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Abstract. Machine learning techniques such as Artificial Neural Networks (ANN) are gaining traction due to their ability
in modelling complex systems. This paper brings the development of an ANN in Python to estimate the steam generation
of a real thermoelectric power plant, based on a year-long dataset. A proposed method was used to develop a robust
ANN. Then, an analysis of the performance parameters MAE and RMSE showed that the model is capable of simulate the
steam mass flow rate of the steam generator of the Pecem power plant with precision.

Keywords: Artificial neural networks, Machine Learning, Steam generator, Thermoelectric power plant operation mod-
elling

1. INTRODUCTION

Some of the most effective ways of improving the efficiency of large power plant operations is the use of control
techniques, data analysis and continuous monitoring. This intrinsically creates another problem for the plant operator,
the need to manage large quantities of data. Actual plants can provide a large quantity of operational data due to the
continuous online monitoring systems linked to hundreds of sensors and data acquisition systems. The complexity of
keeping track of all these parameters is no small task and thus these conditions are particularly suitable for the use of
machine learning models. These systems are able to recognize patterns, create correlations and infer interrelationships in
extremely large datasets (Ascione et al., 2017).

One of the more simple, though nonetheless efficient, machine learning systems particularly suitable where a large
domain of variables is explored are artificial neural networks, or ANNs. An ANN is a processing data system which learns
the relationship between inputs and outputs by studying recorded data obtained from the original model. It is a network of
computation units, called neurons, which are connected by weighted links, known as synaptic connections (or synapses),
over which information is transmitted and manipulated (Ascione et al., 2017).

Over the last two decades, various studies have been made to analyse the performance of neural networks in steam
generators. Suresh ez al. (2011) developed a model for a real thermoelectric plant with the aim of optimizing the operating
parameters. Two scenarios were studied: with and without water feedback, presenting a R square of 0.9999 and 0.9728
respectively. This can be used to prove the ANN’s ability to predict the desired output although more recent studies
have shown that it is necessary to analyse more parameters that simply R square to obtain a correct picture of how well
the network is running. StruSnik ez al. (2015) also presented a study with real data of operation of an energy generator.
The ANN aimed to estimate steam generation and the efficiency of the steam generator of a real plant. For this, it was
necessary to develop two neural networks to model the steam generation process. At the end of the study, the authors
concluded that the actual efficiency of the plant was 90.7 % and the efficiency of the model, 90.0 %.

In this context, there is a wide application of artificial neural networks in problems involving steam generators and
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the like. Since these studies are related to thermoelectric power plants, most of them have a control centre that allows
the collection of real data, which are used for the development of studies in this area. Regarding the development of the
present network, literature indicates that the ANN architecture is test-based and there are no rules for ANN creation. In
all the studies, the number of intermediate layers and their neurons were tested by “trial and error* (Ascione et al., 2017).

2. MACHINE LEARNING APPROACH TO MODEL STEAM-GENERATOR

Machine Learning is the science of programming computers so they can learn from data. Machine learning algorithms
build a mathematical model of sample data, known as "training data", in order to make predictions or decisions. Neural
networks are one of the many supervised algorithms in the machine learning family that can be used for classification and
regression. As the objective of the model of this study case is to predict a target number, such as the steam flow generated
by the steam generator, we used a Neural Network algorithm with regression purpose.

2.1 Basic concepts of neural networks computing

Neural networks are information processing systems composed of simple processing elements (nodes) linked by
weighted connections (Jiang ef al., 2010). In its simplest form, the multilayered feed-forward neural network consists
of three layers of processing elements: the input, the hidden and the output layers. Haykin et al. (2009) defined three
basic elements a neuron: synapses, summing and activation function, as schematically presented in Fig. 1. The signal is
processed forward from the input to the output layer. Each node collects the output values, weighted by the connection
weights, from all the nodes of the preceding layer, processes this information through an activation function and then de-
livers the result towards all the nodes of the successive layer. The end of this connection is given by the synapses between
the neurons.
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Figure 1. Artificial neuron
Source: (Haykin et al., 2009)

A signal, z; enters the synapse j, and is connected to a neuron k, which is multiplied by the synaptic weight, wk;,
(where k refers to the neuron in question and j to the input of the synapse to which the weight is linked). Unlike the
weight of a biological synapse, the synaptic weight of an artificial neuron may be in a range of both negative and positive
values. The adder is responsible for summing the input signals, weighted by the synaptic forces of each neuron. The
activation function limits the output amplitude of a neuron (Haykin et al., 2009).

It is also possible to describe mathematically the functioning of a neuron, expressed by Eq. (1) and (2).

J
U = Y wpjz; (D

Y = p(ug +by) 2
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where the input parameters are represented by x; and the synaptic weights of the neurons are represented by wk;. The
multiplication of these parameters results in the output of the linear combiner due to the input signals, u (not shown in
Fig. 5). The second equation includes the neuron output signal, yx, which is a function in the activation function ¢ (bias)
and is defined by by, and uy. It should be noted that bias is the polarizing parameter, which increases or decreases the
input, the effect of applying an affine transformation to the output uy of the linear combiner in the model of Fig. 5, as
shown by Eq. (3)

vk = (ug, + k) 3)
2.2 Multi-layer perceptron

The perceptron network is a network model based on the layering of input and output neurons. By adding intermediate
layers, the model is called multilayer perceptron (MLP). MLP’s architecture contains an input layer, an output layer, and
one or more intermediate layers termed hidden layers (Gevrey et al., 2003). A hidden node in the MLP network is the basic
computational unit that first calculates the weighted sum of all its inputs. The resulting signal is processed by a nonlinear
transfer function such as the logistic or Tansig to compute the node’s output. The nonlinear function’s approximation
ability of an MLP neural network arises from the usage of such nonlinear transfer functions for computing outputs of the
hidden layer nodes. In order for the MLP neural network to capture (learn) the relationship between example data inputs
and outputs, it needs to be trained so that a pre-specified error function is minimized.

This training procedure essentially aims at obtaining an optimal set of network connection weights that minimizes the
error function (Gevrey et al., 2003). The widely utilized error function is known as the root-mean-squared error (RMSE)
and the commonly employed minimization technique is known as the error-back-propagation (EBP) algorithm.

One of the important factors, which results in large errors in the MLP-predicted outputs, is known as model over-
fitting which occurs due to over-training of the network and selection of more than necessary hidden nodes (Ghugare
etal.,2014).

It is also necessary to determine whether the predicted output meets the accuracy requirements. If the error of the
predicted output and actual output does not meet the precision requirement and does not reach the maximum training
time, then it will enter the error back-propagation phase. This occurs when the error is transferred layer by layer in some
form through the hidden layer to the input layer, and is apportioned to each layer neural network (Rumelhart ez al., 1988).
The error signal of each neuron has then the right to amend the value of each neuron. Weight adjustment process is the
network training process of learning. This process continuously loops until the network output error is reduced to the
required accuracy or to a pre-set maximum number of times (Deshpande et al., 2012).

2.3 Activation function

An activation function sets the output behaviour of each neuron in an artificial neural network. This output is then
used as input for the next neuron and so on until a desired solution to the original problem is found.

Activation functions are basic architectures of artificial neural networks (ANN), since they introduce non-linear prop-
erties to the network (Haykin et al., 2009). This allows the ANN to make sense of, and learn from complicated, non-linear
mappings between inputs and response variables. Without these functions, nodal activation could only be a linear process,
which would exponentially increase the processing power and time needed to solve problems.

While there are many variations of these functions, most network frameworks begin by computing the weighted sum
of the inputs. This total net input is most often then transformed in some fashion by applying a squashing function. For
example, a step function is the most basic squashing function. In this case, if the total net input is less than a certain
threshold, say O, then the output of that node is 0. If more than 0, then the output is 1. For multi-layer neural networks
the main activation functions are: Logistic (sigmoid), Hyperbolic tangent, Exponential linear unit (Elu), Rectifier (Relu),
Scaled Exponential Linear Unit (Selu), Rectifier (Softplus) (Chollet, 2017).

3. METHODOLOGY

The present section aims to describe a step by step sequence of methods applied to build the model to simulate the
steam mass flow rate of the steam generator of the Pecem power plant.

3.1 Research object

The Pecem power plant is set to produce 720 MW of electricity and it is equipped with two coal-fired superheated
steam generators (SSG), where each one designed to produce 360 MW with 1200 t/h of superheated steam at 540 °C and
18 MPa and overall plant efficiency of 35 % on average.

In order to chose the the inputs and outputs parameters an interview with the SSG operator expert was made first.
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This preview was very import to guide the data acquisition, because the SSG has more than 58 measured data used by the

system operator in its control.

Figure 2 shows the main parameters chosen to be the inputs and outputs of the ANN model:
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Figure 2. SSG input parameters (blue tags) and output (orange tag)
Source:personal archives.

The Tab. 1 shows the reference values for the parameters acquired for this model.

Table 1. SSG parameters description

Parameter Measured unit | Minimun | Maximum | Mean
Steam pressure kg/s 825.7 1203.2 1169.3
Coal mass flow rate t/h 122.3 132.9 144.6
Primary air flow kg/s 67.5 97.1 75.2
Secondary air flow kg/s 192.9 276.7 240.7
CO emissions - 4.9 632.5 201.9
Oxygen level % 0.18 2.44 1.64
Gas flow rate kg/s 358.5 406.0 385.9

3.2 Methods

The method applied was developed in four blocks due to the problem‘s complexity, as shown in Fig. 3. Block 1 refers
to all the process that involve the data acquisition. Block 2 show all the steps that involve the data pre-training. Block 3
resume all the process that involve the model fine-tuning. Finally, the block 4 refers to the performance analysis of the
RNA. After all those Blocks were finalized and evaluated carefully, the model can be deployed.
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Figure 3. Flowchart of the proposed method
Source:personal archives.

3.3 Data acquisition

Composition of the data sets for training is crucial for successful development of neural models. The inputs parameters
selection were made from one year long data set that represented a variety of correct (non-fault) operating states of the
steam generator. Then, the data was separated into two separate power plant electric output regimes at 240 MW and 360
MW. So, the final collected data were filtered for the range of 350 MW to 360 MW. Pointing out that these data are hourly
averages acquired directly from the control program of the Pecem power plant.

Subsequently, a statistical analysis of the data set were performed. Considering that not all data is normal or normal
enough to treat it as being drawn from a Gaussian distribution. First, it is fundamental to check if each parameter has
a normalized distribution or not. Therefore, an Anderson-Darling test was made (Scholz and Stephens, 1987). This test
define the outlier removal method of the data. If the distribution of values in the sample is Gaussian or Gaussian-like,
we can use the standard deviation of the sample as a cut-off for identifying outliers. Otherwise, a good statistic for
summarizing a non-Gaussian distribution sample of data is the Interquartile Range, or IQR for short.

In order to maintain the data that incorporate the actual behavior of the steam generator, we opted for two outliers
removal options. The first was to withdraw only those values that were well above their respective standard deviations
and then withdraw values from repeated samples.

The final objective is to have a dataset that represents the real steam generator behavior so making it possible to train
an ANN model with the required generalization capabilities.
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3.4 Pre-training

In short, the main task to build a machine learning model is to select a learning algorithm and train it with some data.
The only way to know how well a model will generalize to new cases is to actually try it out on new cases. The most
recommended way to do that is to split the data into two sets: the training set and the test set. The first one is used to train
the model and the other is to test the trained model with new data. The error rate on new cases tells us how well the model
will perform on instances it has never seen before. It is common sense to use 80 % of the data for training and hold out
20 % for testing. Althought, Strusnik and Avsec (2015) point out that a proper selection of data representing a complete
range of operating conditions can lead to the successful training of ANN with a smaller number of data sets even for a
complex system.

3.5 Fine-tuning

Determining the optimal (hyperparameter) settings for each model is crucial for the robustness of the model. Hy-
perparameters determine how exactly an algorithm works and how they have an influence on the final outcome. On
machine-learning the hyperparameters of the algorithms need to be tuned to achieve optimal performances (Duarte and
Wainer, 2017; Schratz et al., 2018). For hyperparameter tuning at first, n hyperparameter settings are randomly chosen
from a user-defined search space. Next, they are evaluated on the chosen tuning strategy, based on these evaluations the
regression model is fitted. This is continued until a termination criterion is reached.

To find an appropriate model size in this work we started as recommended by Chollet (2015) with relatively few layers
and parameters, then began increasing the size of the layers or adding new layers until the validation loss was diminishing.
To do so, we create a baseline model and subsequently create smaller and larger versions, and compare them. Table 2
summarizes the hyperparameters and the three different models selected to find the best model to predict the steam flow.
Taking into account that the real challenge is generalization, not fitting the model (Chollet, 2015).

Table 2. Selected hyperparameters for fine-tuning and the models versions

Neurons | Layers | Activation function
Smaller 2 3 Elu
Baseline 12 4 Relu
Bigger 24 5 Selu

3.6 Performance analysis

To judge the performance of the ANN model some metrics are necessary. The most common performance metrics
used to analyse the overall predictive accuracy of an ANN are, Mean Square Error (MSE), Root Mean Square Error
(RMSE) and Mean Absolute Error (MAE). In sum, the MSE takes two arguments ( y; expected and yj; predicted output)
and allows to compute a total error value over the whole dataset and the RMSE is simple the square root of MSE. This
kind of measure gives an idea of how much error the system typically makes in its predictions, thus with a higher weight
on for large errors. MSE and RMSE function are calculated by Eq. (4 and 5),

1
MSE = =57 (9; - y;)? )

1
RMSE = \’ 205 —y;)? 5)

MAE, in its turn, measures the average magnitude of the errors in a set of predictions, without considering their
direction. It’s the average over the test sample of the absolute differences between prediction and actual observation
where all individual differences have equal weight. MAE it is defined in Eq. (6):

1
n

MAE = = (|95 - y;]) (6)

The final model is finally ready when each of the 4 blocks has achieved the desired results.



25th ABCM International Congress of Mechanical Engineering (COBEM 2019)
October 20-25, 2019, Uberlandia, MG, Brazil

4. RESULTS

Based on the developed method the next procedures were followed in order to obtain the ANN model to predict the
steam flow of the steam generator of Pecem. To obtain the data set, the first step was to obtain the real data from the
Pecem power plant supervisory, for the following period: September 21st of 2017 to September 20st of 2018. The data
set contained 6682 samples. Then, the outliers and values below 350 MW were withdrawn and the data stayed with
4412 samples. The following process in the data acquisition process was to remove data that were repeated. So, the final
data set contained 4174 samples of data representing four seasons of the year and for the 360 MW power electric output
regime. In the sequence data set was split into two sets, one with 80 % of the data to train the ANN model and the rest,
20 %, reserved to be used later as a test set.

With a robust data set the next step was to train the network. To chose the best model for our problem we have created
a base model and versions of this model with different network architectures and activation function. To evaluate which
one was better we used the RMSE and the MAE as indicators. The first hyperparameter tested was the number of neurons.
The baseline was trained with 12 neurons, 4 layers, and with the Relu activation function. The smaller model was trained
with 2 neurons, 4 layers, and with the Relu activation function. The bigger model was trained with 24 neurons, 4 layers,
and with the Relu activation function. The RMSE and MAe results for each model were: 9.9 and 1148544 for the smaller
model; 5.6 and 1513 for the baseline model; and, 3.6 and 580 for the bigger model, respectively.

The next hyperparameter setting to train the models was the number of layers. To set the same number of neurons it
was chosen the best results of the previous test, 24 neurons. Then, all the models was trained with different numbers of
layers and with with 24 neurons in each layer. So, the baseline was trained with 24 neurons, 4 layers, and with the Relu
activation function. The smaller model was trained with 24 neurons, 3 layers, and with the Relu activation function. The
bigger model was trained with 24 neurons, 5 layers, and with the Relu activation function. The RMSE and MAE results
for each model were: 9.6 and 1148544 for the smaller model; 1.4 and 1513 for the baseline model; and, 1.2 and 580 for
the bigger model, respectively.

In sequence and keeping the model configuration with lower error, three new ANN were trained with different acti-
vation functions. The baseline was trained with 24 neurons, 5 layers, and with the Relu activation function. The smaller
model was trained with 24 neurons, 5 layers, and with the Elu activation function. The bigger model was trained with 24
neurons, 5 layers, and with the Selu activation function. The RMSE and MAE results for each model were: 0.9 and 190
for the smaller model; 1.2 and 497 for the baseline model; and, 1.0 and 264 for the bigger model, respectively. The results
show that the smaller model presented the lowest error.

Table 3 resume the results of those indicators for each model and tested parameters.

Table 3. Results for each evaluated fine-tunig parameter and model

Neurons Layers Activation
MAE RMSE MAE RMSE | MAE | RMSE
Smaller | 1304796 9.9 1148544 9.6 190 0.9
Baseline | 169479 5.6 1513 1.4 497 1.2
Bigger 39482 3.6 580 1.2 264 1.0

The results showed, in the Tab. 3, that the Bigger model presented the lowest MAE and RMSE for the number of
neurons in the hidden layer and for the number off layers, but the smaller model was better for the activation functions
tested. So the best architecture for the ANN is with 5 layers, with 6 neurons in the input layer, 24 neurons in each hidden
layers and one neuron in the output layer, Fig. 4 show the ANN final architecture.

From that network architecture the final model was trained with a multilayer feed forward perceptron neural network,
with the Elu activation function, and for one hundred epochs. The results of the training and the test for each epoch of
this model are shown in Fig. 5, 6.

The Tab. 4 resume the results obtained for RMSE and MAE square for the whole trained model.

Table 4. Final model evaluation performance

Data set MAE | RMSE
Train dataset | 223 1.0
Test dataset 292 1.1

Finally, it as able to plot and analyse visually the performance of the ANN model, Fig. 7 presents the real values given
to the model to train (in light green) and the values the model predicted (green).
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Figure 4. ANN architecture used to train the final model
Source:personal archives.
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Figure 5. MAE results of the train and test set of the final ANN model
Source:personal archives.
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Figure 7. ANN evaluation of trained (true) and predicted values of the steam flow
Source:personal archives.

As evidenced by the performance parameters presented above the final ANN model has a robust performance and is
able to replicate efficiently the workings of the steam generator. This result proves its effectiveness in estimating the steam
generation, even though there were a few errors.

5. CONCLUSIONS

The aim of this study was to develop an ANN model capable of estimating the steam mass flow rate based on real
data from a steam generator of a coal-fired power plant. In order to find the best MLP neural network model a different
combinations of hyperparameters and architectures were set to be evaluated.

Each analysis carried out was aimed at developing a highly accurate ANN model. Between the three ANN models
tested the Bigger model presented the best performance parameters. So, the final model was built with those hyperparam-
eters: 24 neurons, 5 layers, and Elu Activation function. As a result the best RMSE and MAE values were obtained, 223
and 1.0, respectively for the train dataset, and 292 and 1.1 for the test dataset.

So, the performance parameters indicated a favourable comparison between the predicted and actual values observed
in the real power plant. Which indicates that the model is capable of generalizing what it learned from the data set to new
operational situations of the coal-fired steam generator in question.
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