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Abstract
In 2016 the average industry downtime cost was estimated to $260.000 every
hour, and with Swedish industries being an important part of the national
economy it would be desirable to reduce the amount of unplanned downtime to
a minimum. There are currently many different solutions for system supervision
for monitoring system health but none which analyse data with machine
learning in an industrial gateway.

The aim for this thesis is to test, compare and evaluate three different algorithms
to find a classifier suitable for a gateway environment. The evaluated
algorithms were Random Forest, K-Nearest Neighbour and Linear
Discriminant Analysis. Load imbalance detection was used as a case study for
evaluating these algorithms. The gateway received data from a Modbus ATV32
frequency converter, which measured specific features from an induction
motor. The imbalance was created with loads that were attached on a fly-wheel
at different angles to simulate different imbalances. The classifiers were
compared on their accuracy, memory usage, CPU usage and execution time.
The result was evaluated with tables, confusion matrices and AUC- ROC
curves. Although all algorithms performed well LDA was best based on the
criteria set.

Sammanfattning
År 2016 uppskattades kostnaden för driftstopp inom industrier i flera branscher
och länder till i genomsnitt 260.000 dollar per timme. Med svenska industrier
som en viktig del av den nationella ekonomin skulle det vara önskvärt att
minska mängden oplannerade driftstopp till ett minimum. Det finns för
närvarande många olika lösningar för övervakning av ett systems hälsa, men
inget som analyserar data med maskininlärning i en industriell gateway.

Syftet med examensarbetet är att testa, jämföra och utvärdera tre olika
algoritmer för att hitta en klassificerare som är lämplig för en gateway-miljö.

De utvärderade algoritmerna var Random Forest, K-Nearest Neighbour och
Linear Discriminant Analysis. Detektering av obalans användes som en
fallstudie för att utvärdera algoritmerna. Gatewayen mottog data från en
Modbus ATV32 frekvensomriktare, som kan mäta specifika egenskaper från en
induktionsmotor. Obalansen skapades med vikter som fästes på ett hjul i olika
vinklar för att simulera olika obalanser. Klassificerarna jämfördes med
avseende på deras noggrannhet, minnesanvändning, CPU-användning och
exekveringstid. Resultatet utvärderades med tabeller, confusion matrices och
AUC-ROC-kurvor. Även om samtliga algoritmer presterade bra var LDA bäst
baserat på de angivna kriterierna.
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1 Introduction
The Swedish industries are a big and important part of the national economy of
Sweden. In 2017, the manufacturing industry accounted for almost 20 percent
of the value added of the business sector [1]. For the manufacturers, it is
important that the equipment function correctly and optimal to follow and carry
out the production plan. To achieve this, continuous maintenance is needed.
Different machines require different amounts of maintenance in different
processes. It can be difficult for manufacturers to predict when something
within a system might fail. Unnecessary maintenance takes time and cause
expenses while maintenance that is done too late can result in damaged
equipment with delay in production and increased expense as a result.
According a survey from Vanson Bourne, with respondents amongst other
manufacturing, medical, energy and utilities, telecoms and distribution the
average cost of downtime was estimated to $260,000 per hour in 2016 [2]. The
respondents were organisations in United Kingdom, France, Germany, United
States, Turkey, Saudi Arabia and United Arab Emirates, with at least 250
employees. It was found that the majority downtime was due to hardware faults
(45%), and 88% of the companies believed that the organisation could be
improved concerning prevention of downtime [2]. As many as 70% of the
companies was not aware of when their systems needed maintenance.

One way to prevent unexpected downtime and to streamline the maintenance
process of different systems is to make the system alert when it might need
maintenance. This requires a monitoring system which quickly draws attention
to deviant data. Substantial industrial savings within several areas such as return
on investment, reduction of maintenance cost, elimination of breakdowns and
reduction in downtime are possible with a functioning predictive maintenance
program. Furthermore, it can also increase the production [3].
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1.1 Purpose and goal
The goal of this project is to improve analysis of data from products that are
connected to a gateway1 and examine the analyzing capabilities of system
monitoring within the gateway. This will be achieved by adding machine
learning software into the gateway. The proposed approach is applied and tested
on an induction motor. The system is to be analyzed by an algorithm that takes
as little space as possible in the gateway and show the highest prediction
accuracy of the tested algorithms.

Gateways often have access to large amount of data. Hence, they are useful
devices to improve with better tools for analysis. The purpose is to explore the
possibility of streamlining industries by adding software that can determine if a
system needs maintenance. It could improve industrial efficiency by reducing
unplanned system stops due to “sudden” system failures.

1.2 Question at issue
There were a few demands or wishes from HMS regarding the project:
•

The project concerned a specific gateway, i.e. NB301

•

An application that could communicate with NB301 needed to be developed.

•

The task was to try to perform machine learning within the gateway.

•

The algorithms were to be developed within a library from Ekkono Solutions.

With regard to HMS wishes, the following questions was raised:
•

How do industries currently monitor systems run by an electrical
motor?

•

Are there other equivalent products available on the market?

•

Which algorithm is most suited for machine learning in NB301?

•

Which machine learning algorithms showed best performance in terms
of accuracy, memory usage, CPU usage and execution time?

1

A gateway allows networks that uses different protocols to connect and communicate with each other.
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•

How do Ekkonos software compare to SciKit learn?

1.3 Delimitations
•

The experiment is limited to binary classification of data.

•

No isolation nor identification of fault within the motor will be done.

•

Experiments will only be performed on one system connected to an
induction motor.

•

No manipulations will be done on the Anybus or the NB301.

•

No GUI’s will be developed.

3
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2 Background
HMS Industrial Networks was founded as a student project at Halmstad
University in 1988. It is a company with approximately 600 employees around
the world, offices in sixteen countries and partners in another fifty. They
develop and manufacture software and hardware for industrial communication
and are considered leaders within the industry. The headquarter in Halmstad
manages

development,

manufacturing,

global

sales,

marketing

and

management.

One of HMS many products are the Netbiter. It is a general communication
gateway that sends data through a network [4]. This project has used the same
hardware as the Netbiter, but it is not the exact same product. The Gateway for
this project contains the HMS product platform and will be referred to as
NB301. HMS Networks will supply all components necessary for the project
except for laptops. They do also provide room for the experiments in their
premises. Ekkono Solutions provides a software library for machine learning.
Furthermore, several of Pythons open source libraries will be used.

2.1 Fault detection
A fault is defined as a process abnormality or symptom, for example high
temperature in a reactor or low product quality. The essential cause of this
abnormality such as divergent behavior of a motor is called malfunction, failure
or the root cause [5]. Fault detection is to discover if a fault has occurred.

This thesis focuses on imbalance faults. Deficient maintenance or
manufacturing defects are common causes of imbalance in machines [6]. The
impact from the imbalance will increase alongside the machine speed. Not only
can this kind of failure greatly reduce the bearing life, it can also cause machine
vibration that might not be covered by insurance [6].

According to Lin Wang, a fault can be declared based on a comparison of
system features [7]. The fault detection consists of three steps:
5

1. Collect data.
2. Extract relevant features and evaluate the features abilities to serve as
fault indicators.
3. Compare the chosen features to observations from a normal/correctly
functioning system [7].
Bearing faults is one the most common faults in induction motors. They can
cause worrisome damage to the motor when not detected early. Bearing faults
in an induction motor should be supervised continuously [8].

Figure 1. Pie chart of faults encountered in induction motors.
.

According to an IEEE survey, bearing faults range from 40% to 90% depending
on the size of the motor. About 40% in higher rating machines and 90% in
lower. Using vibration sensors and accelerometers for monitoring is very hard
because of high cost. The authors concluded in this paper that frequency
spectral subtraction using different wavelet transform, wavelet packet
decomposition and a comparative analysis is presented to detect different
bearing faults [8].

By monitoring the motor continuously, a fault can be detected at an early stage,
it can avoid expensive unexpected shutdowns of production processes, with
high economic losses which potentially could be much higher than the cost of
the machine [9].
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Venkat Venkatasubramanian et al. has presented a set of characteristics which
would be useful in a diagnostic system. Example of those characteristics are
quick detection, novelty identifiability and classification error estimate [5].
Quick detection means that the system should quickly discover and diagnose
malfunctions, but this goal conflicts with decent performance. Novelty
identifiability is considered a minimal requirement of a diagnostic system - the
system should be able to determine if the process if functioning normally. It is
important that users can have confidence in the diagnostic system. One way to
achieve this is with classification error estimate. By computing measures of
errors, the user can get a better perception of how reliable the systems results
are [5].

To minimize industry downtime, it is important that diagnostics are performed
proactively and not reactively when a fault has occurred.

"An effective PHM [prognostics and health management; authors addition]
system is expected to provide early detection [...]. The detected, incipient fault
condition should be monitored, trended from a small fault as it progresses to a
larger fault, until it warrants some maintenance action and/or replacement"
[10].

An article published in Mechanical Systems and Signal processing purpose a
PHM design and implementation called 5S approach where the 5S means
Streamline, Smart Processing, Synchronize and See, Standardize and Sustain.
Streamline is about identifying important system components, sorting and
filtering data and ensuring the accuracy of Smart Processing. Smart processing
focusses on the importance of selecting good features and tool in order to
convert data to information. The results from Streamline and Smart Processing
is integrated in Synchronize and See for selection of hardware and software that
effective in both conversion from data to information and transmission of the
data. Standardize is about selection of a suitable interface for data acquisition
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while Sustain aims to enable a product life cycle with sustainable properties
[10].

A paper called Induction motor fault detection and diagnosis using a current
state space pattern recognition [11] explains that a fault detection issue can be
considered as a binary decision, either the system is working or not. To observe
a detection of abnormal electrical and mechanical conditions that could lead to
system failure, a new procedure must be implemented. The authors [11]
proposes new procedures for detecting three-phase induction motor stator
winding or rotor faults. These are based on image identification of the 3-D
current state space patterns and allows identification of turn faults in both stator
winding and broken rotor bars. When using the pattern recognition techniques,
it has brought significant improvement of the induction machine fault detection
field [11].

2.2 Current industrial solutions
Rockwell Automation is an American company that offers smart motor control.
They offer amongst other products an integrated machine condition monitoring
system, sensors and condition monitoring software [12]. The Smart Motor
Control solutions can monitor the health and performance of several motors.
The condition monitoring product include real time protection and contain
modules, sensors, portable instruments and surveillance software.

In England, a company called Prognostic offers a platform as a Service (PaaS)
that provide user varied interfaces for process monitoring, performance
management and asset optimisation etc. [13]. The platform collects real-time
data from sensors and then uses machine learning to monitor changes within
the process specifications. It identifies variances and provides the user with
recommendations to increase the real-time responsiveness.

2.3 System hardware
The system contains five different components:
8

•

K21R 63 C 4 motor from the German company VEM.

•

ATV32 Modbus

•

Anybus Modbus RTU to TCP Gateway (AMRTG)

•

NB301 (HMS gateway)

•

Computer with OS Windows 10

2.3.1 Induction motor
K21R 63 C 4 is a three-phase asynchronous squirrel cage motor. These motors
consist of two main parts: stator and rotor. The stator consists of coil winding
that passes through steel laminations (stator slots). When the coil windings
receive a power input it creates a rotating magnetic field which causes the rotor
to rotate.

Figure 2. Squirrel cage induction motor.

The three- phase ac current passing through the stator produces a rotating
magnetic field. Current is induced in the bars of the squirrel cage causing the
rotor to rotate. Electricity is induced on the rotor by the electromagnetic
induction instead of direct connection [14].

Induction motors generally operates at constant speed. The motor provides a
low starting torque and requires high starting current. They are small, robust
9

and have high efficiency and does not require much maintenance [15]. Squirrel
cage induction motors are sensitive to varying voltage supply. Reduced supply
voltage will cause the motor to draw more current. Squirrel cage induction
motors are suitable when constant speed is a requirement and speed control is
not a requirement. They are commonly used in fans, pumps and industrial drives
[15]. This kind of motor is for example useful in industries such as flour mills
and printing machinery. There are four major types of faults in squirrel-cage
induction motors. They are: Air-gap eccentricity fault, bearing fault, broken
rotor bar fault and stator short winding fault [16]. Rotors are supported by
bearings. Bearing fault (BF) may occur due to fatigue, wear, high load and
vibration etc. [16] [17].

2.3.2 Altivar 32 Modbus
The Altivar 32 Modbus (ATV32 Modbus) is an electrical driver (frequency
converter) for controlling synchronous and asynchronous motors. Modbus is
one of the PLC communication networks that can be included as a standard.
The ATV32 Modbus has an integrated PLC, i.e. it contains programmable logic
functions [18].

2.3.2 Anybus Modbus RTU to TCP Gateway
AMRTG perform conversion between the Modbus-TCP and Modbus RTU
protocols. It is a way to transmit I/O data between the two protocols, allowing
flexible system integration by routing client inquiries from Modbus-TCP to
Modbus-RTU and back [19].

2.4 Supervised Learning
Machine learning is a branch within the field of artificial intelligence. There are
mainly three

different

approaches:

supervised,

semi-supervised

and

unsupervised learning [20]. With supervised learning each observation has a
label. The programmer instructs the system whether a value is acceptable or
not. Supervised learning relies on the training data. A big sample size is required
to achieve maximum prediction accuracy [21]￼.
10

Figure 3. The process of applying supervised ml to a real-world problem.

As shown in figure 3, the problem is acknowledged first, then the data is
gathered, and features are selected. Next step is to pre-process the data to leave
out any bad values. An algorithm is selected, and the training begins. To check
the training set it must be compared to a test set with abnormal data or at least
other data that was not in the training set. If it worked well this will be accepted
as a classifier. If not, the parameters are tuned as a first step. If this don’t
improve the classifier the developer must improve features or possibly use other
sensors.

2.4.1 Ekkono
Ekkono is a Swedish company that license embedded software and tools for
connected devices. The toolkit facilitates use cases for predictive/conditionbased maintenance and self-configuring products amongst other applications
[22].

2.5 Challenges concerning software for embedded devices
There are many (similar) definitions of what an embedded system is. Briefly
described it can be thought of as a system where the computer is hidden
(embedded) within the system [23]. Since the system that is used within this
project is embedded there are some particular factors that must to be considered
before the software is developed. Runtime memory limits as well as performing
limitations are challenges that needs to be considered when performing machine
11

learning on embedded devices [24]. CPU process different instructions such as
data transfer operations, Input- output operations and stack operations etc. [23].
It is the heart of the device and it is important that the software does not exhaust
the CPU. Another important characteristic is how fast the model can compute
a result and react to its own conclusions (in this case, if it detects imbalance),
execution time for the algorithms is therefor also a crucial aspect [25].
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3 Method
Based on what has been presented in the background section, this project will
follow the steps proposed by Lin Wang: collect data, extract features and
compare [7]. Furthermore, the project will consider the fault detection as a
binary decision. Three algorithms, Random Forest, K-nearest neighbor and
Linear classifier (linear discriminant analysis), will be tested and compared to
find the most suitable algorithm for NB301. With respect to previous research
and available resources the goal of the classifier models is to achieve novelty
identifiability. That is, they should be able to determine whether the system is
imbalanced or not. The models will also strive for a balance between quick
detection and performance. To achieve certain confidence in the models,
classification error estimate will be performed.

A communication application to read information from the system for data
collection needed to be developed. Said application should also possess
properties like retrieve sensor readings, store sensor readings and control motor
(start, set speed and stop).

3.1 An agile approach with scrum and pair programming
Agile software development is a collection of iterative work methods. The
methods involve speed, communication and opportunity to change as the
project progress etc. Scrum is an agile framework developed by Jeff Sutherland
and Ken Schwaber [26]. The practises to follow according to Scrum is to have
short, daily meetings standing up and to break down the work into sprints
(chunks). Planning of the sprints are based on current requirements. Although
sprints are evaluated, they are not used for comparison to time or size of work.
The evaluation strictly investigates if something can be improved [27].

The Scrum method served as an inspiration for workflow within the project. To
create a Scrum inspired board Office Planner was used. It is a planning
application available on the Microsoft Office 365 platform. The users can
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assign tasks, create buckets for different categories of a project and write to do
lists that can be tagged as not started, in progress and finished.

Another agile approach is the Pair Programming method. Pair Programming is
an agile software development technique. Two programmers work together on
one workstation. The one who writes the code is called the driver while the
other is called the navigator who reviews the code [28].

3.2 Python
Python is a versatile and readable language. It has a large collection of open
source libraries useful for scientific computing. E.g. Pandas, Scikit and
Tensorflow for machine learning problems and matplotlib for visualizing data.
Debugging within Python is easy and frees time for improvement of algorithms.
Python was chosen for this project due to previously mentioned characteristics,
previous experience and its history within machine learning [29]. Python has
several toolkits suitable for machine learning and since this was the chosen
language it was natural to keep using the functionalities within Python since
they were adequate for the project. The following sections present libraries and
toolkits that were used throughout the project.

3.2.1 Pandas
Pandas is an open source library that provides high-performance data structures
and tools for data analysis [30]. For this project, Pandas is used for accessing
the data in csv-files in a structured way. The most frequently used function in
this project is read_csv(), for accessing stored measurements.

3.2.2 Matplotlib
Matplotlib is a plotting library for visualizing data with plots, histograms and
bar chart [31]. This library is used for visualizing how the features behave to
find which feature acts most divergent during imbalance.
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3.2.3 NumPy
NumPy is a library for Python that adds support for large multidimensional
arrays and matrices [32]. When reading data from the csv-file NumPy is used
for creating an array to gather the rows from the file and sorting out which rows
belongs to which type of load.

3.2.4 Scikit-learn
Tools for data mining and analysis are found within Scikit-learn, which is an
open source module for machine learning. It is built on NumPy and matplotlib
[33]. The chosen algorithms for this project are created with scikit-learn.

3.2.5 Model evaluation
The models are evaluated by checking memory usage, CPU usage, execution
time and F1-score. These characteristics were chosen specifically due to
challenges concerning software for embedded devices, presented in 2.5.
Memory usage is measured with tracemalloc. It is used to trace memory blocks
allocated by Python [34]. CPU usage is measured with psutils cpu_percent().
Psutil.cpu_percent() returns a float that represents the present CPU utilization
as a percentage [35]. Psutil is mainly used for system monitoring, limiting
process resources and management of running processes [35]. The execution
time is measured by saving the current time (before the algorithm is executed)
to a variable, and then measuring the current time again when the algorithm is
finished. The difference is set as the algorithms execution time. F1-score is
measured by comparing the original values with the predicted values using
sklearn.metrics.f1_score()

[36].

The

sklearn.metrics

module

performance metrics, score functions and distance computations [36].
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contains

3.3 Ekkono library
It is possible to develop software from Ekkono Solutions in Python (amongst
other languages). The code is written in PyCharm, it is an IDE2 developed by
JetBrains [37]. Ekkono Solutions have added their SDK3 to NB301.

3.3.1 Pre-processing
In Ekkono, data pre-processing is managed with a Pipeline object. The Pipeline
can both create new features and reduce the current dataset by filtering
unwanted features. A Pipeline is created from a PipelineTemplate and fed with
raw data as input. The template can be filled with different pre-processing
methods. For this project a parameter called Lag was added. It defines how
many measurements back the model can check.

3.3.2 Modeling
Model training is done by using a static method specifically for training models,
found in the super class PredictiveModel. Each predictive modeling technique
within Ekkono inherit the PredictiveModel class. E.g. within the Predictive
model class the train_random_forest_model is found. The method takes two
parameters, an instance source (a dataset or pipeline) and a target attribute. The
target attribute is the chosen feature that is going be predicted.

3.3.4 Model evaluation with Ekkono
ModelTester is a class that supplies methods for evaluation. Methods compute
different metrics such as mean average error (MAE), root mean square error
(RMSE), Coefficient of determination (R2) and mean absolute percentage error
(MAPE). Each metric account for a different aspect of the model. In order to
test the generalization ability of the model, the evaluation of the model is
performed with a separate dataset.

2
3

Integrated Development Environment
Software Development Kit
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3.3 Connecting the hardware
The motor is connected to ATV32 Modbus with a 3-phase cable. ATV32 is
connected to AMRTG. Modbus communicates via ethernet and AMRTG
communicates through RS-485.

AMRTG is connected to the NB301. Inside NB301 is the application that
communicates with HMS development platform and creates a csv-file from the
data.

Figure 4. The projects system.

3.4 System implementation
HMS have an internal development platform for communication. It is a Linux
based Data Managing System that from now will be referred to as DMS. It can
only be accessed by IP-address followed by correct name and password while
17

connected to the company Wi-Fi. The communication support read/write and
work in both directions.

Configuration and implementation of the system was guided by Altivar32
Modbus communication manual and Altivar32 Programming Manual [38]
[39]. Within the DMS tags were created. Each tag contains various information
such as register type, sample rate and logical address. It is through the logical
address the DMS reads information that ATV32 Modbus collects from the
induction motor.

3.5 Machine learning algorithms
In following sections the three different algorithms are presented.

3.5.1 Linear discriminant analysis
LDA can be used for data classification or reduction of the data magnitude. In
this project the focus will be on the classification properties. LDA makes
predictions based on the statistical properties of the data. This method finds a
linear combination of features to separate several classes. Predictions with LDA
are made by estimation of the probability that a new input belongs to each class.
The probabilities of the input belonging to a certain output class is calculated
with Bayes Theorem [40]:

𝑃𝑟(𝑌 = 𝑘| 𝑋 = 𝑥) =

𝜋𝑘 𝑓𝑘 (𝑥)
∑𝐾
𝑙=1 𝜋𝑙 𝑓𝑙 (𝑥)

(1)

Where 𝜋𝑘 is the probability that an observation belongs to the 𝑘𝑡ℎ class and
𝑓𝑘 (𝑥) is the density function of X from an observation that is from the 𝑘𝑡ℎ class
[40].
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Figure 5. Linear Discriminant Analysis before and after.

The aim of LDA is to maximize the separability among known categories [41].
For this project, LDA will separate data that has been gathered in a balanced
and imbalanced state.

3.5.2 K-Nearest Neighbor Algorithm
The KNN algorithm is a popular and frequently used algorithm for
classifications problems [42]. This technique does not make assumptions on the
data distribution (it is non-parametric). Classification is dependent on the
variable K, which is the number of closest neighbouring data. The most optimal
value of K depends on the data. A large value of K can reduce the effect of
noise on the classification, but it also makes the boundaries between classes
indistinct. To select the K that is most optimal, the KNN-algorithm is executed
many times with different values (figure 6).
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Figure 6. Example of K- Nearest Neighbor.

The algorithm is affected by the number of examples and independent variables.
As the number increase the amount of computations increase [43].

3.5.3 Random Forest
Random Forest is a supervised learning algorithm. The algorithm creates a
collection (forest) of Decision Trees that are merged together [44]. Merging of
many Decisions Trees improves the decision accuracy. In general, a decision
tree asks different questions and classifies the result based on the answers.
Decision trees can be built on yes/no questions, numeric data, ranked data or a
combination of different data (figure 7).

Figure 7. Illustration of a simple decision tree.
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Classification from the decision trees can be either categorical or numeric.

Figure 8. Illustration of a random forest.

A bootstrapped dataset is created from the original data. The bootstrapped
dataset has the same size as the original dataset, but the samples are randomly
selected from the original dataset. It is possible to pick the same sample multiple
times which will result in many different trees. The decision tree is then created
with a random subset of variables from the bootstrapped dataset. When the
forest is implemented the data will be added to the forest (figure 8). A counter
will keep track of the result after each tree. The option with highest value will
be the final decision.
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Figure 9. Illustration of final decision.

It is hard to build an inadequate random forest. The algorithm is great to train
in early stages of the model development process. It is also good to use if there
is a brief amount of time set for developing a model [44].

3.6 Selecting features
Although it is possible to access many features it is not always necessary for
creating an accurate model. There are multiple ways of determining which
features are relevant for a prediction. Removal of irrelevant features can
increase the model accuracy, reduce overfitting and reduce the training time
[45]. It is possible to score the features by using the Extra Trees Classifier from
Sklearn to find out how important they are. Higher scores indicate higher
importance. Applying statistical measures for assigning scores to the feature is
called Filter Methods [46].

3.7 Evaluation metric
During this process one focus will be to compare different classifiers. There are
several ways to do this. One way to measure the performance of the different
classification models is to compute a receiver operating characteristic curve
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(ROC) and Area under the curve (AUC). ROC is a graphical representation of
the methods performance [47]. To measure the classification methods accuracy
F1-score is used. It uses the tests precision (p) and recall (r) to compute a score
[48] between 1 - 0. A value of 1 means perfect precision and recall. Precision
shows how many of all selected items actually are relevant. Recall is a way to
find all the data points that is of interest in a dataset. Recall is calculated
according equation (2) and precision according equation (3).

𝑅𝑒𝑐𝑎𝑙𝑙 =

(𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒)
𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

(𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒)
𝑇𝑟𝑢𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒 + 𝐹𝑎𝑙𝑠𝑒 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒

(𝑟 −1 + 𝑝−1 )−1
𝑝 ∙𝑟
𝐹1 =
= 2∙
2
𝑝 +𝑟

(2)

(3)

(4)

To evaluate the models, the data must be divided into different sets of training
and testing. It is preferred that the training set is larger than the test set. The test
set needs to be representative of the data set in general and big enough to
produce meaningful result [49]. AUC represents a measure of separability; it
can recognize the difference between classes. High value of AUC means that
the model is good at predicting healthy and faulty data [50].

3.7.1 K-fold cross-validation
Cross-validation is a statistical method suitable for when the amount of data is
limited. The principle of cross validation is to split the data into K number of
same sized chunks and rotate which data is used for training and testing (figure
10). The main purpose of conducting cross-validation in this project is to test
the model’s generalization ability (towards unseen data) with uncertainty
measure in order to make a statistical conclusion.
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Figure 10. Illustration of K-fold cross validation where K = 4.
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4 Data and experimental setup
The experiment was performed with different installation of load and various
speed. To enable the loads to be attached a fly-wheel was installed on the
induction motor (see figure 11). Following section presents each experiment
setup. Note:
1. Balanced means that two loads was attached on each side of the flywheel at 0 and 180 degrees.
2. Sample rate may differ between experiments but was always the same
for balanced and imbalanced data collection within the specific
experiment.
3. Motor speed varied within some experiments.

Figure 11. Fly- wheels with different load imbalances.
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Figure 12. Set of critical parameters for all experiments where B is for balanced and I is for imbalanced.

4.1 Experiment 1
During the first experiment balanced and imbalanced load was attached. Load
weight was approximately 200 grams, equally divided between two loads.
Sample rate was set to 1Hz. Speed was manually increased with 300 rpm every
five minute, from 0 to 1500 rpm. After 15 minutes at 1500 rpm the system was
terminated. An additional experiment with same load but speed directly set to
1500 rpm was also performed. Balanced data with these settings was collected
for 14 hours while imbalanced data was collected for 11 hours.

4.2 Experiment 2
Again, balanced and imbalanced load was attached. Load weight was
approximately 400 grams equally divided between two loads. Sample rate was
2Hz. When collecting balanced data, speed was set to 1500 rpm. During
collection of imbalanced data, the speed was set to 600 rpm. The data was
collected for 30 minutes for both balanced and imbalanced data.

4.3 Experiment 3
Balanced and imbalanced load was attached. Load weight: approximately 400
grams equally divided between two loads. Balanced data was collected the same
way as previous experiments. When conducting the imbalanced part of the
experiment one load was removed entirely. Speed during this part was set to
420 rpm. The data was collected for 40 minutes and had a sampling frequency
of 10Hz.
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4.4 Experiment 4
Balanced and imbalanced load was attached. Load weight was approximately
400 grams equally divided between two loads. Speed was set to 540 rpm. The
imbalanced part was split in to three stages. First stage of imbalance one load
was moved closer. Loads were approximately attached at 0 and 150 degrees.
Second stage the same load was moved to a new position at 130 degrees. Third
and last stage the loads was attached adjacent to each other with an angle at
approximately 60 degrees. The data was gathered for 10 minutes for both
balanced and imbalanced data. The sample frequency was set to four different
sample rates: 1Hz, 3Hz, 5Hz and 7Hz.

4.5 Data collection
During all experiments information about following features was collected:
o Motor speed – motor speed in rpm
o Output frequency - Estimated motor frequency, measured in Hertz
o Motor current - Estimated motor current, measured in Ampere
o Motor torque - Output torque value (100% = nominal motor torque,
estimated value based on current measure).
o Motor voltage - Motor voltage
o Drive thermal state - Drive thermal state. 100% = Nominal thermal
state, 118% = threshold (drive overload).
o Motor power - Output power monitoring (100% = nominal motor
power, estimated value based on current measure).
o Motor thermal state - Motor thermal state. 100% = Nominal thermal
state, 118% = threshold (motor overload).
o Stator Frequency - Displays the estimated stator frequency in Hertz
[39].

All measured features were stored in a csv-file. Each data point was stored with
a timestamp (date and time) and counter to show when they occurred (see figure
13).
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Figure 13. Ramp up dataset with imbalanced data.

4.5.1 Expected outcome
After running the experiments, the expected outcome is to see a difference
between a balanced and imbalanced state. The difference should be that the
imbalanced state should cause vibration and the features are expected to
demonstrate a behavioural change in the data.
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5 Result
Following section present the projects results.

5.1 Communication application
The application to read information from DMS had three main requirements:
read and store data and control the motor. The application can successfully read,
and store measured feature values. Each value is stored in a csv file alongside a
timestamp. All features are stored together in the same csv file (see figure 14).

Figure 14. Pseudo code for the communication application.

The project failed to develop motor control methods in the application, so it
does not support control of the motor. Configurating the application to the
induction motor proved difficult and time consuming. The issue was solved
with SoMove, a software for configurating devices for motor control [51].
SoMove installed on a computer configurated with the ATV32 Modbus allowed
motor control alongside the opportunity of speed change during runtime.

The application was tested and evaluated manually. It was used daily during
approximately five weeks. The application experienced trouble reading all
values when the sample rate was set to 4Hz or higher. This resulted in loss of
data. To allow higher sample rate the number of features was reduced. That is,
unnecessary features that had no contribution to the modeling was erased. This
allowed for a maximum sample rate at 7Hz. Next step to improve the sample
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rate would have been to change how DMS receives the feature values from the
frequency converter by clustering the features. It is possible to access several
features by reading a specific address. That is, instead of reading one address
for each feature the application would read one address and receive multiple
feature values. The process for applying this change would be finding the
clustering addresses and then evolve the application to be able to separate the
feature values from a combined address in order to recognize if a value belongs
to for instance torque or motor power. This step was not taken during this thesis
due to time limitations.

5.2 Experiments
Different experimental setup was tested to find acceptable feature values
without compromising on security. The first experiments with a load of 100
grams proved unsuccessful. The imbalanced load had little or no effect on the
feature values. Therefor no further experiments were done with these settings.
Increasing the weight to approximately 400 grams equally divided between the
two loads had a positive effect on the feature values. Some of them (presented
in section 5.4 Feature selection), was affected by the increased load. Balanced
data could be collected at a speed of 1500 rpm. But the imbalanced state caused
major vibrations and instability around the motor when the speed was 600 rpm
or higher, which raised safety concerns. So, a third experiment was conducted.
This time one of the loads was completely removed during simulation of
imbalance. The speed could only be set to 420 rpm, higher speed caused
immense vibrations. Last and final experiment was very resembling to the
second experiment. Speed was set to 540 rpm to avoid simulating too strong
vibrations due to safety concerns. The loads were placed at four different
positions on the fly-wheel to simulate different states of imbalance.

5.3 Feature selection
Initially nine features were chosen for data collection. All measured features
were visualized individually with a plot of balanced (180 degrees apart) and
imbalanced state (60 degrees apart). Before plotting, the data was mapped to a
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range between 0-1 with min-max normalization for easier visualization.
According the plots are several features seemingly unaffected by the imbalance.
To produce a model with high accuracy the features should show a significant
difference between balanced and imbalanced loads.

Some features are more suitable for modelling than others. To find those
features the dataset was visualized with plots showing data with both balanced
and imbalanced loads. Before plotting, the data was normalized with min-max
normalization. The goal of normalization is to change the column values in the
dataset to a common scale without distorting differences in the ranges of values.
The data can be rescaled such that any Z will be 0<Z<1. Min-max
normalization is performed according following formula:

𝑍=

𝑋 − 𝑚𝑖𝑛(𝑋)
𝑚𝑎𝑥(𝑋) − 𝑚𝑖𝑛(𝑥)
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(5)

Figure 15. Plots of all features with balanced and imbalanced state.

As presented in figure 15, several features showed little or no difference
between balanced and imbalanced loads. The features showing most reaction to
the imbalanced load are speed and torque. Features with no distinct reaction to
the imbalance were removed to save memory and prevent unnecessary
measurements. The features were also compared with a statistical test called
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Feature Importance [52]. The test was created by Jason Brownlee but slightly
altered to fit this project. Motor thermal state and drive thermal state received
high scores when feature importance was measured. They did however have a
negative effect on the data collection. The experiments were conducted several
times during each day causing the induction motor to report different thermal
values depending on how long the motor had been running. Running the motor,
collecting data and then pausing, starting and collecting again caused unreliable
data. To achieve trustworthy data the motor would need to have a long resting
time to cool down between every execution. The project could not allow such
resting time; hence the thermal features was removed to eliminate bad
influences. All removed features were stator frequency, frequency, motor
thermal state and drive thermal state.

5.4 Data analysis
The selected features were:
•

Speed

•

Torque

•

Current

•

Motor power

•

Motor voltage

After selecting the features, a sample rate must be decided. The aim was to find
an optimal rate, meaning that each of the algorithms would produce a good
result with the chosen rate. In order to find a sample rate were all algorithms
performed well all features were measured at 1Hz, 3Hz, 5Hz and 7Hz. These
rates were chosen due to two factors, 7Hz was the highest possible sample rate
and 1Hz, 3Hz, 5Hz and 7Hz produces one more measurement than 2Hz, 4Hz
and 6Hz. The motor speed was set to 540 rpm (according experimental setup
4).

The three algorithms performance during each sample rate was compared and
evaluated with a cross validation of five folds. In the following plot all values
were scaled to [0,1] for easy comparison. The plot is result from the testing data
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and contained 1130 samples. The values refer to same numbers/data in the
tables at page 36 (see figure 17).

Figure 16. Plots of the different algorithms accuracy, CPU- and memory usage.

The choice of sample rate was based on accuracy, CPU usage and memory
usage. According the plots above, KNN and Random Forest had very similar
behaviour while LDA was slightly divergent. Accuracy, measured with F1score, was very stable with the KNN model. The CPU usages and memory
usage increased when the sample rate went higher. This result can also be seen
in the Random Forest plot. The decision was to use 3Hz as sample rate since all
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algorithms showed high accuracy and low memory usage. The uncertainty of
the models was varying at different sample rates. High uncertainty in CPU
usage showed in both KNN and LDA at 7Hz while Random Forest showed
highest uncertainty in CPU usage at 5Hz. For each run the algorithms produced
the same accuracy and memory usage and therefor they do not show any
uncertainty.

5.5 Classifiers
Following sections present comparations between the different classifiers with
a data set sampled with a rate of 3Hz.

5.5.1 Tuning parameters
K-nearest neighbor’s parameters are set to the default values. The number of
neighbors (K) is set to 10. It is usually set to a small number and the algorithm
that is used to calculate nearest neighbors is set to auto because it will attempt
to choose the most appropriate algorithm [53].

Linear Discriminant Analysis have a parameter called solver and that is set to
lsqr, which is least squares solution and is combined with the parameter
shrinkage that is set to auto which is automatic shrinkage. The rest of the
parameters are set to default [54].
Random forest’s N estimators (trees in the forest) is set to 10 because it offers
a good balance between accuracy and memory usage. The criterion is set to the
Gini impurity which is a measure of how frequent a randomized chosen value
from the dataset would be incorrectly labeled. Criterion is a function to measure
the quality of a split. The other parameters are set to default [55].

5.5.2 Model comparison
Estimation of the three classifiers were based on measurements of their F1score, CPU usage, memory usage and execution time. The tables below
represent the average performance of the three classifiers. The marked values
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indicate the best result. Note that for accuracy (F1-score) and memory the
uncertainty is zero. For each run these measurements produced the exact same
values. This caused the standard deviation to be zero, which in turn also caused
the uncertainty to be zero.
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Figure 17. Tables of model comparison.

To make the CPU comparison as fair as possible all measurement they were all
done on the same computer under the same circumstances. No unnecessary
programs was running in the background while the tests were conducted and
measured.

The chosen data that was used for the creating the classifiers had a sample rate
of 3Hz. It included 3000 data points with balanced loads merged with 1000 data
points with imbalanced loads. The imbalanced load was attached at 60, 130 and
150 degrees. The evaluation metrics were calculated from average values of
five runs for each algorithm. The marked values represent the best result. For
the F1-score, Random Forest has the top score when it comes to an imbalanced
load with 60 degrees and 150 degrees, but it is not much difference from the
other classifiers. The memory usage is clearly the lowest in 60 and 130 degrees
but spikes in 150 for the LDA but Random forest is a close runner up with a
more even score. LDA also performs the best concerning CPU usage since it
should stay at a low percentage. Random forest also has a low CPU usage. The
confusion matrices below have been made to visualize the performance of the
classifiers.
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Figure 18. Confusion matrix of LDA.

The model from linear discriminant analysis demonstrated 100% accuracy. It
managed to classify all values correctly.

Figure 19. Confusion matrix of K-NN.

The model from K-Nearest Neighbor was able to classify 100% of the balanced
data correctly. Of all imbalanced states 5% was wrongly classified as balanced.
Meaning that the model missed to classify the imbalanced state correctly, but
this is still a good enough model and will keep false alarms to a minimum.

Figure 20. Confusion matrix of Random Forest.
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The model from Random Forest demonstrated accuracy of 100%.

With the overall smallest execution time the best performing classifier is LDA.
It was both fast and used a small amount of memory.

5.5.3 Performance measuring with ROC and AUC
The performance of the classification models is also computed with ROC and
AUC.

Figure 21. ROC curve with AUC

K-nearest neighbors (see figure 21) AUC demonstrated a score of 97%. LDA
has an even higher AUC-score of a 100% and so does Random Forest as well.
This means that all three models are very good at distinguishing the balanced
data from the imbalanced data.

5.6 Integrating NB301 with machine learning
When the algorithms were about to be integrated into NB301 an issue
concerning memory (disc space) arose. It was discovered that NB301 lacked
certain Python modules that all three algorithms needed. Due to the limited disc
space, installation of the necessary modules was not possible. Attempts to free
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memory was taken by clearing NB301 from content that was obviously
unnecessary. The available space was still not enough for the modules. To solve
this the gateway would have to undergo a thoroughly inspection. The project
group was not authorized nor qualified to perform the required modifications.
Therefor the algorithms could not be implemented and tested in NB301. Instead
they were created, tested and evaluated on an external laptop.

5.7 Ekkono library
The project failed to implement software with Ekkonos library. The algorithms
from that library were supposed to be used for regression solutions, but the aim
for this thesis was to perform categorical supervised machine learning with
classification. Since Ekkonos Random Forest (ERF) creates a regression model
it was not possible to model this in the same way as previously models. Instead
of predicting a binary state (balanced or imbalanced) this model predicts the
health of the motor by making predictions concerning the torque value.
Comparisons of the different features showed that ERF performed best with this
feature as a target for prediction.

Figure 22. Setup for Ekkonos random forest.

A dataset with 2650 data points with a balanced state and 1000 data points with
imbalanced state is split in half. A training set is added to a pipeline to be able
to add filters for the other features to only check torque. The pipeline is also
used to add lags. Four lags are added with 1, 2, 5 and 10 previous data points
values. These lags a required for the prediction to see what happened in the past.
The training set and the pipeline is then trained with random forest and creates
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a model. The model is compared to the test set to predict how the torque will
behave.

Figure 23. Prediction of torque using Ekkonos Random Forest. Y- axis is the torque value in percentage
and X- axis is the number of data points.

At startup (figure 23), the prediction has no earlier values to go on and it will
experience trouble predicting what will happen in the beginning. It does not
take long for the prediction to find its way and predict quite accurately. This
model was estimated to be 88% accurate. The execution time for the prediction
was 149ms and had a memory usage of 456.52 KiB.

Although it was possible to develop a decent ERF it was not possible to
compute a fair comparison between Ekkonos and Scikits models. Therefor this
part of the project was discarded.
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6 Discussion
The thesis went through several changes as the project progressed. Due to safety
concerns (the experiments were performed in an open area with HMS
employees and other students) the experimental setup ended up with a lot
slower motor speed than what was initially planned.

Concerning the software was the first idea to only use Ekkonos software library
for machine learning. Issues arose when two out of the three intended
algorithms were not supported in this library. The project group had to decide
between changing to regression models or develop the models with Pythons
Scikit-learn. Since the machine learning part entailed binary classification of
data (balanced or imbalanced) the group decided to develop the classifiers with
Scikit-learn.

The project was redirected in a more abstract direction since neither training
nor testing the model could be performed within the gateway itself. Instead, all
the training and testing of the models was carried out in a computer. The
characteristic requirements were unchanged. That is, the model would have a
good balance between accuracy, memory-, and CPU usage, considering that a
gateway has limited memory and processing power.

The changes of the project did not affect the initial purpose which was to
explore the possibility of streamlining industries with software that can
determine if a system needs maintenance. Despite setbacks in the shape of
misunderstandings, lack of time and lack of disc space in NB301 the project
can present a functional application that communicates with the system in the
desirable way and a result that proved a difference (although a small one)
between the three algorithms. One thing to keep in mind concerning the
measurements is that none of the measured values from Modbus ATV32 were
controlled with external instruments. Thus, this project can only assume that all
values are correct, but it might not be the actual value since they were never
confirmed with secondary instruments (for instance a multimeter).
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From an economical perspective this kind of system (if it is further developed)
could allow industries to save time (and money) by limiting the downtime. If a
system can detect and notify when imbalance occur (or preferable before it
occur) the company can plan ahead, ordering parts that is needed for the
maintenance so the parts are already available before the maintenance will take
place. It would also be possible for the company to lower the number of
employees during the particular day (hours) of the maintenance (staff that only
sits and waits for the system to start again is expensive).

One interesting thing about this project is that it is also applicable in other areas
than manufacturing industries. This kind of imbalance detection system could
be useful for monitoring pumps or windmills by just changing which features
to measure and compare. It would also be interesting to conduct a similar
experiment but measure the sensor data differently and see what the results
would be. For instance, in this project one measurement (I.e. one row of data)
was for simplicity considered one data point), but it could be interesting to use
time series instead.

The project group had trouble keeping up with the timetable. When the
timetable was planned the group had failed to take delivery time for components
into account which caused the experimental setup to be delayed - which in turn
caused everything else except the reading application to be delayed.
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7 Conclusion
This thesis sought to produce a machine learning model for detecting imbalance
on an induction motor. There are currently several products for system
monitoring on the market but none which offer data analysis with machine
learning embedded in a gateway.

The models' task was to classify a binary condition (if the system was balanced
or not) within an industrial gateway (NB301). Three algorithms were tested and
evaluated by metrics such as accuracy and memory usage.

It was not possible to perform the actual classifying within NB301. The reason
for this was lack of important Python modules. Installation of modules on the
gateway was a complicated and demanded knowledge and resources that was
not available at the time.

Initially the models were supposed to be developed exclusively in a software
library from Ekkono solutions. This plan changed because several of the
selected algorithms was not implemented in that library. Therefor the models
were developed and evaluated with Scikit-learn.

For all the algorithms, experiment 4 performed the best with a sample rate of
3Hz. The features had the best variation with the speed set to 540 rpm, if higher,
it would create a safety hazard. The algorithm that proved most suitable in
relation to the specified properties was LDA. For this case study the LDA
algorithm proved to be the most suitable for deployment.

7. 1 Future optimization
First step of optimization should be to accomplish classification of data within
the gateway instead of on an external computer. It would also be interesting to
change how the DMS receives the feature values from Modbus ATV32 in order
to allow higher sample rates. Another area would be to look at dynamic errors.
Errors can occur suddenly, but they may also develop over time and it would
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be interesting to see how quickly a model can intercept faults that occurs
stealthily. It would also be interesting to estimate remaining useful time. That
is, how long the motor can continue in its current state before the imbalance
reaches a critical level.

A good optimization would be to develop a function that can clear memory
from NB301 so this is an automatic task instead of manual. The data collected
from the system should only be stored during a certain period and then deleted
from the gateway. This however would make it hard to troubleshoot far back in
the system history and requires a good balance.
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