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Abstract 
 

Three statistical methods, Generalized Additive Model (GAM), Generalized Linear Model (GLM) and Linear Mixed Effects Model 

(LME) are used to analyze the relationship between the electric pole vibration and the weather conditions. All the models were fitted 

individually to the respective weather conditions such as temperature, humidity, wind speed and wind direction. All the information from 

the sensors are processed and analyzed, where the pitch and the roll of the electric pole reveals the influence of the temperature over the 

respective data. Therefore, the model is fitted with the respect to the weather conditions obtained from different source and platform. In 

order to fit the model accurately, all three models implemented to pitch and roll, along with the weather conditions. The results show that 

the best model among the three is Generalized Additive Model, which is identified using AIC value, BIC value and the deviance ex-

plained. For more deep understanding and clearance, the residual fit is performed and the model validation is tested for normality using 

the Kolmogorov-Smirnov normality test. With the best-fit model, the risk assessment becomes more reliable, with either, minor or major 

causalities. 
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1. Introduction 

Dependency over the electricity has been growing more intensive-

ly, which makes electricity as an essential part of the life. All the 

services are related with electricity such as lights, televisions, gps 

navigation, hospitals and other auto industries [1- 4]. These 

changes has opened the door for utilities to compete with each 

other and against independent suppliers regardless of their geo-

graphic location. Although this change will benefit the consumer, 

utilities are going to face a highly unpredictable market and will 

need to make tough decisions regarding power generation and 

delivery. 

 

Commonly, the improper assessments will result in greater dam-

ages in the large corporation [5]. To reduce the uncertainty, the 

different risk factors need to be found that are related to the elec-

tric outages or fault in the electric utility pole. In order to have a 

good understanding of the risk factors, the utility pole is tested 

with the natural causes and technical problems, which will provide 

emergency strategies and decision process. 

 

Electric Utility malfunction caused by weather such as strong 

winds and cyclone can vary from minor to major losses [6, 7]. It 

can also lead to the major economic loss to damage of high cost 

materials. Similarly, the unknown factors that cause an electric 

fault can also be quite serious with the place, severity and other 

factors. Therefore, the risk assessment strategy can be more ap-

propriate and effective to increase the efficiency of risk manage-

ment. In addition to the power consumption process, the safety of 

the electric pole is supposed to be the major issue in the mainte-

nance, due to the weather conditions. The weather conditions such 

as temperature and wind can cause elasticity in the conducting 

wires, resulting in the major impact and influence in the accelera-

tion data of the electric pole. In most cases, instead of the inten-

tional forces, the weather conditions can cause changes in the 

pitch and roll of the utility pole, with respect to the wind direction. 

Therefore, it is important to identify and remove the influential 

factors related with the temperature, to avoid the ambiguity in the 

model fitting or data analysis. 

 

All the sensor data from the power devices on the electric pole are 

received and processed. Information from different sources such 

as weather station and electric pole pass through the multiple plat-

form such as data storage layer, information-processing layer and 

the middleware, which uses the language platform such as R. In 

this paper, we have used three models such as Generalized Addi-

tive Model (GAM), Generalized Linear Model (GLM) and Linear 

Mixed Effects Model (LME) to find the best-fit model for the 

acceleration of the electric utility pole, influenced by the meteoro-

logical conditions. GAM model proves to be the best model after 

analyzing the AIC, BIC, R Squared and Deviance Explained val-

ues. To extend the validation of the proposed model, the normality 

test is conducted. With this best fit model, the risk assessment by 

external forces such as weather conditions can be identified and 

increase the safety of the electric utility pole. 

. 
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2. Related Works  

The potential damage to the electric utility pole can be due to the 

strong winds and storms. As Korea is mostly covered with the 

mountains, the poles in the high altitude places are most vulnera-

ble to the strong winds, which may result in greater damages and 

outages. There is some previous work on storm-related utility 

outage predictions. Many researches focus on the forecasting the 

power outages that related to the high storms such as Zhu et al. [8] 

and Liu et al. [9, 10]. They discuss the risk and forecasting strate-

gies of the power outages with various wind speeds. Liu et al. [11] 

studies explain the post disaster infrastructure and the system res-

toration time for the power outages, with respect to the storms. 

Similarly, the other natural disasters are cyclones and hurricanes 

are used in the studies to predict the power outages, in which 

Guikema et al [12] explains the risk analysis and the prior estima-

tion of the damage caused over the electric power outages. Simi-

larly, Ouyang et al [13] also explains the hurricane analysis in a 

multi-dimensional view. With the provided analysis, the power 

outage and the electric system resiliency are determined [14]. The 

study that surrounds the prediction of power outages are mostly 

related with the regression analysis. Madanat et al [15] explains 

the power outages causes relating to the infrastructure probabili-

ties along with Poisson regression. Similarly, Domijan et al. [16] 

also uses Poisson regression to outnumber the power outage with 

the significance of the weather. 

 

Apart from the weather conditions, the unknown conditions are 

also considered to study the power outages. The uncertainty of the 

unknown faults is identified by using Monte Carlo along with the 

Poisson regression is calculated by Zhou et al [17]. There are also 

more studies related the different probabilities to study the un-

known fault detection [18, 19]. However, the models do not pre-

dict the data considering the uncertain data that might result in the 

providing valuable results. Although, there are many studies that 

concerns the weather conditions and the respective forecast mod-

els. Identification of the influential external forces on the observed 

data is neglected. In this paper, we analyze the influence of the 

external forces over the electric utility pole, for which the best fit 

model is identified. GAM, GLM and LME models are compared 

with each other, to find the best fitting model for the acceleration 

data. 

3. Data and Methods 

One-month electric utility pole data of the southern district ob-

tained from the Korean Electric Power Cooperation(KEPCO) has 

been used for the analysis process. The observed data from the 

electric utility pole contains the Pitch and Roll data received from 

the gyroscope sensor. The analysis is based on data collected from 

accelerometers installed in the utility pole from the southern re-

gion of South Korea, Daegu. The collected data ranges from Sep-

tember 1, 2016 to September 30, 2016, where the sensor node 

measures acceleration, temperature and humidity from different 

devices installed on the utility pole. The five devices are trans-

former, load switch, load balance, utility pole, and communication 

enclosure. As our main of the analysis lies on the risk management 

of the utility pole, the acceleration data is analyzed. The weather 

data for the same month was obtained from the Korea Meteorologi 

cal Agency (KMA), which contains the temperature, humidity, air 

pressure, vapor pressure, rain precipitation, radiation, wind speed, 

wind direction, cloud capacity and daylight hours. 

3.1. Generalized Linear Model 

To Generalized linear model (GLIM or GLM) was first popular-

ized by McCullagh and Nelder [20, 21], which indicates a large 

class of models, in which the response variable follows an expo-

nential family distribution along with GLM allows the linear mod-

el to relate to the response variables through the link function. 

Generalized linear models generalize the possible distributions of 

the residuals to the exponential family that includes all the distri-

bution such as the binomial, Poisson, negative binomial, and 

gamma distributions as explained in the equation 1.  

 

                                                                          

                                               (1) 

 

Where,  is the expected value of the Y,  is the linear pre-

dictor, and the g is the link function.  

3.2. Generalized Additive Model 

The Generalized Additive Model is similar to Generalized Linear 

Model, where the additive model is applied to the GLM properties. 

The spline function is used to fit the model with the linear function 

[22]. The response variables and the covariance are expressed by 

the following probability model as represented in the below equa-

tion 2. 

  

                                                     (2) 

 

The link function indicates the link structure with the explanatory 

variable, and the link function structure for the predicted value is 

expressed as (3). 

 

                                                                                                                           

                                        (3) 

 

Here, the estimate is calculated by weighting the response varia-

bles calibrated by the link function. In the GAM, a non - paramet-

ric Smoothing Spline Function is used to describe the nonlinear 

relationship. In the GAM, it is necessary to estimate the smoothed 

function, which represents the legal effect. 

 

      

                                (4) 

 

The equation 4 is the conditional expected value of the additive 

model and is estimated by the back fitting algorithm 

3.3. Linear Mixed Effects 

Linear mixed-effects models [23] are extensions of linear regres-

sion models that are collected and grouped. These models explain 

the relationship between a response variable and independent vari-

ables that vary with one or more grouping variables. There are two 

parts in the mixed-effects model, fixed effects and random effects. 

Fixed-effects terms refer the conventional linear regression part, 

and the random effects are mostly drawn at random from a popu-

lation. The common random effects are observations relates by 
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associating group of data that have the same level of a grouping 

variable. The standard form of a linear mixed-effects model [24] is 

shown in the below equation 5. 

 

  

                                           (5) 

 

Where y is the n-by-1 response vector, and n is the number of 

observations, X is an n-by-p fixed-effects design matrix, β is a p-

by-1 fixed-effects vector, Z is an n-by-q random-effects design 

matrix., b is a q-by-1 random-effects vector, ε is the n-by-1 obser-

vation error vector 

 

4. Result and Discussion 

The data collected from the 3-axis gyroscope, which is converted 

into a pitch angle and a roll angle. Although the data are perfect on 

its own, we need to filter and smooth data to increase the perfor-

mance analysis. Based on the collected data, filtering was per-

formed based on the parameters calculated through maximum 

likelihood estimation (MLE). Figure 1 shows the filtered data of 

pitch and roll and the figure 2 shows the correlation between the 

pitch and roll for different devices. 

 

 

Fig 1: Filtered acceleration data of pitch and roll for one day 

Fig 2: Correlation plot for the pitch and roll of different devices 
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Most of the electric utility pole risks are based on the weather 

conditions. Therefore, we have used the weather data from the 

Korea Meteorological Agency (KMA). The obtained weather data 

consists of atmospheric pressure, temperature, wind direction, 

wind speed, relative humidity, precipitation, precipitation, solar 

radiation, sunshine time, ground temperature, vertical temperature, 

ground temperature, soil moisture, groundwater level and visibil-

ity. As the meteorological conditions have most influence and 

correlation factors over the acceleration data, it is important to 

select the importance explanatory variables for the modelling. 

Multicollinearity means the reliability of the model coefficients, 

due to the high correlation between the explanatory variables [25]. 

So, the multicollinearity needs to be removed to find a best fit 

model. The linear model is fitted with the temperature and the 

other data in the meteorological observation.  

 

Table 1 shows the result of the linear fit model that contains the t-

value and p-value. It is noted that the high correlation occurs be-

tween the Humidity, precipitation, vapor pressure, atmospheric 

pressure, dew point temperature, daylight hours, and cloudiness. 

In order to solve the problem of overfitting, we have used Varia-

tion inflation factor (VIF) [26] to remove the mutlicollinearity for 

the temperature, which is highly correlated with the pitch and roll 

of the utility pole. 

 

Table 1: Summary of the linear model for weather data. 

Weather Data t-value p-value 

Humidity 
-128.762 <  

Rain Precipitation 
3.174  

Wind Speed -1.340  

Wind Direction 
-0.032  

Vapor Pressure 
3.630  

Air Pressure 
-10.761 <  

Rain Dew Point 
18.515 <  

Hours of Daylight 
6.436 <  

Solar Radiation 
0.178  

Cloud Cap 3.335  

 
 

 

 

 

 

 

Fig 3: Leverage plot for Wind speed and Rain Precipitation 

Fig 4: Leverage plot of Radiation and Humidity 
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Table 2: Summary of VIF data before and after Multicollinerity. 

Weather Data VIF (All da-

ta) 

VIF  

(Multicollinerity data re-

moved) 

Temperature 105.8432 2.4846 

Humidity 103.8234 - 

Rain Precipita-

tion 
1.3128 1.2621 

     Wind Speed 1.3413 1.3199 

Wind Direction 1.0884 1.0813 

Vapor Pressure 98.5901 - 

Air Pressure 1.6244 1.3999 

Rain Dew Point 138.73806 1.9488 

Hours of Day-

light 
4.4760 1.7927 

Solar Radiation 16.8662 - 

Cloud Cap 1.4226 1.1702 

Temperature, humidity, dew point temperature, and irradiation. 

Factor verification was performed repeatedly except for variables 

with high correlation except for temperature. We selected the ex-

planatory variables of temperature, precipitation, wind speed, 

wind direction, atmospheric pressure, dew point temperature, solar 

radiation, and cloud at 2.5 VIF upper limit value. Table 2 shows 

the result of the verification of the dispersion expansion factor 

(VIF).  Linear model with response variables as pitch. As a result 

of adaptation, weakness factors have an explanatory power of 37% 

with respect to pitch. The linearity of the explanatory variables are 

explained in detailed using the leverage plots 
 

 

 

 

Table 3: Comparison test data between three models 

Model AIC BIC 
R-

Squared 

Deviance 

Explained 

Generalized 

Linear Model 

(GLM) 

-

1513.136 

-

1471.91 

0.286

37 
28.6% 

Generalized Ad-

ditive Model 

(GAM) 

-

1807.917 

-

1629.721 
0.54 56.4% 

Linear Mixed 

Effects (LME) 

-

1.785.811 

-

1617.403 
0.524 54.07% 

The figure 2 shows the leverage plot of explanatory variables, 

wind speed and rain precipitation. It indicates the non-linearity 

similar to the plot of cloud capacity and air pressure as shown in 

the figure 4. The leverage plot of the dew point in the figure 5, 

where the plot of the wind direction shows linearity. Similarly, the 

leverage plot of the humidity and the radiation shows linearity 

with the straight line at zero. The linearity is exactly 0, indicating 

the high correlation between the variables. 

 

After removing the multicollinearity, the model fitting is per-

formed. It is clear that the model is a linear model, but to find the 

proper fit, we have compared the three models such as General-

ized Linear Model, Generalized Additive Model and Linear Mixed 

Effects Model, due to the size of the dataset and linearity. Even 

though, the entire three models are suitable for the linear model, 

three models are compared to find the best-fit model. The explana-

tory variables used to fit the model include Temperature, Wind 

Speed, Wind direction, Rain Precipitation, Air Pressure, Rain Dew 

point and Cloud Capacity. As shown in the table 3, the Akaike 

Information Criterion (AIC), Bayesian Information Criterion 

Fig 5: Leverage plot of Cloud and Pressure 

Fig 6: Leverage plot of Wind Direction and Dew point 
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(BIC), R-Squared value and the Deviance Explained values are 

compared between the three values. 

 

AIC measures the relative quality of the models for the better 

selection from the given set of data. GAM shows the best fit with 

less AIC value, while the GAM and LME model shows a slightly 

high value. Similarly, the Bayesian Information Criterion also 

helps to select the model by estimating the log likelihood function. 

As same as AIC values, the BIC value also shows GAM model 

with less BIC value. The R-squared values measures the closeness 

of the fitted regression line, which indicates higher the value, bet-

ter the model fit. The Deviance explained is close to the R-squared 

value represented in the percentage value. Both the R-squared and 

the deviance explained give the high value towards the GAM 

model. Among the three models, Generalized Additive Model 

seems like perfect fit model for the pitch and the meteorological 

conditions. 

 

Hence, in this paper, we use a generalization method model with 

weather factors as explanatory variables. The model is assumed 

normal distribution for the explanatory variables and connection 

functions, where the significant explanatory variables selected for 

consideration of multicollinearity are temperature, precipitation, 

wind speed, wind direction, air pressure, dew point, radiation, and 

cloud cover giving the below equation 6. 

 

g( μ) = s0 + s1(Temperature) +s2(Precipitation) + s3(Wind Speed) 

+ s4(Wind direction) + s5(Air Pressure) + s6(DewPoint) 

+s7(Daylight) +s8(Cloud Capacity)                                                (6) 

 

Figure 7 shows the results of temperature. The temperature is zero 

at 23 ° C. The influence is negative, if less than 23 ° C, and posi-

tive if it is greater than 23 ° C. Figure 8 shows the results of the 

rain precipitation. If the precipitation is 0, there is no effect, and 

the negative influence is overall. 

 

As shown in the figure 9, in the case of wind velocity, there is no 

effect at 0, and overall positive influence. In the case of wind di-

rection, the degree of influence changes around 160 ° is shown in 

the figure 10. 

Fig 7: Plot for Temperature in GAM 

Fig 8: Plot for Rain Precipitation in GAM 
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Figure 11 shows the results of air pressure and precipitation. There 

is no effect at 1,001hpa and 1,008hpa, and negative effects are 

observed when the result is less than 1,001hpa and 1,008hpa. If 

the dew point temperature is less than 17, it indicates the negative 

influence as shown in the figure 12.Figure 13 and 14 shows the 

plots of daylight hours and cloudiness respectively. In the case of 

daylight hours, no influence is observed at 0.1 hr. The parameter  

 

of the estimated smoothing function is "1" and the linearity is high. 

In the case of cloudiness, the influence of sound and the amount of 

influence are shown based on the equation. With the definite val-

ues, the extracted residuals are obtained from the GAM model and 

the values are fitted for the smoother and refined model. The ex-

planatory variables used at 5% significance level and significance 

level 0.05 show very significant results. The effect of atmospheric 

pressure, daylight time, and cloudiness was very high among the 

explanatory variables.  

Fig 10: Plot for Wind Direction in GAM 

Fig 11: Plot for Air pressure in GAM 
Fig 12: Plot for Dew point in GAM 

Fig 9: Plot for Wind speed in GAM 

Fig 14: Plot of Cloud capacity in GAM 
Fig 13 : Plot for Daylight in GAM 
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Fig 16: Histogram for the residual in GAM 

Figure 15 shows the plot of observed and the fitted values for the 

acceleration pitch. The validation of the fitted models are analyzed 

through the residuals. For the better quality analysis of the model, 

firstly, the distribution check assures the normal distribution on 

the model and the Q-Q Plot verifies the normality of the distribu-

tion.  

 

As shown in the figure 16 and 17, the histogram and Q-Q plot 

proves the normality of the model 

 

 
 

Fig 17: Histogram and Q-Qplot for the residual in GAM 

Table 4: Result of Kolmogorav-Smirnov Model 

Type  Value 

D-value 0. 032333 

p-value 0.4381 

In addition to this, Kolmogorov-Smirnov normality test [27] is 

performed to find the goodness-of-fit and the results are tabulated 

in table 4. The p-value is 0.4381, which is less than 0.5, proving 

the normality of the model. Many studies prove the test to be ef-

fective in the analysis of the histogram, with the help of p-value 

[28]. Referring to the model and test, the risk assessment can be 

identified with any weather related conditions or natural disasters 

such as hurricane and wind storms. 

Fig 15: Plot of the Observed and fitted values for the acceleration of pitch 
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5. Conclusion  

In this paper, we have compared the three models Generalized 

Additive Model (GAM), Generalized Linear Model (GLM) and 

Linear Mixed-Effects Model (LME) for fitting the acceleration 

data with the weather conditions. In order to compare the models, 

the observed data was filtered using Kalman filter. Model overfit-

ting over the weather conditions such as Humidity, Vapor Pressure 

and Radiation was reduced using the Variation inflation factor 

(VIF). By comparing the three models, Akaike Information Crite-

rion (AIC), Bayesian Information Criterion (BIC), R-Squared and 

Deviance Explained values for GAM were obtained as -1807.917, 

-1629.721, 0.54 and 56.4% respectively, resulting in the best 

model. Although, the Histogram and Q-Qplot of the residual 

shows the fitness of the model, the goodness of fit has been veri-

fied using the Kolmogorov-Smirnov Tests with the D-value of 0. 

032333 and p-value of 0.4381. The test validates the normal dis-

tribution towards the null hypothesis. With the fitted GAM model 

for acceleration data, the risk assessment for the electric utility 

pole related with the weather conditions can be identified with the 

residual values. For the future work, we are planning to implement 

a user interface for monitoring the devices, to identify the risk 

through the alert messages. 
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