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Abstract

Driving Training-Based Optimization (DTBO) algorithm is a metaheuristic algorithm based on the simulation of driving training
process. Improved version of the DTBO is proposed in this paper for solving Optimal Power Flow (OPF) problem. The Improved
Driving Training-Based Optimization (IDTBO) algorithm includes the Crowding Distance Technique for more diverse driver
and learner selection and incorporates the Levy Flight distribution for better exploration and local optima avoidance. OPF is
considered as one of the most difficult optimization problems and is very important for the control of electrical network. The
objective of this study is finding the best control variables while minimizing the total generation fuel cost and considering
equality and inequality constraints of the system. The standard IEEE 30-bus network is used for evaluating the performance of
the IDTBO algorithm for solving OPF problem. For solving conventional power flow equation, Newton Raphson algorithm is
considered. Compared to Modified Driving Training-Based Optimization (MDTBO), Teaching Learning-Based Optimization
(TLBO) and Particle Swarm Optimization (PSO) algorithms, the proposed method is more accurate and is better in convergence
speed. The performance of the IDTBO is very useful for finding the most secure operating point of any electric power system
and its convergence speed contributes to improving the dynamic management of a smart electricity grid.
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1. Introduction

Power flow study consists of measuring the active and re- voltages, the transformer tap settings and the reactive power
active power at each bus of the network, while the goal of  of switchable VAR sources. The ideal power flow becomes
OPF problem is to optimize an objective function such as a large-scale, highly constrained nonlinear and nonconvex
generation fuel cost by adjusting power system control vari- optimization problem since each control variable has a limit.
ables which are the generator real powers, the generator bus In the literature, there are several methods for calculating
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power flow such as Newton Raphson (1960), Gauss Seidel
(1874), Brown (1971), Tensor (1972), Fast-decoupled (1974),
Iwamoto (1978), quadratic Newton (1980), Integral State Es-
timation (1983), Runge-Kutta (1986), Generalized Minimal
Residual (1993), continuous version of Newton (1997), New-
ton with partial regularization using Singular Value Decom-
position (2007) and Levenberg Marquardt (2008) [1]. For the
OPF problem, Mohamed Ebeed and al. (2018) identified 5
conventional optimization methods including linear program-
ming, nonlinear programming, quadratic programming, New-
ton’s Method and interior point method, and 89 recent optimi-
zation methods including 27 nature inspired algorithms, 11
human inspired algorithms, 6 physics inspired algorithms, 25
evolutionary inspired algorithms, 13 hybrid inspired algo-
rithms and 7 artificial neural networks and fuzzy logic ap-
proach [2]. Emmanuel and al. (2021) also identified 39 swarm
and bio-inspired optimization techniques, 11 human-inspired
optimization techniques, 4 physic-inspired optimization tech-
niques, 6 evolutionary-inspired optimization techniques, 5 ar-
tificial neural networks and fuzzy logic approach, and 12 hy-
brid optimization techniques [3]. PSO is proposed by M.
Abido (2002) for solving OPF in IEEE 30-bus with as objec-
tive functions: fuel cost minimization, piecewise cost, voltage
profile improvement and voltage stability enhancement [4].
Arul Ponnusamy and al. (2014) used Cuckoo Search Algo-
rithm (CSA) for OPF solution in IEEE 62-Indian utility sys-
tem with minimization of fuel cost function [5]. Bouchekara
et al. (2014) present TLBO for IEEE 30-bus and 118-bus with
quadratic fuel cost, piecewise quadratic cost, voltage stability,
voltage profile, and active power transmission losses as objec-
tive functions in the OPF issue [6]. Recently, O. M. Ranarison
(2025) proposed a Modified Driving Training Based
Opitmization algorithm for solving OPF problem with five ob-
jective functions: minimization of fuel cost, voltage profile
improvement, voltage stability enhancement, minimization of
active and reactive power losses, applied in IEEE 30-bus sys-
tem [7]. According to the survey of Levy Flight-Based Me-
taheuristics for Optimization by Juan Li and al. (2022), thir-
teen thousand Levy flight-related studies have been published
in journals/dissertations/conferences up to 23 April 2022 since
Levy flight was proposed in 1981. 13% of these relate to the
field of engineering, but no precision for Electrical engineer-
ing [8]. However, the state of the art proves that there are some
metaheuristic algorithms using Levy Flight for OPF solution.
Edmond and al. (2017) proposed OPF by Cuckoo Search via
Levy Flight algorithm on a standard IEEE 30-bus with fuel
costs minimization, voltage profiles improvement and piece-
wise quadratic cost curve; results are compared to PSO and
Differential Evolution (DE) algorithms [9]. An improved
TLBO algorithm (ITLBO) using Levy mutation strategy for
non-smooth OPF is also proposed by Ghasemi and al. (2015),
tested on IEEE 30-bus and 57-bus systems with voltage sta-
bility, emission minimization, generation cost, quadratic cost
with valve-point effect and piecewise quadratic cost, as objec-
tive functions [10]. K. Lenin (2018) used crowding distance

based particle swarm optimization algorithm (CDPSO) for
solving optimal reactive power dispatch problem with mini-
mization of real power loss and minimization of voltage devi-
ation, tested in IEEE 30-bus network [11].

In this paper, Improved version of Driving Training-Based
Optimization algorithm is proposed, using Levy Flight and
Crowding Distance techniques. Objective function is to mini-
mize fuel cost generation while considering constraints of the
IEEE 30-bus system. For the numerical calculation of power
flow, the Newton-Raphson method is considered.

2. Power Flow

2.1. Mathematical Modeling of Power Flow

As shown in Figure 1, each bus of electrical network is
characterized by 4 variables which are: P; (active power in-
jected), Q; (reactive power injected), V; (magnitude voltage),
6; (voltage angle), “i” is the bus number. The powers gener-
ated at the bus i are denoted by P;; and Q; ;, and powers load
by P;; and Q; ;. The active and reactive powers injected at
the bus i are given by:

Pp=P;;—P,; +X;P; (D
Qi=0Q;i—Qui +X;0Q; 2

P;j and Q;; are power transmitted in the line ij and given
by:

Pij = Real{gu} (3)
Qij = —Imag{S;;} 4)

Apparent power of line ij is:

*

§ij = Vi 7i j ©)
With:
Tij = _(VL - Vj)YbuSik (6)
Ybus;, is the bus admittance of branch i and k.
Depending on the case, a bus can be of type PQ bus, PV bus
or Slack bus. There is at least one slack bus per network where
the most powerful power plant is associated. The description

of each type of bus is given in Table 1. The general power
equations of bus i are then given by:

P; = Real {gi*} @)

Q: = —Imag {S;} ®)
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Where Ei* is the conjugate apparent power of bus i, given
by:

ﬁ LOAD FLOW command

§i = Pi _]Ql V [ = i Z‘Z:l YbuSika

Power Generator

P
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"

Regulator
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Figure 1. Power control in an electrical network.

Table 1. Bus classification.

Bus Type Specified variables Desired variables
PQ bus P v, 6
PV bus P,V Q,0
Slack bus v, o P, Q

2.2. Newton-Raphson’s Method

Newton-Raphson’s method is iterative and consists, at each
step, of using the intersection between the x-axis and the tan-
gent to the curve at the previous point (Figure 2).

k+1

k _ f(xk) (10)

x e

=x
For n the total number of bus in the network, the power
equations are:

{PL :Pi(V1'V2’ ...,Vn,91,92, ""671,) Wlth l: 1 n (11)

Ql. = Qi(Vll VZ' R Vn' 01' 02' R en)

The power residuals obtained according to Newton-
Raphson’s method are:

pk
APF =37 < ’AG" iAVj")
v

k _ 30 \ hk , 90F \ ik
AQ! —Z?=1<a,,j 26) +a—VjAV]-)

APik — Pik+1 Pk Pplan Pik
AQF = QF*' —QF = Q""" — of

k _ pk+1 k

k _ pyk+1 k
avf = v -y,

With Piplan, le lan are the planned values, and
the calculated values.
Hence the following matrix equation:

[46%]

[AV¥]

[1470] = 1

[4Q"]

o] 37

[av¥] [AQ"]

With [J¥] is the Jacobian given by:

©

(12)

(13)

k nk
P/, Q; are

(14)

(15)
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ropk apk  apk aPFT
30, 36, v, AV
apk apk aprk apk
w1 |oes 36, v, AV
U 1=1, « k k k (16)
901 % 901 | 0%
36, 36, v, AV
sen . 0K oer . den
[ 90, 36, v, AV

Finally, results are obtained by:

k+1 _ pk k
0" =060 +A460 4 T (17)
Vik+1 — Vik +AVlk ’

y=f

Figure 2. [terative method of Newton-Raphson.

3. Optimal Power Flow

3.1. Mathematical Modeling of Optimal Power
Flow

Let x be a vector of dependent variables and u a vector of
control variables:

X = [PGl' VL1 VL,NPQ' QGl QG,NGISTL,l "'STL,NTL] (18)

u= [Pa,z wPene Vo1 Vone Qe+ Qener Tt ---TNT] (19)

P;q: active power output at slack bus;

V,.: voltage magnitude at PQ buses;

Qg reactive power output of all generator units,

Sy transmission line loading,

NPQ: number of load buses;

NG : number of generator units;

NTL: number of transmission lines

P active power generation at the PV buses except at the
slack bus;

Vi : voltage magnitude at PV buses;

Qc¢: shunt VAR compensation;

T: tap settings of transformer;

NC: number of VAR compensators;

NT: number of regulating transformers

By minimizing an objective function F made up of x and u,
the OPF problem can be modeled as:

Min F(x,u) (20)

The objective function for minimizing the total generation
fuel cost can be expressed as:
Fy = XX Fi(Pe) = L (a; + biP; + ¢iPg)  (21)

Where a;, b;, c; are the cost coefficients of ith generator.
The equilibrium between generated and load powers is rep-
resented by the equality constraints:

Pei—P,;=0 (22)
Qci— Q=0 (23)

Inequality constraints are security constraints that are
closely related to system limitations.

PMn < Py < PM* i =1,2,..,NG (24)
VRN < Vo S VIO =12,..,NG (25)
QI < Qg < QM** { =1,2,...,NG (26)
T < T, <TM* i =1,2,..,NT (27)
QMM < Qe < QM i=1,2,..,NC (28)
Sy <SP =12,..,NTL (29)
Vi <V, S Ve i =1,2,..,NPQ (30)

3.2. Driving Training-Based Optimization
Algorithm

DTBO is a human-based metaheuristic algorithm, for
solving optimization problems on the base of simulation of
driving training process, developed by Mohammad
Dehghani and al. (2022) [12]. Main idea is presented in Fig-
ure 3 and explained as follow: “Driving training is an intel-
ligent process in which a learner driver is trained and ac-
quires driving skills. Learner driver can choose from several
instructors when attending driving school. The instructor
then teaches the learner driver the instructions and skills.
The learner driver tries to learn driving skills from the in-
structor and drive following the instructor. In addition, per-
sonal practice can improve the driver’s skills of the learner.

34
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These interactions and activities have extraordinary poten-
tial for designing an optimizer” .

Figure 3. Main idea of DTBO.

Driving students and instructors make up the DTBO popu-
lation, where size N is manually chosen. The population ma-
trix models the OPF problem, and DTBO members represent
potential solutions:

X X11 X1j X1m
X=X = | X Xij Xim (31)
X Xy i
Xy x1 N1 Nj Xnmdysm

m is the number of problem variables, X; is the ith candi-
date solution, x;; is the value of the jth variable determined
by the ith candidate solution and is randomly initialized using
following equation:

x;; = lb; + - (ub; — Ib)),

(32)

Ib; and ub; are respectively the lower and upper bounds
of the jth variable; r is a random number from [0, 1].

Every candidate is put into the objective function, and the
population's best member is the one with the best value (X} )-

Fy F(X1)
F=|F =|F(Xy) (33)
Fy NX1 F(Xy) Nx1

DTBO is modelled in three different phases:

Phase 1: Training by the driving instructor (exploration)

The learner driver selects the driving teacher in the first step,
and the chosen instructor then instructs the learner driver in
driving. It can be stated as:

35

DIy, Dllj DIy,
DI = | DIy DI Dl (34)
DINDll DINDIj DINDIm Npxm

The top participants are regarded as driving teachers in each
iteration ¢, while the remaining members are classified as
trainee drivers. Using the following formula, the number of
driving instructors Np; decreases with each iteration:

Np;=01-N-(1—-¢t/T) (35)
T is the maximum number of iterations.

The following formula is used to determine each member's
new position:

P1_ xi,j+T'(lei'j—l'xi‘j),FD1ki <Fl.

xPt = (36)

Xijt+7r: (xi,j - lei,j) , otherwise.

I is a number randomly selected from the set [1, 2], r is a
random number in the interval [0, 1].

If this new position increases the objective function's value,
it replaces the old one.

X

_ {X{’l, si FP* < F, (37)

X;, otherwise

Phase 2: Patterning of the instructor skills of the student
driver (exploration)

The learner driver mimics the instructor in the second phase.
The DTBO's exploration power is increased by this process,
which shifts the population to various locations throughout the
search space.

x{F=P-x;+(1—P): Dy, (38)
XFP? si FP? < F,
Xp=y1 "t ! 39
' { X;, otherwise (39)
P is the patterning index given by:
P =0.001+09(1—-t¢t/T) (40)

Phase 3: Personal practice (exploitation)
This third stage is built on each student driver's individual
practice to develop and strengthen their driving abilities.

P3

xl-,j =xl’1+(1—27")R(1—t/T) x,:']' (4])
XP3,si FP3 < F,

X, ={ i i i 42

¢ X;, otherwise “42)

r is a random real number of the interval [0, 1], R is the
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constant set to 0.05.

3.3. Improved Driving Training-Based
Optimization Algorithm

IDTBO algorithm using Levy Flight and Crowding Dis-
tance Techniques are recently proposed by Daniel Kwegyir
and al. (2024) [13]: “The choice of learners and drivers in the
original DTBO process can significantly impact the algo-
rithm’s accuracy. In the DTBO algorithm, drivers are the
members used to produce new solutions in each iteration. If
they are poorly chosen, the DTBO algorithm’s chances of
finding optimal solutions are minimal. Furthermore, if the
learners are well chosen, there is a higher chance that the al-
gorithm will converge to a reasonable solution within the
search space”.

Implementation of Crowding Distance Technique:

A solution's similarity to its neighbors is measured by its
crowding distance [14, 15]. The number of drivers chosen in
equation (35) is always 10% of the entire population or less.
Because many candidate members are left as learners and only
a small number of the solution's fit members are chosen as
drivers, this makes it difficult for the algorithm to produce
high-quality solutions and avoid becoming trapped in local
optima. The drivers and learners are chosen in crowding dis-
tance selection in order to maximize the average crowding dis-
tance of the chosen solutions.

First, arrange everyone in the population in order of best to
worst solution. F,,, and F,,;, are respectively the objective
value of the best and worst solution.

F(Xpest) Fax
F=| F (‘:Xi) = Fl (43)
F(XM./orst) Nx1 Frr;in Nx1
Next, determine each member's crowding distance:
d = =i (44)

P =
Fmax = Fmin

In the subsequent algorithmic iteration, choose the top half
of the population with the greatest crowding distance to be
drivers and the other half to be learners.

Implementation of Levy Flight distribution:

Equation (32) defines the random distribution that was fre-
quently utilized to initiate the population in the original DTBO.
However, the method can search outside the immediate search
space of initial solutions and possibly uncover superior solu-
tions if Levy Flight is used to initialize the solution [16-18].
Additionally, by avoiding local optima, Levy Flight prevents
the algorithm from prematurely converging to subpar answers.
The formula to produce an initial random solution is as fol-
lows, where A and D represent the number of search agents
and the problem's dimension, respectively:

xyj = Ib; + (ub; — Ib;) - rand (4, D) (45)

Next, determine the Levy distribution's step size using:

step size = (46)

L
VD
Next, create a Cauchy number at random using the Cauchy

distribution. The typical probability distribution function is
applied, using scale value 1 and location parameter O:

1

f(X) - m(1+x2) (47)
Levy number is given by:
levy number = step size X Cauchy number  (48)

Lastly, the answer is scaled down using the Levy flight:

Xij = x;; + rand(A, D) - levy(A) (49)

Flowchart of IDTBO is presented in Figure 4.

—

v
| Input options of the problem |
2
Set value of max iteration T, and
number of population N
¥
| Initialize the population matrix using Lévy Flight ‘
)
| Calculate value of the objective function |
I
v

| Update DI matrix based on the crowding distance method |
[
Start the first phase

Calculate xf} and update X;
v
Start the second phase

P2
Calculate x; j and update X;

¥
Start the third phase

Calculate xfjg and update X;

t=t+1
i=1

Output of the best optimal solution of the objective function ‘
v

Figure 4. Flowchart of IDTBO.

Yrsl
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4. IEEE 30 Bus Network

Variables

Py
P,

25

1 28

24

e Slack bus
== PV bus
—— PQbus

Figure 5. IEEE 30-bus system.

Six power generators (buses 1, 2, 5, §, 11, and 13), four
transformers with an off-nominal tap ratio (lines 6-9, 6-10, 4-
12, and 28-27), and nine shunt VAR compensation buses
(buses 10, 12,15, 17,20, 21, 23, 24, and 29) make up the [EEE
30-bus system (Figure 5). Cost coefficients, bus data, genera-
tor data, and line data are provided in [19, 20]. The control
variable and line power transmission minimum and maximum
limits are provided in [7].

Solution of OPF with IDTBO algorithm for minimizing fuel
cost is given in Table 2. Results are compared with Particle
Swarm Optimization (PSO), Teaching Learning-Based Opti-
mization (TLBO) and Modified Driving Training-Based Op-
timization (MDTBO) algorithms.

The MATLAB code for IDTBO is executed with the same
machine as the three others algorithms, with more interesting
elapsed time which is equal to 149s (15% improved compared
to 177s with MDTBO, and 50.9% improved compared to 305s
with TLBO). The PSO’s convergence speed remains the best,
but with a less optimized result (799.5823$/h) compared to
that obtained with IDTBO (799.2659$/h). Furthermore, com-
pared to MDTBO (799.5753%/h), the cost is more attractive
with the new method. In Figure 6, IDTBO also represents an
interesting fuel cost variation.

Table 2. Optimal settings of control variables with PSO, TLBO, MDTBO and IDTBO.

Min

50
20
15
10
10
12
0.95
0.95
0.95
0.95
0.95
0.95
0.9
0.9
0.9
0.9
0.0

Max

200
80
50
35
30
40
1.1

Initial case

99.2225
80

50

20

20

20
1.0500
1.0400
1.0100
1.0100
1.0500
1.0500
1.0780
1.0690
1.0320
1.0680

PSO TLBO MDTBO IDTBO
177.3006 177.0567 176.9336 176.6836
48.7654 48.6972 48.6810 48.7035
21.3155 21.3043 21.2255 21.2130
20.8126 21.0814 20.9396 20.9662
11.8358 11.8842 11.7209 12.0235
12.1574 12.000 12.6520 12.4609
1.1000 1.1000 1.1000 1.1000
1.0873 1.0879 1.0876 1.0882
1.0613 1.0617 1.0608 1.0614
1.0695 1.0694 1.0689 1.0701
1.0999 1.1000 1.1000 1.0995
1.0999 1.1000 1.1000 1.0998
0.9902 1.0447 0.9497 0.9595
1.0436 0.9000 1.0125 1.0261
1.0999 0.9863 1.0177 1.0104
1.0123 0.9657 0.9717 0.9733
0.0018 5.000 2.2939 3.1194
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Variables Min Max Initial case
Q12 0.0 5.0 0
Qs 0.0 5.0 0
Q17 0.0 5.0 0
Q20 0.0 5.0 0
Q21 0.0 5.0 0
Q23 0.0 5.0 0
Q24 0.0 5.0 0
Q29 0.0 5.0 0
Cost ($/h) 901.9501
Pjpss(MW) 5.8225
Q10ss(MVAR) -4.6063
Vp 1.1496
Lmax 0.1723
Elapsed time
900 " - - - - - . . .
IDTBO
890 MDTBO | |
TLBO
830, PSO
870
860
£
& 850
B ga0
o
830
820
810
800
790 ; : : L : : . : .
0 50 100 150 200 250 300 350 400 450 500

Iterations

Figure 6. Fuel cost variation with IDTBO, MDTBO, TLBO and PSO.

In the first instance, there were some voltage breaches at
buses 19 through 30 (below the minimum 0.95 p.u.), but the
IDTBO results show that there are no longer any violations
(Figure 7).

Active power flow and losses through transmission line is
given in Figure 8. Active power losses are more interesting
with IDTBO (a total of 8.6514 MW) compared to MDTBO (a

PSO TLBO MDTBO IDTBO
4.8882 5.000 1.5445 2.3485
1.4461 5.000 2.1016 1.6498
4.9987 5.000 2.4704 4.9998
1.8570 5.000 0.8641 4.4746
0.0004 5.000 3.6410 4.9998
4.9983 3.8490 1.7289 4.8488
3.1354 5.000 0.77854 2.3917
4.9907 2.7434 1.0707 1.9906
799.5823 799.0680 799.5753 799.2659
8.7880 8.6245 8.7532 8.6514
3.2444 4.1827 5.0820 4.4967
1.0757 1.8583 1.4079 1.5887
0.1270 0.1164 0.1268 0.1214
107.9159 305.0494 177.6250 149.7006

38

total of 8.7532 MW). Similarly, the reactive power losses is
greatly improved with IDTBO (a total of 4.4967 MVAR)
compared to MDTBO (5.0820 MVAR). Reactive power flow
and losses through transmission line is given in Figure 9.

Considering the imposed inequality constraints, including
the limit on the power transmitted through the lines, solving
OPF with IDTBO represents no violation with the considered
objective function. As shown is Figure 10, there is still a sig-
nificant margin before the power limits are reached.

1.1

108

106

1.04

1.021

Py
T

0981

o
©
=]

Voltage magnitude (p.u)

[_JioTBO
[ Initial case
Min 0.95 p.u.

094

0921

0.9

TNMFTOONOD

10
1
12
13

@ 14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30 b

Figure 7. System voltage profiles for initial case and IDTBO.
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Figure 8. Active power flow and losses through transmission lines with IDTBO.

Power (MVAR)
5§ o 8 &8 8

IS
o

IS @ o ke S SN o SN SN o e DI IN G o R B B S W R b S S o
1 2 3 4 56 7 8 9 1011 1213 14 1516 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41
Line number

>
=)

L1 [ I A A N R e N RN /AN AN N R A NN RO A 0 S B A A A R e (P s o |
[_JLosses MVAR

4 -

Q|055

Y O O L S O O T N D I O I S (N U I O S N L S O T S D T T
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41
Line number

Figure 9. Reactive power flow and losses through transmission lines with IDTBO.
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Figure 10. Apparent power flow through transmission lines with IDTBO.

5. Conclusions

In this paper, an enhanced version of the DTBO algorithm
has been proposed for solving OPF problem. IDTBO introduces
two critical enhancing in the original DTBO: first, drivers and
learners are chosen using the crowding distance technique, sec-
ond, initialization phase incorporates the Levy Flight distribu-
tion. These improved the algorithm’s convergence speed, diver-
sity, accuracy and aid in escaping local optima entrapment.
With minimization of fuel cost as objective function, applica-
tion’s results of IDTBO in IEEE 30-bus network are compared
to three metaheuristic algorithm: MDTBO, TLBO and PSO.
The results show that IDTBO is more interesting with the best
optimized value and the best convergence speed.
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DTBO Driving Training-Based Optimization
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Optimization
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