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ABSTRACT

Spatial-contextual features play a vital role in the classification of very high resolution aerial images
characterized by sub-decimeter resolution. However, manually extracting discriminative features
is difficult and time-consuming, especially when dealing with classification problems where the
objects of interest are considerably larger than the pixel size. Deep feature learning methods enable
us to replace handcrafted features by automatically learning informative features from the data
itself—allowing us to skip the tedious and inefficient step of manual feature extraction.

This thesis aims to design, analyze, and evaluate a deep feature learning approach to the classifi-
cation of very high resolution aerial images. We carried out our experiments using sub-decimeter
resolution aerial images and corresponding digital surface models (DSM) acquired in Vaihingen,
Germany (ISPRS 2D semantic labeling benchmark dataset (Cramer, 2010)). The sensitivity of the
classifier to several of its hyperparameters was investigated. From the knowledge obtained in the
experimental analysis performed, a convolutional neural network architecture was chosen to be
the core algorithm of our classification approach. We evaluate the convolutional neural network
based approach against 2 other approaches: 1) using individual pixel values (1 near-infrared, 2 op-
tical bands, and DSM), and 2) using additional handcrafted spatial-contextual features. Several
performance metrics were used such as the: overall classification accuracy, statistical difference
in accuracy, class Fl-scores, accuracy gained from additional training samples, map quality, and
computational time and complexity. Aside from these 6 metrics, the domain adaptability of the
classifiers were assessed by measuring their performance on image tiles were no training samples
are taken.

Experimental results show that the convolutional neural network based approach outperforms
the 2 other classification approaches in all the performance metrics considered, except for com-
putational time and complexity. This illustrates that directly learning relevant spatial-contextual
features from the data can help improve the classification of very high resolution aerial images.
Adopting such an approach for large-scale projects of automated classification of very high reso-
lution images can benefit both the quality of the results and the streamlining of the classification
pipeline. We leave the further investigation of recurrent convolutional neural networks and unsu-
pervised pre-training for future research works.
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Chapter 1
Introduction

1.1 MOTIVATION AND PROBLEM STATEMENT

1.1.1 Urban land cover classification

Fast-paced and poorly-planned urban growth in a large number of areas around the world poses
different local problems: from environmental degradation to unsustainable economy (UNPD,
2014). Such problems, caused by rapid urban development, require responsive plans and decisions
from environmental planners, policy makers, and local government units. Up to date information
about the urban environment is necessary for the timely development and implementation of these
relevant plans and policies.

Land cover information is changing with the continuing trend in urbanization (Dewan and Yam-
aguchi, 2009). Remotely sensed data, in the form of satellite images and aerial photos, can provide
repeatable observations of the urban environment; thus offering an important source to derive
updated land cover information. After acquiring these data, a classification step is required to
map these observations to land cover classes of interest to a specific application. Thus, the time-
liness of land cover information depends on two sets of factors. Firstly, it will be affected by
the characteristics—e.g. repeatability /revisit time—of the platform acquiring the image. And sec-
ondly, by the time required to perform the classification from end to end, including any necessary
pre- or post-processing step. Ideally, platforms with shorter revisit time or higher repeatability—
e.g. satellites with shorter revisit time and unmanned aerial vehicles (UAV)—and automated clas-
sification methods lead to better up-to-date land cover information.

According to Ju et al. (2005), spatial resolution plays a key role in land cover classification of re-
motely sensed data. This choice generally depends on the application of interest; the application
being defined in terms of land cover categories in a classification problem. Several applications rele-
vant to sound urban development such as: identification of individual trees for ecosystem manage-
ment (Verheyden et al., 2002), road detection for strategic city planning (Mnih and Hinton, 2010),
building detection for population estimation (Deichmann et al., 2011), and vehicle detection for
traffic monitoring (Gleason et al., 2011), can only be achieved by using images with spatial resolu-
tion sufficient to identify these objects of interests—individual trees, roads, buildings, vehicles, etc.
Even though manual classification of very high resolution images is generally easier compared to
lower resolution ones, doing so is often not practical—especially for large extent (large-scale) map-
ping and/or monitoring. Moreover, photointerpretation is subjective and thus the classification
of the same area by different photo-interpreters might be inconsistent. Therefore the need for
timely land cover information demands the use of automated classification methods for such ap-
plications.

1.1.2 Contextual image classification

Several automated image classification approaches in remote sensing, briefly discussed by Warner
etal. (2009, pp. 269-281) and Richards (2013, pp. 247-317), already exist such as the well-known
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pixel-based maximum likelihood classifier (MLC), object-oriented classifiers (OOC), and other
machine learning methods. The problem with MLC, being a parametric classifier, is it can give
inadequate results when the image to be classified does not meet specific assumptions—i.e. nor-
mality of the data distribution, which is usually not applicable when defining land cover classes of
very high resolution images. A study (Ke et al., 2010) using 5-meter resolution RapidEye satellite
images and another study (Adamczyk and Osberger, 2015) using 0.6-meter and 2.44-meter reso-
lution QuickBird satellite images have both observed this non-normality in training data. OOC,
on the other hand, usually consists of an image segmentation step before classification and thus is
subjected to the performance of the segmentation algorithm used. Additionally, feature extraction
and feature selection steps are usually done before the classification. Feature extraction generates
additional features out of the original ones to help discriminate the classes. Feature selection, on
the other hand, reduces the number of features to those features that are most relevant. Having less
features generally improves the computational time and the generalization of a classifier. Feature
selection is also found to improve accuracy in image classification (Kumar et al., 2005; Somers and
Asner, 2013).

Feature extraction is often used to derive features with contextual information. Such contextual
information is relevant, especially for very high resolution aerial images to compensate for the
latter’s limited spectral resolution. Since the restricted number of original bands of the image
is, in most cases, insufficient to discriminate the land cover classes of interest. This brings in an
additional group of spatial-contextual classifiers (Li et al., 2014) with 3 major categories: texture
extraction, Markov Random Field (MRF) based models, and segmentation-based OOC. All of
these methods of automated image classification can be used for land cover classification of very
high resolution urban scenes. However, most of these existing methods—including other non-
parametric machine learning methods—rely on handcrafted features (Pacifici et al., 2009; Posner
et al., 2009). Such handcrafted features obtained from a feature extraction and selection step offers
intuitive understanding of features helpful for a specific problem. Although, handcrafting these
features is usually a tedious—up to some extent, with trial and error involved—and time-consuming
task.

Textural features are found to be helpful for image classification (Pacifici et al., 2009). Typically,
textural features are extracted by computing statistical parameters of the grey level co-occurrence
matrix (GLCM) developed by Haralick et al. (1973). The computation is done by applying a
moving window filter to the image. This computation will require to tune parameters such as
the window size and lag/offset distance. However, for images with higher spatial resolution, the
distance between related pixels increases. This will require a larger window for the computation
and thus will demand more computing power. At the same time, increasing the spatial resolution
also drastically increases the range of possible values of parameters required to tune methods for
extracting textural features. In this case, such parameter tuning will therefore be impractical and
computationally infeasible. Likewise, MRF-based models will require larger neighborhood struc-
tures and set of parameters to tune; and therefore will likely have the same problems as the texture
extraction approach.

1.1.3 Deep feature learning
In this thesis, a deep feature learning approach is adopted because of its following characteristics:
e Based on a nonparametric family of classifiers called Artificial Neural Networks (ANN),

discussed in Du and Swamy (2014), deep learning methods can model nonparametric class
probability distributions that may be present in very high resolution urban scenes.
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e In contrast to other classification approaches, it integrates feature representation in the learn-
ing process and thus does not rely on handcrafted features (Deng, 2014). This eliminates the
tedious step of manually engineering features.

e It benefits from learning from large datasets with training time and hardware as primary
constraints (Krizhevsky et al., 2012).

Deep learning roots can be traced from artificial neural network research; the Multilayer Percep-
tron (MLP), a feedforward ANN, with more than one hidden layer being an example of a deep
architecture. The weights of these networks are usually learned by applying the well-known back-
propagation algorithm (Rumelhart et al., 1986). However, this original backpropagation algo-
rithm, popularized in the 1980’s, didn’t perform well enough in practice for networks with a small
number of hidden layers (Deng, 2014). Around 2006, several clever ideas on initialization/pre-
training (Bengio et al., 2007; Hinton et al., 2006a), training (Bengio et al., 2007; Hinton et al.,
2006b), and understanding (Glorot and Bengio, 2010) this problem of deep neural networks gave
rise to the establishment (some may say revival) of a new machine learning paradigm: deep learn-
ing. This new machine learning paradigm found early applications on diverse problems—from
modeling human motion data (Taylor et al., 2007) to unsupervised learning of hierarchical fea-
tures for object recognition tasks (Ranzato et al., 2007).

Recent studies (Farabet et al., 2013; Pinheiro and Collobert, 2014) have demonstrated the feasi-
bility of deep feature learning approaches for general image labeling tasks. In contrast to conven-
tional methods in image classification, deep feature learning methods do not rely on handcrafted
features. On the contrary, deep learning methods automatically learn/select the discriminative
features they find appropriate for a classification task. Moreover, the works of Lee et al. (2009) and
Farabet et al. (2013) showed such methods can even learn hierarchical representations of features,
e.g. from parts of objects to objects and from objects to scenes.

Further recent studies show potential of deep learning to several remote sensing applications—
from being a motivation of a meta-algorithm for hierarchical feature selection (Tuia et al., 2015)
to different image classification (Chen et al., 2014b; Song et al., 2013) and object detection (Chen
et al., 2014a; Tang et al., 2015) tasks. Deep convolutional neural networks were mostly used for
object detection problems (Chen et al., 2013, 2014a; Maire et al., 2014; Saito and Aoki, 2015; Wang
et al., 2015). Deep Boltzmann machines were exploited for feature learning tasks (Han et al., 2015;
Yu et al., 2015) while a Deep Belief Network was used to classify land cover from radar data (Q1
et al., 2014). Stacked (Denoising) Autoencoders were also used for both image classification (Chen
et al., 2014b) and object detection (Tang et al., 2015) problems as well.

1.1.4 Summary and problem with difficult data

On a broader perspective, the problem of classifying very high resolution aerial images of urban
areas can be associated to 2 of the 3 dimensions of the difficult data era (some prefer the term “big
data”): volume, velocity, and variety (Casado and Younas, 2015). Firstly, dealing with data volume
becomes more problematic with the use of higher resolution images. Secondly, the data velocity
problem is amplified with the use of platforms offering highly repeatable observations such as
UAV.

As a synopsis, 3 key issues can be identified in classification of very high resolution urban scenes:

e modeling nonparametric class probability distribution of land cover expected to be present
in such scenes (not just a specific distributions as in the case of parametric classifiers)

e streamlining of the classification pipeline, possibly eliminating inefficient steps and automat-
ing every component
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e and learning from difficult, high-volume, high-velocity data source

This research aims to develop a deep feature learning approach addressing these problems, and pos-
sibly other specific problems that may be encountered along the development of such an approach,
in urban land cover classification of very high resolution aerial images.

1.2 RESEARCH IDENTIFICATION

This research revolves around the design, analysis, and evaluation of a deep feature learning ap-
proach to the classification of very high resolution aerial images of urban areas. Specifically, scenes
taken from airborne platforms capable of capturing images with sub-decimeter spatial resolution
is used. The development of such an approach shall be able to address, directly or indirectly, each
key issue identified in the previous subsection 1.1.4: non-parametric class probability distribution,
automation of classification pipeline, and learning from difficult data source. Moreover, we ana-
lyze the different aspects—e.g. architecture and performance measures—of the approach to come
up with a theoretically and practically better classifier. In addition, we compare and evaluate it
against alternative classification methods—one of which is using handcrafted features.

1.2.1 Research objectives

This research primarily aims to formulate a method of classifying very high resolution aerial im-
ages of urban areas by exploiting state-of-the-art deep learning algorithms. The method is expected
to be adaptable as one component for a large-scale urban land cover mapping and/or monitoring
system. These systems are useful for different users and use cases: from land use planning and
enforcement by a city to urban slum mapping by non-governmental organizations. In addition to
this main objective, a number of sub-objectives emerge:

1. To review and evaluate the potential of state-of-the-art deep learning algorithms to the clas-
sification of very high resolution aerial images of urban areas.

2. To design, implement, and analyze the performance of a working streamlined classifier based
on the chosen deep learning algorithm.

3. To compare the performance of the formulated deep learning classifier against alternative
classification methods using handcrafted features, e.g. GLCM.

1.2.2 Research questions

From the objectives above, the following research questions are considered:

Questions related to sub-objective 1

1. How does deep learning algorithms (e.g. convolutional neural networks, autoencoders, and
Boltzmann machine variants) work in a remote sensing context?

2. Which deep learning algorithm is suited to classify very high resolution airborne images of
urban areas with sub-decimeter resolution?
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Questions related to sub-objective 2

1. What are the effects of varying the network architecture (e.g. feed-forward, recurrent) and
dimensions (e.g. number of hidden layers, number of neurons in the hidden layers) to the
performance of the classifier?

2. What are the effects of initialization and regularization (e.g. dropout, early stopping, recur-
rence) techniques to the performance of the classifier?

3. What performance measures (e.g. classification accuracy, computational complexity, level
of automation, training sample size) are relevant for assessing the classifier?

4. Can the classifier generalize well within a domain adaptation setting, where training and test
samples are taken from different images but with similar characteristics?

Questions related to sub-objective 3

1. Which approach performs better and in which aspect of performance measure?

2. How much does the performance of the feature learning and feature engineering approaches

differ?

1.2.3 Innovation

Only limited research has been done with deep feature learning in a remote sensing context as
most of its popular applications are found in problems with more generic context such as vision
and speech information processing in computer vision and natural language processing domains.
Moreover, there are no publications found specifically dealing with multiclass classification of very
high resolution aerial images of urban areas using deep learning. Some deep learning algorithm-
specific details, such as network architecture/dimension variation, were also not thoroughly in-
vestigated in remote sensing problems. In this work, interesting initial results were found from
an implementation of recurrent convolutional neural network—an architecture that, as far as our
knowledge of the literature, has never been investigated in a remote sensing context.

This research exploits the advantages of deep learning to prototype a streamlined classifier for
very high resolution aerial images of urban areas. Ideally, the classifier will be able to classify
very high resolution images of urban areas end-to-end in a fully automated manner: from very
high resolution conventional photogrammetric products—multispectral orthophoto and/or digi-
tal surface/terrain model (DSM/DTM)—to land cover maps. This prototype has great potential
to be used for large-scale mapping and/or monitoring systems utilizing platforms that can pro-
vide repeatable observations such as UAV. Similar attempts to create such fully automated systems
exist in the literature. Although, they either only use high resolution (2.5 meter and 10 meter) im-
ages (Kemper et al., 2015)—and therefore limits the land cover classes to objects identifiable in that
resolution—depend on handcrafted features (Gressin et al., 2014) or both (Li and Narayanan, 2004).
Better classification results—in terms of performance measures to be explored in the study—are
also expected from the classifier. Thus, its performance was evaluated against other classification
methods using handcrafted features.

1.3 PROJECT SETUP
This research project will be divided into 3 stages:

1. review and evaluation
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2. design, implementation, and analysis

3. performance comparison

1.3.1 Method adopted

In the first stage of the research project, we reviewed a number of existing deep learning algo-
rithms. The focus of the review is to discuss the applicability of these algorithms to the problem
of classifying very high resolution aerial images of urban areas. We solely based our judgment on
similar works in existing literature and benchmark data/competition results. At the end of the
review, we chose an algorithm used in the following stages of the research project.

The second stage dealt with the design, implementation, and performance analysis of a working
streamlined classifier based on the chosen deep learning algorithm. Several experimental designs
were analyzed to understand the effects of these design variations—such as changing the network
dimensions/architecture, and applying initialization, regularization techniques. The sensitivity of
the accuracy of the classifier to these variations were studied. We construct the classifier based on
the knowledge gained from understanding the effects of these design variations.

Finally, we compared the performance of the developed deep learning approach and alternative
classification approaches (with one using handcrafted features) in the third stage. Since the research
project is not focused on the investigation of alternative approaches, typical features (Bekkari et al.,
2011) existing in the literature were applied, specifically we used textural features from the gray
level co-occurrence matrix (Haralick et al., 1973). Several metrics discussed in the following chap-
ters were used to measure the performance of each classification approach. Figure 1.1 shows a
flowchart describing the general idea behind our methodology.

1.3.2 Thesis structure

The thesis is divided in 6 chapters. This chapter introduces the motivation, research problems,
questions, and objectives considered in this work. Chapter 2 reviews several deep learning algo-
rithms and their potential for the classification of aerial images of urban areas. The end of the 2™?
chapter presents the chosen algorithm to be implemented as the classifier. Chapter 3 tackles the de-
sign decisions and implementation details involved in tuning the classifier. Chapter 4 explains how
the performance of the tuned classifier was compared against alternative classification approaches.
Chapter 5 summarizes the findings from the implementation, performance analysis and compar-
ison experiments conducted. Finally, the thesis concludes in chapter 6 discussing insights gained
from, and possible extension of, the work done.
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Figure 1.1: Flowchart of the general methodology
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Chapter 2
Algorithm Selection

This chapter aims to present a brief review of existing deep learning algorithms while attempting
to relate them to the context of image classification in remote sensing: in the end, presenting the
algorithm to be implemented as the classifier. The first section discusses the basic idea of the most
well-known deep learning algorithms and mentions other algorithms in brief. The first section
also cites some benchmark results relevant to to this study. Finally, the last section presents the
chosen deep learning algorithm to be used in classifying very high resolution aerial images of urban
areas.

2.1 A CONCISE REVIEW OF DEEP LEARNING ALGORITHMS

A number of deep learning algorithms exist in the literature. This section reviews four of the most
well-known deep learning algorithms: deep feedforward multilayer perceptrons (MLP), convolu-
tional neural networks (CNN), restricted Boltzmann machines (RBM), autoencoders (AE), and
some of their variants. We also refer to other noteworthy algorithms but in much less detail.
The review ends with presenting relevant published and unpublished benchmark results in gen-
eral image labeling—where a class is assigned to the whole image; and parsing of scenes from aerial
images—where a class is assigned to each pixels comprising the image—utilizing deep learning al-
gorithms.

2.1.1 Artificial neural networks

The biological brain of animals inspired the development of a group of statistical learning models
called artificial neural networks. Analogous to the brain structure, these networks employs inter-
connected computational units (called artificial neurons) characterized by: their architecture (i.e.
how the artificial neurons are organized), the operation each neuron performs, and the learning
rules governing them (Du and Swamy, 2014, pp. 9-12). Synapses—connecting neurons in the bi-
ological brain—exhibit a manner of plasticity: i.e. their connection strength changes (sometimes
vanishes or forms a new one) in response to different patterns of stimulation. Such plasticity of
the synaptic connections drives the underlying processes on how learning and memory works in-
side the brain (Du and Swamy, 2014, pp. 1-5). Artificial neural networks work in a similar way:
learning happens as the network changes the weights (parameters) of the connections between
its neurons. We can think of an artificial neuron as a computational unit performing an affine
transformation (linear combination multiplied by the weights of the connection)

I
aj =Wo;+ 3 71 Wij 2.1)
i=1
of units with incoming connection, followed by a (usually) non-linear operation, for example the
sigmoid
1

TTTF exp(—a;) .
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and the hyperbolic tangent
zj = tanh(a;) 2.3)

functions; where a; is a pre-synaptic activation (before applying non-linearity) of a neuron in the
j" layer with I number of connections from the preceding j — 1" layer, z; is the post-synaptic ac-
tivation (after applying non-linearity), Wy ; is the weight of the bias unit, and W; ; are the weights
of the other connections. Figure 2.1 shows a graphical representation of the operations performed
by a neuron where: 1, x2, ...z, are the units, having weights of w1, wa, ...w,,, with incoming con-
nection; by is the bias unit (generally set to 1); “X” sums the product of the incoming units with
their weights; and “_"” is the non-linear operation applied.

E%?gpc><3

Wo

Figure 2.1: Diagram of an artificial neuron

Wy

2.1.2 Deep multilayer perceptrons

In a fully-connected feedforward multilayer perceptron model, these neurons are organized in dif-
ferent layers: input, hidden, and output layers. Each neuron connects to all other neurons—hence
the term fully-connected—in the preceding (except for those in the input layer) and succeeding
layers while being disconnected to neurons in the same layer (see Figure 2.2). The connections
are directed—hence the term feedforward—in a way that units in a succeeding layer are fed by the
outputs of the units in the preceding layer. Goodfellow et al. (2016, pp. 186-191) summarize
functions used in the non-linear operations performed by the neurons. Two of the most common
functions used in an MLP are the sigmoid (see equation 2.2) and hyperbolic tangent functions (see
equation 2.3).

input hidden output

e
9

O

bias units

N
YR
WK

Figure 2.2: Simplified structure of an MLP

We train the network by minimizing a cost/lost function, which is a function of the weights of
the network. Changing the weights of the connection between the neurons should then steer the
network to decrease the value of the cost function. In a supervised learning setting, the training
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phase involves showing a set of labeled samples (training set) to the network and updating the
latter’s weight such that the loss function is minimized. One possible choice of a loss function (e.g.
for binary classification problems) is the Bernoulli negative log-likelihood (equation 2.4) function

N
E(w) = - Z{tn log(yn) + (1 — t5) log(1 — yn)} (2.4)
n=1

where t,, is the desired output and vy, is the network’s prediction for sample n (Bishop, 2006,
pp- 232-236). Learning the weights of the network to minimize the loss function occurs in two
stages: firstly, we compute the partial derivatives (gradients) of the loss function with respect to
the weights; and secondly, we adjust the weights using these gradients. Rumelhart et al. (1986)
popularized an efficient way of doing the first stage by propagating the errors from the output
layer back (hence the term backpropagation) to the preceding hidden layers. In the original back-
propagation algorithm, they used a simple gradient descent: where the weights are adjusted by
iteratively applying small proportions of the negative gradient. See Bishop (2006, pp. 245-246)
for a simple example of propagating error using backpropagation.

We can also use the same loss function we used in training to evaluate how the network performs
on an unseen test data (we call this the testing phase). For classification problems, we often count
the proportion of correct predictions (often called overall accuracy) as a single measure of perfor-
mance. Furthermore, we can investigate the confusion matrix to see these prediction accuracy
measures for each of the classes.

The learning rate n defines the proportion of the negative gradient to be applied in adjusting the
weight. Two additional terms, defined by momentum and proportional factors a and , can fur-
ther improve the learning process (Du and Swamy, 2014, pp. 85-90). The momentum term effec-
tively smooths the steps taken by gradient descent while speeding up convergence of the iteration.
This three-term weight update AW applied at each epoch T,

OE(T)

AW = =15 ()

+aAW(r — 1) +~E(W(1))1 2.5)

where 35/7(?) are the gradients computed by backpropagation and 1 is a matrix of ones with the

same size as the weight matrix W, provides a robust method for minimizing the loss function of an
MLP. An epoch is usually defined as the number of iteration/s when all (or most) of the samples
in the training set were successively used to compute the gradients. We call these constants (1, «,
<) hyperparameters: parameters outside of the model definition that are integral in selecting an
appropriate model. These hyperparameters need to be chosen appropriately via a procedure called
model selection (hyperparameter tuning).

Initialization presents a separate problem in learning the weights of a neural network. A poor
choice of initial values of the weights may result to suboptimal optimization—both in the sense of
the time required to approach convergence and its quality. In practice, we commonly start with
small random absolute values or with small numbers having a mean of zero (Du and Swamy, 2014,
pp- 108-110). Other methods suggest to initialize weights in the magnitude inversely proportional
to the number of hidden units in a layer. Another more involved way to initialize weights is to
perform an unsupervised pre-training of the network—an idea that played a significant role in the
deep learning paradigm. This method employs unsupervised learning algorithms (discussed in the
succeeding sections) usually trained in a greedy layer-wise manner. Bengio (2009) argues unsuper-
vised pre-training helps both optimization (of the loss function) and regularization (discussed in
the succeeding paragraphs) of a deep neural network.

For the sake of clarity, we consider deep multilayer perceptrons to be feedforward fully-connected
artificial neural networks with more than one hidden layer. The number of layers defines the

11
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depth of the network and the number of units in a layer defines its width. As the network grows,
L.e. increases in depth and/or width, the risk of overfitting increases. Overfitting happens when
an excessively complex statistical model reports exceptionally high performance during training;
but then performs poorly when presented with new data, e.g. a test or validation dataset. We say:
"the model overfits the training set" or " the model poorly generalizes on the test set."

To address ovefitting, we apply regularization methods to our model. One method is to introduce
a regularization (weight decay) term \ in the loss function. In the case of an L2 regularization, the
new loss function J(w) becomes of the form:

J(w) = E(w) + Mw]|?. (2.6)

The regularization term penalizes the weights learned by the model—usually excluding the weights
of the bias units—thereby inhibiting large absolute values of weights. We can also regularize our
model by utilizing an early stopping method: where we prematurely stop the training based on
some criterion (usually evaluated from a cross-validation set). Srivastava et al. (2014) recently in-
troduced a kind of regularization method called dropout. In this method, hidden units in the
network (along with their connection) are randomly “dropped out” (temporarily removed) with
a probability of (1 — p,) in every epoch—where p, is set to be the probability of retaining a unit
during training. But during testing, all units are present and their outcoming weights are scaled by
a factor of p,. Dropout has been empirically proven to improve the generalization performance
of neural networks in different tasks.

An MLP can be applied in a variety of remote sensing problems; and has been empirically com-
pared by Benediktsson et al. (1990) against Bayesian approaches in this context. In a land cover
classification task, the vectorized representation of the original bands of the image will form the
input layer of a deep MLP. Consequently, the vector containing land cover labels will form the
output layer of the same MLP. A similar architecture can tackle regression problems in remote
sensing such as estimating certain indices, e.g. leaf area index, from satellite images.

2.1.3 Convolutional neural networks

Most of the structure an MLP uses also applies to a convolutional neural network: input layers,
output layers, activation functions, and feedforward connection. The main difference of the two
architectures is the density of connections between neurons. With the dense connection (i.e. every
unit in the preceding layer is connected to all the units in the succeeding layer) employed by the
MLP, directly learning spatial-contextual features (e.g. taking a neighborhood of pixels as an in-
put for image classification) exponentially increases the number of its parameters. Thus, applying
such an approach can be very expensive and will likely have poor generalization. On the con-
trary, a CNN utilizes differently structured hidden layers promoting sparser connection when
compared to a fully-connected MLP of the same dimension. This architectural design of CNN
with sparse and local connection was conceived incorporating several knowledge about images
such as: stronger correlation between nearby pixels and reusability of local features from one re-
gion of the image to another. The hidden layer of a convolutional neural network consists of:
convolutional, detector (non-linearity), and pooling layers. We often attach a fully-connected ar-
chitecture (same as the hidden layers of an MLP) at the end of a stacked series of the three layers
mentioned thus forming a deep architecture.

Many applications in computer vision and image recognition found convolutional neural net-
works to be highly effective (Krizhevsky et al., 2012; Simonyan and Zisserman, 2014; LeCun
et al., 1998). So in the following discussion, we consider an image volume (2D image with say
3 bands/channels) as an example input to our convolutional neural network. The convolutional
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layers applies the convolution operation to the input (a 2D convolution in the case of images); uti-
lizing (often) multiple learnable filters thus producing a 3-dimensional volume of activation units.
The depth of the volume being the number of filters. The length and width of the convolutional
layer depends on the length and width of the input and the size of the kernel (sometimes also
called the receptive field). The receptive field defines the region of the image from which a single
feature (hidden unit) of a hidden layer is computed from. For a hidden layer directly following the
input layer, it is equivalent to the kernel size. But for deeper (succeeding) hidden layers utilizing
the same kernel size as the previous layers, the receptive field equivalently increases. To achieve
sparse and local connection, we use a receptive field of size smaller than the input. With a smaller
receptive field, we constrain an activation unit to be only affected by a local region in the input;
and with the filters being shared across the whole input, we constrain different units to have the
same parameters (sometimes called parameter tying) thus considerably decreasing the number of
connections. In Figure 2.3 we highlight a hidden unit, together with the inputs connected to it,
when formed by convolution with smaller receptive field (left) and by full connection (right).

convolutional fully-connected

Figure 2.3: Locality and sparsity of a CNN

After producing activation values from the convolutional layer, a non-linear operation follows.
We usually call this part the detector stage where we use a non-linear activation function, such as
the rectified linear unit (relu)

ha(a) = maz(0,a) 2.7)

to convert the activations from the convolutional layer. This operation retains the size of the vol-
ume of activation units. A pooling layer usually succeeds the convolutional layer and detector
stage. Pooling further converts the activation units from the detector stage by using an aggrega-
tion function such as taking the maximum or average value over a region. We also often apply
downsampling to reduce the size of resulting activation units (see Figure 2.4). Pooling promotes
learning of representations invariant to small translations (Goodfellow et al., 2016, pp. 331-337)—
one characteristic of features we want when performing object detection in images.

In contrast with an MLP of the same dimension (and taking the same region of pixels to extract
spatial-contextual features from), convolutional neural networks are much easier to train. We
could attribute it to the sparsity of connection of the network making it faster train, thus allowing
users to perform more experiments. Goodfellow et al. (2016, pp. 337-339) further give insight by
comparing a CNN to a fully-connected MLP with infinitely strong prior on the weights. They
explain such a prior constrains the weights to be the same but shifted in space (parameter sharing)
and all other weights, except for a local region in the input, are zeros (locality due to smaller
receptive field).
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Figure 2.4: Pooling with subsampling of a CNN

In a remote sensing context, convolutional neural networks can play a role in learning represen-
tations able to efficiently capture contextual information for a classification or regression task.
Similar to MLP, such tasks could be land cover classification or land cover index estimation from
remote sensing images. However, only recently have there been interest on using these networks
in a remote sensing context. Most of the unique properties of CNN were not strongly investigated
in a remote sensing application.

2.1.4 Autoencoders

An autoencoder, auto-associator, or Diabolo network (Bengio, 2009) aims to learn compact and
distributed representation of an input data. An autoencoder consists of two parts: the encoder—
transforming the input into some form of representation—and the decoder—reconstructing the
input from the codes produced by the encoder. They practically have the similar architecture as
an MLP with one hidden layer, with the hidden units being the codes learned by the autoencoder.
The same gradient-based optimization with backpropagation can be applied with training autoen-
coders. But, since the target values are the input values themselves, autoencoders are trained in an
unsupervised manner.

Autoencoders can form deep architectures by being stacked and trained like an RBM and can also
be deep by itself like an MLP with multiple hidden layers. Other variants exist such as denoising
autoencoders (Vincent et al., 2008) and sparse autoencoders (Ranzato and LeCun, 2007). Instead
using the original input, denoising autoencoders use corrupted version of the former as input.
On the other hand, sparse autoencoder forces its feature representations to contain values that are
mostly zero (sparsity constraint).

Applications in dimensionality reduction benefits from autoencoders. We can also use autoen-
coders for unsupervised feature learning in relevant classification and regression remote sensing
problems. Autoencoders can play a role in unsupervised pre-training of other neural networks
such as MLP or CNN as well. And unlike RBM, autoencoders are easier to train (Bengio, 2009).

2.1.5 Restricted Boltzmann machines

A Boltzmann machine (Ackley et al., 1985) is an energy-based undirected graphical model (Markov
random field) having symmetric links between its visible (response) and hidden (latent) variables.
By forbidding connections between variables in the same layers, we obtain a restricted Boltzmann
machine (see Figure 2.5 and notice the absence of arrows). Same as the Boltzmann machine, an
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RBM models the joint probability distribution

P(v=v,h=h)= %exp(—E(v, h)) (2.8a)
E(v,h) = =b"v—c'h —vTWh (2.8b)

of its visible v and hidden variables h using an energy function E parametrized by the connec-
tions between the variables and their bias units (b, ¢, W). The constant Z, known as the partition
function, sums exponential values of the energy function over all states. Naively performing this
summation of exponential energy values poses a computational problem; hence, several clever al-
gorithms arise to train RBM in a computationally tractable manner Goodfellow et al. (2016, pp.
598-620).

visible

Figure 2.5: Restricted Boltzmann machine

Being a probabilistic model, we can apply maximum likelihood to estimate the parameters of an
RBM. For this estimation, we can use a gradient-based optimization to maximize the log likelihood
of the data (Goodfellow et al., 2016, pp. 597-598). Hinton (2002) proposed an efficient method,
called contrastive divergence (CD), to approximate the gradient of this log likelihood function.
Instead of maximizing the likelihood directly, CD minimizes the the difference between two
Kullback-Leibler (KL) divergence values: comparing the equilibrium distribution against the em-
pirical data distribution and the distribution of reconstructed data generated from a k-step Gibbs
sampling. Murphy (2012, pp. 989-990) provides a pseudocode of the a CD-1 (k=1) algorithm for
training an RBM. An alternative algorithm proposed by Tieleman (2008), called persistent CD,
where instead of restarting the Markov Chain on the data after every parameter update—as what
CD does—persistent CD initializes the Markov Chain for the next update on the last state of the
previous update. Murphy (2012, pp. 990-991) also provides a pseudocode of the persistent CD
algorithm. Both algorithms operate in an unsupervised manner.

Several variants of RBM exist each dealing with a different kind of variable. Murphy (2012, pp.
985-987) summarizes a number of them. We can stack restricted Boltzmann machines to construct
deep architectures such as a deep belief network (DBN) and deep Boltzmann machine (DBM). A
deep belief network (Hinton et al., 2006a) is a partially directed and undirected graphical model
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formed by stacking a series of RBM. The bottom, starting from the visible units, part until the
second to the last layer forms a directed graph while the top two layers forms an RBM. On the
other hand, a deep Boltzmann machine (Salakhutdinov and Hinton, 2009) is basically a Boltzmann
machine—hence fully undirected—composed of multiple hidden layers, i.e. units in the same layer
are disconnected. Murphy (2012, p. 998) briefly describe a greedy layer-wise fashion for training
both deep RBM-based models.

Similar to the autoencoder, the restricted Boltzmann machine and its variants can provide unsu-
pervised feature learning methods for similar regression and classification problems described in
the previous sections. We can also use such models for pre-training other deep neural networks in
an unsupervised manner.

2.1.6 Other algorithms

Here are some other noteworthy algorithms in deep learning:

e Deep Q-Networks—Mnih et al. (2015) train a deep network using the g-learning algorithm
(a form of reinforcement learning) to play Atari.

e Deep Convex Networks—Deng and Yu (2011) introduce a network where the weights can
be learned by solving a convex optimization problem with closed solution.

e Multilayer Kernel Machines—Cho and Saul (2009) applies an iterative kernel mapping form-
ing a deep architecture.

e Memory Networks—where some architectures of recurrent neural network fall. These net-
works integrate external memory modules in their structure.

2.1.7 Relevant benchmark results

Several deep learning algorithms currently holds record in a number of general image classifica-
tion benchmark (Benenson, 2014). Lagrange and Saux (2015), and Paisitkriangkrai and Sherrah
(2015) also recently submitted classification results of the ISPRS 2D semantic labeling benchmark
dataset—which is also used in this thesis—utilizing a convolutional neural network in their classi-
fier. But, unlike the architecture implemented in this study, the classifier made by Lagrange and
Saux (2015) still rely on segmentation. On the other hand, Paisitkriangkrai and Sherrah (2015) used
handcrafted features and post-processing to improve accuracy. Furthermore, both ignored—or at
least did not discussed—other architectural variations and tuning techniques (changing connection
density/sparsity, dimensions, and loss functions; applying pre-training, recurrence; etc.), and their
effect to the performance of the classifier.

2.2 CHOSEN ALGORITHM AND DESIGN EXPERIMENTS

As discussed in chapter 1, contextual information is relevant when dealing with very high reso-
lution airborne images. Filters learned by convolutional neural networks can capture contextual
information. Furthermore, the hopefully translation-invariant features produced by the pooling
layer are intuitively helpful to the problem of this study. Therefore, we choose convolutional neu-
ral networks to be the core algorithm for this research. In the next chapter, we discuss how we
implemented the classifier exploiting the CNN architecture and how we perform several design
experiments exploring different architectural variations and tuning techniques (as mentioned in
the previous subsection 2.1.7) to improve the classifier’s performance.
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Chapter 3
Design and Implementation

This chapter discusses the relevant design decisions and implementation details taken to build
the deep learning based classifier for the purposes of this study. The first section describes the
architecture of the the artificial neural networks employed in the implementation of the classifier—
hence, providing a set of common terms and notations used in the rest of the paper. The next
section discusses the experimental analysis performed in search of an optimal configuration of the
classifier. The chapter postpones and leaves specific architectural details of the deep learning based
classifier of our primary interest to the next chapter.

3.1 NETWORK ARCHITECTURES

3.1.1 MLP

The MLP takes one pixel from an image as an input. Hence, the input layer consists of b units
where b is equal to the number of bands of the input image. The layers have full connection from
their preceding and to their succeeding layers as described in section 2.1.2 and illustrated in Figure
2.2. The units in the hidden layers utilizes the same activation function (varied in the experiments)
while the final output layer utilizes the softmax function:

e
hs(a;) = N 3.1
3(“ ) z:(j]:l ey ( )

where >, ha(a;) = 1 and ha(a;) > 0 to produce softmax scores for each class labels (Goodfel-
low et al., 2016, pp. 162-169). The classifier then assigns the label with the highest score to the
pixel being classified. The output layer therefore consists of .J units equivalent to the number of
classes in the classification problem. With this structure of the output layer, the class labels are
transformed into vector encoding where all elements of the vector are zero except for the element
with index corresponding to the class label. For example: labels A, B, and C are transformed into
(1,0,0), (0, 1, 0), and (0, 0, 1) vectors respectively.

The network minimizes a categorical cross-entropy objective function:

Ep(w) =— Z tilog(y:) (3.2)

where t; is the i"" element in the vector encoding of the true label and y; is the it element of
the output layer, computed for n samples. Applying L2 regularization, the equivalent objective
function takes the form of equation 2.6. A stochastic gradient descent with momentum approach,
discussed by Goodfellow et al. (2016, pp. 288-293) is used to optimize the loss function. Similar to
the normal (sometimes called batch) gradient descent method, stochastic gradient descent updates
the weights proportional to the negative gradient; with the proportion defined by the learning rate
n introduced in section 2.1.2. But instead of updating the weights after computing the gradients
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for all the training cases, stochastic gradient descent applies the update after computing the average
gradient over a batch of randomly drawn training samples.

Aside from 7, we need to set additional hyperparameters for this optimization method: momen-
tum a, size of the batch, and criteria when to end the optimization. To improve the generalization
error of the model, we also need to set the regularization hyperparameters: type of regularization
applied (usually L2 or L1 parameter norm penalty), regularization term A, the dropout rate (prob-
ability of dropping out a unit), and the early stopping parameter. The width, depth, and activa-
tion function used in the hidden layers can also be varied to find the optimal configuration of the
model.

3.1.2 CNN+MLP

The convolutional neural network performs a pixel-wise classification of an image by taking a
square patch of pixels P, centered on the pixel (z, y) being classified, from the image as an input.
The first layer forms a 3D input volume (tensor) of size is x i5 x b where i5 is the dimension of the
input patch. The network then performs a series of 2D convolutions over the input, a unit-wise
non-linear operation (activation function), and pooling with subsampling.

For this architecture, a “full convolution” is applied where the resulting output dimension from a
convolution is calculated by the following equation

o=i+fi—1 (3.3)

where o is the output dimension, i is the input dimension, and f; is the kernel size. In “full
convolutions”, input images are automatically padded by appropriate number of zeros at their
borders. The pooling operation is defined by a square region of dimensions ps x ps where the
maximum value is taken to be the output (max pooling). We, by default, set the strides of the
convolution to 1 pixel (but can be varied); while the pooling stride is usually set to ps pixels—hence,
producing non-overlapping pooling regions and downsampling the previous layer (in the first two
dimensions) by a factor of ps. Figure 3.1 illustrates the hyperparameters of the convolutional
neural network, while Table 3.1 provides a short summary of these hyperparameters. Applying
a “full convolution”, the size of outputs from convolutional layers will only be affected by the
pooling size and stride applied—hence, other hyperparameters (such as network depth) in model
selection can be conveniently chosen.

We then flattened the last output volume produced from the series of convolution, non-linearity,
and pooling into a one-dimensionl vector and connect it to layers with dense connection—similar
to the hidden layers of a fully-connected MLP described in the previous section. This flattened
vector contains the spatial-contextual features extracted by the CNN for the central pixel of the
patch. The dense hidden layers uses the same activation functions as the non-linearity applied in
the previous convolutional stage. When only one pixel is being classified at a time, the same output
layer as described in the previous section can be used; and we center the input patch on this same
pixel.

313 CNN (without MLP)

We also experimented with convolutional neural network architectures without utilizing dense
layers at the end. For this CNN variant, we used “valid convolutions” where the resulting output
dimension is calculated by the following equation

o=1i—fs+1 (3.4)
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Figure 3.1: CNN hyperparameters, the kernel and pooling strides are defined by how much the the squares with
fs and ps dimensions moves when performing convolution and pooling respectively.

Table 3.1: Summary of CNN hyperparameters

Hyperparameter

Description

Patch size i

Kernel size f,

Number of filters f;

Pooling size ps

The dimension of the square patch that is fed as an input to the CNN.
It defines the extent of the region in an image where contextual in-
formation is being extracted for the classification of the central pixel
of the patch.

The dimension of the square kernels used in the convolutional layers
of the CNN. Intuitively, this defines the extent of the local patterns
that will be learned by the CNN as equivalent spatial-contextual fea-
tures. The kernel stride (usually set to 1 pixel) defines how the ker-
nels will be moved across the image to compute the features.

The number of kernels/filters applied by the convolutional layers.
Equivalently, this sets the maximum number (variety) of local pat-
terns that can be learned by each layer of the CNN.

The dimension of the pooling region where the maximum value will
be taken as the output. The pooling stride, usually set to ps, defines
how the subsequent layer will be downsampled. It also equivalently
sets the degree of invariance of the features that will be learned by
the classifier to small translations.

where o is the output dimension, 7 is the input dimension, and f; is the kernel size. For this kind of
convolution, padding the input with zeros is unnecessary. We then chose hyperparameters (such
as filter f5 and pooling ps sizes) affecting the size of the output units for each layers such that the
final output volume is a 1 x 1 x n (number of classes in the problem). Flattening the last output
vector will then be unnecessary. Hence, with this variant, the (2D) spatial property of the features
obtained from the convolutional layers are intuitively preserved. In this variant, the CNN directly
returns the label of the central pixel of the input patch without the need of dense hidden layers of
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Figure 3.2: Diagram of a recurrent convolutional neural network (RCNN) architecture where each CNN instance
uses the same set of weight values (parameter tying/sharing).

an MLP at the end.

3.1.4 Recurrent convolutional neural network

We also experimented with a recurrent convolutional architecture (Pinheiro and Collobert, 2014).
The same components of the previously described convolutional architecture (without final dense
layer) is used with few subtle differenes. Firstly, for this recurrent architecture, the output label
scores of the network are fed back as an input to itself—hence, the term recurrence. So instead of
having is x i5 x b (number of bands) input volumes, the recurrent CNN receives i x i x b+n (num-
ber of bands and classes) input volumes. We initialize the 0?" instance of the recurrent network
with zero label score maps. A recurrent CNN is then formed by stacking instances of convolu-
tional neural networks having the same (shared) weights. Figure 3.2 shows a graphic illustration
of a recurrent convolutional neural network architecture.

In this recurrent architecture, succeeding CNN must then be fed with a scaled version of the orig-
inal patch size with the same dimension as the output scores (downsampled by the “valid convolu-
tion” and pooling operations) from the previous instance. For scaling the patch, an approximate
nearest neighbor method is applied. Similar to the previous architecture, hyperparameters (in-
cluding the number of network instances) affecting the size of the output were chosen such that
the final output volume is 1 x 1 x n.

Weight sharing across CNN instances in an RCNN allows us to increase the depth of the network
(hence, increasing the number of features and model capacity as well) while maintaining the same
number of parameters as compared to a standard CNN. Feeding output scores of a previous in-
stance to the succeeding one also allows the model to learn contextual label dependency—similar
to what an MRF-based classification is doing. In this way, the classification of a sample is not only
conditioned on the raw pixel values of itself and nearby pixels but also on the label score values

(of the neighborhood) as well.
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3.2 DESIGN OF EXPERIMENTS

3.2.1 Experimental setup
Data on-hand

A subset of the ISPRS 2D semantic labeling benchmark data (Cramer, 2010) was used in the exper-
iments. The dataset consists of 33 very high resolution (9 cm) airborne images of Vaihingen, Ger-
many covering an area of about 7.4 x 4.7 square km. These 33 image tiles include an orthophoto,
with 1 near infrared and 2 optical (Red and Green) bands, and a digital surface model (DSM). Six-
teen out of the thirty-three tiles also have ground truth image containing the land cover classes
used as labels in the classification. The land cover classes available in the ground truth images are:
1) impervious surface, 2) low vegetation, 3) buildings, 4) trees, 5) car, and 6) clutter. Figure 3.3
shows the orthophoto, DSM, and ground truth of image tile 1 (see ISPRS (2015) for tiling details).

Orthophoto DSM Ground truth

[ | impervious surface - Building [ | Low vegetation

- Tree D Car - Clutter

Figure 3.3: An example data showing the orthophoto, DSM, and ground truth of image tile 1.

Sampling

A stratified random sampling (based on class frequency) from 3 labeled tiles is used to build the
training and (sparse) test samples. In the stratified random sampling, number of samples taken
from each class are in linear proportion to their occurrence in a tile: e.g. if 25 % of pixels in tile 1
are building pixels then, 500 out of the 2000 sample points from tile 1 will be of the building class.
In the domain adaptation analysis, test sets were separately taken from tiles where no training
point was taken.

Testing

Sparse testing (only classifying sampled pixels from the image) is mainly used throughout the
experiments—especially in the sensitivity analysis of hyperparameters—as full testing (classifying
all the pixels in the image) can be computationally expensive. The classifier was evaluated over
whole image tiles to print classified maps.
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Normalization

Sample points/patches were normalized such that a set taken from an image tile has zero mean
and unit standard deviation. For fully testing sampled tiles, the same normalization parameters
used during the sampling were used. However, when fully testing unsampled tiles (in the domain
adaptation analysis, see subsection 5.2.2), the average of the normalization parameters of all the
sampled tiles were used. We applied this normalization scheme for all the experiments except for
one experiment explained in subsection 3.2.4.

3.2.2 Initial experiments

We performed some initial experiments by training an MLP with 128 units in 2 hidden layers. We
trained the network using stochastic gradient descent with momentum over 2668 training samples
and evaluated using 2640 samples unseen during training taken from tiles 1, 3, and 5. In both
setups, proper model selection was deliberately disregarded (since tuning was not the goal of this
experiment).

On activation functions

Three activation functions were compared: the sigmoid, hyperbolic tangent (tanh), and the recti-
fied linear unit (relu) functions (see equations 2.2, 2.3, and 3.1). We compared the overall classifi-
cation accuracy of the MLP on the unseen data as the training epoch increases.

On regularization

The network was also evaluated with and without any regularization method applied. This experi-
ment is done to show that neural networks (with a considerably large number of parameters, 17664
in this setup) are prone to overfitting. Hence, there will be a need of regularization techniques in
training them.

On initialization

We also conducted a experiment on initialization. Here we compared an initialization technique
proposed by Glorot and Bengio (2010) and when the weights of the network is initialized using
values of 1. Due to time constraints, initializing the network using unsupervised pretraining was
not studied.

3.2.3 Sensitivity to hyperparameters

The holdout validation method was used to select optimal configuration of the hyperparameters
of the model. This method further splits the training set into another training set and a validation
set-where the validation set is used to evaluate the criteria for selecting the "optimal" value of the
hyperparameter/s. We use the architecture described in subsection 3.1.2 and the overall accuracy
as the criteria for the following sensitivity analysis experiments. Each sensitivity experiment was
designed independently, i.e. sets of samples were different in each experiment, thus absolute com-
parison of between overall accuracy values obtained from different experiments (e.g. OA from
patch size experiment vs. OA from kernel size experiment) is irrelevant.

To address overfitting and improve the generalization (performance on unseen test data) of our
networks, we apply 3 forms of regularization: an L2 weight decay term A (see equation 2.6), an
early stopping criteria, and dropout (Srivastava et al., 2014). For early stopping: we take a valida-
tion set and monitor the value of the loss function on this set, save the best value among all the
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past epochs, and prematurely stop the training if the best value of the validation loss function does
not change for e,, number of epochs after it has been saved. For dropout, the rate of “dropping
out a unit” (1 — p,.) should be set.

Patch size

The effect of the i5 hyperparameter was investigated by varying the sizes of input patches to a
convolutional neural network with the following fixed configuration in Table 3.2. We trained
the network using stochastic gradient descent with momentum over 1186 training samples while
applying learning and regularization hyperparameters values in Table 3.3 tuned over 593 held-
out validation samples. The network’s overall accuracy was evaluated over 889 test samples. The
following i values were used for this experiment: 9, 19, 33, 65, and 129.

Table 3.2: Patch size experiment: CNN configuration

Hyperparameter Value

Layers ¢ [-C-A-P-D1-C-A-P-D1-F-D2-O
Nonlinearity used in A, F, and O b relu-softmax

Width of F 128

Patch size i, 9, 19, 33, 65, 129)

Number of filters f,, 16

Kernel size f; 3

Pooling size ps 2

@ Layer notation: I=Input, C=Convolution, A=Activation (1% stage), P=Pooling, F=MLP hidden
layer (fully-connected), O=Output, D1=Dropout in 1% stage, D2= Dropout in 2" stage.

b relu is used in A and F, while softmaz is used in O.

The weights (in the filters) are initialized using normalized initialization proposed by Glorot and Ben-
gio (2010); the convolution stride is set to 1; and pooling stride is set to 2.

Table 3.3: Patch size experiment: learning and regularization hyperparameters

Hyperparameter Values
Learning rate n ¢ (0.1, 0.001, 0.0001)
Momentum « 0.9
Learning rate decay 7,4 (0.01, 0.001)
Early stopping patience e, (10, 50, 150)
Max number of epoch 1000
Weight decay \ ® (0.01, 0.001)
Dropout rate in (D1, D2) ((©.7,0.4), (0.5,0.25), (0.3, 0.1))
 The learning rate decreases after each epoch defined by the function: n(e) = g ﬂ;’i —> Where 7 is the

learning rate at epoch e, 7 is the initial learning rate, and 7 is the learning rate decay term.
b L2 parameter norm penalty is used.

The proportional factor 7 is not used.

A fixed mini-batch size of 128 was used.
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Kernel size

Aside from the patch size, we also investigated the effect of the kernel (filter) size fs used by the
convolutional layers of a CNN with the following fixed configuration in Table 3.4. We trained the
network, using the same stochastic gradient descent method used in the previous patch size exper-
iments, over 1329 training samples; while applying learning and regularization hyperparameters
values in Table 3.5 tuned over 1329 held-out validation samples. The network’s overall accuracy
was evaluated over 2657 test samples. The following fs values were used for this experiment: 3, 5,
9,17, and 25.

Table 3.4: Kernel size experiment: CNN configuration

Hyperparameter Value

Layers ¢ I-C-A-P-D1-C-A-P-D1-F-D2-O
Nonlinearity used in A, F, and O ® relu-softmax

Width of F 128

Patch size 74 33

Number of filters f,, 16

Kernel size f 3,5,9,17,25)

Pooling size ps 2

@ Layer notation: I=Input, C=Convolution, A=Activation (1°* stage), P=Pooling, F=MLP hidden
layer (fully-connected), O=Output, D1=Dropout in 1% stage, D2= Dropout in 2" stage.

b relu is used in A and F, while softmaz is used in O.

The weights (in the filters) are initialized using normalized initialization proposed by Glorot and Ben-
gio (2010); the convolution stride is set to 1; and pooling stride is set to 2.

Table 3.5: Kernel size experiment: learning and regularization hyperparameters

Hyperparameter Values

Learning rate n ¢ (0.1, 0.001, 0.0001)
Momentum « 0.9

Learning rate decay 7y * (0.01, 0.001)

Early stopping patience e, (5, 25,75)

Max number of epoch 1000

Weight decay )\ ° (0.01, 0.001, 0.0001)

Dropout rate in (D1, D2) ((0.7,0.4), (0.5,0.25), (0.3, 0.1))

@ The learning rate decreases after each epoch defined by the function: n(e) = , where ) is the

0
1+ngx*e
learning rate at epoch e, 7 is the initial learning rate, and 7 is the learning rate decay term.
b L2 parameter norm penalty is used.

The proportional factor v is not used.

A fixed mini-batch size of 128 was used.

Number of filters

The effect of the number of filters f,, used by the convolutional layers of a CNN was also inves-
tigated. The network with the following fixed configuration in Table 3.6 was trained, using the
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same stochastic gradient descent method used in the previous patch size experiments, over 1334
training samples; while applying learning and regularization hyperparameters values in Table 3.7
tuned over 4000 held-out validation samples. The network’s overall accuracy was evaluated over
2666 test samples. The following f,, values were used for this experiment: 4, 8, 16, 32, 64, and 128.

Table 3.6: Number of filters experiment: CNN configuration

Hyperparameter Value

Layers ¢ [-C-A-P-D1-C-A-P-D1-F-D2-O
Nonlinearity used in A, F, and O b relu-softmax

Width of F 128

Patch size 7,4 19

Number of filters f,, (4, 8, 16, 32, 64, 128)

Kernel size f 3

Pooling size ps 2

@ Layer notation: I=Input, C=Convolution, A=Activation (1** stage), P=Pooling, F=MLP hidden
layer (fully-connected), O=Output, D1=Dropout in 1% stage, D2= Dropout in 2" stage.

b relu is used in A and F, while softmaz is used in O.

The weights (in the filters) are initialized using normalized initialization proposed by Glorot and Ben-
gio (2010); the convolution stride is set to 1; and pooling stride is set to 2.

Table 3.7: Number of filters experiment: learning and regularization hyperparameters

Hyperparameter Values

Learning rate n ¢ (0.5,0.1,0.01)

Momentum « 0.9

Learning rate decay 7g * (0.01, 0.001)

Early stopping patience ey, (40, 10)

Max number of epoch 1000

Weight decay A\ ° (0.1, 0.01, 0.001)

Dropout rate in (D1, D2) ((0.7,0.4), (0.5, 0.25), (0.3, 0.1))

@ The learning rate decreases after each epoch defined by the function: n(e) = where 7 is the

U]
14+ngx*e?
learning rate at epoch e, 7 is the initial learning rate, and 7, is the learning rate decay term.
b L2 parameter norm penalty is used.

The proportional factor 7 is not used.

A fixed mini-batch size of 128 was used.

Depth

We also studied the effect of the number of convolutional layers C;, and number of dense/fully-
connected layers F}, of a CNN with the following configuration in Table 3.8; trained using the
same stochastic gradient descent method used in the previous patch size experiments over 5319
training samples; applied learning and regularization hyperparameters values in Table 3.9 tuned
over 5319 held-out validation samples; and evaluated over 5332 test samples. The following C,,
values were used for this experiment: 3, 4, 5, while fixing F}, to be equal to 1; and the following
F,, values were used: 1, 2, 3, while fixing C,, to be equal to 3.
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Table 3.8: Depth experiment: CNN configuration

Hyperparameter Value

Layers * I-(C-A-P-D1)xC,,-(F-D2)x F},-O
Nonlinearity used in A, F, and O b relu-softmax

Width of F 128

Patch size 7, 33

Number of filters f,, 16

Kernel size f; 9

Pooling size ps 2

@ Layer notation: I=Input, C=Convolution, A=Activation (1% stage), P=Pooling, F=MLP hidden
layer (fully-connected), O=Output, D1=Dropout in 1% stage, D2= Dropout in 2"¢ stage.

b relu is used in A and F, while softmax is used in O.

The weights (in the filters) are initialized using normalized initialization proposed by Glorot and Ben-
gio (2010); the convolution stride is set to 1; and pooling stride is set to 2.

Table 3.9: Depth experiment: learning and regularization hyperparameters

Hyperparameter Values
Learning rate n ¢ (0.1,0.01)
Momentum o 0.9
Learning rate decay 74 * 0.01
Early stopping patience e, 40
Max number of epoch 1000
Weight decay )\ ® (0.01, 0.001)
Dropout rate in (D1, D2) ((0.5,0.5), (0.0, 0.0))
@ The learning rate decreases after each epoch defined by the function: n(e) = 2, where 7 is the

1+ngx*e?
learning rate at epoch e, 1 is the initial learning rate, and 7 is the learning rate decay term.

b L2 parameter norm penalty is used.
The proportional factor 7 is not used.
A fixed mini-batch size of 128 was used.

3.2.4 Investigation of recurrence

We also investigated how recurrence in the architecture of the CNN can affect its classification
performance. Two experimental setups were performed: one setup of a recurrent convolutional
neural network (RCNN) utilizing input patch size i of 33 pixels and another utilizing 121 pixels.
The first smaller patch size of 33 pixels was chosen as it showed good overall accuracy in the patch
size experiment results (see Figure 5.5). However, such a small patch size has some limitations
(discussed in the next subsection 3.2.4) when applied to an RCNN. Thus, we use another larger
patch size of 121 pixels. We report both the overall accuracy and the classified map of tile 1 from
these networks.

RCNN-33

We used a recurrent convolutional neural network comprising of 2 instances of a CNN with 3 con-
volutional layers applying “valid convolutions” for this experiment. Pooling drastically decreases
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the output size of a convolutional layer, and thus is not feasible to be applied in this architecture
with the given patch size. The first 2 convolutional layers comprise of 16 (9 x 9) kernels and use
relu as the activation function, while the last convolutional layer uses n (number of classes) 1 x 1
kernels and softmaz as the activation function. All the weights were initialized using the same
initialization method used in the previous sensitivity analysis experiments.

We also trained this network using stochastic gradient descent with momentum method over 5319
training samples feeding mini-batches of 128 samples each iteration; applied learning and regular-
ization hyperparameters values in Table 3.10 tuned over 5913 held-out validation samples; and
evaluated over 5332 test samples aside from all the samples in image tile 1. Sixty columns and rows
of (border) pixels on all sides of the tile were excluded. Because when using the next larger patch
size, these pixels need to be padded by zeros; and from our observation, these zero-padded pixels
were greatly misclassified during test.

Table 3.10: RCNN using patch size 33: learning and regularization hyperparameters

Hyperparameter Values
Learning rate n ¢ (0.005, 0.0005)
Momentum « 0.9

Learning rate decay 74 * (0.01, 0.001)
Early stopping patience ey, (5, 50)

Max number of epoch 1000

Weight decay A ° (0.01, 0.001)
Dropout rate (©.0,0.5)

@ The learning rate decreases after each epoch defined by the function: n(e) = where 7 is the

U]
14+ngx*e?
learning rate at epoch e, 7 is the initial learning rate, and 74 is the learning rate decay term.
b L2 parameter norm penalty is used.

The proportional factor 7 is not used.
A fixed mini-batch size of 128 was used.

Dropout rates were uniform for all the convolutional layers.

RCNN-121

We also used a recurrent convolutional neural network comprising of 2 instances of a CNN with 3
convolutional layers applying “valid convolutions” for this experiment. The first 2 convolutional
layers comprise of 25 (for the 1°*) and 50 (for the 2"%) 8 x 8 kernels, applying a 2 x 2 max pooling,
and using the relu activation function. Same as the previous RCNN, the last convolutional layer
uses 1. (number of classes) 1 x 1 kernels and softmax as the activation function. Hence, aside
from the patch size, this RCNN differ in 3 aspects from the first recurrent network described in
the previous subsection 3.2.4: 1) uses a slightly smaller kernel (8 x 8 compared to 9 x 9 used by the
previous one), 2) applies pooling layers, and 3) uses more filters to compensate the downsampling
effect of pooling (25 and 50 compared to 16 of the first). All the weights were also initialized using
the same initialization method used in the previous sensitivity analysis experiments.

The same stochastic gradient descent method (over 2667 training samples) was used with one im-
plementation caveat—samples needed to be read from disk every iteration as they are (in total) too
large to be loaded in memory (of the machine used in our experiments) for the whole training pro-
cess. This caveat impractically prolongs training time; hence, to be logistically practical, proper
holdout validation was not performed. With this implementation caveat, we also used a different
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normalization scheme in contrast to what was explained in subsection 3.2.1. Instead of applying
normalization for every set taken from a sampled tile, we apply the normalization process to the
whole superset (containing sample sets from all tiles). We apply the following fixed learning and
regularization hyperparameter values shown in Table 3.11.

Table 3.11: RCNN using patch size 121: learning and regularization hyperparameters

Hyperparameter Values
Learning rate n ¢ 0.005
Momentum « 0.9
Learning rate decay 7,4 ° 0.01
Early stopping patience e, 40
Max number of epoch 1000
Weight decay \ ° 0.01
Dropout rate 0.2

“ The learning rate decreases after each epoch defined by the function: 7(e) = 71—, where n is the
learning rate at epoch e, 7 is the initial learning rate, and 7, is the learning rate decay term.

b L2 parameter norm penalty is used.

The proportional factor 7 is not used.

A fixed mini-batch size of 121 was used.

Dropout rates were uniform for all the convolutional layers.

For this specific experiment, we also compare an equivalent CNN architecture utilizing the same
convolutional layers and input patch size (121). But for the CNN, the output score maps was not
fed from the 37 to the 4" convolutional layer. At the same time, weights of corresponding layers
(in the RCNN) are not tied in the CNN architecture. We also applied the same fixed learning and
regularization hyperparameters listed in Table 3.11.

3.3 FINAL IMPLEMENTATION

In this chapter we’ve shown how we investigate the components of our chosen core algorithm
(CNN). In sum, we performed a total of 3 initial experiments on properties common to both
MLP and CNN, 4 CNN hyperparameter sensitivity experiments (varying the patch size, kernel
size, number of filters, and network depth), and 2 exploratory setups investigating the recurrent
convolutional neural network architecture. We postpone the final implementation details of the
deep learning based classifier compared with 2 other classifiers to chapter 4 and the results and
discussions on these experiments to the 5 chapter.
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Chapter 4
Performance Comparison

This chapter compares the classification performance of our core deep learning based classifier—
implemented based on the knowledge obtained in the design experiments described in the previous
chapter—with other approaches. In the first section, we describe each approach that we compared.
And in the succeeding section, we discuss how we compare each approach: which metrics were
considered to be relevant in assessing all the approaches.

4.1 CLASSIFIERS

4.1.1 CNN+MLP

As discussed in section 2.2, convolutional layers in a convolutional neural network can capture
spatial-contextual information. We therefore choose a convolutional neural network with a final
dense layer (see subsection 3.1.2) as the classifier of our primary interest. Due to logistic reasons, we
didn’t perform a full model selection—rigorously searching all dimensions of the hyperparameter
space—as doing so will take a considerably huge amount of time. But instead, we adopt the values
of hyperparameters showing relatively good results in the sensitivity analysis (see subsection 5.1.2)
with the constraint that the network should be relatively cheap to train.

We implemented the classifier of our primary interest as a CNN with 2 convolutional (applying
“full convolutions”), and 1 dense layers accepting a 33 x 33 input patch. Each convolutional layer
applies 16 9 x 9 kernels, followed by a relu activation, then followed by a 2 x 2 max pooling
operation. The convolutional stride is set to 1, while the pooling stride is set to 2. The resulting
output volume from the 2 convolutional layers are then flattened into a one-dimensional vector
and is connected to the succeeding dense layer. This single dense layer comprises of 128 units
utilizing the same relu function. The dense layer is then connected to the final output layer with
n (number of classes) units utilizing the softmax function.

The classifier is trained using stochastic gradient descent with momentum searching over the set
of learning and regularization hyperparameters listed in Table 4.1.

41.2 Pixel-based MLP

We first compared the CNN+MLP classifier, described in subsection 4.1.1, with another classifier
that does not take context into account. For this classifier, we use a multilayer perceptron (see
subsection 3.1.1) accepting individual pixel values (RGB channels + DSM). For it to be comparable
with the results of the CNN+MLP classifier, we use the same architecture as the final dense layer
of the architecture described in the previous subsection 4.1.1. Hence, the network comprises of:
an input layer with 4 units, fully-connected to a single hidden layer with 128 hidden units utilizing
the relu activation function, and finally connected to the output layer with n (number of classes)
units utilizing the softmax function. We trained the network using stochastic gradient descent
with momentum searching over the set of learning and regularization hyperparameters listed in

Table 4.2.
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Table 4.1: CNN+MLP: learning and regularization hyperparameters

Hyperparameter Values
Learning rate n ¢ (0.2,0.1,0.05)
Momentum o 0.9
Learning rate decay 74 * (0.01, 0.001)
Early stopping patience e, (30, 10)
Max number of epoch 1000
Weight decay \ ° (0.1, 0.01, 0.001)
Dropout rate in (D1, D2) ((0.5,0.25), (0.0, 0.0))
“ The learning rate decreases after each epoch defined by the function: n(e) = >, where n is the

learning rate at epoch e, 7y is the initial learning rate, and 7, is the learning rate decay term.
b L2 parameter norm penalty is used.

The proportional factor 7 is not used.

A fixed mini-batch size of 128 was used.

Table 4.2: Pixel-based MLP and GLCM+MLP: learning and regularization hyperparameters

Hyperparameter Values
Learning rate n ¢ (0.03, 0.003)
Momentum « 0.9
Learning rate decay 74 * (0., 0.0001)
Early stopping patience e, (100, 20)
Max number of epoch 4000
Weight decay \ ° (0. 0.0001)
Dropout rate (0.5,0.0)

® The learning rate decreases after each epoch defined by the function: 7(e) = 71—, where n is the
learning rate at epoch e, 7 is the initial learning rate, and 74 is the learning rate decay term.

b L2 parameter norm penalty is used.

The proportional factor 7 is not used.

A fixed mini-batch size of 128 was used.

413 GLCM+MLP

For this classifier, we used a similar architecture as the MLP used in the previous classifier. But
instead of having 4 inputs (RGB channels + DSM), this classifier receives additional 7 handcrafted
textural features calculated from different statistics of the gray level co-occurence matrix (GLCM
(Haralick et al., 1973)). We applied the same approach as Onojeghuo and Blackburn (2011) used
to produce the 7 textural features: mean, variance, homogeneity, contrast, dissimilarity, entropy,
and second moment. And as Dorigo et al. (2012) did, we only compute the textural features for
the band with the highest entropy.

Adopting the approach of Onojeghuo and Blackburn (2011) to determine the appropriate GLCM
window size parameter: we observed the semivariograms of each class in image tile 1, and chose
a window size that approximate the mean range (pixel distance/lag where the semivariance start
to saturate) across all the semivariograms. See Figure 4.1 for the plots of the 5 semivariograms
of each class. Based on these semivariograms, we chose the window size of 125 to calculate the
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GLCM features. Gray level co-occurence matrices were computed using 4 offsets (directions): (1,
0), (1, 1), (O, 1), and (-1, 1). And the average of the GLCM statistic (e.g. average of entropy in the
4 directions) was used as the textural feature. Before computing all the GLCM statistics, we first
compute the entropy for all bands in image tile 1. The near infrared band showed the highest mean
entropy of 1.76 compared to the red band and green band with mean entropy values of 1.37 and
1.34 respectively. Hence, we only calculate the GLCM statistics of the near infrared band. Figure
4.2 shows the GLCM features extracted from the near infrared band of image tile 1.
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Figure 4.1: Plots of semivariograms of each class. The vertical and horizontal axes correspond to the semivari-
ance and pixel lag respectively; while each curve corresponds to the 3 channels of the orthophoto. Samples
used to estimate the semivariograms were taken from image tile 1.

We also trained the network using stochastic gradient descent with momentum searching over the
set of learning and regularization hyperparameters listed in Table 4.2.
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Figure 4.2: GLCM features of tile 1

4.2 METRICS

4.2.1 Accuracy gained from additional training samples

First, we studied the effect of training set size to the classification performance of our 3 classifiers.
But instead of using sparse test samples (as we have done in the sensitivity analysis experiments),
we evaluate the overall accuracies using all the “valid pixels”—pixels with enough information to
provide the context required by the classifiers—in an image tile. Since we are capturing context
within a specific contextual window (e.g. the GLCM window and the input patch) size, pixels
within half the window size from the border of the tile will have “missing” information to provide
this context. For our results to be comparable, the (larger) GLCM window size (compared to the
CNN+MLP classifier’s input patch size) was used to define the “valid pixels”. Hence, we excluded
62 rows and columns of pixels from the border of each image tiles before evaluating the overall
accuracies of the classifiers.

Only image tile 1 was used for this experiment as we expect the trend to carry over to the other
tiles. For the evaluation of the next performance metrics, we use the classifier trained with the
training set size that corresponds to the best overall classification accuracy over the image tile. As
discussed in the next subsections, more than 1 tile was used to evaluate these other metrics.

4.2.2 Overall accuracy

As we have heavily used in the design experiments, we also used overall accuracy as a performance
metric in the comparison of the classification approaches described in the previous subsections
4.1.1, 4.1.2, 4.1.3. We evaluated the classification accuracy of the classifiers across 2 “domains”:
(1) using tiles where training samples were taken, and (2) from tiles where no training samples
were taken. With this setup, we can have an idea of the domain adaptability of the 3 classification
approaches.

4.2.3 McNemar’s test

We performed the McNemar’s test (McNemar (1947) as cited in Bostanci and Bostanci (2013)) illus-
trated by Bostanci and Bostanci (2013) to test the significance of the difference in the classification
accuracy of the classifiers. Foody (2004) also provides a good motivation of the use of the test in a
remote sensing context. The test utilizes a 2 x 2 confusion matrix counting the samples which the
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two classifiers (being compared) predicted correctly and incorrectly as shown in Table 4.2.3.

Table 4.3: McNemar'’s test: confusion matrix

C; = failure C; = success
Cy = failure both fails (V¢ f) 15" succeeds, 2" fails (N f)
Cy = success | 1% fails (Vy), 2" succeeds both succeeds (V)

2 C; = failure/success signifies the incorrectly/correctly classified samples
by the first classifier. Same applies to the 2"? classifier C.

Following Bostanci and Bostanci (2013), the z-score is computed using equation 4.1:

Ny N -1
st +Nfs

“.1)

where N is the number of samples the first classifier correctly classified while the second classi-
fier failed, and Ny, is the number of samples the first classifier failed to classify while the second
classifier succeeded. Corresponding confidence levels from the resulting z-scores can be obtained
using Table 4.4.

Table 4.4: McNemar’s test: corresponding confidence levels for z-scores (Clark and Clark, 1999)

Zvalue Two-tailed prediction  One-tailed prediction

1.645 90% 95%
1.960 95% 97.5%
2.326 98% 99%
2.576 99% 99.5%

The z-score approaches zero if the two classifiers perform equivalently and will diverge from zero
as one classifier significantly outperforms the other. Two-tailed prediction is used two determine
if the two algorithms’ classification accuracies differ while one-tailed is used to test if a specific
classifier performs better than the other. As was discussed in the previous subsection, this test was
conducted separately within sampled image tiles and within the unsampled ones (domain adapta-
tion setup).

4.2.4 Confusion matrix

Aside from the overall accuracy, we also investigated the resulting confusion matrices from classi-
fying chosen image tiles using our 3 classification approaches. From the confusion matrix, we can
compute the precision and recall of each classes using equations 4.2:

tp

precision = 4.2a
tp+ fp 422)
tp
Il = 4.2b
reca bt fn (4.2b)

where tp is the number of true positives, fp is the number of false positives, and fn is the number
of false negatives. We further compute the F1 scores using equation 4.3:

Fle 9 precision * recall

(4.3)

precision + recall
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for us to have a single value to compare the performance of each classification approaches across
our classes of interest. In this way, we can have a more detailed view on how the 3 classifiers
perform. We also separately investigated the setups for sampled and unsampled image tiles.

4,25 Other metrics

Other performance metrics were also qualitatively investigated. One is the quality of the resulting
classified map. Is the resulting map smoothly classified? Does the shapes classified objects resem-
bles (e.g. straight edges for buildings and cars, while irregular rounded borders for trees, etc.)?
Another metric we discussed qualitatively in the following chapter is the computational time of
the classification approaches. Since various technologies (e.g. different programming languages,
libraries, etc.) were used to implement the approaches, a quantitative analysis of computational
time will be more complicated—as differences between the technologies should be taken into ac-
count. However, algorithmic complexity can be estimated; hence, we include a slight discussion
on comparing the complexity of the 3 approaches.

4.3 PERFORMANCE RESULTS

In this chapter we’ve shown how we compared our core CNN+MLP classifier with other clas-
sification approaches—one depending on individual pixel values and the other using handcrafted
features. In summary, we compared our 3 classification approaches using 6 metrics: overall classifi-
cation accuracy, statistical difference in accuracy, class Fl-scores, accuracy gained from additional
training samples, map quality, and computational time and complexity. We postpone the results
of these performance comparisons to the next chapter.
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Chapter 5
Results and Discussions

In this chapter we report all the findings from the design experiments and performance compari-
son done as described in chapters 3 and 4. The first section discusses the results from the several
architectural design experiments done. The succeeding section then presents the analysis done
in evaluating our 3 classification approaches with the several performance metrics enumerated in
section 4.2.

5.1 DESIGN ANALYSIS

5.1.1 Initial experiments

In this subsection, we discuss the results of the initial experiments performed to investigate the
activation functions, regularization, and initialization methods used in an artificial neural network
as explained in subsection 3.2.2.

Activation functions

In Figure 5.1, we can see that there is little or no difference with the overall classification accu-
racy of the MLP when using the 3 different activation functions. The sigmoid seems to slightly
outperform the two functions (with the relu having a slight advantage against the tanh function).
However, the sigmoid is considerably slower to train; as we can see in the graph that it reaches an
upper bound at a much later epoch compared to the other two. So, for the next experiments, we
chose to use the relu function because it can be much faster to train compared to the sigmoid and
it slightly performed better than hyperbolic tangent function.

We can also see, in the same figure, that the performance of the MLP decreases and stagnates after
reaching a certain peak. Hence, there is clearly a need for an early stopping method—prematurely
stopping the training before reaching a certain allowed maximum number of epoch.

Regularization

Without using any regularization method, a huge gap between the training and validation (unseen
data) accuracy can be observed (as can be seen in Figure 5.2). This shows that the updates applied
to the parameters of the network after some epoch only increases the accuracy on the training set,
but actually hurts the classification performance of the network on unseen data—a clear sign of
overfitting. But when each applying two of the regularization methods explained in subsection
3.2.3, we can see in Figure 5.3 that overfitting can be avoided. However, we can still see in this
figure an increasing small gap between the training and validation accuracy (and at the same time
stagnation of the latter). To address this small portion of overfitting that may occur, we apply an
early stopping method explained in the same subsection 3.2.3.
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Figure 5.2: Regularization experiments: overfitting

Initialization

We can see in Figure 5.4 that a poor choice of initialization can prevent the network from learning
anything. In this figure, we plot the training accuracy of the MLP trained in this experiment
against the number of epoch. In the first setup the uniform initialization proposed by Glorot and
Bengio (2010) was used; while for the second setup, values of 1 was used to initialize the parameters
of the network. For the other experiments, we stick to using the uniform initialization.
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Figure 5.4: Effect of network initialization. Training accuracy of a network initialized with ones (in green) and the
same network initialized using the uniform initialization proposed by Glorot and Bengio (2010)

5.1.2 CNN sensitivity analysis

In this subsection, we present the results of the sensitivity analysis done to a convolutional neural
network with an architecture described in subsection 3.1.2. The overall classification accuracy of
the network was measured as each of the 4 hyperparameters (enumerated below) were varied. All
the hyperparameter search space configuration were reported in subsection 3.2.3.
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Patch size

We can think of the patch size as the maximum span of contextual information being taken into
account when the network classifies a pixel. Figure 5.5 shows how the classification performance
of the CNN behaves as we varied the size of input patches fed to the network. As we increase the
patch size from an input patch of 9 x 9 pixels, we can generally observe a trend of increasing overall
accuracy from 75.58 % peaking at 78.97 % using a patch size of 33 x 33 pixels. However, further
increasing the patch size beyond 33 x 33 degrades the overall accuracy of the network up to 73.57
% using an input patch of 129 x 129 pixels.
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Patch size (pixels)

Figure 5.5: Varying the patch size of a CNN

The degradation in the overall accuracy could be caused by taking too much irrelevant context
especially for the case of pixels near the border of an object (e.g. corner of a building). We can
also attribute this effect to the relatively small training set size used for this experiment (1186).
As a more complicated model (larger patch size, hence more features and more parameters for
the dense layer) will definitely underperform compared to a less complicated one when training
with an insufficiently small set of examples. An equivalent CNN setup using a larger patch size,
discussed in subsection 5.1.3 will help to prove this second interpretation. For our CNN+MLP
classifier, we stick to using the 33 x 33 input patch size showing the highest overall accuracy for
this experimental setup.

Kernel size

The kernel size defines the maximum size of the patterns (e.g. an edge or a gradient) the classifier
can learn to look for in order to discriminate the land cover classes of interest in this study. Figure
5.6 shows how the classification performance of the CNN behaves as we varied the kernel size used
by the convolutional layers of the network. Similar to the patch size, we can generally observe a
increasing overall accuracy (except for kernel size = 5) starting with 80.47 % using a 3 x 3 kernel,
peaking at 81.71 % using a 17 x 17 kernel, and degrading to 77.98 % using 25 x 25 kernel.
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Figure 5.6: Varying the kernel size of a CNN

A larger kernel can theoretically learn all the patterns that can be learn by a smaller one; hence,
increasing the kernel size should not degrade the accuracy. However, a network using a larger
kernel size also quadratically increases the number of its parameters in the convolutional layers—
and therefore, the network will be harder to train. This could be a plausible cause of the decrease in
accuracy by using a larger 25 x 25 kernel. We can also observe a relatively small increase in overall
accuracy (less than 0.6 %) observed from using a kernel size of 9 x 9 compared to an almost doubled
size of 17 x 17 kernel. Thus, for the final CNN+MLP classifier, we strike a balance between overall
accuracy and computational time by applying 9 x 9 kernels instead of 17 x 17 ones.

Number of filters

The number of filters sets the maximum number of spatial patterns the classifier can learn to
look for in order to discriminate the classes of interest. Figure 5.6 shows how the classification
performance of the CNN behaves as we varied the number of filters used by each convolutional
layer of the network. Similar to the kernel size, we can generally observe a increasing overall
accuracy starting with 76.78 % using 4 filters, peaking at 80.42 % using 16 filters, and going down
to 77.79 % using 128 filters.

Analogously similar to the kernel size, a larger number of filters can also theoretically learn all
the sets of filters that can be learned by a smaller number of filters. Increasing the number of
filters, however, not only increases the number of features but also the number of parameters
in all layers of the CNN—resulting to a much harder optimization problem (training). For our
CNN+MLP classifier, we used 16 filters (showing the highest overall accuracy in this experiment)
in each convolutional layer.

39



A DEEP FEATURE LEARNING APPROACH TO URBAN SCENE CLASSIFICATION

80.5

80.0} R

719.5} R

719.0} R

718.5} R

OA (%)

718.0} R

715} R

77.0} R

76.5 . ;
0 20 40 60 80 100 120 140

Number of filters

Figure 5.7: Varying the number of filters of each convolutional layer of a CNN

Depth

The depth of an artificial neural network is usually defined as the minimum number of operations
separating the the input and output layers. For this experiment, however, we define 2 counts
of network depth: one counting the number of convolutional layers and the other counting the
number of dense layers at the end of the network. Figure 5.8 shows the effect of varying both
the number of convolutional (left plot) and dense (right plot) layers of a CNN to its classification
accuracy. Increasing both the number of convolutional layers and the number of dense layers does
not seem to help the classification performance of the network.

Similar to increasing the number of filters, the deeper the network is, the more parameters and
features it will have. Therefore, these deeper networks will suffer the same issue of difficulty in
optimization (underfitting). But for this experiment we purposely use a relatively larger training
sample set (5319) to address this said issue. We can also think of stacking more convolutional layers
as allowing the network to learn features of increasing abstraction (e.g. from edges to shapes to ob-
jects). Assuming the sample size we used was “sufficient” to train networks in this experiment, then
a possible interpretation of the classification performance not improving as the network depths
were increased could be that that the complexity of the classification problem at hand does not
require to learn features of higher abstraction. Hence, for our CNN+MLP classifier, we use a
simpler architecture utilizing 2 convolutional layers and 1 dense layer.

Recently published work by Zhao and Du (2016), using a multi-scale convolutional neural net-
work to classify 2 hyperspectral image datasets and 1 very high resolution image acquired using
Worldview-II satellite, finds similar results. Such that further increasing the depth of a CNN (more
than 2 or 3) does not considerably improve—and at times, could degrade—the overall classification
accuracy of the network.
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Figure 5.8: Effect of varying the number of layers (convolutional—left, and dense—right) in a convolutional neural
network.

5.1.3 Recurrent convolutional neural network
RCNN-33

The recurrent convolutional neural network using 33 x 33 input patches classified 81.98 % of the
sparse test set correctly. But when evaluated over image tile 1 (excluding near-border pixels as
explained in subsection 3.2.4), it only classified 72.61 % of the pixels correctly. Figure 5.9 shows
the classified map of image tile 1 using this recurrent convolutional architecture.

RCNN-121

The recurrent convolutional neural network utilizing a larger input patch of 121 x 121 pixels shows
more promising results. It classified 80.70 % of the sparse test set and 80.67 % of pixels in image
tile 1 correctly. On the other hand, an equivalent CNN architecture using the same input patches
performed slightly better (around 1 % for both tests) than the RCNN—classifying 81.99 % of the
sparse test and 81.67 % of pixels in image tile 1 correctly. Figure 5.10 shows the classified maps of
both the recurrent and standard CNN using input patch size of 121.

The 4 subtle differences between the two recurrent convolutional neural networks (aside from the
size of the input patch used) are:

e A slightly larger kernel applied by the convolutional layers of the first network (9 x 9 com-
pared to 8 x 8).

e A larger sample set used to train the first network.
e The absence of pooling layers in the first network.
e A larger number of filters in the second network to compensate the pooling.

The first two points (larger kernel and training sample size) should intuitively favor the first net-
work. Hence, we could attribute the drop in classification performance (from sparse test to the
whole image tile) of the first recurrent network to its smaller patch size, absence of pooling layers,
and fewer filters used.
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Figure 5.9: Classified map of a recurrent convolutional neural network using 33 x 33 input patches.

Both the recurrent and standard version of CNN using a 121 x 121 patch size shows promising
classification accuracy results. Moreover, we can observe a smoother map resulting from the recur-
rent architecture compared the non-recurrent one as seen in Figure 5.10. This results confirms our
intuition about the recurrence introduced in the network’s architecture: by modeling contextual
label dependency (as explained in subsection 3.1.4), the network is somehow performing a post-
classification spatial regularization—resulting to a smoother classified map. But in this case, the
smoothing also degraded the classification accuracy as car pixels were all smoothed out. We expect
that with enough number of training samples, the network can learn an appropriate “smooth-
ing factor” to correct this oversmoothing. Although with these interesting results at hand, we
didn’t have enough time to further explore this architecture (and use it as our primary classifier—
performing model selection and performance analysis) mainly due to the implementation caveat
explained in subsection 3.2.4. Thus for our primary classifier, we settled with a standard CNN
(see subsection 4.1.1). We leave a more in-depth study of this recurrent architectures to future
research.

5.2 PERFORMANCE ANALYSIS

5.2.1 Accuracy gained from additional training samples

Figure 5.11 shows how the 3 classification approaches performed over tile 1 using varying train-
ing set sizes. The CNN+MLP classifier generally outperforms the pixel-based MLP classifier for
about almost 3% in average and also outperforms the GLCM+MLP classifier for more than 1% in
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Figure 5.10: Classified maps of a recurrent (left) and standard (right) convolutional neural network using 121 x
121 input patches.

average (except for the case of the smallest sample size, where GLCM+MLP has 0.15% advantage).
The CNN+MLP classifier also has relatively larger gains in overall accuracy as the sample size is
increased—averaging 0.42% increase in overall accuracy for every 1000 training samples added com-
pared to 0.01% and 0.17% average increase for the pixel-based MLP and GLCM+MLP classifiers
respectively.

Increasing the training set size seems to be more beneficial to the CNN+MLP classifier than the
other 2. The gap between the classification accuracies of the 3 classifiers even tends to increase as
the as the the training sample size increases; with the classifiers having almost the same accuracy for
the case of the smallest sample size used. This confirms the characteristics of deep neural networks
of requiring and benefiting from large volume datasets. However, for very high resolution aerial
images, one can conveniently obtain a sizeable set of samples as one object in an image (e.g. a
building) could already be composed of thousands of pixels.

5.2.2 Overall accuracy
Sampled domain

Table 5.1 shows the overall classification accuracy results of the 3 classifiers over the 3 image tiles
where training samples were taken. A similar trend as the results in the previous subsection can be
observed for the all the 3 image tiles: the CNN+MLP classifier outperforming the other 2, with
the pixel-based MLP classifier having the lowest classification accuracy.
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Table 5.1: Overall accuracy results of the 3 classifiers on image tiles 1, 3, and 5 (where training samples where
taken).

Image tile CNN+MLP Pixel-based MLP  GLCM+MLP

1 84.80% 80.43% 82.41%
3 82.95% 76.69% 80.49%
5 88.66% 84.96% 87.03%

This result presents two important points: for classifying image tiles where training samples are
taken (sampled domain),

e the handcrafted GLCM features helps to improve overall classification accuracy on the prob-
lem at hand;

e but, moreover, the spatial-contextual features learned—automatically from the data—by the
CNN+MLP classifier can further improve the accuracy.

Unsampled domain (adaptation)

Table 5.2 shows the overall classification accuracy results of the 3 classifiers over the 3 unsampled
image tiles (where no training samples were taken). The CNN+MLP classifier continues to out-
perform the other 2, but now with a considerably larger margin compared to the results from
classifying sampled image tiles. Moreover, the GLCM+MLP classifier performs poorly on image
tiles 32 and 37 (where the pixel-based MLP classifier outperformed it).

This results continue to support the superiority (in terms of overall classification accuracy) of the
CNN+MLP classifier. The drop in performance of the other 2 classifiers can be attributed to the
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Figure 5.11: Performance of the classifiers on varying training set sample size.
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Table 5.2: Overall accuracy results of the 3 classifiers on image tiles 7, 32, and 37 (where training samples where
not taken).

Image tile CNN+MLP Pixel-based MLP GLCM+MLP

7 78.05% 53.56% 55.27%
32 82.07% 65.08% 28.16%
37 72.26% 34.70% 28.18%

possible differences between the two unsampled and sampled domains: e.g. lighting when the raw
images were taken, object (e.g. building) sizes and or density, etc. The features learned by the
classifier seem to be more robust to adapting to this difference. However, one implementation
detail should be noted that could change the results in this analysis. As explained subsection 3.2.1,
normalization parameters used for fully testing the unsampled tiles were taken to be the average of
the normalization parameters from the sampled tiles. This method seems to work (although there
is still a clear drop in classification accuracy) for the CNN+MLP classifier, but it could not be the
case for the other 2. The other normalization scheme used in the experiments using a recurrent
convolutional neural network accepting 121 x 121 input patches could have been a better way to
normalize the samples in this experiments. However, due to time constraints, we leave the proof
of this claim for future works.

We perform the McNemar’s test in the following subsection 5.2.3 to test the statistical significance
of the classification performance reported in this subsection.

5.2.3 McNemar’s test
GLCM+MLP vs Pixel-based MLP classifier

Table 5.3 shows the confusion matrix showing the corresponding confusion matrix of the McNe-
mar’s test comparing the performance of the GLCM+MLP and pixel-based MLP classifiers eval-
uated over the sampled domain. A z-score of 298.91 favoring the GLCM+MLP classifier can be
derived from this confusion matrix. The corresponding confidence level (see Table 4.4) for this z-
score suggest a strong statistical significance (more than 99% for both the one-tailed and two-tailed
prediction). Hence, we reject the equivalent null hypothesis that there is no significant difference
between the classification performance of the GLCM+MLP and pixel-based MLP classifiers over
the sampled domain.

Table 5.3: Confusion matrix of the McNemar’s test comparing the classification performance of GLCM+MLP and
pixel-based MLP classifiers over the sampled image tiles 1, 3, and 5.

| GLCM+MLP = failure GLCM+MLP = success
Pixel-based MLP = failure 1759400 1009759
Pixel-based MLP = success 627305 10707496

* GLCM+MLP /Pixel-based MLP = failure/success signifies the samples classified
by the GLCM+MLP /pixel-based MLP classifier incorrectly/correctly.

Table 5.4 shows the confusion matrix showing the corresponding confusion matrix of the Mc-
Nemar’s test comparing the performance of the GLCM+MLP and pixel-based MLP classifiers
evaluated over the unsampled domain. A z-score of 842.43 favoring the pixel-based MLP classi-
fier can be calculated from this confusion matrix. The corresponding confidence level (see Table
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4.4) for this z-score suggest a strong statistical significance (more than 99% for both the one-tailed
and two-tailed prediction). Hence, we reject the equivalent null hypothesis that there is no signifi-
cant difference between the classification performance of the GLCM+MLP and pixel-based MLP
classifiers over the unsampled domain.

Table 5.4: Confusion matrix of the McNemar’s test comparing the classification performance of GLCM+MLP and
pixel-based MLP classifiers over the unsampled image tiles 7, 32, and 37.

| GLCM+MLP = failure GLCM+MLP = success
Pixel-based MLP = failure 4428680 1426019
Pixel-based MLP = success 3247137 3201991

* GLCM+MLP /Pixel-based MLP = failure/success signifies the samples classified
by the GLCM+MLP//pixel-based MLP classifier incorrectly /correctly.

CNN+MLP vs Pixel-based MLP classifier

Table 5.5 shows the confusion matrix showing the corresponding confusion matrix of the McNe-
mar’s test comparing the performance of the CNN+MLP and pixel-based MLP classifiers eval-
uated over the sampled domain. A z-score of 526.98 favoring the CNN+MLP classifier can be
derived from this confusion matrix. The corresponding confidence level (see Table 4.4) for this z-
score suggest a strong statistical significance (more than 99% for both the one-tailed and two-tailed
prediction). Hence, we reject the equivalent null hypothesis that there is no significant difference
between the classification performance of the CNN+MLP and pixel-based MLP classifiers over
the sampled domain.

Table 5.5: Confusion matrix of the McNemar’s test comparing the classification performance of CNN+MLP and
pixel-based MLP classifiers over the sampled image tiles 1, 3, and 5.

| CNN-+MLP = failure CNN+MLP = success
Pixel-based MLP = failure 1565137 1204022
Pixel-based MLP = success 513406 10821395

* CNN+MLP/Pixel-based MLP = failure/success signifies the samples classified
by the CNN+MLP//pixel-based MLP classifier incorrectly/correctly.

Table 5.6 shows the confusion matrix showing the corresponding confusion matrix of the McNe-
mar’s test comparing the performance of the CNN+MLP and pixel-based MLP classifiers eval-
uated over the unsampled domain. A z-score of 1526.36 favoring the CNN+MLP classifier can
be calculated from this confusion matrix. The corresponding confidence level (see Table 4.4) for
this z-score suggest a strong statistical significance (more than 99% for both the one-tailed and
two-tailed prediction). Hence, we reject the equivalent null hypothesis that there is no signifi-
cant difference between the classification performance of the CNN+MLP and pixel-based MLP
classifiers over the unsampled domain.

CNN+MLP vs GLCM+MLP classifier

Table 5.7 shows the corresponding confusion matrix of the McNemar’s test comparing the per-
formance of the CNN+MLP and GLCM+MLP classifiers evaluated over the sampled domain. A
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Table 5.6: Confusion matrix of the McNemar’s test comparing the classification performance of CNN+MLP and
pixel-based MLP classifiers over the unsampled image tiles 7, 32, and 37.

| CNN+MLP = failure CNN4+MLP = success
Pixel-based MLP = failure 2181855 3672844
Pixel-based MLP = success 539968 5909160

¥ CNN+MLP/Pixel-based MLP = failure/success signifies the samples classified
by the CNN+MLP/pixel-based MLP classifier incorrectly/correctly.

z-score of 224.83 favoring the CNN+MLP classifier can be derived from this confusion matrix.
The corresponding confidence level (see Table 4.4) for this z-score suggest a strong statistical sig-
nificance (more than 99% for both the one-tailed and two-tailed prediction). Hence, we reject the
equivalent null hypothesis that there is no significant difference between the classification perfor-
mance of the CNN+MLP and GLCM+MLP classifiers over the sampled domain.

Table 5.7: Confusion matrix of the McNemar’s test comparing the classification performance of CNN+MLP and
GLCM+MLP classifiers over the sampled image tiles 1, 3, and 5.

| CNN+MLP = failure CNN+MLP = success
GLCM-+MLP = failure 1293329 1093376
GLCM+MLP = success 785214 10932041

* CNN+MLP/GLCM+MLP = failure/success signifies the samples classified
by the CNN+MLP/GLCM+MLP classifier incorrectly /correctly.

Table 5.8 shows the confusion matrix showing the corresponding confusion matrix of the McNe-
mar’s test comparing the performance of the CNN+MLP and GLCM+MLP classifiers evaluated
over the unsampled domain. A z-score of 1957.21 favoring the CNN+MLP classifier can be cal-
culated from this confusion matrix. The corresponding confidence level (see Table 4.4) for this z-
score suggest a strong statistical significance (more than 99% for both the one-tailed and two-tailed
prediction). Hence, we reject the equivalent null hypothesis that there is no significant difference
between the classification performance of the CNN+MLP and GLCM+MLP classifiers over the
unsampled domain.

Table 5.8: Confusion matrix of the McNemar’s test comparing the classification performance of CNN+MLP and
GLCM+MLP classifiers over the unsampled image tiles 7, 32, and 37.

| CNN+MLP = failure CNN+MLP = success
GLCM-+MLP = failure 1995464 5680353
GLCM+MLP = success 726359 3901651

* CNN+MLP/GLCM+MLP = failure/success signifies the samples classified
by the CNN+MLP/GLCM+MLP classifier incorrectly/correctly.

All the results of the McNemar’s tests show that the classification performance of the 3 classifiers
compared to each other significantly differs. The CNN+MLP classifier continues to outperform
the other 2 classifier in both the sampled and unsampled domains, while the GLCM+MLP clas-
sifier performs better in the sampled domain as opposed to performing worse in the unsampled
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domain when compared against the pixel-based MLP classifier.

5.2.4 Confusion matrix
Sampled domain

Table 5.9 presents the confusion matrix and class F1-scores of the CNN+MLP classifier over the
combined predictions on sampled image tiles 1, 3, and 5; with the building class and car class having
the highest and lowest F1-score respectively. The average class F1-score is 0.7071.

Table 5.9: Confusion matrix, along with class F1-scores, of the CNN+MLP classifier evaluated over the sampled
image tiles 1, 3, and 5.

Predicted class
IS B LV TR C NC
IS | 4419181 336362 162377 51401 2350 0
B 361121 4804693 42164 9539 670 0
LV | 242479 121652 1313083 188867 77 0
0
0

Actualclass | 7p | ‘g4308 20695 296851 1465079 0

C 120369 32178 3854 639 23381
NC 0 2 0 0 0 0
F1-score 0.8665 0.9122 0.7128 0.8178 0.2260 Nan

1S = impervious surface, B = building, LV = low vegetation, TR = tree, C = car,
NC = clutter classes.
b Nan means not a number, undefined (division by zero).

Table 5.10 presents the confusion matrix and class F1-scores of the GLCM+MLP classifier over
the combined predictions on sampled image tiles 1, 3, and 5; with the building class and car class
having the highest and lowest F1-score respectively. The average class F1-score is 0.6624.

Table 5.10: Confusion matrix, along with class F1-scores, of the GLCM+MLP classifier evaluated over the sam-
pled image tiles 1, 3, and 5.

Predicted class
IS B LV TR C NC

IS | 4232077 475657 217205 39131 7601 0
B 534725 4584377 70156 17495 11434 0
Actual class LV | 270259 164721 1123162 303135 4881 0
TR | 45580 46004 408246 1367460 231 0
C 107444 40648 3881 723 27725 0
NC 0 2 0 0 0 0
Fl-score 0.8329 0.8708 0.6090 0.7607  0.2387 Nan

1S = impervious surface, B = building, LV = low vegetation, TR = tree, C = car,
NC = clutter classes.
b Nan means not a number, undefined (division by zero).

Table 5.11 presents the confusion matrix and class F1-scores of the pixel-based MLP classifier over
the combined predictions on sampled image tiles 1, 3, and 5; with the building class and car class
having the highest and lowest F1-score respectively. The average class F1-score is 0.7034.
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Table 5.11: Confusion matrix, along with class F1-scores, of the pixel-based MLP classifier evaluated over the
sampled image tiles 1, 3, and 5.

Predicted class
IS B LV TR C NC
IS | 4333601 363743 200345 59896 14086 0
B 458451 4670056 64146 18890 6644 0
LV | 217159 136198 1202247 305908 4646 0
0
0

Actualelass | g | 61751 32922 300071 1472362 415

C 111534 24526 4604 768 38989
NC 0 1 1 0 0 0
F1-score 0.8536 0.8942 0.6610 0.7905 0.3180 Nan

1S = impervious surface, B = building, LV = low vegetation, TR = tree, C = car,

NC = clutter classes.
b Nan means not a number, undefined (division by zero).

For all the classifier, the building class seems to be the easiest one to classify; while the car class
being the most difficult. We can also notice that the pixel-based MLP classifier outperforms the
other 2 classifiers on the most difficult car class. Hence, when we compare the average class F1-
scores, the pixel-based MLP classifier also outperforms the GLCM+MLP classifier and only has
minute difference of 0.0036 from the CNN+MLP classifier (having the highest average score).

Unsampled domain

Table 5.12 presents the confusion matrix and class F1-scores of the CNN+MLP classifier over the
combined predictions on unsampled image tiles 7, 32, and 37; with the impervious surface class
and car class having the highest and lowest Fl-score respectively. The average class F1l-score is
0.6583.

Table 5.12: Confusion matrix, along with class F1-scores, of the CNN+MLP classifier evaluated over the sampled
image tiles 7, 32, and 37.

Predicted class
IS B LV TR C NC
IS | 3487798 855408 78410 22153 2329 0
B 244933 2818011 22072 13006 1269 0
LV 110483 272119 1494255 425065 6 0
0
0

Acwalelass | 7p | se104 35525 310723 1756760 0

C 141453 81631 5948 1037 25180
NC | 17516 19815 168 37 4613 0
F1-score 0.8202 0.7848 0.7093 0.8027 0.1745 Nan

1S = impervious surface, B = building, LV = low vegetation, TR = tree, C = car,

NC = clutter classes.
b Nan means not a number, undefined (division by zero).

Table 5.13 presents the confusion matrix and class F1-scores of the GLCM+MLP classifier over
the combined predictions on unsampled image tiles 7, 32, and 37; with the tree class and car class
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having the highest and lowest F1-score respectively. The average class F1-score is 0.3791.
Table 5.13: Confusion matrix, along with class F1-scores, of the GLCM+MLP classifier evaluated over the un-
sampled image tiles 7, 32, and 37.

Predicted class
IS B LV TR C NC

IS | 1248568 3089114 57815 50339 262 0
B 30287 3025171 5988 37814 31 0
Actual class LV 12800 539686 197895 1551533 14 0
TR 2889 120555 62352 1973316 0 0
C 61737 181798 4774 2762 4178 0
NC | 10745 30606 661 137 0 0
F1-score 0.4296 0.5999 0.1504 0.6834 0.0322 Nan

IS = impervious surface, B = building, LV = low vegetation, TR = tree, C = car,
NC = clutter classes.
b Nan means not a number, undefined (division by zero).

Table 5.14 presents the confusion matrix and class F1-scores of the pixel-based MLP classifier over
the combined predictions on sampled image tiles 7, 32, and 37; with the building class and car class
having the highest and lowest F1-score respectively. The average class F1-score is 0.2599.

Table 5.14: Confusion matrix, along with class F1-scores, of the pixel-based MLP classifier evaluated over the
sampled image tiles 7, 32, and 37.

Predicted class
IS B LV TR C NC
IS | 1005407 2363160 575878 638429 5302 0
B 211232 2366793 131512 653849 898 0
LV | 242352 755430 98510 659993 501 0
0
0

Actualelass | g | 23558 830647 86765 1156829 320

C 50108 125382 50740 31351 471
NC 3782 3382 2080 17466 0 0
F1-score 0.3173 0.4826  0.0729 0.4231 0.0035 Nan

1S = impervious surface, B = building, LV = low vegetation, TR = tree, C = car,
NC = clutter classes.
b Nan means not a number, undefined (division by zero).

In the case of classifying unsampled image tiles, each classifier has its own class with the high-
est Fl-score: the impervious surface class for the CNN+MLP classifier; the tree class for the
GLCM+MLP classifier; and, the building class for the pixel-based MLP classifier. The car class
continues to be the most difficult class. There’s also a huge drop (as seen in the overall accuracy
results, subsection 5.2.2), comparing the sampled and unsampled domains, in average F1-scores of
the pixel-based MLP and GLCM+MLP classifiers; as oppose to a relatively small drop of 0.0488
in the average F1-score of the CNN+MLP classifier.

The difficulty in classifying the car class can be both attributed to: 1) the stratified sampling
method used using linear proportions of the frequencies of the classes found in each image tile,

50



A DEEP FEATURE LEARNING APPROACH TO URBAN SCENE CLASSIFICATION

and 2) the inherent difficulty of classifying this class given the data (near infrared, optical bands,
and a DSM). The car class being the least occurring class will result in training sets with very few
car samples. The near infrared and optical bands may not be that helpful in classifying the car
class as cars could vary in color—hence, will also have varying responses in this bands. The reg-
ular DSM may also be not that helpful as a car on a lower elevation could have the same value as
an impervious surface of higher elevation; same car objects will also have varying DSM values de-
pending on their location. A relatively higher car class F1-score of the pixel-based MLP classifier in
the sampled domain could be possibly due to it having less parameter—hence, it will be less prone
to underfitting the undersampled car class as oppose to the more complicated CNN+MLP and
GLCM+MLP classifiers. A normalized DSM, as used by Paisitkriangkrai and Sherrah (2015) and
Lagrange and Saux (2015), (providing heights relative to the ground) could help in classifying this
car class. Changing the sampling scheme, such that distribution of the training samples among the
classes are more balanced, can also help to improve the classification of the car pixels. One way to
implement such a sampling scheme is to take the proportions of the logarithm of the frequency of
the classes. We leave the study of this possible improvements in the methods for future works.

5.2.5 Other metrics

Lastly, we report the performance of the 3 classification approaches on metrics with more quali-
tative inclination. We compare the quality of the resulting classified maps of each classifier; and
briefly discuss the computational time and complexity of the algorithms that makes up the classi-
fication approaches.

Map quality

To compare the quality of the classified maps from the 3 classifiers, we present in Figure 5.12 a
zoomed portion of the classified maps and ground truth of image tile 3.

CNN+MLP GLCM+MLP Pixel-based MLP

|:| Impervious surface [ Building D Low vegetation

- Tree D Car - Clutter

Figure 5.12: A subset of the resulting classified map of image tile 3 with the equivalent orthophoto and ground
truth data.
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We can clearly see that the CNN+MLP classifier presents a smoother more regularized classifica-
tion. This figure also confirms the observation of low F1-scores of the car class, as most car pixels
are greatly misclassified by all of the classifiers. Fully classified maps (along with the filters learned
by the CNN+MLP classifier trained with the largest training sample set) of all the sampled and
unsampled tiles are attached in appendix A.

On computational time and complexity

This is one metric for which the CNN+MLP classifier is clearly at a disadvantage. Training an
instance of the CNN+MLP classifier, while only performing holdout validation over the learning
and regularization hyperparameters, can take up to 2.5 days (when using the largest sample size).
The training time could have been further prolonged drastically if a full model selection—varying
also the hyperparameters defining the architecture of the network such as depth, etc.—was per-
formed. However for both the pixel-based and GLCM+MLP classifiers, it only took maximum
of 6 hours to train. For the case of GLCM, we can also add another extra hour for each tile to
extract the handcrafted GLCM features. Both training (given a fixed batch size as applied in this
study) and testing time approximately linearly scales with the number of training samples.

The resulting CNN+MLP classifier is also more computationally complex than the other 2. It
has more than 300,000 parameters each applying multiplication followed by a summation (plus
pooling and activation) in each unit of the succeeding layer. This could scale up to more than
40,000,000 operations for a single forward pass of classifying an example. On the other hand, the
pixel-based MLP and GLCM+MLP classifiers only has around 18,000 parameters each applying
multiplication followed by a summation in each unit of the succeeding layer. And would only scale
to almost the same number of operations (more than 18,000) for single forward pass of classifying
an example. For the GLCM+MLP classifier, calculating the GLCM features adds up (approxi-
mately) additional 500,000 operations. All in all, computational time and complexity is definitely
a downside of using the CNN+MLP classifier.

5.3 FINAL RECAP

In summary, we present in this chapter the results of each design and performance analysis we
have performed. In the initial experiments, we find the advantages of using relu activation func-
tion over sigmoid and applying regularization and initialization techniques. We also observe and
interpret the sensitivity of the CNN to several of its hyperparameters: patch size, kernel size,
number of filters, and network depth. Generally, with the number of training and test samples
(independently) fixed for each sensitivity experiment, we find that (except for the depth) the clas-
sification accuracy peaks—at a certain value of hyperparameter—as we increase the value of the
hyperparameter; and the classification accuracy decreases from thereon, after further increasing
values of the hyperparameter. We also find the superiority of the classifier of our primary inter-
est (CNN+MLP) over the other 2 classifiers (pixel-based MLP and GLCM+MLP) in 5 of the 6
performance measure we considered—with only computational time and complexity being the
disadvantage of CNN+MLP.

With the results of the research done discussed in this chapter, we conclude this thesis in the suc-
ceeding final chapter. The next chapter goes back to research questions posed in chapter 1; at the
same time, addressing each questions based on insights gained from all the experiments performed,
results analyzed, and interpretations discussed in this work.
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Chapter 6
Conclusion and Future developments

6.1 CONCLUSION

In this study, we designed, analyzed, and evaluated a deep feature learning approach to the classifi-
cation of very high resolution aerial images. The meaning and effect of several hyperparameters to
the performance of classifier was investigated. From the knowledge obtain in these design analysis,
we came up with the architecture of the classifier of our primary interest (CNN+MLP classifier).
This deep feature learning based classifier automatically extracts and learns spatial-contextual fea-
tures, from the data, (see the filters learned by the CNN+MLP classifier used to extract these
spatial-contextual features in appendix B) useful for the classification problem at hand. We evalu-
ated the CNN+MLP classifier against two other classification approaches: 1) an approach using
individual pixel values (pixel-based MLP classifier), and 2) an approach using handcrafted spatial-
contextual features (GLCM+MLP classifier). Several performance analyses—based on overall clas-
sification accuracy, statistical difference in accuracy, class F1-scores, accuracy gained from addi-
tional training samples, and map quality—shows that the CNN+MLP classifier outperforms the
other 2 approaches. The only downside the CNN+MLP classifier is the greater computational
time and complexity required when using it. This computational downside can be attributed to
the fact that aside from classification, the CNN+MLP classifier is also learning and extracting use-
ful spatial-contextual features for discriminating the classes of interest. Such additional task will
definitely add up to the complexity and computational resources required by the classifier.

In this section, we also present our answers to the research questions posed in the first chapter:

1. How does deep learning algorithms (e.g. convolutional neural networks, autoencoders, and
Boltzmann machine variants) work in a remote sensing context?

In chapter 2, we discussed these most well-known deep learning algorithms. Convolutional
neural networks (CNN) can be both used as a classifier in a supervised classification prob-
lem; and can also be used to learn features in an unsupervised manner, features that can
be further used by another classification algorithm. The convolutional layers of these net-
works also allows us to capture contextual information relevant to the classification problem
at hand. Autoencoders and Boltzmann machine variants can also be used to learn features in
an unsupervised manner; and can also be used to initialize the weights of a supervised deep
neural network. The (regression or classification) problems in remote sensing hardly differ,
in a general sense, from those in other domains (computer vision, speech, natural language
processing, etc.) where deep learning is applied. But comparing image classification specifi-
cally, the difference in scale between usual computer vision and remote sensing applications
translates to difference in objects of interest—and hence, the features that needs to be learn
and the classification level (i.e. labeling each image or each pixel) will be different.

2. Which deep learning algorithm is suited to classifying very high resolution airborne images
of urban areas with sub-decimeter resolution?

53



A DEEP FEATURE LEARNING APPROACH TO URBAN SCENE CLASSIFICATION

With the properties of the popular algorithms concisely reviewed in chapter 2, we chose the
convolutional neural network as the foundation of our CNN+MLP classification approach.
Ground truth images of the dataset used in this study allowed us to train and evaluate these
networks in a supervised manner.

. What are the effects of varying the network architecture (e.g. feed-forward, recurrent) and

dimensions (e.g. number of hidden layers, number of neurons in the hidden layers) to the
performance of the classifier?

Modifying some of the hyperparameters of the network such as input patch size, kernel size,
and number of filters effectively alters the number of neurons in a hidden layer; while in-
creasing the number of convolutional and dense layer of the CNN equivalently increases the
number of hidden layers in the network. The results of the sensitivity analysis experiments
(see subsection 5.1.2) shows the effects of these variations. In general, when the training set
size is fixed, increasing the values of the hyperparameters affecting the number of neurons in
a hidden layer also increases the overall accuracy until reaching a peak (with a certain hyper-
parameter value), then the accuracy drops afterwards. On the other hand, increasing both
the number of convolutional and dense layers does not seem to improve the classification
accuracy (similar to what Zhao and Du (2016) observed). Absolute comparison of the sensi-
tivity of the CNN amonyg its hyperparameters is irrelevant since training and test sets were
independently fixed for each experiment. The choice of this hyperparameters for future im-
plementations will mostly depend on the use case (classification problem) and the scale of
the objects of interest in such a use case. For the problem discussed in this study, with suf-
ficient number of samples, a patch size of about twice the dimension of the smallest object
of interest (car width which is around 15 pixels) is sufficient to obtain good classification
results (around 85% overall accuracy for the sampled domain).

We showed in the experiment using a recurrent convolutional neural network accepting 121
x 121 input patches that recurrence in architecture can produce a smoother more regularized
map (see Figure 5.10). The built-in contextual label and pixel dependency in the recurrent
convolutional neural network can enable us, with sufficient training samples, to learn both
the informative features and appropriate “smoothing factor” to produce an accurate and
spatially regularized map.

. What are the effects of initialization and regularization (e.g. dropout, early stopping, recur-

rence) techniques to the performance of the classifier?

Results of the initial experiments in subsection 5.1.1 shows that a poor choice of initial
weights of the network (e.g. initializing the weights with values of 1) can prevent the net-
work from learning anything. The network weights must therefore be initialized in an ap-
propriate manner. In this study, we adopted the uniform initialization technique suggested
by Glorot and Bengio (2010). Same subsection 5.1.1 shows the effects and the need of regu-
larization techniques to prevent the networks from overfitting.

. What performance measures (e.g. classification accuracy, computational complexity, level

of automation, training sample size) are relevant for assessing the classifier?

In this study, we evaluated the CNN+MLP classifier along with the 2 other classification
approaches using several performance measures: the training set size, overall classification
accuracy, statistical difference in accuracy, class F1-scores, map quality, and computational
time and complexity. The first 4 measures were assessed in a quantitative manner, while the
last 2 were discussed with a qualitative inclination.
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6. Can the classifier generalize well within a domain adaptation setting, where training and test
samples are taken from different images but with similar characteristics?

Several results in section 5.2 shows the superiority of the CNN+MLP classifier, when classi-
tying unsampled image tiles, compared to the pixel-based MLP and GLCM+MLP classifiers.
However, we still observe a considerable drop in overall accuracy and average class F1-score
from the results of the 3 classifiers in this domain adaption experiment setup.

7. Which approach performs better and in which aspect of performance measure?

Except for computational time and complexity, the CNN+MLP classification approach per-
formed better than the other 2 approaches. The McNemar’s test performed also have shown
that the classification accuracy of CNN+MLP is statistically better (with more than 99%
confidence level) than the classification accuracy of the other two classifiers.

8. How much does the performance of the feature learning and feature engineering approaches

differ?

For the overall classification accuracy results over image tile 1 while varying the training
set size (see subsection 5.2.1), the CNN+MLP classifier generally outperforms the pixel-
based MLP classifier for about almost 3% in average and also outperforms the GLCM+MLP

classifier for more than 1% in average. See section 5.2 for the results of the other metrics.

We presented in this study how deep learning methods can play a role in the classification of aerial
images with sub-decimeter resolution. Several architectural elements of the algorithms involved
were investigated and interpreted. We also observed the gains in performance when using the deep
learning based classifier and tackled the corresponding computational downside. All in all, we can
see from this work the promise of deep learning that with enough training data—it can replace
handcrafted rules for solving complex problems.

6.2 FUTURE DEVELOPMENTS
Finally, here is our list of recommendations for future research work:

e Further study of the recurrent convolution neural network (RCNN) architecture. We ex-
pect that when trained with a sufficient number of training samples and proper model se-
lection, an RCNN can learn the appropriate “smoothing factor” resulting in a smooth and
accurate classified map. A well-tuned RCNN can be substituted to the standard CNN as
the classifier of our primary interest in the performance analysis experiments we have done.
The initial score maps can be learned as well (similar to the network weights), instead of
having zero values the whole time.

e Investigate how unsupervised pre-training of a (recurrent) convolutional neural network can
affect its classification performance.

e Test a “better” sampling (see discussions in subsection 5.2.4) and normalization (see discus-
sions in subsection 5.2.2) scheme.

e Performing the sensitivity analysis with varying (larger) training set size.

e Apply the classification approach to a problem dealing with classes of higher abstraction,
e.g. classification of land use instead of land covers.
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Appendix A
Classified Maps

In this appendix, we present the classified maps of the 3 classification approaches together with the
corresponding orthophotos and ground truth data.

A1 SAMPLED DOMAIN

Figure A.1 shows the maps of image tile 1.
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Figure A.1: Full classified map with orthophoto and ground truth image of image tile 1.

Figure A.2 shows the maps of image tile 3.
Figure A.3 shows the maps of image tile 5.
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Orthophoto
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Figure A.2: Full classified map with orthophoto and ground truth image of image tile 3.

A.2 UNSAMPLED DOMAIN

Figure A.4 shows the maps of image tile 7.
Figure A.5 shows the maps of image tile 32.
Figure A.6 shows the maps of image tile 37.
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Figure A.3: Full classified map with orthophoto and ground truth image of image tile 5.
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Figure A.4: Full classified map with orthophoto and ground truth image of image tile 7.
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Figure A.5: Full classified map with orthophoto and ground truth image of image tile 32.
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Figure A.6: Full classified map with orthophoto and ground truth image of image tile 37.
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Appendix B
Filters Learned

In this appendix, we present the convolutional filters learned by the CNN+MLP classifier trained
with the largest training set. Figure B.1 shows the filters learned of the 1°¢ and 2¢ convolutional
layers of the CNN+MLP classifier.
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Figure B.1: The filters learned by the first convolutional layer (a) and second convolutional layer (b) of CNN+MLP
classifier trained with the largest training sample set.
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