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ABSTRACT

Hyperspectral images are a powerful source of spectral data that have been utilized in a
wide array of applications. The large size of hyperspectral images limits the applicable uses
and necessitates effective compression methods. While many spectral-spatial compressors
have been proposed in the past, there has been little work on the benefits of a spectral-only
strategy. A spectral-only strategy not only has compressive capabilities but would also allow
the classification of the compressed images, making the contributions of this thesis multi-fold.
We present a Long Short Term Memory Autoencoder designed for the spectral compression
of hyperspectral images. We show that this network can compress the images effectively
with low reconstruction error, as well as require fewer training parameters to compress when
compared to existing spectral-spatial compression methods. Existing learned compression
models often require many of the pixels to be used to train an image. We demonstrate that
our proposed network does not suffer a reduction in compression performance by reducing
the number of training examples. Existing compression techniques are limited in capability
by their inclusion of spatial information, requiring reprocessing for all images that have
sufficiently different scenes. We demonstrate the proposed network’s robustness by training a
single model for use in multiple scenes without the requirement of retraining the model from
scene to scene. Furthermore, using the feature extracting capabilities of an autoencoder,
we analyzed the capabilities of the compressed image as a feature set for classification.
Experimental results demonstrate that the unsupervised compressed features generated can
be utilized for supervised machine learning classification tasks. We also demonstrate that
the robustness of the compressor allowed for a single network to not require being retrained
for compressing and then classifying new images without significant loss.
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CHAPTER ONE

INTRODUCTION

Hyperspectral imaging systems have become a widely used source of information due to

their ability to capture detailed spectral information based on hundreds of spectral bands [28].

With the increased level of spectral detail, users of hyperspectral imaging systems are capable

of using a wide array of algorithmic techniques to better characterize and differentiate objects

within an image based on the subtle differences in the spectral bands that could often not

be captured with conventional cameras [39]. The images captured by these systems, called

hyperspectral images (HSI) come at the cost of significantly higher storage requirements as

well as the computational cost to analyze these images [82].

Hyperspectral imagers utilize a non-destructive spectroscopic technique that remotely

captures spectral information [81]. One of the most common uses of this sensing technique

found in the literature is the aerial and spatial sensors that capture land use and land

cover information over large areas [50]. With recent work in the increasing accessibility of

the sensors through reductions in economic and computational time savings, many diverse

applications have found benefits of utilizing this sensing technology with examples such as

food quality and safety [74], agricultural field analysis [78], water safety analysis [84], and

medical applications [79].

While hyperspectral imaging technology has existed since the 1980s [101], it was not

until a few years ago that the use of hyperspectral imaging systems was no longer limited

to large platforms like aircraft and satellite platforms due to their large size, operational

difficulties, and economic costs [115]. Recent advancements in sensing technology have

produced small and low-cost hyperspectral sensors available for commercial use [61]. These
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Figure 1.1: HYMSY hyperspectral sensor mounted on an Aerialtronics Altura AT8 v1
octocopter UAV [114]

imagers have the potential to be mounted on drone platforms with some images being

mounted on tripods [42] which can capture a wider array of subjects to be analyzed with

this technology.

As an example, the Resonon Pika L hyperspectral image platform is a small imager

that can be mounted on a small drone [46]. The Kochia dataset, captured by Scherrer et al.,

utilized this platform to analyze the differences between three different classes of herbicide-

resistance of the Kochia weed (Bassia scoparia) [97]. The Hyperspectral Mapping System

(HYMSY) sensor, as shown in Figure 1.1, can be mounted on a small commercially available

drone for precision agriculture purposes. The sensor has both a GPS navigation system, a

conventional camera, and a hyperspectral imager mounted on the small frame [114].

1.1 Image Compression

Alongside the work to improve the capabilities and reduce the cost of hyperspectral

imagers, work has to be done to reduce the cost of handling the captured images [21]. In
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general, the increasing number of spectral bands from the fine spectral resolutions captured

and the increased spatial resolution of the images quickly increase the size of the images

[32]. The storing of the spectral information of these images is often represented as a three-

dimensional data cube where the x and y axes represent the spatial coordinates of a pixel,

and the z axis contains the spectral bands [5]. Often, a given band at a given pixel is

represented either by a 12-bit value or a 16-bit value. With this data cube representation,

these images often exceed hundreds of megabytes (MB) [37]. For example; the Hyperspectral

Digital Imagery Collection Experiment (HYDICE) imager, developed in 1994, captured a

single 1280× 307 pixel image of the National Mall in Washington DC over 191 usable bands

requiring 145 MB of storage [12].

Given the large size of the images, it is unrealistic to utilize the images without a

compression process in both data transfer as well as when stored in a database for most

applications [26]. Given that classifiers for these images significantly benefit from the fine

levels of information contained within these images, we focused on the development of a

compressor that has a low amount of reconstruction error without sacrificing the level of

compression that many use cases require. In particular, we present the application of

a Long Short Term Memory Autoencoder model that compresses spectral information.

The bands of each pixel are systematically compressed into a small set of values defined

by the size of the network encoding layer. We hypothesize that this architecture will

be able to efficiently compress the images with a lower amount of reconstruction error

when compared to contemporary compression techniques. We also hypothesize that the

reduction in reconstruction error will still allow our proposed network to perform similarly

to contemporary techniques with regard to the compression rate. Here, we talk about

efficiency in network performance measured by the number of training parameters and the

computational operations the model requires.

In a spatial-spectral compression model, the model considers not only the spectral
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information of the pixel but also the bands of the surrounding pixels to influence the

compression process. This dependence on spatial information influences the necessity to

retrain models for sufficiently different scenes. If a model uses a spectral only compression

model, removing the requirement to retrain our model for sufficiently different scenes, all that

the model requires is that each sufficiently different subject is observed during the training

process. It stands then that we can generalize the model to be robust against changing

scenes by including the subjects of many models in the training process.

With this, we explore a variation in the training process that can compress multiple

images with a single model. We also explore another variation in the training process where

we take a trained model and compress an unseen image, demonstrating the generality of the

model. We hypothesize that the removal of the spatial dependence will allow us to perform

these training variations without a significant reduction in compressive capabilities.

Bidirectional LSTM Autoencoders create a duplication of the LSTM network at each

layer and invert the order of the input data to better capture the latent information in

the data. These networks have shown promise in improving the classification performance

of LSTM Autoencoders [35, 71]. With this, we propose experimenting with implementing

a Bidirectional LSTM model to perform each of the compression tasks that the proposed

model. We hypothesize that the increased complexity and reduced compression rate will

lead to a decrease in reconstruction error rates.

While there have been many successful compression approaches, a significant number

of the approaches utilize a spatial-spectral compression strategy [24]. While this strategy

has been effective for significant levels of compression, compressed images can only be

decompressed. Alternatively, compressed images can be utilized as features. This multi-

applicability of hyperspectral image compression could lead to increases in computational

efficiency and further expand the applications of this imaging technique.
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1.2 Classification Problem

In addition to the storage complexity of these images, the high number of spectral bands

and the increasing spatial resolution leads to redundancy in the data [1]. This can make

models for classifying these images difficult to train efficiently and leads to an increase in the

risk of overfitting the data due to the rising spectral and spatial resolution [90]. The rapid

increase in the number of parameters is often referred to as the “curse of dimensionality”

phenomenon [122] or the “Hughes phenomenon” [112]. This phenomenon describes the

observation that to obtain a reliable result, the amount of data required to train these

models grows exponentially with the increased number of features. While this redundancy of

information may be helpful for information recovery or super-resolution applications [67, 135],

in most use cases the prioritization of computational efficiency requires the dimensionality

to be reduced.

Feature extraction is the process of taking the features from a dataset to reduce

dimensionality, thereby representing them as a smaller set of new features. Often,

straightforward spectral methods are implemented with expert knowledge on a specific

problem using hyperspectral images. For example, the normalized difference vegetation

index (NDVI) uses the difference between near-infrared bands and red bands to quantify

vegetation [38]. NDVI is calculated with the equation:

NDV I =
(NIR−Red)
(NIR +Red)

where NIR and Red represent the spectral reflectance measurements acquired in the red

(620-750 nm) and near-infrared (800-2,500 nm) regions respectively. While this form of

feature extraction requires specific expertise to derive the features, the arithmetic calculation

does not necessarily lead to dimensionality reduction. Often, these techniques are used to
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obtain additional information to discriminate between land cover objects, and fine-tuning a

classification algorithm would still make use of the full spectrum.

Dimensionality reduction, on the other hand, is looking for low-dimensional representa-

tions of HSIs [137]. Spectral analysis dimensionality reduction methods can be classified into

either unsupervised or supervised. Unsupervised dimensionality reduction does not utilize

labeled information to extract low-dimensional data patterns. One of the most common

of these methods, principal component analysis (PCA), removes the redundancy in the

spectral data and transforms the data into a smaller dimension by mapping to the k principal

components [120]. This is accomplished by performing an orthogonal linear transformation

to transform the data into a new coordinate system where each coordinate (referred to as

principal components) is ranked by variance. PCA often has the limitation of not being able

to model nonlinear relationships efficiently [111].

One approach to resolve this limitation has been Stacked Autoencoders (SAE). These

networks allow for the modeling of nonlinear relationships to perform dimensionality

reduction. Additionally, SAEs hierarchically extract deep features, which allows them to

be connected to other models directly for classification [17].

Supervised dimensionality reduction, on the other hand, uses the labeled information to

separate the data points. Deep learning has been very popular recently with convolutional

neural networks (CNN) being one of the most common networks [60]. These networks

can generate both high-level spatial and spectral features. CNNs have been successful at

discovering spatial features in addition to spectral features [16].

Recent works have integrated a spatial-spectral dimension reduction process that passes

the data to a Convolutional Neural Network (CNN) [137]. One of the weaknesses of this

approach is the single application of the features in classification. The feature extraction

significantly reduces the complexity of the classification models [70], but the end-user still

has the original large image to deal with as well as having to train multiple models for a
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single purpose.

Given that the autoencoder has a history of being an effective feature extraction tool,

we propose an analysis of the quality of the features generated by the compressed images

to be reused for classification purposes [87]. Based on our review of the HSI compression

literature, this appears to be the first attempt to consider the effectiveness of classifying

compressed hyperspectral images. We hypothesize that the feature extraction process used

to compress the images can be reused effectively to perform classification on the compressed

images. We also hypothesize that the multi-image and generalized modifications do not have

a significant impact on classification performance.

1.3 Proposed Contributions

This work makes several contributions regarding effective hyperspectral image compres-

sion models and analysis of compression techniques being applied to hyperspectral image

classification. Our specific contributions are summarized as follows:

• We present a low-cost Long Short Term Memory Autoencoder model for hyperspectral

image compression. We show that this model yields lower reconstruction error without

reducing the compressive capabilities. We also demonstrate that our proposed model is

more computationally efficient than contemporary models by requiring fewer trainable

parameters and fewer training samples without detriment to its performance.

• We present a multi-image training variation and a generalized training variation that

expand the generality of the compression model and eliminate the requirement to

retrain the compressor for new scenes. We demonstrate that this increase in generality

can reduce the reconstruction error compared to the standard training process.

• We analyzed the capabilities of the compressed image being utilized for classification

tasks. We demonstrate that effective classifiers can be learned to operate on compressed



8

images.

• We demonstrate that increasing the generality of the compressor does not have a

significant reduction in the classification performance on compressed images.

These contributions allow for an effective compression strategy that, through the

model’s robustness, does not require the model to be retrained for new scenes. The proposed

model also allows further computational efficiency by the reusability of the compressed image

being able to be used as a reduced set of features for image classification. This improvement

in the computational efficiency of the model allows for a trained model to be able to be

efficiently utilized across many hyperspectral image processing tasks.

For hyperspectral image classification, feature extraction often is performed to reduce

the complexity and reduce the risk of overfitting for classification models. Feature extraction

techniques are focused on this single task. utilizing the spectral compression of hyperspectral

images as a feature extraction process would be able to both address the problem storage of

these images as well as the classification dimensionality reduction problem.

Based on our literature review of the HSI compression literature, we believe we

performed the first analysis of the capabilities of classifying compressed hyperspectral images.

The capability of classifying compressed images would remove this additional processing

and further reduce the cost of classifying hyperspectral images. Our classification analysis

demonstrates that the images compressed by our proposed model can be reused as a reduced

set of extracted features for classifying the compressed image as well. The analysis also

further demonstrates the robustness of the model to be utilized across many scenes without

retraining the model, further reducing the computational cost of processing hyperspectral

images.
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1.4 Summary of Hypotheses

In this section, we summarize and label our hypotheses to be referenced throughout

this thesis. This will provide a reference point for each of the experiments throughout this

thesis.

(H1) We hypothesize that our proposed single image compression model will be able to

reduce the reconstruction error in comparison to state-of-the-art models without a

significant reduction in the compression rate.

(H2) We hypothesize that the reduced complexity from a spectral only compression approach

will allow us to train our proposed model on fewer pixels than state-of-the-art spatial-

spectral compression models.

(H3) We hypothesize that our model will be able to perform multi-image compression

without a significant increase in reconstruction error when compared to the single

image compression model.

(H4) We hypothesize that our model will be able to be generalized to compress images that

were not observed in the training set without a significant increase in reconstruction

error when compared to the single image compression model.

(H5) We hypothesize that the proposed Bidirectional LSTM Autoencoder (BLSTM-AE)

modification of the proposed LSTM-AE model will be able to further reduce the

reconstruction error but it will have a lower reconstruction rate than the LSTM-AE

model.

(H6) We hypothesize that our model’s focus on spectral compression will reduce the

computational complexity of compression when compared to state-of-the-art learned

compression models.
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(H7) We hypothesize that the feature extraction process used to compress the hyperspectral

images can be reused effectively to perform classification on the compressed images

directly.

(H8) We hypothesize that expanding the model to perform multi-image compression does

not significantly impact the classification performance on the compressed hyperspectral

images.

(H9) We hypothesize that generalizing the model to compress the unseen images does not

significantly impact the classification performance of the compressed image.

1.5 Publications

The results of our proposed compression algorithm are currently under review with the

potential publication being:

• K.Webster and J. Sheppard. Robust Spectral Based Compression of Hyperspectral Im-

ages using LSTM Autoencoders. International Joint Conference on Neural Networks,

Padua, Italy 2022

Part of the results concerning our classification analysis is under review with the potential

publication being:

• K. Webster and J. Sheppard. Classifying Compressed Hyperspectral Images. Interna-

tional Joint Conference on Neural Networks, Padua, Italy 2022

1.6 Organization

The remainder of this thesis is organized as follows. In Chapter 2, we discuss the

required information to make the reader familiar with the various topics discussed in this
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thesis including hyperspectral imagery, Stacked Autoencoders, Long Short-Term Memory

networks, Convolutional Neural Networks, and hyperspectral image compression.

In Chapter 3, we introduce the datasets that will be utilized throughout the thesis. In

Chapter 4, we present the Long Short-Term Memory network Autoencoder architecture for

hyperspectral image compression. We also present a multiple image variant that allows one

model to compress many hyperspectral images. In addition, we demonstrate the use of a

generalized model to compress unseen images. We present experimental results testing our

compression techniques on five public remote sensing datasets, demonstrating a reduction

in the reconstruction error rates without a loss in the compression ratio. In Chapter 5,

we present the results of using a highly effective convolutional neural network to perform

the classification of compressed hyperspectral images. The presented experimental results

test the convolutional neural network’s classification performance using the same five public

remote sensing datasets, demonstrating effective classification performance. Finally, we

conclude and discuss future work in Chapter 6.
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CHAPTER TWO

BACKGROUND

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

for the work presented in the later chapters of the thesis. In particular, we present

hyperspectral imaging systems, Stacked Autoencoders, sequential data processing using Long

Short-Term Memory networks, the integration of the Autoencoder and Long Short-Term

Memory networks, and Convolutional Neural Networks.

2.1 Hyperspectral Imaging Systems

The ability to make predictions about the contents of a material based on its absorption

of light has been understood since before camera systems were developed with Schulze’s

Scotophors discovery around 1717 [27]. Since the development of the non-visible remote

sensing field starting during World War II [91], great strides have been made towards

capturing more spectral information for a wide array of analyses. Digital sensors capture

the reflected light of a subject and represent the continuous wavelength with a discrete

representation. For example, digital cameras capture the reflected light at the spectrum

wavelengths ranging from 400 to 700nm and save the information into three bands: red (625

to 740nm), blue (440 to 485nm), and green (500 to 565nm) [51].

Hyperspectral images (HSI) are a specific categorization of electromagnetic sensing

images that contain many continuous bands where each band represents a narrow range of

captured wavelengths. Hyperspectral imaging systems collect information from a wide range

of the electromagnetic spectrum. The collection of all of the bands represents hundreds

of wavelengths often ranging from 400 to 2500nm [89]. These sensors capture an array of

reflected radiation wavelengths as a three-dimensional data cube. Through the exploitation
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Figure 2.1: Example of a hyperspectral image data cube. Each pixels consists of a continuous
reflection spectrum at its position. [77]

of spatial and spectral information in these images, powerful classifiers have been built to

analyze the images [65].

HSI contains two spatial dimensions and one spectral dimension. These data cubes are

often thought of as stacks of two-dimensional images to represent the same spatial object

over the continuous spectral bands. Using the example data cube in Figure 2.1; if we selected

one pixel from the image, we can extract the values across the spectral dimension and obtain

a spectral reflectance curve. The spectral reflectance curve represents the percentage of light

that the captured object reflects at each wavelength. With this representation, an image can

be used to identify the properties of a subject by the absorption characteristics of the bands

in complement to the high spatial resolution of the image [33, 85].

We can also collect spatial information by comparing a pixel to the surrounding pixels.



14

With the example data cube in Figure 2.1, a selected set of pixels can be compared to

determine the boundaries of each of the river rocks. With this analysis, an image can be

utilized to perform object detection and further segment the image [71].

The highly complex data present in hyperspectral imagery allows us to extract

information that alternative sensors can not [56]. The continuous values of the images

also allow us to extract information from the highly correlated spatially and spectral data

points. With this information, HSIs have been used in a variety of applications such as

remote sensing [11, 118, 142], medicine [45, 79], and food quality [75].

2.2 Stacked Autoencoder

An Autoencoder is a specialized type of artificial neural network designed as a nonlinear

feature extraction method [72]. In contrast to latent space approaches that map the data to a

higher dimension, the goal of an Autoencoder is to learn a lower-dimensional representation

of data by mapping the original data into a lower-dimensional space [87].

An Autoencoder maps an input vector x ∈ Rn to a lower-dimensional vector y. To

translate the dimension of the input vector, a new function maps the vector y ∈ Rm to a

new vector x′ ∈ Rn. Specifically, the process of dimension reduction in the network can be

formulated as

y = f(x) = Wx+ bx

where W is a learned weight matrix and bx is the bias vector bx ∈ Rn. The decoding

reconstruction process in the network can be formulated as

x′ = g(y) = W′y+ by

with the decoder’s learned parameters being W′ and by ∈ Rm.
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According to Baldi and Hornik [6], a linear single layer Autoencoder is similar to

principal component analysis (PCA). With this similarity, non-linear Autoencoders were

introduced to expand the capabilities of Autoencoders to learn more useful features in a

non-linear space [49]. This modification allows us to reformulate the Autoencoder function

to be

y = s(f(x))

x′ = s(g(y))

where s is an activation functions, often the sigmoid or identity functions (allowing for linear

projections) [87].

To learn the parameters Θ = (W,W′,bx,by), an Autoencoder minimizes the

reconstruction loss on the given data x with the objective function being

Θ = min
Θ
L(x,x′) = min

Θ
L(x, g(f(x)))

where L is any desired loss function. One of the common loss functions is squared error loss

(Ls) [15]:

Ls(Θ) =
n∑

i=1

||xi − g(f(xi))||2

Since its introduction in the 1980s by Rumelhart et al.[106], backpropagation has

become a common training algorithm for neural networks. To perform backpropagation,

we need to define a loss function that we want to minimize that is based on the outputs of

the network and the given target values. Then, the algorithm computes the gradient of the

loss function with respect to the weights of the network. The gradients are computed one

layer at a time, iterating backward from the last layer. Each weight is updated proportionally
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Figure 2.2: Example Stacked Auto Encoder

to the gradient of the loss function with respect to the current weight. One of the risks of

using backpropagation is that when the computed gradient approaches zero, it prevents

the weights of the network from changing values. This is known as the vanishing gradient

problem [116]. On the other hand, when the gradient is too large it can cause the weights to

be updated too far and leads to the explosion of weight values that cannot easily be reduced.

This is known as the exploding gradient problem [105].

The Stacked Autoencoder (SAE) extends standard Autoencoders allowing for many

hidden layers between the input and output layers [68]. Figure 2.2 is an example of the SAE

architecture. This allows for the generation of differing levels of new features. SAE allows

a deep neural network representation of the encoding and decoding process by applying the

autoencoding process between each layer. To demonstrate, given an l-layer SAE we can
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design an encoder such that:

Y = fl(fl−1(. . . (f1(X))))

with a corresponding decoding function:

X ′ = gl(gl−1(. . . (g1(Y ))))

Bengio et al., observing that stacking Restricted Boltzmann Machines (a type of

Autoencoder) can be used to build Deep Belief Networks, introduced the greedy layer-

wise training strategy that allows for the stacking of many Autoencoders while removing

the difficult training process [10]. For each hidden layer, train the layer as a standard

Autoencoder with inputs from the previous layer and connect a new output layer to

reconstruct the input. When the layer is trained to minimize reconstruction error, the

parameters of the encoding process are saved and the new output layer is thrown away. To

fine-tune the results, backpropagation is often applied to the whole network.

2.3 Sequential Data Processing

For many fields, sequential data is a critical consideration for classification tasks. Given

a data point x, x would be considered sequential data if the features within the dataset are

dependent on the other points in the dataset and where the order of the data points matter

[20]. Due to the dependency on order, sequential data is often referenced as having temporal

elements where each feature is referred to as a time step, but time is not a requirement for

sequential data. x can then be represented as x = (x1,x2, . . . ,xT ) where xt is the feature

vector of data at the tth time step.

For the analysis of HSI, the captured wavelengths are stored as an ordered set of bands

with each band representing a wavelength range. Figure 2.3 demonstrates the line plot of a
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Figure 2.3: Example spectral curve from the Indian Pines dataset.

single captured spectrum. The plot of the captured spectrum demonstrates that HSI data

can be seen as a set of ordered continuous values. With this representation, we can represent

the bands of hyperspectral images as sequential data as demonstrated by Mou et al.[94].

2.3.1 Recurrent Neural Networks

Recurrent Neural Networks (RNN) are artificial neural networks that allow previous

outputs to be used as inputs. They are most commonly used to learn sequential data

[128]. This is accomplished by the incorporation of recurrent hidden states whose nonlinear

activation is dependent upon the previous step [104]. For sequence data x, an RNN will

update the current step t’s output ot by the following function:

ot =


0, if t = 0

s(ot−1,xt), otherwise
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where s is the nonlinear activation function, commonly either a logistic sigmoid function or

a hyperbolic tangent function [94]. With this formulation, we can modify the update rule of

a hidden state as follows:

ot = s(Wtxt +Ut−1ot−1)

where Wt is the weight matrix for the input at the current step and Ut−1 is the activation of

the recurrent hidden units of the previous step.

One of the benefits of this hidden state representation is the flexibility of the applications

of the RNN structure. For example, an RNN is capable of either outputting the full sequence

y = (y1,y2, . . . ,yT ) or the final step yT .

Another application of an RNN is the ability to model a probability distribution over

the next element of the sequence data given its present state ht dependent on the previous

states [109]. The sequence probability p(x1,x2, . . . ,xT ) can be decomposed into

p(x1,x2, . . . ,xT ) = p(x1)p(x2|x1) . . . p(xT |x1, . . . ,xT−1)

The probability distributions can be obtained from the output directly with the following

representation:

p(xt|xt−1) = s(ot)

These networks are often trained using a backpropagation method called “backprop-

agation through time” [96] which usually “unfolds” the recurrent elements of the network.

This process is twofold, a forward pass and a backpropagation pass. For the forward pass,

the loss function over the entire time series is defined as:

L(x, y, w) =
1

T

T∑
t=1

l(yt, ot)

where l is the designated loss function looking at the discrepancies between the output ot
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and the true label yt for each time step or the whole sequence if that is the output decision.

Backpropagation through time expands the backpropagation calculations to capture

the dependencies among the model’s variables and parameters. To calculate the gradients

with regards to the parameters wh of the objective function L, where wh captures the weights

tied to the hidden layer ht with the following equation:

∂L

∂wh

=
1

T

T∑
i=1

∂l(yt, ot)

∂wh

When broken out by the chain rule, the equation is decomposed into the following equation:

∂L

∂wh

=
1

T

T∑
i=1

∂l(yt, ot)

∂ot

∂g(ht, wo)

∂ht

∂ht
∂wh

(2.1)

where ot is the output of a node, and g(ht, wo) is the transformation function applied to the

output with respect to the output of the hidden state [99, 126].

Calculating Equation 2.1 can be expensive, so modifications to the backpropagation

through time algorithms have worked to reduce the computational complexity. The truncated

backpropagation through time is a modification where the sequence is processed one-time

step at a time and periodically applies the backpropagation through time update back for a

fixed number of time steps [127]. Another approach to reducing the cost of backpropagation

through time is the Real-Time Recurrent Learning (RTRL) approach [129]. RTRL is a

gradient descent algorithm that applies online learning to remove the requirement of storing

the previous inputs and network states.

2.3.2 Long Short Term Memory Cells

While RNNs have shown promising results in many tasks, it has been observed that

they have a major weakness if a sequence is too long. The backpropagation through time

can lead to the vanishing gradient problem, with a long enough sequence leading to prior
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Figure 2.4: Example of a LSTM cell [100]

time steps eventually getting left behind [132].

A modification on the RNN architecture was proposed by Hochreiter and Schmidhuber

to overcome the disadvantages of the RNN called the Long Short Term Memory (LSTM) [43].

In an LSTM, each node in the hidden layer is replaced with a memory cell, as seen in Figure

2.4. Figure 2.4, the LSTM cell receives input value xt, hidden layer output ht, and memory

output of mt. The sigm represents a sigmoid function and tanh represents a hyperbolic

tangent where [xt,ht] in the bottom left is a concatenation operation of the input x and

hidden layer ht−1. In Figure 2.4, the
⊕

symbol represents the gate that performs element-

wise summation and
⊗

represents the gate that performs element-wise multiplication. Each

gate is labeled to represent the incoming and outgoing operations.

In each cell, there is a memory state mt, the hidden state of the cell ht, and the input

value of the sequence xt. There are three regulatory gates: the input gate, the output gate,

and the forget gate, with the representations it, ot, ft respectfully. Given the previous cell’s

memory state mt−1, hidden state ht−1, and input vector xt, the values of each of the gates
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is calculated with the following equations:

it = sigm(Wi ⊙ [xt,ht−1])⊙ tanh(Wm ⊙ [xt,ht−1]) (2.2)

ot = tanh(it + ft)⊙ sigm(Wo ⊙ ([xt,ht−1])) (2.3)

ft = mt−1 ⊙ sigm(Wf ⊙ [xt,ht−1]) (2.4)

mt = it + ft (2.5)

The input gate manages the input flow to the memory cell to prevent the negative

effects that unrelated inputs can cause. Equation 2.2 specifies how the input gate regulates

the input state and hidden state. The output gate regulates the signal to filter output states

and keep the output within selected bounds. Equation 2.3 specifies the combination of the

input gates, output gates, and the original inputs to regulate the output signal. The forget

gate manages the information that is to be remembered or removed from the memory cell.

Equation 2.4 takes the memory from the previous cell and combines it with the input value

and hidden state value to determine which information is to be forgotten. The cell state

(mt) is specified by Equation 2.5 as a combination of the input gates and the forget gates.

2.4 LSTM Autoencoder

A Long Short Term Memory Autoencoder is the integration of LSTM networks into an

Autoencoder structure. An LSTM Autoencoder network is capable of dealing with sequential

data as input in contrast to regular Autoencoders. These networks are most commonly

utilized to predict future flow problems [7, 31, 125].

Figure 2.5 demonstrates the integration of LSTM cells into an Autoencoder structure.

This network contains a single node LSTM network compressing a time-series sequential

data set. A single node LSTM network contains a series of n LSTM cells that associate to

n time steps. The encoder saves the output of the last LSTM cell while the decoder returns
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Figure 2.5: Example of a single node LSTM Autoencoder that contains a single encoding
and decoding layers [7].

the output of all LSTM cells.

Autoencoders rarely consist of a single node in each layer, they often utilize multiple

nodes in each layer with an encoding layer consisting of fewer nodes than the previous layers

[117]. As such, for an LSTM Autoencoder to contain multiple nodes, each node is treated

as separate time series of LSTM cells. To incorporate additional layers under a Stacked

Autoencoder structure, all layers except the final encoding step duplicate the output of all

of the LSTM cells contained within each given node. The decoding layer in Figure 2.5
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demonstrates this process. At each layer, each nodes’ outputs are combined as a feature set

at each timestamp.

To decode the feature maps obtained from the encoder layers, a repeat vector layer is

applied. The layer duplicates the final output vector from the encoding layer to generate

n length time step data. With this process, a decoder can reconstruct the original time

sequence at the correct length [136].

To train the network, the standard backpropagation through time algorithm is applied

to the network as a whole as defined by Equation 2.1. The loss function for LSTM

Autoencoders is typically the mean squared reconstruction error (MSRE) function defined

as:

MSRE(Θ) =
1

n

n∑
i=1

||xi − g(f(xi))||2

where x is an input sequential data set, f(x) is the encoder function, and g(x) is the decoder

function.

Additionally, an LSTM Autoencoder can incorporate other neural network strategies

into the Autoencoder structure to expand the model’s flexibility, such as convolutional neural

networks or fully connected layers. Time distributed layers are incorporated to apply a layer

to every temporal slice within the input sequence [123]. The network applied is usually the

same instance of the layer, so the weights remain static when applied to each temporal slice in

a sequential input. This allows an expansion of the capabilities of the LSTM Autoencoder not

only to incorporate the different strategies but also to allow for an increased variety of nodes

per layer. In particular, the incorporation of a fully connected layer with a TimeDistributed

layer is commonly used during the reconstruction process to restructure the sequence to be

of the proper dimension.
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2.5 Convolutional Neural Networks

A Convolutional Neural Network (CNN), is an artificial neural network that specializes

in processing data that contains a local structure among the input examples, such as image

processing or 1D sequential data [113]. With this capability, a wide range of computer vision

and pattern recognition applications have utilized CNNs for classification tasks [55].

According to Goodfellow et al.[34], CNNs utilize mathematical convolution operation

instead of the traditional general matrix multiplication. A convolution is defined as:

(x ∗w)(d) =

∫ ∞

−∞
x(a)w(d− a)da

where x is the input, w is the kernel or filter, along dimension d. For a discrete x and w,

we can simplify the operation to be:

(x ∗w)(d) =
∞∑

a=−∞

x(a)w(d− a).

This operation can be extended for x and w with multiple dimensions. For example, let I

be a 2-D image and K be a 2-D filter with the convolutional operation be:

S(i, j) = (I ∗K)(i, j) =
∑
m

∑
n

I(m,n)K(i−m, j − n).

S can be considered as a feature map where modifying the filter valuesK allows for a differing

representation of the features extracted from I.

CNNs commonly integrate many feature maps and layers to extract as much information

as possible. This is possible by implementing each filter on the input data separately and

stacking the outputs to recombine the data from the filters. With this recombining stage,

CNN layers can then be stacked into a deep neural network structure [59]. Figure 2.6 is a
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Figure 2.6: AlexNet architecture [76]

visual representation of a deep convolutional neural network. Like Stacked Autoencoders,

convolutional neural networks use backpropagation to train the parameters of the network.

These networks also suffer from the vanishing gradient problem and must find alternatives

to utilize a deep neural network structure.

One solution is the utilization of the rectified linear unit activation function (ReLU)

defined by ReLU(x) = max(0, x) [66]. ReLU functions help to prevent the vanishing gradient

problem by slowing the degradation of the parameters since the derivative of ReLU is 1 if

the input value is positive or 0 if the input value is negative. This additionally helps prevent

the exploding gradient problem since a gradient of value 1 multiplied by 1 many times is

still 1.

CNNs also benefit from the inclusion of batch normalization layers [47]. Batch

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

the mean and standard deviation of said inputs per mini-batch. Let B be a mini-batch of

the data where B = z1, . . . , zm of m samples long. Each sample zi is normalized to have
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zero mean and unit variance such that:

ẑi =
zi − µB√
σ2
B + ϵ

where µB is the mean of B, σ2
B is the variance of B, and ϵ is a small number that is used

to avoid inconsistencies. We can then adjust ẑi using the learnable parameters λ and β to

obtain the output z̃i such that:

z̃i = λẑi + β.

During the training process, the batch normalization layer calculates a running mean µ

and running variance σ2 instead of sampling each of the mini-batches for these values. When

using batch B, µ and σ2 are updated as follows:

µ = α ∗ µ+ (1− α) ∗ µB,

σ2 = α ∗ σ2 + (1− α) ∗ σ2
B.

where α, commonly referred to as momentum, is the tunable hyperparameter which is the

importance given to the previous µ. Batch normalization further reduces the risk of the

vanishing gradient problem by providing some regularization to the training process.

2.6 Dimensionality Reduction

Working with hyperspectral images presents a challenge due to their high spectral and

spatial resolution, leading to high levels of dimensionality. This high dimensionality often

introduces redundant or irrelevant information, which increases the size and complexity of

the feature space. This phenomenon is known as the “curse of dimensionality” [122] or

the “Hughes phenomenon” [112] which refers to the inherent sparseness of high dimensional

spaces, implying that the amount of data needed to learn a model grows exponentially with
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respect to the number of dimensions, or features [90].

With this limitation, hyperspectral images benefit from dimensionality reduction

methods that reduce the number of spectral bands while retaining the most useful

information for specific applications [22, 120]. Dimensionality reduction methods can be

categorized as feature extraction methods and feature selection methods.

Feature selection determines which features contain the most important levels of infor-

mation. The identified important features are then selected as the feature set for classification

and the remaining features are often discarded. This process can be very beneficial to the

capabilities of classifiers analyzing hyperspectral images, but the discarding of features means

that compression algorithms cannot incorporate feature selection techniques.

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 find natural groupings from data according

to some criterion, while the latter takes advantage of labeled datasets aiming to find new

data representations that maximize differentiation between labels or classes.

Feature extraction tools are often utilized for compression purposes due to the ability

to ‘recover’ the original features from the composite features. Since this thesis focuses on

feature extraction processes for hyperspectral image processing, we will be discussing the

most common feature extraction methods that are most utilized within the hyperspectral

image compression literature. In particular, we will be discussing Principal Component

Analysis and Wavelet Transformation due to their prevalence in the hyperspectral image

compression field.
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2.6.1 Principal Component Analysis

Principal Component Analysis (PCA) is one of the most widely used feature extraction

methods. It is defined as an orthogonal linear transformation that transforms the data into

a new orthogonal basis, whose components are uncorrelated and ordered so that the first few

retain most of the variation present in all of the original variables [108].

Let X be a set of samples where X = (x1,x2, . . . ,xn) where xi ∈ Rd such that xi can be

represented as a d-dimensional vector xi = (xi1,xi2, . . . ,xid). For conciseness, we consider

X to have zero-mean. Thus, the sample variance of X, used to measure the spread of the

data along each axis, is given by:

v =
1

n

n∑
i=1

(xi)
2.

We can verify how correlated two features a, b in the d-dimensional data based on their

covariance va,b value calculated as:

vab =
1

n

n∑
i=1

xiaxib.

The covariance is used to build a d × d sample covariance matrix, calculated as X⊤X. To

obtain the diagonal matrix Λ, a transformation matrix U:

Λ = U⊤X⊤XU

where the rows of vectors of U. These rows of vectors called the principal components

are the eigenvectors of X⊤X. Further, the diagonal elements of Λ are the square root

of the eigenvalues representing the variances of the transformed data along with the new

components.

The ordering of the eigenvalues allows us to obtain the components by order of

significance. To reduce the dimensionality of the dataset, we select the first k eigenvectors
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that contain the greatest eigenvalues and ignore the rest. The data can then be projected

onto the selected eigenvectors using the n×k matrix Uk representing the first k eigenvectors.

We then obtain the transformed dataset P as follows:

P = X⊤Uk

where the matrix P is a new data representation of X with reduced dimensionality with

decorrelated components. To recover the original data we can invert Equation 2.6.1 as

follows:

X = PUk

As an effective feature extraction technique that has benefited machine learning models,

it has been adapted to hyperspectral image compression.

2.6.2 Wavelet Transformation

Wavelet transformation has been a popular feature extraction technique for signal and

image data [141]. A wavelet is a function that allows the analysis of signals in terms of scales

and resolutions. In particular, wavelets represent a wave-like oscillation that is localized in

time.

Discrete wavelet transformation returns a vector of the same length as the dimen-

sionality of the input. The contents of the vector indicate the scaling and translating

coefficients from a known wavelet to the current wavelet. The main strength of the

discrete wavelet transform is the data contained in the vector represents the corresponding

translations and scaling that the wavelet went from a known wavelet, commonly referred

to as the ‘mother wavelet’. To perform dimensionality reduction, an additional process

reduces the dimensions of the vector representation. This is beneficial because the vector

representation is easier to identify patterns to reduce the dimensions than the raw data.
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Figure 2.7: Example of Wavelet Transformation being utilized for hyperspectral image
compression using a non-homogeneous hidden Markov chain [29].

Discrete wavelet transformation gained popularity in the hyperspectral image compression

community because of the capability to extract both local spectral and temporal information

simultaneously.

Wavelets are functions generated from one single function, or mother wavelet, ψ

modified through scaling and translating the function defined as:

ψa,b(x) =
1√
a
ψ

(
x− b
a

)

where a is the scaling variable, b is the translation variable, and where ψ must satisfy∫∞
−∞ ψ(x)dx = 0 [130].

Wavelet transformation divides the given signal into a set of wavelets that are separately

computed for different frequency information. Let the function f be a continuous square-

integrable function, its wavelet transformation is calculated as:

W [f(a, b)] = ⟨f, ψa,b⟩ =
∫ ∞

−∞
f(x)ψa,b(x)dx

where ψ, a, b, represent the wavelet family with the scale and translation coefficients
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as defined in Equation 2.6.2, and W [f(a, b)] is the wavelet coefficient matrix. To perform

discrete wavelet transformation, a and b are set to powers of two such that a = 2m and

b = 2n.

The corresponding wavelet coefficients can be used to represent the translation of the

‘mother wavelet’ required to match the original wavelet. This effective feature extraction

method has been adapted as an efficient method to represent discrete functions in a

redundant form that is more efficient to compress, as demonstrated by Figure 2.7.
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CHAPTER THREE

EXPERIMENTAL IMAGE DATASETS

In this chapter, we describe the datasets we will use in Chapter 4 to design and validate

effective spectral hyperspectral image compression. We also describe the data pre-processing

that is used in both Chapters 4 and 5. These datasets were also used in Chapter 5 to validate

our method for compressed hyperspectral image classification with an efficient convolutional

neural network.

In our experiments, we used five well known remote sensing HSI datasets: Indian Pines

(IP) [9], Pavia Center (PC) [4], Kennedy Space Center (KSC) [40], Salinas (SA) [36], and

Botswana (BSW) [18]. Indian Pines was acquired by the Airborne Visible Infrared Imaging

Spectrometer (AVIRIS) sensor, Pavia Center was acquired by the Reflective Optics System

Imaging Spectrometer (ROSIS) sensor, Kennedy Space Center was acquired by AVIRIS,

Salinas was acquired by AVIRIS, and Botswana was acquired by the Hyperion sensor. The

Hyperion and AVIRIS sensor bands both have a resolution of 10nm with AVIRIS ranging

from 400nm - 2400nm and Hyperion ranging from 400 - 2500nm. The ROSIS sensor has

a 5nm resolution ranging from 430 - 960nm. The datasets are all available from [80]. The

spectral and spatial dimension of each of the datasets is given in Table 3.1.

3.1 Dataset Description

3.1.1 Kennedy Space Center

KSC, visualized in Figure 3.1, was captured by the NASA AVIRIS sensor in 1996, which

captured the Merrit Island National Wildlife Refuge, the NASA Shuttle Landing Facility,

and elements of the nearby town of Titusville. The 512 × 614 pixel image was taken with

224 captured spectral bands; however, 48 bands were removed due to them capturing water
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Dataset Rows Columns Bands

Indian Pines 145 145 220

Pavia Center 1096 1096 102

KSC 512 614 176

Salinas 512 217 224

Botswana 1476 256 145

Table 3.1: Summary of the 5 selected images datacube sizes.

absorption and containing low signal-to-noise ratios. There are 13 classes identified for the

ground truth. This image was chosen because of the split between the heavily developed

Titusville and sparse Merrit Island National Wildlife Refuge. The image was also chosen to

examine how robust the models against the missing spectral information will be by observing

its behavior during the compression process.

3.1.2 Botswana

Botswana, visualized in Figure 3.2, is a scene captured by the NASA EO-1 Hyperion

imager. The 1476 × 256 image captures 242 bands of the Okavango Delta in Botswana.

The original image was preprocessed by the University of Texas Center for Space Research,

which removed 97 bands to reduce the number of water absorption features. The ground

truth consists of 14 identified classes. This image was selected both because the image

consists of swamps and drier woodlands. Additionally, the image being from a satellite will

allow experimentation with the differences between airplane-mounted sensors and satellite-

mounted sensors.
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Figure 3.1: Kennedy Space Center

3.1.3 Pavia Center

Pavia Center, visualized in Figure 3.3, was one of two scenes acquired by the ROSIS

sensor during a flight over Pavia in northern Italy. Pavia Center captures the city itself in a

1096×1096 pixel image with 102 spectral bands. The image was preprocessed by researchers

at the Telecommunications and Remote Sensing laboratory to remove the rectangular region

of the pixels that contained no spectral information, which reduced the image into a 1096×

715 pixel image. There are 9 classes in the ground truth. Pavia Center was chosen because

most of its pixels contain developed features with some water and mixed plant elements.
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Figure 3.2: Botswana

3.1.4 Salinas

Salinas, visualized in Figure 3.4, is a scene captured by the AVIRIS sensor during a

flight over the Salinas Valley in California. The 512× 217 pixel image captures 224 bands of

spectral reflectance. This image had 20 bands removed manually from the original image due

to capturing water absorption. This image was chosen both for diverse vegetation coverage

as well as containing a higher level of spatial resolution. The Salinas ground truth contains

16 classes.



37

Figure 3.3: Pavia Center Figure 3.4: Salinas

3.1.5 Indian Pines

Indian Pines, visualized in Figure 3.5, was captured from a test site in North-western

Indiana by the AVIRIS sensor in 1995. The 145 × 145 pixel image captured 224 bands

of spectral reflectance; however, 24 bands were removed that covered the region of water

absorption. The image contains a mixture of agriculture, forest, or other natural perennial

vegetation, and a small number of pixels contain developed elements. This image was chosen

due to the low spatial resolution causing higher levels of noise in the spectral dimension. The

ground truth contains 16 classes.

3.2 Data Preprocessing

The pre-processing step differs depending on the type of task performed: hyperspectral

image compression or hyperspectral image classification. That is, the pre-processing step

used in Chapter 4 mainly consists of reshaping the data before passing it to a compression

algorithm; whereas, in Chapter 5 it consists of generating patches to train the classifier as
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Figure 3.5: Indian Pines

well as normalizing the data for accelerated learning.

For Chapter 4, we performed little data preprocessing before compressing the images.

All images contain 16-bit spectral reflectance values. Since we are utilizing sigmoid and

hyperbolic tangent functions in the neural networks, we normalized the data from the range

[0, 65535] to [0, 1] by dividing the values by 65535. Aside from this initial normalization, the

compression algorithm applied no other data preprocessing.

Since our proposed network requires a sequence of pixels, we reshaped the data by

merging the 2-D spatial dimension into a 1-D collection of pixels with each pixel containing

the spectral bands of each of the pixels. Additionally, since our proposed network can

process multiple images with a variety of spectral band lengths, the pixels were padded to

be of uniform size. For the datasets selected, this led to a size of 224. When compressing an

image, the original length of the spectral bands is saved alongside the compressed image to

recover the original band size when decompressing.

For Chapter 5, to train the classifiers, we generated small overlapping patches such that

each patch represented a single class. For each of the images, 5 × 5-pixel patches around
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each pixel were extracted and labels assigned. Furthermore, the only patches collected were

around those pixels with an assigned label. The Indian Pines dataset generated 10,249

patches, the Salinas dataset generated 54,129 patches, the Pavia Center dataset generated

7,456 patches, the Kennedy Space Center dataset generated 5,211 patches, and the Botswana

dataset generated 3,248 patches. The spectral depth of each image corresponds with the

number of features in the compressed image. We performed this patch generation for all of

the classification experiments.
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CHAPTER FOUR

ROBUST SPECTRAL BASED COMPRESSION

In this chapter, we use the concepts introduced in Section 2.3 to design a Long Short

Term Memory Network Autoencoder (LSTM-AE) for hyperspectral image compression.

This network was designed to meet comparable state-of-the-art compression performance

while decreasing the reconstruction error. We begin with an overview of the related work,

outline the compression method in detail, describe the modifications required to increase the

robustness of the model, and provide experimental results.

4.1 Related Work

Many of the classic HSI compression approaches have focused on a combined spectral-

spatial compression, but there has been little analysis of the capabilities of only spectral-

based compression. The spectral-spatial compression strategy can be broken into two parts;

spectral compression augmented by a separate spatial map and methods that compress

the spectral and spatial dimensions simultaneously. Methods that have traditionally

implemented a spectral strategy further compressed by a spatial strategy often suffer from a

significant increase in reconstruction error the further compressed an image is [23, 30, 53, 141].

The combined compression of an HSI’s spatial and spectral dimensions simultaneously has

shown some improvements with regards to the weaknesses of the previous strategies, but

they still suffer from the same trends [14, 25, 108]. In the following sections, we will be

looking separately at the methods previously presented for both lossless compression and

lossy compression.
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4.1.1 Lossless Compression

Lossless compression of HSI is powerful because of the guarantee of no information loss.

This approach to HSI compression is often carried out by removing the spectral correlation

and the spatial correlation. With the high level of spectral correlation, traditional image

compression methods, JPEG compression, for example, cannot directly compress a given

HSI [121].

One of the most prevalent approaches to lossless compression is the predictive coding

approach. Predictive coding makes a prediction of the current sample using previous

samples where the prediction results dictate the probabilities of the predicted sample. These

probabilities then dictate that the most likely values will be encoded with the smallest bit

representation and the least likely values will be encoded with the longest bit representation.

The mapping of values to the bit representation is often referred to as code words. In 2005,

the consultative committee for space data systems (CCSDS) released the CCSDS 121.0-

B-1 standard for lossless onboard satellite hyperspectral image compression that utilizes

predictive coding for entropy-based coding [110]. This standard has also been extended to

incorporate machine learning models to better predict the coding parameters to improve the

compression rate [52]. Lookup tables have also been proposed to optimize the compression

rate of predictive coding [88]. Recursive least-squares filtering techniques that offer more

adaptive coder predictors have also been proposed as alternative methods due to their speed

[54].

Another common approach is the transformation of the spectral information into a

smaller de-correlated set where a standard two-dimensional image compressor can be applied.

Discrete Wavelet Transformation (DWT) was used to break the existing spectral correlation

into sub-bands for a JPEG-2000 compressor to process [119]. Karhunen-Loève Transform

algorithms are also a spectral de-correlation process that also has error-correcting capabilities

[83].



42

Vector quantization (VQ) was also used to break the spectral bands into a set of vectors

to quantify for compression. Given that the generation of a codebook for HSI is expensive,

mean-normalized vector quantization was applied to reduce the size of the codebook [107].

4.1.2 Lossy Compression

One of the biggest downsides of lossless compression is the reduction in the compression

ratio with recent methods rarely surpassing a compression ratio of 25% of the original

size [8]. For specific applications, this might be a worthwhile trade-off, but for most

general applications, lossy compression algorithms are acceptable due to the significantly

higher compression rates and acceptable loss of information. Lossy compressors often take

inspiration from the dimensionality reduction field. Common methods include principal

component analyses, wavelet transformation, and learning-based compression which include

neural networks and regression-based learning [98, 141].

As one of the most common approaches, dimensionality reduction looks to represent

the hyperspectral image in a smaller dimension. The typical process for these images is to

de-correlate the dimensions and represent the image with a reduced representation of the de-

correlated dimensions. An example of this process is the implementation of PCA to be used

in conjunction with a JPEG compressor [22]. Non-iterative factorized tensor decomposition

has also been successful in further compressing the images from the PCA algorithm [108].

DWT, which is one of the bases of the JPEG-2000 compression standard [48], has been

incorporated into lossy compression elements to further compress HSI [102]. With a spectral

de-correlation process, JPEG-2000 can also successfully compress HSI [62].

Recently, machine learning and deep learning techniques have been utilized in the

hyperspectral image compression process to improve the compression rates as well as the

reconstruction error. One such example is a DWT-SVM proposed by Zikiou et al. [141]

where the support vector regression model is used to further reduce the most important
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spectral bands. The authors of DWT-SVM use it to better Also, a Convolutional Neural

Network Autoencoder (CNN-AE) has been proposed to compress the images directly [25].

4.1.3 LSTM classifying Hyperspectral Images

There has been no work investigating the applicability of LSTM networks in the

hyperspectral compression literature. There has been literature published with regards to

LSTM networks performing hyperspectral image classification. In this section, we will be

analyzing the published literature investigating the application of LSTM networks in both

hyperspectral image classification and feature extraction.

Recent work with Long Short Term Memory Networks to learn the spectral information

of hyperspectral images has been focused on the LSTM being a feature extractor [95]. Given

the high correlation of the spectral bands [73], an LSTM processes the pixels of hyperspectral

images through a sequential perspective instead of the perspective of them as feature vectors

that capture the intrinsic sequential data structure of hyperspectral bands. This approach

has been further expanded by incorporating a deep neural network structure by Hang et

al.[41]. They have demonstrated that layering LSTM networks into a deep neural network

structure have the capability of improving classification results.

LSTMs have also been demonstrated to extract both the spectral and spatial informa-

tion to classify a given pixel [139]. This is accomplished by incorporating the surrounding

pixels, in a similar strategy to generating patches for convolutional neural networks, as

additional features for each time step. The results of this classification task demonstrated

the effectiveness of using the LSTM network as a spectral feature extraction process.

Bidirectional LSTMs have demonstrated an increase in performance for the classification

of pixels when incorporated with convolutional neural networks. [71]. This was reinforced

by Yin et al.[133] where the Bidirectional LSTM is able more effectively extract features for

a CNN classifier.
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Further optimization of LSTMs on classifying HSI has shown some potential that

grouping bands have some increase in classification performance [131]. Xu et al.proposed

the round-robin approach for band grouping. Round-robin grouping pairs look at grouping

every n bands together to form shorter time steps instead of the traditional approach of

adjacent bands being grouped together. These results demonstrated that the bands are still

highly correlated when not the direct neighbors. This also demonstrated that the LSTM has

the potential to not be sensitive to changes in the spectral resolution.

4.2 The LSTM Autoencoder Compression

Recent work in hyperspectral compression techniques demonstrates that a spatial and

spectral approach may not be necessary to achieve similar results. In particular, recent work

with Long Short Term Memory Networks to learn the spectral information and autoencoders

performing feature extraction of hyperspectral images indicate that a combined strategy may

be able to represent the bands and extract enough feature information from the bands to

allow for a competitive HSI compression strategy. [69, 71, 86, 140].

4.2.1 LSTM-AE Architecture

We present an HSI compression method using a Long Short Term Memory Autoencoder

(LSTM-AE) architecture. Since a given pixel can be represented as a sequence of correlated

spectral bands, we consider each pixel as an independent sequential data set. As a

consequence, we will use our LSTM-AE architecture to compress the spectral dimension

pixel-by-pixel with a lightweight model.

The LSTM-Autoencoder combines the feature learning of an autoencoder with the

sequential context representation of an LSTM. This is accomplished by having each layer of

the autoencoder contain a series of single-layer LSTM models. At each layer is a designated

number of LTSM networks representing the nodes of a traditional stacked autoencoder.
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Layer Number Layer Name Input Shape Output Shape Parameters

1 LSTM (224, 1) (224, 20) 1760

2 LSTM (224, 20) (224, 5) 520

3 LSTM (224, 5) (1) 28

4 Repeat Vector (1) (224, 1) 0

5 LSTM (224, 1) (224, 5) 140

6 LSTM (224, 5) (224, 20) 2080

7 Time Distributed + Dense (224, 20) (224, 1) 21

Table 4.1: Example LSTM-AE layers with input dimensions, output dimensions, and the
number of parameters per layer. Layers 1-3 are the encoder and layers 4-7 are the decoder.

Table 4.1 represents an example LSTM-AE model for an image that has 224 spectral bands.

Given an input band at a pixel x, the autoencoder extracts the features from the

sequence. The intermediate layers pass the full sequence to the next layer while the final

encoding layer outputs the nth sequence position of each node. This continues until the

encoding layer where the last iteration of the sequence is output. This encoding process is

demonstrated by Figure 4.1

The decoder takes the reduced representation and reconstructs the original sequence.

In addition to the LSTM layers, a Repeat Vector Layer and a Time Distributed Layer

are utilized to resize the sequences. The Repeat Vector layer takes the compressed value

and duplicates the input values to build the original sequence length. The LSTM layers

reconstruct the original sequence values of the pixel. The Time Distributed + Dense layer

applies a standard feedforward neural network layer for each time step for each node in layer

6. This dense layer condenses outputs of the nodes into the original spectral sequence of the

pixel.

The autoencoder structure is trained using the Adam optimizer introduced by Kingma



46

Figure 4.1: Example of LSTM-AE Compression on HSI band. Red arrows represent
autoencoder connections and boxes represent an LSTM network.

[57]. The Adam optimizer is a stochastic gradient descent method that employs an adaptive

learning rate strategy and calculates an exponential moving average of the gradient and the

squared gradients. These properties allow Adam to require fewer tunable inputs while still

being able to handle noisy and some non-convex stochastic gradient descent problems [44].

4.2.2 Bidirectional Modification

The Bidirectional LTSM Autoencoder (BLSTM-AE) is a modification of the LTSM

Autoencoder that includes an extra layer that reverses the order of the input sequence.

Let x be sequential data where x = {x1, . . . ,xt}. A Bidirectional LSTM node contains

two groups of hidden layers. The first hidden layer contains a standard LSTM node that

will process the sequence starting at x1 and the final sequence being xt. The other hidden

layer inverts the order of the sequence so that it will process the sequence starting at xt

and the final sequence being x1. In our approach, we used the Time Distributed + Dense
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Layer Number Layer Name Input Shape Output Shape Parameters

1 Bidirectional LSTM (224, 1) (224, 40) 3520

2 Bidirectional LSTM (224, 40) (224, 10) 1840

3 Bidirectional LSTM (224, 10) (2) 96

4 Repeat Vector (2) (224, 2) 0

5 Bidirectional LSTM (224, 2) (224, 10) 320

6 Bidirectional LSTM (224,10) (224, 40) 4960

7 Time Distributed + Dense (224, 40) (224, 1) 41

Table 4.2: BLSTM-AE layers with input dimensions, output dimensions, and number of
parameters per layer.

layer to recombine both the groups of hidden layers into a single band. With this structure,

the Bidirectional LSTM network can capture the time dependencies within a sequence in

a forward and a backward manner. While the structure of the network does not change

fundamentally from the LSTM Autoencoder, the number of nodes contained within each of

the layers in the network increases due to the capturing of the outputs of both of the hidden

layers. This is shown in the network structures between Table 4.1 and Table ??. The overall

structure is the same except for the number of nodes in each layer, and subsequently the

number of features passed between each layer, is doubled.

4.2.3 Robustness Modifications

Given that the LSTM structure only considers the spectral bands as a sequence of

integers, we can integrate the information from multiple images at the same time without

requiring the selected images to contain the same spectral resolution and range. This

approach, which we will refer to as the multi-image modification, considers the network’s

performance when training on a set of pixels sampled from multiple hyperspectral images.
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To incorporate the information of multiple images, we combine multiple images’ pixels as

independent samples and generate the training and validation sets through a proportional

uniform random selection. This means that the training and validation sets have a

proportional number of pixels sampled in comparison with the original image. The test

set was each of the original images being compressed separately.

Since this is combining the pixels from multiple images, the pixels were padded to be

of uniform size (i.e., 224 bands) for training the model. With the LSTM not recognizing the

wavelength values behind the bands and viewing the bands as a standard sequential set, we

did not have to adjust the bands for differing spectral resolutions and wavelength ranges for

the bands. This process allows us to save overall training time since a single model with

the same dimensions but a larger training set will take significantly less time to train than

models trained on individual images.

With the relaxation of the requirement to retrain models for new scenes, we experiment

with the generality of a trained model to compress an image that was not included in the

training data. This generalized modification was trained and tested similarly to the multi-

image modification, but it employed a “leave one out” strategy where the set of training

images only contained 4 out of the 5 images. The image that was not used to train the

model was instead used entirely as the test data for the trained network. This modification

requires that the verification process is modified such that each of the models was trained

using the “leave one image out” strategy and resampled 5 times to validate the results.

4.3 Experimental Approach

In this section, we provide an overview of the procedures that we applied to test

our proposed LSTM-AE and BLSTM-AE models for single image hyperspectral image

compression. We experimented with the single image approach to compression as well as

analyzing our proposed LSTM-AE and BLSTM-AE models’ robustness for the applicability
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Figure 4.2: Single image compression approach.

of performing multi-image compression. We also experimented with the generality of the

model by analyzing our proposed LSTM-AE and BLSTM-AE models’ performance on single

image compression with images not seen during the training process.

4.3.1 Single Image Compression

The traditional approach for image compression using a machine learning model is to

train the model on a subset of pixels from the image that is going to be compressed than to

compress the entirety of the same image using the trained model. With a spectral-spatial

strategy, the trained model is reused on images that have very similar spatial elements.

These deployed models require frequent retraining to minimize the reconstruction error.

For the first set of experiments, we followed this approach of training on the image to be

compressed. Given a subset of pixels for training data, we trained our proposed LSTM-AE

compression model to minimize the reconstruction error of the compressed features with the

additional emphasis on minimizing the compression rate. We then compressed the full image

and analyzed the compression results on that image.

Figure 4.2 demonstrates the compression process used where the input Salinas image is

sent to the encoder, and then the decoder recovers the original image. The image between



50

the encoder and decoder is a false-color representation of the extracted features.

We implemented both the LSTM-AE and BLSTM-AE approaches to compress the

images. We tested to see if the increase in parameters the BLSTM-AE approach incorporates

had a significant impact on the reconstruction error in comparison to a standard LSTM-AE.

We expected degradation in the compression rate that coincides with the doubling of the

number of nodes that the BLSTM-AE approach has. We hypothesize that the BLSTM-AE

will have a reduction in the reconstruction error across the board.

We compared the algorithm to three state-of-the-art compression approaches, with

each of them taking different algorithms to hyperspectral image compression: linear

transformation, wavelet transformation, and non-linear transformation. Our hypothesis for

this experiment was that we could achieve comparable compression rates while improving

the reconstruction error.

After the experiments with single image compression, we investigated how reducing

the number of pixels sampled for training impacted our proposed algorithm’s compression

reconstruction performance. We iteratively reduced the training set that the model used to

train to observe the impact that the reduced data set had.

We applied this reduction in the number of training samples to both the LSTM-AE and

BLSTM-AE algorithms. Since the comparison algorithms require the entire image either

to both directly compress as well as to train on, we compared the reduced training set

experiments directly from the previous single image compression experiment’s performance

for both LSTM-AE and BLSTM-AE. To be able to compare the models directly as well to

identify the impacts that the reduced dataset had on the proposed model more reliably, we

took the standard network’s tuned hyperparameters and reused them for the training process

of the reduced set. We hypothesize that with the high levels of spectral information in the

pixels and with a sufficient representation of the variety of pixels in the training set, the

reduced training set will not have a significant reduction in the reconstruction error rates.
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Figure 4.3: Generalized Image Compression.

4.3.2 Robust Image Compression

One of the benefits of a spectral-only strategy is the relaxation of the spatial dependency

of a given pixel. This relaxation allows our proposed LSTM-AE and BLSTM-AE models

both to not require retraining when the spatial information significantly changes, but we also

may be able to generalize models for the compression of multiple scenes using an existing

trained model. We experimented with the proposed framework’s ability to generalize a single

trained model to compress many hyperspectral images. For this, we generated a training

data set by sampling a set of pixels from each of the images. To ensure that randomization

did not select proportionally more pixels from one image over another, we used a proportional

uniform random selection process to ensure that each image provided a proportional level of

pixels related to the size of the image. To ensure uniformity in the spectral data, we padded

the band data until all of the spectral dimensions were of uniform length.
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Since the proposed network is only taking into consideration the spectral band

information, we hypothesize that if the contents of the image have been previously seen

in the training data then the compressor will be able to compress the image successfully

with low reconstruction error rates. Additionally, since the proposed framework is using

an LSTM cell to process the spectral information as a numerical sequential data point, we

do not have to consider the spectral resolution or the wavelength size when combining the

information across images. This further demonstrates the significance of the LSTM-AE

framework since most hyperspectral image compression models are designed to compress a

specific sensor.

Figure 4.3 demonstrates the compression process used where both the Salinas and

Pavia Center datasets are compressed. The training dataset of the encoder and decoder

are sampled from both of the images. To compress, each image is sent into the encoder

where a compressed representation is saved for each image. Alongside the compressed image

is information about how long the original bands were. The decoder can then take each

compressed image and reconstruct the original image using the compressed representation

as well as the saved length of the spectral dimension.

Given that the comparison algorithms perform spatial-spectral compression, they can

not utilize this approach. Therefore, we compared the same LSTM-AE model selected for

the standard compression to be used to test this multi-image compression approach. To be

able to directly compare the models as well to more reliably identify the impacts that the

new generalized dataset had on the proposed model, we took the standard network’s tuned

hyperparameters and reused them for the training process of the reduced set. In particular,

based on the results of the reduced set, we compared against the reduced approach to take

advantage of the improved runtime. We hypothesize that the increased levels of generality

will not have a significant change in the performance of the reconstruction of the compressed

image.
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Figure 4.4: Transfer image compression approach.

With the multi-image compression results, we experimented with the capabilities of the

proposed model to be utilized to compress images that were left out of the training set. For

this, we generated a training data set by selecting a subset of the pixels from a set of images in

the same manner as the generalized approach. The difference is that we left one of the images

out of the training set. After training the model, we then tested its compression performance

by compressing the image that was left out of the training set. This demonstrates the

robustness of the model to relax the requirement further to retrain significantly different

scenes. Since we also use different sensors with a variety of platforms and applications, this

also demonstrates the proposed model’s capabilities to compress images of differing spectral

resolutions and independent of the wavelengths behind the bands. Further, this also reduces

computational requirements since the model can be trained in a data center and then reused

to compress the images of a variety of sensors used in the field.
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Figure 4.4 demonstrates the compression process used where the Salinas dataset is

compressed. The training dataset is generated from the Pavia Center dataset to train

the model. Then, the Salinas dataset is compressed with the LSTM-AE encoder where

the compressed representation is saved. The original band length is saved alongside the

compressed image. The decoder can then take each compressed image and reconstruct the

original image using the compressed version as well as the saved length of the spectral

dimension.

We compared the same LSTM-AE model selected for the single image compression to

be used to test this generalized compression approach. To be able to compare the models

directly as well to identify the impacts that the unseen image had on the proposed model

more reliably, we took the standard network’s tuned hyperparameters and reused them for

the training process of the reduced set. As with the previous experiments, we also compared

against the reduced approach to take advantage of the improved runtime performance. We

hypothesize that the further increase in the levels of generality will not have a significant

change in the performance of the reconstruction of the compressed image unless patterns

previously unseen by the network are in the image to be compressed.

4.4 Experimental Design

In this section, we will describe the experimental design that each of the experiments

applied. We will be discussing the methods utilized to select the compression model, discuss

how we sampled the data, and discuss how we validated our results.

4.4.1 Tuning

To tune the model, we performed a random search optimization [3] process due to the

large number of hyperparameters to tune. The random search hyperparameter algorithm

utilized is defined in Algorithm 4.1 where the hypersphere is the range of values that can be
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sampled.

Algorithm 4.1 Random Search Algorithm Inspired by Villalobos-Arias et al.[124]

Require: t ≥ 0 ▷ Number of steps before termination

Initialize λ ∈ R|λ|

Evaluate model with parameters λ

while t ≥ 0 do

Sample a new λ’ from hypersphere(λ) and evaluate

if λ′ > λ then

λ ∈ λ′

end if

t← t− 1

end while

The following hyperparameters were tuned: autoencoder network depth, number of

nodes at each layer, dropout rate, size of mini-batch, number of epochs, initial learning rate,

and the activation function used. While we use the Adam method which uses an adaptive

learning rate, we found that modifying the initial learning rate did impact convergence

rates. We pre-determined the number of samples from the dataset for training, the number

of samples reserved for validation, and the encoded layer size. Since we found no significant

reconstruction error benefits for networks with a lower compression rate, we set the encoding

layer to be a single node to maximize the compression rate. We predetermined that the

autoencoder will have the same network shape on both the encoder and decoder side as well

as only selecting networks that were under-complete, or had a reduction in parameters at

the encoding layer. To evaluate the model, we calculated the Mean Squared Reconstruction

Error (MSRE) of the validation set to compare the loss functions of the models.

We defined the hypersphere λ in Algorithm 4.1 to include the following sampling
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strategies. Through experimentation, we found that sampling from the uniform distribution

allowed for the most effective hyperparameter exploration for our set of hyperparameters. We

set the size of the hypersphere to be: 1 for the autoencoder network depth with a minimum

network depth of 2, 5 for the number of nodes at each layer with a minimum layer size of

2, 0.1 for the dropout rate, 64 for the size of the mini-batch process, 64 for the number of

epochs, 0.0005 for the learning rate, and we randomly switched between the sigmoid and

hyperbolic tangent activation functions. To find the optimal network, we set t to be 1000

networks to be tuned.

The optimal values that the random selection identified was a network with the shape

20 × 5 × 1 × 5 × 20, with the dropout rate being 0.1, a mini-batch size of 128, 120 epochs,

and 0.0009 for the learning rate. We also found the hyperbolic tangent activation function

performed the best for minimizing reconstruction error. These values were consistently found

to converge quickly to the minimal reconstruction error rate.

4.4.2 Data Selection

To select the pixels to be used in the training set, we performed a uniform random

sampling process. For the single image compression approach, we randomly selected 70% of

the data to be training data and 15% of the data to be reserved as the validation set. Figure

4.5 demonstrates the pixels selected from the Indian Pines image for generating the training

set where the yellow pixels are the selected pixels.

For the reduced experiments, we applied a grid search process to iteratively observe the

impacts of reducing the training set size of the proposed LSTM-AE model. We reduced the

number of pixels sampled from the images for the training set from 70% to 5% of the image

being selected for training. Figure 4.6 demonstrates the number of pixels selected from the

Indian Pines image to generate the training set. The white pixels are the selected pixels

used for training.



57

Figure 4.5: Visual representation of pixels selected from the Indian Pines dataset for training.
The white regions are the selected pixels.

For the robustness experiments, we used a proportional uniform random selection

process to select 5% of the total number of pixels from the set of all pixels. The proportional

uniform random selection process sampled the number of pixels from each image proportional

to the number of pixels in the image compared to the total number of pixels in the images

to be used for training.

4.4.3 Validation

Since we are training on a subset of the image and then compressing the whole image

as our reported test results, we could not perform k-fold stratified cross-validation on the
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Figure 4.6: Visual representation of pixels selected from the Indian Pines dataset for training
and validation. The white regions are the selected pixels.

outcomes of the models. This is a common practice for hyperspectral image compression

tasks since the goal of the algorithm is to compress the whole image [25] except for numerical

compression processes that do not train a model such as PCA [108].

Instead, we resampled training data for each of the images five times and for each

resampling, we compressed the whole image again. For each of the experiments, we set a

seed to be able to replicate the samples across each of the experiments to better analyze

the performance of the models. This allowed us to negate the impact random chance had

on modifying the performance of the proposed models. This was applied to both the single

image and multi-image compression tasks.



59

For the generalized LSTM experiments, we performed a “leave one out” strategy where

for each resampling round we sampled the training set on all of the images excluding a single

image. This process was applied so that each of the images is used as a test image. Each

image has the training and compression process applied five times so that each image is

tested a total of five times.

To validate the significance of all of the experiments, we performed a permutation-

based paired t-test to determine the level of significance between the reconstruction error

and compression rate. The permutation-based paired t-test allows us to provide a more

reliable analysis since we are utilizing only 5 images to compare the performance of our

proposed algorithm. The reported p-value will be able to give us some insight into how

much of a change there is between each of the compared methods.

4.5 Results

The evaluation metrics that were used include compression rate (CR), peak signal-noise

ratio (PSNR), and Mean Squared Reconstruction Error (MSRE). The compression rate is

defined as the ratio of the total number of the compressed image bits to the original image

bits given by the following:

CR =
#bytes to store compressed image

#bytes to store original image

To measure the levels of reconstruction error in the compression of hyperspectral images, we

utilize MSRE. This metric is defined as:

MSRE =
1

n

n∑
i=1

||xi − x̂i||2
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where n is the number of pixels in an image, xi is the original sequence of bands in pixel i,

and x̂i is the decompressed sequence of bands in pixel i.

A more common measurement of the reconstruction error rates of hyperspectral images

is PSNR. This metric measures the ratio of the maximum power of the signal to the noise

affecting the signal. The calculation of PSNR is based on MSRE for all pixels in an image

with an inverse logarithm scale where the higher the PSNR the lower the reconstruction

error rates. This is used to represent the quality of the compression process.

PSNR = 10 · log10
(

R2

MSRE

)

where R is the maximum possible reflectance value of any given pixel. For the images we

have selected, R = 65535. The main advantage of calculating PSNR instead of reporting

only the MSRE for image compression quality is that it allows for better comparisons for

images with differing numbers of encoding bits as well as differing reflectance values. The

objective of compression is to minimize both the compression rate and the reconstruction

error rates, thus maximizing PSNR.

A random search optimization was applied for each experiment to find the optimal

parameters for the LSTM-AE models averaged for all 5 of the images. The hyperparameter

tuning process balanced the CR and PSNR. We found that all of the experiments were

consistent for the following sets of parameters: the number of epochs of 120, a dropout rate

of 0.1, a learning rate of 0.0009, and a mini-batch size of 128. Figure 4.7 demonstrates the

convergence of the model towards an optimal solution. The models were retrained on a

uniformly random resampled set of pixels a total of 5 times to validate the results on the

training set.

With an LSTM using sigmoid and hyperbolic tangent functions, we normalized the

reflectance values from [0, R] to [0, 1]. With each image having differing maximum possible
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Figure 4.7: Example training performance of the LSTM autoencoder on the Salinas dataset

values for the bands, we will keep the original and decompressed sequences normalized for

the calculation of MSRE. To save computation time, the networks were trained with the

loss function being MSRE since the PSNR is dependent on this value.

4.5.1 Compared Methods

The results of LSTM-AE and its modifications were compared to the results of three

spatial-spectral compression methods: Discrete Wavelet Transform Support Vector Machine

(DWT-SVM) [141], non-iterative factorized tensor decomposition and principal component

analysis (NFTD+PCA) [108] with 16 principal components to balance the compression rate

with an acceptable PSNR value, and a Convolutional Neural Network Autoencoder (CNN-

AE)[25].

DWT-SVM incorporated the discrete wavelet transformation compression process with

a support vector regression model. DWT-SVM was selected for this comparison because it
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Models
LSTM-AE

20x5x1

BLSTM-AE

20x5x1

LSTM-AE

15x3

LSTM-AE

100x20x6
CNN-AE

Indian Pines 0.14542 0.29084 0.07128 3.31672 29.98272

Pavia Center 0.067422 0.134844 0.033048 1.537752 29.98272

KSC 0.116336 0.232672 0.057024 2.653376 29.98272

Salinas 0.148064 0.296128 0.07276 3.377024 29.98272

Botswana 0.095845 0.19169 0.04698 2.18602 29.98272

Table 4.3: The MFLOPs required for each network to perform compression on each image.

is a compression method that incorporates a combined spatial-spectral compression process

where the DWT approximation sparsely represented the spatial dimension and the support

vector regression weights are then used to obtain coefficients of the spectral dimension for

compression.

Non-iterative factorized tensor decomposition (NFTD) decomposes an N × N matrix

into two 1×N matrices. The authors of NFTD+PCA apply PCA on the hyperspectral image

to get a lower-dimensional spatial-spectral data cube and apply DWT to acquire coefficients

for the NFTD to further compress the PCA results. NFTD+PCA was selected due to the

combined transformation approaches from both PCA on the whole image and the tensor

decomposition to further compress the PCA process.

CNN-AE utilizes each convolutional layer to generate a lower-dimensional spatial-

spectral data cube in a similar architecture to an Autoencoder. To decode the compressed

image, the authors utilized transpose convolution layers to reverse the encoding convolutions.

CNN-AE was selected due to the combined spectral-spatial approach as well as being the

closest method to the proposed implementation.

To determine if the difference in performance scores was statistically significant between
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Models
LSTM-AE

20x5x1

BLSTM-AE

20x5x1

LSTM-AE

15x3

LSTM-AE

100x20x6
CNN-AE

Parameters 4,549 9,078 1,336 53,621 594,976

Table 4.4: The number of parameters that are utilized by each network.

LSTM-AE and the other networks, a permutation-based paired t-test comparing the means

of both PSNR and the CR was performed. For this, we made sure the datasets sampled

the data the same way using fixed random seeds for the CNN-AE and LSTM-AE. Since the

DWT-SVM and NFTD+PCA used the full image to compress and are deterministic, we did

not have to fix the random seeds. In this case, the null hypothesis is that the calculated

PSNR and CR were drawn from the same distribution at significance level α.

To compare the runtime performance, we report the number of training parameters

required and we calculated the number of mega floating-point operations needed (MFLOPs)

to compress each pixel for LSTM-AE and CNN-AE. Table 4.4 shows the number of

parameters and Table 4.3 shows the number of MFLOPS for each of the Deep Neural Network

compressors. In the table, we list each of the different neural network sizes utilized in this

thesis. 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 effectively. On the other hand, the number of MFLOPS is related to the time

complexity of processing the model.

4.5.2 Results on Single Image Compression

The average CR, PSNR, andMSRE were reported on the Indian Pines, Pavia Center,

KSC, Salinas, and Botswana datasets are reported in Table 4.5 and Table 4.6. We report the

results for both the LSTM-AE modification and the BLSTM-AE. We also experimented with
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LSTM-AE BLSTM-AE
3D DWT

+SVR

NFTD

+PCA
CNN-AE

Dataset PSNR MSRE PSNR MSRE PSNR MSRE PSNR MSRE PSNR MSRE

Indian Pines 62.07 0.0020 64.84 0.0015 42.37 0.0145 49.92 0.0068 54.85 0.0041

Pavia Center 61.24 0.0022 72.73 0.0007 43.01 0.0136 46.78 0.0093 55.17 0.0040

KSC 78.70 0.0004 78.80 0.0004 42.84 0.0138 48.16 0.0081 54.15 0.0044

Salinas 65.40 0.0014 66.73 0.0013 41.32 0.0161 46.78 0.0093 54.68 0.0042

Botswana 89.53 0.0001 91.40 0.0001 44.92 0.0112 49.48 0.0071 57.29 0.0033

Table 4.5: Comparison between each of the methods for each of the images with results from
the full single image compression. The bold values indicate highest average performance.

seeing how far we could reduce the training set without a significant loss in the compression

performance. Through a grid search optimization process, we reduced the training set to be

5% of the image’s pixels and a validation set of 5% of the pixels to be used for training. Table

4.7 reports the average CR, PSNR, and MSRE of the 5% training set for both LSTM-AE

and BLSTM-AE.

4.5.3 Results on Robustness

We experimented with seeing how the models performed when the training set was

sampled from multiple images to create a single compression model to be used for all of the

images. Table 4.8 reports the average CR, PSNR, and MSRE calculated from the results

of models with training sets generated by uniformly selecting 5% of pixels from all data sets.

Specifically, the values captured represent the compression performance for when each of the

images was compressed.

We further experimented with the robustness of our approach through training a

generalized model but leaving one of the images out to be compressed without being seen

previously. We report the average CR, PSNR, and MSRE of each of the images in Table

4.9. Specifically, the values captured represent the compression performance for when each
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LSTM-AE BLSTM-AE
3D DWT

+SVR

NFTD

+PCA
CNN-AE

Dataset CR CR CR CR CR

Indian Pines 0.0045 0.0090 0.037 0.0077 0.0078

Pavia Center 0.0098 0.0195 0.039 0.0073 0.0063

KSC 0.0057 0.0114 0.038 0.0043 0.0027

Salinas 0.0045 0.0090 0.046 0.0037 0.0022

Botswana 0.0069 0.0138 0.043 0.0052 0.0032

Table 4.6: Comparison of the compression rates between each of the methods for each of the
images with results from the full single image compression. The bold values indicate highest
average performance.

of the images were compressed during the “leave one out” validation strategy.

4.5.4 Statistical Analysis

With a total of 25 results on each model for each of the experiments, there are too few

samples to effectively utilize a paired t-test to compare the experimental results. To resolve

this, we utilized a permutation-based paired t-test analysis for all of the experiments to

analyze the differences between each of the models. Since we have 25 results for each model,

it is not computationally feasible to calculate all possible permutations. With this, we opted

to use a sampled permutation t-test that generated 5000 permutation samples. Each sample

represents a permutation of the results from which a t-statistic can be calculated. We then

captured the p-value to be proportional to the number of simulated t-values that are as or

more extreme than the one observed in the non-permuted data. With the reduced reliability

that the sampled permutation t-test incurs with it not being an exact statistical hypothesis

test, we state the results are significantly different if the p-value is less than 0.1.
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LSTM-AE BLSTM-AE

Dataset CR PSNR MSRE CR PSNR MSRE

Indian Pines 0.0045 63.27 0.0018 0.0090 62.25 0.0020

Pavia Center 0.0098 66.38 0.0013 0.0196 72.70 0.0007

KSC 0.0057 78.56 0.0004 0.0114 78.69 0.00038

Salinas 0.0045 67.28 0.0012 0.0090 66.73 0.0013

Botswana 0.0069 92.20 9.90e-5 0.0138 89.63 0.0001

Table 4.7: Comparison results between LSTM-AE and BLSTM-AE for each of the images
with results from the reduced training set. The bold values indicate highest average
performance.

We first compared the compression rates from the proposed LSTM-AE and BLSTM-

AE models against the spatial-spectral algorithms. The p-values are reported in Table 4.10.

Each element in Table 4.10 represents the p-value when comparing the model labeled at the

given row and column.

We then expanded our comparison to the reconstruction error with the PSNR metric.

We compared not only the state-of-the-art spatial-spectral algorithms to the single image

LSTM-AE and BLSTM-AE models, but we also compared our proposed single image

compression methods against our proposed modifications. In particular, we compared the

results of reducing the dataset, the results of performing multi-image compression, and the

results of generalizing the model against the single image model. The reported p-values are

reported in Table 4.11.

4.6 Discussion

As shown in Table 4.5, the PSNR ratio performance of the LSTM-AE and BLSTM-

AE models was consistently over a 15% increase over the CNN-AE, with the largest increase
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LSTM-AE BLSTM-AE

Dataset CR PSNR MSRE CR PSNR MSRE

Indian Pines 0.0045 84.64 0.0002 0.0090 86.19 0.0002

Pavia Center 0.0098 91.78 0.0001 0.0196 93.35 8.83e-5

KSC 0.0057 78.89 0.0004 0.0114 79.13 0.0004

Salinas 0.0045 88.28 0.0001 0.0090 88.44 0.0001

Botswana 0.0069 90.19 0.0001 0.0138 93.01 9.13e-5

Table 4.8: Comparison between LSTM-AE and BLSTM-AE for each of the images with
results from the multi-image compression experiment. The bold values indicate highest
average performance.

being 60% in the Botswana image. Table 4.11 demonstrates that the increases found in the

reconstruction error rates has evidence supporting a significant increase in performance over

the state-of-the-art methods. It is also important to note that since the PSNR metric is a

logarithmic scaled function, this increase leads to a large reduction in the calculated mean

squared error rate. Furthermore, as shown in Table 4.10, the significant improvement in

reconstruction rates was not at a significant loss in CR when compared to the NFTD+PCA

and CNN-AE, whereas the DWT-SVM consistently had the worst compression rate. This

suggests that not only can the proposed spectral LSTM-AE compression approach achieve

comparable results, supporting H1 as stated in Section 1.4. Since this is a spectral-

only compression method, there is potential that the image might be further compressed

spatially. It also suggests that we do not need to sacrifice the relevant spatial information of

hyperspectral images, allowing us to directly classify the compressed image.

In Tables 4.5 and Table 4.7, we can see that when comparing the whole image to the

reduced dataset, there was little change in performance between the images for LSTM-AE

except in the case of the Pavia Center image, which saw an 8% increase in PSNR. This
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LSTM-AE BLSTM-AE

Dataset CR PSNR MSRE CR PSNR MSRE

Indian Pines 0.0045 79.90 0.0003 0.0090 82.92 0.0003

Pavia Center 0.0098 86.95 0.0002 0.0196 89.17 0.0001

KSC 0.0057 78.16 0.0004 0.0114 78.85 0.0004

Salinas 0.0045 87.29 0.0002 0.0090 88.33 0.0001

Botswana 0.0069 85.17 0.0002 0.0138 87.92 0.0002

Table 4.9: Comparison between LSTM-AE and BLSTM-AE for each of the images with
results from the generalized compression experiment. The bold values indicate highest
average performance.

LSTM-AE BLSTM-AE

DWT-SVM 0.121 0.4214

CNN-AE 0.5766 0.1836

NFTD-PCA 0.7416 0.2502

Table 4.10: The calculated p-values from the permutation t-tests for comparing the
compression rates.

is verified by 4.11 where the p-value being over 0.4 shows there is very little evidence that

this is a significant change in performance. The small increase in compression performance

can be explained best as overfitting the full image due to having too much of the image be

seen during the training process. In the case of BLSTM-AE, the reduction in the number

of pixels selected for training saw a reduction from the full image compression approach

across all of the images. This reduction in performance might be due to the BLSTM being

a network twice as large as the LSTM-AE. It is important to note that this difference is not

statistically significant, so the reduction in training time might be more beneficial. With
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S-LSTM-AE S-BLSTM-AE

DWT-SVM 0.0578 0.0618

CNN-AE 0.0648 0.0635

NFTD-PCA 0.0612 0.0568

Reduced 0.7456 0.4998

Multi-Image 0.1163 0.1176

Generalized 0.1192 0.1200

Table 4.11: p-values from the permutation t-tests for comparing the PSNR values. The
S-LSTM-AE and S-BLSTM-AE refers to the single image compression experiments.

this, both models support H2 as stated in Section 1.4.

As shown in Tables 4.5, 4.7, 4.8, and 4.9 the PSNR improved significantly for most of

the image with Indian Pines, Pavia Center, and Salinas, with an over 33% increase over the

full image compression PSNR. As summarized in Table 4.11, there was not a statistically

significant difference with both the multi-image and generalized LSTM-AE and BLSTM-

AE models. This in large part is due to the lack of performance improvements with the

Kennedy Space Center images when compared to the single image compression experiment.

With these results, the differences found in Tables 4.7 and 4.8 support our H3 as stated

in Section 1.4. Additionally, the differences in Tables 4.7 and 4.9 support our H4. Unlike

in the reduced training set experiments, the BLSTM-AE was consistently an improvement

over the LSTM-AE, even if not by a statistically significant amount. The lack of statistical

significance in the performance of the BLSTM-AE model across all experiments suggests

that hypothesis H5 is not supported by the results of the experiment.

It is interesting to note that the models trained on the KSC and Botswana datasets did

not see the same rise in PSNR values. This may be due to the loss of a large number of

bands captured by the sensors that were removed. M. Graña stated that 21% of the original



70

bands in KSC and 40% of the original bands in Botswana were removed [80]. Due to a large

number of bands removed, there may not have been enough unique spectral information to

be learned from other datasets. This also demonstrates the relationship between spectral

information and the model’s ability to maximize PSNR.

Comparing Tables 4.5, 4.7, and 4.8, it is demonstrated that the proposed LTSM-AE

approach and the modification of BLSTM-AE are both capable of robust image compression.

This is significant since we can train a single compression model to be used across many

scenes with changing subjects in the image without retraining. We can also transfer that

model for compression of not only differing scenes but across different sensors with different

captured spectral information. This is not possible with the spectral-spatial approach due to

the dependency on the spatial information which requires periodic retraining and the models

to be trained for a specific sensor.

Table 4.4 demonstrates the required number of parameters and Table 4.3 demonstrates

the amount of floating-point operations required to perform compression tasks. The proposed

LSTM-AE requires fewer training parameters and operations than the modern CNN-AE

approach for compression tasks. This supports our hypothesis H6 in Section 1.4. With the

additional robustness of the model, we can further reduce the computational cost of the

proposed approach to compress hyperspectral images.

4.7 Conclusions

In this chapter, we presented a Long Short Term Autoencoder model to compress HSI

in the spectral dimension. Many previous approaches focus on a spectral-spatial compression

strategy, which increases the risk of the reconstruction error increasing by combining sources

of loss in both the spectral dimension and the spatial dimension. Our experimental results

demonstrate that our low computational cost framework cannot only reduce reconstruction

error, but we do not sacrifice compression rates. Our experiments also demonstrate the
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novelty of this framework where the model is robust enough to both be able to be trained on

multiple images to be able to reuse a trained model for many scenes. We also demonstrated

that a trained model can be generalized to scenes that capture different subjects without

needing to be retrained. Our experimental results demonstrated that the increased network

size with utilizing a Bidirectional Long Short Term Memory Autoencoder model does not

lead to a further reduction in the reconstruction error rates.

In Chapter 5, we perform one of the first analyses to consider the effectiveness of

directly classifying compressed hyperspectral images to further reduce the computational

cost of analyzing the data contained within hyperspectral images. We will also be analyzing

the impacts that relaxing the retraining requirements for hyperspectral image compression

algorithms has on classifying compressed images.
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CHAPTER FIVE

CLASSIFYING COMPRESSED HYPERSPECTRAL IMAGES

In this chapter, we perform one of the first analyses on the effectiveness of classification

on the compressed HSI. Utilizing the images compressed by LSTM-AE in Chapter 4, we train

a Convolutional Neural Network on the compressed images. We begin with an overview of

the related work, describe the classification model utilized, and provide experimental results.

5.1 Related Work

The increased feature space of HSI can lead to powerful, high accuracy classifiers, but

the large level of spectral and spatial information captured can make training the classifiers

slow and susceptible to overfitting. HSI bands are also highly correlated, so the level of

redundancy and noise within images can be large, reducing their applicability to users with

smaller resources available [24]. With these challenges, methods to reduce the size and

processing requirements of HSI have the potential to open up the technology to even more

applications.

Feature extraction is the process of taking the features from a dataset to reduce

dimensionality, thereby representing them as a smaller set of new features. For HSI, the

most common form is with latent variables selected from Deep Neural Networks (DNN) [60].

In particular, recent works have integrated a spatial dimension reduction process that then

passes the data to a Convolutional Neural Network (CNN) [137]

Several spectral feature extraction techniques have been applied in the past with the

primary goal to condense the spectral information into fewer features for HSI classification.

This reduces the time complexity when classifying the images, as well as sometimes improves

a classifier’s performance [137]. Feature extraction does not necessarily lead to dimensionality
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reduction, but many feature extraction methods have made great strides in reducing the

dimensions of HSI [19, 64, 138].

Dimensionality reduction is looking for low-dimensional representations of HSIs [137].

Spectral analysis dimensionality reduction methods can be classified into either unsupervised

or supervised. Unsupervised dimensionality reduction does not utilize labeled information to

extract low-dimensional data patterns. One of the most common of these methods, principal

component analysis (PCA), removes the redundancy in the spectral data and transforms the

data into a smaller dimension by mapping to the k principal components [120].

Supervised dimensionality reduction uses the labeled information to separate the data

points. Another common dimensionality reduction algorithm is Partial Least Square-

Discriminant Analysis (PLS-DA) [13]. Partial Least Square regression expresses latent

variables between two matrices X and Y by modeling the covariance structure between

the data and the classes. PLS-DA is an extension of the PLS algorithm that is utilized when

Y is categorical. By maximizing the covariance between the independent variables X and

the classes Y, a linear subspace of explanatory variables can be used to perform predictions.

For hyperspectral feature extraction, PLS-DA extracts features by finding a linear regression

model from the data points to the class label of that data point. This model is then used to

perform classification on the most beneficial features.

Deep learning has been growing in popularity recently for supervised feature extraction.

For example, some of the popular methods utilize stacked autoencoders (SAE) and

convolutional neural networks (CNN) [60]. These methods can generate both high-level

spatial and spectral features. SAEs extract deep features in a hierarchical manner, which

allows them to be connected directly to other models for classification [17]. CNNs have been

successful at reducing the required level of parameters in comparison to SAE while being

expandable to discovering spatial features in addition to spectral features [16].
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Figure 5.1: Hyper3DNet Architecture [93]

5.2 Compressed Image Classification

Autoencoders have been demonstrated to be an effective method of feature extraction

[68]. Given the LSTM-AE’s compressed images are extracted features, the compressed

images can be input to a classifier to perform classification on the image. In the following,

we will discuss the classification model that we selected to perform classification on the

images we have compressed from Chapter 4. The selected network has demonstrated

strong classification performance when classifying both the original images as well as after

performing substantial dimensionality reduction on the image.
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5.2.1 Hyper3DNet

The classifier that we have selected is the 3D-2D CNN Hyper3DNet architecture

proposed by Morales et al.[93]. This architecture uses layers of 3D and 2D convolutional

filters to classify the images. The 3-D convolutional layers perform feature extraction on a

data cube with the shape W ×W ×D where the width and height W represents the spatial

information of the pixels and spectral depth D represents the bands of the compressed image.

The 2-D CNN layers perform spatial encoding. Figure 5.1 shows the first iteration of the

Hyper3DNet architecture with its 3-D feature extraction and 2-D spatial encoder.

The feature extractor consists of a 4-layer densely connected block where each layer

contains a 3×3×7 3-D convolution layer that contains eight filters (denoted in Figure 5.1 as

”CONV3D”) a batch normalization layer, and a rectified linear unit activation layer (ReLU).

Concatenation is used to ensure the output of the feature extraction process is a stack of 32

data cubes.

The spatial encoder, shown on the right of Figure 5.1, is used to perform 2-D

convolutional operations on the data. The input tensor coming from the feature extractor

is reshaped from a 4-D stack of data cubes into a 3-D tensor. The spatial encoder takes the

3-D tensor and gradually compresses it into an encoded feature vector. This is accomplished

by performing 3 × 3 separable convolutions with 128 filters. After the convolutions are

performed, a batch normalization layer and ReLU activation layer are utilized to reduce

the risk of the vanishing gradient problem. To obtain the classification results, the output is

reshaped into a 1-D tensor by layering all values from each channel into a vector. Then, a fully

connected layer with a softmax activation estimates a multinomial probability distribution

over the classes.
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5.2.2 Hyper3DNetLite

Hyper3DNetLite is a modification of the Hyper3DNet architecture that is optimized

for data that contains a reduced number of non-contiguous bands [92]. Hyper3DNetLite

is a simplification of Hyper3DNet to reduce the required number of training parameters

the network used. The main difference between the two networks is that Hyper3DNetLite

consists of two 3-D convolutional layers instead of the 4-layer densely connected block and the

2-D spatial encoder contains three convolutional layers instead of the original four. Another

difference is that the flatten operation used after the last “SepConv2D” layer is replaced

with a “GlobalAveragePooling” operation. This is used to transform the 3-D tensor into a

1-D vector by averaging the values from each channel. With the example of a tensor with

dimensions 7 × 7 × 256 pixels, the “GlobalAveragePooling” operation would transform the

tensor into a vector with 256 elements by averaging the 49 values from each channel while

the flatten operation would obtain a vector with 12,544 elements.

The modifications on the network relax the required number of parameters to train

for the network. This simplification allows for more efficient classification, especially with

hyperspectral images that have dimensionality reduction techniques applied to them. This

also reduces the risk of overfitting the data by reducing the overparameterization of the

Hyper3DNet architecture.

Table 5.1 shows the architecture utilized for Hyper3DNetLite. Note that the stride

size of the last two “SepConv2D” layers was set to (1,1) instead of the (2,2) as defined by

Morales et al.[92]. This was done to avoid dimensionality inconsistencies with how many

features are selected. In addition, with the networks compressed to be a single feature, the

filter size was reduced to a (3, 3, 1) for the “Conv3D” layers, also to prevent dimensionality

inconsistencies.

Hyper3DNetLite has demonstrated a high classification performance on low dimen-

sional data as well as being a low-cost classifier. Morales et al.introduced an Inter-
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Layer Name Kernel Size Stride Size Output Size

Input — — (25, 25, N, 1)

Conv3D + ReLU (3, 3, 3) (1, 1, 1) (25, 25, N, 16)

Conv3D + ReLU (3, 3, 3) (1, 1, 1) (25, 25, N, 16)

Reshape — — (25, 25, 16N)

SepConv2D + ReLU (3, 3) (1, 1) (25, 25, 320)

SepConv2D + ReLU (3, 3) (1, 1) (13, 13, 256)

SepConv2D + ReLU (3, 3) (1, 1) (7, 7, 256)

GlobalAveragePooling — — 256

Dense + Softmax — — # classes

Table 5.1: Hyper3DNet-Lite architecture.

Band Redundancy Analysis and Greedy Spectral Selection (IBRA-GSS) method alongside

the Hyper3DNetLite architecture to perform feature selection on hyperspectral images.

Hyper3DNetLite demonstrated high classification performance with as few as 5 features.

This demonstrates that Hyper3DNetLite is robust enough to the features our proposed

LSTM-AE model generates to compress while not sacrificing classification performance.

5.3 Experiment Approach

In this section, we provide an overview of the procedures that we applied to test

the compressed images generated by our proposed LSTM-AE for hyperspectral image

classification using Hyper3DNetLite. We experimented with the single image compression

model as well as the robust modifications introduced in Chapter 4. We generated

three different networks, each with different compression rates. The models we analyzed

compressed the images to 1, 3, and 6 features.
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Figure 5.2: KSC Classification Map Figure 5.3: Botswana Classification Map

5.3.1 Single Image Compression

The traditional approach for image compression uses a machine learning model is to

train the model on a subset of pixels from the image being compressed and then compress the

image using the trained model. This process is closest to existing machine learning feature

extraction methods that train on the data set that the method will perform dimensionality

reduction on. Similar to feature learned feature extraction methods, if the scene changes

significantly enough, then the model has to be retrained.

For these experiments, we trained the Hyper3DNetLite network on the images that

were compressed using this approach. Given a subset of pixels for training data, we trained

our proposed LSTM-AE compression model to minimize the reconstruction error. We then

compressed the full image. We took the compressed image and input the compressed image

into the Hyper3DNetLite training process as a reduced feature set.

For training, the Hyper3DNetLite framework generates 5 × 5 pixel-sized overlapping

patches across all of the labeled pixels. We selected the training and testing set from these

patches. We specified selecting the labeled pixels for our training and test set because some

of the images that we have selected have few labeled pixels that cover their entire spatial
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Figure 5.4: Pavia Classification Map Figure 5.5: Salinas Classification Map

Figure 5.6: Indian Pines Classification Map

regions. For example, Figures 5.2 and 5.3 demonstrate that both the Kennedy Space Center

and Botswana datasets few labeled pixels that contain the entire region of the subject being

classified. The Pavia Center dataset improves on this issue, but as Figure 5.4 demonstrates,

there are still vast regions that are unlabeled. The agricultural datasets, Salinas and Indian

Pines are the exception and have all of their classes fully labeled within the images as shown

in Figures 5.5 and 5.6.

We compared the performance of the LSMT-AE’s compressed images as extracted
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features to the IBRA-GSS feature selection approach. We selected this algorithm due

to the level of features extracted yielding high classification results. We also selected

the IBRA-GSS algorithm to analyze the interactions between the features generated by

compression. It should be noted that few modern spectral feature extraction methods have

been experimented on with fewer than 6 spectral features [103]. We also noticed that the

LSTM-AE compression to a single feature was similar to a grayscale image, so we also

compared the single feature compression LSMT-AE model to a grayscale representation of

the hyperspectral image. e hypothesize that the feature extraction process used to compress

the hyperspectral images can effectively be used to perform classification on the compressed

images directly. We expect that the IBRA-GSS will perform better than our compression

model due to the supervised nature of IBRA-GSS.

We also experimented with how reducing the compression rate, thus increasing the

number of features in the dataset that the Hyper3DNetLite algorithm used to classify an

image. We selected the number of features that were analyzed to be one, three, and six.

For a fair comparison, we compared the number of bands in the IBRA-GSS algorithm to be

the same as the number of features in the compressed image. We expect that increasing the

number of features will lead to an improvement in classification performance.

5.3.2 Robust Compression

Since the robust modifications of the LSTM-AE framework were demonstrated to be

effective, we expanded our analysis of the generated features that the robust modifications

generated to assess their performance for classification. The robust modifications allowed

us to compress not only many images with a single classifier, but also images that were not

seen in the training process, thus, removing the requirement to retrain the feature extractor

for each different scene.

For these experiments, we trained the Hyper3DNetLite network on the images that
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were compressed using the robust approach. We looked at both the multi-image compression

model as well as the generalized model for these experiments. Since we are analyzing the

impacts the increased levels of robustness had on the classification performance, we compared

the robust models to the single image compression model. We also used the same network

structures that were tuned to be the most optimal networks for the standard compression

approach for a fair comparison.

For the multi-image compression model, we generated our subset of pixels for the

training data from all of the images that were to be compressed to train our proposed LSTM-

AE compression model to minimize the reconstruction error of the compressed features.

Next, we compressed each of the images separately. We then took those compressed images

and input them into the Hyper3DNetLite training process as the reduced feature set for

each image. We hypothesize that utilizing a single model to compress multiple images will

not lead to a degradation in the classification performance on the compressed hyperspectral

image.

For the generalized model, we generated our subset of pixels for the training data

from all of the images except the image to be compressed to train our proposed LSTM-

AE compression model. Next, we compressed the image that was left out. We took

the compressed image and used it as part of training the Hyper3DNetLite network. We

hypothesize that generalizing the model to compress unseen images will also not lead to a

degradation in the classification performance on the compressed image.

5.3.3 Correlation Analysis

When looking at feature extraction, it is well documented that the reduction in the

number of features can lead to a degradation in the classification performance due to the

loss of information, especially when the dimensionality reduction generates too few features

[22, 63, 92]. This leads to the trade-off between compression rates and the classification
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performance where, in general, reducing the compression rate is required to improve the

classification performance. With the results found in Chapter 4, we found that a model

compressing an image into a single feature was able to encode and decode a hyperspectral

image with low levels of reconstruction error. The results bring into question how strong

the relationship is between the compression rate, reconstruction error rate, and classification

performance.

Given the multiple objectives that are tested between the LTSM-AE compression

and the classification analysis, analyzing the correlation between the compression rates,

PSNR, and classification performance may be beneficial in better understanding the trade-

off between the optimization of the LSTM-AE hyperspectral image compression approach

and the optimization hyperspectral image classification on the compressed image. We can

use correlation analysis to aid in the identification of the strength of the assumed trade-off.

This additionally may be beneficial in achieving a better understanding of the information

extracted from the generated features.

For this analysis, we used the Spearman rank correlation method to identify the

association between the classification rate, the compression rate, and the reconstruction

error rates. The Spearman rank correlation is a non-parametric test used to measure the

degree of association between two variables. We selected the Spearman rank correlation

over the Pearson correlation method due to potential nonlinearity in the results between the

single image compression approach and the generalized compression approach.

Since the Spearman rank correlation is the correlation between two values, we compared

each of the metrics to each of the other metrics. We then calculated a correlation strength,

as well as the likelihood of the found correlation strength, being significant. We also wanted

to see if the correlation trends carried over to each of the differing levels of robustness

in the proposed LTSM-AE compression. We performed the same correlation calculations as

previously performed, but we segregate the data by the different approaches used to generate
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the test results.

The correlation coefficient, ρ, varies between −1 and 1, where 0 implies no correlation.

ρ is a metric of the strength of the correlation. As an example, a ρ value of 1 implies an

exact monotonic relationship between variables x and y, where as x increases, so does y.

The p-value roughly indicates the likelihood of correlation [58]. Due to the lower number

of samples from these experiments, the ρ and p-values may not be reliable but can provide

insight into the relative correlations of the compression and classification processes.

5.4 Experimental Design

In this section, we will describe the experimental design that each of the experiments

applied. We will be discussing the methods utilized to select the classification model, discuss

how we sampled the data, and discuss how we validated our results. We will also address

the changes found when generating the different compression rates.

5.4.1 Tuning

To tune the model, we performed a random search optimization process due to the large

number of hyperparameters to tune. The random search hyperparameter algorithm utilized

is shown in Algorithm 4.1 where the hypersphere is the range of values that can be sampled.

The following hyperparameters were tuned for the LSTM-AE models: autoencoder

network depth, number of nodes at each layer, dropout rate, size of mini-batch, number of

epochs, learning rate, and the activation function used. We pre-determined the number of

samples from the dataset for training to be 5% due to the high compression performance

while improving the training time as well as the encoded layer size. We specified that the

autoencoder had the same network shape on both the encoder and decoder side as well

as only selecting networks that were under-complete. We also found that using the Adam

optimizer for the LSTM-AE model was led to lower reconstruction error rates. To evaluate
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the model, we calculated the MSRE of the validation set to compare the loss functions of

the models. We used the same hypersphere sampling limitations as described in Section

4.4.1 The optimal values that the random selection identified for the network with the shape

20× 5× 1× 5× 20 were found to have a dropout rate of 0.1, a mini-batch size of 128, 120

epochs, and 0.0009 for the initial learning rate. The optimal values for the network with the

shape 15× 3× 3× 15 were found to have a dropout rate of 0.1, a mini-batch size of 32, 140

epochs, and 0.001 for the initial learning rate. The optimal values for the network with the

shape 100× 20× 6× 20× 100 were found to have a dropout rate of 0.1, a mini-batch size of

64, 180 epochs, and 0.0008 for the initial learning rate.

For the Hyper3DNetLite model, we used a grid search to find the optimal mini-batch

size as well as the number of epochs to train the model. We found that a mini-batch size

of 128 and 350 epochs maximized the classification performance. We also found that the

Adadelta optimizer [134], a gradient descent method based on an adaptive learning rate, was

more optimal for training than the Adam optimizer for Hyper3DNet-Lite. We found that

an initial learning rate of 0.1 leads to increased classification performance.

5.4.2 Data Selection

In this section, we discuss the data selection process used for both compression and

classification. We discuss both to identify the data used to train the compressed image as

well as the variations that the Hyper3DNet model requires to train.

For compression, we opted to use the reduced selection set described in Section

4.4.2 because we can reduce the training time for the proposed LSTM-AE model without

significantly reducing our compression performance. To select the pixels to be used in

the training set, we performed a uniform random sampling process. For the single-image

compression model, we uniformly randomly selected 5% of the data to be training data and

5% of the data to be reserved as the validation set. For the robustness experiments, we
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used a proportional uniform random selection process to select 5% of the total number of

pixels from the set of all pixels. The proportional uniform random selection process sampled

the number of pixels from each image proportional to the number of pixels in the image

compared to the total number of pixels in the images to be used for training.

For classification, we generated the 5×5 patches from the compressed images. We used

the ground truth information to identify the pixels that contained labels to center all of the

patches on. We then treated each of the patches as a data point during the classification

process.

We used a 5 × 2 stratified cross-validation design, where we randomly generated two

equal-sized bins of patches that contain equivalent ratios of classes on the selected pixels

as there are in the ground truth. We trained Hyper3DNetLite on one bin and tested the

model with the other bin. Then, we reversed the roles of the bins and repeated the training

and testing process. This process is then repeated four more times. Furthermore, the

stratification indicates that each bin has the same proportion of samples of each given class.

5.4.3 Validation

In this section, we will discuss the validation methods utilized to validate the

classification performance. For the compressed image generation, we repeated the validation

approaches discussed in Section 4.4.3.

As stated in Section 5.4.2, we used a 5× 2 stratified cross-validation design to validate

the performance of the classification model. We generate five compressed images on each

approach, compression rate, and on each image. Since each image is treated as a dataset,

we performed the 5× 2 stratified cross-validation design to validate the performance of the

classification model on each of the compressed images. For each of the images that used the

same network and the same approach, we combined the classification results to generate the

final reported results.
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To analyze the performance across all of the networks, the macro-averaged F1 score

was calculated. The F1 score is the harmonic mean of precision and recall. The equations

for these metrics are given below:

Precision =
1

#Classes

#Classes∑
c=1

TPc

TPc + FPc

Recall =
1

#Classes

#Classes∑
c=1

TPc

TPc + FNc

F1 = 2 · Precision ·Recall
Precision+Recall

where TPc, FPc, and FNc represents the true positive of classe c, the false positive of class

c, and the false negative of class c, respectively.

To determine if the difference in performance scores was statistically significant between

LSTM-AE and the other networks, a permutation-based paired t-test was performed for

both PSNR and the CR. We performed this test on the results of the single image LSTM-

AE compression model, the multi-image LSTM-AE compression model, and the generalized

LSTM-AE compression model as well as the IBRA-GSS method. In this case, the null

hypothesis was that the samples’ F1 scores were drawn from the same distribution at

significance level α.

5.5 Results

We also introduce two variations of the LSTM-AE models from Chapter 4. We tuned

networks that compress the image into a 3 feature and 6 feature representation. The new

networks, of layer size 15× 3× 15 and 100× 20× 6× 20× 100, will be referred to as LSTM-

AE 3 and LSTM-AE 6 respectively. The network tuned in Chapter 4 will be referred to as

LSTM-AE 1. The network parameter and MFLOPs requirements for all compression models

are found in Table 4.4.



87

Compared Method S-LSTM-1 S-LSTM-3 S-LSTM-5

Gray Scale 0.012 0.556 0.637

IBRA-GSS 0.005 6.32e-05 4.21e-04

Multi-Image 0.015 0.063 0.042

Generalized 0.002 0.017 0.002

Table 5.2: Maximum p-values for all images when comparing the classification performance
of the single image LSTM compression model to the other methods.

For conciseness, we report the maximum p-value across all of the datasets for each

model in Table 5.2. In the table, S-LSTM represents the single image LSTM Compression

model. The multi-image and generalized rows represent the multi-image compression model

and generalized compression model, respectively. For each row, except the Gray Scale row,

the compared model reported is classified with the same number of features as the single

image LSTM-AE compression model in a given column.

5.5.1 Compared Methods

In Chapter 4, we demonstrated the LSTM-AE model’s ability to compress an HSI to

a single band; therefore, we will compare the LSTM-AE adaptation to a standard grayscale

image. We also generate a baseline grayscale image by transforming each HSI into a false

RGB image. The three bands used for false RGB were selected by dividing the whole

spectrum into three equivalent intervals and selecting the mean value [2]. The false RGB

image was then transformed into grayscale using (b1 + b2 + b3)/3, where bi represents the

mean value of the bands in the ith interval in the false RBG image.

We first validated that the reconstruction error that the LSTM-AE compression model

created during the compression of a hyperspectral image did not impact the classification

results. We compared the decompressed image of a single image compression model against
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Dataset Uncompressed Image Decompressed Image p-value

Indian Pines 99.253 ± 0.586 98.314 ± 0.473 0.893

Salinas 99.687 ± 0.372 97.992 ± 0.583 0.466

Pavia Center 99.431 ± 0.133 99.021 ± 0.303 0.739

KSC 99.543 ± 0.264 99.105 ± 0.376 0.973

Botswana 99.689 ± 0.114 99.425 ± 0.153 0.579

Table 5.3: F1 Scores for uncompressed image and the decompressed image along with the
p-values associated with the results of the images.

Feature Size Generality Indian Pines Pavia Center KSC Salinas Botswana

1 Band

Single Image LSTM-AE 71.373 ± 1.876 83.957 ± 1.051 66.459 ± 1.84 85.262 ± 0.663 84.077 ± 1.655

Gray Scale 63.416 ± 1.866 80.551 ± 0.711 57.895 ± 4.141 83.262 ± 1.016 77.799 ± 1.083

IBRA-GSS 62.813 ± 1.461 74.140 ± 584 57.498 ± 2.434 76.972 ± 1.449 79.546 ± 1.043

3 bands
Single Image LSTM-AE 69.126 ± 1.348 79.906 ± 0.350 66.638 ± 1.828 80.492 ± 1.701 74.66 ± 1.615

IBRA-GSS 87.84 ± 0.41 98.034 ± 0.094 84.85 ± 1.112 98.584 ± 0.089 99.411 ± 0.221

6 Bands
Single Image LSTM-AE 66.881 ± 1.433 76.031 ± 0.055 63.378 ± 2.928 76.719 ± 0.411 74.152 ± 0.771

IBRA-GSS 98.24 ± 0.387 98.904 ± 0.107 98.85 ± 0.57 99.54± 0.04 99.31 ± 0.42

Table 5.4: F1 Scores for 1, 3, and 6 compressed features, compared to gray scale and IBRA-
GSS

the original image.

To compare the results of the LSTM-AE model to a dimensionality reduction approach,

the Inter-Band Redundancy Analysis and Greedy Spectral Selection (IBRA-GSS) method

was selected due to its state-of-the-art performance [92]. This feature selection gives us the

baseline to compare the features we generate from the selected most informative bands in

the original image. This also has the benefit of allowing us to analyze the benefits of training

on the compressed image in comparison to just decompressing the image before classifying

it.
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Models Generality Indian Pines Pavia Center KSC Salinas Botswana

LSTM-AE 1

Single Image LSTM-AE 71.373 ± 1.876 83.957 ± 1.051 66.459 ± 1.84 85.262 ± 0.663 84.077 ± 1.655

Multi-Image LSTM-AE 79.635 ± 1.877 98.702 ± 0.148 72.693 ± 1.680 90.025 ± 1.839 88.33 ± 0.837

Generalized LSTM-AE 86.24 ± 1.115 99.185 ± 0.071 81.520 ± 0.877 95.434 ± 0.354 91.161 ± 1.982

LSTM-AE 3

Single Image LSTM-AE 69.126 ± 1.348 79.906 ± 0.350 63.638 ± 1.828 80.492 ± 1.701 74.66 ± 1.615

Multi-Image LSTM-AE 76.893 ± 1.673 97.801 ± 0.167 68.732 ± 1.824 84.623 ± 1.663 79.456 ± 0.736

Generalized LSTM-AE 82.48 ± 1.284 98.034 ± 0.094 77.573 ± 1.112 91.844 ± 0.484 82.552 ± 2.139

LSTM-AE 6

Single Image LSTM-AE 66.881 ± 1.433 76.031 ± 0.055 63.378 ± 2.928 76.719 ± 0.411 74.152 ± 0.771

Multi-Image LSTM-AE 74.764 ± 1.133 95.744 ± 0.118 68.035 ± 1.735 81.442 ± 1.584 79.860 ± 0.966

Generalized LSTM-AE 82.38 ± 1.331 97.947 ± 0.090 78.114 ± 1.547 89.998 ± 0.285 83.011 ± 1.903

Table 5.5: F1 Scores for LSTM-AE’s Single Image, Multi-Image, and Generalized

5.5.2 Results on Single Image Compression

We experimented with seeing how the compression process impacted the classification

performance of the LSTM-AE model. We selected the single image LSTM-AE model due

to its lowest compression rates shown in Chapter 4. Table 5.3 reports the average and

standard deviations of the classification performance on each image. The table demonstrates

the impact that performing the encoding and decoding steps of the LSTM-AE model in

comparison to the original image. The results show a reduced performance when comparing

the uncompressed image to the decompressed image, though this reduction is small with an

overlap in the standard deviation between the images.

We then experimented with comparing the single image compression to the state-of-the-

art IBRA-GSS algorithm. We performed this experiment over three separate feature sizes

for the models. Table 5.4 reports the average and standard deviations of the performance

on each of the compressed images and the grayscale images when they were classified by

Hyper3DNetLite. In Table 5.2, we can see that the single image LSTM-AE compression for

a single feature was significantly different from the compared models. For a single feature, we

found that it was a significant improvement over the grayscale and IBRA-GSS models. For
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Models Generality
Indian Pines Pavia Center KSC Salinas Botswana

PSNR CR PSNR CR PSNR CR PSNR CR PSNR CR

LSTM-AE 1

Single Image LSTM-AE 63.27 0.0045 66.38 0.0098 78.56 0.0057 67.28 0.0045 92.20 0.0069

Multi-Image LSTM-AE 84.64 0.0045 91.78 0.0098 78.89 0.0057 88.28 0.0045 90.19 0.0069

Generalized LSTM-AE 79.90 0.0045 86.95 0.0098 78.16 0.0057 87.29 0.0045 85.17 0.0069

LSTM-AE 3

Single Image LSTM-AE 63.11 0.0135 74.89 0.0294 78.61 0.0171 64.83 0.0135 87.96 0.0207

Multi-Image LSTM-AE 64.97 0.0135 75.84 0.0294 78.93 0.0171 66.32 0.0135 89.11 0.0207

Generalized LSTM-AE 83.53 0.0135 92.04 0.0294 79.04 0.0171 87.92 0.0135 89.03 0.0207

LSTM-AE 6

Single Image LSTM-AE 61.69 0.027 75.16 0.0588 78.53 0.0342 65.39 0.027 87.93 0.0414

Multi-Image LSTM-AE 62.14 0.027 78.24 0.0588 78.64 0.0342 65.98 0.027 89.26 0.0414

Generalized LSTM-AE 82.88 0.027 92.33 0.0588 78.44 0.0342 86.91 0.027 88.94 0.0414

Table 5.6: PSNR and CR for each of the LSTM-AE networks.

both the three and six feature models, we see a degradation in the classification performance

where the single image compression led to being on par with the grayscale image and being

significantly worse in performance over the IBRA-GSS method.

5.5.3 Results on Robust Compression

For this experiment, we evaluated how the increased levels of robustness in the LSTM-

AE compression model impacted the classification performance. Table 5.5 presents the

average F1 score for each model variation when the compressed images were classified using

Hyper3DNetLite. We performed this experiment across 1, 3, and 6 compressed features.

Table 5.2 shows the p-values for comparing the single image compression models to the

multi-image compression models as well as the generalized compression model. The single

feature multi-image and generalized compression models significantly improved classification

performance. We still see significant improvement with the generalized compression model,

but we have a lower significance rate for the multi-image compression model when comparing

the p-values between each of the single image LSTM-AE Compressors.
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Value PSNR-CR PSNR-F1 F1-CR

Single Image LSTM-AE
ρ 0.425 0.037 0.634

p-value 0.11 0.89 0.011

Multi-Image LSTM-AE
ρ 0.423 -0.179 0.557

p-value 0.112 0.523 0.03

Generalized LSTM-AE
ρ 0.195 0.5 0.717

p-value 0.487 0.058 0.003

Table 5.7: Spearman correlation of compression and classification, showing the correlation
coefficient ρ and associated p-values of that correlation.

5.5.4 Correlation Results

Table 5.6 shows the compression results for each of the networks. Figure 5.7a shows a

heat map of the Spearman correlation coefficient when comparing the compression rates, the

PSNR, and the F1 scores. Figure 5.7b shows a heat map of the Spearman correlation p-

values for comparing the compression rates, the PSNR reconstruction error, and F1 scores.

Table 5.7 reflects each experiment’s Spearman correlation ρ and p-values for comparing

the compression rates, the PSNR, and the F1 scores. The table represents the ρ and p-

values for each of the LSTM-AE network’s training modes and how the results correlate with

the classification performance. We examined each experiment separately because, while it

further reduced the number of samples, it also provided a more representative view of the

patterns seen during the experiments.

5.6 Discussion

From Table 5.4 and Table 5.5, we can conclude that not only can we successfully

perform hyperspectral image classification using the compressed images, but this also has
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(a) Spearman correlation coefficient of compres-
sion and classification.

(b) The p-values comparing compression and
classification.

Figure 5.7: Spearman correlation coefficient and associated p-values.

the potential to achieve high classification performance. All of the features learned from the

LSTM-AE outperformed the baseline grayscale images, which supported hypotheses H7, H8,

and H9 as described in Section 1.4. We also found that by expanding the generality of the

compression model, there was an increase in classification performance across each of the

networks, whereas, the increasing number of bands lead to a reduction.

Since the IBRA-GSS method was optimized for band selection and not compression, it

makes sense that the IBRA-GSS algorithm performed much better than the unsupervised

LSTM-AE compression approach. What is interesting is that the single feature LSTM-AE

compression was more effective for classification than selecting a single band. What this

suggests is that the original bands are not as informative by themselves as they are in a

group whereas the single compression band integrates the information of several bands into

a single value.

Figures 5.4 - 5.6 present maps of the classification labels of the hyperspectral images. We

expected that the images with a smaller set of labels would perform significantly worse than

the images with a larger proportion of the pixels labeled. When reviewing the classification
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performance and the map of the classification labels of Pavia Center (Figure 5.4) and Salinas

(Figure 5.5), we found that this assumption may not have been accurate since Pavia Center

performed on par with Salinas. This expectation continued to be demonstrated false with

the Kennedy Space Center (Figure 5.2), but Botswana (Figure 5.3) consistently performed

better than Kennedy Space Center while having a much smaller proportion of pixels labeled.

Botswana also consistently performed better than Indian Pines (Figure 5.6) even though

Indian Pines had more than half of its pixels labeled.

(a) Kennedy Space Center (b) Botswana

Figure 5.8: False color view of the compressed Kennedy Space Center image and the
compressed Botswana image.

From Table 5.4, we do see a general pattern that, as the number of compressed
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(a) Salinas by Single Image LSTM-AE (b) Salinas by Generalized LSTM-AE

Figure 5.9: False color view of the Single Image LSTM-AE compressed Salinas vs the
Generalized LSTM-AE compressed Salinas.

features saved increases, so does the classification performance. Alternatively, Table 5.5

shows a pattern whereas the level of generality of the compression model increases, and the

classification performance increases slightly.

One observation is that the images that perform better have features that often contain a

wider range of values for features. This observation is most prominent in Figure 5.8 where the

differences in the values of the features in the compressed KSC dataset are hardly noticeable

to the visible eye and the classification performance increased along with the increased range

of values in the compressed image. Figure 5.9 is another demonstration of a counterexample

of this phenomenon where the performance increased alongside a reduction in the range of

values between the same image with different compression implementations. The Generalized

implementation performed better than the Standard implementation, which translates better

to the observation that the model tends to perform better when distinct separations occur
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(a) Indian Pines (b) Pavia Center

Figure 5.10: False color view of the compressed Indian Pines image and the compressed
Pavia Center image.

between the classes of the image. As another example, Figure 5.10 demonstrates that while

the range of values for the features of both images is relatively large, there is very little

separation between the classes in the Indian Pines image compared to the Pavia Center

image. In particular, misclassifications of the Indian Pines image occurred the most where

the fields visually appeared to be the same.

Figures 5.7a and 5.7b reveal that there is evidence of a positive correlation between

compression performance and classification performance. In particular, there is evidence that

as the level of compression is reduced, the level of classification performance increases. This

is intuitive, but it also provides a basis for determining an appropriate level of compression

when classification is also an end goal. In addition, being able to tie a positive correlation

between PSNR and the F1 score would allow for further improvements when selecting

optimal network sizes, which would further reduce the required resources to train the models.
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Table 5.7 provides further evidence for some form of correlation between the compression

rate and the F1 score. What we found as a trend in this table was that, the more generalized

the compression model, the greater the evidence for a correlation between compression and

classification performance.

5.7 Conclusion

In this chapter, we performed an analysis of the capabilities of performing HSI

classification tasks on images compressed by LSTM-AE. Experimental results show that

while there is significant loss between IRBA-GSS and the features learned by LSTM-AE,

we are still able to successfully perform classification tasks on the compressed images. The

results also demonstrated that the increase in generality led to an increase in classification

performance.
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CHAPTER SIX

CONCLUSION

Hyperspectral imaging has become a reliable source of spatial and spectral information.

The spectral information in particular has been central to the analytical power of this

technology. The capabilities of hyperspectral imaging have been utilized across many critical

applications, but the image sizes are still a bottleneck for general use.

Traditional compression approaches to deal with the storage problem of hyperspectral

images often combine a spectral and spatial strategy to maximize the compression rate

the models can achieve. Conversely, dimensionality reduction techniques to deal with the

processing limitations of hyperspectral images are often calculated for each image without

being able to be reused and the reduced features cannot be recovered if additional details

are required.

We presented a hyperspectral image compression framework that focuses on a spectral-

only strategy. The framework utilizes a Long Short Term Memory Autoencoder (LSTM-

AE) architecture to compress the spectral bands at each pixel into a reduced set of features.

Results showed that LSTM-AE not only is competitive with respect to compression rates but

can greatly reduce reconstruction error. In addition to this, we demonstrated the framework

is lightweight for the high level of compression performance.

Further, the network also demonstrated the capability of generalizing a single model

to be able to compress many images. The experimental results additionally demonstrated a

benefit over the standard compression approach with regards to reconstruction error. This

allows for the further reduction in the required computation time to compress images since

we can train a model on many test scenes that may be encountered during the data collection

process of a hyperspectral imager without requiring retraining the model for each of the test
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scenes and changing subjects in the images.

We also demonstrated that this generality can be applied to applying trained models to

also compress unseen images. This level of robustness is not possible with a spectral-spatial

strategy because of the dependence on the spatial dimension. Therefore, we conclude that

the spectral only strategy allows a robust compressor that can perform on par, if not better,

than state-of-the-art compression algorithms.

We then performed one of the first analyses on the capability of performing classification

on compressed hyperspectral images. If a compressed image can be classified directly, then

users can see a reduction in the computational resources required to utilize hyperspectral

imagery. We also demonstrated a lightweight framework in which to more efficiently generate

features for hyperspectral image classification.

From our experimental results, we demonstrated an ability to classify the images

compressed by the LSTM-AE framework. The experiments also demonstrated that

increasing the number of features led to an increase in classification performance. They

also demonstrated, as expected, that the IBRA-GSS algorithm was significantly better for

classification than the compressed images except in the case of a single band.

We also demonstrated that performing compression with the robust modifications was

effective, further reducing the computational requirement of utilizing hyperspectral imagery.

It was demonstrated experimentally that generalizing a model across multiple images had an

increase in classification performance over the standard compression approach. Experiments

also showed that compressing an unseen image with a trained classifier did not reduce the

classification performance significantly in comparison to the generalized approach, suggesting

that our proposed model does not require retraining when an imager is re-tasked.

To better predict the classification performance of the compressed images, we demon-

strated a strong correlation between the compression rate and the classification rate as well

as a moderately strong correlation between the reconstruction error and classification rate.
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This analysis demonstrates that as the number of features saved by the proposed LSTM-AE

model increases, we increase the classification performance. With this analysis, we showed

that the level of compression is directly competing against the classification rate, suggesting

that a user can fine-tune the model to the acceptable levels of compression and classification

performance.

6.1 Contributions

To summarize, the main contributions presented in this thesis include the following:

• We present a low-cost Long Short Term Memory Autoencoder model for hyperspectral

image compression. We show that this design accomplishes lower reconstruction error

without reducing the compressive capabilities. We also demonstrate that our model

requires few trainable parameters and few training samples without detriment to its

performance.

• We present two modified training variations that expand the generality of the

compression model to eliminate the requirement to retrain the compressor for new

scenes. We demonstrate that this increase in generality can reduce the reconstruction

error compared to the standard training process.

• We analyzed the capabilities of the compressed image being utilized for classification

tasks. We demonstrate that the compressed image can effectively be utilized for

classification.

• We demonstrate that increasing the generality of the compressor does not have a

significant reduction in the classification performance on the compressed image.

Our contributions serve to provide efficient compression without sacrificing either

the reconstruction error or the compression rate. Overall, the main reduction in the
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computational cost of the approach is the re-usability of a trained model. The computational

efficiency was enhanced by the robustness of this approach by reducing the retraining on

sufficiently different scenes often found with other compression methods. Our analysis of the

ability to perform compressed classification demonstrates the re-usability of the compressed

images, further demonstrating the benefits of a spectral-only approach.

6.2 Future Work

As initial future work, we would like to analyze the capabilities of a spatial compressor

to further compress the images that the LSTM-AE model acquires. Given that the LSTM-

AE model performs comparably to existing state-of-the-art spatial-spectral compression

models, it would be interesting to analyze the impacts that a spatial compressor has on

the compressed spectral dimension.

The layering of multiple deep neural networks for classification makes the model’s

behavior unclear and difficult for users to understand why misclassifications have occurred.

In the future, we plan on incorporating explainable AI to explore the relationship between

the generated features and the data further. Incorporating explainable AI components would

work towards improving the trust in the performance of the model with the users that would

most benefit from the reduction in the resource requirements.

For additional future work, we also want to expand the interpretability of the outputs.

Higher levels of interpretability allow users to more rapidly identify when misclassifications

have occurred and tie the features that were used to the predicted output. The incorporation

of interpretive processes would further work towards improving the trust in the model’s

performance.

In real word HSI applications, the observed HSI is degraded by different sources, related

to the applied imaging technology, system, environment, etc. With the low error rates in

reconstruction in combination with the generality of the model, it may be possible that the
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model can be adapted to remove some of this noise. In the future, we plan on modifying

the LSTM autoencoder to perform noise reduction on HSI. This would further expand the

applicability of the model for users in the field.
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Andrés Otero, Eduardo de la Torre, and Roberto Sarmiento. Lossy Hyperspectral
Image Compression on a Reconfigurable and Fault-Tolerant FPGA-Based Adaptive
Computing Platform. Electronics, 9(10):1576, October 2020.

[9] M. F. Baumgardner, L. L. Biehl, and D. A. Landgrebe. 220 Band AVIRIS
Hyperspectral Image Data Set: June 12,1992 Indian Pine Test Site 3. 1992.

[10] Yoshua Bengio, Pascal Lamblin, Dan Popovici, and Hugo Larochelle. Greedy Layer-
Wise Training of Deep Networks. In Advances in Neural Information Processing
Systems, volume 19. MIT Press, 2006.

[11] Kavita Bhosle and Vijaya Musande. Evaluation of deep learning CNN model for land
use land cover classification and crop identification using hyperspectral remote sensing
images. Journal of the Indian Society of Remote Sensing, 47(11):1949–1958, Nov 2019.

[12] Larry Biehl. HYDICE image of washington DC mall. https://engineering.purdue.
edu/~biehl/MultiSpec/hyperspectral.html, 1995. Accessed: 2022-3-27.

https://engineering.purdue.edu/~biehl/MultiSpec/hyperspectral.html
https://engineering.purdue.edu/~biehl/MultiSpec/hyperspectral.html


103

[13] Giuseppe Bonifazi, Giuseppe Capobianco, and Silvia Serranti. Hyperspectral imaging
and hierarchical PLS-DA applied to asbestos recognition in construction and demoli-
tion waste. Applied Sciences, 9(21):4587, 2019.
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