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Abstract

Many real world processes are highly complex and not easily described by fundamental

physical laws. This, along with the rising availability of data describing these processes,

results in the modeling of these systems being increasingly performed using data-driven

machine learning techniques. Additionally, the rise of computational processing power

enables the use of larger datasets and more complex model architectures, leading to more

powerful models in shorter training durations.

In the process industry, these system models can be used in many different ways in order

to raise efficiency, reduce undesirable process dynamics, increase process outputs, and

decrease pollution. Possible applications include advanced control techniques such as

model-based or adaptive control, predictive maintenance, process optimization, and fault

detection.

In this thesis, artificial neural networks are built to model industrial biomass combustion

boilers using historical process data from two power plants. Specifically, two modeling

approaches are tested, utilizing a static feedforward neural network on the one hand and

a dynamic recurrent neural network on the other. Subsequently, the respective model

performances are evaluated and compared to each other. After the evaluation of several

model iterations the optimal model configuration is determined. Finally, different ways to

further increase the modeling accuracy are discussed and implementation strategies into a

conventional control setup are reviewed.
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1 Introduction

In recent years, artificial intelligence in general and its subfield of machine learning in

particular have experienced a substantial rise in popularity, caused by ever increasing

advancements in computing power, machine learning techniques and algorithms, and

software architecture [45]. This boom has also reached the process and control industry,

where the integration of machine learning applications promises a higher level of efficiency

and productivity. In this field, machine learning techniques can be used in many different

ways, such as condition or predictive monitoring, quality prediction, fault detection, and

process control and optimization [45, 48].

Typically, these applications require a system model of the respective industrial process.

Conventionally, these models are devised as first principle, empirical, or mechanistic models,

which require a deep knowledge of the process or a close analysis and identification of its

dynamics. Unfortunately, these processes are often highly complex, due to their nonlinear

dynamics and dependency on many, possibly unknown, state variables, which makes it

difficult to explicitly formulate an accurate model. Even when a model is found, they are

frequently too complex to be used online and have a high development cost [48].

Using machine learning, however, an explicit formulation of the model is not required, as

the model implicitly learns the system dynamics from historical system data. This allows

processes which are too complex or have insufficient information about the underlying

phenomenon to be modeled nonetheless, given enough historical data is available. The

rising trend of digitalization in the process industry, leading to a growing amount of data,

and the increase of processing power further drive the growing use of machine learning

applications in the industry [39].

In the field of machine learning, artificial neural networks have become the state-of-the-art

algorithmic architecture in the past years. The earliest representations, so-called percep-

trons, were introduced in 1958, but their development stagnated due to the low processing

power of that time and inefficient training algorithms. Their rise in popularity started

when, in 1986, the significantly improved backpropagation algorithm was developed, and

accelerated when, in the early 2000s, computational hardware became sufficiently powerful

[44]. Since then, artificial neural networks of various forms have been applied successfully

to many different problems, ranging from image, speech, and natural language recognition

to sequence prediction and forecasting [35].

In this thesis, the use of machine learning for the modeling of industrial biomass combustion

plants is investigated. The aim of this thesis is to find well performing and accurate plant

models, selected from different neural network architectures, which can be used for model-

based process control in the future.

To this end, artificial neural network models are constructed and, using historical process

data from two industrial waste wood boilers, trained to simulate the plant behavior. Specif-
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ically, two different modeling approaches and corresponding neural network architectures

are compared and evaluated. On the one hand, a static model is built using a feedforward

neural network to predict the plant outputs. On the other hand, a dynamic model is

constructed which incorporates past plant states using a recurrent neural network for the

prediction. Subsequently, these models are contrasted and their performance and accuracy

analyzed. Furthermore, the optimal model configuration is examined, featuring a low

computational expense and a high accuracy. Moreover, the ability of recurrent neural

networks to act as multi-step-ahead predictors is investigated. Finally, possible ways of

integrating these models into the existing control setup and the corresponding challenges

are reviewed.

This work was created in cooperation with CONENGA Group, who kindly provided the

process data and computational hardware used for model training. Additionally, the team

of CONENGA Group, first among them Dipl.-Ing. Sebastian Sturm who acted as my external

supervisor, supported me with their extensive know-how about process engineering and

process control.

This thesis is organized into four main chapters. In chapter 2, I introduce the theoretical

background that the following work is based on. Here, the focus lies on the aspect of

machine learning and neural networks (2.1), but fundamentals of the combustion process

and plant control (2.2) and advanced model-based control schemes (2.3) are covered as

well. Chapter 3 gives an overview of the software resources that were used during the work

and reviews the methods that were employed to train the plant models. In chapter 4, I

present and discuss the results, comparing the static neural network models to the dynamic

models of both plants. Additionally, the use of the dynamic models for multi-step-ahead

forecasts is discussed. Finally, chapter 5 concludes the work and presents an outlook for

future work.
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2 Theoretical Background

In this chapter, I give a short overview of the theory the subsequent work is based on. First,

in section 2.1, I describe the fundamentals of machine learning and neural networks. Here,

especially the different gradient descent variants and the backpropagation algorithm are

examined in detail. In section 2.2, I discuss the process control fundamentals, and outline

the combustion process in biomass furnaces and the corresponding control strategy. Finally,

section 2.3 gives a short overview of model-based control and possible types of system

modeling.

2.1 Machine Learning and Neural Networks

2.1.1 Machine Learning Basics

Machine learning is a subfield of artificial intelligence with the aim of extracting valuable

information from data. This information can subsequently be used to design a model

that makes predictions according to the underlying principles of the dataset. To this end,

an algorithm needs to learn from the provided data, which means that the algorithm

automatically finds patterns or structure in the dataset and tweaks the model to more

closely follow this structure [38]. In other words: A model is understood to learn from data

if its performance on a desired task improves after the data has been taken into account

[3].

The machine learning model fundamentally is a data-driven or black box model, which

means that the entire information is solely extracted from the dataset. No prior or external

knowledge is needed or provided. This means that phenomena can be modeled without

understanding the underlying physical or mathematical principles [38]. This is the defining

difference to the extreme opposite of data-driven models: The so-called first principle

models are process models that are constructed from the fundamental laws of physics,

which of course requires total understanding of the process and its parameters [41].

Two factors drive the increasing use of machine learning models: First, many real world

processes are highly complex and not easily described by fundamental physical laws.

Second, large datasets are increasingly easy to obtain and, with advances in computational

power, to process. Higher computational power also facilitates the use of increasingly

complex and powerful models, such as deep neural networks, which, in the past, was a

highly limiting factor.

Machine Learning Algorithm

The individual data points of a dataset are called examples and are denoted by a vector

xi. Each example consists of one or more features, which describe separate measurements

of the data point and are represented as the vector elements xj . The full dataset of all

examples can thus be expressed in the so-called design matrix X ∈ Rm×n, where m is the

number of examples and n is the number of features per example [44].
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The full dataset is commonly split into a training set, whose data points are used for model

training (i.e. parameter optimization), and a test set, which is used for the performance

estimation of the model. In particular, the test set is used to evaluate how the model

performs on unseen data, meaning data that has not been used for training. The exact

percentage of the split can vary and depends on the type of model and on the size of the

original data set. Commonly, the training set amounts to 80% to 90% of the data points,

but can be set as low as 50% [44].

The different types of machine learning algorithms can mostly be divided into supervised

and unsupervised learning algorithms. Supervised learning is probably the most common

type of learning and implies that each data point is labeled. When training a model to

classify images of pets, for instance, each picture needs to be labeled beforehand ("cat",

"dog", etc.). These labels are also called targets and are combined into the vector y, where

each entry yi is the label of the i-th example or data point.

Unsupervised learning uses unlabeled data, and instead is used to find structure in the

dataset. Such a model could, for example, be used for clustering, where the data points are

divided into groups of closest similarities. Alternatively, unsupervised learning can be used

to find the probability distribution that generated the dataset in question [29].

Besides these two big categories of machine learning algorithms, other variants exist. Semi-

supervised learning, for example, is a mixture of the two types described above, where only

a part of the dataset is labeled. In reinforcement learning, the algorithm interacts with the

environment and learns to make certain decisions in order to maximize a reward. Due to

the feedback loop between the learning system and its actions, the algorithm is primarily

used for sequential decision-making tasks where it is required to reach long term goals [44].

The most famous example of reinforcement learning was performed by Google researchers,

where a reinforcement algorithm learned the complex game Go by only playing against

itself, ultimately resulting in a win against the European Go champion [33].

As seen from the examples for different machine learning algorithms provided above, a

machine learning model can be optimized for one of many different tasks. Regression, for

instance, is a supervised learning problem where the model has to predict a numerical

value given some input. Essentially, the model is a function f : Rn → R, and the learning

algorithm has to adapt the function parameters to have the outputs match the labels yi

for the respective input xi. An example for a regression model could be a model that

calculates the price of a house based on the number of rooms, its location, and its age.

Depending on its architecture, the model can perform linear, polynomial or a different

nonlinear regression, and can predict one or multiple outputs.

The second big task is classification, where the model sorts labeled inputs into one of k

categories. For this task the mapping looks like f : Rn → {1, ..., k}. Alternatively, the

classification model outputs a probability distribution over several classes, instead of one

discrete class. Examples for classification include object recognition or image identification.
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In spite of the name, logistic regression is a type of classification where a binary output is

generated based on the logistic function [44].

Clustering is an unsupervised learning task, where examples are grouped according to

shared similarities. The k-means algorithm is a frequent choice for clustering problems,

where input data samples are sorted into k different clusters [44].

Other machine learning tasks include transcription, where an image of text is transcribed

into digital text or human speech is transcribed, anomaly detection, where atypical events

in an object stream are detected or flagged, and synthesis and sampling, where the model

is used to generate new data that is similar to the input data [29].

Performance Measure

In order to make a statement about the capability of the model, a metric that quantitatively

measures the model performance is needed. Depending on the task, this metric is calculated

in different ways. For classification tasks, oftentimes the accuracy of the model is evaluated

which, in this case, is the portion of the examples which are classified correctly. Alternatively,

the error rate of the model can be used as a performance measure for classification. For other

tasks it is harder to chose a fitting performance metric. When evaluating a transcription

model, for example, that performs a speech-to-text task, quantifying its correctness or,

alternatively, the numeric cost of one mistake in a sentence is difficult [29].

For regression models the standard way of evaluating performance is by comparing the

predicted output ŷi to the true label yi of a data point xi. This comparison function is also

called the loss function L(yi, ŷi) and can be evaluated in different ways. Mostly, the loss

function is set to be the mean squared error (MSE), but the mean absolute error (MAE) or

the mean absolute percentage error (MAPE) are also often used:

MSE =
1

N

N�
i=1

(yi − ŷi)
2 , (1)

MAE =
1

N

N�
i=1

|yi − ŷi| , (2)

MAPE =
100

N

N�
i=1

���yi − ŷi
yi

��� . (3)

Here, N is the number of data points, ŷi is the predicted label and yi is the true label [38].

When designing a machine learning model, it has to be considered that the different metrics

yield a different loss for the same data, which affects the way the model learns from the

data. Compared to the MAE, for instance, the MSE results in higher loss for larger mistakes

while small mistakes have less influence. Ideally, the chosen loss function fits the required

machine learning task and the desired model capability well.

Optimization Techniques

With the machine learning task defined and the performance metric selected, the next step
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is to let the model learn from the provided data. The fundamental goal of the machine

learning process can be summarized as follows: The model characteristics are adjusted in

such a way that model performance is maximized for the input data, which most of the

time means minimizing a loss. This optimization task can be expressed as

min
θ

L(y, f(X;θ)) , (4)

with f(· ;θ) representing the model and its parameters θ, X being the input data with

corresponding labels y, and L(· , ·) being the loss function. Essentially, during model

training the machine learning algorithm finds the optimal model parameters θ∗ for the

selected performance metric:

θ∗ = argmin
θ

L(y, f(X;θ)) . (5)

After training, when the optimal parameters have been found, the model can be used in

the real world with exactly this configuration [35].

Taking linear regression as an example, the model would look like the following:

f(x;θ) = f(x;w, b) = w⊤x+ b = ŷ , (6)

where w is a vector of model weights and b is the model bias. Choosing the MSE as the

loss function, the model performance can be written as

L =
1

N

N�
i=1

(yi − ŷi)
2 =

1

N

N�
i=1

�
yi − (w⊤xi + b)

	2
. (7)

In order to minimize the loss with respect to the parameters, the gradient is set to zero and

then needs to be solved for the parameters w and b:

∇θ L =

�
∂L
∂w
∂L
∂b

� = 0 . (8)

This equation, however, is hardly ever analytically solvable, due to a highly nonlinear

dependence on the weights and bias [8]. Instead, an iterative numerical algorithm is

required to compute the values of w∗ and b∗.
This algorithm is called gradient descent and works the following way: First, the gradient

of the loss function with the current, not yet optimized parameters is calculated. Now, the

fact that the gradient points to the steepest ascent of the function is used. The parameters
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are corrected proportionally to the negative gradient:

w ← w − η
∂L
∂w

,

b ← b− η
∂L
∂b

.

(9)

This way, the parameters take a step towards the minimum of the loss function. The size of

the step can be adjusted by the learning rate η. With the value of the parameters updated,

the next iteration step is performed, by calculating the new gradient [38, 44]. When the

gradient is zero, the local minimum has been reached and the optimization is completed.

Figure 1 depicts a gradient descent on a surface parametrized by x and y. Since the gradient

descent only finds a local minimum, the final position depends on the initial configuration.

Figure 1: Gradient descent on a surface for the parameters x and y. For every iteration a
step is taken toward the steepest descent until a local minimum of the function f(x, y) is
reached. Figure adapted from [44].

For a generic model with parameters θ the gradient descent algorithm can be expressed as

θt+1 = θt − η∇θ L(θt) , (10)

for the t-th iteration step. Importantly, the gradient descent is very sensitive to the value

of the learning rate η. If η is too small the algorithm has to make many iterations, which

increases the computation time and training duration, and if η is too large the local

minimum could be overshot and the algorithm becomes unstable. Additionally, due to the

fact that the loss is calculated as a sum over the whole dataset (see Eq. (1)), computing

the gradient for datasets with many data points becomes computationally very expensive.

These two problems can be improved by two modifications of the conventional gradient

descent algorithm. First, adding a so-called momentum to the equation helps stabilizing

the descent in high curvature regions while increasing the descent in shallower regions.
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The momentum is implemented in Eq. (10) as follows:

vt = γvt−1 + η∇θ L(θt) ,
θt+1 = θt − vt .

(11)

Here, γvt−1 is the momentum or inertia term that incorporates a moving average of previous

gradients (vt−1) and scales them according to the momentum parameter 0 ≤ γ ≤ 1 [35].

Second, in order to reduce the computation time for the gradient descent, the stochastic

gradient descent (SGD) algorithm is used. Instead of computing the gradient for all N data

points in the dataset, it is calculated for a subset of the data called a minibatch. Essentially,

this means replacing the actual gradient over all N examples with an approximated gradient

calculated from the minibatch. A minibatch Bk usually contains only ten to a few hundred

examples, which are uniformly drawn from the training set. If the minibatch size is set

to M , the entire dataset can be resampled into n = N
M batches. Now, for each stochastic

gradient descent step the algorithm only calculates the gradient of a minibatch (Bk), adjusts

the parameters and then takes the next minibatch (Bk+1) for the next step:

θt+1 = θt − η∇θ LBk(θt) , (12)

for k → k+1. When all n minibatches have been cycled through, the training algorithm has

processed one epoch. If the minimum has been found, the training stops, otherwise the next

training epoch starts. SGD has the major advantage of being faster and computationally

cheaper due to the smaller batch size [35]. Additionally, the stochastic gradient descent

can be used in combination with a momentum term, which has made the algorithm one

of the most widely used algorithms for machine learning. SGD is particularly common in

deep learning where, because of the use of multilayered neural networks, a fast learning

algorithm is a necessity [29].

In recent years, adaptive learning rate algorithms have been developed which demonstrated

a successful increase in learning performance. These algorithms automatically adapt the

learning rate during training and thus reduce the impact of the initial choice of the learning

rate. Out of these, the most successful optimization methods, especially for deep learning,

are RMSProp [21] and Adam [32], standing for "adaptive moments", which can be seen

as a variant of RMSProp with added momentum [29]. Since all learning algorithms have

advantages and weaknesses in certain tasks, no single method can be declared the best in

all circumstances. However, in a comparison of many optimization algorithms by Schaul

et al. [23] algorithms with adaptive learning such as RMSProp were robustly shown to

perform very well.

Overfitting versus Underfitting

The goal of a machine learning model, once trained, is to perform well on new, unseen

data. The generalization of a model describes its ability to provide good predictions for
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previously unseen data points. When predictions for unseen data points are accurate, the

model generalizes well. The error of the model for new input is called generalization or

test error, and can be estimated with the test set which is separated from the training set

before training. Generally, a low error during training also results in a low test error, due

to the statistical learning theory assumptions of the two sets being independent from each

other and identically distributed [29]. However, usually the test error is slightly higher

than the training error, because of one of the two following reasons: Either the model

is underfitting, which means that a model with low capacity, having too few features or

parameters, is applied to a highly nonlinear problem. Underfitting occurs for instance,

when a linear regression model is used to predict higher order polynomials. In this case,

the model has too few parameters to make good predictions, which also results in a high

training error. Or the model could be overfitting, where the training error is low, but the

model generalizes poorly. This happens when the learning algorithm fits the training data

perfectly, including the noise, which can occur when the model capacity is too high for the

problem. In this case the model overestimates the importance of the noise of the data.

Figure 2 depicts the effects of underfitting (left) and overfitting (right) compared to an

ideal fit (center). As can be seen by the ideal fit, the data seems to be distributed according

to a quadratic function and some additional noise. The model on the left, however, is a

linear model and thus is a bad fit for both training data and test data. In the overfitting

case, the model is at least a fourth degree polynomial model, which fits the training data

perfectly, but didn’t learn the actual underlying data generating distribution (quadratic),

and thus performs poorly with the unseen test data.

Figure 2: Depiction of the effects of underfitting (left), ideal fitting (center), and overfitting
(right) for a one-dimensional regression. Figure adapted from [44].

Whether a model is underfitting or overfitting is primarily caused by the capacity of the

model, which can be thought of as its ability to fit a wide variety of functions, and generally

is expressed by its number of features and parameters [29]. This relationship is displayed

in Fig. 3, where the test (generalization) error is lowest at optimal model capacity.

Because the optimal model capacity for a given problem is usually unknown, one way of

reducing the risk of overfitting is using regularization strategies. Generally, regularization is

any adjustment to a machine learning algorithm that intends to reduce the generalization
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Figure 3: Typical trend for training error and generalization error for a model with
increasing capacity. At optimal capacity the generalization error is lowest. Figure adapted
from [44].

error but not the training error [29]. Using regularization, overfitting can be reduced by

deploying a high capacity model but penalizing the modeling of certain functions. For

example, linear regression can be regularized by using weight decay, where the training

loss is extended by the squared L2-norm of the weights:

L̃(w, b) = L(w, b) + λw⊤w . (13)

This forces the algorithm to choose smaller weights during training, which indirectly

reduces the model capacity and thus overfitting [44].

Another way to regularize the machine learning algorithm is using the early stopping

method. When training a model, the training error steadily decreases for every epoch, i.e.

an iteration over the entire training set. However, after a certain number of epochs also

depending on the capacity, the model starts to overfit. This effect can be seen by splitting

off a third dataset from the training dataset before training. The so-called validation set

is not used for model training per se, but instead is used to validate the model during

training, usually by evaluating the loss after every epoch. As the training progresses, the

validation loss is decreasing at first, concurrently to the training loss. However, while the

training error decreases further, at one point the validation error starts to increase again,

as can be seen in Fig. 4. This is precisely the moment where the model starts to overfit.

Thus, the early stopping algorithm evaluates the validation error at every epoch and stops

the training when the error is increasing again. Due to its effectiveness and simplicity, early

stopping is probably the most widely used regularization strategy in deep learning [29].
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Figure 4: Typical training and validation error trend. While the training loss continuously
decreases, the validation loss has a minimum at approximately epoch 25 and then slowly
rises again. Figure adapted from [29].

2.1.2 Feedforward Neural Networks

An artificial neural network (ANN) is a special type of supervised machine learning model

architecture loosely based on the interconnected neurons of the brain. Feedforward neural

networks (FNNs) are a type of ANN where information flows uni-directionally from input to

output, meaning there is no feedback flow (in contrast to recurrent neural networks, which

are discussed in section 2.1.3). By far the most common FNN is the multilayer perceptron

(MLP), which is why the terms FNN and MLP often are used interchangeably, although

other types of FNN exist, such as radial basis function networks [8].

The building block of a MLP neural net is a basic neuron, which consists of an input x,

parameters subdivided into weights w and bias b, and a nonlinear function σ(·) which

is also called activation function. Figure 5 depicts the structure of a single neuron for a

three-dimensional input. The output a(x) of a single neuron can be expressed as

a(x) = σ(w⊤x+ b) = σ(z) . (14)

The nonlinear activation function is an integral part of the neuron, as it allows neural nets

to model nonlinearities. Figure 6 shows a few common activation functions. Historically,

mainly the step function (perceptron), sigmoid and hyperbolic tangent have been used as

activation function. The perceptron or step function is the reason why feedforward neural

networks were and still are called multilayer perceptron, despite the perceptron function

seldom being used anymore. More recently, a shift towards rectified linear units (ReLUs)

and its variants has occurred [35]. This is due to the derivative of the activation function

being important for the model training based on gradient descent. When the derivatives

of the functions in the top row of Fig. 6, which saturate for z ≫ 0, are evaluated, they
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Figure 5: Structure of a single neuron with a three-dimensional input. Figure adapted from
[44].

approach zero for large weights w. This effect is called vanishing gradients and hinders

model training, which is why non-saturating functions such as ReLU are preferred for deep

learning [35].

Figure 6: Different activation functions for neurons. Figure adapted from [35].

A neural network is made up of many neurons in a layered structure, where the outputs of

one layer are connected to the next layer’s inputs. Generally, a feedforward neural network

has one input and output layer between which lies an arbitrary number of hidden layers.

Additionally, each hidden layer can be arbitrarily wide. Usually, when a FNN has multiple

hidden layers it is called a deep neural network. Figure 7 displays a typical FNN with two

hidden layers. The numbers of neurons in the input and output layer correspond to the

dimension of the input data point and the label, respectively.

The use of hidden layers gives the neural network a much greater ability to model nonlinear

functions, when compared to only having an input and output layer. This is famously

described by the universal approximation theorem, which states that a neural network with

one hidden layer of sufficient width can approximate any continuous multi-input/multi-

output function with arbitrary accuracy [35].
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Figure 7: Typical fully connected feedforward neural network with two hidden layers.
Figure adapted from [44].

Examining the entire neural net and expanding Eq. (14), the output of the j-th neuron in

the l-th layer is calculated as

a
(l)
j = σ(z

(l)
j ) = σ

��
k

w
(l)
jka

(l−1)
k + b

(l)
j



, (15)

where a
(l−1)
k is the output of the k-th neuron in the previous (l − 1-th) layer, and w

(l)
jk is the

corresponding neuron weight. In vector notation, where a(l) represents the vector of all

outputs in the l-th layer, this equation reads as

a(l) = σ(z(l)) = σ
�
W (l)a(l−1) + b(l)

	
. (16)

Here, the activation function σ(·) is evaluated element-wise, and W (l) is the weight matrix

for the l-th layer [44].

Backpropagation Algorithm

The training of neural networks is based on the same gradient descent methods discussed

in section 2.1.1. However, due to the number of individual parameters of the model, the

gradient cannot be calculated directly. Instead, a different, more efficient algorithm, called

backpropagation, is used to exploit the layered structure of the neural nets. The aim of

the backpropagation algorithm is to calculate the partial derivatives of the loss function

with respect to the weights and biases
�

∂L
∂w

(l)
jk

, ∂L
∂b

(l)
j

�
, which can then be used for gradient

optimization, as in Eq. (10). Recalling Eq. (15), ∂L
∂w

(l)
jk

can be written as

∂L
∂w

(l)
jk

=
∂L
∂z

(l)
j

∂z
(l)
j

∂w
(l)
jk

= δ
(l)
j

∂z
(l)
j

∂w
(l)
jk

= δ
(l)
j a

(l−1)
k . (17)
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Similarly, ∂L
∂b

(l)
j

is calculated as

∂L
∂b

(l)
j

=
∂L
∂z

(l)
j

∂z
(l)
j

∂b
(l)
j

= δ
(l)
j

∂z
(l)
j

∂b
(l)
j

= δ
(l)
j . (18)

Both Eq. (17) and Eq. (18) use the variable δ
(l)
k which is defined as the sensitivity of the

loss toward a change in the neuron’s weighted input z(l)j . This means, in order to calculate

the desired partial derivative for the weight, this sensitivity simply needs to be multiplied

by the output a(l−1)
k of the previous layer’s k-th neuron, which is calculated according to

Eq. (15). The derivative for the bias directly computes as δ(l)j . Thus, all that is needed is

the value of δ(l)j . Using the chain rule and Eq. (15) yields [44]

δ
(l)
j =

∂L
∂z

(l)
j

=
�
k

∂L
∂z

(l+1)
k

∂z
(l+1)
k

∂z
(l)
j

=
�
k

δ
(l+1)
k

∂z
(l+1)
k

∂z
(l)
j

=
�
k

δ
(l+1)
k w

(l+1)
kj σ′(z(l)j ) . (19)

Due to the sensitivity δ
(l)
j depending on δ

(l+1)
k , which is the sensitivity in the subsequent

layer, the algorithm needs to start the calculation at the last (output) layer and propagates

backward to the first (input) layer [44]. At the final layer L the sensitivity can be calculated

directly from the loss function, using a
(L)
j = ŷj:

δ
(L)
j =

∂L
∂z

(L)
j

=
∂L

∂a
(L)
j

∂a
(L)
j

∂z
(l)
j

=
∂L

∂a
(L)
j

σ′(z(L)j ) =
∂L(yj , ŷj)

∂ŷj
σ′(z(L)j ) . (20)

To summarize, the steps needed to perform the backpropagation algorithm are the follow-

ing: First, a training data point x is used as an input for the neural net and is processed in

forward direction through the network, storing the values of z(l)j and a
(l)
j for later. Then,

the sensitivity at the final layer δ(L)j is calculated using the loss for prediction ŷj and target

yj according to Eq. (20). Now, the algorithm propagates backward through the network

and calculates the sensitivities in the previous layer δ(l)j using Eq. (19). Finally, with all

sensitivities computed, Eq. (17) and Eq. (18) can be used to calculate the derivatives for

every parameter. The derivatives can now be used to optimize the parameters with gradient

descent as in Eq. (9) or Eq. (10) [35].
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2.1.3 Recurrent Neural Networks

Feedforward neural networks evaluate the output for one input state, which means that

the information or state of previous samples is not considered. This is suboptimal when

modeling dynamic systems, where the current state often depends on previous states. In

contrast, recurrent neural networks (RNNs) can process sequential data by incorporating

loops that allow the flow of information from past states. Instead of having a single

(multidimensional) data point as input, RNNs are presented a sequence or time series of

data points xt, with the time step index t [29].

Thus, for every time step t the state of the system ht which is usually represented by the

hidden layer of the network can be described as

ht = f(ht−1,xt;θ) = σ(W h
h ht−1 +W h

i xt + bh) . (21)

Here, the current state depends on the past state ht−1 and the current input xt according to

the transition function f(·;θ). Usually the inputs of the transition function are transformed

by weight matrices and a bias before being evaluated by an activation function, see Eq.

(21). Typically, the output of a RNN is not directly its state, but instead is transformed by

an additional output layer. The full structure of a recurrent neural network is depicted in

Fig. 8. This type of depiction is called a recurrent graph, as it shows the recurrence of

the network as a dependence on the previous state, as in Eq. (21). The output yt of the

depicted network can be expressed by the following equation:

ŷt = W o
hht = W o

hσ(W
h
h ht−1 +W h

i xt) , (22)

where σ(·) is a nonlinear activation function. Alternatively, the graph can be unfolded

by creating a copy for each time step, explicitly showing the way the information flows

through the RNN. The unfolded graph is displayed in Fig. 9 and visualizes the advantage

of the recurrent function Eq. (21): for every step the parameters, in this case the weight

matrices and the activation function, are the same. Without the recurrence, every step

would have to be described by a different function [29].

Depending on the structure of the input and output layers of a RNN, they are designed

to produce different predictions. For instance, many RNNs are set to produce one output

every time step, which means that the input sequence and the output sequence have the

same length. Alternatively, RNNs can read an entire input sequence and produce one single

output [29].

The training of recurrent neural networks generally works the same way as with feed-

forward neural nets, using gradient descent and backpropagation. Due to the recurrent

structure, however, the gradient descent algorithm needs to be adjusted slightly. Before

starting the algorithm outlined in the previous section, the neural net is unfolded, resulting
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Figure 8: Structure of a simple recurrent neural net. W h
i ,W

h
h and W o

h are the weight
matrices of the input, hidden, and output layer respectively. z−1 represents the delay of the
hidden state by one step, which is added to the nonlinear activation function in the next
step. Figure adapted from [31].

Figure 9: Unfolded structure of the recurrent neural net in Fig. 8, which makes the
information flow visible. For every time step the weights are the same. Figure adapted
from [31].

in an acyclic, one-directional network, comparable to a FNN. Now the backpropagation

algorithm can be executed, with the added constraint that the weight matrices are required

to have the same values for the different unfolded layers, since they have to be the same

after refolding the graph. This procedure is called backpropagation through time, and is

the most successful type of training algorithm for RNNs [31].

One challenge that arises when working with recurrent neural networks, especially deep
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ones, is the problem of vanishing and exploding gradients, which refers to the exponential

decrease or increase of the gradient during training [22]. In order to illustrate the problem,

one can consider the gradient of a loss function Lt for the t-th time step with regard to the

parameters θ:

∂Lt

∂θ
=

�
1≤k≤t

∂Lt

∂ht

∂ht

∂hk

∂hk

∂θ
, (23)

with
∂ht

∂hk
=

�
t≥i≥k

∂hi

∂hi−1
. (24)

Due to the current state ht recursively depending on the previous states the derivative has

to take into account all past states, which is represented by the sum in Eq. (23). However,

every summand in turn consists of a product of derivatives as stated by Eq. (24) [31,

22]. For longer sequences and, accordingly, higher values of of t, this product leads to the

problem of vanishing and exploding gradients: If the terms in the product are smaller than

one, the product exponentially converges to zero. For the sum in Eq. (23), this means

that the summands with high k, corresponding to recent dependencies, dominate, while

earlier dependencies with lower k are neglected. This is the effect of vanishing gradients.

Exploding gradients occur, when the factors in Eq. (24) are bigger than one, which causes

the value of the product to rise exponentially, making the less recent dependencies more

impactful than more recent states [31].

As these effects limit the capacity of recurrent neural networks, different solutions were

proposed to overcome the issue. Regularization, for instance, can be used to stop gradients

from exploding. Alternatively, gradient clipping can be used, where gradients above a

threshold are downscaled. The most popular solution, however, involves adapting the

model structure by introducing gated architectures [22].

Long Short-Term Memory

The most widely used gated network is the Long Short-Term Memory (LSTM) which was

first proposed by Hochreiter and Schmidhuber in 1997 [2]. The big advantage it has over

other more conventional recurrent neural nets is its ability to accurately model both long-

and short-term dependencies in data. A LSTM overcomes the issue of vanishing and explod-

ing gradients by creating paths through time whose derivatives neither explode nor vanish.

These so-called self loops act as a kind of dynamic memory for previous states, where

information can be stored and which can be reset. Crucially, the actions of remembering

and forgetting are performed automatically by the neural network, which is also learned

during training [29].

A LSTM neural network consists of a hidden memory block, located between an input and
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an output layer. The memory block itself contains one or more memory cells, which control

the way information flows and is retained with gates. Data enters the cell via the input

gate it and is read out with the output gate ot, while the forget gate ft regulates which

information is stored. Figure 10 depicts the general structure of a LSTM cell. For any input

xt these gates are calculated as follows:

it = σ
�
W i

xxt +W i
hht−1 + bi

�
, (25)

ot = σ
�
W o

xxt +W o
hht−1 + bo

�
, (26)

ft = σ
�
W f

x xt +W f
h ht−1 + bf

�
. (27)

Here, ht−1 is the previous hidden state while W j
k and bk are the respective weight matrices

and biases. The nonlinear activation function in this case is the sigmoid function σ(z) =
1

1+e−z which is evaluated element-wise and maps to [0, 1] [36].

Apart from the hidden state hk the LSTM cell has another internal state used for recurrence,

the so-called memory ck. For the calculation of the memory, first the candidate memory c̃t

is calculated using the hyperbolic tangent function:

c̃t = tanh(W c
i xt +W c

hht−1 + bc) . (28)

The candidate memory can be interpreted as a measure of how to update the internal

memory, and depends on the current input and the previous hidden state. The memory is

then computed as

ct = ft ⊙ ct−1 + it ⊙ c̃t , (29)

with ⊙ representing element-wise multiplication of the vectors. Thus, the new memory

state ct is the sum of the old memory modified by the forget gate ft and the candidate

memory c̃t rescaled by the input gate it [36].

Finally, the new hidden state is calculated using the output gate and the new memory state

ht = ot ⊙ tanh(ct) . (30)

The new hidden state is then transferred to the output layer, where the actual model

prediction ŷt is calculated, similar to Eq. (22) [36].

To summarize, the LSTM cell computes the hidden state ht, which is transmitted to the

output layer, and the internal memory state ct for every time step. The input, output, and

forget gate, which control the flow of information and how the values for internal memory

and hidden states are updated, are calculated from the previous hidden state ht−1 and

data input xt. In the following time step, the new states of ht and ct are used when the

calculation starts once again.
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Figure 10: Structure of a LSTM Memory Cell. For a current time step t the cell uses the
past hidden state ht−1, past memory ct−1 and the current input xt to compute the current
hidden state ht and memory ct. These values are then used for the next time step. Figure
adapted from [36].

The particular architecture of LSTM cells allows the network to decide when to store

long-term information and when to discard it for new information automatically, without

direct influence from outside. During training, the network learns to identify structures

in the time series that causes it to prioritize more recent data or include long-term de-

pendencies for the prediction [29]. Many studies have concluded that LSTM networks

regularly outperform conventional RNNs. They have been particularly successful in the

field of natural language processing, such as handwriting and speech recognition [29]. The

capacity to model real-valued time series has also been investigated in different studies.

For instance, Ma et al. [26] compared LSTMs with similar networks for a traffic speed

prediction and found that in most cases the LSTM network was more accurate and more

stable than its competitors. LSTMs have also been used in the process industry, for example

for steam generation modeling [47], or for learning-based control [46].
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2.2 Combustion Process and Control

2.2.1 Process Control Fundamentals

Process control is a technique used to efficiently and stably regulate dynamical systems

and processes. Typically, a modern controller determines the current operation of a system,

compares it against the desired behavior and calculates corrective measures based on a

model of the system’s response to external inputs. The controller output is transmitted to

an actuator which performs the regulating action on the system. This type of control is

called closed-loop or feedback control, as the controller uses feedback from the system to

determine how to manipulate it. Closed-loop control is the most common kind of process

control and forms the basis for many automatic control techniques.

Figure 11 shows a block diagram of a typical feedback control loop. The current value

of the control variable or process variable y(t) is compared to its desired value r(t) (set

point), and the difference e(t) is used to calculate the manipulated variable or controller

output u(t) to adjust the system, which is constantly perturbed by external disturbances

d(t) [19]. A basic example of closed-loop control is the cruise control of an automobile.

The control variable is the vehicle’s current speed while the set point is the desired velocity.

When disturbances such as the rising of the road’s slope cause the speed to decrease, the

control error grows and the controller adjusts the manipulated variable, in this case the

accelerator position.

Controller System
r(t) e(t)

-

u(t)

d(t)

y(t)

Figure 11: Block diagram of a feedback control system. The controlled variable y(t) is
compared to its set point r(t) and the deviation, the so-called control error e(t), is used
as the controller input. The manipulated variable u(t) is used to influence the system to
minimize the control error. Noise and external disturbances d(t) perturb the system.

There are several objectives for feedback control systems. Firstly, the control variable

should always follow the set point behavior. Additionally, the response of the controller to

a disturbance or rather a control error, which is the only input the controller has, should be

fast with respect to the controlled process. Generally, the key objective for the dynamics

of the closed-loop system is to be stable, which means that bounded disturbances give

bounded errors, and that unwanted effects of external disturbances are reduced [9].

Among the advantages of feedback control are its simplicity and versatility, as almost any

process can be regulated with feedback control. Furthermore, since the controller’s input
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is simply the control error, it always takes corrective action, no matter where the error

originates from, whether it’s an external disturbance, a change of the internal system

behavior, or a change of the set point. This means that, if properly tuned, feedback control

is very robust to changing process conditions.

On the other hand, the closed-loop can lead to feedback instability and oscillations, if the

controller parameters are not set correctly. Since the controller only takes action when

there is a control error, error is fundamental to feedback control and is to be expected. This

also limits the speed of the response, as the controller can’t act proactively [18].

Thus, in order to function properly the controller needs to be tuned to the system behavior

and dynamics. The most effective way to determine how a process responds to changes

of the manipulated variable is to analyze its step response. This response can then be

described by three process characteristics: Firstly, the process gain GP , that expresses how

the system output changes for a change in its input:

GP =
Δy

Δu
. (31)

Secondly, the dead time tD, which is the time delay between the step change at the input

and the response of the process variable. Finally, the time constant τ describes how fast the

process reaches its new equilibrium when the dead time has passed [18].

PID Controller

The proportional-integral-derivative (PID) controller is by far the most used controller for

feedback control systems. About 90% to 95% of all control problems are handled by the

PID controller and its variants [9]. As the name suggests, the PID controller consists of a

proportional, integral and derivative part, where the total controller output is the sum of

the three individual terms:

u(t) = uP (t) + uI(t) + uD(t) . (32)

The proportional part is simply calculated as

uP (t) = KCe(t) , (33)

with KC being the proportional controller gain. Using a proportional-only controller for

a process with gain GP , the closed-loop response which is the relationship between the

controlled variable and set point evaluates to

y(t) =
KCGP

1 +KCGP
r(t) . (34)

Since the fraction never equals one, this means that a proportional controller always results

in a nonzero steady-state error [9]. In order to remove this error, an integral part is
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introduced, whose output is calculated as

uI(t) = KI

� t

0
e(s)ds =

KC

TI

� t

0
e(s)ds . (35)

Here, the integral gain KI is expressed as a fraction of the controller gain and the integration

time TI , which parametrizes the speed of the integration action. The integral part of the

controller modifies the manipulated variable based on the accumulated error, and thus helps

to remove the steady-state error caused by the proportional part. Finally, the derivative

term is computed as

uD(t) = KD
de(t)

dt
= KCTD

de(t)

dt
, (36)

with the derivative time parameter TD. Intuitively, the derivative term can be thought as a

linear extrapolation of the error for TD time steps into the future:

e(t+ TD) ≈ e(t) + TD
de(t)

dt
.

This means that the derivative part of the controller is used to anticipate the future control

error [19].

To summarize, the total control output of a PID controller is described by

u(t) = KC

�
e(t) +

1

TI

� t

0
e(s)ds+ TD

de(t)

dt

�
, (37)

with the control parameters KC , TI and TD.

The derivative mode is useful for very fast control responses, however its primary disad-

vantage is its sensitivity to noise. Usually, noise is made up of high frequencies which lead

to amplification when differentiating, resulting in cyclic or unstable control output. Thus,

many applications only use proportional-integral (PI) controllers, which are more stable

although a bit slower [18].

2.2.2 Combustion Process and Combustion Plants

The combustion of solid biomass, for instance in the form of wood logs, pellets or chips, still

is the most common way of generating energy from biomass. Typically, modern biomass

combustion plants, the largest of which can reach a power output in the range of hundreds

of megawatt, consist of grate or circulating fluidized bed boilers which produce hot water

or steam. The steam can subsequently be transformed into electricity by way of a steam

turbine, or the heat of the steam or water is used directly, for example for residential

heating [28]. Generally, when operating biomass combustion plants the aim is to reach

high efficiencies while minimizing emission of unwanted pollutants such as NOx, CO or

tars. Unfortunately, compared to other fuels, solid biomass consists of a relatively high

amount of volatile substances like nitrogen, sulfur or potassium. These can lead to high

pollutions in the flue gas when the combustion’s operating conditions are suboptimal.
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Additionally, during the biomass combustion process many complex chemical reactions

and phase transitions occur, partly in parallel, partly in sequence, which can result in fast

changing process conditions. This means that in order to reach the goal of an efficient,

well performing combustion process with minimal pollutants, the boiler requires optimal

control [30].

Biomass Combustion Process

The basic combustion process of solid biomass can be outlined in a sequence of four steps:

Initially, the fuel is heated by radiation from the fire and hot interior of the furnace. This

causes the water in the biomass to evaporate and dries the moist fuel [30].

Then, as the dry biomass reaches a temperature of approximately 150 ◦C the process of

pyrolysis starts. At that temperature the cellulose molecules which can be represented

chemically by CHxOyNz are torn apart, leaving behind solid carbon in the form of char,

while the other components escape as gases and leak into the air. These pyrolysis gases

immediately combust in the form of different exothermic oxidation reactions, resulting in a

variety of partially incomplete combustion gases (CO, CO2, H2O, N2, NOx, etc.).

The remaining char reacts in a gasification process at an even higher temperature, which

mainly produces CO [30].

Finally, the incomplete combustion gas CO is fully oxidized to CO2 in the upper part of the

furnace. The resulting heat is transferred to the flue gas to heat the water in the boiler and

is used to continue the combustion cycle. Approximately 2% of the dry biomass consist of

nonburnable minerals which remain as ash on the grate and need to be disposed of[30].

Figure 12 depicts the thermal decomposition of fuel in a grate boiler for co-current combus-

tion, meaning the ignition starts at the bottom of the fuel bed and follows the primary air

flow upwards [15]. On the grate the fuel is transported from left to right, where initially

the moist fuel is heated in the "dead" zone until the thermal decomposition starts with the

steps outlined above.

Figure 12: Thermal decomposition of fuel in a grate boiler for co-current combustion.
Figure adapted from [15].
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Biomass Combustion Plants

The full structure of a typical biomass furnace is shown in Fig. 13. Typically, such a moving

grate furnace can be divided into a primary and secondary combustion zone, behind which

lies the hot water boiler, where the heat exchanger is located. In the primary combustion

zone the primary air flows form below the grate and mainly partial oxidation occurs. In

the secondary combustion zone additional air is supplied via the secondary air fan in order

to achieve complete combustion. Here, the flue gas has the highest temperature (up to

1000 ◦C) before most of its heat is transferred to the hot water which in turn is heated up

to 100 ◦C. After the heat exchanger the flue gas has a temperature of around 120 ◦C to

180 ◦C. Part of the flue gas is recirculated back into the furnace in order to regulate the

temperature of the combustion zone.

Figure 13: Schematic structure of a typical medium scale biomass furnace. The furnace can
be divided into three segments: (1) primary combustion zone, where mainly incomplete
combustion occurs; (2) secondary combustion zone, where combustion gases are fully
oxidized; (3) hot water boiler, where heat from the flue gas is transferred to the water
via heat exchanger. A part of the flue gas is recirculated to the combustion zones for
temperature regulation. Figure adapted from [42].

The standard control scheme for biomass combustion plants like the one depicted in Fig.

13 is described in the following: Typically, the furnace control consists of four decoupled

control loops each regulating one specific aspect of the combustion process. These loops

normally are controlled by a PID or PI controller.

The first control loop is the power control. Depending on the type of plant, the controlled

variable could either be the feed temperature or mass flow rate of the hot water or steam.
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The manipulated variables are the primary air flow rate or, more commonly, simply the fan

speed, and the fuel mass flow of the input. The task of the power control loop is to ensure

a power output according to the desired set point even during fluctuations of the load or

fuel properties [30].

The next control loop handles the temperature in the combustion chamber. The temperature

is controlled with the flow rate of the recirculated flue gas. Due to the low oxygen content

in the flue gas and its comparably low temperature, a higher recirculation flow leads to

lower temperatures in the furnace. The temperature control is needed because too high

temperatures cause compounds in the ash to melt which leads to slagging or fouling of the

furnace. This means that the furnace temperature must not exceed a certain value [30].

The O2 content of the flue gas is also regulated by its own control loop. Here, the secondary

air flow rate is the manipulated variable, where a higher flow rate leads to a higher oxygen

content. On the one hand, the oxygen content shouldn’t be too high, as this results in a

lower efficiency of the furnace. On the other hand, a very low oxygen content in the flue

gas is an indication for incomplete combustion and thus for high CO values. The oxygen

control is thus used to operate at the optimal point with high plant efficiency and low CO

content [30].

Finally, the last control loop concerns the pressure control in the combustion chamber.

This pressure is manipulated by the flue gas fan and should always be slightly below

atmospheric pressure. This is a security measure to prevent leakage of combustion gases

from the furnace [30].

27



2.3 Model-Based Control

The aim of model-based control is to achieve a higher control performance, especially

for highly dynamical systems. As the name suggests, model-based control loops consist

of a controller and a model of the system which provides additional information for the

controller. A prominent example of model-based control is model predictive control (MPC).

Here, at certain intervals the model is used to simulate the system behavior for different

future control scenarios over a limited time horizon. Out of the different simulated control

sequences, one sequence is selected that performs optimally according to some metric like

smallest control error or least actuator manipulation. This optimal control sequence is

then used for the control of the actual plant [30]. Another common model-based control

technique is internal model control (IMC), where the model is placed in parallel to the

plant and the real and modeling outputs are compared. Their difference, caused by the

modeling mismatch and additional disturbances, is fed back through a robustness filter

to the controller [4]. Generally, different types of models can be used for model-based

control.

One possibility is to simulate the furnace using a mathematical model based on physical

considerations. Due to the complex, nonlinear behavior of the furnace and boiler these

models are hard to formulate. However, they are also very robust under different oper-

ating conditions. Gölles et al. [17] developed such a model as a nonlinear fourth order

model and described its implementation in the process control setup, which was expanded

upon, among others, by Schörghuber et al. [27, 42] and Seeber et al. [24]. The model is

represented by four to five first order ordinary differential equations each describing one

part of the furnace system, such as the fuel bed or the heat exchanger. For the control unit

design the model is used for input-output-linearization, which is a strategy to transform a

nonlinear control system into a linear control system by adjusting the control inputs and

variables, see [17, 27].

Unfortunately, however, the model and corresponding control strategy require knowledge of

many process variables such as disturbances or internal plant states which are seldom ever

measured if they can be measured at all [30]. Additionally, many parameters in the model

equations are dependent on specific plant properties which can only be determined during

test runs of the plant. In summary, mathematical models, if properly configured, provide

very precise and robust plant simulations, however they require extended knowledge of

the plant and its process variables.

An alternative to mathematically construct explicit model equations is to implicitly learn the

plant behavior from process data. Using machine learning, neural network models can be

built by just using the process data without needing additional information about the plant.

Typically, the model inputs are the controlled variables of the standard control scheme,

such as power output and temperature, and the model outputs are the corresponding
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manipulated variables, such as air flow rates and fuel input. Examples where artificial

neural network models were used for the modeling or control of combustion processes have

been reviewed by Kalogirou [6]. Further, both De et al. [11] and Smrekar et al. [14] used

feedforward neural networks for combustion plant modeling, while He et al. [47] compared

different types of recurrent neural networks for modeling purposes. In their work, Bonassi

et al. [46] show how a recurrent neural network can be used as a system model for a MPC

controller, as is depicted schematically in Fig. 14. Gregorčič and Lightbody [20] devised

an IMC setup that uses a Gaussian process model to predict a nonlinear system, as can be

seen in Fig. 15. Blonbou et al. [5] also present an IMC approach using ANNs, while in their

review Hagan and Demuth [4] present different model-based control architectures.

Of course, neural network modeling requires a large amount of data for the model training.

Accordingly, the accuracy of the model is limited by the quality of the training data. Addi-

tionally, the model can only properly predict in the operation regions that were represented

in the training data, as the highly nonlinear nature of ANNs makes extrapolations very

unstable [29].

Figure 14: Schematic of a model predictive control setup using a RNN model. The MPC
controller consists of the model and an optimizing algorithm that finds the ideal control
sequence for the plant. The controller receives the set point y0 and the current system state
x̂, and returns the optimal control output u∗. Figure adapted from [46].
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Figure 15: Schematic of an internal model control setup. The model output ŷ is compared
against the plant output y, which is perturbed by the disturbances D,D∗. The difference is
compared to the set point r, filtered, and fed back to the controller. Figure adapted from
[20].
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3 Materials and Methods

For this work, I used different software tools for data preparation, neural network design,

and model training. Initially, the raw data was preprocessed using MATLAB [49]. For the

modeling of the biomass combustion plants I decided to create both a static FNN (MLP)

model and a dynamic RNN (LSTM) model. This allows for the comparison between the

different model types, contrasting their performance. The models were created in Python
using the deep learning library Keras with the TensorFlow backend [25], which enables

neural network design, model training and model evaluation. Plots were generated either

in MATLAB or using the Matplotlib library for Python. In the appendix (5), the MATLAB and

Python scripts for the data preprocessing and model training are listed.

3.1 Data Preprocessing

The raw data for this work originates from two different plants and consisted of several

years of historical process data. The data was provided by CONENGA Group [51] and, on

request, can be made available to the interested reader. The first plant subsequently called

plant A is a small scale industrial furnace and boiler that provides warm water for district

heating. The plant has a nominal power output of 1200 kWth and supplies heating to a few

dozen customers. The process variables that are used for plant modeling are listed in the

following table:

Measurement Unit Type

1 primary air fan 1 RPM % model input

2 primary air fan 2 RPM % model input

3 recirculated air fan RPM % model input

4 flue gas fan RPM % model input

5 secondary air fan 1 RPM % model input

6 secondary air fan 2 RPM % model input

7 fuel insertion pause time s model input

8 oxygen content in flue gas % model output

9 combustion chamber temperature ◦C model output

10 boiler power kW model output

Table 1: List of process variables used for the modeling of plant A. The variable type is
determined by their role in the standard control scheme (see 2.2.2): manipulated variables
are model inputs and controlled variables are model outputs.

In plant A, the respective fan speeds are given as a percentage of their maximal value. Both

the primary air and the secondary air is supplied by two fans. Signal 7, the fuel insertion
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pause time, describes the time between fuel insertion cycles, which means that a higher

pause time results in less biomass fuel being inserted into the furnace.

Plant B consists of a medium scale furnace which generates steam for electricity generation

by a steam turbine. The turbine has a nominal power of 20MWel and the expanded steam’s

residual heat is used as a heat source for an industrial wood pellets production. The process

variables of the furnace are listed below in Table 2:

Measurement Unit Type

1 fuel mass flow rate t/h model input

2 primary air flow rate m3/h model input

3 recirculated air flow rate m3/h model input

4 secondary air flow rate m3/h model input

5 steam pressure bar model input

6 oxygen content in flue gas % model output

7 combustion chamber temperature ◦C model output

8 steam mass flow rate t/h model output

Table 2: List of process variables used for modeling of plant B. The variable type is
determined by their role in the standard control scheme (see 2.2.2): manipulated variables
are model inputs and controlled variables are model outputs.

The volumetric air flow rates are measured in standard cubic meters. Because the steam

pressure is controlled externally from the turbine, the steam mass flow rate is a measure of

the boiler power.

Generally, these measurements are recorded every one to two seconds. In order to get a

dataset with regular intervals the first data preprocessing step is to resample the dataset to

a consistent frequency. This is needed for the subsequent data preprocessing procedures as

well as the RNN model inputs. Thus, the signals were resampled to a sample time of one

second using linear interpolation.

The next crucial step in the data preprocessing sequence is filtering. Generally, signals

are afflicted by noise which is made up of high frequency variations in the signal. These

variations can be caused by random thermal motion of electrons in the measurement

electronics, for example. The goal of filtering is to reduce or entirely remove these high

frequency perturbations which carry no inherent information and would otherwise lead

to a worse model performance. Importantly, the noise filter should not impact the true

signal as that would reduce the information of the signal. This means the filter needs to be

configured in such a way that it attenuates the high frequency noise without affecting the
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variation of the base signal.

For this work, the process data was filtered according to a first order transfer function

with a time constant of τ = 30 s. This removes much of the high frequency noise while

preserving the slower process behavior of the combustion process. Figure 16 depicts the

raw (blue) and filtered (orange) signal of the combustion chamber temperature of plant B.

While the noise can be seen clearly in the blue graph, the filtered signal shows practically

no noise while still following the trend of the raw signal.

Figure 16: Plot of the combustion chamber temperature measurement of plant B. The blue
graph shows the noisy raw data compared to the filtered signal depicted by the orange
graph.

After a few preliminary tests, the modeling dataset for the two plants was chosen to

encompass roughly one full year of process data. This is important in order to capture

the entire range of process states which vary widely with different seasonal conditions,

especially for heating plants. Additionally, when selecting the data for modeling more

recent data is preferred, as many plants are modified or upgraded every few years which

also changes the operating conditions.

Another thing that has to be considered is the fact that plants usually have a revision

period once a year where the plant is powered down to clean the furnace and make small

repairs or fixes. During these times, naturally, no process data is recorded. Furthermore,

unplanned (partial) plant shutdowns, data outages, off-nominal operations, faulty sensor

measurements or errors in the data recording system lead to erroneous data points and

outliers in the dataset. Before using the data for model training, these outliers need to be

removed, as they would otherwise hinder model training due to their abnormal process

conditions.

The data is best sorted through by plotting the process variables and visually identifying

periods of shutdowns and faulty data which have to be removed. Figure 17 shows the

power and temperature trend of plant A for the period that was selected for training,
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covering one full year. Outliers and shutdown phases have been removed from the data,

as can be seen from the gaps in the trend. Especially the power graph (blue) shows the

seasonally changing operating conditions, but also the daily variations with spikes usually

representing higher power usage in the morning and evening.

Figure 17: Plot of the power (blue) and temperature (orange) trend of plant A over one
whole year.

Generally, due to selecting an entire year of measurements, this should result in the

data evenly covering the different operation points of the plant, represented by state of

power, temperature, and oxygen content in the flue gas. This roughly even or consistent

distribution of the process states is visualized in Fig. 18. Here, in order to show their

frequency, the measurements are sorted by their value, with a shallow slope meaning a high

sample density in that operating region and a steep slope meaning a lower sample density.

In this case, the sample density of the three plant outputs is low only at the extreme ends

of the operating spectrum.

The next data preprocessing step is to downsample the dataset to a lower sampling fre-

quency. This is done because of the high number of data points for year-round one second

data logging (≈ 3.1× 107). The individual samples only provide very little new information

because of the comparatively slow combustion process, while slowing down the training

procedure and corresponding data handling due to their large number. The new sample

time should be chosen to optimally capture the desired process dynamics. In this work, the

data was resampled to two datasets with sampling times of 5 s and 30 s, which allowed

comparisons between the datasets.

One issue that arises when working with artificial neural networks is that model training is

slowed down when the training data values differ by order of magnitudes. This is because

high data values can lead to vanishing or exploding gradients during backpropagation [35].

To counteract this issue, the data needs to be standardized or rescaled to a lower range. In

this case, the data was rescaled to the range of [0, 1] by using the minimum and maximum
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Figure 18: Plot of the power (blue), temperature (orange), and O2 content (yellow)
distribution of plant A over one whole year. Measurements are sorted by their values to
determine their frequency of occurrence at that operating point.

values of the individual measurements:

x̃j =
xj − xmin

xmax − xmin
, (38)

with x̃j being the rescaled value of the j-th feature, xj the original value, and xmax and

xmin the maximal and minimal value.

Finally, in the preparation for the training procedure the data needs to be shuffled and split

into a training, validation and test set. For this purpose, what must first be discussed is

the structure of the individual training samples for the FNN and LSTM models. Since the

FNN model simply predicts the plant output at time t from the matching plant inputs, one

sample is easily constructed: The model gets the individual inputs listed in Table 1 or 2 for

one point in time and has to predict the corresponding outputs. In the case of plant A, one

training sample for the FNN has seven inputs and three outputs.

For the LSTM network, the samples are constructed as a sequence of measurements. Here,

one sample consists of k data points or time steps for the input and the k + 1-th time step

for the output which the model has to predict (one-step-ahead prediction). While the

output again simply consists of the three plant outputs, the inputs for every time step now

are made up of all plant measurements at that time. This means the RNN model gets both

the manipulated variables and the controlled variables of the plant over a number of time

steps and predicts the controlled variables for the next time step. In the case of plant A,

one training sample for the LSTM network is comprised of k time steps for the input, where

each time step contains ten data points, and one time step for the output which consists of

the three plant outputs. Note that this structure of the sample allows the network to be

used for multi-step-ahead prediction, where the model can iteratively predict multiple time
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steps into the future.

This means when preparing the training data the samples must be constructed from the

measurement data accordingly. While the samples for the FNN model just need to be

sorted into inputs and outputs, the LSTM samples are constructed using the Keras-native

timeseries_dataset_from_array function which separates the raw data array and ar-

ranges it into time series with the desired shape.

Now, before splitting the data into a training, validation and testing set the samples are

shuffled to guarantee a uniform distribution of all plant operations in the different datasets,

which is a prerequisite for stochastic gradient descent. After performing a few tests with

different percentages it was found that, due to the large amount of data, the split ratio

does not have a noticeable effect on the model performance. Thus, the split percentages

were chosen to be 60% for the training set, 15% for the validation set and 25% for the test

set, which are typical values recommended in the literature [29].
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3.2 Model Hyperparameter Selection

Typically, a machine learning model is characterized by several so-called hyperparameters

that determine its architecture, learning procedure, and other model properties. In the

case of a neural net typical hyperparameters are the number of hidden layers, the width of

these layers, or the learning rate, for instance. Depending on the type, the values of these

hyperparameters have a large influence on the model performance and the overall training

efficiency. The number of hidden units, for example, which can be adjusted by the number

of hidden layers or the width of these layers generally affects the capacity of the model,

with more hidden units resulting in a higher representational capacity. However, more

hidden units also lead to more time expensive training, eventually yielding diminishing

returns, and, additionally, might lead to model overfitting. Similarly, the learning rate

should be tuned optimally, as too high or too low values lead to poor model optimization

during training [29].

A common way to select the values of model hyperparameters is to perform grid search

[29]. For this algorithm, first every parameter is assigned a set of possible values. Then, the

grid search procedure starts by training a model for every possible combination of values

and compares the resulting validation errors. The model with the lowest error has the

best configuration. One problem with grid search is that the number of necessary model

trainings rises exponentially with increasing number of tested hyperparameters and larger

sets of possible values. This means that it is faster to limit the number of investigated

hyperparameters per grid search and perform the grid search algorithm several times with

different configurations. Another way to reduce the duration of the grid search procedure

is by decreasing the size of the training dataset.

With the help of the grid search algorithm, different hyperparameters and neural network

characteristics such as the optimizing function or the learning rate were explored. For

the optimizer, which primarily affects the training speed and resulting validation error,

three different gradient descent functions (SGD, RMSProp and Adam) were compared

against each other. In all tests, both RMSProp and Adam yielded significantly better results

than SGD, while they performed equally well. Thus, Adam which is a common recommen-

dation in literature was chosen as the optimizing function for both the FNN and RNN model.

Next, the optimal learning rate was investigated, where possible values ranged from

η = 0.0001 to η = 0.1 on a logarithmic scale. Here, one correlation that was found during

training was the fact that, generally, a smaller learning rate resulted in a longer training

duration. At the same time, however, lower learning rates yielded a lower validation error.

These relations are depicted in Fig. 19. For most cases, it was found that a learning rate of

η = 0.001 showed the best performance, which was settled on.
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Figure 19: Scatter plot of the validation error for FNN models with different learning rates.
The individual data points are colored to indicate the training duration of the model. While
lower learning rates lead to a smaller validation error, they also result in a higher training
duration.

The next characteristics to investigate were the neural network dimensions, which are the

depth and width of the hidden layers in the case of the FNN, and the number of memory

cells in the case of the LSTM.

For the FNN, the hidden layer depth was varied from one to five, and the width from 4 to

128 on a logarithmic scale. More hidden units mean a higher representational capacity for

the model, and indeed it was found that, in general, networks with a higher number of

hidden units showed a better performance. At a certain number of hidden units, this effect

is reduced to a point where no performance improvement is generated from increasing

the number further. Moreover, a higher number of hidden units makes the network

computationally more expensive to train, resulting in longer training durations per epoch,

for no additional gain. Both these findings are shown in Fig. 20, where the validation error

decreases for models with an increasing hidden unit count of up to approximately 200, and

then stays roughly constant. Thus, the dimensions for the multilayer perceptron FNN were

chosen to be 4 hidden layers with a width of 64 neurons.

The LSTM dimensions were tested in the range from 8 to 64 memory cells. Again, higher

dimensions improved the performance, as the network gained the capacity to fully model

the process dynamic. However, models with 32 and 64 memory cells showed similar

validation performances, indicating that the process can already be modeled sufficiently

well with 32 memory cells. Therefore, the number of memory cells in the LSTM network

was chosen to be 32 as it showed equal performance at a lower computational expense (i.e.

lower training duration).

38



0 100 200 300 400 500 600

Number of hidden units

2 × 10 3

3 × 10 3

4 × 10 3

M
S
E

Hidden units analysis

45

50

55

60

Tr
a
in

in
g
 d

u
ra

ti
o
n
 p

e
r 

e
p
o
c
h
 [

s
]

Figure 20: Validation error for FNN models with different hidden layer dimensions. The
plot shows the total number of hidden units (i.e. hidden layer depth × hidden layer width)
versus the validation error. Additionally, the data points are colored to show the model
training duration per training epoch. While the total number of hidden units positively
impacts the model error up to a point, increasing the number of hidden units further offers
no additional benefit, instead making only the model more expensive.

The selection of the activation function was not based on a grid search but simply on the

default recommendation for deep neural feedforward nets. It has been shown that deep

FNNs with ReLU activations are easier and faster to optimize than comparable networks

using saturating functions such as perceptrons [29]. Thus, the activation function for the

FNNs was chosen to be the ReLU.

For the LSTM network, the activation functions used in the default configuration (as de-

scribed in section 2.1.3) were selected. Thus, the hyperbolic tangent and the sigmoid

function were used as activations.

Next, the loss metric needed to be decided upon. Typically for regression tasks, the loss is

either calculated as a mean square or a mean absolute of the error. However, comparisons of

different models trained with MSE and MAE loss metrics showed no discernible difference

in their performance. Models which were trained with the MAE also had a low MSE loss

and showed a similar performance to models trained with the MSE. The loss function for

the models was decided to be the MSE (see Eq. (1)).

The final training characteristic that needed to be set was the batch size. The (mini-)batch

size defines how many samples are regarded for one stochastic gradient descent or Adam

step. A large batch size more accurately portrays the gradient of the full dataset. However,

calculating the gradient of a larger batch becomes computationally expensive very quickly,
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which is why recommended values range from tens to a few hundred samples at maximum

[29]. For this work, the batch size was chosen to be 64 for the FNN models and 128 for the

LSTM networks.

To summarize, the neural network hyperparameters for both the FNN and the LSTM are

listed below, in Table 3. The training and testing procedure is discussed in the following

section.

Hyperparameter FNN LSTM

Optimizing function Adam Adam

Learning rate η = 0.001 η = 0.001

Network dimensions 4× 128 hidden units 32 memory cells

Activation function ReLU tanh, sigmoid

Loss metric MSE MSE

Batch size 64 128

Table 3: List of hyperparameter values used for the FNN and LSTM model.
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3.3 Training Procedure and Testing

With the hyperparameter values selected, the model is designed according to these spec-

ifications. Using the fit function from Keras the neural network is trained, using the

provided training and validation datasets. During training, the function records training

and validation metrics for every epoch, which help to evaluate the training progress of

the model. Additionally, the early stopping method is used during model training. This

acts as a regularizer and prevents overfitting, as training is stopped when the validation

error increases again during training. In this case, the early stopping algorithm was used

with a patience of a few epochs, so as to only stop training when the validation error

hasn’t improved for a number of epochs. For the training of the LSTM networks, the early

stopping patience was set to 5, while the FNN stopping patience was set to 20 due to

an overall higher number of training epochs. When the training is stopped, the model

weights are restored to their optimal values. With this, the model training is concluded, the

model and its weights can be saved, and the next step is to evaluate the model performance.

To this end, Keras provides the evaluate function which returns the loss metric, in this

case the MSE, for the provided test data. This is a good first indication of the model

performance and can serve as a quick sanity check, as the test loss should be roughly equal

to the validation loss. In order to get a deeper insight into the model’s performance, for

example the model accuracy in different operating conditions, a more thorough analysis

needs to be carried out. This analysis is done using the predict method which generates

output predictions for the inserted samples. These predictions then are compared to the

actual outputs, which enables investigating under what circumstances the model performs

well and where it makes larger errors. The performance analysis for the different models is

discussed in chapter 4.

The LSTM models can be evaluated further by utilizing their ability to iteratively make

predictions several steps into the future. Here, the one-step-ahead prediction is calculated,

which is fed back to the model as the latest entry in the input sequence for the next

prediction step [16]. This way, the model which was trained as a one-step-ahead predictor

can be used to forecast multiple steps into the future. These multi-step-ahead predictions

can then be compared to the actual plant behavior, evaluating the model accuracy over a

longer time horizon.
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4 Results

In the following section I present and discuss the results of the plant modeling. First, I

review the static FNN models for the two plants are and analyze their performance. Then,

I evaluate the LSTM models and compare them to the static models. I contrast different

LSTM model configurations and review the use of these one-step-ahead predictors for

multi-step predictions.

4.1 FNN Models

4.1.1 Plant A

The first prototype models were trained with a reduced set of process data. Initially, for the

modeling of plant A, three operating regions (low, medium, and high power operations)

were selected from the raw data. This was done following the training procedures described

by De et al. [11] and Smrekar et al. [14] who in their work selected distinct data sections

from different operating categories. This initial dataset is depicted in Fig. 21, where every

operating region is represented by roughly five days worth of data points.

Figure 21: Initial training dataset where data is selected from low, medium and high power
operation of the plant. The figure displays the plant outputs power (blue), combustion
chamber temperature (orange), and flue gas oxygen content (yellow).

Quite fast, however, it became clear that this approach of only using data from a few

operating regions without transitions between those regions resulted in an unsatisfactory

model performance, as is shown in the following figure.

Figure 22 depicts the performance analysis of the model using the test data, showing the

oxygen prediction on the left, the temperature prediction in the center, and the power

prediction on the right. In all three cases the model predictions are compared to the

true values for the whole range of the test data samples. The predictions are shown as a

green dot versus the blue dot of the true measurement. The relative error, computed as
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ei = |yi−ŷi
yi

|, is plotted in red, with its values being marked by the axis on the right-hand

side. For better readability the samples are sorted by the value of the true measurement.

Not only does this visualize in which process variable ranges the model performs badly, but

it also shows how densely which part of the operational range is covered by the dataset.

What becomes apparent is that the model predictions hardly reflect the true process

behavior. Instead, especially in the case of Fig. 22(a) and Fig. 22(b), the model makes

roughly constant predictions for the different operational regions. This leads to high errors

at the ends of the individual sections. Additionally, because of the way the data was

selected, it does not evenly cover the entire operation region, particularly in the case of the

combustion chamber temperature measurement depicted in Fig. 22(b), where there are no

samples from 750 ◦C to 800 ◦C in the dataset. Due to the highly nonlinear nature of neural

networks the model would act unpredictably if it encountered samples that lie in untrained

operating regions.

(a) Oxygen predictions. (b) Temperature predictions. (c) Power predictions.

Figure 22: Test data predictions from the prototype model whose training is based on the
categorized data. For every sample the model prediction (green), the true value (blue),
and the relative error of the prediction (red) is depicted. Additionally, the samples are
ordered according to their true value. This enables assessing the distribution of samples in
the dataset.

All in all, these findings show that a proper model requires a bigger, more diverse training

dataset that covers the entire operating region of the plant. Thus, a more comprehensive

dataset was created following the steps outlined in section 3.1, using one whole year of

process data (as in Fig. 17), which was used for the training of a new FNN model that is

analyzed in the following.

The new model for plant A used the hyperparameter configuration listed in Table 3. In

this case, the training took place over 127 epochs with a total training duration close to 32

minutes. Figure 23 depicts the decline and eventual leveling out of the validation error

as the training progresses alongside the training error. The minimal validation error is

reached at the 107th training iteration with MSE = 2.142 × 10−3, after which the loss

doesn’t improve for the next 20 epochs. Note that the MSE is calculated from the training

data which is normalized to the range of [0, 1].
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Figure 23: Trend of the training error (blue) and validation error (red) for the FNN model
of plant A. The lowest validation error was reached at the 107th epoch with a loss of
MSE = 0.002142.

Figure 24 shows the model predictions compared to the true values for the three model

outputs O2 content, temperature, and boiler power. In the plots on the left side the relative

error between prediction and measurement is plotted for every data point, and the median

error is marked. The median error was chosen as it is less susceptible to outliers. Since the

error markers partially cover the measurement and prediction data points, the same plots

are depicted on the right side without error markers.

Due to the changes in the modeling dataset the biggest issues of the prototype model have

been corrected. The operational range is now represented evenly by the training and test

set, as is evident by the blue graphs in the plots. Only at the extreme ends of the process

spectrum there are fewer samples, but most of the process behavior is covered consistently.

Furthermore, for a large extend the predictions now follow the trend of the true values more

correctly, where the predictions are scattered around the measurements with a roughly

constant spread, and, importantly, with fewer sections of constant predictions.

However, the relative errors of the predictions are still quite large, especially for the power

predictions with a median error of 8.48%, and there are many cases where predictions

deviate by over 20%. For the oxygen content and temperature predictions the errors are

lower, with a median of 5.52% and 3.00% respectively, and most errors below 20%, but

they still are considerable.

Taking a closer look at the oxygen content predictions in Fig. 24(a-b), the error distribution

shows a peak at the low end of the sample spectrum, where the sample density is very

low. The model also generates slightly worse predictions at a measurement value of

approximately 7.5% O2. Apart from that, the oxygen predictions are distributed relatively

uniformly around the true values.

44



(a) Oxygen predictions. (b) Oxygen predictions without errors.

(c) Temperature predictions. (d) Temperature predictions without errors.

(e) Power predictions. (f) Power predictions without errors.

Figure 24: Test data predictions from the model trained with the comprehensive dataset.
For every sample the model prediction (green), the true value (blue), and the relative error
of the prediction (red) is depicted. Additionally, the samples are arranged according to
their true value. For every output the plot is shown with and without error marker.

Curiously, the temperature predictions in Fig. 24(c-d) still show gaps or discontinuities,

and sections with close to constant values. Since the neural network model is a black box

model, the reason for these inconsistencies cannot be determined explicitly. Apparently,

given the provided inputs, it is not possible for the model to make more precise predictions.

Still, due to the high absolute value of the temperature measurements the median relative

error is the lowest out of the three outputs. For high temperatures (above 900 ◦C) the

prediction errors are practically all below 10%.

The power predictions in Fig. 24(e-f) exhibit the highest errors out of the three plant

outputs. Especially for low and medium power operations the model struggles to make
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accurate predictions. This might also be partly due to the comparably wide spectrum of

power operations ranging from 100 kW to 1400 kW. Still, it means that the current boiler

power cannot be easily or accurately modeled just by considering the momentary plant

inputs.

Figure 25 depicts histograms for the errors of the individual model outputs. As can be

seen, due to higher accuracy of the temperature predictions the histogram in Fig. 25(b)

is narrower and higher with a sharper peak than the histograms for oxygen and power

predictions. The histogram for the power prediction error in Fig. 25(c) on the other hand

is lower and wider, with a substantial amount of errors outside the [−20%, 20%] interval.

Interestingly, the histogram in Fig. 25(a) leans somewhat to the right indicating that the

model slightly underestimates the oxygen content.
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(a) Oxygen prediction
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Figure 25: Histograms showing the relative frequency of errors for the oxygen, temperature,
and power predictions.

In general, it can be said that the large error of the FNN model is still unsatisfactory, with

many cases where predictions are deviating from the true value by more than ten to twenty

percent, even when using the expanded set of process data covering one year of operation.

This error is too large to use the model for any kind of integration into the plant control

setup.
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4.1.2 Plant B

Plant B consists of a medium scale furnace that produces steam for electricity generation

in a steam turbine. The FNN model was trained for 102 epochs (approximately 36min)

with the process data from the furnace of plant B, now encompassing roughly one full year

from the beginning. As early stopping with a patience of 20 epochs was used, the lowest

validation loss was reached after the 82nd iteration, with MSE = 1.484× 10−3.

(a) Oxygen predictions. (b) Oxygen predictions without errors.

(c) Temperature predictions. (d) Temperature predictions without errors.

(e) Steam flow predictions. (f) Steam flow predictions without errors.

Figure 26: Plant B test data predictions from the FNN model. For every sample the model
prediction (green), the true value (blue), and the relative error of the prediction (red) is
depicted. Additionally, the samples are arranged according to their true value. For every
output the plot is shown with and without error marker.

Figure 26 shows the model predictions for the plant outputs oxygen content, temperature,
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and steam flow. What stands out is that, compared to the plots for plant A in Fig. 24, plant

B has a more static operation in the sense that for most of the year the furnace operates

in approximately the same process range, as can be seen from the blue graphs depicting

the true measurement range. The steam flow for instance lies between 40 t/h to 50 t/h

for roughly 90% of the time, and the temperature is mostly between 900 ◦C and 1100 ◦C.

This is because, unlike plant A which provides residential heating with strong variations in

demand (seasonal and daily), plant B provides steam for electricity generation with a more

or less constant demand.

However, the errors which are also depicted as histograms in Fig. 27 are similarly large.

In this case, the oxygen predictions display the biggest relative deviations with a median

error of 6.49%. The temperature predictions amount to a median error of 3.53%. The most

accurate output is the steam flow prediction which reaches a median error of 1.86% with

most samples having an error well below 10%. Accordingly, the histogram in Fig. 27(c)

is the narrowest. For all three outputs, the errors are largest at the ends of the process

variable spectrum where the sample density is lower.

40 20 0 20 40

Error [%]

0.00

0.02

0.04

0.06

0.08

0.10

0.12

0.14

0.16

re
la

ti
v
e
 F

re
q
u
e
n
c
y

Prediction Error - Oxygen

(a) Oxygen prediction
errors.
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(b) Temperature prediction
errors.
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(c) Steam flow prediction
errors.

Figure 27: Histograms showing the relative frequency of errors for the oxygen, temperature,
and steam flow predictions.

In conclusion, the static FNN models have difficulties with accurately predicting the com-

bustion process for the investigated plants. In many cases the relative prediction error is

bigger than 10%, which is a significant uncertainty for any productive use on-site. Since the

model capacity is sufficient and larger models do not perform better, as tested in section 3.2,

it seems like the models’ performance is limited by their structure and inputs. Apparently,

the dynamical combustion process cannot be predicted with a higher accuracy by a static

model. This is plausible as, depending on the prior plant states, the same combination

of plant inputs can lead to different plant outputs. According to this, a dynamical model

which incorporates the information of previous process states should be more precise when

predicting the next state. Dynamical models in the form of LSTM networks are evaluated

in the following section.
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4.2 LSTM Models

4.2.1 Plant A

For the dynamic plant models the LSTM networks use the hyperparameters specified in

Table 3. For the first iteration of LSTM models the training samples, constructed the way

described in section 3.1, consisted of 120 time steps with a sampling time of 30 seconds.

Thus, the model input in this case amounted to 1 hour of past states, plant inputs and plant

outputs, to predict the subsequent plant outputs for the next sample. Again, the full dataset

was used, covering one year of process data.

The corresponding model training took place over 52 epochs with a training time of 157

minutes and resulted in a minimal validation loss of MSE = 6.756× 10−5, as can be seen

in Fig. 28. Note that the MSE is two orders of magnitude lower than the MSE of the

corresponding FNN model. Additionally, it becomes apparent that the LSTM network

training is computationally more expensive, in this case being roughly five times longer

than FNN training, presumably because of the more complicated backpropagation through

time algorithm. Interestingly, the FNN models presented above consist of far more trainable

parameters, with one FNN having ≈ 5× 104 tunable parameters compared to ≈ 5× 103 for

the LSTM network.
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Figure 28: Trend of the training error (blue) and validation error (red) for the FNN model
of plant A. The lowest validation error was reached at the 47th epoch with a loss of
MSE = 6.756× 10−5.

Figure 29 depicts the prediction plots for the LSTM model. Due to the errors being consid-

erably lower and not covering the other data points only the plots with errors are shown.

In this figure two features stand out: First, as indicated by the validation MSE, the relative

prediction errors are significantly lower than the ones from the FNN model.

Second, there is a substantial accuracy difference between the individual model outputs,
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(a) Oxygen predictions.

(b) Temperature predictions.

(c) Power predictions.

Figure 29: Plant A test data predictions from the LSTM model. For every sample the model
prediction (green), the true value (blue), and the relative error of the prediction (red) is
depicted. Additionally, the samples are arranged according to their true value.
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with the oxygen content predictions deviating the most and the temperature predictions

being the most precise. The reason for this observation can be found when taking a look at

a few exemplary samples depicted in Fig. 30. The plots show the one-step-ahead prediction

of the model compared to the true target and the measurement sequence of the previous

120 time steps (sampled at 30 s) for every model output. As can be seen, the measurement

variation from one time step to the next is vastly different for the three outputs, especially

when considering their scale. In the case of the oxygen measurements the data points vary

by up to half a percentage point from one time step to the next, resulting in the jagged

graph in Fig. 30(a). The temperature graph in Fig. 30(b) on the other hand is much

smoother with very little variation between the time steps and a slower temporal behavior.

Naturally this makes the subsequent temperature value easier to predict. The power graph

is less smooth than the temperature graph but still has smaller variations than the oxygen

values.
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(a) Oxygen sample.
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(b) Temperature sample.
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(c) Power sample.

Figure 30: Plant A test samples for the oxygen content (a), temperature (b), and power
predictions (c). Every plot shows the past measurement sequence the model gets as an
input (120 time steps covering one hour), the true value of the subsequent time step
(target), the model prediction, and the relative model error (right axis).

Figure 31 displays the error histograms corresponding to Fig. 29. The oxygen content
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predictions are the least accurate, with a median error of 1.18% and a noticeable drop in

accuracy for lower process values. Still, most errors are below 5%, which is a significant

improvement to the predictions of the FNN model, which, as a reminder, has a median

error of 5.52%.

Due to the reasons described above, the LSTM model predicts the temperature values very

well, with a median error of only 0.08%, compared to 3.00% for the FNN model. The

histogram in Fig. 31(b) is practically a single spike.

The power prediction saw the biggest increase in accuracy with a median error of 0.60%

compared to 8.48% for the MLP model. Almost all of the errors are smaller than 5% as can

be seen in the histogram of Fig. 31(c).
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(a) Oxygen prediction
errors.
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(b) Temperature prediction
errors.
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(c) Power prediction
errors.

Figure 31: Histograms showing the relative frequency of errors for the oxygen, temperature,
and power predictions for the LSTM model of plant A.

After this successful first iteration of the LSTM model the next step was to investigate how

the model performance is affected by different sample configurations. The first change to

the configuration consisted of reducing the sampling time of the data. This should improve

the model accuracy as the variation between time steps decreases.

Thus, the sampling time was reduced from 30 s to 5 s resulting in six times the number

samples, since the dataset still covers one year of plant operations. For this new configu-

ration the model training required 12 epochs and a duration of 158 minutes. Since the

dataset is six times larger, one training iteration was more time expensive, but, as fewer

iterations are needed, the full model training required roughly the same amount of time

as the previous model. During training the model achieved a minimal validation loss of

MSE = 1.0034×10−6 which is one order of magnitude lower than the previous model’s loss.

Thus, a shorter sample time indeed improves the modeling accuracy without increasing the

computational expense of the model training.

Figure 32 shows the test data predictions for this model. For example, the median error

for the oxygen predictions has decreased to 0.10%, the oxygen predictions now being

almost as accurate as the temperature predictions of the previous model. The accuracy

of the temperature and power predictions has increased as well, with a median error of
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(a) Oxygen predictions.

(b) Temperature predictions.

(c) Power predictions.

Figure 32: Plant A test data predictions from the LSTM model using a sample time of 5 s.
For every sample the model prediction (green), the true value (blue), and the relative error
of the prediction (red) is depicted. Additionally, the samples are arranged according to
their true value.
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0.01% and 0.05%, respectively. The temperature predictions in particular have such a high

accuracy that the predictions in Fig. 32 are practically indistinguishable from the true value.

Another possible sample reconfiguration is to reduce the number of time steps in the

input sample, shortening the time horizon the model has access to. This should improve

training speed as the backpropagation through time algorithm needs to make fewer steps.

However, making the input sample too short negatively impacts the model performance as

less information of the past dynamics of the system is provided. The ideal sample configura-

tion thus allows for an increase of training speed while not reducing the prediction accuracy.

For dynamic models the number of time steps (i.e. past states) in the input sample is called

model order mm and plays an important role when describing a dynamic system [13].

Importantly, the optimal value for the model order depends on the order of the original

system mo. In order to achieve optimal modeling of a dynamical system, it has been shown

that the model order needs to be sufficiently high. For linear systems the model order

should be selected to be equal to the system order mm = mo. Nonlinear systems require

a higher model order, resulting in mm > mo. The Takens’ embedding theorem for forced

systems [7] states that highly nonlinear systems require a model order of mm ≥ 2mo + 1.

Thus, for any system that is not highly nonlinear the optimal model order lies in the interval

mo ≤ mm ≤ 2mo + 1 , (39)

with mm being the model order and mo being the order of the original system [13].

Choosing a model order higher than the optimal model order does not yield significant

improvements for the modeling accuracy.

Unfortunately, the order of the original system is seldom known, which means that the

optimal model order has to be determined by training several models with different orders

and evaluating their performance. When comparing the loss of models with increasing

model order, the optimal value for mm should be marked by a significant drop of the loss

after which it stays roughly constant for even higher order models [13].

This procedure was performed for the LSTM model of plant A to determine the optimal

model order for the combustion process. In this case, the model order (i.e. number of

time steps in the input sample) was varied from 1 to 50 with increasing step sizes, and

a sampling time of 5 s. The resulting validation loss was evaluated for every model and

compared to the others. Additionally, the training duration per epoch was assessed for

every model in order to provide a measure of the computational cost of the model.

Figure 33 depicts this evaluation for the different models. Interestingly, the loss already

drops off for the second order model indicating that the nonlinear combustion process is

a first order system. For higher order models the MSE stays approximately at a value of

≈ 1× 10−6, yielding no further modeling improvement. The training duration, however,
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steadily increases for higher order models since they are computationally more expensive.

1 2 3 4 5 6 7 8 9 10 15 20 30 40 50

Model Order

0

1

2

3

4

5

6

M
S
E

1e 6 Model Order Evaluation

0

2

4

6

8

10

Tr
a
in

in
g
 D

u
ra

ti
o
n
 p

e
r 

E
p
o
c
h
 [

m
in

]

Validation MSE

Training Duration per Epoch

Figure 33: Model order evaluation for plant A.

Out of the tested models the fourth order model was selected as the optimal model order

for plant A, as it has the lowest validation loss but still has the same computational expense

as the second order model. Thus, the optimal sample configuration was determined to

have a sampling time of 5 s and consist of four time steps of previous data. Figure 34 shows

the test predictions for the fourth order model which has practically the same accuracy as

the previous model in Fig. 32, despite its training being significantly faster.

Figure 35 depicts a short section of testing data where the true measurement trend is com-

pared to the one-step-ahead predictions for the respective plant outputs. In all three cases,

the predictions (dashed green graph) almost perfectly reflect the real plant behavior with

only minimal deviations. Thus, for the one-step-ahead prediction this model configuration

works very well.

Finally, the plant model can be evaluated even further. Due to the structure of the one-step-

ahead predictor the model can be used to make predictions several steps into the future by

using the predicted outputs as the newest time step of the input sample for the subsequent

prediction. Due to its simplicity, and the fact that the one-step-ahead prediction model

can be reused and no new model needs to be trained this so-called iterated method is the

oldest and most common technique for multi-step-ahead predictions [16].

However, using predictions as new inputs causes the prediction error to propagate with

every step, resulting in increasingly large errors especially for long horizon multi-step-ahead

predictions. Furthermore, the multi-step-ahead predictor might struggle to represent long

term dependencies of the system because it was trained to merely make (short term)

one-step-ahead predictions [16].
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(a) Oxygen predictions.

(b) Temperature predictions.

(c) Power predictions.

Figure 34: Plant A test data predictions from the fourth order LSTM model. For every
sample the model prediction (green), the true value (blue), and the relative error of the
prediction (red) is depicted. Additionally, the samples are arranged according to their true
value.
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(a) Oxygen trend and one-step-ahead predictions.

(b) Temperature trend and one-step-ahead predictions.

(c) Power trend and one-step-ahead predictions.

Figure 35: True measurements and prediction trends for plant A.
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Still, due to its advantages the iterated method for multi-step-ahead predictions was used in

combination with the already trained model of plant A. For the evaluation of the multi-step

predictions the model was used to predict several steps into the future, using the previ-

ous prediction as newest input step. To be more precise, since the model only produces

predictions for the plant outputs (oxygen, temperature, and power) and an input sample

consists both of plant inputs and plant outputs, the new sample was constructed from the

measured plant inputs and the predicted plant outputs. This is the way such an iterated

multi-step-ahead prediction model would be integrated into a productive control setup, see

for example [20]. Every prediction step is then compared to the true measurement value at

that time.

Figure 36 depicts these predictions for the three outputs for the first, fourth, seventh, and

tenth prediction step, respectively. As expected, the prediction accuracy decreases for

predictions that are more distant in the future. The oxygen prediction in Fig. 36(a), for

instance, has a median error of 0.10% for the first prediction step. However, the error

steadily increases for further prediction steps. At the tenth prediction iteration the median

error for all test samples is 2.85%, with high deviations from the true value especially for

process conditions with low oxygen content.

The temperature predictions in Fig. 36(b) again show the highest accuracy with a median

error of just 0.10% for the tenth prediction into the future.

The iterated power predictions show the same behavior as the other outputs, with rising

errors for subsequent predictions. For the tenth iteration step, which is a prediction 50 s

into the future, the median error stands at 1.51%, with several cases where the errors are

above 10%.

Figure 37 visualizes the difference between iterated predictions and the true measurement

even better. The plots show a short section of true signals and the corresponding multi-step

predictions (green). In this case, the one-step-ahead model was iterated for 60 steps

(5min), after which the next iteration series was started, resetting the prediction by using

true plant data for the first iteration step. This is the reason for the discontinuities in the

prediction graph, which occur between the (mostly far off) 60th prediction step and the

(still very accurate) first prediction step of the new iteration series.

The figure illustrates the effect of error propagation very well, which is one of the main

problems of the iterated method. This can be seen by the fact that for most iteration series

the predictions drift off after a certain number of steps and do nöt recover, leading to a

large deviation from the true signal after the 60th step.

In some cases the qualitative plant behavior is modeled quite well, even though the exact

values are not entirely correct. For example in Fig. 37(b) in the case of the prediction series

starting at 2400 s, where the temperature minimum at 2550 s and the subsequent rise in
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(a) Oxygen multi-step-ahead predictions.

(b) Temperature multi-step-ahead predictions.

(c) Power multi-step-ahead predictions.

Figure 36: Multi-step-ahead predictions using the iterated one-step-ahead model for plant
A.
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(a) Oxygen trend and iterated predictions.

(b) Temperature trend and iterated predictions.

(c) Power trend and iterated predictions.

Figure 37: Multi-step-ahead predictions (green) compared to the true trend. Starting from
true measurement data, the single-step predictor is iterated for 60 steps, using previous
predictions for the input. After 60 iteration steps the prediction is reset and the original
data is used for the next step.
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temperature is predicted. Another case can be found in Fig. 37(c) starting at 300 s, where

the model predicts the initial rise in power until 400 s after which the power decreases

again. Here, the final prediction value is quite close to the true value.

However, these cases generally are an exception to the majority of predictions which drift

off sooner or later.

In general, the initial trajectory of the predictions strongly depends on the true signal’s

slope or tangent at the starting point. This can be seen, for instance, in Fig. 37(a) at 1500 s,

where the iteration series starts right in a local minimum and thus stays roughly horizontal,

although the true oxygen content rises by more than two percentage points. In cases where

the slope of the signal stays similar to the slope at the starting point the predictions mostly

stay closer to the true trend for longer.
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4.2.2 Plant B

The optimizations and findings obtained during the different iterations of plant A models

were used for the creation of the LSTM model of plant B. Thus, the optimal model order

was determined right from the beginning, using a training dataset with a sampling time of

5 s.

Figure 38 shows the model order analysis for plant B. Again, the validation error drops off

for the second order model, confirming the assumption that the combustion process is a

nonlinear first order system. After the second order model, the validation loss roughly stays

in the range of [0.2× 10−6, 0.4× 10−6] which is less than half the loss of the best model for

plant A. Once more, the relation between higher model orders and longer training time is

apparent.
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Figure 38: Model order evaluation for plant B.

In this case, the second order model was used for the further model analysis as it had the

best combination of low validation loss and fast training time. Training for this model

required 20 epochs, resulting in a total training duration of just over 68min and reaching a

minimal validation error of MSE = 2.722× 10−7.

Figure 39 shows this model’s predictions for the test dataset from plant B. As in the case of

plant A, the LSTM model has a much higher accuracy than the static FNN model of plant

B. Most output predictions have such an accuracy that they are indistinguishable from

the true measurement graphs in the plots. Out of the three outputs the oxygen content

prediction has the worst performance, with at median error of 0.1%. However, that still

lies far below the corresponding FNN error of 6.49%.

Both the temperature predictions and the steam flow predictions have a median error of

0.01%, which again is far below their FNN counterparts with an median error of 3.53%

and 1.86%, respectively. Both plots have slightly higher errors at the bottom end of the

process variable spectrum where the sample density is very low.
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(a) Oxygen predictions.

(b) Temperature predictions.

(c) Steam flow predictions.

Figure 39: Test data predictions from the second order LSTM model for plant B. For every
sample the model prediction (green), the true value (blue), and the relative error of the
prediction (red) is depicted. Additionally, the samples are arranged according to their true
value.
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(a) Oxygen trend and one-step-ahead predictions.

(b) Temperature trend and one-step-ahead predictions.

(c) Steam flow trend and one-step-ahead predictions.

Figure 40: True measurements and prediction trends for plant B.
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To better illustrate of the model’s accuracy, Fig. 40 depicts one exemplary section of the

combustion process of plant B and the corresponding one-step-ahead model prediction

(green). Again, the one-step-ahead predictions very closely match the true signal.

Next, the one-step-ahead model was used to create multi-step-ahead predictions via the

iterated method. Figure 41 shows the test set predictions for the first, fourth, seventh and

tenth iteration step. Again, the error increases for higher iterations due to error propagation.

Naturally, due to the single-step predictions for the oxygen content being least accurate,

the oxygen forecast in Fig. 41(a) exhibits the biggest error. After the tenth iteration the

median error amounts to 2.78% with many errors being larger than 10%.

The iterated temperature predictions stay surprisingly accurate even for higher iterations.

At the tenth prediction step the median error lies at 0.19%. However, at the lower end of the

temperature range, where, as already observed, the single-step model is less accurate, the

prediction errors are larger. Additionally, a few outliers are scattered across the spectrum

but almost all errors are smaller than 5% even at the tenth prediction step.

Despite being similarly accurate in the single-step prediction, the iterated steam flow

predictions in Fig. 41(c) perform slightly worse than the temperature predictions. After the

tenth prediction step the median error is 0.42%. Presumably, this is due to the trend of the

steam flow being less smooth, its value changing more quickly. As in the case of the tem-

perature predictions, for low steam flow process conditions the predictions are less accurate.

Figure 42 displays a section of the combustion process to illustrate the multi-step-ahead

predictions for the three plant outputs. Again, the single-step model is iterated for one

prediction series of 60 steps before it is reset and a new series starts.

Generally, the plots show the same phenomena which were identified for the multi-step

prediction of plant A: The prediction series mostly drift off after a few steps leading to large

deviations at the end of the series. The trajectory of the predictions depends strongly on

the slope at the start of the prediction. Still, in some cases the true trend is predicted quite

well.

What stands out is that in Fig. 42(a) the oxygen trend is very jagged or uneven. While

the model predicts these small variations quite accurately in the one-step-ahead case (see

Fig. 40(a)) here the model can’t reproduce the true system behavior as accurately and the

predictions are smoother.

Interestingly, the iterated temperature predictions in this particular section mostly tend

downwards. At the same time, the steam mass flow predictions predominately tend up-

wards, which is a bit contradictory as usually the temperature positively correlates with

the steam flow. One explanation for this phenomenon is that the plant was experiencing,

as far as the model is concerned, slightly unusual or abnormal conditions as the data was

recorded. Presumably, during these conditions the recirculated air flow was increased,
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(a) Oxygen multi-step-ahead predictions.

(b) Temperature multi-step-ahead predictions.

(c) Steam flow multi-step-ahead predictions.

Figure 41: Multi-step-ahead predictions using the iterated one-step-ahead model for plant
B.
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(a) Oxygen trend and iterated predictions.

(b) Temperature trend and iterated predictions.

(c) Steam flow trend and iterated predictions.

Figure 42: Multi-step-ahead predictions (green) compared to the true trend for plant B.
Starting from true measurement data, the single-step predictor is iterated for 60 steps,
using the previous predictions for the input. After 60 iteration steps the prediction is reset
and the original data is used for the next step.
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which under normal circumstances reduces the combustion chamber temperature, and

the primary air flow was increased, which normally causes the power, in this case the

steam mass flow, to rise. Thus, the model, expecting the process behavior it learned during

training and not the abnormal conditions the plant apparently experienced, falsely predicts

a reduction in temperature and rise in power. The reason for abnormal process conditions

could, for instance, be changing fuel properties such as its moisture or composition. In

that case, adding these properties as input signals should help to improve the prediction

accuracy of the model.

All in all, the dynamical LSTM models far outperform their static FNN counterparts. Even

the first model iteration showed a large increase in accuracy compared to the best FNN

models. By tweaking the input sample configuration the performance could be improved

further.

Decreasing the sampling time to 5 s improved the model accuracy without increasing the

computational expense. Further, by reducing the length of the input samples and thus the

model order to a certain point, the training duration could be decreased without losing

modeling accuracy. Due to the combustion process being a nonlinear first order system, it

can be modeled very accurately by a predictor with as few as two input time steps.

However, while the trained models work very well for one-step-ahead prediction, for

multi-step-ahead predictions the models struggle to stay accurate for more than a few steps

before the predictions mostly drift off.
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5 Conclusion

In this thesis, real world process data was used to train neural network models of industrial

biomass combustion plants. Specifically, for two plants both a static feedforward neural

network (FNN) in the form of a multilayer perceptron and a dynamic recurrent neural

network in the form of a Long Short-Term Memory (LSTM) was developed and tested.

For the FNN models it was found that optimal results were achieved when using a full year

of process data for the modeling dataset, in order to cover the entire process range of the

plant. However, even with this configuration the static model still produced unsatisfactorily

large prediction errors, with many cases where the predictions were deviating by more

than 10%. This large error derives from the fact that the dynamical combustion process

cannot be predicted more accurately by a static model.

Thus, for more accurate predictions a dynamic model is required which in this thesis

consisted of LSTM networks. Indeed, it could be shown that the prediction accuracy of

the dynamic LSTM models was far higher. In order to obtain the optimal model order,

optimizing the models both in terms of computational expense and accuracy, different input

sample configurations were tested. As a result it was shown that the combustion process

which is a nonlinear first order system can be accurately modeled using a second order

model. These models achieved very accurate one-step-ahead predictions at a comparatively

low training time.

To further evaluate their performance the use of these models as iterated multi-step-ahead

predictors was analyzed. Here, it was shown that, while in some cases plant dynamics are

forecast quite well, mostly the predictions drift off after a few iteration steps. Therefore,

in their present state these models cannot be used in any kind of model-based control

integration operating over a longer time horizon.

In the future, several steps can be made to improve the long horizon accuracy of the

plant models in order to effectively use them in control setups. First, a quick and simple

measure would be to provide the model with additional inputs describing external plant

conditions, such as the fuel moisture for example. These variables would provide additional

information for the model which should improve prediction accuracy because of the plant

state being more thoroughly described.

Second, other multi-step-ahead prediction techniques might provide more accurate predic-

tions than the iterated method which is hindered by the propagation of the prediction error.

Alternatives could be the direct method, where several models make predictions in parallel,

each for their own time step, or the multiple-input multiple-input (MIMO) approach, where

the model predicts a series of future time steps in the form of a multidimensional output

[16]. Taieb et al. also propose a intermediate approach (MISMO) which adapts the MIMO

method to have more adaptive prediction horizon and to incorporate dependencies on past

predictions [16].
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Furthermore, the model architecture itself should be reviewed. It has to be tested whether

other forms of dynamical neural networks are better suited for long term ahead plant

predictions and their implementation into control setups. Gaussian process (GP) models, for

instance, which can be regarded as a form of radial basis function network, are commonly

used to model nonlinear dynamic systems, see for example [12, 13, 40]. The advantage

of GP models is that, in addition to the prediction output, they provide an estimate of the

output’s variance, which can be interpreted as the confidence or uncertainty of the model

[10]. However, the drawback of using GP models is that they have a high computational

load for large datasets, because of the training algorithm scaling with O(n3), with n being

the number of training samples [10]. Recently, to circumvent this problem it has been

proposed to use GP models performing online learning by continuously having them update

their model with information from current samples, which dramatically reduces the number

of training samples needed [48].

Another recent alternative to RNNs is the use of so-called neural ordinary differential

equations (ODE) [34], where, instead of specifying a discrete hidden layer, only the

derivative of the hidden state is parametrized. This allows the models to adapt their

evaluation strategy to each input, making them more versatile than conventional RNNs, for

example when predicting a time series with irregular time points [34].

Additionally, ensemble learning methods which combine multiple learning algorithms and

models can be used to obtain better performances [37]. Examples for such ensemble

methods include Bagging, Boosting, or Stacking, which improve the final generalization of

the model by averaging the outputs of the different submodels [29]. In their work Wu et

al. employed ensemble regression to RNN models to increase the prediction accuracy of

nonlinear process dynamics [37]. In all these cases, the eventual model accuracy should be

set in relation to the computational cost of training the model in order to have a transparent

comparison.

Regardless of the exact realization of the model, in order to use the model in any kind

of model-based control setup, such as predictive control or internal model control, a few

requirements have to be met from the perspective of the control system. Most importantly,

the stability and robustness of the model must be guaranteed at all times. Stability or

robustness in this case means that small perturbations of the inputs do not result in

catastrophic output changes, and that, for any possible input sequence, the outputs always

stay bounded and in the range of physically-meaningful values [46]. To test the model’s

robustness ideally the model output is evaluated for a sufficiently large amount of perturbed

input samples. Alternatively, the robustness is guaranteed if the model can be shown to

have Incremental Input-to-State Stability (δISS) which can under certain conditions be

enforced by adding a regularization-like term to the model’s loss function, see [43, 46].

However, even when the model satisfies these requirements it is not necessarily guaranteed

to be usable for model-based control purposes. In the case of neural network model

predictive control, for instance, which additionally requires nominal closed-loop stability,
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proving this for a robust model may still be challenging, as even a very accurate plant

model cannot predict output disturbances which cause problems for the system’s stability

[46].

For internal model control (IMC) setups, different steps can be taken to improve the closed-

loop performance. Gregorčič and Lightbody, using a GP model for their IMC approach,

improved the closed-loop stability by introducing a constraint on the controller based on

the GP model’s uncertainty [20]. Blonbou et al., on the other hand, using a regular FNN

model, deployed an adaptive control algorithm that continuously adjusts the controller

parameters during plant operation [5]. This form of adaptive control helps to stabilize the

closed-loop performance because of the constant tuning of the controller parameters. A

common use for adaptive control strategies is to apply them to neural network controllers

which are generally simply inverted plant models, and to continuously tune the controller

with some kind of backpropagation algorithm [1].

Finally, it has to be investigated how to integrate the neural network model into an existing

control setup on a technical level. In the vast majority of cases, industrial process and

plants are monitored and controlled by programmable logic controllers (PLCs) which

are industrial computers that are specialized to work reliably and in harsh environments.

However, the task of implementing ANNs into PLCs is hindered by the fact that PLCs

are limited by both their hardware, consisting of a comparably low power CPU and no

additional GPU, and their software, which is standardized by IEC 61131-3 [52].

Thus, the easiest way to incorporate the neural network model is using external computing

devices for training and during online prediction. This allows external devices such as

an industrial PC on-site or a remote server to perform the computationally expensive

calculations on their optimized hardware and to simply transmit the resulting outputs to

the PLC which subsequently uses them for plant control. For example, Körösi et al. used a

remote cloud service to perform an image detection and classification task, and had the

results transmitted back to the PLC [50]. This allows the use of advanced deep neural

nets such as convolutional neural networks, which would be hard to implement directly on

PLCs. However, using external devices carries the risk of communication outages and, for

remote servers, internet connection failures, in which case some kind of fallback procedure

would have to fill in, in order to guarantee an uninterrupted process control.

Another approach is to deploy the neural network models directly on the PLC, as is proposed

by Körösi and Kajan in [52]. Modern PLC processing units are powerful enough to perform

regression using larger ANN structures such as deep neural nets. However, although the

PLC software supports basic mathematical operations, it has limitations for more advanced

operations like vector or matrix operations. Thus, Körösi and Kajan advise to perform

the network training on an external machine before transferring the fully trained ANN

structure and parameters to the PLC. This can be done manually, configuring the network

according to the trained settings, hyperparameters, and weights, which is time consuming

and might lead to errors. Alternatively, third-party software can be used to export the ANN
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structure to the PLC, for example in the XML format [52]. Deploying the ANN models

directly on the PLC makes them less susceptible to communication outages and removes the

need for additional hardware such as on-site PCs or remote servers. However, such models

are limited by the reduced processing power and the more basic software implementation.

All in all, it is apparent that there still remain challenges before the models can be utilized

in any kind of industrial model-based control setup, such as model predictive control or

adaptive control. Nonetheless, the findings in this thesis demonstrate that neural network

models can be powerful tools for modeling in the process industry. Because of the high

potentials, there is a clear trend to make the integration of data-driven models into the

process, manufacturing, and control industry a reality in the medium term. To this end,

efforts in research and development are done on multiple fronts, both in academia and in

the industry, resulting in an active and fast-evolving field of research.
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Appendix

MATLAB script for data preprocessing

1 %% resampling
2 TT = table2timetable(T_ ," RowTimes","DateTime ");
3 TT = retime(TT ," secondly ","linear ");
4 T = timetable2table(TT ," ConvertRowTimes",true);
5

6 %% filtering
7 A = T{: ,2:47};
8 range = [0:1: length(A) -1].’;
9 B = A;

10 tau = 30;
11 filter = tf(1,[tau 1]);
12 for i = 1:45
13 B(:,i) = lsim(filter , A(:,i), range (:,1));
14 end
15 T{: ,2:47} = B;
16

17 %% remove outliers and plant shutdown phases
18 TT_ = table2timetable(T);
19 S1 = timerange(’2022 -11 -01 00:00:00 ’,’2022 -12 -26 12:00:00 ’);
20 S2 = timerange(’2023 -01 -01 00:00:00 ’,’2023 -04 -06 19:00:00 ’);
21 S3 = timerange(’2023 -04 -11 11:00:00 ’,’2023 -05 -24 06:00:00 ’);
22 S4 = timerange(’2023 -05 -24 14:00:00 ’,’2023 -06 -17 13:00:00 ’);
23 S5 = timerange(’2023 -06 -18 10:00:00 ’,’2023 -07 -17 10:00:00 ’);
24 S6 = timerange(’2023 -07 -18 14:00:00 ’,’2023 -07 -26 12:00:00 ’);
25 S7 = timerange(’2023 -08 -25 05:00:00 ’,’2023 -10 -21 15:00:00 ’);
26 S8 = timerange(’2023 -10 -21 20:00:00 ’,’2023 -11 -08 15:00:00 ’);
27 S9 = timerange(’2023 -11 -16 09:00:00 ’,’2023 -12 -28 06:00:00 ’);
28 S10 = timerange(’2023 -12 -28 18:00:00 ’,’2023 -12 -30 17:00:00 ’);
29 S11 = timerange(’2024 -01 -03 15:00:00 ’,’2024 -04 -02 00:00:00 ’);
30 S12 = timerange(’2024 -04 -05 07:00:00 ’,’2024 -06 -01 00:00:00 ’);
31

32 TT = [TT_(S1 ,:);TT_(S2 ,:);TT_(S3 ,:);TT_(S4 ,:);TT_(S5 ,:);TT_(S6 ,:);TT_(S7 ,:)
;TT_(S8 ,:);TT_(S9 ,:);TT_(S10 ,:);TT_(S11 ,:);TT_(S12 ,:)];

33 T_new = timetable2table(TT ," ConvertRowTimes",true);
34

35 % downsampling to 30s sampling time
36 Data_new = T_new (1:30: height(T_new) ,:);
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Python script for FNN modeling

1 import keras
2 import tensorflow as tf
3 import numpy as np
4 import pandas as pd
5 from time import time
6 import os
7

8 # Hyperparameters
9 test_data_split = 0.25

10 validation_data_split = 0.15
11 dim_hidden = 128
12 n_hidden = 4
13 learn_rate = 0.001
14 es_patience = 20
15 loss_metric = ’mse’
16

17 # Data preparation
18 df = pd.read_csv("data.csv")
19 data = df.to_numpy ()
20 rng = np.random.default_rng ()
21 rng.shuffle(data)
22 # split into features and labels
23 X_raw = data.take ([2,3,4,5,11], axis =1)
24 Y_raw = data.take ([6,10,12], axis =1)
25 # rescale to [0,1]
26 X_max = X_raw.max(axis = 0)
27 X_min = X_raw.min(axis = 0)
28 X_mean = X_raw.mean(axis = 0)
29 X = (X_raw - X_min)/(X_max -X_min)
30 Y_max = Y_raw.max(axis = 0)
31 Y_min = Y_raw.min(axis = 0)
32 Y_mean = Y_raw.mean(axis = 0)
33 Y = (Y_raw - Y_min)/(Y_max -Y_min)
34 X = np.asarray(X).astype(’float32 ’)
35 Y = np.asarray(Y).astype(’float32 ’)
36 # split into training und test set
37 N = X.shape [0]
38 X_test = X[0: int(test_data_split*N)]
39 X_train = X[int(test_data_split*N):N]
40 Y_test = Y[0: int(test_data_split*N)]
41 Y_train = Y[int(test_data_split*N):N]
42

43 # Define model architecture
44 dim_input = X.shape [1]
45 dim_output = Y.shape [1]
46

47 inputs = keras.Input(shape =(dim_input ,))
48 hid1 = keras.layers.Dense(dim_hidden , activation="relu")(inputs)
49 hid2 = keras.layers.Dense(dim_hidden , activation="relu")(hid1)
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50 hid3 = keras.layers.Dense(dim_hidden , activation="relu")(hid2)
51 hid4 = keras.layers.Dense(dim_hidden , activation="relu")(hid3)
52 outputs = keras.layers.Dense(dim_output , activation="relu")(hid4)
53 model = keras.Model(inputs=inputs , outputs=outputs , name= "model")
54

55 # compile model
56 model.compile(optimizer=keras.optimizers.Adam(learning_rate=learn_rate),
57 loss=keras.losses.MeanSquaredError (),
58 metrics = ["mse","mae"],
59 )
60 callback1 = keras.callbacks.EarlyStopping(patience=es_patience ,

restore_best_weights = True)
61

62 # Train model
63 start = time()
64 hist = model.fit(
65 x = X_train ,
66 y = Y_train ,
67 batch_size = 64,
68 epochs = 3000,
69 validation_split = validation_data_split /(1- test_data_split),
70 callbacks =[ callback1],
71 verbose = 1
72 )
73 training_duration = time()-start
74

75 # Evaluate model
76 eval = model.evaluate(
77 x = X_test ,
78 y = Y_test ,
79 verbose =1
80 )
81 model.save(model.name+".keras")
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Python script for LSTM modeling

1 import keras
2 import tensorflow as tf
3 import numpy as np
4 import pandas as pd
5 from time import time
6

7 # hyperparameters
8 sequence_length = 120
9 validation_split = 0.15

10 learn_rate = 0.001
11 prediction_step = 1
12 batch_size = 128
13 dim_lstm = 32
14

15 # data preparation
16 df = pd.read_csv("data.csv")
17 data = df.to_numpy ()
18 x_data = data.take ([2,3,4,5,11,6,10,12], axis =1)
19 y_data = data.take ([6,10,12], axis =1)
20 # rescale to [0,1]
21 X_max = x_data.max(axis = 0)
22 X_min = x_data.min(axis = 0)
23 X_mean = x_data.mean(axis = 0)
24 X = (x_data - X_min)/(X_max -X_min)
25 x_data = X[0:- prediction_step]
26 Y_max = y_data.max(axis = 0)
27 Y_min = y_data.min(axis = 0)
28 Y_mean = y_data.mean(axis = 0)
29 Y = (y_data - Y_min)/(Y_max -Y_min)
30 y_data = Y[sequence_length :]
31

32 dataset = keras.utils.timeseries_dataset_from_array(
33 data = np.asarray(x_data).astype(’float32 ’),
34 targets = np.asarray(y_data).astype(’float32 ’),
35 sequence_length=sequence_length ,
36 sequence_stride =1,
37 sampling_rate =1,
38 batch_size=batch_size ,
39 shuffle=True ,
40 seed=None ,
41 start_index=None ,
42 end_index=None ,
43 )
44 dataset_train = dataset.skip(int(dataset.cardinality ().numpy () *

validation_split))
45 dataset_val = dataset.take(int(dataset.cardinality ().numpy () *

validation_split))
46

47 # define model architecture
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48 for batch in dataset:
49 labels , targets = batch
50 break
51 inputs = keras.layers.Input(shape =( labels.shape [1], labels.shape [2]))
52 lstm_out = keras.layers.LSTM(
53 units = dim_lstm ,
54 activation = "tanh",
55 recurrent_activation="sigmoid")(inputs)
56 outputs = keras.layers.Dense(units = targets.shape [1])(lstm_out)
57 model = keras.Model(inputs=inputs , outputs=outputs , name= "lstm")
58

59 # compile model
60 model.compile(optimizer=keras.optimizers.Adam(learning_rate=learn_rate),
61 loss=keras.losses.MeanSquaredError (),
62 metrics = ["mse","mae"],
63 )
64 callback_es = keras.callbacks.EarlyStopping(patience=5, restore_best_weights

= True)
65

66 # train model
67 start = time()
68 hist = model.fit(
69 x = dataset_train ,
70 epochs = 5000,
71 validation_data= dataset_val ,
72 callbacks =[ callback_es],
73 verbose = 1
74 )
75 training_duration = time()-start
76

77 # evaluate model
78 eval = model.evaluate(
79 x = dataset_val ,
80 verbose =1
81 )
82 model.save(model.name+".keras")
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