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Abstract: Electric energy costs reduction is a critical aspect for industrial enterprise management. Short-term load 
forecast is a very important activity both for enterprises and for electric grid manager. Applying a short-term load 
forecasting method, enterprises can cut energy costs. Furthermore, such an application contributes to the reduction 
of grid manager interventions to minimize imbalance problems. In this context, industrial sites able to self-produce 
more than their energy need, have to adopt suitable load forecasting systems both to control energy consumption 
and to limit dispatching burden due to the feed of power into the grid. Correlation between industrial site energy 
consumption and industrial productions has encouraged the authors to develop a methodology that provide short-
term electric load forecasting, based on machine learning, applicable in a generalized manner using available 
production plan data. To develop such a complex model, a tool composed of several parts has been implemented. 
Forecasting model structure is composed of 2 parts, one for prediction and one for imbalance calculation. Neural 
networks have been used in prediction phases because of their possibility to manage large dataset and to find non-
linear correlation between available variables. Application of developed methodology on real industrial gathered data 
has provided important results. Forecasting method, although calculated imbalances have reached high values, has 
led to get around 28% saving on balancing costs compared to enterprise previously applied forecasting method. 
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1. Introduction 
Nowadays, short-term electric load (EL) forecast is a 
crucial aspect in industry management and also a recurrent 
theme in scientific literature (Zhao, Ma and Li, 2015; 
ElMaraghy et al., 2017). EL forecasting refers to time 
frames between one hour and one week (Mandal et al., 
2006). It has become a very interesting argument because 
could influences both electric grid management and 
energy price (Deihimi and Showkati, 2012). 

Those industrial sites, able to produce more than their 
electric power through own generators, have to adopt a 
suitable load forecasting system both to manage, to 
control energy consumption and to limit dispatching 
burden due to the feed of power into the grid. 

In general, industrial plant’s electric energy (EE) 
consumption is strictly related to manufacturing 
processes. However, EE production could be 
independent from those processes, especially if it depends 
on non-programmable renewable sources (hydroelectric, 
solar and wind). For this reason it is important to have 
effective monitoring systems and reliable tools to get an 
accurate load forecasting (Di Silvio, Cesarotti and Introna, 
2007; Maia and Gonçalves, 2009). Furthermore, the 
evolution of regulation about energy exchange forces 
enterprises to adopt more and more performing tools to 
achieve accurate previsions in order to minimize 
interventions of grid manager. 

In Italy, EE market has been created to increase 
competition in electricity buying and selling and 
contribute to the management of dispatching services. 
After market creation, resolutions of the Electricity and 
Gas Authority in Autorità per l’energia elettrica (2016) 
have stated some limitation for management of the 
imbalance of electric grid. Currently, regulations require 
that every organizations able to feed power to grid, have 
to communicate to national grid operator before 11:00 of 
ith day, the amount of energy hourly shared during the 
(i+1)th day. The grid operator tolerates an error of 15% of 
forecast shared energy. Exceeding the limits implies the 
application of penalties by grid operator. 

In this scenario, the purpose of this work is to propose a 
practical method to get short-term load forecasting based 
on machine learning (ML) application. The work has two 
starting points. The first is the existence of a correlation 
between industrial production and energy consumption, 
the second is the possibility to use ML techniques to get 
accurate previsions of EL. The developed method has 
been applied on a case study to quantify both energy 
consumption and production in order to comply with the 
day ahead market. 

2. Literature review  
Different short-term load forecasting methods have been 
developed in recent years. Main models can be collected 
in three groups: traditional models, artificial intelligence 
models and hybrid models (Hong, 2013). Methods 
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belonging to first group are mainly used for long and very 
long-term forecasts. Instead, ML techniques, belonging to 
second group, are more suitable to get short-term 
previsions (Kuster, Rezgui and Mourshed, 2017). 
Development of hybrid methods have been attempted 
over the years combining statistical models and machine 
learning techniques both for energy load prediction as in 
López et al. (2012) and energy budget estimation 
(Cesarotti, Di Silvio and Introna, 2009). 

Time series analysis and regression-based models are 
surely the most used statistical models. They are used 
mainly to forecast and control energy performance and 
consumption (Bonfà et al., 2017). Statistical models largely 
depend on the assumption that past conditions could 
occur in the future. Indeed, linear regression allows to 
extrapolate the trend through the combination of available 
historical data (Salvatori et al., 2018). 

ML techniques (including Support Vector Machines, fuzzy 
logic and neural networks) have often been chosen for 
their ability to create non-linear relationships and for 
providing acceptable results also when fast changes are 
present (Deihimi and Showkati, 2012). These 
characteristics allow to overcome negative aspects related 
to linear models (Santolamazza, Cesarotti and Introna, 
2018a).  

Autoregressive Integrated Moving Average (ARIMA) has 
been applied, among others, in Sen, Roy and Pal (2016) to 
evaluate and forecast EL and greenhouse gas emission in a 
pig iron manufacturing. Support Vector Machines have 
been used in Abbas and Arif (2006) to forecast seven days 
of electric power distribution in Slovakia and in Zhao, Ma 
and Li (2015) to forecast electricity consumption of high 
energy-intensive industries in Inner Mongolia. Also 
support vector machines have been compared to neural 
networks (NNs) on control application in (Santolamazza, 
Cesarotti and Introna, 2018b). 

NNs are the most widespread method thanks to easy use 
and large suitability to many situations. They have been 
applied in many cases to evaluate future EL starting from 
available data and with many different objectives 
(Benedetti et al., 2016). In Cárdenas et al. (2012) NN have 
been used to reduce a factory energy consumption, in 
Maia and Gonçalves (2009) to avoid load peak for a 
specific utility and in Azadeh et al. (2006) to get long term 
electricity demand forecasting in agriculture. In Appendix 
A some further applications of NN are collected. 

In most of available approaches, methodology has been 
applied on electricity distribution and using only external 
variables as input. Comparing with NN based models 
available in literature and collected in Appendix A, authors 
propose an innovative approach to forecast, one day 
ahead, both energy consumption and energy production. 
Developed method is applicable on every manufacturing 
plant whose energy load can be related to operative 
conditions. Indeed, input data coming from planned 
operative condition are used for EL prediction instead 
external condition are used for production prediction. 

 

3. Methodology 
The authors have developed a methodology to achieve 
short-term EL forecasting, based on machine learning. 
The methodology allows to quantify electric needs and 
power production a day in advance starting from 
production plan and external data. Such a methodology is 
addressed mostly towards industrial plants able to produce 
more EE than their needs and authorized to feed the 
excess into the grid. 

A unique tool may be not suitable to manage many inputs 
and outputs. Despite the great computing capacity of ML 
methods, it could be difficult to characterize possible 
outliers, add or remove some potentially not significative 
variables and get accurate forecast using only one tool. 
Furthermore, ML tools are generally seen as “black box” 
from which it is impossible to get information about the 
correlation between inputs and outputs.  

Developed model has many input variables (production 
processes, weather conditions, day of the week, etc.) and 
two different, not correlated, outputs. Moreover, it allows 
to simulate the presence of electricity production using 
alternative energy sources. To develop such a complex 
model, a block tool is implemented because of its many 
positive aspects, including the possibility to control the 
results and exclude temporarily some blocks.  

For all these reasons, forecasting model structure is 
composed of 2 types of block: predictive block and block for 
imbalance calculation. Predictive blocks are involved in the 
calculation of EE consumption and electric production 
through ML tools starting from production plan data. In 
order to get better results, some further variables can be 
added in input dataset. Generally, typical variables indicate 
date and time, working time, weather conditions etc. 
Blocks for imbalance calculation provide the difference 
between power consumption and production, also 
between forecasts and actual variables.  

General forecasting model is formally composed of 2 
predictive blocks, for energy consumption and for energy 
production. Model scheme is reported enhanced with 
temporal indication in figure 1.  

 
Figure 1: Developed method block diagram.  

Upper part includes prevision blocks (used in day i) and 
lower part includes results analysis (used in day i+1). 

Developed method is potentially useful with any ML 
forecasting techniques. In this application for predictive 
blocks we refer to NN method because of its simplicity, 
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suitability to industrial cases and possibility of being 
implemented through many commonly used software. 

3.1 Predictive blocks 
Application of predictive blocks follows a 3 steps 
procedure. 

1) Data pre-processing. The objective of this phase is to 
individuate input and output variables to submit to 
predictive blocks. Pre-processing includes data 
collection in matrices in which the number of columns 
indicates the selected variables and each row 
represents the information available from a 
measurement interval. During this phase eventual 
outliers and corrupted data are eliminated. Available 
data could contain industrial production, electrical 
demand, meteorological data, classification of days, 
etc. So, input for each block is a large matrix with 
many columns, instead output is a one-column vector 
containing load (or other) information to forecast. 

2) Input data selection. Collected variables may or may 
not provide optimal information. If necessary, to 
modify output accuracy, it is possible both to exclude 
some variables and aggregate data on daily or monthly 
base. 

3) Tools training. In this phase, both input and output 
data are submitted to NNs. NNs do not allow to 
previously state which neurons configuration is 
optimal in terms of number of hidden layer and 
number of neurons in each layer. To find out the best 
configuration in terms of accurate forecast, results 
provided from each of them are compared with the 
others. For this reason, as a preliminary step, it 
becomes necessary to define the minimum and the 
maximum number of hidden layers and the minimum 
and maximum number of neurons belonging to each 
hidden layer. Based on these parameters, a routine, 
able to test each combination of hidden layers and 
neurons, have been created. In each test, both datasets 
(input and output) are automatically divided into three 
randomized sampled subsets. Generally, the first set 
collects 60÷70% of data, the second collects 15÷20% 
and the third collects the remaining part. These 
subsets are respectively used into “training”, 
“validation” and “test” phases. In this way, it is 
possible to find the most accurate solution 
characterized through typical statistical parameters like 
mean absolute percentage error (MAPE) and mean 
square error (MSE). 

As already described, 2 different predictive models have 
been developed: EL forecasting model and electrical 
production forecasting model. 

The first model uses as input variables: 

• Industrial production plan. It could be the most 
important variable for energy consumption trend 
conditioning; 

• Weather conditions (season, mean temperature, 
humidity, etc.) which can influence air conditioning 
performance, external illuminance which can influence 
the use of inner lights; 

• Similar days and singular days data. 
The second model uses as input variables: 

• Industrial production plan. If the power supply can be 
regulated, it could depend on industrial production; 

• Weather conditions. Especially if electric power 
generation depends, in whole or in part, on non-
programmable renewable sources. 

As already mentioned, to develop predictive blocks NNs 
have been used. NNs are computing systems inspired by 
the biological nervous systems. They are composed of 
several highly interconnected elements (neurons) which 
can be configured in various arrangements. They can be 
roughly divided in feedforward and feedback networks 
depending on neurons architecture and links. In first 
architecture each layer is linked only to previous and 
following one. In second architecture feedback loop are 
used in addition to feedforward links. Feedforward nets 
have been typically applied, as in this work, for EL 
forecasting (Benedetti et al., 2016). 

In this application, neurons have been organized 
according to a typical structure composed of one input 
layer, variable number of hidden layers and one output 
layer.  

The number of neurons of input and output layer depends 
on the number of used variables. The number of hidden 
layers and nodes has been chosen through an optimization 
procedure based on MSE and MAPE. Maximum number 
of hidden layers has been imposed to 2. Maximum 
number of nodes for each layer has been set to 100 to not 
incur in overfitting.  

Applied NNs have sigmoid transfer function in the 
hidden layer and a linear transfer function in the output 
layer. Input vectors have been normalized to obtain the 
best possible results from sigmoid function.  

They have been trained updating weight and bias values 
according to Levenberg-Marquardt backpropagation.  

To obtain an optimal tuning, 70% of input data have been 
used for training phase, 20% for validation and remaining 
10% for test. 

3.3 Accuracy calculation blocks  
In these 2 blocks, the accuracy of predictive models is 
evaluated. The first block (identified as “P(t) - C(t)” in 
figure 1) calculates, through a simple difference between 
P(t) and C(t), the energy amount shared with the grid 
(∆E(t)). The second block (identified as “Imbalance 
calculation”) calculates the forecasting goodness as 
function of ∆E(t) parameters. Imbalance (I(t)) is calculated 
through the following formula: 

 
Through this block it is possible also to obtain: 

• ∆E(t) forecasting performance calculated through the 
difference between predicted and actual values; 
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• Operative forecasting performance calculated through 
the difference between predicted and actual operative 
conditions. 

These parameters can be used for real-time control of 
system performance. 

To assess the economic convenience of application of 
developed forecasting model, forecast imbalances are 
economically calculate according to the resolutions of the 
Electricity and Gas Authority. Reached results are 
compared with costs actually incurred by the company 
during the reference period.  

4. Application on a case study  
Before being applied on the case study, the developed 
model was tested on an expressly created database. 
Implemented database is organized according to 
indications in method section. It collects time indication, 
energy consumption and production data simulated 
through a complex function added with random values to 
make data more realistic.  

Good results provided by test phase encouraged authors 
to apply developed method on a case study. 

The enterprise taken as case study is an Italian chemical 
industry characterized by a continuous cycle operation. 
Database provided by the enterprise includes one year of 
measurements of: 

• Production of 4 intermediate products measured in 
terms of daily “loads”; 

• Hourly measured overall EE consumption; 
• Hourly measured overall EE production; 
• Hourly measured amount of energy drawn from the 

grid. 
Electric power plant produces 107% of average site need, 
the excess power is fed into the grid. In figure 2 EE 
consumption, energy produced, and energy fed into grid 
measured from 1 January 2016 and 31 October 2016 are 
reported. The developed methodology wants to use data 
from January to September to train the tools and use data 
concerning October to test forecasting capability.  

To ensure the anonymity and confidential character of 
information supplied in pursuance, magnitude of used 
data have been scaled.  

4.1 Consumption data analysis  
First analysis has shown that power plant production is 
very stationary over time apart from those periods in 
which power plant is switched off on purpose. Those 
intervals are not used in successive analysis. 

In this work, energy consumption is the most important 
parameter and, as already explained, it could be correlated 
to industrial production. From analysis, EE production is 
very stationary. Observing energy consumption in figure 
2, it is possible to notice limited fluctuations, standard 
deviation amounts to 250 kWh while mean energy 
consumption is 5525 kWh. Furthermore, some variations 
in mean consumption can be noticed during February, 
March and after summer holidays.  

 
Figure 2: Electric energy production, consumption and fed 
into the grid. 

Analyses on joined consumption data both on daily and 
weekly base have shown scarce differences between 
maximum and minimum values.  

Considering the lack of characteristic data relating to the 
operation of the EE generator, to forecast EE production 
only date information has been used. In particular, EE 
production has been predicted only using information 
about historical data, calendar day and time. 

4.2 Industrial production data analysis 
Industrial production is monitored using a unit of 
measurement called “load”. Figure 3 collects main 
production data concerning the entire selected period. As 
can be easily noticed, daily fluctuation is quite small (+/- 1 
load for each day). Also, intermediate productions follow 
same trends. 

Observing weekly gathered data, little fluctuations are 
present from a week to another. Moreover, this type of 
production data does not allow to extrapolate hourly 
information. Therefore, the authors exploit recurrences on 
time profile to get information about changes over time. 

 
Figure 3: Main daily production, fluctuations are quite 
small 
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4.3 First application of developed model 
Applicating NN forecasting models, all available measured 
data have been used to characterize their influence on 
results. “Production Forecasting” block using planned 
operative conditions provides good results regarding mean 
with limited errors (maximum 1.5%). In figure 4 obtained 
results are collected. 

 
Figure 4: Forecast and actual hourly consumption using 
planned operative conditions. 

4.4 Successive applications of developed model 
Some other significative variables have been added in 
input to the model to reduce consumption forecasting 
error. External temperature has been added because of the 
influence that could exercise on energy consumption due 
to air conditioning system use. 

The unavailability of more precise and influent data from 
enterprise has encouraged authors to find some 
correlation between past energy consumption and future 
one. In particular, authors wanted to investigate the 
presence of a possible recursion in short/medium-term. 
The correlation analysis of energy consumption over time 
did not highlight strong correlations between 
consumption values over time. 

 
Figure 5: Forecast and actual hourly consumption using 
planned operative conditions, temperature and average 
consumption of previous day. 

For these reasons, average previous day consumption has 
been added in input to prediction model. In this way, 
consumption forecasting model can easily obtain better 
results. This application has certainly led to improve 
results accuracy as can be noted comparing results in 
figure 4 and 5. Using the additional parameter mean error 
decrease until 2% and there is not overestimation. Once 
again, fluctuations are not well simulated both in 
magnitude and phase.  

For last simulation, energy consumption related to 1 hour 
before has been introduced. In this way, results are better 
than those provided by already done simulations, but this 
method is unusable to forecast energy consumption a day 
ahead. In figure 6, results of this simulation have been 
collected. In this case both magnitude and phase are well 
forecast, and the mean error is about 0.75%. 

 
Figure 6: Forecast and actual hourly consumption using 
planned operative conditions, temperature and 
consumption of previous hour. 

Even considering best available results provided by last 
method, imbalance analysis shows that average values (bot 
positive and negative) are higher than the set limits. Figure 
7 represents imbalance calculated on last method results. 

 
Figure 7: Imbalance calculated on results provided by 
forecasting method using planned operative conditions, 
temperature and consumption of previous hour. 
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Imbalance analysis shows that the hourly consumption 
forecasting method using planned operative conditions, 
temperature and average consumption of previous day 
provides best results. Also, the calculation of balancing 
charge highlights that the same method reduces cost more 
than others.  

Results obtained from the application of predictive 
models are used to estimate balancing charge.  

Balancing charge is calculated considering the actual 
imbalance and the imbalance price according to current 
regulation. More in detail, if enterprise produces less than 
predicted energy (negative imbalance), it has to pay to grid 
operator the cost actually incurred to establish the grid 
balance. Quite the opposite, in the case of positive 
imbalance, enterprise receives a remuneration. Entity of 
costs and remuneration depends on the day-ahead market 
and on imbalance of macro-zone to which the enterprise 
belongs. Results of method application has been collected 
in table 1. 

Table 1: comparison of imbalance costs reductions 
depending on input variables used for predictions 

Used input variables Forecast 
Error 

Cost 
Reduct. 

Planned operative conditions (*) 1.5 % 17 % 

(*) + temperature + average 
consumption of previous day 

2 % 28 % 

(*) + temperature + average 
consumption of previous hour 

0.75 % 25 % 

5. Discussion on method application 
All carried out analyses provided many important 
information about the methodology implementation. In 
particular: 

• Fluctuations of energy consumption do not appear to 
be related to time, daily volumes or temperature. More 
likely, they are correlated to the consumption profile 
associated with the single production “load” (typical of 
the chemical nature of the plant); 

• Average consumption of a day before is useful to 
capture the long-term changes in the average 
consumption; 

• Any developed tool has shown difficulties in 
reproducing the short-term changes in energy 
consumption, which are very limited in percentage 
terms; 

• Although the forecast error on consumed energy is 
restrained, it causes a very high percentage imbalance, 
considering the limited amount of energy shared with 
the grid. 

• Application of cost analysis on best available results, 
provided by usable developed forecasting model, has 
showed a fair reduction of balancing charge (about 
28%) compared to sustained costs. 

For all these reasons, the methodology can be considered 
useful to reduce energy costs but needs some conditions 
to provide better results: 

• hourly consumption should depend on operative 
condition hourly predictable;  

• the percentage of the average load exchanged with the 
network must be significant compared to total 
consumption; 

• more predictive blocks could be developed to simulate 
the presence of several plants with different 
behaviour.  

Successive analysis has revealed that energy consumption 
is considerably conditioned by the presence of a baseload 
represented by wastewater treatment plant whose energy 
consumption reaches 50% of overall enterprise need. 

6. Conclusions and future development 
In this work, the authors wanted to present a method for 
short-term load forecasting able to forecast both energy 
consumption and production for those enterprises 
equipped with an own electric power generator. 

The method, based on neural networks, can be easily 
implemented using other tools belonging to machine 
learning and uses production plan and other information 
from enterprise to forecast energy production and energy 
consumption.  

To verify the ability of developed method, it has been 
applied on a real case study performing a day ahead load 
forecasting and relative results analysis. The application of 
this methodology allows to reduce energy costs related to 
imbalance but, in order to characterize the method to the 
best of its possibility, it has to be applied to some other 
case studies. 

References 
Abbas, S. R. and Arif, M. (2006) ‘Electric load forecasting 
using support vector machines optimized by genetic 
algorithm’, 10th IEEE International Multitopic Conference 
2006, INMIC, (1), pp. 395–399. doi: 
10.1109/INMIC.2006.358199. 

Autorità per l’energia elettrica (2016) ‘444/2016/R/EEL 
Interventi prioritari in materia di valorizzazione degli 
sbilanciamenti effettivi nell’ambito del dispacciamento 
elettrico’, pp. 1–20. 

Azadeh, A. et al. (2006) ‘Integration of artificial neural 
networks and genetic algorithm to predict electrical energy 
consumption’, IECON Proceedings (Industrial Electronics 
Conference), pp. 2552–2557. doi: 
10.1109/IECON.2006.348098. 

Benedetti, M. et al. (2016) ‘Energy consumption control 
automation using Artificial Neural Networks and adaptive 
algorithms: Proposal of a new methodology and case 
study’, Applied Energy. Elsevier Ltd, 165, pp. 60–71. doi: 
10.1016/j.apenergy.2015.12.066. 

Bonfà, F. et al. (2017) ‘Monitoring compressed air systems 
energy performance in industrial production: Lesson 
learned from an explorative study in large and energy-
intensive industrial firms.’, Energy Procedia. Elsevier B.V., 
143, pp. 396–403. doi: 10.1016/j.egypro.2017.12.702. 

Cárdenas, J. J. et al. (2012) ‘Load forecasting framework of 

162



XXIV Summer School “Francesco Turco” – Industrial Systems Engineering  

electricity consumptions for an Intelligent Energy 
Management System in the user-side’, Expert Systems with 
Applications, 39(5), pp. 5557–5565. doi: 
10.1016/j.eswa.2011.11.062. 

Cesarotti, V., Di Silvio, B. and Introna, V. (2009) ‘Energy 
budgeting and control: A new approach for an industrial 
plant’, International Journal of Energy Sector Management, 3(2), 
pp. 131–156. doi: 10.1108/17506220910970551. 

Deihimi, A. and Showkati, H. (2012) ‘Application of echo 
state networks in short-term electric load forecasting’, 
Energy. Elsevier Ltd, 39(1), pp. 327–340. doi: 
10.1016/j.energy.2012.01.007. 

Dilhani, M. H. M. R. S. and Jeenanunta, C. (2016) ‘Daily 
electric load forecasting: Case of Thailand’, 7th International 
Conference on Information Communication Technology for 
Embedded Systems 2016, IC-ICTES 2016, 2016, pp. 25–29. 
doi: 10.1109/ICTEmSys.2016.7467116. 

ElMaraghy, H. A. et al. (2017) ‘Energy use analysis and 
local benchmarking of manufacturing lines’, Journal of 
Cleaner Production. Elsevier Ltd, 163, pp. 36–48. doi: 
10.1016/j.jclepro.2015.12.026. 

Hashmi, M. U., Arora, V. and Priolkar, J. G. (2015) 
‘Hourly electric load forecasting using Nonlinear 
AutoRegressive with eXogenous (NARX) based neural 
network for the state of Goa, India’, 2015 International 
Conference on Industrial Instrumentation and Control, ICIC 2015, 
(Icic), pp. 1418–1423. doi: 10.1109/IIC.2015.7150971. 

Hong, W. C. (2013) ‘Intelligent energy demand 
forecasting’, Lecture Notes in Energy, 10. doi: 10.1007/978-
1-4471-4968-2. 

Kuster, C., Rezgui, Y. and Mourshed, M. (2017) ‘Electrical 
load forecasting models: A critical systematic review’, 
Sustainable Cities and Society. Elsevier, 35(July), pp. 257–270. 
doi: 10.1016/j.scs.2017.08.009. 

López, M. et al. (2012) ‘Application of SOM neural 
networks to short-term load forecasting: The Spanish 
electricity market case study’, Electric Power Systems Research. 
Elsevier B.V., 91, pp. 18–27. doi: 
10.1016/j.epsr.2012.04.009. 

Maia, C. A. and Gonçalves, M. M. (2009) ‘A methodology 
for short-term electric load forecasting based on 
specialized recursive digital filters’, Computers and Industrial 
Engineering. Elsevier Ltd, 57(3), pp. 724–731. doi: 
10.1016/j.cie.2009.01.018. 

Mandal, P. et al. (2006) ‘A neural network based several-
hour-ahead electric load forecasting using similar days 
approach’, International Journal of Electrical Power and Energy 
Systems, 28(6), pp. 367–373. doi: 
10.1016/j.ijepes.2005.12.007. 

Salvatori, S. et al. (2018) ‘Inter-sectorial benchmarking of 
compressed air generation energy performance: 
Methodology based on real data gathering in large and 
energy-intensive industrial firms’, Applied Energy, 217. doi: 
10.1016/j.apenergy.2018.02.139. 

Santolamazza, A., Cesarotti, V. and Introna, V. (2018a) 

‘Anomaly detection in energy consumption for Condition-
Based maintenance of Compressed Air Generation 
systems: an approach based on artificial neural networks’, 
IFAC-PapersOnLine. Elsevier B.V., 51(11), pp. 1131–1136. 
doi: 10.1016/j.ifacol.2018.08.439. 

Santolamazza, A., Cesarotti, V. and Introna, V. (2018b) 
‘Evaluation of Machine Learning techniques to enact 
energy consumption control of Compressed Air 
Generation in production plants’, in Proceedings of the 
Summer School Francesco Turco, pp. 79–86. 

Sen, P., Roy, M. and Pal, P. (2016) ‘Application of 
ARIMA for forecasting energy consumption and GHG 
emission: A case study of an Indian pig iron 
manufacturing organization’, Energy. Elsevier Ltd, 116, pp. 
1031–1038. doi: 10.1016/j.energy.2016.10.068. 

Di Silvio, B., Cesarotti, V. and Introna, V. (2007) 
‘Evaluation of electricity rates through characterization 
and forecasting of energy consumption: A case study of 
an Italian industrial eligible customer’, International Journal 
of Energy Sector Management, 1(4), pp. 390–412. doi: 
10.1108/17506220710836093. 

Srinivasan, D. (1998) ‘Evolving artificial neural networks 
for short term load forecasting’, Neurocomputing, 23(1–3), 
pp. 265–276. doi: 10.1016/S0925-2312(98)00074-5. 

Velasco, L. C. P., Palahang, P. N. C. and Dagaang, J. A. A. 
(2015) ‘Next Day Electric Load Forecasting Using 
Artificial Neural Networks’, (December), pp. 8–13. 

Yalcinoz, T. and Eminoglu, U. (2005) ‘Short term and 
medium term power distribution load forecasting by 
neural networks’, Energy Conversion and Management, 46(9–
10), pp. 1393–1405. doi: 
10.1016/j.enconman.2004.07.005. 

Zhao, H., Ma, Z. and Li, N. (2015) ‘Electricity Demand 
Forecasting For High Energy-Intensive Industries of 
Inner Mongolia in China’, 9(7), pp. 151–160. 

163



XXIV Summer School “Francesco Turco” – Industrial Systems Engineering  

Appendix A. Applications of NN load forecasting method 
Reference Application Information 

Mandal et al. (2006) One-to-six-hour ahead EL 
forecasting of Okinawa 
Electric Power Company 

An euclidean norm have been used to caracterize the EL similarity 
of forecast days with previous ones. Recurrent weather conditions 
can strongly conditionate the EL and can be used to better 
extrapolate the trend. 

Hashmi, Arora and 
Priolkar (2015) 

Several-day ahead hourly EE 
consumption of the state of 
Goa. 

Nonlinear autoregressive with exogenous based neural network 
have been used. Past load data (seasonality factor and week trend) 
has been added to improve the trend extrapolation. 

Dilhani and 
Jeenanunta (2016) 

30 minutes ahead EL 
forecasting of the Electricity 
Authority of Thailand. 

NN have been used to forecast Thai EE consumption 30 minutes 
ahead. In training phase, data from Authority and external 
temperature has been used to get reliable results. 

Deihimi and 
Showkati (2012) 

A North America electric 
utility 24-h and 1-h ahead 
load forecasting.  

Echo state network to forecast 24-h and 1-h ahead using the least 
number of input data. To get better results, in addition to past EL, 
temperature data have used in input.  

Srinivasan (1998) Local utility EL. One hidden layer NN evolving by a genetic algorithm has been 
used to forecast 24-hour ahead using load and weather data. 

Azadeh et al. (2006) Long term EL forecasting in 
agricultural sector 

Genetic algorithm and NN have been used to long term electricity 
demand forecasting using economic indicators (price, number of 
costumers and previous period consumption). 

Cárdenas et al. 
(2012) 

Short term EL forecasting of 
an automotive factory 

Adaptive NN Inference System has been used to reduce energy 
consumption. In addition to production data, temperature and 
work shift data have been used as input.  

Maia and Gonçalves 
(2009) 

Hourly EL and peak 
prediction of an utility. 

Recurrent NN are used to predict load peak a day ahead. Available 
dataset collects hourly load and peak temperature of the day. 

Velasco, Palahang 
and Dagaang (2015) 

A day ahead EL forecasting 
of a power utility company. 

NN have been use by electric power supply to forecast total EL a 
day ahead. 

Yalcinoz and 
Eminoglu (2005) 

EL load forecasting of 
Turkish Electricity 
Distribution Corporation.  

NN are user for short term peak load, total load forecasting and 
medium-term monthly load forecasting in power distribution 
systems. Temperature and past condition are used in input. 
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