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Abstract— Directional Overcurrent Relays can be dynamically and quickly configured using optimization
techniques making the electrical network more resilient. In this work, the directional overcurrent relay coordi-
nation is modeled as mixed integer non-linear problem that minimizes the sum of relays operating times and
maximizes their coordination intervals. To solve this, the use of Multiobjective Canonical Differential Evolu-
tionary Particle Swarm Optimization is proposed in this work. The effects of different probabilistic distributions
(normal, uniform, triangular and qui-squared ones) to initialize the decision variables (time dials, pickup currents,
curves and indexes) are also discussed in this work. With the proposed method a reduction in convergence speed
of more than 50% can be obtained when the adequate probabilistic distribution is used. The decrease in time
can also be enhanced if a different acceptable reduction of the Coordination Time Interval is considered resulting
in different and robust solutions.

Keywords— Power System Protection, Computational intelligence, Optimization, Modelling and Simulation,
Blackout Prevention.

1 Introduction

The power system is subject to short-circuit cur-
rents, also known simply as faults, which may
damage certain equipment installed nearby and
interrupt temporarily the continuity of the ser-
vice for the consumers. The fault direction may
be forward (from relay ahead) or reverse (Ukil
et al., 2011). The normal flow is forward, where
the Directional Overcurrent Relay (DOR) oper-
ates when the current that flows is greater than
and established pickup, similar to a “setpoint”.
In contrary direction, the protective device re-
mains inoperative. In interconnected system with
DORs is important the coordination of each de-
vice to avoid misoperation. This consists in fol-
lowing key philosophy: the devices closer the fault
should operate firstly, and in case of a failure, its
backup device acts after a Coordination Time In-
terval (CTI).

One simple way to speed up the relay actua-
tion is to reduce the CTI. Electromechanical or
microprocessor-based relays have standard range
of CTI (generally, between 0.2 and 0.5 sec depend-
ing on the type). In the literature normally fixed
values are adopted, as 0.3 s, when the calcula-
tion is performed (Tjahjono et al., 2017; Elmit-
wally et al., 2015; Meskin et al., 2015; IEEE, 2001;
Noghabi et al., 2010). An adequate CTI depends

on several considerations such as: start time of el-
ements (reaction), possible delay of the upstream
relay, error margin due to Current Transformer
(CT) saturation, digital relays operating time and
relay contacts operating time. As these errors are
not well known and for safety reasons, greater CTI
values are preferred in practice.

The DOR coordination problem (Costa et al.,
2017; El-Fergany and Hasanien, 2017) is typically
solved by means of mixed integer non-linear pro-
gramming techniques in order to minimize an ob-
jective function, which consists in the sum of DOR
operating times (Bottura et al., 2017; Bernardes
et al., 2013).

Moreover, the optimal coordination of DORs
has been intensively studied in recent years
(Rajput et al., 2018; Shabani and Karimi, 2018;
Bernardes et al., 2015). The protection systems
using DORs are considered as backup protection
of protection of transmission systems, working
with distance relays, and as primary protection
of distribution or sub-transmission. In addition,
to help the protection engineers in setting cor-
rectly many different protection devices, nowa-
days the developed tools based on Artificial In-
telligence can minimize accidental operation. The
main target of this study is to find Time Multiplier
Settings (TMSs), taps and curve characteristic of
each relay considering constraints as CTI.
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From the above literature, it can be empha-
sized that a non-fixed CTI may be more useful
in practice. Furthermore, there are some diffi-
cult situations to be dealt with metaheuristic opti-
mization involving convergence speed and compu-
tational time. The improvement of the processing
time is directly dependent of the chosen distri-
bution for starting the decision variables. DORs
can be dynamically and quickly re-coordinated us-
ing optimization techniques after a topology re-
configuration provoked by a disturbance in the
system, for example. This make the operation
more secure and resilient under adverse condi-
tions.

In this paper, firstly, we propose a more
practical approach by using a coordination index
(function f2) to be maximized and not only to
minimize the sum of the operating times (func-
tion f1) already very used by many methods in
the literature. If the protection specialist wants
to find several operating times, knowing that the
CTI can be decreased up to a certain admissible
level in order to speed up the operation of the
devices, this is a plausible reason to map other
solutions. In short, verifying different acceptable
rates of lower CTI, it is possible to obtain several
robust solutions which take into account the bal-
ance or trade-off between the CTI and the speed of
DOR actuation. Secondly, another improvement
is reached when we understand about the poten-
tial region that each setting (decision variable) is
more favorable to remain after the optimization
process. It is significant the correct utilization
of probabilistic distribution function in the algo-
rithm to speed up the search. We evaluated how
a wrong choice of the distribution function may
influence the final results.

Our goal is reached by using a new ap-
proach called as Multiobjective Canonical Differ-
ential Evolutionary Particle Swarm Optimization
(C-DEEPSO) and tested in the IEEE 30-bus sys-
tem, which involves a large number of decision
variables. The multiobjective approach brings an
effective set of solutions to the protection engineer.
All algorithm is modelled using language C++.

In addition, the results demonstrate that the
simulation time decreased more than 50% when
choosing a more accurate probability distribution,
triangular or chi-squared distribution, instead of
normal or uniform one, being a significant en-
hancement for on-line application. It is observed
that the TMSs as well as the taps or Plug Set-
ting Multipliers (PSMs) tend predominantly to-
ward lowest values. For this reason, these vari-
ables are randomly initialized in the optimization
process with the majority of the numbers close to
the lower bound (decreasing frequency to upper
bound).

The remainder of this paper is divided into
five sections. The mathematical formulation

to coordinate the DORs is discussed in Section
2. Section 3 explains about the Multiobjective
C-DEEPSO, a novel technique implemented in
this paper. Section 4 deals with the probabilistic
distribution for the relay coordination problem.
The results are commented in Section 5. Finally,
the conclusions are drawn in Section 6.

Our goal is reached by using a new approach
called as Multiobjective C-DEEPSO (Marcelino
et al., 2016), which derives from the single ob-
jective meta-heuristic EPSO (Miranda and Fon-
seca, 2002). The multiobjective approach brings
an effective set of solutions to the protection en-
gineer. The algorithm is implemented using lan-
guage C++.

2 Modeling the Operating Time and
Coordination Index

The mathematical modeling that minimizes the
sum of operating time of all DORs (f1) while max-
imizes the coordination index (f2) satisfying ba-
sic constraints or conditions is described in Equa-
tion 1.

min. f1=
NP∑
i=1

NR∑
j=1

t′ij(PSMij ,TMSj ,Φj)+
NP∑
i=1

NR∑
j=1

NSj∑
k=1

···

t′′ijk(PSMijk,TMSjk,Φjk) (1a)

max. f2=

NR∑
j=1

NSj∑
k=1

γjk

m (1b)

s.t.

t′′ijk−t
′
ij≥γjk×CTImax, ∀i≤NP, ∀j≤NR, ∀k≤NSj (1c)

NR∑
j=1

NSj∑
k=1γjk==1

γjk≥(1−α)m, ∀j≤NR, ∀k≤NSj (1d)

1−β(1−e−10000×α)≤γjk≤1, ∀j≤NR, ∀k≤NSj (1e)

t(PSM,TMS,Φ)=TMS× AΦ

PSMBΦ−1
, ∀i≤NP, ∀j≤NR,···

∀k≤NSj (1f)

PSM= Icc
Ip
, ∀i≤NP, ∀j≤NR, ∀k≤NSj (1g)

Ip=CT ratio×tap, ∀j≤NR, ∀k≤NSj (1h)

Ip≥Ipre-fault, ∀j≤NR, ∀k≤NSj (1i)

Icc/CTprim≤20, ∀j≤NR, ∀k≤NSj (1j)

tap≤tap≤tap, ∀j≤NR, ∀k≤NSj (1k)

TMS≤TMS≤TMS, ∀j≤NR, ∀k≤NSj (1l)

α= n
m (1m)

0≤n≤m (1n)

0≤β≤1 (1o)

Sj3ςjk (1p)

∀i, j, k, n, m ∈ N. (1q)

where: t is the operating time ruled by the
IEC 60255 standard (Equation 1f), being divided
in t′ - primary relay - and t′′ - secondary re-
lay (Equation 1a); NP is the number of sce-
narios (types and locations of the short-circuit);
NR is the number of the installed relays (pri-
mary); Sj is the set of secondary relays, such as
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{ςj1, ςj2, ςj(...), ςj(k−1), ςjk}, of the primary relay j;
Nςj is the number of elements in Sj ; Φ is the curve
code; AΦ and BΦ are coefficients dependent on Φ;
γ is a multiplicative factor of CTI; CTImax is
the maximum CTI defined by the user; α and
n are the proportion and the absolute number of
pairs of relays which may suffer decrease in CTI,
respectively; m is the total number of pairs of re-
lays (number of constraints type Equation 1c); Icc
is short-circuit current; beta is the percentage de-
crease of CTImax; relay tap is selected according
to the input current Ipre-fault; CTprim is the rated
primary current of CT; Ipre-fault is the pre-fault
current; tap and TMS are lowest tap and TMS,

respectively; tap and TMS are greatest tap and
TMS, respectively.

The greater the coordination index goes, the
greater the sum of operating time becomes, con-
sequently being a contrasting condition. A low
coordination index speeds up the operation of the
DORs by decreasing the CTIs, however, high in-
dex lengthen the CTI if the involved devices re-
quire it (depending on the technology). CT’s
should not saturate when the short-circuit current
reaches its maximum amplitude, the protective
devices must be reliable enough to perceive the
minimum short-circuit current and they should
not operate for load current.

Equation 1d – 1e and 1h – 1l are not directly
influenced by the type and location of short-circuit
current during the simulation. In addition, f2 only
is unitary when all pairs have maximum CTI.
Equation 1d means that the number of γ’s equal
to 1 should be (1− α)m at least and Equation 1e
represents the percent range of CTI, being the
parameter α inserted in the step function. When
α is equal to zero, γ will be automatically equal
to one for all situations, constraining better the
search space.

The problem model has a discrete non-linear
nature. The proposal in this work is to trans-
form the hard constraint which deals with CTI
(fixed value) into a soft constraint, while still re-
specting the limits of the protection device. For
example, a typical CTI for microprocessor based
protective relays is between 0.1 and 0.2 s, while for
electromechanical devices is 0.3 to 0.4 s (Mansour
et al., 2007). Therefore, if this range is satis-
fied in this case, our problem will be satisfied.
The inspiration to design the method comes from
(Chinneck, 2008), which alters some constraints
to achieve feasibility in the context of a radiation
therapy planning problem.

As can be seen, the mathematical formulation
imposes conflicting specification on the technical
performance of a given system arrangement. To
examine the trade-offs between these conflicting
objectives and to check the available options, an
multiobjective algorithm that needs the designer’s
involvement as a decision maker has to be formu-

lated. For reaching this goal, the multiobjective
C-DEEPSO is proposed in Section 3. Following,
the probabilistic distributions for all decision vari-
ables are in Section 4.

3 An Overview About the Multiobjective
C-DEEPSO

C-DEEPSO is an advanced variant of the meta-
heuristic EPSO, which incorporates features of
Evolutionary Computation, Particle Swarm Op-
timization (PSO) and Differential Evolution (DE)
in a successful hybrid. These algorithms have
been employed in their single objective version in
many power system problems and industrial appli-
cations. For instance, in (Marcelino et al., 2016),
it was adopted to enhance the reactive power of
wind farms. C-DEEPSO uses a collective memory
instead of numerous and independent memories
which incorporates the search search experience
of each particle

Considering the total of np particles in the
simulation, the Movement Rule is given by Equa-
tion 2, Equation 3 and Equation 4. C-DEEPSO
performs successive evaluations by using a popu-
lation of solutions. Each individual i travels the
search space, reaching a positionXi

t−1 in each iter-
ation t−1. The term velocity V it modifies this po-
sition to the next iteration t. wiI , w

i
A and wiC are

the weights relating to inertia, assimilation and
communication, respectively. The superscript *
means that the corresponding variable suffers a
mutation stage while the simulation occurs. Ψ is
essential to verify whether the particle Xr, based
on its fitness value, will influence positively or not
in that specific iteration.

V it =wi,∗I ×V
i
t−1+wi,∗A ×(Xibest+F×Ψ)

+wi,∗C ×Ct−1×(X∗gb−X
i
t−1)

(2)

Ψ =

{
Xr−Xit−1, if f(Xr)≤f(Xit−1)

Xit−1−Xr, otherwise
(3)

Xit=X
i
t−1+V it (4)

Firstly, Xi
best is the individual best position

ever found and Xgb is the best position ever found
by the swarm (they are refined later to meet our
goal). F is a quantity which controls the am-
plification of differential variation, generally be-
tween zero and two. C means a diagonal matrix
with n × n dimension sampled at each iteration
and respects a Bernoulli distribution which takes
the value 1 (referring to the activated coopera-
tion term) with probability ρ, being here named
as communication probability rate. Secondly, Xr

is an individual that can be obtained based on
one of the following hybrid strategy: SgPb − rnd,
which guarantees a more appreciable assimilation
of the search space(Marcelino et al., 2016).
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C-DEEPSO has a memory apparatus called
Memory B with size φB pre-defined by the user,
being always less or equal to the total number of
particles. By concatenating B with all particles of
the current generation and keeping their dimen-
sion n, a new matrix is formed to find completely
all elements in SgPb − rnd scheme. Xr is ran-
domly sampled from this matrix (uniform distri-
bution). The random position ν must lie between
1 and (φB + np) size. An effective way to save
computational memory is just to observe whether
ν ≤ φB . Being affirmative, then Xr = Bν . Oth-
erwise, Xr = Xν−φB

t−1 .
Moreover, the described weights are mutated

according to Equation 5. The mutated weights
must not be less than 0 and greater than 1. τ and
τ ′ are the mutation rate determined by the user.
N(0, 1) is a random number from the standard
normal distribution.

wi,∗ = wi + τ ×N(0, 1)i (5)

To avoid the swarm to be trapped in certain
region, Xgb also is moderately modified by ap-
plying normal distribution as described in Equa-
tion 6.

Xi,∗
gb = Xgb + τ ′ ×N(0, 1)i (6)

By using these basic definitions, the solutions
with similar Pareto dominance rank (same front)
are sorted in ascending order. For this, find ini-
tially all nondominated particles and assign rank
= 1. Ignore temporarily these elements to achieve
the next ones. Continue this process until the
entire swarm to be properly classified to obtain
each front. Similarly to NSGA-II, we also gener-
ate offspring from ancestors, and apply a crowded-
comparison operator (≺c) to elect each solution
a toward a uniformly spread front via crowding
distance metric (adist) and reject part of the solu-
tions. The termXgb in Equation 2 is replaced with
XT%. It is a position which is taken randomly
from the top nondominated solutions ever found
by the swarm (e.g. best 5%). Xbest is modified
only when the new particle is nondominated and it
dominates the previous Xbest. Finally, the Multi-
objective C-DEEPSO can be summarized accord-
ing to Algorithm 1.

4 Probabilistic Distribution for Relay
Coordination

An important aspect to be discussed is the prob-
abilistic distribution of the initial random values
used for the relay coordination problem. In order
to obtain quality solution in shortest time by us-
ing less evaluations, it is interesting that the most
decision variables here, TMS, Ip, Φ and γ are al-
ready initially located in a region with expected
promisin solutions. It is also worth remembering

Algorithm 1 - Pseudo-Code of the Multiobjective
C-DEEPSO.

1: DEFINE np, F , φB , τ , τ ′ and ρ.
2: INITIALIZE swarm and save it in a list SList: The cur-

rent position of the i-th particle (Xi) and current veloc-

ity V i start with random number within a specific range.
In this investigation, Vmin = 10−5 × (Xmax − Xmin),
Vmax = 0.5× (Xmax −Xmin).

3: EVALUATE each particle in the swarm; t = 0.
4: DEFINE each individual best position Xibest as Xi.
5: FIND particles which give nondominated solutions in the

swarm, sort in ascending order following the rank and
store them in list P .

6: COMPUTE crowding distance value for each particle.
7: RESORT P according to crowding distance values.
8: CHOOSE randomly XT% for the i-th particle of the

sorted P (best 5%) because all the Pareto optimal so-
lutions are equally suitable by definition.

9: while stopping criteria is not satisfied as maximum num-
ber of evaluations or to execute a pre-established number
of evaluations without significant changes in any objective
function do.

10: for all particles in the swarm do . Using X
11: COMPUTE new velocity Vi using Equation 2 and

Equation 3.
12: CALCULATE now the new position based on

Equation 4.
13: end for
14: EVALUATE each particle in the swarm.
15: UPDATEXbest if it is better the previous one in terms

of dominance.
16: STORE all particle’s previous positions (P ) and the

new position Xi (Q) in a temporary vector to form R =
P ∪Q. Observe R in this moment has a size of 2× np.

17: REDEFINE R by finding particles which give non-
dominated solutions and sort in ascending order following
the rank. Similar in step 5, several fronts are found.

18: DO Step 6 and 7 in list R.
19: Using only the first np elements of R, TAKE randomly

XT% (best 5%).
20: CLEAR SList for the next procedure.
21: SELECT elements from R and insert them to SList.

Take care to respect rank position (1, · · · , 2, and so on)
and not exceed np, by simply rejecting the solutions from
this point onwards.

22: end while
23: return final swarm. The values are available in SList.

that the procedure does not prevent from visit-
ing distinct and distant regions (assuming the ex-
pected region is known), but to a lesser extent.

It is known that probability distribution plays
an important role to solve a number of real prob-
lems, such as to model the energy consumption of
electric vehicles (normal), to estimate the average
life cycle of equipment in electrical systems (ex-
ponential) and to represent circuit breaker closing
times.

This paper examines four types of distribu-
tion: a. uniform; b. triangular; c. normal and;
d. chi-squared one. The normal and chi-squared
probability distribution need to be properly orga-
nized in order to comply the minimum and maxi-
mum limits of the protective devices. Each one is
discussed in the following.

4.1 Normal distribution

Firstly, the standard normal distribution with
zero median and unit variance should be de-
normalized, i.e. by transforming [−Zσ;Zσ], being
Z ≈ 3, into [ximin ;ximax ], being xi equal to TDSi,
PSMi or Φi of one given relay i (Figure 1(a)).
For matching the range according to the param-
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eter of the protective devices, Equation 7, Equa-
tion 8 and Equation 9 are used in the simulation.
Z is equals to the standard score obtained by the
random number generator. The result of this cor-
rection may be viewed in Figure 1(b). x equal to
TDS is the decision variable to be used in the opti-
mization. After calculations, µ = 1.6, σ = 0.4406
and the denominator of Equation 8 is equal to
3.6314, in this case.

µi =
ximax − ximin

2
+ ximin (7)

σi =
ximax − µi

max{max(Z+);−min(Z−)}
(8)

xi = Zσi + µi (9)

Figure 1: Frequency and PDF of the normal dis-
tribution

(a) Z is the decision variable, µ = 0 and σ = 1.

(b) Employing the denormalization.

4.2 Chi-squared distribution

The chi-squared distribution leads to the same
reasoning, where the original values should also
be rescaled to fullfil the minimum and maximum
values of the relay settings. For this, use the math-
ematical formulation given in Equation 10 and
Equation 11 to transform linearly [limin < li <
limax ] into [ximin < xi < ximax ] for each DOR i.

γi =
li − limin

limax − limin
(10)

xi = γi × (ximax − ximin) + ximin (11)

Figure 2 shows the chi-squared distribution
complying the inferior and superior bounds of the
variable TDS. Degrees of freedom are υ = 2
and noncentrality parameter is δ = 0 in Fig-
ure 2(a). In Figure 2(b), [ximin ; ximax] =
[TDSimin ; TDSimax] = [0;3.2].

Figure 2: Frequency and PDF of the chi-squared
distribution

(a) l is the decision variable, being approxi-
mately equal to 14.

(b) Finding x using linear transformation.

4.3 Uniform and triangular distributions

The uniform and triangular distribution do not
need any scale transformation, because the min-
imum and maximum limits are inserted directly
and this procedure normally is well performed in
programming languages such as C++ or Matlab R©

(The MathWorks).

5 Results

The results of the Multiobjective C-DEEPSO will
be discussed in this part. As stopping criteria, the
simulation stops after a specified number of itera-
tions or consecutive iterations without significant
changes in the solutions, adopting a tolerance of
10−3 between the previous and current iterations.

The IEEE 30-bus test system (Figure 3) is
used in this investigation. It represents two
subsystems (132-kV subtransmission system and
33-kV distribution system), a well-known stan-
dard benchmark network of the American Elec-
tric Power system. We consider different short-
circuits, fault locations (close-in, intermediate
point and remote bus) and scenarios that repre-
sent contingency states. The link between them is
composed by four step-down transformers. Each
line is equipped with a circuit breaker as well as a
DOR with inverse characteristics, with PSM and
TDS in the range of 0.25 – 20 (Ip is directly ob-
tained by using Equation 1g and Equation 1h) and
0.05 – 3.2, respectively. Finally, a CTI varying of
200 ms down to a percentage decrease of 40% has
been adopted for all cases.

Figure 4 shows four Pareto curves in rela-
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Figure 3: IEEE 30-bus test system.
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tion to the number of particles after 100 itera-
tions. Note that 100 particles (red color) lead to
the algorithm to converge faster, minimizing f1

with the set of inequality constraints replaced by
a penalty function as well as maximizing f2. In
addition, observe that the case with 75 particles
(green color) has a better spreading of solutions
(see its extremes = {2.42× 1011;−0.902314} and
{2.75 × 1014;−1}). It is important to know the
trade-off among the curves and these character-
istics. t equal to 103 has been adopted in the
simulation when the current seen by the relay is
lower than Ip. The cardinalities among the cases
are respectively, 10, 18, 9 and 10.

Based on the solutions extracted from Fig-
ure 4, Table 1 shows the values of decision vari-
ables using 100 particles: the first 20 relays and
the first 38 pairs of primary and backup (P/B)
relays. Note that solution 11 has all γ equal to
1, while the inverse situation occurs in Solution 1.
In addition, Φ for each relay can be equal to 1 (In-
verse), 2 (Very Inverse) or 3 (Extremely Inverse).
Applying a close-in short-circuit, the number of

Figure 4: Pareto fronts versus number of particles.

 

 

 

cardinality_a1 =    10 

cardinality_a2 =    18 

cardinality_a3 =     9 

cardinality_a4 =    10 

non-satisfied pairs were 19, 22, 10, 6 and 5 out of
175 constraints, respectively. On the other hand,
when the short-circuit was applied at the remote
bus, the values were 29, 25, 18, 15 and 16 out of
175. See that greater γ lead to less miscoordina-
tion, but the operating time is negatively affected.

Furthermore, it is notorious that the perfor-
mance of the algorithm is strongly influenced by
the choice where the initial random points are po-
sitioned. Table 2 shows the final results of dif-
ferent probability distributions in relation to the
decision variables Ip, TMS and curve type. As
can be seen, six different tests were carried out
by changing the type of distribution. The criteria
stopping adopted was the cardinality value with-
out change for 20 successive iterations. This value
is shown in column FC. Observe that the conver-
gence speed when using triangular and chi-square
distributions in TMS or Ip are considerably better
than using uniform distribution, but the indicator
FC is lower, indicating few solutions. The abso-
lute difference between the maximum and mini-
mum times is 212.34 s. Therefore, a reduction of
57.10% in this parameter.

This technique is very useful to investi-
gate and fullfill two aspects for the protection
system reliability: dependability and security.
Dependability-related failure occurs when a device
does not operate properly at the required time. In
this case, the backup DOR can have shorter op-
erating time, acting before its primary one. A
security-related failure occurs when the relay op-
erates faster than designed (inappropriate opening
of a circuit). In the simulation, several levels of
operating time and coordination are shown for one
option to be chosen according to the phylosophy
of protective relaying.

The algorithm has been executed under ISO
C++ 2011 standard to design the code by han-
dling Eclipse free-software (version Luna 4.4.2).
The MinGW compiler, which includes GCC com-
pilers, and Boost source libraries (version 1.61.0)
has been used. The processor is an Intel i3 (2.13
GHz) and 8 GB RAM running MS Windows OS,
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Table 1: Decision variables of Pareto front (100 particles).
Variables S1 S2 S3 S10 S11 Variables S1 S2 S3 S10 S11

TMS1 0.364 0.8 0.125 0.8 0.151 Φ10 2 3 3 3 3

TMS2 0.222 0.8 0.8 0.263 0.374 Φ11 2 2 3 3 3

TMS3 0.777 0.142 0.8 0.8 0.8 Φ12 2 1 2 3 3

TMS4 0.607 0.641 0.8 0.359 0.491 Φ13 2 1 3 3 3

TMS5 0.664 0.8 0.8 0.8 0.8 Φ14 2 1 3 3 3

TMS6 0.672 0.74 0.05 0.8 0.8 Φ15 2 3 3 3 3

TMS7 0.8 0.67 0.8 0.8 0.8 Φ16 2 1 3 3 3

TMS8 0.261 0.626 0.8 0.8 0.8 Φ17 2 1 3 3 3

TMS9 0.743 0.417 0.8 0.8 0.8 Φ18 2 2 3 3 3

TMS10 0.164 0.8 0.8 0.426 0.35 Φ19 2 3 3 3 3

TMS11 0.29 0.679 0.8 0.8 0.535 Φ20 2 3 3 3 3

TMS12 0.403 0.8 0.8 0.8 0.8 γ1 0.871 0.928 1 1 1

TMS13 0.133 0.355 0.655 0.8 0.05 γ2 0.919 1 1 1 1

TMS14 0.393 0.244 0.8 0.8 0.8 γ3 0.987 1 1 1 1

TMS15 0.709 0.8 0.8 0.8 0.8 γ4 0.987 0.864 0.944 1 1

TMS16 0.378 0.435 0.799 0.8 0.8 γ5 1 0.912 0.992 1 1

TMS17 0.639 0.654 0.8 0.8 0.8 γ6 0.882 0.983 1 1 1

TMS18 0.33 0.297 0.8 0.8 0.8 γ7 0.948 0.850 0.930 1 1

TMS19 0.35 0.8 0.8 0.125 0.491 γ8 0.935 1 1 1 1

TMS20 0.8 0.8 0.8 0.8 0.8 γ9 0.929 0.9 0.98 1 1

Ip1 1318.65 1489.6 2029.12 2073.6 2073.6 γ10 1 0.834 0.914 1 1

Ip2
1375.82 1101.56 1641.08 2073.6 2073.6 γ11 1 0.973 1 1 1

Ip3
1143.54 1934.4 1934.4 1934.4 1934.4 γ12 1 0.945 1 1 1

Ip4 1163.43 1047.58 1352 1352 1352 γ13 0.829 0.958 1 0.989 1

Ip5
791.841 745.175 1119.17 1352 1352 γ14 0.981 0.872 0.952 1 1

Ip6 627.23 859.169 1232.77 1374.43 1413 γ15 0.989 0.824 0.904 1 1

Ip7
809.257 633.233 985.633 1357 1357 γ16 0.91 0.873 0.953 1 1

Ip8 1051.93 729.837 1147.44 1526 1526 γ17 0.988 0.969 1 1 1

Ip9
769.269 325.599 616.399 886 886 γ18 1 0.844 0.924 1 1

Ip10
946.024 548.553 1077.75 1494 1494 γ19 0.977 0.874 0.954 1 1

Ip11
1283.42 567.604 1028.4 1291 1291 γ20 0.918 0.877 0.957 1 1

Ip12
973 973 973 973 973 γ21 0.954 1 1 1 1

Ip13 1594.09 908.295 1579.5 2000 2000 γ22 0.827 1 1 0.987 1

Ip14
864.182 780.089 964 964 964 γ23 0.826 0.879 0.959 0.986 1

Ip15 691.182 1296.02 1992.42 2000 2000 γ24 0.963 0.904 0.984 1 1

Ip16
1330.63 800.646 1477.45 2000 2000 γ25 0.955 0.979 1 1 1

Ip17
1274.46 1303.14 1959.14 2000 2000 γ26 0.917 0.822 0.902 1 1

Ip18
641.575 497.623 893.623 1254 1254 γ27 0.929 0.99 1 1 1

Ip19
709.239 768.258 862 862.000 862 γ28 0.913 0.875 0.955 1 1

Ip20 399.46 459.192 515 515 515 γ29 0.967 0.948 1 1 1

Φ1 2 3 3 3 3 γ30 0.854 0.833 0.913 1 1

Φ2 2 3 3 3 3 γ31 1 0.861 0.941 1 1

Φ3 2 3 3 3 3 γ32 0.864 0.17 0.997 1 1

Φ4 2 2 3 3 3 γ33 0.847 0.73 1 1 1

Φ5 2 3 3 3 3 γ34 0.43 0.975 1 1 1

Φ6 2 2 3 3 3 γ35 0.48 0.982 1 1 1

Φ7 2 3 3 3 3 γ36 0.78 0.958 1 1 1

Φ8 2 3 3 3 3 γ37 0.12 0.839 0.919 1 1

Φ9 2 3 3 3 3 γ38 0.3 0.894 0.974 0.99 1

Table 2: Influence of the probability distribution
on optimization performance.

Tests Variables DIST IT Time [s] FC
TMS Uniform

258 371.86 81 Ip Uniform
Φ and γ Triangular
TMS Uniform

2 Ip Uniform 209 351.96 11
Φ and γ Normal
TMS Triangular

3 Ip Triangular 81 151.81 9
Φ and γ Normal
TMS Triangular

4 Ip Triangular 126 201.30 9
Φ and γ Uniform
TMS Chi-Squared

5 Ip Chi-Squared 116 186.87 5
Φ and γ Normal
TMS Chi-Squared

6 Ip Chi-Squared 79 159.52 6
Φ and γ Triangular

DIST – Distributions and IT – Iterations.

64 bits.

6 Conclusion

This paper reports the use of a multiobjective
technique developed from the original C-DEEPSO
to coordinate efficiently DORs. The strategy
has been devised by solving two objective func-
tions which treat the total operating time of these
DORs. The coordination index allows obtaining
a greater set of solutions which gives better op-
tions to the protection engineer. This index when

unitary (best situation for f2) guarantees the indi-
cated maximum CTI is found, which coordination
between the main and backup relays are plenty co-
ordinated, however it is expected to have greater
operating time (f1 gets worst performance). On
the other hand, when this index is decreased, re-
specting the margin established by the expert, f1

may get a better efficiency.
This trade-off has corroborated the use of

a multiobjective approach to study the coordi-
nation without needing to modify the number
of constraints (relay pairs) commonly used for
DOR coordination. A set of Pareto-optimal or
non-dominated solutions do not exclude a solu-
tion without inserting some specification defined
by the user preference. C-DEEPSO represents a
capable step towards solving other problems in
power systems involving two or even more objec-
tives.

A hybrid Particle Swarm Optimization algo-
rithm has been engineered in this paper, being
that performance comparison, with a naive ap-
proach or other possible algorithms, can be pro-
vided in further investigation.

Furthermore, depending on the number of
particles, the algorithm has shown different per-
formances in terms of algorithm convergence and
the diversity of the solution. Better Pareto front
has been obtained when using 100 particles, in-
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stead of 25 particles. Another point discussed in
the work has been about the probabilistic distri-
bution to initialize the solutions, which when used
adequately can enhance the solution significantly.
We suggested to use triangular and chi-squared
distribution to coordinate DORs in optimization
tools.
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