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Abstract: This paper addresses the problem of the optimal location and sizing of photovoltaic (PV)
sources in direct current (DC) electrical networks considering time-varying load and renewable
generation curves. To represent this problem, a mixed-integer nonlinear programming (MINLP)
model is developed. The main idea of including PV sources in the DC grid is minimizing the total
greenhouse emissions produced by diesel generators in isolated areas. An artificial neural network
is employed for short-term forecasting to deal with uncertainties in the PV power generation. The
general algebraic modeling system (GAMS) package is employed to solve the MINLP model by using
the CONOPT solver that works with mixed and integer variables. Numerical results demonstrate
important reductions of harmful gas emissions to the atmosphere when PV sources are optimally
integrated (size and location) to the DC grid.

Keywords: artificial neural networks; diesel generation; direct current networks; greenhouse
emissions; numerical optimization; mixed-integer nonlinear programming photovoltaic plants

1. Introduction

Recent deployments of power electronics have allowed the positive advancement and
development of efficient renewable energy interfaces for wind and photovoltaic plants [1–3], and
the large-scale usage of energy storage systems, such as batteries [4–6], supercapacitors [7,8],
superconductors [3,9,10] and flywheels [11,12]. These devices can be integrated into the power system
using different interface technologies; i.e., to operate in the classical alternating current (AC) or direct
current (DC) grids [3,13]. The selection of the grid operative condition plays an important role in the
quality of the electrical service provided to the end-users. In the case of AC grids, it is required to
maintain sinusoidal voltages with adequate form (power quality criteria); i.e., magnitude, frequency,
power factor, harmonics, etc. [14–16]. These characteristics in AC networks make them more complex
in comparison to DC networks, since these latter only require voltage control, and reactive power
and frequency are nonexistent [17,18]. An additional advantage of using DC over AC technologies
is their high efficiency in terms of power loss and voltage profiles [19]. These features can be added
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to the fact that photovoltaic plants or some energy storage technologies (supercapacitors, batteries
and superconducting coils) work directly in the DC paradigm [17,20], which can help to reduce the
number of power interfaces to integrate these technologies in DC grids in comparison to their AC
counterparts [21].

In specialized literature, DC networks have taken relevance regarding optimization and
control applications [21]. In the case of optimization, multiple approaches based on semidefinite
programming [4], second-order cone programming [20], sequential quadratics [22] and metaheuristics
have been proposed to address optimal power flow problems [23]; additionally, some classical
numerical methods can be found, such as Newton-Raphson [24], Gauss-Seidel [17] or successive
approximations for power flow solutions [25]. In the case of control, the most conventional approaches
focus on battery control [26], renewable energy integration [27] and dynamic stability based on
passivity based-control [28,29], model predictive control [30,31] and sliding mode control [32,33].

These recent studies show that DC networks are promissory technologies that require extensive
research for being successfully operated and also integrated and interconnected to the conventional
AC power system [34,35]. In this paper, we deal with a classical and well-studied problem of optimal
location and sizing of distributed generation in power systems. Nevertheless, we focus on direct
current networks in isolated areas operated with diesel generators [36,37]. Although this problem
has been widely studied in AC networks with metaheuristics, such as genetic algorithms [38], tabu
search [39], harmonic search [40], krill-herd algorithm [41] and population based-learning methods [42],
in conjunction with exact mixed-integer nonlinear programming methods [43,44], on the topic of DC
networks there are only four references that address this problem. In [45] a semidefinite programming
method was proposed for binary variable relaxation associated with the location of the generators;
then, its binary structure was recovered with random hyperplanes; in [46] a sequential quadratic
programming model with the same binary relaxation was proposed, and the binary nature of the
problem was recovered with a heuristic search that defines the optimal location of the generators. The
authors of [47] have addressed the issue of optimal location and sizing of distributed generators in
DC networks from the metaheuristic point of view by using a classical genetic algorithm for their
locations, in conjunction with their different optimal power flow methods based on particle swarm,
black hole and continuous genetic optimizers. In [48], a mixed-integer nonlinear programming model
was proposed to locate and size DGs in DC microgrids, using the general algebraic modeling system
(GAMS) package for its solution. The common denominator of these approaches is the fact that load
or renewable generation variations are not considered, since all of them only solve the problem for a
unique hour time lapse. This cannot replicate the real behavior of electrical networks, especially when
renewable energy resources are introduced.

To deal with renewable energy variations in the problem of optimal location and sizing of
distributed generators in DC networks, here, we propose mixed-integer nonlinear programming for
location and sizing of PV plants in DC networks to minimize the total pollution and greenhouse
emissions released by diesel generators feeding isolated DC networks. The main contribution of our
approach is based on a multiperiod optimization problem, including expected curves of PV generation
and demand consumption focused on Colombian power system characteristics. To ensure that PV
generation potential was well estimated, an artificial neural network with recursive connections
was employed. To solve the proposed mixed-integer nonlinear programming (MINLP) model, we
used the GAMS package with multiple nonlinear solvers to compare the results, as recommended
in [44,48]. Numerical results confirm that the correct placement of PV plants helps via a significant
reduction of pollutants released to the atmosphere by fossil fuels, which contributes positively to the
responsible plans of energy consumption for future generations; i.e., making the power system more
sustainable [6].

The remainder of this document is organized as follows: In Section 2 is presented the MINLP
model for the problem of optimal location and sizing of PV generators in DC networks, for the
reduction of greenhouse emissions with multiperiod structure. In Section 3 it the artificial neural
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network employed to forecast the solar power generation is described. In Section 4 a GAMS example
in a small DC network to solve the problem addressed in this paper is presented. In Section 5 the
numerical simulation in a 21-nodes test feeder is shown to minimize pollutants produced by diesel
generators with its corresponding analysis and discussion. In section 6 the main concluding remarks
derived from this research are presented.

2. Mathematical Model

The problem of the optimal location of PV plants in DC networks considering load variations
corresponds to a nonlinear, non-convex and non-differentiable optimization problem that combines
discrete and continuous variables, which generates an MINLP problem [47]. The main interest in this
formulation is to minimize the greenhouse emissions produced by diesel generators interconnected to
DC rural (isolated) networks [48,49]. The complete mathematical model is presented below:

Objective function:

min z =
T

∑
t=1

N

∑
i=1

Rge
i pcg

i,t ∆t, (1)

where z are the total greenhouse emissions in pounds; Rge
i is the rate of greenhouse emissions per

kilowatt-hour; pcg
i,t is the total power generation in the conventional generators (diesel sources); and ∆t

is the period of time under analysis, typically ∆t = 1 h. Note that N is the total number of nodes in the
DC grid and T is the number of periods of time, N and T being the sizes of the sets of nodes N and
periods of time T , respectively.

Set of constraints:

pcg
i,t + ypv

i ppv,nom
i,t − pd

i,t = vi,t

N

∑
j=1

Gijvj,t, ∀ {i ∈ N , t ∈ T } (2)

iij,t = gij
(
vi,t − vj,t

)
, ∀ {ij ∈ L, t ∈ T } (3)

pcg,min
i,t ≤ pcg

i,t ≤ pcg,max
i,t , ∀ {i ∈ N , t ∈ T } (4)

−imax
ij ≤ iij,t ≤ imax

ij , ∀ {ij ∈ L, t ∈ T } (5)

vmin
i ≤ vi,t ≤ vmax

i , ∀ {i ∈ N , t ∈ T } (6)

0 ≤ ypv
i ≤ ppv,max

i xpv
i , ∀ {i ∈ N , } (7)

N

∑
i=1

xpv
i ≤ NGmax

pv , (8)

where ppv,nom
i,t and pd

i,t are the nominal power injection of the PV generator and the power consumption
in the node i during the period of time t; ypv

i defines the size of the PV generator connected to the
node i; ppv,nom

i,t is the nominal power of the PV generators, which is dependent on the solar forecasting
in the zone of influence of the DC network; vi,t and vj,t represent the voltage value in the nodes i and
j respectively during the time t; Gij is the component of the conductance matrix that relates nodes i
and j, whose value depends on the physical connections between nodes (i.e., it is dependent on the
grid configuration); iij,t represents the value of the current that flows between nodes i and j in the

period time t, which depends on the conductor conductance named gij; pcg,min
i,t and pcg,max

i,t represent
the minimum and maximum capabilities of power generation in the diesel generators connected at
the node i in the period of time t; ppv,max

i is the maximum nominal size of the PV source that can be
connected in the node i; imax

ij corresponds to the maximum current that can flow through the conductor

that connects nodes i and j; vmin
i and vmax

i are the minimum and maximum voltage bounds allowed
at each node; xpv

i is a binary variable that defines whether a PV source is installed (xpv
i = 1 if the

PV source is installed and xpv
i = 0 otherwise) at node i; NGmax

pv defines the maximum number of PV
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generators available to be located into the grid. (The components Gij and gij have the same magnitude;
notwithstanding, these differ by sign, gij =

1
rij

being positive; i.e., Gij = −gij. rij is the resistance value
of the conductor located between nodes i and j.)

The mathematical model defined from (1) to (8) has the following interpretation [22,50]: the
objective function (1) quantifies the total greenhouse emissions produced by the diesel generators
during their operation; in (2) is presented the power balance equation per node, which is typically
known as power flow constraint, this being a non-affine constraint. Expression (3) shows the calculation
of the current flow through ijth branch as a function of the voltage drop; in (4) is defined the box
constraint related with the power capabilities in the diesel generators; in (5) the thermal bounds of the
network conductors are presented in Amperes; meanwhile, (6) defines the voltage regulation bounds
of the grid, which are defined by regulatory entities. Expression (7) determines the possibility of
locating a PV generator in the network by defining its maximum ranks admissible for a generation.
Finally, in (8) is presented the constraint associated with the maximum number of generators available
for installation.

Note that the mathematical optimization model is complex to be solved, since it combines binary
and integer variables, this model being an MINLP [45]. Additionally, the most complicated constraint
is the power balance defined in (2), since it represents the hyperbolic relation between voltage and
currents in electrical DC networks with constant power loads [51], which is a non-affine nonlinear
constraint without convex properties.

Even though in specialized literature it has been reported, some approaches to solving this
problem by decoupling it into a master-slave optimization problem with metaheuristics (i.e., genetic
algorithms with particle swarm derived approaches [47]), no reports with the multiperiod structure
(1)–(8) were found. For this reason, we are concentrating on the mathematical formulation and not on
the solution technique. Since recent publications use the GAMS package and its large-scale nonlinear
optimizers to solve similar problems [44,48], we decided to use the GAMS package in conjunction with
the CONOPT solver as a solution strategy.

3. Solar Generation Forecasting

Planification of electrical networks that include renewable generators is a challenge, since it is
necessary to consider their intermittency into the planning project. Due to that, in this research, we
are interested in locating and sizing PV plants in DC networks to diminish greenhouse emissions
produced by diesel generators for isolated areas, it being strictly necessary to know the PV potential
in these areas. For this purpose, we consider that this electrical network is located in the Caribbean
region in Colombia, and the solar power availability measured during a year is presented in Figure 1.
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Figure 1. Historical data for solar prediction (adapted from [4,50]).
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On the other hand, the uncertainty of primary sources for PV plants due to temperature and solar
radiation produces a challenge for their optimal location and sizing. An improper location or sizing
of PV plants can generate problems in the voltage profiles or cause transmission line overload and
increase power loss [4]. Therefore, it is necessary to consider a methodology that takes into account the
high variability of the temperature and solar radiation with the purpose of reducing the forecasting
errors, and thus, avoiding problems that can be introduced due to incorrect location or sizing. For
this purpose, we employ the methodology developed in [50], which uses an artificial neural network
(ANN) in order to estimate the primary sources for PV plants adequately.

Artificial Neural Network

Artificial neural networks have been largely used to solve multiple problems in engineering,
and are based on artificial intelligence [4]. They have a wide range of applications, from pattern
classification and clustering, to optimization and prediction, among others [50]. Here the ANNs are
used to predict the most probable temperature and solar radiation.

Typically, the ANNs go through three processes: training, adjusting and validating. There are
multiples nonlinear learning rules to use in the training. We used the following rule to train the ANN:

y(t) = f
(
y(t− 1), ..., y(t− ny), x(t− 1), ..., x(t− nx)

)
(9)

where x and y are input and output data, respectively. ny and nx are the last values of the prediction
and the input data, respectively.

The ANN applied to solar radiation forecasting has been trained, adjusted and validated with
70%, 15% and 15% of the data, respectively. Additionally, two inputs (time and temperature), six delays
and 18 hidden neurons have been implemented on the ANN. This was implemented in MATLAB
R2019b employing ntstool. Figure 2 depicts its schematic implementation.
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1:6

1:6

W
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b

+

W

b
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Hidden Layer with Delays
Output Layer

2

1
18
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Figure 2. ANN scheme for solar radiation prediction [50].

The ANN scheme illustrated in Figure 2 contains a two-layer feedforward network. The first is
the hidden layer that works with a sigmoid transfer function, while the second one is the output layer,
which consists of a linear transfer function. The hidden layer uses delays to stores previous values
of input x(t) and output y(t) data. W and b are weights and bias values in the training process of
the proposed ANN, respectively. The output y(t) in the output layer also applies rectified linear unit
(ReLU) layer, which consists of

f (y) =

{
y, y ≥ 0,
0, y < 0.

(10)

The ReLU layer is used since in some cases the radiation estimation may be negative.
In the training process of the proposed ANN for solar forecasting the Levenberg–Marquardt

algorithm was employed and it is available for the ntstool in MATLAB [52]. The main advantage of
this training process in relation to classical Newton algorithm or Gauss-Newton algorithm is the rate
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of convergence and its stability. More information about the Levenberg-Marquardt algorithm can be
found in [53,54].

4. Optimization Strategy

The solution of the mathematical model described from (1) to (8) requires a methodology that
works with mixed-integer variables [45]. In the specialized literature, two main approaches have
been proposed to deal with MINLP models in power systems. One of them corresponds to the
hybridization methods composed by master-slave stages with metaheuristics. Some of them are
genetic algorithms [38], the particle swarm optimizer [42], tabu search algorithms [39] and krill-herd
algorithms [41]. These methods decouple the problem of PV source location from sizing. The solutions
of these problems are reached through iterative procedures; nevertheless, the optimal solution depends
on the number of iterations defined, with the main disadvantage that it is not possible to find the
same numerical solution each time that the methodology is evaluated [42]. Thus, statistical procedures
are needed to determine their efficiencies [46]. The second focus is to solve MINLP models using
gradient-based approaches embedded into branch and bound (B&B) methods, where the gradient
searches solve the resulting nonlinear programming model, while the B&B guides the discrete search
by defining the location of the PVs [43]. These approaches use nonlinear large-scale solvers available in
optimization packages such as GAMS [6,44]. Here, due to the contribution of this paper being related
to the presentation of the MINLP model to locate and size PV sources in DC grids for isolated areas to
reduce greenhouse emissions by diesel generators, we solve the proposed mathematical model using
the CONOPT solver available for GAMS.

As mentioned before, this solver works with gradient searches and B&B methods. In the first
step, all the binary variables are relaxed to find the best possible solution; then, this relaxation is
discretized to recover the nature of the binary variables in order to provide the optimal solution of
the problem. It is important to mention that this optimization package has been successfully used
in different problems, such as the optimal operation of batteries [6], optimal location of distributed
generators in AC and DC grids [44], optimal design of osmotic power plants [55] and economic
dispatch analysis [50,56]. Finally, Algorithm 1 resumes the necessary steps to solve the MINLP model
defined from (1) to (8) [57].

Algorithm 1: Main steps for solving the proposed MINLP model in GAMS [57]

Select the test system characteristics;
Define the sets involved in the optimization model;
Define the scalars, parameters and matrices of the DC grid;
Define the variables and their bounds;
Define the name of the equations and build the mathematical model (1) to (8);
Determine the number of PV to be located;
Select the CONOPT solver in GAMS;
Define the variables of interest to be visualized;
Read and analyze the final results;

5. Test System and Numerical Validations

In this section, we present the test system structure and the output behavior of the PV forecasting
used as input on the location and sizing process; in addition, all the simulation scenarios are defined
and the numerical results are presented using the GAMS optimization package with its large-scale
nonlinear solver CONOPT [44].

5.1. Test System

As the DC distribution system, we consider a 21-node test system with two slack (diesel)
generators located at nodes 1 and 21, which support voltage profiles in the grid with 1.0 and 1.05 p.u,
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respectively. The configuration of this test system is depicted in Figure 3 and the base values of this
test system are 1 kV and 100 kW [4].
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Figure 3. Electrical configuration for the 21-node test system.

Table 1 reports the numerical information of this test system, where its interpretation from
left-to-right is as follows: Sending node, receiving node, branch resistance and power consumption at
the receiving node. Note that in the case of the diesel generator located at node 21, there is a constant
power consumption connected to its node.

Note that the total power consumption of this test feeder at the peak load is 554 kW.

Table 1. Electrical parameters of the 21-node test system.

Node i Node j Rij [pu] Pj [pu] Node i Node j Rij [pu] Pj [pu]

1(slack) 2 0.0053 0.70 11 12 0.0079 0.68
1 3 0.0054 0.00 11 13 0.0078 0.10
3 4 0.0054 0.36 10 14 0.0083 0.00
4 5 0.0063 0.04 14 15 0.0065 0.22
4 6 0.0051 0.36 15 16 0.0064 0.23
3 7 0.0037 0.00 16 17 0.0074 0.43
7 8 0.0079 0.32 16 18 0.0081 0.34
7 9 0.0072 0.80 14 19 0.0078 0.09
3 10 0.0053 0.00 19 20 0.0084 0.21

10 11 0.0038 0.45 19 21(slack) 0.0082 -0.21

5.2. Objective Function and Daily Curves

To determine the number of greenhouse emissions by using diesel generators, we consider the
information reported in [6]. In this reference the number of different greenhouse emissions caused by
diesel generators with sizes smaller than 1 MW is presented. This information is reported in Table 2.

Table 2. Main gasses released by diesel generators with capacities lower than 1 MW.

Type of Emission Chemical Symbol Rank [lb/MWh]

Carbon dioxide CO2 1000–1700
Sulfur dioxide SO2 0.40–3.00
Nitrogen oxides NOx 10–41
Carbon monoxide CO 0.40–9.00
Heavy particles PM− 10 0.40–3.00

Due to the most important emissions being carbon dioxide (CO2), we select the average value in
the rank, i.e., 1350 lb/MWh, to consider in the objective function. In the case of renewable generation
prediction, in Table 3 a typical curve is reported for a sunny day in the Caribbean region in Colombia,
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as is the prediction reached by the proposed ANN. (This information is presented numerically to
guarantee that results can be reproduced in future research.) In addition, we include a curve for
power consumption provided by a utility in Colombia. (The name of the utility is not provided due to
confidential agreements.) Note that these curves are normalized to make them independent of the size
of the PV source or the size of the utility [44,50].

Table 3. Real and predictive PV curves and load behavior during a typical sunny day in Colombia.

Period Real [pu] Forec. [pu] Load [pu] Period Real [pu] Forec. [pu] Load [pu]

1 0.000 0.000 0.633 25 1.000 0.976 0.814
2 0.000 0.000 0.619 26 0.975 1.000 0.842
3 0.000 0.000 0.605 27 0.771 0.978 0.869
4 0.000 0.000 0.578 28 0.889 0.790 0.886
5 0.000 0.000 0.550 29 0.630 0.883 0.902
6 0.000 0.000 0.495 30 0.593 0.604 0.905
7 0.000 0.000 0.440 31 0.404 0.606 0.908
8 0.000 0.000 0.435 32 0.366 0.357 0.908
9 0.000 0.000 0.429 33 0.231 0.328 0.908
10 0.000 0.000 0.421 34 0.203 0.142 0.935
11 0.000 0.000 0.413 35 0.130 0.142 0.963
12 0.000 0.000 0.419 36 0.053 0.073 0.987
13 0.000 0.000 0.426 37 0.008 0.019 0.988
14 0.000 0.000 0.433 38 0.000 0.008 0.989
15 0.000 0.026 0.440 39 0.000 0.000 0.990
16 0.024 0.052 0.495 40 0.000 0.000 0.995
17 0.124 0.110 0.550 41 0.000 0.000 1.000
18 0.272 0.263 0.550 42 0.000 0.000 0.995
19 0.439 0.431 0.550 43 0.000 0.000 0.990
20 0.604 0.594 0.605 44 0.000 0.000 0.935
21 0.733 0.730 0.660 45 0.000 0.000 0.880
22 0.810 0.830 0.701 46 0.000 0.000 0.770
23 0.860 0.875 0.743 47 0.000 0.000 0.660
24 0.984 0.899 0.778 48 0.000 0.000 0.633

5.3. Simulation Scenarios

To evaluate our proposed mathematical model for optimal location and sizing of PV sources in
DC grids, we consider that the size of these generators can be 60% of the total demand in the peak
hour; i.e., 332.4 kW. In addition, we consider four simulation cases as follows: S1) as the base case of
the test system without including PV sources, S2) as the location of one PV source, S3) as the location
of two PV sources and S4) as the location of three PV sources inside of the DC system. The main idea
of these scenarios is to evidence the effect of having a total PV installation capacity distributed in
different quantities of injection depending on the simulation case.

5.4. Numerical Results

To solve the general MINLP model, which represents the problem of optimal location and sizing
of DGs in DC systems, we employed the GAMS optimization package with different nonlinear solvers
in a desktop computer with an INTEL(R) Core(TM) i5-3550 3.5-GHz processor and 8 GB of RAM
running a 64-bit version of Windows 10 Home Single Language.

Table 4 reports the numerical results for all the simulation scenarios previously proposed. Note
that in the first scenario, the daily greenhouse emissions of CO2 are 13,428.912 pounds, and the
minimum emissions occur in the fourth scenario with 10,878.190 pounds per day, which implies en
equivalent reduction of 2550.722 pounds of emissions of CO2 per day (18.99%). It is important to
mention that after using the CONOPT solver for each simulation scenario, the total processing time to
reach the optimal solution is lower than 20 s for all the cases. Still, it starts to increase from 6.224 s
to 19.063 s (67.35%) depending on the number of PV sources that are considered in the scenario. It is
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important to mention that the processing times of the ANN training process is not considered in the
last column in Table 4, since this is an offline procedure that takes between 5 and 10 min depending on
the size of the training set.

Table 4. Gas emissions for each simulation case.

Simulation Scenario Objective Function [lb] (CO2) Processing Time [s]

S1 13,428.91 6.224
S2 11,027.19 11.001
S3 10,892.80 18.478
S4 10,878.18 19.063

Figure 4 presents the total daily reduction per day when a different number of PV sources are
located and sized in the 21 nodes DC test feeder. This plot confirms that the best scenario corresponds
to the case with three PV sources located inside the network; nevertheless, these bars confirm that the
reduction of greenhouse emissions has a nonlinear behavior regarding the number of PV sources; i.e.,
the reduction tends to have a saturation of 19% approximately. This behavior obeys the fact that the
PV sources only work during sunny hours, making it necessary to use diesel sources during the night.
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Figure 4. Total reductions in CO2 emissions per day for each simulation scenario.

Table 5 reports the optimal location of the PV sources in each simulation scenario. These
simulations show that the most attractive node to locate a PV source is the node 17, followed by
nodes 19 and 12, respectively. In addition, for the third and fourth scenarios, it is important to observe
that all the allowed penetration, i.e., 60% of the peak consumption, is used (divided) by the PV
generators, while the second scenario only uses about 96.38% of this maximum capability. These
results confirm the nonlinear relation between the number of sources available for location and their
sizes regarding the minimization of the objective function, which implies that multiple simulations and
scenarios need to be taken into account for the grid planner (i.e., utility) to determine its inversions.

Table 5. Optimal locations and sizes of the PV sources.

Simulation Scenario Location [node] Size [kW] Total Penetration [kW]

S1 — — — — — — 0
S2 17 — — 320.37 — — 320.372
S3 17 19 — 141.30 191.098 — 332.400
S4 12 17 19 91.33 101.582 139.485 332.400

Note that all the simulations were guaranteed through (5) to have all the currents flowing inside
of the system be lower than 400 A; i.e., all the possible locations and sizes of the PV sources are feasible
to be implemented since conductors of the grid can operate safely. In addition, when we considered
the real daily curve reported in Table 3 with the locations and sizes of the PV sources reported in
Table 5, it was found that the errors in the estimation of the objective function were lower than 1%,
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which confirms that ANN are powerful tools for short-term forecasting of renewable energy resources,
as reported in [50].

Figure 5 presents the behavior of the diesel generators during the day for all the simulated
scenarios. Note that in the first scenario, they support all the power consumption in the DC grid (solid
line in Figure 5a,b). Nevertheless, when PV generators are installed, the total generation in the diesel
resources decreases significantly between hours 7 and 18; which clearly corresponds to the periods of
time where PV sources can deliver their power to the grid (see dotted and dashed lines in Figure 5a,b).
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Figure 5. Generation profiles of the diesel sources during the day.

It is also important to mention that the differences between both profiles in the diesel generators
are caused by the voltage profiles required at their terminals. In the case of the diesel generator located
at node 21, it needs to inject more active power, since it is required to maintain the voltage at 1.05 p.u
all the time, while the diesel generator located at node 1 was fixed to 1.0 p.u. This implies that with
lower power injections this profile can be sustained.

6. Conclusions and Future Works

A mixed-integer nonlinear programming model for optimal location and sizing of PV sources
in DC isolated networks was presented in this paper. The objective of this formulation is to reduce
the total greenhouse emissions (i.e., pounds of CO2 emissions per day) by diesel generators with
the introduction of PV sources considering typical Colombian power profiles and consumption
behaviors. Numerical results demonstrate that these gas emissions can be reduced between 17% and
19% depending on the number of PV sources installed and their sizes.

A nonlinear relation between the number of generators and their location was evidenced with the
minimization of the objective function, as differences lower than 1.50% were found for all the scenarios
that included PV sources (i.e., from the second to the fourth scenario). These situations imply that
additional studies are needed in regard to operational costs, useful life and ground lot availability,
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among other things, to determine the best solution in terms of PV sizes and locations. The objective
function, in all scenarios provided in this studio, showed attractive alternatives to be implemented in
the case of the 21-node test feeder.

As future work, it would be possible to extend this MINLP model to wind generators by predicting
their average power availability with artificial neural networks with high efficiency, as reported in
this study of PV sources. In addition, this model can be modified to include battery energy storage
systems, to increase the introduction of renewable energy during periods of time with high demand
and lower generation availability.
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