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1 Abstract

The integrated mass flow and pressure sensor consist of four read-out structures, two capacitive sensors for the
displacement of the tube and two resistive pressure sensors to attain the pressure drop across the tube. The
sensor’s purpose is to measure the mass flow in the tube and the pressure drop across the tube. However, to
attain these quantities, information is lost which is related to the physical quantities of the fluid. For example,
the actuation frequency is filtered but is related to the density of the fluid. This research uses machine learning
algorithms to learn classification models for the fluids based on the lost information.

This is the first research into combining artificial intelligence into the field of the mass flow sensor. The first step
is classifying fluids using the data. However, integrating parameter and composition estimations could be included
in future research. The integration holds vast potential such as creating applications for the medical and industrial
market. Applications include oil quality estimations and drug administration. Integrating artificial intelligence
could potentially enhance these applications and lead to novel applications.

The training data consisted out of the non-filtered data attained from the sensor using six fluids, eight mass
flows and three pre-pressures. Three machine learning algorithms are tested with the best performance achieved
by k nearest neighbour and decision tree algorithms which were able to classify fluids with an accuracy of 95% and
92% respectively.

However, this accuracy is only achieved for discrete mass flows, therefore further research is needed to achieve
classification for continuous mass flows.



2 Introduction

Integrated throughflow mechanical mircofluidic sensors are sensors which are able to attain the mass flow by
the mechanical properties of the sensor. Knowing the mass flow is essential to a variety of medical and industrial
applications [1]. These sensors also provide information on the physical quantities of the fluid which could potentially
be used to determine the fluid inside the tube. However, these are usually not used. The focus of this research is
classifying fluids using the data from the mass flow sensor. The sensor used in this research is the integrated mass
flow and pressure sensor from IDS. This sensor consist of a Coriolis mass flow sensor and two resistive pressure
sensors. The data is collected by generating a data set using the physical relations between the fluids.

The signals from this sensor are used to determine the mass flow but also contain information regarding the
physical quantities of the fluid such as the density and viscosity. These parameters can be used to identify the fluid
and also estimate contributions of a fluid to a composition [1]. This information can potentially be used in various
fields. For example, to determine the quality of crude oil. These oils are essential to the Europe’s market and
come from several locations such as Russia and Iran. However, when buying these oils, it is important to know the
quality. The quality is mainly characterised by the density and sulfur content [10]. Logically, the mass flow sensor
would be able to determine the density of the oil and thus give an indication of the quality. Determining the fluidic
properties can be solved analytically using the physical relations such as the equation of Hagen-Poisseuille but,
these relation only hold under specific circumstances. Machine learning provides a means to bypass these analytical
relations and instead learn these relations from data.

Machine learning is a sub-field of artificial intelligence focused on learning and improving mathematical models.
They are improved through experience and do no not need any analytical relation instead it approximates the
relations from the data. Learning these relations can be performed using three learning methods: Supervised
learning uses labeled training data, unsupervised tries to cluster new data and reinforcement learning improves by
evaluating the results after execution. This thesis uses supervised learning because of the availability of labeled
data and the desired application. Supervised learning provides classification and regression. Models which estimate
continuous parameters perform regression while classification is used for discrete outputs. The classification models
could be used to identify the fluid inside the sensor while regression can potentially estimate the physical quantities
of the fluid.

This research will implement machine learning in a similar fashion to that of human activity recognition (HAR)
because this is the closest related field. HAR uses machine learning to classify movement patterns, such as sitting
down and walking, using information from various sensors. Performing machine learning with the data from these
sensors requires three steps. First, the data needs to be segmented which refers to filtering and windowing the
signals to split the signal into several slices with as goal to generate more training data. Secondly, feature extrac-
tion is applied to all these slices which extracts the characteristics such as the amplitude or frequencies. Finally,
classification models are generated and optimized. Optimization includes selecting features and optimizing the
hyperparameters of the model. For this research, the sensor data will be pre-processed to generate data points with
every data point having a label referring to the fluid and relevant features which relate to the physical quantities of
the fluid. Pre-processing will be done in Matlab while the machine learning algorithms are performed with Rapid-
Miner. The algorithm should learn the relation between the features and the labels and bases the classification on
this relation.

Aim of this thesis

Integrating artificial intelligence into the mass flow sensors gives rise to various applications such as estimating
the compositions and classifying fluids. This thesis introduces machine learning to the mass flow sensor by using
the algorithm to classify the fluids inside the integrated mass flow and pressure sensor from the physical relations
between the fluids and the signals.


https://rapidminer.com/
https://rapidminer.com/

Note on corona impact

The corona pandemic of 2020 limited this research as the labs at the University of Twente closed down. Therefore,
it was impossible acquire data from the sensor, instead generated data is used. The data consists out of six fluids
which are generated using the physical effects of the sensor.



3 Theory

This section is split into the theory behind the integrated mass flow and pressure sensor and artificial intelligence.
The following section will introduce theoretical concepts on which the current research is based. First, basic proper-
ties of the mass flow and pressure sensor will be discussed because the sensor serves as basis for the algorithm. The
reader is invited to read the following papers for a more in depth explanation. [3][2][4]. The second part discusses
artificial intelligence which explains the principles of machine learning.

3.1 Integrated mass flow and pressure sensor (IMFP)

The IMFP sensor consists of one tube with four different read-out structures. Two of these are used for measuring
the displacement and will be referred to as the displacement sensors. the other two are resistive pressure sensors
and are referred to as the pressure sensors. An illustration of the device can be seen in figure 1. The figure shows
the pressure sensors depicted as the resistive pressure sensor and the displacement sensors at the Coriolis mass flow
sensor. The sensor serves three purposes: measuring the mass flow, determining the pressure drop over the tube
and determining the density of the fluid. The mass flow is determined by the mechanical displacement of the tube
in relation to the Coriolis force [1]. The pressure drop is determined using the two resistive pressure sensors and
the density is related to the movement of the tube in one direction. The following section provides an analysis on
the relation between the output signals and the physical parameters.

resistive Coriolis resistive
pressure sensor mass flow sensor pressure sensor

Figure 1: Overview Coriolis mass flow sensor with two pressure sensors[2]

The Coriolis mass flow sensor determines the mass flow by measuring the displacement of the tube. This dis-
placement is influenced by the Coriolis force.

The Coriolis effect is observed when the radius of a rotating object changes. When the mass goes towards the
center of rotation, the mass will not follow a straight line to the center. Instead, the Coriolis force will act on the
mass perpendicular to straight line. This divergence is referred to as the Coriolis effect and is affecting the tube
due to an artificially generated vibration. This vibration is depicted in Figure 2 as the twist mode. Without any
mass flow, the mass inside the tube would thus oscillate. However, as the mass has a rotation and moves towards
the center of rotation, a Coriolis force will act on the tube. Furthermore, the tube does not rotate but vibrates. As
the direction of rotation changes, the direction of the Coriolis force will change thus, resulting in a vibration instead
of rotation. This vibration is depicted as the swing mode in Figure 2. The combination of the two signals can be
used to measure the strength of the Coriolis force. The twist mode generates a sinusoidal displacement but, the
swing mode interferes with another sinusoidal signal. This interference results in a delay between the displacement
signals and can thus be observed as a phase shift between the two signals. The combination of the two movements



is shown in Figure 3. By determining the delay, the Coriolis force can be determined which is proportional to the
mass flow.

The displacement of the tube is measured using two capacitive combs on the left and right side of the tube. The
capacitors can be seen in Figure 2 as S1 and S2. The capacity is inversely proportional to the distance between the
combs. Ideally, the capacitance would follow the displacement. However in reality, the is not a perfect sine wave.
When the combs cross each other, the capacitance is maximal after which it decreases again thus resulting in a
valley.

The capacitors are placed on opposite sides of the twist mode axis. Therefore, the signals will have a phase shift
of 180 ° if there is no mass flow. However, this phase shift will change due to the Coriolis force. Therefore, the
phase shift of the two displacement signals holds a direct relation to the mass flow @,,.
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Figure 2: The two vibration modes present in the Coriolis mass flow sensor [2]
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Figure 3: The signals in the Coriolis mass flow sensor. Red: The displacement of the left side of the tube. Green:
The displacement of the right side of the tube. Top: Twist mode signal. Middle: swing mode signal. Bottom:
Combination of the signals. [4]

The pressure is measured with a resistive pressure sensor. The sensor uses a Wheatstone bridge of which one
resistance changes based on the pressure. The resistance is a thin film gold on the top of the tube. The tube is fixed
to the silicon, but the fabrication process results in a flat top. This membrane deforms when pressure is exerted.
The gold films on the top will therefore stretch and thus change resistance. The Wheatstone bridge transforms this
resistance change into a voltage. The difference between inlet and outlet voltage is related to the pressure. [2]

The pressure has a direct relation to the dynamic viscosity of the fluid as follows from the rule of Hagen-
Poisseuille.

8uLQy
Ap = TRY (2)




This equation says that there is a direct relation between pressure drop, dynamic viscosity and volumetric flow
rate @),. The volumetric flow rate is the rate of volume through the tube and can be expressed as a combination
of density and mass flow. This equation holds for straight line flows such as the straight line of the tubes. The
volumetric flow rate and pressure difference relate to the dynamic viscosity as follows:

22 (3)

v

The density is related to the displacement of the tube in the twist mode. The tube is a mass spring system and
therefore has a resonance frequency. This resonance frequency is observed in the actuation signal. The resonance
frequency in a mass spring system is inversely dependent on the mass. Because the volume of the tube is a constant,
the density determines the mass. Therefore, the resonance frequency holds an inverse relation to the density.

focp™? (4)

Figure 4: The graphical representation of the tube and the capacitor combs [2]

3.2 Artificial Intelligence

The various relations between fluids and the signals from the IMFP sensor can be used to identify the fluid inside
the tube. Artificial intelligence able to to solve complex problems by learning. Therefore, this could be an efficient
and reliable approach to classifying the fluids with the sensor’s data.

Artificial intelligence can be implemented by either machine learning or deep learning. Machine learning is the
traditional approach to artificial intelligence. The performance of the various algorithms is fully understood and
can be modified to the needs of the application. However, deep learning outperforms machine learning in most
applications. Its main benefit is the automatic feature extraction while machine learning needs the designer to
identify the features. The manual extraction of features often limits the ability of the model as human expertise is
unable to generate high-level features. Deep learning is capable of designing significant high-level features tailored
to each scenario and data type [12]. However, the models are usually more complex than those of machine learning.
This makes it difficult to understand the performance and decisions. Therefore, this research will use machine
learning.

This research investigates the possible uses of machine learning when used on the data from the IMFP sensor.
That is, using the previously filtered information to classify fluids and analysing whether it is possible to estimate
the physical quantities of the fluid. There are three algorithms used: Decision tree, k nearest neighbour and naive
Bayes. These three classification algorithms are selected because of their performance in other fields [9]. The next
section will explain the principles of classification with hyperparameters. Lastly, a small note on linear regression
will be provided to explain the basic principles of parameter estimating.

Supervised and unsupervised learning are two similar approaches to learning. Shortly put, supervised learning
uses labeled training data when learning while unsupervised tries to determine probability densities from experience;
clustering new data. There are also semi supervised learning algorithms which combine an initial set of supervised
learning and continues to learn from new examples. The sensor data provides relations to the fluid thus can be



used as training data. Therefore, supervised learning will be performed.

For supervised learning, the training data needs to be prepared in such a way that the algorithm can distinguish
the fluids with the features. The data consists out of features and labels, the labels identify the class and the features
the properties. For instance, water has a viscosity of 0.53m Pas which is a feature of the class water. The algorithm
attempts to approximate the mapping function which maps the values of the features to the labels. [9] The data
from the IMFP sensor contains four outputs which have various features such as actuation frequency, pressure drop,
etc. These features hold a direct relation to the fluidic parameters and can thus be used for classifying fluids. Thus,
the training data should consist of the various features related to the physical quantity of the fluid and the fluid
itself as label.

Classification and regression are two terms used to describe the output of a model. For classification the output
of the model is discrete and can thus only have a finite set of options. For regression, the output is a continuous
variable, a number. This thesis is focused on classification of fluid while regression will be used to look for potential
research into estimating fluidic parameters and the mass flow. Classification needs labeled data with every label
corresponding to one class. The algorithms learns to correlate features with classes. New data will therefore be
classified according to its features. E.g. the algorithm could therefore learn that an actuation frequency of 2400 Hz
corresponds to water.

Hyperparameters are parameters which change the learning process. Changing the parameters can have a vast
impact on the the resulting model and its performance. The hyperparameters are different for every algorithm
and must be optimized for maximal performance [6]. Hyperparameters can also be used to prevent overfitting.
Overfitting occurs when a model only adheres to the test data and will act wrong for the verification data. The
model uses random relations which are not actually there. Hyperparameters can be used to prevent overfitting. [5]

3.3 Machine Learning

Machine learning encompasses various learning algorithms. There are three machine learning algorithms tested:
decision tree, k-nearest neighbour and naive Bayes. Moreover, linear regression will be mentioned as one of the
regression methods. The three algorithms will be used to classify the fluids. The implementation will be discussed
below.

The algorithms are trained using training data which first needs to be created. To generate training data, two
steps need to be performed: segmentation and feature extraction. Segmentation covers the various signal processing
techniques such as windowing and filtering the data. Common approaches are frequency filtering with a customized
filter and windowing. Windowing refers to splitting the data into several similar data points. By providing more
examples, the algorithm can often perform better. The sliding window algorithm is commonly used for segmentation.
This method splits the data into equal sizes and can also incorporate overlap between these windows thus creating
more data points without influencing the window lenght. The sliding window will be implemented, but without
overlap as more than enough data was available.

The feature extraction process refers to selecting and creating features from the windows. These features should
provide information regarding the labels, preferably unique for every label. The data generated by the Coriolis mass
flow sensor gives various features related to the fluid. The actuation frequency should be extracted as it relates to
the density of the fluid. The viscosity can be attained using the pressure drop and mass flow. This relation can be
extracted by determining the phase shift between the displacement signals and the difference between the signals
from the pressure sensors. Therefore, the phase shift, pressure signal difference and actuation frequency will be
provided along with other features.

The machine learning algorithm is provided with data sets from three fluids in which the mass flow and pre-
pressure will be varied. The sensor data corresponding to the fluids are generated based on the physical effects of
the sensor. The physical quantities of the fluids are shown in Table 1. The density of ethanol, isopropanol and



| fuids | density (kg/m?) | viscosity (mPas) |

Chloroform 1480 0.53
Ethanol 789 1.1
Hexane 655 0.297

Isopropanol 786 2.4

Methanol 792 0.56
Water 998 1.0

Table 1: The physical quantities of the six fluids

methanol are similar thus making it difficult to distinguish the fluids solely based on the density. However, the
viscosity provides a second feature with which the other fluids can be identified.

3.3.1 Decision Tree (DT)

The decision is machine learning algorithm which takes a vector of features such as pressure, mass flow and actuation
frequency and returns a class according to the generated decision tree. This machine learning technique is considered
to be the best machine learning algorithms regarding performance [9]. The tree consists of nodes and branches in
which the node specifies a splitting variable and the branches are the corresponding value ranges. The first node is
called the root node and the depth of a tree is specified by the number of nodes from the root node. The last node
in every branch is called the leaf node. The leaf nodes specify the output class of the decision tree. For example,

the decision tree in Figure 5 shows as root node the density with three leaf nodes stating which fluid belongs to
which properties.

<1200 density >1200
(Kg/m”3)
<1.05 | Viscosity >1.05
(mPas) \
| | Chloroform
Water Ethanol

Figure 5: The decision tree identifying fluids based on their physical quantities.

The features generated by IMFP should provide a similar looking decision tree with the density replaced by the
actuation frequency and the viscosity replaced by a combination of mass flow and pressure drop. The tree generates
the nodes based on the entropy of the attributes. This entropy specifies how much data points are separated by
that feature. The feature with the highest entropy is chosen after which the process is repeated. The density is
able to distinguish water, hexane and isopropanol clearly which will thus relate to a high entropy for the actuation
frequency. Furthermore, the viscosity is capable of distinguishing ethanol, isopropropanol and methanol. However,
this relation does require the tree to split both on the mass flow and the pressure drop.



There are several hyperparameters for the decision tree but only the tree depth will be modified. The decision
tree is prone to overfitting as it can continue splitting until every single example is classified correctly as long as
there are small distinction between the features. Therefore, the model will classify the training data correctly but
will not correctly classify new data. The maximal tree depth specifies the maximum number of nodes from the root
node and thus limits the capabilities of the decision tree.

The second method to prevent overfitting is pruning. This process removes the clearly irrelevant nodes; nodes
which do not hold any relation between label and values [9]. Pruning is usually done after generating the model but
can be applied beforehand as well. This method is referred to as pre-pruning and excludes features from becoming
splitting variables. This research uses the automatic pruning provided by RapidMiner.

3.3.2 k-nearest neighbor (KNN)

This algorithm classifies new data based on the classes of the data points which have the most similar features.
This algorithm is a passive algorithm which means it does not have a learning procedure. Instead, KNN classifies
the data during execution. The algorithm constructs a data space with the features used as axis. The data points
are located according to their respective feature values. This can be seen in Figure 6. The plot shows three classes
which seem to be separable but do show overlap. KNN uses this data space to perform classification on new data
by looking at the features of the data. It places the new data point in the data space and determines which data
points are closest to it. The k specifies how many of its closest neighbours are considered. The decision is based on
which class occurs most often in its neighbours.

To illustrate this process, a gray dot is included in Figure 6. The algorithm uses a k of three to classify the
new data. The three closest neighbours are represented by the black line. The classes of these data points are red
therefore, the algorithm will classify the gray dot as red.

The algorithm works best for data with a small spread. The classes in Figure 6 show a relatively large distribution
causing overlap between the classes. This results in faulty classification. For example, if the left most red dot would
be new data instead of example data, the algorithm would classify it as green. Therefore, the accuracy and resolution
of the features play a significant role in the performance of the algorithm.

Furthermore, there are two hyper parameters important for k nearest neighbour. The first is k which specifies
the number of names taken into consideration. Furthermore, the distance between the neighbours and the new data
point can be taken into account, this is called weighted voting. These two hyperparameters change the behaviour
of the model.

F1
[ ]

Fe

Figure 6: Data space with three classes and two features (fl & {2). The gray dot represents new data and the black
lines its closest neighbours.[8]
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3.3.3 Naive Bayes (NB)

Naive Bayes is a probabilistic classification algorithm based on Bayes rule. The model learns dependencies between
features and classes and outputs probabilities of new data belonging to the different classes. The algorithm bases
the probabilities on the recurrence of a certain feature in a class. L.e. if class A only contains an actuation frequency
of 2500H z, then the algorithm will assign new data with an actuation frequency of 2500H z a high probability of
belonging to class A. However, the decision is based on the complete probability based on all features.

The mathematical foundation is probability theory and Bayes’ rule which states:

P(B|A) x P(A)

PAIB) = =55

(5)

This is translated to features as follows. The first part of the equation states the probability that unseen data
B belongs to class A. Bayes’ rule states that this probability can be rewritten as the probability that the features
of B are present in class A times the probability of class A occurring divided by the probability that the features
of B occur. [9]

The probabilities on the right side of the equation can be calculated. The probability of class A having features
B is determined by counting how often the features occur in class A. For instance, the class water might have an
actuation frequency of 2500H z. If there is noise, the entire water class will have this feature thus resulting in a
probability of 1 that the feature occurs in the class. The probability that class A occurs is determined by dividing
the number of occurrences of A divided by the total number of data points. Lastly, the probability that features B
occur is determined by counting how often the value occurs divided by the total number of data points. E.g. a data
set of 100 data points of which 20 water will give a probability of  for P(A) and if only water has an actuation
frequency of 2500H z, the probability of the feature occurring is 12% = % Therefore, a new data point with this
freuquency will have a probability of M—QQ = 1. Therefore, naive Bayes works best when the features are unique for

every class.

Naive Bayes can work classification of fluids when the features are unique for every class. Furthermore, the
classification is based on the number of occurrences in the data. Therefore, the performance will depend on
whether the data set has an equal number of data points for every class.

3.3.4 Linear regression

Linear regression models the relation between two dependent variables. The relation is determined by a linear
prediction function which generates a linear function of the form y = aX + b. The example data provides relations
between features X and output y which are used to tweak the parameters a and b. This can be used to estimate
linear relations such as the relation between the actuation frequency and the density.

When the model contains multiple features, multivariate linear regression needs to be applied. This model can
predict relation between multiple features and the output. The output y becomes a function of multiple features

. The complete function becomes y = @X + b. The size of the vectors is equal to the number of features.
This becomes applicable when estimating the viscosity which is based on the combination of mass flow and pressure.

11



4 Method

This section will describe the various steps needed to perform machine learning on the data from the IMFP sensor.
This includes data analysis, data preparation (segmentation), feature extraction and the learning process. The data
preparation is performed in Matlab R2020A and the machine learning with RapidMiner. Matlab is a commonly
used platform for digital signal processing and other mathematical analysis. RapidMiner is one of the various
frameworks on which you can perform machine learning.

This research uses data from the four read-out structures on the IMFP sensor. To recap on this sensor, the
sensor provides four signals. Two for the inlet and outlet pressure and two for the displacement of the tube. The
output of the sensors is connected to a DAC with a sampling frequency of 250.000 Hz. This makes it possible to
distinguish between signals up to 125KHz [11]. The following parameters are changed between simulations.

1. Mass flow

2. Pressure

3. Fluid

There are six different data sets generated for six different fluids: Chloroform, ethanol, hexane, isopropanol,
methanol and water. The mass flow was varied from zero g/h till eight g/h with steps of one gram per hour. Lastly,
the pre-pressure is varied between three bar, six bar and nine bar. For every combination, one second is simulated
providing 250.000 samples. From this data, three features must be extracted: Pressure drop, actuation frequency
and phase shift.

The relation between these features and the fluid is discussed in the theory section 3. Moreover, the higher
harmonic contains information on the fluid. As previously described, the signal will have a valley whenever the
capacitor combs cross the chip which can be observed in the frequency spectrum by a second harmonic. This
phenomenon is visualised by the valley between the two peaks on both signals shown in Figure 7.

22 T T T T
\ \ 4 Capacitor1
Capacitor2 /

2. 7 \ WY

Voltage(mV)
o

-
o
T

17H]

161

15

0 0.5 1 1.5 2 2.5 3 35 4
Time(ms)

Figure 7: The measured voltages related to the signals generated by the two displacement sensors for ethanol with
a three bar pressure and a mass flow of four grams per hour
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4.1 Pre-Processing

To apply machine learning on the data, segmentation and feature extraction will be performed. First segmentation
will divide the data into several windows after which features are extracted from the windows. The following
features will be extracted from the data: actuation frequency, voltage difference between inlet and outlet pressure
sensors, phase shift between the capacitor signals and the magnitudes of the first and second harmonic.

4.1.1 Segmentation

Segmentation focuses on both the filtering windowing of the signals. The original signal is one second long and
sampled at a sampling frequency of 250.000H z. The signals are stored in excel files and read into the workspace
of Matlab using the readtable function and transformed into an array using table2array. The result is a data set
represented as a matrix of 27 by 250.000 by 4 for every fluid. 27 due to the three pre-pressures and the 8 different
mass flows and 4 because of the four different sensors. This process is executed by the readfiles.m function.

These signals are windowed into even length windows using the reshape function from Matlab [reshape]. Every
window will generate one set of features. The reshape function reshapes a matrix into the dimensions given as
input. The function was made generic by using a variable called ”windows” which controls the number of generated
windows. Originally, 100 windows were prepared resulting in a 27 by 2500 by 100 by 4 matrix for every fluid. The
size of 100 windows was chosen based on a balance between samples per window and available training data. Figure
8 shows an example of this window for the capacitors.

There is no general filtering applied to the data. Instead, the filtering is executed during the feature extraction.
This increases the accuracy and resolution of the features as the filter can be modified to increase the accuracy of
the feature.

ETNQW \\
Hl
( I HH \JW MM

Time(mS)

Figure 8: One example window of the capacitances for water with nine bar pre-pressure and 4 grams per hour mass
flow.

4.1.2 Pressure analysis

The first feature to be extracted is the pressure drop. This is attained by determining the voltage difference between
the two pressure sensors. The signals from the pressure sensors are shown in Figure 9. The signal contains large
amounts of noise. To filter this noise, the DC signal is taken. For efficiency, the mean function is used which can
take the average along one dimension of a matrix. The result is a 27 by 100 matrix containing the voltage difference
for every mass flow, pre-pressure and window.

13
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Figure 9: The two pressure signals extracted from one window. The window is taken from the water data set with
nine bar pre-pressure and a mass flow of 4 g/h

4.1.3 Frequency analysis

This section describes how to extract the features from the frequency domain of the signals. The signals will be
transformed using the Fourier transform. Only the two displacement sensors provide information in the frequency
domain. The following four features are extracted from the two displacement signals:

e Actuation frequency
e Magnitude actuation frequency
e Second harmonic frequency

e Second harmonic magnitude

The signals are transformed using the fast Fourier transform function from Matlab, but first the DC value is
removed as it causes a spike in the frequency domain. Removing the DC value is done using the mean function and
subtracting the mean from the data. The fast Fourier transform is applied to the remaining signal. This results in
a frequency signal ranging from 0 Hz till 250kHz. However, the signal is mirrored around 125 KHz [11]. Therefore,
only the first half of the signal is analysed. The absolute value of the frequency signal is shown in Figure 10. The
figure shows a strong peak at 2600H z. The actuation frequency for the other fluids is observed between 2400H z
and 2600H z. The second harmonic is on twice the actuation frequency therefore, the signal could be filtered from
5200H z. However, faulty data can easily be removed in a later stage therefore, a frequency range of 0 — 20K H z is
used.

To automatically attain the actuation frequency, either the max function or the findpeaks function can be used.
the max function returns the maximum from the entire signal while findpeaks will return all the maximums in the
signal. The benefit of the findpeaks function is that it can be used to find the frequencies and magnitudes of higher
harmonics. The output of the findpeaks algorithm can be altered using various parameters. This research uses
three parameters specified as MinPeakDistance=10, SortStr=descend and Npeaks=2. MinPeakDistance specifies
the minimum number of samples between peaks which is used to prevent similar frequencies being considered
twice. SortStr determines whether the peaks are returned from maximum magnitude to lowest magnitude or
lowest magnitude to highest magnitude. Lastly, Npeaks specifies the number of peaks considered. There are two
frequencies which should be returned: the actuation frequency and its second harmonic.
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Figure 10: The frequency signal for ethanol at three bar pre-pressure and a mass flow of four g/h.

The function returns the indexes of both the magnitudes and the frequencies from the two displacement signals.|[7]
To obtain the frequency, an array is constructed with the frequencies corresponding to the indexes. The frequency
of the second harmonic is also returned. This does not necessarily provide information but can be used to validate
the features.

Unfortunately, this method only has a resolution of 100 Hz. The Fft of 2500 samples gives an output of 2500
samples which are equally divided over the entire frequency spectrum. The frequency spectrum ranges from 0 till
250.000 Hz (the sampling frequency). Therefore, every sample corresponds to 250.000/2500 = 100 Hz. To increase
the resolution, either the window size needs to be increased or the data needs to be resampled at a higher frequency.
The first method is applied by decreasing the number of windows to 25.

The execution is performed by a Matlab function which takes the windowed data and returns both magnitudes
and frequencies in two matrices of 27 by 100 by 2 by 2. Thus, the first and second harmonic frequencies and the
respective magnitudes from the two displacement signals for every window, mass flow and pre-pressure.

4.1.4 Phase shift

Lastly, the phase shift between the two displacement signals will be extracted. There are several methods to extract
the phase shift. The Fourier transform provides an angle at every frequency. The angle from one displacement signal
can be extracted by taking the angle at the actuation frequency. By doing this for both signals and subtracting
them, the phase shift can be determined. The other method is cross correlation, a commonly used digital signal
analysis technique [11]. This research uses cross correlation as the Fourier transform was too inaccurate.

The phase shift is defined by A¢ which is the phase shift necessary for two sinusoids to be the same. This can
be mathematically written as.

sin(wt + ¢1) = sin(wt + g2 + Ag) (6)

This equation has two signals with equal phases due to the extra phase shift introduced by A¢. The phase shift
is given as A¢ = ¢ — ¢o.

Cross correlation shifts two signals over each other and determines the correlation between them. The displace-
ment signals are discrete therefore, the signals are shifted across each other in discrete steps. If the signals are
identical, the output is maximal while a 180° shifted signal will result in a minimum. The cross correlation of the
two displacement signals will generate a sine like pattern due to the periodic behaviour of the signals. However,
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the magnitudes decrease when going further from the centre as can be seen in Figure 11. This decrease is due to
the the length of the signal which is 2500 samples. The signals are shifted across each other but are not extended.
Therefore, the shifted signal overlaps with zero and is thus not correlated.

The number of samples shifted corresponding to the maximum correlation is a direct indication of the phase
shift. The index of the maximum corresponds to the amount of samples the signal is shifted. From this sample
lag, the phase shift can be determined from the number of samples per period. The number of samples per period
is calculated using the actuation frequency. The time per period is one over the actuation frequency T's = 1/ fact.
The sampling frequency is the number of samples per second. Together, the samples per period can be determined.
The example equation below gives the samples per period for a fluid with actuation frequency 2600H z.
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Figure 11: The cross correlation of one ethanol window

Sn=Tsx Fs (7)
= 2 ~ 96.1
Sn 2600 x 2500005 =~ 96 (8)
Sn gives the samples per period. Dividing the sample lag by the samples per period gives the phase shift.
Samplelag
Ap=——= 9
o= "0 )

However, the resolution is limited as the signals can only be shifted by one sample. Therefore, the resolution
for the example fluid is:

Resolution = 1/S5n (10)

Resolution = 1/96.1 x 27 =~ 0.065 Rad (11)

To increase the accuracy, two methods are applied. First, the other peaks shown in Figure 11 are used and aver-
aged. The second modification is upsampling. The limiting factor is the number of samples per period. Upsampling
will resample the signal at a higher sampling frequency thus generating more samples per signal. This research
used an upsampling factor of four thus generating a signal of 10.000 samples out of the original 2500 samples [11].
However, this method introduces distortion at the beginning and the end of the signal. This does not influence the
detected phase shift as there is no correlation between the distorted part of the signal and the other signal. With
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four times as many samples, four times as many steps can be taken and thus the resolution is increased by a factor 4.

Again a function is created which takes the windowed fluid data and returns a 27 by 100 matrix providing the
phase shifts between the capacitor signals for every pre-pressure, mass flow and window.

The complete set of features is written into a csv file using the writetable function from Matlab. The table
inside the csv file contains thirteen columns and 2700 rows for every fluid. The columns are the labels and features
of the data. They are ordered as follows: Fluid, Mass flow, Pressure, Actuation frequency displacement sensor 1,
Actuation frequency displacement sensor 2, Voltage difference from the pressure sensors, Phase shift, Magnitude
actuation frequency displacement sensor 1, Magnitude actuation frequency displacement sensor 2, Second harmonic
frequency displacement sensor 1, Second harmonic frequency displacement sensor 1, Magnitude second harmonic
frequency displacement sensor 1 and Magnitude second harmonic frequency displacement sensor 1.

4.2 Machine Learning

The generated data set can now be used for machine learning. The algorithms discussed in section 3 will be applied
and tested. Furthermore, the performance will be maximized by optimizing the hyperparameters, feature selection
and normalization. First the capabilities of RapidMiner will be discussed and the performance measure after which
the implementation of the classification algorithms will be provided.

This research uses RapidMiner as machine learning framework. RapidMiner is a free to use data science platform
providing ”processes” which can be used for machine learning and big-data analysis. There are three programs
available: RapidMiner Go (free), RapidMiner Studio (business) and the Educational Program. This research uses
the Educational Program which provides access to all the functions of RapidMiner Studio.

The platform provides hundreds of pre-made processes for machine learning and a graphical user interface.
These processes are built-in machine learning algorithms such as decision tree and data preparation processes such
as feature selection and data filtering. The results of the processes are graphically and textually presented. The
downside to RapidMiner is that it is not as versatile as other platforms and is not suitable for creating a commercial
product as only the pre-defined algorithms can be used instead of specifically designed algorithms. Nevertheless,
this research uses RapidMiner as it provides an intuitive way to test various algorithms.

4.2.1 Performance Measure

The performance measure determines the performance of the model based on the classification error. To measure
the performance, unseen data needs to be provided and a performance measure must be set. This unseen data
is often a subset of the data set and is referred to as the validation data. The performance measure specifies the
influence of wrongly classifying a data point based on the desired goal of the application. Creating the validation
set will first be explained, after which the the three performance measures will be explained.

The validation data is often a subset of the complete data set created by either hold-out or cross validation.
The hold-out method simply takes a part of the complete data and separates it for validation. Usually 20 percent
of the total data is used to validate the performance. Obviously, this process results in worse performance because
not all the information can be used. Moreover, only a subset is used to measure the performance. Cross validation
prevents both of these problems. It partitions the data into k different subsets of equal size. The program will then
train the model using k-1 subsets and validate the model using the left data set. This process is repeated for every
subset thus, using all the available data for training and validating. With every iteration, the number of correct
and incorrect predictions is stored. The total performance is given by the average performance over each iteration.

There are three performance measures used in this research, namely the accuracy, precision and recall. Accuracy

gives a performance based on the percentage of correctly classified data; accuracy = %. For example,
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four fluids to classify and the validation set consists out of 100 data points equally divided over the four fluids. The
model classifies 80 out of 100 data points correctly then the accuracy is 80% (%). This states that the model gives
a correct prediction 80% of the time.

Class recall is specified for every class by the number of correctly classified divided by the total number of data
points in the class. Written in the from of true positive and false negative as Recall = %. E.g. a validation
set has 100 water points of which 80 are classified as water and 20 as ethanol. The recall is then 80% = ﬁ

Lastly the precision which specifies the accuracy for every individual fluid. The percentage reflects how sure the
prediction is with respect to every fluid. The accuracy is an average of the precision, but the precision can vary
between fluids. The precision is given as precision = T;;%

These methods only work for data sets in which every class has an equal weighing. However, when it becomes
more important to classify one class correctly over the others, different performance measures need to be used.
However, this will not be used for this research as every fluid will have the same importance. The cross correlation
process in RapidMiner provides an automatic method to determine both the class recall, the precision and the

accuracy.

4.2.2 Rapid miner

There are three machine learning algorithms used, namely the decision tree, naive Bayes and k-nearest neighbour.
This section describes how to perform the three different classification algorithms with the data. Furthermore, the
tuning of these model will be explained.

The original data set contains 16200 data points with three labels and ten features. There are 2700 data points
generated per fluid with eight mass flows, three pre-pressures and 100 windows. The following ten attributes are
provided.

1. Actuation frequency displacement sensor 1
2. Actuation frequency displacement sensor 2

Voltage difference between pressure sensors

L

Phase shift

5. Magnitude actuation frequency displacement sensor 1
6. Magnitude actuation frequency displacement sensor 2
7. Second harmonic frequency displacement sensor 1

8. Second harmonic frequency displacement sensor 2

9. Magnitude second harmonic displacement sensor 1

10. Magnitude second harmonic displacement sensor 2

The performance of three classification algorithms is completely dependent on the data set. Therefore, various
changes will be made to the data set to increase the performance. The first step is to ensure no faulty data is
present. This will be achieved with the filtering process which excludes data points with features out of the correct
range. Initially the data contains the mass flow and pressure features but these are actually labels. Therefore,
these features will be removed from the data set. Next, normalization will be applied to subsets of features which
transforms the values into new ranges. Lastly, feature selection will be applied.
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The data was filtered with the second harmonic frequency. Second harmonic frequencies outside of the range of
4500H z and 5300H z are filtered as will be explained in the result section. This results in a data set of 15614 total
data points thus, 586 filtered data points.

After filtering faulty data points, the mass flow and pre-pressure features need to removed. Removing features
can be performed using the attribute selection which allows the user to use a selection of features

Normalization will be applied to a selection of the features. The most important feature to normalize is the
voltage difference between the pressure sensors. These features are in the range of 1075 and are therefore difficult
to distinguish. Normalization transforms them back to a specific range. The normalization procedure used in this
research is the z-transform. The z-transform transforms the data into a new data set with the mean equal to
zero and a variance of one. It is applied to all the features but only the voltage difference seems to impact the
performance.

Feature selection is applied to determine the influence of the features on the performance of the algorithm. The
features are selected using the attribute selection process. The selection is based on the physical relation between
the feature and the fluid thus selecting the phase shift, voltage drop and actuation frequency as these are related
to the viscosity and density of the fluid.

Hyperparameter optimization will be applied with every step to increase the performance of the decision tree
and k nearest neighbour. This method uses the Optimize Parameter process from RapidMiner. This process pro-
vides a method to iterate over the values of the hyperparameter and simultaneously determine the performance of
the model. For the decision tree, the maximal tree depth is varied from 1 till 100. For k-nearest neighbour, two
parameters are tuned. The first parameter is the k which states how many neighbours should be considered and
the second parameter is whether the distance to the neighbours should be weighted. The k will be varied from 1
to 100 with steps of 5 and the weighted votes will be altered with every step between on and off. Naive Bayes does
not have any hyperparameters to tune. hyperparameter optimization is tuned by determining the performance of
the models which is based on the output of the cross validation process.

The changes influence the performance of the model. The performance of the models is verified with each change
using cross validation. The changes are shown in Figure 12. The results are presented in the next section.

Hyperparameter
optimization

Mass flow and Normalization
pre-pressure of voltage Feature
feature difference and Selection
removal other features

Data filtering

Figure 12: Machine learning performance measurement process.
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5 Results

This section presents the results of both the pre-processing and machine learning. The results are produced according
to the methods described in the method section. The methods are applied to a generated data set. The data set
is generated from a the physical effects of the sensor. The pre-processing section presents the results of both the
segmentation and the feature extraction processes. The machine learning section will describe the performance of
the various algorithms and the influence of the optimization techniques.

5.1 Pre-processing

The pre-processing consists of the segmentation of the data and feature extraction. The segmentation splits the data
into windows from which the features are extracted. There are six fluids used with the mass flow and pre-pressure
varied. Every fluid, mass flow and pre-pressure combination has one second worth of data which is split into 100
equally sized windows of 2500 samples. Ten features are extracted from these windows with three functions. The
functions give the voltage difference between the pressure sensors, the frequency information and the phase shift.
This section presents the results from these three functions.

5.1.1 Pressure results

The first feature is the voltage difference between the inlet and outlet pressure sensors. Figure 13 shows the average
voltage drop between the pressure sensors. The average is calculated by taking the average voltage difference over
all the windows. Changing the pre-pressure only influences the observed voltage difference by a absolute change of
10~8V. The standard deviation of voltage difference regarding pre-pressure is approximately 5 x 107V for every
fluid. Thus, the pre-pressure has almost no influence on the voltage difference. The standard deviation between
windows is on average 6 x 102V for all the fluids and mass flows. The observed voltage difference is thus only
marginally influenced by the pre-pressure and does not vary significantly between windows.
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Figure 13: The average voltage difference between inlet and outlet pressure sensor for the eight mass flows and six
fluids.

5.1.2 Frequency results

The frequency analysis provides eight features which are extracted from the two displacement sensors. The following
four features are extracted from the data for both sensors:
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Actuation frequency
e Magnitude actuation frequency
e Second harmonic frequency

e Second harmonic magnitude

The calculated actuation frequency ranges from 2300H z till 2600H z. The distribution per fluid can be seen
in Figure 14. The actuation frequency of ethanol, hexane, isopropanol and methanol are alw