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Abstract – This paper illustrates and discusses an origi-

nal technique based on the Ant Colony Search (ACS), 
applied to the optimal location of remote controllers for 
the switches in the substations of large MV distribution 
systems. Starting from the basic concepts of ACS, the 
solution strategy of the proposed method has been specifi-
cally formulated in order to take into account the reliabil-
ity aspects that make the installation of new remote con-
trollers convenient. Results obtained on a large real MV 
distribution system are presented. 

Keywords: Ant Colony Search, distribution systems, 
operational planning, heuristic methods. 

1 INTRODUCTION 

The introduction of the competitive electricity markets 
has changed several aspects in the regulation of the 
electricity distribution sector. In some countries, as in 
Italy, the electricity business restructuring has parti-
tioned the territory into several areas, allowing only the 
presence of a single distributor inside each area. As 
such, areas where the distribution networks of different 
companies were coexisting are experiencing a transition 
for merging the existing distribution networks into a 
unique network. From the technical point of view, the 
completion of this transition process will take several 
years and has opened a number of activities for effec-
tively supporting it. A significant part of the transition 
can be performed by means of operational planning 
activities, aimed at assessing the economical conven-
ience of making investments for rationalizing the net-
work structure, typically assuming constant loads. The 
basic planning actions include construction of new 
branches, removal of existing branches, remote control 
of the switches in a node, and variation of the character-
istics of branches or nodes. Some of these actions, such 
as the installation of backup circuits and of remote-
controlled switching in a node, may exhibit a major 
impact on the distribution system reliability, even with-
out changing the current configuration of the distribu-
tion system [1-8]. Other expansion planning activities 
[9-11], aimed at taking into account foreseen develop-
ments of the territorial areas, could require radical revis-
iting of the techniques adopted to fit the needs of re-
structured distribution systems and services. 

This paper deals with optimal operational planning, 
which consists in selecting, among a pre-specified set of 

short-term planning actions, the ones that should be 
activated in order to reach the optimal value of a given 
objective function. More specifically, this paper ad-
dresses as planning actions the installation of remote-
controllers for the switches in the distribution system 
nodes (substations). A set of candidate locations for 
remote-controllers installation is identified a priori. The 
objective function is given by the variation of the total 
annual cost resulting from the activation of a subset of 
the candidate planning actions. The objective function 
components are the cost of activation of the planning 
actions selected and the variations in the reliability, 
maintenance and investment cost components with 
respect to the costs corresponding to the initial 
configuration of the system. In addition, a budget limit 
may be included for limiting the number of planning 
actions activated, by constraining the variation of the 
total investment cost. 

The optimal operational planning problem can be 
solved by using a deterministic exhaustive search, or 
heuristic algorithms [12], such as genetic algorithms, 
evolutionary algorithms, the Simulated Annealing 
method, and others [13][14]. For large distribution sys-
tems, where the number of planning actions to be proc-
essed is relatively high, the combinatorial nature of the 
problem makes exhaustive search practically inapplica-
ble, so that searching for an efficient heuristic is worth-
while.  

The authors have developed, implemented and 
tested on large real distribution systems a new promis-
ing technique by using Ant Colony Search (ACS) opti-
misation [15,16]. ACS is a numerical technique aimed 
at simulating the behaviour of the ants while searching 
for food. Each ant leaves a pheromone trail in its path 
from nest to food, that evaporates with time. The 
pheromone trail may be reinforced by the ants going 
back to the nest to inform that food has been found. The 
successive ants will tend to follow the pheromone trail 
corresponding to the “shortest” path, marked with 
strong pheromone quantities. The basic concepts of the 
ACS technique are rather general, so that ACS has been 
applied to solve different classes of optimisation prob-
lems in various contexts [17,18]. Concerning distribu-
tion systems optimisation, ACS has been applied to 
optimal reconfiguration [19], capacitor placement [20], 
optimal restoration [14] and expansion planning 
[21,22]. This paper illustrates how the original ACS 
concepts have been adapted to address the optimal se-
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lection of the planning actions to be activated for en-
hancing the remote-controlled switching of a large ra-
dial MV distribution system. In the implementation of 
the ACS heuristic, the pheromone trail provides a 
“memory” of the planning actions that provided the best 
values of the objective function found in the previous 
phases of the search. Starting from the basic concepts of 
ACS, the solution strategy of the proposed method has 
been specifically formulated in order to take into ac-
count the reliability aspects that make the installation of 
new remote controllers convenient.  

Section 2 of this paper illustrates the application of 
ACS to the optimal operational planning problem. Sec-
tion 3 shows the effectiveness of the proposed ap-
proach, by presenting the numerical results obtained on 
large real 6.3 kV distribution system. 

2 ANT-COLONY SEARCH APPLIED TO THE 
OPTIMAL OPERATIONAL PLANNING 

2.1. Objective function and constraints 
The planning actions considered concern the substitu-
tion of on-site switching with remote-controlled switch-
ing at one or more nodes belonging to a predefined set 
J. However, installing a new remote controller in a 
node is not always convenient, since the benefits in 
terms of reliability improvements could not be high 
enough to compensate for the costs of installing and 
maintaining the remote controller. Let’s indicate with R 
⊂ J the subset of the remote controllers activated at a 
specified stage of the solution process. 

The cost evaluation is performed on an annual basis. 
The total annual cost is  

VMRtot CCCC ++=  (1) 
and is composed of the following terms: 
• reliability cost, expressed by  

WPC WPR ρρ +=  (2) 
where P is the power not served, W is the energy not 
served, Pρ  and Wρ  are respectively the cost coef-
ficients related to power and energy not served; 

• maintenance cost MC ; 
• annual investment cost VC , computed from the total 

investment cost tot
VC  and the discount rate qr  in the 

q-th period (year) of investment (with Q total peri-
ods), as  
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In the definition of the objective function, it is not 

necessary to introduce the total annual costs. The cost to 
be considered is given by summing up, for each plan-
ning action activated, the cost of activation CA(R) and 
the variations ∆CR(R), ∆CM(R) and ∆CV(R) of the cost 
components with respect to the corresponding values 
related to the initial system. For instance, the reliability 
cost variation is only formed by the term depending on 

the duration of the interruptions, since the installation of 
new remote controllers does not affect the frequency of 
the interruptions, so that  

( ) ( ) PdC WR RR ∆=∆ ρ  (4) 
The resulting objective function is  

( ) ( ) ( ) ( ) ( )RRRRR VMRA CCCCf ∆+∆+∆+=  (5) 
The budget limit B, applied to the variation of the 

investment cost, may be introduced as a constraint de-
pending on the management strategy of the distribution 
company.  

The constrained optimization problem becomes 
( ){ }R

R
fmin  (6) 

subject to  
( ) BCV ≤∆ R .  (7) 

Any solution for which the variation of the invest-
ment cost exceeds the budget limit B is rejected during 
the solution process. Furthermore, when the budget 
limit is not specified the effectiveness of the results 
obtained is assessed by means of the performance factor  

( ) ( ) ( )
( ) ( )J

RR
tottot

besttottot
best CC

CC
−

−
=

0
0100ζ  (8) 

where ( )0totC  is the total annual cost in the initial con-
dition, bestR  ⊂ J is the subset of the remote controllers 
activated to obtain the best objective function found so 
far, and ( )JtotC  is the total annual cost obtained with 
all the planning actions included in the set J activated. 
Larger performance factor values correspond to better 
solutions. 

 
2.2. Algorithm structure and parameters 
The algorithm includes three loops (Figure 1). Initially 
all nodes j ∈  J are associated to the same quantity of 
pheromone ϕ0. During each iteration of the external 
loop, M ants are sent to insert a number of remote con-
trollers in some of the nodes j ∈  J. Each ant places the 
remote controllers in a number of nodes chosen at ran-
dom from 1 to J1. The selection of the nodes is per-
formed by using a random extraction among a set of 
alternatives characterised by their fitness values. The 
fitness definition depends on a local heuristic function 
built on the basis of specific reliability concepts (Sec-
tion 2.4). At the end of each iteration, part of the 
pheromone evaporates. However, the nodes at which 
the new remote controllers have been positioned to 
obtain the best objective function found during the 
iteration are marked by increasing their quantity of 
pheromone (Section 2.6). The external loop continues 

                                                           
1 Among the options of the program there is the possibility of re-

quiring a given number of remote controllers. In this case, all the ants 
are forced to locate exactly the given number of remote controllers. 
An additional possibility is to set minimum and maximum limits to the 
number of remote controllers positioned by each ant. During the tests, 
a first analysis was carried out in order to explore the characteristics of 
the system without such additional limits. Then, the successive appli-
cation of this technique to limit the search within a desired range of 
values for the number of nodes allowed for drastically reducing the 
computation time. 
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until no improvement of the objective function (5) is 
detected for a specified number of iterations KC. The 
stop criterion also includes the maximum number of 
iterations KM, to be used as a last-resource option to 
avoid excessively long duration of the iterative process. 

The input parameters of the algorithm are: 
B budget limit (default: none) 
KM maximum number of iterations  
KC  maximum number of iterations without improve-

ment in the objective function 
M number of ants  
NS given number of remote controllers (default: none) 
α exponent for pheromone update (local heuristic) 
β exponent for the local heuristic function 
γb pheromone amplification factor (global best) 
γc pheromone amplification factor (local best) 
δ pheromone evaporation rate  
ϕ0 initial pheromone quantity 
 
2.3. Feeder selection 
Any iteration of the ant colony loop sends a colony of 
M ants. In the same iteration, the ants are sent in parallel 
to modify the same system, so that the changes intro-
duced by a single ant are not immediately applied. The 
process for which each ant locates a random number of 
new remote controllers is composed of successive 
searches (one for each controller to be positioned). In 
principle, each ant could select the next remote control-
ler among the candidate nodes belonging to the set J 
and not yet activated. However, this would require 
updating the fitness of all these candidate nodes at each 
search, and for large systems this process would be 
excessively time consuming. Hence, the system parti-
tioning into feeders has been taken into account. Each 
feeder corresponds to the portion of the distribution 
system supplied by a specified circuit breaker. Each 
search is then performed in two steps. The first step 
consists of the feeder selection, whereas the second step 
locates the new remote controller in a node belonging to 
the candidate nodes inside the selected feeder. For the 
first step, each h-th feeder is assigned a fitness, com-
puted by taking into account the number hN  of remote 
controlled nodes already installed in the feeder and the 
potential benefit, in terms of reduction of the energy not 
served, given by the installation of an additional remote 
control in the feeder. By using the equivalent failure 
rate of the feeder hλ  and the power not served in the 
feeder hP , the feeder fitness hξ  is expressed by 

h

hh
h N

P
+

=
1
λ

ξ  (9) 

 At each iteration of the solution procedure, the 
feeder selection is performed by associating each feeder 
to its fitness value and randomly extracting the number 
of the feeder with the biased roulette wheel mechanism 
described in the Appendix. The fitness of the selected 
feeder is then updated with hN  increased by one.  
 

Figure 1: Flow-chart of the proposed algorithm. 
 
2.4. The local heuristic function 
The key benefit of performing remote-controlled 
switching lies in reducing the duration of identification 
of the faulted branch in case of permanent faults, with 
subsequent reduction of the energy not supplied.  
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Reducing the energy not supplied is used as a crite-

rion for defining the local heuristic function, associated 
to each node candidate for inserting a new remote-
controller. For each candidate node, the location of 
other remote controllers already in place in the 
neighbouring portion of the feeder is also taken into 
account. The local heuristic function is formulated in 
such a way that its higher values correspond to the most 
convenient locations for installing the new controllers. 

Let’s consider a given configuration of the distribu-
tion system, in which a number of remote controllers is 
already active. For a candidate node q ∈  J belonging to 
a specified feeder (Figure 2), it is possible to identify 
the Reduced Upstream Portion (RUP) of the feeder, 
containing the set Uq, of the nodes located in the path 
found starting from node q and moving upward to the 
first remote-controlled node or to the node with circuit 
breaker protection, and all their ramifications up to any 
remote-controlled node. In the same way, it is possible 
to identify the Reduced Downstream Portion (RDP) of 
the feeder, formed by the set Dq, containing all the 
nodes located in the path found starting from node q 
and moving downward along all the ramifications, up to 
any remote-controlled node. Installing a remote control 
in node q would reduce the energy not supplied for two 
reasons: 
a) for a permanent fault in the RDP of the feeder (e.g., 

branch b″ in Figure 2), the presence of the remote 
controller in node q allows for speeding up the re-
energisation of the RUP of the feeder, with a benefit 
in terms of reduction in the energy not supplied ex-
pressed as 

( )rsqqq
PW ττλ −=∆ DUU  (10) 

where rτ  and sτ  are the average restoration times 
corresponding to remote-controlled and on-site 
switching, respectively, whose values can be as-
sessed from operational practice [23], 

q
PU  is the to-

tal power not served in the RUP of the feeder and 

qDλ  is the equivalent failure rate for the RDP of the 

feeder;  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
b) for a permanent fault in the RUP of the feeder (e.g., 

branch b′ in Figure 2), the presence of the remote 
controller in node q could speed up the re-
energisation of the RDP of the feeder. However, this 
benefit may occur only if there is at least one open 
branch connecting the RDP to another feeder (i.e., a 
feeder protected by another circuit breaker and able 
to supply the RDP load during the restoration proc-
ess). In this case, the reduction in the energy not 
supplied would be 

( )rsqqq
PW ττλ −=∆ UDD  (11) 

where 
q

PD  is the total power not served in the RDP 

of the feeder and 
qUλ  is the equivalent failure rate 

for the RUP of the feeder. 

The local heuristic function corresponding to the 
candidate node q then depends on the sum 

qq
WW DU ∆+∆  and, being the term ( )rs ττ −  constant 

and thus not affecting the selection mechanism, is for-
mulated as 

qqqq
PPq UDDU λλη += . (12) 

 
2.5. Fitness calculation and selection of the node for 
remote control 
At iteration k, for each candidate node j ∈  J belonging 
to the selected feeder, the fitness is calculated as  

( ) ( )( ) ( )( )βα
ηϕψ k

j
k

j
k
j =  (13) 

The set of candidate nodes and their associated fit-
ness values are then sent to the biased roulette wheel 
mechanism (described in the Appendix) for selecting 
the node in which the next remote controller will be 
positioned.  

 
2.6. Update pheromone 
At the end of iteration k, the pheromone level corre-
sponding to each planning action J∈j  is updated 
according to the expression 

( ) ( ) ( )k
j

k
j

k
j ϕϕϕ ∆+=

(  (14) 

RUP 

RDP feeder q

HV/MV substation 
circuit breaker 
remote-controlled node 
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closed branch 

fault location 

b″ 

b′ 

Figure 2: Schematic distribution system structure for illustration of the local heuristic function terms 
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where the term ( )k
jϕ(  represents the pheromone decay 

applied to each planning action, with evaporation coef-
ficient δ  (e.g., δ  = 0.01÷0.2): 

( ) ( ) ( )11 −−= k
j

k
j ϕδϕ(  (15) 

and the term ( )k
jϕ∆  represents the pheromone rein-

forcement, applied only to the planning actions belong-
ing to the subset ( ) JR ⊂k

best  activated in the case corre-

sponding to the best objective function ( )( )k
bestf R  found 

during the iteration k. A further refinement has been 
included in the pheromone reinforcement, by using 
different amplification factors ( 1>> cb γγ ) to distin-

guish the case in which the objective function ( )( )k
bestf R  

is the best solution found so far (factor bγ ) from the 
case in which it is “only” the best solution obtained at 
the current iteration (factor cγ ). Then, the amplification 
factor used at iteration k is 

( )
( )( ) ( )( )
( )( ) ( )( )
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and the pheromone reinforcement term is expressed by 
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, (17) 

( ) ( ){ }k
best

kN Rdim=  being the number of remote control-

lers activated in the solution corresponding to ( )( )k
bestf R . 

If  ( )( )k
bestf R  > ( )( )1−k

bestf R , the last operation of the itera-

tion k is the assignment of ( )( )1−k
bestf R  to ( )( )k

bestf R , in 
order to avoid losing the best solution found so far. 

3 APPLICATION TO LARGE REAL MV 
DISTRIBUTION SYSTEMS 

The proposed method has been applied to various large 
real MV distribution systems [2,23]. The results pre-
sented in this paper refer to a 6.3 kV urban distribution 
system with 33 supply nodes, 2135 load nodes, 89 
nodes with circuit breaker, no remote-controlled node 
(in the initial system), 1832 nodes with on-site switch-
ing, 2669 branches (of which 2135 closed and 534 
open), total line length 761 km and total power 370 
MW. The number of nodes belonging to the set J has 
been chosen in such a way to avoid the nodes connected 
without redundant paths, resulting in 1330 nodes se-
lected as candidates for placement of the remote con-
trollers. The dimension of the set J makes the problem 
intractable by using exhaustive search techniques. 

In the solution process, the two-step selection of the 
node to install the remote controller, with a first selec-
tion of the feeder and a successive selection of the node 
belonging to the set J and located inside the feeder, has 
led to reducing the computation times of about 10 times, 
with respect to the case in which the node selection is 
always open to all the nodes belonging to the set J and 
not yet selected.  

In order to gain deeper insights on the characteristic 
of the proposed method, several tests have been carried 
out with different values of the input parameters. The 
parameters δ , α , β , KC and M have been varied 
within pre-defined ranges. The performance factor (8) 
and the duration of the iterative process have been ob-
served. For any given δ , the values of bγ  and cγ  have 
been tuned by checking the evolution of the maximum 
and minimum pheromone during the iterations. While 
the minimum pheromone tends to follow an exponential 
decay, due to the fact that at least one node never be-
longs to the best set of nodes, an inaccurate choice of 
the maximum pheromone could lead to very high 
pheromone values. If the same node would always be-
long to the best set found at all the iterations, the maxi-
mum pheromone would grow exponentially, leading to 
an even higher probability of selecting always the same 
nodes during the successive iterations. The occurrence 
of this behavior could trap the solution of the iterative 
process into a local minimum. A careful tuning of the 
parameters governing the pheromone decay and rein-
forcement can prevent excessive growth of the maxi-
mum pheromone, increasing the probability of finding 
alternative paths. Figure 3 shows an example of reason-
able evolution of the maximum and minimum phero-
mone during the iterations.  
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Figure 3: Evolution of the maximum and minimum phero-

mone during the iterations. 
 

A selection of significant results is shown in the se-
quel. For the sake of comparison, some results are rep-
resented by using their Cumulative Distribution Func-
tions (CDFs).  

A first test concerned the impact of the number of 
ants M on the solution. The CDFs of the performance 
factor obtained by varying δ , bγ  and cγ  within the 
same set of values for different numbers of ants M, with 
α  = β  = 1, ϕ0 = 10 and KC = 10, are shown in Figure 
4. For the 6.3 kV system under test, the performance 
factor exhibits an increasing trend when M increases, 
but the improvements become less and less effective for 
increasing values of M. The results of Figure 4 suggest 
limiting M to a value not greater than 500÷600. A fur-
ther information is given by Figure 5, concerning the 
computation time required, where it is clear that rela-
tively good solutions in terms of performance factor can 
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be reached for M = 600, but also for M = 300 in a much 
shorter computation time2, since the number of solu-
tions per unit time has a small variation with respect to 
the number of ants (Figure 6). 
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Figure 4: Performance factor for different numbers of ants. 
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Figure 5: Computation time vs. performance factor for differ-

ent numbers of ants. 
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Figure 6: Number of solutions per unit time for different 

numbers of ants. 
 

The impact of the exponents α and β on the per-
formance factor is shown in Figure 7, from which α = 1 
and β = 1 is considered to be an acceptable setting for 
the case under study.  

A specific analysis has been carried out by fixing the 
number N of remote controllers to specified values. 
Extensive testing has been performed with N variable 
from 10 to 1000 with a step of 10, by changing the 
                                                           

2 The numerical calculations have been performed on a Pentium IV 
1.7 GHz personal computer. 

parameters δ , KC and M within pre-defined ranges. 
Some of the best solutions found during the analysis for 
selected values of N are shown in Table 1. The optimal 
number of remote controllers found in the 6.3 kV sys-
tem is 100, corresponding to the performance factor of 
46.5% and to a total duration of the calculations of 2434 
seconds3. This number is in line with the operational 
practice, that suggests to install the remote controllers in 
about 10% of the total number of nodes. For N > 100, 
the performance factor decreases. 
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Figure 7: Impact of the exponents α and β on the perform-
ance factor (with M = 600, δ  = 0.1, ϕ0 = 10 and KC = 10) 

 
 

fixed number of remote 
controllers 

best performance factor found 
(%) 

10 10.9 
50 29.1 
100 46.5 
200 35.5 

Table 1: Best performance factors found in the 6.3 kV system 
with fixed numbers of remote controllers. 

 
The results obtained on the 6.3 kV system by using 

the proposed ACS method have been compared to the 
ones reached by using genetic algorithms (GAs), tradi-
tionally adopted by the authors for solving the opera-
tional planning problems of various large real distribu-
tion systems [2]. In the distribution system under test, 
the performance factor values resulting from ACS 
method were comparable to those obtained from GAs in 
many years of experience. However, the ACS method 
resulted to be faster than GAs both in terms of number 
of solutions per unit time (for the GAs, the value com-
parable to the results of Figure 6 was around 10 solu-
tions per second) and in terms of the total duration of 
the optimisation process (the average duration com-
puted from over a thousand GA calculations for a com-
parable value of KC for the stop criterion was up to four 
times higher than the average duration resulting from 
the proposed ACS method). In addition, the ACS 
method implemented has shown interesting behaviour 

                                                           
3 This solution has been obtained with M = 600, ϕ0 = 10, δ  = 0.1, 

bγ  = 210, cγ  = 35 and KC = 20.  
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in terms of converting specific adaptation of the solu-
tion strategy into performance factor improvements, so 
that searching for further refinements is worthwhile.  

4 CONCLUSIONS 
A new technique based on ACS has been presented 

for remote controller location in large distribution sys-
tems. The technique developed embeds reliability con-
cepts in the solution strategy and has shown interesting 
performance in terms of reducing the total annual costs 
by properly selecting a suitable number of remote con-
trollers to be installed in a subset of the selected set of 
distribution system nodes. The authors are working 
towards improving the solution strategy, with special 
focus on finding suitable alternatives for implementing 
the two steps of the search performed by each ant. The 
authors are also working to extend the proposed ACS 
method in order to include appropriate local heuristics 
for handling other planning actions, with the aim of 
developing a comprehensive ACS-based optimal opera-
tional planning strategy for large distribution systems. 
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APPENDIX 

A.1. The biased roulette wheel mechanism. 
Several parts of the algorithm described in Section 3 
require the random selection of a subject from a set of z 
= 1,…, Z subjects, each of which is associated to a fit-
ness value. This selection is performed by means of the 
biased roulette wheel mechanism, implemented as 
shown in Figure A1. The fitness values are first normal-
ised to obtain the heights ζz of the steps of the cumula-
tive staircase, for z = 1,…, Z. The selection of the sub-
ject is then performed by extracting a random number r 
from a uniform distribution in (0,1) and interpreting this 
number as a cumulative value, from which the corre-
sponding subject is selected (e.g., the subject #4 in the 
example of Figure A1). 
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Figure A1: Random extraction of a subject from a set of sub-
jects associated to fitness values. 
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