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Abstract

The effects of optimal dimensioning and integration of distributed generation (DG) on
an electricity distribution system (DS) from a probabilistic viewpoint is presented in this
paper, as a new contribution to earlier studies. The proposed methodology pays special
attention to preventing reverse power flow at substation as a consequence of excessive
integration of renewable energy based DG. As the analysis of large amounts of data
typically measured on an annual basis could be exhausting from a computational
perspective, a methodology based on estimating the potential of wind and solar
resources is applied; from this procedure, those months of highest renewable potential
are selected so that indirectly those situations with probability of reverse power flow at
substation are considered. After this, time series of load demand per node and phase are
generated using typical profiles and the corresponding peak-load expected. Finally, all
this information is introduced on an optimization algorithm based on a genetic
algorithm in order to minimize the net present cost over the project lifetime, obtaining
the type and number of photovoltaic (PV) panels and wind turbines (WTs) to be
installed. This approach allows integrating detailed mathematical models of DG related
to PV and wind generation, including specific factors frequently reported by the
manufacturers such as temperature coefficients, nominal operating cell temperature,
particular WT power curves, and variable efficiency of power converter, among other
characteristics. The proposed method is illustrated by studying a DS supposed to be
located in Zaragoza, Spain, with 35 nodes under unbalanced conditions, with residential
as well as small, medium, and large commercial electricity demands. Focusing our
attention on the month of February, due to its high renewable potential, the proposed
technique was applied resulting in a system mainly based on wind energy of at least
40% of the substation capacity. This model could be used to perform the renewable
energy integration analysis on DS, starting from typical load profiles, hourly estimations
of solar and wind resources, and data frequently provided by PV panels and WT
manufacturers.
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1. Introduction

Renewable energies are a critical piece in the infrastructure required to build a
sustainable society, but human activities related to technological innovation and
economic growth have impacted the ecosystem in a negative manner. Thus, new
industrial methods of production and an environmentally friendly lifestyle have to be
defined in order to guarantee the existence of animal diversity, ecosystem equilibrium,
and our own survival [1].

The integration of solar photovoltaic (PV) generation in the urban environment has been
highly promoted; however, important barriers have limited its widespread adoption.
Some operational problems are the apparition of reverse power flows, deficit of reactive
power and consequently the depression of voltage profile, the unexpected operation of
protecting devices, and the reduction of power quality. These problems could be
prevented by carrying out a detailed planning study taking into account the effects of
distributed generation (DG) in terms of active and reactive power, settings of protection
devices, short-circuit currents, and power quality indicators. Implementation of optimal
power flow (OPF) considering several objectives such as power losses or operating
costs has been traditionally suggested. Similarly, incorporation of heuristics
optimization approaches and artificial intelligence techniques (and their combination)
also have been widely analyzed [2]. In this regard, Lin et al. [3] developed a control
method specifically designed to prevent the distortion of voltage profile by curtailing
the excess of power generation from PV farms (PVFs) during hours of high solar
irradiation. Agalgaonkar et al. [4] have paid special attention to the effects of
forecasting error of PV generation on system performance, specifically in the operation

of tap changers and voltage regulators. Peng et al. [5] implemented crisscross algorithm



to determine the optimal placement of DG, whereas the uncertainty introduced by
renewable generation and its impact on a distribution system (DS) was incorporated by
using the Monte Carlo simulation (MCS) approach embedded in a probabilistic power
flow. El Batawy and Morsi [6] proposed an optimization model for designing secondary
DSs provided with PV generation. The methodology aims to determine the amount of
customers who should be connected to a determined distribution transformer, taking
into account the PV penetration level in order to minimize the total cost on an annual
basis. Similarly, Pillai ez al. [7] designed a methodology to analyse the influence of DS
on power production of PVFs installed at the residential level. The methodology was
developed to estimate the PV integration level at which renewable power has to be
curtailed as well as the economic performance of PVFs and their dependence on the
connection points and generation profiles. Ahmadigorji et al. [8] proposed a procedure
based on a two-stage evolutionary optimization able to incorporate DG behaviour into
the planning of DS.

Most of these initiatives and ideas have been adopted to create computational tools
specifically designed to support technicians in the process of integrating DG under
determined environmental and operational conditions. From these efforts, several
programs such as OpenDSS [9] and GridLAB-D [10] have been created, as a result of
the collaboration established between industry and academia. OpenDSS has a wide list
of capabilities. It is able to model components related to power delivery, as well as
control and protection devices, among other elements. This software performs temporal
simulations in sequential manner, so that DS can be analysed on daily and yearly bases,
during a determined peak day or under a specific duty cycle, which provides results that
are very useful for analysing the behaviour of DS under the influence of DG. In a
similar manner, GridLAB-D considers a wide variety of DS elements such as
transformers, voltage regulators, capacitor banks, energy storage systems, underground
and overhead distribution lines, and DG, among other elements. It is capable of
performing time series simulations including environmental information useful to
carrying out studies related to DG integration through load flow calculation as well as
load control and peak demand management [11]. Using these tools as a starting point,
several authors have extended and enhanced their capabilities. Martinez-Velasco and
Guerra [12] developed a computational model based on MCS approach, which was
implemented by combining MATLAB and OpenDSS. Li et al. [13] proposed an

optimization model for optimal sizing and placing of DG based on solar PV generation.



Optimal sizing is carried out by using OpenDSS; then, taking advantage of the radial
structure of DS, second order cone programming is applied in order to estimate a
suitable installation place for DG along a distribution feeder. Hariri and Faruque [14]
combined an electromagnetic transient simulation tool with OpenDSS.

In this paper, a probabilistic perspective of the analysis of DSs provided with DG is
given, as a new contribution to earlier studies. On the one hand, the analysis of energy
systems on an annual basis could be overwhelming due to the amount of data to be
studied. On the other hand, estimation errors could be significant if too short time-
periods are considered due to the seasonal characteristics of wind and solar resources.
To deal with this dilemma, a procedure to choose the proper month of the year to
perform a long-term analysis has been used; this procedure is based on estimating the
potential of wind and solar resources on a monthly basis, so that those months with
highest renewable resources are identified. In this way, those events with high
probability of resulting in reverse power flow at substation are indirectly considered.
Once data of interest related to the renewable resources have been identified, load
demand time series based on typical profiles and expected peak-load values are
synthetically generated using probability theory. Finally, the optimization problem is
formulated to minimize net present cost (NPC) over the project lifetime, maintaining the
probability of observing reverse power flow at substation under a determined
significance level; this problem is efficiently solved by means of an integer-coded GA
able to consider the type and number of PV panels and wind turbines (WTs) to be
installed. The probability of observing reverse power flow at substation is estimated
from the results obtained from a stochastic analysis based on power flow.

The paper is organized as follows: Section 2 describes the mathematical model of the
energy system including natural resources, DS, DG, and load demand. Section 3
carefully describes the proposed approach including the long-term simulation and
optimization processes. Proposed methodology in this paper is illustrated in section 4 by
analysing a hypothetical case study of a system to be installed in Zaragoza, Spain.

Finally, conclusions are presented in section 5.

2. Energy system modelling

The concept of a smart grid results from the necessity of improving the actual energy

system to face the problems related to environmental pollution, energy efficiency,



integration of DG, and improving economic performance of electricity markets [15].
Allowing the interaction between the utilities and consumers through an advanced
metering infrastructure (AMI), management strategies such as load-side control and
peak-shaving enhance the accommodation and consumption of energy obtained from
renewable sources [16]. In addition, this idea can be modified to incorporate thermal
and gas systems, extending the dimension at which energy resources can be optimally
used in urban environments [17]. In this section, important parts of our probabilistic
model for urban and rural energy systems are deeply described, including the renewable

resources, ambient temperature, DS, and DG based on wind and solar energy.

2.1 Natural resources and energy consumption models

Describing the behaviour of renewable energy sources such as wind speed, solar
radiation, and ambient temperature requires the installation of measurement equipment
in the place of interest [18], in order to guaranty a reliable estimation of power
generation from DG. However, in many cases this is a procedure difficult to carry out
because the magnitude of the dataset to be measured becomes too large, so that
information from wind and solar atlases is frequently used to estimate the typical
meteorological year (TMY). In the case of wind energy, this is frequently represented
by a time series following a Weibull distribution [19] with some degree of correlation,
with a specific dynamic diurnal profile; these characteristics can be simulated by using
first or second order Markov processes, autoregressive moving average (ARMA)
models, and evolutionary algorithms, among other techniques [20]. Other factors
regarding the specific conditions of a wind farm (WF) such as the installation height
and roughness length are commonly considered in the calculation of the energy
production. Regarding solar energy, it is frequently represented by a time series built
from information typically presented in solar atlases in terms of the global horizontal
insolation or by means of diffuse solar radiation models [21,22]. Additional parameters
related to the installation of a PVF such as tilt angle and azimuth are included in
procedures carried out to estimate energy production. Ambient temperature is a relevant
parameter that impacts the performance of renewable DG and DS parameters. TMY of
ambient temperature could be estimated by using monthly averages or by means of
artificial neural networks [23].

In this work, TMY of wind speed, solar radiation, and ambient temperature are assumed

to be previously known on an hourly basis; nevertheless, these variables can be



modelled from the references aforementioned or by applying classical approaches used
by Poggi et al. [24] for wind speed simulation, by Graham and Hollands [25] for the
simulation of solar radiation, and by Erbs et al. [26] for the simulation of ambient
temperature. The corresponding input data for each of these models can be found in the
weather database of National Aeronautics and Space Administration (NASA) [27].
Regarding the electricity consumption, this is a specific variable that strongly depends
on the system and conditions under analysis, so a comprehensive method to represent it
is described in this paper. As a starting point, the type of load and its variation, as well
as its maximum value, autocorrelation and power factor, estimated from field
measurements through AMI or by using technical-personnel experience, are supposed to
be known for each node and phase of DS. Then, according to the type of load
(residential, small commercial, medium commercial, and large commercial), diurnal
load profile (uypp Vh =1,..,H) is assumed following the curves shown in Fig. 1
[28], whereas the hourly variation (oyp, V h = 1, ..., H) is expressed as a percentage of
the hourly mean (uyp ). This variation (oyp ;) could be set by a user according to his or

her experience and knowledge.
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Fig. 1: Typical daily load profiles.

To generate a time series with T elements representing the load connected to the node n
of DS, it is necessary to create a random vector (a,, Vt =1,...,T) with a determined

autocorrelation coefficient (pyp,). This is carried out by following (1), where the



random variable (y; Vt =1,...,T) has a Gaussian distribution with mean zero and

standard deviation equal to \/1 — pyp 2.

Atpn = Apoqn +ye VE=1,..,T. €))

Then, the mean (uyp p) and standard deviation (oyp ) of hourly values are introduced

in the simulation process by following (2),

btn = tupp + atnOupp ¥Vt =1,..,T. (2)

In the next step, the mean (upp) and standard deviation (opp) of the daily load profile
(Fig. 1) are calculated using (3) and (4); note that these values (upp and opp) are the
mean and standard deviation of the 24 values of the daily profile, whereas the variables
(ugpp and oypp V h =1, ..., H = 24) represent the mean and standard deviation of the
load profile at the corresponding time h. On the one hand, the series (uyp p, and oyp )
are periodical functions; it means pUypi=z5 = Uyppr=1 and Oyp =25 = Oyp p=1;
Kb, t=26 = Bup,h=2 and Oyp =26 = Oppp=25---> MHD,t=T = Uuph=p aNd Oyp =7 =
Oyp n=g- On the other hand, as the number of hours of a corresponding month under
analysis (T') is proportional to the number of hours of the day (H=24h), equation (2) can

be successfully evaluated.

1 24
Upp = ﬁz Upgpns 3)
h=1
1 24 ,
Opp = 2_32|ﬂHD,l _HDDl . (4)
1=1

At this stage of the simulation process, a probability transformation [29] is introduced to
convert the probability distribution of the time series (b, ,,) to a Beta distribution, which
is a flexible function reasonably able to represent many conditions. Equations (5) and

(6) establish the relationship between Gaussian and Beta distributions [30].

1- ﬂDD)HDDZ
Opp = > — HUpp; (5)

BD = [l;ﬂ] App- (6)
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The aforementioned probability transformation consists of evaluating the series (b ,) in
terms of its own cumulative distribution (Fyp) and then in terms of the inverse
cumulative distribution of the Beta distribution (Fz) with parameters (agp) and (Bzp);

this process is presented in (7),

cen = Fait (Fup(ben) ) ¥E = 1,..,T. (7

The time series obtained in (7) is limited to the interval [0,1] following the daily profiles
described in Fig. 1 with some degree of correlation. Now, this series is scaled according
to the maximum demand to be observed per node and phase (djjaxn; dzlt)mx,n; and
d§iaxn)- Results are computationally stored in different matrices (df,; df,; and df,)

with T rows and N columns, as shown in (8-10).

dgn = Ct,n(dlll%IAX,n)Vt =1,..,T; (8)
dgn = Ct,n(dlll)/IAX,n)Vt =1,..,T; 9
dg,n = Ct,n(dlfflAX,n)Vt =1,..T. (10)

Active and reactive power is calculated per phase and node using (11)-(16), according

to a pre-defined power factor (¢,,).

Pipin = din(@) Vt=1,..,T; (11)
Pipin = din(@) Vt=1,..,T; (12)
Pipen =din(@)Vt=1,..,T; (13)
Qfiptn = (dgn)sin(cos‘l(qon)) vt=1,..,T; (14)
Qpin = (d2)sin(cos ™ (o)) VEt=1,..,T; (15)
Qip.en = (din)sin(cos ™ (p)) vVt =1,..,T. (16)

Once the renewable resources and load demand have been represented, a mathematical
model of DS and renewable DG will be carefully described in the next subsections.
2.2 Distribution system modelling

A general-purposes DS model [28] has been used in this paper to illustrate the
capabilities of the methodology developed for the integration of DG. Based on the
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sequence analysis of DS, general expressions for self and mutual impedances can be
derived and used to build and approximate the impedance matrix for each branch of DS.
This reasoning allows us to describe typical systems with three or four wires, both
unigrounded and multigrounded, using the mathematical model briefly presented in (17-
24). In (17), positive impedance is presented, and the influence of earth resistivity and
system frequency is shown in (18). Depending on the type of system (a three-wire, four-
wire multigrounded, or four-wire unigrounded system), zero-sequence impedance
undergoes some changes: equation (19) presents zero-sequence impedance for a three-
wire system, equation (20) shows zero-sequence impedance for a four-wire
multigrounded system, and equation (21) describes zero-sequence impedance for a four-
wire unigrounded system. Finally, the relationship between self and mutual impedances

with the impedance matrix is shown in (22)-(24).

Zi = 25 = Ry + (VD) Geloguo (o) (17)
ieq P05
D, = 2160j;, (18)
Z% =R,, + 3R, + (J—_l)(km)loglo (i/GMRmD(eGMDm)Z>; (19)

D ZSF 2
Z% =R, + 3R, + (v-1)3(k,,)lo ( 2 )—3 ACLCES PRNGT)
m m e ( ) m 910 i/GMRm(GMDm)Z ZII\\I/I,:n ( )

Z?n = Rm + 3RN,m +
GMDy ,,*
(V —1) {RN,m + 3(km)log10 ( Nm )}; (21)

GMRy 3 GMR,,,(GMD,,)?
Z9 +27%
zgF =2 —= 3 =, (22)
Z9 +27%
N =2 —o1 3 uy (23)

Z}SHF ZT]rVILT ZT]rVILT
Zy = |zMT  ZSF  ZMT| (24)
ZT]rVILT ZT]rVILT Z}SHF
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2.3 Distributed generation modelling

The structure of DG analysed in this paper is based on renewable energies; Fig. 2
briefly shows some of the components taken into account in our study. WF has been
represented by a single WT, the power production of which has been scaled according
to the number of turbines; however, models of higher complexity could also be
integrated by considering the power curve of a determined manufacturer and the
specific geographical conditions and topography. Regarding the PV generator, a
detailed model of the PV panel was scaled according to the number of panels in the
farm, the effects of maximum power point tracking (MPPT) algorithm on power
production, and the variable efficiency of the power converter has been incorporated.
The influence of the interconnection transformer on DG performance has not been

included, as the efficiency of such transformers can be considered as close to unity.

ind
Farm =

Distribution
- System

D=

PV MPPT Power
Farm Converter

Fig. 2: Scheme of a DG based on wind and solar energies.

The model of this conversion system is carefully described in the following subsections.

2.3.1 Wind farm power generation

Currently, WT generation is estimated using its power curve, which expresses the
power production (Pyr.,) as a function of the wind speed (u;). This expression can be
found easily in the WT datasheets offered by manufacturers. Based on these datasheets,
analytical models have been developed to support researchers and technicians. In (25)-
(28) [31] the model used in this paper is presented, in which only the cut-in, rated, and

cut-out speed, and the rated power of WT, are required.
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0;0 < up < Upyp i ue > Uggh

Pwrin = (aWT,i) + (ﬁwrl)(ut) + (QWTL)(ut)Z' U%VT,i Su < Ulilvl’lo"f\i/li (25)
Pyels Upell < up < URTh
3
Upr,i + UIQV/?A{I
awr, = om [ WTl + UWT ) - 4UWT1U1£1V/(%y <W ; (26)
WTl = Upr,i ) WT,i
Upr,; + U%?M ’
l l
Bwr,i = e o > |4(Ur; + U <W> — (U + U2 ]i (27)
( wr,i — Uwr,i WT,i
NOM
0 _ 1 4 (UWTI + UWTl ) ] (28)
WT,i = -4 ——F— | |-
IN NOM /
WT,i UWTz 2Uwr,;

The active power to be injected into the DS is modelled by scaling the power production
of a single WT according to the number of turbines on the farm (Ny). This idea is

shown in (29).

Plfll/'F,t,n = PI?VF,t,n = PVCI/'F,t,n = _(PWT,t,n)NWT- (29)

On the other hand, it is assumed that WF works at a power factor close to unity, which

means that no reactive power is injected into DS. This assumption is presented in (30).

QI?VF,t,n = QII/)VF,t,n = QISVF,t,n = 0. (30)
2.3.2 Photovoltaic farm power generation

The building mathematical model of PVF starts with the description of a typical solar

cell.

Considering the manufacturer j during time instant ¢, ambient temperature (T4yp¢) 18
combined with the solar radiation (G;), nominal operating cell temperature (NOCT),
cell efficiency (npy ), and temperature coefficient (apy ;) to estimate the PV cell

temperature according to (31) [32].

NOCT; — 20 OC) [1 ey, (1 = apy ;25 °C)

Tamp,c + Gf( 800 W/m? Ky

G; ) (apv,jnpv,j) ' G
800 W/m?)\ ™ kpy,;

TPV,t =

1+ (NoCT; — 20 °C) (
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The parameter kpy ; is related to the solar transmittance and absorptance, and it trends
to 0.9 (kpy,;j—0.9) [32]. Using information reported by the manufacturers measured
under the standard test condition (STC), such as open-circuit voltage and short-circuit
current, equations (32)-(40) [33] can be used to approximate cell voltage, current, and

power, following specific meteorological conditions.

mPVkBTPV,t
Vey,e = ey (32)
oc
VPOVC,t = % + apy j (TPV,t —25 OC) + V;V,tlog (Lz)» (33)
Npy 1000 W/m
VPOVC,t
vy = Ve (34)
[ vpy . —log(vhi, +0.72) -
PVt — vggt +1 § ( )
IS¢ — Igg,STC,j ( Gy ) ) (36)
PVt = ;
Nfﬁj 1000 W /m?
VA [hAx
FFpy,; = yoc _—ysc (37)
pv,stc,jlpv,stc,j
FFpy i\ (V&5
Riy,=1-=5"2 =
( FF,eV,) (zss,t ' G9
Vove = Vove + Ipy e Ry e
Ipy; = Igg,t [1 - exp( Ve ) (39)
PVt
Ipy
Ppy: = Ipy [Vpovc,t - IPV,thV,t + V;V,tlog (1 - F)l (40)
PVt

Once cell power has been analytically approximated through (40), the effects of the
MPPT algorithm on power production has been modelled using the approach recently
proposed in [34] based on the golden section search algorithm. Regarding the power
converter, it has been dimensioned according to the peak-power of the panel under
simulation (j=1,...,/), and it has later been scaled by following the size of the farm. It is

expressed in (41).
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Prv i = (RES VIV ) (NG NET ;)- (41)

The efficiency of the power converter reduces as the solar power production reduces;

this fact is simulated through (42) and (43) [35].

PPV,t(Ngg,jNglg,j)(Ngg,jN{’ﬁj)_ (42)

Pinv,e =
PINV,j,n

Pinv t

Pivv,e + Aivv,j + Biny,j (PINV,t) + Oy, j (pINV,t)Z.

Ninve = (43)
Finally, three-phase power injection from the solar source is shown in (44) and (45),

assuming a power factor close to unity in order to take advantage of all active power

produced [36].

PgVF,t,n = PFI’)VF,t,n = PJgVF,t,n = _(PPV,tUINV,t)(Nglf,ij?;j)(Ngg,jN§5,j); (44)

Qbvren = Q£VF,t,n = Qpvren = 0. (45)
2.3.3 Smart grid real-time pricing

The concept of smart grid involves the application of dynamic hourly prices resulting
from the wholesale electricity market operation in order to incentivize end-users to
respond to this signal and reduce their energy consumption at peak hours. In our study,
the real-time price signal is modelled according to (46)-(48), under the assumption that

electricity prices are highly correlated to the total hourly demand.

PTHD,t = PllqlD,t,n + PI?ID,t,n + PISD,t,n vi=1,..,T; (46)
PMAX = max(Pryp, YVt =1,..,T); (47)
Prupt
ESG,t = %AX (PMAX . (48)
THD

3. Proposed methodology

The method presented in this paper aims to determine the appropriate capacity to be
installed in a determined node of DS to avoid the problems related to reverse power
flow at the substation. The integration of DG strongly depends on decisions of private
investors, which are not concerned about the technical limitations of DS. In this regard,

the proposed methodology can be used to define the technical limitations and
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consequences of integrating renewable DG on a determined node of DS. In other words,
the computational model developed in this work is a tool to be used by the utility in
order to establish the proper amount of DG could be technically affordable. This defines
the highest capacity to be installed by the private investors.

From a computational perspective, evaluating every hour of the year, considering a
three-phase unbalanced power flow in a DS with a large number of nodes, could be a
very difficult task.

As stated before, our analysis is focused on finding an economically suitable solution
that prevents the generation of a reverse power flow at the substation as a result of
excessive integration of renewable power sources. In order to reduce the computational
complexity of the problem, the months with the highest renewable potential are
selected. Equation (49) [37] could be used to estimate the wind power potential (wp,)
of a determined month (q) for the location under analysis. The application of this
concept gives us a qualitative description of wind potential on a monthly basis. In the
case of solar resources, for a determined month (q), the average radiation in the daytime
(pvpg) could be used to qualitatively evaluate the solar potential, this reasoning is
presented in (50). Finally, the addition of both results (wp, + pvp, Vq=1,..,Q0 =
12) offers a global perspective on those months with the highest renewable potential.
However, other methodologies with higher accuracy could also be considered, such as
the methodology recently proposed in [38] to improve the quality and reliability of the

obtained design.

Tq
WPq = pA;Dz:(uz)3 Vg=1,..,Q; (49)
2T, £
1 TSH,q
pvpg = Tera Z {G|G,>0tvqg=1,..0Q. (50)

=1

Then, depending on the computational resources available, several months with high
renewable potential are selected, and in this way, the number of hours to be evaluated in
our model (T) is defined by the number of hours of the chosen months. If only one

month is selected, it could be described as (51).

T =T,|wp, + pvp, = max{wpq +pvp,Vq =1, ...,Q}. (51)
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GA has been extensively discussed for the analysis of energy systems [39]; in the
proposed implementation, each individual (w=1,...W) is described by the vector shown

in (52):

gbw = lgp? gy gry gpil; (52)

where each element gpy’, gpy, gpy, and gpy is an integer number. The first element
gpY represents the manufacturer of the PV panel (gp;’ = j). The second element gpy’
is the number of PV strings (groups of PV panels connected in parallel) built using the
panels of manufacturer (j). The third element gp¥ is the manufacturer of WT (gp¥ =
i), while the fourth element gpy is the number of WTs of type (i) connected to
complete the corresponding WF size. The maximum number of PV strings (pvs}4%)
and WTs (wt}4X) to be connected to a determined node (n) could be determined by
measuring the available geographical space and layout and the local conditions and
laws. To sum up, the first element is defined by the index 1 < gp;’ <], the second
element is defined according to the condition 1 < gp¥ < pvsM4X  the third element is
defined by the index 1 < gp¥ < I, while the fourth element is defined by the condition

1< gp¥ < wtlaX,

The population of GA is formed by (W) individuals grouped in the matrix (GP), as
shown in (53).

Q
cee "3
[y

(53)

D
ge]
Il
S —
g5
=
S
|

Q
=
<

The proposed GA-based method consists of the steps described as follows:

Step 1: Define the number of generations (Y), the population size (W), the crossover
and mutation rates of GA, the significance level of the probabilistic analysis, the
maximum number of PV strings (pvs}4X), the maximum number of WTs (wt}4%), and
the size of WT and PV-panel datasets (I and J). Additionally, select the month or
months of the year under study using (49)-(51).
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Step 2: Create the initial population of GA. To perform this step, the structure of PV
panels and WT datasets has to be considered. The PV panel dataset is built by
compiling information about (J) manufacturers regarding the open circuit voltage, short
circuit current, and efficiency, etc. The WT dataset, on the other hand, consists of a
compilation of power curves or a general perspective on some characteristics such as
cut-in, cut-out, and the rated speed of (/) manufacturers. Then, using an algorithm for
integer random number generation, the elements gp!" Vw = 1,...,W are initialized
using a random number in the interval [1,/]; the elements gpy Vw =1,...,W are
initialized using random numbers in the interval [1,pvs}4X]; the elements gp¥V w =
1,...,W are initialized using random numbers in the interval [1,/]; and the elements

gp¥¥Y w =1, ..., W are initialized using numbers in the range [1,wt}4X].

Step 3: Analyze the first generation by assigning y « 1.

Step 4: Evaluate each individual of the population (gp,,), determining NPC and the
probability of reverse power observed at the substation. The number of PV panels to be
connected in a series are adjusted according to a determined direct current voltage (Vp ()

and the PV-panel manufacturer, as shown in (54).

NES; = INT (¥L> (54)
PV,STC,j

The evaluation of the corresponding individual (w) is carried out by performing
probabilistic power flow analysis [40-43] using the information (wind speed, solar
radiation, ambient temperature, and load demand) for each hour (t=1,...,T) of the month
previously selected. Based on this analysis, active power obtained from the utility per
phase (P&p ¢, PEyp:, and Péyp ) is used to build the discretized distributions of the
active power at the substation per phase. These distributions are then used to
approximate the probability of observing reverse power flow at the substation
(PT{PSaUB't < O}, PT{PSbUB,t < O}, and PT{PSCUB't < O}). NPC is approximated through
(55) [32], where annualized capital cost (ACC), annualized replacement cost (ARC), and
annualized maintenance cost (AMC) are integrated based on the capital recovery factor

(CRF) concept. Due to the fact that we are not evaluating the entire year, the estimated
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NPC is scaled by the factor (8760/T) to report a better approximation in terms of the

order of magnitude.

NPC = ACC + ARC + AMC (8760) .
- CRF T ) (55)

The cost related to the electricity obtained from the utility is included in the term

(AMC). This 1s estimated as the product of the electricity price and the power delivered
by the substation (Esg (P& 5 ¢ + Es.cPoyst + EsccPSyp: ¥Vt = 1,...,T). Regarding the
value of the objective function, if the maximum probability of the reverse power flow at

the substation, expressed in terms of (56),

max(P{P&g . < 0}, BA{P%5 . < 0}, P-{P&y5. < 0}); (56)

is higher than the half of the significance level previously selected, a value artificially
high is assigned to the NPC (NPC — o); in the contrary case, the estimation described
in (55) is adopted.

Step 5: Based on the NPC previously obtained, the fitness of each individual is assigned
according to its rank; the individual with the lower NPC obtains rank 1, while the
individual with the highest NPC obtains rank W. Fitness value (f,, Vw =1, ..., W) is

assigned according to (57).

WwW+1)—-—w
wilw+1) -1

fw = vw=1,..,W. (57)

Step 6: Reproduction, crossing, and mutation operators are performed in order to define

the individuals that belong to the next generation.

Step 7: If (y < Y), assign y < y + 1 and go to Step 4; otherwise, stop.

4. Case study

The probabilistic optimization algorithm proposed in this work is illustrated by means
of a hypothetical DS located in Zaragoza, Spain. Field measurements of wind speed and
ambient temperature [44] have been used; however, solar radiation time series have

been simulated using information from the NASA database [27] combined with the
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general-purpose model proposed by Graham and Hollands [25]. Both operating
installations and installations currently undergoing design were assumed to have
azimuth equal to 0° and tilt angle equal to 60°. DS has 35 nodes and branches
(N=M=35); between branches 1 (m=1) and 15 (m=15), the phase and neutral
conductors were assumed to be 1000-kcmil, all-aluminum conductor (AAC) types.
Between branches 16 (m=16) and 35 (m=35), the phase and neutral conductors were
assumed to be 105.6 kcmil AAC type. This information is combined with the structure
shown in Fig. 3, where the assumed disposition of each conductor on the feeder is
presented; this allows us to calculate the geometric mean radius and the geometric mean

distance.

.11 m .11 m

-9 9

0.60 m L ]

______________ EO Neutral

O

0.45m

Fig. 3: Structure of the dist_ribution feeder.

The system is a four-wire multigrounded one; its rated voltage is 12.47 kV; the
substation capacity is 15000 kVA, its system frequency is 50 Hz, and the earth
resistivity is 100 Qm. The probabilistic power flow was solved by considering a
tolerance of 0.000001 for each time step t. Load demand was modeled according to
subsection 2.1 using the information presented in Table 1 combined with the profiles
shown in Fig. 1; in addition, the hourly load variability was assumed to be 10% of the
corresponding mean value (oypp = 0.1uypp V h = 1,...,24). Table 1 presents relevant
information related to DS topology and its load type, as well as actual condition; the
system currently under operation or already installed is described by the condition
Operating in column five, while the system under optimal sizing is described by the

condition Designing, which corresponds to node 32 (n=32).



Table 1: DS topology and load data.
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From To Length (km) Node Type Condition Load Type
Substation 1 3.3989 Load  --—--- Residential
1 2 3.3030 Load  -—--- Residential
2 3 3.8243 Load  -—--- Residential
3 4 3.6802 Load  -—--- Residential
4 5 3.9330 Generation  Operating ~ --—--
5 6 3.6691 Load  -—--- Residential
6 7 3.7648 Load  -—--- Residential
7 8 3.8022 Load ----- Small commercial
8 9 3.8136 Generation  Operating  -----
9 10 3.2853 Load  -—--- Residential
10 11 4.3452 Generation  Operating  ---—--
11 12 4.1699 Load  -—--- Residential
12 13 43158 Load  -—--- Medium commercial
13 14 4.4843 Load  -—--- Residential
14 15 5.4739 Load  --—--- Residential
2 16 3.4486 Load  -—--- Residential
16 17 4.0128 Load  --—--- Residential
17 18 4.4717 Load ----- Small commercial
18 19 4.4335 Generation  Operating ~ --—--
19 20 4.4200 Load  -—--- Residential
4 21 4.0573 Load  --—--- Residential
21 22 4.2988 Load  -—--- Residential
6 23 4.2569 Load  -—--- Residential
23 24 4.0246 Load  -—--- Residential
8 25 4.4762 Generation  Operating ~ --—--
25 26 4.2766 Load  -—--- Residential
10 27 4.0660 Load  --—--- Residential
27 28 4.4021 Load - Small commercial
27 29 4.2794 Generation  Operating ~ --—--
27 30 4.3483 Load  -—--- Residential
12 31 3.8096 Load  --—--- Residential
31 32 3.9946 Generation  Designing -
32 33 3.7354 Load  -—--- Residential
14 34 4.0065 Load  -—--- Residential
34 35 4.0941 Load = --—--- Large commercial

In Table 2, the power factor (¢,,), autocorrelation coefficient (pyp ), and maximum

estimated load per phase (dfjx > Amaxn> and dfjax ) per node (n=1,...,N=35) and

phase are reported. As can be observed, power factor and autocorrelation were assumed

to be close to unit, while some residential consumers were modelled by unbalanced

loads.
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Table 2: Load demand description.

. Maximum load (kVA)
Node Power factor Autocorrelation Phase a Phase b Phase ¢
1 0.9079 0.8932 150 150 150
2 0.9346 0.8218 25 37.5 25
3 0.9400 0.8351 15 15 15
4 0.9048 0.8104 0 0 25
5 e e e e
6 0.9385 0.8711 15 0 0
7 0.9262 0.8895 0 0 25
8 0.9426 0.8529 1850 1850 1850
9 e e e e
10 0.9285 0.8545 0 25 0
11 e e e mmeee e
12 0.9227 0.8714 25 0 0
13 0.9419 0.8193 3250 3250 3250
14 0.9144 0.8629 0 25 0
15 0.9268 0.8366 37.5 37.5 37.5
16 0.9112 0.8601 50 0 0
17 0.9452 0.8884 0 50 0
18 0.9257 0.8070 1700 1700 1700
19 e e e e e
20 0.9070 0.8499 0 0 50
21 0.9251 0.8535 37.5 0 0
22 0.9340 0.8178 0 0 25
23 0.9389 0.8186 50 0 0
24 09115 0.8227 0 0 37.5
2 S T
26 0.9362 0.8363 25 0 0
27 0.9179 0.8434 0 50 0
28 0.9048 0.8479 1500 1500 1500
2
30 0.9381 0.8417 25 25 25
31 0.9378 0.8865 0 37.5 0
32 e emeee mmmee mmmee e
33 0.9293 0.8765 25 0 0
34 0.9370 0.8354 0 25 0
35 0.9434 0.8116 5000 5000 5000

Regarding the optimization process, the WT and PV-panel databases are shown in Table
3 and 4, respectively. In Table 4, the type-one PV panel (j=1) was supposed to have 48
cells connected in serial, while the rest of panels in the database (j=[2,13]) were
supposed to have 60 cells. Regarding the cells in parallel, all of the panels were

supposed to have only a string of cells under this connection.



23

Table 3: WT database.
Cut-in speed  Rated speed Cut-out speed  Rated power

P () (m's) (m/s) (kW)
1 3 12 23 30
2 3 12 25 1500
3 4 14 25 100
4 3 14 25 35
5 3 14 25 25
6 3 13 25 1650
7 3 14 20 250
8 3 14 20 85
Table 4: PV panel dataset.
Point of
Open—circu  Short—circu Temperatur . maximum
Typ NOC . . e Efficienc
e T(C) it voltage it current coefficient v (%) power
(V) (A) (%/°C) Voltag Curren
e(V) t(A)
1 47.9 32.49 9.95 —0.377 19.82 27.53 9.3
2 48 39.4 9.97 —-0.4 18.3 31.2 9.63
3 46 38.25 9.6 —0.442 17.4 31.65 9.09
4 46 38.15 9.5 —0.442 17.1 31.55 8.98
5 49 39.3 9.8 —-0.4 17.6 31.3 9.25
6 49 39.3 9.87 —-0.4 18 31.3 9.42
7 48 45.6 9.08 —0.43 16.2 37.2 8.47
8 44 38.5 9.25 -0.41 16.8 31.1 8.84
9 44 38.4 9.18 —0.41 16.5 30.9 8.73
10 46 37.72 9.06 -0.42 16.2 31.04 8.61
11 46 37.45 8.98 —0.42 15.9 30.79 8.52
12 47 37.6 8.88 —0.42 15.5 30.4 8.38
13 47 37.5 8.76 —0.42 15.2 30.3 8.24

Tables 5, 6, and 7 show the parameters and characteristics of the already installed
systems (Condition: Operating in Table 1). In Table 6, the PVFs connected to nodes 5
and 19 were built by using PV panels with 48 cells connected in serial and only one
string of cells connected in parallel; the rest of the PVFs used PV panels with 60 cells in
serial and only one string of cells in parallel. Table 7 presents the maximum number of
PV panels to be connected in parallel as well as the DC voltage (V) of each PVF; this
information was used to determine the number of PV panels to be connected in serial
according to (54). Similarly, the maximum number of WTs is also shown. For those
nodes with DG already installed (Condition: Operating), the columns for the maximum
PV strings and maximum WTs represent the systems’ characteristics, while for the
systems under sizing (Condition: Designing), this information was used to establish the

limits to be considered in the optimization algorithm mathematically expressed by the
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variables (pvs}4X for PVF and wtM4X for WF). For node 32 specifically, pvsX4%=25

and wtMA%,=20.

Table 5: Operating WFs.
Cut-in speed  Rated speed Cut-out speed  Rated power

Node

(m/s) (m/s) (m/s) (kW)
5 4 14 25 100
9 3 14 25 25
11 3 14 25 35
19 3 14 25 25
25 4 14 25 100
29 3 14 20 250
Table 6: Operating PVFs.
Open-  Short- Temperature Point of
NOCT  circuit  circuit . Efficiency maximum power
Node coefficient
(°C)  voltage current (%/°C) (%) Voltage Current
V) (A) V) (A)
5 47.9 32.49 9.95 -0.377 19.82 27.53 9.3
9 48 39.4 9.97 -0.4 18.3 31.2 9.63
11 46 38.25 9.6 -0.442 17.4 31.65 9.09
19 47.9 32.49 9.95 -0.377 19.82 27.53 9.3
25 46 38.15 9.5 -0.442 17.1 31.55 8.98
29 49 39.3 9.8 -0.4 17.6 31.3 9.25

Table 7: Installed and maximum allowed renewable penetration.
Maximum  DC Voltage = Maximum

Node Condition PV strings (V) wind turbines

5 Operating 5 600 1

9 Operating 15 600 1

11 Operating 20 600 1

19 Operating 20 600 1

25 Operating 25 600 1

29 Operating 25 600 1

32 Designing 25 600 20

As a complement to the previously described information, Fig. 4 shows the topology of

DS under analysis, and DG is also presented.
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Fig. 4: DS under analysis.

Table 8 as well as Figs. 5, 6, and 7 present the results obtained from the implementation
of the procedure described in (49-51); as can be observed in Table 8, the month with
highest potential is February, with approximately 869 W/m’. The corresponding time
series for wind speed, solar radiation, and temperature are also presented in the
previously mentioned figures. In this way, a total of 672 hours (T=672 h) were analyzed

for each individual.

Table 8: Renewable power potential per month.

Month q wp,(W/m?) pup,(W/m?)  wp, + pvp,(W/m?)
January 1 292.0060 453.2425 745.2485
February 2 336.5908 532.5634 869.1543
March 3 134.1022 571.3557 705.4580
April 4 209.3386 519.3456 728.6843
May 5 145.6036 495.7815 641.3852
June 6 116.1155 448.1411 564.2567
July 7 161.91002 455.5307 617.4408
August 8 204.9154 485.9916 690.9071
September 9 119.83701 548.2797 668.1168
October 10 75.37703 496.9125 572.2895
November 11 150.4374 432.940 583.3777
December 12 147.5994 432.9402 580.5397
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GA was implemented by considering 50 generations (Y=50), a population size of 15
individuals (W=15), and crossover and mutation rates of 0.95 and 0.05, respectively.
Under these conditions, Fig. 8 shows the evolution of the implemented optimization
process. An optimization algorithm was implemented in MATLAB on a personal
computer with an 17-3630QM CPU at 2.40 GHz with 8 GB of memory. The total
process required 134.5935 minutes (2.2432 h). Regarding the investment and operating
costs, the project was analysed by considering a 35-year lifespan, with discount and
inflation rates of 0.04 and 0.02, respectively. The capital costs of the PV panels were
assumed to be 1.3 €/W with replacement time of approximately 30 years. Power
converter acquisition cost was assumed to be 500 €/kVA with a lifespan of 30 years.
The capital costs for WF were supposed to be 850 €/kW, with replacement time of 20
years. Costs related to the energy bought from the utility was estimated by assuming a
peak price of 150 €/ MWh. After evaluating the 50 generations, the NPC of the
suggested configuration was approximately 584 M€, with a maximum probability of

observing reverse power equal to 0.148810% or, in other words (58):

max(P{P%p . < 0}, P-{P8y5, < 0}, B{PSyp, <0} Vt=1,...,672) = 0.001488. (58)

The significance level of the analysis was adjusted to 1%.
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The optimal configuration obtained from the proposed methodology consists of a one-

string PVF built by using a type-nine (see row 9 in Table 4) PV panel, while wind

energy is generated by using four type-two WTs (see row 2 in Table 3). For this

configuration, Fig. 9 shows the distribution function of active power flow per phase at

the substation level.
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Fig. 9: Probability distribution of active power at the substation.

Finally, Tables 9 and 10 present the average voltage and branch currents as well as the

active and reactive power, respectively.



Table 9: Average voltage and current per node and phase.
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Average voltage (kV) Average current (A)
Node/Branch Phase a Phase b Phase ¢ Phase a Phase b Phase ¢
1 12.54 12.425 12.445 325.869 327.051 325.394
2 12.54 12.425 12.445 322.574 323.723 322.075
3 12.536 12.467 12.408 279.218 279.996 278.777
4 12.534 12.467 12.409 278.899 279.674 278.454
5 12.543 12.454 12.413 278.088 279.674 277.372
6 12.543 12.452 12.415 278.764 280.362 278.053
7 12.564 12.439 12.408 277.367 280.362 277.238
8 12.566 12.435 12.41 277.367 280.362 276.696
9 12.573 12.415 12.423 233.74 236.62 233.096
10 12.575 12.41 12.425 234.304 237.2 233.662
11 12.511 12.444 12.455 199.884 201.097 199.211
12 12.51 12.441 12.459 200.541 201.762 199.866
13 12.495 12.454 12.461 258.509 260.175 258.907
14 12.495 12.453 12.462 173.269 174.652 173.43
15 12.473 12.469 12.467 0.848 0.849 0.849
16 12.473 12.429 12.508 44.364 44.496 44.321
17 12.48 12.43 12.499 43.233 44.496 44.321
18 12.478 12.442 12.49 43.233 43.363 44.321
19 12.476 12.455 12.479 1.083 1.085 1.186
20 12.474 12.468 12.469 0 0 1.132
21 12.46 12.481 12.469 0.849 0 0.566
22 12.465 12.478 12.467 0 0 0.566
23 12.45 12.482 12.478 1.133 0 0.848
24 12.461 12.48 12.47 0 0 0.848
25 12.465 12.486 12.459 1.685 1.853 1.857
26 12.465 12.478 12.467 0.566 0 0
27 12.533 12.434 12.444 36.748 37.957 36.818
28 12.486 12.461 12.463 38.996 39.078 39.07
29 12.486 12.461 12.463 3.169 3.175 3.175
30 12.486 12.461 12.463 0.565 0.566 0.566
31 12.486 12.455 12.469 75.212 75.304 75.401
32 12.479 12.46 12.471 75.212 75.465 75.401
33 12.472 12.465 12.473 0.565 0 0
34 12.49 12.454 12.467 172.422 173.24 172.582
35 12.48 12.462 12.468 172.422 172.673 172.582

From the results presented in Table 9, it is possible to observe how a relatively small

imbalance level on the system can perturb the voltage profile depending on the phase,

the type of load connected, the reverse power flow, and the integration of DG. In

addition, according to the average active power reported in Table 10, it is possible to

observe how the DG system suggested to be installed in node 32 was able to reduce

local power consumption, specifically in the neighborhood of branches 31, 32, and 33.

This local influence on the reduction of energy consumption allows us to prevent the

generation of reverse power flow at the substation. Another important aspect is that the
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DG system is at least 40% of the substation’s capacity and is mainly composed of wind
generation, due to the assumption about the system’s integration cost and lifespan as

well as the availability of this resource.

Table 10: Average active and reactive power per node and phase.

Average active power (kW) Average reactive power (KVAr)

Branch Phase a Phase b Phase ¢ Phase a Phase b Phase ¢
1 6272.575 6271.847 6242.12 3013.559 3012.03 3004.082
2 6206.024 6205.296 6175.569  2982.841  2981.311 2973.363
3 5310.778 5303.52 5280.424  2606.844 2605.24 2597.146
4 5303.889 5296.631 5273.535 2604.346  2602.741  2594.648
5 5286.935 5296.631 5251.074  2597.388  2602.741  2585.085
6 5310.071 5319.767 5274.21 2597.388  2602.741  2585.085
7 5280.248 5319.767 5257.507  2586.454  2602.741  2577.548
8 5280.248 5319.767 5246.191 2586.454  2602.741  2572.943
9 4328.387 4379.343 4305.768 2235.023  2255.605  2225.806
10 4346.706 4397.662 4324.087  2235.023  2255.605  2225.806
11 3640.634 3657.82 3618.015 1871.747  1878.101 1862.529
12 3664.752 3681.937 3642.132 1871.747  1878.101 1862.529
13 5270.768 5293.389 5270.768 1862.529 1871.74 1862.529
14 3533.098 3555.719 3533.098 1242947  1252.157  1242.947
15 16.987 16.987 16.987 6.882 6.882 6.882
16 883.829 884.651 883.728 371.652 369.556 371.873
17 861.561 884.651 883.728 361.586 369.556 371.873
18 861.561 861.561 883.728 361.586 361.586 371.873
19 —23.398 —23.398 —1.231 0 0 10.287

20 0 0 22.167 0 0 10.287
21 16.954 0 11.408 6.958 0 4.363
22 0 0 11.408 0 0 4.363
23 22.942 0 16.703 8.404 0 7.536
24 0 0 16.703 0 0 7.536
25 —28.631 —40.068 —40.068 4.294 0 0

26 11.437 0 0 4.294 0 0

27 706.072 728.5 706.072 363.277 372.969 363.277
28 763.139 763.139 763.139 359.046 359.046 359.046
29 —68.528 —68.528 —68.528 0 0 0

30 11.461 11.461 11.461 4231 4231 4231
31 -1617.29 -1611.45 —1628.64 4.51 6.361 0

32 -1617.29 —1628.64 —1628.64 4.51 0 0

33 11.35 0 0 4.51 0 0

34 3516.11 3527.562 3516.11 1236.065 1240.332  1236.065
35 3516.11 3516.11 3516.11 1236.065 1236.065  1236.065

Regarding the practical applicability of the proposed optimization method, it could be
used to perform renewable energy integration analysis for a DS, starting with typical
load profiles, hourly estimations of solar and wind resources, and data frequently

provided by PV panels and WT manufacturers. The methodology was only illustrated
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for node 32; however, it could sequentially implemented in other nodes by changing the
DG condition in node 32 (Tables 1 and 7) from Designing to Operating; then, the sizing

procedure would be repeated in the new node where DG needs to be added.

5. Conclusions

In this work, an innovative method for optimal sizing and incorporation of DG into a
DS based on wind and solar energy has been described, illustrated, and discussed. The
proposed methodology integrates heuristic optimization, load flow analysis, typical
consumption profiles, and environmental information in a probabilistic theory for sizing
DG to prevent the apparition of reverse power flow at distribution substations, as a new
contribution to earlier studies. In addition, the presented methodology allows the
integration of manufacturer data that are typically found on datasheets related to PV
panels and WTs. The results obtained from the analysis of a case study reveal that DG
should be integrated to supply energy demand at a local level; in our case, the optimal
capacity was found to be approximately 40% of the substation’s capacity. This method
can be used to carry out an analysis about the incorporation of renewable energy

generation into a DS.
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