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Abstract — This paper presents a mixed additive-multiplicative 
model for load forecasting that can be flexibly adapted to 
accommodate various forecasting needs in a Smart Grid 
setting. The flexibility of the model allows forecasting the load 
at different levels: system level, transform substation level, and 
feeder level. It also enables us to conduct short-term, medium 
and long-term load forecasting. The model decomposes load 
into two additive parts. One is independent of weather but 
dependent on the day of the week (d) and hour of the day (h), 
denoted as L0(d,h). The other is the product of a weather-
independent normal load, L1(d,h), and weather-dependent 
factor, f(w). Weather information (w) includes the ambient 
temperature, relative humidity and their lagged versions. This 
method has been evaluated on real data for system level, 
transformer level and feeder level in the Northeastern part of 
the USA. Unlike many other forecasting methods, this method 
does not suffer from the accumulation and propagation of 
errors from prior hours.   
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I. INTRODUCTION 

Electric load forecasting is a useful tool needed and used 
by most electric utilities to make important decisions 
including decisions on capital expenditures, purchasing and 
generation of electric power, area planning, and load 
switching. By the forecasting horizon, load forecasting can 
be divided into three types: short-term (a few minutes up to a 
week), medium-term (a week up to a year), and long-term 
(over one year) [1,3]. Depending on the aggregation scale, 
load forecasting for a utility can be performed at different 
levels: at the system level for the entire utility, at the load 
pocket level (aggregation of several closely located 
distribution substations), at the substation/transformer level, 
at the feeder level, and even at the customer level. Long-term 
load forecasting is important for long-term capital budgeting 
and planning decisions, medium-term level load forecasting 
is important for forward purchasing and adjusting the system 
capacity and reliability, and short-term load forecasting is 
important for energy trading, cogeneration, and load 
switching decisions including demand response. Customer 
level load forecasting is a new feature in a Smart Grid 
setting, which is made possible by the availability of 
Advanced Meter Infrastructure (AMI) and can be used to 

enhance the modeling of power system up to the customer 
level. 

In the literature majority of the works on short-term load 
forecasting can be classified into four categories by the 
modeling and forecasting method used, namely statistical, 
intelligent systems, neural networks, and fuzzy logic [2]. 
They include a variety of methods: the so-called similar day 
approach [4], various regression models [5-7, 24], time series 
[8-10, 24], statistical learning [3], neural networks [11-13], 
expert systems [14-15], fuzzy logic [16-18], and Support 
Vector Machine (SVM) [13, 19- 20]. Combination of several 
of such techniques are reported to produce more accurate 
forecasts [4, 8, 10, 11, 13, 14, 17]. Two methods, the end-use 
and econometric approach are broadly used for medium- and 
long-term forecasting. 

In particular, a multiplicative model was proposed in [3].  
This model corresponds to expression (1) with L0=0. Unlike 
many studies, e.g., [24], we did not use the standard 
mathematical solutions and software. Instead we have 
developed iterative computational methods to dynamically 
estimate the model parameters and developed the proprietary 
software [22] which was used by a utility.   

In this paper we present a more accurate model (1) with 
the additional term L0. This models is called mixed additive-
multiplicative. The iterative algorithms for computing the 
model parameters and software for additive model were 
adjusted to the mixed additive-multiplicative models. 

The model operates with three groups of inputs: (i) time 
parameters that consist of day of the week and hour during 
the day, (ii) weather parameters, and (iii) historical loads. 
Weather parameters include the ambient temperature, 
relative humidity, and their lagged values. We have designed 
and tested six variants of recursive algorithms to quickly 
estimate the model parameters and recommend one that 
worked best in our practice.  

Our initial motivation for the model development was 
designing and coding the planning software for a utility in 
Northeast of US to predict the system next-year peak loads 
for local areas called load pockets [21]. Following the 
success of this application, the model was adjusted to be 
used on the daily basis for next-day system load forecasts 
described in Section III.  It was also used to predict potential 
overloads for substation transformers and feeders and to 



model loads for large customers and groups of customers 
based on the AMI readings.  

The peak load forecasting software for load pockets 
conducts calculations once a year – typically in the fall 
because annual peak loads take place in summers in the most 
areas of the USA. The application uses the weather and load 
data in a batch mode. The data in the batch consist of hourly 
loads and weather observations (ambient temperature and 
relative humidity) for the summer season. In the applications 
dealing with next-day forecasts, the calculations are 
conducted every morning also in the batch mode with the 
batch consisting of the last day loads, weather data, and 
weather forecasts. For next-day forecasts, the system 
recalculates model parameters on the daily basis.  

This paper is organized as follows. In section II we give 
the model description for hourly load forecasts. In section III 
the model evaluation is presented. Section IV presents some 
applications of the model in a smart grid setting. Conclusions 
are given in section V. 

II. MODEL DESCRIPTION 

The load is decomposed in the model into two additive 
parts. One depends on day of the week (d) and hour of the 
day (h) only, and it is denoted as L0(d,h). The other is the 
product of a weather-independent normal load, L1(d,h), and 
weather-dependent factor, f(w). The mathematical form of 
the model is 

 
, , ,              (1) 

 
where i=1, 2, …, N, and N is the total number of 

observations in the training dataset; 
yi is the actual load; 
di is the day of the week, di=1, 2, …, 7; 
hi is the hour of the day, hi=0, 1, …, 23; 
wi are weather data, which are vectors whose 

components include the current temperature and relative 
humidity (observed or forecasted depending on the 
application), some of their powers, and some of the similar 
data from the previous 72 hours; 

ei is the random error. 
 
Holidays are treated as weekend days.  If a holiday is 

followed by a business day, it is treated as Sunday and as 
Saturday otherwise.  Similarly, the first business day after 
the holiday is treated as Monday, and the last business day 
before a holiday is treated as Friday. 

Like for other statistical methods, we first estimate the 
model using the historical weather and load information. 
The hourly weather information, including ambient 
temperature and relative humidity, is provided by the NCDC 
(National Climatic Data Center). The hourly weather 
forecasts are purchased from some commercial weather 
forecast vendor contracted by the local utility. The hourly 
historical load data are obtained from the SCADA and EMS 
(Energy Management System). 

Note that in L0(d,h) and L1(d,h) are discrete parameters, 
each taking 168 values that correspond to the 168 hours 
during a week. The weather dependent factor, f(w), takes the 
form of multiple linear regression. Given k weather 
parameters we need to estimate k+1 coefficients (including 
the intercept). So, in total we need to estimate 337+k 
parameters for model (1).  

To estimate the parameters, we use the least square 
method and minimize the total squared residues, that is, 
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where i=1, …, N, and N is the total number of observations 
in the training dataset. 

This is an unconstrained nonlinear programming 
problem. Due to the excessive number of parameters and the 
mixture of discrete and continuous parameters in the model, 
traditional methods, such as trust region method, Newton-
Raphson method, quasi-Newton method, double dogleg 
method, conjugate gradient method, and Levenberg-
Marquardt (LM) method, are not very efficient. Instead we 
adopt a recursive algorithm that estimates the parameters 
sequentially. 

The outline of the algorithm is as follows: 
Step 1: Initialize L0 and L1. Set tolerance ; 
Step 2:  

a. Estimate f from y, L0 and L1 using the least 
square method; 

b. Estimate L1 from y, L0 and f; 
c. Estimate L0 from y, L1 and f; 

Step 3: Compute some measure of goodness-of-fit. If 
the difference between two successive iterations is less 
than , the model is finished. Otherwise go back to step 
2a. 
 
In step 3 the measure of goodness-of-fit typically 

includes Mean Absolute Deviation (MAD), Mean Absolute 
Percentage Error (MAPE), and Mean Square Error (MSE).  

The above algorithm first updates f, then L1 and finally 
L0. We call it “f-L1-L0.” If we permute the order of L0, L1 and 
f in the above algorithm, we get six variants. Numerical 
results show that they do not differ too much but 
consistently some show better performance than others. 
According to our calculations.  the order of “L1-f-L0” gives 
the smallest model MAPE. 

III. COMPUTATIONAL RESULTS 

The proposed model has been evaluated on different 
level of loads. At the highest level we used it to model and 
forecast the aggregate load served by an electric utility.  The 
peak load level is around 5,000 Megawatts. We also tried it 
on several smaller levels including load pocket, substation 
and feeder levels. The actual performance changes with the 
scale of the application being the most accurate for the 
system level.  For the system level, the hourly MAPE for a 



day-ahead forecast during the summer period is around 
$2.35%. However, averaging the forecast with the less 
accurate forecast produced by the ANN (Artificial Neural 
Network), reduced the MAPE to around 2%. An important 
feature of the described model is that it is simple to apply it 
and the algorithm efficiently estimates the model 
parameters. The algorithm is simple to implement, and it 
provides fast convergence to model parameter.  

The data were hourly loads provided by an electric 
utility located in the Northeast of US for the summer 
seasons (May 1 through September 30). The hourly load 
values range from 1,500MW to 5,000MW. The weather data 
are described in the previous section. Efficiency is 
illustrated in Figures 1-3, where we plot the model MAPE, 
MAD and regression R-squared at different iteration steps. 
The algorithm provides a quick convergence – in fewer than 
10 iteration steps.  

 
Figure 1 Model MAPE at different iteration steps 

 
Figure 2 Model MAD at different iteration steps 

 
Figure 3 Regression R2 at different iteration steps 

 
Figure 4 Scatter plot between model result and actual 

load 
Figure 4 shows the scatter plot relating the model 

results and actual loads for the system level. The final model 
MAPE is 1.4%.  

IV. APPLICATIONS IN A SMART GRID SETTING 

The proposed model can be applied to load at different 
levels: at the system level for the entire utility, at the load 
pocket level (aggregation of several close substations or 
transformers), at the substation/transformer level, at the 
feeder level, and even at the customer level.  At the customer 
levels, we were dealing with integrated customer loads 
recorded by AMIs. During the actual implementation we 
periodically update the model with the most recent data, 
usually every 1-2 weeks in addition to daily calculations. We 
simulated the real time run on the daily basis using the 
forecasted weather.  

At the system level the forecasting of aggregate load 
helps a utility make long-term capital budgeting decisions 
and short-term forward purchase decisions. An accurate 
forecast may save a big amount of capital expenditure and 
cost of purchasing electricity in the spot market. The system 
level load forecast has been pretty accurate and the reported 
MAPE for 1-2 day-ahead forecast is between 2-3%. For 
example, during the real time run in the summer of 2008 our 
forecasting software gave an MAPE of 2.25% for the first-
day forecast and 2.98% for the second-day forecast. Another 
competing forecaster gave an MAPE of 2.78% and 3.96%, 
for day 1 and day 2, respectively. If we focus on the summer 
peak time, 4-6 PM during which load forecasts are usually 
the least accurate and the most important, our accuracies 
were 2.23% and 2.79% for day 1 and day 2 while the 
competing forecaster reported 4.82% and 5.29%. Similar 
comparisons were demonstrated in other years too, which 
indicates that unlike many other forecasting methods the 
described method does not suffer from the accumulation and 
propagation of errors from prior hours. 

Load pockets refer to the aggregate of several close 
geographic areas [4]. An area usually consists of a few 
distribution substations. Long-term load pocket load 
forecasting can be used for area load planning [21]. For 
example, if the predicted load for the next few years is close 
to or exceeds the current capacity of transformers, the utility 
should consider adding new transformers or upgrading the 
existing ones or diverting some load to a neighboring load 
pocket. The additional analysis should be conducted at the 
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transformer and feeder levels.  The developed load pocket 
forecasting software predicts the next year peak load. The 
software has been used in a local utility company for many 
years. It is used by area planners to compute Weather 
Normalized Factors and next year capital expenditure 
allocation. 

Load forecasting at the substation/transformer level can 
be used to estimate the transformer rating and protect 
transformers from being overloaded and overheated [22]. 
Combined with the feeder level load forecasting, the load 
forecasting at the substation/transformer level can also be 
used for load switching, feeder reconfiguration, load 
reductions, and voltage control. Due to the large number of 
feeders in the system, some advanced computing techniques 
such as parallel computing should be adopted. In our 
application, it took about 20 minutes to complete the 
calculations for 140 feeders and the MAPE of the forecast 
was around 6%.  

In the traditional modeling of an electric power grid, the 
load is modelled up to the feeder level. The power flow 
calculation shows the current in the feeder and voltage at the 
two ends of the feeder. Nothing is known about the details 
below the feeder level, for example, the current and voltage 
at the customer level. In the Smart Grid setting, with the 
installation of Advanced Meter Infrastructure (AMI), the 
load and voltage information are measured by AMIs, and it 
can be used to improve load forecasting for feeders.   By 
using loads at the customer level, it is possible to model the 
electric system at the subsection/customer levels. This 
additional information can be used in multiple applications.  
For example, it is possible to analyze the voltage at customer 
levels and adjust settings at the transformers to change the 
voltage for some or all customers to make it closer to the 
nominal voltage such as 120/240V used in the USA.  In 
dynamic settings, this information can be used for voltage 
and reactive power control [23].  

We applied the model to AMI readings. This was done 
for cumulative customer loads for feeder segments and for 
large customer loads in order to simulate segment and 
customer loads under various weather conditions. The 
purpose was to provide recommendations to improve 
customer load profiles and load qualities (primarily load 
factor and voltage profiles). The accuracy of forecasts for 
feeder segments and for large customers was not as good as 
at the system and load pocket levels, but accurate enough for 
the purpose of providing recommendations to improve 
customer load profiles and load quality by adjusting settings 
of transformer taps and cap banks. The load models were 
used to simulate customer loads under historical weather 
conditions. This was done because actual AMI weather data 
were available just for a few seasons.  The available AMI 
data were used to build models, and the models were run on 
the historical weather data for 30 years and more.   

V. DISCUSSIONS AND CONCLUSIONS 

This paper presents a mixed additive-multiplicative 
model for short-term load forecasting and proposes an 
efficient algorithm for estimating the model parameters. This 
model has been used to develop load forecasting software 

that had been evaluated on real data for system level, 
transformer level and feeder level in the Northeastern part of 
the USA and used by a utility [21, 22]. Unlike many other 
forecasting methods, this method does not suffer from the 
accumulation and propagation of errors from prior hours. 

This paper then discusses applications of the proposed 
model in a Smart Grid setting. The model is flexible to be 
applied to load at different levels, from the system level to 
the feeder segments and even customer level. At different 
levels, the forecasts can be used to achieve different 
objectives such as capital budgeting, forward purchase, 
transformer rating, load switching, feeder reconfiguration, 
load reductions, voltage control, and customer power quality 
monitoring and improvement. 
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