𝑏 + 𝑅𝑠𝑏

𝑦,ℎ,𝑏 ≤ 𝐶𝑟𝑒𝑠
𝑦,ℎ,𝑏 ⋅ 𝑃𝑄𝑏 (32)

𝑃 𝑐ℎ
𝑦,ℎ,𝑏 ≤ 𝐶𝑟𝑒𝑠

𝑦,ℎ,𝑏 ⋅ 𝑃𝑄𝑏 (33)

𝑃 𝑑𝑐ℎ
𝑦,ℎ,𝑏 ≤ 𝑤𝑑𝑐ℎ

𝑦,ℎ,𝑏 ⋅𝑀 (34)
𝑐ℎ
𝑦,ℎ,𝑏 ≤ (1 −𝑤𝑑𝑐ℎ

𝑦,ℎ,𝑏) ⋅𝑀 (35)

Finally, the reserve requirements to cover short-term variations of
emand and renewable generation are detailed in (36). These shall be
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covered by the reserve bands of the batteries and fuel-fired generators,
modelled in (37).

𝑅𝑦,ℎ = 𝛾𝑑 ⋅𝐷𝑦,ℎ + 𝛾𝑝𝑣
∑

𝑝
𝑁𝑝 ⋅ 𝑝

𝑝𝑣
𝑦,ℎ,𝑝 + 𝛾𝑤𝑡

∑

𝑤
𝑁𝑤 ⋅ 𝑝𝑤𝑡

𝑦,ℎ,𝑤 (36)

𝑅𝑦,ℎ ≤
∑

𝑔
𝑅𝑑𝑔
𝑦,ℎ,𝑔 +

∑

𝑏
𝑅𝑠𝑏
𝑦,ℎ,𝑏 ⋅ 𝜂𝑦,ℎ,𝑏 (37)

2.4. The model of the battery efficiency

The efficiency 𝜂̂𝑦,ℎ,𝑏 of the battery system is calculated as function
of the power-to-energy ratio [16,17]: the higher the power flow from
the battery, the lower the efficiency. In particular, a step-wise function
(𝜂𝑏(𝑃𝑄𝑦,ℎ,𝑏)) dependent upon the power ratio 𝑃𝑄𝑦,ℎ,𝑏, computed as in
(38), is used to model the efficiency in every time step, as detailed in
(39).

𝑃𝑄𝑦,ℎ,𝑏 =
𝑃 𝑐ℎ
𝑦,ℎ,𝑏 + 𝑃 𝑑𝑐ℎ

𝑦,ℎ,𝑏

𝑁𝑏 ⋅ 𝐶𝑏

(38)

𝜂̂𝑦,ℎ,𝑏 = 𝜂𝑏(𝑃𝑄𝑦,ℎ,𝑏) (39)

It is worth noticing that the direct implementation of the efficiency
model of 𝜂̂𝑦,ℎ,𝑏 in the previous section, i.e. setting 𝜂̂𝑦,ℎ,𝑏 = 𝜂𝑦,ℎ,𝑏, would
make the problem significantly non-linear and hard to solve. For this
reason, the iterative approach described in Section 2.6 is used.

2.5. The degradation of the battery system

The storage system is critical for most off-grid applications and
its degradation can affect the profitability of the system, thus the
battery model accounts for the degradation as in [17]. In particular, the
residual capacity 𝐶̂𝑟𝑒𝑠

𝑦,ℎ,𝑏 of the battery defined in (41) is calculated as a
function of the energy throughput 𝑄𝑡ℎ𝑟

𝑦,ℎ,𝑏, detailed in (40). The formula-
tion accounts for the variable degradation rate depending on charging
and discharging power-to-energy ratio, modelled by the coefficient on
maximum number of cycles 𝑛𝑐𝑦𝑐𝑦,ℎ,𝑏(𝑃𝑄𝑦,ℎ,𝑏). When the useful battery
capacity falls below a given threshold (𝐶𝑏), the battery is replaced, the
available capacity is restored to the initial value and the counter 𝑘𝑦,ℎ,𝑏
stating the number of replacements is updated.

𝑄𝑡ℎ𝑟
𝑦,ℎ,𝑏 = 𝑄𝑡ℎ𝑟

𝑦,ℎ−1,𝑏 + (𝑃 𝑐ℎ
𝑦,ℎ,𝑏 + 𝑃 𝑑𝑐ℎ

𝑦,ℎ,𝑏)𝛥ℎ (40)

̂ 𝑟𝑒𝑠
𝑦,ℎ,𝑏 =

⎧

⎪

⎪

⎨

⎪

⎪

⎩

𝐶̂𝑟𝑒𝑠
𝑦,ℎ−1,𝑏 −

(

1 − 𝐶𝑏∕𝐶𝑏

)(

𝑄𝑡ℎ𝑟
𝑦,ℎ,𝑏 −𝑄𝑡ℎ𝑟

𝑦,ℎ−1,𝑏

)

2𝑛𝑐𝑦𝑐𝑦,ℎ,𝑏(𝑃𝑄𝑦,ℎ,𝑏)𝐷𝑂𝐷𝑏
𝐶̂𝑟𝑒𝑠
𝑦,ℎ−1,𝑏 ≥ 𝑁𝑏𝐶𝑏

𝑁𝑏𝐶𝑏 𝐶̂𝑟𝑒𝑠
𝑦,ℎ−1,𝑏 < 𝑁𝑏𝐶𝑏

(41)

Similarly to the variable efficiency model, setting 𝐶̂𝑟𝑒𝑠
𝑦,ℎ,𝑏 = 𝐶𝑟𝑒𝑠

𝑦,ℎ,𝑏
would mean to include in the main model a non-linear battery degrada-
tion model. In the following subsection a simplified iterative approach
is proposed to overcome this complexity.

2.6. The iterative model

The model discussed in Sections 2.4 and 2.5 is significantly non-
linear. Therefore, based on the iterative approach discussed in [17],
the non-linearities of variables 𝐶𝑟𝑒𝑠

𝑦,ℎ,𝑏 and 𝜂𝑦,ℎ,𝑏 are calculated externally
to the MILP with off-line computations, as depicted in Fig. 2. To do so,
the two variables are modelled as in (42) and (43), where parameters
𝛼𝑦,ℎ,𝑏

|

|

|𝑖𝑡
and 𝛽𝑦,ℎ,𝑏

|

|

|𝑖𝑡
vary in the range 1÷100% and represent the hourly

available storage capacity and efficiency with respect to their nominal
values 𝑁𝑏𝐶𝑏 and 𝜂𝑏. 𝛼𝑦,ℎ,𝑏

|

|

|𝑖𝑡
and 𝛽𝑦,ℎ,𝑏

|

|

|𝑖𝑡
are updated in every iteration

𝑖𝑡 to account for such non-linear phenomena in a MILP model, using a
computationally efficient procedure.

𝐶𝑟𝑒𝑠 = 𝛼 | ⋅𝑁 ⋅ 𝐶 (42)
5

𝑦,ℎ,𝑏 𝑦,ℎ,𝑏|
|𝑖𝑡 𝑏 𝑏
Fig. 2. Iterative procedure coping with non-linearities [17].

𝜂𝑦,ℎ,𝑏 = 𝛽𝑦,ℎ,𝑏
|

|

|𝑖𝑡
⋅ 𝜂𝑏 (43)

As shown in Fig. 2, after each MILP iteration, the values of 𝛼𝑦,ℎ,𝑏
|

|

|𝑖𝑡+1
and 𝛽𝑦,ℎ,𝑏

|

|

|𝑖𝑡+1
for the following iteration (𝑖𝑡+1) are computed as in (44)

and (45), based on the values of 𝐶̂𝑟𝑒𝑠
𝑦,ℎ,𝑏 and 𝜂̂𝑦,ℎ,𝑏 calculated downstream

f the planning procedure of the current iteration 𝑖𝑡. The algorithm
tops when the relative changes of the parameters over consecutive
imulations fall below a given threshold; more details on the procedure
re discussed in [17].

𝛼𝑦,ℎ,𝑏
|

|

|𝑖𝑡+1
=

𝐶̂𝑟𝑒𝑠
𝑦,ℎ,𝑏

|

|

|𝑖𝑡

𝑁𝑏 ⋅ 𝐶𝑏

(44)

𝛽𝑦,ℎ,𝑏
|

|

|𝑖𝑡+1
=

𝜂̂𝑦,ℎ,𝑏
|

|

|𝑖𝑡

𝜂𝑏
(45)

The effectiveness of the approach has been validated in [17], by
omparing the iterative procedure with the full MILP formulation and
howing that the proposed method provides a very good approximation
f the optimal solution, while being extremely more efficient.

. Multi-objective optimization

A generic multi-objective optimization can be expressed as follows:

max𝑓 (𝐱) = [𝑓1(𝐱), 𝑓2(𝐱),… , 𝑓𝑝(𝐱)]𝑇

𝑠.𝑡.𝑦𝑖(𝐱) ≤ 0 𝑖 ∈ 1...𝑚

ℎ𝑙(𝐱) = 0 𝑙 ∈ 1...𝑞

𝐱 = [𝑥1, 𝑥2,… , 𝑥𝑛]𝑇

(46)

here 𝑓 (𝐱) is the p-dimensional vector of objective functions, defined
y the n-dimensional vector of decision variables x. The problem is sub-
ect to m inequality constraints and q equality constraints. For the sake
f simplicity, we describe a problem where all objective functions are
aximized, but the same considerations follow also for minimization

r mixed maximization/minimization problems.
The goal of multi-objective optimizations is to find the solutions as

lose as possible to the Pareto frontier, which is composed by the set of
o-called non-dominated points, i.e. solutions in which the performance
f one objective function cannot be improved without worsening at
east one other objective function [8,50].
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3.1. 𝜀-constraint method

3.1.1. Classic formulation
One of the most common and efficient techniques for solving

multi-objective problems with MILP optimization is the 𝜀-constraint
method [8], where the multi-objective problem is transformed into
several single-objective optimization problems, as shown in (47), by
using an iterative approach. In particular, only the first objective
function is optimized, while the others are constrained to be higher
than a constant value 𝑒𝑖𝑡𝑘 , which is modified in every iteration 𝑖𝑡.
By varying 𝑒𝑖𝑡𝑘 between the maximum (𝑒𝑘) and minimum (𝑒𝑘) values
of each objective function, calculated beforehand, the procedure is
able to calculate the Pareto frontier [8,50]. It is worth noticing that
the maximum and minimum values of 𝑒𝑖𝑡𝑘 are calculated by solving 𝑝
optimization problems corresponding to the maximization of each 𝑓𝑘(𝐱)
one at a time, disregarding the other 𝑓𝑗≠𝑘(𝐱). The results are stored in
the payoff table and upper and lower bounds for each objective function
are identified.
max𝑓1(𝐱)
𝑠.𝑡.𝑓2(𝐱) ≥ 𝑒𝑖𝑡2

𝑓3(𝐱) ≥ 𝑒𝑖𝑡3
...

𝑓𝑝(𝐱) ≥ 𝑒𝑖𝑡𝑝
𝑦𝑖(𝐱) ≤ 0 𝑖 ∈ 1...𝑚

ℎ𝑙(𝐱) = 0 𝑙 ∈ 1...𝑞

𝐱 = [𝑥1, 𝑥2,… , 𝑥𝑛]𝑇

(47)

As typically done, the parameters 𝑒𝑖𝑡𝑘 span between 𝑒𝑘 and 𝑒𝑘 with a
niform distribution divided into 𝑔𝑘 intervals and (𝑔𝑘 + 1) points, with

a resolution of 𝑠𝑡𝑒𝑝𝑘 = 𝑟𝑘
𝑔𝑘

, where 𝑟𝑘 = 𝑒𝑘 − 𝑒𝑘 represents the range
f variation of the objective function 𝑘. With this formulation, each

optimization (47) is carried out on a specific subspace of the search
space, which can be described as a 𝑝-dimensional matrix of points.
or every iteration 𝑖𝑡, the values of parameters 𝑒𝑖𝑡𝑘 can be calculated

as 𝑒𝑘 = 𝑒𝑘 + 𝑖𝑖𝑡𝑘 ⋅ 𝑠𝑡𝑒𝑝𝑘, where 𝑖𝑖𝑡𝑘 ∈ {1,… , 𝑔𝑘 + 1} is the integer value
representing the current position in the grid.

The total number of points in the grid is (𝑔2 + 1) ⋅ (𝑔3 + 1) ⋅
... ⋅ (𝑔𝑘 + 1), which leads to an exponential behaviour. Therefore, the
computational complexity can be very challenging as the number of
objective functions increases.

When the optimization of a grid point leads to a better perfor-
mance with respect to the thresholds forced by the vector 𝐞, all the
optimizations with intermediate positions of 𝐞 will be characterized
by very similar results (exactly the same Pareto point in case of null
optimality gap). Moreover, the information from initial optimizations
used to identify the limits of the 𝑒𝑖𝑡𝑘 parameters is not used in the
main iterative algorithm (47). This means that the standard 𝜀-constraint
method can lead to a large number of redundant optimizations that
significantly increases the computational requirements.

3.1.2. AUGMECON2
The augmented 𝜀-constraint method, a significant improvement

of the 𝜀-constraint method, was proposed by Mavrotas and named
AUGMECON2 in its most recent development [38,39]. Conversely to
the classic approach in which the extreme values (𝑒𝑘 and 𝑒𝑘) of the
objective functions are calculated by simply optimizing one objective
function at a time, AUGMECON2 makes use of lexicographic optimiza-
tion for every objective function: problem (48), with 𝐽 initially empty,
is sequentially solved over the set of 𝑝 objective functions by adding
at the end of every iteration the constraint (𝑓𝑗 (𝐱) ≥ 𝑓𝑗) updating 𝐽 .
This guarantees that the forthcoming optimization does not deteriorate
the optimality of the previous objective functions, as 𝑓𝑗 represents the
best value of objective function 𝑗. This limits the search space only to
Pareto optimal solutions. The procedure is solved 𝑝 times, covering the
6

entire set of objective functions, for a total of 𝑝2 optimization problems
to solve.
𝑓𝑘 =max 𝑓𝑘(𝐱)
𝑠.𝑡.𝑓𝑗 (𝐱) ≥ 𝑓𝑗 𝑗 ∈ 𝐽

𝑦𝑖(𝐱) ≤ 0 𝑖 ∈ 1...𝑚

ℎ𝑙(𝐱) = 0 𝑙 ∈ 1...𝑞

𝐱 = [𝑥1, 𝑥2,… , 𝑥𝑛]𝑇

(48)

Moreover, problem (47) is modified as follows, where
𝐬 = [𝑠2, 𝑠3,… , 𝑠𝑝]𝑇 is the vector of slack variables introducing a penalty
when objective functions do not correspond to their desired values 𝑒𝑖𝑡𝑘 ,
𝑒𝑝𝑠 is an adequately small number:

max(𝑓1(𝐱) + 𝑒𝑝𝑠 ⋅ (𝑠2∕𝑟2 + 10−1 ⋅ 𝑠3∕𝑟3+

+⋯ + 10−(𝑝−2) ⋅ 𝑠𝑝∕𝑟𝑝))
𝑠.𝑡.𝑓2(𝐱) − 𝑠2 = 𝑒𝑖𝑡2

𝑓3(𝐱) − 𝑠3 = 𝑒𝑖𝑡3
...

𝑓𝑝(𝐱) − 𝑠𝑝 = 𝑒𝑖𝑡𝑝
𝑦𝑖(𝐱) ≤ 0 𝑖 ∈ 1...𝑚

ℎ𝑙(𝐱) = 0 𝑙 ∈ 1...𝑞

𝐱 = [𝑥1, 𝑥2,… , 𝑥𝑛]𝑇

(49)

This configuration of the objective function allows avoiding weakly
efficient points. Moreover, to partially reduce the above stated problem
of the presence of redundant points, the ratio 𝑠2∕𝑠𝑡𝑒𝑝2 is exploited to
bypass the redundant points of the innermost loop only, i.e. the loop
on 𝑒2. This is a significant limitation that would lead to a considerable
increase in computational requirements when more than two objective
functions are used.

3.2. The novel A-AUGMECON2

Even if AUGMECON2 is one of the most efficient multi-objective
methodologies, the computational burden is still a big issue, especially
for computationally intensive algorithms like the one detailed in Sec-
tion 2; hence inefficiencies, such as redundant simulations, shall be
preemptively removed.

The number of grid points to be analysed grows exponentially with
the number of objective functions and with the desired density of the
Pareto curve. Moreover, the curve tends to present conglomerates of
almost identical points, not of interest for the decision maker. This is
due to the fact that the very valuable information contained in the slack
variables is only used by AUGMECON2 to bypass redundant points on
the innermost loop.

A-AUGMECON2, whose source code is publicly available (see Ap-
pendix), tackles the problem by limiting the calculation of points only
to those whose embedded information is worth to be included in the
curve, thus minimizing the computational time.

Two main actions allow limiting the number of points computed:

1. Redundant simulations are preemptively recognized and not
performed for all objective functions: slack variables 𝐬 are used
to identify the redundant grid points.

2. Redundant simulations corresponding to the points obtained to
draw the extreme points (𝑒𝑘 and 𝑒𝑘) of the search space are not
repeated.

3.2.1. Computation of the payoff table
The priority order adopted in AUGMECON2 for the lexicographic

optimization of the payoff table, does not reflect the optimization order
used in the iterative algorithm for the creation of the Pareto frontier;
hence, payoff table points cannot be used to remove simulations in the
following step. Conversely, the priority among the objective functions
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Table 2
Priority order in lexicographic optimization for 𝑝 = 3, in AUGMECON2 and

-AUGMECON2.
AUGMECON2 A-AUGMECON2

𝑖𝑡 = 1 𝑓1 → 𝑓2 → 𝑓3 𝑓1 → 𝑓2 → 𝑓3
𝑖𝑡 = 2 𝑓2 → 𝑓3 → 𝑓1 𝑓2 → 𝑓1 → 𝑓3
𝑖𝑡 = 3 𝑓3 → 𝑓1 → 𝑓2 𝑓3 → 𝑓1 → 𝑓2

is designed in A-AUGMECON2 to reflect the procedure of the iterative
loop and avoid redundant optimizations.

To achieve this, the priority order of the objective functions in the
lexicographic optimization needs to be modified in such a way that,
instead of simply following the order in which the objective functions
are listed in the set as in AUGMECON2, once the 𝑘th objective function
with the highest priority has been optimized, the second highest prior-
ity is attributed to 𝑓1(𝐱); after these two rounds, the rest of the objective
functions can be sequentially optimized following the order in which
they are listed in the set. As in AUGMECON2, constraints are added at
the end of every iteration to prevent the optimizer from worsening the
optimality of the previous solutions. The mathematical description is
detailed in Algorithm 1.

Algorithm 1 Defining the bounds with the new priority order for
lexicographic optimization.
1: for 𝑘 ∈ {1, 2, ..., 𝑝} do
2: for 𝑘𝑘 ∈ {1, 2, ..., 𝑝} do
3: if 𝑘𝑘 = 1 then
4: Solve (48) with 𝑓𝑗=𝑘(x) obj. function; store solution 𝑓𝑘,𝑘
5: else if 𝑘𝑘 ≤ 𝑘 then
6: Solve (48) with 𝑓𝑗=𝑘𝑘−1(x) obj. function; store solution

𝑓𝑘,𝑘𝑘−1
7: else
8: Solve (48) with 𝑓𝑗=𝑘𝑘 obj. function; store solution 𝑓𝑘,𝑘𝑘
9: Add constraint 𝑓𝑗 (x) ≥ 𝑓𝑗

10: Save final solution into payoff table
11: Calculate bounds: 𝑒𝑘 = min

𝑘̂∈{1..𝑝}
𝑓𝑘̂,𝑘 and 𝑒𝑘 = max

𝑘̂∈{1..𝑝}
𝑓𝑘̂,𝑘

For the sake of clarity, Table 2 compares the order followed in
he lexicographic optimization for the computation of the payoff table
n AUGMECON2 and A-AUGMECON2, in the case of 𝑝=3 objective
unctions. While the former simply follows the order in which the
bjective functions are listed in the pertaining set, the latter employs
lgorithm 1 to always have 𝑓1 as second highest priority (besides the

irst optimization, in which it is optimized as first). The A-AUGMECON2
pproach allows to obtain a payoff table that contains points belonging
o the Pareto curve; those points can be automatically included in
he final results, thus avoiding their re-optimization in the iterative
rocedure to build the Pareto frontier.

Moreover, the hard constraints on the objective functions intro-
uced by the sequential optimizations (see line 9 of Algorithm 1)
re turned into soft constraints, i.e. penalties are associated to the
ifferences from the desired values 𝑓𝑗 , in order to avoid infeasibilities

that may occur in case of non-null optimality gap.

3.2.2. Construction of Pareto frontier with online filter
The procedure to find the efficient solutions is shown in Fig. 3 and

described in this section.
First, the payoff table is completed and the ranges of variation 𝑟𝑘

of objective functions 𝑓2(𝐱),… , 𝑓𝑝(𝐱) are divided into 𝑔𝑘 intervals to
identify the grid of (𝑔2 + 1) ⋅ (𝑔3 + 1) ⋅ ... ⋅ (𝑔𝑘 + 1) points, corresponding
to the maximum number of iterations to be performed, as detailed in
the previous section. Then, after the initialization of given indexes, the
7

main iterative loop starts. t
In order to improve the computational performances and the read-
ability of the results, an online filter skipping the redundant points
is implemented in every iteration. Each point is associated with a
parameter 𝑣𝑖2 ,…,𝑖𝑝 , where 𝐢 = [𝑖2,… , 𝑖𝑝]𝑇 is the position vector of the
point in the grid. The parameter has value 1 if the point shall be
analysed, 0 if it shall be skipped. At the beginning of the procedure,
the vector 𝐯 of all 𝑣𝑖2 ,…,𝑖𝑝 is initialized to analyse all points (vector of
ones).

The optimization of a given iteration is performed only if the
corresponding 𝑣𝑖2 ,…,𝑖𝑝 equals 1 and if the position of the point in the grid
does not correspond to a point already calculated in the payoff table. If
this last condition occurs, the results obtained from the lexicographic
optimization to form the payoff table, as per Section 3.2.1, are directly
included in the Pareto frontier, thus avoiding the repetition of its
calculation.

When the current iteration corresponds to a non-redundant so-
lution, then the optimization is performed and the outcome is col-
lected; when a non-feasible solution is returned, points characterized by
more stringent thresholds are skipped, as they are expected to provide
non-feasible solutions, too.

When a feasible solution is obtained, it is stored in the repository of
the Pareto curve and the result is analysed to evaluate whether some
redundant simulations shall be removed by setting the corresponding
𝑣𝐢 = 0. To do so, the bypass coefficient 𝑏𝑘 = 𝑓𝑙𝑜𝑜𝑟(𝑠𝑘∕𝑠𝑡𝑒𝑝𝑘) + 1 is
computed for 𝑘 = 2,… , 𝑝, where 𝑓𝑙𝑜𝑜𝑟(⋅) returns the integer part of
the number. Then, Algorithm 2 is adopted to determine all the 𝑁𝑐𝑜𝑚𝑏
combinations of 𝑖2,… , 𝑖𝑝 identifying the points of the grid that would
produce a similar result, where 𝑐𝑜𝑚𝑏 and 𝛥𝑖𝑘 are parameters and 𝑚𝑜𝑑(⋅)
is a function that returns the remainder of the division. The parameter
𝑣𝑖2 ,…,𝑖𝑝 of the 𝑁𝑐𝑜𝑚𝑏 redundant points is set to zero.

Algorithm 2 Defining the positions of redundant points.
1: 𝑏𝑘 = 𝑓𝑙𝑜𝑜𝑟(𝑠𝑘∕𝑠𝑡𝑒𝑝𝑘) + 1, 𝑘 ∈ 1, 2, ..., 𝑝
2: 𝑁𝑐𝑜𝑚𝑏 =

∏𝑝
𝑘=2 𝑏𝑘

3: for 𝑐𝑜𝑚𝑏 ∈ 0, ..., 𝑁𝑐𝑜𝑚𝑏 − 1 do
4: for 𝑘 ∈ 2, ..., 𝑝 do
5: 𝛥𝑖𝑘 = 𝑚𝑜𝑑(𝑐𝑜𝑚𝑏∕𝑏𝑘)
6: 𝑐𝑜𝑚𝑏 = 𝑓𝑙𝑜𝑜𝑟(𝑐𝑜𝑚𝑏∕𝑏𝑘)
7: 𝑖𝑘 = 𝑖𝑘 + 𝛥𝑖𝑘
8: 𝑣𝑖2 ,...,𝑖𝑝 = 0

Finally, the parameters 𝑖2,… , 𝑖𝑝 are updated to move forward in the
grid. The procedure stops when the condition 𝑖𝑘 = 𝑔𝑘 + 1 holds for
𝑘 = 2,… , 𝑝.

For the sake of clarity, Fig. 4 illustrates the procedure in presence
of redundant optimizations for the case of 𝑝=3 objective functions,
where 𝑓1(𝐱) is optimized, while 𝑓2(𝐱) and 𝑓3(𝐱), both varying in the
ange 1÷4, are turned into constraints. Point 𝑈𝑖𝑡, identified by the green
quare, is the grid element to be analysed. It lies in position 𝐢𝑈 = [2, 1],
.e. problem (49) is subject to the constraints (𝑓2(𝐱) − 𝑠2 = 2) and
𝑓3(𝐱) − 𝑠3 = 1). As 𝑣𝐢𝑈 = 1, the optimization is not redundant and
ust be carried out. The problem corresponding to the grid point 𝑈𝑖𝑡

s solved; the results, shown in Fig. 4, are characterized by 𝑠2 = 1 and
3 = 2. Applying Algorithm 2, 𝑣𝐢 is set to zero for 𝑁𝑐𝑜𝑚𝑏 = 6 points,
ncluding the current grid point and 5 redundant iterations, represented
s red dots in Fig. 4. Then, the grid is crossed in the direction of the blue
rrow, according to the order in which objective functions are listed in
he related set, i.e. along 𝑓2 first, then along 𝑓3. Therefore, the following
oint to be analysed is 𝑈𝑖𝑡+1.

. Case study

.1. Description

The proposed methodology has been tested on the case study of

he rural community of Soroti, Uganda, accounting for about 100
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Fig. 3. Flowchart of the proposed methodology.
ouseholds and small commercial activities. Given the location and
limate of the site, a photovoltaic plant and a wind farm are possible
echnology candidates for the system along with lithium storage and
uel-fired generation, as shown in Fig. 1.

.2. Load and renewable production

The initial load curve, shown in Fig. 5, has been estimated in [51] by
eans of on-field surveys and stochastic analysis, which have observed

imited seasonal variations due to the proximity of the area to the
quator. A 2% annual growth has been considered [52].

The specific renewable and wind power production per unit of asset
as been estimated using the Renewable.ninja platform [53,54].
8

4.3. Input parameters

According to the proposed multi-objective approach aligned with
the Sustainable Development Goals, the three sustainability dimen-
sions, economic, environmental and social, have been taken into ac-
count. The main economic parameters of the optimization are summa-
rized in Table 3; the data related to the environmental impact (global
CO2 emissions and land use) are reported in Table 4; the information
related to job creation is shown in Table 5, and the need for public
lighting has been estimated based on on-field data collection [51].

It is worth noticing that, in order to investigate the global envi-
ronmental impact of the proposed systems, the emissions have been
evaluated with an LCA approach that allows a more in-depth and
accurate impact analysis with respect to an evaluation limited to direct
emissions alone. The assessment of the local environmental impact of
the electrification project has been accounted for in terms of land use
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Fig. 4. Procedure to skip redundant optimizations in case 𝑝=3.
Fig. 5. Initial daily load.

Table 3
Components costs and lifetimes [11,14,17,55].

Unit size 𝑐𝑖 𝑚𝑖 𝐹𝐶𝑖 Lifetime

Photovoltaic panel 1 kW 1.1 𝑘e 10 e/𝑦 – 20 𝑦
Wind turbine 10 kW 27 𝑘e 810 e/𝑦 – 20 𝑦
Diesel generator 16 kW 11 𝑘e 0.208 e/ℎ 0.75 e/𝐿 15,000 h
Battery 1 kWh 0.4 𝑘e 10 e/𝑦 – 15 𝑦
Converter 1 kW 0.3 𝑘e – – 20 𝑦

Table 4
Components LCA emissions and land use [30,56,57].

Emissions Land use

Photovoltaic panel 2472.07 kgCO2/kW 7.1 m2/kW
Wind turbine 935.57 kgCO2/kW 267.7 m2/kW
Diesel generator 192.17 kgCO2/kW 2.35 m2/unit
Fuel 3.15 kgCO2/L –
Battery 56.45 kgCO2/kWh –

of the different components. As for batteries, their space requirements
are considered negligible, as racks can present a very compact layout.

Many studies have analysed the impact of different energy technolo-
gies on the job market in industrialized countries [58,59], but little
has been done to investigate this topic for rural communities in the
Global South. A methodology has been developed in order to estimate
multiplicative factors that allow the data of industrialized countries to
be applied to different contexts [60]. Given the interest of this work in
evaluating the local impacts in terms of job creation, only construction
and installation (C&I) and operation and maintenance (O&M) are in-
cluded and shown in Table 5, as the manufacturing of components for
rural electrification projects is very likely to be performed abroad, not
contributing to local development.

Asset degradation has been included in the analysis by considering
a 1% annual decay of PV panel [18], a 0.53% annual deterioration of
9

Table 5
Components job creation per phase [61].

C&I O&M Fuel
[jobs/MW] [jobs/MW] [jobs/GWh]

Photovoltaic panel 13.46 7.34 –
Wind turbine 3.06 4.90 –
Diesel generator 2.08 1.96 2.94

Table 6
Computational performances with and without online Pareto pruning.

Points Computation time

AUGMECON2 240 95 h
A-AUGMECON2 139 49 h

wind turbines [19], and a non-linear power-dependent degradation of
batteries [62–64].

4.4. Test procedure

The multi-objective problem described in Section 2 has been mod-
elled in GAMS 24.0.2 and solved with CPLEX, using A-AUGMECON2
method described in Section 3.2. The comparison with the standard
AUGMECON2 algorithm is also proposed.

The simulations have been run on a 6-core 3.20 GHz Intel Core
i7 computer with 16GB RAM. A tolerance of 0.5% has been set on
thresholds e, 𝑔𝑘 = 6 for 𝑘 ∈ {2,… , 𝑝}; hence, a grid of ∏𝑝

𝑘=2(𝑔𝑘 + 1) =
2401 points is analysed. Each optimization is bound by a time limit of
30 min and the time frame under study is 10 years, described by means
of one representative day per month.

5. Results

5.1. Validation of the online Pareto pruning

Table 6 confirms that the novel methodology described in Sec-
tion 3.2 allows a considerable reduction of the computational burden
by skipping many redundant computations, while keeping the same
quality of information about the Pareto curve. In particular, the total
number of points in the curve is reduced by 42% with respect to the
AUGMECON2 method, and the total time employed by A-AUGMECON2
is 48% lower. Hence, the tractability of the problem is highly improved.

In terms of Pareto frontier, Fig. 6 highlights the quality of the
results as the two curves show negligible differences, even though
A-AUGMECON2 presents 42% fewer points. This means that the adop-
tion of the proposed approach leads to better computational perfor-
mances, tractability of the results and effectiveness of visualization,
thus favouring a more efficient decision making process.
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Fig. 6. Comparison of the Pareto curves.
Fig. 7. Payoff table points.

5.2. Discussion on numerical results

The algorithm deals with conflicting objectives and the search space
is delimited by the points identified in the payoff table, in which
the best performance of each objective function is evaluated as per
Section 3.2.1. Fig. 7 shows the value of the different objective functions
in the payoff table points, highlighting the main trade-offs between
these quantities, while Table 7 presents the units installed for each of
these points.

The most significant takeaway is practical overlap of the points at
minimum NPC (purple) and minimum emissions (green). This suggests
that the economic objective automatically meets the environmental
targets, given the technology and cost improvements of the recent
years. The curve at maximum public lighting service (yellow), besides
satisfying completely the security target, presents negligible differences
with the two aforementioned solutions in terms of all the other objec-
tive functions, which means that it is also an affordable service and
thus it may be recommended for new microgrid installations. However,
these three solutions have a significant impact in terms of land use
(about 1000m2). On the other hand, the minimization of land use (blue)
manages to reduce the space requirement down to 6m2 by heavily
relying on diesel production, thus significantly increasing both NPC
and emissions, although higher local jobs are created due to local
maintenance and fuel procurement of the generators. Finally, the curve
related to job creation (red) refers to the maximum employment of local
human capital, associated to a surge in economic and environmental
costs. These results highlight the similarities and differences between
the extremes of the solutions to be investigated by local develop-
ers and governments, underlining the need for properly developing
multi-objective methodologies that assist policy and business decision
making.

Table 7 details the optimal design corresponding to the solutions
of the payoff table, whose objectives are shown in Fig. 7. It is worth
10
Table 7
Sizing of payoff table points.

DG* PV WT BESS
[kW] [kW] [kW] [kWh]

min𝑁𝑃𝐶 16 (1) 156 0 462
min𝐶𝑂2 16 (1) 165 0 481
min𝐿𝑈 32 (2) 0 0 121
max 𝐽𝐶 80 (5) 200 0 236
max𝑃𝐿 16 (2) 171 0 513

*: in brackets the number of installed units.

noticing that the solutions focusing on the minimization of NPC and
CO2 emissions are very similar also in terms of optimal sizing; the use
of PV systems and batteries in the CO2 case is only 4%–6% higher than
in the NPC case. Moreover, the only solution where no PV devices are
installed corresponds to the minimization of land use, and this result
justifies the sharp increase in CO2 emissions with respect to the least-
cost option shown in Fig. 7. This shall further guide policy makers and
developers in fostering renewable sources and support public lighting,
in areas where a relatively large land use is acceptable; yet, the Pareto
frontier will be needed to identify the specific trade-off.

The renewable penetration of the solutions of the payoff table spans
between 0% (e.g. LU case) till about 98% in the least CO2 emission
case. Interestingly, the LCA approach for emissions accounting leads to
a generating portfolio of the point at minimum emissions that is not en-
tirely based on renewable sources: the diesel generator is occasionally
employed at the end of the project, when the load is higher and the
performances of PV panels are poorer. This is because the installation
of an additional quantity of panels sufficient to cover the load for the
entire duration of the project, net of the degradation phenomena, would
cause a greater quantity of life-cycle emissions than those associated
with the installation and occasional use of a diesel generator, providing
about 2% of the total energy. This result highlights the importance
of an LCA impact assessment (from cradle to grave), because limiting
the analysis to direct emissions could lead to distorted and incorrect
considerations, driving sub-optimal business and policy outcomes.

Furthermore, Fig. 8 compares the different use of resources in the
configurations of the payoff table, in order to highlight the energy
shares and the impact of multi-year characteristics, namely demand
growth and asset degradation. The point at maximum jobs is not
included in the analysis, as it corresponds to the installation of all the
available units and the employment of the technologies that contribute
the most to jobs creation in O&M phase, namely fuel-fired generators;
hence, the full demand (including public lighting) is easily fulfilled by
DG units. On the other side, the yearly cap on the energy-not-served
(ENS) is always hit in all the other points (see Fig. 8), as it enables a
reduction of costs, emissions and land use.

In the least-cost solution in Fig. 8(a), the demand of households and
productive activities is entirely met by PV panels up to year 5. Then,
as the load increases and the equipment degrades, the need to dispatch
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Fig. 8. Yearly dispatching of resources.
DG units gradually increases, up to about 12% of the total demand in
year 10. The trends related to the solutions minimizing CO2 emissions
(Fig. 8(b)) and maximizing the public lighting (Fig. 8(d)) show very
similar behaviour to the least-cost solution(Fig. 8(a)), confirming that
reduction of emissions is compatible with cost-effective designs and
that public lighting can be met without significantly increasing the
generation costs. In particular, the contribution of fuel-fired generators
in the last year accounts for about 8% in the minimum CO2 and 13%
in the maximum public lighting solution respectively. On the contrary,
when land use is minimized (Fig. 8(c)), the demand is fully met by the
fuel-fired generators or curtailed; no renewable sources are employed.

5.3. Narrowing down possible solutions

Despite the filter, which removes redundancies and improves the
readability of the results, some considerations can be made to further
reduce the portfolio of available options and ease the decision making
process, starting from the analysis of Figs. 7 and 6(b) and from the
considerations in Section 5.2. In particular, the points of the grid
with high thresholds on jobs creation (> 8) can be excluded from the
analysis, as they correspond to oversized microgrids. Moreover, given
the limited influence of public lighting on the total cost of the system,
it is sensible to guarantee a high share of the service, in light of the
extremely positive impact it has on the well-being of the community.
Therefore, only points with 𝑃𝐿 > 90% are taken into consideration.
This allows to narrow the options down to the 15 points shown in
Fig. 9. Such reduced selection of points supports the decision maker
in a more straightforward visualization of the trade-off between the
objective functions, while preserving a rich portfolio of solutions.

Fig. 9(a) highlights that higher emissions are associated with higher
costs and more people employed in the plant. The top-right area of the
graph corresponds to the points with the lowest renewable fraction: the
higher the reliance on diesel generators, the greater the emissions and
the workforce needed to manage maintenance and fuel procurement.
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Moreover, these points are also characterized by very limited land
use, as shown in Fig. 9(b), as diesel generators cover very limited
space, unlike PV panels. It is worth noticing that comparable levels
of land use, which, as a matter of fact, means similar PV capacity,
correspond to wide ranges of emissions and costs, as the effectiveness in
exploiting solar energy is strongly related to the capacity of the storage
system. This, in turn, determines the need for diesel generators, whose
operation significantly affects NPC and emissions.

A closer look on the selected points is provided in Fig. 10, where
the technical design and costs breakdown of the points in Fig. 9 are
shown in relation to LCA emissions. In particular, Fig. 10(a) further
underlines the impact of storage on the effective exploitation of renew-
able resources: BESS capacity is needed along with the renewable assets
(PV panels) to further decrease CO2 emissions. On the other hand, the
higher the reliance on fuel-fired generators, the lower the CAPEX, thus
the implementing entity can defer costs, reducing the initial investment
at the cost of higher expenses along the project lifetime and larger CO2
emissions (see Fig. 10(b)). This element could have a decisive weight
during the decision process, depending on the availability of funds,
local regulation and company goals.

5.4. Decision making process

The peculiarity of the Pareto curve obtained from multi-objective
optimization is that it preserves the complexity of the problem under
analysis and allows the decision maker to have a full picture of the
possible solutions and of their outcomes in different scopes.

Several works adopt procedures that lead to the selection of one
single point of the curve by means of mathematical methods [45,46].
In the authors’ opinion, the selection of the optimal microgrid for the
purpose of rural electrification has so many impacts on the community,
that it is preferable that the decision maker is able to evaluate among
a reasonable number of options and to select the most appropriate
according to site-specific characteristics.
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Fig. 9. Reduced Pareto curve.
Fig. 10. Technical and economical performances of the selected Pareto points.
Among the various qualitative criteria that can facilitate the fi-
nal evaluation based on the specificities of the community are: the
willingness to pay for energy; the social acceptability of the different
technologies; the compatibility with future expansion of the plant; the
resilience of the system, related to the availability of components and
to the ease of maintenance and training of specialized personnel [29,
30,32].

6. Conclusions

This paper successfully proposes a multi-objective planning method
for off-grid microgrids able to optimize socio-economic, security and
environmental concerns in a long-term perspective, accounting for
detailed multi-year simulations of the system operation and assets
degradation. In order to efficiently solve the corresponding non-linear
multi-objective problem, the novel A-AUGMECON2 algorithm has been
developed and its results proved to improve the convergence char-
acteristics of the standard AUGMECON2, thanks to the novel Pareto
pruning method that avoids repeating redundant optimizations. Each
A-AUGMECON2 optimization is integrated with an iterative approach
that allows to efficiently deal with the non-linear problem by solving
a number of MILP subproblems, where parameters are updated till
convergence.

The results, obtained on a case study of a typical microgrid in
Uganda, highlight that the least-cost solution tends to be aligned to the
minimization of life cycle emissions, with less than 1%–5% difference
in each objective function; hence, economic and environmental targets
can be met conjointly. Moreover, meeting the security goal, expressed
by the public lighting penetration, increases costs by less than 10%,
with considerable social benefits, thus recommending to decision mak-
ers to include this service when planning rural electrification projects.
On the other hand, maximizing local jobs and minimizing land use
bring about a surge in costs, implying that when these needs are
relevant, policy and business decision makers shall carefully select the
optimal design and find the best compromise on the Pareto frontier,
according to the specific needs of the community. These results, ef-
ficiently obtained by the proposed methodology, highlight the need
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for multi-objective multi-year optimization tools for optimizing rural
microgrids in the Global South.

Moreover, the proposed methodology based on the novel
A-AUGMECON2 has confirmed to reach the same optimal Pareto fron-
tier than standard approaches (AUGMECON2) but with roughly half
the computational requirements of the latter. This proves the approach
discussed in this paper to be an adequate tool to foster the practical
use of multi-objective multi-year methodologies by developers and
policy makers, given their constant need for fast optimization tools with
far-reaching long-term perspective.

Future developments of the work may include the evaluation of
the stochasticity of long-term scenarios and the integration of multiple
investment steps along the project lifetime. Furthermore, the proposed
methodology can be applied to a large variety of energy systems,
thus benefiting both policy/business decision makers and the research
community, who may infer more accurate results and better tailor
their projects, thus enabling cost savings, environmental benefits and
improved social well-being.

Appendix. Source code

The source code is publicly available on the GitHub platform at the
following link: https://github.com/marinapet/multi-objective.
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