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The evolution of the raw materials, more specifically the expandable polypropylene (EPP), has led 

to an improvement of foam molded parts, that have also acquired good mechanical properties, which 

has aroused the interest of the automotive industry into the potential of these parts and their 

manufacturing process. A process that is very different from the conventional plastic injection molding, 

the machines are different and the energy requirements are more complex. 

This dissertation analyzes the entire steam chest molding process of a Portuguese company, using 

experimental data to create a predictive model of energy consumption of the process, based on the 

characteristics of the parts produced. 

Approaches have been developed based on SEC models and empirical models, using artificial neural 

networks to correlate all information. In addition, to make the model applicable in an industrial 

environment, the industrial facility performances of the company object of study were considered, and 

a characterization model of the EPP parts produced is proposed. 
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Introduction 

The weight reduction in cars is an effective 

approach to improve fuel efficiency and reduce CO2 

emissions, there is a linear relationship between car 

weight and CO2 emissions per kilometer on the road 

(Rowe, 2012). Using appropriate technologies, 

vehicle weight reduction can be achieved regardless 

of its size, characteristics or class. With the use of 

technologically advanced materials and a design 

focused on optimization of weight it is possible to 

combine several sections of different materials and 

obtain a final piece that meets the technical 

requirements of a specific component, increasing the 

potential of weight reduction. 

Innovative manufacturing processes are used to 

reduce waste of raw material and energy 

consumption, with an OEM commitment to maintain 

the environmental impact of the produced parts as 

low as possible. 

Based on this philosophy of continuous 

improvement and energy consumption optimization, 

this dissertation work is the result of a partnership 

between the Instituto Superior Técnico and the 

company Plastimar S.A., a plastics foams molding 



2 
 

company of the Synbra group. This work was part of 

Project GALP 21, a university cooperation program, 

which aims to identify systems and rational energy 

behaviors, applicable in industry and buildings. 

In this work, the molding cycle of EPP parts for 

the automotive industry is approached. The 

methodology applied here has the main objective of 

increasing the energy efficiency in the production of 

these parts, being characterized by all its process 

and energy consumption associated with the 

Plastimar production line at the Peniche facility. 

For an efficient characterization and a possible 

optimization of the energy consumption in an 

industrial plant, an overall picture of all the 

consumers involved must be created initially, which 

ones have a greater and smaller impact and what is 

its relevance and role in the system. 

It is intended with this work to give the company 

a greater depth and detail about the process used in 

the transformation of this raw material. 

With the energetic characterization of the 

produced EPP parts it is intended that: 

• The company will be able to assign an energy 

classification to the parts; 

• It will be possible to develop models for 

forecasting energy consumption for new parts; 

• It will be possible to define rational cost 

policies. 

Energy Efficiency in Industry 

There is a direct relationship between the 

efficiency of the parts produced and the efficiency of 

the company that produces them. The generation of 

key performance indicators (KPI) is the most efficient 

way to classify points of interest in the industry, can 

be related to energy consumed or processed raw 

material per unit of time, type of molded part, 

equipment used, or any other point of interest for a 

company. KPI's generation capacity is dependent on 

effective real-time monitoring, enabling the energy 

management responsible to make corrective 

decisions and create energy characterization models 

of their facilities and molded parts produced. 

It is very clear in the existing literature that the 

monitoring of all energy consumptions plays a central 

role in energy management and decision making 

related to the implementation of energy efficiency 

improvements, also allowing the creation of 

performance indicators  in all areas of interest in real 

time (Vikhorev et al., 2012; May et al., 2013) 

Methods 

For the development of this work was relevant the 

methodology applied by Vikhorev, Greenough and 

Brown (2012), in the approach to advanced methods 

of energy management. The case study of Plastimar 

S.A. was applied based on a history of data collected 

by the company, as well as the application of tests 

and evaluation of hypotheses within a real context of 

the industry. 

With the main objective of analyzing the energy 

situation of Plastimar and optimizing the steam chest 

molding cycle used, the following four steps were 

adopted: 

1. Analysis of the state of the art; 

2. Energy analysis; 

3. Quantification of performances 

4. Energetic characterization of EPP parts. 

 

At Plastimar there is a centralized steam network 

that feeds all existing molding machines. There are 

also centralized distribution networks for 

compressed air, cooling water, condensation water 

and vacuum, which, except for the last one, are 

distributed in aerial pipes lines above the production 

line of parts. 

The energy performance of the utilities network 

was calculated individually for each type of 
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secondary energy consumed by the molding process 

from SEC indicators, defining the specific energy 

consumption for each utility generation center. 

Considering the losses associated to the distribution 

networks, it is possible to define performance 

indicators for the energy available at the entrance of 

the molding machines, and effectively consumed by 

the process. 

 

For an approach to the energy characterization of 

the produced parts, it is necessary to take into 

account that due to the thermal properties of the 

material used and the differences between the 

molding machines, obtaining the ideal parameters is 

a great challenge. Dang (2014), states that process 

parameters are often set up in a trial-and-error 

manner and it has been shown that this method is 

costly in time and money. 

Thus, according to Kim et al. (2010), Spiering et 

al. (2015) and Matarrese et al. (2017), the direct 

characterization of the energy consumptions through 

the properties of the material, part geometry and 

molding conditions is an option that approximates 

these models to a possible practical implementations 

in the industry. 

That said, two different methodologies were 

applied for the characterization of EPP parts. 

 

1st Approach - SEC Model 

In a first approach, a characterization was carried 

out at the factory level based on all existing 

monitoring, both of energy consumption and of the 

production of parts and material. Since the 

monitoring data available by the company are only 

related to total power consumption of the utility 

networks, this approach only allows a 

characterization at the level of the factory, 

encompassing the production of all existing 

machines and the performance of the industrial 

facility. 

An SEC model was applied from an analysis of 

variance between the consumption of each type of 

secondary energy and the overall production rates of 

all the molding machines, such as: 

• Mass of processed raw material per day; 

• Throughput; 

• Number of molded parts per day; 

• Number of cycles per day. 

 

This "top-down" approach enables a more 

general characterization of energy consumption that 

can be further developed at the machine level and up 

to the process level, by monitoring data that can be 

added to the SEC method. In this way, this approach 

can be applied simply and quick manner, since a 

thorough knowledge of the whole steam chest 

molding process is not necessary. 

 

SEC models and KPI generation 

Specific energy consumption models (SEC) are 

widely used to compare equipment, or process 

parameters with the energy consumption associated 

with them. 

In this way it is possible to classify each 

production scenario energetically by associating a 

production process variable with its impact on energy 

consumption. The most advantageous KPI for each 

case is generated from the chosen variable 

parameter, which can be the cycle time, number of 

pieces produced, volume of material processed per 

hour (throughput), or any other parameters that best 

defines the process. 

 𝐾𝑃𝐼 =
𝐸𝑡𝑜𝑡𝑎𝑙

�̇�
 (1) 

In equation 1 an example of calculation of the 

process KPI is presented, based on the relation 

between the total energy consumed by the process 

(𝐸𝑡𝑜𝑡𝑎𝑙) and its throughput (�̇�). 

 



4 
 

2nd Approach - Artificial Neural Networks 

 In this approach, the characterization was 

performed at the process level, from the acquisition 

of experimental data in a molding machine prepared 

for the recording of energy consumption in real time. 

In this way, it was possible to develop an empirical 

model that characterizes the process based on 

material properties, part geometry and molding 

conditions. An artificial neural network (ANN) system 

was applied to predict energy consumption of the 

process for each type of part, considering 11 input 

variables for 4 outputs to be estimated, presented in 

the following table. 

 

Table 1 - Data provided to the ANN network 

 Inputs Outputs 

Mold 

Number of Cavities Steam 

Number of Injectors Compressed air 

Number of References Electricity 

Total Molded Volume Cycle time 

Total Contact Area 

Part 

Volume 

Total Surface Area 

Maximum Thickness 

Weight 

Material 
Material 

Density 

 

In this case the outputs are the values monitored 

by the molding machine, ie the energy consumptions 

and the cycle time. The inputs were selected based 

on the existing literature and information obtained 

from the initial parameterization method of the 

machines, which is carried out by Plastimar's 

production line manager. 

In addition, an SEC model was applied to the 

production of secondary energy from the utilities 

network, using the KPIs of the utility generation 

plants to correct the values predicted by the ANN 

model and to approximate the results obtained from 

a real situation in an industrial environment. 

The ANN network used was a feedforward type 

with backpropagation of the output error, calculated 

using the artificial neural network toolbox of the 

Matlab computational platform. The “fitting” function 

used corresponds to a training process of the neural 

network between a certain number of inputs and the 

objective outputs to which they are associated. Once 

the network has completed its training and 

determined all the relationships between the input 

and output data, a generalization of these 

relationships is formed that can be used to generate 

output predictions for which the network had not 

been trained for, such as shown schematically in 

Figure 1.  

 

This "bottom-up" approach requires greater 

knowledge of the steam chest molding process and 

Figure 1 - Energy characterization method of molded parts 
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helps to create energy forecasting models at the 

lowest possible specific level, at the process level. 

Once the energy at this base level has been 

characterized, it can be applied to different machines 

until the energy consumption at the factory level. 

 

Artificial Neural Networks 

The ANN as its name indicates, is inspired by the 

mode of communication between the neurons of the 

human body and the evolution of our brain. An ANN 

is developed to solve a given problem in the same 

way a human would, initially there is a learning phase 

called "training phase", here the ANN network learns 

through examples provided by a database and 

begins to create relationships between the objects to 

model and their variables. These identified 

information and relationships will be stored in 

connections between neurons, and given a specific 

weight that will determine the interneuron binding 

force (Alves, 2016). 

Artificial neural networks are particularly useful for 

modeling complex systems, since they can deal with 

highly non-linear problems, from the imposition of 

data that are studied by the network. This network is 

free to select or reject values as desired, in order to 

create the strongest interneuron links and thus 

achieve the desired goal (Cardeal, 2016). 

The network consists of three main groups of 

neuron layers, represented in Figure 2. The first 

(input layer) is composed of the known inputs, 

followed by the hidden layers through which all the 

information passes and where the interneuron 

connections are created. Finally, we have the output 

layer where the results of the network are presented, 

with an error relative to the known expected value. 

For the ANN model to reach its intended goal, the 

network is developed in three stages, the first is 

learning, followed by validation and network testing. 

 

 

 

 

In a supervised learning phase, the ANN network 

is trained from the input signals and the error 

obtained at the output layer. The training will be 

complete when the network reaches a certain 

precision in the estimation of the outputs, for a given 

sequence of inputs. If an output error is identified, the 

network will try to correct it or at least reduce it as 

best as possible, thus there is a flow of errors that 

are constantly being calculated and corrected from 

continuous changes in the weights assigned to until 

a stabilization of the error is achieved. This is only 

possible due to the backpropagation algorithm, 

which calculates the error between the network result 

and the experimental data (Haykin, 2005). 

  

Figura 1 - Rede ANN de camada simples 
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Results and Discussion 

By understanding the entire steam chest molding 

process, it is possible to identify all the energy 

sources involved (figure 3). 

Once the main points of interest and utility 

generation centers for the process were identified, it 

became necessary to determine the energy 

performances of the steam generation plant, 

compressed air, vacuum and refrigeration and 

pumping system 

 

 

 

 

 

 

 

 

 

In summary, the KPI's obtained for utility networks 

were as follows for steam, compressed air and the 

vacuum and refrigeration assembly, respectively: 

 

𝐾𝑃𝐼𝑝𝑟𝑜𝑐𝑒𝑠𝑠 𝑠𝑡𝑒𝑎𝑚 = 0,9234 𝑘𝑊ℎ
𝑘𝑔 𝑜𝑓 𝑝𝑟𝑜𝑐𝑒𝑠𝑠 𝑠𝑡𝑒𝑎𝑚⁄  

 

𝐾𝑃𝐼𝑝𝑟𝑜𝑐𝑒𝑠𝑠 𝑎𝑖𝑟 = 0,1383 𝑘𝑊ℎ
𝑚3 𝑜𝑓 𝑝𝑟𝑜𝑐𝑒𝑠𝑠 𝑎𝑖𝑟⁄  

 

𝐾𝑃𝐼𝑣𝑎𝑐_𝑟𝑒𝑓_𝑝𝑟𝑜𝑐𝑒𝑠𝑠 = 0,00296 𝑘𝑊
𝑠𝑒𝑐𝑜𝑛𝑑 𝑝𝑒𝑟 𝑐𝑖𝑐𝑙𝑒 ⁄  

 

Results - SEC Model 

Regarding the production of parts in EPP, the 

entire production of molded parts is monitored, from 

cycle times, to the amount of raw material processed, 

number of parts produced, and even the quality of 

the parts produced in each molding machine. But on 

the other hand, the only energy monitoring related to 

EPP production is daily vapor consumption, which in 

addition to having an associated measurement error 

only concerns the total consumption of all EPP 

molding machines. 

Therefore, any characterization of the production 

of molded parts will have to be carried out at an 

overall level of the plant, encompassing all EPP 

machines. 

That said, in the first phase, a correlation test was 

carried out between daily steam consumption and 

the following monitored EPP production parameters, 

for a total of 23 different pieces produced in 

September 2016: 

• Number of cycles; 

• Number of pieces produced; 

• kg of raw material processed; 

 

Table 1 - Correlation matrix 

 

According to the results of table 2, no correlation 

appears to be strong enough to model the vapor 

consumption. It is possible to conclude that the 

number of pieces produced does not correlate with 

the steam consumed by the molding process, given 

a correlation of only 0.2. 

 Cycles 
P. 

Prod. 
M. 

Proc. 
Steam 

Cycles 1    

P.Prod. 0,4304 1   

M.Proc. 0,8492 0,1889 1  

Steam 
(kg/d 

0,4437 0,2054 0,5367 1 

Figure 3 - Distribution of energy sources at 
Plastimar's facility 
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 Regarding the number of cycles and raw 

material, it is possible to perform a graphical analysis 

and analysis of variance (ANOVA), obtaining the 

following regressions and forecast errors: 

Table 3 - Results of the steam forecast model consumed 

Results ANOVA Error 
Stand. 
Dev. 

Nº Cycles 32,80 % 4494 

Material Processed 
[kg/d] 

32,98 % 4231 

 

From the linear regressions obtained in figure 5, 

it is possible to conclude that there is no acceptable 

correlation for the parameters considered. As a 

result, the forecast models do not follow the evolution 

of daily monitored vapor consumption, with an 

associated mean error of more than 30% for both 

cases, as shown in table 3. thus verifying the thesis 

defended by Kent (2009), which states that this is a 

wrong approach, but much used by industry. 

Therefore, it is possible to conclude that none of 

the three parameters considered is suitable for the 

energetic characterization of the production of 

moldings in EPP, therefore no SEC is generated with 

this model. 

The steam chest molding process depends on 

more variables, and it is very difficult to create a valid 

prediction model with good precision from just an 

energy driver as the throughput, widely used in the 

plastics injection industry. 

Results - Artificial Neural Networks 

Given the complexity of the steam chest molding 

process and the lack of monitoring of energy 

consumption, a more detailed and focused approach 

to the molding process was required. In this way, a 

molding machine with unique characteristics was 

used in Plastimar, which allows the acquisition of 

data of the whole production in real time. 

The machine used is from the manufacturer Kurtz 

Ersa, model 810P, and has the EQM (Energy 

Quantity Monitor) system that makes it possible to 

monitor the following values: 

• Cycle time; 

• Energy consumption per cycle: 

o Steam [kg / cycle]; 

o Compressed air [m3 / cycle]; 

o Machine operating electricity [kWh / cycle]. 

 

The database used refers to all the production of 

EPP in this machine, during the year 2017, which 

corresponds to values referring to 22 different parts. 

About 300 samples were selected for each type of 

molded part, making a total of about 7000 samples 

for the ANN inputs and outputs, previously listed in 

table 1. 

The 7000 samples were divided between the 

three phases of the ANN network development, a 

dedicated set for network training, another for 

validation and a third for the test. 

In the development of the ANN network, there are 

three parameters that need to be tested to obtain the 

ANN network that will best model the proposed 

problem, of which: 

1. Fraction of samples for training, validation 

and testing; 

2. Number of neurons in the hidden layer; 

3. Training algorithm. 

 

R² = 0,1969

R² = 0,2881
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Figura 2 - Gráfico de regresssões 
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The main objective of the training algorithm is to 

minimize the ANN performance function by applying 

an iterative process that attempts to minimize the 

mean square error or MSE given by the following 

equation. 

 𝑉(𝑥) =
1

𝑁
∑ 𝑒𝑞

2(𝑥)
𝑁

𝑞=1
 (2) 

where, 𝑁 is the size of the training samples and 

“𝑒” is the error associated with the input 𝑞 of the 

network. 

 

ANN Network Modeling 

To determine the lowest possible MSE, the test 

method used to model the three parameters of an 

ANN network was similar to the one indicated by 

Cardeal (2016) in his work, where he also used the 

algorithms available by the Matlab toolbox to model 

energy consumption. 

Once you have resorted to the Matlab toolbox, 

three training algorithms are available, designated 

by: 

• Levenberg-Marquardt; 

• Bayesian Regularization; 

• Scaled Conjugate Gradient. 

 

For each one of these algorithms, three sample 

split combinations between training / validation / test 

were tested, as follows, respectively: 

• 60/25/15 

• 75/15/15 

• 80/10/10 

Each of the combinations between algorithm and 

data used was tested for four different numbers of 

neurons in the hidden layer, of which: 

• 10, 20, 30 and 40 

 

 

From the combination of these three indicated 

parameters resulted 36 experiments, repeated 10 

times for each number of neurons. In this way it was 

possible to determine the mean MSE for each 

combination and the standard deviation of the 

results. 

The results obtained from the ANN networks, 

presented below, were obtained in three different 

ways, adapting the operation of the neural networks 

to the number of samples referring to the 22 EPP 

parts studied. 

In a first phase, the 7000 samples (referring to 22 

pieces) were introduced in the ANN networks, being 

the autonomous network in the selection of data to 

be used. In a second phase, the network used as test 

data the values related to three different pieces 

previously set aside, for which the network was not 

trained, thus guaranteeing the real performance of 

the network in the forecast of new parts. 

In a third and final phase ANNs used only the 

average values of the parameters for the 22 EPP 

parts, thus removing all the noise that the data 

impose on the model and obtaining the best 

performance of the ANN network for the estimation 

of energy consumptions for a given set of inputs. 

 

ANN network results with 22 trained parts 

The previously mentioned network modeling 

method was applied, but it was quickly concluded 

that the values obtained in each combination of 

algorithms were very similar. 

There was no significant improvement regardless 

of the number of neurons used in the hidden layer or 

the training algorithm chosen. 

The results obtained in Figure 5, present an MSE 

of 0.225 and a regression line very close to 1, 

showing an optimal correlation between the objective 

output parameters and the results estimated by the 

ANN network. The data used were trained by the 
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Levenberg-Marquatdt training algorithm with 20 

neurons in the hidden layer, using a data division 

(75/15/15) for training, validation and testing, 

respectively 

 

 

 

 

 

 

 

 

Modeling the problem is very good for known 

parts, but as a model for predicting energy 

consumption, a good estimate is not guaranteed for 

new parts that have not been trained by the ANN 

network. Having said that, it is necessary to check 

the model for a case where the network has not been 

trained, and the parameters of unknown parts are 

tested. 

 

ANN Network Test Result for Unknown Parts 

In this approach, the modeling method was 

applied again, but this time only to samples referring 

to 19 pieces, and 3 pieces being part of the ANN test. 

In this way it is guaranteed that the network is tested 

to predict the energy consumption of 3 new parts. 

This ANN network was additionally tested for a 

set of 900 samples, corresponding to 3 pieces for 

which the network was not trained. The results 

obtained effectively demonstrated the inability of the 

model to forecast consumption for new parts. As a 

result, the MSE increased to 324.4 and the R 

decreased to 0.153, the correlation between the 

target outputs and the ANN results was much weaker 

than previously obtained ( see table 4). 

Table 4 - Comparison of results for ANN networks with 
7000 samples 

ANN MSE R test 

Model 22 Pieces 0,225 0,99997 

Model 19 Pieces + 3 Tested 324,4 0,153 

 

With only a R = 0.153, it was verified that the real 

precision of this model is far from ideal, as a very high 

estimation error, and is therefore not indicated to 

fulfill the objective of this energetic characterization 

of the EPP parts. 

 

Neuronal Network for estimation of average energy 

consumption 

In this final approach, the average values of the 

energy consumptions monitored for each of the 22 

EPP parts were used. In this way, the number of 

samples was reduced from 7000 to 22, one referring 

to each piece. 

The network modeling methodology described 

above was applied, comparing the various 

combinations of network parameters, in terms of 

training algorithm, number of neurons and division of 

the samples used. 

Based on the mean MSE and the standard 

deviation of the experiments, the configuration that 

presented the best results was the "Bayesian 

Regularization" algorithm with 30 neurons in the 

hidden layer and a sample division of 80% for 

training, 10% for validation and 10% for ANN network 

testing. 

It presents a good performance as a predictor 

model, as shown in the graph to the right of figure 6, 

corresponding to the performance of the test with an 

R = 0.98902. 

Figure 5 - Correlation between the objective outputs and 
the estimated ANN value during the test phase. 
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This latter neural network can predict the cycle 

time, steam, compressed air and electrical energy 

consumed during a production cycle of EPP parts 

molded. With the application of the algorithm defined 

here, it is possible to obtain reference values for 

these four output parameters, from the average 

consumption of each of the 22 pieces considered in 

this study and validated on the Kurtz 810P machine. 

 

Conclusions 

The combination of the predictive model of this 

last neural network with the SEC methodology 

applied to the utility network (described previously), 

allows an energetic characterization of EPP parts at 

the process and factory level, since the energy 

requirements for the cycle are estimated on molding 

and is considered the performance of the company's 

facilities for a correction of the values for a practical 

reality of the industry. Thus, there is an opportunity 

to implement the model presented here, as 

suggested byDang (2014). And the company object 

of this study will be able to: 

• develop rational cost policies; 

• estimate the cost of production of a new piece 

proposed by a customer; 

• replicate this model for the remaining molding 

machines. 

It was possible to verify that the neural networks 

are a very powerful tool in solving non-linear 

problems since it was able to model the steam chest 

molding process with relative ease and precision. 

It is further confirmed that a characterization 

based on the characteristics of the parts, materials, 

and molds, produce a precise prediction model, as 

supported by Kim et al. (2010), Spiering et al. (2015) 

and Matarrese et al. (2017). 
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