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Abstract

Dynamic operation, the need of modernization of smart grid requires intelligent
energy management for energy efficiency, voltage stability, transmission reliability and
utilization of renewable energy. Current approaches to the optimization of the grid,
however, as ‘smart grid', would face load balancing inefficiencies, late detection of faults,
high losses in transmission, voltage instability and low flexibility to react to varying
renewable energy generation and loads throughout the day. To overcome these issues, this
paper proposes an adaptive synaptic learning based Preventive Synaptic Learning Smart
Grid Optimization (PSLSGO) framework that incorporates data from real time monitoring
on the IoT to introduce adaptive synaptic learning, preventive control, intelligent power
routing, adaptive load balancing, reactive power compensation, transformer protection and
coordination of renewable energy sources. It preprocesses the electrical parameters, extracts
important features, predicts the overloads, voltage instability and optimizes the decisions
continuously through self-learning feedback mechanism to operate stable and energy
efficient. The proposed framework has been validated by considering several operating
scenarios to the IEEE 33 bus benchmark smart distribution system. The level of prediction
accuracy obtained by the experimental results was 98.0% compared to other energy
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efficiency indexes, while the energy efficiency indexes namely reliability, reduction of
transmission losses, voltage stability and use of renewable energy were improved compared
to the currently used optimization methods. PSLSGO is intelligent, scalable and reliable
solution for optimization of next generation sustainable smart grid.

Keywords: Adaptive Synaptic Learning, Energy Loss Reduction, IoT-enabled Smart
Grid, Preventive Control Mechanism, Renewable Energy Integration, Smart Grid
Optimization.

1. Introduction

The high speed of electrical distribution system modernization and the growing share
of renewable in the grid have led to new challenges for voltage stability, minimizing
transmission losses and reliable energy management. The placement of optimal distributed
generation is commonly used to optimize the voltage profile and to reduce the losses in the
distribution network in the current distribution systems [1]. Likewise, the optimal allocation
of DERs has enhanced voltage stability and minimized the operational cost with efficient
utilization of energy [2]. The genetic algorithm optimization has been used to further
improve distribution system reliability by strategically placing energy storage and load
curtailment [3]. The network reconfiguration has been strengthened and network resilience
in integrating renewables increased [4]. Advanced PV integration techniques have been used
to successfully minimize the losses in the power system and uncertainty and harmonics [5].
The placement of a Distributed Generation source supported by intelligent optimization of
the voltage profile and voltage loss has been achieved, which can be achieved using machine
learning [6]. A PSO algorithm was proven to be effective to place the capacitors to minimize
distribution losses [7] and a multi-objective optimization method to place the capacitors to
minimize both energy usage and operational cost [8]. Smart inverter based Volt/VAr
control has resulted in better voltage regulation [9] and coordinated supervisory Volt/Var
control, to optimization of reactive power compensation [10]. Demand side management
(DSM) and EVs have been contributing to enhance application of renewable energy in
variable operating conditions [11]. The PV Feeder loss reduction using metaheuristic
optimization [12] and PV Sizing using PSO have resulted in higher efficiency of renewable
energy [13]. There has been an improvement in network stability through advanced
renewable energy optimization with storage [14]. Optimization models for distribution of
EVs have been developed [15]. The new addition of renewable distributed generators
location [16] has improved the smart grid performance as well as hybrid energy
optimization [17] and demand side energy management [18] and integrated distributed
enhancement [19] and reinforcement learning transient stability control [20]. However, the
existing strategies have some limitations in terms of the flexibility of the intelligence it
provided in the preventive domain, which inspires the Proposed Preventive Synaptic
Learning Smart Grid Optimization PSLSGO framework for intelligence, self learning and
energy-efficient smart grid management.

The proposed Preventive Synaptic Learning Smart Grid Optimization (PSLSGO)
framework has the following main advantages: Adaptive synaptic learning and preventive
optimization are added to achieve a better performance of the smart grid. It can be used to
effectively predict faults on the grid, direct load balancing, power routing and optimize
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reactive power and coordinate renewable power with real-time IoT data. The
accomplishments of the successful evaluation on the IEEE 33-bus system showed that use of
intelligent and sustainable management of the smart grid could achieve 98.4% energy
efficiency, 98.1% power system reliability, 48.9% reduction in the transmission losses,
97.2% voltage stability and 92.5% renewable energy utilization.

The remaining parts of this paper are organized in the following way. Section 2 gives
the existing methodologies for smart grid optimization. Section 3 introduces the proposed
PSLSGO method. The experimental setup and analysis is given in Section 4. Section 5
discusses the discussion, statistical analysis, ablation study, scalability analysis, and
limitations analysis. Conclusion and future works are provided in Section 6.

2. Background study

The Zhang et al. (2025) [21] proposed electric vehicle (EV), voltage support and
demand response (DR) based eco-power management system to achieve the required
voltage level, to optimize the operation of distribution network and to enhance the
management efficiency of distribution network.

Li et al. (2024) [22] presented an optimized scheduling scheme for micro grid
systems that are connected to the grid, taking into account real power losses. The approach
optimized the efficiency of the scheduling process, reduced the transmission losses and
optimized the performance of the micro grid operation.

Salem et al. (2025) [23] presented the quantum particle swarm optimization (QPSO)
method for solving the issue of sustainable energy management in a micro grid. This
framework reduced the efficiency of renewable energy use, reduced the emissions and
decreased the operational costs of the process.

Agouzoul et al. (2025) [24] introduced an enhanced dandelion algorithm to address
Stochastic Reactive Power Dispatching problems (SQPD-RR). It was discovered that the
technique would help improve the stability of the voltage, optimize reactive power and
further improve the reliability of the electric power grid.

Sima et al. (2024) [25] proposed an energy management approach for micro grids
based on promoted Remora optimization. The framework improved the efficiency of the
operations, the utilization of energy resources and the optimization of the operation of the
smart micro-grid for dynamic conditions.

Cikan and Cikan (2024) [26] also present a reconfiguration method to reduce the
voltage imbalance (VI) and the current imbalance (CI) and power losses in the distribution
network, aiming to ensure the stability and efficiency of the distribution system.

Mahdavi et al. (2024) [27] presented Personalized placement of capacitors and
network reconfiguration using a flexible formulation. The power losses reduction and
voltage profile improvement in distribution networks were achieved successfully by the
optimization approach.

Kandel et al. 2024 [28] suggested an optimization algorithm that was used to
optimally allocate DGs, by implementing the zebra optimization algorithm. This scheme
has reduced losses in the power system, fluctuations in power and enabled power
transmission to be carried out efficiently.
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Gupta et al. (2025) [29] proposed a novel approach to optimize renewable
integration in smart grids for voltage stability, power quality, economic benefits and
environmentally friendly operations with the help of flexible energy management.

Mossie et al. (2025) [30] presented PSO-based STATCOM distributed generation
(DGQG) approach to address voltage stability problems. The framework resulted in less losses
and greatly enhanced performance of distribution systems.

Table 1: Comparative analysis of Recent Smart Grid Optimization and Energy
Management Techniques

Citation
(Author, Methodology Technique Research Gap Limitation
Year)
Multi-objective Lacks adaptive High
ower utilization . X real-time computationa
Wen et al. b Tizati Improved € 1 , 1
(2024) [31] R constraint method . .
optimization learning complexity
Peng & Active-reactive Secog(c)l;l(grder No intelligent phcl)ltlcr)r\lzlc:letiic-
02d) (321 | optimisation |  Progmmming | PELECe focused
p (SOCP) optimization
Voltage .
Zhang et regulaticf)gn in Voltage sensitivity- Absence of .
al. (2024) active based hybrid reventive self- Focused mainly on
’ S coordinated power P . voltage regulation
[33] distribution control learning
networks
Distributed .. )
Lietal. scheduling for Distributed a dili?\izedri q Oﬁfgﬂ?ﬁigﬂ;ﬁ?ﬂ
(2024) [34] virtual power optimal scheduling capiive g .
plants intelligence infrastructure
o Energy loss Reinforcement Lacks
Vellingiri Lol T . . Increased
optimization in | Learning-enhanced integrated .
et al. . : . computational
(2025) [35] distribution Crow Search preventive grid corplexi
networks Algorithm management plexity

Table 1 shows the comparison of the latest smart grid optimization techniques with

their methodologies, optimization algorithms, research gaps and limitation. The lack of
adaptive predictive intelligence and integrated preventive control is pointed out by the
comparison, which inspires the formulation of the proposed PSLSGO framework for
intelligent smart grid optimization.

3. Proposed Methodology

The proposed PSLSGO model makes use of the concepts of adaptive learning and
optimization, which help in improving energy efficiency and voltage stability. The real time
grid information is obtained from IoT sensors and goes through the process of preprocessing
before it can be learned effectively.
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3.1 Dataset description

The proposed PSLSGO model to be deployed will be based on the implementation
of a benchmark database which consists of real-time as well as historical data regarding the
smart grid operation from IoT sensors, smart metering, transformer monitoring systems and
intelligent controllers. The benchmark database contains voltage, current, frequency, active
and reactive power demand, power factor, transformer temperature, transmission losses,
harmonics, loading and renewable energy production. The proposed benchmark database
will be constructed based on IEEE 33-bus smart distribution system under various load
demands and renewable energy productions.

V(E) =2,V (1)
Equation (1) represents the average voltage level at time t of the smart grid is given
as V(t) in this. N represents the number of all the sensing nodes deployed in the grid. V; are
the voltage sensed by the i IoT sensor for real time monitoring.
1) =<2, ¥
Equation (2) I(t) is the average current that passes through the grid network at
time t. N is the number of current sensors used in the system. I; is the present measured
value from the i*” sensor node.
P;(t) =V(t) X I(t) X cos @ 3)
This equation (3) the real power demand consumed by electrical load at time t is
P;(t). V(t) and I(t) are the voltage and current at a particular instant. This cos® is a power
factor which determines the phase difference between voltage and Current.

3.1.1 Data Normalization and Quality Improvement

The collected data are also preprocessed (noise removal, normalization, missing
value handling and feature extraction) to enhance the data qualities and learning
performance before applying the PSLSGO algorithm. Processed data set is subdivided in
training and testing data sets for adaptive synaptic learning and for preventive optimization.
The data set contains all normal and abnormal operating conditions such as overload
conditions, voltage instability, reactive power imbalance, transformer overheating,
fluctuating renewable energy supply. This allows PSLSGO framework to make precise
prediction of unstable conditions, execute the preventive control actions, reduce the energy

losses and enhances smart grid stability and power distribution effectiveness.
X—Xmin

Xnorm = T——— (4)

Xmax—Xmin
This equation (4) X, o-m represents the normalized sensor data for machine learning
analysis. X Original measured value from the sensors. X,,;, and X, 4, are the minimum and
maximum values for the scaling.

' 1 -
X(t) =SSN X(t - k) 5)
In this equation (5) X'(t) is the signal from the sensor filtered after noise was erased.

M Denote the size of the averaging window used in smoothing. X(t — k) Show the value of
X at a previous sample time that has been used in filtering.
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Figure 1: Architecture of the Proposed PSL-SGO Smart Grid Framework

Figure 1 illustrates the overall PSLSGO framework. IoT-enabled renewable energy
sources continuously provide real-time grid data to the optimization framework, which
performs voltage regulation, transmission loss reduction and intelligent power management
to ensure efficient energy distribution across residential, commercial, EV charging and
energy storage systems.

3.2 Preventive Synaptic Learning Smart Grid Optimization

Prospective Preventive Synaptic Learning Smart Grid Optimization (PSLSGO) will
allow the transmission losses and power distribution efficiency to be minimized, through
adaptive learning and preventive optimization. These smart sensors, with the help of IoT
technology, continuously monitor electrical parameters such as voltage, current, frequency,
power consumption and transformer temperature and loads in real time. The pre-processing
of received data includes noise removal, data normalization and feature extraction. A self-
learning synaptic learning module that builds knowledge on the historical and real-time grid
performance, dynamically updates its learning weights and anticipates overload, voltage
instability and inefficient power flow. This prediction is applied to PSLSGO for making
intelligent power routing, adaptive load balancing and reactive power compensation and
transformer protection. It continuously optimizes its decisions as a function of the
optimization prediction error and changing operating conditions, thus enhancing its
decision accuracy and enhancing system reliability. An efficient, scalable energy is saving
solution for improved operational stability coordination of renewable resources and
transmission losses reduction for next generation smart grid in an integrated solution.

The proposed framework not only ensures renewable energy integration, but also
increases the reliability of the grid, lowers operation cost and can save tremendous energy
losses by adopting intelligent self-learning optimization and preventive control approaches.
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Pioss = I?R (6)
Equation (6) Py, is the loss of energy from transmission lines due to resistance,
I denote the current flowing through the conductor. R Indicate the resistance of the path of
transmission to heat dissipation.
Q=VIsin® @)
Equation (7) Q represents the reactive power of the smart grid system. V and I are the
magnitude of the voltage and current respectively, while sin @ is the component of phase
angle which causes the non-useful circulation of power.
S =,P?+Q>? €))
In this equation (8) the total apparent power supplied in the grid is represented by S.
P is the power used by loads, that is active or real power. Q is Reactive power produced
because of inductive and capacitive parts.
Af = frominal = factual €)
In this equation (9) Af indicates the deviation in operating frequency from the
standard value. f,omina 18 the rated grid frequency (50 or 60 Hz). f, tuq 1S the real time
measured operating frequency.
Piotar = Pgrid + Psotar + Pwina (10)
In this equation (10) Pyy¢q represents the total power in the smart grid system. Pg,.;q
Conventional Utility Grid Power Contributions . Pg,q and P,ng refer to renewable
energy from solar and wind energy.
Fpsisgo = min(aPyss + BAV +yQ + AE (1)) (11)
In this equation (11), Fpg;sc0 represents the overall optimization objective of the
proposed framework. a,f3,y,A are weighting factors that control the priorities in the
optimization process. Py, AV, Q and E(t) indicate the transmission loss, voltage deviation,
reactive power and prediction error.

Figure 2: Smart grid optimization with a preventive synaptic learning.
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Figure 2 illustrates the PSLSGO workflow. IoT sensors collect real-time smart grid
data, which undergoes preprocessing before adaptive synaptic learning. The framework
predicts overloads, voltage instability, harmonic disturbances and reactive power imbalance,
enabling preventive optimization through intelligent power routing, adaptive load
balancing, reactive power compensation and transformer protection for reliable smart grid
operation.

3.3 Synaptic Learning Based Adaptive Prediction Model

The Synaptic Learning Based Adaptive Prediction Model is an intelligent learning
element in the proposed PSL-SGO framework that is used to predict the unstable condition
of the smart grid and enhance the energy efficiency. Through IoT based sensors, at first,
real-time information of electrical parameters like voltage, current, frequency, load demand
and transformer temperature are gathered. The gathered data are preprocessed to enhance
the quality of the prediction by noise removal, normalization and feature extraction
techniques. The synaptic learning mechanism then analyzes historical and real-time grid
behavior by adjusting the synaptic weights of the network based on the prediction error
feedback and transmission efficiency. In the model, the overloads, voltage instability,
harmonic disturbances and reactive power imbalance are predicted before failures occur.
With the prediction results, the system carries out preventive load balancing, adaptive
power routing and transformer protection, which helps to minimize the energy loss and
improve the smart grid reliability and operating stability.

Equation (12), represents this W;;(t + 1) refers to the learned synaptic weight after
the learning iteration, while n represents the learning rate that regulates the adaptation
speed and §; and x; represent the prediction error and the values of the input features,

respectively.
E(t) = Pactuar (t) — Ppredicted () (13)
Equation (13) E(t) is the prediction error produced by the learning model. P,4y,q:(t)
Actual measured power in the grid. Ppregicteq (t) represents the predicted power output of
the algorithm PSLSGO.
L) = X WiX; + b (14)
Equation (14) represents the learned output state of smart grid model L(t). The
synaptic weights W; are adaptive. X; indicates the input parameters and b represents bias
values for prediction.

3.4 Preventive Smart Grid Optimization Strategy

The preventative mechanism of the PSL-SGO (Preventive Smart Grid Optimization
Strategy) is expected to decrease losses in the distribution grid and increase distribution
efficiency by intelligent mechanisms that prevent these losses. From the prediction results of
the synaptic learning model, the optimization module can learn out the unstable conditions
in the grid before the failures occur, such as high loss transmission lines, voltage drop,
reactive power mismatch and overload.

LB = min Y-, (P; — P)? (15)
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In this equation (15) LB denotes the load balancing optimization objective in the grid
network. P; is the power assigned to distribution node i. Pdenotes the average value of the
power distribution distribution across all nodes.

1 P, > P,
OL: = ’ i threshold 16
' {0, otherwise (16)
In this equation (16) OL; indicates the overload condition status of the i grid node.

P; Represent the current power of the node. The maximum safe operating power limit is
predefined and given by Pyjreshora-
Rope = argmin(Pyyss + Cdelay) (17)
Equation (17) represents R, refers to the optimum route for power transmission, to
be selected from the P,s5 Represent the transmission energy loss in the selected route. Cyeiqy
Delay in communication or routing in the network.

3.5 Self-Learning Preventive Control Mechanism

The Self-Learning Preventive Control Mechanism enables intelligent and adaptive
smart grid management by continuously learning from real-time and historical grid
conditions. IoT sensors monitor voltage, current, load demand and transformer
temperature, while the synaptic learning module updates learning weights using prediction
feedback. The mechanism detects overloads, voltage instability, harmonics and reactive
power imbalance early, then performs adaptive load balancing, intelligent power routing,
transformer protection and reactive power compensation. Continuous learning improves
energy efficiency, transmission loss reduction, reliability and renewable energy integration.

T(t) =T, + AT, + AT, (18)

In this equation (18) T (t) is the operating temperature of the transformer at time t. T,

ambient environmental temperature around the transformer. AT, and AT, are hotspot and

oil temperature rise values.
,/Zﬁ=z Vi
THD =YX"""" % 100 (19)

1
The equation (19) shows the percentage of harmonic distortion in the grid voltage

wave form THD. V,, are higher order frequencies of the harmonic voltage. V; Indicate the
system's fundamental voltage component.

Pou
g =22 x 100 (20)

In this equation (20) n, is the operational efficiency of smart grid system in

percentage. P, Power delivered to consumers, useful output power. P;,, Input power into
the grid (total).

Algorithm: Preventive Synaptic Learning Smart Grid Optimization (PSLSGO)

Input:
Real-time smart grid data from IoT sensors
(Voltage, Current, Frequency, Load Demand,
Transformer Temperature, Power Consumption,
Power Factor, Renewable Energy Status)
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Begin
1. Initialize smart grid nodes and synaptic learning parameters
2. Collect real-time electrical data from:
a. Smart meters
b. IoT sensors
c¢. Transformer monitoring units
d. Renewable energy sources
3. Preprocess collected data:
a. Remove noise and redundant values
b. Normalize sensor readings
c. Extract important grid features
4. Analyze grid condition using synaptic learning module
5. Predict future load demand and possible instability conditions
6. Detect preventive risk conditions:
a. Overloading
b. Voltage fluctuation
c. Transformer overheating
d. Harmonic disturbances
e. Reactive power imbalance
7. If abnormal condition detected then
a. Activate preventive control mechanism
b. Perform dynamic load balancing
c. Redirect power through stable transmission paths
d. Enable transformer cooling protection
e. Apply reactive power compensation
f. Isolate faulty grid sections if necessary
End If
8. Evaluate all available transmission paths
9. Select optimal low-loss power distribution route
10. Update synaptic learning weights based on:
a. Grid stability
b. Energy efficiency
c. Transmission performance
d. Load balancing accuracy
11. Continuously monitor grid performance
12. Repeat optimization and preventive learning process
until stable smart grid operation is achieved
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Output:
Optimized power distribution with minimized energy loss,
stable voltage regulation, balanced load management,
and preventive fault-controlled smart grid operation

End

PSLSGO is a smart grid intelligent algorithm that continuously collects the real-time
electrical data from the IoT sensors and monitoring devices. The collected data is then
preprocessed and analyzed by a synaptic learning mechanism to predict load demand, the
instability condition and energy losses in case of failures. Depending on the identified risk
situations, the system triggers proactive control measures to ensure a stable operation of the
grid, including dynamic load balancing, optimum power routing, transformer protection
and reactive power compensation. Finally, a synaptic learning module continuously adapts
the learning behavior based on the performance feedback given by the grid to provide
adaptive, energy efficient and energy loss reduction with importance in smart grid
management.

4. Experiment result

This section presents the experimental results and performance evaluation of the
proposed Preventive Synaptic Learning Smart Grid Optimization (PSLSGO) framework
using the IEEE 33-bus smart distribution system. The framework is assessed under various
operating conditions and compared with existing optimization methods using energy
efficiency, reliability, transmission loss reduction, voltage stability, prediction accuracy and
renewable energy utilization to validate its effectiveness.

The proposed PSLSGO approach was applied to the IEEE 33-bus smart distribution
system in MATLAB R2024a and Python 3.11. Experiments were performed on an Intel
Core 17 processor having 16 GB of RAM. All of the comparative models were tested in the
same way and a benchmark dataset of 12,000 samples was split 70/30 into a training set and
30/70 into a testing set.

The benchmark smart grid data was split into 70% training and 30% testing. About
8,400 samples (70%) were utilized to train the Adaptive Synaptic Learning module, which
allowed the framework to learn the operating patterns and optimization of the grid.Around
8,400 samples (70%) were used to train Adaptive Synaptic Learning, which helped the
framework learn the operating patterns and optimization of the grid. The remaining 3,600
samples (30%) were kept for testing to assess the prediction accuracy, voltage stability
improvement, loss of transmission, use of renewable energy and overall reliability in
different operating scenarios.

Table 2: Synaptic Weight Update Analysis

Iteration | Initial Weight | Updated Weight Prediction Error Learning Rate

1 0.45 0.52 0.08 0.01

2 0.52 0.60 0.06 0.01
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0.60 0.69 0.04 0.02
4 0.69 0.77 0.03 0.02
0.77 0.85 0.01 0.03

Table 2 is shown in an adaptive synaptic weight updating in PSL-SGO learning
module. Weight adjustment is based on prediction error feedback and performance
conditions of the grid. The smaller is prediction error the more ability to learn. Smart Grid is
continuous adaptation for intelligent decision making.

Table 3: Load Stability Prediction

Time Interval Load Demand (kW) Stability Index Predicted Condition
T1 40 0.95 Stable
T2 55 0.82 Moderate
T3 70 0.68 Unstable
T4 80 0.60 Critical
T5 50 0.88 Stable

The table 3 is shown in load stability prediction by the synaptic learning mechanism.
The stability index is a measure of safe operating condition of the grid. The smaller value
indicates possible overload and/or stability problems. This forecast allows preventive

corrective actions to be taken prior to failure.

Table 4: High-Loss Transmission Path Detection

Transmission Line Power Loss (%) Distance (km) Status
TL1 3.2 15 Normal
TL2 7.5 22 High Loss
TL3 5.8 18 Moderate
TL4 8.4 25 Critical
TL5 2.9 12 Stable

This table 4 points out the transmission lines with high energy loss. PSL-SGO
algorithm is continually monitoring the efficiency of transmission on the paths of the grid.
Preventive routing and compensation actions are given priority to critical lines. This process
can greatly decrease the wasting of transmission energy.
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Voltage Stability Index Surface

Preventive-action threshold: VSI = 0.30

0.98

o
)
o

[
(=]

0.64

Bus Node

0.46

Voltage Stability Index

0.28

0.10

4 }
0.0 0.2 0.4 0.6 0.8 1.0
Load Factor

Figure 3: Voltage Stability Index (VSI) Surface using PSLSGO

The figure 3 shows the variation of the Voltage Stability Index (VSI) with respect to
the load factors and bus nodes in the smart grid network. The VSI decreases in a more
progressive manner with an increasing load factor and, therefore, it decreases the voltage
stability under heavy loading condition. The red dashed (VSI = 0.30) threshold line is the
instability boundary where PSLSGO takes preventive corrective actions to prevent voltage
collapse. The proposed system is able to distinguish the stable and unstable operating
regions and thus enhances the reliability and voltage regulation performance of smart grid.

Table 5: Voltage Instability Detection

Node ID Voltage Level (V) Stability Margin Risk Level
N1 228 0.95 Low
N2 220 0.82 Medium
N3 215 0.70 High
N4 210 0.61 Critical
N5 230 0.97 Stable

Table 5 lists the voltage instability conditions detected at the different grid nodes.
The stability margins are low and may be potential voltage collapse scenarios. The proposed
system predicts the instability in advance of the significant power variation. Preventive
voltage compensation gives a better overall grid reliability.
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The results of the energy loss distribution for the different transmission lines before
and after the proposed PSLSGO framework are shown in the figure 4. The “Before
PSLSGOQO?” section reveals more energy loss within several of the transmission sections (an
average of 10.3 kW) and is indicative of energy loss in the power lines and/or load
imbalance. With PSLSGO applied, energy losses are drastically decreased, with an average
loss of just 2.4 kW with close to 77% improvement. Good preventive learning and adaptive
controlling of the smart grid network can be observed with optimization of distribution
pattern. The results indicate that PSLSGO can be good for reducing the transmission loss,
optimizing the use of energy resources and enhancing the performance of the power

distribution system.
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The reactive power compensation characteristics of smart grid nodes, as a function of
active power demand, reactive power demand and distribution of power factor is shown in
the figure 5. The red-circled nodes show the conditions where the power factor (PF < 0.70)
was low and requires PSLSGO compensation. Reactive power demand is directly
proportional to active power, showing that as the active power increases reactive power
demand also increases, thus pointing towards the need for intelligent compensation
mechanisms in order to keep the grid stable. The proposed PSLSGO framework is effective
to identify the unstable nodes, power factor condition and power quality and energy
efficiency in the smart grid network.

Table 6: Reactive Power Compensation Results

Bus Reactive Power Before Reactive Power After Compensation Efficiency
(kVAR) (kVAR) (%)
B1 120 80 33.3
B2 140 920 35.7
B3 160 95 40.6
B4 180 100 44 4
B5 130 85 34.6

Table 6 the results of the reactive power compensation performed by the PSL-SGO
optimization mechanism is given. Reactive power imbalance can lead to voltage instability
and loss of energy in the grid. The use of compensation improves the power factor and
effectiveness of transmission. Results show that there is considerable reduction in
unnecessary reactive power flow.

Table 7: Adaptive Load Balancing Performance

Region Load Before (kW) Load After (kW) Improvement (%)
R1 85 70 17.6
R2 90 72 20.0
R3 100 80 22.0
R4 110 84 23.6
R5 95 76 20.0

This table 7 demonstrates the adaptive load balancing feature of proposed
framework. Smart power routing ensures an even distribution of power, thus solving the
problem. Balanced loads will help reduce energy losses and stress on the transformers. The
optimization enhances the stability of the grid and its efficiency of operation.

Table 8: Renewable Energy Integration Analysis

Renewable Generated Power Utilized Power Utilization Efficiency
Source (kW) (kW) (%)
Solar 120 110 91.6
Wind 140 128 914
Volume 01 Issue 01 (September) 2026 88

Available at: gtspress.org/ GJAEST




Global Journal of Advanced Engineering Systems and Technologies
ISSN: ------ ,DOL: -, Impact Factor: -
Volume 01 Issue 01 (September) 2026

Hydro 100 92 92.0
Biomass 90 82 91.1
Hybrid 160 148 92.5

Table 8 the renewable energy integration efficiency in the smart grid. The proposed
system is able to cope with the fluctuations of renewable power sources in a dynamic
manner. This maximization of efficiency resulted in less energy wasted and more
sustainable. The results show the renewable energy support to be stable in the optimized
grid.

Table 9: Energy Loss Reduction Analysis

Time Slot Loss Before (%) Loss After (%) Reduction (%)
Morning 9.2 4.8 47.8
Afternoon 10.1 5.2 48.5
Evening 11.5 5.9 48.6
Night 8.4 4.2 50.0
Average 9.8 5.0 48.9

This table 9 shows the comparison of the energy losses before and after the PSL-SGO
optimization method. Proposed system can obtain considerable reduction in transmission
and distribution losses. Preventive Control & Adaptive Routing enhances energy utilization
efficiency. Reducing energy loss helps to maintain a sustainable smart grid.

Table 10: Comparative Analysis with Existing Methods

Energy . gets Loss Voltage | Renewable
Method Efficiency Rel‘(f}/b)‘hty Reduction | Stability | Utilization
(%) ’ (%) (%) (%)
PSO-based Capacitor | 4 ¢ 91.2 38.5 88.4 82.1
Optimization [7]
DG Placement using
ML [6] 91.7 92.5 40.3 89.8 84.5
EV & Renewable
DSM Framework [11] 92.9 93.8 41.6 91.2 86.7
Zebra Optimization
based Hybrid System 93.4 94.1 42.8 92.0 87.9
[17]
RL-enhanced Crow
Search Optimization 95.2 95.7 45.1 94.3 89.6
[35]
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Multi-objective
Renewable 95.8 96.2 46.0 95.1 90.4
Optimization [29]

GNN/Advanced
Distributed
Optimization-inspired
Smart Grid [33]

96.4 96.8 47.3 95.9 91.2

PSL-SGO (Proposed) 98.4 98.1 48.9 97.2 92.5

Table 10 compares the proposed PSLSGO framework with existing smart grid
optimization methods. The results show that PSLSGO achieved the highest performance,
with 98.4% energy efficiency, 98.1% reliability, 48.9% transmission loss reduction, 97.2%
voltage stability and 92.5% renewable energy utilization. These findings demonstrate that
adaptive synaptic learning and preventive optimization provide a more reliable, energy-
efficient and intelligent solution than conventional optimization techniques.
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Figure 6: Comparative Performance Analysis of Smart Grid Optimization Methods

In figure 6, the comparative analysis depicts the performance assessment of the
proposed Preventive Synaptic Learning Smart Grid Optimization (PSLSGO) framework in
comparison to various optimization approaches such as PSO-based Capacitor Optimization,
Distributed generation placement using Machine learning, EV and Renewable DSM
optimization, Zebra optimization hybrid models, RL enhanced Crow Search optimization,
Multi-objective optimization for renewables and GNN based distributed optimization. To
compare, the same operating condition IEEE 33-bus smart grid is used to assess the
performance metrics energy efficiency, reliability, transmission loss reduction, voltage
stability and renewable energy utilization.

4.1 Statistical analysis

The results of the comparative performance analysis revealed that the PSLSGO
model outperforms CNN-LSTM, Deep Reinforcement Learning, Federated Learning,
Transformer, Hybrid Neuro-Fuzzy and Graph Neural Network models. It successfully
proved to be 98.4% energy efficient, 98.1% reliable, 48.9% reduced energy transmission
losses, 97.2% voltage stable, 98.0% accurate in predictions and 92.5% efficient in utilization
of renewable energy, proving to be effective in reliable, intelligent and sustainable
optimization of smart grid.

Table 11: Statistical Validation of PSLSGO Performance Analysis

0,
Performance | Mean Standard . 95% p- ANOVA
. . . Variance Confidence
Metric (%) Deviation value F-value
Interval
Energy 95.52 1.92 3.68 93.74-97.30 | 0.003 14.82
Efficiency
Reliability 95.84 1.63 2.65 94.33-97.35 | 0.002 16.27
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Loss Reduction | 45.31 2.89 8.35 42.64—47.98 | 0.005 12.94
Voltage 93.74 2.41 5.80 91.51-95.97 | 0.004 13.56
Stability

Prediction

96.12 1.88 3.53 94.38-97.86 | 0.002 17.11
Accuracy
Renewable | o5 - 2.36 557 | 87.29-91.65 | 0.006 | 11.73
Utilization

Table 11 the statistical validation of the proposed PSLSGO framework is done using
descriptive and inferential statistics and presented in High SD and high variance indicate
performance is not consistent and narrow 95% indicate reliability. High ANOVA F-values
and p-values (<0.01) show the statistically significant improvements in all of the smart grid
performance metrics evaluated.

411 ANOVA

A one way ANOVA test was performed to check for statistical significance at 95%
confidence level for 10 different runs of simulation. The p-values obtained are < 0.05, which
show the statistical significance of the improvements obtained by the proposed PSLSGO
framework when compared with the existing optimization schemes.

5. Discussion

The propose PSLSGO framework which was found to enhance the performance in
the smart grid by adaptive learning and preventive optimization. The learning accuracy
enhancement was obtained using monitoring, data preprocessing and feature extraction
with IoT. The adaptive load balancing/reactive power compensation and the adaptive
synaptic learning module achieved the accuracy of 98.0% prediction accuracy and the
energy losses and the voltage stability were also decreased. The integration of renewable
energy was achieved successfully and comparison with other methods showed that the
proposed method is efficient, reliable and loss reduction better than ANN, Fuzzy Logic and
Deep Learning and Hybrid Optimization methods.

5.1 Ablation study

To examine the involvement of each of the major components presented in the
proposed framework PSLSGO an ablation study was conducted. Each module was turned
off one by one and impact of each module on the energy efficiency, reliability, loss
reduction and loss prediction accuracy were discussed. The results confirm significance of
all the modules and validate the capability of using the integrated PSLSGO framework of
the smart grid system for optimizing all its modules in intelligent way.
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Table 12: Ablation study Analysis

Loss
. Energy Reliability . Prediction
Model Configuration Efficiency (%) (%) Red(lol/j)t ton Accuracy (%)
Wltliout S_ynaptlc 89 5 90.2 36.8 88.4
earning
Without Preventive 912 9226 39.5 90.8
Control
Without Load Balancing 92.4 93.8 41.2 92.1
Wlthgut Reactlvg Power 93.1 94 4 42.7 93.6
ompensation
];N1thout Rgngwable 94.0 951 44.3 94.5
nergy Optimization
Pa;ual PSLSGO 96.2 96.8 46.1 96.9
ramework
Con;plete PSLSGO 98 .4 98.1 48.9 98.0
ramework

Table 12 the ablation results of the proposed PSLSGO are summarized. Single
modules were removed and resulted in a loss on the energy efficiency, reliability, loss
reduction and prediction accuracy. This great energy efficiency (98.4%), reliability (98.1%),
loss reduction (48.9%) and prediction accuracy (98.0%) are provided by an integrated
intelligent smart grid optimization under the framework of PSLSGO.

5.2 Scalability of proposed algorithm

The propose PSLSGO framework can be scaled easily for large-scale smart grid,
where the number of substations and renewable energy resources increases significantly in
number and the number of IoT devices also increases. If the source of the electrical signal is
real-time, then adaptive synaptic learning can learn the information with little number of
computations. The framework can be used for energy efficiency, reliability, prediction
accuracy and intelligent power routing, adaptive load balancing, voltage regulation and
reactive power compensation. It is designed in a modular fashion for easy integration with
the next generation of intelligent energy management solutions as well as future smart city
infrastructure.

5.3 Limitations

Despite the fact that the PSLSGO architecture can ensure energy savings, voltage
stability, improved prediction results and loss reduction, it requires a large number of quality
real-time IoT data and computational overhead in the case of the smart grid environment.
Up to this moment, the proposed approach has been validated mostly in simulations when
variation in renewable energy resources is negligible. In the future work, the following will
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be considered: deep reinforcement learning, federated learning, security using blockchain
technology, cloud-edge computing and cybersecurity-oriented optimization.

6. Conclusion

The PSLSGO framework has immensely enhanced the performance of smart grids
via the introduction of adaptive synaptic learning, preventive control, intelligent power
routing, adaptive load balancing, reactive power compensation and renewable energy
coordination. The experimental validation conducted using the IEEE 33-bus test network
has shown that the proposed framework provides better performance results compared to
other optimization methods, achieving an energy efficiency of 98.4%, reliability of 98.1%,
reduction in transmission losses by 48.9%, voltage stability of 97.2%, prediction accuracy of
98.0% and renewable energy utilization of 92.5%. The results from statistical validation
have shown that the framework is very effective due to low variance, narrow confidence
interval, higher p-value and ANOVA F-value. The time complexity of the proposed
framework is O (n*> + m log m). The ablation study conducted has confirmed that the
proposed modules play a vital role in improving the performance of the framework. Some of
the potential areas of research include the use of deep reinforcement learning, federated
learning, Dblockchain security, cloud-edge computing and electric vehicle energy
management.
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