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ABSTRACT

In recent years, Hyperspectral Imaging systems (HSI) have become a powerful source for
reliable data in applications such as remote sensing, agriculture, and biomedicine. However,
the abundant spectral and spatial information of hyperspectral images makes them highly
complex, which leads to the need for specialized Machine Learning algorithms to process
and classify them. In that sense, the contribution of this thesis is multi-folded. We present
a low-cost convolutional neural network designed for hyperspectral image classi cation
called Hyper3DNet. Its architecture consists of two parts: a series of densely connected
3-D convolutions used as a feature extractor, and a series of 2-D separable convolutions
used as a spatial encoder. We show that this design involves fewer trainable parameters
compared to other approaches, yet without detriment to its performance. Furthermore,
having observed that hyperspectral images benet from methods to reduce the number of
spectral bands while retaining the most useful information for a specic application, we
present two novel hyperspectral dimensionality reduction techniques. First, we propose a
lter-based method called Inter-Band Redundancy Analysis (IBRA) based on a collinearity
analysis between a band and its neighbors. This analysis helps to remove redundant bands
and dramatically reduces the search space. Second, we apply a wrapper-based approach
called Greedy Spectral Selection (GSS) to the results of IBRA to select bands based on their
information entropy values and train a compact Convolutional Neural Network to evaluate
the performance of the current selection. We also propose a feature extraction framework
that consists of two main steps: rst, it reduces the total number of bands using IBRA,;
then, it can use any feature extraction method to obtain the desired number of feature
channels. Finally, we use the original hyperspectral data cube to simulate the process of
using actual lters in a multispectral imager. Experimental results show that our proposed
Hyper3DNet architecture in conjunction with our dimensionality reduction techniques yields
better classi cation results than the compared methods, producing more suitable results for
a multispectral sensor design.
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CHAPTER ONE

INTRODUCTION

Hyperspectral imaging systems are becoming widely used due to their increasing
accessibility and their ability to provide detailed spectral responses based on hundreds of
spectral bands [60]. Because of this ne level of spectral detail, hyperspectral imaging
systems enable us to better characterize or di erentiate objects based on subtle spectral
discrepancies that could not have been noticed using conventional digital cameras [61].
However, the resulting hyperspectral images (HSIs) come at the cost of increased storage
requirements, increased computational time to process, and highly redundant data [101].

Hyperspectral imaging is a remote, non-destructive spectroscopic technique, which
makes it appealing for many diverse applications, ranging from lab-based analysis of food
guality and safety [117] to space-based contributions to archaeology [20]. For instance, an
important application area is produce quality monitoring. Conventional methods, such as
mass spectrometry, can be used to monitor the quality of produce but their destructive nature
prevents them from being used for continuous classi cation or sorting tasks [24]. However,
it has been shown that observation of spectral changes throughout the ripening process of
fruits is possible [81, 87]; therefore, new e orts have been put on using hyperspectral imaging
systems for automatic quality assurance [59, 94].

Until a few years ago, most of the use of hyperspectral imaging systems was con ned
to laboratories due to their large size, diculty to operate, and a ordability issues [92].
Nevertheless, recently, a wide range of small and low-cost hyperspectral sensors have been
developed and are available for commercial use [2, 60]. These hyperspectral imagers can

mounted on drones and monitor large portions of land in short periods of time, which makes



Figure 1.1: A Resonon Pika L hyperspectral imager mounted on a DJI Matrice 600 Pro
while the drone is in ight taking images of a sugar beet eld [91].

them suitable for precision agriculture or forestry applications [2]. For example, the Resonon
Pika L hyperspectral imager is a small instrument that can be mounted on a small drone, as
shown in Fig 1.1. Scherreet al. [91] used this imager to create the Kochia dataset analyzed
in this thesis with the aim of learning to di erentiate between three dierent classes of
herbicide-resistance of the weed Kochidassia scoparig.

Although HSIs have been used for decades [22, 106], their use has presented many
challenges [54]. In general, the large number of spectral bands and the ne spectral resolution
cause redundancy of the data [98], which makes it di cult to train HSI classi ers e ciently
and increases the chances of over tting [50, 89]. This is a by-product of a phenomenon that
is known as the \curse of dimensionality” [5] or \Hughes phenomenon"” [39]. However, it
is worth noting that redundancy of information may be helpful in some applications such
as information recovery [56]. Furthermore, dealing with HSIs becomes a challenge due to
the increased volume of data; therefore, we should prioritize computational e ciency when
storing and processing hyperspectral images [78].

With these issues in mind, in this thesis, we focus on developing a method to
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classify hyperspectral images both accurately and e ciently. In particular, we present a
convolutional neural network (CNN) model called Hyper3DNet with two sections: a feature
extractor and a spatial encoder. The feature extractor consists of a series of densely connected
three-dimensional (3-D) convolutions and is used to extract deep spectral features while the
spatial resolution remains the same. Afterward, the spatial encoder is composed of a series
of two-dimensional (2-D) separable convolutions that reduce the spatial resolution to a one-
dimensional (1-D) vector, followed by a nal fully connected layer. We hypothesize that this
architecture will lead us to train more e cient HSI classi cation models than the compared
methods, given a set of di erent HSI datasets. Here, we talk about e ciency in the sense of
the performance metrics a model achieves and the number of parameters and computational
operations it requires.

As an alternative to hyperspectral imaging systems, multispectral imaging systems
capture several distinct spectral bands. These systems are useful for capturing information
in known areas of the spectrum. For example, if an application requires the detection
of vegetation, a multispectral imager may only be required to capture the re ectance at
680 nm (red) and 800 nm (near-infrared), two commonly used spectral channels to capture
the chlorophyll content [120]. In contrast, a hyperspectral imager would capture data from
hundreds of bands surrounding the wavelengths of interest. In such situations, the complexity
introduced by the HSI system may be unnecessary if similar detection results can be achieved
with fewer spectral channels.

Though powerful, the spectrally dense images captured by hyperspectral imagers
involve computational limitations when storing and processing these types of images. For
example, the Hyperspectral Infrared Imager (HysplIRI) launched by NASA's Jet Propulsion
Laboratory (JPL) has a continuous data rate of 65 MB/s onn average, which produces
a data volume of 5.2 TB/day [35]; therefore, the inherent computational cost makes

fast on-board processing infeasible. Thus, the ability to determine the most important
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wavelengths in a hyperspectral image would greatly simplify the data capture and processing
requirements. Namely, it would enable using multispectral imagers in place of hyperspectral
imagers, greatly reducing complexity and cost. Unfortunately, in many applications, relevant

wavelengths are not knowra priori and selecting salient wavelengths from an HSI system is
not a trivial task.

To allow for this simpli cation, in this thesis, we present a dimensionality reduction
technique called Inter-Band Redundancy Analysis (IBRA) that removes redundant spectral
bands, thus simplifying spectrally-dense image data captured by a hyperspectral imager.
IBRA is based on a recursive collinearity analysis between each spectral band and its
neighbors, which allows for an approximation of the minimum number of bands we need
to move away from a band to nd spectral bands with su ciently distinct information.
Having calculated this distance metric for each spectral band, its distribution across the
spectrum is used to cluster the spectrum into sets of similar and contiguous spectral bands.
This allows us to identify a reduced set of independent bands that act as the centroids of
their corresponding clusters in the spectrum.

Along with simplifying the hyperspectral data cubes, our IBRA method can be used as
part of a novel two-step hybrid feature selection process. The rst step applies IBRA to nd
a reduced set of independent representative bands, then it applies our proposed wrapper-
based method called Greedy Spectral Selection (GSS) to select a user-de ned number of
spectral channels. GSS ranks the candidate bands according to their information entropy
to obtain an initial selection of bands, which is used to train a classi er that evaluates the
e ectiveness of the given selection of bands based on the achieved classi cation performance.
Then, we remove from the selection the band that shows the most severe indication of
multicollinearity and repeat the process by considering the next band with the highest
information entropy, verifying if the classi cation performance improves. This band selection

process is implemented as a part of achieving our goal of designing low-cost, high accuracy
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MSI systems for various applications. That is, given a classi cation problem, our method
allows us to select a user-de ned number of salient wavelengths from an HSI dataset which
can then be used for MSI while maintaining or improving the accuracy of the original HSI-
based system.

Furthermore, we explore the applicability of IBRA in combination with other dimen-
sionality reduction methods besides the various feature selection methods. Speci cally,
we propose a feature extraction framework whose rst step aims to remove the spectral
redundancy by using IBRA. The second step consists of applying any desired dimensionality
reduction method on the IBRA-selected set of spectral bands to obtain a new representation
with the desired number of dimensions or feature channels. In this work, we show
experimental results for this framework considering both a supervised and an unsupervised
feature extraction method for the second step. Our results show that our feature extraction
framework yields better or competitive results in comparison to several alternative feature
selection methods in the context of hyperspectral image classi cation.

This work makes a number of contributions regarding accurate and e cient computa-
tional models for hyperspectral image analysis. Our speci ¢ contributions are summarized

as follows:

" We present a low-cost convolutional neural network architecture designed for hy-
perspectral image classi cation. We show that this design involves fewer trainable

parameters compared to other approaches, yet without detriment to its performance.

" We present a Iter-based selection method called Inter-Band Redundancy Analysis
(IBRA) that works as a pre-selection method to remove redundant bands and reduce

the search space dramatically.

" We present a two-step band selection method that rst applies IBRA to obtain a

reduced set of candidate bands and then selects the desired number of bands using a
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wrapper-based method called Greedy Spectral Selection (GSS).

We show that IBRA can be used as part of a more general two-step feature extraction
framework where any dimensionality reduction method can be applied following IBRA

to obtain the desired number of feature channels.

Since one of the objectives of this work is to aid in the design of multispectral imaging
systems based on the wavelengths recommended by a band selection method, we also
present an extensive set of experiments that use the original hyperspectral data cube

to enable simulating the process of using actual Iters in a multispectral imager.

The results concerning our proposed reduced-cost CNN architecture for hyperspectral

image classi cation have been published in the following article:

" G. Morales, J. Sheppard, B. Scherrer, and J. Shaw. Reduced-cost hyperspectral

convolutional neural networks.Journal of Applied Remote Sensingl4(3):036519, 2020

Parts of the results concerning our proposed hyperspectral dimensionality reduction
techniques have been published in the following conference article and its extended journal

version:

" G. Morales, J. Sheppard, R. Logan, and J. Shaw. Hyperspectral band selection for
multispectral image classi cation with convolutional networks. InNIEEE International

Joint Conference on Neural Networks (IJCNN) June 2021

" G. Morales, J. W. Sheppard, R. D. Logan, and J. A. Shaw. Hyperspectral
dimensionality reduction based on inter-band redundancy analysis and greedy spectral

selection. Remote Sensing13(18), 2021

The remainder of this thesis is organized as follows. In Chapter 2, we cover necessary

information to make the reader familiar with the various topics discussed in this thesis,
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including hyperspectral and multispectral imaging systems, convolutional neural networks,
and dimensionality reduction.

Chapter 3 describes the datasets that were used to design and validate the methods
proposed in this thesis. We also provide details on the pre-processing techniques applied to
these datasets depending on if we perform hyperspectral image classi cation using the full
spectrum or just a reduced set of features obtained by a dimensionality reduction process.

In Chapter 4, we introduce our 3-D/2-D convolutional neural network architecture
for hyperspectral image classi cation called Hyper3DNet. We present experimental results
testing our architecture on four public remote sensing datasets and one in-greenhouse
hyperspectral dataset, achieving comparable state-of-the-art results.

We focus on our novel dimensionality reduction methods for hyperspectral images in
the context of image classi cation in Chapter 5. In particular, we provide details on our
IBRA algorithm and explain its use as a lter-based selection method that helps to remove
spectral redundancy. Then, we de ne our wrapper-based selection method, GSS, and show
how it is applied to the results of IBRA to form our proposed hyperspectral band selection
method. Furthermore, we present a feature extraction framework, which extends the use of
our IBRA method to include feature extraction. We present classi cation results obtained
from our methods and compare them to other dimensionality reduction methods. Finally,

we brie y conclude and discuss the future work in Chapter 6.
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CHAPTER TWO

BACKGROUND

In this chapter, we introduce the main concepts and methods that form the foundation

for the work presented in later chapters.

2.1 Hyperspectraland Multispectral Imaging Systems

A conventional digital camera can be de ned as a visible imaging sensor; that is, an
imager that captures the re ected light at wavelengths of light ranging from 400 to 700 nm,
which is approximately the same spectrum that the human eye perceives [99]. Generally,
this type of camera utilizes three bands of wavelengths that capture the light in the blue
range (440 to 485nm), the green range (500 to 565 nm), and the red range (625 to 740 nm).
In contrast, hyperspectral and multispectral imaging systems di er from visible imaging
systems in that they collect information from a wider range of the electromagnetic spectrum

and not only from the range of visible wavelengths.

2.1.1 Hyperspectrallmaging Systems

Hyperspectral images (HSIs) originated from the combination of spectroscopy and
digital imaging; consequently, they consist of hundreds of narrow contiguous spectral
channels that measure re ectance over a portion of the visible and near-infrared (NIR)
spectrum, typically ranging from 400 to 2500 nm [63]. The high spectral resolution allows
us to identify some materials (or their properties) by their absorption-band characteristics
[93], while the high spatial resolution enables us to capture details such as shapes or textures
that complement the spectral information and achieve ner results [53, 76].

HSIs are three-dimensional images with two spatial dimensions and one spectral

dimension. As such, a hyperspectral image can be thought of as a data cube that consists of



Figure 2.1: Example of a hyperspectral data cube. The full spectrum captured by the imager
is available at each pixel [58].

hundreds of two-dimensional images that represent the same spatial objects using contiguous
spectral bands. For example, if we select one pixel of the image and extract its values across
the spectral dimension, we would obtain a spectral re ectance curve that tells the percentage
of light that the captured object re ects across various wavelengths. An example of a spectral
re ectance curve is shown in Fig. 2.1.

The main reason for using HSIs is that they encompass highly complex data that can
enable us to extract information that could not have been achieved using only conventional
digital cameras [2, 61]. Because of this, HSIs are used in a variety of applications, such
as remote sensing [7, 78, 124, 125], agriculture [1, 74], food quality [86], and biomedicine
[28, 96].
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2.1.2 Multispectral Imaging Systems

Multispectral imaging systems are able to collect information from multiple spectral
bands (typically, a dozen or fewer) using bandpass lters that record the re ectance centered
around a certain wavelength of light. Thus, these systems encompass the visible imaging
systems described at the beginning of this section; however, in general, multispectral imagers
are not restricted to use only three spectral channels nor to operate within the range of visible
wavelengths.

The main di erence between multispectral and hyperspectral imaging systems is that
the former utilize spaced spectral bands while the latter record a contiguous sequence of
narrow spectral bands [26]. Moreover, multispectral imagers usually acquire wider spectral
bands (e.g., 20 and 30nm) than hyperspectral imagers (e.g., 1 and 2nm). Therefore, the
design of multispectral imaging systems depends on three customizable aspects: the number
of Iters, the wavelength at which each lter is centered, and the bandwidth of each lter.

One of the most important advantages of multispectral imagers over hyperspectral
imagers is the ability to use a reduced number of lters so that only the most relevant
information is captured; thus, avoiding capturing redundant or irrelevant data. These optical
Iters may be known a priori based on expert knowledge [62, 67, 120] or determined through
a feature selection process [110, 111].

There exist two general approaches for multispectral imaging: scanning and non-
scanning methods [34, 105]. Scanning systems o er good spectral and spatial resolution
and are mainly used to study stationary objects due to their relative slowness of capture.
For example, spatial scanning systems read one pixel at a time to obtain re ectance
measurements from all the available wavelengths [31]; alternatively, spectral scanning
systems use a revolving wheel to switch spectral Iters so that one monochromatic image is
obtained at a time [30]. On the other hand, non-scanning systems capture the full spatial

and spectral information simultaneously using multiple-bandpass lters; that is, Iters that
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consist of a set con guration of bandpass Iters [105].

2.2 Convolutional Neural Networks

A Convolutional Neural Network (CNN) [52] is a specialized type of arti cial neural
network designed for processing data with a grid-like topology, such as 2-D images or 1-D
time series. As a consequence, CNNs have been applied to a wide range of computer vision
and pattern recognition applications, becoming state-of-the-art in many of them [51].

According to Goodfellow et al. [23], a CNN is a neural network that uses a mathematical
operation calledconvolution instead of general matrix multiplication in at least one of their
layers. The convolution operation between an inpuk and a kernel or Iter w along one
dimensiont is de ned as:

Z 1
(x w)(t)= x(a)w(t a)da:
1

If x and w are discrete along thd axis, the convolution operation is as follows:

b3
(x w)(t)= x(@w(t a):

a=1
A convolution operation can also be de ned for inputs and kernels that have more than
one dimension. For example, a convolution operation between a 2-D imagend a 2-D
kernel K is expressed as:
. . . . X X . .
S(;j)=(1 K)(i;j) = [(m;n)K(@{ m;j n): (2.1)

m n

Here, the output S is considered a feature map resulting from the convolution operation.
Depending on the values or weights of the kern& , the matrix S will represent di erent

features extracted froml. For example, Fig. 2.2 shows the result of two convolutional
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Figure 2.2: A 2-D convolution example.(a) Original image. (b) Vertical edges extracted.
(c) Horizontal edges extracted.

operations using 3 3 Prewitt Iters with di erent orientations. Both results extracted
vertical and horizontal lines, respectively, from the original image by analyzing the spatial
structure of 3 3 local neighborhoods. In the context of deep learning, the appropriate

values of the kernew will be found by a learning algorithm.

2.2.1 CommonLayersin a CNN

Fig. 2.2 shows how very simple features can be extracted with only one convolutional
lter. However, in a typical CNN architecture, a convolutional layer includes several lters
in order to extract di erent features from the input. As an example, Fig. 2.3 shows the
process of applying a convolutional layer with two convolutional lters over an input with
multiple channels. Here, each convolutional Iter is applied over the input separately. In
each case, three copies of the convolutional Iter are stacked along the third dimension
so that the number of input channels matches the number of channels of the lter; that
is, the new dimensions of the Iter are 3 3 3 pixels. Then, the convolutional lter is
considered a sliding volume that moves horizontally and vertically performing element-wise

multiplications and summations at each visited position as follows:
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Figure 2.3: Application process of a convolutional layer with two convolutional lters over
an input with three channels.

S@j) =01 K)(ij) = L(m;n;p)K(i  m;j  n;p);

m n p
wherep denotes thep-th channel. As a result, the output of this convolutional operation is a
2-D feature map. This process is also known asnvolution over volume Finally, the feature
maps obtained by each convolutional lter are stacked together to represent the output of
the convolutional layer.

A CNN architecture consists of multiple convolutional layers. The intuition behind this
is that the deeper the network is, the more complex the features extracted and, therefore, the
better the performance achieved [102]. For example, Fig. 2.4 illustrates the kinds of patterns
recognized by the dierent layers of a CNN called AlexNet [48]. Here, each part contains
four groups of nine images that strongly activated a particular lIter or feature detector; on
the left side, we show the feature maps that highlight the pixels that were most responsible
for the strong activation and, on the right side, we show the original input images. It can be
seen that the features obtained by the second layer (Fig. 2.4.a) correspond to simple shapes

and textures, while those obtained by the fth layer (Fig. 2.4.d) correspond to more complex
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Figure 2.4: Visualization of features in a fully trained CNN [123]. Feature maps obtained
by the (a) second layer(b) third layer, (c) fourth layer, and (d) fth layer.

objects such as owers, faces, and dogs.

One of the main motivations for using convolutional layers is that they have sparse
interactions [23]. In a layer of a traditional feedforward network, an input withm units is
connected to an output withn units with a parameter matrix that describes the interaction
between each input unit and each output unit; that is, this layer requiresn n parameters
and computing the output has a runtime ofO(m n). On the other hand, consider a
convolutional lIter that requires k connections (e.g., a 3 3 pixel lIter requires k = 9
connections) and is considerably smaller than the inputk( m). Then, the number of
connections each output has ik so that the runtime required by this approach iO(k n).

Another important motivation for using convolutional layers is parameter sharing, which

refers to the fact that the same set of values of a convolutional lter is applied at every



15

position of the input instead of learning a separate set of parameters for every location.
In other words, a convolutional layer is dramatically more e cient in terms of memory
requirements as it requires onlk parameters instead ofln  n.

Neural networks are commonly trained using the backpropagation algorithm. To do
this, we need to de ne a loss function that we want to minimize and that is used to
determine the error between the outputs of the network and the given target values. Then,
the backpropagation algorithm computes the gradient of the loss function with respect to
each weight of the network using the chain rule. The gradients are computed one layer at
a time, iterating backward from the last layer. Here, each weight is updated proportionally
to the gradient of the loss function with respect to the current weight. However, when the
computed gradient approaches to zero, it prevents the weight from changing its value. This
is known as the vanishing gradient problem. For that reason, convolutional layers are usually
followed by non-linear activation functions such as the Recti ed Linear Unit (ReLU) de ned
by ReLWgx) = max(0;x). These functions help to prevent the vanishing gradient problem,
which allows the network to learn faster and perform better [21].

Convolutional layers can also be followed by pooling layers that allow us to further
modify the output of the convolutional layer. A pooling layer works as a sub-sampling
technique that replaces the value of a feature map at a certain location with a summary
statistic of its neighbors. For instance, a max pooling operation slides a moving window
through the input in a similar way to a convolutional operation but taking the maximum
value of the neighborhood while discarding the others. The average pooling operation works
in a similar way but it calculates the average value of the neighborhood instead of the
maximum. Decreasing the size of the feature maps using pooling layers not only reduces
the total number of parameters required by the network but also makes the network more
robust to small translations of the input [23]. Another sub-sampling technique consists of

modifying the stride with which we slide the lIter. By default, we consider a stride of 1,
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meaning that we move the lters one pixel at a time. If the stride iss (s > 1), the lters
jump s pixels at a time as we slide them around. This will produce smaller output volumes
spatially.

CNNs also benet from the inclusion of Batch Normalization (BN) layers [40]. BN is

implemented during training and it standardizes the inputs to a layer using the mean and

where g and 3 are the mean and variance dB, respectively, and is a small number that
avoid inconsistencies. Finally, we scale and shiff (ising the learnable parameters and
to obtain the output #:

Z= A+

During training, the mean and standard deviation are calculated using samples in the mini-
batch. However, this is not necessary during testing. Hence, BN calculates a running mean
and running variance 2 during training that are used to normalize the inputs of a layer

during testing. Speci cally, when using the batchB, and ?2 are updated as follows:

= momentum +(1 momentum) g;

Z=momentum 2+ (1 momentum) 3;

This technique accelerates the training process signi cantly and provides some regular-
ization.
Finally, in the context of image classi cation, the network can include one or more

fully-connected layers at the end. The last fully-connected layer consists olnits, where
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c represents the number of classes of the given classi cation problem. This layer uses a

softmax activation function de ned for each element of a vectox = fXg;:::; X.g as:

(x;) = Fi
j €

so that it produces a valid probability distribution over the outputs of the network.

2.2.2 DenselyConnectedBlocks

Densely connected blocks were introduced by Huang et al. [38] to ensure maximum
information ow between layers in the network. This is done by connecting all layers directly
with each other using skip connections or short paths while preserving the feature-map sizes.
Residual Networks (ResNets) [32] also use the idea of connecting early layers to later layers
to prevent network degradation problems such as gradient vanishing or exploding when the
network becomes too deep. Speci cally, a densely connected block reads and transforms the
state from its preceding block and passes the transformed state to the next block, along
with preceding information that needs to be preserved. Unlike ResNets, a densely connected
block does not add its input state to the transformed state. Instead, the preservation of the
preceding information of each block is ensured by the concatenation of the previous features

and their transformations (Fig. 2.5).

2.2.3 SeparableConvolutions

In 2014, Sifre [97] proposed the design of separable multidimensional convolutions, an
operation that has become popular due to its ability to reduce model size and complexity
[12, 36]. A separable convolution consists of a depthwise convolution followed by a pointwise
convolution. A depthwise convolution is a spatial operation applied independently over each
input channel, while the pointwise convolution is a 1 1 convolution used to project the

output channels into a new channel space.
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Figure 2.5: Graphical examples ofa) 4-layer densely connected block an¢b) residual
block.

Since the depthwise convolution is a channel-wise operation, if its input has a shape of
D D M (whereDk is the width and height of the input, andM is the number of input
channels), then its kernel has a shape 8fx Dk M (whereDy is the width and height of
the lter, and M is the number of convolutional Iters) and the output shape iDg Dg M
(where Dg is the width and height of the output). The number of multiplications in one
kernel operation isDx Dk 1 = D2, so the total number of multiplications for the
kernel over the whole input channel i©2DZ . Then, the computational cost of a depthwise
convolution isO(MD 2D3).

After the depthwise convolution is performed, a pointwise convolution witlN lters is
applied. Each kernel has the shape of 11 M, so the number of multiplications per kernel
is M, and the number of multiplications per channel iDZM . In total, the computational
cost of a pointwise convolution iSO(NDZM). Finally, the total computational cost of a
separable convolution iDO(DZM (DZ + N)).

In comparison, a regular convolution with an input shape odbg  Dg M, an output
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Figure 2.6: 3-D convolution operation.

shape ofDg Dg M, and a kernel size oDy Dk N, has a computational cost of
O(NMD 4D3Z). Thus, compared to a regular convolution, a separable convolution reduces
the computational cost by a factor of

DZM (D2 + N) _ 1

1
N
NMD 2D2 N D2

2.2.4 Three-dimensionalConvolutional Neural Networks

Three-dimensional Convolutional Neural Networks (3-D CNNs) were proposed by Ji et
al. [43] aiming to recognize human actions in surveillance videos. These models use 3-D
convolutions to extract features from both the spatial and the temporal dimensions. In
that sense, similar to Eq. 2.1, the 3-D convolution operation given a 3-D inputand a 3-D
convolutional Iter K is de ned as:

X X X
S =01 K)(j;) = L(m;n;pK@G  m;j nip 1)
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2.3 Dimensionality Reduction

Working with hyperspectral images presents a challenge due to their high dimensional-
ity. On the one hand, high-dimensional data requires specialized hardware to be processed
e ciently. On the other, it introduces redundant or irrelevant information, which increases
the size and complexity of the feature space. This leads to a phenomenon that is known as
the \curse of dimensionality” [5] or the \Hughes phenomenon” [39]. This phenomenon refers
to the inherent sparseness of high dimensional spaces, which implies that the amount of data
needed to learn a model grows exponentially with respect to the number of dimensions (i.e.,
features).

In this context, hyperspectral images benet from dimensionality reduction methods
that reduce the number of spectral bands while retaining the most useful information for a
speci ¢ application [5, 101]. Dimensionality reduction methods can be categorized as feature
extraction methods and feature selection methods. Below, we provide a brief description of

each type of method.

2.3.1 Feature Extraction

Feature extraction methods apply linear or non-linear transformations to extract
composite features from the original data. The objective of such transformations is to obtain
a very similar non-redundant feature space that facilitates the learning process and, in some
cases, human interpretation.

Feature extraction methods can be subdivided into two classes: unsupervised and
supervised. The former aims to nd natural groupings from data according to some criterion,
while the latter takes advantage of labeled datasets aiming to nd new data representations
that maximize di erentiation between labels or classes. Here, we describe an unsupervised

method called principal component analysis (PCA) and a supervised method called partial
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least squares discriminant analysis (PLS-DA).

2.3.1.1 Principal Component Analysis Principal component analysis (PCA)is one of

the most famous feature extraction methods. It can be de ned as an orthogonal linear
transformation that transforms the data into a new orthogonal basis, whose components are
uncorrelated and ordered so that the rst few retain most of the variation present in all of
the original variables [46].

Consider a set ofn samplesX = (X1;X»;:::;X,) in a d-dimensional space, such that
Xi = (Xj1; Xi2; ::7; Xig). For the sake of conciseness, consider th&t has zero-mean. Then, the

sample variance oX is given by

(xi)%;

i=1
which measures the spread of the data along each axis.

On the other hand, we can verify how correlated two features;, b2 [1;d] are based on
their covariancevgp:
1 X
Vab = n Xai Xpi-
i=1

This is used to build thed d sample covariance matrix, which is calculated a~ X . Then,

we can use a transformation matriXxJ to obtain the diagonal matrix :
= U X XU;

where the row vectors ofJ are called principal components and are the eigenvectorsXf X .
Furthermore, the diagonal elements of are the square root of the eigenvalues %f X and
represent the variances of the transformed data along the new components.

Finally, we order the eigenvalues from largest to smallest to obtain the components in
order of signi cance. To reduce the dimensionality of the dataset, we select the rkt(k <d)

eigenvectors with the greatest eigenvalues and ignore the rest. Then, we project the data
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onto those eigenvectors using tha  k matrix Uy that consists of the rst k eigenvectors

and we obtain the transformed dataseP as follows:

P=X"Uy

where then k matrix P is a new data representation oX with reduced dimensionality
whose components are decorrelated.

In summary, PCA is a dimensionality reduction technique that aims to retain as much
of the variance in the dataset as possible. Machine learning models bene t from PCA in
the sense that the training process is more e cient when using a reduced set of uncorrelated

features.

2.3.1.2 Partial Least SquaresDiscriminant Analysis The partial least squares (PLS)

algorithm [115] was rst proposed for regression tasks and then adapted for classi cation
using a variant known as partial least squares discriminant analysis (PLS-DA) [66]. PLS-
DA consists of two main steps: PLS component construction (i.e., dimensionality reduction)
and prediction model construction (i.e., discriminant analysis). In that sense, PLS-DA can
be considered a supervised feature extraction technique because it achieves dimensionality
reduction with full awareness of the class labels, unlike PCA.

Let W = (Xq;Xp;::5;X,) be a zero-mean set of training samples in ad-dimensional
space such tha; = (Xij1; Xi2; ::55 Xia), Y = (Y1, Y2; i35 Yn) the set of class labels associated with
X, and| is the number of desired components. Algorithm 2.1 describes the PLS-DA process.
Here,PLS-DAK;y;|) calculates the regression coe cient® and the matrix transformation
W. To do this, we rst estimate the weight vector w¥) of the k component based on the
covariance betweenX and y (Line 3). Then, we determine the scores® (Line 5), the
X -loading factorsp® (Line 6) and y-loading factorsq®®) (Line 7) sequentially. The scores

t(®) represent the projected coordinates of the data onto the new component. Line 9 is
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Algorithm 2.1  Partial Least Squares Discriminant Analysis

1: function PLS-DA (X;y;l)

22 XWX

3wl XTysiX Tyjj

4 forall k2 (1;1) do

5: ) X Kk

6 pk) X T 0=
7 gy TR
8
9

if k<I then
: X (D) x ) popkT
10: wike) (ke Ty

11: W WO w®; s wO]T

122 P [pO;p®; i pO]T

132 q  [q9;q®;: g0

14: B W(PTW) !q//Calculate regression coe cients
15: return B;W

used to remove variability already explained fronX ). Finally, the process is repeated for
| components, after which we are able to form the projection matrixV, whose columns
consist of the vectorsx@; w®; :;;w®,

Given that our goal is to reduce the dimensionality, we may ignore the regression
coe cients B obtained by the Algorithm 2.1 and use the matrixW to project the data X

onto the | orthogonal components as follows:

T=X>W;

whereT is the projectedn | matrix with reduced dimensionality (| <d).

2.3.2 Feature Selection

Unlike feature extraction methods, feature selection methods aim to select the most
useful subset of the features of the data without transforming them. Having determined the

most relevant features, we may discard less relevant or redundant features.



24

There exist four types of feature selection methods: lter-based, wrapper-based, hybrid,
and embedded. Filter-based methods select bands based on various statistical tests that
assess the correlation between each band and the outcome variable or among other bands
[112, 114]. Wrapper-based methods, on the other hand, rely on training a model to evaluate
the suitability of a given set of bands. Hence, the problem becomes a search problem, which
is computationally more expensive than Iter-based methods [55, 111]. In order to avoid an
exhaustive search, hybrid methods have been developed. They use a Iter-based method as
a rst step to select some relevant bands. Then, a wrapper-based method is used to make
the nal selection [80, 101]. Finally, embedded methods train models that internally select

the most relevant features during the training phase [104, 107].
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CHAPTER THREE

EXPERIMENTAL IMAGE DATASETS

In this chapter, we describe the datasets we will use in Ch. 4 to design and validate
e cient convolutional neural networks for hyperspectral image classi cation. Some of these
datasets will be used in Ch. 5 to validate our method for hyperspectral band selection. We
will also describe the pre-processing approaches we apply to the data before passing them
to a classi er depending on if we use the full spectrum or just a reduced subset of spectral

bands.

3.1 DatasetsDescription

In our experiments, we used three well-known remote sensing HSI datasets: Indian
Pines (IP) [4], Pavia University (PU) [13], and Salinas (SA) [25]. We also experimented
with the EuroSAT dataset (EU) [33] in spite of the fact that it is not a hyperspectral but
a multispectral dataset, so that we validate the usefulness of the network architecture we
propose in Ch. 4 for images with just a few spectral channels. Furthermore, we used an
in-greenhouse controlled HSI dataset of Kochia leaves in order to classify three di erent

herbicide-resistance levels.

3.1.1 Remote SensingHSI Datasets

The Indian Pines dataset [4] is an aerial 145 145 pixel image of the Indian Pines
site in Northwestern Indiana. It was acquired using the Airborne Visible / Infrared Imaging
Spectrometer (AVIRIS) sensor [82] and it originally had 224 spectral bands in the wavelength
range 400-2500 nm, resulting in a spectral resolution of approximately 9.5 nm. The number
of bands was rst reduced to 220 after removing four damaged bands without information

(i.e., all of their pixels were zero value) [4], and then to 200 after removing 24 noisy bands
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and bands covering the region of water absorption corresponding to the wavelengths (1333{
1373 nm), (1789{1893 nm), and (2499 nm) that correspond to the band indices (104{108),
(150{163) and 220, as recommended by Tadjudin and Landgrebe [103]. The data are divided
into 16 classes containing agriculture, forest, and other natural perennial vegetation.

Similarly, the Salinas dataset [25] is a 512 217 pixel aerial image of Salinas Valley,
California, that was gathered in 1998 using the same AVIRIS sensor as Indian Pines. Water
absorption bands in the same wavelength ranges as Indian Pines were removed; however, in
this case, they correspond to the following band indices: (108 { 112), (154 { 167) and 224.
Thus, only 204 spectral bands are used. It is divided into 16 classes containing vegetables,
vineyard elds, and bare soil.

On the other hand, the Pavia University dataset is a 610 610 pixel aerial image of
Pavia, northern Italy, captured with the Re ective Optics System Imaging Spectrometer
(ROSIS) sensor [49]. Unlike the other two datasets, Pavia University is an urban dataset

that has 103 spectral bands and is divided into nine classes.

3.1.2 EuroSAT Dataset

The EuroSAT dataset [33] is based on Sentinel-2 satellite images covering 13 spectral
bands. It consists of 27,000 64 64 images classi ed in 10 classes (see Fig. 3.1). Three of the
spectral bands (i.e. aerosol, water vapor, and cirrus) do not present relevant information for
our problem, so we discard them. This assumption is also supported by the fact that their
spatial resolution, 60 m, is inconsistent with that of the rest of the bands: 10 and 20 m. In
addition to this, Helber et al. [33] compared the contribution of each spectral band based
on the classi cation accuracy achieved after training a ResNet50 network with each single
band. Based on the results of that comparison, we decided to not use the BO8A band (red
edge 4), as it presents the lowest contribution. Thus, for this classi cation task, we use only

nine out of the 13 spectral bands this satellite acquires.
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Figure 3.1: Color-corrected samples from the EuroSat dataset.

3.1.3 Kochia dataset

The last dataset is an in-greenhouse controlled hyperspectral image dataset called
\Kochia". It consists of images of the weed kochiaRassia scoparig that were collected
and analyzed by Scherreet al. [91] with the aim of learning to di erentiate between three
di erent classes of herbicide-resistance of this weed: 1) herbicide-susceptible, 2) glyphosate-
resistant, and 3) dicamba-resistant, where glyphosate and dicamba are two components
commonly found in commercial herbicides. It is important to note that the di erence between
these three classes is imperceptible using standard color digital cameras that collect data for
three bands in the visible spectrum of light (red, green, and blue), which justi es the need

of using hyperspectral or multispectral imaging systems.
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Figure 3.2: A Resonon Pika L hyperspectral imager taking data in a controlled greenhouse
setting.

The images were captured using a Resonon Pika L hyperspectral imager (Fig. 3.2)
with 300 spectral channels across a spectral range of 387.12 nm to 1,023.50 nm, resulting
in a spectral resolution of approximately 2.12 nm. The kochia samples were illuminated
using di use sunlight in a greenhouse setting. A total of 76 hyperspectral images of kochia
with varying ages and spatial resolutions were captured at the Montana State University
Southern Agricultural Research Center (SARC). Each image contains three kochia leaves
of the same herbicide-resistance class with a height of 900 pixels and width ranging from

700{1,200 pixels.

3.2 Data Pre-processing

The pre-processing step di ers depending on the type of task performed: hyperspectral
image classi cation or hyperspectral band selection. That is, the pre-processing step used

in Ch. 4 mainly consists of transforming the full spectrum into a new basis to reduce its
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dimensionality before passing it to a classi er; whereas, in Ch. 5, it consists of reshaping the
data before passing it to a feature selection algorithm that identi es a reduced set of salient
spectral bands while discarding the rest. Below, we describe the pre-processing steps needed

for both approaches.

3.2.1 HyperspectralImage Classi cation Approach

Here, we describe pre-processing techniques that aim to exploit the information provided
by the entire spectrum. As we discussed in Sec. 2.1, using all the spectral channels
of hyperspectral images represents some limitations given that advanced computational
resources to process the data (e.g. GPU clusters) would be needed. Therefore, we apply a
dimensionality reduction technique before passing the data to a classi er in order to reduce

the number of feature channels while preserving most of the original information.

3.2.1.1 Remote sensingdatasets In preparing the datasets for analysis, rst, we apply

principal component analysis (PCA) on the HSI data cubes in order to reduce the number
of spectral bands and remove spectral redundancy (see Sec. 2.3.1.1). In order to preserve
spatial locality, we apply PCA at a pixel level. To do this, the original data cube with
dimensionsH W Nb (whereH is the height, W is the width, and Nb is the number of
spectral bands), is reshaped to W  Nb matrix. In this reshaped matrix, each row is

a vector with Nb values that represents a pixel of the original data cube. Thus, we apply
PCA to reduce its dimensions toHW D pixels, as explained in Sec. 2.3.1.1, wheke is

the desired spectral depthD < Nb). Then, we reshape the modi ed matrix back as a data
cube ofH W D pixels. As a result, for the Indian Pines, Pavia University, and Salinas
datasets, we reduce the number of channel inputs to 30 by selecting the top 30 principal
components, retaining 99.285%, 99.966%, and 99.99% of the variance, respectively. On the
other hand, the EuroSAT dataset already has only nine spectral bands, so it is left without

modi cation.
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Since the IP, PU, and SA datasets consist of one big single image, we have to divide
them into small patches so that each patch represents one class. Thus, we extract square
patches using a 25 25 pixel window around each pixel. Furthermore, we only collect
patches around those pixels with an assigned label. By doing so, the new IP dataset consists
of 10,249 patches; the new PU dataset of 42776 patches; and the new SA dataset of 54,129
patches. The nal shape of a sample from the IP, PU, and SA datasets is 225 30 pixels;
however, since the rst layer of our proposed architecture requires a 4-D input, we reshape
each sample to 25 25 30 1 pixels. In other words, instead of considering the input as a
stack of 30 images of 25 25 pixels, we consider it as one data cube of 2525 30 pixels.

For the case of the EuroSAT, we reshape each sample to 664 9 1 pixels.

3.2.1.2 Kochia Dataset Each of the 76 collected images in the Kochia dataset has a

height of 900 pixels and a width between 700 and 1200 pixels. They contain three kochia
leaves of the same herbicide-resistance class and a Spectralon panel. The white band shown
on the left side of each image in Fig. 3.3 corresponds to the Spectralon panel, which is a 99%
re ective material commonly used as a Lambertian calibration reference. These images were
captured by the Pika L hyperspectral imager in raw digital numbers, meaning the image
data required pre-processing prior to analysis. For our experiments on the Kochia dataset,
we convert the raw digital numbers to re ectance values using the Spectralon panel as a
re ectance reference.

The rst step of the re ectance correction was to select the pixels in the image that
contain the Spectralon re ectance target. Next, we averaged the values of all pixels within
the selected region at each spectral band, leaving us with a single, averaged digital number
for each spectral bandh 2 [1;N] (where N represents the total number of spectral bands)
denoted asDNg}éet. Consequently, we obtained a digital number representing 99% of the

re ected light for each spectral band. Finally, we calculated the spectral re ectance at the
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Figure 3.3: Kochia leaves afa) 8 weeks andb) 2 weeks.(c) An example of the extraction
of 25 25 pixel patches.

i-th pixel of the n-th spectral band, i(”), as follows:
!
m _ DNscde DN gan
RIS
DN Jhet DN

target 1

where DNs(ane, represents the digital number value captured at the-th pixel of the n-th
spectral band,DNégzk represents the dark current or background signal generated through
sporadic electron generation in the imager's sensor, ang,ge: represents the re ectivity of
the re ectance target.

From the calibrated images, we extracted 6,316 25 25 pixel overlapping patches
(Fig. 3.3c). Then, as with the remote sensing datasets, we applied PCA to reduce the number
of spectral bands from 300 to 100 with an explained variance of 99.565%. The di erence
with the previous datasets is that this dataset has dimensions 631625 25 300, so we
reshaped it to 3947500 300 pixels; then, we applied PCA to reduce it to ;47 500 100
pixels; and we reshaped it to 6316 25 25 100 pixels. Finally, similar to what we did

with the remote sensing datasets, we reshaped each sample to 2% 100 1 pixels.
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3.2.2 HyperspectralBand SelectionApproach

Even if we apply a feature extraction technique like PCA to alleviate the need for
powerful processing hardware, we still have to face the prohibitive cost of storing the
original data. Therefore, it may be more convenient to identify the most important spectral
wavelengths from the original spectrum and discard the rest, as we will discuss in Ch. 5.
Band selection methods also allow us to design multispectral sensors with a reduced set of
spectral bands using the set of identi ed important wavelengths.

Here, we describe the pre-processing steps we apply to the hyperspectral datasets before
passing them to a band selection algorithm that will identify the most relevant wavelengths
without transforming the data. In this approach, we only use the Kochia, Indian Pines, and

Salinas datasets for experimentation.

3.2.2.1 Remote Sensing Datasets As we described in Sec. 3.2.1.1, the IP and SA

datasets consist of single large images, so we have to divide them into small patches so
that each patch represents one class. In this case, we extract 5 pixel patches around
each pixel and we do not apply any feature extraction technique. Hence, the size of the
preprocessed IP datasetis 1849 5 5 200 1 while that of the preprocessed SA dataset
is54129 5 5 204 1.

Note that in the previous approach we extracted 25 25 pixel patches instead of 5 5
pixel patches; however, during the experiments described in Ch. 5, we noticed that the
classi cation performance was extremely high> 99:5%) independently of the wavelengths
that were selected by the di erent band selection methods. For that reason, we decided
to \increase the diculty" of our classi cation tasks by reducing the size of the image
patches, as we noticed that the lower spatial information a CNN classi er has, the lower its
classi cation performance is. By doing so, we were able to appreciate how di erent band

selection methods behave under di cult scenarios.
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3.2.2.2 Kochia Dataset We use the 6,316 25 25 pixel patches that we extracted from

each of the 76 kochia images, as we described in Sec. 3.2.1.2. Furthermore, we reduced the
number of spectral bands within each patch from 300 to 150 by averaging adjacent pairs
of bands, which can be interpreted as 2 spectral binning, where the resulting spectral
resolution of each channel was modi ed from approximately:22 nm to 424 nm. In other
words, the nal shape of this preprocessed dataset is 631&5 25 150 1 pixels.

Given that one of the goals of this work is to aid in the design of multispectral
imaging systems, we note that decreasing the overall spectral resolution is unlikely to a ect
our results, as it is unlikely that optical Iters with a bandwidth less than 20 nm will be
considered. Hence, this process gives us an upfront reduction in dimensionality that greatly
reduces the potential over tting impact in our following analysis without overly constraining
the design parameters of a multispectral imager. In addition, averaging consecutive bands

has a smoothing e ect that helps to combat possible noise in some spectral bands.
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CHAPTER FOUR

REDUCED-COST HYPERSPECTRAL IMAGE CLASSIFICATION

In this chapter, we use the concepts introduced in Sec. 2.2 to design a convolutional
neural network architecture for hyperspectral image classi cation called Hyper3DNet. This
network was designed to meet comparable state-of-the-art classi cation performance while
increasing computational e ciency. We begin with an overview of related work, outline
the speci c network architecture, discuss the classi cation method in detail, and provide

experimental results.

4.1 Related Work

Many of the classic HSI classi cation methods have focused on pixelwise classi cation
in the spectral domain, not taking advantage of the spatial information. Typically, these
methods are based on support vector machines (SVMs) [69, 7kjnearest-neighbors [90],
random forests [29], or feedforward neural networks [91]. Because of the high dimensionality,
other methods use a feature engineering step before training a classi er [45]. This can
be done using feature extraction or feature selection approaches: the former apply linear
or non-linear transformations to extract speci c features from the original data [108, 121],
while the latter select the most useful individual features (i.e. spectral bands) of the data
without transforming it [111, 113]. Some approaches based on SVMs using a composition of
kernels [16], 3-D wavelet lters [9], 3-D Gabor Iters [44] or conditional random elds [57]
show improved classi cation performance, taking into account both spatial and spectral
information. Their main drawback, however, is that they require hand-crafted spatial
features.

Recently, deep learning techniques are being used because of their capability of learning
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hierarchical feature representations. Convolutional neural networks (CNNs) are commonly
used with grayscale or RGB images as inputs, which is why some remote sensing applications
based on RGB satellite imagery can rely on relatively standard network architectures [65];
however, when the number of spectral bands (or channels) of the data input increases, more
specialized network architectures are needed [37]. In order to exploit the spectral and the
spatial information jointly, many approaches are based on 3-D convolutional neural networks,
as suggested by Paet al. [78] and Chenet al. [11]. Similarly, Zhong et al. [126] designed

a spectral-spatial residual network (SSRN) architecture that consisted of two main sections:
spectral feature learning and spatial feature learning. The rst one reduces the number of
original spectral bands and applies spectral kernels that a ect only the spectral domain,
while the second one uses spatial kernels that learn deep spatial representations.

Due to the fact that some spectral bands can be considered as noise or simply not
relevant for a certain classi cation task, Fang et al. [15] introduced a spectral-wise attention
mechanism that emphasizes the most informative spectral features. Ma et al. [64] applied
the same attention mechanism but used a double-branch 3D-CNN to extract the spectral
and spatial features, respectively. Similarly, Gao et al. [19] proposed a feature boosting and
suppression method (FBS) in a form of an attention mechanism designed to dynamically
amplify and suppress output channels from convolutional layers within a CNN.

Since 2-D CNNs cannot learn channel relationship information and 3-D CNNs are more
computationally complex, Roy et al. [89] proposed a hybrid-CNN model that deals with
these two shortcomings. In addition to this, before training the model, they remove the
spectral redundancy and reduce the dimensionality of the raw data using principal component
analysis (PCA). On the other hand, other approaches apply a sequence-based methodology
using recurrent neural networks (RNNs) [73], a combination of CNNs and RNNs [118], or

convolutional long-short term memory (LSTM) [95].
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4.2 The Hyper3DNet Architecture

We present an HSI classi cation method using a novel 3D-2D CNN architecture called
Hyper3DNet. Since a hyperspectral image is basically a set of hundreds of 2-D images, we
consider one HSI as a single data cube. As a consequence, the general input shape of our
networkisW W D 1, thatis, one data cube with a width and height oW pixels and
a spectral depth ofD, as explained in Sec. 3.2.1.

Fig. 4.1 shows our network architecture and its two main modules: a 3-D feature
extractor and a 2-D spatial encoder. The feature extractor consists of a 4-layer densely
connected block, where each layer is composed of a 3 7 3-D convolution layer of
eight lters, denoted as \CONV3D", a batch normalization layer, denoted as \BN", and a
recti ed linear unit activation layer, denoted as \ReLU". Notice that the di erence between
the diagram shown in Fig. 2.5 and the feature extractor shown in the left part of Fig. 4.1
is that the latter uses 3-D convolutions, which is why the concatenation \CONCAT") is
carried out along the fourth dimension so that the output of the feature extractor is a stack
of 32 data cubes.

The second part of the Hyper3DNet architecture is the spatial encoder, which is shown
in the right part of Fig. 4.1. Note that the input tensor coming from the 3-D feature extractor
section has to be reshaped into a 3-D tensor before performing any 2-D convolution operation.
Our spatial encoder takes a 3-D input and gradually compresses it into an encoded feature
vector representation. This is done using four 3 3 separable convolutions of 128 lters,
denoted as \SEP CONV", followed by a batch normalization layer and a recti ed linear unit
activation layer. The spatial dimensionality is reduced using a stride of 2 in the last three
convolution operations. Finally, we reshape our output into a 1-D tensor and use a fully
connected layer with softmax activation, denoted as \FC", to obtain the nal classi cation

result.
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Figure 4.1: Hyper3DNet architecture with a 25 25 30 1 HSIinput. The network includes
a 3-D feature extractor (left) and a 2-D spatial encoder (right).

4.3 Results

All experiments are conducted in Python 3.6 on a PC equipped with an Intel Xeon CPU
E5-2603 v4 at 1.70GHz, 128GB RAM, and two NVIDIA GeForce GTX 1080 Ti GPUs. The
proposed CNN was trained using the Adam optimizer [47] with a learning rate of 0.0001, a
momentum term ; of 0.9, a momentum term , of 0.999, and an epsilon value of 10E-8.
We used a grid search to determine the best mini-batch sizes for each dataset. Hence, the
mini-batch sizes chosen for IP, PU, SA, EuroSAT, and Kochia datasets are 4, 4, 4, 8, and
128, respectively. Due to the fact that the last layer of our model is a softmax activation,
the categorical cross-entropy function was chosen as our loss function.

We used 10-fold strati ed cross-validation to train and evaluate all the networks. That
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is, we randomly divided our datasets into 10 equally sized folds; then, the training process
was repeated 10 times using each random fold as an independent validation set. Furthermore,
strati cation indicates that each fold has the same proportion of samples of a given class.
For each iteration, we trained our network for 50 epochs on Indian Pines and the Kochia
dataset; 40, on Pavia University and Salinas; and 150, on EuroSAT. The maximum number
of epochs for each dataset was determined empirically and all compared models reached
convergence in fewer epochs.

Furthermore, we show in Fig. 4.2 the mean spectral re ectance curve of all the pixels
of the Kochia dataset. Here, higher re ectance values are obtained for the last bands of the
spectrum (i.e. 750 { 1023 nm). If we were to directly feed this data into our networks, the
last bands would have more contribution than the initial bands. In other words, the learning
process would be dominated by those bands that inherently present higher re ectance values.
Therefore, we applyz-score normalization onto each spectral band so that all bands present
mean equal to zero and standard deviation equal to one. Note thatscore normalization
was applied onto each spectral band of each training set while the exact same scaling was
applied to their corresponding validation set.

In order to analyze the behavior of our Hyper3DNet model statistically, we calculated
four metrics on the validation sets: accuracy@A), precision Prec), recall (Reg, and F1
score.OA indicates the fraction of correctly predicted observations among total observations.

P rec indicates the macro-average precision; that is, the average precision for all the classes.
The precision for classt is the fraction of correctly predicted positive observationsT(P.)
among total predicted positive observations, which is de ned as the sum of correctly predicted
positive observations and incorrectly predicted positive observation$ P.). Recindicates

the macro-average recall. The recall for clagsis the fraction of correctly predicted positive
observations among total actual positive observations, which is de ned as the sum of correctly

predicted positive observations and incorrectly predicted negative observatiorlSN ;). The
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Figure 4.2: Mean spectral re ectance curve of all the pixels of the Kochia dataset.

F1 score is the harmonic mean d®rec and Rec. The equations for all the metrics are given

below:

_ # correctly classified observations

OA - ;
# total observations
5 . # %sses T Pc .
#classes _  TPc+ FP’
# %sses
1 TP,
Rec= c

" #classes o TPc+FN(

Prec Rec

F1= .
Prec+ Rec

The source code and datasets are available online

LCodebase:https://github.com/GiorgioMorales/hyper3dnet
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4.3.1 ComparedMethods

The results of Hyper3DNet were compared to those of three supervised methods:
ResNet50 [32], SpectrumNet [94], and HybridSN [89]. ResNet50 was selected for this
comparison because it constitutes a deep convolutional network that has achieved excellent
generalization performance on many image classi cation tasks. In a similar way, HybridSN
was chosen because it outperforms most of the state-of-the-art methods for HSI classi cation.
It is worth mentioning that, for the case of the EuroSAT dataset, we applied zero-padding
in the rst three 3-D convolution blocks of HybridSN in order to avoid dimensionality
inconsistencies. Finally, SpectrumNet was also considered for this comparison for it is a
small and computationally e cient CNN, and it is also capable of being trained to process
the spectral-spatial input space from multi-spectral satellite imagery.

Although shown to be a high-performance method, ResNet50 turns into a computa-
tionally ine cient method when it is used with such input dimensions as those of the Kochia
dataset (i.e., it requires 23,912,394 parameters). Consequently, for the special case of the
Kochia dataset, we decided to include the method proposed by Scheredral. [91] to the
list of compared methods instead of ResNet50. This supervised method consists of a fully
connected feedforward neural network with two hidden layers and 500 units in each layer
(denoted simply as KochiaFC). Given that this network processes 1-D vectors, we modi ed
our existing dataset as follows: First, we extracted a 10 10 sub-patch from the center
of each patch of the Kochia dataset to make sure that these sub-patches did not overlap;
secondly, we took all of the pixels of these sub-patches and put them into a new 1-D vector,
discarding those that had a Normalized Di erence Vegetation Index (NDVI) less than 0.6.

The KochiaFC network was not used to train the other datasets because it performs
pixel-wise classi cation; thus, it would not be able to capture the underlying spatial
information of a 2-D window. For instance, take a 64 64 pixel sample of class

\residential building " from the EuroSAT dataset; given only the spectrum of one pixel
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of the window, KochiaFC will not classify it con dently into the correct class, for that pixel
may be located inside a vegetation region (e.g. a tree or a garden) so that the probability
of classifying it as Yorest" or \ pasture" could be high. Moreover, even if we select a pixel
located on top of a building, the model will not have enough information to di erentiate
between class kesidential building " and class \industrial building ".

Furthermore, in order to determine if the di erence in performance scores is statistically
signi cant, we performed a pairedt-test between Hyper3DNet and the other networks with
respect to the F1 scores. For this, we made sure that the datasets were split in the same
way (i.e., using a xed random seed) so that, for each fold, both compared methods saw the
same training and validation sets. In this case, the null hypothesis is that the samples of F1
scores were drawn from the same distribution at signi cance level For these experiments,
we used = 0:05. In other words, we rejected the null hypothesis if the calculateplvalue
was smaller than = 0:05.

Table 4.1 shows the number of parameters and the number of oating-point operations
needed (FLOPSs) to classify a patch for each of the compared methods on the IP, SU, SA,
and EuroSAT datasets. The minimum number of parameters and MFLOPS are highlighted
in bold font. Table 4.2 shows the same type of comparison for the special case of the
Kochia dataset, where we used KochiaFC instead of ResNet50. During testing, the memory
consumed by a model is used to store the outputs of intermediate layers as well as the
parameters of the model. In addition, the number of parameters is related to the complexity
of the model and the amount of data needed to train the model e ectively. On the other

hand, the number of FLOPS is related to the speed of processing the model.

4.3.2 Resultson the IP, PU, and SA datasets

The average classi cation performance and corresponding standard deviations on the

Indian Pines, Pavia University, and Salinas datasets are reported in Table 4.3, Table 4.5, and
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Dataset IP, SA PU EuroSAT
Method # Param. MFLOPS # Param. MFLOPS # Param. MFLOPS
ResNET50 23,705,168 199.56 23,637,705 199.53 23,573,898 337.15
HybridSN 5,122,176 105.44 5,121,273 105.44 15,965,562 | 191.04
SpectrumNet 741,040 30.10 737,449 30.07 729,898 205.61
Hyper3DNet 244,328 89.85 228,897 89.82 200,322 193.63

Table 4.1: Comparison of number of trainable parameters and MFLOPS of the di erent
networks trained on the IP, PU, SA, and EuroSAT datasets.

Method # Param. MFLOPS
KochiaFC 402,503 0.8
HybridSN 6,410,739 311.35
SpectrumNet 1,479,907 28.44
Hyper3DNet 523,483 213.73

Table 4.2: Comparison of number of trainable parameters and MFLOPS of the di erent
networks trained on the Kochia dataset.

Table 4.4, respectively. We also constructed a box plot, shown in Fig. 4.3, to represent the
distribution of the resulting F1 scores. Here, the line through the center of each box indicates
the median value of the F1 scores. The edges of boxes are the 25th and 75th percentiles.
Whiskers extend to the maximum and minimum points. Outlier points are those past the
end of the whiskers. The classi cation maps of di erent methods for the IP, PU, and SA
datasets are shown in Fig. 4.4, Fig. 4.5, and Fig. 4.6, respectively. These classi cation maps
were generated using the validation fold with the lowest accuracy performance for each one
of the datasets.

Using the pairedt-test, we found that the improvements of Hyper3DNet over HybridSN
and ResNet50 are not statistically signi cant; that is, the resultingp-values are greater

than = 0:05. When compared to the F1 scores of SpectrumNet, we achieyedalues
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Method OA Prec Rec F1
SpectrumNet 98.75 0.39| 9595 1.33| 98.37 0.92| 96.54 1.10
ResNET50 99.84 0.12| 99.51 0.63| 99.50 0.65| 99.47 0.56
HybridSN 99.98 0.04| 99.98 0.04| 99.93 0.19| 99.95 0.11
Hyper3DNet 99.94 0.08| 99.84 0.26|99.89 0.19| 99.86 0.19

Table 4.3: Metrics comparison on the IP dataset.

Method OA Prec Rec F1
SpectrumNet | 9957 0.23| 99.21 0.45| 98.97 0.58 | 99.08 0.51
ResNET50 99.79 0.27| 99.83 0.10| 99.60 0.51| 99.71 0.30
HybridSN 99.98 0.04| 99.98 0.04|99.93 0.19| 99.95 0.11
Hyper3DNet 99.99 0.01| 99.99 0.02| 99.98 0.04| 99.98 0.03

Table 4.4: Metrics comparison on the PU dataset.

Method OA Prec Rec F1
SpectrumNet | 99.72 0.23| 99.48 0.42| 99.44 0.50 | 99.45 0.46
ResNET50 99.72 0.09| 99.63 0.19| 99.66 0.11| 99.64 0.13
HybridSN 99.95 0.04| 99.93 0.04| 99.92 0.05| 99.93 0.05
Hyper3DNet 99.96 0.04| 99.94 0.06| 99.94 0.05| 99.94 0.06

Table 4.5: Metrics comparison on the SA dataset.

of 8.3E-5, 5.9E-4, and 3.7E-3 for Indian Pines, Pavia University, and Salinas datasets,
respectively, which means we have a statistical basis to reject the null hypothesis. However,
from Table 4.1, we observe that Hyper3DNet requires fewer trainable parameters than the

compared methods.
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Figure 4.3: Box plot of F1 scores on théa) Indian Pines, (b) Pavia University, and (c)
Salinas datasets. Numbers in the abscissa corresponding to 1) Hyper3DNet; 2) HybridSN;
3) ResNet50; 4) SpectrumNet.

Method OA Prec Rec F1

SpectrumNet 96.08 0.58| 96.08 0.49| 95.87 0.57| 95.94 0.56

ResNETS0 94.48 0.62| 9449 0.52| 94.15 0.72| 94.24 0.66

HybridSN 98.84 0.37| 98.85 0.38| 98.74 0.41| 98.78 0.39

Hyper3DNet 99.24 0.15| 99.24 0.15| 99.19 0.17| 99.21 0.16

Table 4.6: Metrics comparison on the EuroSAT dataset.

4.3.3 Resultson the EuroSAT dataset

Results on the EuroSAT dataset are reported in Table 4.6. Fig. 4.7 shows a box plot
of the distribution of the resulting F1 scores. We also performed pairedtests between
Hyper3DNet and HybridSN, ResNet50 and SpectrumNet, nding that the improvements
of Hyper3DNet on F1 scores are statistically signi cant withp-values 1.9E-3, 4.2E-9, and
9.3E-8, respectively. In addition, Table 4.1 shows that Hyper3DNet requires fewer trainable

parameters than the compared methods.
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Figure 4.4: Classi cation maps of the Indian Pines dataset(a) RGB image. (b) Ground-
truth labels. (c) SpectrumNet. (d) ResNet50. (e) HybridSN. (f) Hyper3DNet. Zoomed
images show some misclassi ed pixels in yellow.

4.3.4 Resultson the Kochia dataset

Table 4.7 shows the results on Kochia dataset and Fig. 4.8 depicts the distribution
of the F1 scores achieved by all the compared methods. Given that this dataset consists
of only three classes, we show the four resulting confusion matrices in Fig. 4.9. Here,
the numbers in the abscissa correspond to 0) Dicamba-resistant; 1) Glyphosate-resisant; 2)
Herbicide-susceptible.

We trained KochiaFC using our own con guration and the results are included here;

however, we should note this is not a fair comparison since we did not use exactly the
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Figure 4.5: Classi cation maps of the Pavia University dataset. (a) RGB image. (b)
Ground-truth labels. (c) SpectrumNet. (d) ResNet50. (e) HybridSN. (f) Hyper3DNet.
Zoomed images show some misclassi ed pixels in yellow.

Method OA Prec Rec F1
KochiaFC 92.89 0.29| 93.09 0.30| 92.82 0.40| 9295 0.29
HybridSN 98.09 0.62| 98.18 0.61| 98.28 0.56| 98.22 0.58

SpectrumNet 9759 055| 9781 0.59| 97.77 0.46| 97.78 0.51

Hyper3DNet 99.55 0.22| 99.62 0.19| 99.57 0.23| 99.59 0.21

Table 4.7: Metrics comparison on the Kochia dataset.
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