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Abstract— The atmospheric icing of power transmission lines 

is a severe problem, particularly in cold regions. Several low- and 

high-fidelity models have been developed to predict ice thickness 

growth for transmission lines; however, due to the complicated 

involved mechanisms, it is still challenging to deliver efficient and 

accurate estimations. Machine learning models and particularly 

Artificial Neural Networks (ANN) have recently gained 

increasing attention due to their advanced performances to 

predict highly-nonlinear problems such as ice thickness on 

transmission lines. However, ANN models are usually optimized 

using the backpropagation algorithm which suffers from several 

inherent problems such as slow learning rate, local minima trap, 

and limitations related to non-differentiable functions. In this 

study, an advanced training algorithm, namely Particle Swarm 

Optimization (PSO), will be coupled with the ANN model to 

enhance its training and prediction performances. For this 

purpose, a large network of weather stations recording 

environmental and ice accretion data across Quebec since 1975 

were employed to train/test the new hybrid machine learning 

model. The measurements include ambient temperature, 

duration of storm events, wind speed, wind direction, 

precipitation, and ice thickness. The proposed PSO-based ANN 

model will be compared with the conventional ANN model 

trained with the backpropagation algorithm and Support Vector 

Regressor (SVR). 

Keywords— Ice accretion, artificial neural network, particle 

swarm optimization 

I. INTRODUCTION 

 

Ice accretion on transmission lines generally occurs due to 

icing precipitation. The induced ice loading, when coupled 

with wind loading, might lead to severe structural problems 

(e.g., structural galloping), which compromise the structural 

safety and stability and may eventually result in a power 

outage and even loss of life [1]. For instance, the ice events 

that occurred in Quebec and Ontario in 1998 caused power 

outages for three to ten days with an estimated $1,040 million 

of economical loss. Therefore, predicting ice thickness is 

crucial to assist the impacted communities in their 

preparedness for ice events and design preventive measures. 

To predict the ice thickness on transmission lines, several 

models have been proposed[2]. However, they can be 

categorized into two major sections, namely mathematical-

based models and experimental models[3]. Although the 

mathematical models are derived based on physics-based 

theories  e.g.,[4], they usually require several input parameters 

(e.g., liquid water content) which are not readily available. On 

the other hand, the experimental-based models rely on weather 

observations and experimental data to predict ice accretion on 

transmission lines [5], [6]. 

The Makkonen model[6] has been widely utilized for the 

prediction of ice thickness due to its superior performance. 

This model represents the thermodynamic mechanism of ice 

accretion in which the growth coefficient of icing load per unit 

of time is expressed in terms of the collision and adhesion 

coefficients of snow, the freezing rate of the accreted ice, the 

liquid water content, the wind speed, and the diameter of the 

wire being coated with ice. Although the Makkonen model 

can be considered as a reliable prediction model, it still 

requires several input environmental parameters (e.g., 

collision efficiency) which are not easily obtained. 

Machine learning (ML) techniques have recently gained 

increasing attention due to their superior capabilities in 

extracting the underlying patterns within a given highly-

nonlinear dataset. Few applications have used ML techniques 

to predict ice thickness. For instance, Scher and Molinder [7] 

used Random Forest to predict wind power production 

induced by ice growth. He et al., [8] employed Support Vector 

Regressor, linear regression, and Decision Tree as regressors 

to predict ice accretion on power transmission lines and 

compared the results with empirical methods developed by 

Musilek et al., [9]. McComber et al., [3] used a conventional 

backpropagation-based Artificial Neural Network (ANN) 

model to predict the rate of icing on OHLs at different sites.  

In this study, an advanced hybrid PSO-based ANN model 

for the prediction of ice accretion on transmission lines was 

developed. The proposed hybrid model overcomes several 

inherent limitations of the conventional backpropagation-

based ANN model such as gradient vanishing, slow learning 

rate, and local minima trap. Specifically, PSO is used to 

optimize the ANN model in which each particle represents a 

candidate neural network with its own weights and biases. The 

learning process of the PSO-based neural network starts with 

the initialization of a group of random particles. Then, the 

errors between the predicted and true values are calculated. By 

changing the position of the particles, the errors at each 

iteration are reduced until meeting the termination criteria. A 

large network of weather stations recording environmental 

and ice accretion data across Quebec since 1975 were 

employed to train/test the new hybrid machine learning model. 

The measurements include ambient temperature, wind 
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velocities, wind direction, precipitation, and ice thickness. To 

demonstrate the superior capacities of the proposed PSO-

based ANN model, it will be compared with several machine 

learning models, including conventional ANN trained with a 

backpropagation algorithm, and Support Vector Regressor 

(SVR). 

II. MACHINE LEARNING MODELS 

 

Machine learning (ML) is a field of artificial intelligence 

which assists in extracting the underlying pattern within a 

given dataset[10]. The involved learning process consists of 

five main steps, namely data collection, data preparation, 

training, evaluation, and parameters tuning. In general, ML 

models are classified into four major groups including 

supervised learning, unsupervised learning, semi-supervised 

learning, and reinforcement learning. In this study, several 

supervised ML models will be compared to predict the ice 

accretion based on given environmental factors. A brief 

description of the employed ML models will be given in the 

following sections. 

A. Support Vector Regressor 

Support Vector Regressor (SVR) is a non-parametric 

statistical algorithm which tries to find a functional 

relationship between the input matrix and output (response) 

matrix based on kernel functions. Kernels are linear or non-

linear functions which shape the hyperplane and decision 

boundary. Several kernels can be employed depending on the 

problem, including linear, polynomial and sigmoid functions. 

In this study, both polynomial and Gaussian RBF are 

employed for the SVR model [11]. 

B. ANN 

ANN is a supervised ML model which is used for both 

regression and classification. A typical ANN architecture 

comprises three main layers, namely input, hidden, and output 

layers. Each layer is composed of multiple neurons. The Input 

values of the ANN model are transferred to the subsequent 

layer using simplified arithmetic equations involving both 

weights and biases. ANN models are optimized to find the best 

weights and biases which will guarantee better prediction 

performance. The backpropagation algorithm is widely 

employed to optimize ANN models. Specifically, its main 

objective is to minimize a predefined loss function  𝐸(𝑋, 𝜃𝑛) 
through the evaluation of its gradient with respect to 𝜃 which 

represents the weights 𝑤𝑖𝑗
𝑘  and biases 𝑏𝑖

𝑘 . The loss function 

defines the error between the target output 𝑦
→

𝑖  and calculated 

one 𝑦
→
∧

𝑖  for a given input 𝑥
→

𝑖  and hyperparameter. Thus, the 

algorithm updates 𝜃  according to a learning rate 𝛼  at each 

iteration using Equation (1):  

𝜃𝑛+1 = 𝜃𝑛 − 𝛼
𝜕𝐸(𝑋,𝜃𝑛)

𝜕𝜃
                        (1) 

III. PARTICLE SWARM OPTIMIZER 

 

Although the back-propagation algorithm has been 

extensively utilized to optimize the ANN model, it suffers 

from several inherent problems such as slow learning rate, 

local minima trap, and other limitations related to non-

differentiable functions. To overcome those limitations, this 

study proposes the use of the particle swarm optimization 

(PSO) technique. PSO is a population-based optimizer that 

can be used for single- and multi-objective optimization 

problems. The algorithm was first introduced by Kennedy and 

Eberhart [12]. By having a population (swarm) of potential 

candidates (particles), the search space can be inspected based 

on their movement [13]. The movement of the swarm is 

affected by the cognitive desire of each particle to search 

individually for the best position (personal best) and social 

behavior of all the particles to find the best global position 

(global best). This can be achieved through an iterative 

process by updating the velocity term for each particle based 

on its distance from its own best position and best global 

position using the following equations:  

 

𝑣𝑖
(𝑛+1) = 𝑣𝑖

(𝑛) + 𝐶1𝑟1 ∘ [𝑋𝑙𝑜𝑝𝑡
(𝑛) − 𝑋𝑖

(𝑛)
] + 𝐶2𝑟2 ∘ [𝑋𝑔𝑜𝑝𝑡

(𝑛) −

𝑋𝑖
(𝑛)
]               (2) 

𝑋𝑖
(𝑛+1) = 𝑋𝑖

(𝑛) + 𝑣𝑖
(𝑛+1)

           (3) 

where 𝑋  = position vector; 𝑣  = velocity vector; 𝑋𝑙𝑜𝑝𝑡  = 

personal best position; 𝑋𝑔𝑜𝑝𝑡  = best global position; 𝐶1, 𝐶2 = 

hyperparameters; and 𝑟1, 𝑟2 = random values sampled from an 

interval (0, 1). It should be noted that the operand ∘ denotes 

the dot product.  

PSO can be used to optimize an ANN model in which each 

particle will represent a candidate neural network with its own 

weights and biases. Specifically, the learning process of the 

PSO-based neural network starts with the initialization of a 

group of random particles. Then, the errors between the 

predicted and true values are calculated. By changing the 

position of the particles, the errors at each iteration are reduced 

until meeting the termination criteria. 

IV. CASE STUDY 

This study proposes a new approach based on a hybrid 

PSO-based ANN model to efficiently and accurately simulate 

ice accretion on transmission lines. The necessary 

training/testing data are extracted from historical databases at 

several weather stations across Quebec (50 stations). The 

dataset consists of several environmental factors, namely: 

• Ambient temperature: instantaneous temperature 

measured during an ice event in degrees Celsius (°C). 

Since one value is reported in Hydro-Québec dataset, 

it will be considered as the average temperature of 

the storm event.  

• Precipitation: cumulative amount of precipitation in 

mm during the ice event. 

• Duration: event duration in hours. 

• Wind speed:  average mean wind speed in km/hr. 

• Wind direction: dominant direction of wind. 

• Ice thickness: Maximum equivalent thickness of the 

ice deposit in mm for a 30 mm conductor. 

A. Data processing 

 

Before training the model, a pre-processing step was 

deemed necessary to prepare the training/testing dataset. This 

includes, for example, eliminating outliers & missing data, 

and data scaling. The temporal variation of the collected 

meteorological data is depicted for both precipitation and 

temperature in Figs 1, 2. 
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Fig. 1 Temporal variation of the total amount of precipitation 

during ice events 

 
 

Fig. 2 Temporal variation of the temperature during ice events 

Based on the pre-processed data, the statistical relationship 

between the input parameters was also investigated. For 

instance, the obtained results indicated that temperature is 

highly correlated with precipitation 

B. Results 

-1. Backpropagation-based ANN 

A trial-and-error approach was applied to find the best 

hyperparameters of the ANN model. Those hyperparameters 

include for instance the number of neurons, number of hidden 

layers, scaling method, learning rate, activation function, and 

error function. The best ANN model was achieved with one 

hidden layer containing 35 neurons. Figure 3 illustrates the 

architecture of the selected ANN model. 

 

 
 

Fig. 3. The ANN’s architecture  

Note that wind in the input layer includes both the wind speed 

and direction. In order to prevent the network from overfitting 

several techniques are used (e.g., early stopping, dropout). 

-2. PSO- based ANN 

For fair comparison, the same architecture of the trained 

ANN model from the previous section is used for the hybrid 

PSO-based ANN model. According to Eqs. (2) & (3), 𝐶1, 𝐶2 
are the two main hyperparameters that need to be determined.  
Specifically, they influence the movement of the swarm by 

controlling the cognitive desire of each particle to search 

individually for the best position (personal best) and social 

behavior of all the particles to find the best global position 

(global best). A sensitivity analysis was carried out to find the 

best 𝐶1 and 𝐶2 values along with the number of particles (see 

Fig. 4). The obtained values are 0.6, 0.9, and 80 corresponding 

to 𝐶1, 𝐶2, and the number of particles, respectively.  

 

 

Fig. 4. Sensitivity results (in terms of the mean absolute error)  

-3. Comparison results 

In this section, the performance of the three selected ML 

models (i.e., SVR, BP-based ANN, and PSO-based ANN) is 
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compared. The comparison is carried out in terms of mean 

absolute error (MAE) and the root mean square error (RMSE). 

Table 1 shows the error values corresponding to each model 

for both training and testing. 

Table 1. Error values of the selected ML models for both 

the training and testing sets 

 SVR BP-based ANN PSO-based ANN 

 Train Test Train Test Train Test 

RMSE 0.073 0.075 0.193 0.189 0.069 0.068 

MAE 0.055 0.053 0.041 0.038 0.040 0.041 

 

According to Table 1, SVR has a relatively larger MAE 

error for both training and testing. On the other hand, the PSO-

based ANN model has delivered the lowest error at training 

and testing compared to the BP-based ANN model. In addition, 

it was noticed that the training of the PSO-based ANN is faster 

compared with the conventional ANN model. Specifically, the 

number of required epochs is lower for the former (300) 

compared with the typical ANN model (350).  

V. CONCLUSION  

In this study, a new hybrid PSO-based ANN model for 

predicting ice accretion on transmission lines was developed. 

The proposed method was applied to a historical dataset from 

Québec. Then, the model was compared with state-of-the-art 

ML models, including SVR, and the conventional ANN 

trained using the backpropagation algorithm in terms of mean 

absolute error and root mean square error. The results 

indicated the superior performances of the proposed hybrid 

PSO-based model compared to other ML models. 
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