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Abstract

This study investigates the possibilities and the limitations for utilizing machine
learning algorithms in industrial quality control. This has been done by a number of
steps: Quality improvement practitioners have been interviewed about the difficulties
and problems they encounter. Machine learning has been studied through literature
review to understand what kind of problems machine learning may solve and what
would be needed in terms of resources. Then quality control issues have been paired
with machine learning solutions and discussed in terms of resource requirements. There
has also been a construction of a machine learning algorithm for solving a specific
quality control problem for Scania, acoustic deviation detection, where the resources
and usefulness were studied first hand. The readiness of machine learning as a tool in
industry is discussed. Finally, a model has been synthesized for evaluating the
feasibility of machine learning projects in quality control.



Sammanfattning

Denna studie har undersokt mojligheterna och begrénsningarna for att anvanda
maskininlarning i industriell kvalitetskontroll. Detta har gjorts genom ett antal
delmoment: Ut6vare inom kvalitetsforbattringar har intervjuats om de svarigheter och
problem de moter. Maskininlarning har studerats genom litteraturstudie for att forsta
vad for slags problem maskininlarning kan l6sa och vilka resurser som behdvs.
Kvalitetsproblem har parats ihop med maskininlarningslésningar, och diskuteras med
hénsyn till resurskrav och genomfdrbarhet. Vidare har en maskininlérningsalgoritm
konstruerats for att losa ett specifikt kvalitetsproblem &t Scania, detektering av
ljudkvalitet, dar resursbehov och anvandbarhet har studerats pa nara hall. Det diskuteras
hur redo maskininlarning &r att anvéndas som ett verktyg i industrin. Slutligen har en
modell sammanstéllts for att utvardera genomfdérbarheten av projekt i maskininlarning
inom kvalitetskontroll.
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1. Introduction

1.1 Background

Automation is the use of control systems to operate machines and processes. This has
historically had a big influence on industrial production, with important milestones such
as the automatic control of the steam engine, continuous chemical production, and
industry robots. As information technology has developed, computers and utilization of
information has had a greater importance in automation. Modern industries often use
multiple IT systems for tasks such as process control, tracing products, and handling
capacity. As companies accumulate larger amounts of data, the field of automating data
analysis has grown; Computer programs using so called machine learning algorithms
are being developed to make better predictions and decisions from data.

Quality Control is the task of assuring that the products produced reach a certain
standard, either set by the company or by the customers. The field developed rapidly
during the second half of the 20" century and is today an integral part of most
manufacturing companies. It serves multiple purposes: By measuring what is important
to a product or component, bad components can be excluded before they are delivered
to the customer. Furthermore, processes can be controlled so that quality deviations
occur less frequently, which results in higher quality and lower costs.

The development within Machine Learning has been rapid the last few years, and has
especially been applied in IT for improvements in search engines, speech recognition,
and online marketing. There is untapped potential in manufacturing industry using this
kind of software based automation, and it is not obvious how it can be used, where it is
useful, or how to implement it.

1.2 Problem statement

There is an uncertainty in how machine learning algorithms can improve industrial
quality control in terms of improved quality and reduced costs, and an uncertainty about
the requirements to implement these algorithms.

1.3 Purpose
The purpose of this study is to investigate the possibilities and limitations machine
learning has on industrial quality control.



1.4 Research question
Of what use can machine learning be for industrial quality control, and what limitations
are there in terms of resources, reliability and precision?
e What kind of machine learning is suitable for what kind of problems?
e What resources are needed in terms of time, money, competence, and
computational resources?
e What result may this lead to regarding quality and cost?

1.5 Expected contribution

The study is expected to contribute with a procedure for decision about implementation
of machine learning in quality control, by creating a model of what is required and how
it will contribute to a successful implementation.

1.6 Delimitations

The construction of a machine learning program will be limited to known algorithms
and configuration, as |1 do not seek to develop new, but focus on the aspects of
application. I choose to limit the width of the scope to study one particular quality issue
(engine sound detection), although conceptually broadening my findings to further
quality issues. This is because of the depth required to construct and train a machine
learning algorithm. There are applications where using multiple algorithms together
may be advantageous. For the same reason, | choose to exclude this from my study.

There could be potential in matching all kinds of errors with audio, even errors that do
not create hearable noise, to investigate whether a computer can hear errors which
humans cannot. That is, however, beyond this scope.

The use of machine learning will be limited by quality control and quality engineering.
The use of machine learning for optimization of production parameters is briefly
introduced but not studied.

1.7 Method

First, quality control problems were identified through theory study, participation in
testing at Scania as well as interviews with quality personnel at Scania. These have been
matched up with potential machine learning algorithms. The participation included
working in the final testing department at Scania and observing the problems they face.
Interviews were conducted semi-structured to gain the interviewees perspective of
quality control.



Second, a machine learning algorithm has been developed for Quality Control at Scania,
where the problem at hand was to detect engine sound anomalies. The resources
required for this in terms of time, cost, competence and computational resources has
been documented and analyzed. As part of the preparation, quantitative sound data has
been collected.

Third, a model has been proposed to generalize the findings of resource requirements to
other type of quality control problems as well. It has been done by analyzing the
situational factors affecting each step in the development of the machine learning
algorithm, and connecting them with resource requirements.

The study has been inductive, where the starting point has been the empirical results,
which then together with theory has been combined to form new theories. The machine
learning algorithm was based on quantitative data including audio data and quality data
from a large number of engines. The problems and use for machine learning in quality
control has been based on qualitative interviews.



2. Industrial Quality Control

Quality Control (QC) is the practice of ensuring and improving quality of a company’s
products and services. For consumers, the quality of a product is often considered to be
the “fitness for use” of the product (Montgomery, 2013). This can be attained by a good
design, and by conformance to that design. In QC, the focus is on the latter: to make the
products conform to the intended design by reducing variability in processes and
products. From here on, quality refers to conformance to design.

The costs associated with quality can be categorized into prevention costs, appraisal
costs, internal failure costs, and external failure costs (Montgomery, 2013). Generally,
the total quality costs are reduced by increasing prevention and appraisal costs, since
that reduces failure costs even more. Besides reducing costs, high quality can be of
strategic importance since it may increase the business reputation among customers and

employees, which can strengthen the company’s market position and competitiveness.

The three major methods of quality control are Acceptance Sampling, Statistical Process
Control, and Experimental Design (Fountoulaki, et al., 2011) When testing is expensive,
time consuming and or destructive, there are advantages with testing only a sample of
products to draw conclusions about the whole batch. This is called Acceptance
Sampling.

Process control is somewhat different. It sets out to monitor and identify the cause of
variation in a process. By noting the distribution of product measurements when a
process is well functioning, later measurements can be compared to this. By calculating
the probability that each measurement or group of measurements is a sample from that
same distribution of a well functioning process, one can determine if there is something
wrong with the production process. The goal is not only to find defective parts, but to
detect when something is wrong with the process, to be able to correct it as soon as
possible. There are many well used tools to visualize the process, and to structure the
analysis of what may be wrong, including Cause-and-Effect Diagram, Control Charts,
Scatter Plots and Histograms.

Experimental design is mainly practiced when setting up a production process or
introducing a new product. The method uses statistical experiments to find good
parameters for the production process. It is done by making changes in the input
parameters and observing the output of the production (Fountoulaki, et al., 2011). It can
also be used to compare different production lines, production techniques, or to evaluate
the functionality of design features.



Most studies within the field of quality control concerns process control. Many of these
set out to improve common tools for specific purposes.

Yeong et al (2017) exemplify the use of Coefficient of Variation in control charts, as
well as show how it can be used more accurately in a variable parameters chart.
Coefficient of Variation is the ratio of standard deviation to the mean of a process, and
can be a better indicator of process behavior than standard deviation and mean
separately, if the standard deviation is a linear function of the process mean.

Teoh et al (2016) write about how adaptive control charts are used to enhance the
sensitivity in assignable cause variations. The adaptive control chart examined is the
variable sample size chart, where there are warning zones between in-control and out-
of-control which signals to increase the sample size. They show how to optimize the
sample size based on median run length.

When control charts are set up on a new process, the first step is to measure the process
variation to determine mean and standard deviation to control. Diko et al (2017) derive
new charting constants to determine how many measurements must be done in this
initial phase, both analytically and numerically.

The capability of a process is its ability to produce parts within tolerance, i.e.
requirements on the product. By reducing the variability in the production process, more
parts will be produced within tolerance, and the scrap rate can be reduced. For products
comprising a vast number of components, this is especially important, since one faulty
component may be enough to make the product not function properly, and so the
number of faulty final products is much higher than for each component (Montgomery,
2013).

Some resent studies in the field of process capability include Ganji & Gildeh (2016)
who investigate how to index capability when the specifications are asymmetric: the
upper and lower tolerances are not on equal distance from the nominal value. Weusten
& Tummers (2016) study how to set preliminary specification limits based on the
performance of the process, to be able to estimate a capability index.

Regarding implementing new tools and systems such as machine learning in quality
control, a consideration is change resistance among employees. Sim & Rogers (2008)
discuss resistance to implementation of improvement programs, where the main
contributing factors are aging workforce and low commitment from management.
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3. Machine Learning

Machine learning, a subfield of artificial intelligence, is the science and application of
algorithms that use data to make predictions and decisions (Raschka, 2015). Instead of
setting up rules manually for analyzing data, machine learning algorithms can
numerically approach rules and connections in data. There are three main categories of
algorithms for different kind of problems: Supervised learning, unsupervised learning,
and reinforcement learning.

3.1 Supervised machine learning

Supervised machine learning solves the type of problems where there is historical input
data and corresponding solutions. There are mainly two types: Classification problems,
and regression problems (Raschka, 2015). For classification problems, the solution to
each instance is a category of a set of predetermined categories. An example of
classification problem would be to determine if a photo has a person in it. The
categories would be having a person, or not having a person. Another classification
problem would be to determine the genre of a song, where the genres would be the
predetermined categories. For regression problems, instead the solution is a numeric
value on a continuous scale. An example would be to predict the air temperature given
the location and time. See figure 1 for a visual comparison.
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Classification Regression

Figure 1 — difference between classification and regression (Oakes, 2016)

There are two phases of a supervised algorithm. The first one is training the algorithm,
which tries to create a function from the known input data to the known output data.
This is done numerically. During this phase, the algorithm is fed with historical data,
and returns the function which maps input to output data. During the second phase, new
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input data is fed to the algorithm, and it returns categories for classifiers, and numerical
values for regression (Raschka, 2015).

To evaluate how well a classification algorithm performs, accuracy is commonly used.
It is a measure of proportion of correctly classified entries. This is achieved by using
input data with known output data, which the algorithm has not been trained on.

3.2 Unsupervised learning

Unsupervised learning is the categorizing of data, without knowing the categories of
previous data. One common method is clustering. There are multiple clustering
algorithms, but the general principle is to categorize instances based on similarities in
data. One example would be segmenting a market into categories based on the
customers’ buying patterns. Another type of unsupervised learning is anomaly
detection, which attempts to detect outliers in the data. It tries to identify whether an
observation comes from the same distribution as previous data. This concept is similar
to process control in quality practices. The main difference is that in a machine learning
algorithm, the distribution is defined by the computer, and can therefore be immensely
complex. One approach to this is to manually identify the features in which anomalies
may occur, to reduce the dimensions (Ng, 2013). Anomaly detection can be used
together with classification algorithms, to identify classes with little data (Dunning &
Friedman, 2014). Combinations of multiple algorithms can be powerful (Ko, et al.,
2016), however, constructing these is more complex and time consuming, as multiple
algorithms must be chosen and integrated. For that reason, this paper will only consider
one algorithm at the time.

3.3 Reinforcement learning

Reinforcement learning is fairly different from the other methods. The algorithm
attempts to maximize some kind of reward, by acting in an environment and receiving
feedback from the environment. The environment is often formulated as a Markov
Decision Process, where the environment is in some state, and an action will move the
environment into a new state. An example would be a chess playing algorithm. For each
state of the board, there are multiple actions to take (moving the pieces), and they all
yield new states (the board after the opponent moves). The reward could be the
advantage in pieces and position, and the ultimate reward is check mate.

Quality is often concerned with identifying and separating bad parts from good, and that
is the case for engine audio as well. For this reason, this theory chapter will expand
further on classification algorithms.

12



3.4 Perceptron

One of the simplest of machine learning classification algorithms, which many others
are built upon, is the Perceptron, which mimics a neuron in brains; see figure 2 of
perceptron flowchart. Each feature in a sample is multiplied by a weight, and the
weights are summed, and put through an activation function. For the perceptron, the
activation function is a step function where a threshold number determines which class
the sample belongs to. The goal of the training phase is to change the weights such that
each sample corresponds to its known class. The weights are updated with the learning
function, which takes the difference between the output and the desired output,
multiplied by a learning rate (Raschka, 2015).

Where w is used to update the weight vector, such that w; := w; + Awj;, y® is the

class label, ¥ is the predicted class label, and n is the learning rate. The x].(i)xji is the

input value. The weights are updated after each sample, in what is called an online
learning. The perceptron will only find a solution if the classes are linearly separable.
By changing activation function from the step function, better results can be reached.

(1) —
\}/\/_\ Error
Wo L=
@ output
Net input Activation

function function

Figure 2 - Perceptron flowchart (Raschka, 2017)

3.5 Neural networks

Neural networks are networks of neurons, using parallel neurons. Deep neural networks
also use sequential neurons, creating layers of neurons between input and output, see
figure 3. Using parallel neurons allows for different inputs to be weighted differently for
their influence on class belonging. Using sequences of neurons allows complex non-
linear functions to be created. The outputs of some neurons are simply features for the
next neuron downstream. Neural networks have been increasingly popular in many
applications because of their ability to model complex functions (Raschka, 2015).
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hidden layer 1  hidden layer 2 hidden layer 3

input laver

Figure 3 — Deep Neural Network (ODSC Team, 2016)

3.6 Activation function
The activation function can be configured in multiple ways. It has the input of the sum
of weights times the feature values, and outputs a value representing the class
estimation. Instead of using a step function as in the perceptron, a smoother function can
be better to adjust for the distance of the error. A common activation function is the
sigmoid function. In contrast to the perceptron, the max and min values are asymptotes,
meaning even fairly good estimates will have a small error.
1

fO) =1 =

The sigmoid function, a common activation function

3.7 Gradient descent

When building networks of neurons, there are weights for each layer to estimate. This is
commonly done through what is called gradient descent. The error is defined as the
difference of the estimate and the desired output. To minimize this error, the gradient
for each weight is calculated. Then, a step is taken in the opposite direction of the
gradient. This requires the activation function to be increasing. The weights are updated
and the procedure is repeated.

3.8 Imbalanced data

Having an imbalanced amount of data, such that the classes are significantly different in
size, may cause problems. As the algorithm used may favor the larger classes during
training, the final algorithm may be bad at detecting the more unusual classes. There are
a few ways of dealing with this problem. The first would be to collect more data, to

14



even the classes out. If this is not possible, one could duplicate existing data from small
classes, or delete data from larger classes. This is called oversampling and
undersampling. A risk with oversampling is overtraining, and a risk with undersampling
is that the algorithm will be undertrained. Another way of dealing with this problem is
to synthesize samples of the classes that are small. One popular method is Synthetic
Minority Over-sampling Technique, which works by creating a synthetic sample
somewhere in the feature space between one sample selected at random, and one of its
k-nearest neighbors, see figure 4.

[
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Figure 4 — Synthetic Minority Over-Sampling Technique (SMOTE),
where Y3 and Y, are created from combinations of X (Xie, et al., 2015)

3.9 Confusion Matrix

One way of measuring how well an algorithm performs is by using a Confusion Matrix.
When studying only two classes of data, each instance can be from either class, and can
be estimated to belong to either class. This creates four different scenarios, as shown in
table 1. To evaluate an algorithm, using the confusion matrix can be a good tool for
understanding what is wrong. For example, it can indicate which class seems to be
harder to detect or if the algorithm prefers one class over the other. This is especially
interesting in the context of quality, where it is important to control the tendency of type
| and type Il errors, that is, the risk of classing a bad part as good, and a good part as
bad, respectively. Depending on the cost of quality priorities, this may look different for
different companies. For high quality products such as trucks, minimizing type | error is
much more important than type Il error. This is because a type | error means the error is
not detected, and so the product may be delivered to the customer, where it will be
unsatisfactory. A type Il error, in contrast, will be investigated for reparation, but later
correctly classified (Montgomery, 2013).
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Table 1 — Confusion Matrix with four Scenarios

Actually positive Actually negative
Predicted positive Correctly approved Type | error
Predicted negative Type Il error Correctly rejected

3.10 Tuning a Neural Network

For a machine learning algorithm to learn how to transform input to output, just
showing training data is not enough. A suitable algorithm has to be selected, as
discussed. Next step is to build a program which can adjust the weights, to learn.
Gradient descent has been mentioned as a method for determining the direction in
feature space to step in order to reduce the error. This is a numerical optimization
problem in high dimension, and has to be calibrated. One parameter to adjust is the
learning rate, which is the step size taken in the direction of the gradient. This affects
how fast the program converges, whether it will constantly overshoot the target, and
whether the program can get stuck in local minima. Similarly, the batch size, how many
of the samples are trained on at once, affects the speed of convergence, as well as
possibility to overcome local minima due to noise. Other parameters to tune were L2
regularization which is punishment for overfitting, and number of iterations. There is no
right way to do this, and this is done iteratively after each training and evaluation,
before training again. See figure 10 in section 8. In connection to this, the network
architecture may also be considered a parameter for tuning, such as the node
configuration. There have been advancements in how to integrate the parameter tuning
and network architecture into the machine learning phase, although this is not in wide
use (Cortes, et al., 2017).

3.11 Convolutional Neural Networks

Convolutional Neural Networks (CNN’s) are networks developed for image sources of
input. Instead of looking for patterns between any input features, the CNN will look for
patterns in features that are close by. This requires that the input data is not just one
vector, but organized in a two-dimensional coordinate system, such as an image with
pixels along x- and y-dimensions. This allows the CNN to identify nearby features in
both x- and y directions. A common task is to classify a photo based on the objects in
the photo. Since an object can appear at any x- and y-position, the CNN approach is to
try all x- and y-positions. This is done by only looking at a small part of the image at the
time, and determining whether the object is there. The multiple layers in a CNN build
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up small features such as edges or patterns, and further downstream combinations of
small features to images that reminds of objects, see figure 5.
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Figure 5 — Convolutional Neural Network filters in
three levels detecting faces (Strong Analytics, 2016)

3.12 Recurrent Neural Network

Recurrent Neural Networks (RNN’s) are neural networks where the nodes are not only
connected from input towards output, but where some nodes connect back to nodes
upstream, creating cycles. See figure 6. This enables networks to process sequences of
input vectors, and consider previous vector inputs as well as the current. This makes
them especially useful for data which is related to previous data, such as words in
sentences, stock prices over time, or sound over time. One well known version is the
LSTM network, where the memory is especially good at considering long-term
dependencies (Britz, 2015).

A A A
Figure 6 — Recurrent Neural Network, where X; is input vector,
h; is output, and A is node structure. (Olah, 2015)
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3.13 Predicting sample size requirements

In classification, the larger data set available for training, the higher is the expected
outcome of accuracy. Accuracy can then be described as a function of sample size. How
this function looks is interesting to know because in a typical application there is a
required accuracy from the beginning, which directs how much data has to be collected,
and or if the project is feasible. Figueroa et al (2012) showed that this can be modeled as
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the inverse power law, using only a few test runs of different sample sizes, to predict the
accuracy on larger sample sizes.

Y(x)= f(X;a,b,c) = (1 —a) — b *x*
The variables a, b, and c, depend on the specific dataset and algorithm, and have to be
found anew for each problem. This is done by a least squares approximation from a

number of test runs. In their study, they used sample sizes between 53 and 280 to
predict accuracy for greater sample sizes.
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4. Machine Learning and Quality Control

Machine learning as a tool has been applied in many different environments. Quality
control has to some extent been examined as well, specifically process control.

One field that has been studied is control chart patterns such as shifts, trends, and
cycles. Detecting patterns is important to minimizing variation by identifying the root
cause and adjusting the process accordingly. Guh & Shiue (2005) found that decision
trees could be used to identify control chart patterns. Wang, et al. (2008) also managed
to recognize anomaly types using decision trees. Gauri & Chakraborty (2007) trained a
deep neural network to find control chart patterns and features.

Other studies set out to determine whether machine learning can be used to classify
processes in or out of control. Smith (1994) used a neural network for X-bar and R
charts to determine if a process was out of control. For large shifts in mean, she
managed to detect equally well with neural networks as with regular control limits, but
for large shifts, neural networks outperformed control limits. Shao & Chiu (1999)
trained a neural network to identify different assignable causes, in an attempt to
integrate statistical process control with feedback control of a few parameters. Most of
these studies use simulated data.

Pacella & Semeraro (2007) highlight the problem that many quality characteristics are
correlated, and use a recurrent neural network to monitor quality on autocorrelated
process data. Low et al (2003) also consider autocorrelated data, but specifically focus
on variance out of control in their proposed neural network procedure.

There have been some practical implementations as well. There are a few successful
studies published on quality of fruit detected with visual machine learning algorithms
(Pandey, et al., 2013) (Sa, et al., 2016). Plastic 