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Abstract—This paper deals with the problem of distribution
network planning (DNP) considering distributed generation (DG)
and uncertainties. The involved uncertainties are the output
power of wind and PV generation, the future load growth in the
planning period and the evolution of the electricity prices. A
Tabu search (TS)-based method with an embedded probabilistic
power flow analysis is developed in order to solve the DNP
optimization problem. The probabilistic power flow problem is
solved by Monte Carlo Simulation (MCS). The proposed method
is applied to a benchmark system and to a 30-bus distribution
network considering several scenarios to demonstrate the
method’s performance and robustness. Simulation results show
how the network planning is affected from the considered
uncertainties and the optimal network is rather different in
comparison to the networks designed via a conventional
approach without DG integration.

Keywords—Distribution network planning, Tabu search, non-
dispatchable distributed generation, Monte Carlo simulation,
uncertainties, network optimization.

l. INTRODUCTION

With the increase of power demand due to technological
and industrial development and the need of meeting clean
energy targets with the implementation of renewable energy
sources, distribution network planning (DNP) becomes a
significant and complex problem. The main objective of the
DNP problem is to design the distribution system such as to
timely meet the demand growth in the most economical,
reliable, and safe manner possible. The efficient design of such
networks should take into account the involved uncertainties,
such as the load evolution within the planning horizon and the
uncertain output power of the non-dispatchable distributed
generation (DG) in the network. For example, the
underestimation of the load growth may have as an impact the
need for additional reinforcement and expansion, which means
extra costs for the distribution network operator.

A variety of models and methods have been proposed for
the solution of distribution network planning problem [1]. The
most common meta-heuristic optimization methodologies for
solving the DNP problem are the Genetic Algorithm (GA),
Simulated Annealing (SA), Ant Colony System (ACS) and
Evolutionary Algorithms (EA) [2]-[5]. Tabu Search (TS)

algorithm has also been proposed for solving the DNP problem
considering fuzzy conditions [6], [7]. In [8], the proposed
Immune System Algorithm solves the DNP problem taking
into account the uncertainties of the load growth evolution and
the energy tax. In all the aforementioned research works, it is
considered that the power flow is unidirectional, from the
distribution substation to the load buses through the feeders,
and the DNP problem is solved by upgrading or adding new
distribution lines and by expanding the capacity of a substation
or building new ones, as the load grows.

An efficient way to minimize the power losses and to defer
the investment in new lines is the installation of DG units in the
power distribution network [9]. However, this depends on the
optimal planning (type, location, and size) of the DG units. In
many cases, inappropriate DG planning may increase network
losses and operating and capital costs. A planning method [10]
incorporates dispatchable DG (DDG) for the minimization of
power losses in a distribution system. A dynamic ACS [11]
also considers DG, such as gas micro turbines, for the
expansion and reinforcement of the distribution network. In
[12] and [13], a branch and bound method examines the DG as
an option for meeting the load growth. A DNP strategy based
on the Particle Swarm optimization algorithm, which takes into
consideration the DDG output power, is presented in [14]. In
[15], the proposed DNP method considers the uncertainties of
the future load demand and the output power of DG units in the
optimization procedure.

This paper introduces a novel method for solving the DNP
problem considering the integration of non-dispatchable DG
units, such as wind and PV generation, in the power
distribution network, under uncertainties. The proposed
methodology is based on the Tabu Search algorithm and it
deals with the optimization of the network topology
configuration subject to technical and operational constraints.
A Monte Carlo simulation (MCS) is employed to solve the
embedded probabilistic power flow analysis.

This paper is organized as follows. In Section Il, the
modeling of the uncertainties is presented. Section Il
formulates the optimization problem and Section IV describes
the proposed methodology. In Section V, the method is applied
to a benchmark system and to a 30-bus distribution network



and the obtained results verify the efficiency and validity of the
method. Section VI concludes the paper.

Il.  MODELING OF UNCERTAINTIES

A. Output-Power Uncertaintity of the Wind turbines

It is experimentally well-established that the stochastic
wind speed (v) can be described by the Weibull probability
density function (PDF) [16]:
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where ky, and c,, are the shape and scale index, respectively, of
the Weibull distribution. Once the Weibull PDF of wind speed
is generated, the output power of a wind turbine for its different
states can be calculated as follows [16]:

0 , 0<v<yg
V=V,
an Vi SVEY,
PW = (Vn _vci) (2)
Run y oV, SV
0 y o Vg <V

where Py, is the nominal output power of the wind turbine
and Vg, Veo, Vi, are the cut-in wind speed, the cut-out wind
speed and the nominal wind turbine speed, respectively.

B. Output-power Uncertaintity of the PV module

The output power of a photovoltaic module mainly depends
on the solar illumination intensity (s) that follows the Weibull
distribution with the following PDF [17]:
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where ks and ¢ are the shape and scale index, respectively, of
the Weibull distribution. The output power of a PV module
considering the illumination intensity is given by:
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where Pg, is the nominal output power of the PV module and s,
is its nominal solar illumination intensity.

C. Load Growth Uncertaintity

As a consequence of the technological and industrial
development, the power demand is increasing. It is considered
that the load growth AP;(t) of the bus i in the year t of the
planning period follows the normal distribution with mean

value y;(t) and standard deviation o;(t) and thus the load P (t)
is given by [17] :
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D. Electricity Price Uncertaintity

The electricity price C, is also modeled under uncertainties
and is supposed to follow the normal distribution, which means

AC (1) ~ N(x (1), o7 (1)) -

I1l.  PROBLEM FORMULATION

The distribution network planning problem can be stated
as a nonlinear combinatorial optimization problem, where the
main objective is the minimization of the fixed cost associated
to the installation of new distribution lines and DG units and
the variable costs including the cost of buying energy from the
transmission system, the power loss cost, and the maintenance
cost, subject to technical and operational constraints. This
means that it is considered that all the DGs are owned by the
distribution system operator. However, in case that all the DGs
are owned by private investors, the investment and
maintenance costs of DG units have to be excluded from the
objective function.

A. Obijective function
The objective function is formulated as follows:
min f =C"+C'+C™ +C"+C"®
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where,
e N isthe discount rate;
T is the number of years of the planning period;
e T, isthe year when DG units are installed,;

e C'",Cc',c™,Ctand C® are the investment cost of
distribution lines, the DG investment cost, the DG
maintenance cost, the network’s loss cost and the cost
of buying energy from the transmission system,
respectively;

e N, is the total number of network’s branches;

e Ny isthe number of the installed DG units;

o W, (t) isthe energy loss in year t (kWh);

e W,(t) is the energy demand in year t (kWh);

e W_.(t) is the energy supplied from the installed DG
units in year t (kwh);

e Py (t) is the nominal output power of the i-th DG
unit installed in year t;

o T, (t) is the equivalent generation hours of the i-th
DG unit installed in year t;

e C,, isthe cost of branch b of the network ($);

e C.. is the per unit investment cost of the i-th DG
unit ($/kW);

e CY isthe per unit maintenance cost of the i-th DG

DGi

unit ($/kW);



e C,(t) isthe electricity price in year t ($/kWh);

B. Constraints

1) Radial network connectivity constraint. The radial
characteristic of the network and the connectivity of
all network nodes are ensured by the proposed branch
selection movement described in Section 1V.B.

2) Power flow equations. The Newton—Rhapson method
is employed to solve the power flow problem
described by equations (7), (8) for every input
stochastic variable:
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where, Py, Q. are the active and reactive power of
the demanded load at bus i; V;, V; are the voltage
magnitudes at buses i and j; Nap is the total number
of the adjacent buses of bus i; G;, Bj are the
conductance and susceptance between bus i and j; J;
is the voltage angle between buses i and j.

3) Voltage regulation limits. For the safe operation of
the network the voltage level of every bus i must be
kept into specific limits:

Vmin SVi SVmax (9)

4) Capacities of distribution lines. For every existing
feeder in the network its thermal capacity limit
cannot be violated:
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IV. SOLUTION METHOFOLOGY

The distribution network planning problem addressed in
this paper concerns the optimization of a newly network
configuration  considering DG connection under the
uncertainties described in Section 1. The meta-heuristic Tabu
Search (TS) algorithm, with an embedded Monte Carlo
Simulation (MCS), is proposed for the solution of the problem
in order to reach the optimal planning solution subject to the
constraints of Section 111.B.

A. Tabu Search Overview

Tabu search (TS) is a meta-heuristic algorithm ideal for
solving a wide range of combinatorial optimization problems
and it was introduced and established by Glover [18].

TS is a memory-based iterative method, which creates, by
using specified movements, a neighborhood N(x) of the
solution x and evaluates the neighbor solutions with an
objective function f (x). Considering a minimization problem,
TS selects the neighbor solution x’ with the smallest value to
continue the search. A memory mechanism named Tabu list
(TL) records the movements that created the previous
solutions, which is referred to as tabu active moves, and it
restricts the choice of previously visited solutions for a certain
number of iterations. Thus, the entrapment in local optima is
avoided. Tabu restrictions are overridden only when a
candidate tabu move yields a solution that its value is better
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Fig. 1. Example of TS movement strategy.

than any visited solutions so far. This condition is called
Aspiration criterion. TS is terminated when a stop criterion,
e.g. a pre-specified number of iterations, is satisfied.

B. Network Configuration Topology

In this paper, TS is employed for finding the best topology
of feeders subject to the constraints presented in Section I11.B,
in order to satisfy the power demand in every bus during the
planning period and minimize the total investment and
operation cost. The method is formulated as follows:

Step 1: Kruskal’s minimum spanning tree algorithm is used
for the generation of an initial solution. For a given network
with all possible feasible routes, Kruskal’s algorithm, through
an iterative procedure, adds to the network’s topology the
feeder with the lowest investment cost that does not violate the
radiality constraint, until all nodes are connected. This solution
ensures the radiality of the network and it is accepted even if
some other constraints are violated, since new solution without
infeasibilities will be generated through the next steps of the
optimization process.

Step 2: No tabu active moves are considered, thus the Tabu
list is empty.

Step 3: MCS is employed for the probabilistic power flow
analysis of the initial solution of Step 1 and the value of (6) is
calculated. The initial solution is stored as the current solution.

Step 4: A set of candidate solutions is created based on the
network topology of the current solution. The movement that
creates the candidate solutions is the elimination of a feeder
that connects two nodes and then the addition of a new feeder
with the same features that ensures the radiality of the network.
An illustrative example is given in Fig. 1. Fig. 1(a) presents a
distribution network in which bus 1 is the slack bus
(substation), while the rest of the buses are load buses and the
continuous lines represent the existing feeders. The feeder (1,2)
is to be eliminated and Fig. 1(b) shows the candidate feeders,
marked by dashed lines, which are to be added. From the
candidate feeders only (1,3), (1,4) are feasible, since (1,7) does
not allow the connectivity of all nodes. Let us suppose that the
branch (1,4) is selected and a new radial network topology is
created, as shown in Fig. 1(c).

Step 5: Every feasible candidate solution is evaluated by
(6).

Step 6: Choose as new current solution the best solution
from the set of the candidate solutions, which does not contain
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Fig. 2. Solution obtained by the proposed TS for the benchmark network.

a tabu active move. Tabu restrictions are overridden in case the
value of the best solution of the candidate set is better than the
best solution found so far (Aspiration Criterion).

Step 7: Tabu List is updated and the movement that
created the new current’s solution network topology is
restricted for a certain number of iterations.

Step 8: When a specified number of global iterations has
been carried out, TS is terminated returning the best solution
found during the search, else Steps 3—-9 are repeated.

V. RESULTS AND DISCUSSION

The proposed method was implemented in Matlab 7.9 and a
PC Intel® Core i3 3.07 GHz, 4GB RAM was used to obtain the
numerical results.

A. Benchmark Case Study

The proposed method is initially tested on the 23-bus
benchmark distribution network, the data of which can be
found in [4], in order to investigate the performance of the TS
method. This case study concerns a distribution network
supplied by a 10MVA substation, with 21 load nodes, while
uncertainties are not considered. The planning period is 20
years and two types of conductors have been considered in the
design.

The TS iterations were equal to 50 and the size of the Tabu
list was 6. The obtained solution is presented in Fig. 2 and its
topology is identical to the solution of [3], [4]. The solution
costs $172 445 and the total CPU time is 7.23 s.

B. The 30-bus Distribution System

A 34.5-kV distribution network with 30 buses and 1.2 MW
of DG to be installed is considered for the demonstration of the
performance and robustness of the proposed method. The case
study network includes a slack bus at bus 1 and 29 load buses.
The original load consumption at each bus is presented in
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Fig. 3. Graph of the 54 candidate routes for the design of the 30-bus network.

Table I. There are 54 candidate distribution line routes as
shown in Fig. 3 and their data are presented in Table Il. All
lines are considered overhead and in the planning process two
conductor types are considered, whose technical and economic
data are shown in Table Ill. The total load of the network is
5.74 MV A and the average power factor is 0.9. The voltage of
slack bus is considered V;=1.0p.u. The voltage magnitude
deviation is allowed within £5% of the nominal voltage for all
the load buses. The load profile of the system is shown in
Table 1V. Table V shows the planning scheme for the future
installation of the DG units in the network. The load growth

TABLE I. ORIGINAL CONSUMPTION AT LOAD BUSES
Load bus no 2 3 4 5 6 7 8 9
Load (kVA) 250 | 250 | 300 | 120 | 120 | 500 | 500 | 120
Load bus no | 10 11 12 13 14 15 16 17
Load (kVA) 120 | 100 | 120 | 120 | 220 | 120 | 120 | 120
Load bus no | 18 19 20 21 22 23 24 25
Load (kVA) 200 | 200 | 200 | 200 | 200 | 200 | 250 | 250
Load bus no | 26 27 28 29 30
Load (kVA) 120 | 120 | 120 | 240 | 240

TABLE II. BRANCH LENGTH DATA

Branch No. 2 3 4 5 6 7 8
Length (km) 155 | 220 | 165 | 210 | 150 | 2.00 | 1.05
Branch No. 9 10 11 12 13 14 15
Length (km) 105 | 075 | 1.75 | 1.75 | 040 | 1.75 | 1.00
Branch No. 16 17 18 19 20 21 22
Length (km) 1.00 | 1.00 | 1.25 | 1.00 | 0.75 | 150 | 1.75
Branch No. 23 24 25 26 27 28 29
Length (km) 175 | 200 | 200 | 1.05 | 065 | 1.75 | 1.25
Branch No. 30 31 32 33 34 35 36
Length (km) 045 | 275 | 1.75 | 1.75 | 050 | 0.75 | 0.50
Branch No. 37 38 39 40 41 42 43
Length (km) 050 | 1.25 | 0.75 | 150 | 0.75 | 0.50 | 0.40
Branch No. 44 45 46 47 48 49 50
Length (km) 1.10 | 0.60 | 1.20 | 0.60 | 0.55 | 0.40 | 1.00
Branch No. 51 52 53 54
Length (km) 055 | 1.15 | 0.60 | 1.00




TABLE III. TECHNICAL AND ECONOMIC DATA OF CANDIDATE LINES TABLE VII. WEIBUL PARAMETERS AND TECHNICAL SPECIFICATIONS OF
DG UNITS
Nominal Investment Cost
Type Impedance (2/km) Power (MVA) ($/km) DG Weibull Parameters
1 0.5762 + j0.5184 8.96 10 000.00 Type Scenario k (shape ¢ (scale Technical specifications
index) index)
2 0.4724 + j0.2875 13.74 15 000.00 v.=4mls
2 2 7.5 .
Wind Ve, =25 m/s
TABLE IV. LOAD PROFILE turbines v. =15 m/s
3 1.8 6 "
Power factor = 0.9
Period Load (p.u. Duration (h
(p.u) (h) PV 2 15 55 s, = 1000 W/m?
Peak Load 1.00 30 module 8 18 6.5 Power factor = 1.0
Average Load 0.70 5260 TABLE VIIl.  SUMMARY OF RESULTS FOR SCENARIOS 1, 2 AND 3
Minimum Load 0.45 3470 Scenario 1 Scenario 2 Scenario3
Total 8760 D.iStl’ibUtiOI"I
Lines Investment 277500 326 000 326 000
Cost ($)
TABLE V. PLANNING SCHEME OF DISTRIBUTED GENERATION DG  Investment
INSTALLATION Cost (5) 0 1091 800 1091 800
Year t=5 Year t=10 Year t=15 DG Maintenance 0 549 490 503 110
- - - Cost ($)
BUS | wind | oy g | Wind [ pypg | Wind | oy g
no DG DG DG Cost of Losses ($) 180 080 155 060 157 000
(kw) (W) (kW) (W) (kw) () Cost of Buying
1 100 100 0 0 0 0 Energy (5) 19 816 500 17 600 000 17 888 000
19 0 200 0 200 0 100 Total Cost ($) 20 274 080 19 722 350 19 965 910
30 200 0 200 0 100 0 network during the planning period for the Scenarios 1 and 2
is presented in Fig. 5. It can be seen from Table VIII that the
TABLEVI.  EcoNoMmic DATA network configuration of Scenario 2 (and Scenario 3) has a
higher investment cost compared to the solution of Scenario 1,
DG type i
Cost component : OB VP : however Scenario 2 manages the output power of DG more
Wind turbine Photovoltaic efficiently, thus the total cost of losses is lower. The main
Investment Cost C, ($/kW) 1800 2000 difference between the cost of Scenario 1 and 2 is the cost of
Vi c vy buying energy, since the installation of DG in Scenario 2
aintenance Cost Cy (kW) 0.05 0.03 decreases the energy that is bought from the transmission
Electricity Price Cp ($/kWh) 0.05 system. Scenario 2 yields the solution with the lowest total
cost. The values of the Weibull parameters of the DG units
Interest rate 10% affect their output power. In Scenario 3 the proposed method
Planning period (year) 20 yields a solution with the same network configuration with the

rates have been considered the same for all loads: the mean
load growth is 2%, while the standard deviation of the load
growth is 1%. The electricity prices are also increasing every
year with mean value 2% and standard deviation 1%. In
addition, the economic data required for the analysis is
presented in Table VI. The duration of the planning period is
20 years and the discount rate is 10%.

Three scenarios are investigated. Scenario 1 examines the
effect of not considering the planned DG installations for the
solution of the DNP problem. Scenarios 2 and 3 examine the
effect of the uncertain DG output power (different Weibull
parameters) on the results. These parameters along with the
technical features of the DGs are presented in Table VII.

The TS iterations for the three scenarios were equal to 80
and the size of the TL was 5. To obtain more reliable and
accurate results, the MCS method was executed 300 times.

Table VIII presents a summary of the obtained results for
the three Scenarios. The energy supplied from the transmission

solution of Scenario 2. The investment costs in both Scenarios
are the same, however their difference can be found in the
variable costs. In Scenario 3, the total output power of DG
units is lower, thus the cost of losses and the cost of buying
energy are slightly higher. The optimal network configuration
of Scenarios 2 and 3 is presented in Fig. 4.

IV. CONCLUSION

In this paper, a new approach, based upon TS algorithm, is
proposed for the optimal design of distribution networks
incorporating non dispatchable DG units and considering
uncertainties. The methodology minimizes the investment and
operation cost of the network, subject to technical and
operational constraints for meeting the demand, the voltage
magnitude at all buses, the feeders’ capacity and the radial
configuration of the system. The uncertainties that are taken
into account are the stochastic output power of the wind
generators and the photovoltaics, the evolution of the load and
the growth of electricity price. A Monte Carlo simulation is
performed to solve the probabilistic power flow analysis. The
application of the proposed methodology on a benchmark syst-



Fig. 4. Optimal network configuration for Scenario 2.

55000 /
—&— Scenario 1 /
50000 -
— —=— Scenario 2
=
2 /
=3
? 45000
2
[}
o
2
5 40000
Q
=3
7] ///
35000 /'\//‘
30000 r r r r r r r r r )
0 2 4 6 8 10 12 14 16 18 20

Year

Fig. 5. Energy supplied (MWh) from the transimission system for Scenario 1
and 2 during the planning period.

em and on a 30-bus system with 1.2 MW of renewable energy
sources showed the flexibility and effectiveness of the
proposed method for solving the DNP problem at a low
computational effort.
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