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Abstract: In this paper, the relationship between the Gross Domestic Product (GDP), air temperature variations 

and power consumption is evaluated using the linear regression and Wavelet Coherence (WTC) approach on a 

1971-2011 time series for the United Kingdom (UK). The results based on the linear regression approach indicate 

that some 66% variability of the UK electricity demand can be explained by the quarterly GDP variations, while 

only 11% of the quarterly changes of the UK electricity demand are caused by seasonal air temperature 

variations. WTC however, can detect the period of time when GDP and air temperature significantly correlate 

with electricity demand and the results of the wavelet correlation at different time scales indicate that a significant 

correlation is to be found on a long-term basis for GDP and on an annual basis for seasonal air-temperature 

variations. This approach provides an insight into the properties of the impact of the main factors on power 

consumption on the basis of which the power system development or operation planning and forecasting the 

power consumption can be improved. 
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1 INTRODUCTION 

 For the power system development and operation 

planning to be efficient, the characteristics of the power 

consumption should be fully understood. Identification 

of the main factors affecting power consumption, such 

as growth and structure of GDP, demographic changes, 

housing standards, mobility of the population, climate 

changes, changes in the energy efficiency, habits and 

customs, etc., is a constant challenge for engineers. 

Seasonal power consumption variations are usually a 

result of air-temperature variations [1]-[4], while the 

long-term analyses show a strong correlation between 

the economic activity and power consumption. GDP is 

one of the indicators of the country’s economic activity 

and represents its total output. The impact of the 

economic activity on energy and power consumption 

has been a subject of intensive interest for many years 

and different approaches and analyses can be found in 

[5]-[15]. In recent years, to allow for a practical analysis 

of the power consumption, the Wavelet Transform 

(WT) as a technique for signals and time-series analysis, 

has been paid a considerable attention by the scientific 

community. Several works refer to the WT applications 

for power system load forecasting [16]-[18], while [19] 

and [20] refer to the power-balancing and wavelet 

multi-scale analyses of the power-system load variance, 

respectively. In the context of practical applications of 

WT in the analysis of power consumption, we refer the 

reader to [11], [21], [22]. To explore the impact of GDP 

on power consumption in China, Jia-Hai et al. 

combined the WT and ‘Granger causality test’ 

approaches [22], while in the analysis of the Spain 

power consumption Gonzalez-Concepcion et al. apply a 

discrete WT [21]. Ozun et al. use the maximal overlap 

discrete WT to examine the causality between power 

consumption and output in the Turkish manufacturing 

sector. The findings of these studies show that the 

maximum wavelet correlation between GNP and power 

consumption can be found at a 5-8 years time-scale 

[11].  

 In this paper, the relationship between GDP, 

seasonal air-temperature variations and power 

consumption is determined by using real data from the 

United Kingdom (UK) and a linear regression approach. 

GDP and air-temperature variations are factors that 

significantly affect power consumption. Of course, other 

factors should not be ignored. However, due to the lack 

of data, the impact of other factors is difficult to 

analyze. The UK was selected because of the 

availability of the data on power consumption, GDP and 

air temperature variations. Other data have been too 
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difficult to obtain. The correlations between these time 

series at different time-scale spaces are investigated and 

visualized using the Wavelet Coherence (WTC) 

approach by means of the Morlet wavelet function [23]-

[25]. The results obtained in this paper provide a full 

insight into the impact of important parameters on 

power consumption at different time-frequency bands. 

For power system planners this information can be very 

useful and the process of operation planning or 

forecasting can be made more accurate. 

 

2 BACKGROUND  

Linear regression is a common engineering tool. The 

related mathematical elaborations will not be dealt with 

in this paper. On the other hand, WT presents a 

relatively young mathematical technique and detailed 

mathematical explanations and practical application in 

various areas of science can be found in many books 

and papers. The selection of an appropriate wavelet 

function or “mother wavelet” and using shifted and 

dilated versions of the same wavelet present the basic 

principle of the wavelet approach, allowing analysis to 

be performed at different frequency/period bands with 

different resolutions [26]-[30]. As said above, to 

illustrate the impact of GDP and air-temperature 

variations on power consumption at different time-

scales, we use the WTC approach [23]. This approach is 

often used in determining the relationship between two 

time series [24]-[25].  

We follow [23]-[25], [31]-[35] and define the basic 

mathematical expressions of the methodology used in 

this paper. Morlet wavelet function  ( ) used in this 

study is defined as: 
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 ⁄  – is a normalization factor,  
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dimensionless time parameter, and    – is the 

dimensionless frequency parameter. Using the value of 

      the Morlet wavelet provides a great balance 

between time and frequency localization. For this 

central frequency of the wavelet function, the Fourier 

frequency period is almost equal to the scale (    ⁄ ). 

Also, the Morlet wavelet is non-orthogonal and complex 

[31]-[35]. 

Continuous WT (CWT) of time series    (  
         ) is with wavelet function  ( ) and equal 

time intervals    defined as [23]-[25]: 
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where: 𝑚  (0      −  ), * – denotes the conjugate 

complex value, N – is the number of points in the 

evaluated time series and  ( ) – is the wavelet function 

at scale   translated in time by m [25].  

 The wavelet power spectrum (|𝑊 ( )|
 ) presents the 

squared absolute value of the wavelet coefficients (or 

squared amplitude), while the cross-wavelet transform 

of two time series,    and   , is defined as 𝑊 
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are WT of the x and y time 

series, respectively. The value |𝑊 
  
| represents the 

cross-wavelet power. At each defined scale, the cross-

wavelet power of two time series suggests the local 

covariance between the analyzed data sets and provides 

an insight into their power similarity [23]-[25]. 

However, the cross-wavelet power is the product of two 

non-normalized wavelet spectra and can lead to 

erroneous conclusions [34]. In this way it is possible to 

identify the significant cross-wavelet spectrum between 

two time series, although there is no significant 

correlation between them. WTC overcomes this 

problem by normalizing the single-wavelet power 

spectrum [34]. WTC between two time series,    

and    , is defined as [34]: 
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where the notation corresponds to that in the expression 

for the cross-wavelet transform.  

 In this study, WTC is used as a measure of intensity 

of the covariance of the two time series (GDP or air 

temperature and power consumption) in the time-

frequency space or the local correlation between the 

time series in the time-frequency space. WTC ranges 

from 0 to 1 and it can be interpreted as a correlation 

coefficient; the closer the value is to 1 the more 

correlated are the two series [34]. This approach has 

proven to be a very useful tool in the analysis of time-

series. The phase-difference between the two time series 

is defined as an argument of the smoothed real and 

imaginary fragments of the cross-spectrum [33] and it 

provides information on the delays of the oscillations 

between the two time series. More details about the 

approach used in this paper can be found in [23]-[25] 

and [31]-[35]. The software used in this paper is 

available in [36]. 

 

3 RESULTS AND DISCUSSIONS 

 The main results and findings of our analysis 

performed for the selected data sets are presented in this 

section. To analyze and illustrate the impact of GDP and 

air-temperature variations on power consumption, data 

from the UK are used. The data of the average seasonal 

air-temperature variations, quarterly GDP and quarterly 

power consumption in the UK for the period 1971-2011 

are presented in Fig. 1 and are taken over from [37], 

[38] and [39], respectively. The data of the air-

temperature variations present the average value of 

seasonal temperature measurements at various locations 
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throughout England. This region is wide enough to 

justify the use of these data for the total power 

consumption and reflects its seasonal air-temperature 

variations. 

 

 

 
Figure 1.  UK average seasonal air-temperature variations and 

quarterly values of GDP and power consumption for the 

period 1971-2011 

 

 In general, the UK presents one of the economically 

most developed countries of the world which in recent 

years has recorded a decrease in the values of GDP and 

power consumption (Fig. 1)  as a results to the global 

economic crisis. However, from Fig. 1 a slight decrease 

in power consumption at the end of the seventies can 

also be identified. This phenomenon could be related to 

the energy crisis in this period. 

The correlation between the power consumption and 

GDP for the time series from Fig. 1, determined by 

using the linear regression approach, is presented in Fig. 

2, while the correlation between the power consumption 

and seasonal air-temperature variations, also for the 

time series from Fig. 1 is presented in Fig. 3.  

The relation between GDP and the power 

consumption using the linear regression is given by 

equation y= ax+b, where: y – present the power 

consumption (GWh), x – GDP (EUR/capita) and a and b 

– are the respective regression coefficients. The 

equations describing the relations between these two 

variables are presented in Fig. 2. The value of the 

Pearson correlation for this model is 0.8157 and it can 

be observed that dissipation in the power consumption 

in the UK is relatively small. The R-square (R
2
) or the 

coefficient of determination is a coefficient used for 

evaluation of the representativeness of the regression 

model. It is based on the analysis of the respective 

variance and for the UK power consumption and GDP 

time series its value is 0.665 (Fig. 2). 

 

 
Figure 2.  Correlations between the UK power consumption and GDP  

 

 
Figure 3.  Correlations between the UK power consumption and 

seasonal air-temperature variations  

 

In other words, 66.5% of the UK power 

consumption variations can be explained by the 

quarterly GDP variations. For the UK time series 

plotted in Fig. 2 as the quarterly power consumption 

against the quarterly GDP, the fitted curve shows the 

GDP sensitivity on the power consumption at about 

4.33 GWh/(EUR/capita), with a relatively high 

coefficient of determination, approximately 66%. Given 

that for the observed time series the UK quarterly GDP 

variations can be several hundred EUR/capita, the 

quarterly change in the value of the power consumption 

due to variations in GDP might be significant. On the 

other hand, analyzing the correlation between the power 

consumption and seasonal air-temperature variations, it 

can be noted that it has a negative trend and a low value 

of R
2
 (Fig. 3). The fitted curve shows the seasonal air-

temperature sensitivity of the power consumption at 

about 1060 GWh/°C. Also, it is evident that there are 

three groups of data gathered around the seasons: 

winter, summer, and spring and autumn. It is clear that 

there is a significant positive correlation between the 

data for spring and autumn. Generally, without going 

into a detailed analysis of subgroups, analyzing the 

entire time series and all subgroups within them, a 
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negative correlation is obtained. However, it is obvious 

that the linear regression is an approach too simplistic 

for this type of applications. 

To examine and illustrate the relationship between 

two time series over time, the WTC approach is quite an 

efficient tool. The WTC and phase analysis between the 

GDP and the power consumption are presented in Fig. 

4, while WTC and phase analysis between seasonal air-

temperature variations and the power consumption are 

presented in Fig. 5.  

 

 
 

Figure 4.  WTC and phase difference between GDP and the 

power consumption 

 

 
 

Figure 5.  WTC and phase difference between seasonal air-

temperature variations and the power consumption 

 

The phase relationship is given in the form of arrows 

(the in-phase pointing to the right and the anti-phase 

pointing to the left), while the colour code indicates 

different coherency ranges, ranging from blue to red, 

adding to the significance of the regions [24], [25]. 

Significant wavelet coherency between GDP and the 

power consumption was found for several periods 

throughout the observed time horizon. For the four-

quarter or one-year period band, the GDP and the power 

consumption show a significant coherence for the 

period 1982-1992, with anti-phase correlations. With a 

phase difference in the quadrant (–π,–π/2) [25], the 

power consumption leads GDP for this period.  

 Also, for the same quarter periods, significant 

coherence can be identified around 1995, 2002 and 

2007, and all of these correlations are in-phase, 

suggesting a positive correlation. The GDP index and 

power consumption also show a significant coherence 

during the periods of 1971-1978 and 2000-2011 with a 

periodicity between 8–30 quarters and the correlations 

in-phase, which again suggests a positive correlation. 

Finally, for the period band over 32 quarters, the UK 

GDP index and the power consumption show a 

significant coherence almost over the entire observed 

time horizon, with in-phase correlations indicating 

strong relations between these two time series. Also, 

one can notice that the arrows pointing right and slightly 

up suggest that power consumption is leading compared 

to the GDP index over the observed time horizon. This 

shows the high dependence of power consumption with 

the GDP index, especially for the higher period bands 

(of about 8 years). The significant regions presented in 

Fig. 4 provide a clearer insight into the relationship 

between these two time series. 

Looking at Fig. 5 which shows the WTC and phase 

difference between the time series of the seasonal air-

temperature variations and the power consumption, 

several regions with significant correlation can be 

identified. The most significant and out of phase region 

over the entire observed time horizon is for the period in 

the 2-6 quarter band. This clearly indicates a strong 

seasonal relationship between these two time series. In 

other words, the lower temperature during the winter 

period will result in higher power consumption, while 

the higher temperatures during the summer days will 

decrease it. The second important region, out of phase 

as well, is identified for the period of 1992-1997 in the 

8-10 quarter band. The reason for this is the fact that in 

this period ‘peaks’ in the time series can be identified 

(Fig. 1). The third significant region is identified in the 

period of 2005-2011 for the 16-20 quarter band. The 

phases in this region are oriented at π/2 which indicates 

that these two time series in this time interval are 

independent. This coincides with the outbreak of the 

global economic crisis and the beginning of the decrease 

in the UK power consumption. 

 

4 CONCLUSION 

In this paper, a linear regression and WTC approach 

are applied to analyze the impact of GDP and seasonal 

temperature variations on the UK power consumption. 

To our knowledge, this paper is the first one to research 

the relationship between GDP, air temperatures and the 

power consumption using WTC. For selected time 

series, the results of the linear regression approach 

shows the GDP sensitivity to the power consumption of 

some 4.33 GWh/(EUR/capita), with a relatively high 

determination coefficient, of approximately 66%. The 

seasonal air temperature sensitivity to the power 
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consumption is of some 1060 GWh/°C. However, this 

approach can provide only a global observation of the 

impact of these parameters on the power consumption; 

an ultimate conclusion would require other approaches. 

WTC and phase analysis present a very useful tool 

to analyse the relationship between the two time series 

at different time-scales. From the analysis performed in 

this research, which is related to the UK power 

consumption, the following conclusions can be drawn: 

- The seasonal and annual UK power consumption 

are highly connected with the air temperature variations. 

The results of the data analysis also show that in the 

past there was a period on the 3-5 quarter band when 

GDP, too, had an impact on the power consumption. 

- For the period of the 4-8 quarters (1-2 years), the 

results show that there is no relationship between the 

UK GDP and the power consumption, while positive 

correlations are identified for the period of 16 quarters 

(4 years) and the intervals of 1971-1978 and 2000-2011. 

A significant positive correlation is identified for the 

entire time interval for a period of about 32 quarters (8 

years), indicating that the economic activity of a country 

on a longer time-scale significantly affects the rise/fall 

in power consumption. 

As seen from the previous conclusions, forecasting 

the GDP and seasonal air-temperature index trends 

should be taken into account in mid and long-term 

forecasting and power-system planning. This is the task 

to be dealt with in our future research. 
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