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ABSTRACT   
Demand for electric power typically depends on the 
temperature and several other weather factors.  It also 
depends on the day of the week and the hour of the day.  
This paper models electric power demand for close 
geographic areas that are called load pockets.  We have 
developed a statistical model for load pockets.  This 
model describes the load during the summer period.  In 
this model we took into account the day of the week, the 
hour of the day, as well as weather data, which include the 
ambient temperature, humidity, wind speed, and sky 
cover. The proposed method was evaluated on real data 
for several load pockets in the Northeastern part of the 
USA. 
 
KEY WORDS 
Load Pocket Modeling, Load Forecasting 
 

1.  Introduction 
     Electric power load forecasting is important for electric 
utilities.  Load forecasting helps an electric utility in 
making important decisions including decisions on 
purchasing and generating electric power, load switching, 
area planning and development.  Load forecasts can be 
divided into three categories: short term forecasts which 
are usually from one hour to a week, medium forecasts 
which are usually from a month to a year or even up to 
three years, and long term forecasts which are over three 
years [8].  Usually load forecasting methods are based on 
statistical, mathematical, econometric, and other load 
models. 
      
     In this paper we describe a statistical model for a load 
pocket.  This model takes into account weather 
parameters, a day of the week, and an hour during the day.  
Four different weather parameters have been considered: 
the temperature, humidity, sky cover, and wind speed.    
We developed an algorithm to compute the model 
parameters and tested the importance of particular weather 
characteristics.  The algorithm finds model parameters by 
performing a sequence of linear regressions.  The model 
includes weather parameters as well as time parameters 
that consist of a day of the week and an hour during the 
day.  The advantages of this model are its accuracy, 

simplicity, and the use of only two types of data: weather 
and load.    
   
     In the literature there are several papers discussing load 
modeling by using various techniques.  Linear regression 
models have been widely used [1,2,4,5].  In [5] end-use 
data were collected and were used to compare three types 
of models for allocating estimates of annual residential 
central air conditioning energy use to hours of the year.  In 
[4] different regression models are presented for peak 
modeling.  They conclude that the best model to fit their 
data is a model that has current weather, past average 
load, past peak load, and holiday and weekend as dummy 
variables.  A method for forecasting the heat sensitive 
portion of electrical demand and energy utilizing a 
summer weather load model and taking variation of 
weather factors is introduced in [1].  The method is based 
on a regression analysis of historical load and weather 
information.  In [3] a nonlinear relationship between 
electricity sales and temperature is estimated using a 
semiparametric regression procedure that easily allows 
linear transformations of the data.   
 
     Six possible approaches to peak demand forecasting 
are introduced in [6], the energy and load-factor method, 
extrapolation of annual (or seasonal) peak demand, 
modified extrapolation of annual (or seasonal) peak 
demands, separate extrapolation of trend and weather-
sensitive components of annual (or seasonal) peak 
demand, determination of annual (or seasonal) peak 
demands from weekly or monthly peak-demand forecasts, 
and stochastic methods.  In [2] an identification algorithm 
for a proposed stochastic hybrid-state Markov model of 
individual heating-cooling loads is presented.  The 
algorithm developed is for a class of alternating renewal 
electric load models, namely electric heating-cooling 
loads.  In [7] standard load models for power flow, 
transient stability, and longer-term dynamic simulation are 
recommended.   
 
     This paper is organized as follows.  In section II we 
give the method description.  In section III we evaluate 
our technique, and conclusions are given in section IV. 



 

 

2.  Model Description 
     This paper concentrates on load modeling statistical 
techniques by taking into account historical weather and 
load data.  We examined the electric load demand for 
several consequent years.  The study was held for several 
load pockets in the Northeastern part of the USA.  The 
weather data was provided by the NRCC (Northeast 
Regional Climate Center at Cornell University) and by the 
NCDC (National Climatic Data Center).   Hourly load 
data were provided by an electric utility.  The results 
reported in this paper are for a five-month period from 
May through September.   
 
      In formulating the model we consider the weather and 
time factors. Weather factors include the temperature, 
humidity, wind speed, and sky cover.  Time factors 
include a day of the week, or a holiday, and an hour 
during the day.  We used a multiplicative model of the 
following form: 
 

)()()()( , tRwftLtL whd += , 

where )(tL is the original load, )(, tL hd  is the daily and 

hourly component, )(wf w  is the weather factor, and 

)(tR is a random error.  We have also developed and 
tested a similar additive model.  However, unlike the 
multiplicative model, the additive one did not yield 
adequate results. 
 
     Electric load depends not only on the current weather 
conditions but also on the weather during last hours and 
days.  The effect of so-called heat waves is that the use of 
air conditioners increases when the hot weather 
continuous during several days.  To cover this effect, our 
model included past weather characteristics in addition to 
the current ones.  The variables used in our regression 
analysis were selected by the automatic variable selection 
procedure known as stepwise regression to get the best 
linear model.  The regression model we used is  

fw = β0 + ∑ βj Xj , 

where fw is the weather component, Xj is an explanatory 
variable and β0, βj are the regression coefficients.  The Xj 
are non-linear functions of the appropriate weather 
parameters.   To include the dependence on the time 
parameters (the day of the week and the hour of the day), 
the parameters of the model were calculated iteratively. 
     
     To simplify the model, we investigated the possibility 
to exclude some of the weather parameters.  In particular, 
we have excluded the wind speed and the sky cover.  The 
results are insignificantly worse than when these 
parameters are included.   We also tried to replace the 
temperature and humidity with the cumulative parameter, 
temperature-humidity index (THI).  This replacement 
leads to significantly worse results than when the 
temperature and humidity are considered as independent 

factors.  These results are discussed in the next section.
  
3. Computational results 
     The proposed method was evaluated on several load 
pockets in the Northeastern part of the USA.  The real 
load and weather data, for a five-month period from May 
through September were used for several consequent 
years.  As it was mentioned, the developed model 
considers load data, a day of the week, an hour of the day 
as well as weather data that include the ambient 
temperature, humidity, wind speed, and sky cover. 
 
     Figures 1 –12, taken for a particular load pocket for 
one year, illustrate the model and its convergence.   In 
particular, a scatter plot (figure 1) of the actual load versus 
the model, the correlation (figure 3), and R2 (figure 4) of 
the actual load versus the model illustrate how the model 
fits the actual data.  In these figures, the correlation and  
R2 are displayed for sequential iterations (up to 10) of the 
EM algorithm to illustrate its convergence.  Figure 2 
shows the normalized distance between the actual load 
and the model.  The normalized distance was calculated 
from the following formula 

 
[Var(X-Y) / Var(Y)]1/2 

that measures relative quadratic distance between two 
random variables with the same averages. 
 
     The results show that the developed model is adequate.  
The scatter plot in Figure 1 illustrates the adequacy of the 
model.  Numerical characteristics, such as R2, the 
correlation coefficient, and the normalized distance, also 
demonstrate the good fit.  For example, in Figure 4, the 
value of the R2 is close to 0.9.  According to Figure 3, the 
correlation between the model and the actual load is above 
0.97 in that particular example.  Other examples yielded 
similar results.  
      
     In order to simplify the model, we reduced the number 
of the weather factors used in the regression analysis.  
First we excluded the wind speed (figures 5-8), and then 
we excluded both the wind speed and the sky cover 
(figures 9-12).  In the both cases the results were almost as 
good as for the initial model with all four variables.  The 
scatter plots in figures 5 and 9 illustrate that the model 
still fits well the actual load data.  Also the R2 in Figures 8 
and 12 is close again to 0.9.  The correlation coefficients 
in Figures 7 and 11 are still above 0.97.  Thus, a good fit 
of the model is accomplished by only using two weather 
variables: the temperature and humidity.  This significant 
reduction in the number of variables still produces 
accurate results.     
 
     Our next step was to replace the temperature and 
humidity with one parameter, THI (Temperature 
Humidity Index).  The THI relates humidity with 
temperature and measures the level of discomfort caused 
by hot or humid weather.  It is broadly used in the 
industry for the electric load forecasting.  When the model 



 

 

presented in this paper was applied to the available data, 
when THI was the only weather characteristic, the results 
were significantly worse than those where the temperature 
and humidity were considered.  For example, the 
corresponding R2 parameter reduces from 0.9 to 0.6.  
Therefore, the temperature and humidity taken together 
provide significantly more adequate description of the 
load in our model than THI. 

 

IV. Conclusions 
     In this study, we used a multiplicative model of the 
form )()()()( , tRwftLtL whd += . An iterative 
algorithm to estimate the model parameters was 
developed.  The algorithm performs iteratively linear 
regressions of the load as functions of weather parameters.  
The resulting model was tested on real data and provided 
accurate results. 
 
     We considered four weather characteristics: 
temperature, humidity, wind speed, and sky cover.  If the 
wind speed and sky cover are excluded, the model 
remains adequate.  Therefore, according to the results for 
the load pockets we considered, the temperature and 
humidity explain the load.  The attempt to replace the 
temperature and humidity with THI did not lead to 
adequate results. 
 
     In conclusion, this paper discusses a simple and 
accurate statistical model for load pockets and an efficient 
algorithm to calculate the model parameters.  The model 
takes into account the weather factors as well as the day of 
the week and the hour during the day.  The input 
parameters of the model are historical load and weather 
data. 
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Figure 1 – Scatter plot of the actual load versus the model 
when the variables used for load prediction are 
temperature, humidity, wind speed, and sky cover. 

 

Normalized Distance between the actual load and the model
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Figure 2 – Normalized distance between the actual load 
and the model when the variables used for load prediction 
are temperature, humidity, wind speed, and sky cover. 
 

 
Correlation between the Actual Load and the Model
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Figure 3 – Correlation between the actual load and the 
model when the variables used for load prediction are 
temperature, humidity, wind speed, and sky cover. 
 
 

Regression Output: R2 

(defined as the proportion of variance of the response that is predictable from the regressor 
variables)
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Figure 4 – R2 between the actual load and the model when  
the  variables used for load prediction are temperature, 
 humidity, wind speed, and sky cover.  

 



 

 

Actual Load vs the Model
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Figure 5 – Scatter plot of the actual load versus the model 
when the variables used for   load prediction are 
temperature, humidity, and sky cover. 

 
 

Normalized Distance between the actual load and the model
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Figure 6 – Normalized distance between the actual load   
and   the model when the variables used for   load 
prediction are temperature, humidity, and sky cover. 
 
 

Correlation between the Actual Load and the Model
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Figure 7 – Correlation between the actual load and the 
model when the variables used for load prediction are 
temperature, humidity, and sky cover. 
 

Regression Output : R2

(defined as the proportion of variance of the response that is predictable 
from the regressor variables)
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Figure 8 – R2 between the actual load and the model when 
the variables used for load prediction are temperature, 
humidity, and sky cover. 
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Figure 9 – Scatter plot of the actual load versus the model 
when the variables used for load prediction are 
temperature, and humidity. 
 
 

Normalized Distance between the actual load and the model
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Figure 10 – Normalized distance between the actual load 
and the model when the variables used for load prediction 
are temperature, and humidity. 

 



 

 

Correlation between the Actual Load and the Model
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Figure 11 – Correlation between the actual load and the 
model when the variables used for load prediction are 
temperature, and humidity. 
 

 
Regression Output : R2

(defined as the proportion of variance of the response that is predictable 
from the regressor variables)
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Figure 12 – R2 between the actual load and the model 
when the variables used for load prediction are 
temperature, and humidity 
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