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Abstract

Visual data provides rich information about real-world objects. Computer vision is a substantial
and growing field which seeks to distill useful information from photographic imagery. The
primary focus of this work centers on the application of machine-learning based computer vision
algorithms, along with minor applications of more traditional computer vision techniques. The
specific task approached herein is known as semantic segmentation; the methodology by which
each region of an image, at an individual pixel level, is assigned a classification from a
predetermined set of possible classes. The classes considered in this work are: open water, level
ice, broken ice, ridged ice, ice in flexural failure, and an ‘other’ class. Accurate segmentation of
these classes is the primary objective of this work. The imagery utilized in this work were captured
from two cameras mounted on different piers of the Confederation Bridge during the local ice
season. Several hundred of the images collected have been manually labelled and split into training,
validation, and testing subsets. These data have been used to train an ensemble of convolutional
neural networks. Transfer learning is applied such that the encoder portions of the neural networks
have been pretrained on the ImageNet dataset, providing them with the capability to produce
meaningful feature maps while significantly reducing the training time required for the overall

models to learn the semantic segmentation task at hand.
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Chapter 1. Introduction
1.1 Overview

Sea ice monitoring and characterization is highly relevant to many operations in arctic and sub-

arctic regions. Sea ice can pose significant hazards to offshore structures and maritime vessels.

Visual imagery has certain advantages as compared to other methods of instrumentation. Visual
imagery is very information dense while also being human-interpretable. Cameras are relatively
inexpensive when compared to LIDAR or radar systems. This has led to a vast quantity of images

and makes monitoring equipment much more accessible.

Automatic systems to detect hazardous ice features can potentially assist to avoid catastrophic risks
for vessels and may be used as input to systems for short-term load forecasting on offshore
structures. Such systems could be directly implemented for real-time decision support on a vessel’s

bridge or could be used as an input for autonomous vessels.

In this work, an exploration of computer vision techniques for the visual characterization of sea
ice conditions is conducted. Specifically, the task of semantic segmentation is employed to classify
each pixel within a given image into one of a set of classes. Each class may pose its own unique
risks and loads when interacting with a structure. Semantic segmentation is accomplished using
convolutional neural networks trained on a dataset of images collected from cameras mounted on
the Confederation Bridge and manually annotated. In this manner, a surface characterization of the
ice conditions captured in each image is achieved. This system was implemented using TensorFlow

[1] in Python.



Due to the data’s source in a sheltered subarctic region, ice features such as icebergs and multiyear

ice are not considered in this work simply due to the lack of their presence in the area of study.

1.2 Background

This work builds upon the foundation established in prior work conducted in partnership between
the University of Ottawa and the National Research Council [2]. The previous work was
responsible for the initial image annotations corresponding to approximately sixty percent of the
training and validation datasets. Similar to this work, the previous work sought to develop a method
for characterization of sea ice using convolutional neural networks, specifically the Mask R-CNN

[3] architecture.

Unlike this work, the previous work utilized the approach of panoptic segmentation rather than the
semantic segmentation approach employed in this work. These differences are examined in more

detail in Section 2.2.1.

Furthermore, the prior work classified only four classes as compared to the six classes considered
in this work. The set of ice classes considered in the prior work is depicted in Figure 1. These
classes are all ice-specific and therefore exclude the classes for open-water and the ‘other’ class
corresponding to the pier leg itself which have been added in this work. View Figure 20 from

Section 3.2 for the full set of classes utilized in this work.

The previous work did not report any specific metrics of performance such as accuracy, IOU score,

precision, or fl-score.
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Figure 1. Ice classes of the prior work. Figure 2 from [2].

Current sea ice characterization activities are largely performed using satellite radar and human
observers from aircraft or vessels. The spatial and temporal resolutions of these methods leaves
gaps in information that could be critical to operations. Furthermore, human observers are liable
to experience fatigue, may produce inconsistent estimates, and can only process a limited quantity
of data. Visual ice characterization carried out by automatic systems do not experience fatigue, are

more consistent, and can process large volumes of data.



The Confederation Bridge was selected as the imagery source for this work due to the work’s
relevance to the load monitoring program, as well as the availability of a large volume of high

quality imagery.

1.3 Objectives

The objective of this work is the production of methods capable of producing meaningful data
regarding current sea ice conditions from visual sensors. The produced data should be applicable

to downstream analysis tasks.

The primary method adopted for the production of data from visual imagery is semantic
segmentation. In this task, a classification is assigned to each pixel within each processed image —
more in depth information is provided in Section 2.2.1. Demonstration of the usefulness of the

produced data to other applications is provided in Chapter 4.

An additional objective of this work is to provide a proof-of-concept for more generalized models
capable of processing sea ice imagery captured not only from the Confederation Bridge but across
a broad span of arctic and sub-arctic ice conditions. Results regarding the deployment of the trained

models to a previously unseen arctic domain may be viewed in Appendix C.



Chapter 2. Literature Review
2.1 Confederation Bridge

The data used for model training and evaluation was collected at the Confederation Bridge via two
cameras mounted on separate bridge piers. The following section provided background

information on the bridge and the bridge monitoring program.

The Confederation Bridge is an almost 13-kilometre long bridge spanning between New
Brunswick and Prince Edward Island, as pictured in Figure 2 and Figure 3. The bridge was
specified to have a 100-year design life [4]. This fact, in combination with its location with a history
of sea ice presence, has led to significant concerns regarding the ice loads applied to the piers of
the bridge and the long-term loads that may be expected across its lifetime. As such, an extensive

program was carried out to monitor the bridge and the loads to which it is subjected [5, 6].

The Confederation Bridge ice load monitoring program has, since its initiation in 1997, produced
a sizable and highly valuable dataset. The winters since the bridge’s opening have been relatively
milder compared to the period considered during the design phase of its construction. Many unique
ice interactions have been closely studied and have provided valuable information regarding the

nature of ice-structure interactions at the site.



Figure 2. Location of Confederation Bridge in Northumberland Strait.

A design safety factor of 4.0 was considered with regards to the total applied load across all
possible modes [4]. The primary loading factors considered were the wind, current, and ice loads.
The data generated has been highly valuable and provided numerous insights into the

understanding of ice-structure interactions [7, 8, 9].



Figure 3. The Confederation Bridge. Government of Canada image.

The bridge crosses the Northumberland Strait at its narrowest location for a total length of 12910
meters [4]. There are a total of 44 piers numbered P1 to P44, with the numbering starting on the
PEI side of the bridge [10]. The standard pier design is presented below in Figure 4. At the center
of the bridge, there is a higher section to provide vessel passage between P21 and P22. The piers
at this location are taller and have been further reinforced but, as such, could not be fitted with

instrumentation.

The two cameras used to collect the imagery employed in this work are located on P23 and P24.
These two piers are near the navigation span and as such are taller than most of the other piers but

not as tall as P21 or P22.
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Figure 4. Standard Pier Design Figure I from [11]

The conical section the pier at the waterline is designed to cause ice to fail in flexure when
interacting with the pier leg. This mode of ice failure is associated with lower loads. An example
of the buildup of a significant amount of ice in flexural failure is presented in Figure 5. The larger
ice pieces generated during flexural failure more easily clear the structure than the fine snow-like

pieces which are created during a crushing failure.



Figure 5. Rubble pileup at 10:32am, April 4th, 2003. Figure 11 from [§].

2.1.1 Environmental Conditions

The Northumberland Strait’s ice conditions may be categorized entirely as first-year pack ice,
including both rafted and ridged ice features [6]. Significant tidal currents are observed in the strait
and, in combination with predominant winds, act as the major driving force of ice movement in
the region. The local ice season typically ranges from December to mid-April [10]. The most severe
ice conditions typically occur towards the end of the ice season in March and April [11], and as

such, many studies have focused on this period for analysis.

Over a one-hundred-year return period, the 10 minute mean wind speed has been estimated to be
26.5 m/s with a corresponding wind load of 3.7 meganewtons [4]. The typical maximum water

9



current is 2 m/s with a related load on a single pier of 8§ meganewtons [4] in combination with the

maximum expected wave heights of 4 meters.

The effect of the bridge itself on the local ice conditions has been an aspect of consideration. The
ice breakup was forecasted to be delayed by an average of 0.1 days with a delay of up to 3.5 days
in 1% of all scenarios [12]. The addition of near-land piers has extended the extent of land-fast ice,
as has been visually confirmed in Figure 6. It was also expected that the concentration of ice would

typically be lower down-range of the bridge due to fracturing and ice jams at the bridge [12].

10
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Figure 6. Land fast ice interaction with approach piers. Figure 5 from [12]

2.2 Computer Vision Tasks

This section describes the specific computer vision tasks pursued in this work. The first task is
segmentation and is the primary focus. The second task is keypoint detection and is applied as a

downstream application to demonstrate uses of the primary task.

2.2.1 Segmentation

Semantic segmentation is the task of assigning a classification, from a set of possible classes, to

each pixel in a given image. Some well-known public segmentation datasets include Microsoft

11



COCO (common objects in context) [13] and Cityscape [14]. Semantic segmentation can vary
across broad range of applications. Segmentation is often applied in the context of self-driving
vehicles. Semantic segmentation is often applied in the medical field in order to detect anomalies

such as tumors from various forms of medical imagery [15].

In the COCO dataset, and consequently much of the following works, each classification is defined
as either a stuff category or a things category. Objects belonging to a things category represents
discrete countable instances such humans, vehicles, or animals [16]. Objects belonging to a stuff
category represent an amorphous region which is not easily discretized into individual instances,
such as: ground, sky, or ocean [16]. This distinction may at first seem trivial, but in fact the
consideration of these factors have a significant impact not only on problem formulation but also

the selection of neural network architecture.

Tasks focusing on the segmentation of things is known as instance segmentation and typically
employ a two-stage architecture which includes a bounding box proposal network and a secondary
module to classify the pixels within each bounding box [16]. Each object instance must be assigned
a unique identifier along with its classification and a binary mask denoting the object’s presence
within the bounding box. Instance segmentation does not guarantee the labelling of every pixel

within an image.

Tasks focusing on the segmentation of stuff'is known as semantic segmentation and typically relies
on fully-convolutional networks which output a classification for every pixel within an image and

does not assign unique instance identifiers [16].

12



Panoptic segmentation is an extension of both semantic and instance segmentation which seeks to
simultaneously label every pixel in an image while also assigning unique instance identifiers to
each thing class object identified in the image [16]. Panoptic segmentation is the most recent
iteration of the segmentation problem. The difference between instance, semantic, and panoptic

segmentation is visually demonstrated in Figure 7.

(a) image (b) semantic segmentation

(c) instance segmentation (d) panoptic segmentation

Figure 7. Semantic, instance, and panoptic segmentation. Figure 1 from [16].

2.2.2 Keypoint Detection

Keypoint detection is a traditional computer vision technique which seeks to identify points in an

image which are highly distinctive. Each detected keypoint is also assigned some form of a
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descriptor — a mathematical representation which encodes this keypoint in a uniquely identifiable

fashion. Keypoint detection and description are most often, but not always, both performed by a

single algorithm.

The task of both keypoint detection and description is to produce outputs which are invariant to

rotation, translation, and scaling of the input images [17]. Furthermore, outputs should be robust

to changes in illumination, changes of perspective, and noise. These useful properties lend

themselves to a wide array of applications. These applications include:

Object tracking [18]: Keypoint detection and description allows for the tracking of highly
distinctive object features from one video frame to the next, so that the motion may be
tracked. This is the mode in which keypoint detection is applied within this work.

Image stitching [19]: Images taken from different angles may be merged together into
larger or panoramic images. Identification and matching of keypoints present in both
perspectives allows for the computation of geometric transformations that combine both
images into a unified frame.

Simultaneous localization and mapping (SLAM): Similar to image stitching, some variants
of SLAM makes use of keypoints to identifying common points between frames. Unlike
the previous two applications, the movement of the camera relative to the environment is
considered to be non-negligible. The problem is instead reframed to track the movement of
the camera itself while the surrounding environment remains static. The camera is often
mounted on a robotics platform which moves through the environment and, in combination
with other robotic sensors, the platform is localized at every time step and while a 2D or

3D map of the environment is constructed.
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Keypoint detection has been an active field of research for many years. The largest step in this
field was observed with the release of the SIFT: Scale Invariant Feature Transform [17] [20]. The
SIFT algorithm works by computing histograms of the image gradients along different angles and
at multiple scales. Points with gradient attributes greater than a specified threshold are considered
to comprise the set of detected keypoints, and are each described by their histogram of gradients.
Samples of keypoints and descriptors generated using SIFT are presented in Figure 8. Notice that

the keypoints lie mainly along lines or at corners.

Following the introduction of SIFT, a number of new algorithms began to be released — each of
which seeking to improve on the existing solutions in some way. Notably among those released is
SURF: Speeded Up Robust Features [21]. As the name implies, SURF significantly reduced the
computational complexity as compared to SIFT while still producing accurate and robust keypoints

and descriptors.

One major problem with both SIFT and SURF is that their algorithms are patented and require
licenses for their use in applications. In their place, a number of open source algorithms have been
released. These open source alternatives include BRISK: Binary Robust Invariant Scalable
Keypoints [22] and ORB: Oriented Fast and Rotated BRIEF (Binary Robust Independent
Elementary Features) [23]. An example of ORB keypoints being used to match points from

different perspectives is presented in Figure 9.
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Figure 8. Sample of SIFT keypoint. Above. Original Image. Bottom: Detected Keypoints. Adapted from Figure 5 of [17].

Figure 9. Keypoint matching with ORB. Valid matches in green and unmatched points in red. Figure 1 from [23].
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2.3 Machine Learning Methods

Machine learning represents a broad class of algorithms which rely on data and statistical analysis
in order to perform a predetermined task or to detect patterns without the manual coding of logical
rules [24]. The most common forms of machine learning are regression and classification, but also
includes synthesis — such as music generation, ‘deep fakes’, and style-transfer. Machine learning

is regarded as a subclass of artificial intelligence.

Machine learning has a long history and comes in many different forms. Examples include
regression, clustering, support vector machines, random forests, and many more. Deep learning,
involving the training and application of artificial neural networks, represents the state-of-the-art
in a number of fields including: the broad field of computer vision [25], machine translation [26],

human speech audio processing [27], and a growing number of novel applications.

2.3.1 Supervised Learning

Supervised learning is the classical form of machine learning, in which a set of inputs is gathered
alongside a corresponding set of targets or labels. A model is then constructed and trained in such
a way so that it may map from the domain of the inputs to the domain of the outputs, ideally in
such a way that the model outputs closely match those found within the provided targets. Almost
all classical machine learning systems fall within this paradigm. This includes, support vector

machines, random forests, linear and logistic regression, and many more.

In the instances when the computation of a global optima is not tractable, supervised learning
typically begins with a model that has been randomly initialized. The new model is provided with

a set of inputs and produces a set of outputs which initially will typically not reflect the true labels.
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In the case of both regression and classification tasks, a loss function is implemented which
computes a cost or loss based on the difference between the model’s output and the true target. The
closer the model’s output is to the target, the lower the resulting cost will be. It is important that
the cost function is differentiable with respect to the model’s output. This is important because the
model is trained using backpropagation, whereby the partial derivative of the loss function is
identified with respect to each trainable weight within the model. The set of partial derivatives with

respect to all trainable parameters is known as the gradient.

Next, the weights are updated from their initially random state along the direction which decreases
the loss function as determined by the gradient. Through many repetitions of the above process,
the loss function will move towards a minima and the model will become increasingly accurate at
the specified task — improving the accuracy of its mapping from inputs to the desired outputs.
When this routine is carried out with the gradients calculated over the full set of training examples
available, the process is known as gradient descent. In practice, only a certain number of samples
can be fed through a model in order to produce gradients for training. As such, a random subset of
the samples available from the training dataset are selected and collectively referred to as a batch.
This variant is known as stochastic gradient descent and is the cornerstone of neural network

training as well as many other minima-seeking algorithms.

Numerous variants of stochastic gradient descent have been developed which seek to improve the
performance via one mechanism or another, typically with the objective of decreasing the number
of updates required for the model to converge to an optimal state. Popular variants include ADAM

[28], NADAM [29], and RMSProp [30].
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The magnitude of the step along the gradient direction is known as the learning rate A, which is a
considered a hyperparameter — a value which must be chosen manually or somehow optimized
outside of the training loop. Additional hyperparameters include: batch size, the number of samples
which are fed into the model and used to compute the gradient at each training step; regularization
rate, the amount by which the model is penalized for building very strong weights which may lead
to overfitting; and total training duration also known as the number of epochs, the total number of

iterations over the complete training dataset before training is considered to be complete.

Hyperparameter optimization is a complex process by which optimal configuration of these values
is determined. It is often accomplished via a grid search or random search across hyperparameter
values while monitoring the change in performance against the validation set. This is further
complicated by the interrelationship between various hyperparameters; they may be optimized
individually, potentially leading to non-optimal combinations — or instead the parameter space may
be searched jointly, potentially offering a true optima at the cost of much longer computational
cost scaling exponentially with the number of hyperparameters being optimized. Formally, it can
be stated that joint hyperparameter search has a time complexity of 0 (c * n*) where ¢ represent
the base time to evaluate one hyperparameter configuration, » being the number of discrete levels
tested for each hyperparameter, and k represents the total number of hyperparameters to be
optimized. Comparatively, disjointed hyperparameter optimization where only one variable is

varied while the other are held constant is an O(c * n * k) time complexity operation.
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2.3.2 Neural Networks

Neural networks are best characterized as universal approximators [31]. In essence, this means that
a sufficiently large neural network is capable of approximating any given function with an arbitrary
degree of accuracy. The above postulation was originally formulated in the context of multilayer
feedforward networks, also known as multilayer perceptrons. However, it has been shown that this
extends to other neural network architectures such as convolutional neural networks, such that they
“can be used to approximate any continuous function to an arbitrary accuracy when the depth of

the neural network is large enough” [32].

The difference between convolutional neural networks and multilayer perceptrons lies in their
internal connectivity structure. Both architectures utilize as their base building block neurons

which, as in biology, act as computational blocks that are connected to a set of inputs via synapses.

Multilayer perceptrons consist of a set of densely connected layers where each neuron in layer N
is connected to each neuron in layer N-1, as pictured in Figure 10. These layers are often referred

to as a dense layer.

In a convolutional neural network, each neuron connects only to a local neighbourhood of inputs,
as pictured in Figure 11, commonly a three pixel by three pixel subregion [33]. In this way,
convolutional neural networks learn to make use of spatial information and have significantly less
overall connections, making them far more computationally efficient than multilayer perceptrons.
As such, convolutional neural networks have become the standard for many visual tasks [25, 33,

34, 35].
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Input Layer Hidden Layer Output Layer

Figure 10. Multilayer Perceptron [36].

Figure 11. Convolutional neural network layer [37].
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Within the domain of convolutional neural networks, there are a number of distinctive patterns that
describe specific families of network designs. One such common pattern is that of Residual

Networks.

Residual networks represent an architecture class in which the characteristic feature is that the
output of each network layer is directly added to the input of that same layer [38]. Multiple such
layers, or group of layers, are stacked together with each layer learning to correct the output of the
previous layer, as pictured in Figure 12. Instead of attempting to create the perfect feature set, each
layer instead is tasked to predicting the difference between the output of the previous layer and

some more optimal feature space which better suits the target task.

weight layer
F(x) | relu

weight layer

X

identity

Figure 12. Residual Layer. Figure 2 from [38].

The most significant advantage of residual networks is their ability to overcome the challenge of

the vanishing gradient problem [39]. The vanishing gradient problem is a mathematical
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phenomenon that causes training deep neural networks to be highly difficult because the magnitude
of the gradients being used to update model weights tend to shrink as they pass through more and
more intermediate layers. This results in a situation where the layers close to the model output train
quickly while the layers closest to the input receive very little updates. Residual networks solve
this problem through their skip connections (identity mappings) which cause each layer in the
network to more directly connected to the gradient source so that their weights may be more

quickly and efficiently optimized.

Within the space of convolutional neural network designs, the Inception [40, 41] family of designs
has been highly influential. Inception architectures arrange their layers into blocks with a highly
complex and hand-designed set of layers, the outputs of which are concatenated together to create

a set of features. An example of these carefully crafted blocks is presented in Figure 13.
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Figure 13. Sample Inception Module. Figure 5 from [40].

These hand-crafted modules were capable of outperforming many of the models which existed at
the time of their publication and set many records for performance on various classification tasks.
However, there are a number of disadvantages to Inception style modules such as the one pictured
above. These modules must be hand-crafted by a human expert or through the expensive process
of neural architecture search [42]; an iterative process which attempts to optimize the architecture

of the neural network itself rather than just the model weights.

Recently, alternative architectures have begun to challenge convolutional networks in the domain
of visual tasks. Attention networks [26] were first introduced in the domain of machine translation

and have seen widespread adoption in various text-based domains. Attention networks make use
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of the novel attention mechanism, which in the context of text processing allows a model to learn
the relationships between each word or token being processed and compute an output in parallel
instead of processing them sequentially using LSTMs [43] or other recurrent neural network

variants. The details underlying the attention mechanism are presented in Figure 14.

Scaled Dot-Product Attention Multi-Head Attention

Lanear

Figure 14. Dot-Production Attention Mechanism. (Figure 2 from [26]).

When this attention mechanism is extended to visual tasks, the resulting network architecture is
known as vision transformers [44].These variants currently represent the latest innovation and hold
the promise of significant performance improvements as novel methods are incorporated into
machine vision tasks. The research on this topic is still ongoing and rapidly changing as new
discoveries and methodologies are developed. Investigation and implementation of visual attention
models should be considered a goal of future work. An example of a visual transformer for object

detection is presented in Figure 15.
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Figure 15. DETR Visual transformer architecture. Figure 2 from [45].

2.4 Related Works

Given the numerous potential applications for systems capable of performing visual ice
characterization, it should come as no surprise that a number of closely related works exist which
explore various methodologies in order to accomplish similar objectives. In this review, particular
focus is given on related works which approach not only a similar task, but which must also

accomplish their tasks via the methodology of machine learning with neural networks.

The related works discussed in this section approach sea ice characterization using multiple
distinctive methodologies. The oldest work among this collection chose to approach ice
characterization through multilabel image classification [46], in which a close range optical image
would be fed into a convolutional neural network which would then produce a vector of the
model’s predictions for the probability that each ice class was present in the image. The work
considered nine categories: icebergs, floebergs, floebits, floes, broken ice, level ice, brash ice,
pancake ice, and deformed ice. Through a comparison of six different neural network architectures,

the ResNet [38] family and particularly ResNet50 was the highest performer on the validation set;
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obtaining 92% accuracy. Among the ice classes considered, the models struggled the most with

the discrimination of pancake ice and brash ice.

Three of the related works approach the problem via the method of semantic segmentation, the
same as is in this work. Within this group, two consider similar close range imagery captured from

vessels while the third work utilizes top-down drone imagery.

The top-down drone imagery work, ICENET [47], focuses specifically on the Ningxia—Inner
Mongolia reach of the Yellow River in China for the purpose of river ice monitoring. The work
considered only three classes: ice, water, and others. The authors explore several custom neural
network architecture choices by first constructing a network with residual connections and two
parallel paths which fuse low-resolution and high-resolution information. Next, the authors add
modules which enhance their models with dual attention [48]; the standard positional attention and
also channel-wise attention modules. The baseline model achieved 92.9% pixel accuracy while
their most sophisticated model obtained 95.9% pixel accuracy, demonstrating the capacity of

attention within CNNs to enhance accuracy.

Next among the semantic segmentation group is a work which utilized imagery captured from an
icebreaker on a two-month Antarctic expedition [49]. The data was processed into two separate
datasets: the sea ice detection dataset and the sea ice classification dataset. The sea ice detection
dataset contained 266 images which were annotated with four classes: ice, ocean, vessel, and sky.
The sea ice classification dataset contained 1194 images which were annotated with seven classes:
ocean, vessel, sky, lens artifact, first-year ice, new ice, and grey ice. The consideration of a lens
artifact class is of particular interest and an important contribution of the work. An analysis can

only be as good as the quality of its data, and as such it is vital to address the various situations in
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which imagery may be partially or fully rendered unusable due to environmental and other effects.
Two neural network models were tested in this work — PSPNet [50] and SegNet [51]. PSPNet was
found to consistently outperform SegNet, obtaining an average 99.8% pixel-wise accuracy and
75.5% average IOU on the sea ice classification dataset as compared to SegNet’s 96.7% accuracy

and 53.6% IOU score on the same dataset.

The final item among the semantic segmentation group is the work which presented a multi-stage
pipeline for the processing of close range optical images containing a variety of ice objects [52].
Their dataset was comprised of 338 images from online search engines plus 37 images captured
during a research cruise to the Fram Strait. The dataset was annotated with a total of 14 classes:
iceberg, floeberg, floebit, open water, melt pond, level ice, deformed ice, ice floe, pancake ice,
underwater ice, broken ice, brash ice, shore, and sky. Similar to the steps described in Section
3.6.2, the work employed an ensemble of convolutional neural networks to perform predictions.
Twelve unique neural network architectures were evaluated for use in this ensemble based on their
individual performance. Through this process the architectures of PSPNet [50], PSPDenseNet,
DeepLabV3+ [53], and UPerNet [54] were selected. Notably, the work makes use of convolutional
conditional random field (ConvCRF) [55] as a postprocessing method which successfully
demonstrated its capacity to improve ensemble outputs. Evaluation was performed using a 5-fold
cross-validation scheme. PSPNet was found to have the highest individual performance. Inclusion
of the ConvCRF postprocessing increased ensemble performance as measured by IOU score by
approximately three percent. The full ensemble with postprocessing outperformed the baseline of

PSPNet on average by a margin of two to three percent in terms of accuracy.
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Chapter 3. Visual Classification of Sea Ice Features

The goal of this chapter is to detail the step-by-step process involved in the implementation of
visual ice characterization using convolutional neural networks. This chapter roughly follows the

seven-step machine learning process proposed by Yufeng Guo [56].

3.1 Data Collection

The data utilized in this task was collected from two Sony SNC-EB632R cameras mounted on
piers of the Confederation Bridge. Each camera captures an image once every three seconds, for a
total of 28,800 images per day. Not all of these images are useful, because they are also captured
at night and other circumstances in which visibility may be extremely limited. The locations and

approximate fields of view of the two cameras are presented in Figure 16.

The imagery was collected from the cameras via a local network installed on the bridge and stored
on NRC servers. Each image was stored as an independent JPEG file, in 1920%1080 resolution.
Unfortunately, the non-lossless JPEG format does lead to some instances of visible compression
artifacting, as identified in Figure 17. Observe the subtle grid pattern visible at regular intervals

across the region; this is a clear sign of JPEG compression artifacting.

At full scale the artifacting is barely noticeable to a human observer, only becoming evident when
examining the image closely. Convolutional neural networks effectively do exactly that; examining
the image at an individual pixel-level basis. As such, it is likely that this artifacting negatively

affects the quality of the predictions output from the models.
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Figure 16. Approximate location and perspective of two cameras on the Confederation Bridge. Figure 22 from [57].

Figure 17. Sample 500 x 500 pixel image region showing JPEG compression artifacting.
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3.2 Data Preparation

This section covers the steps required to prepare the dataset from its raw form into a format suitable
for training and evaluation. The source images must be processed and the associated semantic
segmentation maps produced, divided into training, validation, and test sets. Then, resizing and

data augmentation may be applied.

3.2.1 Annotation

The segmentation maps were originally adapted from previous work [2]. These labels were
produced using the VIA software package [58]. Annotations were performed in a polygon-centric
approach, because the corresponding work applied instance segmentation rather than semantic
segmentation. The data was stored in a JSON file containing a list of the polygons associated with
each image. More information regarding the original annotation process is available in Appendix
A. The polygon-centric data was rasterized by drawing each of the polygons onto a two-
dimensional representation. Small gaps were noted between some of the polygons and these were
infilled using morphological operators. This process yielded the 125 segmentation maps.
Following rasterization, the images were reviewed to correct for any errors and to add all instances
of the classes corresponding to open water or the bridge pier as these were not included in the first

project.

An additional 130 segmentation maps were produced using the GIMP image editor software. The
segmentation map was overlaid with the corresponding image in a separate layer and all pixels
were labelled to match the observed conditions. These new additions were used to expand the size
of the test and validation sets and to create the test set. Each segmentation map was stored as a

separate PNG file.
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Application of semantic segmentation in this task implicitly defines each of the classes to be of the
stuff type, as discussed in Section 2.2.1. This distinction is not entirely clear and could in some
instances be up for debate. In most images, the level ice within an image makes up a significant
proportion of the image and is not easily distinguished into unique instances. However, there does

exist images in which floes could be clearly defined into distinctive instances.

The colour code of the classes implemented in this work is provided in Figure 18 while an example

of a particular sematic segmentation map is presented in Figure 19.

Open Water

Level Ice

Flexural Failure

Ridges / Rubble

Broken f Brash

Other (Pier)

Figure 18. Semantic segmentation colour code.
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Figure 19. Sample image and associated semantic segmentation map.
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3.2.2 Dataset Split

The training and validation datasets are derived from images previously selected and annotated as
part of the prior work [2] and additional samples which were selected by human experts via a semi-
random process. The two datasets were initially one group and precisely one fifth of this superset
was removed for use in the validation set by selecting every fifth sample uniformly across the

combined set.

The testing dataset consisted of samples which were selected using a fully random process which
selected images from an archive of imagery which was made available to the author. Following
the random process, human review removed a number of images with extremely limited visibility
which were well in excess of even the most poor condition images from the training and validation
sets. A number of still quite poor condition images were retained in the test set in order to evaluate

the models’ abilities to handle such samples and to represent real-world conditions.

The set of classes used for image annotation, training, and evaluation are presented in Figure 20.
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(A) (B)

(E) (F)

Figure 20. Dataset classifications. From top to bottom: A) open water, B) level ice, C) flexural failure,
D) ridges, E) broken ice, and F) Other (pier).

In Figure 21, histograms detail the year, month, and time of day at which samples were captured
for both the combined training and validation datasets and the test dataset. Certain limitations of
the test set are evident. Only data from 2019 were available in the archive and no data from January
or December was present. Additionally, there is an absence of samples between 6am and 8am local

time.

These deficiencies of the test set are acknowledged and they may skew the final test-set evaluation
metrics somewhat. Future work should ensure to expand the test set so as to rectify these
deficiencies and in doing so increase the total size of the test set and correspondingly the

confidence of the test-set evaluation metrics.

35



Train/Val Year Train/Val Month Train/Val Hour

[ ' T e o I e e
100 A
B0 4 25 4 i { i i { i i i i
m_ 20. 1 1 4 1 1
40_
10 1 4
20 11 I [ |
5_. 4 =
(] = T T T g- T T T T T
2019 1 i 3 12 6 7B 91011121314 1516517 18
Test Year Test Month Test Hour
5 7 T
40-
35 87
20.
I‘].
6
25 1 15 11
20
]5.
10 c 21
5_ ‘
D T ﬂ_ ‘D T T T T T
2019 3 9 10 11 12 13 14 15 16 17 18

Figure 21. Train, Validation, and Test set distributions

The relative concentration of each class within both the training plus validation set and the training
set are presented in Figure 22 and Figure 23 respectively. There are some differences in the
distributions but they are overall quite similar. In comparison, the test set has less instances of the

open water and broken ice class in favour of more level ice (floe) and ridges.
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3.2.3 Preprocessing

Following this initial preparation of the datasets, the data was formatted for training and evaluation
of the machine learning models. In order to remain within GPU memory constraints and to
minimize training time, both the images and segmentation maps were downscaled from their
original 1920x1080 resolution to 768x448 resolution. This resolution was picked because the
neural network models require their inputs to be a multiple of 32 in size along both the width and
height dimensions, while also approximately maintaining the aspect ratio. Following the reduction
of resolution, the images and segmentation maps were collected into Numpy [59] n-dimensional
arrays for quick and efficient access. The TensorFlow [1] data API was utilized to apply

preprocessing and augmentations at training time.

Contrast limited adaptive histogram equalization (CLAHE) [60] was applied to all images before
being passed through any of the methods described in the following sections. Previous works have
used CLAHE for real world visual systems, including improvement to visibility during foggy
conditions [61]. A comparison of a foggy image before and after application of CLAHE are

presented in Figure 24.
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Figure 24, Foggy image before (left) and after (right) application of modified CLAHE. Adapted from figures 5 and 6 of [61].

However, the anti-fog effect of CLAHE is beneficial, it was not the main motivation for the use of
CLAHE in this work. Rather, CLAHE was adopted primarily as a method to reduce the effect of
shadows which are cast by both the pier itself and the bridge above at various times throughout the
day. The left side of Figure 25 compares an original image to the output of regular histogram
equalization and CLAHE. It is clear that CLAHE performs the most optimally in both enhancing
the visibility of the ice surface while also lightening the shadows, especially in comparison to the

generic histogram equalization output.

The histograms represent the intensity or brightness values, derived by transforming the images
from RGB to HSV format. It is evidently clear that histogram equalization favors the extrema of

the distribution, while CLAHE more smoothly distributes intensity values across the whole range.
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Figure 25. Demonstration of the effects of histogram equalization and CLAHE.
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3.2.4 Data Augmentation

Data augmentation is a common technique in the development of deep-learning based computer
vision systems which entails the modification of images at training time in order to increase the
robustness of the system while reducing overfitting to the training set [62]. Data augmentation
allows the number of training samples to be effectively increased while only using data available
within the training set [63]. Common augmentations which are applied during model training
include translation, rotation, horizontal flipping, the addition of Gaussian noise, and the
modification of saturation, hue, and intensity values. Examples of an image from the Confederation

Bridge dataset with various augmentations applied are presented in Figure 26.

Original Increase Brightness

Figure 26. Sample Image Augmentations.

In addition to decreasing overfitting on the training set, data augmentation also plays an important
role in further improving the model’s generalization abilities. Changes in brightness and saturation

are particularly useful because shifts in these overall image conditions are comparable to the
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differences in images captured under different lighting conditions such as at different times of the

day, including dawn and dusk.

Following the augmentations described above, the mixup [64] augmentation technique is applied.
While the principle of mixup is relatively simple, it presents a number of benefits. In essence, the
core technique of mixup involves the linear blending of two input alongside their corresponding
targets. Let Xi and Xj represent two independent image from the training set, and let Yi and Y]
represent the corresponding semantic segmentation maps. Next, mixup may be defined according

to Equation 1 and Equation 2.

X' =2 X; + (1 — A)X] Equation 1. Mixup input blending

Yy’ = AY; + (1- A)Y] Equation 2. Mixup target blending

The resulting X’ and Y’ are then used in the current step of training, with X’ as the current input

and Y’ the target output.

The variable A is randomly drawn from the beta distribution, pictured in Figure 27. The distribution
is bounded between zero and one. The beta distribution is characterized by two variables, o and (.
When the two variables are equal, the distribution will be symmetric. Increasing one variable
relative to the other will cause the distribution to skew towards zero or towards one. While holding
the two variables equal, increasing their magnitude will increase the prevalence of values in the
middle of the range. Conversely, decreasing their magnitude will cause the majority of drawn

samples to be near to zero or one. Based on experimentation, the values of a=$=0.075 was selected.
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This small value causes the resulting images to mainly consist of one image or the other, with only
rare instances of heavily blended variables. Further exploration and optimization of this value

should be considered in future work.

Beta Distribution

Probability Density (Percentage)

0.0 0.2 0.4 0.6 0.8 1.0
Lambda Value

Figure 27. Beta Distribution, with a=£=0.075. Note that the Y-axis is on a logarithmic scale.

The authors of the mixup method claim a number of substantial benefits from its application. These
benefits are outlined by the authors as “mixup helps to combat memorization of corrupt labels,

sensitivity to adversarial examples, and instability in adversarial training.”, “mixup leads to

decision boundaries that transition linearly from class to class, providing a smoother estimate of
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2

uncertainty.”, and that “mixup improves the generalization of state-of-the-art neural network

architectures ““ [64]. An example of mixup in practice is presented in Figure 28.

It is more difficult to visualize the effect of mixup on the segmentation maps. Consider a pixel in
the upper left-hand corner of the resultant segmentation map. In image A, the pixel is labelled as
open water while in image B, the pixel is labelled as level ice. This same pixel in the resultant
segmentation map would represent open water with seventy percent confidence and level ice with
thirty percent confidence — these are the target values towards which the model would be
encouraged to predict. Accordingly, a pixel which is labelled as open water in both images would

retain a label of open water with full confidence.

Figure 28. Mixup Example. Upper Left: Image A. Upper Right: Image B. Bottom: 70% A + 30% B.
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3.3 Model Selection

A number of publically available model architectures were evaluated for use in this project. The
library, “Segmentation Models” [65] was used to facilitate the use of these models contains four
separate decoder architectures and ten pretrained encoder architectures, many of which include
multiple versions with various degrees of computational complexity. These decoder and encoder
architectures may be combined interchangeably. Three models from each of the four encoders are
trained, for a total of twelve models. This conglomerate of models combine to form the system

depicted in Figure 29.
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Figure 29. Full system diagram.

During preliminary stages of this work, each of the available decoders were tested in combination
with each of the available encoders. The results of this process lead to the selection of the encoder

and decoders discussed in the following subsections.
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3.3.1 Encoder

The encoder is the portion of a neural network which processes an input image into a set of abstract

features which may be then transformed into a final prediction.

Through an exhaustive search, ResNeXt [66] was identified as the encoder architecture presenting
the highest performance on the validation dataset. ResNeXt is a highly performative residual [38]
convolutional neural network structure originally designed for the task of image classification on
the ImageNet dataset. The more computationally expensive ResNeXt-101 was selected rather than
the more minimal ResNeXt-50, in order to increase learning capacity and as a calculated decision

to increase model performance at the cost of greater computational requirements.

As such, each of the models employed in this work utilize a ResNeXt-101 model pretrained on the
ImageNet dataset [67] as their encoder module. More details on the ResNeXt architecture are
provided in the following paragraphs. The models differ only in terms of which decoder is utilized

to transform the extracted features into the semantic segmentation output.

ResNeXt draws inspiration from the Inception family of architectures [40, 41]. Instead of complex
designs found in Inception models, ResNeXt refactorizes the module to a more simple design. This
design is shown to empirically outperform both Inception and ResNet models while presenting
stronger representational power. Furthermore, ResNeXt outperforms models with even twice the
computational complexity [66] — in doing so clearly presenting a more efficient strategy for visual

understanding. The design of one ResNeXt block is presented in Figure 30.
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Figure 30. ResNeXt Block, Figure 1 right side from [66].

The above configuration is mathematically described in Equation 3. The function T; represents the
learned transformation computed by each of the individual paths, while C represents the cardinality
of the block. In this case there are 32 paths in total, representing the cardinality of this block.
Cardinality is a new parameter introduced by the ResNeXt authors, which they show to be a more

important dimension of greater importance than the traditional parameters of width and depth.

Equation 3. ResNeXt transformation [66]

C
y=x+ ) T
i=1
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Each block first projects the high-dimensionality input into a significantly lower dimension
embedding using a convolutional layer with a one by one receptive field, equivalent to a single
dense layer being passed over each pixel independently. The depth of this embedding is known as
the bottleneck size. Next, each path transforms the embedding using a convolutional layer with a
three by three pixel receptive field, while maintaining the same depth as the initial embedding.
Finally, the transformed embedding is projected back into the original dimensionality. The set of

transformations created by each path are then summed together along with the original output.

The above describes the behaviour of a single ResNeXt block. The ResNeXt-101 variant used in
this work had a total of 101 such blocks, as this is how the naming scheme is defined. Periodically,
the resolution along the width and high dimensions are reduced by half before being input to the
next block. The features just before each of these dimension reductions are those extracted for use

in the decoder.

3.3.2 Decoder

The decoder is the portion of a neural network which interprets the features produced by the
encoder into a final prediction. In this work, four different neural network decoder architectures
are employed. The decoders in question are those found in the architecture of Feature-Pyramid-
Network (FPN) [68], U-Net [69], LinkNet [70], and Pyramid-Scene-Parsing-Network (PSPNet)

[50].

Pyramid-Scene-Parsing-Network may be considered a variant of (A) from Figure 31; Feature-
Pyramid-Network, Linknet, and U-Net may be characterized as variants of (B) from Figure 31.
The primary difference between these two architectures is based in the manner in which they

combine information at different scales.
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Figure 31. Semantic segmentation architecture overview. Adapted from figure 2 of [53]

The B type architectures produce features at each resolution in order, and then starting from the
smallest resolution repeatedly applies convolutional layers(s) to combine them with features
produced from the next larger resolution’s set of features; this is repeated until all the available

feature resolutions are exhausted or the desired output resolution has been obtained.

The A type architectures utilize a much different approach for the fusion of information from
different resolution features maps. The feature maps produced by the encoder at each resolution
are first reduced along the features dimension, using a convolutional layer with 1x1 size receptive
field. Next, each feature map is scaled to the same size, using bilinear interpolation [50], and
concatenated together before being fed through one last set of convolutions to produce the final

predictions. This approach has both advantages and disadvantages; the rich set of features available
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to the final layer(s) allow for highly accurate predictions, but the spatial distortions introduced by

the rescaling can cause the network to produce less accurate boundaries between objects [53].

More detailed architecture illustrations from the original source materials of U-Net, LinkNet, FPN,
and PSPNet are presented in Figure 32, Figure 33, Figure 34, and Figure 35 respectively. One may
observe that FPN and LinkNet are nearly identical in concept, but differ in the exact choice of
convolutional layers which are employed for the merging of data and upsampling of resolution.
Furthermore, note that only the final, largest resolution output head of FPN is utilized instead of

the three different resolution output heads illustrated in the left side of Figure 34.

U-Net combines encoder and decoder features via concatenation. The encoder features of a certain
resolution are concatenated with decoder features of same resolution, both of which are then passed
through a convolutional layer and then upsampled to produce the next higher resolution’s decoder

features.
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Figure 32. U-Net architecture. Left side is Figure I from [69], right side adapted from [65].
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Similar to U-Net, LinkNet combines encoder features with the same resolution decoder features in
order to produce the next higher resolution level decoder features. The critical difference is that
LinkNet combines features using addition rather than through concatenation. This difference
allows for LinkNet to have a slightly lower GPU memory and computational complexity

requirements, but constricts the possible set of features that can be produced within the decoder.
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conv [(7x7), (3, 64), /2] conv [(3x3), (32, 32)]

full-conv [(2x2), (32, N), "2]

Figure 33. LinkNet architecture. Left side is Figure I from [70], right side adapted from [65].

The design of Feature Pyramid Network (FPN) is initially very similar to that of LinkNet, because
encoder and decoder features are combined at multiple scales through the use of addition.
However, FPN differs in that after processing the features at a certain scale, it then proceeds to also
produce a prediction at that same scale. These multiple predictions are each upsampled to full
resolution and then concatenated together before a final convolutional layer produces the output

predictions.
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Figure 34. Feature Pyramid Network architecture. Left side is Figure 1D from [68], right side adapted from [65].

PSPNet differs the most from the other three decoder architectures, because it employs a
completely different system for the combination of features produced at different resolutions.
Rather than processing each resolution sequentially, each scale of encoder features are processed
at the same time using the pyramid pooling module. In doing so, the pyramid pooling module
produces a very rich set of output features which capture both global and local context. The outputs
of the pooling module are then concatenated with the original features with the same resolution
before being passed through a final convolutional layer which produces the final prediction. This
final layer has access to a very rich set of information which allows for highly accurate predictions.
However, excessive pooling operations can lead to the loss of fine-details such that very small

class instances may not be captured in the final prediction.
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Figure 35. Pyramid Scene Parsing Network architecture. Top is Figure 3 from [50], bottom adapted from [65].

Each of the decoder architectures employed has their own unique benefits and disadvantages, and
are sufficiently different that they will produce slightly different final predictions. Through the
combined applications of all of these decoders, the overall system becomes more robust and

accurate.
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3.4 Training

This section describes the specific steps undertaken to train each of the models which will later
constitute the ensemble of models. Both supervised learning and semi-supervised learning are

employed.

3.4.1 Supervised Learning

Supervised learning begins with model initialization. The encoder module is ResNeXt-101 with
pretrained weights sourced from training on the ImageNet dataset. The weights of the decoder
module are randomly initialized. The training process then begins in full as samples are fed into
the model and the model weights are updated using backpropagation of the errors between the
model predictions and the true labels. A specific optimizer must be chosen to determine the fashion
in which each model weight update is performed. In this work the chosen optimizer was stochastic
gradient descent (SGD) with momentum [71] due to its robustness and ability to find more
generalizable optima [72], despite the cost of additional training time when compared to ADAM.
As such, the model weights are updated according to Equation 4 with each batch of training. The
set of model weights are denoted as ©, the learning rate is A ; the momentum term is u, and is set
equal to 0.9 throughout. L represents the loss function, P represents the model’s predictions for the
current batch, and G represents the ground truth data of the current batch. For the initial batch of

training, Vj is set to zero. A batch size of 4 was selected.

Vi=uV,_1 + AVyL(P; Gr) Equation 4. SGD with momentum
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The loss function employed in this instance is dice loss [73] [74]. Dice loss directly optimizes the
F1-score. This loss function is more appropriate than common classification losses such as binary
cross-entropy due to the class imbalance within the dataset. Any loss function which does not in
some way account for class imbalance will cause predictions of the most common classes, level
ice floes, to be substantially more accurate at the cost all of the less common classes. Dice loss and

its differentiable approximation are defined in Equation 5.

2* True Postives Equation 5. Dice Loss Function
True Positves +False Negatives

Lpice =

2 YnP Gy

Lpice(P; Gr) =1—
che( T) ZNPZ +2NG’12‘

The weights of the encoder module are frozen for the first five epochs of training so that the
randomized decoder weights may learn to make use of the features already produced by the
pretrained encoder. Freezing the encoder during this period prevents its already finely-tuned
weights from being wildly updated by the large gradients produced initially due to the highly
inaccurate predictions produced by the randomly initialized decoder. The learning rate is held at a
constant value during this stage of training. Only after five epochs of training and the model has
begun to converge towards steadily improving performance are the encoder weights unfrozen.
Once unfrozen, the encoder may begin to learn visual features which may have been less relevant
to their original task and better adapted to the ice imagery. The progression of training loss,

accuracy, and fl-score during this initial training is presented in Figure 36.
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Following the initial warmup training and the unfreezing of the encoder weights, the main training
procedure may begin. The training progresses for a total of five hundred epochs. During this stage

the learning rate is adjusted constantly using a cosine annealing function [75] which defines the

Figure 36. Progression of warmup training process.

learning rate at each epoch according to Equation 6.
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The value of A,,,4, is 1.2 * 1073, the value of A,,;, is 2 * 10™%, T; is the current epoch number,

and the value of T, is 50.

T; % T, )) Equation 6. Cosine annealing function
A

1
A= Apin + 3 (Amax - Amin) <1 + COS( T
c

2
The purpose of this cycling learning rate function is to facilitate snapshot ensembling [76]. This
method allows for one training cycle to produce multiple models fit to find different optima within
the learnable model parameter space [76]. The progression of the main training process, along with

the corresponding learning rate at each epoch, is presented in Figure 37.

Training for 500 epochs with a cycle period of 50 epochs leads to exactly ten learning rate cycles
within the main training procedure. A snapshot of the model’s state is saved just before the
learning rate increases, for a total of ten snapshots. Only the final three snapshots are fine-tuned
and included in the final ensemble because each subsequent snapshot tends to find a better optima
than was found in the previous cycle, and to maintain the computational and time complexity of

the training process as well as the final system itself within acceptable confines.
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Figure 37. Progression of main training procedure.
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The example in Figure 38 illustrates the learning process of a theoretical model with the learnable
weights on the bottom axis and the corresponding loss on the vertical axis. The learning rate is
initially high and decays until its minimal value is reached, allowing the model to converge towards
a local minima similar to a standard decaying learning rate schedule. Then, the learning rate
suddenly increases back to the initial high value. This causes the model to overshoot the current
optima and further explore the parameter space — ideally to settle in a different optima as the

learning rate again decreases.

5 5 .S_in:gle Model = P gy Shap_shofEns_em_ble ;
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- & ,"\\ ANLLA s, : : 0. i ,"9“ J

Figure 38.Comparison of standard learning rate schedule and cyclic learning rate schedule with snapshots. Figure 1 from [76].

Finally, the progression of the fine-tuning training process is presented in Figure 39. The validation
metrics improve only marginally while the training metrics continue to improve throughout —

suggesting a certain degree of overfitting at this stage.
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3.4.2 Semi-supervised Learning

Semi-supervised learning is an extension of supervised learning. It is employed in this work to
allow the system to benefit from the vast amount of unlabelled data while improving system

performance.

In the case of semi-supervised learning, it is assumed that a secondary set of input data is available
which does not have corresponding labels. In many cases, the unlabelled dataset may be
substantially larger than the original labelled dataset because the costly and time consuming
process of obtaining data labels is not required. This work adopts the semi-supervised learning

procedure proposed in [77].

The first step of semi-supervised learning is to proceed with a regular round of supervised learning,
using the labelled training set to train a model or ensemble of models to perform the task at hand.
Next, the model(s) are used to predict on each sample from the unlabelled dataset. As these

predictions do not necessarily reflect the truth, they are considered to be pseudolabels.

In the next step, a new round of training is initiated. In this round, the unlabelled data and associated
pseudolabels or some subset thereof are concatenated with the original training data and true labels.
In the case that only a subset of the pseudolabels are utilized, they are selected based on the
instances in which the model(s) predicted the pseudolabels with the greatest degree of confidence
— this helps to mitigate the presence of low-quality or noisy samples. Once the labelled and pseudo-
labelled data have been merged, the original training process from the initial supervised learning
process is repeated from scratch, including random re-initialization of the model(s). This overall

process is visualized in Figure 40.
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Figure 40. Semi-supervised training routine. Figure 2 from [77].

The above process may be repeated an indefinite number of times, with each round the quality of
the pseudolabels is expected to increase such that after training completes the measured
performance upon the validation or test set improves with each subsequent round of training. As
the number of rounds of iterative training increase, it should be expected that the rate of
improvement slows down as the marginal utility of each round of training decreases. This is
supported by the evidence presented in Figure 41, showing diminishing returns across one round

of supervised training and the two subsequent rounds of semi-supervised training that were
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performed. Time and computational limitations were the driving factor regarding the choice to

conduct only two rounds of semi-supervised training.
Effect of Semi-supervised Training
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Figure 41. Effect of three rounds of semi-supervised learning on Fl-score.

It stands to reason that repeating an increasingly large number of rounds of semi-supervised
learning would not be able to increase accuracy to an arbitrary degree. As such, repeated rounds
of semi-supervised learning would be likely to slowly increase performance and either approach

some asymptote, begin to oscillate, or degrade performance due to error amplification.

3.5 Evaluation

This section details the performance of the individual models which have been trained as detailed

in the previous sections. A total of twelve models are considered. The validation-set metrics of
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each individual model are presented in Table 1. The bolded results highlight the best performance
in each metric. An identification number is assigned to each model for the purpose of future
reference to specific models. Models with ID numbers 2, 6, 9, and 10 are the models with highest
validation-set performance of each architecture. These selected models are subsequently evaluated

individually on the test set, with their metrics presented in Table 2.

Overall, models with the PSPNet decoder architecture have the highest performance on both the
validation and test sets. However, the gap between PSPNet and the other architectures is much less

on the test set in comparison to the validation set.

The metrics used to evaluate the models are: accuracy, top-2 accuracy, precision, recall, f1-score,
brier score, and IOU. Accuracy is simply the percent of correctly classified pixels over all images.
Top-2 accuracy is the percent of all pixels over all images for which the correct answer was among
the two most likely predicted classes. Precision, recall, and fl score are closely linked and are
important in the context of datasets with high class imbalances. Precision measures the average
value across all classes of the ratio of true class detections relative to all pixels predicted to be
members of that class. Recall measures the average value across all classes of the ratio of true class
detections relative to the true number of instances of that class. The fl-score is the geometric mean
of precision and recall. The Brier score [78] is a method for measuring the accuracy of a
probabilistic classifier, defined as the sum of the squared differences between the model’s class
probabilities output and the true classifications. Finally, the IOU [79] — also known as the Jaccard
similarly coefficient, uses set notation to find the average over each class of the intersection of
prediction and true class instances divided by the intersection of true and predicted class instances.

In the case of all metrics except the Brier score, a higher value is more optimal.
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Table 1. Individual models' validation-set metrics.

Decoder ID  Accuracy Top-2  Precision Recall F1 Brier 10U

Accuracy

FPN 1 84.57% 95.91% 82.84%  78.90% 80.63% 0.0465 68.80%

FPN 2 84.77% 95.99% 83.21%  79.07% 80.82% 0.0460 69.21%

FPN 3 84.24% 95.80% 82.65%  78.84% 80.49%  0.0477 68.68%

LinkNet 4 85.40% 94.41% 83.55%  80.06% 81.60% 0.0460 70.20%

LinkNet 5 84.85% 94.44% 83.20%  79.49% 81.14% 0.0478 66.49%

LinkNet 6 85.34% 94.60% 83.70%  80.09% 81.68%  0.0463 70.26%

PSPNet 7 87.28% 97.25% 84.43%  81.51% 82.78%  0.0368 72.08%

PSPNet 8 87.13% 97.21% 84.27%  81.54% 82.72% 0.0373 72.01%

PSPNet 9 87.32%  97.35%  84.46%  81.54% 82.81% 0.0366 72.14%

U-Net 10 85.16% 93.78% 83.58%  79.54% 81.31% 0.0464 69.88%

U-Net 11 84.92% 93.79% 83.38%  79.66% 81.26% 0.0473 69.81%

U-Net 12 84.52% 93.43% 83.22%  7897% 80.79%  0.0487 69.15%
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Decoder ID
FPN 2
LinkNet 6
PSPNet 9
U-Net 10

Table 2. Highlighted models individual test-set metrics.

Accuracy

85.30%

84.77%

86.07%

85.46%

Top-2

Accuracy

96.59%

95.80%

97.31%

95.24%

Precision

86.09%

86.39%

86.17%

86.47%

Recall

79.92%

78.72%

79.45%

79.14%

F1

82.42%

81.59%

82.57%

82.00%

Brier

0.0446

0.0486

0.0411

0.0459

10U

71.86%

70.82%

72.30%

71.38%

Additional information regarding these models’ test-set performance is found in the confusion

matrices of Figure 42. Each matrix presents the percent of each class which have been

classified as each of the other classes. An ideal confusion matrix would be equal to the identity

matrix, with 1.0 along the diagonal and zero elsewhere.

Consider the matrix of model ID #9, and observe that the model accurately classified open

water in 95% of instances, and misclassified it as level ice in only 3% of all pixels.

Furthermore, observe that the model accurately classifies 74% of ridges, while misidentifying

18% of them as level ice and 7% as broken ice.

66



FPM (1D #2) Linknat {10 #6)

Vealet
Wabter

Fop

i
E E
¥ 1

Fudge

Reage

Eroken

- 0.3

Broken

et

DRher

WWaALET Flzeg: Flex Pl Hrdugn CXhET Waker P Fex Ridige Breden (,_l',l.,
Predicned Procied
PSPHet (1D #3) Unet |k #10)
- L0 LD
B E
E £
& on

Atusl
A ual

Redyn
medpe

Hegken

cker

Cthees

Rpaes

Water Flog Aex Fidos Eroken Ohaee Water Fos Flex Bidge Eroken xhaee
Predicted Predicted

Figure 42. Highlighted models test set confiision matrices.

3.6 System Tuning

Further steps may be taken to improve the system’s performance. The specific steps undertaken in

this work are model calibration and multi-model ensembling.
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3.6.1 Calibration

A perfectly calibrated model will yield predictions for which the confidence of predictions
accurately represents the true underlying uncertainty that the particular sample is truly a member
of the predicted class [80]. More simply, when a perfectly calibrated model predicts a classification
with a certain percentage of confidence, it should be a correct positive classification the same
percent of the time on average. There are several advantages to properly calibrated models. It has
been shown that the process of model calibration should not negatively affected the classifier’s
accuracy [80], and furthermore it has been empirically shown that it often improves the
classification accuracy [81]. This should only apply to the dataset upon which the classifier was
calibrated, and as such an improvement in the validation-set accuracy is expected, while for the

test set this is not guaranteed.

In this work, the models which have been trained on the training set and augmented via semi-
supervised learning are then calibrated based on the validation set. The calibration process is
applied independently to each model of the ensemble. First, the validation set images are fed
through the model to produce its segmentation predictions. The predictions are then used to train
a logistic regression to best match the model’s uncertainty relative to the true validation-set
segmentation. The logistic regression applies independently to the vector of probabilities produced

with respect to each pixel and allows for the capture of inter-class correlations.

Finally, the outputs of the logistic regression are used to fit an isotonic regression [82]. The isotonic
regression applies a non-linear monotonically increasing function to scale the predicted
probabilities at each pixel to best reflect the observed uncertainty. Calibration plots for both the

original and calibrated models evaluated against the training, validation, and test sets are presented
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in Figure 43. Ensemble test-set performance is detailed via confusion plots of the highlighted
individual models with calibration presented in Figure 44 in contrast to the uncalibrated equivalent

plots in Figure 42.

The individual test-set performance of the highlighted models is presented in Table 3, directly
contrasting to the results presented in Table 2. Following calibration, U-Net has displaced PSPNet
for the position of top model across several of the metrics. Note that some of the individual metrics
decrease while some others increase, except for the Brier score which uniformly improves across

all models.

Implementations of both logistic regression and isotonic regression models are provided via
Scikit-learn [83]. The above approach describes only one of many valid calibration approaches.

The exploration of other calibration approaches should also be considered in future work.

Table 3.Highlighted models with calibration individual test-set metrics.

Decoder ID  Accuracy Top-2  Precision Recall F1 Brier 10U

Accuracy

FPN 2 85.07% 95.14% 86.21%  79.28% 81.64% 0.0397 71.05%

LinkNet 6 84.82% 91.59% 86.49%  78.66% 81.47% 0.0425 70.76%

PSPNet 9 85.76% 96.76%  86.36%  79.45% 81.75% 0.0375 71.52%

U-Net 10 86.03% 93.56%  86.37%  80.06% 82.40% 0.0397 72.11%
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Figure 43. Calibration curves comparison, PSPNet.
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3.6.2 Neural Network Ensemble

An ensemble is a collection of models trained to perform the same task. An ensemble of models
will generally outperform each of the constituent models under the assumption of independent
errors, whereby the errors of each model are assumed to be random and independent [84].
However, this assumption often does not hold in practice because models have been trained in the
same manner and on the same dataset and as such their predictions may be highly correlated.
Nonetheless, neural network ensembles remain an effective method to increase accuracy and
decrease the vulnerability to abnormal or erratic predictions that may be exhibited by an individual

model.

In order to maximize the performance improvement of the ensemble, the individual models of the
ensemble should differ in some way. A total of 12 models are included in the ensemble. Four
random initializations were performed, corresponding to the four neural network architectures
employed. In each of the four primary training procedures, the final 3 snapshots corresponding in
troughs in the cyclic learning rate are sampled and independently fine-tuned. This yields a total of
12 models to comprise the ensemble. Next, each of the 12 models are independently calibrated
using the methodology discussed in Section 3.5. Following calibration, the models are complete

and receive no further updates.

Following the completed training of all models in the ensemble, the next task was to merge the
individual model predictions into a final ensemble-wide prediction. Table 5 summarizes the

performance of the ensemble under various prediction amalgamation methods.

Next, each of methods are described. Dimensionality is an important consideration. The input of a

single image into one model is represented in a three-dimensional array with shape height, width,
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and the final dimension corresponding to the separate RGB components of the image. The neural
network in return produces a probabilistic segmentation map, another three-dimensional array with
shape height, width, and a final dimension corresponding to the probabilities that each pixel

belongs to each of the 6 classes.

When an image is passed through all 12 members of the ensemble, the set of outputs is represented
in four-dimensional array with shape of 12, height, width, 6. The set of outputs are represented
as Xipwee The processes below operate along the first of these dimensions and reduce along it in
order to produce a final output with the same dimensions as if a single image was passed through

a single model.

The first method employed is a simple mean of the ensemble predictions, as defined in Equation

7.

Equation 7. Ensemble Mean

1 12
Mean(X) = —Z X;
12 -

The second method is referred to as Shannon Mix which uses the mean of an output map’s Shannon
entropy [85] as a way to weight the final prediction more heavily towards the model outputs which
were predicted with the highest degree of confidence. The mean Shannon entropy is calculated
over one probabilistic segmentation map according to Equation 10. The function norm refers to
normalization and serves the simple purpose of dividing each element along the class-probabilities
dimensions by the sum along that dimension at each location, ensuring that each pixel maintains a

valid probability distribution among the classes.
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Equation 8. Mean Shannon

1 H W C
H(X;)) = —mz Z inhwc * In(Xipwe) Entropy

Equation 9. Shannon Mix

The next three methods tested are variants of Borda count [86], a ranked ballot system in which

choices are ranked by preference and assigned a certain weight in accordance to that rank. At each

pixel in an output segmentation map, the probabilities are ranked from highest probability to lowest

and then assigned a weight, now interpreted as a probability, according to Table 4.

Table 4. Borda count weightings.

Ranking 1 2 3 4 5 6
Method
Linear 0.285 0.238 0.190 0.143 0.0952 0.0476
Fibonacci 0.406 0.25 0.1562 0.0938 0.0625 0.0312
Exponential 0.634 0.2331 0.0858 0.0315 0.0116 0.00427
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Table 5. Comparison of ensemble prediction amalgamation methods

Method Accuracy Top-2 Precision Recall F1-Score
Accuracy

Mean 86.77% 97.15% 85.24% 80.57% 82.61%

Shannon Mix 86.49% 94.01% 84.66% 80.90% 82.54%

Linear Borda 86.25% 96.00% 84.75% 80.47% 82.33%

Fibonacci Borda 86.32% 96.28% 84.78% 80.62% 82.44%

Exponential Borda 86.12% 96.44% 84.59% 80.71% 82.48%

Based on the above results, one may conclude that the mean prediction is the optimal solution from

those tested. However, there still remains room for further improvement. Instead of a simple mean

as tested, a weighted mean allows for further improvement in performance [87]. Weights are

determined by each model’s independent accuracy on the validation set. The weight assigned to

each model is calculated according to Equation 10, where n=12 and Acc(M;) represents the

accuracy of the model indexed.
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Acc(M;) Equation 10. Accuracy based model weighing
l Z;cl=1 Acc(My)

The amalgamation of model predictions is then computed according to Equation 11.

QX) = ?=1 W; = F(X; M)) Equation 11. Ensemble weighted mean

This weighted mean approach is more accurate on the validation set but this may be trivially
expected because this is the set from which the weightings were derived. Comparison on the test

set however also demonstrates an improvement when the weighting scheme is employed.

3.7 Complexity

This section analyzes the computation complexity and memory requirements of the system as a
whole. Benchmarking is conducted on a Tesla-V100-DGXS GPU with thirty-two gigabytes of
video memory. The time required to compute one image using the entire ensemble of 12 models
averages between 25 and 29 seconds. Ensemble prediction with the calibration system activated

increases total time by approximately two seconds.

The time to compute a batch of 10 images averages between 60 and 70 seconds. The total volume
of data being processed increased by a factor of ten while the total time to compute only doubles.
This demonstrates that the majority of time cost does not come from forward pass of models’
predictions but rather from loading and unloading the models into GPU memory and prediction
combination. This is further corroborated by the evidence presented in Figure 45, which
demonstrates a base time of approximately 25 seconds and an approximate 3 second increase per

image processed. Three repetitions were conducted for each batch size. The first repetition
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consistently takes longer to compute than the following two due to overhead costs that are not

faced in subsequent passes.

In either case, it is evident that the current implementation is not capable of real-time predictions.
There are numerous optimizations that may allow for real-time predictions. Multiple GPUs each
computing the prediction of one model would decrease the time cost proportional to the inverse of
the number of GPUs employed. Removal of the worst performing models would also decrease the
time proportionally, but possibly at slight cost of reduced accuracy. Furthermore, a concerted effort

to optimize other aspects of the pipeline would likely further expedite predictions.
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Figure 45. Ensemble prediction time by batch size.
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Table 6 presents the parameter count and mean time to make a single prediction for each of the
four architectures in the ensemble. Ten repeats are utilized for calculation of mean prediction time.
Notably, the model with the highest validation-set accuracy also has the least parameters and the
quickest prediction time. This emphasized the efficiency of PSPNet architectures and highlights

them as key to further developments.

Table 6. Model type, parameters, and prediction time.

Model Type Parameter Count Mean Prediction Time
FPN 45, 638, 095 0.373s
LinkNet 47,504, 623 0.349s
PSPNet 32,453, 583 0.333s
U-Net 51,282,351 0.352s

3.8 Results & Discussion

The final semantic segmentations produced by the model ensemble present a high overall accuracy
and strong recall on each of the individual classes. Performance on the validation set and test set
is presented in Figure 46 and Figure 47 respectively. The difference in performance between the

two sets is likely attributable to the relatively small size of the datasets. Performance is often
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observed to degrade on the test set relative to the validation set. In this case however, one may
observe that several of the metrics have improved on the test set relative to the validation set —
including both accuracy and f1-score. These differences are most likely explained by the small size
of both the validation and test datasets, leading to a high degree of volatility as the contribution of

each individual image is comparatively large. Larger datasets would lead to more consistent results.

Hyperparameter optimization was not conducted in this work due to the high computational and
time cost of this process. Hyperparameters which may be considered for optimization in future
works include the minimum and maximum values of cosine annealing learning rate, the 12

regularization rate, and data augmentation parameters.

79



Actual

Water

Broken Ridge Flex Floe

Cther

Water

Floe

Flex Ridge Broken
Predicted

Figure 46. Ensemble validation set confusion matrix.

80

Other

- 10

- 0.8

0.0



- 1.0

o 0.00
]
[15]
=
-0.8
W 0.00
o
L.
=
@
[
m
=
2
L
L=}
=
[
= 0.02
ab]}
e
£
sl
@
=
o]
] [} I ] [} I = ﬂ. 0
Water Floe Flex Ridge Broken Other
Predicted

Figure 47. Ensemble test set confusion matrix.

Ensemble performance metrics on the test set are presented in Table 7. From the data found within,
we may conclude that the accuracy weighted ensemble mean slightly outperforms the simple mean.

Unexpectedly however, the data suggests that the calibration process actually detrimentally affects
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the test-set performance. The actual calibration measure is marginally higher as reflected in the

Brier score, but all of the other metrics worsened in comparison to the un-calibrated results.

Table 7. Test-set metrics comparison.

Calibration Weighting ~Accuracy Top-2 Precision Recall | Fl-Score Brier 10U
Accuracy

True None 87.05% 96.94% 88.51%  81.22%  83.57% 0.0355 74.19%

True Accuracy 87.06%  96.96%  88.52% 81.23% 83.58%  0.0354 74.20%

False None 87.14% 97.24% 88.24% 81.70% 84.21% 0.0360 74.71%

False Accuracy 87.17% 97.26% 88.24% 81.72% 84.23% 0.0359  74.74%

Test-set performance as a function of time of day is presented in Figure 48. Overall there does not
appear to be any significant trends throughout the day, with results remaining mainly consistent
throughout. Similarly, test-set performance as a function of month is located in Figure 49. Once
again, little overall trend is observed. The spread of metrics is wider in March than it is in February.
This may be reflective of more diverse ice conditions observed in March relative to February, or

may simply be a result of the small dataset size.
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Figure 48. Test-set metrics by time of day.
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One test image which poses a particular challenge is pictured in Figure 50. In this image, frost has

built up on the camera lens, leading to increased difficulty in accurate segmentation of the image.

There are no images in either the training of validation sets which match this level of frosting or
low-level visibility. As such, it was considered to remove this image from the test set entirely.
However, it was decided that this image does represent real-world conditions and should remain

in the test set.
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Figure 50. Test-set sample with significant lens frosting.
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Shadows have been an ongoing challenge in this project. Despite attempts to mitigate the issue,
the effect of shadows may still be clearly observed in many test set images. An example of this

issue provided in Figure 51. The outline of the shadow may be clearly observed in the predicted

segmentation map.
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0 100 200 300 400 500 600 700

Predicted Labels Errors

Figure 51. Sample from test set illustrating challenge of shadows.

Another issue which continues to challenge this project is the situation of fully open-water images.
As illustrated in Figure 52, images consisting of only open-water tend to have significant portions
of the image misclassified as level ice, particularly under wavy conditions when the wave crests

catch the natural light and appear brighter than their surroundings.
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Figure 52. Sample from test set illustrating challenge of open water.

A final issue has been noted when applying the ensemble to sequences of images. Output
predictions often appear inconsistent from frame to frame, with the boundaries of regions visibly

flickering from frame to frame. Further work is required to improve the consistency of results.

Despite the above noted potential issues, the developed approach gave very good overall accuracy
for a broad range of conditions, highlighting the utility of this approach for ice characterization

using visual data.
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Chapter 4. Visual Velocity Estimation of Sea Ice Floes

This chapter describes the implementation of a system using classical computer vision techniques
for the purpose of estimating the velocity of ice floes within a sequence of consecutive images.
Outputs from the ensemble generated in Chapter 3 are integrated and the usefulness of this

segmentation data is demonstrated.

4.1 Background

Sea ice poses a significant challenge to many offshore structures and operations. Velocity of an ice
floe is among the primary dominant factors in determining the loads experienced during ice-
structure interactions. As such, the accurate determination of velocity is a key factor for load

estimation.

Other works have attempted to produce estimates of floe velocities using various methods. One
approach employed was thresholding the image based on intensity, approximate the floes in the
image as circles of uniform radius and to observe the rate of change in distance between each floe
[88]. Another approach, more similar to the approach employed in this section, matches Harris

corner features [89] over the full extent of subsequent image pairs [90].

4.1 Methodology

In this task, each image is first split into 64x64 pixel subregions and then independently processed
to increase the distinctiveness of the ice surface. Next, BRISK [22] keypoints are computed over

each sub-region and matched with keypoints from the corresponding subregion of the next image
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in the sequence. Furthermore, the velocity estimates are averaged with estimates produced based
on the semantic segmentation map produced using the techniques described throughout this work,
as applied to the original image. The production of the segmentation map does not require specific
preprocessing to increase contrast, but is otherwise processed in an identical fashion. One frame
from a sample image sequence, along with the corresponding segmentation map, is presented in

Figure 53.

Original

Sagmentation

Figure 53. Sample frame and segmentation. Two outlines in red denote the regions presented in Figure 54.
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For the purpose of this task, a small dataset has been collected from imagery captured by the two
cameras mounted on different piers of the Confederation Bridge. A total of ten image sequences
have been gathered from each camera, with each sequence having a length of five images. The
cameras produce an image once every three seconds — equivalently, the cameras have a framerate

of one-third frames per second.

To start, each image is downscaled from their native resolution of 1920x1080 to 768x448 using
bilinear interpolation in order to match the resolution of the semantic segmentation output. In turn,
this resolution was selected so as to be a multiple of 32 along each axis while roughly preserving
the original aspect ratio, from 1.77 originally to 1.71 after scaling. This also has the added benefit
of reducing noise present in the image similar to a light blurring. Next, each image is reduced into
a set of 64x64 regions. This tiling prevents inaccurate keypoint matches from introducing
potentially significant noise to the velocity estimates. However, this does raise a risk that if velocity
was sufficiently high there would be no true matches within the same subregion. In practice, the
highest velocity found in this dataset was less than half that which would pose this issue, and the

average velocity lower by an order of magnitude.

The 64x64 regions are offset in each direction by 32 pixels, such that each region has a 50% overlap
with each of its horizontal and vertical neighbors and a 25% overlap with each of its diagonal
neighbors. This process was selected to ensure that ice features near the border of each region were
not ignored, as the feature extractors explored were found to mainly detect features near the center

of the subregion.

The majority of these subregions consist only of the surface of a particular floe, which have low

contrast and make it very difficult to detect meaningful features. As such, image processing
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techniques are performed in order to increase the meaningfulness of these surfaces. First, histogram
equalization is applied to the subregion, dramatically improving the ability to visually distinguish
unique patterns on the ice surface which may be used for feature matching. Finally, a sharpening
filter is convolved over the subregion to further highlight features. The filter selected is a modified
Laplacian filter [91] which detects transitions in both the horizontal, vertical, and diagonal
directions. The modified filter is equivalent to passing a regular Laplacian filter over the image
and then adding the output back to the original image. The exact kernel used is presented below in

Table 8. Sample results of two image subject to these enhancements are pictured in Figure 54.

Table 8. Modified Laplacian Filter.

It is important to note that the operations described in the above section are performed on the
intensity values of the image only. In order to achieve this, the original image is transformed from
its original RGB representation to an HSV representation. The above operations are then applied
to the V channel only, before the image is transformed back into an RGB representation. Many
keypoint detection algorithms require grayscale images as input, but the selected detector requires

RGB format.
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Figure 54. Region Enhancements.

A number of different feature detectors were considered for use in this work. The SIFT and SURF
algorithms were excluded from consideration due to their patented status. Only open-source feature
detectors with implementations provided though OpenCV [92] were considered. Though empirical

examination, BRISK [22] was found to be the most reliable for detecting keypoints in this domain.
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Surprisingly, ORB [23] often failed to detect any keypoints within each subregion, even following

the image enhancements described above.

Finally, the detected keypoints of corresponding subregions are matched using a brute-force
matcher and hamming distance metric. The brute-force match greedily loops through each
keypoint in one image and returns the keypoint in the second image with the greatest degree of
similarity according to their corresponding descriptors. Example keypoint matches, from the same

regions presented in Figure 54, are presented in Figure 55.

For each match, the x and y component of the distance between the locations of the keypoints are
recorded. Any match having an x or y component of distance greater than one standard deviation
from the corresponding mean is filtered out in order to remove inaccurate matches. The mean x

and y distance of the filtered matches are then returned and recorded for the value of this subregion.

The entire process is repeated for each of the 299 subregions per image. This process produces a
pair of heatmaps which represent the x and y component of the estimated velocity at each location
in a 23x13 grid. Any grid location having a value greater than two standard deviations from the
mean are replaced by the mean value. A sample velocity grid is presented in Figure 56. It would
also be possible to represent the x and y velocity components in combination as vectors overlaid
onto the original image, but this would require that the vectors be projected into the cardinal

directions. Uncertainty of the cameras’ exact orientations and positions make this a challenge.

A second pair of grids is produced by repeating the above process, minus image enhancements,
on the semantic segmentation of the original images. For cells that are fully contained within a

single class and thus have no texture to track, the means of the original grids are dropped in-place.
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The mean of the grids, excluding predetermined locations containing parts of the pier itself, is
taken to produce the final full-image velocity estimate. Camera perspective naturally causes the
velocities estimated in the far-field to be less than those in the near-field, but correcting for this
distortion was decided to be outside the scope of this project. To convert the distance measured in
pixels to real-world units, the known size of the narrowest part of the pier is used to create a

baseline estimate of approximately 14 cm/pixel.
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Figure 55. Sample keypoint matches.
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Figure 56. Heatmaps of x and y velocity components detected at each image subregion.
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4.2 Results & Discussion

In the absence of directly verifiable base-truth data, a metric has been selected to evaluate the
quality of these velocity estimates. The metrics of absolute error (AE) and absolute percent error
(APE) are applied where the ‘true’ label is considered to be the mean velocity found over the

duration of each short video clip.

Within the timeframes examined here, it may be assumed that acceleration is negligible and thus
that the velocities should be constant. Based on this assumption, the quality of each estimate may
be based on the method’s ability to produce near-constant predictions over short timeframes. As
such, Let 7 define the list of velocity estimates corresponding to a particular sequence, and E (V)
to represent the mean value over that sequence. These metric are defined in Equation 12 and

Equation 13.

AE(V, i) = |Vi - E(V)I Equation 12. Absolute error.
APE(V, i) _ |Vi;(l:"/()v)| « 100% Equation 13. Absolute percent error.

The mean of this metric across all the image-pairs within the dataset was found to be equal to 7.3
percent. The distribution of AE and APE values across the eighty samples in the dataset are
presented in Figure 57. The relationship between the mean velocities predicted over the duration

of a particular video clip and the AE and APE value of each frame pair is found in Figure 58.

A brief ablation study, in which one component of the system is disabled at a time and the effect
observed, was conducted to assess how the various components of the proposed system interact.

The following scenarios were examined: 1) visual imagery only; 2) semantic segmentation map
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only; 3) median of velocity map rather than mean. In all three cases, the mean absolute percent
error increased as components were modified from the original configuration. In case 2), the
MAPE reached a level higher than eleven percent. These results suggest that the combination of

both the visual imagery and semantic segmentation map is ideal and mutually complimentary

towards the minimization of noisy predictions.

Correction for the physical location of pixels is impossible because the camera’s intrinsic and
extrinsic properties are unknown and because the exact angle at which the camera rests. This poses

a major limitation to the current implementation.

Absolute Percent Error Distribution Absolute Error Distribution

Count
Count

T T l- T -‘— 1]
0.0 0.5 10 15 2.0 25 3.0 35 0.010 0.015
Absolute Percent Error Absolute Errar (m/s)

Figure 57. Velocity estimates error distribution.
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Figure 58. Absolute and percent error against mean predicted velocity of each sequence.

The above figures indicates relatively stable errors with the majority of errors less than 0.01 m/s.
This leads to more noisy predictions when the overall velocity is relatively low, as is evident in the
chart APE versus mean predicted velocity where the highest percent errors are all associated with

the lowest overall predicted velocities.
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Chapter 5. Discussion & Conclusion

This chapter provides a final summary of the work conducted along with conclusions and

recommendations relevant to future work in this domain.

5.1. Summary

In this work, the development of a system for the automatic semantic segmentation of sea ice
conditions was undertaken. The resultant system demonstrates high accuracy and the ability to
capture each of the individual classes considered despite the high imbalance of prevalence between

classes.

The individual steps involved in the training and calibration of an ensemble of models for this task
are detailed in Chapter 3. Demonstration of the applicability of the produced semantic

segmentation maps to downstream applications is provided in Chapter 4.

While certain issues persist, overall the project has been successful given the limitations of the
small dataset of labelled images utilized. Demonstration of the project’s viability has been clearly

provided, and much room for further improvements remain.

One goal of this work has been to demonstrate the ability of the system to be extended to ice
domains outside of just the Confederation Bridge dataset upon which it has been trained. This goal
was put to the test when the models were used to process imagery collected from a Canadian Coast
Guard vessel — a domain for which the models had never been trained. While the outputs were not
perfect, they were subjectively of an acceptable quality which could be improved considerably

with the inclusion of this domain into the training dataset.
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5.2. Recommendations

This section outlines recommendations for the development of similar systems and particularly for
future iterations of the current work which may seek to expand the domain beyond only imagery

collected at the Confederation Bridge.

First and foremost, the collection and annotation of additional imagery should be considered a top
priority of future projects. New image and annotation pairs should be added to each of the training,

validation, and testing datasets.

Future work may aim to transition from the paradigm of semantic segmentation to the paradigm of
panoptic segmentation. This transition would require significant efforts from selection of new
model architectures, reformulation of the data processing pipeline, and re-review of the dataset to

accommodate this change.

More work is required to address the issues of shadows cast by the structure of the bridge. More
aggressive image augmentation may be capable of mitigating this issue — particularly a wider range
of illumination level modification. Furthermore, a proposed solution may be the intentional
introduction of artificial shadows during training. A random polygon within the image may be
selected and all pixels within this polygon could be darkened by a uniform percent. Additionally,
a greater ratio of images with open water — particularly under wavy conditions — should be included
in the next iterations of the dataset. Only a small proportion of the current datasets currently

demonstrate fully open water conditions, leading to degraded performance under these
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circumstances. Greater inclusion of images under open water conditions, particularly into the

training set, should address these concerns.

Further work is required to address the issue of inconsistent predictions when considering
sequences of images. Improved datasets may ameliorate this issue somewhat, but otherwise the
system may require redesign so as to directly process image sequences rather than individual

frames.

Within the domain of semantic segmentation, the consideration of additional neural network
architectures should be executed. Pyramid-scene-parsing-network (PSPNet) was the highest
performing model of those evaluated in this work while also demonstrating the least computational
complexity. As such, similar models within this domain should be of focus. One particular
architecture which has been identified for future work is DeepLabv3+ [53] , which attempts to
combine the best aspects of all the architectures strategies employed in this work. The DeepLabv3+

architecture is pictured in Figure 59.

An additional avenue for future development towards the improvement of ensemble performance
is the application of ConvCRF [55] postprocessing as was implemented in a related work [52]
discussed in Section 2.4. Conditional random field based postprocessing has been shown to

improve semantic segmentation performance in the related work.

101



o
# Ny

S i e e
Spatial Pyramid Pooling
i o -

=7
1 0.5x
27

! 0.:5x
AI:, — A
0.5x
£ |

| 0.5x

. & 4

Image Predection

4%

Figure 59. DeepLab neural network architecture. Adapted from figure 2 of [53].

The most important step which can be taken to address the issues that have been noted regarding
the current iteration of this system is the addition of new annotated data to the dataset. The current
small size of the dataset poses significant challenges to the training of robust models capable of

producing high quality predictions across various ice domains.

5.3 Conclusions

Overall, this project has clearly demonstrated the capacity of convolutional neural networks to
perform sea ice surface characterization using semantic segmentation. Despite the small size of the
dataset employed in this work, the results are highly promising and indicate the potential for

convolutional neural networks to be deployed in operational sea ice monitoring programs.
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This system could be extended to support a number of applications outside the context of the
Confederation Bridge. Such development would necessitate the collection and annotation of
additional images sourced from alternative locations such as offshore structures and maritime
vessels. Once trained, the resultant model(s) could be deployed to enable operational decision

support systems and to assist automated vessels navigating through ice fields.

Fully automated systems for the detection of hazardous ice features can improve existing systems.
Historically, human experts have had to manually inspect the imagery from the Confederation
Bridge to visually identify moments of ice interaction with the bridge piers. Automated systems

allow experts to spend less time on such tedious tasks.

Similarly, crewmembers on vessels passing though potentially dangerous waters must be
constantly vigilant for any threatening ice features. Integration of automated systems similar to the
one developed in this work would allow the crew to spend less time on lookout — even though it
will likely be many years before these systems could be fully trusted and regulated to be

responsible for this task without human supervision.

This work makes notable strides towards the goal of autonomous characterization of sea ice
conditions and the detection of dangerous ice features. Further efforts can transform the current

system into a product capable of many real-world applications.
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Appendix A — Excerpt from the Confederation Bridge Manual

Content of this section is directly quoted from [57]. Permission has been granted to include this
previously unpublished content so as to add context to the work described in the main body of this

text.

VIA (VGG Image Annotator) (58], shown in Figure Al is an application that the University of
Ottawa and the NRC have used to identify ice features observed in images from the camera systems
monitoring the NRC instrumented piers at the Confederation Bridge. Ice features are currently
labeled in four (4) categories (the labels are bold and underlined), Ice Floe, Broken Ice, Ridged
Ice, Flexural Failure. During the first season two other labels; Open Water and Brash Ice were
also used however, it was decided that identifying brash ice was not pertinent to our objectives
and that ice was later categorized with broken ice and unlabeled parts of the image would be
treated as open water. In the future we aim to add two more labels; Splitting Failure and Crushing
Failure. The model, or a similar, one could also be used to determine level ice thickness and ridge

height.
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Identification of various ice types

The ice types identified by the Al algorithm will be Ice Floe, Broken Ice, Ridged Ice, Flexural

Failure and Crushing Failure. Figure A2 taken on February 27 at 16:55:13 has most of the ice

Figure Al. VIA application.

types that are identified by the Al algorithm.
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Figure A2. Image comprising most of the ice types.

For any given image the majority of the ice is likely to be categorized as an Ice Floe. The portions
of Figure A2 identified as ice floes are indicated in Figure A3. These sections are generally flat
ice however the flows can include deformed (ridged and rafted) ice as well. A piece of ice should

be at least 5 m in diameter or about half the width of the pier to be identified as a floe.
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Figure A3. Example of ice floes (gray areas outlined in red) from Figure A2.

Broken ice is the least imposing ice type that will interact with a structure or vessel. You will
generally find a wake of broken ice opposite where ice is failing against the pier, such as to the
left of the pier in Figure A4. Because the ice is not consolidated it is unlikely to pose any significant

load while clearing the bridge piers.
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Figure A4. Example of broken ice (gray areas outlined in red) from Figure A2.

Ridged ice is the label used to identify deformed ice (ridged or rafted). The ridged sections of
Figure A2 are highlighted in Figure AS5. A rafted section of ice is where two level ice sheets collide
and one is pushed over and the other under creating an ice thickness twice the level ice thickness.
An example of rafted ice is the section extending from the right side of the pier near the top of
Figure A5. The remaining examples of deformed ice in Figure A5 are ice ridges. Ridged ice is
formed when an ice sheet is pushed against an object and creates debris that accumulates above
and below the existing ice sheet. It regularly occurs as a result of an ice sheet colliding with
another ice sheet or another object such as a bridge pier or a vessel. If a ridge is newly formed the
ice will not be consolidated and despite being a greater mass of ice it may not be imposing. Once
the ridge has consolidated it forms the most imposing ice observed in subarctic areas where

icebergs are not found. A level ice sheet has a freeboard (above the waterline) which accounts for
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10% of the ice thickness. Typical values for ice ridges have the keel (ridged ice below the waterline)

as 4.2 times the thickness of the sail (ridged ice above the waterline) [93]. The keel of a first year

ridge is never entirely consolidated.

Figure A5. Example of ridged ice (gray areas outlined in red) from Figure A2.

Ice ridges located entirely in the upper approximately 10% of the image will not be identified.
These ridges cannot interact with the pier and images in the far field can be difficult to resolve.
The ridges from Figure A2 are relatively simple to identify. They are fresh ridges and the ice is
exposed. As a ridge becomes more weathered and especially as it becomes snow covered it can
become very difficult to identify. In some large loading events the only way to determine that there
was interaction with a ridge is by examining the ice failing against the bridge pier. A sudden
increase in ice volume failing against the bridge is an indication of a change in ice thickness, or

impact with an ice ridge
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The ice failure against the bridge piers will occur around approximately half the bridge pier at the
waterline as the ice fails against the structure. The ice failure can be in splitting, flexure or
crushing. Splitting failures are generally short lived although occasionally they will happen
regularly in succession. Failure in flexure is much more common than crushing. The conical shape
of the piers at the waterline is designed to bend up an ice sheet, to encourage failure in flexure and
reduce loads on the structure. It can be challenging to differentiate between flexural and crushing
failure by only looking at a single image. When you examine a video during a flexural failure you
will see blocks of ice break off, rise, and fall on the rubble pile. During a crushing failure instead
of seeing these blocks flowing out of the top of the rubble pile you will see snow. It will appear

much more fluid.

Figure A6. Example of flexural ice failure on the pier cone (gray areas outlined in red) from Figure A2.
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Appendix B — Test Set Results

This appendix contains all imagery from the test set, evaluated using the calibrated and accuracy-
weighted ensemble. Make note of the naming scheme used to uniquely identify each image which
is as follows <pier number>-(year, month, day, hour, minute, second). The labeling colour scheme
is presented below for reader convenience. Errors are found in the lower-right corner of each figure
and are marked in yellow to indicate each pixel for which the predicted label did not match the true

label.

Open Water
Level Ice
Flexural Failure

Ridges / Rubble

Broken f Brash

Other (Pier)
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Ensemble Calibrated & Accuracy Weighted - 119-{2019, 2, 25, 12, 25, 39}
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Ensemble Calibrated & Accuracy Weighted - 119-(2019, 2, 26, 11, 47, 31)
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Ensemble Calibrated & Accuracy Weighted - 119.(2019, 2, 27, 12, 14, 12)
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Ensemble Calibrated & Accuracy Weighted - 119-(2019, 2, 28, 13, 30, 59)
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Ensemble Calibrated & Accuracy Weighted - 119-(2019, 2, 28, 14, 22, 31)
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Ensemble Calibrated & Accuracy Weighted - 119-{2019, 3, 1, 13, 10, 53)

True Labels

Original Image (downscaled)

25¢

E

30

B G
. T i
T o 6 - \“'f’.,’i'v», R

° 00 200 xo 400 00 600 00 o 100 20C xo 400 S0¢ 600 o0

T ®

4oc

Predicted Labels

o 00 200 X0 400 %6 L 00 o 100 206 xo0 400 0¢ 00 0o

131



Ensemble Calibrated & Accuracy Weighted - 119-{2019, 3, 1, 16, 37, 26)
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Ensemble Calibrated & Accuracy Weighted - 119-(2019, 3, 10, 14, 21, 40)
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Ensemble Calibrated & Accuracy Weighted - 119.(2019, 3, 10, 9, 38, 18)
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Ensemble Calibrated & Accuracy Weighted - 119.(2019, 3, 11, 14, 17, 21)
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Ensemble Calibrated & Accuracy Weighted - 119-{2019, 3, 2, 11, 40, 29)
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Ensemble Calibrated & Accuracy Weighted - 119-(2019, 3, 2, 16, 9, 41)
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Ensemble Calibrated & Accuracy Weighted - 1192019, 3, 3, 10, 15, 37)
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Ensemble Calibrated & Accuracy Weighted - 119.{2019, 3, 3, 16, 46, 4)
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Ensemble Calibrated & Accuracy Weighted - 119.(2019, 3, &, 10, 32, 52)
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Ensemble Calibrated & Accuracy \Weighted - 119.(2019, 3, 5, 12, 40, 4)
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Ensemble Calibrated & Accuracy Weighted - 1192019, 3, 5,17, 0, 51)
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Ensemble Calibrated & Accuracy Weighted - 119-{2019, 3, 5, 17, 50, 6)
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Ensemble Calibrated & Accuracy Weighted - 119-(2019, 3, 6, 13, 25, 47)
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Ensemble Calibrated & Accuracy Weighted - 119-(2019, 3, 6, 15, 38, 59)
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Ensemble Calibrated & Accuracy Weighted - 119-(2019, 3, 7, 13, 10, 55)
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Ensemble Calibrated & Accuracy Weighted - 119-(2019, 3, 7, 16, 53, 16)
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Ensemble Calibrated & Accuracy Weighted - 119.(2019, 3, 9, 13, 51, 33)
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Ensemble Calibrated & Accuracy Weighted - 12042019, 2, 25, 12, 26, 11)
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Ensemble Calibrated & Accuracy Weighted - 1202019, 2, 25, 17, 10, 15}
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Ensemble Calibrated & Accuracy Weighted - 1202019, 2, 26, 15, 20, 57}
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Ensemble Calibrated & Accuracy Weighted - 120-(2019, 2, 27, 12, 42, 42)
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Ensemble Calibrated & Accuracy Weighted - 120-(2019, 2, 27, 14, 15, 15)
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Ensemble Calibrated & Accuracy Weighted - 120.(2019, 2, 27, 15, 4, 36)
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Ensemble Calibrated & Accuracy Weighted - 120-(2019, 2, 27, 17, 33, 58)
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Ensemble Calibrated & Accuracy Weighted - 120-(2019, 2, 28, 13, 23, 36)
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Ensemble Calibrated & Accuracy Weighted - 120-(2019, 2, 28, 15, 15, 17)
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Ensemble Calibrated & Accuracy Weighted - 120-(2019, 3, 1, 15, 2, 16)
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Ensemble Calibrated & Accuracy Weighted - 120-{2019, 3, 1, 16, 23, 4)
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Ensemble Calibrated & Accuracy Weighted - 120-(2019, 3, 10, 12, 11, 41)

Original Image (downscaled) True Labels

30
1c0
130 &
200

230

Predicted Labels Errors

R

4] 100 200 300 0 500 600 00 0 100 200 o 400 <o 600 0

160



Ensemble Calibrated & Accuracy Weighted - 120-(2019, 3, 10, 16, 37, 42)
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Ensemble Calibrated & Accuracy Weighted - 120-(2019, 3, 10, 18, 25, 19)
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Ensemble Calibrated & Accuracy Weighted - 120-(2019, 3, 11, 12, 58, 39)
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Ensemble Calibrated & Accuracy Weighted - 120-(2019, 3, 12, 9, 30, 40)
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Ensemble Calibrated & Accuracy Weighted - 120.{2019, 3, 2, 16, 27, 47)
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Appendix C — Out-of-domain test

This appendix presents samples outputs when the ensemble has been tasked to predict on images
which are from a completely separate domain from the training set. Specifically, the imagery
presented in this appendix was collected from cameras mounted on the CCGS Amundsen; a

Pierre Radisson-class ice breaker and arctic research vessel.

Imagery collected from a forward facing camera and the corresponding ensemble predictions are
first presented in the section ‘Front View’. Next, imagery collected from the port side and the
corresponding ensemble predictions are presented first in the section ‘Side View’. Reference

Figure 18 for the colour code used to present ensemble predictions.

The output predictions are not all of high quality, but still overall shows great potential when
considering that the models were trained on a very limited dataset from a different camera
perspective which did not move. Portions of the vessel are frequently labelled correctly as part of
the ‘other’ class despite the models never having been exposed to any similar examples. The
issue of open-water being misclassified as level ice remains present and is most noticeable in the

side view. Turbulence and the reflection of clouds may contribute to these misclassifications.

These results could be significantly improved if images from this domain were annotated,

merged with the original dataset, and used to retrain the ensemble of models.

<SORRY, IMAGES REDACTED>
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