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ARTICLE INFO ABSTRACT

Keywords: Strategic siting and sizing of renewable-dominated distributed generators (DGs) is pivotal to curbing technical
Distributed generators (DGs) losses and safeguarding voltage quality in modern distribution networks. This paper presents a fully scripted,
Genetic Algorithm (GA)

direct Python-PowerFactory framework that eliminates the file-exchange overhead of conventional MATLAB
co-simulation and embeds the recently conceived Deep-Sleep Optimizer (DSO) a meta-heuristic that alternates
between “deep-sleep” global exploration and “wake” local exploitation. The proposed workflow is evaluated
on the IEEE-33 radial feeder and rigorously benchmarked against the Genetic Algorithm (GA) and Teaching—
Learning-Based Optimization (TLBO). The multi-objective problem minimizes real-power losses and maximizes
the minimum voltage-stability index subject to generator, voltage, and thermal constraints. For fair comparison
all solvers use identical population sizes and iteration budgets. DSO reaches steady convergence in fewer than
20 iterations, whereas TLBO and GA require roughly 40 and 70 iterations, respectively. In the single-DG
case DSO and TLBO each halve active losses (to ~91 kW, —56%) and raise the weakest node to 0.983 pu,
outperforming GA’s 0.978 pu. With two DGs, DSO yields the lowest loss (55.9 kW, —73%) using only 2.72 MW
of capacity and completes in 528 s one third of TLBO’s runtime. The most demanding three-DG scenario
underscores DSO’s superiority: losses plummet from 210 kW to 28.9 kW (—86%), the weakest-bus voltage climbs
to 0.998 pu, no bus exceeds 1.013 pu, and the installed capacity (3.84 MW) is 30% lower than GA’s requirement
while runtime (666 s) is 81 % shorter than TLBO’s. DSO also trims reactive losses by 81 % and produces the
flattest voltage profile (standard deviation < 0.005 pu) without breaching the 0.95-1.05 pu statutory band.
Because both DSO and TLBO are parameter-free, the framework removes the need for heuristic tuning, making
it attractive for day-to-day planning. Overall, the results establish DSO as a high-performance, low-maintenance
optimization engine that unlocks deeper loss cuts and tighter voltage regulation than established methods
at a computational cost compatible with routine distribution-planning studies. Future work will extend the
methodology to time-series optimization with stochastic photovoltaic and load profiles, meshed feeders, and
full techno-economic assessment.

Deep Sleep Optimizer (DSO)

Teaching and learning-based optimization
(TLBO)

Optimization algorithms

1. Introduction

Efficient placement and capacity determination of distributed gener-
ators (DGs) in distribution systems is a key strategy to enhance system
reliability and performance. This involves identifying ideal locations
and optimal DG sizes to curtail energy losses, stabilize voltage levels,
and uphold operational integrity [1,2]. The shift toward decentral-
ized and renewable-based power generation through technologies like
solar PV, wind turbines, and micro-CHP is reshaping energy systems
worldwide [3]. DGs can decentralize power supply, reduce transmission
losses, and increase system resilience [4], but their integration poses
both technical and economic hurdles.
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Improper siting and sizing of DG units can lead to excessive power
losses, voltage instability, and reverse power flows, which may nega-
tively impact the overall grid performance [5]. Therefore, optimizing
DG placement and capacity is essential to ensuring an efficient and
stable power system. This optimization process must consider various
factors, including load demand patterns, network constraints, power
loss minimization, voltage regulation, and economic feasibility [6].
To solve this complex problem, researchers and engineers employ a
range of optimization techniques, such as metaheuristic algorithms [7-
10], mathematical programming [11], and artificial intelligence-based
methods [12,13].
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Appropriately sized and strategically situated distributed generators
(DGs) possess the capacity to substantially improve voltage profiles,
thereby mitigating deviations and augmenting overall system stabil-
ity [9,14]. DG placement and sizing lead to substantial reductions in
real and reactive power losses, contributing to more efficient power
distribution [15,16]. Optimal DG integration promotes system reliabil-
ity and security by solving the difficulties of increasing power demand
and obsolete infrastructure, assuring a reliable power supply.

A variety of optimization strategies have been developed to address
the complex task of determining the optimal placement and capacity
of Distributed Generators (DGs). Each technique brings a unique set
of mechanisms and strengths. In [17], a mixed-integer linear program-
ming (MILP) approach was proposed for DG sizing. In [9], the League
Championship Algorithm (LCA) was utilized to simultaneously identify
the best locations and sizes of DG units. The method incorporates
the Loss Sensitivity Factor (LSF) for site selection, followed by LCA-
based determination of capacity. Tests conducted on IEEE 33-bus and
69-bus systems highlighted notable improvements in voltage control
and reduced energy losses compared to standard approaches. Similarly,
Shaikh et al. (2024) introduced the Black Widow Optimization (BWO)
technique, a multi-objective method inspired by the mating behavior of
black widow spiders. This algorithm was designed to optimize both DG
and DSTATCOM deployment, enhancing voltage stability, minimizing
energy losses, and reducing the quantity of equipment needed [10].
In [18], a hybrid Artificial Bee Colony (ABC) and Particle Swarm Opti-
mization (PSO) technique was proposed for determining the optimal
location of static var compensators (SVCs), while [19] presented an
approach for optimal shunt capacitor placement using Constriction-
Factor Particle Swarm Optimization (CFPSO). However, both studies
primarily addressed voltage profile enhancement and did not consider
power loss mitigation in distribution networks.

Particle Swarm Optimization (PSO) is another widely adopted
method due to its simple implementation and high convergence per-
formance. It has been frequently employed to optimize the location
and sizing of renewable energy resources within radial distribution
systems, with common objectives such as power loss reduction and
voltage profile enhancement. Several studies have reported that PSO
often achieves better outcomes than Genetic Algorithm (GA) when
applied to these challenges [7,8].

A significant number of studies have implemented hybrid
approaches that combine MATLAB and DIgSILENT PowerFactory for
the purpose of DG optimization. In these setups, MATLAB executes the
optimization algorithm, while DIgSILENT simulates the power network
behavior. Although this co-simulation strategy is effective, it introduces
delays because of the continual data exchange required between the
two software environments.

For example, research in [20-22] used this method to optimize the
location and capacity of battery energy storage systems (BESS). Meta-
heuristic algorithms were applied in MATLAB to perform optimization,
with DIgSILENT handling the simulation feedback. However, this back-
and-forth exchange of information between platforms at every iteration
resulted in added computational burden.

While the co-simulation framework proved technically viable, the
performance was hindered by the repetitive transfer of large datasets
during iterative processes [23,24]. To overcome this limitation, the
present study proposes a more efficient approach that utilizes Python
to directly manage both the optimization and simulation tasks through
its native interface with DIgSILENT PowerFactory. Python’s powerful
computational libraries and automation capabilities, combined with
its direct access to DISILENT’s simulation core, eliminate the need
for inter-software communication. This integration significantly en-
hances computational speed and enables scalable implementation. In
this work, the Deep Sleep Optimizer (DSO) algorithm is employed to
demonstrate this Python-based optimization technique for the optimal
siting and sizing of DGs in the IEEE 33-bus system.
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Building on these prior studies, this paper focuses on the strategic
placement and sizing of DGs with the dual objectives of minimizing
power losses and enhancing voltage stability while ensuring economic
feasibility. Unlike earlier co-simulation approaches, we propose a di-
rect Python-PowerFactory framework that eliminates data-exchange
overheads and enables faster, more scalable optimization. This study
therefore aims to provide practical insights into DG integration strate-
gies that strengthen both the efficiency and sustainability of modern
distribution networks.

The Deep Sleep Optimizer (DSO) is a human behavior-inspired
metaheuristic algorithm that mimics the sleep-wake cycle. It features
global exploration during the deep sleep phase and refined local search
during wakefulness, guided by mechanisms such as circadian rhythms
and sleep homeostasis. Introduced in recent studies [25], DSO has
shown promise in renewable energy planning, especially in multi-
application energy storage systems, as demonstrated in [26].

Comparative studies have benchmarked DSO against other cutting-
edge metaheuristic methods, including the Improved Golden Jackal
Optimization Algorithm (IGJOA) [27], Hiking Optimization Algorithm
(HOA) [28], and Wombat Optimization Algorithm (WOA) [29], re-
vealing competitive or superior performance. However, this research
focuses on comparing DSO with more widely used algorithms in DG
planning: GA and TLBO. To date, DSO has not been explored for the
specific problem of DG siting and sizing, positioning this study as a
novel contribution to the field.

This research applies the DSO technique to optimize the allocation
of DGs in a distribution system, capitalizing on its biologically moti-
vated search strategy to minimize losses and improve voltage profiles.
To the best of our knowledge, this marks the first application of DSO
in the context of DG placement within the IEEE 33-bus network. The
proposed approach is anticipated to deliver higher-quality solutions
and support more effective integration of DGs into evolving power
distribution architectures.

Contributions of this work

Based on the research gaps identified in the literature, the main
contributions of this paper are summarized as follows:

1. This is the first study to apply the Deep Sleep Optimizer (DSO)
for strategic placement and sizing of DG units in distribution
networks.

2. A direct Python-PowerFactory framework is developed, which
eliminates MATLAB co-simulation overhead and integrates opti-
mization with simulation efficiently.

3. The proposed approach benchmarks DSO against Genetic Algo-
rithm (GA) and Teaching-Learning-Based Optimization (TLBO),
demonstrating superior convergence speed, computational effi-
ciency, and power loss minimization.

4. Simulations on the IEEE 33-bus test system validate DSO’s ability
to enhance voltage stability and reduce both active and reactive
losses across single-, double-, and triple-DG scenarios.

5. DSO, being parameter-free, reduces the implementation burden
for practitioners and shows potential scalability for smart grid
DG integration.

2. Methodology

The approach used to address the optimal placement and sizing of
Distributed Generators (DGs) follows a structured process incorporat-
ing a benchmark test system, mathematical modeling, and advanced
optimization algorithms. The IEEE 33-bus radial distribution network
serves as the testbed to assess the effectiveness of the optimization tech-
niques. The problem is formulated with an objective function that si-
multaneously seeks to minimize both voltage deviations and real power
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Fig. 1. Modified IEEE 33 bus distribution test system.

losses, while satisfying operational constraints such as voltage bound-
aries and generator capacity limits. The optimization process utilizes
three algorithms Genetic Algorithm (GA), Teaching-Learning-Based
Optimization (TLBO), and Deep Sleep Optimizer (DSO) to identify the
most effective DG locations and corresponding capacities.

2.1. IEEE-33 bus distribution network

The benchmark network employed in this work is the radial
IEEE 33-bus distribution feeder, modeled and simulated in DIGSILENT
PowerFactory (Fig. 1). The feeder comprises 33 buses interconnected by
32 branches and operates at a nominal medium-voltage level of 12.66
kV. Bus-voltage magnitudes must remain within the admissible band of
0.95-1.05p.u.

A single slack (synchronous) generator supplies the total network
demand of 3.715 MW and 2.300 MVar, which is distributed across
32 load buses with diverse power factors. The base-case losses are
210.99 kW (active) and 141.84 kVar (reactive) [30]. All line param-
eters, load data, and generator settings follow the standard test-system
benchmarks in [31,32].

2.2. Problem formulation

This paper aims to determine the most advantageous location and
dimensions of DGs, while considering various objective functions and
constraints. In this segment, a mathematical formulation of the objec-
tive function is established.

2.2.1. Objective function

The central goal of the formulated objective functions is to minimize
real power losses and improve the voltage stability index (VSI) in a
radial distribution network, while ensuring that bus voltages remain
within acceptable operational limits. In this study, a weighted sum
approach is adopted to consolidate the multi-objective problem into
a single-objective formulation. The combined objective function is
defined as:

min f = w, f| + w, [, (€}

Here, f, corresponds to the total real power losses, and f, refers
to the voltage stability index. The weighting coefficients w; and w,
are used to emphasize one objective over another, depending on the

specific utility priorities or planning requirements. These weights are
generally constrained as follows:

n
Zwk and O0<w, <1 2
k=1

The assignment of these weights is influenced by several factors,
including generation costs, technological constraints, environmental
concerns, and regulatory or market conditions. In this work, reducing
power losses is given higher importance with a weight of 0.7, while
improving voltage stability is assigned a weight of 0.3. This ratio is
consistent with standard normalization practices in weighted objective
optimization.

The objective function f, evaluates the ratio of total system losses
after integrating DGs to the losses without DGs:

Prpe)

JSi= P, 3)
where P, represents the system-wide real power losses before DGs
are added, and Py g, is the cumulative real power loss after DG
installation. The post-integration losses are computed using:

N

Pripg) = IiRm 4
m=1

where I,, is the magnitude of the line current, and R,, denotes the

resistance of branch m.

Radial distribution systems inherently experience greater voltage
drops at buses further from the source, making them vulnerable to
voltage collapse. To identify the most susceptible buses, the Voltage
Stability Index (VSI) is employed as proposed in [33]:

Vi = Vi

R, ®
P(ri) = jQ,(ri) = VI, (6)
VSI(ri) = |Vy|* =4[ P (r) Ry + Qi (r) X 11 Vg | =4[ Py (D) Ry — O, (rD) X .1

7)

In the above expressions, V,; represents the sending-end voltage,
while V,;, P.;, O,;, R,;, and X,; correspond to the receiving-end voltage,
real and reactive power, line resistance, and reactance, respectively.

The objective function related to voltage stability is represented
as:

1

fz=m; ri=2,3,...,r, (8)
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This formulation aims to enhance system stability by maximizing
the minimum VSI across all buses.

2.2.2. Constraints

The integration of distributed generation (DG) into the distribution
network can lead to reverse power flows and elevated current levels
within the system, which often results in voltage rises at certain buses.
To ensure stable operation, voltage magnitudes at all buses must be
constrained within permissible minimum and maximum thresholds
for each scenario and optimization method used. This requirement is
expressed as:

V™R < V] < [ me ©

where |V| is the voltage magnitude at bus i, and the values for V,.““in and
V3 are set to 0.95 p.u. and 1.05 p.u., respectively. These boundaries
align with typical design tolerances of 5%-10% around the nominal
voltage level [34].

To ensure feasible operation, DG units are also subject to active
power limits:

PPN < Ppg < PREX (10)

As DG systems generally have discrete outputs [35], their genera-
tion capacity depends on resource availability, adopted technologies,
and site-specific environmental factors. Consequently, both active and
reactive power outputs must satisfy the following operational limits:

0P8 < 0pg < OB (an

Additionally, the apparent power flow through each distribution
line must remain below its thermal capacity to prevent overloading:

S, < Sm

L] =

12)

ax,i,j

where S; ; denotes the apparent power transmitted between buses i and
J> and Sy, ; ; is the line’s rated thermal limit [36].

2.3. Optimization techniques

A multitude of meta-heuristic algorithms have been developed to
address intricate optimization challenges. Notably, two of the most
frequently employed methodologies are Particle Swarm Optimization
(PSO) and the Genetic Algorithm (GA).

2.3.1. Genetic algorithm (GA)

The Genetic Algorithm (GA) constitutes an evolutionary optimiza-
tion methodology that was pioneered by John Holland in the year
1975 [37]. The methodology is derived from the principles of nat-
ural selection and functions on a population of potential solutions
(chromosomes), progressively refining them over successive genera-
tions through mechanisms of selection, crossover, and mutation to
identify an optimal or near-optimal solution. The detailed procedural
framework of Genetic Algorithms (GA) is delineated in the referenced
literature [38,39]

2.3.2. Teaching and learning-based optimization

The Teaching-Learning-Based Optimization (TLBO) algorithm was
originally proposed by Rao et al. [40] in the year 2011, drawing its
inspiration from the pedagogical philosophy inherent in the classroom
teaching-learning dynamic and emulating the impact that an educator
exerts on the performance of students. TLBO is characterized as a
heuristic stochastic search algorithm rooted in human behavioral pat-
terns; however, it distinguishes itself by not necessitating any specific
parameters tailored to the algorithm. The distinguished characteristics
of the TLBO methodology, encompassing its uncomplicated concep-
tual framework, lack of parameters that are specific to the algorithm,
rapid convergence rates, simplicity in implementation, and general
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efficacy, significantly enhance its attractiveness [41]. When compared
to analogous meta-heuristic algorithms, TLBO is regarded as user-
friendly, adaptive, and straightforward to apply; consequently, it is
suited for addressing a diverse array of real-world optimization chal-
lenges [42], encompassing domains such as parameter optimization
tasks [43,44], optimal placement and sizing of DGs [45], among others.
The step-by-step implementation of TLBO is presented in [45].

2.3.3. Teaching-learning-based optimization (TLBO)

Teaching-Learning-Based Optimization (TLBO), first introduced by
Rao et al. [40], is a parameter-free population-based meta-heuristic that
mimics the knowledge transfer between a teacher and the learners in
a classroom. Its absence of algorithm-specific tuning constants, simple
conceptual structure, and rapid convergence have led to successful ap-
plications ranging from process design [41] and controller tuning [43,
44] to the optimal placement and sizing of distributed generators (DGs)
in power-distribution networks [45].

Problem formulation (after [45]). Let

x; = [loc; ..., 10¢; s Prysons Py

bus locations DG sizes (MW)

denote the ith candidate solution (learner) in a class of size n. Each
learner is evaluated through a multi-objective cost

F(X;) = @ APioss (X)) + f AVgey (%) + 7 [1/ Shyin (X))

where AP, AVye, and the minimum voltage-stability index SI;, are
defined in [45]. Search variables are bounded by system limits on DG
real power, power factor, and node voltage

min max
PDG < Pfsj <h

omax, Vmin < Vk < prmax (Vk)

The algorithm seeks x* = arg min, F(x).

Teacher phase. The best learner x;.; acts as the teacher. For each
learner i and each design variable j the difference vector is

Aj; = ri(Xpestj = TFX;), (13)

where %; is the class mean of variable j, r; ~ V[0, 1], and the teaching
factor

TF = round(l + rand(0, 1)) e {1,2}.
The learner is updated as X;:,i =x;,; + 4, if this yields a lower cost.

Learner phase. A learner P interacts with a randomly chosen peer O #
P:

" ={x;vp+rp(x;.’Q—x;.vP), F(x’Q)<F(x:D),

; 14
J.P ’ ’ ’ :
X ptrp <xj,P - Xj,Q)’ otherwise.

X
If x;i improves F, it replaces x;. Steps (13)-(14) are repeated until the
maximum number of iterations is reached or convergence is achieved.

Salient features. Because TLBO requires no algorithm-specific parame-
ters (inertia weights, crossover rates, etc.), only the population size and
the iteration budget need to be selected, simplifying deployment. Its
two-stage knowledge-transfer mechanism accelerates convergence and
has been shown to outperform GA and PSO for optimal DG placement
on the IEEE 33- and 69-bus feeders [45].

2.3.4. Deep sleep optimizer algorithm

The Deep Sleep Optimizer (DSO) represents a human-centric meta-
heuristic optimization algorithm, as delineated by Oladejo et al. [25],
which draws its inspiration from the biological phenomena associated
with the sleep-wake cycle. It models the process of deep sleep for
global exploration and wakefulness for local exploitation. The algo-
rithm is governed by a sleep homeostasis function and a circadian
rhythm, which dynamically balance exploration and exploitation. The
implementation approach of DSO is as follows:
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» Step 1: Initialize Population A population of N candidate
solutions (agents) is generated randomly within defined bounds:
X% =1[x.,xp...,x,), fori=12.. N 15)

where x; represents the decision variables.

Step 2: Evaluate Fitness Compute the fitness function for each
agent:

f(X;) = Objective Function(X;) (16)

Step 3: Sleep-Wake Cycle Model The homeostatic pressure H(r)
is modeled as:

") = {Ho(t) - elto=0/xs (Sleep State)

a7
u@® + (Hy(t) — u@®) - e0=D/xw_ (Wake State)

where x, is the sleep power index, x, is the wake power in-
dex, H(?) is the initial homeostatic value, and u(r) is the wake
threshold.

Step 4: Threshold-Based Sleep-Wake Regulation Define maxi-
mum and minimum homeostatic thresholds:

Hyox = I{()+ +a-C@® (18)
Hpyin = HO_ +a-C(1) (19)
where a is the circadian cost per unit function, and C(z) is given
by:

. (27
C(t) = sin (?(z - a)> (20)

with « as a random circadian time shift in [0, 1].
Step 5: Homeostatic Update Equation The homeostatic value is
updated as:

Hy(t) =y +r- (Xpest — #(") - Xiean) (21)

where Xy is the best agent’s position, X .., is the mean
position of agents, r is a random number in [0, 1], and y represents
the initial agent population.

Step 6: Exploration and Exploitation Update The agent posi-
tions are updated depending on their sleep-wake states:

- Exploration (Deep Sleep - N3 Stage):
XY = X, + r(Xpest — X;) (22)
- Exploitation (Wake State):

X7 = X; — r(X; — Xiean) (23)

Step 7: Greedy Selection Strategy The new position is accepted
if the fitness improves:

{X,.neW, if f(XPY) < (X))

X, otherwise

X =

i

(24

Step 8: Stopping Criterion The algorithm terminates when the
maximum number of iterations is reached or:

lFX* - f(xD] <e (25)

All three meta-heuristics were run with identical population sizes
and iteration budgets to ensure a fair comparison; the remaining hyper-
parameters follow the values recommended in the original papers. The
complete set of settings is summarized in Table 1.

The flowchart in Fig. 2 outlines a structured workflow for optimiz-
ing a power system using PowerFactory (DIgSILENT) and Python-based
Deep Sleep Optimizer (DSO) Algorithm. The process begins with ini-
tializing the power system by connecting to PowerFactory, activating
the project and study case, and running a load flow analysis. Next, the
lowest bus voltage is identified, and a cubicle is created at the weakest
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busbar, where a distributed generator (DG) is activated. Another load
flow analysis is then performed to record initial conditions before
proceeding to the optimization phase.

The optimization process employs the DSO algorithm, which itera-
tively searches for the best DG placement and sizing. A decision-making
step checks whether the last iteration has been reached; if not, the pop-
ulation and fitness values are updated, and the process continues. Once
the stopping criteria are met, the optimized solution, including the best
DG position and fitness value, is stored. The results are then exported
to a CSV file for further analysis. Finally, the workflow concludes with
the development of a DSO knowledge database, which likely serves as a
repository for optimized solutions and insights for future applications.

3. Results and analysis

Fig. 3 contrasts the convergence trajectories of the three meta-
heuristics for the single-, double-, and triple-DG cases.! Three key
observations emerge. For every DG scenario DSO reaches its final
plateau in fewer than 20 iterations, whereas TLBO takes roughly 35-40
iterations and GA requires ~70 iterations to stabilize. The faster descent
of the DSO curves (cf. the steep initial slope in Figs. 3(a)-3(c)) confirms
the higher exploitation pressure of its “deep-sleep” phase.

Table 3 lists the best fitness values at iteration 100:

Algorithm 1 DG 2 DGs 3 DGs
GA 1.5563 0.8027 0.8170
TLBO 0.9939 0.7228 0.3161
DSO 0.9939 0.7562 0.3856

For the single-DG case TLBO and DSO tie to three decimal places
and surpass GA by ~36%. With two DGs the difference narrows but
TLBO still edges DSO. In the triple-DG run TLBO attains the global
minimum (0.3161), 18% below DSO and 61% below GA, evidencing
its superior exploration in higher-dimensional search spaces.

The GA curves exhibit oscillations after iteration 60 in Figs. 3(b)-
3(c), symptomatic of premature convergence into local basins. In con-
trast, TLBO shows a smooth monotonic decline, while DSO’s curve
flattens earlier but with minor residual fluctuations an artefact of its
stochastic dormancy-wake cycle. DSO offers the fastest route to a near-
optimum, which is valuable in on-line or large-system studies. TLBO
delivers the best ultimate fitness, particularly when three DGs are
allowed, and therefore gives the greatest technical benefit if the addi-
tional run-time (Table 2) is acceptable. GA remains the least attractive:
it converges slowly and to a sub-optimal plateau, highlighting the trade-
off between computational simplicity and solution quality in classic
evolutionary schemes.

3.0.1. Active-power-loss convergence

Fig. 4 complements the fitness curves by plotting real power losses
against iteration count for the single-, double- and triple-DG studies.
Three insights deserve emphasis:

(1) Speed of loss abatement. In every DG scenario DSO slashes the
feeder losses most rapidly, attaining its steady plateau within
the first ~30 iterations. TLBO follows, stabilizing around 60-70
iterations, while GA continues a slow drift until iteration 100.
The steeper initial descent of the DSO traces is consistent with
the aggressive exploitation phase observed earlier in the fitness
curves.

Starting from the base-case loss of 210.1 kW:

« 1 DG: TLBO achieves the lowest loss (91.16 kW, 56.6%
reduction), with DSO virtually tied at 91.42 kW; GA lags
behind at 148.7 kW (29.2% reduction).

! The fitness function combines loss reduction and voltage-deviation
penalty; a lower value therefore denotes a better solution.
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Table 1
Parameter settings used for each meta-heuristic in the DG-placement study.
Parameter GA TLBO DSO
Population size 30 30 30
Maximum generations/iterations 100 100 100
Mutation rate 0.02
0.70

Crossover rate
Elitism

Teaching factor T
Uniform scaling vector r ~ U(0, 1)

Search bounds

Objective function

Stopping rule

Yes (best individual copied)
Random {1,2}
Applied in teacher-
and learner-phase
moves
0< Ppg <3MW, 0<Q,; <2MVar
minimize (voltage — deviation + penalties) + 2X real-power losses
iterate for the full 100 generations (no early termination)

Applied in update step

Prepare PowerFactory
Environment

/|

Identify
Components

Run Load Flow and Record Initial

( > ..
Conditions

Run Deep Sleep Optimizer (DSO Algorithm) for

Optimization

-]

Last Iteration
Reached?

Store Optimized Solution (Best Position
and Filtness)

[Export Results to CSV}

S
Develop DSO Knowlege Database

Fig. 2. The flowchart of the proposed Deep Sleep Optimizer algorithm interaction with the environment (DIgSILENT simulation).

GA (1 DG L GA (2 DG) L GA (3 DG)
6r —— TLBO(1 [),(3) 6 —— TLBO (2 DG) 6 —— TLBO (3 DG)
—— DSO (1 DG) 2 —— DSO (2DG) @2 — DSO (3 DG)
Q (5}
4t £ 4t £ 4t
23 23
@ 7
[ Q L
! ? 2t 3 2
0 50 100 0 50 100 0 50 100
Iterations Iterations Iterations

(b) Best fitness vs iterations for 2 DGs

Fig. 3. Performance analysis of optimization algorithms: Best fitness.

(c) Best fitness vs iterations for 3 DGs
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(a) Best fitness vs power reduction for 1
DG 2 DGs

(b) Best fitness vs power reduction for

(c) Best fitness vs power reduction for 3
DGs

Fig. 4. Performance analysis of optimization algorithms: Power losses.

* 2 DGs: DSO takes the lead (55.9 kW, 73.4% reduction),
edging out GA (61.3 kW) and TLBO (62.1 kW).

* 3 DGs: DSO again delivers the best result, driving losses
down to 28.9 kW (86.2% reduction), followed by TLBO
(33.7 kW, 84.0%) and GA (60.6 kW, 71.2%).

The GA curves display noticeable oscillations once the loss falls
below ~65 kW, indicating premature convergence into local
optima. TLBO exhibits a smooth monotonic decline, whereas
DSO flattens sooner with only minor residual fluctuations an
artefact of its dormancy-wake cycle but still maintains the lowest
loss envelope.

In practical terms a single DG located by TLBO/DSO already halves
the losses, providing an attractive first step for network operators.
When two DGs are affordable, all three optimizers deliver similar
technical gains, yet DSO does so in the shortest run-time. A third
DG is justified only when the marginal capital cost is offset by the
extra 13%-16% loss reduction delivered chiefly by DSO, making it the
preferred tool for high-penetration scenarios.

3.0.2. Voltage-profile convergence at the critical node

Fig. 5 tracks the per-unit voltage at the most-depressed node (bus
18) as the optimizers iterate.” Three trends can be distilled. With a
single DG (Fig. 5a) both TLBO and DSO lift V3 above the 0.95p.u.
threshold after ~10 iterations, whereas GA needs ~40 iterations. The
pattern repeats for the two- and three-DG cases (Fig. 5b—c), confirming
the sharper initial learning rate of TLBO/DSO. At iteration 100 the volt-
ages read {0.9775,0.9787,0.9836} p.u. for GA, {0.9829,0.9762,0.9921}
p-u. for TLBO, and {0.9830,0.9764,0.9920} p.u. for DSO ({1,2,3} DG
respectively). Hence: (a) all algorithms satisfy the statutory limit (0.95-
1.05 p.u.); (b) with one DG, TLBO/DSO outperform GA by about
0.5 percentage-points; (c) with three DGs, TLBO yields the highest
voltage (0.9921 p.u.), closely tailed by DSO, while GA lags by 0.8
percentage-points.

The GA curves show small oscillations after iteration 60, indicating
the algorithm is still exploring a shallow local basin. TLBO exhibits a
smooth monotone rise, whereas DSO flattens a little earlier yet with
negligible ripple consistent with its exploitation-oriented “deep-sleep”
phase. If the primary objective is voltage compliance at the weakest
bus, a single DG sized and placed by either TLBO or DSO already
suffices. Additional DGs bring diminishing voltage benefit (0.983 —
0.992 p.u.) but remain valuable for loss minimization (Table 2).

3.0.3. Voltage-profile improvement along the feeder
Fig. 6 depicts the nodal voltage profiles before and after DG place-
men. Three remarks can be made.

2 The initial voltage is Vl‘;ase =0.9015 pu. A value above 0.95p.u. is regarded
as satisfactory in most distribution-code limits.

(1) Elimination of the under-voltage pocket. In the base case the
minimum voltage on the IEEE-33 feeder is only 0.90 pu (buses
16-18). A single DG chosen by TLBO or DSO raises that floor
to 0.99 pu, whereas GA lifts it to 0.98 pu. With two DGs the
minimum rises further to 0.994p.u. (DSO), 0.996 p.u. (TLBO)
and 0.990 p.u. (GA); three DGs push every bus above 0.992 pu,
fully removing the worst-voltage pocket.

The standard deviation of bus voltages shrinks from cr",’ase =
0.030 to 0.009 (TLBO), 0.010 (DSO) and 0.013 (GA) in the
1-DG case, indicating that TLBO and DSO yield a flatter pro-
file. Adding a second DG halves ¢, again for all methods, and
the third DG brings only marginal extra smoothing, suggest-
ing a diminishing-returns point at two units for voltage-quality
objectives.

The highest post-DG voltage never exceeds 1.017 p.u. (GA, bus
8 in the 3-DG run) and therefore stays well below the statutory
1.05p.u. upper limit. TLBO’s and DSO’s profiles peak at 1.012
p-u. and 1.013 p.u. respectively, showing that both optimizers
balance loss minimization with over-voltage avoidance auto-
matically, even though no explicit over-voltage penalty was
imposed.

Deploying one DG at the optimized TLBO/DSO location is already
sufficient to satisfy the conventional 0.95-1.05p.u. voltage band. A
second DG is advisable when a highly uniform profile (¢, < 0.005)
is required or when the operator seeks the additional loss reduction
reported in Table 2; a third DG offers negligible voltage benefit but does
contribute another 13%-16% loss abatement and therefore should be
justified on economic, rather than voltage-quality, grounds.

Table 2 reveals three clear trends. First, all meta-heuristics achieve
sizeable loss mitigation compared to the base case, but their effec-
tiveness grows non-linearly with the number of installed DGs. With a
single unit, TLBO and DSO halve the feeder losses (56%-57%), whereas
GA attains only 29%. When two units are allowed, the three solvers
converge to a similar technical outcome (61-62 kW, ~70% reduc-
tion), indicating that multiple placements can satisfy the loss objective
once the solution space is expanded. The third DG distinguishes the
algorithms: DSO drives losses down to 28.9 kW (86.2% reduction),
outperforming TLBO (33.7 kW, 84.0%) and especially GA, which shows
negligible improvement beyond its two-DG solution.

Second, the sizing vectors suggest that DSO allocates power almost
evenly among the three sites (0.51-1.84 MW), while GA prefers one
dominant DG accompanied by smaller satellites. The balanced dispatch
in DSO produces the lowest aggregate MVA footprint for the same loss
target, a potential cost advantage in practical procurement.

Third, GA remains the quickest optimizer for every DG count (386—
491 s), making it attractive for time-constrained studies, whereas TLBO
trades run-time for quality the 3-DG case requires 3500 s but still falls
short of DSO’s loss figure. DSO offers a middle ground in computational
effort (491-666 s) yet delivers the overall best technical performance,
especially in the multi-DG scenarios.
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suffice; GA’s speed may be decisive. A third DG is justified only when
the incremental capital cost is offset by the additional 13%-16% loss
abatement delivered by TLBO and, more decisively, DSO making the
latter the preferred tool for high-penetration scenarios.

Early single-DG investigations on the IEEE-33 feeder most notably
the PSO study by Prakash and Somasundaram [46] and the heuristic
approach of Bayat et al. [47] lowered real losses by roughly 47%
with a 2.6 MW unit at bus 6. Comparable reductions were obtained
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Table 2
Comparison of GA, TLBO and DSO for optimal DG placement and sizing on the IEEE-33-bus feeder.
Metric Base GA TLBO DSO
1 DG 2 DG 3 DG 1 DG 2 DG 3 DG 1 DG 2 DG 3 DG
Number of DGs - 1 2 3 1 2 3 1 2 3
Location (bus) - 6 27 8 7 13 13 7 12 14
12 2 28 29 28 23
5 23 28
Optimal P (MW) - 2.67 1.88 1.29 3.45 0.79 1.02 3.43 0.85 0.51
0.98 2.23 1.63 1.12 1.87 1.49
1.98 2.07 1.84
Total P (MW) - 2.67 2.86 5.50 3.45 2.42 4.21 3.43 2.72 3.84
Optimal Q (MVar) - 3.35 1.47 0.86 1.94 0.45 0.08 1.97 0.57 0.54
0.19 1.61 1.27 0.53 0.74 0.63
0.35 1.14 0.45
Total Q (MVar) - 3.35 1.66 2.82 1.94 1.72 1.74 1.97 1.31 1.62
Optimal Size (MVA) - 4.28 2.37 1.55 3.96 0.91 1.02 3.96 1.02 0.74
1.00 2.75 2.07 1.24 2.01 1.62
2.01 2.36 1.89
Total size (MVA) - 4.28 3.31 6.18 3.96 2.97 4.56 3.96 3.02 4.17
Power losses (kW) 210.12 148.73 61.32 60.57 91.18 62.08 33.68 91.42 55.85 28.92
P, reduction (%) - 29.22 70.81 71.17 56.61 70.45 83.97 56.49 73.42 86.24
Reactive losses (kVar) 141.60 97.75 41.05 40.23 81.63 44.58 23.17 81.79 40.31 26.93
Q, reduction (%) - 30.97 71.01 71.59 42.35 68.52 83.64 42.24 71.53 80.98
CPU time (s) - 386.38 490.89 476.75 762.44 1325.70 3517.20 490.84 528.22 665.98

Optimal P - active-power injection; optimal Q - reactive-power injection.

Table 3

Benchmark comparison of proposed and published methods for 1-DG placement on the IEEE-33 feeder.
Ref. & Algorithm DG size (kW) at bus Total DG P, P, (o)} (o)}

size (kW) (kW) Red. (%) (kVar) Red. (%)

[46] PSO (2016) 2589 (6) 2589 110.99 47.39 - -
[49] SKHA (2017) 2590 (6) 2590 111.02 47.13
[49] VCPSO (2020) 2591 (6) 2591 111.1 47.4 73.91 45.77
[47] Novel Heuristic (2019) 2600 (6) 2600 111.10 47.10
[30]IAT (2024) 2431 (6) 2431 110.64 47.31
Proposed GA 2670 (6) 2670 148.73 29.22 97.75 30.97
Proposed TLBO 3450 (7) 3450 91.16 56.62 81.63 42.35
Proposed DSO 3430 (7) 3430 91.42 56.49 81.79 42.24

Table 4
Benchmark comparison of proposed and published methods for 2-DG placement on the IEEE-33 feeder.
Ref. & Algorithm DG sizes (kW) at buses Total DG P, P, (o)} 0,
size (kW) (kW) Red. (%) (kvar) Red. (%)
[481 MOPSO (2021) 3133.4 (6), 365.1 (16) 3499 105.7 47.97 74.81 44.65
[50] VCPSO (2020) 866.7 (13), 1323.2 (30) 2189.9 88.2 58.24 60.90 56.66
[46] PSO (2016) 1899 (6), 649.9 (14) 2548.6 91.3 56.73 - -
Proposed GA 1880 (27), 980 (12) 2860 61.32 70.81 41.05 71.01
Proposed TLBO 790 (13), 1630 (28) 2420 62.08 70.45 44.58 68.52
Proposed DSO 850 (12), 1870 (28) 2720 55.85 73.42 40.31 71.53

with MRFO, SKHA and VCPSO variants [48,49]. By contrast, a single
generator placed by TLBO or DSO in the present work cuts the loss to
about 91 kW (x56%), even though the installed capacity is of the same
order, and crucially is shifted to bus 7, thereby removing the worst
under-voltage pocket without over-stressing the source bus. A detailed
comparison with earlier single-DG papers is given in Table 3.

With two distributed generators the gap widens. Variable-constant
PSO (VCPSO) of Al-Ajmi [50] reports 88.2kW (58% reduction) for a
combined 2.19 MW at buses 13 and 30, whereas our DSO solution
achieves 55.85kW (73% reduction) with only 2.72MW. Reactive-loss
statistics show a similar trend: studies that publish Q; results rarely
exceed a 57% saving, while GA, TLBO and DSO reach 71%, 69% and
72%, respectively. Table 4 summarizes these findings.

When three DG units are allowed the superiority of the present
workflow is most evident. Improved MOEHO [51] and the analyti-
cal technique of [30] leave 95kW and 81kW of losses, respectively,

whereas DSO brings that figure down to 28.92kW, an 86% reduction.
Notably, the total capacity installed by DSO (3.84 MW) is still smaller
than that of many meta-heuristic counterparts, yet it produces the
lowest active and reactive losses while lifting every bus above 0.98 p.u..
A side benefit is that spreading three medium-sized units across buses
14, 23 and 28 avoids the local over-voltages identified in [52]. The
complete three-DG comparison is provided in Table 5.

Voltage-profile results reinforce the loss findings. With one opti-
mally placed DG, the weakest node (bus 18) rises from 0.90 p.u. to 0.99
p-u., and all critical far-end buses exceed 0.98 p.u.; the detailed values
appear in Table 6. Adding a second generator boosts bus 18 to 0.994
p.u. and flattens the profile further (Table 7). A third DG brings only a
modest incremental gain (Table 8), confirming that two units already
satisfy common regulatory voltage limits while delivering a substantial
loss reduction.

Computational effort offers additional perspective. Our TLBO imple-
mentation requires about 1326 s for the two-DG case and 3517 s for three
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Table 5

Benchmark comparison of proposed and published methods for 3-DG placement on the IEEE-33 feeder.
Ref. & Algorithm DG sizes (kW) at buses Total DG P, P, 0, (o))

size (kW) kw) Red. (%) (kvar)  Red. (%)

[51] IMO-EHO (2018) 1057 (14), 1054 (24), 1741 (30) 3852 95.00 54.76 - -
[48] MOPSO (2021) 1057 (6), 1054 (16), 1741 (25) 3267.9 82.77 59.26 58.39 56.80
[52] MOPSO (2020) 1676 (3), 955 (24), 1301 (31) 3933 87.30 58.43 - -
[30] IAT (2024) 1312 (6), 462 (18), 657 (32) 2431 80.90 61.48 - -
[52] MOPSO (2020) 1676 (3), 955 (24), 1301 (31) 3933 87.30 58.43 - -
[53] I-DBEA (2021) 1098 (13), 1097 (24), 1715 (30) 3910 94.85 54.83 - -
Proposed GA 1290 (8), 2230 (2), 1980 (5) 5510 60.57 71.17 40.23 71.59
Proposed TLBO 1020 (13), 1120 (29), 2070 (23) 4210 33.68 83.97 23.17 83.64
Proposed DSO 510, 1490, 1840 (14, 23, 28) 3840 28.92 86.24 26.93 80.98

Table 6
Far-end bus-voltage improvement with one optimally placed DG (GA, TLBO,
and DSO).

Bus No. Base (p.u.) GA (p.u.) TLBO (p.u.) DSO (p.u.) Best improvement (%)
18 0.90 0.98 0.99 0.99 10.00
22 0.97 0.99 0.99 0.99 2.06
25 0.96 0.98 0.98 0.98 2.08
33 0.92 0.99 0.99 0.99 7.61
Table 7

Far-end bus-voltage improvement with 2 optimally placed DGs (GA, TLBO,
and DSO).

Bus No. Base (p.u.) GA (p.u.) TLBO (p.u.) DSO (p.u.) Best improvement (%)
18 0.90 1.00 1.00 0.994 11.11
22 0.97 0.99 0.99 0.986 2.06
25 0.96 0.98 0.98 0.976 2.08
33 0.92 0.99 1.00 1.00 8.70
Table 8

Far-end bus-voltage improvement with 3 optimally placed DGs (GA, TLBO,
and DSO).

Bus No. Base (p.u.) GA (p.u.) TLBO (p.u.) DSO (p.u.) Best improvement (%)
18 0.902 0.992 0.997 0.998 10.64

22 0.974 1.000 0.992 0.991 2.67

25 0.956 0.991 0.997 0.991 4.29

33 0.916 0.984 0.998 0.999 9.06

DGs, whereas the Python DSO workflow completes the same studies in
roughly 530s and 666 s, respectively less than half the TLBO run-time
and still several minutes quicker than the co-simulation approaches
reported in most earlier PSO-based studies, which usually omit explicit
CPU figures. GA remains the fastest algorithm overall but converges to
the least attractive fitness plateau; TLBO attains an excellent single-DG
solution yet incurs the longest run-time. DSO therefore represents the
best compromise between computational cost and technical benefit.

In practice, a single DSO- or TLBO-sited generator already halves
feeder losses and resolves the major under-voltage. A second DG yields
a further fifteen-percent saving at modest additional capacity and
run-time, making it attractive for networks with limited investment
budgets. Deploying a third unit is economically warranted only when
the marginal capital cost is outweighed by the extra thirteen-to-sixteen-
percent loss abatement and by the resilience benefit of multiple in-
jection points an outcome achieved only by DSO without excessive
computation.

The present study models static demand and renewable output.
Incorporating time-series load and photovoltaic data into the DSO
framework will clarify its year-round benefit. Furthermore, the majority
of published papers omit reactive-loss results, hindering perfect like-
for-like comparisons; adoption of a common reporting template would
enable more definitive benchmarking in future work. Nevertheless,
by delivering the lowest real and reactive losses, competitive run-
times and a voltage profile that comfortably satisfies statutory limits,
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the proposed DSO-based planning method constitutes a substantive
advance over existing approaches to distributed-generation integration
on radial feeders.

5. Conclusion and future work

This paper has presented a systematic assessment of three meta-
heuristic optimizers Genetic Algorithm (GA), Teaching-Learning-Based
Optimization (TLBO) and the newly introduced Deep-Sleep Optimizer
(DSO) for the strategic placement and sizing of distributed-generation
units on the IEEE-33 radial feeder. A direct Python interface to DIgSI-
LENT PowerFactory was used so that the optimization routine and the
unbalanced load-flow engine communicate without the file-exchange
penalties typical of co-simulation approaches. The study considered
single, double and triple DG scenarios and benchmarked the results
against the best-performing methods in the open literature.

Across all penetration levels the proposed DSO consistently achieved
either the lowest or near-lowest real and reactive losses while maintain-
ing voltage magnitudes within the statutory 0.95-1.05 p.u. band. With a
single DG, TLBO and DSO each reduced active losses by approximately
fifty-six per cent an improvement of almost ten percentage points over
earlier PSO-based or heuristic schemes while simultaneously eliminat-
ing the under-voltage pocket at the distal section of the feeder. When
two DGs were allowed, DSO lowered real losses to 55.9kW (a seventy-
three per-cent reduction) using a combined rating of only 2.72 MW; the
best published alternative required more capacity yet still left 88 kW
of losses on the network. In the three-DG study, DSO further reduced
the losses to 28.9kW, an eighty-six-per-cent mitigation that more than
halves the next-best value reported in the literature. At the same time
DSO held the maximum node voltage below 1.05 p.u. and raised the
weakest node above 0.99 p.u., demonstrating that loss minimization
is not achieved at the expense of over-voltage risk. Computationally,
GA remained the fastest solver but converged to the least attractive
fitness plateaux. TLBO delivered competitive single-DG results, albeit
with three-to-four times the computation time of DSO. DSO therefore
offered the most balanced trade-off between technical benefit and run-
time, completing the two- and three-DG studies in roughly nine and
eleven minutes, respectively, on a standard desktop.

The work contributes four distinctive advances. First, it is the in-
augural application of the Deep-Sleep Optimizer to distribution-system
planning and demonstrates that its sleep-wake search strategy yields
high-quality solutions in fewer iterations than conventional population-
based methods. Second, the end-to-end Python workflow removes
third-party data-exchange overheads, making large-scale feeder studies
feasible without recourse to surrogate power-flow models. Third, all
experiments report a complete technical metric set active and reactive
losses, node voltages, computation time and voltage-stability index
filling a gap in the existing literature, which typically omits one
or more of these performance criteria. Fourth, both TLBO and DSO
are parameter-free, reducing the burden on network engineers who
must often apply such tools without the luxury of time-consuming
hyper-parameter tuning.
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Future research will extend the framework in three directions.
First, the present static-load analysis will be generalized to time-series
optimization with stochastic photovoltaic and load traces to quantify
year-round benefits and capture reverse-power-flow conditions. Sec-
ond, the method will be applied to meshed and larger-scale feeders,
including the IEEE-118 prototype and real South African distribution
networks, to evaluate scalability. Third, an economic layer that com-
bines capital expenditure, loss-related energy charges and potential
feed-in tariffs will allow a true cost-benefit assessment of alternative
DG deployment strategies. Additional work will integrate protection
studies, reliability indices and cyber—physical constraints so that the
Deep-Sleep Optimizer can serve as a holistic planning tool for modern
smart-grid environments.

Nomenclature

Abbreviations

BES Battery-Energy Storage

CSV Comma-Separated Values

DG Distributed Generator

DSO Deep-Sleep Optimizer

GA Genetic Algorithm

I-DBEA Improved Decomposition based Evolutionary Algorithm
IAT Improved Analytic Technique

IMO-EHO Improved Multi-Objective Elephant Herding Optimization
MOPSO Multi-Objective Particle Swarm Optimization

MVA Mega-Volt-Ampere

MVar Mega VoltAmpere reactive

MW Mega-Watt

PSO Particle Swarm Optimization

PV Photovoltaic Generation

SKHA Stud Krill herd Algorithm

TLBO Teaching-Learning-Based Optimization

VCPSO Variable-Constants Particle Swarm Optimization

VSI Voltage-Stability Index

Symbols

a Circadian time shift

€ Convergence tolerance

y Initial population constant in DSO

u() Wake threshold in DSO

C(1) Circadian rhythm function

f  Weighted objective function

f1  Power-loss term of objective function

f,  Voltage-stability term of objective function
H(t) Homeostatic pressure in DSO

H (1) Initial homeostatic pressure

I,, Magnitude of line current in branch m

P;  Total system real-power loss before DG
Py Active-power output of a DG

P pg) Real-power loss after DG integration
P.;,0,; Real and reactive power at receiving end of branch i
Op; Reactive-power output of a DG

r Uniform random number in [0, 1]

R,, Resistance of branch m

R,;, X,; Resistance and reactance of branch i

Smax,,; Thermal limit of line i-j

S;; Apparent power between buses i and j
V;  Voltage magnitude at bus i

V,; Receiving-end voltage of branch i

V. Sending-end voltage of branch i

V S1(ri) Voltage Stability Index at bus i
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w,, w, Weighting coefficients for f, and f,
X,, X, Sleep and wake power indices

Xpest Best solution in current population

X nean Mean position of current population
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