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Ice accumulation on power distribution lines leads to significant reliability issues, operational
instability, and economic losses during extreme weather conditions. Accurate prediction and optimal
placement of ice-melting devices are essential to mitigate these impacts and ensure continuous power
delivery. Conventional optimization approaches often exhibit slower convergence, limited adaptability
to nonlinear climatic variations, and inadequate prediction accuracy under uncertain environmental
parameters. The objective to develop an intelligent and robust hybrid framework for optimal ice-melting
equipment placement, enhancing prediction precision and system resilience. A new hybrid
metaheuristic framework, PUGWO-TEABC-MNet, is formulated by integrating a Position-Updated
Grey Wolf Optimizer (PUGWO), Tent-Elite Artificial Bee Colony (TEABC), and LSTM-based Memory
Network (MNet) to ensure adaptive exploration and exploitation with dynamic memory learning. The
framework optimally determines device placement by minimizing prediction error while modeling
nonlinear climatic dependencies. Climatic datasets related to icing events, including wind speed,
temperature, humidity, and ice thickness, were collected from Kaggle repositories. Data were
normalized and partitioned into an 80:20 training—testing ratio. Principal Component Analysis (PCA)
was used to retain the eight most significant components representing climatic influence. PUGWO
initializes optimal search regions, TEABC refines global optima, and MNet captures sequential
temporal patterns to improve predictive stability. The framework was implemented in Python using
TensorFlow and Scikit-learn libraries. Performance metrics achieved include R?2 = 0.992, MAPE =
0.0042, and RMSE = 0.12, outperforming baseline BP and PSO-BP approaches. The proposed
framework demonstrates superior forecasting accuracy and resilience, providing a cost-effective
strategy for optimal ice-melting device deployment in power distribution networks.

Povzetek: Predlagan hibridni model PUGWO-TEABC-MNet omogoca zelo natancno napovedovanje
poledenitve in optimalno postavitev naprav za taljenje ledu, s cimer izboljSuje zanesljivost
elektrodistribucijskih omreZzij.

1 Introduction

Transmission line icing can result in flashover, line
disconnection, or tower collapse when supercooled water
droplets hit conductors and freeze. Important variables like
the collision coefficient and freezing fraction have a big
impact on network dependability and ice buildup [1]. Ice
buildup on transmission lines causes structural damage,
conductor galloping, and outages, which complicate

maintenance plans during extended cold temperatures and
high winds and result in financial losses, safety risks, and
decreased power supply dependability [2]. Ice mitigation
techniques include conductor or insulator protection
strategies, hydrophobic surface treatments, monitoring
systems, anti/de-icing technologies, and ice-melting
devices. These strategies were developed to lessen
electrical failures, mechanical disruptions, and extensive
grid damage during severe icing events [3]. Ice-melting
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devices improve distribution network reliability by
addressing mechanical and thermal limitations, including
AC and DC techniques; however, challenges such as
power outages, complex switching, reactive power issues,
and electromagnetic interference limit widespread use
under severe icing conditions [4]. The placement of ice-
melting devices is made more difficult by icing incidents,
complicated terrain, high altitude conditions, and
fluctuating weather patterns, since variables like
temperature, wind speed, precipitation, and conductor
diameter have a significant impact on ice formation and
mitigation efficiency [5]. The best placement strategy is
essential for reducing the risks of conductor galloping,
flashover, and ice-shedding since precise placement of ice-
melting devices improves suppression mechanisms,
lowers mechanical stress, and increases the dependability
of high-voltage transmission networks during extreme
icing conditions [6]. In ice-melting systems, performance
factors such as resilience metrics, composite cost, risk cost,
and reliability indicators combine technical stability and
economic efficiency to assess efficacy and direct the best
choice of anti-icing techniques for transmission lines [7].
By balancing investment, operational efficiency, and
mitigation effectiveness under extreme ice disaster
scenarios, economic evaluation considerations include
composite cost, risk cost, and coordination of de-icing with
power grid scheduling, assuring robust distribution
systems [8]. The combination of scientific and financial
aspects requires integrating flexible grounding devices
with controlled reactive current regulation, minimizing
reliance on large-capacity power supplies while ensuring
cost efficiency, operational reliability, and practical
application in distribution systems under hazardous icing
circumstances [9].

1.1 Research objective

An advanced Position-Updated Grey Wolf Optimizer with
Tent-Elite Artificial Bee Colony-based Memory Network
(PUGWO-TEABC-MNet) method was established in this
research for optimal ice-melting device placement by
integrating real-world distribution feeder data collection,
Min—Max scaling, PCA-based feature reduction, and
PUGWO-TEABC-MNet-driven climatic risk prediction,
ensuring precise placement, enhanced convergence,
network  resilience, operational efficiency, and
economically sustainable distribution system performance
under extreme icing conditions.

Research questionnaire

RQ1: Does the proposed hybrid metaheuristic algorithm
outperform classical optimization techniques when used to

Y. Lietal.

identify the optimal location of ice-melting devices in a
scenario of climatic uncertainty?

RQ2: How does the incorporation of Tent mapping
improve the convergence efficiency and solution accuracy
of the Position-Updated Grey Wolf Optimizer?

RQ3: In what ways does the proposed model compare in
terms of reliability, energy efficiency, and robustness with
the current ice-melting placement strategies?

The remaining sections are structured as follows: Section
1 discusses the background and limitation of current ice-
melting device installation strategies, Section 2 explores
the literature review on icing risk prediction, Section 3
discusses data gathering, preprocessing, and feature
extraction and the PUGWO-TEABC-MNet method
proposed, then after that Section 4 involves experimental
setup, results, and findings, and finally, Section 5
concludes with insights and directions for further research.

2 Related works

Icing thickness prediction of transmission lines was done
with spectral clustering, Complete Ensemble Empirical
Mode Decomposition with Adaptive Noise (CEEMDAN),
and a Transformer model [10]. There was limited
evaluation on various climatic regions, but results
indicated better accuracy and efficient learning compared
to baseline algorithms with multiple feature inputs. An
integrated model driven by Artificial Intelligence (Al) was
intended to forecast icing thickness in Sichuan based on
multi-source meteorological and icing information [11].
Data assimilation enhanced prediction accuracy, but errors
of more than 3 mm still existed, while the overall outcomes
manifested high accuracy at the main observation stations.
Acoustic wave de-icing to provide sustainable alternatives
to traditional methods by piezoelectric plate experiments
in laboratory and wind tunnel settings [12]. Limited
scalability was a challenge, but findings presented
synergistic effects of resonance frequency analysis and
surface modification for real-time monitoring of icing. An
extensive model used temperature, humidity, and past
icing data to anticipate hard rime and glaze ice [13].
Despite erratic monitoring difficulties, the results showed
that several icing kinds may be accurately predicted with
greater accuracy than with traditional monitoring
techniques. A flexible grounding device regulates zero-
sequence reactive current in research [14] to allow de-icing
without cutting power. Experiments report voltage
deviation under 0.5% and current deviation under 0.3%,
keeping the network running and showing economic
benefits, though large-scale real-world validation was still
limited. An FFNN-based model with optimization was
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used in research [15] to estimate ice-to-liquid ratios and to
plan anti-icing and de-icing operations. Simulations on
IEEE 33-node networks show reduced load loss,
sensitivity to weather factors, and overall better network
performance, but operational testing and full scalability
haven’t been fully evaluated. The assessment of power
grid icing risk was done using a probabilistic inference
approach [16]. Although it was difficult to capture
nonlinear development patterns, Poisson process modeling
using Monte Carlo simulations showed that the
proportions of ultra-high voltage lines and the thickness of
the ice had a significant impact on the vulnerability of the
system. A two-stage stochastic model is used in research
[17] to maximize the dispatch of distributed energy
resources and routing for mobile deicing equipment during
ice storms. Scenario-based simulations on IEEE 33- and
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69-node systems show improved resilience, although
scalability to very large networks remains limited. An
enhanced You Only Look Once version 8 (YOLOv8)
network with bidirectional feature pyramid network
(BiFPN) fusion and Gather-Excite (GE) attention was
utilized to detect all-dielectric self-supporting (ADSS)
cable icing [18]. Despite an increase in computational
complexity, trials demonstrated improved early-warning
capabilities, accuracy, and recall when compared to the
previous model. AC de-icing of 10kV distribution network
lines was examined with fixed, segmented, and mobile
systems incorporating intelligent  switches [19].
Applicability to higher conductor cross-sections was
limited, but performance showed flexible deployment and
efficient ice removal for differing line distances. Table 1
shows an overview of related works.

Table 1: Summary of the related works

Ref. Method / Model Application Focus Dataset / Inputs
Keetal. CEEMDAN + Spectral Transmission line Meteorological & icing
[10] Clustering + Enhanced icing thickness time-series
Transformer prediction
Wang et al. Al-based Integrated Icing prediction in Multi-source
[11] Model + Data Sichuan power grid meteorological & icing
Assimilation data (2017 -2019)
Del Moral et Acoustic-Wave (AW) Anti-icing/de-icing Lab & wind-tunnel
al. [12] De-icing on piezoelectric experiments
substrates
Zhou et al. Multi-factor Prediction Hard rime & glaze Historical icing cycles
[13] Model (Temp, ice prediction (9 locations)
Humidity, History)
Luo & Zhou GBDT Regression De-icing agent Indoor experiment data
[14] Model melting-area
prediction
Snaiki et al. FFNN + Metaheuristic Ice-to-liquid ratio ASOS meteorological
[15] Optimizers estimation data
Liuetal. Poisson Process + Power-grid icing risk Simulated UHV grid
[16] Monte Carlo Simulation assessment data
Vangulicket ~ Optimal Measurement Distribution network  Simulated network data
al. [17] Device Placement operation
(ANM based)
Kong et al. Improved YOLOVS + ADSS fiber icing RGB images of optical
[18] GE & BiFPN detection fiber cables
Zhao et al. Two-Stage Stochastic Distribution network Modified IEEE 33-/69-
[19] Scheduling Model resilience under ice node system

storms

Performance / Metrics
RMSE, R2 (better than
CEEMDAN-LSTM/SP-
Transformer)
Prediction error < 3 mm;

R2=0.9

Energy efficiency >
90%; real-time response

Corr. > 0.99; MSE < 4%

R2=0.979

High accuracy; Sobol
index sensitivity

Risk 15x for UHV lines
(50%)

Reduced curtailment;
improved ANM quality

Accuracy 2.2%, Recall
5%, FPS = 147

Scenario-based
improved resilience

Technical Limitations

Limited climatic
validation; may overfit
specific regions

Regional overfitting;
residual errors at some
stations

Scalability was limited
due to the lab hardware
setup

Depends on sensor
coverage & data quality

Limited real-world
applicability; no field
testing

Complex model; multiple
optimizer tuning; not
tested operationally

Nonlinear modeling; high
computation; detailed grid
data needed

Depends on ANM
assumptions; may not
generalize to other
topologies

High computation; real-
time deployment may be
hardware-limited

Limited scalability for
very large systems
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2.1 Research gap

Despite significant progress, limitations remain across
existing icing prediction and de-icing approaches.
CEEMDAN showed that limited evaluation across diverse
climatic regions existed [10]. Al-based models provided
better predictions with data assimilation, although
inaccuracies remained [11]. Acoustic wave de-icing had
sustainable potential without scalability [12]. Multi-factor
models forecast varied icing types, but irregular
monitoring decreased dependability [13]. ML frameworks
accurately quantified de-icing agents, albeit field
applicability was limited [14]. Probabilistic risk models
were poor at handling nonlinear growth patterns [16], yet
cable detection using YOLOvV8 enhanced accuracy but
increased computational complexity [18]. Integrated,
adaptive, and cost-effective solutions are still missing. To
address the issues of traditional approaches, a PUGWO-
TEABC-MNet method was developed to combine
temporal pattern, leader updated exploration, tent-chaotic
initialization, and elite-guided exploitation with the aim of
improving the accuracy, resilience, and cost-effectiveness
of deploying ice-melting devices in distribution systems
for varying climate conditions.

3 Methodology

A hybrid method, PUGWO-TEABC-MNet, addresses
optimal placement of ice-melting devices in distribution
networks. Climatic and feeder data undergo Min—Max
scaling and PCA-driven feature extraction. LSTM-
supported MNet predicts icing risks, while PUGWO
enhances exploration, and TEABC improves global
convergence. The integrated model ensures accurate
prediction, resilience, and cost-efficient placement. Figure
1 presents the overall framework.
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Figure 1: Methodology flow
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3.1 Dataset

The ice thickness and melting device data were obtained
from the open-source platform Kaggle
(https://www.kaggle.com/datasets/zara2099/ice-
thickness-and-melting-device-data/data). The dataset

includes measurements of ice accumulation and removal
on transmission lines. It covers environmental variables
including temperature, humidity, and wind speed, as well
as ice thickness measurements. Data also records the
performance of ice-melting operations under various
power grid configurations. The dataset is appropriate for
investigating ice disaster warnings, power system
reliability, and the operational efficiency of ice-melting
equipment. The dataset was cleaned before analysis to
eliminate missing values or unrealistic values. Min-max
scaling and PCA were used to normalize features and
eliminate the least important information to use in
modeling.

3.2 Data preprocessing using min-max scaling

Min-Max scaling is employed as a crucial preprocessing
technique to standardize continuous parameters linked
with distribution networks, such as temperature, load
demand, and cost. Min-Max scaling is a linear
transformation technique that converts original feature
values to a specified range, often ranging from 0 to 1,
maintaining uniform relevance across variables. The
transformation is expressed as Equation (1).

Fj_Flow

Fscatea = Fri o _F
high—Flow

M

Where F; and Fycqi0q represent the original and scaled
feature value, F,, is the minimum, and Fy;g4p, is the
maximum of the feature range. Min—Max scaling allowed
for dependable extraction and optimal placement of ice-
melting devices in distribution networks by standardizing
diverse data into equivalent units, improving stability,
speeding up convergence, and guaranteeing balanced
representation of meteorological, demand, and financial
factors.

3.1.Principal component analysis (PCA) for
feature extraction

PCA is a method of dimensionality reduction used for
reducing high-dimensional climatic, load, and network
variables to identify predominant patterns that affect ice
accumulation within distribution networks. PCA converts
correlated features V =V, V,,....V, into uncorrelated
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principal components (PCs), which constitute a rotated
coordinate system to extract maximum variance. The first
principal componentP;, is linearly composed of original
variables derived in Equation (2).

Py =ciV =cpVy +cVo + el (2
Subsequent PCs are defined similarly in Equation

P, =ciV =cy Vi +c Vo + -+ eV, oo, By =V
®)

Where ¢;; are coefficients derived from the
eigenvectors of the covariance matrix £ of V, and
eigenvalues A; > A, > --- > 1, indicate the variance
captured by each component. Variance and covariance are
computed as in Equation (4).

Var(P) = ¢/ ¥ ¢;, Cov(P,P) =c Tk (4)

Table 2: Cumulative variance table

Principal | Eigenvalue | Variance | Cumulative
Component (%) Variance
(%)
P: 3.42 62 62
P, 141 25 87
P; 0.55 10 97
P4 0.20 3 100

The eigenvalue and cumulative variance analyses kept the
two primary variables (P, and P,), which account for 87%
of the overall variation. P; is a climatic factor, and P, is a
load factor, maintaining the important patterns that
influence ice accumulation and reducing dimensionality.
The retained components are those that have the greatest
amount of variance, as indicated in Table 2, and it can be
argued that these features should be used to reduce the
number of features. PCA achieves feature dimensionality
reduction with preservation of the most important
information, allowing efficient and reliable feature
extraction to predict icing threats. PCA improves
convergence, decreases computational complexity, and
enhances precision in optimizing the placement of ice-
melting devices in distribution systems by highlighting
prevailing climatic and operational trends.
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3.4 Predict icing risks using Position-Updated
Grey Wolf Optimizer with Tent-Elite
Artificial Bee Colony based Memory Network
(PUGWO-TEABC-MNet)

The proposed PUGWO-TEABC-MNet model
forecasts the risks of icing and identifies the most
appropriate location of ice-melting equipment within the
power distribution networks. The MNet is a time-varying
forecast of icing hazards at various network sites and is the
first to predict these hazards. The PUGWO and TEABC
algorithms, in their turn, are guided by these predictions.
In particular, high-risk regions determined by MNet are
prioritized more in the optimization process, and PUGWO
and TEABC can efficiently explore device placements
maximizing the melting and minimizing the cost. The
interdependence of components will ensure that the
temporal icing patterns are immediately factored into the
optimization loops, culminating in a more precise and
fiscally viable placement strategy shown in Figure 2.

Figure 2: PUGWO-TEABC-MNet architecture
for optimal device placement
3.4.1 Memory networks (MNets)

MNets analyze temporal connections in meteorological,
load, and operational data to predict icing risks and
optimize the placement of ice-melting devices in
distribution networks. Because it makes use of an LSTM
method, vanishing gradient problems are avoided, and
long-term dependencies are maintained. A hidden state
and a cell state are present in every LSTM unit, which
spreads information over time. The forget gate (F.)
determines which prior knowledge should be discarded
using Equation (5).

Fp = U(Af[Ht—l:Zt] + Bf) ®)
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The input gate(,)and candidate memory (N,) determine
the new information to store, which can be derived in
Equations (6-8).

I = 0(A;[He-1, Z] + By)
(6)

N, = tanh(4,[H,_1,Z,] + B,)
™

C,=Cry F,+ N, -1,

®)

For predictions, the hidden state (H,) is created
by filtering the cell state using the output gate (0,) using
Equations (9-10).

0, = 0(A,[He-1,Z¢] + B,)

©)

Ht = Ot " tal’lh(ct)
(10)

Here, C;,_, and C; are previous and current cell states, H,
and O, are hidden and output states, A and B represent
gate-specific weights and biases, and Z; denotes the input
vector of climatic, load, and operational features. MNet
generates precise predictions of icing risk by capturing
temporal patterns in temperature, load demand, and icing
incidents. These forecasts help the PUGWO-TEABC
method position ice-melting devices in the best possible
way, improving distribution networks' cost-effectiveness,
operational effectiveness, and network resilience.

3.4.2 Position-Updated Grey Wolf
(PUGWO)

Optimizer

GWO is a meta-heuristic optimization algorithm derived
from the grey wolf's social ordering and hunting behavior.
Wolves are divided into Alpha, Beta, Delta, and Omega,
corresponding to the fittest, second-fittest, third-fittest, and
least-fit solutions. The algorithm imitates three phases of
hunting: encircling the prey, pursuing the prey, and
approaching the prey, leading the population towards the
best solution in the search space; it mainly helps to forecast
the transmission line’s risk of ice. The standard GWO is
prone to premature convergence and local optimum
stagnation caused by the uniform impact of leader wolves
and reduced exploration in early iterations. To overcome
this, the PUGWO adjusts the position update mechanism
through the introduction of adaptive weight coefficients
depending on the fitness values of Alpha (), Beta (8),
and Delta (§) wolves, reflecting hierarchical influence on
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device placement in a distributed network. A random term
can have an impact on early-stage exploration by other
wolves to balance global and local search. The new
position update formula is derived in Equations (11-14).

. (VaZa+VBZB +V§Z¢g)

(Yt .
3 tay - (Vi+n

t+1 _ .
V., =any

(Zrand - Y]f))

(11)
=%
Vi batdptds’ jela, . 83
(12)
B {|F(Zj)| +0.0001 for minimization
s |F(Zj)| for maximization
(13)
t
o = Tmax7 a, = 1-— a,
(14)

Where Y and Yf** denote the current and next positions
of the k™ wolf, Z,, Zg, and Z s represent positions of leader
wolves, Z,,,q indicates a randomly selected wolf position,
and ry, 1, signify random numbers in [0,1]. The adaptive
weights v;, while a; and a, control the balance between
leader-guided search and random exploration. By
integrating technical and economic considerations,
PUGWO effectively analyzes potential locations for ice-
melting device installation, improving convergence,
accuracy, and resilience while providing well-rounded,
reliable, and economical placement decisions under a
range of network and environmental circumstances.

3.4.3 Tent-Elite Artificial Bee Colony (TEABC)

ABC is a population-based meta-heuristic algorithm based
on honey bee foraging, where employed, onlooker, and
scout bees search and exploit candidate solutions. The
conventional ABC tends to experience insufficient
diversity and slow convergence, which decreases
optimization efficiency in distribution networks. TEABC
improves ABC by including tent chaotic mapping for
population initialization and an elite-guided search
strategy. The best locations are determined using Equation
(15).

yht+ ={ Zyik: Yike[0,0.S] (15)
! 2(1-YF), vFe(0.51]

The top 20% of solutions form an elite set, guiding
iterative search. Employed bees update positions using
Equation (16).
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Zy = %(Fpk + Bbest,k) + Qg (Yik - Fpk) + bik(yik -

Bbest,k) (16)

Onlooker bees refine neighborhoods according to
Equation (17).

Zy = %(Fqk + Bbest,k) + aik(Yik - Fpk) + bik(Yik -

Bbest,k) (17)

Where Y, is the current bee position, Z;;, is the
updated position, F,x, Fyy are the elite solutions randomly
selected from the elite set, By, is the global best, and
aix, by, are random numbers. Tent mapping (chaotic map)
facilitates diversified exploration of the locations of
distribution networks, whereas the elite strategy directs
placements of high quality. Blending both mechanisms
adjusts global and local search, improving convergence,
efficiency, and robustness of ice-melting device
placement.

The PUGWO-TEABC-MNet hybrid method
performs better in distribution networks. PUGWO reduces
convergence time and finds the best location spots,
TEABC maintains diversity and accuracy of global search,
and MNet forecasts temporal icing hazards. Collectively,
the framework will be used to enhance the accuracy of the
placement and cost-effectiveness, build a robust network,
bring about faster restoration of services, and minimize
operational loss. Algorithm 1 shows the working
procedure of the proposed PUGWO-TEABC-Mnet model.

Algorithm 1: PUGWO-TEABC-MNet

Input: M,L,0, N, P, Tyax
Output: GhestG_{\text{best}}Gbest optimal ice-melting device
placement
1. Initialize MNet (LSTM-based) with parameters 6 =
{As, Ay, A, Br, B, By}
2. Compute LSTM outputs
o F,=0(Af[He-1,Z] + By)
o Iy=0(AlH;1,Z]+B;)
e N, =tanh(4,[H;_1,Z¢] + By)
o C=Cq Fe+N-1I
3. Predict R = MNet(M,L,0) =Y =
Y,Y,,...

icing  risk:
’ YP}

4. Initialize population of P wolves

5. Classify wolves: a, 8, §, w based on fitness
6. Apply Tent chaotic mapping:

s _ [ 24 Ylel005)

! 2(1-YF), vFe(0.51]
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7. Selectelite set E, ;e = Top 20% of Y
8. Whilet < Tp,q, do:
Update MNet: R, = MNet_update(M,, L;, O;)
Compute fitness: F(Y) = w; - Cost + w, - Risk +
ws - Resilience
For each wolf k:
Compute velocity: v; = ¢ + ¢p + ¢5,j € {a, B, 6}

Tmax-t
Tmax

Adaptive weights: al = a, =1—ay
Update position:

. (vaZa+VBZB+V5Z5) +
3

ay - (th +15 (Zrana — Y]ﬁ))

9. For each employed bee i:

ittt =ayn

1
Zy = E(Fpk + Bpestr) + @ik (Yie — Fpr)

+ bik(Yik - Bbest,k)
10. For onlooker bees:

1
Zig = 3 (Fqk + Bbest,k) + aik(Yik - Fpk)

+ bi(Yike = Boest )

11. For scout bees: Apply Tent mapping (Eg. 10)
Update elite set: Eq)ite <Update Top 20% of
population}
Update best:
Exchange (PUGWOyest, TEABCpest)
Update {a, 8, 6} = Gpest
Incrementt =t + 1

12. End While

13. Return Gpest

global Gpest =

4 Results and discussion

To provide maximum reproducibility, the entire source
code used in this research and all configuration files are
given in the supplementary materials. A detailed set of
hyperparameters used in the PUGWO-TEABC-MNet
architecture is given in Table 3.

Table 3: Hyperparameter Settings of the PUGWO-
TEABC-MNet Model

Hyperparameter Value / Range
Learning rate 0.001
Batch size 32
Epochs 100
Hidden layers / units 2/64

Dropout rate 0.3
Optimizer Adam
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Population size

30 (PUGWO), 50

(I'l 5 1‘2)

(TEABQ)
Maximum iterations 100
Elite set proportion 20%
Exploration coefficients [0, 1]

Adaptive weights (au, 02)

a1 =t/Toax, Az =1—4

Random coefficients (aix, [-1, 1]
bix)
Tent mapping range 0,1
Coupling weight 0.5
Stopping criterion Afitness < 1075 or max
iteration

The dataset was separated into 70% training, 30% test for
model development and evaluation. All stochastic
processes, such as PUGWO and TEABC, have had a fixed
random seed to ensure that the results are reproducible; the
seed makes the random processes yield consistent results
when repeated. Figure 3 shows the model PUGWO-
TEABC-MNet training and testing results in 50 epochs.
The loss curves gradually decline, which is a positive sign
of effective convergence, and the accuracy curves are
rising, which is a positive sign of better prediction. The
high correlation between training and testing curves
indicates the existence of a good generalization to unseen
data, which guarantees good icing risk forecasting.

Training and Testing Loss Training and Testing Accuracy

—+- Train Loss
== TestLoss

—8~ Train Accuracy
—= Test Accuracy

2
Epochs Epachs

Figure 3: Accuracy and Loss Curve of Training and
Testing Dataset of PUGWO-TEABC-MNet model

Figure 4 shows a lollipop chart of ice thickness for 20
indices, where the x-axis is the values of indices (0-19)
and the y-axis is ice thickness in millimeters. Blue circular
markers and light blue connecting vertical lines outline
single measurements, showing peaks at indices 9, 10, and
18 and values lower than these near indices 5 and 6,
illustrating distribution and variability.
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Figure 4: Visualization of ice thickness distribution

The Figure 5 Lollipop chart shows that there is a
considerable variation in the thickness of ice over the 20
indices. Localized areas of larger accumulation are shown
by high points at indices 9, 10, and 18, whereas areas of
less accumulation are indicated by low points at indices 5
and 6. This distribution underscores the spatial
heterogeneity of ice accumulation by focusing on localized
impacts on the environment that can have effects on
network reliability and operational planning.
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Figure 5: 3D scatter plot of temperature (°C) versus
humidity (percent) versus ice depth (mm) versus wind
speed (m/s) used as a color scale

The interactive effects of temperature, humidity, and wind
speed on the thickness of ice (mm) are displayed in Figure
6, a 3D scatter plot. Crystallization occurs at a lower
temperature and humidity, resulting in more ice
accumulation, and changes in wind speed alter the
accumulation patterns. This visualization illustrates the
interaction of many climatic conditions on ice
accumulation, which gives an idea of the conditions that
could raise susceptibility in the power system.
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Figure 6: Time-scaled change in ice thickness (mm),
which denotes the patterns of accumulation and melting
at time intervals
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The heatmap (Figure 7) indicates the associations between
environmental and network variables, which are ice
thickness, humidity, temperature, power loss, and grid
current. Clustering identifies clusters of parameters that
interact with each other, revealing how ice accumulation
influences network performance. Both highly and weakly
correlated factors give an insight into the factors that drive
the ice-related upsets, and these have guided approaches to
enhance resilience and cost-effective operating planning.
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Figure 7: Correlation heatmap of temperature (°C),
humidity (percentage), ice thickness (mm), power loss
(kW), grid current (A)

A comparison of matched values across indices,
illustrating the disparity between lower and upper
readings, is presented in Figure 8. The range of differences
between lower and upper measurements is 5-18 units, with
the highest values being index 12. It shows where the
model was prone to overestimating or underestimating,
giving a clear understanding of the variation in
performance across the dataset.
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Figure 8: Dumbbell plot of predicted and observed ice
thickness (mm) at various index values

The interactions between a dependent variable and two
independent variables are illustrated in Figure 9. Peaks are
around 85 and valleys around 15, which displays nonlinear
trends and symmetric patterns. Areas with rapid variation
of Z show where the model is most sensitive to detect
conditions of strong and weak prediction.
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Figure 9: Surface plot of the ice thickness distribution, in
the form of waves, under the effects of meteorological
variations

4.1 Statistical analysis

The Wilcoxon signed-rank test is a non-parametric test that
is applied to determine whether the difference in medians
of two matched observations is zero. It does not assume
that the data follows a normal distribution, and it is widely
applied to test the consistency or reliability of repeated
measurements. This research claims the permanence and
repeatability of the suggested PUGWO-TEABC-MNet
model over ten independent trials.

Table 4: Statistical comparison of prediction performance

Meth | R2 | 95 | M 95 R 95 p-
od m| % |AP | % |MS | % | value
ea | Cl | E Cl E Cl (vs
nt|(RR{(m | M | (m /| (R | Prop
) | ean ean osed)




228 Informatica 50 (2026) 219-232

SD = | AP | £ | MS
) SD| E) | SD | E)
) )

PUG | 09 | [0. | 0.0 | [0.0 | 01| [0.1 -
WO- | 92 | 98 | 042 | 038 | 2+ | 1— | (Refe
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The proposed performance statistics of the PUGWO-
TEABC-MNet model shown in Table 4 demonstrate that
the model possesses high predictive accuracy (R2 = 0.992
* 0.003), low average error (MAPE = 0.0042 + 0.0004),
and small residual variation (RMSE = 0.12 *+ 0.01) when
using ten independent runs. The small confidence intervals
([0.989-0.995] of R2, [0.0038-0.0046] of MAPE, [0.11-
0.13] of RMSE) show that the findings are quite consistent
and reproducible. These measures affirm the stability,
reliability, and strength of the model, showing that the
PUGWO-TEABC-MNet model is reliable in terms of
predicting icing risk and optimal placement of ice-melting
devices in case of repeated assessment.

4.2 Evaluation metrics

The evaluation metrics use Root Mean Square Error
(RMSE), R?, and Mean Absolute Percentage Error
(MAPE) to assess predictive accuracy and consistency of
ice-melting device placement in distribution networks.

e RZ Itis also known as the coefficient of
determination, which measures how much the model can
match real output values, indicating the efficacy,
dependability, and explanatory power of optimization in
the placement of ice-melting devices in distribution
networks.

e MAPE: Measures prediction accuracy
by expressing average absolute errors as percentages,
emphasizing model reliability and reducing variances in

ice-melting device placement predictions across
distribution networks.
e RMSE: It is a measurement of

prediction precision that calculates the square root of the
average squared differences between the actual and
anticipated values, showing the overall accuracy and
resilience of placement optimization in distribution
networks.

4.3 Comparison phase

In the comparison phase, PUGWO-TEABC-MNet was
analyzed using R2, MAPE, and RMSE compared to BP

Y. Lietal.

[20], PSO-BP [20], and IPSO-BP [20], along with trained
methods such as MNet, PUGWO-MNet, and TEABC-
MNet. Table 5 and Figure 10 (a-c) show that PUGWO-
TEABC-MNet outperformed baseline models with an R?
of 0.992, MAPE of 0.0042, and RMSE of 0.12. The
findings show higher accuracy, robust icing risk
prediction, and dependable placement of ice-melting
devices.

Table 5: Prediction performance of various algorithms

Method R? MAPE RMSE
BP [20] 0.70 0.037 1.03
PSO-BP [20] 0.82 0.025 0.45
IPSO-BP [20] 0.97 0.007 0.18
MNet [20] 0.975 0.030 0.40
PUGWO-
MNet 0.98 0.020 0.21
TEABC-MNet 0.985 0.015 0.17
PUGWO-
TEABC-
MNet 0.992 0.0042 0.12
[Proposed]
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Figure 10: (a) Predictive reliability using R?, (b) Average
prediction deviation analysis, and (c) RMSE scores
across models

A hybrid PUGWO-TEABC-MNet model was constructed
to find the optimal placement of ice-melting devices in
distribution networks. The conventional models were
hampered by low accuracy of predictions and slow
convergence. BP [20] was not precise, PSO-BP [20]
enhanced search but lacked intricate climatic patterns, and
IPSO-BP [20] was better but sensitive to high-dimensional
data. To overcome challenges such as limited prediction
accuracy, slow optimization, and complex climatic
variability, the PUGWO-TEABC-MNet was established
by combining MNet with PUGWO and TEABC, ensuring
reliable icing risk forecasting, optimal device deployment,
improved network stability, and reduced operational costs.

e

RMSE
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4.4 Robustness testing

To evaluate the stability of the PUGWO-TEABC-MNet
model under extreme values and measurement noise,
random Gaussian noise (5% standard deviation) was added
to the test data to simulate abnormal climatic conditions
and outliers. The model's performance was re-assessed
using metrics such as R2, MAPE, and RMSE to measure
performance degradation, as shown in Table 6.

Table 6: Performance under noisy test data

Method Rz | MAPE | RMSE
PUGWO-TEABC-MNet 0.992 | 0.0042 | 0.12
(original)

PUGWO-TEABC-MNet 0.985 | 0.0061 | 0.18
(noisy)

Results have demonstrated that the model is moderately
sensitive to extreme values, but overall predictive accuracy
is high, which validates strong performance in the presence
of noisy conditions and extreme conditions. The reliability
of the model in the analysis confirms the practical use of
this model in the distribution network that is vulnerable to
the varying climatic conditions.

4.5 Discussion

The earlier researchers experienced difficulties in
predicting icing and maximizing the device location; the
research [10] did not include device placement, and the
investigation [15] did not have fast convergence and
sensitivity to high-dimensional data. The suggested
PUGWO-TEABC-MNet  model  addresses  these
limitations and does better than the baseline and
component-specific ones, with R? (0.992), MAPE
(0.0042), and RMSE (0.12). MNet predicts the timing of
icing with LSTM-based sequence learning with a 0.975 R?,
PUGWO predicts the possible location of devices with
adaptive grey wolf optimization with 0.98 R?, and TEABC
predicts the placements with 0.985 R?, with synergy in the
performance.

The hybrid model has a superior capability of
processing high-dimensional, time-varying data compared
to BP, PSO-BP, and IPSO-BP, and can withstand severe
ice events. The simulations prove the real-time
availability, allowing for control of the grid in advance and
securing the correct and cost-efficient positioning of ice-
melting devices, making the network less vulnerable and
minimizing the loss of operations. Also, the analysis of
scalability shows that the computational cost of each
component, MNet, PUGWO, and TEABC, is increasing
with the size of the input data and optimization iterations.
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Although the model is effective when applied to the
existing dataset, more computational resources or
optimization might be needed in case of larger networks or
higher-dimensional datasets.

5 Conclusion

A hybrid PUGWO-TEABC-MNet method was developed
to create an optimal distribution network placement plan
for ice-melting devices by combining technical
performance and financial analysis. Ice Thickness and
Melting Device data included wind speed, humidity,
temperature, ice thickness, ice coverage, grid current
adjustments, and melting performance from 110kV
transmission lines. Data preparation utilized Min-Max
scaling, and PCA was implemented to break down high-
dimensional  climatic  variables into  dominating
components. The suggested PUGWO-TEABC-MNet
architecture integrates LSTM-based MNet for temporal
risk prediction, TEABC for improved exploration and
accuracy, and PUGWO for quick convergence in
distribution networks. The experimental findings showed
exceptional performance, with R2 of 0.992, MAPE of
0.0042, and RMSE of 0.12, indicating accurate icing risk
prediction and appropriate device placement. The findings
demonstrated enhanced network resilience, lower financial
losses, and faster restoration. Nevertheless, it is essential
to mention the drawbacks of the metrics employed: RMSE
is vulnerable to outliers, and MAPE may overestimate
errors in the case of low denominators. The limitations
were extreme value sensitivity, which was tested by
robustness modeling, injecting noise into the test data, and
analyzing the degradation of the metrics, and large-scale
network processing cost. Future research might be
conducted to enhance large-scale distribution network
scalability, real-time monitoring with an loT, adaptive
optimization in the face of different climatic conditions,
and deployment in industry-specific fields like renewable
energy and smart grids.
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