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Abstract

Focused ion beam scanning electron microscopy (FIB-SEM) is a well-established mi-
croscopy technique for 3D imaging of porous materials. We investigate three porous
samples of ethyl cellulose microporous films made from ethyl cellulose and hydrox-
ypropyl cellulose (EC/HPC) polymer blends. These types of polymer blends are used
as coating materials on various pharmaceutical tablets or pellets and form a continu-
ous network of pores in the film. Understanding the microstructures of these porous
networks allow for controlling drug release. We perform semantic segmentation of the
image data, separating the solid parts of the material from the pores to accurately
quantify the microstructures in terms of porosity. Segmentation of FIB-SEM data is
complicated because in each 2D slice there is 2.5D information, due to parts of deeper
underlying cross-sections shining through in porous areas. The supposed shine-through
effect greatly complicates the segmentation in regards to two factors; uncertainty in
the positioning of the microstructural features and overlapping grayscale intensities
between pore and solid regions.
In this work, we explore different convolutional neural networks (CNNs) for pixel-
wise classification of FIB-SEM data, where the class of each pixel is predicted using a
three-dimensional neighborhood of size (nx; ny; nz). In total, we investigate six types
of CNN architectures with different hyperparameters, dimensionalities, and inputs.
For assessing the classification performance we consider the mean intersection over
union (mIoU), also called Jaccard index. All the investigated CNNs are well suited
to the problem and perform good segmentations of the FIB-SEM data. The so-called
standard 2DCNN performs the best overall followed by different varieties of 2D and
3D CNN architectures. The best performing models utilize larger neighborhoods, and
there is a clear trend that larger neighborhoods boost performance. Our proposed
method improves results on all metrics by 1.35 - 3.14 % compared to a previously
developed method for the same data using Gaussian scale-space features and a random
forest classifier. The porosities for the three HPC samples are estimated to 20.34,
33.51, and 45.75 %, which is in close agreement with the expected porosities of 22,
30, and 45 %. Interesting future work would be to let multiple experts segment the
same image to obtain more accurate ground truths, to investigate loss functions that
better correlate with the porosity, and to consider other neighborhood sizes. Ensemble
learning methods could potentially boost results even further, by utilizing multiple
CNNs and/or other machine learning models together.

Keywords: Deep learning, convolutional neural networks, image analysis, semantic
segmentation, focused ion beam scanning electron microscopy, porous materials, con-
trolled drug release
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1
Introduction

1.1 Background

Focused ion beam scanning electron microscopy (FIB-SEM) is a well-established mi-
croscopy technique for 3D imaging of porous materials [1]. In FIB-SEM, a conven-
tional SEM is used to image a single 2D cross-section of the data. A 3D data set is
constructed in a serial fashion by applying the conventional SEM to a stack of cross-
sections. Cross-sections are revealed by a focused ion-beam (FIB), bombarding the
target material with heavy ions, milling away atoms of the materials surface [2]. By
continuing to apply the FIB to cross-sections followed by imaging with the SEM, a
3D representation of the material can be obtained. The process is repeated until the
desired volume of the imaged region is obtained in terms of the number of slices and
volume size.

FIB-SEM is di�erent from e.g. X-ray tomography in the sense that the data in each
2D slice contains 2.5D information, due to parts of deeper underlying cross-sections
shining through in porous areas. The supposed shine-through e�ect is more prevalent
the more porous the material is and makes image segmentation noticeably more di�-
cult. The shine-through artefacts in the 2D slices greatly complicate the segmentation
in regards to two factors; uncertainty in the positioning of the microstructural features
and overlapping grayscale intensities between pore and solid regions. Several image
processing methods for segmentation of FIB-SEM image data have been developed,
e.g local threshold backpropagation [3, 4], morphological operations [5], watershed
segmentation [6], and combinations of watershed, variance �ltering and morphological
operations [7]. Segmentation remains a challenging problem, and new segmentation
methods that more accurately can quantify the FIB-SEM image data are sought after.

The FIB-SEM image data investigated in this project is acquired from three sam-
ples of ethyl cellulose microporous �lms made from ethyl cellulose and hydroxypropyl
cellulose (EC/HPC) polymer blends. These types of polymer blends are used as coat-
ing materials on various pharmaceutical tablets or pellets to control drug release. HPC
is water-soluble and leaches out when exposed to water. Once the HPC has leached
out, a continuous network of pores is left in the �lm. Understanding the microstruc-
tures of these networks allows for controlled drug release, since it directly in�uences
the transport of the drug through the coating. It is therefore important that methods
to accurately quantify the microstructures in terms of e.g porosity, pore size distribu-
tion, and connectivity are developed. The �rst step towards quanti�cation is accurate
image segmentation of the pores, separating the solid (EC) from pores (leached out

1



1. Introduction

HPC)[8].

In a collaboration involving RISE (Research Institutes of Sweden), the departments of
Mathematical Sciences and the Department of Physics at Chalmers, and several major
companies working in pharmaceutics, coatings, and packaging, FIB-SEM is currently
utilized for 3D characterization of di�erent types of porous materials. As it stands
now, large amounts of manually labelled training data are available for analysis. A
method to segment the same FIB-SEM data that is studied herein using Gaussian
scale-space features and a random forest classi�er have demonstrated good agreement
with manual segmentation [8]. Deep learning may yield improved segmentation re-
sults. In a previous masters thesis [9], Convolutional Neural Networks(CNN) of U-Net
type were investigated [10]. Their results showed that deep learning can be applied to
the segmentation of FIB-SEM data. One advantage and disadvantage with U-Net is
that it performs segmentation of a large patch of an image at once. This creates very
abstract models with millions of parameters, leading to long training times and mak-
ing hyperparameter optimization signi�cantly harder. This approach also limits the
amount of available data, as a single manually labelled mask is considered a sample.
Hence, heavy data augmentation is needed to increase the number of unique samples.

To mitigate some of these problems, CNNs can be used for pixel-wise classi�cation
instead. This approach makes it more comparable to the original methodology [8]. It
also increases the number of available samples considerably, because one sample equals
one pixel and its neighborhood. There will be a high correlation between the samples
due to adjacent pixels having almost the same neighborhood. However, deep learning
methods generally bene�t from larger sample sizes [11], and it is hypothesized that
this approach might be bene�cial.

In this thesis, we investigate di�erent CNN architectures for pixel-wise classi�cation.
The focus is on standard 2DCNN architectures, but we also investigate 3DCNNs and
more niche variants. Another area that is investigated is the input to the CNNs.
We consider a three-dimensional neighborhood around the pixel of interest, with size
(nx ; ny; nz). The (nx ; ny) neighborhood contains the pixels in the cross-sectional plane
and nz is the number of 2D adjacent cross-sections. How well the CNNs perform with
di�erent inputs is investigated in terms of classi�cation performance and estimated
porosity. These choices also have computational implications that need to be taken
into account.

1.2 Project aims

The aim of the project is to contribute with new insights to the segmentation of the
FIB-SEM data, building upon previous work, and investigating new neural network
architectures that have not yet been tested. We focus on investigating the segmenta-
tion performance of di�erent CNNs for pixel-wise classi�cation. The aim is to establish
which neural network architectures, hyperparameters, and training schemes that work
best. Another goal is to determine which input sizes yield the best performance for
the di�erent CNNs. Computational considerations of these input sizes are also taken
into account and analyzed.

2



1. Introduction

The project will involve implementing and benchmarking the di�erent CNNs along
with di�erent neighborhood sizes(nx ; ny; nz). The end goal is to implement a method,
that from start to �nish segments the entire FIB-SEM data in a way that is applicable
in practice. A researcher should be able to input a 3D FIB-SEM dataset and receive
a fully segmented volume. The method should be able to segment FIB-SEM data of
polymer coatings used for controlled drug release of di�erent porosities.

1.3 Limitations

In this work, several di�erent CNN architectures and inputs are considered. In to-
tal, we will investigate 50 unique CNN architectures. This is a considerable amount,
and we limit ourselves to these architectures due to time restrictions. Hyperparame-
ter optimization is not performed for all CNN architectures. We decide to tune the
most promising architectures more in-depth in comparison to the low-performing ones.

The project involves investigating this particular FIB-SEM dataset, and all optimiza-
tion is performed with respect to this dataset. The obtained CNNs could potentially
produce satisfactory results on other similar datasets. However, it was not within the
scope of this project to evaluate their performance in regards to other datasets.

A few methods of preprocessing the data were investigated, yet there exist many
possible choices and we can only make statements about the ones investigated. Data
augmentation was limited to three operations: rotations, mirroring, and intensity
transforms of the inputs.

The coding was performed in Python 3.7, utilizing the TensorFlow [12] framework
with Keras [13] as Application Programming Interface (API). Some minor details of
the code were implemented in MATLAB [14], due to the original methodology being
implemented there. However, the �nal code is standalone Python 3.7.

1.4 Thesis outline

In Chapter 2, the theory is presented by introducing FIB-SEM, semantic segmentation,
metrics, convolutional neural networks, and how the training of a network is performed.
In Chapter 3, the method is presented by describing the FIB-SEM dataset, how to
extract neighborhoods, CNN architectures, hyperparameter optimization, model eval-
uation, postprocessing, and implementation details. In Chapter 4, the results are
presented by showing the results of the hyperparameter optimization, comparisons be-
tween di�erent CNNs, model selection, and segmentation of the full FIB-SEM dataset.
Finally, in Chapters 5 and 6 we re�ect upon the results and methodology. We also
discuss related work and possible future work related to the thesis.

3
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2
Theory

2.1 Focused ion beam scanning electron microscopy

Focused ion beam scanning electron microscopy (FIB-SEM) is a powerful tool that can
be utilized for characterizing internal microstructures of materials. The focused ion
beam (FIB) can mill away atoms by bombarding the target material with heavy ions
[2]. The procedure is performed with high spatial resolution and reveals planar cross-
sections of the material. In FIB tomography, both imaging and milling are performed
by the ion beam [15]. This however proved to produce unsatisfactory results due to the
ion beam damaging the target surface. A combination of FIB and SEM was therefore
proposed, where the milling is performed by the FIB and the imaging with the SEM [1].
This retained high spatial resolution without subjecting the target material to damage.
By repeatedly making high-resolution cross-sectional cuts with the FIB followed by
imaging with the SEM, a 3D dataset can be acquired. The resulting stack of 2D
SEM images is then a representation of the 3D volume of the material. FIB-SEM is
di�erent from e.g. X-ray tomography in the sense that the data in each 2D cross-
section contains 2.5D information, due to parts of deeper underlying cross-sections
shining through in porous areas [8]. These shine-through artifacts make segmentation
noticeably more di�cult in comparison to e.g. segmentation of non-porous materials.

In Figure 2.1 a schematic view of the FIB-SEM procedure is shown. An ion beam
is milling away parts of the material along thez axis, revealing a new planar cross-
section to be imaged by SEM. The process is repeated until the desired number of
slices and volume size is obtained.

Figure 2.1: Schematic view of the FIB-SEM procedure. Illustration taken from [16].

5



2. Theory

2.2 Semantic segmentation

Semantic segmentation or image segmentation is the task of assigning each pixel in
an image to an object class. It may be viewed as classi�cation at the pixel level, with
the end goal to cluster and draw boundaries between objects. When applied to a
stack of images, the resulting segmentation of each image can be used to create 3D
reconstructions, as is the case in FIB-SEM. Semantic segmentation is utilized in many
di�erent applications. It is commonly used in software for medical professions, e.g.
for �nding tumours or X-ray analysis. In Figure 2.2, the task of segmenting a X-ray
image is shown [17]. Given the input image, the segmentation method assigns each
pixel to one of three classes.

In this work, the segmentation is a binary task with the two classes, pore(0) and
solid(1).

Figure 2.2: Segmentation procedure for an X-ray image of a chest, containing three
classes: heart (red), lungs (green), and clavicles (blue). Image source [18].

2.2.1 Metrics

In order to evaluate the segmentation performance, various metrics can be considered.
Throughout this report, three di�erent metrics are used; accuracy, Jaccard index and
porosity. The labels and predictions represents pixels belonging to one of two classes.

2.2.1.1 Accuracy

The most common measure for assessing classi�cation performance is accuracy. Using
the standard notation, with true positive (TP), true negative (TN), false positive (FP)
and false negative (FN), one de�nes accuracy as the proportion of correct classi�cations

Accuracy=
#correct classi�cations
#total classi�cations

=
TP+TN

TP +TN+ FP+FN
(2.1)

In this scenario, the pores can be viewed as negative and the solids as positive.

2.2.1.2 Jaccard index (IoU)

Jaccard index or intersection over union (IoU) is commonly used for assessing classi�-
cation performance in image segmentation. One of its advantages over other metrics,
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e.g. accuracy, is that it takes class imbalance into account and generates a much fairer
metric. The IoU is generally de�ned as

IoU =
I
U

=
j L \ P j
j L [ P j

(2.2)

where IoU2 [0; 1], L constituting the labels and P the predictions [19]. If the labels
and predictions do not overlap then the IoU becomes 0, whereas if L and P are equal
it becomes 1. In this thesis the prediction (P) will come from a model where the
output has been thresholded to obtain binary predictions. To obtain the IoU as a
class-symmetric measure one can take the average intersection over union, denoted as
mIoU. Consider a binary classi�cation problem with classes 0 and 1. It is then de�ned
as

mIoU =
1
2

 
j L0 \ P0 j
j L0 [ P0 j

+
j L1 \ P1 j
j A1 [ B1 j

!

(2.3)

whereL0 and P0 constitute the labels and predictions of pores(0), and whereL1 and
P1 the labels and predictions of solids (1).

2.2.1.3 Porosity

Porosity is the most fundamental geometrical quantity of a porous material and is very
relevant to our problem. It is therefore important that there exists a way to quantify
the porosity. The de�nition of porosity is simply how much empty space there is in
the material, meaning, how large proportion of all pixels are pores.

Porosity =
number of pores

total number of pixels
=

P N
i =1 1pore(pi )

N
(2.4)

whereN is the total number of pixels and1pore(pi ) the indicator function.

2.3 Convolutional neural networks

Convolutional Neural Networks (CNNs) are feedforward arti�cial neural networks
(ANNs) that are inspired by animal visual cortexes [20]. In recent years they have
been applied in numerous di�erent �elds such as pattern recognition, image analysis,
natural language processing, and video analysis [21]. The most prominent character-
istic of CNNs is its use of a convolution kernel. The kernel introduces weight sharing
properties, making it possible to extract more information but with fewer trainable
parameters. Furthermore, CNNs are highly hierarchical and learn hierarchical connec-
tions between the layers. These properties make the CNN highly adaptive, and able
to �nd a mix of both low and high-level features in the data.

A typical CNN consists of three types of layers: convolution, pooling, and fully con-
nected. The �rst two are unique to the CNN and perform feature extraction, whereas
the fully connected layer maps the features to an output, such as a classi�cation or a
continuous value. A CNN can therefore be viewed as an extension of the general ANN,
performing both feature extraction and classi�cation. ANNs are made up of multiple
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fully connected layers, consisting of neurons and a bias. The lack of feature extraction
possibilities makes the ANN unsuitable for handling image data. In an ANN, every
pixel of the input image would be connected to a neuron. Therefore, the number of
parameters would be extremely large, even for fairly small images [21]. Fully connected
layers are still very powerful for structured data and classi�cation tasks and they play
an intricate part in the CNN architecture. In Figure 2.3, a holistic view of a typical
CNN architecture is shown. The di�erent concepts of the typical CNN architecture
will be explained in-depth in the following subsections 2.3.1-2.3.4.

Figure 2.3: Illustration of a typical CNN architecture. An input image is fed to the
network, producing feature maps in the �rst convolution layer followed by a pooling
layer performing dimension reduction. After the last pooling operation, the feature
maps are �attened to a 1D vector and linked to a fully connected layer. In the last fully
connected layer an output is produced. The process of feeding an image through the
network to obtain an output is called forward propagation. Based on the output and
a known label, the performance of the model is evaluated and a loss is computed. The
weights of the kernels and the fully connected layers are updated via back propagation,
utilizing the gradient descent optimization algorithm.

2.3.1 Building blocks of a typical CNN architecture

A typical CNN architecture is made up of three di�erent types of layers: convolution,
pooling, and fully connected. Generally, a stack of several convolution and pooling
layers followed by one or more fully connected layers make up the network. The
convolution and pooling layers are unique to the CNN and perform di�erent operations
on features maps which are fed forward through the network. The so-called feature
extraction occurs in the convolution and pooling layers, with the fully connected layers
acting as a classi�er on the extracted features.

The input to a CNN is any form of spatial array. In Figure 2.3, the input is a
two-dimensional array with three channels. Channels can be used to represent color
(an RGB image) or an additional spatial dimension. Consequently, CNNs can handle
a great variety of di�erent input shapes. The properties of the convolution operation
extend to all dimensions. Thus, a CNN can handle data of all dimensions, but most
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commonly the data is either a 2D or 3D spatial array. In the following sections,
we explain the concepts in 2 dimensions for simplicity, but it can be extended in a
straightforward manner.

2.3.1.1 Convolution layer

In a convolution layer, feature maps are constructed by convolving the input with
a convolution kernel consisting of weights that are to be optimized. As the kernel
traverses the spatial array, elements are convolved by the kernel to the feature map.
Consider a kernel of sizeN � M , the feature mapFij is then de�ned as the discrete
convolution

Fi;j = f
� NX

n=1

MX

m=1

wnm xn+ s(i � 1);m+ s(j � 1) � �
�

(2.5)

wheref is the activation function introducing non-linearity, w the kernel,s the stride,
xn+ s(i � 1);m+ s(j � 1) the value of the spatial array in the given location andb the bias.
It is important to note that the same weights of the kernel are used in all di�erent
locations of the spatial array, de�ning the behaviour of a kernel that is translation-
invariant [22]. By feedforwarding the feature maps to the succeeding convolution
layers, more abstract features can be extracted. Optimizing the weights of the kernels,
allow them to learn how to identify certain local features, which together can represent
global features [21].

Figure 2.4: Visualization showing the convolution kernel (green) mapping a value
from the input feature map to the output feature map. The kernel will continue to
traverse the entire input feature map, convolving one block at a time.

It is common practice to choose unevenly sized kernels as they symmetrically divide the
previous feature maps pixels around the output pixel. Without such symmetry, there
will be subtle distortions between the layers. The most common kernel sizes are3 � 3
and 5� 5, any larger ones drastically increase the number of weights and computational
time needed for training the network. The bene�t of using larger kernels is unclear,
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as it is possible to obtain a similar receptive �eld by stacking multiple smaller kernels.
This approach has become the go-to method in convolution layers as it restrains the
number of weights whilst allowing higher receptive �elds.

Equation 2.5 can be extended to allow for an arbitrary number of channels and
kernels [23]. This is common practice in CNNs, since more feature maps and kernels
allow for more complex feature extraction. LetK be the number of kernels andR the
number channels. The equation is then extended to

Fi;j;k = f
� NX

n=1

MX

m=1

RX

r =1

wnmkr xn+ s(i � 1);m+ s(j � 1);r � � k

�
(2.6)

The stride s e�ectively determines the size of the feature maps. The larger the stride,
the smaller the feature map, due to the kernel working on fewer values. Furthermore,
the center of the kernel will never reach the edges. Thus there is always a small decrease
in dimension of the feature maps regardless of the stride. If larger kernels are used, the
e�ect is even greater. In order to keep the size of the feature maps unchanged one can
perform padding, adding zeros to all edges. This is common practice and bene�cial
for feature extraction, as pixels on the edges would otherwise be processed by fewer
�lters than the pixels in the centers.

2.3.1.2 Pooling layer

Another layer type is the pooling layer. Pooling layers are usually placed after one
or more convolution layers as a means of preventing over�tting by decreasing the
dimensionality of the data. By downsampling to a lower dimension, new features in
a di�erent length scale can be extracted. Aside from dimension reduction, pooling
also promotes invariance to translations, rotations and scales. The reason is that
information of the exact position of a certain value in the input feature map is not
transferred to the output feature map. The pooling layer does not have any tuneable
weights, but the stride and the size of the pooling window needs to be set. The
most common operations are max-pooling and average-pooling. Max-pooling enhances
edges and is important for edge detection, whereas average-pooling constructs more
smooth feature maps. In Figure 2.5 an example of max-pooling with a2 � 2 window
taking strides of size 2 is shown.

Figure 2.5: Max-pooling with a 2 � 2 window taking strides of size 2. On the left
the input array is shown, and to the right the produced feature map.

10



2. Theory

2.3.1.3 Fully connected layer

At the end of a stack of several convolution and pooling layers one or more fully
connected layers follow. The feature maps from the �nal convolution or pooling layer
are typically �attened, i.e. converted to a one-dimensional vector, and linked to a fully
connected layer. In a fully connected layer, every input neuron is connected to every
output neuron. All such connections are de�ned by a weight which is trainable. If
there are more than two fully connected layers one usually refers to the middle ones as
hidden [11]. As in the previous layers, an element-wise-product is performed followed
by a activation to obtain an output.

The �nal fully connected layer is typically di�erent than the others as it expresses
the �nal output of the network. Usually this layer is made of a single neuron for
regression or binary classi�cation tasks, or as many neurons as there are classes in
a multi-class classi�cation problem. This implies di�erences in its activation, mak-
ing other activation functions more suitable. In the following section some of these
activation functions are described.

2.3.2 Activation functions

After a weighted sum of the inputs and bias has been computed, an activation function
f is applied to the result to obtain the output. This operation occurs in the convolution
layer, in the fully connected layers as well as in the �nal output. The activation is
important because it disrupts the linear combination of the inputs, and allows the
neural network to approximate a non-linear function. There exist many di�erent
activation functions. In this thesis, the exponential linear unit (ELU) [24] and the
sigmoid function are utilized. In the convolution and the fully connected layers ELU
activation is applied, de�ned as

f (x) =

(
x if x > 0

� (ex � 1) if x � 0
(2.7)

where� controls the activation for negative inputs, most often� = 1. The derivative
of the ELU activation is

f 0(x) =

(
1 if x > 0

�e x if x < 0
(2.8)

The sigmoid activation function is a common choice for activation of the output in
the last fully connected layer as it maps to [0, 1], whereas its use between layers is
uncommon due to the vanishing gradient problem in deep networks. This occurs since
the slope of the sigmoid function is close to zero for a large range of values, leading to
a gradient tending towards zero [11]. The sigmoid function is de�ned as

f (x) =
1

1 + e� x
(2.9)

with derivative f 0(x) = f (x)
�
1 � f (x)

�
. In Figure 2.6, the two activation functions

and their derivatives are shown.

11



2. Theory

(a) Elu (b) Sigmoid

Figure 2.6: Elu and sigmoid activation and their derivatives forx 2 [� 6; 6].

2.3.3 Training a network

The so-called learning is performed by minimizing a loss function using some form of
optimization algorithm. The task of an optimization algorithm is to �nd the optimal
weights for the model. Generally, the task is supervised, and known labels can be
compared with predictions from a model. The shape of the loss function is poorly
understood and hard to visualize in practice. The consensus is that almost all loss
functions are non-convex, having multiple local minimums and saddle-points [25, 26].
A non-convex optimization problem makes theoretical guarantees about convergence
to local minimums weak. However, there exist proofs showing that gradient descent
converges (the gradient becomes arbitrarily small) for non-convex function, although
this does not rule out saddle-points, local maximums or regions of zero-gradients [27].
This is not meant to discourage the use of gradient descent, but it is good to highlight
the intricacies of optimization in deep learning. In turn, the practitioner can never
guarantee that the best model has been found neither nor the convergence to the same
point for di�erent initial conditions.

The weights are updated via a procedure called Back propagation. We will assume
that the reader is familiar with the concept, and only brie�y mention it and its no-
tation. In short, Back propagation is the method of calculating the derivatives of the
loss function [28]. The derivatives are computed utilizing the chain rule, going from
the last layer (which is connected to the loss) to the weight in question. When writing
r wi L (x; y), Back propagation is used for calculating the derivative of the loss function
w.r.t weight wi .

2.3.3.1 Loss functions

As previously stated, all optimization algorithms need a loss function to estimate the
current state of the model in a meaningful way. Generally, the loss function should be
di�erentiable and able to quantify di�erences between the known labels and predic-
tions. There exist a plethora of di�erent loss functions e.g. mean-squared loss (MSE),
hinge loss and Kullback Leibler divergence loss [10]. Depending on the problem, dif-
ferent loss functions are suitable. In table 2.1, some commonly used combinations of
loss functions and �nal activations for various tasks are shown [29].
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Table 2.1: Common combinations of �nal activation and loss function for di�erent
tasks.

Task Final activation Loss function

Binary classi�cation Sigmoid Binary cross-entropy
Tanh Hinge-loss

Multi-Class Classi�cation Softmax Cross-entropy
Kullback Leibler divergence loss

Regression Linear MSE

In this work, we have a binary classi�cation problem, hence binary cross-entropy (or
log-loss) together with a sigmoid activation function is the most suitable choice. The
combination work well since binary cross-entropy assumes the outputs to be predicted
probabilities, and the output from a sigmoid function may be interpreted as such since
it maps to [0, 1].

Binary Cross-Entropy

The binary cross-entropy loss function de�nes the loss forN training examples accord-
ing to

L (yi ; f (x i )) = �
1
N

NX

i =1

yi � log(f (x i )) + (1 � yi ) � log(1 � f (x i )) (2.10)

where yi 2 f 0; 1g is the label andf (x i ) 2 [0; 1] the prediction from the model. The
prediction f (x i ) is interpreted as a probability of the label belonging to class 1. The
loss for one sample is computed in regards to the known labelyi and entails two cases

case 0:yi = 0

L(yi = 0; f (x i )) = � log(1 � f (x i ))

case 1:yi = 1

L(yi = 1; f (x i )) = � log(f (x i ))

Avoiding the obvious problem with log(0), most deep learning software handles the
issue by adding a small value� > 0 to the output. The prediction f (x i ) is then mapped
to [�; 1 � � ], making the loss computations more robust. As the correct predictions of
the model get more con�dent (closer to either 0 or 1) the loss decreases. The derivative
of the binary cross-entropy w.r.t each label is de�ned as

@L(yi ; f (x i ))
@f(x i )

=
1
N

� 1 � yi

1 � f (x i )
�

yi

f (x i )

�
=

f (x i ) � yi

Nf (x i )
�
1 � f (x i )

� =

(
� 1

Nf (x i )
; yi = 1

� 1
N (1� f (x i ))

; yi = 0

2.3.3.2 Optimization algorithms

In this section, we describe the properties of the optimization algorithms in deep learn-
ing. Generally, all optimization algorithms stem from the gradient descent framework,
having their unique twist on updating the weights. The di�erences between algorithms
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are mainly described by two factors: how much data is used in the optimization and
how the learning rate is tweaked.

Gradient descent

Gradient descent is an iterative algorithm starting at an random point of a function
and travels down its slope (in the direction of the negative gradient) until reaching a
local (or global) optimum. As long as the loss functionL is di�erentiable, the weights
w can be updated according to

wi +1 = wi � � r wi L (x; y) (2.11)

where � is the learning rate, wi the previous weight and (x, y ) the data [30, 31].
Gradient descent can be computationally heavy for large sample sizes. All samples
in the dataset are needed to be evaluated to compute the loss and in turn update
the weights. Therefore, variants of gradient descent that di�er on how much data is
used for computing the gradient have been developed, such as Batch gradient descent
(BGD), Stochastic gradient descent (SGD), and Mini-batch gradient descent (MBGD).
BGD is equivalent to gradient descent and performs one update of the weights in
regards to the entire dataset.

In SGD, the weights are updated for each training sample(x(i ) ; y(i )). The training
samples are randomly chosen and the weights are updated in accordance with

wi +1 = wi � � r wi L (x(i ) ; y(i )) (2.12)

The approach is typically advantageous compared to BGD, since BGD su�ers from
redundant computations when using large sample sizes. The redundancy occurs when
training samples are very similar, something that is common in large datasets.

Due to the frequency of updates in SGD, the loss function often su�ers from high
variance. One way to mitigate this is to update the weights based on small batches
of data. This decreases the variance of the loss function whilst still exploiting the
randomness aspects in SGD. In MBGD, the weights are updated for each batch of size
b according to

wi +1 = wi � � r wi L (x(i :i + b) ; y(i :i + b)) (2.13)

MBGD is typically the standard setting in most software packages for deep learning.
The method takes advantage of the positive aspects of both SGD and BGD.

Stochastic gradient descent with momentum (SGDm)

It is well known that the gradient descent algorithm can be very slow, in particular
when the surface of the loss function has long and narrow valleys. In this situation,
there might be erratic behavior; oscillating back and forth, making slow progress.
The reason is that the direction of the gradient will be almost perpendicular to the
long axis of the valley, while the update will oscillate back and forth along the short
axis. By including a momentum term
 , the rate of convergence has been shown to
increase considerably [32]. In Figure 2.7, the method is visualized on a contour plot
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of a surface. The idea is to help SGD accelerate in a meaningful direction towards the
local minimum by taking larger and more intuitive steps.

(a) SGD (b) SGD with momentum

Figure 2.7: Conceptually how SGDm performs an update [33].

The momentum term 
 scales how much the previous step will impact the update of
the current weights. By recursively storing the information of the previous step invt � 1

the equation for updating the weights is de�ned as

vt = 
v t � 1 + � r wi L (x(i :i + b) ; y(i :i + b)) (2.14)

wi +1 = wi � vt (2.15)

with 
 2 [0; 1]. If the momentum method is still inadequate, there is Nesterov acceler-
ated gradient (NAG). NAG further builds upon the momentum equation, introducing
a way to look ahead of the update of the gradient by evaluating the loss function at
(� � 
v t � 1) instead. The idea is to make the weight update less volatile, by e.g. slowing
down close to valleys. The NAG method updates the weight according to the equation

vt = 
v t � 1 + � r wi L ((x(i :i + b) ; y(i :i + b)) � 
v t � 1) (2.16)

wi +1 = wi � vt (2.17)

Optimizers using adaptive learning rate strategies

There exist many di�erent optimizers that adapt the learning rate to the parameters
in di�erent ways. These optimizers are often referred to as adaptive learning rate
optimizers. They are frequently used in various deep learning tasks and allow for easy
implementation as they work well with the practitioner only having to set the ini-
tial learning rate. For our task however, these types of optimizers did not produce as
good results as gradient descent with momentum. Therefore, we only brie�y introduce
ADAGRAD, RMSProp and ADAM.

In ADAGRAD, the learning rate is tweaked so that uncommon features are prioritized
over common features. This is achieved by using larger learning rates for uncommon
features and lower for common features [34].

RMSProp further builds upon ADAGRAD by including a time-perspective, scaling
the learning rate by an exponentially decaying average of squared gradients. The
assumption is that after training for many epochs we are closer to the actual local
minimum, hence only small steps are required [35].
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Another optimizer is the ADAM optimizer. ADAM is a combination between Ada-
grad and RMSProp which introduces a new parameter for the exponentially decaying
average of squared gradients. The parameter describes the second moment of the gra-
dient, in perspective to RMSProp that only evaluates the exponential decaying term
for the �rst moment [36].

Weight initialization

How the weights of the network are initialized can have a signi�cant impact on how
the optimization algorithm performs. Recall that in gradient descent, the function
is initially evaluated at a random point, and then steps are taken in the direction of
the negative gradient. This random point constitutes the initialization of the weights.
There are mainly two types of weight initializers, one for initializing the biases and
one for initializing the weights of the kernels and neurons. It is common practice to
initialize all biases as either 0 or 1. For the weights of the kernels and neurons, Glorot
uniform (also called Xavier uniform) initializer is commonly utilized [37]. In Glorot
uniform, the starting weights are drawn from the uniform distribution on [-a, a], where

a =
q

6
n i + no

, ni = the number of input units and no = the number of output units of
the weight tensor.

Figure 2.8: Distribution of 10 000 samples drawn from Glorot uniform with a
(100,100) weight tensor. In this casea � 0:17

2.3.4 Over�tting and regularization

The goal of any training is to identify a model that is able to generalize well to
new inputs. Therefore, the learned features should be general and not unique to the
training set. Over�tting can be mitigated by di�erent techniques, e.g. model-speci�c
methods such as dropout, weight decay, and batch normalization, training speci�c
such as learning rate and early stopping, or data speci�c such as data augmentation or
the use of larger sample sizes. Furthermore, striving towards a simpler yet su�cient
model architecture is preferable [29].

Over�tting is routinely checked by monitoring the loss and other metrics on the
training and validation data. If the training loss continues to decrease whilst the
validation loss increases the model has likely been over�tted to the training data. It is
important to recognize this phase and interrupt training once this occurs. For handling
such cases it is common to use a method called early stopping, breaking the training
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process once the validation loss no longer bene�ts from more training. In Figure 2.9,
the concepts of over�tting are shown, note that a model can both under�t and over�t
to the data.

Figure 2.9: Monitoring of the training and validation loss as a function of epochs. The
longer the model is trained, the better it will perform on the training data. There will
be a point were the generalizability of the model to the validation data is maximized.
The goal of any training is to identify this point.

Dropout is a commonly used operation between the fully connected layers. It randomly
drops outputs by a certain probability, usually between 20-60 %. This prevents the
neurons from co-adapting and has been shown to reduce over�tting [38]. By contrast
to the conventional dropout, spatial dropout drops entire feature maps, something
that is preferable to dropout in the convolution layers as adjacent pixels often are
highly correlated within the feature maps.

In l2 regularization (weight decay) a penalty termcjjwjj 2 is added to the loss
function to be minimized [39]. The process e�ectively penalizes small weights which
could be considered noise. By penalizing the small weights, they no longer interfere
with the tuning of the more important weights, leading to better weight updates.

Batch normalization is an operation, acting as a supplemental layer, that normal-
izes the values between layers. This has been shown to mitigate the risk of over�tting,
leading to less volatile gradients and less dependence on the initialization of the net-
work [40]. However, batch normalization is not always suitable and works best with
outputs that have been obtained by certain activation functions. It was shown that
the ELU activation did not bene�t from batch normalization, partially explained by
the mean activation being pushed closer to zero, similarly as in batch normalization
[24].

Data augmentation increases the diversity of the training data, leading to better
generalizations, and has been shown to be a highly e�ective strategy in deep learning
[41]. With data augmentation, the data set can be made substantially larger without
new data having to be collected. Unique samples can be constructed by performing
di�erent operations such as cropping, padding, �ipping, and rotating of the existing
samples. By having a wider variety of samples, the model will be less inclined to
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tune the weights to sample-speci�c features. This enhances learning, as the learned
features are more general and not speci�c to certain samples in the training data. The
variety also increases the potential for the network to learn more features in total.
In practice, it is rare to have large, well-annotated data sets. In a perfect world,
the practitioner would likely tune the model to as much data as reasonably possible.
Handling large data sets is a �eld on its own and contains many computational aspects
to be taken into consideration, such as disk space usage and memory requirements.
In such instances, data augmentation can be helpful, as it reduces the need to store
large datasets by repeatedly constructing new data from the base dataset. However,
memory consumption might be increased by such procedures.

In this work, three di�erent augmentation techniques are implemented: random
rotations in { 0� , 90� , 180� , 270� }, mirroring and random perturbations of the pixel
intensities in the inputs. In Figure 2.10, rotation and mirroring are shown. These tech-
niques are in essence harmless, as the information content will be symmetric around
the center of the image. Interestingly, a combination of these two techniques yields an
8-fold increase of unique samples in the training data, showing the usefulness of data
augmentation.

(a) Rotation, 180� . (b) Mirroring.

Figure 2.10: Rotation and mirroring of an image.
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3
Methods

First, in section 3.1, we investigate the FIB-SEM dataset and describe how the labelled
data is obtained. Second, in sections 3.2-3.3, we describe how to preprocess the data
and how the data is split into training, validation and test. Third, in sections 3.4-3.5,
we give details on how to extract data for input to the CNNs and the rational behind
the neighborhood sizes(nx ; ny; nz) chosen.

In Figure 3.1 the procedure of �nding a model for segmentation of the entire FIB-
SEM dataset is shown. A hyperparameter search is performed to �nd suitable pa-
rameters for the models, these models are then evaluated and a few candidate models
are identi�ed, see sections 3.6-3.7. With the top model, a �nal training is performed
with larger sample size to further optimize its performance. Using that top model, all
labelled square regions are then predicted accompanied by a postprocessing step to
further improve the result, see section 3.8. Finally, with the best model and the best
postprocessing parameters, the entire FIB-SEM dataset is segmented, see section 3.9.

Figure 3.1: Flowchart showing the procedure of �nding a model for segmentation of
the entire FIB-SEM dataset.

3.1 FIB-SEM dataset description

The FIB-SEM dataset consists of three samples from ethyl cellulose microporous �lms
which are made from ethyl cellulose and hydroxypropyl cellulose (EC/HPC) polymer
blends. All three acquired image data volumes have the same size and resolution but
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