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Abstract
Machine Learning-based Methods for the Segmentation of Scanning Electron Microscopy Images
of Fine-Grained Shale Samples
Bingian Yin, Ph.D.

The University of Texas at Arlington, 2019

Supervising Professor: Qinhong Hu

The segmentation of scanning electron microscopy (SEM) images is critical yet time-consuming
for geological studies, as it will need to differentiate the boundaries for different mineral objects to
facilitate subsequent analyses, such as porosity calculation. Recently, machine learning methods,
especially convolutional neural networks (CNNs), have been explored to segment SEM images for
fine-grained shale samples. However, existing methods fail to address two critical issues in the
segmentation of shale rock images---insufficient labeled data and imbalanced objects. To this end,
this dissertation has proposed a machine learning pipeline that consists of supervised, semi-
supervised, and active learning stages to reduce manual efforts in segmenting shale rock images with
limited label data and imbalanced object distribution. The supervised learning method incorporates
ensemble learning with a new loss function to tackle the imbalanced object problem, achieving 9%
higher mloU than the state-of-the-art method. The semi-supervised method yields an acceptable
accuracy using only 6% labeled data. This work has also proposed a novel algorithm to speed up the
semi-supervised loss function in SU-Net using caching, skip zeros, and batching optimizations.
Finally, this study has developed the first active learning-based segmentation pipeline that only
selects a small number of images that need labels to achieve maximum accuracy. This search
prepared 5000 shale rock image cuts in the experiments and divided them into training, validation,
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and testing datasets. The experimental results show that the methods proposed in this dissertation can
clearly distinguish each object from others with boundaries by using significantly fewer labeled
images than existing methods. Therefore, these methods are cost-effective to help geoscientists gain

insights by building neural network models from a small dataset of SEM images.
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Chapter 1: Introduction

Since 2000, the breakthrough in developing shale resources has rapidly increased
unconventional oil and gas production to alleviate the shortage of conventional oil and gas
resources. As the most promising unconventional oil and gas resources, shale formations have
brought a huge commercial economy to the petroleum industry in the past several decades,
positioned as the largest source of natural gas and crude oil production in the USA (The U.S.
Energy Information Administration, 2021).

Fine-grained shale is primarily composed of clay-sized sediments, organic matter, pores, as
well as other minerals. Unlike conventional reservoirs, the petro-physical properties of shale rocks
are unique, especially considering their submicron-range pore structure (e.g., porosity, pore size
and distribution, pore shape, and pore connectivity). Nano-scale pores and throats in shale rocks
are the primary factors causing the pore connectivity limitation to significantly influence fluid flow
and petroleum production. The morphology of the pores also substantially influences the
wettability and phase behavior of shales. The phenomenon that a substantial proportion of the
pores being hosted with organic matter is ubiquitous in over-mature shales, which have different
wettability from the pores in the mineral grains, increasing the complexity of the enhanced
recovery process during the petroleum development (Passey et al., 2010). Thus, characterizing the
pore structure of shales has a critical impact on the efficiency of shale petroleum exploration. There
has been increasing attention devoted to the studies of fine-grained shale on connectivity between
pores, as well as liquid flows through, and wettability and permeability of shale (Huang et al.,
2020; Huang et al., 2021; Meng et al., 2022; Wang et al., 2020; Wang & Wang et al., 2022), to
better understand the impact of shale characteristics. However, the methodology is still evolving

because of the challenges posed by shale’s distinctive structures.



Advanced techniques of digital rock analyses (Vernon-Parry, 2000) have become increasingly
important for studying complex shale rock structures at micron scales. Scanning electron
microscopy (SEM) techniques for shale samples provide insights to geoscientists on the
characteristics of featured geological objects and their spatial variations (Loucks et al., 2009). SEM
uses a focused beam of electrons to scan the surface of a sample, which can be secondary electrons
(Seiler et al., 1983), backscattered electrons (Lloyd, 1987), or -characteristic X-rays
(Suryanarayana & Norton, 1998). Secondary electrons provide information about surface
topography, backscattered electrons describe surface heterogeneity, and characteristic X-rays are
used to estimate the distribution of elements. The physical properties of shale, such as pore size
and distribution, mineral grain composition, and clay particles, can be obtained from SEM images
through subsequent analyses (Loucks et al., 2009; Yang et al., 2016).

Image processing techniques have been widely applied for automated analyses (Azarafza et al.,
2019; 2021; Mahmoodi-Eshkaftaki et al., 2020; Shivhare & Cecil, 2021). Shale SEM analyses
aim to extract statistical information from raw images, for which segmentation is an indispensable
step to identify mineral phases and pore structures in this process. Nevertheless, traditional
segmentation is a time-consuming process that requires significant manual efforts. In shale
samples, the nano-scale pores are located between and within fine-grained minerals and organic
matter, and the complex pore structure causes difficulties in segmentation. To accelerate
segmentation, the thresholding method (Sahoo et al., 1988) is a widely used method to create labels
from grayscale images by a fixed pixel threshold. However, by using color differences of pixels,
thresholding cannot apply in all scenarios, especially when two objects have a large overlap in
colors.

In the past decade, advances in image segmentation driven by deep learning have attracted



attention from researchers as they can automatically identify pixel-level information in images
with demonstrated high accuracy. Therefore, there has been unprecedented rapid development in
deep learning-based segmentation in the past several years (Minaee et al., 2021). The first step in
deep learning-based image segmentation methods is to extract image features. Convolutional
neural networks (CNNs) have been shown to be remarkably effective in extracting features from
images. While the CNN was first proposed to classify simple images (LeCun et al., 1998), it has
been rapidly developed in the past decade to solve more complicated tasks, such as image
segmentation (He et al., 2016), image restoration (Deng et al., 2017), and image enhancement (Tao
et al., 2017). In addition, CNNs have also been adopted in other applications, including cancer
detection (Wang et al., 2019), autonomous driving (Zhu et al., 2016), and face detection (Jiang &
Learned-Miller, 2017).

Notably, among all CNN architectures, the U-Net architecture (Ronneberger et al., 2015) is one
of the most popular ones for segmentation, and it has achieved state-of-the-art results in natural
and medical images. U-Net consists of an encoder and a decoder. The encoder takes as input an
image and produces features, which are then fed into the decoder to generate a segmentation mask.
Since U-Net, its variants with the U-shape architecture have been developed to improve its
performance and reduce its running time. SegNet (Badrinarayanan et al., 2017) reduces the
computation cost by employing the max-pooling indices of the encoder for up-sampling instead of
using transposed convolution. On the other hand, wide U-Net and U-Net++ (Zhou et al., 2018)
have been proposed to improve the original U-Net by combining the input with the output of
transposed convolutions at each level, which requires several skip connections to convey low-level
features directly from the encoder to the decoder. In addition, Residual U-Net (Zhang et al., 2018)

uses the residual blocks (He et al., 2016) in the encoder and decoder parts of the U-Net architecture



to improve the network's performance.

Recent research has novel machine learning methods to automate shale image segmentation.
Zhang et al. (2019) used a pre-trained Inception-v3 model published by Szegedy et al. (2016) to
extract features and combine the results from several machine learning algorithms. Chen et al.
(2020) employed U-Net to segment some minerals and adopted thresholding to segment other
minerals. Karimpouli & Tahmasebi (2019) proposed methods to augment the dataset and extend
the SegNet architecture to achieve better performance than threshold-based methods. Wang &
Dalton et al. (2022) compared the segmentation accuracy using U-Net, wide U-Net, and UNet++
on digital rock images. Cao et al. (2022) proposed a joint-learning framework to simultaneously
tackle digital rock image segmentation and petrophysical-elastic parameters computation.

However, the above approaches do not address two critical problems that commonly exist in
fine-grained shale samples---imbalanced object distribution and scarcity of labeled data. Existing
approaches do not address an important problem in fine-grained shale samples with grain sizes
smaller than 62.5 pm. In many shale images, minerals are highly imbalanced, indicating that some
minerals take up a large proportion of the dataset while others only take up a very small proportion.
General CNNs are likely to achieve sub-optimal performance by learning imbalanced labels.
Karimpouli & Tahmasebi (2019) tackled this problem by augmenting images from the original
dataset. Moreover, traditional augmentation techniques such as cropping, flipping, and rotation do
not change the ratio between objects. U-Net uses a weighted loss function to tackle this problem,
in which a pre-computed weight map for each pixel is used to balance the frequency of pixels of
each class. The weight map, however, is computed by using heuristic functions before training,
rendering suboptimal performance in many cases (Sudre, 2017).

While increasing the size of training data may mitigate the problem, training a much larger



dataset can be costly in terms of time and resources. In our experience, labeling a medium-sized
raw image pixel-wise can take 2-3 hours. However, existing approaches also rely on a large amount
of training data to achieve satisfactory performance; they all follow the supervised learning
approach that requires manual labels to provide the ground truth in the training stage (Russell &
Norvig, 1995). In contrast to supervised learning, unsupervised learning generates models with
features from raw data without labels (Bishop & Nasrabadi, 2006). Semi-supervised (or weakly
supervised) learning has also been employed to tackle the challenges of obtaining labels (Zhu et
al., 2009). Compared with unsupervised learning approaches, semi-supervised approaches train
models using a significant amount of unlabeled data and a small amount of labeled data. Active
learning techniques are often employed to select the most representative samples when using semi-
supervised learning or supervised learning (Settles, 2009).

My research focuses on designing effective machine learning methods to segment objects in
shale rock images automatically. I proposed a series of approaches to address the above problems.
First, I investigated existing approaches for imbalanced shale rock images and pinpointed the root
cause of low accuracy in overweighing the loss of highly frequent objects. To address this issue, I
proposed a novel ensemble learning method to train separate neural networks for individual
objects, with each neural network employing the focal loss function to focus on pixels that are
difficult to identify (Lin et al., 2017). Next, I dealt with a larger dataset containing many unlabeled
shale images. Since manually labeling these images are costly and error-prone, I investigated both
unsupervised and semi-supervised learning using fewer training data. I found that though
unsupervised approaches can distinguish objects with far distances or distinct colors, they are
insufficient for close objects with similar colors. To this end, I built a semi-supervised learning

model that achieves comparable accuracy with supervised learning approaches but requires



significantly fewer data. Using the semi-supervised approach, I can segment images with similar
attributes as the learned dataset, but if the new dataset has vastly different images, our semi-
supervised model could render inaccurate results. Based on the observation, I investigated the
active learning approach to discover a subset from raw images such that they could improve a
model’s accuracy if labeled. Overall, I derived a hybrid active learning approach that addresses
the problem by employing both contrastive learning (Chuang et al., 2020) to discover diverse
samples and uncertainty sampling (Zhu & Goldberg, 2009) to obtain highly uncertain samples.
The hypothesis of the dissertation is proposed below:

Using a machine learning pipeline that consists of supervised, semi-supervised, and active
learning stages, we can significantly reduce manual efforts in segmenting shale images with
limited label data and imbalanced object distribution.

This dissertation describes three major contributions:

e Designing the first ensemble learning-based model to segment shale images with
imbalanced objects, outperforming the state-of-the-art approach by 9% mloU (mean
Intersection Over Union);

e Investigating unsupervised and semi-supervised methods for segmenting images of shale
and proposed an innovative semi-supervised model that can achieve acceptable accuracy
using only 6% labeled data and can be trained as fast as U-Net;

e Developing the first active learning-based segmentation pipeline that optimizes both
uncertainty and diversity to select only a small quantity of images that need labels to
achieve acceptable accuracy.

This dissertation is divided into six additional chapters, each covering distinct facets of my

research. Chapter 2 goes into detail on the relevant literature concerning machine learning, deep



learning, and image segmentation. I introduce the dataset central to my work in Chapter 3. Chapter
4 first describes my ensemble learning model. Then Chapter 5 focuses on semi-supervised learning
and the benefits of minimizing label requirements. Chapter 6 discusses the innovative active
learning-based approach for shale segmentation. Lastly, in Chapter 7, I synthesize this dissertation

work and propose areas for future investigations.



Chapter 2: Literature Review
This chapter supplies necessary background information for the methods and reviews existing
machine learning-based approaches for shale image segmentation.

2.1. Types of Machine Learning Problems

Semi-supervised Reinforcement

Supervised Learning Unsupervised Learning Learning Learning

Labeled Data
Labeled Data Unlabeled Data +
Unlabeled Data

Figure 1 Categorization of typical machine learning problems

Machine Learning (Jordan & Mitchell, 2015) is an artificial intelligence approach that improves
algorithm performance through experience and using data. Figure 1 presents common types of
machine learning problems and highlights their differences in required datasets. The following
sections describe key knowledge in supervised learning, unsupervised learning, and semi-supervised
learning. Reinforcement learning is not covered in this dissertation.

2.1.1. Supervised and Unsupervised Learning

Traditionally, machine learning problems can be divided into two categories (Bishop & Nasrabadi,
2006): supervised and unsupervised learning. In supervised learning, we are given a dataset with
input X and their corresponding values Y, where Y can be categorical or continuous. Then, we build
a classifier for categorical data or a regressor for continuous data by learning features from the given
dataset. The model that we build is supposed to predict value Y’ for future unseen input X’. A

representative of supervised learning is predicting what category an image belongs to by training a
8



large dataset in which each image has a label.

In contrast to supervised learning, we are only given X without their corresponding values using
unsupervised learning. As a result, we can only infer the underlying relationship among samples in
the given dataset. A common example of unsupervised learning is clustering customers into groups
that share common attributes to build business strategies.

2.1.2. Semi-supervised learning

Semi-supervised learning (Chapelle et al., 2009) combines supervised learning and unsupervised
learning, which learns a model from a small amount of labeled data and a large amount of unlabeled
data. Intuitively, we can adopt the following heuristic approach for semi-supervised learning
(Triguero et al., 2013):

- First, we train a model using a supervised learning algorithm with labeled data only.

- Then, we apply this model for unlabeled data, add outputs with high confidence to the labeled

data, and retrain the model using all labeled data.

- The above two steps can be repeated many times until the model yields accurate results.

Otherwise, recent progress (Yang et al., 2021) has been focused on automated semi-supervised
learning approaches, including generative models, consistency regularization models, graphic-based
models, and pseudo-labeling models. It is worth noting that semi-supervised learning does not always
yield satisfactory performance. Certain assumptions (Zhu & Goldberg, 2009) need to hold for the
training data, including:

- Smoothness assumption: data that are close to each other are more likely to share a label.

- Cluster assumption: data in the same cluster are more likely to share a label.

- Manifold assumption: data lie approximately on a manifold of much lower dimension than the

input space.

In a word, if one could take leverage the knowledge on p(x) gained through unlabeled data for

9



p(y|x), where y is the label to predict, semi-supervised learning will yield an improvement.

2.2. Effective Learning Techniques

Most commonly, we train a model from scratch and use it for interference. There also exist
techniques to boost performance, and we describe the most relevant ones in the following sections.

2.2.1. Ensemble Learning

Supervised learning algorithms build a single model that is the best fit for a particular problem.
Ensemble learning applies multiple learning algorithms and combines their results to obtain better
performance than using individual algorithms alone. The execution of ensemble learning can be
divided into two phases. In the first phase, multiple models are trained to yield the best result on a
given dataset, which is usually a partition on the raw dataset. In the second phase, the outputs of
different models are fused based on simple heuristic methods or a new model. The most common
ensemble methods include bagging (Breiman, 1996), boosting (Freund et al., 1999), and stacked

generalization (Wolpert, 1992), as shown in Figure 2.

10



Bootstrap Model 1
Samples
) N
~ e
Bootstrap Model 2
Samples
) N

Voting

Bootstrap Model N
Samples

a) Bagging

e z e }

t Samples Model 2 }
.

( Samples H Model N )—

b) Boosting

Level 1

Level 2

Meta Model

Dataset 1

Dataset 2

¢) Stacking

Figure 2 Diagrams of different ensemble learning methods
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Bagging applies the same learning algorithm for multiple sampled training datasets to train
different models. Usually, the training datasets are generated by re-sampling the raw training dataset.
To combine the results of individual models, simple approaches such as majority voting or
calculating averages are used.

Unlike bagging, boosting iteratively generates new training datasets according to each sample’s
weight. In the raw dataset, each sample has an equal weight. We can reduce the weight of correctly
predicted samples in the subsequent training datasets but increase the weight of mis-predicted
samples. In this way, the subsequent models focus more on mis-predicted samples because the
weighted sum measures a model’s accuracy among all samples.

Stacked generalization (or stacking) uses multi-level training. It first trains multiple models using
the raw dataset. Then, it feeds the output of the models to the second phase to train a meta-learner.
Since the meta-learner learns to combine each model’s prediction, it reduces the variance in the
prediction. To avoid overfitting in stacked generalization, we can divide the dataset into two folds:
we used the first fold to train level 1 models and gather outputs to train the meta learner (Level 2
model); then we abandoned the Level 1 models trained before and used the second fold to train a new
set of Level 1 models.

2.2.2. Multi-task Learning

Multi-task learning (MTL) (Zhang et al., 2019) is an approach in machine learning which aims to
improve the overall performance of multiple related tasks by considering them jointly during training.
In a typical MTL setup, a shared representation or feature extractor is learned across multiple tasks
with the goal of leveraging information from each individual task to benefit others.

The underlying premise of MTL is that learning multiple tasks together often leads to stronger
generalization performance than learning them separately (Wang et al., 2017), as each task will

contribute knowledge that can directly or indirectly help other tasks. This advantage can be
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particularly pronounced when tasks share common input features and output structures or when there
is limited training data available for one or more tasks. MTL also allows for greater efficiency by
reducing the number of parameters and computations required to train multiple tasks.

MTL has been applied in a wide variety of fields and applications, such as computer vision (Gao
et al., 2020), natural language processing (Worsham & Kalita, 2020), medical imaging (Gao et al.,
2020), speech recognition (Pironkov et al., 2016), and robotics (Byambatsogt et al., 2020). Different
methods for MTL vary in terms of the specific architecture or training regime employed to share
knowledge among tasks. Common approaches include leveraging a shared representation layer or
using regularization methods to avoid overfitting to a single task. In summary, multi-task learning is
a powerful paradigm in machine learning which enables knowledge sharing among tasks, leading to
better generalization performance and resource efficiency.

2.2.3. Active Learning

Typically, machine learning models are trained with available samples from the dataset. Active
learning uses the assumption that a model can achieve high accuracy with fewer training labels if it
is allowed to choose the data from which it learns (Settles, 2009). An active learner may pose requests
through an acquisition function for labeling certain through an oracle (e.g., a human expert). Active
learning is well-suited to our dataset because our dataset has abundant unlabeled data may be
abundant while labels are expensive to obtain.

Figure 3 describes the major steps in active learning. The most important and unique step in active
learning is the query stage which selects samples that are expected to produce higher value for model
training if they get labeled. Most research focuses on effective and efficient acquisition functions to

decide which instances are most informative.
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The acquisition function considers features of the data and the model when selecting unlabeled
data. For example, uncertainty sampling (Lewis et al., 1994) allows for the selection of unlabeled
data instances that the current model is uncertain about. Different methods of estimating uncertainty
can be used, and the best choice often depends on the problem at hand and the specific characteristics
of the dataset. By identifying instances where the model has low confidence, active learning can
prioritize the labeling of those instances to improve the model in areas where it is currently weak.

Compared with uncertainty sampling, which finds out what the current model doesn’t know,
diversity sampling identifies what’s missing from the model (Yang et al., 2015). Specifically, since
the current model hasn't seen the entire dataset, the acquisition function tries to find a collection of
samples that can well stand for the entire data distribution.

Recently, there have also been new and merged methods such as the hybrid strategy (Yang et al.,
2017), expected model change (Cai et al., 2013), and loss prediction (Yoo & Kweon, 2019). In the

hybrid strategy, different active learning strategies are combined. This can allow for more efficient
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use of labeled and unlabeled data by taking advantage of techniques such as uncertainty sampling,
diversity sampling, or clustering. Expected model change prioritizes data instances that are expected
to lead to the greatest change in the model if they were to be labeled and added to the training set.
This method aims to maximize the impact of new data instances to improve the model more quickly.
For example, the Loss Prediction technique uses the model's loss function to estimate the expected
error of the model on an unlabeled instance. Data instances with a higher expected error are
prioritized for labeling since they are likely to be more informative for the model. In this dissertation,
I focus on investigating the uncertainty rule and the diversity rule because the goal of these
approaches is still to find the most uncertain and diverse samples, but they don’t use uncertain or
diverse scores directly.

2.3. Deep Learning
Deep learning is a collection of machine learning methods using artificial neural networks, which are
inspired by information processing and communication of neurons in biological systems (LeCun et
al., 2015). Today, deep learning has been applied to a wide range of important fields, including
computer vision, image analysis, natural language processing, machine translation, bioinformatics,
and climate forecasting. In the rest of this section, I will concentrate on three neural networks that

are most relevant to the dissertation research.
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2.3.1. Convolutional Neural Networks
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Figure 4 A CNN sequence to classify handwritten digits (Saha, 2018)

As a class of artificial neural networks, a convolution neural network comprises layers with many
neurons whose values are adjusted through backward propagation algorithms (LeCun et al., 1988).
CNNs are widely used for handling image tasks, such as segmentation, object detection, and
classification (Krizhevsky et al., 2012; He et al., 2016; Redmon, 2016). A CNN typically contains
the following components:

- Convolution layers are the building blocks to extract features from images. A convolution
operation applies filters to scan the whole image by sliding, perform a dot product on each tile, and
output results as new features for the next layers. By increasing the number of filters (i.e., output
channels) in a convolution layer, we can increase the number of features for each pixel in the output.

- Pooling layers execute down-sampling operations to reduce the size of inputs. A local window
that performs down sampling is called a kernel. For example, in a Max Pooling layer, the input will
be condensed by choosing the local maximum data within each kernel.

- Up-sampling layers increase the size of inputs. One can implement an up-sampling layer with a
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transposed convolution operation (Noh et al., 2015) or a direct up-sampling operation (Oppenheim,
1999) by calculating output using an interpolation of neighbors.

- Concatenation layers concatenate inputs with the same shapes except for the concatenation
dimension. For instance, if the concatenation dimension is the feature dimension, the output
concatenates the features of all inputs.

- Activation functions are generally used to introduce non-linearity of the output of each layer.
Popular activation functions include Gelu (Hendrycks & Gimpel, 2016), Relu (Dahl et al., 2013),
Sigmoid (Narayan, 1997), and Tanh (Kalman, 1992).

- Loss functions measure the differences between the targets and the predicted results to prepare
gradients for backward propagation. Cross-entropy loss is most widely used in image classification
and segmentation (Zhang & Sabuncu, 2018).

2.3.2. Autoencoders

Autoencoder is a type of CNN that learns representative code of input data (Kramer, 1991). As
shown in Figure 5, an autoencoder consists of an encoder and a decoder. The encoder maps the input

into the code and the decoder that maps the code to a reconstruction of the input.

Encoder Decoder

Figure 5 The architecture of the autoencoder
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Once an autoencoder has been trained, we can use it to reconstruct data. However, we are unlikely
to use an autoencoder to produce any new content based on the features of the input. The latent space
(i.e., code) of an autoencoder is learned to encode and decode with as few losses as possible, lacking
interpretable and exploitable structures. Variational autoencoders (VAEs) (Kingma & Welling, 2013)
can be defined as an autoencoder whose training is regularized to avoid overfitting and ensure that
the latent space can enable the generative process. Unlike autoencoders that learn how to minimize
the difference between input and output, VAEs try to minimize both the reconstruction loss and a
regularization term.

2.3.3 U-Net
Input Predicted
Images labels

Max Pooling

I H H I | H H | UpSampling

Bl  Convolution
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Figure 6 The architecture of U-Net

U-Net is a type of CNN designed to work with small datasets (Ronneberger et al., 2015). Figure
3 shows the architecture of the original U-Net model, which consists of a contraction path and an
expansion path, making it a U-shaped structure. There are nine blocks in the U-Net architecture, and
each of them is composed of two convolution layers with a filter size of 3x3. In the contraction path,
five basic blocks are linked by “Pooling layers” with kernels of size at 2x2, reducing the spatial
dimension of outputs. In the expansion path, “Up-sampling layers” link five basic units to increase
the size of outputs. Besides, “Concatenate layers” combine the outputs from the contracting path and

the outputs from up-sampling layers to yield high-resolution features. The final output of a U-Net is
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a probability map of each category for each pixel in the input image, and the predicted label of each
pixel refers to the category with the maximum probability.

2.3.4. Generative Models

Generative models are a class of machine learning algorithms that aim to learn the underlying
probability distribution of a dataset to generate new data samples from that distribution
(Salakhutdinov, 2015). They are often used in tasks where a large quantity of data is desired but
difficult to obtain or expensive to labels, such as in image or language modeling.

There are many different types of generative models, each with its own strengths and weaknesses.
Some popular examples include generative adversarial networks (GANs) (Goodfellow et al., 2014),
variational autoencoders (VAEs) (Kingma et al., 2013), and autoregressive models. Overall,
generative models are a powerful tool for machine learning and data science, enabling the generation
of large datasets with properties like the original distribution. They have been used in a wide range
of applications, such as generating realistic images for computer graphics (Lassner et al., 2017),
designing new drugs in the pharmaceutical industry (Sanchez-Lengeling & Aspuru-Guzik, 2018),

and enhancing natural language generation in chatbots or virtual assistants (Lamprier et al., 2022).
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2.3.4.1 Variational Autoencoder (VAE)
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Figure 7 The architecture of VAE (Weng, 2018)

Variational autoencoders (VAEs) are a type of generative model which uses an encoder-decoder
architecture to model the underlying probability distribution of a dataset (Kingma et al., 2013). They
are particularly powerful for tasks such as image or language generation where there is a large amount
of unlabeled data available. The key principle behind VAE:s is that they seek to encode input data
into a low-dimensional latent space, which preserves the most important features of the data while
discarding noise and irrelevant details. This latent representation can then be used to generate new
data samples by decoding them back into the original input space. VAEs differ from traditional
autoencoders in that they impose a constraint on the latent representation - specifically that it should
follow a standard normal distribution. This results in the model acting as a probabilistic encoder as
well as a decoder, enabling the generation of new data samples with a high degree of variability.

Figure 7 describes the architecture of a typical VAE. Interestingly, the training process of VAE
falls into the Multi-Task Learning category; this work tries to minimize both the reconstruction loss

and the model distribution loss. Here we assume the output of the probabilistic encoder matches
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Standard Gaussian Distribution € € NV'(0, 1). However, a classical method to compare against two
distributions would require Monte Carlo sampling (Hastings, 1970), which is not differentiable.
Hence, the authors of VAE proposed a so-called reparameterization trick to transform variables and
enable backward propagation.

2.3.4.2. Generative Adversarial Networks (GANS)
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Figure 8 Training Generative Adversarial Networks (Google, 2019)

Like VAEs, Generative Adversarial Networks (GANs) can generate new data with the same
statistics as the training set (Goodfellow et al., 2014). Figure 8 presents the typical structure of a
GAN, which consists of two networks—a generator and a discriminator. The generator takes random
inputs as seeds to generate images, while the discriminator differentiates between the generated fake
images and real images. In the training process, the generator learns to increase the error rate of the
discriminative network by generating fake images like real images, while the discriminator learns
decision boundaries to distinguish real and fake images.

GAN applications have increased rapidly in art, science, audio, and video domains. For example,

based on an analysis of portraits, an image generated by a StyleGAN looks deceptively like a
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photograph of a real person (Karras et al., 2019). In lots of tasks, GANs are typically superior as deep
generative compared to VAEs. However, GANs are more difficult to work with and require plenty

of data and tuning.

2.4. Image Segmentation

The demand for automated image segmentation is imminent in many domains, such as identifying
cell boundaries in biomedical image analyses (Ronneberger et al., 2015), removing all linkages to
Endnote object capturing in autonomous driving technology (Zhu et al., 2016), remote sensing image
analysis for GIS data (Zhang et al., 2019), and reservoir image analyses in petroleum exploration
(Knaup et al., 2019). Among all automated methods, deep neural networks have recently emerged as
the dominant ones due to their unique capabilities of uncovering and learning key features from
images.

There’s a long line of research that uses variants of autoencoders for image segmentation. SegNet
(Badrinarayanan et al., 2017), U-Net (Ronneberger et al., 2015), and V-Net (Minaee et al., 2021)
belong to this category. Autoencoders are simple and efficient for pixel-wise classifications,
especially on small datasets. One limitation of autoencoders is the loss of fine-grained information
through the encoding processes. Therefore, some autoencoders add “skip connections” between the
encoding layers and the decoding layers to prevent information loss.

The regional convolutional network (R-CNN) (He et al., 2015) and its extensions (He et al., 2017;
Jiang & Learned-Miller, 2017) have shown a wide use in object detection. RCNNs rely on a backbone
network to output raw proposals, then adopt Region of Interest (ROI) and a RoIPool layer to compute
features from these proposals. Extensions of RCNN (Chen et al., 2022) have been used for the task
of simultaneously performing object detection and semantic segmentation. Unlike autoencoders that

are trained from scratch, RCNNs often adopt well-trained CNN backbones and use transfer learning
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to fine-tune accuracy on a new dataset (Weiss et al., 2016).

Though supervised methods are the most used in training image segmentation models, there has
also been progressing in unsupervised, semi-supervised, and active learning-based approaches. Early
work (Chen et al., 2005; Ng et al., 2006) on unsupervised image segmentation used clustering
algorithms (Hartigan & Wong, 1979) on handcrafted features to group data points by similarity.
Recently, the state-of-the-art methods no longer require handcraft features but instead automatically
learn from the training process. For example, W-Net is an unsupervised architecture that connects
two U-Nets together (Xia & Kulis, 2017). W-Net is jointly trained by optimizing both the
segmentation and the reconstruction errors. The work of Kim et al. (2020) and Kanezaki (2018)
trained a neural network by optimizing the difference between the CNN output and Superpixel's
output (Achanta et al., 2012). The state-of-the-art unsupervised segmentation models rely on the
following assumptions:

- Pixels of similar features should be assigned the same label.

- Spatially continuous pixels should be assigned the same label.

- The number of unique cluster labels should be large

Unfortunately, since the close pixels with similar colors can be different objects, unsupervised
learning could be inferior in various circumstances. For this reason, unsupervised learning is only
used as the preparation step in real applications.

In contrast, Semi-supervised (or weakly supervised) learning has also been employed to tackle the
challenges of obtaining labels (Zhu et al., 2009). Compared with unsupervised learning approaches,
semi-supervised approaches train models using a significant amount of unlabeled data and a small
amount of labeled data. As an example, Souly et al. (2017) proposed a semi-supervised semantic
segmentation method by employing GANs, where the generator network is utilized to produce

additional training images. Papandreou et al. (2015) utilized the Expectation-Maximization (EM)
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approach in the loss function of a CNN for segmenting pictures with few labels (Green, 1990). Tang
et al. (2018) created graphic-based semi-supervised methods for segmenting photos with poor
annotations, including bounding boxes or scribbles. Many scientific applications have also used
semi-supervised learning. For example, Zhou et al. (2019) proposed a semi-supervised learning
method using the attention mechanism to segment medical images. Castillo-Navarro et al. (2021)
introduced a large-scale earth observation dataset and presented a semi-supervised architecture based
on multi-task training to segment images. To the best of my knowledge, there’s no prior work that
targets the segmentation of shale images using either semi-supervised learning or unsupervised
learning, which is the main theme of this dissertation.

Recently, there has been a collection of work that adopts active learning for image segmentation.
Generally, we could annotate either part of an image or the whole image to create labels. For example,
Mackowiak et al. (2018) proposed a method that automatically selects regions that need labeling
based on both the amount of human effort needed and the amount of information in the regions.
Metabox+adopts the same idea, except that it trains a regression model for cost estimation (Colling,
2021).

This dissertation relies on annotating the entire image because minerals in shale samples are super
fine-grained; annotating only part of the regions could render significant errors. Research in this
direction can adopt similar approaches as active learning for image classification since we are
measuring the uncertainty and diversity of entire images to build the acquisition function. Traditional
approaches calculate heuristic methods, such as Markov random field smoothness and entropy terms,
to evaluate candidate image samples (Li et al., 2010; Top, 2011). Since the suggestive annotation
method (Yang et al., 2017) adopts a fully convolutional network (FCN) and active learning to
significantly reduce manual labeling, there has been emerging research on active learning not just

directly based on diversity and uncertainty. Instead, they construct comprehensive models that

24



consolidate uncertainty and diversity. For example, VAAL learns a latent space using a VAE model
and a discriminator (Sinha et al., 2019). The VAE is learned to fool the discriminator that all images
have been labeled, while the discriminator is trained to better differentiate between labeled and
unlabeled images. Minimax active learning optimizes VAAL by selecting samples with high entropy
that are classified as unlabeled (Ebrahimi et al., 2020). However, minimax learning requires a manual
entropy threshold. Task-aware VAAL tackles this issue by feeding the uncertainty metrics as a
feature of the latent space (Kim et al., 2021). In contrast to existing work, our framework can consider

multiple features, and we handle the task-awareness issue by adding a cold start phase.
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Chapter 3: Dataset

As the raw training dataset, my research group gathered 15 gray-scale SEM images of a sample
of Woodford shale (Oklahoma, USA). The SEM images were captured with a Hitachi S-4800 II
instrument at 1024x688 resolution. Sandpapers with grit sizes ranging from 400, 800, 2400, and 3000
were used to treat the polished shale samples in that order. The samples were coated with platinum
to increase conductivity and enhance image quality prior to analyses by Field Emission (FE)-SEM.
To better display the features of the sample surface, imaging was performed at a low voltage of 1.5kv.

I marked each pixel with a corresponding object, including pores, clays, organic matter, and
mineral grains. Each image took an expert about 3 hours to mark and verify labels using Imagel
(Abramoft et al., 2004). Figure 9 shows a raw image and its labels, with clays marked as black,
organic matter as red, and pores as green, while the remaining part of the picture as yellow to

represent mineral grains. This study aims to segment all four objects in SEM images.

/ Mineral Grain

Figure 9 A shale SEM image annotated with pores, clay, organic matter, and mineral grains

The goal of my research is to segment all four objects from SEM images and then adopt the

following steps to separate raw images into smaller images by:
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- Creating the training dataset, the validation dataset, and the testing dataset using independent
subsets of raw images. Note that each project in this dissertation uses a different number of raw
images.

- Using the sliding window method to process the raw images and labels to generate sub-images
with a size of 128x128 using a stride size of 32 (as shown in Figure 10, a sliding window is a rectangle
with fixed width and height that "strides" across an image to produce tiny sub-images that may or
may not overlap); and

- Taking out sub-images with >99% pixels belonging to a single mineral object.

" Mineral grain \.

\ > Sub-image

N

Mineral grain

Original Shale Image

Figure 10 An example shale SEM image annotated with pores, clays, organic matter,

and mineral grains

Figure 11 shows the composition of shales in the dataset, from which we can observe two
interesting phenomena that pose challenges for the segmentation. First, the threshold analyses cannot
easily distinguish organic matter, clays, and pores because their colors are overlapped, as the
overlapped regions occupy a large portion of each mineral; hence, we believe using machine learning
approaches could outperform simple threshold analyses by considering regional and contextual

information. Second, pores and clays only account for a small portion of the shale compared to
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mineral grains and organic matter; as a result, the skewed training dataset may result in skewed

outcomes and low accuracy when classifying all minerals using a single model.
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Figure 11 The grayscale distribution of different objects in our dataset;
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Predicting labels for each image pixel is challenging for unsupervised learning approaches as they
are often established under certain conditions. A common assumption is that pixels near each other
with the same color tend to be classified as the same class (Xia & Kulis, 2017; Kim et al., 2020).
However, objects in shale rocks do not always follow this assumption. For example, grains of clays
and minerals have similar colors and are near each other. In Figure 10’s sub-image on the right, these
grains cannot be differentiated just using the color and position heuristics, we must consider the fact
that clays often exist within organic matters, but mineral grains are not. As a result, existing

supervised methods rely on many accurate labels to obtain acceptable segmentation results.

Chapter 4: Ensemble Learning for Segmenting Shale Images with Imbalanced Objects
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This work revised the U-Net architecture, a popular approach for biomedical image analyses, by
incorporating a loss function that addresses the imbalance issue. Furthermore, I used the ensemble
learning method to train multiple models and combined the results to improve the overall
performance of segmentation. I name this new approach “Paw-Net” in the following sections. The
overall results show that this new method improves the mean Intersection over Union (mloU) of
mineral objects from 0.49 to 0.58, compared to the original U-Net model. This method can clearly
distinguish each object from others with boundaries, even in highly unbalanced images. Therefore,
this method is cost-effective to help geoscientists gain insights by building neural network models
from a small dataset of SEM images

4.1. Overview

In this work, the raw dataset contains five images; each has a size of 1076x768 pixels. Four out
of five raw images were used to form the training dataset, and the rest raw image was used as the
testing dataset. First, I used the sliding window method to process the raw images and labels to
generate 2610 sub-images with a size of 128%128 using a stride size of 32. Next, I discarded 448 sub-
images whose major pixels (>99%) only contain a single mineral. Further, I took out 20% of sub-
images and labels from the training dataset randomly to form the validation dataset. Finally, the
training dataset has 1433 sub-images, the validation dataset has 359 sub-images, and the testing
dataset has 370 sub-images.

Figure 12 illustrates the general workflow for the image segmentation task used in this work,
including the following five steps:

1) Mark raw shale images to generate corresponding labels for each image.

2) Preprocess the original dataset by slicing, normalizing, and removing outliers.

3) Divide the dataset into training and testing datasets.

4) Train the U-Net and Paw-Net models.
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5) Feed the testing data into the trained models and compare the prediction results of each model.
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Figure 12 Workflow for shale image segmentation using deep neural networks

4.2. Model Training and Evaluation

As shown in Figure 12, I trained both U-Net and Paw-Net models with the training and evaluation
approaches described in this section. I employed mini-batch training to avoid getting local minimal
in the training stage. Each batch contains 32 sub-images fitting for GPU memory. I adopted the Adam
function of Kingma (2014) to optimize the weight of models, using a training rate of 0.01 and a

weight decay of 1 x 1078,
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4.2.1 U-Net
For U-Net, I used the Softmax function of Bridle (1990) in the last layer to yield the probability
of every mineral for each pixel.

i
eX

Z:}}c(=1 eX

p(xi) = softmax(xi) = k 4-1)

In Equation 4-1, p(x*) denotes the probability of pixel x belonging to category i. The Softmax
function rescales a K'-dimensional vector so that each element in the output is within the range of
[0,1].

I used the Cross-entropy loss function of Shore & Johnson et al. (1981) to compute the difference
between predicted results and targets.

Ly,9) = —Xi=1y logy" (4-2)

In Equation 4-2, $* indicates the predicted output, and y* is the ground truth. The cross-entropy
loss is the sum of the loss of all X classes.

After the models were trained, they were used to predict the labels of images in the testing dataset.

To evaluate the accuracy of models, I adopted the intersection over union (IoU) metrics (Equation 4-

3).

i _ Overlap(yi, ﬁi)
10U = Union(yi, 91) (4-3)

10U" represents the ratio of the correctly predicted pixels that belong to category i to the union of
ground truth pixels that belong to category i. Based on Equation 4-3, I derived Equation 4-4 to
measure the mean IoU (mloU) for all categories because our study aims to segment all objects in
shale rock images.

_ YF_,10U*

mliIoU = e (4-4)
4.2.2 Paw-Net

In my dataset, due to the large class imbalance being encountered, mineral objects that make up a
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large portion of images comprise most of the loss and thus dominate the gradient. I implemented
Paw-Net for stack generalization. Unlike the traditional stack generalization methods that use output
labels as the input for the second level, we feed the probability of each label as the input to the second
stage. Polikar (2012) proposed that this approach could improve the stacking performance. The high-
level idea of Paw-Net is that we can use “local experts” to focus on learning a single target object
against others and then merge individual models to reduce variance.

Using the stack ensemble training method, Paw-Net involves two stages for Level 1 and Level 2
models, as shown in Figure 13. In the first stage, I extracted labels of each category from the raw
label. Then I ingested training images and labels for each category into individual models. Each
model only predicts the probability of a specific category against others to reduce the bias in learning
multiple categories. In addition, I trained a raw U-Net model (Multi-Class U-Net) and combined its

results with other models as the input to the Level-2 model.
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Figure 13 The architecture of Paw-Net
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The models I used for individual objects are “Thin” U-Net, which have several differences
compared to the original U-Net model. Firstly, since thin U-Net performs binary classification, the
last layer uses the Sigmoid function of Narayan (1997) that calculates the probability of whether a

pixel x belongs to a certain category (Equation 4-5).

1
1+e~*

p(x) = sigmoid(x) = (4-5)
Secondly, to avoid overfitting issues, I reduced the number of channels in convolution. Also, I
used bilinear up-sampling instead of transposed convolution to implement the up-sampling layer.
Thirdly, I replaced the binary cross entropy function with a new loss function called “Focal Dice
loss.” First proposed by Milletari et al. (2016), the Dice loss function in Equation 4-6 is very effective
in scenarios where the objects of interest occupy only a very small ratio. Unlike other approaches,

such as weighted cross entropy (Ronneberger et al., 2015), this work does not need to assign weights

to samples of different classes to establish the balance.

K ko ok
DL(y,§) =1 — 2 x =1y XV (4-6)

Tho, yk+9k

While Dice loss balances the importance of positive/negative pixels, it lacks the ability to
differentiate between easy and hard pixels. Indeed, a pixel belonging to a rare class does not
necessarily indicate it is difficult to classify. To address this problem, I combined the Dice loss with

Focal loss (Lin et al., 2017) to form the Focal Dice loss function in Equation 4-7.
FDL(y,9) = (1= DL(y,9)) DL(y,9) (47
In Equation 4-7, I" balances the importance of positive and negative pixels to reduce the loss of
easily classified pixels, which otherwise would dominate backward propagation. As a result, the
Focal Dice loss function addresses both the positive/negative balance and the difficult/easy balance.
After training Level 1 models, the outputs of the Thin U-Net models and the raw U-Net model are

fed to the second stage. Then, I trained a meta learner---another U-Net model, to output the final
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probability of all categories for each pixel. Using the stacking ensemble method, this dissertation can
harness the capabilities of a range of well-performing “local experts” on the segmentation task to
reduce the variance that existed in individual models and make predictions better than any single
model.

4.3. Experiments

I ran experiments on a Linux machine equipped with an NVIDIA A100 GPU by writing the
training script in PyTorch 1.10 (Paszke et al., 2019) and Python 3.8.5.

Table 1 summarizes the training and testing mloU scores and time using different models. Paw-
Net achieved better scores than U-Net on both training and testing datasets. Besides, to study the
benefits of ensemble learning and the Focal Dice loss function, I implemented U-Net Focal Dice,
which is a single U-Net model that classifies multiple objects using the “Focal Dice loss function”
(Equation 4-7). We can see that this model outperforms the raw U-Net by 0.03 on the testing dataset
while achieving 0.06 lower IoU than Paw-Net. This result proves that Paw-Net’s improvement comes
from incorporating both ensemble learning and the Focal Dice loss function. Due to the increase in
computing, Paw-Net takes ~5.5x longer to train and ~2% longer to test than U-Net. However, it is
noteworthy that training only takes less than 3 minutes for thousands of sub-images. In addition,
based on the time statistics, one can reduce the training time to around 2% by parallelizing the first
stage of Paw-Net on multiple GPUs because the first-stage models can be trained independently. I
also compare neural network models with LDA (Izenman, 2013), a statistical method for
classification. On the one hand, LDA’s computing is relatively lightweight compared with neural
network models. As a result, it has a very fast training and testing speed on our dataset. Nevertheless,
on the other hand, LDA’s relatively simple equation yielded low accuracy compared with neural

network models.
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Table 1 Overall training and testing loU scores of U-Net and Paw-Net

Model Training-loU Testing-loU Training Time Testing Time
LDA 0.25 0.22 3.42s 0.11s
U-Net 0.68 0.49 29.86s 8.61s
U-Net Focal Dice 0.71 0.52 29.80s 8.55s
Paw-Net 0.76 0.58 161.35s 15.10s

Inspired by Azarafza et al. (2021), I list hyperparameters involved in neural network models in
Table 2. Hyperparameters are tunable values that control the learning process. To make our
comparisons fair, we set the same hyperparameter values for all models except for the Focusing

parameter, which is not applicable in the U-Net model.

Table 2 Hyperparameters of each model

Component Hyperparameters Value Meaning
Adam . . o .
Learning rate (1) 0.001 The step size while adjusting model weights
optimizer
Focal dice
; Focusing parameter (I") 20 The down-weighted rate at easy samples
0ss
Model Batch size (b) 32 The number of sub-images in each iteration
ode
The number of times it works through the training
training Epochs (e) 5
dataset

Figure 14 compares the training IoU curves of U-Net and Paw-Net’s Level 1 models. It can be
observed that Paw-Net is better than U-Net in performing the segmentation of Pores and Clays, which
are the rarest minerals in our training dataset. Note that Paw-Net has similar effects as U-Net in

segmenting Mineral Grains and Organic Matter. The two objects take a much larger portion
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compared with Pores and Clays. Therefore, this dissertation demonstrates that the Focal Dice loss
function is highly effective in training imbalanced datasets.

The training curves of Paw-Net (Level 2) and U-Net are presented in Figure 15. Because Paw-
Net’s input combines the outputs of the U-Net and Thin U-Net models, its training loss is reduced
very fast. It can be observed that Paw-Net is consistently better than U-Net on the IoU scores.
Moreover, the IoU scores of Paw-Net are relatively more stable than U-Net across iterations. During
training, [ performed validation at each epoch. From Figure 16, it can be seen that the validation
curves follow the same trend as the training curves. It is worth noting that the IoU score of the testing
dataset (0.58) is lower than the IoU score of the validation dataset (0.73) because I used a separated
shale image from the training set, while sub-images in the training dataset and the validation dataset

might come from the same shale image due to random dataset splitting.
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Figure 17 shows the comparison of original SEM images, ground truth labels, predicted results
from U-Net, and predicted results from Paw-Net. In the original SEM images, the large light grey
barks are mineral grains, the light grey banded particles are the clay, the areas with dark grey are
organic matter, and the rest black areas are pores. In the ground truth labels and prediction images,
the white background stands for the mineral grains, black for clay minerals, red for organic matter,
and green for pores.

According to the comparison, we can observe that the prediction results yielded by Paw-Net are
more reliable than U-Net, especially for differentiating clay mineral and mineral grain objects with
the same light grey color in the original images. Also, though clay minerals and pores occupy only a
small part of the training dataset, Paw-Net can yield clear segmentations of these objects for result

prediction.
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Figure 17 Comparison between segment results of Paw-Net and U-Net

4.4. Discussion

This study demonstrates that Paw-Net is valuable and could provide rich insights for geological
data analyses by significantly increasing the segmentation accuracy of images with imbalance issues.
Because object imbalance is a common issue in shale rock images (Karimpouli & Tahmasebi 2019;
Chen et al., 2020), it is believed that Paw-Net can be used in other geology applications. In addition,
the idea of using ensemble learning and focal loss can be extended to other applications beyond

segmentation, such as object detection and classification.
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It is noteworthy that this approach has several limitations. First, with the adoption of ensemble
learning, Paw-Net’s training and inference speed can be slower than U-Net's. In Section 5, it is
pointed out that Paw-Net’s training speed is 5.5X times slower than U-Net. To reduce the time, we
can train the first stage models in parallel, making it only 2X slower than the U-Net model. Second,
Paw-Net’s accuracy on Clay and Pores are still behind the accuracy on Mineral Grain and Organic
Matters due to the lack of labels. Although incorporating additional high-quality images and labels
can be helpful, it is found that even experienced geology experts can make errors in identifying these
objects and need verification to correct labels. The experimental results show that Paw-Net
outperforms the raw U-Net significantly on a custom dataset. By comparing the IoU scores of
individual objects, the improvement comes from imbalanced objects such as clays and pores.
Moreover, the segmentation results clearly show that clay objects can be more effectively separated
from others using Paw-Net than U-Net.

According to the comparison, it is observed that the prediction results yielded by Paw-Net are
more reliable than U-Net, especially for differentiating clay mineral and mineral grain objects with
the same light grey color in the original images. Also, though clay minerals and pores occupy only a
small part of the training dataset, Paw-Net can yield clear segmentations of these objects for result

prediction.
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Chapter 5: Semi-supervised Learning for Shale Image Segmentation

Using Paw-Net, this work is able to improve the segmentation accuracy through ensemble learning
using five labeled images. In fact, the original dataset has hundreds of unlabeled images. A
straightforward way to improve our model’s accuracy is by injecting more labeled images. However,
labeling each image is expensive. Suppose one spends three hours to label and verify an image;
labeling 100 images would take 300 hours. Thus, I only labeled three extra images in the end,
generating eight labeled images in the training dataset. I investigated both unsupervised and semi-
supervised approaches in this work for fine-grained shale by developing a semi-supervised learning
model, SU-Net, based on the U-Net architecture. I also proposed a novel algorithm to speed up the
semi-supervised loss function in SU-Net using caching, skip zeros, and batching optimizations.

5.1. Overview

This work incorporated unsupervised learning to use the rest images, which assumes that image
segments can be obtained by clustering the feature vectors. Like human segmentation, unsupervised
learning creates a salient part of a single object instance, where each object instance tends to have
large regions of similar colors or texture patterns. However, grouping spatially continuous pixels
with similar colors or texture patterns into the same cluster does not always make the best result. It
is also possible that different segments differ in their shapes, which is different from drafting in loss
functions. Therefore, I investigated both unsupervised and semi-supervised learning in this project,
with the intention of using partial labeling information to guide segmentation automatically.

There have been many heuristic approaches for unsupervised image segmentation (Kass et al.,
1988; Lindeberg, 1994). However, as mentioned before, there haven’t been many studies about using
unsupervised neural networks for image segmentation. In this project, I adopted the W-Net
architecture as the baseline (Xia & Kulis, 2017), which is the state-of-the-art unsupervised approach

for image segmentation.
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I used eight images in this project. Like the unsupervised project, I used the sliding window

method to generate slices with a size of 128x128 using a stride size of 32. Six out of eight images

were used to form the training dataset; the testing dataset has two images. For unsupervised learning,

I treated all eight images as unlabeled images; for semi-supervised learning, I controlled the ratio of

labeled images in experiments.

Data Preprocessing Training

Backward

L _—
Forward
Backward

Forward

P Backward

Raw Images
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Label Slices

Figure 18 The workflow to train and test our models for segmentation
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This study applied supervised, unsupervised, and semi-supervised approaches to train segmentation

models on our custom dataset and compared their performance. I illustrate the workflow for the image

segmentation tasks in Figure 18, which includes the following three stages:

- Data Preprocessing: Create corresponding labels for each raw shale image, preprocess raw

images with slicing, normalization, denoising, and outlier elimination, and split the raw images

into training, validation, and testing datasets.

- Training: Train models using different methods, including the fully supervised U-Net, the

unsupervised W-Net, and the semi-supervised SU-Net.

- Testing: Compare the segmentation results and performance metrics yielded by each model

by feeding the testing dataset into the trained models.
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The training stage follows the standard training process for neural networks, where the forward
pass calculates the loss between the truth and predicted results, and the backward pass updates the
model based on the derivatives of the loss. The testing stage only applies the forward pass to yield
the prediction results on the testing dataset. This dissertation also reports performance metrics related
to evaluating the accuracy of prediction.

To train the supervised U-Net, I used the training dataset with both images X and their
corresponding pixel-wise labels Y. Then, I optimized the model by iteratively updating model
weights in the training stage. The model is supposed to predict Y' for future unseen images X'.

In contrast, to train the unsupervised W-Net, I used images X without labels Y. As a result, I can
only infer Y using each pixel's characteristics, such as color. For the semi-supervised SU-Net, I used
images X and labels Q, where QY.

5.2. Unsupervised Learning

U, enc Udec

A A

Il LLINL ilill
LN -0 oo OO
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[ I il ] —— v

Figure 19 The architecture of W-Net

Figure 19 shows the layout of the W-Net, which is composed of two U-Nets. W-Net is jointly
trained on image reconstruction and segmentation tasks (Zhang & Yang, 2021). The U-Net on the
left is referred to as the encoder U-Net (U,,,.) and is used for segmentation; the U-Net on the right is
referred to as the decoder (U, ) and is used for reconstruction. The loss function of W-Net is shown

in Equation 5-1:

LW-Net — rsegmentation _l_Lreconstruction (5_1)
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Lsegmentation i computed solely based on the output of U,,., and LTéCONSITUction i compuyted
through both U,,,. and U,

Lreconstruction meaqures the mean square distance between an input image and its predicted
reconstruction. In Equation 5-2, I use X; to denote the input value of a pixel belonging to an image

X. The smaller the L7éconstruction the more similar the input and the reconstruction are.
Lreconstruction _ 1y X. — U (U (X)) 2 5.9
T g 4i=1 i dec\Yenc\Ai ( )

Lsegmentation cajcylates normalized cut that uses cut and associativity to measure the
dissimilarity between the objects that belong to different classes (Shi & Malik, 2000). A low
normalized cut value often indicates that objects are well clustered. Since the original normalized cut
formula assigns each pixel with its maximum possibility class using argmax, we cannot adopt it in
the backward propagation process as argmax is not differentiable. Therefore, W-Net uses a "soft"
version of the normalized cut, as shown in Equation 5-3, where Y[ denotes the probability that the
pixel Y; belonging to class k.

assoc(ﬁ‘,ﬁ‘)

assoc(ﬁ‘,Y)

J 7 vkyk
=K — 2%{=1Zu=12v=1w(uﬂ7)yu Yy (5_3)

[ segmentation — g _ Z?{C_l ZZL=1Z?,=1W(u,v)17J‘

In Equation 5-3, w(u, v) indicates the similarity between pixel u and v. Inspired by previous
studies (Xia & Kulis, 2017; Tang et al., 2018; Kim et al., 2020), this work uses the distance and the
color difference between pixels to represent the similarity, as shown in Equation 5-4. I call w the

"weight matrix" in the rest of the dissertation.

2
‘ 2 —|ldist(u)l|
—|lcolor_dif f(u)l|; —— ¢

2
o . .
’L(f(u, 17) = Waist X Weolor = € ot X ¢ b ’ lf ||dlSt(u’ V)”Z =T (5'4)

0, if ||dist(u, v)||z >r

Particularly, if dist(u,v) > r, where r is a relatively small radius parameter (W-Net uses r =

5), I set w(u, v) = 0. The intuition here is that with the growth of distance, it is less likely for objects
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with the same color to belong to the same class. I use Hamming distance to represent dist(u, v). 62
and ¢/ are tunable terms (Norouzi et al., 2012).

5.3. Semi-supervised Learning

Though W-Net can be trained without any labels, it has two major shortcomings when being
applied to our dataset: low accuracy and long computing time. As mentioned in Chapter 3, clay and
mineral grains, which are often located close to each other, also have similar colors. Thus, this unique
characteristic in fine-grained shale violates the assumption of £$¢9mentation nron05ed in Equation 5-
4. In addition, a naive algorithm to compute £S¢9mentation jg expensive without any optimization,
causing W-Net to be trained 33X slower than U-Net. In this section, I investigate a semi-supervised
approach with limited labels to tackle the shortcomings of W-Net.

5.3.1. SU-Net

Like W-Net, SU-Net adopts the multi-task training methodology (Castillo-Navarro et al., 2021;
Cao et al., 2022), in which a single model is trained to achieve multiple goals simultaneously. Multi-
task training can yield better results than single-task training since the trained model can generalize
better.

SU-Net differs from W-Net in a few key ways. While W-Net optimizes the image reconstruction
loss and the unsupervised segmentation loss, SU-Net is designed to work with partial ground truth
labels. This allows us to learn from both labeled and unlabeled data, making the model more robust
to the segmentation task. In addition, this work employs a regularization parameter in SU-Net to help
strike a balance between supervised loss and unsupervised loss during training. I proposed Equation
5-5 as the loss function of SU-Net to train an input image X.

[U-Net (X) + ‘uLsegementation (X), if X is labeled

LSU-Net yy — )
) {yﬁsegemenmtwn()(), if X is unlabeled

(5-5)

Equation 5-5 consists of two parts: L pervisea Uses the Cross-Entropy function to compute the
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supervised loss for labeled pixels, and L gmentation @dopts the normalized cut function (Equation
5-3) to compute the unsupervised segmentation loss for all images. u is the regularization parameter
that balances the supervised loss and segmentation loss. In practice, X is a batch consisting of B input
images. I applied min-batch training to compute the average loss of B inputs at each iteration, as

shown in Equation 5-6.

LiGehet = Z¥p_, LSUNe(x,,) (5-6)

Unlike W-Net, which links two U-Nets together to connect two separate loss functions, SU-Net's
architecture is still a single U-Net, but its weights are updated based on the combination of supervised
loss and segmentation loss. Before starting training, I applied a "warm-up" phase that pre-trained
each SU-Net with <1% to ensure that the data used in pre-training are a subset of the labeled data
used in training. Training SU-Net without warm-up may cause performance degradation because we

do not have a correspondence between predicted class indices and truth label indices for unlabeled

data. More details can be found in Section 5.5.
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5.3.2. Fast Normalized Cut
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Figure 20 The key computation of Lsegmentation that obtains the weight matrix w in Equation 5-3.

H represents the height of the input, and W represents the width of the input.

We assume r = 1 in this example.

It is observed that computing L£5€9™Mentation cap take a long time with a naive algorithm, and the
major overhead comes from computing the weight matrix wr. As illustrated in Figure 20, the native
algorithm first computes the corresponding ;5 and w1, between each pixel in the input. Next,
it performs element-wise multiplication on ;s and w ., to get wr. In each iteration, the
computation is repeated B times to get the w of each input, as described in Equation 5-6. We
thoroughly study the inefficiency involved in computation and make the following observations and

optimizations:
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Computation on 1wy, is redundant. Because the distances between pixels are constant and each
input image has the same shape, we can compute w;;5; only once, save it in the memory, and apply
it at each iteration. This optimization is called "caching." Since the distance matrix consumes up to
(H x W)? x 4 bytes (assuming 4 bytes per pixel), it is affordable for most GPUs. Note that caching
Weoror 18 generally not possible because each input has a unique w;,r, caching all w,,;,, would
take N X (H X W)? X 4 bytes, where N denotes the total number of images.

Computation on w is; X UWeeior iNVOlves many zeros. Since the radius parameterr > H X W,
Equation 5-3 will involve multiplication on many zeros, wasting computation resources. To solve
this problem, we rewrite Equation 5-3 as Equation 5-7 to only consider the weight between each
pixel and its neighbors. Then, the size of w is changed from (H X W)? to H X W X (2 X r +
1)2. Since r » H X W, Equation 5-7 requires significantly less computation than Equation 5-3. To
facilitate a fast transformation, we also apply padding and unfolding on the original input (Figure
21). The padding operation adds extra pixels around the edges of an image. The unfold operation
fetches the neighbors of each pixel and puts them into a new matrix. I name this optimization "skip
zeros."

neighbors(u TkRok
D ) N ) (uv)rEvF

k=1 neighbors(u &
2y BREHIRPOTD 1y (u vk

vk yk

Lsegmentation =K — K assoc(Y Y )
= Y1 =

assoc(Yky)

=K-3

(5-7)

Computation of Lsegmentation jq done serially. For Equation 5-3, computing the loss of each
output in sequence and getting the average of all outputs is inefficient because the GPU resources
cannot be saturated with a single input. More than that, dispatching the workload from the CPU to
the GPU for each input also triggers non-trivial overhead. To further reduce the computation time, I
employed the "batching" optimization by combining all inputs in a batch into a multidimensional
array (i.e., tensor) with a shape of [B, H, W1]. In this way, a single tensor operator can handle all inputs

in a batch.
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Figure 21 An illustration of the padding and unfold operations on the original input. We pad Is to

neighbors within the distance of r = 1 for each pixel.
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Figure 22 The optimized algorithm obtains the weight matrix w-.

The final fast normalized cut algorithm for computing « is shown in Figure 22. I performed a
series of experiments to demonstrate 10X-2207X compared to the naive algorithm in Figure 20
regarding different batch sizes (B) and radii (7). The benefits of our algorithm come from the
combination of caching, skip zeros, and batching optimizations. Note that ¥ and Y in Equation 5-7

are also unfolded in our algorithm to match the shape of wr.
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5.4. Experiments

This section presents and discusses our dataset's evaluation results of U-Net, SU-Net, and W-Net
models. I ran experiments on a Linux machine equipped with a 32-GB NVIDIA A100 GPU. Our
code is written in PyTorch 1.11 and Python 3.9.0.

Metrics and Training Parameters. I evaluated the accuracy of different models using two metrics-
--Pixel Accuracy (PA) (Zhao et al., 2018) and mean Intersection of Union (mloU) shown in
Equations 5-8 and 5-9, accordingly.

_ Y¥_ overlap(vk, v¥)
- K
Tj= Y"

PA

(5-8)

PA measures the ratio of the total number of overlapped pixels between predicted segmentation
and the ground truth and each image's total number of pixels. While PA is a standard metric to
indicate the percent of correctly predicted pixels, it imposes bias towards objects with many pixels
and overlooks the objects with fewer pixels. Therefore, I also used mloU that averages over each

object's extent of overlap of predicted and ground truth regions.

B Overlap(Y*, 7¥)
~ Union(Y¥, k)

10U*

mloU = ¥, I0U* (5-9)
In the training phase, I used the Adam optimizer (Kingma D. P., 2014) with a learning rate of
0.001 for all models. The batch size for U-Net and SU-Net is 16, while the batch size for W-Net is
eight because it consumes a large amount of GPU memory, such that the maximum batch size a
single A100 GPU could endure is eight. All models were trained with ten epochs. To train SU-Net
specifically, we used r = 2, 0/ = 4, and 67 = 1 in Equation 5-4.
5.4.1. Results Overview

Table 3 compares the accuracy and training time of each model. The PA and mloU in the table
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were measured on the test dataset. When both SU-Net and U-Net consumed 100% labeled data, they
yielded similar PAs, while SU-Net's mloU was slightly better than U-Net's. Also, the time spent
training U-Net, and SU-Net is close. However, it is observed that SU-Net could achieve 0.10 higher
mloU and 0.04 higher PA than U-Net when both were trained using 1/16 (~6%) labeled data. Note
that U-Net (1/16) is faster than SU-Net (1/16) because U-Net (1/16) does not take unlabeled data. In
comparison, W-Net's accuracies are much lower than SU-Net (1/16) even if all labeled data are used.
More than that, W-Net takes 33X longer to train than SU-Net. Two reasons cause the slowness of
W-Net. The most significant slowdown is caused by W-Net's naive algorithm to compute the
normalized cut loss. In addition, W-Net's architecture consists of two U-Nets, while either SU-Net
or U-Net only has one.
Table 3 Accuracy and training time comparison of multiple model variants.

The SU-Nets in the table were trained using p = 0.01.

Model (ratio of labeled data) Pixel Accuracy mloU Total Time to Train (sec)
U-Net 0.88 0.53 81.67
U-Net (1/16) 0.83 0.43 17.82
SU-Net 0.89 0.56 87.87
SU-Net (1/16) 0.87 0.53 87.31
W-Net 0.63 0.26 2871.72
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Figure 23 lllustration of how the semi-supervised factor u affects PA

under different label data ratios
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Figure 24 Illustration of how the semi-supervised factor u affects mloU

under different label data ratios
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5.4.2. Effects of the Regularization Parameter u.

This work studied PA and mIoU on the test dataset using SU-Net trained using 4 =0.1 and y =
0.01 with labeled data ratios from 27° to 1. At each ratio, I ran experiments five times and extracted
the median, upper bound, and lower bound values in Figure 23 and Figure 24. it is observed that SU-
Net (4 = 0.01) 's accuracies are better than U-Net under all setups. SU-Net (u = 0.1) is better than
U-Net when the labeled data ratio is small and becomes close to U-Net with the increase of labeled
data. This phenomenon indicates that a large regularization value may cause a model to be under-
fitted.

5.4.3. Training & Validation Curves Comparison.

Figure 25 and Figure 26 compare the training and validation mloU curves of SU-Net (1/16) and
U-Net (1/16) accordingly. Since U-Net and SU-Net were trained with different volumes of data, I
used progress to indicate the percentage of steps. Interestingly, U-Net's training mloU is close to SU-
Net, but its validation mlIoU is consistently lower than that of SU-Net. It is believed that U-Net was

overfitted with the small training dataset so that it couldn't be generalized for the validation dataset.

0.6 —#+— SU-Net

U-Net

0.0 0.2 0.4 0.6 0.8 1.0
Progress

Figure 25 The change of mloUs on the training dataset
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Figure 26 The change of mloUs on the validation dataset

5.4.4. Speedup of Fast Normalized Cut
Next, I compare the speedups achieved by the fast normalized-cut segmentation algorithm with
the original normalized cut algorithms used by W-Net. I measured the time of computing the
normalized cut with different batch sizes and radius (r) parameters, which significantly affected the
computation time. From Figure 27, we can make the following observations:
- The larger the batch size, the higher speedup fast normalized cut can bring, thanks to the
batching optimization.
- The smaller the radius, the higher speedup fast normalized cut can have due to the skip zeros
optimization.
- The highest speedup (2209X) is achieved with batch size = 32 and radius =1. Even with a
large radius (16) and a small batch size (1), the fast normalized cut can still get greater than

10x speedup than the naive normalized cut.
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Figure 27 The speedup of fast normalized cut over the naive normalized cut with different batch
sizes and radii. We used K = 4 in all experiments, representing the number of objects in shale

images.

5.4.4. Segmentation Results

I compare the segmentation results using different models in Figure 28. It is observed that U-Net
(1/16) misclassifies many objects compared to SU-Net (1/16), even for objects that can be
differentiated with colors (pores). In comparison, SU-Net (1/16) can classify pores accurately due to
the use of a larger (unlabeled) dataset and the normalized cut loss (L£Sé9mentation) However, both
SU-Net (1/16) and U-Net (1/16) cannot classify clay correctly because of lacking labeled data. SU-
Net and U-Net's segmentation results are close. U-Net tends to yield bolder strikes of clays in several
pictures, but it can false-positively classify some regions as clays as indicated by blue boxes. In
contrast, SU-Net uses £ 5¢9mentation t, regylarize the final loss, preventing it from overfitting, which

leads to a slightly higher accuracy than U-Net's.
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Figure 28 The segmentation results on the test dataset using different models

5.5. Discussion

Evaluating unsupervised models (e.g., W-Net) is different from evaluating supervised or semi-
supervised models, of which we know the correspondence between predicted indices and true labels.
For example, consider Y, as the predicted output of a pixel. If labels are sorted in the order
[pores, clays, organic matter, mineral grains] , Y1 refers to the probability of this pixel
belonging to pores. However, since we don't use labels in unsupervised learning, such information is
missing in the testing stage. In other words, we don't know which class that Y,I refers to. To solve
this problem, this work derived a heuristic approach to match predicted indices with labels. For W-
Net, its output of U, is a four-dimensional probability tensor [B, H, W, X ], where K denotes the
total number of classes. This study first counted the frequency of different labels based on the ground
truth labels of an image. Next, this work applied argmax on the output probability tensor to get each
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pixel's predicted index that has the maximum probability among all X classes, count the frequency
of predicted indices, and match predicted indices with the ground truth labels based on their sorted
order of frequency. For instance, if the sorted labels based on frequency are
[pores, clay, organic matter, mineral grains], and the sorted indices based on frequency is
[4,3,1,2], the fourth dimension in the output tensor refers to the first class (i.e., pores). It is
noteworthy that this approach could cause errors when the two labels have similar frequencies, but it
is the best we could do without any label information.

Also, it is observed that some shale rock images in our dataset have noises. Supervised learning
and semi-supervised learning can tolerate some noise with label information available, while these
noises can cause significant accuracy degradation for unsupervised learning approaches. Hence, |

denoised images using the non-local mean algorithm before training and testing (Buades et al., 2005).
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Chapter 6: A Hybrid Active Learning Approach for Shale Image Segmentation

Using semi-supervised learning, this work was able to effectively achieve performance
comparable to supervised learning, even with a limited number of labeled images. Interestingly, this
study suggested that increasing the size of the labeled dataset didn't necessarily result in a
proportional accuracy increase; after using 1/8 labeled data, additional increments of labeled data
resulted in a minor accuracy improvement. This observation prompted us to take a step back and
consider which images would be the most valuable to label to improve model performance. With a
large number of unlabeled images available to us and with the high cost associated with obtaining
labels, active learning (or human-in-the-loop learning) is the most promising approach to follow (Wu
etal., 2022).

6.1. Overview

This study enhanced an active learning framework on top of the VAAL model (Sinha et al., 2019)
to choose the most beneficial images for labeling. The original VAAL is used for image classification
tasks only. Moreover, since VAAL only considers samples that are not well-represented (i.e., the
diversity rule) and is task-agonistic, I tailored VAAL’s architecture to fit the needs by considering
both uncertainty and diversity measurements.

More formally, I define the active learning process in our study as follows:

Definition 1 (Active learning process). We target a segmentation problem on images with K
classes. The images are divided into two sets, S; and S;;, where S; represents the labeled dataset, and
Sy represents the unlabeled dataset. Initially, we train a model with X percent of the original data,
where X is a small number < 2%. Next, we adopt active learning to train the model for T iterations.
At each iteration, we train a segmentation model (e.g., U-Net) using S;. Then, we apply our
acquisition function (described below) to acquire a batch of B samples from S;;. The acquired

samples are then labeled by a human expert, and they are removed from the S;; and added to the SL,
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which will serve as the training set for training a model in the next iteration.
Definition 2 (Acquisition function). In active learning, an acquisition function a(x) —
[0,1] refers to the rule or strategy used to calculate the probability of selecting the next sample to

achieve the maximum training performance. For functions that calculate the a based on each pixel

instead of an entire image, we have a(X) = Y,ex al(Txl) without loss of generality, where X represents

the whole set of pixels x for each image.

My research aims to find an effective acquisition function that finds as minimum labeled samples
as possible to achieve comparable performance when all samples have been labeled.

6.2. Uncertainty sampling

Uncertainty sampling focuses on identifying unlabeled data instances where the model is least
confident in its predictions. For example, for a binary classification task, this often means selecting
instances where the model assigns roughly equal probability to both possible labels. By prioritizing
these uncertain instances for labeling, the model can focus on the data points where it is most likely
to make mistakes or where labeling will lead to the biggest improvement in accuracy. Below I list a
few representative uncertainty sampling methods (Settles, 2009) in active learning implemented in
this study. In many cases, the scores used to quantify model uncertainty are obtained after applying
a Softmax operator, which normalizes the probabilities so that they fall within the [0, 1] range.

Least confidence score. This strategy identifies unlabeled data instances on which the model is
least confident. The basic equation (Equation 6-1) is simply the one minus the probability of the
highest confidence for the label. For example, in a multi-class classification task, a model may predict
that an unlabeled instance is most likely to belong to Class A, with a predicted probability of 0.6.
This would yield a "least confident" score of 0.4; in general, lower least confidence scores suggest

greater uncertainty and indicate that labeling these instances could be most beneficial for the model.
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a(x) = 1 - max(p(5,|x)) (6-1)

Margin score: In active learning, the "margin" score is a measure of model uncertainty based on
the difference between the probabilities of the top two most likely output classes (Equation 6-2). If
the model is very confident in its prediction, the margin score will be high (since there will be a large
difference between the highest and second-highest probability). Lower margin scores, on the other
hand, suggest greater uncertainty since the model is not clearly leaning towards one specific output
class. Margin sampling in active learning is a technique that prioritizes instances with lower margin

scores for labeling since these are expected to be the most informative for the model.

alx)=1-— (max(p(}’fllx)) — n}i\lx (p()’/}|x))) (6-2)
Entropy: It is designed to sample data for labeling to maximize the information gained from each
selection. The intuition behind it is that selecting the most uncertain examples will lead to the most
informative labels, which will help the classifier improve faster. Mathematically, entropy is a
measure of uncertainty in a probability distribution. For a classification problem with X classes, the
entropy of a predicted probability distribution p is defined as:
a(x) = —Zip@0)log(p(Gilx)) (6-3)
Thus, the higher the entropy, the less certain the classifier has in its predictions for that data point.
To use entropy-based uncertainty sampling, we simply select the data points with the highest entropy
for labeling.
My major intuition for using multiple uncertainty metrics is that a single metric may not be
informative enough to represent the model. There’s no single best choice based on different
conditions. For example, it is possible that the least confidence score of a sample is high, but its

margin score is relatively low; we cannot say which one performs the best in such a case.
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6.2. Diversity sampling

Diversity sampling intends to find a collection of samples that can well represent the entire data
distribution. Typical approaches (Monarch, 2021) include:

- Model-based outlier sampling, which identifies items that the model has not encountered

before.

- Cluster-based sampling, which uses statistical methods to find a diverse group of items for

labeling.

- Representative sampling, which selects items that closely match the target domain.

- Sampling for real-world diversity, which aims to reduce bias by including a wide range of

real-world entities in the training data.

Among the above four approaches, cluster-based sampling and model-based outlier sampling are
the most used. Cluster-based sampling aims to select a diverse set of data instances to label to cover
the entire input space. This approach starts by clustering the unlabeled data into groups (e.g., K-
means; Hartigan & Wong, 1979) and then selecting data instances from different clusters to label to
maximize the information gained from labeling. Cluster-based sampling can be useful to avoid
sampling bias or focus on areas of the input space.

Model-based outlier sampling measures the distance between the model's predictions and a given
data point to identify outliers or instances that do not fit the model's expectations. By labeling these
"outlier" instances, the model can improve its performance in these difficult areas. As a variant, there
also exists contrastive learning-based approaches that train a contrastive model to identify whether
an input has been labeled or not (Margatina et al., 2021).

Model-based outlier sampling has the advantage of pinpointing items that are completely
unknown to the model, which allows for targeted labeling and learning. However, the disadvantage

is that this method may not catch items that are merely uncertain rather than outright unknown.
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Cluster-based sampling, on the other hand, can capture a broader range of items by identifying natural
trends in the data. However, the disadvantage is that it is not specific to a particular model, which
means it may pick up items that are not as informative or useful for the model's learning.

6.3. VAAL

This work improves VAAL (Sinha et al., 2019), which uses VAE to learn a low dimensional latent
vector from labeled and unlabeled data and uses the discriminator to differentiate between them. As
described in Figure 29, VAAL employs the model-based outlier acquisition function to find samples
sufficiently different in the latent space learned from VAE. It starts by training a task learner using
labeled data. Next, both labeled data and unlabeled data are fed into the VAE, whose loss function
considers both the KL divergence and the reconstruction loss. After the VAE has been trained, I
extract the latent space from the VAE and input it into the discriminator. Unlabeled image samples

have a label of 0, while labeled image samples have a label of 1.

Task learner

labeled set )
Discriminator

latent space

unlabeled set

Figure 29 The workflow of the VAAL model (Sinha et al., 2019)

The loss function of the original VAAL is described in Equations 6-4 to 6-8.
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LVAAL = Lunsupervised + Ladversarial + Ldiscriminator (6'4)

Liunsupervisea = Lreconstruction T Liatent (6-5)
Ligtent = KL(P,1p) (6-6)
Laaversariat = —logD (p;) (6-7)
Laiscriminator = —l0g(D(Pz)) — log(1 — D(pz,)) (6-8)

VAAL uses a B-variational VAE (Higgins et al., 2016) in which the KL divergence calculates the
difference between the predicted distribution (p,) and a unit Gaussian prior (p,), which has a mean
value equal to zero and a variance value equal to one. We can view VAAL as yet another MTL
training since it optimizes multiple targets. L;gpersariar 1S @ Special form of cross-entropy loss as it
fools the discriminator by assuming that all labels are one. In contrast, the discriminator is trained to

differentiate between labeled (p,,) and unlabeled images (P, ). After the training steps of VAAL are

done, we can extract only the encoder part of VAAL for inference. Therefore, we can define the
acquisition function a(x) as the output of the last layer of the encoder.

6.4. Uncertainty-Aware VAAL

Existing active learning approaches are either task-aware or task-agonistic. Task agonistic
approaches (Sener & Savarese, 2017; Mac Aodha et al., 2014) are equipped with acquisition
functions that only consider the features of the input, while task-aware approaches (Tran et al., 2019;
Wang & Ye, 2015; Kim et al., 2021) consider both the input and the performance of the current task
model. In other words, task-aware models optimize the acquisition function using uncertainty scores,
while task-agonistic models do not. One advantage of task-aware models is that we can let the model
learn difficult samples other than different samples. However, task-aware models typically rely on
the output of the task model p(y|x), which is inaccurate at the early training stage.

VAAL is task-agonistic, meaning that it does not take the task model (i.e., segmentation model)’s

performance into account. To make VAAL task-aware, our core idea is to extend the input features
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of the discriminator to let it learn both input distribution and model distribution. Assuming our task
model can be trained accurately based on a certain amount of training data at each training step,
essentially, the output of the discriminator indicates whether the sample can be trained well and has
distinct features from the labeled dataset.

My approach (U-VAAL) differs from the approach proposed by Kim et al. (2021) from two
perspectives. First, I used uncertainty metrics such as the least confidence score, but they used the
output of a special “ranker” that is trained to compare the expected rank of uncertainty and that of
the actual, which suffers from instability at the start of training. Second, my input to the discriminator
can be a latent vector concatenated with an arbitrary number of uncertainty features, as illustrated in
Equation 6-8, while they only extended the latent vector with a single feature.

Laiscriminator = =10g(D (D7, U1(x1), .., Un(x1))) = log(1 = D(Py,,, U1 (X)), oo, Un(x)))  (6-8)

Figure 30 and Figure 31 intuitively demonstrate the difference between VAAL and U-VAAL.
Circles with different colors represent samples belonging to different categories. The dashed
line/curve represents the decision boundary of the corresponding method. It can be seen that U-
VAAL can choose samples with both high uncertainty and diversity to consider not only the feature

distribution but also the difficulty of the samples.
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Figure 30 An illustration of how VAAL chooses samples only based on diversity,; highly diverse
samples will be chosen for the right part of the dashed line.
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Figure 31 An illustration of how U-VAAL chooses samples based on diversity and uncertainty.
Samples on the right part of the curve will be chosen.

6.5. Model Training and Inference

Figure 32 describes the U-VAAL framework. The task model is a segmentation model (e.g., U-
Net), just like the unsupervised learning and the supervised learning approach. Our aim is to train the
task model with as little data as possible using active learning. Based on Theorem 1, train the task
model from scratch for T training iterations. At the end of each iteration, I apply a sampling

procedure that can be further separated into two sub-steps. First, I train the VAE model by minimizing
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Lynsupervisea ad Lggyersariai- After the loss of the VAE model is backpropagated, I start optimizing

the discriminator by minimizing L ;scriminator- Unlike VAAL, I not only use the latent vector from
VAE but also concatenate it with one or more uncertainty scores. In addition, I introduce a “cold
start” phase: only when the accuracy of the task model is higher than a certain threshold T, I start to
incorporate uncertainty scores. At the very beginning of the training process, it can be observed that
the output of the task model was unstable because of the limited training data. Thus, the “cold start”
phase, together with the combination of multiple uncertainty scores, can help us mitigate the problem.
In this way, the VAE model is trained to fool the discriminator model into believing that all the
samples are from the labeled data, while the discriminator is trained to differentiate labeled from
unlabeled samples.

Unlabeled

Discriminator

High a(x) scores Labeled

Sy Latent Vector
VAE Encoder VAE Decoder
H]ﬂ } ”” mIOU > 7? Uncertai
il -0 nce :cnnty
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Uncertainty Vector
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Figure 32 Our U-VAAL Framework. The uncertainty vector is used when
the task model's mloU > T

6.6. Experiments
This section presents and discusses the SEM dataset's evaluation results of U-VAAL against other

methods. I ran experiments on a Linux machine equipped with a 32-GB NVIDIA A100 GPU. My
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code is written in PyTorch 1.14 and Python 3.9.9. Compared with Project 1 and Project 2, I increased
the number of labeled images to 12 and sliced them into 5158 sub-images. The training dataset
contains 4366 sub-images, and the testing dataset contains 792 sub-images.

This dissertation designs experiments based on Theorem 1 by simulating the “labeling” process.
I don’t send our labels to human experts for labeling; instead, I just switch the state of an image from
Sy to S, as if it were labeled. I incrementally fetch 1% of labeled images from S;; to S; based on the
value of a(x) until 10% labels have been added for every three epochs.

In Table 4, We can compare the mloU achieved by each model on the validation dataset. It is
observed that U-VAAL’s mloU with 10% labeled data is higher than the other methods, including
the least confidence score, margin score, entropy, and VAAL, which handle either uncertainty or
diversity but not both. I didn’t compare it against Kmeans since it consumes GPU memory larger
than the amount that A100 is equipped with. It can be seen that VAAL and U-VAAL are better than
basic methods, and U-VAAL achieves the best performance among all.

Table 4 Performance comparison between U-VAAL and existing methods

Model mloU
Least confidence score 0.59
Margin score 0.58
Entropy 0.54
VAAL 0.62
U-VAAL 0.69

Figure 33 shows the validation mloU curve of each method across multiple iterations. Overall,
our U-VAAL outperforms the rest of the models at any time. And U-VAAL is noticeably better than
the original VAAL model. Interestingly, U-VAAL and VAAL show more significant advantages at

the early stage of training (when the S; is limited) than later when S; contains sufficient data.
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Figure 33 The mloU curves of each model on the validation dataset

This dissertation applies multiple experiments to evaluate the impact of each variant in the
method. First, I study the effect of using the “uncertainty vector” instead of a single uncertainty score
and show corresponding results in Figure 34. It can be seen that U-VAAL (hybrid) achieves higher

mloU than the others, which uses a single uncertainty score and achieves similar performance.
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Figure 34 The mloU curves of U-VAAL models using different uncertainty scores
on the validation dataset
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Figure 35 The mloU curves of U-VAAL models w/ and w/o the cold start phase on the validation
dataset

Next, I also study U-VAAL’s performance w/ or w/o the cold start phase. Note that the results of
U-VAAL shown in previous figures and tables were obtained with “cold start” enabled. From Figure
35, we can notice that both approaches achieved better performance with the increase of labeled data.
However, U-VAAL without a cold start rendered relatively low and unstable mloU scores (~0.3),
compared with U-VAAL with a cold start (~0.5). When a cold start is enabled, samples are only
acquired using the diversity score (VAAL). Thus, U-VAAL (cold start) only considers uncertainty
scores after the sixth epoch, when the task model is more stable. This phenomenon demonstrates that

our “cold-start” method can compensate for the problems that exist in task-aware models.
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Chapter 7: Conclusions

The main problem being tackled in this dissertation is to train effective machine learning models
for image segmentation with as little “cost” as possible in terms of the time to label images, the
amount of data needed to train models, and the execution time for both model training and inference.

Project 1 (Chapter 4) addresses the challenge of unbalanced datasets, which can limit accuracy
when certain objects infrequently appear in images. The novel neural network architecture, Paw-Net,
overcomes this issue by using an ensemble-learning framework to reduce variance. Combining
probability maps from multiple neural networks, along with the Focal Dice loss function, helps to
balance negative and positive pixels, as well as difficult and easy pixels. Experiments show that Paw-
Net outperforms existing methods for image segmentation with imbalance issues.

Project 2 (Chapter 5) deals with the challenge of scarce labeled data, which can restrict the
effectiveness of model training. This research explores both unsupervised and semi-supervised
learning models for shale image segmentation, resulting in two main contributions: the semi-
supervised neural network model (SU-Net) and a fast normalized cut algorithm. SU-Net achieves
acceptable accuracy with fewer labeled data requirements than the original U-Net, due in part to the
use of unlabeled data as well as the normalized cut loss function. The fast normalized cut algorithm,
which employs batch, skip zeros, and caching optimizations, reduces computation time significantly.
In addition, the study found that adjusting the regularization parameter could further improve
accuracy. Future work should explore dynamic parameter tuning and alternative semi-supervised
architectures, such as the mean teacher model (Tarvainen & Valpola et al., 2017).

While the proposed semi-supervised learning method effectively reduces the number of images
that require labeling, the selection of labeled images in Project 2 relied on random sampling.
Consequently, Project 3 (Chapter 6) explores more effective sampling methods in order to find the

most informative samples for labeling -- those that promote model accuracy without the need for
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additional data. The U-VAAL framework addresses this challenge by training a variational
autoencoder (VAE) to fool a discriminator that distinguishes labeled and unlabeled datasets. The
incorporation of uncertainty metrics as input for the discriminator further enables the accurate
selection of labeled data. This approach proves more accurate than other active learning methods,
given a limited amount of data.

Additional work is needed to measure the "human cost" of labeling images, as the assumption of
linear growth in cost with the number of images may not always hold. For example, labeling an image
with two objects may be easier than labeling an image with one hundred objects.

This research is also interested in generative models that can create realistic geological images in
order to reduce the time and expense of photographing and sampling shale. Although existing
generative models such as DALLE (Ramesh et al., 2022) and STABLE diffusion (Rombach et al.,
2022) generate art images, similar work has not been conducted for high-resolution medical or

geological images.
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