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Abstract. The field of short-term load forecasting (STLF) 
has drawn wide attention over the last decade and numerous 
models have been proposed in the last 5 years. Different 
techniques have been developed and tested spanning from 
statistical methods to neural network structures or genetic 
algorithms and other forms of Artificial Intelligence (AI). STLF 
is a complex field in which data treatment is a key factor. 
However, most models focus mostly on the choice and 
definition of a “forecasting engine” neglecting other 
information processing tasks involved that may be of equal or 
higher importance. This paper proposes a standard scheme for 
load forecasting models that includes all sub-processes within 
load forecasting. The analysis of load forecasting models 
through this scheme allows identifying the effect of each 
process on the overall performance of the model. Also, 
proposing load forecasting models following this scheme will 
enhance benchmarking possibilities and hybridization of 
models. Finally, this paper presents such analysis of an actual 
load forecasting model. 
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1. Introduction 
 
Electric load forecasting has received considerable 
attention over the last 30 years. The number of published 
articles in scientific journals regarding this topic has been 
significantly high (see fig. 1), and the liberalization 
process of the energy markets of countries all around the 
world makes it probable for this trend to continue for 
some more years. Early models were basically a 
statistical analysis of the auto-correlation of the load 
series; some of them also included correlation with other 
external variables (mostly meteorological) [1]. The 
introduction of artificial intelligence techniques has 
reduced widely these “classical” statistical models and a 
wide variety of neural network based models have 
emerged [2]. Such a proliferous production of forecasting 
method should have translated into a definite 
breakthrough in the field or at least a reasonably steep 
improving trend. However, it can be noted that the 
accuracy reported by earlier methods [3-6] is mostly 
matched by the later ones [7-10] without a significant 
improvement.  
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Fig.1. Evolution of the number of publications with 
references to load forecasting. 
 
There are several possible explanations to this 
phenomenon:  
- Continuous increment in the complexity of the load 
forecasting process: Given the rapid changes in 
technologies, the regulation modifications and a rather 
complex environment surrounding electric systems it is 
plausible that what appears to be a stalled result is 
actually a success since the proposed methods continue to 
obtain the same accuracy in ever more complex 
situations. 
- Lack of comparable results: The complexity of a 
specific forecasting problem is difficult to assess and, 
therefore, it is hard to determine whether a model (or 
even a process within a model) is a valid solution for a 
data base other than the one it was tested on: if it is not 
possible to determine which model would perform more 
accurately when applied to a given data set then the 
researcher is forced to start from scratch as there is not a 
current best approach for the problem.  
- Lack of modularity: Load forecasting is a complex 
procedure in which several information processes are 
carried out to provide a final output. Surely more 
explanations are plausible but this paper will focus on the 
last one, considering that the first factor lies without the 
influence of researchers and the second one is actually 
under further research in our group. To address the lack 
of modularity issue specified on the third explanation, 
this paper presents a standard forecasting model 
structure. This standard structure aims to provide with a 
wholesome working frame for designing forecasting 
models that would enhance the possibilities of 
hybridization through interchangeable processes. Section 



2 of this paper shows the most significant and frequent 
processes in load forecasting by enclosing them within 
the proposed standard scheme. In sections 3 and 4, 
several load forecasting models are described and 
analyzed and their results are presented. Finally, in 
section 5 the final conclusions are exposed. 
 
2. Objectives and Standardized History of 

Load Foreasting. 
 
As it was aforementioned, there have been proposed 
many load forecasting models in the last 10 years. In this 
section we provide an overview of the components of a 
load forecasting model, providing examples from actual 
published works. This review is done under a 
standardizing optic: first we describe the parts of the 
general standard model proposed and then how each 
piece of published work actually fits within the model. In 
this way, we cover the double objective of presenting the 
most significant techniques load forecasting and 
demonstrating how presenting them in a standard way 
helps benchmarking and standardization. 
 
A. Standard Model 
 
Even though, the published works in load forecasting do 
not follow a specific standard, it is possible to infer from 
them a certain common series of processes. As it was 
referred in section 1, some models are more detailed in 
specific processes while others focus more on others. 
However, it is possible to outline a standard workflow 
that all forecasting models follow.  
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig.2. Structure of the proposed forecasting 
model. 
 
Fig. 2 shows this standard model as a flowchart depicting 
all five stages of load forecasting: data pre-processing, 
variable selection, training data selection, forecasting and 
data post-processing. These five stages are present in all 
forecasting models, at least to some extent; but within 
them it is possible to find specific process that may or 
may not be used by each model. In fact, each model can 
be characterized by a different implementation and 
combination of these processes. Each and every stage is 
responsible for the failure or success of the forecasting 
model and none can be overlooked. In the following sub-
sections each stage will be described in terms of the 

desired input and output for each one and the different 
process to be found within them. 
 
B. Data Pre-processing 

 
The input for this stage is a database of raw data 
including historical load and any other exogenous 
variables. The format for this database will depend on the 
actual application. It is important to understand that the 
data presented as input may contain errors or missing 
values occurred from mistakes in the data mining 
process. Also, planned events like daylight saving time 
may provoke singularities on the data that need to be 
addressed.  The processes to be found in this stage may 
be described as follows: 
- Filtering: The aim of filtering data is to eliminate 
abnormalities. Ideally, any inconsistency found in the 
data (missing values, sudden abnormal changes…) will 
be reconstructed by extrapolation or other techniques [7], 
[8]. However, if the damaged data is irretrievable then 
the effect on other stages can be contained by identifying 
these corrupted data [3]. 
- Normalizing: Training algorithms may become 
unreliable if absolute values of the different variables are 
not comparable. Normalization of variables within a 
given range is a mandatory procedure to avoid this issue. 
Examples of this type of processes are shown in [9] and 
[11]. Also, the raw data may contain long-term trends 
that disable the possibility of comparing newer to older 
data. Normalization using moving averages is a 
successful technique to solve this problem [7]. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
- Classifying: Databases should not only contain the 
actual raw data, but also some sort of labeling system that 
adds more information. Whether that load profile belongs 
to a holiday, a regular Monday or any other made up 
category is information that becomes useful at later 
stages. This process can be just as simple as identifying 
the whether each day is work day or weekend [9], 
labeling by the day of the week [11] or even more 
complex systems including weather variables and actual 
load data for the given day [12], [13]. These more 
complex processes usually use artificial intelligence 
methods like Self-Organizing Maps (SOM) to classify 
days into clusters or categories. 
- Decomposing: Transform techniques like Fourier or 
Wavelets [8-9], [11-13] allow decomposing the series 
into separate series each of them containing different 



information. These separate series may be forecasted 
separately, allowing the use of differently configured 
forecasting models, each of them optimized to forecast a 
specific sub-series. The output for the next stage should 
comprise the enhanced data from the input, re-arranged 
in the desired format and expanded with new data added. 
 
C. Variables Selection 
 
The aim of variable selection is to eliminate the 
components of these vectors that are not relevant while 
keeping the ones that actually improve the forecast.  It is 
not possible to a priori know which variables are better 
for a forecast. However, there are some processes that 
may result useful finding the optimum combination: 
- Self-correlation analysis: Load series have high self-
correlation coefficients. This means that the next value of 
the series is highly dependent on previous values. 
However, it is important to know which previous values 
are more relevant in this dependency. 
- Cross-correlation analysis: As in self-correlation, 
cross-correlation analysis identifies which previous 
values from a different time series the next load value 
depends on. Again, higher cross-correlation coefficients 
point out the best candidates as input variables. 
- Trial and error: Even though analytical techniques 
may yield a good result, it is advisable to develop 
processes that can improve the selection of variables by 
trial and error methods. Although it is possible to develop 
heuristic methods that enhance variable selection for each 
forecast [7], usually the trial and error is done one time 
only when the model is defined [7], [9], [12], [13]. 
 The output of this stage is a database that includes only 
the relevant information for the desired forecast. 

 
D. Training period pattern 
 
In order to obtain an accurate forecast, not only it is 
necessary to know the right variables, but also to learn 
from the proper examples. The training period selection 
stage selects the data points that will teach the forecasting 
engine the desired behavior. This stage may appear 
similar to variable selection but, as it was 
aforementioned, training period selection refers not to 
which variables are more relevant but to which past time 
periods are more similar to the period to be forecasted. 
The process is linked with the classification made in the 
pre-processing stage since, usually, only days of the same 
category will be used in training [12], [14]. Nevertheless, 
classification is not the only valid approach: 
- Selection of days from similar time of the year, both 
current year and previous ones [7], [9], [11], [13]. 
- Selection of days based on similarities: even if 
classification was not used in pre-processing it may 
appear in this stage as a process of finding which past 
days are similar to the known information of the 
forecasted day. The output of this stage is a group of data 
points that are valid to training the forecasting engine. 
 
E. Forecasting 

 
Forecasting stage comprises the processes needed to 
actually produce a forecast. The input is a training 

database containing enough datasets of all relevant 
variables needed to perform the training of the 
forecasting engine. There are numerous forms that a 
forecasting engine can take. The two main groups are 
probably ARIMA models and artificial intelligence 
models. The difference, of course, lies in the nature of the 
processes needed to obtain such output. Some of the 
following processes are mutually exclusive but it is still 
worthy to provide a tentative list of tasks needed to set up 
a forecasting engine: 
- Select engine type: Whether a type of ARIMA model, 
a neural network, a self-organizing map or a fuzzy model 
will be used. 
- Select topology: Sometimes the number of parameters, 
fuzzy rules neurons or layers is determined by the 
amount of inputs or other previously defined settings. 
Nevertheless, there are cases in which is necessary to 
select the rest of parameters.  
- Select training algorithm: Both regression models and 
artificial intelligence ones need a technique to estimate 
parameters or neuron weights. 
- Select training duration: It is necessary to define at 
what point the training of the engine will stop to avoid 
over-fitting. The output of this stage is the actual 
forecast. Needless to say, depending on the data pre-
processing, the forecast may not be the final desired 
result and some post-processing is required. 
 
F. Data Post-processing 
 
Data post-processing includes both constructing a 
forecast in an understandable format from the one 
produced by the forecasting engine and reporting the 
performance of the forecast. The processes that 
accomplish the first part are the inverse of the ones 
implemented in the pre-processing stage: renormalizing, 
recomposing, etc. Regarding performance reporting, 
these are several measures of performance that provide a 
good understanding of how good a forecasting model 
actually is: 
- Accuracy: The most common measure for accuracy is 
MAPE. It is important to report it over significant time 
period. 
- Robustness: Besides a good average performance, it is 
important to determine if the model ever produces 
catastrophic errors (APE above a certain threshold) and, 
if so, how often this happens. 
- Real-time application: Assess whether the model is 
able to produce forecasts in a timely manner and if it is 
able to learn as new information becomes available. 
- Universality: The result of a forecasting model depends 
highly on the database. The same model may perform 
well under a certain circumstances but poorly under 
different ones.  
Therefore, it is not significant to provide one result. It is 
advised to provide several test results from different 
databases or, even better, a study of the characteristics of 
the database used. 
 
3. Analyzed Models 
 
The objective of this test is to show that developing self-
standing processes that can be combined as parts of 



different forecasting models enhances the possibilities of 
reapplication, benchmarking and model design itself. The 
combination of a small amount of processes can derive in 
a large number of models so only the most relevant 
results are here shown. To facilitate the task and set the 
basis for further research, a programming environment 
has been implemented in Matlab Object Oriented 
language. This environment allows to create independent 
functions and to include them into the model.  
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Fig. 3. Combination of the different data pre-processed 
 
A. Data Pre-processing 
 
In this stage, both electrical load and meteorological data 
are processed and combined to form a set of data bases to 
be fed to the following stages. The way the processes are 
combined is shown in fig.3 and the tasks carried out in 
each process are here described: 
-Filtering: The filtering process will be common to all 
models and it reconstructs abnormalities in single data 
points by assigning the mean value of the adjacent data to 
the abnormal values. 
- Elimination of trends: When data from several years is 
used, it is possible that a growing trend may affect the 
data. This effect is eliminated by dividing the load of 
each hour by the moving average of the last 365 days. 
Classification: Two different types of tags can be added 
to each day in order to later define its similar days: 
-Weekday classification: Classification of days in 5 
groups by their week day. See Table I. 
-Holiday classification: Classification of holidays by 
adding a tag that supersedes the week day one. 
-Wavelet decomposition: Two different types of wavelet 
decomposition have been implemented but both of them 
use the Daubechies-4 wavelet. The difference lies in how 
the data is arranged: for W1, the hourly load series is 
considered as a 1-dimension vector while in W2, the data 
is arranged forming a 24 times the number of days matrix 
and wavelet transform is, therefore applied bi-
dimensionally. 
 

TABLE I. – Classification of days by day of the week 
Classifications of days 

G1 G2 G3 G4 G5 
Monday Tuesday Wednesday Thursday Friday Saturday Sunday

 
- Other: Meteorological data requires of other data 
treatments. As it can be seen in fig. 4, temperature has a 
non-linear effect on electrical demand, but with the 
technique described in [12] and implemented here it can 
be linearized. Also, the use of temperature as a daily 
curve or as a daily mean value is implemented. 
 

 
Fig. 4. Electricity consumption in relation with daily 
average temperature. 
 
B. Input  selection 
 
Two different processes for input selection have been 
implemented. In “DAY BEFORE + WEEK BEFORE”, 
the variables used are the available data from the 
previous day and from the last same weekday. In “DAY 
BEFORE”, only the information from the previous day is 
used. 
 
C. Training Pattern Selection 
 
In this stage, the classification data is used to select as 
training data only the days of the same class. Also, other 
two different restrictions are implemented. On “ONLY 
SAME TIME OF THE YEAR”, only the days of 
approximately the same time of the year are used (60 
days plus or minus the forecasted day on previous years). 
On “ALL AVAILABLE DATA” there is no such 
restriction and all days of the same class are used. 

 
D. Forecasting Engine 
 
For this final stage, three different processes have been 
implemented: 
- SOM: A self-organizing map is used to produce a 
forecast as described in [7]. In our case, each day is 
forecasted with a map of the same topology but trained 
with the data selected on the previous stages. The chosen 
configuration of the SOM is a map size of 10x10 
hexagonal cells, arranged in a sheet shaped lattice. For a 
deeper explanation of the implementation of SOM refer 
to [15, 16]. 
- MLP: A multi-layer perceptron network provides a 
forecast in a similar way to [12]. The network has one 
hidden layer comprising 7 neurons. The number of 
neurons in the input layer depends on the previous stages 
but the output layer has 24 neurons each of them 
providing the forecast for one hour of the load profile.  
- IMLP: This third forecasting engine is designed in a 
similar way to the second one but it introduces a new 
way to initialize the neurons. First of all, a similar day to 
the forecast one is selected among past data. Then several 
forecasts are made for this day using random 
initialization and the MLP described above.  
 
 



4. Results 
 
In this section, the results for the aforementioned models 
are shown and explained. The results will be presented 
also following the standard scheme to prove the 
advantages of following it. 
 
A. Data Pre-processing 
 
In order to analyze the effect of data pre-processing, the 8 
partial models described in the previous section have 
been completed to form a model with simple processes 
for the rest of the stages as shown in fig. 5. Table 2 show 
the results for the 16 models tested on three different data 
bases. The main conclusions drawn from these results 
are: 
 

TABLE II. – Results for the Different Data Pre-processes 
 

DATA BASE

FORECAST ENGINE MLP SOM MLP SOM

DATA PRE‐PROCESSING

3,74 3,64 3,82 3,81

4,38 3,62 4,42 3,85

3,94 3,30 4,17 3,54

3,93 3,53 4,14 3,68

3,86 3,53 4,15 3,74

3,32 3,24 3,42 3,35

3,96 3,53 4,02 3,75

4,64 4,09 4,79 4,35

C

D

E

F

G

H

NE NEMASSBOST

A

B

MAPE MAPE

 
 

 
Fig. 5. Models description for the evaluation of the pre-
processing stage. 
 
- Pre-processing B causes MAPE to increase only in 
MLP: Neither data base showed a significant trend so it 
was expected that this process would not be relevant. 
However, the results show that SOM network is more 
robust than MLP when the original information is 
modified. 
- The inclusion of temperature data from pre-processing 
C results in an accuracy improvement of similar 
magnitude for both data bases and forecasting engines. 
- Further treatment of temperature data or the inclusion of 
holiday information does not result in any increase of 
accuracy. 
- Wavelet decomposition does not improve accuracy 
either. In addition, the bi-dimensional transform causes 
severe increase in MAPE. 
- The best result is obtained when humidity is also 
included. 
 
B. Input Selection 
 
In this case, the tests are carried out using only 2 results 
from the previous stage. The models used are described 
in fig. 6 and the obtained results are expressed in table 3. 
Once again, in this stage it can be visualized how adding 

more information to the MLP causes it to produce much 
less accurate results than the SOM. In any case, the idea 
that introducing more previous data as inputs is clearly 
rejected. 
 
TABLE III. Results for the different input selection processes 

MLP SOM MLP SOM

DATA PRE‐

PROCESSING
INPUT SELECTION

DAY BEFORE 3,86 3,53 4,15 3,74
WEEK BEFORE 4,01 3,60 4,34 3,85

DAY BEFORE 3,32 3,24 3,42 3,35
WEEK BEFORE 3,87 3,49 3,75 3,48

DATA BASE

FORECAST ENGINE

E

F

NE NEMASSBOST

MAPE MAPE

 
 
C. Training Pattern Selection 
 
The case of training pattern selection will be used to 
further study one of the results obtained in sub-section A. 
There are some examples [12], [17-18] that show how it 
is important to adequate temperature data to load data so 
that their relation is as linear as possible. However, the 
introduction of a linearization process for the temperature 
data did not improve the forecast accuracy significantly. 
The following results may be an explanation for such 
phenomenon. 
 

 
Fig. 6. Models description for the evaluation of the input 
selection stage. 
 
In table IV the results for the tests are shown. 
 
TABLE IV. Results for the different input selection processes 

MLP SOM MLP SOM

DATA PRE‐

PROCESSING

TRAINING PATTERN 

SELECTION

SAME TIME YEAR 3,86 3,53 4,15 3,74
ALL AVAILABLE 4,29 3,98 4,87 4,12

SAME TIME YEAR 3,32 3,24 3,42 3,35
ALL AVAILABLE 3,43 3,35 3,54 3,31

MAPE MAPE

A

F

DATA BASE NE NEMASSBOST

FORECAST ENGINE

 
 
The most significant finding from this test is that, when 
the pre-processes include the linearization of temperature 
and load (F), not limiting the training to the days with 
similar weather (same time of the year) does not affect 
the forecasting error. However, if no such process has 
been realized (A), the limitation of training days proves 
effective in increasing accuracy. Therefore, both 
processes can be considered substitutive to each other. 
 
D. Forecasting Engine 
 
Three different forecasting engines have been 
implemented. Two of them have been used to test the 
performance of the processes in other stages. In order to 
assess the accuracy of the third one, a new model has 



been tested on both databases using the best partial model 
so far. The results are shown on table V. 
 
TABLE V. Results for the different Load Forecasting Engines 

F

DAY BEFORE

SAME TIME 

YEAR

DATA BASE FORECAST ENGINE MAPE

MLP 3,32

SOM 3,24

iMLP 2,87

MLP 3,42

SOM 3,35

iMLP 2,79

NE

NEMASS BOST

DATA PRE‐PROCESSING

INPUT SELECTION

TRAINING PATTERN SELECTION

 
 
The results finally prove that the new initialization 
method implemented is successful. 
 
 
5. Conclusions 

 
The main purpose of this paper is to provide with a 
framework for designing and evaluating forecasting 
models. Many of the recently proposed models have been 
described, showing that all the processes within those 
models can be arranged in a standard scheme.  The 
proposed procedure is a useful guide to develop new 
forecasting models, enhancing the possibilities of 
combining parts of different models and promoting 
hybridization. Even though the results obtained by the 
last defined model are fairly accurate, it is important to 
notice that the main objective of this paper was not to 
propose a new load forecasting model but to provide with 
a standardization structure that can allow use parts of a 
forecasting model and easily reapply them. The 
programming environment has proven to be a very 
valuable tool for its flexibility and potential uses even to 
other fields of forecasting. In conclusion, it is advised to 
follow the standard scheme proposed as it is a useful tool 
for engineers, scientist and researchers and it may set the 
first stone into standardization of load forecasting 
models. 
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