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SUMMARY

Advances in sensor technology and changes in data policy have led to an ever-
increasing volume of remote sensing images. However, the optimal exploitation of
remote sensing images for their analysis still remains a problem due to their
characteristics. Deep learning techniques come as a prominent choice for such
analyzes due to their state-of-the-art results in various domains. However, remote
sensing images require adapted techniques to fully exploit their characteristic.

This thesis investigates the development of adapted deep learning techniques
for the analysis of remote sensing image sequences, taking into account the
characteristics of these images. Four deep learning methods are proposed, each
targeting at least two characteristics of remote sensing images for their analysis. The
first approach proposes a multi-task learning model for water quality estimation using
labeled and unlabeled data. The second approach treats pixels as scale series and
couples them with an LSTM network for pixel-level classification. The third approach
combines a hierarchical tree-based representation with graph convolutional neural
networks for remote sensing image classification. The last method proposes an
alternative pooling mechanism for segmentation networks.

The models of the first and second approaches are trained and tested with their
datasets and compared with their alternatives. The first approach achieved a substantial
increase in estimation performance and demonstrated that harnessing the unlabeled
data improves water quality estimation, while a significant increase in generalization
performance for pixel-level classification was observed with the second approach
compared to its alternatives. The proposed methods are presented for the third and

fourth approaches.

Keywords: Deep Learning, Remote Sensing, Image Analysis, Semi-Supervised

Learning, Multi-Task Learning, Time-Series, Multi-Scale.



OZET

Sensor teknolojilerindeki yenilikler ve wveri politikalarindaki gelismeler
sayesinde uzaktan algilanmis goriintiiler glinbegiin ¢cogalmaktadir. Bu artis, birgok
farkli alandaki problemin ¢6ziimii i¢in yeri doldurulamaz bilgi saglayan bu
gorintiilerin, uygun sekilde c¢oziimlenmesine yonelik ihtiyact da beraberinde
getirmektedir.  Ancak, uzaktan algilanmis goriintiilerin, kendine 6zgiin
karakteristiginden en uygun fayday1 saglayacak sekilde c¢oOziimlenmesi hala
cozlilememis bir sorundur. Derin 6grenme teknikleri, bircok alanda bilinen en iyi
basar1 diizeyini sagladig1 i¢in bu goriintiilerin ¢dziimlenmesi i¢in uygun bir tercih
olarak one ¢ikmaktadir. Ancak, uzaktan algilanmis goriintiiler, karakteristiklerinden
tam anlamiyla faydalanabilmek i¢in 6zellesmis teknikleri gerektirir.

Bu tez kapsaminda, uzaktan algilanmis goriintii dizgilerinin bahsi gecen
karakteristigini dikkate alarak ¢oziimlenmesi i¢in 6zellesmis derin 6grenme teknikleri
gelistirilmistir. Bu amagla, her biri bahsi gecen goriintiilerin en az iki karakteristigini
ele alan dort derin 6grenme yaklasimi dnerilmistir. Ilk yaklasimda piksel seviyesinde
siiflandirma i¢in goriintiiniin pikselleri 6lgek-serisi seklinde ele alinarak bir Uzun
Kisa Siireli Bellek ag1 ile birlikte kullamlmistir. Ikinci yaklasimda su kalitesinin
kestirimi icin etiketli ve etiketsiz veriyi bir arada kullanan bir ¢oklu-gérev 6grenen
model Onerilmistir. Ugiincii yaklasim bahsi gecen goriintiilerin ¢dziimlenmesi icin
hiyerarsik agag tabanli temsil ile ¢izge evrisimli sinir aglarini bir araya getirmektedir.
Son yaklasimda boliitleme aglarmin temel bilesenlerinden biri olan havuzlama
katmani i¢in bir alternatif onerilmistir.

Birinci ve ikinci yaklagimin modelleri veri kiimeleriyle egitilip sinanmis ve
alternatifleriyle karsilastirilmistir. Bunun sonucunda, ilk yaklasimda su kalitesi
kestiriminde belirgin bir basarim elde edilmis ve etiketlenmemis verilerden
faydalanmanin  kestirimi iyilestirdigi gosterilmistir. Ikinci yaklasimda piksel
seviyesinde siniflandirmada alternatiflerine gore genelleme performansinda kayda
deger bir artis gdzlemlenmistir. Ugiincii ve dordiincii yaklasim igin dnerilen yontemler

sunulmustur.

Anahtar Kelimeler: Derin Ogrenme, Uzaktan Algilama, Gériintii Céziimleme,

Yari-Gézetimli Ogrenme, Coklu-Gorev (")grenme, Zaman Serileri, Coklu-Olcek.
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1. INTRODUCTION

The history of remote sensing (RS) begins with the invention of the photographic
camera, which photographers attached to balloons in the 1850s to obtain images of the
Earth's surface [1]. A famous attempt was the attachment of cameras to a fleet of
pigeons in the early 20th century. The value of aerial photography was recognized
during World War I, as analysis of aerial images enabled the correct identification of
enemy installations [2].

With the launch of the first artificial satellite, Sputnik-1, in 1957, scientists
became aware of the possibility of observing the Earth from space, which eventually
led to the foundation of the National Aeronautics and Space Administration (NASA).
The establishment of NASA led to more mature approaches that eventually resulted in
the 1972 launch of Landsat-1, the first satellite for Earth observation. This milestone

marked the beginning of modern remote sensing studies.

1.1. Problem Definition

Recent advances in Earth observation, such as the new satellite missions like the
Copernicus Programme, have resulted in an abundance of remote sensing images123
with ever increasing spectral bands and temporal instances, as well as finer spatial
resolutions [3]. In addition, changes in data policy, as in the case of Landsat, have
resulted in remote sensing data being freely available to the public [4].

Remote sensing images provides invaluable information for solving a variety of
problems on Earth, from monitoring urban development and identifying anthropogenic
pressures to understanding the effects of climate change [5]. This irreplaceable
position of remote sensing images via providing information to a wide range of
problems on Earth and the drastic increase in their volume have made availing from
them to the maximum possible extent a key quest [3]. What lies in the basis of this
quest is the analysis of remote sensing images in order to interpret them.

The main challenge in this analysis is the exploitation of the intrinsic
characteristics of remote sensing images, that is to bring together their multi-scale,
multi-/hyperspectral, and multi-temporal properties so that they can introduce

complementary information to each other when available. Moreover, the effect of



exploiting such properties can be amplified by using unlabeled data, which are amply

available compared to the few number of labeled data.
1.2. Aim and Scope

A major and current challenge in this analysis is the classification of remote
sensing images. Deep learning (DL) has made a breakthrough entry to the world of
image classification in 2012 by reducing the error rate in object classification by half
[6], which led to its fast adoption for computer vision problems. DL is a family of
artificial neural network-based learning algorithms consisting of multiple connected
layers that transform input data into an estimation of the output through the neurons
operating in each layer by learning progressively higher-level features from the input
[7]. The architecture of a DL network consists of these layers stacked on top of each
other, hence coining the term deep.

DL methods are popular due to their ability of learning high-level representations
from raw input data, and therefore eliminating the need for hand-crafted features on
which the performance of the learning algorithm heavily depends [8] As a result, DL
methods have achieved state-of-the-art results in several domains where the reader is
referred to [9] for more details. Considering the breakthrough results of DL methods
in various domains, especially in problems containing sequential and spatial data [10],
and the progressive increase in the volume of remote sensing data, the application of
DL methods to the analysis of remote sensing images has become very appealing.
However, remote sensing images has the following intrinsic characteristics that make
the direct application of well-performing DL methods unsuitable for their analysis,

thus necessitating the development of DL methods specifically for this analysis:

e Multi-scale appearance of the phenomena

The altitude of Earth observation sensors varies from a few to hundreds of
kilometers. Accordingly, the scale of the captured phenomena on the image varies,
resulting in the instances of the same phenomenon being appeared in a very different
number of pixels on the image. This poses a challenge to the existing DL approaches,
as they were developed for computer vision problems where instances of a class appear

at a single scale in their datasets [11]. In order to deal this with issue, RS images require



DL approaches that are robust to the multi-scale appearance of phenomena compared

to existing DL techniques.

e Necessity of the exploitation of the spatial context

Due to the multi-scale problem mentioned above, instances of the same
phenomenon can appear in a very different number of pixels. This issue requires DL
approaches that can exploit contextual information by considering the spatial
relationship available to each pixel, rather than treating pixels independently [12]. This
contextual information can also be extended hierarchically by considering the

relationship between different scales of phenomena [13].

e Necessity of the exploitation of the temporal context

Temporal information in RS images can provide either essential or
complementary information, depending on the problem domain. However, existing
DL methods for analyzing multi-temporal images are not directly applicable to RS
images, i.e., RS images cannot be processed as in the case of videos, since
misalignments within phenomena may occur due to altitude differences and pixel
intensities may change for the same spectral band as illumination may vary depending
on weather conditions [14]. Therefore, DL approaches that take advantage of the

temporal properties of RS images are needed.

e High number of spectral bands

RS images are usually consisted of a large number of bands because their
imaging systems acquire data at different wavelengths. Although they provide the
opportunity to observe surfaces with rich spectral content, these bands contain highly
redundant information because they are acquired from the same surface region. As a
naive approach, existing DL models can be adapted for this problem by increasing the
number of neurons in the first layer, but this introduces unnecessary computational
complexity in training. Instead, DL approaches that account for this spectral density

of RS images are needed.

e Heterogeneity of RS images in time and space
Instances of the same phenomenon on the Earth's surface have very different
characteristics due to different geographic, climatological, and anthropogenic

3



conditions, which cause them to appear very differently on the captured RS images as
well [11]. This effect is multiplied in the case of multi-temporal RS images. This
problem also causes learning algorithms trained for one region to work well for that
particular region but fail for other regions in different geographies that share the same
semantic categories [10]. Therefore, DL approaches that target this heterogeneity of

RS images are needed.

e Paucity of labeled data

Obtaining RS images is tedious and labeling them may require expert level of
knowledge, as a large phenomenon can be represented with a small number of pixels,
as some RS datasets have a spatial resolution of up to 30 meters. Labeling may also
require additional steps, e.g., water quality estimation requires collecting water
samples and analyzing them in the laboratory. Therefore, DL techniques are needed
that can exploit the available data in RS images, labeled or unlabeled, to the maximum

extent possible.

As a result, four DL techniques are proposed for the analysis of RS images with

exploiting their above-mentioned characteristics.

1.3. Contributions

The contributions of this thesis are following:

1) A multi-task learning network for water quality estimation is presented to
address the lack of labeled data in multi-temporal RS images by using the
unlabeled image locations along with the labeled ones.

i1) A pixel-level classification technique is proposed to exploit the multi-scale
appearance of phenomena in RS images. For this purpose, attribute profiles are
used to describe pixels as scale-series and coupled with a long short-term
memory network to exploit their sequential nature, similar to time series. It also
highlights a common validation misconduct encountered in RS image datasets
that leads to misleadingly high generalization performance, and instead

considers the heterogeneous appearance of phenomena.



1ii) A graph convolutional neural network-based approach for pixel-level
classification is proposed that considers the multi-scale appearance of
phenomena and exploits spatial context.

iv) A special pooling mechanism is proposed to address the issues of contour
precision and missing small phenomena, which convey essential information
for the RS images due to their multi-scale appearance, caused by multiple

downsampling with the existing pooling layers in segmentation networks.

1.4. Outline

This thesis is organized as follows: The following chapter, Chapter 2, provides
information on the state-of-the-art. Chapter 3 presents the first approach to address the
limited availability of labeled data in multi-temporal RS image analysis by proposing
a multi-task learning network in the context of water quality estimation that can exploit
unlabeled data, and shows that harnessing such data improves water quality estimation
with comparing it to the alternatives. Chapter 4 proposes a pixel description strategy
that takes into account the multi-scale appearance of RS images by combining shallow
and deep methods. In this approach, pixels are described using their attribute profile-
based scale-series in combination with an LSTM network to exploit their sequential
nature, and the results are presented in comparison to the alternatives. Chapter 5
concludes with a summary of the proposed approaches and provides an overview of
future studies. Appendices A and B contain publications related to this thesis, and
funding information. Appendix C combines the hierarchical tree representation with a
GCN for pixel-level classification to take advantage of the spatial context and multi-
scale appearance of phenomena. Appendix D addresses an alternative pooling layer
that specializes in RS images by considering their multi-scale appearance. It can be
used with any segmentation network by replacing the pooling layers and explains the

planned experiments.



2. LITERATURE REVIEW

For the spatial-spectral description of the RS images, [15] proposed a method to
circumvent the need to determine thresholds for attribute profiles (AP) for the
hierarchical tree representation and investigated alternative tree representations. An
AP is a sequence of numerical measures describing the hierarchy of nested, connected
components that comprise the pixel under study with respect to selected attributes at
the predefined thresholds. APs have the disadvantage of requiring a well-chosen
threshold for each attribute. In the study, the authors used a whole sequence of nodes,
from the root to the node containing the pixel under study, which is called lineage.

They selected 5 features per pixel for description, namely:

e 2 attribute values of the nodes where the absolute difference of the attributes is
maximum.

e Level of maximum difference between attribute values of nodes in the tree.

e Intensity of the selected pixel

e Attribute value of the selected pixel’s node

[16] studied the evolution of hierarchical image representations with component
trees and introduced partitioning and inclusion trees. They described their
characteristics, construction algorithms, and differences. [17] demonstrated how braid
structures can be related to the representation of multimodal images. They showed that
the presented braid structure is able to handle multi-modal information to produce
more accurate results. In the pioneering work of [18], a novel approach for semi-
supervised classification of data with graph structures is presented. They showed that
a graph convolutional neural network is capable of encoding both graph structure and
node features in a way that is useful for semi-supervised classification. [19] proposed
a semi-supervised learning approach that takes into account both adjacency nodes in a
graph and neighbour pixels in the spatial domain, and showed that this can
significantly improve the performance of hyperspectral image classification. [20]
developed a method that goes beyond regular image grids by learning pixel-to-region
assignment, showing that regions that are relatively distant in 2D space can be

connected by successive graph convolutions.



Studies on water quality estimation using remote sensing can be divided into two
categories: semi-analytical and semi-empirical techniques [21]. For an overview of
water quality estimation techniques, the reader is advised to read [22], which contains
a comprehensive account of the subject.

Semi-analytical approaches are based on radiative transfer, which models the
propagation of light in the water column [23]. The use of the radiative transfer equation
(RTE) provides a description of the optical properties of the water body [21]. RTEs
can be solved using lookup tables and inversion methods, which in turn provide the
Chl-a estimation. However, both methods require detailed information about the water
constituents in the lake [22]. Another disadvantage of these methods is that they are
very sensitive to the correct calculation of optically active constituents in the lake,
which can affect the accuracy of the method and eventually lead to errors in the
determination of water quality parameters [24].

Semi-empirical approaches, on the other hand, estimate Chl-a values directly
using spectral bands instead of using transfer models on them [21]. This direct
approach makes them robust to water constituent calculations and does not require
prior information about lake characteristics [22]. They work by establishing a
regression relationship between the feature vectors generated by a learning algorithm
from the spectral values of the pixels for the selected lake sites and their corresponding
Chl-a values from the in-situ water measurements. Subsequently, this regression
operation is applied to the feature vectors of each remaining pixel to produce a Chl-a
estimation map for the entire lake. Examples of this approach include support vector
regression [25], a multilayer perceptron [26], and Gaussian processes [27]. Other
approaches include the use of linear and nonlinear combinations of spectral bands in
place of feature vectors [28], especially for green-blue, far-red, and near-infrared bands
[29], and the application of expert-derived band ratios [30]. For a comprehensive
overview of band-based approaches, the reader is referred to [31].

The estimation performance of the semi-empirical approaches is tightly limited
by the machine learning (ML) algorithm employed. Since the ML algorithms in
general are going through a period of change with the breakthrough of DL methods,
they are leaving their place in favor of DL methods [32]. This is happening because
DL methods have achieved the state-of-the-art results in many challenging computer

vision problems in various domains [9], which has finally brought them the attention



they deserve. This breakthrough impact of DL methods has also been resonating in the
field of water quality studies for Chl-a estimation.

Particularly, [33] employed a deep neural network (DNN) consisting of 6 hidden
layers to the spectral signatures of multispectral images with a spatial resolution of 30
m and estimated water quality parameters of lakes in the United States. Their approach
is one of the first applications of DL to water quality estimation, which improved the
estimation performance of all water quality parameters compared to other methods. As
the first application of CNNss in this context, [34] treated water quality estimation as a
classification problem and developed a CNN architecture that takes as input the patch
of the pixel under study, whose label is predicted as one of the 6 water quality levels
from the multispectral images of two lakes in China. After that, further studies
employed CNNs for Chl-a estimation, but they treated the problem as a regression,
which is more inherent to this problem rather than classification [35, 36]. Other
approaches focused on exploiting the temporal aspect of the problem, which is
consistent with the nature of multi-temporal remote sensing images and utilized long
short-term memory (LSTM) networks either alone [37] or together with CNNs [38].
Finally, a comprehensive study by [21] developed a mixture density network
consisting of 5 layers to estimate Chl-a levels and examined lakes from 10 different

countries.



3. DEEP SEMI-SUPERVISED MULTI-TASK
LEARNING APPROACH FOR
CHLOROPHYLL-A RETRIEVAL FROM
REMOTE SENSING IMAGES

3.1. Problem Definition

Lakes are essential for the environment and human life, being part of the carbon
cycle, maintaining the ecosystem and providing drinking water [5]. However, despite
their importance, they face many threats from humans and the environment. Algal
bloom, as one of the major threats, which can produce toxins hazardous to humans and
wildlife, reduce biodiversity, and cause changes in the ecosystem [22]. Chlorophyll-a
(Chl-a) is a commonly used water quality parameter to estimate the concentration of
algal blooms in a water body. Therefore, monitoring such water quality parameters to
identify the above threats is of great importance for the sustainability of the lake
environments.

Conventional water quality monitoring methods involve taking samples from the
water body and analyzing them in the laboratory, making them labor-intensive, time-
consuming, and costly methods. Although in-situ sampling gives accurate
measurements for the selected lake sites, it cannot reflect the entire water body in time
and space due to the heterogeneous distribution of phenomena that affect water quality,
such as algal blooms [39].

Moreover, it is practically impossible to sample from every point of the water
body [40, 41]. Remote sensing provides spatial and temporal views of Earth surfaces
at repetitive time intervals that can be used to mitigate the shortcomings of
conventional water quality monitoring. Furthermore, they are cost-effective, as
satellites such as Sentinel 2 and Landsat provide remote sensing data free of charge
and in the public domain.

Therefore, it is quasi-essential to use satellite images as they convey such useful
properties and can provide pixel-level Chl-a estimations for the entire lake surface.
Here raises the questions of how to exploit satellite images that does not contain Chl-
a values, and how to couple them with a limited number of Chl-a measurement samples

to make them useful for the estimations.



One of the main issues of remote sensing applications, similar to computer
vision, is the insufficient number of labeled samples, which can lead to overfitting of
the data by the model. This issue has been multiplied by the "data hungriness" of
current DL models, which employ millions of samples as input. Therefore, this paucity
of data mandates the usage of all available data to the utmost possible extent, which
may include the entire lake surface without Chl-a measurements. This is an unorthodox
approach that has not yet been explored in the context of water quality estimation.

Accordingly, the contribution of this section is a novel architecture for Chl-a
estimation that exploits the unlabeled image locations by the means of in-situ Chl-a
measurements in accommodation with the labeled image locations. To this end, a
multi-task learning architecture is proposed that employs Chl-a estimation by
regression as the main task for labeled samples and acquisition month classification as
an auxiliary task for unlabeled samples. The proposed architecture consists of a shared
feature extractor, two task-specific branches that produce outputs for each task, and a
combined loss function to train the model with these tasks. The proposed model is
tested with 3 years of in-situ measurements collected from Lake Balik in Turkey and
the corresponding multispectral Sentinel-2 images. In addition to comparing the
proposed multi-task model with current water quality estimation studies, ablation
studies are also conducted to ensure that the proposed model achieves the best
estimation performance.

Finally, this chapter addresses two previously mentioned problems of RS image
analysis, namely how to deal with the limited number of labeled data and how to
exploit the multi-temporal data by proposing an adapted DL model that benefits from

these properties of such images.
3.2. Background

3.2.1. Shallow Approaches

To provide a baseline for estimation of parameters, band ratio algorithms [21,
31, 36, 41] and support vector regressor (SVR) [33, 35, 38] are commonly used in
water quality studies. In this section, preliminary information about these two

prominent shallow techniques is provided.
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3.2.1.1. Band Ratio Algorithms

Surface topography, slope, clouds, and shadows can cause the spectral bands of
remote sensing images to have different illuminations for similar surfaces [42].
Therefore, spectral band ratioing is introduced to compensate for these illumination
variations, since they are constant between different bands, and to exploit the changes
between bands, which are not constant, to obtain information about the characteristics
of the surface.

Band ratio algorithms are computationally inexpensive, easy to use, and provide
reasonably good performance, which still makes them an prominent choice [29, 31].
However, they have the disadvantage of requiring domain expert knowledge to derive
them manually for each sensor and need to be adapted for different water bodies and

seasons of the year [43].

3.2.1.2. Support Vector Regression

Support vector regression (SVR) is a popular regression technique developed by
Cortes and Vapnik and is an adaptation of support vector machine (SVM), a commonly
used supervised machine learning method [44]. Originally, SVR was proposed to
convert low-dimensional, linearly inseparable data into a high-dimensional space in
which the data is linearly separable using kernel functions. It works by approximating
a function with a margin of tolerance between the observed and estimated values.

In water quality analysis, SVR is often used to benchmark the proposed
estimation model [33, 35, 38]. Despite SVR's ability to perform well on a small number
of data, it is not robust when the data have many outliers because it attempts to
approximate a function with as many points as possible within the margin. SVR is also
not suitable for large datasets because its training complexity is proportional to the

number of samples.

3.2.2. Deep Learning Approaches

Deep learning is attracting growing interest in many fields because of its ability
to learn abstract representations from raw data without requiring domain experts to

structure the data so that the learning algorithm can detect its patterns, and without
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manually designing feature extractors. In this section, background information on two
DL techniques, namely the multilayer perceptron (MLP) and the convolutional neural

network (CNN), are provided.

3.2.2.1. Multilayer Perceptron

A multilayer perceptron is a deep feedforward neural network consisting of an
input layer, several hidden layers, and an output layer. These layers are connected in a
feedforward manner so that information propagates in only one direction, from the
input layer to the output layer. Each layer of the network consists of multiple neurons,
where each neuron transforms its input with a nonlinear activation function and feeds
its output to each neuron in the next layer, repeatedly until the output is reached [45].
The connections between neurons are defined with the weights, which eventually leads
to an estimate for the output. To train the network, these weights are adjusted using
the backpropagation algorithm [46]. It consists in computing the error between the
estimated output and the targeted output and updating each weight gradually, starting
with the output layer to backward direction, to minimize this error. Backpropagation
uses a nonlinear technique called gradient descent that operates by taking the
derivative of each activation function. The training phase of the network with the

adjustment of weights continues until a desired threshold is reached.

3.2.2.2. Convolutional Neural Network

Convolutional neural networks (CNN) is another deep neural network that
extends MLP by exploiting spatial/temporal context and introducing translation
invariance [8]. Moreover, compared to MLPs, CNNs have better regularization
capability because in the latter architecture, each neuron in one layer is connected to
all neurons in the next layer, making them more inclined to overfitting.

Inspired by the human visual system, a CNN model learns information in a
hierarchical structure in which the lower layers respond to primitive features, e.g.,
edges, orientations, intensity changes, while the higher layers combine these lower-
level representations from the previous layers to learn more abstract features, e.g.,
object level. This is achieved by three mechanisms specific to the CNN architecture,

namely the local receptive field, shared weight and pooling [8]. The first attribute, the
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local receptive field, ensures that each neuron receives input only from the receptive
field of the previous layer, which is usually a square-shaped area, e.g., 5 X 5 pixels.
Thus, although the size of the receptive field is limited, the area it represents within
the input grows progressively towards the higher layers by combining multiple
convolutional layers, contributing to a more abstract representation. The second
attribute of the CNN, shared weight, is used to reduce the number of trainable
parameters. It follows the assumption that features learned for input position (x, y) are
also useful for position (x + 1,y + 1), allowing the same filter to be used within a
receptive field. Sharing weights not only drastically reduces the number of trainable
parameters, but also introduces the capability of translational equivariance into the
CNN, allowing it to detect objects without a fixed position in the image. Finally,
pooling within the CNN downsamples the features within a spatial/temporal window
to a single value by taking either the maximum or the average of the features. This not
only reduces the number of trainable model parameters, but also helps with overfitting
since it is not possible to recover the original values within the pooling kernel

(unpooling) except for the selected value.
3.3. Methodology

It is known that Chl-a concentration of inland waters is positively correlated with
surface water temperature, wind forces, and fertilizer runoff with precipitation, as well
as other meteorological aspects [47]. This means that a correlation between Chl-a
levels and months of the year should be expected (i.e., higher concentrations at high
temperatures and after rainfall). Given this information, the hypothesis is that a
network trained to predict the month of the year for the given remote sensing sample
(without its Chl-a measurement) will yield a better Chl-a estimation performance as it
will also learn information useful for Chl-a estimation.

This section presents the formation of the labeled and unlabeled datasets and the
input shape, the proposed architecture, the loss functions of each task, and the final

multi-task loss, in that order.

13



3.3.1. Study Area and Dataset

3.3.1.1. Study Area

Lake Balik situated in Samsun a province in northern Turkey, is used for water
quality experiments as presented in Figure 3.1. It is a shoreline lake, close to Black
Sea and is part of the Kizilirmak Delta, which has been designated as a Ramsar site
since 1998 and hosts 75% of Turkey's bird species during the year [48]. Lake Balik
has a total area of 13.9 km? and an average depth of 1.5 meters, which can reach up to
3 meters when it is connected to the sea. Around the lake there are agricultural lands
and irrigation canals that cause fertilizer and pesticide runoff and threaten the water

quality of the lake.
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Figure 3.1: Study area, Lake Balik situated in Samsun, a province in northern
Turkey and its in-situ measurement sites.

3.3.1.2. Dataset Formation

Samples were analyzed in accordance with EPA-445 [49]. Specifically, 1-liter
water samples were collected from a depth of 0.2-0.3 m below the lake surface, filtered
with 0.7 pm Whatman GF/F filter pads, and stored in the dark at -20°C until analyzed
in the laboratory. Because algal populations, and therefore Chl-a concentrations, are
prone to change within short periods of time, filtration was done under dim light
shortly after sampling. Chl-a was extracted for 24 hours using 6 mL of 90% acetone
[49]. Chl-a concentration was measured fluorometrically using a TD-7210

Fluorometer (Turner Designs, CA, USA) equipped with a white daylight lamp and a
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properly calibrated chlorophyll optical kit after being corrected for pheophytin. The
dataset was collected by Prof. Sema Ariman and her team from the Department of

Meteorological Engineering Samsun University, Turkey, and provided by them.
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Figure 3.2: The distribution of Chl-a concentration in Lake Balik over time.
Each point in the graph represents the average of 10 monitoring sites, while the
vertical bar indicates the range of values across sites, where mean = 35.82 pg/L,

standard deviation = 19.43 pg/L, minimum = 11.04 pg/L, and maximum =
108.35 pg/L.

To capture Chl-a distribution, 10 sites in the lake were selected using a spatial
sampling scheme to from a grid structure, each 500 meters apart and 250-300 meters
from shore, as displayed in Figure 3.1. At each of these locations in the lake, in-situ
measurements were conducted once or twice per month between April 2017 and June
2019 on 32 different dates (7 in 2017, 14 in 2018, and 11 in 2019), depending on
weather conditions. Sampling dates were arranged to coincide with the times of the 3-
hour satellite overflights. This results in a dataset of 10 X 32 = 320 samples.

The results of their laboratory analysis can be found in Figure 3.2, which
indicates that the lake is in a hypereutrophic state [49]. Level-1C data from the
European Space Agency's Sentinel-2 multispectral imaging instrument are used to
acquire the images. For their atmospheric correction, the POLYMER algorithm is

used, which works by finding the best fit to the observed reflectance using a model for
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ocean water reflectance [50] and has been reported to work well for optically complex
waters [51]. Bilinear interpolation is then applied to each band, resulting in a spatial
resolution of 10 m/pixel.

It is assumed that the acquisition month of the remote sensing images are
available for the proposed approach. Thus, the dataset consisting of 320 samples for
which both the in-situ measurements and the acquisition months are known constitutes
the labeled dataset. To form the unlabeled samples, in-situ measurement sites and
pixels near the lakeshore were excluded, since the former have already been used and
. It should be noted that all samples contain the month of acquisition information

regardless of the dataset.

3.3.2. Training Procedure

Training with the unlabeled and labeled samples can be done in several ways.
One approach might be to first train the model with the unlabeled samples for the
month prediction with a higher learning rate until it reaches a meaningful error
threshold, and then move on to train the model for the Chl-a estimation task with the
labeled dataset, with increasing the learning rate. Although this approach aims to take
advantage of the complementary information conveyed by the former dataset, similar
to fine-tuning with transfer learning, it could also lead the model to focus on regions
in the search space that are far from the optima of the Chl-a estimation problem.

A better approach to this problem would be to train the model simultaneously
with both datasets using a shared feature extractor, as a multi-task learning model, with
Chl-a estimation as the main task and month prediction as the auxiliary task, as
displayed in . The feature extractor shared between these two tasks can help the model
learn features that are useful for both tasks, eventually directing them to reinforce each
other. In addition, this approach can alleviate the data hunger of the DL model using
the entire pixels of the lake surface through the unlabeled dataset, introducing 2.3
million samples, and it can take advantage of the regularization effect that may come

along with these additional samples, making the model robust to overfitting.
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3.3.3. Input Shape

It is well known that providing the spatial context for the pixel under study has
a positive effect on the model's performance by exploiting the correlation between the
neighbors of the pixel and their spectral information [34, 35]. Therefore, 3D patches
of form b X k X k, centred on each input pixel are used as samples, where b is the
number of multi-spectral bands of the image stacked on top of each other and k is the

spatial neighbourhood size.

3.3.4. Network Architecture

The 2D convolutional neural network (CNN) architecture of [35] was adapted
for the shared feature extractor part for the proposed approach. It includes four
convolutional layers without pooling layers, since the input patch size is already small
at 3x3. In addition, two fully connected (FC) layers for each task are added on top the
convolutional layers to produce their outputs.

A 1-pixel padding is applied before each convolution layer to maintain the size
of 3 X 3 patches. Tanh is used as the activation function for all convolutional layers.
Then, the output of the last convolutional layer is passed to each task-specific branch
as a shared feature map. These task-specific branches, which consist of two FC layers,
are identical except for the number of neurons in the last layer. In the last layer, the
regression branch contains 1 neuron to estimate the Chl-a value, while the
classification branch contains 12 neurons to predict the acquisition month.

The proposed network architecture is presented in . The number of shared and
task-specific layers and their learning rates are determined by the ablation studies

reported in the next section.

3.3.5. Loss Functions

More formally, given a labeled dataset Dy, = {(x;, y;, m;) }where each patch x is
labeled with its month of acquisition m for x € RP*¥*k and m € {1, 2, ..., 12} and has
a Chl-a concentration y € R. In addition, an unlabeled dataset Dy = {(x;, m;)} is
formed such that each patch x is labeled only with its acquisition month m for x €

R*kXK and m € {1,2, ...,12}. The labeled dataset D;, was divided into two parts to
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form the training set T and the test set H, where ', € D, and |T| + |H| = |D,| to
test the proposed multi-task learning approach.

The goal is to learn a model ®¢ with parameters 6 to correctly estimate the Chl-
a concentration of a sample x as y = ®?(x). Unlike existing approaches in the
literature that use a single-task learning neural network architecture [34-38, 52], the
proposed approach employs a multi-task learning architecture to test the hypothesis

that a network trained to predict the acquisition month can provide better Chl-a

estimation performance. The proposed architecture consists of a feature extractor Cl)]‘?e

shared by the tasks and their task-specific branches Cl)f‘:gc and CDCBZ‘SFC , so that the model

uses them to produce a Chl-a estimation, d)feg = (¢]Qe,¢fézc), for the main task

6,FC
q)cls

regression and a month prediction, ®f = ((D,Qe' ), for the auxiliary task

classification.
3.3.5.1. Mean Squared Error Loss
The mean square error (MSE) loss function is used to be consistent with water

quality estimation studies [35, 36, 38]. To evaluate this loss, the training set 7 of the

labeled dataset D, is used, as only this contains the observed Chl-a values, as follows:
1 2
Lreg (X Vs Preg) = Brod] |Z (v = g (x)) G.1)
reg i

where (i) denotes the i, batch of the training set T, |Breg| is the batch size of the

main regression task, and y(; and beeg (x(l-)) denote the observed and estimated Chl-

a concentrations.
3.3.5.2. Cross-Entropy Loss

For the auxiliary month prediction task, a standard classification loss is used to

exploit the unlabeled image locations. This loss is evaluated for both the training set
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Figure 3.3: The pink areas show the lake masks used to employ unlabeled samples in the ablation studies centered on each Chl-a
monitoring site with (a) an 11 pixel diameter circle, (b) a 45 pixel diameter circle, and (c) the entire lake surface, yielding
28,160, 503,040, 2,364,928 unlabeled samples in 32 images, respectively.

Table 3.1: The number of samples per month for each dataset.

Month
1 2 3 4 5 6 7 8 9 10 11 12 Total
Unlabeled 148K 222K 222K 222K 222K 296K 222K 148K 148K 296K 148K 74K 2365K
Labeled 20 30 30 30 30 40 30 20 20 40 20 10 320
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Figure 3.4: The outline of the proposed multi-task learning network architecture, where Conv and FC denote the convolutional layer and the

fully connected layer, respectively.




T of the labeled dataset D;, and the unlabeled dataset Dy, since the samples of both

datasets contain the date of image acquisition, as follows:
Las (@, mepy; Pis) = = LZ m log (d)?,s(x(i))) 3.2
|Beis| - (-2)

where (i) denotes the i;;, batch of D for D = T U Dy, | Byl is the batch size of the
auxiliary classification task, m;) and dels(x(i)) denote the observed and predicted

acquisition months.
3.3.6. Multi-Task Loss

Multi-task learning consists of optimizing the model with respect to the
objectives of multiple tasks. Therefore, the design of the multi-task loss is of
paramount importance to the model's performance. A naive attempt would be to simply
add the task losses to obtain a final multi-task loss: Lyr = Ly.g + L5 Although this
is straightforward, the values produced by £,., and L., may vary significantly since
they belong to different loss families. This would result in the model learning the task
whose loss value is dominant in the sum but underperforming in the other task.

A better attempt would be formulating the multi-task loss as a weighted
combination of task losses as Ly = CregLreg + CcisLcis- [53] observed that with the
selection of optimal values for these coefficients, the shared network achieved a better
performance for both tasks compared to the case where each task is independently
trained on the network. So, while it also assures the optimization of the task whose
loss value is not non-dominant in the final loss compared to the prior approach, it leads
to two problems. First, performance of the model is tightly bounded by the selection
of the coefficients cgeq and ccs, and finding the optimal values of these coefficients
is computationally expensive, as it includes training the model with different set of
coefficients and comparing their performances. Second, it does not take into account
the changes in loss values during the training phase. These changes in loss values over
epochs may require updating the coefficients to ensure a gradually decreasing total

loss.
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This leads to the idea of learning the loss weights of the tasks through the model.
This can be done by adding these loss coefficients c; to the trainable parameters of the
network 0, as w; = (0, ¢;) . In this proposed approach, an implementation [54] of [55]

is used to define the multi-task objective function to learn the task coefficients cg,gq

and c¢s, as follows,

1
2c?

LMT(xf Yo (‘)T) = z

TET

["c(xr Y1 (‘)T) + ln(l + C‘E) (33)

where T € T and T = {Reg, Cls}, y. =y fort = Reg and y, = m for T = Cls.

In the next section, numerical results of the proposed approach and its
alternatives are presented. In addition, the effects of multi-task learning and the details
of the architectural design decisions, such as the size of the input patch, the length of
the feature extractor shared by the tasks, the method of weighting the task losses, and
finally the effect of the number of unlabeled samples used in the training on the

performance of Chl-a estimation are examined based on the ablation studies.
3.4. Experiments & Results

This section presents the design of the experiments and their results to test the
hypothesis of whether a network trained to predict the acquisition month in a multi-
task learning setting for a given sample without its Chl-a value can provide better Chl-

a estimation performance.
3.4.1. Data Split

In the water quality estimation literature, single random splits are commonly
used to measure model performance [31, 33, 37, 38, 56, 57]. However, because these
datasets are relatively small (e.g., hundreds of samples) and are further divided into
training and test sets, training with these datasets could lead to overfitting the model
to the data and thus deceptively high estimation performance. Therefore, this problem
was addressed by employing a 10-fold cross-validation strategy.

In order to tune the network's hyperparameters, the training set is split into a
validation set that has the same size with the test set. Therefore, in each fold, 256

22



samples (80%) are used for training, 32 samples (10%) for validation and 32 samples
(10%) for testing. After the hyperparameters of the network are selected, the proposed
model is trained without generating the validation set as the dataset size is relatively
small. This yields of a final split with 288 samples (90%) for training and 32 samples
(10%) for testing in a 10-fold setting.

3.4.2. Alternative Methods

The performance of the proposed multi-task learning approach is compared with
the different alternatives, including its single-task version [35], the support vector
regression (SVR) with a radial basis function [44], the multilayer perceptron (MLP)
with a different number of hidden layers with the same number of trainable parameters
as the proposed approach, a morphology-based spectral-spatial approach (EFAL) [58],
a CNN architecture adapted for regression proposed in [34], and finally a spectral band

ratio approach specialized to Chl-a estimation [31]:

R705 -1 -1 R490
Rece’ (Rees — R705) X R740'% (3.4)

The results are reported in Table 3.2.
3.4.3. Hyperparameters

Since the training sets of the labeled and unlabeled datasets are very different in
size, 320 and 2.3 million samples, respectively, it is reasonable neither to use the same
batch size for them nor to adjust their batch sizes to have the same number of iterations
on their datasets, since this means that the batch size for the labeled dataset will be as
low as 1.

Instead, batches of the training set of the labeled dataset are reused to obtain the
same number of iterations for both datasets, since the labeled dataset contains the
essential Chl-a information. The learning rate of the network was set to 10~%. The root
mean square propagation (RMSprop) algorithm is employed to minimize multi-task
learning loss. Training was continued for 200 epochs, which is determined by

experiments. The batch sizes are set to 64 and 12,318 for the labeled and unlabeled
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datasets, respectively. The same parameters and hyperparameters are used in all
experiments, except for the ablation studies, whose ablation values are reported in the
corresponding tables. Finally, the coefficient of determination (R?), root mean square
error (RMSE), and mean absolute error (MAE) are used to measure the performance
of Chl-a estimation as commonly found in the water quality estimation literature [31,

41, 52, 58].

3.4.4. Results

According to the results reported in the Table 3.2, the band ratio approach
achieved performance close to the DL models as derived for estimating Chl-a
concentrations of inland and coastal waters from Sentinel-2 images [31]. SVR [44] is
outperformed by all DL models, as expected, consistent with the observed paradigm
shift from ML models to DL models. EFAL [58] provided the second best results
thanks to its ability to describe pixels with a hierarchical representation that also
conveys their spatial and spectral information. The CNN architecture of [34] adapted
for regression achieves similar performance to MLP and single-task CNN models, as
their performance is bounded by the limited number of labeled samples. The
performance of MLP models [36] increases up to 4 hidden layers and then starts to
decrease, although all MLP models have approximately the same number of trainable
parameters as the proposed multi-task learning model. A possible explanation would
be that the model starts to overfit after 4 hidden layers. The proposed multi-task
learning model trained with both labeled and unlabeled data outperforms its single-
task learning regression version [35]. Thus, although the unlabeled dataset on which
the model was trained does not contain Chl-a values for its samples, the use of seasonal
variations through the auxiliary acquisition month prediction task appears to improve
the performance of the main Chl-a estimation task, which increased by almost 8
percentage points.

In addition to the quantitative results, the qualitative results of the proposed
multi-task learning approach are provided by creating the Chl-a estimation maps (one
for each season) by training the model with the samples of the other years and

presented in Figure 3.5.
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Table 3.2: Mean Chl-a estimation results across 10 folds of cross-validation with the best results in bold where, MAE, RMSE, and * denote

the coefficient of determination, mean absolute error, root mean square error, and the proposed approach, respectively.

Method Dataset R? x 100 MAE RMSE Model Parameters
Band ratio Labeled 71.37 0.147 0.199 -
SVR Labeled 51.82 0.193 0.27 -
EFAL Labeled 77.12 0.151 0.221 -
CNN Labeled 73.06 0.146 0.197 340 K
MLP (2 layers) Labeled 64.99 0.176 0.233 267 K
MLP (3 layers) Labeled 72.47 0.152 0.204 267 K
MLP (4 layers) Labeled 75.18 0.139 0.194 267 K
MLP (5 layers) Labeled 72.11 0.144 0.206 267K
Single-task CNN Labeled 76.09 0.142 0.19 192 K
Multi-task CNN*  Labeled+unlabeled 83.89 0.107 0.154 267 K




Figure 3.5: Chl-a estimation maps in pg/L created by the proposed multi-task
learning model for spring, summer, fall, and winter 2017.

Finally, to understand the relationship between the observed and estimated
Chl-a values, it is visualized and presented in Figure 3.6. It shows that the estimated

and observed values exhibit a linear relationship.
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Figure 3.6: The relationship between observed Chl-a values and those estimated by
the proposed multi-task learning model.
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3.4.5. Ablation Studies

This section investigates and reports the effect of the following design
parameters on the performance of Chl-a estimation: the number of shared layers within
the architecture, the shape of the input patch, the number of unlabeled samples, and
the task loss weighting scheme.

Since the adapted network architecture consists of 6 layers, 5 multi-task learning
models were created, experimenting from 1 to 5 layers for the shared feature extractor,
starting with the first layer. The results are reported in Table 3.3. According to these
results, the best performance is obtained with the architecture consisting of 4 shared
hidden layers. This implies that the model benefits from sharing features obtained from
the convolutional layers, as they produce a relatively lower level of abstraction that
can be useful for the main task of Chl-a estimation, however separate fully connected

layers are needed for each task.

Table 3.3: Chl-a estimation performance of the proposed multi-task learning model
under 10-fold cross validation with different number of shared layers, where R?,
MAE, and RMSE denote the coefficient of determination, mean absolute error, and
root mean square error, respectively. The best results are indicated in bold (patch size

=3 X 3).
Shared Layers 1 2 3 4 5
R? x 100 83.57 82.81 83.38 83.89 &3
RMSE 0.156 0.159 0.158 0.154 0.16
MAE 0.108 0.11 0.109 0.107 0.113

Experiments are also conducted to determine the best performing input patch
size and update the first layer of the network accordingly. Patch sizes from 1 X 1 to
9 X 9 are considered to observe the effects of spatial neighborhood on performance.
Patches larger than 9 X 9 are not studied because they result in an area of 8.1 km?,
which is larger than half of the lake area studied, 13.9 km?. According to Table 3.4,
the best results are obtained with a patch size of 3 X 3. This means that up to a certain
point the model benefits from the spatial information conveyed in the patches, but after
that the performance does not increase because it is a small lake and larger patches can

introduce more variation than is needed to represent a sample.
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Table 3.4: Chl-a estimation performance of the proposed multi-task learning model
under 10-fold cross validation with different patch sizes, where R?, MAE, and
RMSE denote the coefficient of determination, mean absolute error, and root mean
square error, respectively. The best results are indicated in bold (number of shared

layers=4).
Patch Size 1x1 3x3 5x5 7x7 9x9
R? x 100 75.44 83.89 81.48 82.19 83.45
RMSE 0.194 0.154 0.167 0.163 0.158
MAE 0.134 0.107 0.114 0.112 0.105

In addition, to observe the contribution of the number of unlabeled samples to
the performance of the main Chl-a estimation task, 4 multi-task learning models were
trained with a gradually increasing number of unlabeled samples, starting with none
and ending with the entire surface of the lake. The lake masks used to employ these
unlabeled samples are presented in Figure 3.3 and their results are listed in Table 3.5.
Accordingly, the model trained with the highest number of samples, namely the entire
lake surface, achieved the best estimation performance, as one would expect given the
data hunger of the DL models. This finding is particularly promising for lakes that are
geographically difficult to access.

Table 3.5: Chl-a estimation performance of the proposed multi-task learning model
under 10-fold cross validation with different number of unlabeled samples, where
R?, MAE, and RMSE denote the coefficient of determination, mean absolute error,
and root mean square error, respectively. The best results are indicated in bold
(number of shared layers = 4, patch size 3 X 3).

Unlabeled Samples 0 28160 503040 2364928
R? x 100 76.63 82.41 83.03 83.89
RMSE 0.187 0.161 0.159 0.154
MAE 0.137 0.118 0.118 0.107

Similarly, the effect of the number of unlabeled samples used on the performance
of the auxiliary classification task is also examined. The same lake masks from Figure
3.3 are employed to train 4 multi-task learning models, whose results and confusion
matrices are reported in Figure 3.7. As before, the best classification performance was

also obtained by using the whole lake surface.
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Lastly, two experiments are conducted to evaluate the contribution of the
employed task loss weight learning scheme by comparing it with the direct sum of task
losses. The former approach resulted in a better Chl-a estimation performance
compared to the latter one as presented Figure 3.6, however it was only a small gain.

The next section presents the discussion and limitations of the proposed approach.

Table 3.6: Chl-a estimation performance of the proposed multi-task learning model

under 10-fold cross validation with different task loss weighting schemes, where R?,

MAE, and RMSE denote the coefficient of determination, mean absolute error, and

root mean square error, respectively. The best results are indicated in bold (number
of shared layers=4, patch size 3 X 3).

Task Loss Weight Sum Weight Learning
R? x 100 83.45 83.89
RMSE 0.156 0.154
MAE 0.113 0.107

3.5. Discussion & Limitations

The experiments presented in the previous sections demonstrate that the
proposed approach is a promising alternative to its counterparts due to its practicality
and performance. The proposed multi-task learning model achieves better
performance in Chl-a estimation compared to its single-task learning regression
version. This is made possible by using an additional 2.3 million samples, which in
turn leads to such an increase. The use of these additional samples as input can
introduce a regularization effect into the model that can help it learn a better
representation of the data, which can explain this increase in performance. However,
both the study area and the proposed approach have their own limitations that need to
be considered.

First, even though the precautions are taken to ensure the reliability of the
proposed approach and to minimize the effect of overfitting, namely using cross-
validation on training for the former and employing of additional samples for the latter,
these results are limited with the samples of a single water body. Therefore, it is

unknown that this estimation performance of the proposed model can be reproduced
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with the samples of lakes from different geographical locations, such as ones from
high latitudes and altitudes.

Second, although the Chl-a measurements of the in-situ samples of Lake Balik
show a wide range of variation between 11.04 ug/L and 108.35 pg/L, the lake is in a
hypereutrophic state. Therefore, the validity of the obtained results for the lakes with

different characteristics such as mesotrophic and oligotrophic is unknown.

3.6. Conclusion

In this chapter, a semi-supervised multi-task learning CNN architecture is
proposed for water quality estimation exploiting unlabeled satellite images. It
addresses the limited availability of labelled data by introducing image acquisition
month classification as an auxiliary task, leading to the utilization of 2.3 million
samples in addition to the main Chl-a estimation task.

The proposed approach was tested with the Lake Balik dataset and resulted in a
significant improvement in Chl-a estimation compared to its alternatives. This is
possible because the seasonal variations of Chl-a can be exploited with the auxiliary

month classification task.

30



Single-task classification model
(trained on 288 labeled + 0 unlabeled samples)

Jun May Apr Mar Feb Jan

Dec Nov Oct Sep Aug Jul

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Mean: 0.8823

Multi-task model
(trained on 288 labeled + 503K unlabeled samples)

Jun May Apr Mar Feb Jan

Jul

Dec Nov Oct Sep Aug

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Mean: 0.9471

Jun May Apr Mar Feb Jan Dec Nov Oct Sep Aug Jul Jun May Apr Mar Feb Jan

Jul

Dec Nov Oct Sep Aug

Multi-task model
(trained on 288 labeled + 28K unlabeled samples)

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Mean: 0.9185

Multi-task model
(trained on 288 labeled + 2.3M unlabeled samples)

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Mean: 0.9592

-0.6

-0.4

Figure 3.7: Acquisition month prediction performance of the proposed multi-task
learning model with different number of unlabeled samples.
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4. PROCESSING ATTRIBUTE PROFILES AS
SCALE SERIES FOR REMOTE SENSING
IMAGE CLASSIFICATION

4.1. Problem Definition

Pixel-level classification of RS images is still a challenging problem as advances
in image acquisition platforms lead to higher resolutions in the spatial, temporal, and
spectral domains, as discussed in more detail in Chapter 1. These problems necessitate
powerful spectral and spatial descriptors for the classification of RS images.

In Chapter 1, it was discussed that DL is known for its state-of-the-art
performance in several domains, making it a prominent choice for this task. However,
the performance of a DL model is tightly bounded by its need for a large number of
labeled samples and the reliability of the labeling. Therefore, shallow strategies are
still widely used in the RS literature for pixel-level classification [S9]. Morphological
attribute profiles (APs) are the apparent spatial-spectral descriptors that perform well
even with a limited number of samples.

APs have been extensively studied since their introduction by Dalla Mura [12]
in 2010. Some examples of these studies include combining APs with dimension
reduction techniques [60, 61], techniques to prevent APs' need of manual thresholds
[15, 62, 63], their implementation with various tree representations [47-51].

However, APs have their issues, such as threshold and attribute selection, which
is not straight-forward to accomplish and can directly affect their performance. To get
the best of both worlds, the combination of APs with DLs has been explored as an
alternative approach to shallow or deep methods. [69] studied the combination of
Gabor filters and CNNs, while [70] explored the combination of attribute filtered
images through CNNs. From this perspective, APs can be considered as mid-level
features as they contain more abstract information about the data compared to the raw
input. Hence, training a DL model with these mid-level features can alleviate the
model's data hunger by providing it with an already higher-level representation of the
data than if it were trained from scratch with the same limited amount of data, but in
raw form.

This chapter takes a similar approach by exploring the combination of shallow

and deep techniques for pixel-level description. The idea is that the values of a pixel
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in AP form a numerical sequence, as it is calculated by thresholding the image with
different values to represent different scales, and therefore can be considered as a
scale-series. Thus, to exploit this sequential characteristic of APs, a long-short term
memory (LSTM) network was chosen, an DL architecture specifically designed to
process sequential data [71].

In addition, this chapter highlights a common validation error found in the AP
literature, where only one tree is calculated to represent the entire scene. The drawback
of this approach is that the training and test samples are described by the same tree and
some of the samples -pixels- of these two sets may end up in the same connected
component, which means that the same features are used both for developing the model
and for testing it. As might be expected, this leads to a deceptively high classification
performance and a poor indication of generalization performance [72].

To overcome this issue, the proposed model was evaluated on two RS datasets
with two additional setups that ensure that separate tree representations are calculated
for the training and test sets, in addition to evaluating the model with the original
overlapping versions of the datasets. The results show that classification performance
indeed decreases, indicating poor generalization capacity when the non-overlapping
setups of the datasets are employed. However, the proposed AP-based LSTM model
is not affected by this as much as the other models and achieves a significant increase
in classification performance.

Finally, this chapter addresses three previously mentioned problems of RS image
sequence analysis, namely dealing with the multi-scale appearance of phenomena, the
heterogeneity of RS images, and the high number of spectral bands, by proposing an

adapted DL model that can exploit the characteristics of such images.
4.2. Background

This section provides the background information necessary to understand the
proposed AP-based LSTM model approach. It starts by recalling the hierarchical tree
representation, then expounds how APs are calculated using this representation, and

finally introduces the original LSTM network.
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4.2.1. Hierarchical Tree Representation

Depending on the domain of application, different types of image representations
exist. In order to identify the most suitable one for the particular application, factors
such as the accuracy and size of the representation, the number of elements and the

relationships between them must be taken into account [16].

Figure 4.1: The scale difference in size between the instances of cars (yellow) and
vegetation (green) classes can be observed, with both images coming from the
Vaihingen Dataset.

The hierarchical representation lends itself to analysis of RS images as it can
represent the image as a composition for each of the various scales allowing both the
coarse (e.g., instances of the vegetation class in Figure 4.1) and fine (e.g., instances of
the car class in Figure 4.1) levels of analysis. This is very convenient for analyzing RS
images due to their multi-scale nature, as phenomena often appear at very different
scales within the same scene, having been captured from high altitude, as displayed in
Figure 4.1.

More specifically, the hierarchical representation of the image consists of the
stacking of the unions of image regions in different scales, hence the name hierarchical
[16]. The component tree structure is a prominent choice for creating the hierarchical
representation because each node of the tree represents a region in the image, and the
edges between tree nodes correspond to inclusion relations between image regions of
different scales. Consequently, the leaves of the tree represent the finest regions, and

moving towards the root node gives coarser representations as the regions accumulate
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while the root corresponds to the whole image. Depending on their construction,

component trees are divided into two families [16]:

e Inclusion Trees

The leaves of the tree consist of the local extrema values (minima or maxima) of
the image (displayed for the min-tree in Figure 4.2-b and the max-tree in Figure 4.2-
¢). The tree grows toward the root, where new nodes are formed by adding one or more
same intensity pixels (flat zones) to the regions represented by the existing nodes. This
inclusion creates a parent-child relationship between the nodes, resulting the root node
to cover the entire image domain. As the tree grows in an accumulative fashion, the

leaves do not form a full partition of the image.

e Partition Trees

The leaves and any level of the tree form a full partition of the image, where the
leaves yield to a segmentation in the finest detail (displayed for o-tree in Figure 4.2).
New nodes are formed by merging two or more child nodes whose regions are
adjacent, again creating a parent-child relationship between them. Similar to the
inclusion tree, the root node includes all regions and thus covers the entire image

pixels.

The main difference between these two tree families lies in the generation of
leaves and the formation of parent nodes. The leaves of a partition tree form an over-
segmentation of the image, while the leaves of an inclusion tree contain only the local
extreme values and do not cover the entire image domain. Similarly, a partition tree
grows from the leaves to the root by merging two or more adjacent nodes to form a
parent. On the other hand, an inclusion tree grows by adding flat zones to existing
nodes. To represent these two tree families, one member is selected from each of them
in this chapter, namely the min/max tree and the a-tree for inclusion trees and partition

trees, respectively, the details of which are explained below:

e Min-Max Tree
The min-tree is the dual of the max-tree, both belonging to the family of
inclusion trees [73, 74] . The min-tree aims to represent the dark regions in the image,

hence its leaves correspond to the local minima of the image. The intermediate nodes
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are formed by merging existing nodes or adding new connected components to existing
nodes, as displayed in Figure 4.2-b. At the root node of the tree, all connected
components are merged into one that covers the entire image. Similar to the min-tree,
the max-tree represents the bright structures in the images whose leaves correspond to
the local maxima Figure 4.2-c. The calculation of the max-tree is equivalent to taking

the dual of the input image and calculating its min-tree.

e a-Tree

The o-tree belongs to the family of partition trees. Unlike the members of the
inclusion tree, which aim to represent the extrema values of the image, they correspond
to the regions with all kinds of intensities. The initial partition of the image is created
using flat zones and corresponds to @ = 0 regions which means that the difference
between the intensities of neighboring pixels within the same regions is at most a=0
for the leaves, as displayed in Figure 4.2. Similarly, the intermediate nodes are formed
by merging the regions of nodes whose neighboring pixels have an intensity difference
of at most a. The value of a increases toward the root of the tree and is largest at the
root, since it covers all image pixels. The highest value of a can be at most the

difference of the range values of the image intensities.

4.2.2. Attribute Profiles

Attribute profiles (APs) are efficient multi-scale image descriptors. They are an
extension of morphological profiles (MPs) and have been proposed to overcome the
limitations of MPs due to the use of fixed-shape structuring elements, which cannot
describe the intensity-related features and lead to poor representation of phenomena
due to strong shape constraints [12].

APs overcome the above problems by using attribute filters (AFs), which are
flexible and can adapt to phenomena in different shapes. AFs can describe image
regions based on the selected attribute(s) by evaluating them against a criterion with
different attribute thresholds, which allows for multi-level analysis [75].

More precisely, AFs are connected morphological filters that operate on
connected components (CCs), which correspond to tree nodes in the hierarchical tree

representation, by evaluating each CC against a criterion [12]. The criterion is a
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Figure 4.2: The input grayscale image (a), its min-tree (b) and max-tree (c) representations.
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predicate obtained by comparing a selected threshold with the computed CC attribute,
which can be textural (e.g., range, mean, etc.) or geometric (e.g., area, diameter, etc.).
An example criterion would be "Is the area of CC greater than 50 pixels?". The CCs
that do not meet the criterion are removed, which corresponds to pruning their nodes
in the tree representation. Then, the APs are obtained by applying a set of attribute
thresholds with increasing values to the AFs and stacking their output images on top
of each other.

Formally, let f:Z? — 7Z be a grayscale image and {k;};<;<, be a set of L
attribute thresholds. Let y*i and ¢*i be morphological opening and closing filters with
attribute threshold ;. An AP of the image f is constructed by applying these opening
and closing filters y*i and ¢*i using the set of attribute thresholds k; as follows [16],

AP(f) = {"t(f), "2 (), ., (), £, (), s YR (LY ()} (4.1

Extended attribute profiles (EAPs) are introduced to use APs with hyperspectral
images [76]. Since the number of bands is high, a dimensionality reduction technique
is first applied to the hyperspectral image g:Z? — Z", resulting in g': Z" — Z™ for
m < n. Then AP is calculated for each band and stacked together. More formally [76],

EAP (g) = {AP (bandl), AP (bandz), ., AP (bandm)} (4'2)

For both APs and EAPs, each pixel is described by the sequence of values it
acquires from the set of filtered images. As the threshold values of the attribute
gradually increase, this leads to a coarser-level representation of the input image,
resulting in a numerical sequence that decreases by the means of the spatial details for
the pixel. Therefore, an AP can be considered as a scale-series from the pixel-level.

Lastly, although AFs were proposed long ago [77], their use is limited because
their computation is computationally intensive. This problem was addressed by
hierarchical tree representation [74], where tree nodes represent CCs. It made efficient
computation of CCs in multi-levels possible, as well as enabling to operate on CCs

with the selected attributes and to perform object-level analysis with tree pruning.
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4.2.3. Long-Short Term Memory Network

A long-short term memory (LSTM) is a deep neural network designed to process
sequential data [71]. It is an extension of the recurrent neural network (RNN)
architecture, both of which consist of a chain-like structure. As adopting input from
successive time steps, both networks enable employing information from previous
events to make inferences for the current event and for future events, while retaining
past knowledge. Despite the capability that this structure brings, RNNs suffer from
handling long-term dependencies due to vanishing gradients when the gap between
related time steps within the input is large. LSTMs were introduced specifically to
address this problem [71].

More precisely, an LSTM cell takes a sequential input sample x € R™, a hidden
state h;_,, and the cell state C;_, from the previous cell, and returns the current cell
state C; and the hidden state h; at time step t through its forget, input, and output gates
f» i¢, and o, respectively. The forget gate f; decides how much of the information
from the previous cell will be retained. The input gate i, decides what information is
relevant to update the current cell state C;. The output gate o, decides the current
hidden state h;, which is passed to the next cell. Formally, the output of an LSTM cell

at time step t is calculated as follows,

fe = o(Ws - x, + Us - hy_y + by)
ig=0(W; -x;+U; he_q + b;)

0 =W, - x¢ + Uy - he_1 + by)

C, =tanh(W, - x, + U, - hy_y + b,)
Ct:ft°Ct—1+it°€t

h; = o, o tanh(C,)

(4.3)

where o, - and o denote the sigmoid function, matrix multiplication, and dot product,
W, and U, represent weight matrices, and b, is the bias term specific to the gate or cell
state [71]. Now that the necessary background information has been given, the next

section will elaborate the proposed method.
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4.3. Methodology

This section presents the AP-based pixel description strategy, where APs can be
exploited with an LSTM network, similar to time series, since they also form a scale
series due to their nature. Furthermore, training the model with powerful descriptors
such as APs can help it learn more advanced features compared to training it with
spectral signatures directly. To this end, this section first details how the APs are
adopted as input to the LSTM network, and then elaborates the network architecture

employed.
4.3.1. APs as Input to LSTM

As elaborated in the background section, the AP-based description of a pixel
consists of a numerical sequence. Each member of this sequence represents the pixel
by the selected attribute (area, elongation) computed from the CC containing the pixel,
at a different spatial scale obtained by filtering the image with the given attribute
threshold. Since all filtered images are obtained by applying different attribute
thresholds to the same image, there is no reason for the values within an AP to be
independent from each other. Hence, employing a deep neural network architecture
that can capture the eventual dependencies within this scale series can contribute to
classification performance.

The convolutional neural network is a deep neural network architecture known
for its success in various classification tasks [6]. However, since it does not adopt the
data as a sequence and treats each step independently, it cannot exploit the eventual
dependencies mentioned above. Instead, LSTM comes forward with its capability of
adopting the sequential data and capture dependencies in it. Moreover, coupling APs
with LSTM can alleviate the latter's demand for large labeled dataset by feeding it with
the APs that can already be considered as mid-level features and mitigate its training

process by not starting from scratch [69, 70].

4.3.2. Network Architecture

The LSTM model from [78] is adapted to test the proposed AP-based pixel

description strategy. It predicts the label of the sequence in a many-to-one manner,
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similar to the proposed AP-based pixel-level classification, where each AP scale series
has a pixel label. The proposed architecture consists of 3 LSTM layers, each with 32
LSTM cells. The selection of the network hyperparameters is detailed in the following
experiments section. Since the goal is to demonstrate that APs can be used as scale-
series with LSTM, the model was not fine-tuned. The outline of the proposed model
and AP-based pixel description strategy is presented in Figure 4.4.

4.4. Experiments

This subsection aims to test the hypothesis that exploiting the sequential
characteristics of APs by coupling them to an LSTM network leads to better
generalization performance in pixel-level classification, since APs also form a scale-
series. To this end, the employed RS datasets are detailed, then the validation error
common in the AP literature is discussed, and how the experiments were designed to
overcome this problem is explained. Afterwards, the implementation parameters of the
proposed approach for computing the hierarchical tree representation, generating APs,
and training the model are elaborated. Finally, the alternative methods are presented,

and the results are reported.
4.4.1. Datasets

The proposed approach is tested on two real RS datasets with different spectral
properties, namely the hyperspectral Pavia University dataset and the panchromatic

Reykjavik dataset, to demonstrate that it works for both types:
4.4.1.1. Pavia University Dataset

This dataset Figure 4.5 was obtained by the German Space Agency using the
ROSIS-03 (Reflective Optics System Imaging Spectrometer) sensor over the flight of
the Engineering School at University of Pavia in Pavia, Italy. It consists of 103 spectral
bands ranging from 0.43 to 0.86 um. The imaged area is 610 X 340 pixels and has a
spatial resolution of 1.3 metres. The scene is an urban area with 9 groundtruth classes
whose names and number of samples per class are given in Figure 4.5 and Table 4.1,

respectively. Before calculating its tree representation, principal component analysis
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(PCA) was applied to the dataset, resulting in 4 principal component images covering
99% of the variance. The dataset was provided by Prof. Paolo Gambala from the

Telecommunications and Remote Sensing Laboratory of the University of Pavia.

Asphalt Meadows Gravel
Bl Trees Bl Metal sheets Bl Bare soil
Il Bitumen [l Self-blocking bricks Shadows

Figure 4.5: The Pavia University dataset, the training set, and the ground
truth, as commonly encountered in the state-of-the-art, from left to right.

Table 4.1: The number of samples per class in the standard version of the Pavia
University Dataset, and its horizontal and vertical splits.

Labeled Samples per Split

Standard Horizontal Vertical

Class Train Test Train Test Train Test

1 548 6631 210 3499 392 3094

2 540 18649 240 13433 479 9035

3 392 2099 0 0 0 0

4 524 3064 214 1653 524 1176

5 265 1345 0 0 265 43

6 532 5029 372 3530 48 4634

7 375 1330 0 0 0 0

8 514 3682 225 1973 0 0

9 231 947 28 732 191 153
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4.4.1.2. Reykjavik Dataset

The second dataset Figure 4.6 was acquired via the IKONOS-2 satellite over
Reykjavik, Iceland. It is a high-resolution panchromatic image with a spectral range
0f 0.45 to 0.9 um. The image has a size of 628 X 700 pixels with a spatial resolution
of 1 meter. The scene is an urban area with 6 classes whose names and number of

samples per class are given in Figure 4.6 and Table 4.2, respectively.

B Residential Soil

B Commercial Highway

B Shadow
M Road

Figure 4.6: The Reykjavik dataset, the training set, and the ground truth, as
commonly encountered in the state-of-the-art, from left to right.

Table 4.2: The number of samples per class in the standard version of the Reykjavik
Dataset, and its horizontal and vertical splits.

Labeled Samples per Split

Standard Horizontal Vertical

Class Train Test Train Test Train Test

1 1863 6213 1195 1875 1446 669

2 6068 28144 4748 8885 2220 14419

3 2619 10610 2450 1278 2173 4078

4 5599 29768 2530 11893 450 27465

5 2489 12051 1300 5509 0 0

6 4103 11940 2147 9784 2828 8558
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4.4.2. A Common Validation Misconduct

The use of standard training and test sets without further action is common in
the relevant state-of-the-art remote sensing literature, as [72] notes. However, this
leads to computing a single tree representation for the entire scene, resulting in CCs
that contain both training and test samples. In contrast, models are anticipated to
perform with a distinct tree representation computed from the scene to be classified in
actual deployment.

To overcome this problem and properly test the proposed approach, both datasets
are split in half horizontally and vertically, which are used to generate separate tree
representations for training and test sets. In both cases, the first part is used for training
and the second for testing. The resulting split datasets of the Reykjavik Dataset and
the Pavia University Dataset are provided in Figure 4.7 and Figure 4.8, respectively.
The use of these non-overlapping tree representations ensures that the model does not
result in deceptively high performance. These non-overlapping (horizontal and
vertical) versions are used along with the standard (overlapping) versions of the two

datasets to train the model and evaluate its results.

(a) Train I (b) Test I

(c) Train 11

(d) Test I1

Figure 4.7: The Reykjavik dataset train and test sets, horizontal split (left), and
vertical split (right).

46



It should be noted that this split operation may result in an insufficient number
of samples in the training or test set for some of the classes. To solve this problem, the
classes for which the ratio between the number of samples in the training or test set
and the total number of samples is less than 0.1 are removed. This resulted in the
removal of samples from the gravel, bitumen, and self-blocking bricks classes in the
vertical split and samples from the gravel, metal, sheets and bitumen classes in the
horizontal split for the Pavia University dataset. Similarly, samples of the highway
class were removed in the vertical split of the Reykjavik dataset. Table 4.1 and Table
4.2 show the resulting number of samples per class depending on the split type for the

Pavia University and Reykjavik Datasets, respectively.

(c) Train II

(a) Train I (b) Test I (d) Test II

Figure 4.8: The Pavia University dataset train and test sets, horizontal
split (left), and vertical split (right).
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4.4.3. Implementation Details

4.4.3.1. Parameters for the Construction of Hierarchical Trees and

APs

The area (pixel size of the region) was chosen to be comparable with the related
literature [12, 62, 63, 65, 66, 79]. It is an increasing attribute that belongs to the family
of geometric attributes. The CCs are computed using members of the two different tree
families, namely the min-max tree from inclusion trees and the alpha-tree from
partition trees. The following automatically calculated attribute thresholds are used for
the Pavia University Dataset and the Reykjavik Dataset, which were recommended by

[80] and [65], respectively:

Apay = {770,1538,2307,3076,3846,4615,5384,6153,
4.4
6153,6923,8461,9230,10000, 10769} (+4)
)\Rey

= {25,100, 500,1000,5000,10000,20000,50000,100000,150000}

With these threshold values, the length of the resulting APs is calculated as follows,

(number of thresholds X number of trees + 1 X number of bands (4.5)

where 1 is added because the original input image is used along with the AP images to
describe the pixels. The number of trees is 2 for the min-max tree, since it contains
CCs calculated for both the min tree and the max tree, and 1 for the alpha tree.

Thus, with the 4 PC images, the APs of the Pavia University Dataset have a
length of (14 X 2 + 1) X 4 = 116 when the min-max tree is used to create the CCs.
Similarly, the APs of the Pavia University Dataset have a length of (14 x 1+
1) X 4 = 60 when the alpha-tree based CC calculation is used.

Likewise, the APs of the Reykjavik Dataset have alengthof (10 X 2+ 1) X 1 =

21 when the min-max tree is used to calculate the CCs, as the number of bands is 1
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since it is a panchromatic dataset. Similarly, the APs of the Reykjavik Dataset have a

length of (10 X 1 + 1) X 1 = 11 in the alpha-tree based CC calculation.

4.4.3.2. Hyperparameters of the Network

The RF was trained with 100 trees. To allow a fair comparison of results, the
same LSTM hyperparameters are used in all experiments, namely a learning rate of
0.0025, a batch size of 1500, and a number of 9440 epochs, all determined using grid
search. The time step of the LSTM model is chosen to be 1 to be fair, since the length
of the APs varies depending on the tree representation and the number of bands of

datasets.

4.4.4. Alternative Methods

The proposed approach is compared with three of the following alternatives to
demonstrate its performance and the results are presented in Table 4.3 for the Pavia

University and Reykjavik Datasets:

e AP + Random Forest
APs are classified using a shallow random forest (RF) to see the effect of LSTM

as widely used in the state-of-the-art literature.

e Spectral Signature + LSTM
Instead of using the mid-level APs as input, the spectral signatures are used as

input samples for the LSTM model to observe the contribution of the APs.

e AP+ CNN
To measure the contribution of LSTM to classification performance, the CNN
architecture of [70] was adapted using a patch-based approach. The pixel under
study was described as a 3D patch centered around the pixel by stacking APs. 5
CNN models are trained with different patch sizes, namely {3 X3, 5X5,
7 X 7,9 X 9}, to ensure that the CNN model exploits the spatial information. The

goal is to observe the effect of exploiting the sequential nature of APs by LSTM.
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4.5. Results & Discussion

4.5.1. Results

The following observations can be derived from the Table 4.3: The RF classifier
achieves better classification performance on standard datasets (3 out of 5) compared
to the AP+LSTM and AP+CNN approaches, unless a spectral signature is used. This
implies that using the same tree representation to encode samples of both training and
test sets will result in some samples from these sets ending up in the same CC and
therefore being described with the same values. This might also yield a worse
classification performance for LSTM and CNN because, as DL models, they are more
prone to overfitting than RF.

On the other hand, for the non-overlapping training and test sets, LSTM
performs better (8 out of 15) than RF and CNN, where all classification performances
drop drastically due to the above-mentioned validation misconduct. However, these
performances are a better indicator of the generalization performance of their models.
The reason why the AP+LSTM approach suffers less from this performance drop
compared to the other methods can be explained by the ability of LSTM to deal with
the sequential nature of the data. When two instances of the same class end up in
different splits, they are less similar because they are described by APs computed from
different trees. Therefore, RF and CNN classifiers process these APs as independent
vectors, while LSTM treats them as scale-series and leverages the inherent
information, which contributes to the performance difference. Therefore, the proposed
AP+LSTM approach achieves the best performance for 3 out of 4 split cases (2 datasets
X 2 splits) and for 5 out of § cases (2 datasets X 2 splits X 2 trees).

4.5.2. Discussion

Specifically, the AP+LSTM model with alpha-tree based APs performs better in

the split cases than its min-max tree version for the Reykjavik Dataset. A possible

explanation for this could be that Reykjavik is a single-band panchromatic dataset
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Table 4.3: Pixel classification results in the form of Kappa statistics k X 100 with the best results in bold for the Pavia University and Reykjavik
Datasets, where RF, CNN, LSTM, and * denote random forest, convolutional neural network, long-short term memory network, and the
proposed approach, respectively.

CNN; kernel sizes

Input Dataset Tree Split RF 3x3 5x5 7x7 9x%x9 LSTM*
Reykjavik Alpha Overlapping 71.56 40.41 57.06 66.87 71.54 65.61
Reykjavik Alpha Vertical 7.17 5.71 5.74 9 2.81 22.97
Reykjavik Alpha Horizontal 25.31 6.83 9.23 13.26 15.3 28.28
Pavia Alpha Overlapping 85.04 55.32 64.17 73.23 73.99 75.88
Pavia Alpha Vertical 15.69 36.41 40.14 40.94 38.06 33.49
AP Pavia Alpha Horizontal 45.61 27.27 28.49 32.77 43.23 60
Reykjavik ~ MinMax  Overlapping 76.46 62.95 72.15 75.19 76.99 58.26
Reykjavik ~ MinMax Vertical 15.73 23.71 25.13 24.26 24.78 17.45
Reykjavik ~ MinMax Horizontal 1.38 19.9 18.33 16.87 19.55 13.07
Pavia MinMax  Overlapping 87.79 60.85 63.39 47.18 59.02 83.94
Pavia MinMax Vertical 17.22 36.46 36.15 28.42 21.31 49.7
Pavia MinMax Horizontal 25.08 31.66 32.27 32.11 18.66 59.89
Spectral Pavia Overlapping 65.6 49.76 56.84 54.61 56.05 71.67
Signature Pavia Vertical 36.83 37.27 37.5 39.61 22.73 44.28
Pavia Horizontal 33.57 29.63 30.16 28.41 36.05 42.07




whose ground truth samples generally do not have extreme values Figure 4.6 and the
alpha-tree aims to represent the objects with low, intermediate and high intensities
compared to the min-max tree, which is oriented toward the extrema values. This could
also be the reason why the performance of the RF classifier changes drastically
between the alpha-tree and min-max tree-based representations for the horizontal split
of the Reykjavik dataset.

However, in the case of the Pavia University dataset, it is difficult to make the
same suggestion, as the results of min-max tree and alpha-tree are on par for the
horizontal case and min-max tree performs better for the vertical case. This could be
due to several reasons: First, since the Pavia University is a hyperspectral dataset and
these results were obtained from its PC images covering 99% of the variance, using
min-max tree-based APs aimed at representing extreme values may lead to a better
description. Second, the number of classes removed due to the split operation is higher
in the case of the Pavia University Dataset, 3 for both splits, compared to the Reykjavik
Dataset, where only 1 class is removed in the vertical split. In addition, there is a drastic
jump in the horizontal split of the Pavia University Dataset with alpha-tree based
representation. This could also be due to the ability of the LSTM to exploit sequence
information within the flat-zone oriented alpha-tree based APs.

Another finding from these results is that the proposed AP+LSTM model
achieves the best performance for all setups with the spectral signatures on the Pavia
University Dataset. This suggests that the spectral signatures can also be exploited by
an LSTM model. This is not surprising since the same scene is captured in RS images
at different wavelengths, making the values within a pixel description correlated and
thus forming a sequence that is an ideal input to an LSTM model, similar to APs and
time series. However, the results also suggest that spectral signatures are not as
powerful descriptors as APs, which was to be expected given the multi-scale

description capability of the APs.

4.6. Conclusion

In this chapter, the combination of APs, which have a sequential character due

to their ability to describe phenomena at multi-scale, with an LSTM network, that is

specifically designed for the problems with sequential data, is investigated. It also
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highlights a common flaw which found in the AP literature that leads to deceptively
high generalization performance.

The proposed approach is tested on two remote sensing datasets using members
of two different hierarchical tree representations. In all experiments where training and
test sets do not overlap, significantly higher classification performance is obtained

when APs and LSTM are used together than when APs or LSTM are used alone.
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5. CONCLUSION AND FUTURE WORK

5.1. Conclusion

This thesis focuses on the analysis of remote sensing image sequences in the
context of deep learning. Although the DL methods achieve state-of-the-art
performance in various fields, the main characteristics of RS images make the direct
application of DL techniques for their analysis impossible. To this end, four DL
approaches adapted for the RS images through exploiting their characteristics are
proposed.

The first approach aims to exploit the spatial and spectral relationship between
phenomena in remote sensing images and use the unlabeled data for pixel-level
classification via a convolutional graphical neural network. It employs a graph-based
approach with using connected components as nodes instead of regular pixel-based
grids, which allows contextual relationships to be formed between phenomena even if
they appear in different regions of the image. It also allows the use of unlabeled data
through propagation of label information from neighboring nodes. It was tested with
the Houston dataset, a hyperspectral remote sensing dataset. A node-based technique
is used for classification. In order to adapt the problem to the graph structure, the nodes
and the edges between them need to be established. Therefore, two different techniques
are studied to form the nodes representing the connected components of the image,
namely the SLIC algorithm and a selected scale of the a-tree representation. Then,
different approaches are investigated to create edges between the nodes, including
immediate and hopping spatial neighborhoods of the components and connecting each
node to the rest to form a complete graph. The first two approaches resulted in worse
classification performance than the random guess that led to the complete graph
approach. However, the dense edge connections of this approach resulted in high
computational complexity that made training the model impossible.

The second approach aims at proposing an alternative to the trade-off introduced
by pooling layers, which are the essential component of semantic segmentation
networks. The use of pooling layers leads the model to learn more and more abstract
features, but also leads to a loss of contour information due to downsampling. This

trade-off is particularly important in RS images because the phenomena in them occur
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at multi-scales. For example, instances of car class may be represented by a small
number of pixels which may get lost due to downsampling during pooling and may
result in poor model performance. The proposed approach provides a solution to this
problem with a custom pooling mechanism that uses a multi-scale hierarchical
representation. This custom pooling layer uses partition maps obtained from the
different scales of the hierarchical representation of the phenomenon. Unlike the
widely used pooling layers that operate on regular grid-based windows, this custom
pooling layer preserves the contour information with maintaining the multi-scale
information, thus preserving the appearance of the small phenomena. This approach is
applied to the Vaihingen dataset, which is a high-resolution remote sensing dataset. To
generate the hierarchical representations, the o-tree representation is used and to
demonstrate the performance, the pooling and unpooling layers of the SegNet
architecture are replaced by their custom versions. The initial implementation of
custom pooling resulted in impractical training time due to index-based access in GPU
operations. It was re-implemented in a more mature way without using index-based
access to GPU tensors, making the training time feasible. However, this also resulted
in massive GPU memory usage which extends beyond the limits of the available GPU.

The third proposed approach leverages APs with LSTMs for pixel-level
classification by combining the multi-scale description ability of APs leading to scale
sequences with the capability of LSTMs to exploit sequential data. It also emphasizes
a common validation error in the AP literature that leads to misleadingly high
generalization performance. It is demonstrated on two remote sensing datasets by
examining two hierarchical tree representations for AP construction. In all experiments
where the training and test datasets did not overlap, the proposed approach achieved
significantly higher performance than using APs or LSTMs alone.

The last approach proposes a water quality estimation technique using the
unlabeled satellite images. To this end, a multi-task learning CNN architecture is
presented, whose main task is Chl-a estimation and whose auxiliary task is to predict
the month of image acquisition in order to exploit seasonal variations in Chl-a levels.
This approach is demonstrated at Lake Balik using in-situ measurements and
accompanying satellite images. The proposed multi-task learning model achieved 7.8
percent higher estimation performance compared to the single-task version of the

model.
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5.2. Future Work

As for future research, techniques that can achieve good classification
performance without introducing high computational complexity are currently being
investigated for the GCN approach. In addition, instead of manually generating the
connections between the nodes, the learning of the adjacency matrix of the graph by
the model is also under study.

For the pooling approach, techniques to reduce GPU memory usage are being
investigated. In addition, alternatives to available GPU, such as cloud services that can
offer high GPU memory, are also being explored.

For the AP and LSTM-based pixel-level classification approach, techniques
without thresholds are investigated because the LSTM network can handle variable-
length input samples.

Finally, the multi-task learning model will be explored for estimating water
quality in water bodies with different characteristics, e.g., at different latitudes and/or
with different trophic states. In addition, the model will be used to study land use/land

cover problems.
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Appendix C: Remote Sensing Image Classification with Graph
Convolutional Neural Networks

This chapter focuses on pixel-level classification using graph convolutional
networks (GCN) with hierarchical tree representation. It is known that GCNs perform
well when the labeled data is limited [18] which is also being one of the issues of RS
image analysis. Moreover, the proposed approach also addresses two previously
mentioned problems in the analysis of RS images, namely, how to deal with the multi-
scale appearance of the phenomena and how to exploit the spatial context by proposing
an adapted DL model that benefits from these properties of such images.

This approach consists of four parts, namely generating a tree representation
from the image, creating its graph, extracting features, and classification. It starts with
computing a tree representation of the RS image. For this purpose, a member of the
families of partition trees and component trees is used, namely o-tree and max-tree. A
hierarchical tree representation consists of a set of nodes, each representing a

connected component, and each node is connected to its parent by an edge.

e Graph Construction
Since each node of the tree corresponds to a connected component of the image,
these nodes are used to generate a graph representation of the image. A graph ¢ =

(V,E) consists of a vertex set and an edge set. The superpixels computed from the
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Figure C.1.1: The Houston University dataset, (a) a color composite
representation, (b) the training set, (c) the test set, and (d) the ground truth labels,
as commonly encountered in the state-of-the-art, from top to bottom.

tree are used as vertices. To represent the relationships between these vertices,
different adjacency types are explored. In min/max-tree approach, the leaf nodes of the
tree are used as vertices of the graph. Two nodes are connected by the number of hops
required to travel from one node to another, forming the edge weight. In this way, a
complete graph is created. Using the a-tree, two approaches to constructing edges are
explored. In both approaches, a = 0 components of the tree are used as graph nodes.
In the first approach, coarse components with a manually chosen threshold (o = 3) are

selected from the tree. Then, for each coarse component, its a = 0 children nodes are
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connected in the resulting graph. In the second method, spatially adjacent a = 0 nodes
are connected to each other in the graph. In addition, the SLIC algorithm [81] is used
to generate superpixels from the image, which are used as another way to represent
graph nodes. In this case, spatially adjacent superpixels are treated as neighbors in the
graph. In all three approaches, majority voting is used to determine the label of the
resulting graph node. All graphs created using the three aforementioned approaches
are undirected graphs.

Area is used as an attribute in graphs generated from tree representations using
the feature extraction method of [15]. For the graph generated by the SLIC algorithm,
the mean intensity within the superpixel and its area are used as node features. The
architecture used is the graph convolutional network architecture of [15] with 2 graph

convolution layers.
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Figure C.1.2: Loss on the training set across epochs for the proposed
approach.

e Experiments
The approach is tested with the Houston University Dataset, a hyperspectral
dataset consisting of 144 spectral bands with 2.5 m spatial resolution Figure C.1.1. The

model trained using the leaf nodes of the max-tree and the o-tree is computationally
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infeasible because there are too many graph nodes and connections between them.
Using higher level nodes in the tree may seem like a solution to this problem. But there
is another problem: as the number of pixels covered by the higher-level nodes
increases, it is no longer possible to assign them the proper labels in the resulting graph.
This problem is still under investigation.

In addition to the tree representations, graphs generated using the SLIC
algorithm are also used. Although the GCN model trained with this graph appeared to
learn, as indicated by the training loss in Figure C.1.2, its kappa value fluctuates in
both training and test sets and does not exceed 0.17, as displayed in Figure C.1.3.
Based on experiments conducted with random forest on the same data where kappa
0.71 was obtained, it is known that the problem is not with the data. It is also known
from the literature that the GCN architectures achieve state-of-the-art results on
different graph datasets. This indicates that the graph adjacency matrix used does not
yield to baseline classification result for this problem. Therefore, learning the optimal
adjacency matrix using given node features for the second problem is also currently

under investigation.
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Figure C.1.3: Kappa values of training and test sets across epochs for the
proposed approach.
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e Conclusion

This chapter focuses on the pixel-level classification of RS images using graph
convolutional networks with hierarchical tree representation. It is well known that
graph convolutional networks work well when the labeled data is limited [18] which
is also one of the problems of RS image analysis. Since it was not possible to find an
optimal adjacency matrix for the given node features and node labeling problem, it
was not possible to obtain the baseline classification results in this chapter. Two of the

stated problems of this approach are currently under investigation.

Appendix D: Hierarchical Tree Representation-Based Pooling
Mechanism for Remote Sensing Image Classification

Semantic segmentation is one of the primary tasks in RS image analysis, and
deep semantic segmentation networks constitute one of the state-of-the-art approaches
to this task. Thanks to their end-to-end architecture, they can efficiently and effectively
create pixel-level classification maps for large scenes. In particular, spatial pooling
layers constitute integral parts of the aforementioned networks as they can reduce
computational complexity by reducing the number of parameters through
downsampling of feature maps. However, there is a well-known trade-off between the
number of pooling layers (resulting in more abstract features encoding higher level
concepts) and the loss of contour precision due to downsampling. This is especially
important for phenomena represented with a small number of pixels (e.g., cars) in the
RS images, as they will be eliminated in this repetitive pooling process, leading to poor
performance of the learning algorithm [72, 82].

In this section, the above problems are addressed using an efficiently computed
hierarchical multi-scale representation. More precisely, instead of using the regular
grid-shaped pooling/unpooling layers, partition maps obtained from the different
levels (i.e., scales) of an a-tree are used to implement custom pooling and unpooling
layers, namely TreePooling and TreeUnpooling, respectively. In this way, contour
information and small phenomena are preserved in the pooling phase. Moreover, in
the upsampling phase, the feature maps are reinforced with the accurate contour

information from the different levels of hierarchical representation of the input.
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Finally, this chapter addresses two previously mentioned problems of RS image
analysis, namely, dealing with the multi-scale appearance of the phenomena and
exploiting the spatial context by proposing an adapted DL model that benefits from

these properties of such images.

Figure D.1.1: A sample from Vaihingen Dataset and its ground truth.

The hypothesis is that a network trained with this hierarchical multi-scale
pooling mechanism will perform a better classification performance compared to the
standard pooling version of the network, since the proposed approach inherently
preserves contour information and does not eliminate small phenomena. This
hypothesis is tested by replacing the pooling and unpooling layers of the SegNet
architecture, a semantic segmentation network, with the proposed custom pooling and
unpooling layers. The Vaihingen Dataset, a high-resolution RS dataset whose sample
image is provided in Figure D.1.1, is used to demonstrate the performance of the
proposed approach.

TreePooling and TreeUnpooling layers and their forward and backward
propagation operations are implemented using the PyTorch framework. Since the
Vaihingen Dataset has a very high resolution and its images are not the same size, its
images are padded with their mirrored versions so that they are equal to the closest
factor of 320. Then, 320 X 320 patches are cropped from each of these images to be

used as samples for training and testing the model with custom pooling.
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Figure D.1.2: An example of the proposed multi-scale-based pooling mechanism.
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224 | 216 224 | 224 | O | 216
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Pooled Image Partition map calculated Unpooling Result
from alpha-tree (window size=2,
threshold=3 stride=2)

Figure D.1.3: An example of unpooling with the proposed multi-scale-based
mechanism.

Since the proposed approach is demonstrated on the SegNet architecture, its 5
pooling and 5 unpooling layers are replaced by their custom versions. Then, to imitate
the effect of pooling on image size but without losing contour information, each
sample image is resized with gradually decreasing order to form the input to these

custom pooling layers. This means that for the SegNet architecture with pooling
1

. . . . . 111
parameters stride = 2 and window size = 2, the downsized images are 1,5,1,5, v

of the original input size, respectively. The o-tree of each resized image is then
computed to create partition maps with using coarse-to-fine thresholds of 11, 9, 7, 5,
and 3, respectively. Each of these partition maps is then passed to the corresponding
pooling layer along with its input. An example of this custom pooling is given in Figure
D.1.2 and its unpooling is given in Figure D.1.3. A sample image with its 3 partition

maps is provided in Figure D.1.4.
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e Experiments

The first implementation of the custom pooling and unpooling layers was too
slow to train the model because it used index-based access with GPU operations. Then
these layers were re-implemented using PyTorch functions, which drastically reduced
the forward and backward propagation times for a batch from seconds to milliseconds.
However, this resulted in an increase in GPU memory usage and training was not
possible again. At this point, techniques to reduce GPU memory usage are currently
being investigated. In addition, online alternatives that allow high GPU memory usage
are being tested, such as Paperspace', which allows free access to GPU memory up to
32 GB for a limited amount of time. As an attempt to reduce memory usage, the
calculation of partition maps was changed from fine-to-coarse to coarse-to-fine
manner. Since the first partition map is the largest in size and uses the finest threshold
from its a-tree, this resulted in too many connected components to fit in memory. This
approach reduced memory allocation, but still requires more space. This problem is

still under investigation.

201 | 201 | 202 | 207
224 | 202 | 202 | 216
223 | 222 | 209 | 215
220 [ 205 | 207 | 214

Image CC Mask, alpha=1

CC Mask, alpha=3 CC Mask, alpha=6

Figure D.1.4: An example of thresholding the o-tree of the
image with different values.

In this chapter, a custom pooling for semantic segmentation is proposed. Pooling
layers are an essential part of CNNs because they produce effective feature maps from
large scenes by downsampling the input. However, there is a trade-off between the

number of pooling layers, which introduce increasingly abstract features along with

! www.paperspace.com, accessed on February 28%, 2022
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convolutional layers, and the loss of contour precision due to downsampling of the
input.

This loss of precision is particularly important in analysis of RS images due to
the multi-scale appearance of phenomena. Instances of phenomena represented with a
small number of pixels (e.g., cars) may be lost during the progressive downsampling
inherent in pooling, resulting in poor classification performance for that class and thus
a poor performing model.

The proposed pooling mechanism addresses this problem using an efficiently
computed multiple-scale hierarchical representation. Instead of using regular grid-
based pooling windows, it uses the partition maps obtained from different hierarchies
(scales) during downsampling. In the upsampling phase, these hierarchies, which
represent the input at different scales, force the model to retain contour information,
contributing to the model's performance.

To test this approach, the pooling and unpooling layers of the SegNet
architecture are replaced with the proposed pooling and unpooling layers. The
approach has been implemented on a high-resolution remote sensing dataset, but due

to GPU memory issues, the results cannot be obtained.
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