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Abstract--In this paper we describe the load pocket forecasting 

software that can be used by electric utilities to estimate and 
forecast the load growth in different service areas.  The software 
builds statistical load models for various service areas (load 
pockets), estimates weather-normalized loads, estimates the 
ratios between the actual peak loads and the loads that would 
happened on designed days (weather normalized factors), and 
estimates the next year peak load.  In particular, the software can 
be used to calculate the probability distributions of the next year 
peak loads for different load pockets.  The software can be used 
for area planning purposes.  The software contains user’s tools to 
design new load pockets and to modify the existing ones. 
 

Index Terms—Load forecasting, power system planning 
 

I.  INTRODUCTION 

T
 
HIS paper introduces a load pocket forecasting software 
system developed at State University of New York at 

Stony Brook and by GMLI Corporation. The software 
analyzes and predicts peak loads in particular areas called load 
pockets.  This software can be used to improve area planning 
for electric utilities.  It provides the tools to analyze the 
dynamics of changes of electrical loads at different areas and 
to estimate the weather-normalized load trends.  The utilities 
spend significant resources to maintain and upgrade their 
infrastructure and the described system improves decision-
making capabilities relevant to capital expenditures.  The 
appropriate investments in the company infrastructure lead to 
the increase of the system reliability and reduce the 
probability of blackouts. 

The software analyzes the historical weather and load data, 
estimates weather-normalized electric loads, computes design-
day parameters, computes weather normalized factors, 
estimates trends, and calculates the probability distribution of 

the peak load for the next year.  The software takes into 
account that weather conditions in different areas can vary 
from one area to another.  In addition, the weather conditions 
change from one year to another in the same area.  The 
software estimates the weather-normalized load trends and 
estimates the deviation from these trends for particular years 
due to specific weather conditions. The software can be used 
for one or several load pockets.  It demonstrated a high level 
of accuracy of produced models. The software can be used for 
standard 50-50% planning scenarios traditionally used by 
utility companies or it can be used to make decisions to satisfy 
electric demand with higher probabilities. 
     The developed software is designed for PCs.  It was coded 
in SAS programming language and contains a convenient 
graphical user interface.  
      Most forecasting methods described in the literature fall 
into one of the two categories: land-use simulation and 
trending. Land-use simulation method distinguishes customers 
according to the type of land use [1]-[4]. Trending methods 
work with historical load data, extrapolating past load growth 
patterns into the future. The most common trending method is 
polynomial curve fitting [1], [4]-[6].  The accuracy of this 
trending method will be improved if horizon year loads are 
included [1].   
  One of the major problems with trending methods is that it 
cannot establish any trend in a vacant area with no load 
history.  A method called Vacant Area Interface (VAI) is used 
to resolve this problem [1], [4], and [7].  In order to resolve 
the load switching problem two methods called load transfer 
coupling (LTC) and LTC Classified Trending (LTCCT) are 
presented in [1], [4], and [5]. 
  In addition to versions of trend and simulation methods, we 
use a multiplicative statistical model for the load described in 
[8], [9] and learning algorithms to estimate the model 
parameters. This allows us to estimate the probability 
distributions for the next year peak loads for various areas. 
These distributions are used to calculate the peak load 
forecasts. 
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II.  SOFTWARE  DESCRIPTION 
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May through September could be provided by the NRCC 
(Northeast Regional Climate Center at Cornell University) and 
by NCDC (National Climatic Data Center).  Hourly load data 
(at the substation/bank/feeder levels) were provided from the 
SCADA monitoring system.   

The developed multiplicative model has the following 
form: 

 

     ( )1)())(())(),(()( tRtwfthtdLtL +=               
The above model was evaluated on several load pockets in 

the Northeastern part of the USA.  The real load and weather 
data, for a five-month period May through September, were 
used for several consequent years.    The results shown below 
are for a particular load pocket for one year. 

where L(t) is the original load at time t, d(t) is the day of the 
week, h(t) is the hour of the day,  L(d,h) is the daily and 
hourly component, w(t) is the weather data that include the 
temperature and humidity,  f(w) is the weather factor, and R(t) 
is the random error. The above multiplicative model was 
compared with other methods such as time series and 
conventional regression analysis and gave more adequate 
results. 

In fact, w(t) is a vector that consists of the current and 
lagged weather variables.  This reflects the fact that electric 
loads depend not only on the current weather conditions but 
also on the weather during previous hours and days.  In 
particular, the well-known effect of the so-called heat waves is 
that the use of air conditioners increases when the hot weather 
continues for several days.      

To estimate the weather factor f(w),  we used the 
regression model 

∑+= jj Xwf ββ 0)(  

where Xj  are explanatory variables, which are nonlinear 
functions of current and past weather parameters and β0, βj are 
the regression coefficients.  The parameters of the model can 
be calculated iteratively.  The convergence of iteration 
procedures was explained in [8], [9]. 
     Taking into account the weather influence on electric loads 
improves the accuracy of the forecasts.  There are several 
weather variables that are responsible for changes in load such 
as dry bulb temperature, wet bulb temperature, dew point, 
humidity, wind speed, wind direction, sky cover, and 
sunshine.  In the literature every load-forecasting model has a 
different selection of weather variables.  For example a study 
in Saudi Arabia [10] proposed a mathematical model that 
focuses on the impact of the temperature and humidity 
variations on the air-condition load model characteristics.    
Also an electric load prediction survey published in [11] 
indicated that of 22 research reports considered 13 made use 
of temperature only, 3 made use of temperature and humidity, 
3 utilized additional weather parameters, and 3 used only load 
parameters. 
     An important question in electric load forecasting is which 
of the weather variables to use in forecasting.  A general 
approach for the weather variable selection is to experiment 
with models of different complexities and use the simplest 
model achieving the desired prediction accuracy.   
     Originally our model included five weather variables, dry 
bulb temperature (we will refer to it as temperature), dew 
point, wind speed, sky cover, and sunshine (this variable 

indicates when the sun is up and when the sun is down).  The 
use of too many variables though can lead to “overfitting” of 
the model.  To avoid this problem, the final selection of 
variables used in the model was done by the automatic 
variable selection procedure known as stepwise regression to 
get the best linear model. 

B.  Computational Results 

     To illustrate the adequacy of the model we calculate the 
correlation, the R2, and the normalized distance D, of the 
actual load versus the model.  The normalized distance was 
calculated from the following formula: 

 
2/1)](/)([ YVarYXVarD −=  

that measures relative quadratic distance between two random 
variables with the same averages.  These results are shown 
below in table I.  In this table we show the results of the 
original model (that means with the five weather variables 
mentioned before) and the results after stepwise regression.  
With stepwise regression we were able to reduce the number 
of parameters into the model and the model remain adequate 

 
TABLE I 

STATISTICAL CHARACTERISTICS  OF  THE MODEL 
 

# of 
parameters 

 
R  

 
R2 

 
D 

67 0.9755 0.9486 0.2199 
34   0.9756 0.9483 0.2196 

 
As shown in the table in both cases the model gave similar 

results with the main difference in the second case the number 
of variables used in the model were significantly reduced.  
The correlation (R) and the normalized distance (D) also 
indicate good fit of the model.  The R2 is close to 0.95 
meaning that our model explained 95% of the variability of 
the data.  The statistical characteristics R, R2, and D for 
stepwise regression are shown in Fig. 1-3. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 1. Correlation between the actual load and the model using stepwise    
regression. 
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Fig. 2.  R2 between the actual load and the model using stepwise regression. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 3. Normalized distance between the actual load and the model using 
stepwise regression. 
 

C.  Software Capabilities 
The software has a graphical user interface.  An example of 

a partition of an area into different load pockets is shown in 
fig. 4.  Using the software the user can design and redesign 
the load pockets.  In addition to the load pockets into which 
the area was initially partitioned, see Fig. 4, the user can also 
create temporary load pockets and run the model described 
above for both permanent and temporary load pockets.  The 
system is enabled in such a way that many users can create 
custom load areas and run experiments and simulations 
without making permanent changes to the system.  A special 
user called the system administrator must approve all 
permanent changes.  The administrator may also merge 
experiments with the rest of the system if the results are good. 

For each load pocket, the software calculates the model 
described in (1).  A scatter plot of the actual load versus the 
model for one of the load pockets is shown in Fig. 5. The 
scatter plot illustrates how well the model fits the data.  The 
model demonstrated a high level of accuracy in tests for 
several years of real data.  The software also estimates the 
weather-normalized loads. 

Based on the historical weather data and the current model, 
the software simulates the current load model on the historical 
weather data (table II). An operator can select which of the 
past years should be used for the design-day parameter 

calculations.   Regression Output : R2

(d ned as the proportion of variance of the response that is predictable 
from the regressor variables)
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     The software analyzes and forecasts two types of peaks for 
each load pocket.  The first type is the so-called pocket peak.  
The pocket peak is the maximal hourly load during the year.  
The second characteristic is the pocket load during the hour 
when the system experienced its peak. 
     One of the software inputs is historical system peak dates 
and hours.  The software estimates historical peak days for 
load pockets (table II).  These are called pocket peak days and 
hours.  The software then calculates the design-day 
parameters.  For each load pocket, the design-day parameters 
are calculated for pocket peak days and for system peak days.  
Different load pocket may have different design days.  An 
example of design-day parameters is presented in tables III 
and IV.     
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     Once design-day parameters are calculated, the system 
calculates the ratio of the estimated load on the design day to 
the actual peak load.  This ratio is known as the weather-
normalization factor (WNF).  The WNFs are useful in 
explaining what part of the annual load pocket peak should be 
attributed to the specific weather conditions for that particular 
year.  In addition, the software calculates weather-normalized 
trends as shown in tables III and IV. 
     The software contains the probability distribution 
calculator of the peak load for the next year (fig. 6).  The user 
has two input parameters: the load and the probability.  The 
user may see the probability that the load will exceed a 
particular value.  For any probability, the user can see the load 
value that the peak demand will not exceed with the given 
probability.  This peak distribution analysis is available for 
both pocket and system peak data.   
     The system can generate custom reports after the analysis 
is completed.  The reports can be customized to include model 
data (fig. 5), load curves, algorithm convergence, historical 
data (table II), design days, weather normalized factors (tables 
III and IV), and other software outputs. 
 
 

 
 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
Fig. 4. Map showing the partition of the area 
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                                                                  TABLE IV 

NORMAL WEATHER AND WNF  SYSTEM WNF 
  
  
  
  
   

  
  

   
  
  

  
 

  
   

Fig. 5. Scatter plot of the actual load versus the model  
  TABLE II 

 POCKET PEAK DATES 
  
  
  
  
  
  
  
  
  
  
  
  
  
  

  
  
  
  

  
TABLE III  

NORMAL WEATHER AND WNF  
POCKET WNF  

  
  

  Fig. 6. Peak distribution screen   
  

 
 III.  CONCLUSION  
 This paper describes the software that allows a utility to 

estimate load trends at different locations called load pockets, 
to estimate next-year peaks for various load pockets, to 
calculate weather normalized factors, and to estimate the 
probabilities of the peak load for next summer in various load 
pockets.  The use of this software improves the decision-
making capabilities of the area planning group, improves the 
utility’s capabilities to allocate and manage their capital 
expenditures, and to improve the reliability of service to their 
customers. 
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