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At present many quality inspection tasks in the wood processing industry are per-
formed by production line workers if quality inspection is performed to begin with.
At Maler Oy finished wooden panels are inspected and stacked for packaging by
workers. This task is highly repetitive and labor intensive.

In this thesis I designed a visual wood panel inspection system based on deep
learning-based methods used in medical image segmentation. Deep learning of-
fers a versatile set of detection methods for image processing such as classification,
object detection and segmentation. Segmentation has been studied extensively in
the medical field and more specifically in the segmentation of tumors from magnetic
resonance images. I performed a hyperparameter search in the form of an extensive
literacy survey to design a robust training process for the wood feature and defect
segmentation model. Tumor and wood feature segmentation are very similar prob-
lems since both use images with organic variation and imbalanced data so the results
of the hyperparameter survey are transferable to the wood processing industry.

I trained and compared three networks for the wood panel feature segmentation
task: U-net, DeepLabV3, and Segformer. To train the networks I collected and
annotated over 6200 images of spruce interior panels with a white opaque varnish.
The classes included features like cracks, edge clefts, knot holes, healthy and dry
knots, pith streaks, and resin pockets. U-net performed the best of the three network
architectures, so it was selected for the defect detection stage of the inspection
system.

The inspection system grading component is based on contour detection and analy-
sis. Contour analysis offers methods for extracting a feature’s dimensions and other
geometric properties. Using these methods I developed a system that checks a set of
predefined requirements for each wood feature class. 1 tested the grading system by
comparing the grading results produced by the model’s test outputs with the results
produced by the human made annotations. The model’s segmentations produced
very similar grading results to the annotations. Therefore, it is possible to design
and develop an automated solution for visual wood panel quality inspection using
deep learning-based detection.

Keywords: Segmentation, Deep learning, Machine Learning, Industry, Automation,
Wood processing, Medical imaging
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1 Introduction

This thesis explores the use of neural networks developed for medical image recog-
nition in an industrial setting. Namely in the wood industry. The goal of this thesis
is to develop a system capable of performing quality inspection for a finished wood
panel.

The standard quality inspection method on wood panel painting lines is man-
ual. This makes the task of quality inspection on the finished product extremely
labor intensive, slow and unreliable. The only way to remedy this bottleneck on the
production line is to develop an automated solution to replace the human quality
inspector. However, with multiple types of finish applied to wood this automation
task becomes very difficult with traditional machine vision approaches. Since the
material is also organic, no two defects are identical. These factors make the devel-
opment of handcrafted detectors extremely difficult. This is why I have chosen to
explore the use of artificial neural networks for the quality inspection task in this
thesis. With the latest developments in computation technology, it is now possi-
ble to run even computationally expensive neural networks in real time making the
deployment of neural networks in automation environments possible.

Deep learning-based vision algorithms have been successfully used for determin-
ing the quality of industrial products and processes [1] such as steel [2], welds [3],
semiconductors [4], fabric [5], and fruit [6]. Existing research in the domain of wood

inspection area is rather scarce, so I decided to perform a study to the field of
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medical imaging and how deep learning is applied for tumor detection in magnetic
resonance images.

The thesis is structured in the following way: the first two chapters introduce the
reader to the field on deep learning (2) of and its use in machine vision applications
(3).

The fourth chapter studies the use of deep learning-based image segmentation
methods in tumor segmentation from magnetic resonance images. The chapter fo-
cuses on studying the supervised training parameters of the segmentation models.
In this chapter I performed an extensive hyperparameter survey in the form of a
literacy survey. And so, the chapter has four research questions: What is the most
popular loss function? What is the most popular optimizer? What are the most pop-
ular augmentation methods. What is the most popular transfer learning method?
To answer these questions, I collected a large set of articles studying tumor segmen-
tation using the U-net architecture. The fifth chapter then briefly discusses existing
research of deep learning-based image segmentation in the wood processing industry.

The sixth chapter then uses the results of the hyperparameter survey to train a
segmentation model to detect the wood’s structural features of interest and defects,
such as knots, resin pockets, and pith streaks, from finished wooden panels. The
data was collected from a panel painting production line using an automated image
capturing system and then annotated by hand. A rule-based quality inspection
system is then designed based on the segmentation model and contour analysis.
The inspection system is then tested on the test split of the dataset to evaluate the

system’s usability.

1.1 Motivation

The last stage where the panel’s production quality is checked on a wood panel

painting line is manual. The production line worker has two primary tasks at this
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workstation. The primary task is to stack the incoming panels appropriately for
packaging and visual quality inspection is a secondary concern. The worker sits still
at their station as the panels move perpendicularly towards them on the conveyor
belt. Stacking the panels is a fast-paced process as the maximum pace of the pro-
duction line is measured at around 100m/min. This leaves very little time for the
worker to inspect the quality of the finished product before it has to be stacked and
packaged. In addition to the fast production speed, the panels can often be many
meters long making it virtually impossible to properly inspect the entire front side
of the panel. This leads to a situation where only the most noticeable defects are
rejected, provided they get noticed.

In addition to the fast production speed and the non-optimal inspection set-
up the repetitive nature of the work can be tiring. The level of performance and
motivation of the worker can shift from hour to hour and day to day. Also, the level of
scrutiny a worker applies to the quality of the product varies between employees. All
these factors lead to a situation where the quality of the product can be inconsistent.
This creates a need for an automated solution to perform visual quality inspection
on the finished product.

The products have varying quality criteria but the ones I'll be focusing on in this
thesis is the healthy knotted spruce panel. Its quality criteria are publicly available
on Maler Oy’s quality card [7] which is shown in figure 1.1. The goal of this thesis is
to design an automated visual inspection system that is able to detect and extract
the information required to adhere to the criteria specified in the quality card of
figure 1.1.

The long term purpose of the research produced in this thesis is to apply the
results in practice. One possible deployment platform for machine vision algorithms
and deep learning-based detection methods is Beckhoff’s TwinCAT automation en-

vironment. The TwinCAT platform offers various functionalities for real time image
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Figure 1.1: Healthy knotted spruce quality card of Maler Oy
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capturing and processing. The TwinCAT platform also offers options to run neural
network inference either synchronously in kernel space or asynchronously in applica-
tion space. TwinCAT’s machine learning server functionality offers the option to run
inference on a discrete Nvidia GPU making it possible to apply deep learning-based
vision algorithms in real time. TwinCAT’s image processing tools include functional-
ities such as contour analysis tools, perspective transformations, and measurements.
These tools make it easier for automation professionals to implement and deploy
machine vision applications such as the one designed in this thesis in production

line environments with minimal development time.



2 Deep learning

Conventional machine learning models struggle to process natural data in its raw
form. These models required the data scientist to engineer a feature extraction
process in which the raw data was transformed into an appropriate internal repre-
sentation from which the machine learning model could then learn and recognize
patterns. Deep learning offers us a way to skip the feature engineering phase, since
deep learning models are able to discover the relevant features from the raw data
[8]. This feature is the reason why I chose to base the defect detection stage of the
quality inspection system on deep learning. This chapter explains the core principles

on neural networks and their training.

2.1 Artificial neurons

Artificial neural networks as computational models are inspired by the basic func-
tion of the human brain. Neural networks consist of neurons organized into layers.
A neuron is the smallest learning component within the network and so a neural
network is a composition of neurons just like the human brain. |9

A biological neuron consists of three main types of components: the cell body,
dendrites and an axon (figure 2.1). The dendrites are connected to other neurons’
axons and deliver electric impulses to the cell body. The axon on the other hand
conducts electrical impulses produced by the cell body to other neurons’ dendrites

[10]. In other words, the dendrites act as the neuron’s input channels and the axon
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Figure 2.1: Structure of a neuron.

is the output channel. [9]

How a neuron works is relatively simple. If the stimuli arriving from the dendrites
to the cell body are strong enough, then the cell body sends an electrical signal along
its axon. The axon then conducts the impulse onward to other neurons. The neuron
therefore acts analogously to an on-off switch. [9]

A neuron can then be thought of as an application of logistic regression. An
artificial neuron maps a set of inputs and a single output. The process can be
roughly divided into two steps: calculating the weighed sum with a bias term and
then giving the weighed sum into a nonlinear activation function that then gives the
activation value of the neuron (figure 2.2). |9

The connections to previous neurons are portrayed by the weight /coefficient
vector and the action potential of the neuron is portrayed by output of the linear
model passed through the activation function. [9]

One way to try and understand logistic regression and neurons is through the
dot product. Given a weight vector w and an input vector x the weighed sum is
essentially the dot product of these vectors w*x. When the angle between these
vectors is less than 90 degrees the sign of the dot product is positive and negative

when the angle is greater than 90 degrees. When accounting for the factor that
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Output

Figure 2.2: A mathematical representation of a neuron.

usually the threshold for the activation function of the neuron is zero then the
weight vector defines an activation space for the neuron. The bias term when added
to the dot product moves the activation space’s edge in the direction of the weight
vector. If the bias term is positive, then the edge moves to the opposite direction of
the weight vector and vice versa when the bias is negative. The bias term therefore
limits or expands the activation space depending on its sign. [9]

Activation functions are nonlinear functions that are essentially used for intro-
ducing a nonlinear characteristic to a neuron’s behavior. With neural networks we
wish to model nonlinear phenomena and without adding an activation function to
a neuron this would not be possible. Without activation functions neural networks
would become linear models and the composite structure would be redundant. The
activation function acts as a switch for the neuron determining whether the neuron
will activate or not. It takes the scalar value of the dot product as an input and
produces an output known as the activation value. A threshold function is a simple

example of an activation function and is often also referred to as the unit step. A

0, ifz<0.
threshold function that has zero as its threshold is defined f(x) =
1, ifz>=0.

and the shape of the function resembles that of a step. [9]
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2.2 Neural networks

Neural networks consist of neurons. Each neuron in the network defines a simple
nonlinear function mapping an array of inputs into a single scalar output. These
neurons are organized into layers and these layers are stacked to form a network-like
structure. In this network a neuron is depicted as a vertex and connections between
neurons are marked by edges. An artificial neural network has at least two layers,
an input layer and an output layer [9]. A network with multiple layers is also called
a multilayer perceptron or MLP [11]. The input layer is essentially the network’s
input vector and doesn’t contain any artificial neurons. An artificial neural network
can also have layers between the input and output layers. These are called hidden
layers. The number of hidden layers required for a network to qualify as a deep
neural network is two. [9]

The neurons are connected to each other much like neurons in our brain but where
biological neurons are connected by their dendrites and axons artificial neurons are
connected by their corresponding weights and outputs. In a fully connected layer,

every neuron receives an input vector that consists of every output of the previous
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Figure 2.4: A feed forward neural network or MLP. Square is an input value, arrow
is a connection between neurons, circle is an individual neuron. Each connection
between neurons has a corresponding weight in the neuron in the receiving end of
the connection.

layer’s neurons. This is how every weight of a neuron corresponds to a single output
value of the previous layer. If layer [, has an output vector y, = [y1,¥2, Y3, - - -, Y]
then the output y,11, of neuron x in layer n+1 is calculated by passing the output
vector of the previous layer as the input vector to the neuron and so yYni41, =
a(Wpt1,4 * Yn + bias). 9]

Neural networks and deep learning in general are a form of representation learn-
ing. Representation learning is a form of learning where a machine learns represen-
tations from the raw data needed for the detection or classification task. At each
network layer the abstraction level of the representation increases. [§|

In feed forward networks information flows in only one direction and there are no
feedback loops within the network. In this network structure outputs of a layer can
be passed as input only to following layers. Despite their name and their structure
being largely inspired by its biological counterpart, the goal of neural networks is
not to model the brain [11|. Instead, deep networks can rather be thought of as
universal function approximation machines. In fact the universal approximation
theory by Hornik et. al. [12] states that a network with a linear output layer and

a hidden layer with a “flattening” nonlinear activation function can approximate



2.3 NEURAL NETWORK TRAINING 11

any Borel measurable function with any nonzero error. The function must be a
mapping from a space with finite dimensionality to another and the network must
have enough units to achieve the desired error. In theory this means that a network
can map any relation between a set of inputs and outputs with arbitrary accuracy
provided the network is large enough. This gives deep learning boundless potential
in regard to what it can do. However, finding the desired relation between inputs
and outputs in the form of a set of network weights is not a straightforward process

as we will see in the next section.

2.3 Neural network training

Finding an optimal set of network weights is essentially an optimization problem.
The goal of the process is to optimize the network weights in regard to the network’s
performance on new examples. The current method of network optimization is an
iterative training process where the network is used to predict outputs based on a
set of training data. Then the network weights are iteratively adjusted to minimize
the difference between the predicted and desired outputs. [13]

The tools required for the training process include a loss function, backpropa-
gation, an optimization algorithm, and an optional set of regularization methods.
Since our learning problems in both medical and wood industry domains include a
predefined set of classes of interest, this section describes how a neural network is

trained using these tools in a supervised learning process.

2.3.1 Dataset splits

A machine learning model or in our case a neural network is trained by optimizing
its performance on a set of training data. In this thesis the method of training

is supervised so the network’s optimization is with regard to some predefined set
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of correct outputs. However, the network’s performance on the data it is trained
on is not what we are interested in. Instead, our primary concern is the model’s
performance on new data that the model has not been trained on [14]. A model’s
ability to perform well on new data is called generalization [13].

A simple way to test the model on new data is to hold out some of the data
you have for a separate portion called a validation set. This validation set can
then be excluded from the training process to obtain information on the model’s
generalization ability [14].

However, in many cases we want to also optimize some training parameters in
a way that maximizes validation set performance. Unfortunately, this requires the
training process to peek at the validation data to guide the training process. This
makes the validation set to become part of the training process which if unaddressed
will invalidate the test results. Therefore, we need a third set of data on which we
will test our model to obtain final evaluation metrics. This set is called the test set
[15].

Splitting the dataset into three separate parts results in a new problem. It limits
the amount of data we can use for training and testing the model. K-fold cross-
validation is a solution aimed to relieving this problem. In k-fold cross-validation
dataset is split into k number of equisized parts. These parts then take turns in
serving as the test set while the rest are used for training. The model’s test scores
on different partitions of the data are combined at the end of the training process.
This way the whole dataset can be used for obtaining test results of the training

process [14].

2.3.2 Loss functions

In a supervised learning process, we aim to produce a model that has captured

the relation between the input examples and the desired outputs. If the learning
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process has been performed successfully the model should perform well on various
performance measures. Sometimes optimizing the model’s performance directly on
a given performance metric is unfeasible. For example, we might wish to maximize
recall, precision or accuracy of a classification model at a given task but directly
maximizing these metrics might not be achievable efficiently. Instead of trying to
maximize model performance on a given performance metric the more efficient way
to go about it is to try and minimize the error between the predicted and correct
outputs. In fact, using a surrogate loss function instead of a correct-incorrect loss
function produces better class separation and produces in a more robust classifier.
13], [16

Some notable loss functions used for measuring neural network output include

cross entropy for classification and Dice loss for segmentation [16]. Cross entropy is

defined as
c
Lep(y,§) = =Yy *log (2.1)
c=1
And Dice loss as
A 20y *y) + e
Lpy,9)=1— 22— —— 2.2
D(y y) Y+ i+e ( )

2.3.3 Backpropagation

After the error of the network has been calculated, we need to find the relation
between it and network weights. This relation is called the error gradient of the
network S—V]f/. The gradient is needed by the optimization algorithm to make adjust-
ments to the network weights that decrease the network’s loss. The process used to
find the error gradient is called backpropagation and this section describes how it
works.

The backpropagation technique was first used for finding the network error gra-
dient in 1986 by Hinton et. al. [17]. The training of the neural network begins by

performing a forward pass. The forward pass is performed by presenting the network
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with an input example and computing the output. During the forward pass both
the weighted sum values and activation values of the network’s units are recorded
for the backward pass phase.
Once the forward pass phase has been completed the error of the network must
be calculated. For example, the error can be calculated with the mean squared error:
n
E = %Z(yl — #;)%. Where n is the number of output neurons, y; and §; are the

i
actual and desired outputs of unit i respectively. Once the error has been calculated

it will have to be backpropagated through the network. This is performed by using

d
the chain rule: w = f'(g(z))g'(x). However, in this context the Leibnitz’s
x
d df d
notation is more intuitive to understand: 4 = _f_g
dr  dgdx

By using the chain rule, we can link the error first from the network outputs to the

network output activations and then from the activations to the layer Weights:(s— =
Wy

OE 0Y) 0z

—— 5" Where k is the number of layers on top of the input layer. Y} is the

5Yk 5Zk 5’LUk

output of the network or the activations of the output layer k, z; is the weighted
sum vector of the layer k, and wy, is the weight matrix of the layer k. Here the bias
term has been embedded into the weight vector making it a normal weight always

receiving an input 1 allowing us to omit the bias vector from the equations. In order

0z
to propagate the error gradient back to the next layer we need to substitute the —k
Wy

term with

b So, we can get which is needed to calculate error gradient

k—1 k—1
for the weight matrix of layer k — 1.
oF oF (SYk (SZk oF oF 5Yk,1 52]6,1
= —— and then =
(5ka1 5Yk 5Zk 5Yk,1 (5wk,1 5Yk,1 521471 (5wk,1
essentially consists of differentiating each operation’s output in the network in regard

. This procedure

to its inputs starting from the output layer until the input layer is reached.

In the example where the mean squared error is used as the loss function the error

0F 2 .
gradient in regard to the network’s outputs becomes v E(Yk —Y). And in the
k
1
case where the activation function that produces Y} is the sigmoid (o(z) = - )
—e x

function the derivative of Y, with respect to its input z; is simply the derivative of



2.3 NEURAL NETWORK TRAINING 15

Y] d
the activation function: —- = ¢’ (z;,) = o() = 0(2x)(1 —0(2x)). This only leaves
5 5Zk de
us with the 5& term. Since zp = Y,_jw, where each weight is only used once to
Wi,

multiply its corresponding input from Yj_; then the gradient for each neuron in layer

k is simply the vector Y;_;. So ;—fk = %%% = %(Yk—?)a(zk)(l—a(zk))YkT1.

After computing the gradient for the weights in the layer k we need to compute
the gradient with respect to the layer’s inputs. This is done by replacing the Yy 1
vector with the weight matrix w;, since this time z;, derivated with respect to Y;_
instead of wy. This process is repeated until the error gradient has been calculated
for each layer.

The backpropagation algorithm was proposed for training neural networks in
1986 by Rumelhart, Hinton, and Williams. They note that this method only works
with networks that have connections going forward in the network and that back-
wards connections are forbidden. While connections going backwards in the network
are forbidden connections going forward in the network can skip succeeding layers.
The creators note that this method is not guaranteed to find a global minimum
within the weight space. However, they also note that the optimization process
rarely gets stuck in local minimum that is far worse than the global minimum. Ad-

ditionally, they suggest that adding connections to the network can create additional

paths to local minima close to the global minimum in the weights space. [17]

2.3.4 Gradient descent

After we have found the error gradient for the network, we need to change the
network’s weights in a way that reduces the error of the network. This is done with
gradient based optimization.

In a case where the error of the system is calculated by some function f(x) the
derivative of this function is denoted as f’(x). The derivative specifies the slope of

the function at point z. It tells us how a small adjustment in the input affects the
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output. The error gradient essentially tells us how we should modify the network
weights to increase the error. This means that we can reduce the network error by
changing the network weights to the opposite direction of the gradient. Since the
optimization algorithm follows the error gradient to the perceived downhill, we call
this algorithm gradient descent. [13]

In our case, a gradient consists of partial derivatives of a multidimensional func-

0
5.1}
gradient tells how changing the value of z; changes the value of f. The partial

tion f : R® — R. A partial derivative of f is denoted as V,,f = f(z). The
derivatives are stored in a vector that is then denoted as V,f(z). To minimize f
we need to find the direction in which we move x that decreases the value of f the
fastest. When going to the direction of fastest descent we use the gradient to pro-
pose a new point: 2’ = x — eV, f(x) where € is the learning rate of the algorithm or
the length of step we take to the direction of the slope. The value of € is a simple

scalar. [11], [13]

Stochastic gradient descent

When we optimize deep learning models, we use an extension of gradient descent
known as stochastic gradient descent. In contrast to normal gradient descent,
stochastic gradient descent takes only a small portion of the dataset for calculating
a single step. In normal gradient descent the error is calculated by summing the
errors produced by all training set examples|[13]. In older material the term stochas-
tic gradient descent is synonymous with online learning where the error gradient is
calculated from the error produced on singular data points. [11]

With large datasets it is advantageous to use stochastic gradient descent since
calculation time per step becomes significantly shorter. In Stochastic gradient de-
scent (or SGD) the training data is sampled into minibatches. These minibatches

are non-overlapping subsets of the training set with only a few examples. The size
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of minibatch is usually chosen to be relatively low regardless of the dataset size.

Usually, the minibatch size is in the range of tens to a few hundred. [13]

Momentum

Stochastic gradient descent can sometimes be a slow method of training neural net-
works. Adding momentum to the update step calculation process can speed up
training significantly in situations featuring high curvature, weak but stable gradi-
ents, and noisy gradients for instance. Momentum is essentially an algorithm that
accumulates a decaying moving average of past gradients. This method introduces
a new variable called velocity that determines the direction and the update step
length. The velocity variable is the decaying moving average of past and present
negative gradients. [1| The idea behind adding a momentum term to the update
rule is to use the real-world analogy the Newton’s first law of inertia in moving the
weight vector through the parameter space. If the update to the weight matrix in
gradient descent is expressed as Ax; = —eV,. f(z;) then with the use of momentum

the update to the weight becomes:

Axy = —€eV,f(zy) + pAzy_q (2.3)

The idea of using momentum in the update rule is to preserve some amount of
velocity from earlier gradients. From the equations we can see that when the new
update step is calculated we first multiply the old velocity variable with multiplier
p. the multiplier p is the rate of decay of the old gradients and determines how much
the old gradients are allowed to affect the new update step. This can be thought
of as the momentum carried over from the old gradients. After applying decay to
the old gradients, we add the negative gradient multiplied by the learning rate € to
the momentum. Now that the new velocity term has been calculated it is used for

updating the weights. [18]
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Adaptive learning rate optimizers

An adaptive learning rate algorithm uses individual adaptive learning rates to op-
timize each weight in the network. Using adaptive learning rates is beneficial for
the learning process since learning rate is a difficult hyperparameter to choose. The
difficulty of learning rate choice stems from the high impact learning rate has on
model performance. Making the learning rate adaptive instead of static eliminates
the need to choose an appropriate learning rate. Making the learning rate adaptive
for every network parameter allows for steps of different length depending on how
sensitive the network error is to changes in individual weights. Therefore, the learn-
ing rate can be kept higher for weights having slight gradient slopes and lower for
steeper slopes. [13]

AdaGrad is an adaptive learning rate optimizer that scales the learning rates
inversely proportional to the square root of the sum of squared historical values of
the gradient. This means that parameters having the most impact to the network
error have their learning rate decrease the fastest and parameters having little effect
on the error have slower learning rate degradation. The AdaGrad algorithm works
well in convex areas of the error function surface. [19]

However, in most cases the learning process involves the optimizer to pass the
parameter vector through nonconvex areas where the decrease of the learning rate
could occur too quickly resulting in the training algorithm never reaching a local
convex area. This is where The RMSProp algorithm improves upon the AdaGrad
by adding decay to the impact past gradients have on the learning rates. RMSProp
uses a decaying weighted moving average of gradients to adjust the learning rate.
With this implementation the learning rate decreases when the gradient for a weight
steepens and increases when the gradient diminishes. [20]

Adam is a combination of RMSProp and AdaGrad. Adam stands for adap-

tive moment estimation and this optimization technique was published in 2015 by
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Kingma and Ba [21]. The Adam algorithm uses both first and second order moments
of the gradients to find a good learning rate for individual weights. This approach

aims to combine the advantages of RMSProp and AdaGrad.

2.3.5 Batch normalization

Batch normalization itself isn’t an optimization algorithm but rather a way to ease
the work of actual optimization algorithms. It is a form of adaptive reparameteri-
zation where the connections between neurons are standardized.

Deep neural networks consist of a large number of functions that are composed
together to form the overall network. When a neural network is trained the training
algorithm makes adjustments to individual weights and simultaneously changes the
way the neural network’s subfunctions operate. The problem with the training
algorithm is that it changes each weight while assuming that the rest of the network
remains unchanged. This is not the case in practice, however. The entire network
is updated at once and this can have unforeseen effects on the overall network’s
operation even though the individual changes to the weights may have been small.
This makes choosing an appropriate learning rate a challenging affair. Tackling the
problem by taking all the effects into account would be computationally expensive
and would still require approximations that might not be able to take all interactions
into account.

Batch normalization aims to relieve this problem by reparametrizing the connec-
tions between neural network’s layers. This alleviates the need to coordinate the
weight updates across layers. This technique can be used for standardizing the input
to any layer in a neural network.

Let A be a two-dimensional matrix containing the activations of a layer for a
given example in each row. Matrix A contains the activations of a given layer for a

single minibatch of input examples. A is normalized by subtracting a mean vector p
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containing the mean activations for every unit in the layer. The subtracted matrix is
then divided by the standard deviation vector o containing the standard deviations

for each neuron. The normalized minibatch output matrix for the layer is then:
A = A— I

g

After the minibatch output matrix has been normalized it is fed as input to
the subsequent layer in the network. Because the mean and standard deviation
values are calculated over the activations for a minibatch this technique cannot be
used as is when we wish to use the network on individual examples. The mean and

standard deviation values are stored during training and then used in validation and
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1 1
test phases. p = p— ZAi and 0 = [0 + p— Z(A — u)?, where m is the number
of examples in the miznibatch and ¢ is a small Zpositive value close to zero. The o
term is introduced to avoid an undefined gradient /2 at z = 0.

With batch normalization the layers of the neural network lose some of their
expressive ability as their means are now zero and have a standard deviation of
one. The expressiveness of a standardized layer can be retained by giving it a new
multiplier v and a bias 3, so the output of the batch normalization procedure is
~vA" + 3. These parameters are learned during the training process, and they allow
the neuron outputs to have any mean and standard deviation.

At first glance, first removing the mean and standard deviation from a unit
and then reintroducing them seems redundant. In fact, a layer without batch nor-
malization and a layer using batch normalization can represent the same family of
functions. However, they learn in a different manner. Without batch normalization
the mean and variance of a neuron’s output are determined by the complex inter-
actions between the weights of the neuron and the weights of the layers preceding
it. With batch normalization the mean and standard deviation of a neuron are now
learned separately from the neuron’s weights and this new arrangement is much

easier to optimize with gradient descent.
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When using batch normalization with convolutional layers the same standard
deviation and mean values must be used to standardize the whole feature map.
Otherwise, the statistical properties of the feature map will vary depending on spatial
location. In their research article Toffe and Szegedy demonstrate that by simply
adding the batch normalization layers to the network the required training time for
convergence is reduced to a fraction of the previous training time. In addition to
sped up training they were able to improve the network’s classification performance
on ImageNet data. Batch normalization was also observed to enable the use of

higher learning rates. [22]

2.3.6 Transfer learning

Transfer learning can be used in situations where we can use something previously
learned in a new setting. In transfer learning we assume that some factors explaining
variations in setting A remain relevant in setting B as well. Much like learning to
operate a motorcycle clutch after learning to use a clutch on a car. The principle
remains the same, but the method of operation has changed. [23]

In a supervised learning setting the nature of the output is usually the changing
element in transfer learning. For example, in image processing we might face a very
specific problem where we only have a very limited number of annotated examples
available for training. By using transfer learning, we can first train the network in a
very broad setting A where a large dataset is available. Then the network is retrained
in the specific setting B. The representations learned in setting A might help in
learning relevant representations in setting B. For example, in image recognition
many categories share low level features such as edges, textures, lighting, shadows,
etc. In a setting where we want to be able to tell whether the image contains a wolf
or a tiger, we could be very limited in terms of available images of the two. We

can therefore use a larger dataset containing cats and dogs to pretrain the model
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to differentiate between the two and then retrain it to do the same on wolves and
tigers. 23]

When transfer learning is used in image processing it usually involves training
the main part of the network to detect basic features on a large general-purpose
dataset and then retraining the last layers to perform a specific task. An example

of such a general-purpose dataset would be the ImageNet dataset.[16]

2.3.7 Regularization

In his paper |24] Bishop describes regularization as limiting the degrees of freedom
of a model. He also classifies regularization to be a complexity control method
of a model in addition to architecture design, early stopping and noise injection.
However, in the deep learning book [13] regularization is characterized as a collection
of methods that aim to improve a model’s generalization performance at the possible
expense of increased training error. In this section, I will explain two regularization
methods used in this thesis: augmentation and early stopping.

Here controlling the complexity of a model means limiting the model’s capacity.
Model capacity can be thought of as the size of the set of possible functions the
model is capable of representing. Regularization often aims to restrict a model’s
capacity to avoid over-fitting. Over-fitting occurs when the model starts modeling

the noise of the training data while the generalization error increases. [13]

Augmentation

Training a deep learning model with more data leads to better generalization. How-
ever, the amount of data available is often limited due to various reasons. The data
might be difficult to annotate or scarce and in medical applications it is usually
both. The easiest way to fix this problem would be to somehow increase the amount

of available data [25] .
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Figure 2.5: A demonstration of augmentation methods in the context of image
processing. Horizontal flip, center crop, and Gaussian noise.

One way to increase the amount of data is to perform data augmentation to
the training data. With data augmentation we artificially create more data out of
already existing data points. For example, in classification tasks data augmentation
is performed on the input values and the original label is retained. The augmentation
operations must be selected carefully so that the labels do not change or otherwise
the labels will also have to be changed accordingly. For instance, when classifying
drawn numbers, we might want the classifier to be invariant to slight rotations, but
the amount of rotation must be regulated accordingly. If the amount of rotation is
allowed to be up to 180° then we will encounter situations where 6 — 9 and vice
versa. [25], [26]

Since the augmentation operations introduce different types of distortions and
translation to the data this improves the network’s translation tolerance. When
augmenting images, we might use multiple different translation techniques randomly.
These include scaling, zooming, horizontal and vertical flips, etc. Neural networks
are also quite sensitive to noise and so adding random noise to the training data

helps to improve the network’s operation with noisy inputs. [13]

Early stopping

Neural networks usually start to over-fit to the training data at some point during

the training cycle. Over-fitting starts when the validation error stops decreasing
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Figure 2.6: The development of validation and training loss over several epochs.
The training loss diminishes throughout the whole training process. The Validation
loss however starts to increase before the 50th training epoch and the model starts
to over-fit.

and starts to grow again (figure 2.6). This happens because the training algorithm
optimizes the network’s performance based on the training error. Therefore, in order
to produce a network that generalizes the best we should stop the training process
at the point when the model starts to over-fit, and the minimum validation error
has been reached. This is called early stopping. [24]

Early stopping treats the number of used training cycles as another hyperparam-
eter. Restricting the number of training cycles acts as a regularizer in the sense that
it limits the number of updates the training algorithm can apply to the network’s
weights. Where early stopping differs from other regularization techniques, is that
simply running the training process on the model is a search for the optimal number
of training cycles, whereas other regularization techniques feature a fixed hyperpa-
rameter that is searched for by executing the training process multiple times and by
observing its effects on the validation error. The only requirement is that we test

the network’s performance on a validation set in between the training cycles. [24]



3 Neural networks in computer

vision

3.1 Convolutional layer

Convolutional neural networks are a specialized type of network designed to process
data with a known grid-like structure. Data with a grid like topology could be images
or sound data. The name refers to the fact that these networks are structured
in manner that the neurons perform a convolution operation to their inputs. A
convolutional neural network employs a convolutional layer in at least one layer in
its architecture. [13]

Originally convolutional neural networks were designed to process image data.
The design goal was that the neurons in the early stages of the network would detect
small local visual features, and neurons in the later stages of the network would form
higher order features. A local visual feature is essentially a pattern whose extent is
limited to a small patch in the input, a small group of pixels neighboring each other.
For example, in the case of recognizing a dog from an image the neurons in the early
layers detect small features such as edges and curves. The detection of these small
features is then used by the later layers to detect body parts and ultimately the
presence of the whole animal. [9], [27]

The use of convolution as part of a neural network’s architecture was introduced
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by LeCun et. al. in 1989 when they developed a way to apply backpropagation to a
convolutional layer. [27| In the paper LeCun et. al. applied a convolutional network
to a handwritten digit recognition task and found that a convolutional network
requires little training data to reach convergence and can be trained very fast in
comparison to a fully connected network. They also showed that a network can be
trained on raw image data instead of using handcrafted features and then training
a network with a set of features.

The concept of weight sharing comes into play when we try to understand the
structure of a convolutional neural network. When we consider the local feature
detector, we essentially have a neuron that receives a limited view of the original
input. We refer to this small subset of the original input as the receptive field of the
neuron. However, when we limit a neuron’s input it can only detect a feature if the
feature is located in the neuron’s receptive field. The weights corresponding to the
pixels in the receptive field are organized into a two-dimensional matrix known as a
kernel. [9]

The network has to achieve translation invariant feature detection and so the
neuron specialized to detect a certain feature is multiplied with each instance of
the feature detecting neuron receiving a slightly shifted receptive field from the
others. The shift is a hyperparameter known as the stride length. The stride length
controls how much the receptive fields of the neurons overlap with each other. When
combined these neurons form a feature detector that can detect the presence of the
feature no matter where it is located in the image. Also, the combined receptive
fields of the neurons cover the entire image. In convolutional neural networks this
translation invariant feature detection is done by convolving the input with a feature
kernel. The feature detecting kernel is also called a filter since the kernel goes
through the image picking up instances of the searched feature and thus only allowing

the searched features to pass into the feature map. [9]
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Convolution is a mathematical operation described by the following equation
S(t) = / z(a)w(t — a)da. In our case for the convolution operation the outputs of
w with negative arguments must be 0. Otherwise, the operation would allow us to
see into the future. In addition to the aforementioned constraint the w must also be
a valid probability density function. The function = in the convolution operation is
the input and the function w is referred to as the kernel. The output of the operation
is often called the feature map. [13] The convolution operation described above is
the continuous version of the operation. However, when dealing with digital images
the data is always in a pixel format and so we need to use the discrete version of

convolution and so the equation transforms to the following form:

o0

S(t) = (zxw)(t) = > z(a)w(t - a) (3.1)

a=—00

And since we are dealing with two-dimensional image data we need to use the two

axis version of discrete convolution:

S(i,j) = (Ixk)(i,5) => Y I(m,n)K(i—m,j—n) (3.2)

Where S(i, j) is the output feature map and the I function is the input and K is the
kernel. [13] Usually when constructing a CNN the used kernels are much smaller
than the input and so the neurons have a very limited field of view of the original
input. The function of a kernel is to act as a local feature detector and by dragging
the kernel across the input space and by recording where the feature was detected
we obtain the output also known as the feature map. The convolution operation in
a CNN can be described with an analog of searching a painting for features with
flashlight with a very narrow beam. We can go through the painting in a systematic
way and record where a desired feature was detected and so obtain a map of the

painting where the feature was detected. |9]
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Figure 3.1: Example of convolution operation with a 2x2 kernel on a 5x5 input
matrix.

In addition to the convolution operation a convolutional layer also usually in-
volves an activation function. The activation function is applied to the feature map
obtained by the convolution operation. Most often the used activation function is
a rectified linear function. This essentially turns all negative values in the feature
map to zero. |9

Often it is not crucial for the network’s operation to preserve the exact location
of a detected feature. Because of this CNNs often discard location information by
down sampling the obtained feature maps by using a pooling layer. This is done to
generalize the network’s ability to perform image classification. Pooling is similar to
convolution at least in the sense that the same pooling function is applied across the
input space. In case of pooling however the receptive fields of the pooling operations
don’t often overlap with each other. Most common pooling function is max pooling.
This pooling method returns the maximum value of its individual inputs. Average
pooling is also an option which acquires the mean of its inputs. [9]

A single convolution function or a kernel can only detect the presence of only
one feature. In order for a network to detect multiple features these kernels have to
be placed into layers in parallel to each other. This way a layer can learn to detect

multiple different features producing a feature map for every feature searched. The
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Figure 3.2: How a feature map is passed through an activation function and then
max pooled.
feature maps can be combined together as a multifilter feature map or they can be

flattened to a one-dimensional vector and given as input to a dense layer.

3.2 Vision transformer

In 2020 an alternative approach to deep learning-based image processing was de-
veloped. Inspired by the success transformer-based architectures have enjoyed in
natural language processing, Dosovitskiy et. al. developed a transformer-based
image recognition architecture called the Vision Transformer or ViT for short.

The ViT architecture’s image processing pipeline follows closely to the original
transformer. The image is first rearranged into 16 patches of the same size. Each
patch is then positionally encoded and given an input embedding. The input em-
beddings are then fed into the transformer. The output of the transformer is then

fed into another fully connected layer which acts as the classification head. 28]

3.3 Vision tasks

3.3.1 Classification

In image classification, a neural network is used for detecting the presence of features

or objects in the image. The objects are given a class and then the images in the
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dataset are assigned one (multi class) or several classes (multi label). After all an
image can contain multiple classes depending on the setting. In a case where we have
more than two classes, the output layer of the network contains as many neurons
as there are classes. In this situation an output neuron is supposed to activate
if its assigned class is present in the image. This is called one-hot-encoding. In
one-hot-encoding the labels are encoded into a vector containing a binary value for
each class. The binary value tells if the class is present in the image. For example,
if we have a classification application containing three mutually exclusive classes:
|green, blue, red] then the one-hot-encoded label for “red” would be [0, 0, 1] and [1,
0, 0] for “green”. For example, the neural network architecture developed by Alex
Krizhevsky that later became known as AlexNet performed image classification with
1000 classes and had 1000 neurons in the output layer. [25]

The architecture layout presented by Krizhevsky for image classification consists
of two main components: the convolutional backbone and the densely connected
classification head. In the case of AlexNet the convolutional base has 5 convolutional
layers in succession followed by two densely connected layers and the output layer.
The model developed by Krizhevsky et. al. won the 2012 ImageNet large-scale visual
recognition challenge by a margin of over 10% in the top-5 error rate category.

In our application, the appropriate technique would be to use the multilabel
technique since a single photo can contain many regions of multiple classes. Ad-
ditionally, a binary case could also be used where the network tries to classify the
photos into ‘good’ and ‘bad’ classes. However, these approaches would offer minimal
transparency, special information of the detected class regions, and means to tune
the behavior of the system. Changing the behavior of the system would require
retraining the model. Because classification outputs are discrete values, their evalu-
ation metrics are based on the binary option a classification can have: true or false.

True positives and true negatives are examples the model predicts correctly, and
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false positives and false negatives are examples the model predicts incorrectly. [16]
The most common metrics are accuracy, sensitivity, precision, recall and F1
score. Accuracy is the portion of examples the model classified correctly. [16]
TP = True Positive, T'N = True Negative,
F'P = False Positive, N = False Negative

TP+ TN Correct classifications
A = 100 = 100 (3.3
Y = TPy TN+ FP+ FN number of examples (3:3)

Specificity measures how well the model predicts true negatives. [16]

TN

(3.4)

Recall is used for evaluating how well the model predicts samples correctly. In
other words, it is used to measure the model’s ability to make true positive predic-

tions. Recall is also known as sensitivity. [16]

TP
RGCCL” = m—m (35)

Precision is a good metric when dealing with imbalanced classes. In an im-
balanced scenario accuracy might give overly good results when a class with few

examples get predicted poorly. [16]

TP
P 1 1 —_— — .
recision TP FP (3.6)

F'1-score combines recall and precision into a metric describing both for situations

where both properties of the model are important.[16]

7l 2 x Precision x Recall

Precision + Recall
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3.3.2 Object detection

Object detection expands upon classification by also providing spatial information
of the subject in the image. In essence object detection tells both what is in the
image and where it is in the image. The information is provided in the form of a
bounding box providing the x and y coordinates as well as the width and height of
the object. In addition to the bounding box a probability distribution over the set
of classes chosen for the task is also provided. An object detection algorithm such
as YOLO is trained to provide both forms of afore mentioned information of the
objects present in an image fed into it. [29]

Despite being a fast approach for object detection, it has some weaknesses. While
the bounding box provides accurate information on the object’s location and class,
it lacks critical information of the object’s shape. The size of the object can be
somewhat estimated from the width and height of the bounding box but if the
object is irregularly shaped then this becomes wildly inaccurate. For example, if an
object of interest happens to be long and diagonally aligned in the image the total

area of bounding box will be very large in comparison to the object.

3.3.3 Segmentation

Image segmentation is the process of grouping regions of an image together that
share the same object class. The form of image segmentation where it is not nec-
essary to differentiate between objects of the same class is called semantic segmen-
tation [30]. When differentiation between objects is required then the task becomes
instance segmentation.

Basically, image segmentation is an extension of the classification task described
in section 3.3.1. In classification a single probability distribution is predicted for the
entire image. In segmentation an image is submitted to the model and the model

is supposed to produce a class mapping for each pixel in the original image. This



3.3 VISION TASKS 33

mapping looks like a high-level abstraction of the original image and indeed it is
since every pixel can now only have a class value and thus all fine detail has been
omitted from the image. This is depicted in figure 3.3.

The input data doesn’t necessarily need to be simple images. Grayscale images
can be used where color information either isn’t needed or isn’t available. An ap-
plication domain where color information isn’t usually available is medical imaging.
Good examples of medical imaging methods that don’t provide color information

would be magnetic resonance imaging (MRI) and ultrasonography. [30]

Background

Healthy
Dry
<4 knot knot

Figure 3.3: Example of a photograph and segmentation mask pair.

Segmentation can be done based on multiple images as well. With multiple
images we might want to mimic stereo vision which animals with at least two front
facing eyes possess. Use of stereo images aims towards achieving a more natural
segmentation ability. This is very much like using depth data alongside the image.
In co-segmentation the goal is to find a suitable segmentation for multiple images.
Co-segmentation can be seen as finding common objects in two or more images.[30]
This is often used in segmenting images produced by MRI. MRI can produce images
with different modalities each containing slightly different information of the target
tissue. An extension of using multiple images as input would be to use 3D-images.
Again, using volumetric 3D data is common in medical imaging applications. When

dealing with 3D data the smallest unit in the image is called a voxel which is a point
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in the 3D matrix much like a pixel is in the 2D matrix of an image. [30]

Nowadays the most prevalent method of image segmentation is to use a con-
volutional neural network constructed following the encoder-decoder model. This
model takes the entire image as an input and produces the complete segmentation
map as its output [16]. Prior methods utilized hybrid proposal-classifier models and
iterating through an image classifying each pixel to its respective class [31], [32]
. In the hybrid proposal classifier approach an R-CNN is fine-tuned by sampling
regions of interest for detection and segmentation resulting in a pipeline executing
segmentation and classification separately [32], [33]. The iterative method involves
iterating through the image and sampling small portions of the image at a time and
then classifying it, producing a segmentation map [31], [34]. The weakness of the
former model is that it cannot be trained end-to-end and the latter is slow since the
model has to be executed for every pixel in the input image.

I chose segmentation for the feature detection component of the quality inspec-
tion system because segmentation is able to produce and abstracted version of the
original image in the form of a feature map. The segmentation map preserves the
shape of the features for further analysis unlike the bounding boxes in object detec-
tion. In this thesis I will test two convolutional neural network architectures called
U-net [31] and DeeplabV3 [35] as well as a more recent vision transformer-based
architecture called Segformer. These three architectures represent different ways of
implementing a segmentation algorithm.

In evaluating image segmentation results, the goal is to compare the output
segmentation map with the ground truth. This process is essentially checking which
pixels were classified correctly and which ones weren’t. Due to the different nature
the output format the metrics used for evaluating classification tasks can sometimes
give misleading results. The three most common metrics for comparing regions are

pixel accuracy, intersection-Over-Union (IoU) and Dice score. [16]
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Pixel accuracy is similar to the accuracy metric used to evaluate classification
results. It tells the portion of pixels that were correctly classified. Pixel accuracy
can be misleading in scenarios where classes are drastically imbalanced. A small
class might occupy very small areas in comparison to background pixels and thus
pixel accuracy may be high even though the small class objects aren’t properly
segmented. [16]

TP = True Positive, TN = True Negative,

F'P = False Positive, N = False Negative

TP+TN
Pizxel A = 1 )
1xel Accuracy TPLTN < FPLFN x 100 (3.8)

Intersection-Over-Union measures the degree to which the predicted and ground
truth areas overlap. This metric takes imbalanced classes into account better than

pixel accuracy making it more prevalent in segmentation method evaluation. [16]

TP

TolU —
U= TP T FPTFN

(3.9)

Dice score, which is also known as F1 score, is similar to IoU and their results are
often interchangeable. It is usually up to the author’s preference which method is

used as both are common in medical studies. [16]

2% TP
Di — 1
leeSeore = S TP T FP+ FN (3.10)

3.4 Segmentation architectures

3.4.1 FCN

The encoder-decoder model is derived from the idea of using convolution and decon-

volution to form an end-to-end trainable network capable of segmenting an entire
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image while also classifying the segments|[16], [31], [32]. The first fully convolutional
networks were constructed by replacing the dense layers with convolutional layers.
This resulted in significantly smaller heatmaps compared to the original input in
size. The network was thus modified to include a deconvolution stage to upsample
the low-resolution feature maps into a segmentation map with the original image
size. The resulting models were unable to produce segmentation maps with fine
detail. The network was then modified further by adding skip connections allowing
the deconvolution stage to use the lower-level features as context in creating the

segmentation map in the late stages of the network structure.|32]

3.4.2 U-net

One of the first architectures to fully realize the encoder-decoder model was the U-
net architecture. It was built upon the initial FCN-architecture proposed by Long
et al. It successfully incorporated many of the FCN’s design features such as skip
connections and only using convolution and deconvolution as its learning processing
stages. The U-net (figure 3.4) was named after how its drawn-out architecture
appears. It appears symmetrical as its decoder component mirrors the encoder path
in function [16], [31].

Together an encoder and a decoder form a neural network architecture called
an autoencoder. The basic purpose of an autoencoder is to reconstruct the input
to its output [13]. When an autoencoder is constructed using convolutional layers
it is called a convolutional autoencoder. In their paper Dong et. al. constructed
an autoencoder using convolution in the encoder and deconvolution in the decoder.
The encoder serves as a feature extractor and the decoder then reconstructs the
image based on the encoder’s output. They also showed that such a network’s
segmentation performance can be improved with unsupervised pretraining. [36]

In the U-net the convolution stages in the contracting path involve two 3x3 un-
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Figure 3.4: The U-net architecture proposed by Ronneberger et al. Blue arrow = 3x3
conv + Relu Red arrow = 2x2 max pooling Grey arrow = crop and concatenation
Orange arrow = upsampling + 2x2 convolution Green arrow = 1x1 convolution
padded convolution operations with ReLLU activation function followed by a 2x2
max pooling operation with a stride of 2. At every stage of the contracting path the
number of feature channels doubles while the width and height of the feature maps
halve. The decoder component utilizes a combination of an upsampling operation
which doubles the resolution of each feature map followed by a 2x2 convolution op-
eration which halves the number of feature channels. The feature maps from the
corresponding stage in the encoder are cropped and concatenated with the upsam-
pled feature maps. The cropping is necessary since the feature maps coming up the
decoder have lost border pixels due to being subjected to more convolution oper-
ations than the ones forwarded from the encoder. Like the stages in the encoder
path the stages in the decoder involve two 3x3 convolutions with a ReLLU. The final
layer maps the 64-channel feature matrix to the desired number of classes using 1x1
convolution. According to the writers the resulting network is relatively fast and
capable of producing segmentations of fine detail. [31]

In [37] Iglovikov and Shvets show that the U-net can be used with a repurposed
VGG-11 pretrained encoder. In their article they show that with the pretrained
encoder gives better segmentation performance than if it was randomly initiated at

the start of the training.
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3.4.3 DeepLabV3

DeeplabV3 [35] is also a convolutional neural network architecture like U-net. How-
ever, these architectures differ quite a bit in their implementation. DeeplabV3 uses
dilated convolutions with spatial pyramid pooling. Dilated or atrous convolution
is a generalization of the previously described convolution operation where the in-
put values have fixed length gaps between them where a normal convolution kernel
has none. This form of convolution expands a convolutional filter’s receptive field
without increasing the number of parameters of a convolution layer.

Spatial pyramid pooling [38] is a technique where the output of the convolutional
section of the network is pooled with various fixed number of bins. This enables the
use of variable sized inputs. In deeplav3 this is used with parallel atrous convolutions

with different rates to capture features at multiple scales.

3.4.4 Segformer

Segformer [39] is a vision transformer (ViT) [28] based model that abandons the
convolution-based approach. The Segformer however also adopts an encoder-decoder
architecture. The encoder produces both high resolution coarse features as well as
low resolution fine features. The decoder then fuses the features to produce the
final segmentation mask. The encoder section is called a mix transformer. It is
inspired by the original ViT, but the authors have modified it to suit a segmentation
task. The decoder part of the network consists of fully connected layers giving the
decoder layers larger receptive fields than CNN based decoders. In the first step
of the decoder the channel dimensions are unified with a fully connected layer. In
the second step the features are then upsampled. Then a fully connected layer is
used for fusing the features together. In the final step of the decoder another fully
connected layer is used for producing the segmentation mask with desired number

of classes.
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The original ViT [28| paper notes that a transformer-based approach introduces
less inductive biases to the network than a CNN based approach. In a CNN locality,
translation invariance, and two-dimensional neighborhood structure are embedded
throughout the network. This lack of inductive bias could pose a problem with

smaller datasets such as the ones used in this thesis.



4 Deep learning in tumor

segmentation

This section will examine the use of U-nets in a medical setting. The U-net ar-
chitecture is relatively old at the time of writing this thesis. However, research on
medical image segmentation using the U-net architecture is still being published in
significant amounts as we will soon discover.

The purpose of this chapter is to discover a robust training method for the feature
segmentation models of the wood grading system. This chapter has three main parts.
In the first part I will provide brief explanations of what tumors are and how MR
imaging works. Then I will perform a literacy survey to uncover popular recently
used training methods of the U-net architecture. In the third part of this chapter, I
will test the extracted training parameters discovered in the survey to validate their
effectiveness. 1 will do this by training the networks with the BraTS-2020 data.

I chose MRI tumor segmentation for the subject of the hyperparameter survey

because it shares three crucial characteristics with wood feature segmentation:
1. Organic material
2. Imbalanced classes
3. Amount available of data is limited

The first characteristic sets the difficulty of both segmentation tasks. With tumor

segmentation the regions of interest have natural variation like wood features such
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as knots. However, the nature of tumors are different in a way that they are always
caused by uncontrolled cell growth and are therefore likely to exhibit more unique
features. The wood features such as knots on the other hand occur more frequently
in the wood tissue and therefore should have less variance in their appearance.
Because of this, I would say that tumors have an extra degree of randomness in
their appearance because of their inherently random nature. The wood feature
segmentation task should therefore be easier for the training algorithm to learn
despite also featuring natural variance.

The second characteristic is about the inherently small size of the tumor areas
and wood features when compared to the background class and the whole image
area. The model’s training process is guided by the error gradient so the loss function
has to be able to quantify the segmentation error appropriately when dealing with
heavily imbalanced classes.

The third characteristic about data limitation isn’t unique to these segmentation
problems but still needs addressing none the less. The U-net architecture itself
already addresses this issue by improving gradient flow with its skip connections.
The data limitation problem can also be alleviated by using extensive augmentations,
transfer learning and an appropriate optimization algorithm.

The survey will be carried out by reviewing articles using the U-net architecture
for tumor segmentation in MR-images. Magnetic resonance imaging is able to pro-
duce high contrast images of soft tissues making it a good choice for tumor detection

and why the survey will only include studies conducted on MR images.

4.1 Magnetic resonance imaging

MRI is an imaging technique based on the presence and properties of water residing
within tissues of the body. Water quantities and properties can vary from tissue to

tissue. The water properties of a tissue can become abnormal if it is subjected to
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injury or disease. MRI can reliably detect these changes, making it a reliable and
sensitive diagnostic tool for inspecting the anatomical features of the body and even
organ function. [40]

An MRI machine consists of a few main components, the first of which is a large
and powerful magnet that creates a constant magnetic field. This magnet is the
reason why ferromagnetic materials aren’t permitted in the same space as the MRI
machine. The second component is an RF transmitter coil making an excitation
magnetic pulse in the radio frequency range. The next component is the receiver
coil used for detecting the RF signal from the excited hydrogen atoms. A magnetic
field gradient is used for localizing the MR signals received by the receiver coil. In
addition to these a computer is used for controlling the scanner, displaying the MR
images and storing them. In order for a human to be placed in the machine it needs
an input device holding the body in place. This is usually a bed, or a table equipped
with comfort, positioning aids and physiological monitoring equipment. [40]

The MRI machine detects changes in the magnetic properties of atom nuclei
and more specifically the nuclei of hydrogen atoms. The hydrogen atoms within
the body are bound in substances such as water and lipids which make roughly
75 — 85% of the body’s mass. The most impactful properties of tissues regarding
hydrogen are proton density, T1, and T2. Proton density is the frequency of atoms
within a certain volume of tissue. For example, bodily fluids such as cerebrospinal
fluid have higher proton densities than tissues like tendon and bone. T1 is the spin-
lattice relaxation time and T2 is the spin-spin relaxation time. The relaxation times
tell how long it takes for the magnetic moments of the hydrogen atoms to reach
equilibrium after an excitation pulse. Fluids have the longest T1 and T2 relaxation
times whereas fat-based tissues have the shortest relaxation times. Water based
tissues fall in between fluids and fats in terms of relaxation times. [40]

The nucleus of a hydrogen atom is a positively charged subatomic particle known
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flair

Figure 4.1: An axial slice of a brain MRI volume. T1(left), T2 in the middle, and
FLAIR on the right. In T1 images white matter appears bright and grey matter
appears dim and vice versa in T2 since white matter has a higher myelin density
than grey matter. The ventricles appear bright in the T2 image since they are filled
with CSF. The CSF has been suppressed in the FLAIR image.

as a proton. These protons have a property called a spin which creates a magnetic
moment for the particle. The main magnet is used for creating a weak magnetization
of bodily tissues where the magnetic moments are aligned with the main magnetic
field. The individual magnetic moments however aren’t perfectly aligned but instead
precess around the axis longitudinal to the main magnetic field. The precessing
magnetic moments are out of phase with one another and so the net magnetic field
of the tissues aligns with the external magnetic field. [40]

The acquisition process of an image starts with the excitation of the protons’
magnetic moments with the transmitter coil. The transmitter coil produces an
external oscillating magnetic field that knocks the magnetic moments to a plain
transverse to the static magnetic field and brings the precession of these moments
to phase with one another. The when the magnetic moments are in phase with
one another they form an oscillating magnetic field. This magnetic field induces a
voltage in the receiver coil that can then be measured. [40]

As soon as the excitation pulse ends the precessing spins start to dephase de-
caying the net magnetic field they are forming. The rate of this decay is called T2

relaxation. The T2 relaxation time is the time at which the strength of the signal
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emitted by a tissue has fallen to 37% of the peak strength. The T1 relaxation is the
rate at which the hydrogen spins regain the net magnetic field strength 63% of the
maximum magnetization of the tissue longitudinal to the main magnetic field. Both
relaxation times tend to be longer in bodily fluids, medium length in water-based
tissues and shortest in lipid-based tissues. The T2 relaxation time is generally much

shorter than T1 for a given tissue type. [40]

4.2 Cancer and tumors

Cancer is a deadly disease caused by malignant tumors. Malignant tumors are hu-
man tissue formed by cancer cells. Cancer cells spawn when a normal cell’s DNA
develops undesirable mutations which damage the cell’s functions. Undesirable ef-
fects on the cell’s functions may include accelerated growth and uncontrolled repli-
cation. A tumor forms when cancerous cells start to uncontrollably multiply via cell
division. Normally the body possesses countermeasures for dispatching cancerous
cells before they can develop into tumors. These countermeasures usually decline
in effectiveness as the body ages. This decline over age is part of the reason why
cancers are more prevalent in the older population. [41]

Because the cause of cancer is in random mutations in the DNA each cancer
is unique. The mutations can develop further as the cancer progresses resulting in
different genetic changes within cells of the same cancer. Even cells in a single tumor
can have different changes in DNA. These mutations can occur during cell division,
or they can be caused by external factors called carcinogens.|41] Carcinogens include
substances such as cigarette smoke, ionizing radiation such as X-rays, and pathogens
such as the human papilloma virus (HPV) [41], [42]. Gene changes that lead to
cancer can also be inherited.[41]

Cancers are named after their organ of origin. For example, cancer that has

developed from brain cells is called brain cancer and cancer born of skin cells id



4.3 U-NET TUMOR SEGMENTATION HYPERPARAMETER SURVEY 45

called skin cancer. Cancerous tumors often invade neighboring tissue and can also
spread across the body in a process called metastasis creating even more tumors.
A tumor originating from another part of the body is called a metastatic tumor.
For example, when breast cancer creates a tumor in the lung it becomes metastatic
breast cancer instead of breast cancer and lung cancer.[41]

Cancer leads to death by causing organ failure. Metastatic tumors can disrupt
their host organ’s functions to such a degree where the organ eventually stop per-
forming its functions. For example in leukemia the blood cell producing part of the
bone marrow starts to produce abnormal white blood cells in excessive amounts.
These abnormal white blood cells eventually crowd over the normal blood cells
hampering the circulatory system’s ability to distribute oxygen, control bleeding
and countering disease. [41]

Cancer is a highly prevalent disease with millions of new cases (19.7) and deaths
(9.7) worldwide each year. The most prevalent cancer types are lung, breast, and
colorectum cancers. Many face the reality of cancer as the probability of developing
cancer before the age of 75 is appr. 20%. [43] Since cancer is a common cause of
death and its mortality rate increases the longer it is not diagnosed early detection
becomes even more important. However, manual detection and segmentation of
tumors is very slow and so automatic detection and segmentation of tumors could
offer faster and cheaper means of diagnosis lowering the threshold of using imaging

tools.

4.3 U-net tumor segmentation hyperparameter sur-
vey

In this chapter we will examine a total of 363 papers studying tumor segmentation

from MR images using CNNs based on U-net. The papers were searched from the
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Web of Science database with the search parameters listed below. I chose to limit
the architecture to only include the U-net to limit the scope of the survey. As these
are general purpose methods and the different training parameters can be used for
all three architectures described in chapter 3.4 we can expect that the results won'’t
be biased towards the U-net architecture.

For the survey I had four research questions:

1. What are the most common augmentation methods?
2. What is the most common loss function?
3. What is the most common optimizer?

4. What is the most common transfer learning implementation?

I used the following search to find the articles:

(cancer OR tumor OR tumour) AND U-net AND segmentation AND (MRI OR
magnetic resonance imaging)

This search gave 635 results, 363 of which satisfied the earlier criteria and were
accessible via utu volter in November 2023. I examined the articles one by one and
extracted the training parameters of the network training process from each article
if they were disclosed. In this study the hyperparameters are selected by their popu-
larity. This is because a proper one-to-one comparison between the hyperparameters
would be impossible to do with a literacy survey since the individual articles use
slightly different training methods, models, datasets, and evaluation metrics. Since
the articles have also conducted their own design processes in selecting their hyper-
parameters we can assume that on average they have selected the best combination
of hyperparameters available for their respective studies. So, on average the popular
choice of a given hyperparameter should perform the best since it was the result of

most design processes.
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4.3.1 Optimizer

From the 363 articles studied in this study 75 articles didn’t specify the used op-
timization algorithm. Out of the 288 articles the overwhelming majority of 232
used a form of the adaptive momentum or the Adam optimizer. 41 articles used
the stochastic gradient descent optimizer. The SGD algorithm was used often with
momentum (17) or Nesterov momentum (7) and weight decay (6). The use of other
optimizers was quite rare. After Adam and SGD, the most used optimizers were
the RMSprop (4), and Ranger (3) optimizers. Since the most used optimizer was

Adam, we will also use it in our wood panel defect detection network training.

4.3.2 Loss function

The choice of loss function is crucial in image segmentation tasks because the class
distribution of image pixels is prone to being unbalanced as foreground classes might
occupy only a small area in an image otherwise dominated by the background class.
Some loss functions such as cross entropy by default cannot account for class im-
balances well. This is a problem in tumor segmentation and many studies state
the class imbalance to be the primary feature around which they design their used
loss functions. These functions can be standalone consisting of only one term or
hybrid functions consisting of multiple terms. A hybrid approach can be a linear
combination of two separate previously known loss functions such as cross entropy
and dice loss.

Of the 363 articles studied, 300 disclosed their used loss function. The most
frequent loss functions are the dice and cross-entropy losses being used in 222 and
132 papers respectively. Other notable loss functions are the focal and Tversky losses
with 20 and 11 appearances respectively. In total dice is used as a standalone loss
function in 129 papers or as part of a hybrid function in 222 therefore making it the

most prevalent loss function in tumor segmentation. The cross-entropy function on
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the other hand, either categorical or binary is used together with other loss functions
or as standalone in 131 papers. Binary or categorical cross-entropy is used alone
in 54 papers. 5 of which used the weighted version of cross-entropy. The weighted
cross-entropy is used with other loss functions in 4 papers.

In tumor segmentation datasets each class is often present within an image and
so the frequency of the classes is quite high despite the pixel distributions being
unbalanced. In our wood defect detection, some of the defect classes can be quite
scarce and so a loss function capable of accounting for this imbalance must be chosen.
Therefore, following the majority and choosing Dice loss as our loss function should

prove successful.

4.3.3 Transfer learning

Transfer learning proved a scarcely used technique in tumor segmentation with only
30 papers disclosing its use in some way. Of the 30 articles that used transfer learn-
ing, 13 used a pretrained image classification CNN as the encoder their networks.
Of these 13 articles, 8 used a ResNet-based pre-trained encoder. Other articles
used different approaches such as using segmentation datasets related to their own
datasets to pretrain their networks.

In the former approach the pretrained convolutional backbone of the original
network is extracted. Then the U-net model is constructed by concatenating a
compatible decoder structure and skip connections to the encoder. This way the
resulting network will have to only learn the weights of the decoding path assuming
the pre-trained features are useful in the new segmentation problem. Since the wood
defects don’t have complex shapes or textures, we anticipate that the approach of
using a pre-trained encoder will decrease the network’s required training time. Since
the most popular choice of pre-trained encoder was the ResNet-34 we will also utilize

it in our wood panel defect detection network.
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4.3.4 Augmentation methods

Of the 363 articles used in this study, 213 articles disclosed using a data augmenta-
tion scheme as part their training pipeline. On average tumor segmentation datasets
are quite small. This largely explains the popularity of data augmentation in this ap-
plication domain. Using more data to train a neural network generally improves its
generalization ability. And so synthetic data generation provides a way to alleviate
the problem of having to work with small datasets.

The most used data augmentation method was flipping or mirroring along an
axis. This augmentation method was used in 156 articles. The second most used
augmentation method was rotation with 144 articles using it. Since the variety of
data augmentation methods present in the papers is very large, we decided to use
the methods that were used in 10 or more articles. These methods and use times in
articles respectively are:

Flip — 156

Rotation — 144
Scaling — 43

Elastic transform — 37
Shift — 28

Translation — 28
Zoom — 26

Shear — 23

Gaussian noise — 22
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Gamma — 21

. Brightness — 18
. Contrast — 16

. Crop — 16
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4.4 Testing the survey results with BraTS-2020 data

Before we apply the discovered training parameters to our own data, we will test and

see how they work in the environment they were derived from. The research question
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in this chapter isTo accomplish this task, I will use the widely known BraTS 2020
training dataset [44]-[48|. This dataset contains 369 annotated MRI brain volumes
containing glioblastomas and low-grade gliomas. To address the apparent limited
number of patients in the BraTS-2020 dataset I will use 10-fold cross validation to
attain reliable performance metrics. The models 1 chose for this experiment are
U-net and DeeplabV3 with the Resnet34 encoder and Segformer-Mit b2 models.
These networks have similar number of parameters so they should have similar
learning capacities. I gave the U-net model’s decoder blocks the following number of
parameters [512, 256, 128, 64, 32| for the blocks 5, 6, 7, 8, 9 in figure 3.4 respectively.
In the decoder I also enabled the use of batch normalization between the convolution
and activation. With the ResNet34 encoder the number of parameters of the U-net
model is at appr. 30 million. For DeepLabV3 and Segformer models the number of

parameters were appr. 26 and 25 million respectively.

4.4.1 Preparing the MRI volumes

The MR imagery comes in the form of three dimensional nifti-files. Each MR imaging
modality and segmentation has its own volume image. For these 3D files to be used
to teach a 2D segmentation network the volumes must be sliced. The orientation
I chose to slice the volumes in was the transverse plane. To increase the relative
portion of pixels belonging to tumor/lesion classes in the dataset I excluded all
tumor/lesion free slices from the 2D dataset. The omission of tumor/lesion free
slices resulted in a total number MRI slices of 24 422. And finally, since the original
segmentations have an empty class in label 3, I relabeled the pixel label 4 (enhancing
tumor) as 3. The volumes also contain varying value ranges, so I also chose to divide

each slice with its highest value to bring each slice’s value range to [0,1].
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TICE FLAIR Mask

Figure 4.2: An axial slice of a brain MRI volume from the BraTS 2020 dataset. The
colors of the mask depict different parts of the tumor/lesion. Orange: peritumoral
edema, green: enhancing tumor, purple: tumor core

4.4.2 Cross validation training

I decided to use a cross-validation training scheme because the BraTS-2020 has only
369 annotated MRI volumes. Cross validation (CV) can be used as a work around
when using small datasets. In cross validation the dataset is split into equisized
folds. Then each fold is used as an evaluation set while the other folds are used for
training. This means that the model is trained as many times as there are folds. In
a deep learning setting using this technique takes a lot of time. On the other hand,
this allows us to evaluate the model and the training algorithm on the whole dataset
resulting in reliable results.

In this experiment I chose to use 10-fold CV to utilize as much data for training
and testing as possible. For each CV iteration a single fold is used for testing while
the nine others are used by the training algorithm. Of the nine folds used for training
the model, one is held back for validation and monitoring the training process. I
split the patients to 10 folds so that each fold had 37 or 36 patients. Splitting the
data patient wise rather than slice wise ensures that there is no data leakage between
the slices. The slices of an MRI-volume are statistically dependent on each other
since successive slices are very similar to each other. Eliminating the data leakage
between slices is critical for gaining accurate estimates of model performance on new
data.

In the data loading process, I decided to center crop the slices from the original
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224x224 size to 192x192. This reduces the relative amount of empty background
pixels in the image and decreases training time.

The dataset has MRI volumes containing four modalities: T1, contrast enhanced
T1, T2, and FLAIR. I decided to not use the T1 modality during training, because
the information of T1 modality is present in T1lce images making the T1 modality
mostly redundant. Also, the architectures I chose to use in this thesis have been
pretrained with 3-channel RGB photos meaning that the first layers of the net-
works would have to be reinitialized with 4 channels weakening the effectiveness of
pretraining in this setting.

The augmentation pipeline consisted of the methods mentioned in 5.3.4. The
random gamma correction tool of the Albumentations library [49] didn’t work on
images with a value range [0,1] so I omitted this method from the pipeline. The

augmentation pipeline consisted of the following components (and parameters):

1. Random horizontal flip (p = 0.5)
2. Random vertical flip (p = 0.5)

3. Random resized crop (scale = (0.7,0.9), height = 192, width = 192,
interpolation = cv2. INTER_NFEAREST, p = 0.4)

4. Random brightness and contrast (brightness limit = (—0.1,0.0),
contrast_limit = (—0.1,0.1), p = 0.4)
5. Random Gaussian noise (var_limit = 0.002, mean = 0, p = 0.5)

6. One of (p =10.5)

e Random shift, scale and rotation (shift limit = 0.1,
scale limait = 0.1, rotate__limit = 0, border _mode = cv2.reflect,
interpolation = cv2 INTER _NFEAREST)

e Random rotation (limit = (—45,45), border _mode = cv2.reflect,

interpolation = cv2 INTER_NFEAREST, p=1)
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e Random elastic transform (alpha = 1, sigma = 20, alpha _af fine = 20,
interpolation = cv2 INTER_NFEAREST, p=1)

At the last stage of the input pipeline the MRI-slices were normalized with the
channel wise means and standard deviations of the ImageNet dataset: mean=[0.485,
0.456, 0.406] and standard deviation=[0.229, 0.224, 0.225|. For the training I used
the Adam optimizer and the Dice loss function as they were the most popular choices
in the hyperparameter survey. For each iteration in the CV the models were trained
for 100 epochs with a batch size of 8. Running these experiments was extremely time
consuming even on a discrete GPU. Training the U-net, DeeplabV3, and Segformer

models on an Nvidia RTX 3080 GPU took approximately 43, 36, and 58 hours

respectively.
Table 4.1: Test Dice scores on the BraTS-2020 data
Model background | tumor core | peritumoral| enhancing
edema core
Unet-ResNet34 0.996 0.737 0.811 0.853
DeepLabV3-ResNet34 | 0.996 0.705 0.786 0.805
Segformer-Mit b2 0.996 0.735 0.806 0.837

I trained the models with the pytorch-lightning [50] deep learning framework
and segmentation models pytorch -library [51]. The results of the training can be
observed in table 4.1. Based on the metrics in table 4.1 the models learned some
relevant features from the data. Based on the metrics it would seem that the Seg-
former and U-net -based models perform somewhat similarly while the DeeplabV3
model lags behind the others. This could be the result of the DeeplabV3’s architec-
tural design. The DeeplabV3’s base architecture doesn’t use skip connections like
the U-net nor does it omit as much inductive bias as the Segformer. The atrous spa-
tial pyramid pooling module aims to improve the model’s performance in problems
where objects can appear at various scales. In a task such as tumor segmentation

this feature seems to be redundant since the slices are presented to the networks in
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uniform fashion. The U-net’s skip connections seem to help the network to capture
the small detail better. The difference between the networks can be seen in figure
4.4. The U-net’s prediction manages to preserve most of the detail of the annotated
mask while the Deeplab’s prediction is less detailed. The Segformer’s predictions
are closer to the U-net’s level of detail.

While the networks are able to learn the segmentation task quite well according
to table 4.1 and figure 4.4, figure 4.3 tells a different story. The networks achieve
their best validation scores quite early in the training process while the training loss
continues to improve until the last epoch. This results in a situation where the gap
between training and validation loss is quite wide at approximately 10 percentage
points. This suggests that the networks are unable to generalize properly to new
inputs. This can either be the result of small but consistent differences between
the test predictions and annotations or the models fail to segment some of the new
examples completely.

By taking a closer look at some of the test predictions I concluded that the latter
is the case here. In figure 4.5 the models produced predictions that were entirely
different to the annotated mask. In fact, the predictions were so different even
amongst themselves that it seems like the models didn’t learn to segment the image
at all. The stark contrast in segmentation performance between figures 4.4 and 4.5
suggests that some of the tumors in the data are so different from the rest that the

model isn’t able to learn to segment them.
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Figure 4.3: The training and validation loss development curves of the models. The
figures combine the loss figures produced by training the models on different slices.

The filled area depicts the range of values the loss could have at a given epoch.

The Segformer’s validation loss figure differs from the other two. The Segformer’s
validation loss decays rapidly and consistently across the different training runs after
the 15th epoch. This suggests that the Segformer models start to over-fit at this

stage of the training process.
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Mask U-net DeeplabV3 Segformer

n

Figure 4.4: Good test segmentations on the BraTS-2020 dataset. Top row: Original

Brain MRI slice modalities. Bottom row: The original annotated segmentation mask

and the predictions made by the models.

The models’ lackluster generalization is likely caused by the small number of
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patients present in the dataset. While the total number of slices present in the
dataset is fairly high at over 24 000, they produce a high degree of redundancy.
Since a slice is very similar to its neighboring slices the amount of information
provided by each slice is likely very small compared to a situation where the slices
are statistically independent of each other. Since the slices are extracted from only

369 patients, we only have that many unique tumor cases.

TICE FLAIR

DeeplabV3 Segformer

Figure 4.5: Bad test segmentations on the BraTS-2020 dataset.

This number of patients isn’t enough to produce a model that would generalize
well to new patients. We can see the inconsistent performance of the models on the
test folds in figure 4.6. While the medians and interquartile ranges are consistent
with the achieved levels of validation losses, we can also see that the 25th percentiles
are quite low which means that the models are able to segment a portion of the data
with a high dice score. However, when we examine the flier points of the boxplots
and examine the histograms, we can see that the test losses have a prominent upper
tail. This confirms the fact that some slices or patients are so different from the rest
of the dataset that the models can’t segment them when they are excluded from the

training data.
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Figure 4.6: The BraTS 2020 test loss distributions as boxplots and histograms.

However, since the models were able to capture some useful features from the

training dataset, I can conclude that in a situation where the amount of data is

sufficient the chosen hyperparameters can be used for training segmentation models

for wood defect detection. I will test this hypothesis in chapter 6.



5 Semantic segmentation in the

wood industry

Before I conducted the hyperparameter survey of the previous chapter (4) I searched
for related work from the wood processing industry. However as it turned out,
existing research about wood feature segmentation is scarce. This is likely caused
by the poor availability of good segmentation datasets in the field.

I performed the search of related research in the Web of science database using
the search words presented below.

(wood OR timber OR lumber) AND (artificial intelligence OR AI OR machine
learning OR neural network OR deep learning) AND (detection OR classification
OR segmentation)

The search yielded 1408 search results. After filtering the search results based
on the contents of the headers and abstracts leaving only the articles about machine
learning and the wood industry, only 91 were deemed relevant. Of these 91 articles 22
researched the application of segmentation in the wood industry. Of these 22 articles
9 studied segmenting features from a tangential cross-sectional image of a tree’s
trunk. Of these articles two [52], [53] researched detecting dead and healthy knots, as
well as cracks [52] or wormholes [53] from veneer, one researched detecting knots from
oak planks [54], one researched sap and heartwood assessment [55], one researched

detecting defects from processed bamboo [56], one researched the detection of cracks
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[57] and one researched the detection of knots, cracks, and wormholes [58]. Two
articles researched the detection of more than two or three features. The first [59]
one aimed to detect healthy and dead knots, blue and brown stains, pitch steaks,
and cracks. The other [60] attempted to detect birdseye and freckle, bark and pitch
pockets, wane, cracks, blue and brown stains, holes, pith as well as healthy and dead
knots. The articles, apart from the ones researching processed bamboo or veneer
studied planks or an equivalent pieces of wood.

The photographs processed in this thesis differ from the articles described above
by two factors. The first difference is the finish of the wood. Only the processed
bamboo from the article by Hu et. al. is stated to have a finish as the pieces of
bamboo are essentially finished products. These pieces of bamboo however have a
transparent varnish rather than an opaque paint. The other difference is the fact
that the wood examined in this thesis is in the form of a planed panel rather than a
smooth plank. The panels in this study have a tongue and groove profile meaning the
other side of the photographs always has a transitional area where the panel surface
turns into the tongue. This area shows as a streak like pattern in the photographs
adding to the complexity of the detection task.

The most popular network architectures used in the articles were based on the
Mask R-CNN [52], [53], [58], the U-net [56], [57] and other FCNs [54], [59]. Three
articles state that transfer learning accelerated the networks’ learning process. One
paper used the ImageNet dataset [59] and another used the COCO dataset [53|. The
third paper by Hu et. al. also states that they used transfer learning but do not
disclose the dataset they used [56]. The used loss functions and optimizers aren’t
disclosed in the articles very often. The article by He et. al. state that they use
the categorical cross entropy to train their FCN based networks [59]. The article by
Urtans et. al. uses binary cross entropy to train their FCN and DeepLab networks

[54]. The article by Lin et. al. researching wood crack detection used the binary
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Dice loss and the Adam optimizer to train their network based on U-net. The choice
to use Dice loss was justified in the article with the fact that it is not influenced
by class imbalance [57]. Class imbalance in a segmentation task means that certain
classes in the dataset have significantly less pixels in the photographs. The Adam
optimizer was also used in articles by Hu et. al. [56], and Li et. al. [58].

Unlike the used optimizers and loss functions, the used augmentation methods
were disclosed more prevalently across the papers. Many papers used transforma-
tions such as flips [54], [58], [59], rotations [54], [57], [58], crops [57], [58], scaling [54],
distortions [57], [59], gaussian noise [59], as well as altering brightness [57], [58] and
color [54], [59]. In addition to these more conventional methods, two of the articles
by Wang et. al. [53] and Li et. al. [58] employed generative adversarial networks
to increase the size of the datasets. This shows the importance of augmentation
methods in training segmentation models in the domain of wood industry where
data is often very sparsely available.

Despite these useful findings the number of papers they were derived from was
very limited and thus offer very limited insight to what methods we should use for
training our wood feature detector. This is why I performed the hyperparameter
survey in chapter 4. As it happens, the U-net model developed in 2015 by Ron-
neberger et. al. was originally developed for biomedical image segmentation [31].
In the next chapter I will perform my own study in the field of wood processing by

using the training strategy I discovered in section 4.3.



6 Wood panel defect segmentation

In this chapter I collected and annotated an image dataset of wood panels with a
white finish for the training and testing of the segmentation model. The purpose
of this chapter is to design a processing pipeline for the purpose of the final quality
inspection task of spruce interior panels. In other words, this chapter answers a
simple research question: Can a deep learning based semantic segmentation model
be used for the final wood panel quality inspection task? The pipeline can be di-
vided into four stages: image acquisition, preprocessing, segmentation, and contour
analysis. The aim of this pipeline structure is to capture the advantages of deep
learning-based image processing while retaining the ability to adjust quality param-
eters without retraining and a high degree of transparency in the decision-making

process. The proposed pipeline is illustrated in figure 6.1.

Deep learning

Image acquisition .
based segmentation

|

Figure 6.1: The proposed quality inspection pipeline. First the panel is pho-
tographed. Then the panel is cropped from the photo, resized and normalized.
In the third step the section is segmented with a segmentation model. The segmen-
tation results are then analyzed using contours.

Preprocessing Contour analysis

In this chapter I will design and implement the proposed pipeline in a python

programming environment. Building the complete system in an automation envi-
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ronment is frankly out of scope for this thesis. Building a real time capable quality
inspection system based on CNNs would require specialized hardware and testing
the system against a human inspector would require additional modifications to the
production line. Because of this limitation testing the proposed system will be re-
stricted to the python environment. This chapter will first introduce the reader to
wood grading. The following subchapter describes how the data was collected and
annotated. The third subchapter shows how the results of the tumor segmentation
hyperparameter study are used to train a segmentation model for extracting features
from a wood panel surface. Finally, the fourth subchapter shows how the segmen-
tation maps produced by the segmentation model can be used for determining the

quality of the panel.

6.1 Wood grading

This study focuses on the structural defects of the wood prevalent in the TK-spruce
panel. These defects are cracks, knot holes, edge clefts, resin pockets, and pith
streak. In addition to these defects, we will also segment two different kinds of
knots: healthy and dry knots. Examples of the segmented features are shown in
figure 6.2.

TK is a quality class of spruce timber. In the Finnish language the abbreviation
TK stands for “terveoksainen kuusi” which translates to English as “healthy knotted
spruce”. The TK quality class has clear requirements the timber must abide by. The
requirements regarding the afore-mentioned defects according to puuinfo.fi [61] are

the following;:

1. A knot may not exceed 30% of the panel’s width. Horned and leaf knots on
the other hand are allowed a span of at most 50% of the panel’s width. Knots

must be solid. A solid knot can be either healthy or dead but with a fresh
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color.

2. One detached knot 8mm in width is allowed at the edges of the panel’s backside

and none on the frontside.
3. Knot holes are not allowed.

4. Resin pockets can reach an accumulative maximum length 120mm in a span
of 1 meter within a panel. No individual resin pocket however can exceed a

length of 60mm.

5. Hair cracks at most 0.5mm wide with an accumulative length of at most 25%
of the panel’s length are allowed. Splits are allowed at the ends of the panel
if their length don’t exceed the width of the panel. If the panel has a tongue

and groove at its ends, then the splits can be at most % of the panel’s width.

6. The length of a pith streak is allowed to be at most 50% of the panel’s length.

Crack

IZe;cahed knot
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Healthy knot Dry knot
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Figure 6.2: Examples of the wood defects and features looked for in this thesis.

However, the quality card of Maler Oy [7] regarding TK-spruce panels differs
slightly from Puuinfo’s requirement when it comes to the detached knots at the

panel’s edges. Maler allows at most one 8mm detached knot in 2-meter span on
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the front side of the panel. While it would be advantageous to detect many of the
described defects either before or right after or even before planing the panel and
before applying the varnish, many of the defects can appear at multiple stages of the
production process. The planing process itself could reveal resin pockets and pith
streaks for example. The raw material is also subject to varying humidity levels and
temperatures which can cause the panels to crack and loose knots to fall out. This
creates a need for robust quality inspection to multiple stages in a wood panel’s

production process.

6.2 Data

6.2.1 Collection

The collection of the dataset was conducted over the span of 4 months, between
November 2022 and March 2023. A camera was placed on top and near the end
of the production line such that the panels would pass across the camera’s field of
view. The camera used in the experiment was a Cognex In-Sight D902C. The camera
featured an inbuilt calibration functionality which was used in the data collection
process. The object or product of the study was a healthy knotted spruce panel
with a white lacquer finish.

The camera was fitted with a lens with an 8 mm focal length. The camera’s
resolution was 1920x1200 pixels. The camera was placed approximately 19 cen-
timeters above the panel surface. The trigger mechanism was implemented with a
combination of a light sensor and a time relay. Whenever the light sensor detected
the presence of a panel the relay would send trigger pulses to the camera. Over
the span of four months over 200 000 photographs of the white spruce panel were
captured. Of these 200 000 pictures appr. 6200 pictures were sampled based on

relevant features present in the photos.
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6.2.2 Preprocessing

The photographs were calibrated with the inbuilt calibration tool of the D902C
camera to correct the lens distortion caused by using a lens with relatively short
focal length.

The raw photos were collected from the production as the panels were in motion.
The motion caused the panel to often pass through the camera’s field of view at an
angle. And so, the position of the panel would shift in the camera’s FOV. The
panels would deviate from each other in width as well. Because of these factors the
panel section could not be extracted with a simple static crop. Instead, an adaptive
cropping method was developed for this task.

The photographs were mostly collected from the mid-section of the panels and
photos containing the panels’ ends were rarer. The panels would pass through
the image frame from up to down. The first step in the cropping process was to
recognize whether the picture was of an end section of a panel or midsection. This
step was implemented by relying on the fact that the panels were white, and the
background was dark. So, a section of the image where the panel would most of
the cases be present. Then a horizontal mean was taken from the chosen ROI.
The mean curve would have a significant jump as the image shifts from background
to panel. If a rapid enough shift in pixel brightness was detected the image was
cropped horizontally where the shift occurred. The preserved section was chosen by
the polarity of the shift.

Next the angle of the panel was measured. This was done by taking vertical
means of the pixel values near the bottom and top of the picture from left to right
and right to left. The ROI for these means was the bottom and top 50 pixels of the
photographs. The angles were determined based on their difference in x and y axes.
Two angles were therefore calculated. One from each side of the panel and the photo

was rotated the amount of the lesser angle. This was done due to the presence of the



6.2 DATA 66

edge clefts which when positioned near the bottom and top the image frame would
result in exaggerated angles. After the image was rotated it was cropped again as
the rotation would introduce black borders to the photos.

After a possible horizontal crop and angle correction the background left and
right of the panels was cropped out as well. This was again done by taking a
vertical mean at the height of the remaining photo. The first upward shifts from
dark to bright pixel values from both sides of the photos were used at the points
in the x-axis where the photos were cropped vertically. The resulting photographs

were now angle corrected and free of any background elements.

6.2.3 Annotation

This thesis focuses on finding features and defects related to the wood rather than
the lacquer /finish or planing of the panel. The main features/defects recognized
during the data collection and annotation phase were cracks, dry knots, healthy
knots, spiked knots, resin pockets, edge clefts, knot holes, and pith streak.

The features were annotated using the open-source annotation tool LabelMe
[62]. The tool was used for creating a set of polygons for each image. Each polygon
encapsulated a single feature/defect area and was given a label. The secondary
objective of this thesis was also to produce a high-quality dataset for the wood
feature detection task. The annotation process was a laborious, mind-numbing
experience that took approximately a month’s worth of work to complete. The
amount of time spent on annotating each photo was non uniform. The time used
for annotating a single photo was highly dependent on the number of segmentations

and number of points required to mark a segment in the picture.
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6.2.4 Dataset compilation

Because some of the defect and feature types present in the images are rather similar
to each other I decided that some classes should be fused in the deep learning phase
and be separated in the postprocessing phase. For example, knot holes and edge
clefts are almost identical to each other in that they have the same cause, and their
only difference is their location in the photograph. A knot hole is a region in the
image that does not extend to the edge of the panel whereas edge clefts are found
exclusively at the edge of the panel. While these are fundamentally the same defect,
they have different rejection criteria in the panel grading process. The same can
be done for knots, and spiked knots as they are visually similar but have different
dimensions.

The label masks were compiled using labelme.utils.shape.shape to mask -
function [62]. The joining of class labels was done at this phase. A mask was
constructed for each polygon in an image. The masks were then joined with an
elementwise maximum function. The masks were saved in npy-format.

The dataset’s class composition is shown in table 6.1. Many of the defects were
oversampled from the original sample of 200 000 photos and this table does not

represent the actual prevalence of these classes in the TK-spruce panels.
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Table 6.1: Class statistics of the annotated TK-spruce dataset. Count = number of
polygons, Prevalence(%) = percentage of images where the class is present, Area(%)

= class pixel percentage of the total number of pixels.

Class Count Prevalence(%) | Area(%)
background 6219 100 97.62
Healthy knots 8163 71.73 1.45

Dry knots 2051 24.71 0.16
Pith streaks 890 12.93 0.24
Resin pockets 3287 30.2 0.21
Cracks 2793 15.15 0.08
Knot holes 2039 29.92 0.23

6.3 Feature segmentation

6.3.1 Data loading and augmentation pipeline

The data loading pipeline was constructed using a custom dataset object extended
from PyTorch’s torch.utils.data.Dataset object. First the image and mask are
opened with Open-CV and numpy respectively. The image and mask are then both
resized to 384x384 with the Albumentations [49] library’s resize function. After re-
sizing the image and mask if the data is used for training a series of augmentations
are performed, also with the Albumentations library’s functionalities.

Finally, the input image is normalized with the Albumentations.normalize func-
tion with means [0.485, 0.456, 0.406] and standard deviation values: [0.229, 0.224,
0.225] for red, green and blue image channels respectively.

The training phase augmentations are implemented in the following order:

1. Random horizontal flip (p = 0.5)
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2. Random vertical flip (p = 0.5)
3. Random resized crop (scale = (0.7,0.9), height = 384, width = 384, p = 0.5)

4. One of (p =0.8)

e Random brightness and contrast (brightness_limit = (—0.1,0.1),

contrast_limit = (—0.1,0.1), p = 0.5)
e Random gamma (gamma_limit = (80,120), p = 0.5)
e Random Gaussian noise (var_limit = (100,200), mean = 0, p = 0.3)

5. One of (p =10.5)

e Random shift, scale and rotate (shift limit = 0.2, scale limit = 0.3,

rotate limit =0, p = 0.5)
e Random rotate (limit = (—10,10), p = 0.3)
e Random elastic transformation (alpha = 2, sigma = 50, alpha__af fine =

60, p = 0.3)

the geometric and affine transformations use the ¢cv2.BORDER REFLECT and
cv2.INTER_NEAREST as arguments for the ‘border mode’, and ‘interpolation’
parameters.

Translation, zoom and shear are omitted from the augmentation pipeline. Trans-
lation is essentially the same as shifting since both just move the image on x and
axis. Zooming on the other hand is similar to cropping since after both operations
the result is an area of the image. When the image is resized after cropping the
effect is the same as zooming into a point in the image. Shear on the other hand has
a similar effect to elastic deform and so it would be redundant to have two similar
augmentation methods in the pipeline. The effects of the augmentation methods
are depicted in figure 6.3.

The border mode was set to reflect since black areas at the image borders are
associated with detached knots and having a constant value in the image could

hinder the training process.
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Figure 6.3: Visual demonstration of the used augmentation methods.

6.3.2 Training the models

For the training phase the dataset of total 6219 images were randomly split into

training, validation, and test sets. 80% of the data was used for training and 10%
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for both validation and test sets. The data was not split in a stratified manner since
many of the classes coincide with each other in the images so a perfectly balanced
split may not be achievable.

In the training phase we use the parameters we found in the literacy review. The
most popular optimizer and loss function in tumor segmentation papers were the
Adam optimizer and Dice loss. The learning rate set for the Adam optimizer was
le=*. The training is implemented by using the pytorch lightning framework [50]
and the models are constructed by using the segmentation models pytorch library
[51]. T trained three models with approximately the same number or parameters. A
U-net, a Deeplabv3, and a Segformer.

The U-net model was created with 3 input channels so the created model could
also be applied to color images via transfer learning in the future. The number
of output channels was set to 7. The chosen encoder was ResNet-34, and it was
initialized with weights pretrained with ImageNet. The model used the first five
encoding blocks of the ResNet34. I halved the number of channels of the decoder
from chapter four’s [512, 256, 128, 64, 32| to [256, 128, 64, 32, 16|. In the decoder
block batch normalization layers were used between the convolution operations and
activations.

Similarly to the U-net model the Deeplabv3 model was also initiated with a
pretrained ResNet-34 encoder. The other parameters were left at default values as
in the documentation of the library. For the Segformer model on the other hand
I used the mit b2 encoder which is one of the encoder architectures introduced in
the original Segformer paper [39].

The halving of the U-net’s decoder’s channels reduced the number of parameters
from appr. 30 to 24.4 million. The number of parameters of the DeepLabV3 and
Segformer-Mit B2 models were again appr. 26 and 24.7 million respectively.

The training, validation, and testing were performed on a desktop PC with an
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AMD R5 5600X processor, 32 gigabytes of RAM and an Nvidia RTX 3080 GPU
with 10 GBs of VRAM. The U-net and Deeplabv3 models were trained for 300
epochs and the Segformer was trained for 100 epochs. The used batch size was 16.
The training took approximately 5, 12 and 2 hours for the U-net, Deeplabv3 and
Segformer respectively. The models were trained for a set number of epochs and the

checkpoints that achieved the lowest validation losses were then chosen for testing.

6.3.3 Segmentation results

The trained models achieved varying results. The models’ class Dice scores are com-
pared in figure 6.4 and table 6.2. The models’ loss curves are shown and compared
in figures 6.5, 6.6, 6.7, and 6.8. From the figures we can see that the model based
on the U-net architecture performs the best. It achieves the best Dice score in all
classes. The DeeplabV3 and Segformer models achieve comparable results to the
U-net model with the exception of the crack class. In fact, the other two models
perform significantly worse in the crack class to the point where it cannot be said

that models would be able to detect this class of defects.
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Figure 6.4: TK class test Dice score comparison between the models

Table 6.2: TK class test Dice score comparison between the models.

Class Unet- DeepLabV3- Segformer-
ResNet34 ResNet34 Mit b2
background 0.998 0.997 0.997
Healthy knots | 0.868 0.865 0.856
Dry knots 0.876 0.852 0.88
Pith streaks 0.932 0.929 0.919
Resin pockets | 0.857 0.82 0.842
Cracks 0.844 0.696 0.757
Knot holes 0.948 0.943 0.937




6.3 FEATURE SEGMENTATION

Validation loss of Unet-ResNet34,
DeepLabV3-ResNet34, and Segformer-Mit b2
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Figure 6.5: Comparison of the validation loss curves on the TK dataset.
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Figure 6.6: Training and validation loss curves of the Unet-ResNet34 model on the

TK dataset.
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Deeplabv3-ResNet34 loss curves
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Figure 6.7: Training and validation loss curves of the DeepLabV3-ResNet34 model

on the TK dataset.
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Figure 6.8: Training and validation loss curves of the Segformer-Mit b2 model on

the TK dataset.

After examining the loss curves, we can conclude that the U-net and Deeplabv3
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based models are quite stable to train. The validation loss behaves very predictably
and is closely coupled with the training loss. On the other hand, the Segformer
model is an entirely different matter. Its validation loss starts to deteriorate rapidly

after the 60th epoch. At this stage the model seems to start overfitting to the

Tar]ct U-net Dccllabv3 Sciformcr
‘ ‘ \

training data.

Original image
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Figure 6.9: Comparing the TK test segmentations produced by the models.

The Segformer model’s failure to achieve stable learning with this data could be
because of its transformer-based architecture. The DeeplabV3 and U-net models are

convolution layer based and so they have a stronger inductive bias embedded into
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their architectures than the Segformer. The convolutional architecture forces these
models to learn certain types of features from the data and so they are much more
regularized by their architecture than the Segformer. In the original Segformer
paper the models were trained with ADE20K, Cityscapes, and COCO datasets.
The ADE20K dataset has 25 574 training images and 2 000 validation images.
The Cityscapes dataset has 5 000 finely annotated and 20 000 coarsely annotated
examples. The COCO stuff dataset has 164 000 images. Since our dataset of
wood defect images is small relative to the Segformer’s intended dataset size we can

conclude that we might need more data to realize Segformer’s full potential in this

U-net Deeplabv3 Segformer

application domain.
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Figure 6.10: More TK test segmentations produced by the models.

When taking a look at the segmentations in figure 6.9 we can see that the
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Deeplabv3 model’s crack segmentations appear more jagged and thicker than the
other models’. Other than that, the models appear to perform quite similarly when
examining the segmentations.

The segmentations produced by the models sometimes differ from the target
masks. This can be seen in figure 6.10. On the third row the U-net model has
produced a knot hole region in the middle of the very wide crack. While the crack
itself is detected as it should be the knot hole region will produce a false positive
in the grading stage while the crack region will produce a true positive. The falsely
detected knot hole therefore won’t affect the final grading of the panel but makes
it seem like the system is overly sensitive to the knot hole class even though these
types of misclassifications make no difference in practice.

Sometimes the regions are very similar to each other but in cases such as in the
figure 6.10’s top and bottom rows the lengths of the predicted pith streak regions
differ from their target counterparts. In edge cases sometimes an argument can be
made about choosing any one of the proposed segmentations and each grading result
can be equally correct. These cases also make it harder to quantitatively evaluate
the final grading results. Since the U-net based model achieved the lowest validation
loss, I chose it for the quality inspection system’s segmentation stage. The U-net’s

performance is further examined in the next section.

6.3.4 Examining the U-net model

Based on the model results in the previous section, the U-net based segmentation
model can be deemed the most suitable option for the quality inspection system’s
segmentation stage. The metrics used for further evaluating the U-net model are
recall, precision, false positive rate, false negative rate, intersection over union and
Dice score. These metrics were calculated for each class and are shown in table

6.3. In addition to these metrics a confusion matrix was also plotted to see how the
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image pixels were usually misclassified. The confusion matrix is in figure 6.11.

background 99.731 0.006 0.015 0.017 0.013 0.004

Healthy knot- 10.406 88.702 0.570 0.001 0.149 0.001 0.170

Dry knot - 4.824 1.264 0.026 1.004
©
=
'; Pith streak - 6.330 93.269
g
H
Resin Pocket - 13.791 1.477 1.350
Crack- 15.101 0.003 0.000
Knot hole- 3.469 2.562 0.165 0.000 0.140
backéround Healtl‘)y knot Dl@" knot Pith streak Resin Pocket Crack Knot hole

Predicted label
Figure 6.11: The U-net model’s pixel prediction confusion matrix on the TK test
set.

As we can see from the first metric graph, the model achieves decent performance
in every class. The Dice score exceeds 0.8 in every class and the false positive rate
is very low. However, the false negative rates are not as impressive. The low
FPR leads to some impressive precision numbers, however recall suffers from the
high FNR. This is alarming since a high number of false negatives implies that
many defects or features pass undetected by the segmentation model, or classes are
sometimes misclassified as other non-background classes. Upon a closer inspection
of the confusion matrix, we can conclude that most of the confusion between classes
is between the background/negative class and the feature classes. A closer look at
the actual segmentations (figures 6.14, ??, and ?7?) performed by the model should
tell us more about the nature of the model’s misclassifications.

By observing the segmentations performed on the test data we can conclude that
the model performs well on unseen data. The confusions between the background

class and the other classes appears to be happening at the edges of the feature
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Table 6.3: TK test set metrics of the Unet-ResNet34 model.

Class Recall | Precision | FPR | FNR | IoU Dice
background 0.997 0.998 0.095 | 0.003 | 0.995 | 0.998
Healthy knots | 0.887 0.849 0.002 | 0.113 | 0.766 | 0.868
Dry knots 0.873 0.878 0.0 0.127 | 0.779 | 0.876
Pith streaks 0.933 0.932 0.0 0.067 | 0.873 | 0.932
Resin pockets | 0.83 0.885 0.0 0.17 0.749 | 0.857
Cracks 0.828 0.861 0.0 0.172 | 0.731 | 0.844
Knot holes 0.935 0.961 0.0 0.065 | 0.901 | 0.948

contours. By comparing the shapes of the label and prediction regions we can observe
that these shapes often differ from each other. This confusion at the region edges
is the main reason for interclass confusion in the test data. Since the defect/feature
classes rarely border each other, the confusion happens towards the background
class and vice versa. The confusion from the background class to the other classes
is masked in the results by the large volume of the background class pixels in the
data leading to a high portion of true positives.

Label mask Predicted mask

Original photo Predicted mask on original photo
T !

"
|
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Figure 6.12: U-net TK test set segmentations of pith streaks (orange), resin pockets

L l

(purple), and knots (green).
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Figure 6.13: U-net TK test set segmentations of cracks (blue).

Predicted mask on original photo

b

Figure 6.14: U-net TK test set segmentations of a pith streak (orange), knot holes

(red), and knots (green

Another key observation is the fact that the transition zone from the panel’s
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main surface to the tongue is not confused with the streak like classes (crack, resin
pocket, and pith streak) despite having similar appearance. The transition zone is
located on the right side of the photos. The zone suffers from bad lighting since the
surface of the wood turns downward and is no longer perpendicular to the lighting
direction. The model’s ability to ignore this region implies that the model can learn

to reliably ignore the optical effects of different types of panel surface profiles.
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Figure 6.15: U-net model’s training and validation mean loss curves of five TK

training runs.

Figure 6.6 showed us how the training and validation loss developed during the
training process. However, both training and validation loss curves are quite noisy.
To obtain a less noisy plot of the losses I performed four additional training runs on
the U-net model to obtain averaged loss development curves. The average loss curves
of five training runs are plotted in figure 6.15. Figure 6.15 shows that validation loss
overshoots the training loss at the start but approximately by the 100th epoch the
training loss overtakes the validation loss. Both losses continue to decline, however,
so even by the 300th epoch no overfitting has occurred.

To further evaluate the consistency of the segmentation model we can examine
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the distribution of the loss produced on the test data. We can do this by plotting a

boxplot and a histogram of the image specific losses.
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Figure 6.16: The U-net model’s TK test set image loss boxplot and histogram.

From the plots in figure 6.16 we can see that the model performs quite consis-
tently with the test data. The third quartile of the test loss is 0.052, meaning that
the model produces a loss equal to or less than that on 75% of the test data. From
the histogram we can see that the loss has a weak upper tail and most of the photos
of the test data produce a loss less than 0.1. On the other hand 79 examples of
the test dataset’s 622 photos exceed a loss of 0.1 which could pose a problem at the
contour analysis stage since the shape, location and size of the segmentation map’s

contours are the basis for the grading tools’ operation.

6.3.5 Constraining the amount of data

To see whether more data would improve the segmentation results we can constrain
the amount of data used for training. For this experiment I trained the Unet-
Resnet34 model with 3.125, 6.25, 12.5, 25, 50, and 75 percent of the training data
to see how the amount of data affects the training results. In figure 6.17 we can
see that the validation loss development is affected by the amount of training data

used and greatly affects the validation results. However, the effect seen in the
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validation loss progression plot is relatively mild even when comparing the 12.5 and
100 percent runs. Only 621 photos were used in the 12.5 percent run. Keeping
this in mind achieving a loss with only 621 photos comparable to using 4975 photos

seems impressive.
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Figure 6.17: U-net model’s validation loss development with different amounts of

TK training data.

The loss curve is an average over the dice loss of each class. This means that
the amount of data used could affect the loss on each class differently. In figure 6.18
the dice loss of each class is plotted against the training data percentage used. We
can see that the classes most affected by the training data amount are resin pocket,
knot, dry knot, and crack. We can see that the crucial pivot point after which the
dice score is not greatly affected by the amount of used training data is around 25
percent. This is equivalent to about 1 200 photos. This is a surprising result given
that usually adding more data improves performance. Since adding more photos
past 1 200 affects the results very little we can conclude that the collected data
has successfully captured the features present in the wood panels and adding more

similar data points to the dataset might not improve performance.
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Figure 6.18: U-net test Dice score of each class vs the used percentage of TK training

data.

6.3.6 Role of data augmentation and transfer learning

Here 1T will examine the importance of both transfer learning and the used aug-
mentation pipeline to the training process of the Unet-ResNet34 model. To obtain
the necessary information, I performed three additional training runs on the Unet-
Resnet34 model. One where the encoder was initialized with random weights i.e. no
transfer learning was used. In the second run the designed augmentation pipeline
was not used. And in the third one both transfer learning and augmentation were

omitted from the training process.
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Figure 6.19: The impacts transfer learning and augmentation have on the test Dice

score of each TK dataset class.

In figure 6.19 we can see that the training run where both transfer learning and
augmentation were used achieves the best results and the one where neither was used
performs the worst. The runs that omitted one of the techniques placed somewhere
in the middle.

In figures 6.20, 6.21, 6.22, and 6.23 we can observe the training and validation loss
curves of the different runs. These curves reveal that the usage of data augmentation
ultimately has a much more significant impact on the development of the validation
loss than transfer learning. The loss development curve without transfer learning
is similar to the one where it is used. The losses decreased faster at the beginning
of the training with transfer learning applied than without. Ultimately applying
transfer learning to the encoder has a relatively small but still a measurable impact
on the validation loss and test metrics.

Augmentation on the other hand had a very significant impact on the develop-

ment of the training and validation losses. While the omission of the data augmen-
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tation process from the training process has only a small impact on the test metrics
and the validation loss curves its effects are very significant on the training loss. If
we observe figures 6.22 and 6.23, we can see that the training loss gets much lower in
the training runs where augmentation wasn’t used. In fact, we can observe a slight
upward trend in the validation loss curve on the right side of the graphs. This sug-
gests that without data augmentation the Unet-ResNet34 model can start to overfit
to the training set. This also suggests that the data augmentation pipeline could
be the primary reason for why the training process is able to achieve comparable
metrics even when trained on only a fraction of the training data as observed in the

previous section.
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Figure 6.20: TK validation loss development comparison of augmentation and trans-

fer learning combinations.
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Figure 6.21: TK training and validation loss development of the U-net without

transfer learning.
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Figure 6.22: TK training and validation loss development of the U-net without data

augmentation.
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No transfer learning or augmentation loss curves
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Figure 6.23: TK training and validation loss development of the U-net without data

augmentation and transfer learning.
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6.4 The grading system

The goal of this section is to design a system capable of using the segmentation maps
of the deep learning model to make rejection decisions according to a predefined set
of rules. The system designed here will implement the TK standard [7], [61] but in
principle a set of rules can be implemented to adhere to any standard imaginable.
The second purpose of this section is to demonstrate that a segmentation model can
be used as a basis for quality control system for wood panels.

The base pipeline of this system consists of the segmentation stage and the con-
tour analysis stage. A contour is a continuous curve enclosing an area of pixels
sharing a common intensity or color. A contour can also be described as the bound-
ary of said area [63]. First the images of size 384x384 are segmented with the deep
learning segmentation model. Then the resulting segmentation maps are resized
back to the original size of the input image. The maps are then joined together to
form the map of the entire panel. The images are processed in a vertical orientation
such that the longest side of the panel is in vertical orientation.

After the segmentation for the panel has been obtained the segmentations of dif-
ferent classes are separated and then analyzed with OpenCV’s [63] contour analysis
tools. At this stage the TK standard is implemented into a decision-making system

by extracting relevant information from the contours of different classes.

6.4.1 Knot analysis

In the knot analysis phase, the segmentation maps for both dry and live knots are
joined and then the knot contours are extracted. The TK standard states that a
leaf/horn knot can be at most 50% of the panel’s width but other knots may only
have a width of one third of the panel’s. Therefore, these types of knots must
be differentiated from each other to apply different criteria to them. This is done

by observing the shape of the contour. For leaf and horn knots, their respective
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contours appear much more elongated than their round counter parts. To exploit this
characteristic of the knot contours we first fit a minimum area enclosing rectangle
to the contour. Then the ratio of the longer and shorter side of the rectangle is
calculated. Then the knot contour is assigned to either leaf/horn or round knots
based on the aspect ratio of the rectangle. Here the threshold value used is 2.5 but
any value deemed suitable for this distinction task may be used here. The width of
the knot is calculated as the difference in x-coordinate between the left and right

most extreme points of the contour.

ratio: 3.17 B !
idth: 50.2/117.0mm

Figure 6.24: Visualization of the knot analysis step.

6.4.2 Resin pocket analysis

The requirements for resin pockets define a maximum length for singular pockets of
60 mm and a summed length of 120 mm on a 1-meter span. The checking process for
the aforementioned requirement can be implemented by taking the top and bottom
most extreme points of the contour since the length of the pocket is measured in
the direction parallel to the panel’s length. The pocket’s length is calculated as the

subtraction of the top and bottom most y-coordinates of the contour. The length in
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millimeters is obtained by multiplying the length in pixels by the size of the pixel in
millimeters (0.083 mm). If the pocket’s length exceeds that of 60 mm the panel gets
rejected. The summed length on a specified span is calculated by first forming an
array of zeros with a length of the panel in pixels. Then the resin pocket contours
are iterated over and their top and bottom most y-coordinates are extracted. Then
the values in the array are raised by one between the top and bottom y-coordinate
indices. This essentially forms an array that tells how many resin pockets have pixels
in the y-coordinate equal to the index in the array.

After the first array has been formed a second array of ones is formed. This
array on the other hand is length of the span in pixels we wish to check the presence
of pockets on. The second array is convolved over the first array. This way we get
a density array describing the sum of resin pockets lengths when the span is placed
in different positions on the panel. The check is performed by taking the maximum
value of the convolution and then multiplying it with the pixel size in millimeters.

If the product exceeds that of the 120 mm threshold, then the panel is rejected.
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Figure 6.25: Visualization of the individual resin pocket grading. On the right the
resin pocket exceeds the 60 mm maximum height requirement and on the left the

pocket passes.

6.4.3 Knot hole and cleft analysis

Since knot holes and clefts are similar in cause and appearance it was beneficial to
combine their respective classes in the segmentation stage. However, now we face
the situation where we need to be able to differentiate between the two since they
have different criteria for rejection. This can be done by extracting the left and right
most extreme points of the contour. If the x-coordinate of the left extreme point is
equal to zero or the x-coordinate right extreme point is equal to the width of the
image-1 then it can be deduced that the contour is a cleft and not a hole since the
contour touches the left or right boundary of the image. In the case of the contour
being a knot hole, the panel is rejected.

The clefts are iterated over and assessed by their width. If a cleft’s width or size
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in x-axis exceeds that of 8mm then it is added to a list of critical clefts. When this is
done the list of critical clefts are sorted by their middle points’ y-coordinate. Then
the list is iterated over and if the distance between two neighboring critical clefts on
the list is less than 2 meters the panel gets rejected as the TK-standard states that

on two-meter span there may exist at most one knot cleft exceeding 8 mm in width.

Figure 6.26: Knot hole analysis. On the left the hole is attached to the image
boundary so it is processed as a cleft. The hole on the right however is detached

from the image boundary making it a knot hole.

6.4.4 Pith streak analysis

The quality requirement for visible pith streaks is quite simple: a single pith streak
may not exceed half of the panel’s length. This can be checked by extracting the
pith streak contours from the segmentation map and checking their length in y-axis.
If the difference in y-coordinate of the top and bottom most extreme points of the

contour exceed that of half of the panel’s length the panel is rejected.
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Figure 6.27: Pith streak analysis visualization.

6.4.5 Crack analysis

The requirements for cracks are quite strict. Hair cracks may only have a width
at most 0.5 mm and the summed length of these hair cracks may not exceed 25%
of the panel’s length. Cracks are allowed if they reside at either end of the panel.
These panel end cracks may not exceed the width of the panel if the panel doesn’t
have the tongue and groove at the ends and % if it does. To check the width of the
crack the difference in x-coordinate of the left and right most extreme points cannot
be used since cracks can exist in bowlike shapes and diagonal orientations. To solve
this problem, we will use distance transform. Distance transform is an algorithm
that calculates the shortest distance to a pixel with value zero for all non-zero pixels
within a binary image. The maximum width of a contour is therefore two times
the maximum value of the distance transform of the contour’s binary mask. The

maximum width of the contour in millimeters is therefore:
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width,,, = maz(distance transform(binary mask)) x 2 x pixel size,,, (6.1)

The cracks narrower than 0.5 millimeters are gathered and their length in the
direction of the y-axis summed. If the sum exceeds that of 25% of the panel’s length
the panel is rejected. If the crack resides at either end of the panel, then the crack
is allowed to reach up to half or 100% of the panel’s width in length depending
on whether the panel has a tongue and groove at its ends or not. Whether or not
the crack resides at the end of the panel can be checked by comparing the crack
contour’s top and bottom most extreme points to the top and bottom y-coordinates
of the panel respectively. If the coordinates match, then the crack can be exempted
if its length in y-axis doesn’t exceed the requirements. A potential limitation of
detecting cracks by segmenting downsized images is that the accuracy needed to
measure the cracks’ width is quite high. The horizontal field of view of the camera
19cm away from the panel was appr. 160mm. When the image is down sampled to

a 384 x 384 resolution a lot of information is lost since at this resolution there are

384
PL 94 anda pixel size of
160mm mm S84px

160mm

only = 0.41mm. This is not enough
to measure an object’s width with an accuracy of 0.1 mm.

Also, when inspecting the original segmentations and the model predictions we
can see that the masks marking the cracks are slightly wider than the cracks them-
selves. This introduces a small upward error in the width measurement.

A way to remedy these issues would be to segment the images in a higher resolu-
tion but this would have a high computational cost and could potentially compromise
the real-time capability of the system.

Another way to solve these issues would be to use adaptive thresholding to the

areas under the segmentation masks. With this method the threshold function is

used for refining the crack’s silhouette and should give us better accuracy when
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measuring the width. In this method the rectangular area of the crack is extracted
from the original image. Then adaptive gaussian inverted binary threshold function
is applied to the image. The block size of the kernel is 21 which equates to appr.
1.8mm. Distance transform is then applied to the output of the threshold function.
Finally, the largest value of the distance transform residing inside the segmentation
mask is taken and multiplied by two like described previously to get the corrected

maximum width of the crack. The steps of this process are depicted in figure 6.28.

1. 2. Max: 1.123 mm 3. 6. Max: 0.711 mm
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Figure 6.28: The crack width correction process.

Predicted segmentation mask produced by the model

Distance transform of the predicted mask

Crack region of the image

Output of the adaptive threshold on the crack region

Distance transform of the threshold output

Bitwise and on the segmentation mask (1) and second distance transform (5)
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This postprocessing method is only applied to cracks with an initial width less
than 1.5 mm. Cracks with an initial width higher than 1.5mm are significantly wider

than 0.5 mm and might no longer be dark in the middle. This is depicted in figure

6.29.
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Figure 6.29: A wide crack. The crack has a light area in the middle, so the threshold

output gets split.

6.4.6 Grading system results

To answer the research question: “Can a semantic segmentation model be used
for automatic wood panel quality inspection?”, we need to test how the trained
segmentation model works with the programmed grading system. In this test I
compared both overall gradings as well as grading results from each grading tool.
Since the data doesn’t include whole panels or actual human-made gradings from the
production line, this test does not measure the effectiveness of the system compared
to a human grader. Rather this test compares the performance of the model to a
human annotator’s segmentations when coupled with the rule-based grading tools.
Here a positive result corresponds with a rejected grading result and negative with
not rejected.

In summary we can conclude that the segmentation model produces similar grad-

ing results as the annotations. I will examine the combined results first and then
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examine the results of each tool separately. I used accuracy, recall, precision and f1

to evaluate the grading results. The results of these metrics are shown in table 6.4.

Table 6.4: The grading system’s performance metrics on the TK test set.

’ Class H Accuracy \ Recall \ Precision \ F1 ‘
Combined 0.969 0.962 0.949 0.955
Knots 0.998 1.0 0.667 0.8
Pith streaks 0.989 0.945 0.929 0.937
Resin pockets 0.997 0.75 0.75 0.75
Cracks 0.989 1.0 0.926 0.962
Knot holes 0.99 0.938 0.968 0.953

The combined grading results suggest that the annotated and predicted segmen-
tation maps interact very similarly with the grading tools. However, some recall,
precision, and f1 results for the individual grading tools are not very impressive. We

can analyze the results further by examining the confusion matrices in figure 6.30.
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Figure 6.30: TK grading system’s confusion matrices.



6.4 THE GRADING SYSTEM 101

By first glance we can see that the grading results are all imbalanced. Even
the combined matrix is heavily skewed towards the negative class. The skewness is
greatly amplified in the individual grading results. Especially in the knot and resin
pocket analysis tools. This is due to the overall scarcity of examples that should
produce positive grading results.

The knot analysis tool produced one false positive and one false negative. When
I inspected these examples, the false positive result was produced by a correctly
detected leaf knot that had a predicted width of 57.4mm and an annotated width
of 56.4mm while the width of the panel was 113.7mm. These measurements give us
ratios of 0.504 and 0.496 respectively. While the width difference is quite small at
1 mm the one false positive result has an enormous effect on the precision and f1
scores.

The resin pocket grading tool’s results suffer from the same reason. To produce
a positive result from the resin pocket grading tool a photo would have to contain a
single region with a vertical length exceeding 60 mm or a sum of lengths exceeding
120mm. These cases are quite rare in cases where only one image is used. The
false positive result was produced by an example where the predicted region was
slightly taller than the annotated one. The respective lengths were 63.1 and 59.3
mm. The false negative result on the other hand was produced by an example where
the annotated region was 83.4 mm in length, but the prediction was divided into
multiple regions that had a summed length of 66.6 mm.

The pith streak analysis tool on the other hand produces a decent amount of
positive gradings. This is because many of the pith streak regions present in the
test set are tall enough to trigger the rejection criteria. Two of the false negatives
were produced by examples where the pith streak regions were slightly shorter than
the annotated ones. One false negative was produced by a prediction where the pith

streak was not detected. The false positives were produced by regions where the
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predictions were slightly taller than the annotations, regions got fused together or
the regions were falsely segmented.

For the evaluation of the crack grading tool, I disabled the panel end functional-
ity. Allowing the presence of cracks at the ends of the panel would dismiss most of
the cracks in both the annotated and predicted segmentations because the photos
were short in comparison to actual panels. The crack grading tool didn’t produce
any false negatives. This means that the segmentation model could be too sensitive
to detect cracks. When examining the false positives, they were mostly produced by
falsely detected regions. Two of the seven false positives were produced by examples
where the summed length of detected hair cracks was higher than in the annotations.
The rest were produced by falsely detected cracks that exceeded the 0.5mm width
restriction.

The length of the photos persists as a problem for the cleft evaluation tool. The
photos that contain one or less edge cleft pass automatically because the grading
rule looks for a pair of two clefts that are within 2 meters of each other. Here the
tool mainly flags photos with a knot hole as positive. The grading tool produced
four false negatives and two false positives. The false positives are produced by cases
where the segmentation result can be considered either correct or inconsequential.
In the former a region was predicted as a knot hole that was annotated as a dry
knot. However, the knot had started to fall out of the hole, so this region was
likely to become a knot hole in the immediate future. The latter case where the
segmented region had no consequence for the overall grading result was in a photo
with a very wide gap. This case is depicted in a previous figure. The hole region
was predicted in the middle of a correctly detected wide crack. The false negatives
on the other hand were the result of two causes: false negative segmentations and
knot hole proximity to panel edge. One partially detached knot in the middle of

the panel was falsely predicted as a resin pocket. In another false negative case, an
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edge cleft was not detected where the photo contained two annotated clefts. The
Other two false negatives were caused by the predicted knot hole regions becoming
attached to the panel edge, so they were classified as edge clefts.

In conclusion, the annotations and the segmentation model produce similar grad-
ing results when paired with rule based grading tools. According to my results there
is enough evidence to claim that final quality evaluation on the part of wood quality
can be performed both after painting and planing the panel. Many of the misclas-
sifications produced by the grading tools were due to small differences between the
annotated and predicted segmentations. Additionally, since the segmentation model
can be deemed oversensitive to detecting cracks the segmentation model can also be
used as a separator to flag possibly suspicious regions for human inspection while
rejecting the cases with a high probability of bad quality. At the very least a system
such as this can be used to alleviate the quality inspection burden of the human

operators by reducing the needed effort for production.



7 Discussion

7.1 Conclusions

In this thesis I studied the use of medical image segmentation methods in medical
imaging and the wood processing industry. I did this by first surveying the most
prominent supervised training methods used in the semantic segmentation of tumors
from MR-images and then applying them to the detection of various features and
defects of wooden interior panels.

While these techniques are heavily researched in the medical field their use in
the wood industry isn’t researched very much in comparison. However, since the
segmentation applications are very similar in nature the research results achieved in
the medical field transfer very well to the wood industry as I have demonstrated in
this paper.

The results of the hyperparameter survey of the 4th chapter proved important
for training the wood feature segmentation models in the 6th chapter. The pur-
pose of the hyperparameter survey was to find popular choices for the loss function,
optimizer, transfer learning method, and augmentation methods. The most pop-
ular choice for the loss function was Dice loss. The most popular optimizer was
Adam. The most popular transfer learning method was replacing the encoder com-
ponent of the segmentation network with a pretrained convolutional backbone such

as ResNet. Popular augmentations included methods such as flips, rotations, elastic
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transformation and Gaussian noise.

The popular hyperparameter choices uncovered in the hyperparameter survey
produced good results in training a U-net, a DeeplabV3, and a Segformer model to
segment various features and defects from wooden panels. Of the trained models
the U-net performed slightly better than the others. The Dice scores exceeded 0.8
for each defect and feature type making it possible to design a quality inspection
system based on a U-net segmentation model.

I also performed some additional examination on why the U-net model was able
to learn the segmentation task to the observed degree. First, I constrained the
amount of data the model had access during the training phase. Then I trained
the U-net model without transfer learning and augmentation. I discovered that the
model was able to learn quite well even with significant constraints to the amount
of available data. The model was able to achieve good segmentation performance
even trained on only 25% of the available training data. In the latter experiment I
discovered that transfer learning contributed only a small increase in segmentation
performance. The augmentation pipeline on the other hand played a crucial role
in achieving good performance. When trained without augmentation the model
started to overfit to the training data. Therefore, It can also be said that the reason
why the decrease of available training data didn’t affect performance significantly
is because the augmentation pipeline successfully introduces randomness into the
training pipeline.

In the process of designing a grading system for the wood panel quality inspection
task, contours proved useful since they provide a great variety of tools for the analysis
of the defect and feature regions. The TK-spruce quality class was implemented for
the panel grading stage to demonstrate the potential of the designed processing
pipeline. The only problematic defect type proved to be cracks since they required

additional processing to measure their width. The processing pipeline was tested
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by first extracting the quality decisions produced with the annotations of the test
set and then with the segmentation model. The quality decisions produced by the
annotations were compared to the ones produced by the segmentation model. This
comparison provided proof for the usability of the segmentation model. Overall, the
segmentation model’s quality decisions were similar to the ones produced with the
annotations showing the potential of deep learning in this domain.

Overall, this thesis successfully demonstrates how deep learning-based segmen-
tation models can be used for quality inspection in the wood industry. At the very
least the system could be used for alleviating the workload of the production line
employees in the quality inspection task. In the first stage of production line inte-
gration the system could be used in a supporting or assisting role where the system

flags potentially bad or difficult cases for the human inspector to verify.

7.2 Future work

For future reference this thesis can be expanded upon in at least three ways. Firstly,
this thesis only considered the use of three base architectures for the segmentation
task, U-net, DeeplabV3, and Segformer. They were chosen because they have very
different network architectures. These architectures could be optimized further by
experimenting with different encoder architectures and other settings. The use of
other segmentation models should also be considered in future work, both other
convolutional and transformer-based models.

Another way would be to include more finishing types for the study. In this
study the finish applied to the spruce panels was a white varnish. In the future,
the scope of the research could be expanded by collecting and annotating images of
other finishing types. Since the semantic segmentation stage acts as a simple feature
detector, the expert system can be expanded to perform quality inspection on other

panel types as well. Also, in figure 6.16 we can see that some examples in the test
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data produce higher loss figures. These examples could be analyzed further and add
similar examples to the dataset so the model would learn to perform better on this
type of data.

Finally, since the goal of developing the grading system is to replace human
graders, it would be useful to know how these systems perform in comparison. in
this thesis I was able to test the segmentation model against human annotated
segmentations with both segmentation performance metrics and coupled with the
panel grading tools. The deep learning segmentation model produced good results in
both tests. However, to test this system against a human grader on the production
line, a system would have to be built that records the decisions made by both the

automated as well as the production line worker.
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