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Abstract

Hyperspectral imaging technology acquires image data in a number of continuous narrow

bands of the electromagnetic wave. The obtained hyperspectral images contain details

of spectral reflectance of targets in addition to spatial information. The ability to char-

acterize abundant spectral details of hyperspectral image makes it particularly suitable

for remote sensing image analysis. Hyperspectral remote sensing image classification

is one of the most important applications in remote sensing, and is the main research

problem of this thesis.

Researchers have already proposed a large variety of methods for hyperspectral image

classification in the last few decades, which can be categorized into traditional methods

and deep learning based methods. Recently, with the development of high performance

computing and collection of large datasets, deep learning methods have been state of

the art in hyperspectral image classification. Most of the existing deep learning methods

take in the hyperspectral image and learn discriminant features in plain convolutional or

fully connected layers. This learning manner treats all raw pixels and extracted features

equally. However, human brains do not perform recognition task with equal considera-

tion of every involved element. For recognition or classification tasks, it is possible that

some parts of inputs or features are more important, while others are useless. Our visual

system has the capability of attending to the significant aspects and ignoring irrelevant

components. This has greatly contributed to our cognition ability and efficiency. In-

spired by the attention mechanism of human brain, we design corresponding attention

modules in the context of artificial neural network for hyperspectral image classifica-

tion. In addition, human visual system is a universal feature extractor and classifier

in the sense that we can perform classification across multiple image styles, modalities



and distributions. On the contrary, current deep learning based hyperspectral classifi-

cation paradigms require an individual model for every data domain. This is expensive

and inefficient. Following similar philosophy of attention mechanism, we design domain

attention modules for multi-domain hyperspectral image classification.

In this thesis, we propose three attention modules for deep learning based hyperspectral

image classification. In the first work, we introduce attention based feature weighting

networks for improving the classification accuracy of current plain neural networks. In

a deep network for hyperspectral application, a hierarchy of spectral or spatial features

are extracted layer by layer. Each layer contains the same semantic level of features. To

model the importance of features in the same level, attention modules are designed by

branching from current feature maps. In the attention branch, three steps are executed:

summarizing information from current layer, modeling relationship among the features

with fully connected or convolution layers, and outputting weighting masks to be mul-

tiplied with the original features. We propose feature weighting attention modules for

spectral CNN, spatial CNN and spectral-spatial CNN, respectively.

In the second work, we design attention modules specifically attending to the bands

of hyperspectral image. Compared to hidden features extracted in hidden layers of

neural networks which have less interpretability and physical meaning, spectral bands of

hyperspectral images correspond directly to real wavelength in the physical world. Thus

attending to bands has special importance in a couple of aspects. First, it influences the

design and cost of hyperspectral sensor. Second, it is directly related to the dimension

of the obtained raw data. Our band attention module can perform both band weighting

and band selection. For band weighting, it has the ability to assign sample-wise weights

to hyperspectral images and can interfere with the feature learning process in the early

stage. For band selection, we carefully design an additional parallel input to the attention

module for obtaining fixed selected band sets and an activation function for filtering

insignificant bands in the training process.

In the third work, we propose attention mechanisms to address multi-domain hyperspec-

tral image classification. Different hyperspectral datasets have different data modalities,

statistical distributions, or spectral dimensionalities. This brings significant challenges

for a single network to learn all the tasks. The domain shift problem can be alleviated

by adjusting the network towards the property of specific domains. To this end, domain



attention modules are designed to attend to the domain of the input data for adapting

the network accordingly. Two domain attention modules: hard domain attention and

soft domain attention are proposed. For the hard domain attention network, the at-

tention mechanism is implemented by a muxer switch. According to the labels of data

domain, a set of small domain specific adapters are selected and connected to a main

backbone network. In this way, the majority of network parameters are shared by all

domains with only a small number of domain specific parameters. For the soft domain

attention network, we build the attention mechanism based on squeeze and excitation

(SE) block. Several parallel SE blocks are applied as the feature adapters. On top of

them, a higher level domain attention SE block is placed to achieve domain assignment.
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Chapter 1

Introduction

In this chapter, we provide a general introduction of the thesis. At first, the motivations

and research questions are elaborated. After that, we list the main three contributions

of the thesis. At last, the structure and outline of the thesis are described.

1.1 Motivations

Land cover and land use of the earth’s surface are constantly changing with climate

change, human activities and many other factors. Monitoring and classifying land cover

types is of great importance. It has wide applications in different areas, such as environ-

ment, agriculture and urban planning [3][4][5]. Monitoring of land cover types can be

conducted by field survey which is expensive and time consuming, or by remote sensing

technologies [6].

In remote sensing, satellites, airplanes or other platforms equipped with various optical

sensors collect information about the earth surface from a far distance. Widely used op-

tical sensors include panchromatic, multispectral and hyperspectral imaging sensors [7].

Compared to panchromatic or multispectral sensors, which only acquire signal in a sin-

gle band or several discrete bands, hyperspectral sensors are able to sense the target

ground surface in a wide continuous range of electromagnetic spectrum. The resulting

hyperspectral image has tens or hundreds of continuous bands and provides fine details

of the spectral reflectance properties of the land surface [8]. Such spectral reflectance

properties are closely related to different components of materials [9]. Thus, hyperspec-

tral images have been widely used in remote sensing image classification and attracts

1
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significant research attention from the remote sensing community. Moreover, with the

development of hardware technologies, the resolution of hyperspectral remote sensing

image becomes higher, which provides abundant spatial information for classification in

addition to spectral information [10].

Many methods have been developed to fully utilize the spatial and spectral information in

hyperspectral images for land cover classification [11][12]. These methods can be roughly

divided into two categories: traditional methods and deep learning based methods. In

traditional methods, hand crafted features are first extracted from hyperspectral image.

These features are then fed to shallow classifiers such as Support Vector Machine (SVM)

to predict the class labels [13]. Deep neural networks first proved their advantages in

natural language processing and computer vision [14]. In computer vision and image

processing, deep convolutional neural networks (CNN) are very powerful in processing

and recognizing visual information [15]. Deep learning based methods have also gained

popularity in hyperspectral image analysis in recent years due to their high performance

and ease of use. They take raw pixels as input features without the need to design

manually engineered features. A hierarchy of feature maps are learned automatically

with the final classifier. Deep learning methods has demonstrated strong advantages

over traditional methods [14][16] and will be the focus of this thesis.

One of the most exciting progress in deep learning recently is the design of attention

mechanisms in neural networks. Attention is inspired by how human brain processes

information. Human receive huge amounts of information from the surrounding envi-

ronment in every second. However, our brain only selects to process the useful ones

and ignore irrelevant information. This helps us to better understand the world and

save the load of cognition [17]. Attention was introduced in the design of deep neural

networks and achieved significant success in machine translation, image captioning and

image classification [18][19][20].

The rich spectral and spatial information of hyperspectral image also brings challenges

for classification. First, although we have numbers of features to use, the importance

of each feature for classification is not the same. In space domain, the relevance of

central pixel in a hyperspectral patch should be higher than the pixels near the edges,

thus spatial features near center are more important. In spectral domain, objects with

different materials manifest under different spectral bands. Some bands may also contain
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more noise than useful signals. Features extracted along spectral dimension also have

different contributions to classification task. Therefore, to boost classification accuracy

of hyperspectral image, it is necessary exploring the significance of features extracted

from the image cube and assigning weights to them accordingly. Feature weighting has

been explored in traditional methods [21], but are still under investigated in deep learning

scenario. This motivates us to design an attention based deep neural network to weight

the extracted spatial and spectral features from hyperspectral image for classification.

Second, hyperspectral image is usually a three dimensional cube whose spectral dimen-

sion has tens or hundreds of bands. This means the total dimensionality of hyperspectral

image is much higher than the other image modalities such as gray-scale and RGB im-

ages. This high dimensionality causes several difficulties in hyperspectral imaging [22].

First, the ability to sense large number of bands requires complicated and expensive sen-

sors. This increases the cost of hyperspectral cameras. Second, the high dimensionality

means the size of hyperspectral image is large, which creates high cost to store and trans-

mit them. Third, in machine learning and pattern recognition theory, the increase of

dimensionality of samples causes the issue of curse of dimensionality. When the number

of training samples is fixed, the classification performance of a classifier will improve ini-

tially but finally deteriorate with the increase of feature dimensions. This phenomenon

is also called Hughes phenomenon [23]. In hyperspectral image classification, the dimen-

sionality of data is very high, so it require large number of training samples to achieve

good performance. However, the available number of training samples in hyperspectral

remote sensing is very limited and the labeling process is notoriously expensive. Fortu-

nately, not all of the bands are useful and necessary in many situations. Thus, modelling

the relationship among all bands is very useful. Furthermore, in most cases, a specific

subset of all the hyperspectral bands could lead to the best compromise of classification

performance and overall costs. This leads to our second research topic–attending to

spectral bands for hyperspectral image band weighting and selection. Band weighting is

to assign weights on physical bands of hyperspectral images, which is suitable for atten-

tion mechanism. Hyperspectral band selection is related to band weighting. It has been

mostly researched in the context of traditional shallow methods [22], but deep learning

based band selection is largely missing. As attention mechanism has the ability of focus-

ing on important information, it is natural to investigate the feasibility of introducing

it to hyperspectral band selection task. We further designed a framework of attention
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networks for hyperspectral band weighting and selection.

Deep neural networks has achieved unprecedented success in hyperspectral image classi-

fication in the last several years. Chen et al. proposed three types of deep convolutional

neural networks: one dimensional CNN which process spectral dimension to predict the

class label of ground object, two dimensional CNN which extracts spatial features for

classification, and three dimensional CNN which makes use of spectral-spatial infor-

mation for land cover prediction [24]. They conducted thorough experiments to prove

the usefulness of CNN based deep learning methods. In [16], the authors adopted the

concept of residual learning in computer vision and proposed a spectral-spatial residual

network for hyperspectral image classification. There are also other variants of deep

CNNs in the remote sensing and hyperspectral literature [25][14]. These papers demon-

strate that deep learning is one of the most powerful methods for hyperspectral image

classification. However, these advanced neural networks suffer a common disadvantage.

They work only on a single dataset or domain. The model trained on one dataset can not

generalize to datasets with different distributions or modalities. Moreover, deep neural

networks are notorious for their large number of parameters and high computational

load. In the current paradigm, we need to train one model for each data domain, and

store all these cumbersome models. In a real application, this leads to an additional

load of switching and reloading the corresponding models when the task changes [26].

This inspires us to explore the topic of multi-domain learning in hyperspectral image

classification. The target is to design a deep neural network that has the ability to

adjust the distribution of features in accordance with each specific domain while sharing

the majority of parameters across domains. The intuition behind this idea is that the

majority of the network parameters are designed to learn the common attributes of mul-

tiple data domains and a small number of parameters are allowed to tune the network to

specific domains. The concept of adapting the network according to different datasets

is analogous to attention mechanism which concentrates on different aspects of features

for different data inputs. Therefore, we designed a multi-domain CNN with domain at-

tention mechanism for classification of hyperspectral images with different distributions

and modalities.
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1.2 Contributions of the Thesis

This thesis investigates attention mechanism in hyperspectral remote sensing image

classification, and proposes three convolutional neural networks integrated with atten-

tion mechanism for solving the key problems in the classification tasks. Although deep

learning has already been adopted in hyperspectral image classification and become the

standard solution for many image processing problems, few work has explored attention

mechanism in deep learning for hyperspectral image classification. The main contribu-

tion of this thesis is to introduce and design attention mechanisms for hyperspectral

applications. Spatial/spectral attention CNNs are designed to assign weights to spatial

or spectral features extracted from hyperspectral image according to their importance

for classification. This weighting strategy improves classification accuracy. We further

design an attention CNN for attending to physical bands. The proposed band attention

network can model the relationship among bands for weighting and also has the ability

to select a useful band subset and discard the irrelevant ones. Experiments show that our

band attention network performs better than competitive methods. To tackle the prob-

lem of multi-domain hyperspectral image classification, we propose domain attention

CNNs that can adapt to multiple data domains or modalities simultaneously.

The contributions of the thesis can be listed as follows:

1. Hyperspectral image provides abundant information for classification and CNN

can extract rich features from it, but the contribution of each extracted feature to

final classification is different. We propose a method to harness this phenomenon

in the context of deep neural networks. Inspired by attention mechanism in human

brains, we design and insert attention modules in a conventional CNN. This atten-

tion module is trained end to end with the classification network. The activation

function of the attention module adopts Sigmoid or Softmax so that the atten-

tion module can output values that represent significance of each feature. When

applied to spectral dimension, the attention module can learn the significance of

spectral features. When applied to spatial dimension, the attention module can

learn a spatial attention map describing the importance of features in different

spatial locations for classification. The proposed method can also be used in 3-D

spatial-spectral features. All variants of the proposed weighting module can learn
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different weights for each sample. The three attention and weighting schemes boost

the classification performance of hyperspectral image.

2. Modeling relationship of physical bands has been an important and hot research

topic in hyperspectral and remote sensing community for long time. However, no

previous work tackles this problem under a deep neural network framework. For

the first time, we design a band weighting and selection network to take advantages

of the power of deep learning. On the basis of our previous work, a series of

new attention modules are specifically designed for attending to bands. In band

weighting, the learned attention weights are multiplied back to the original input.

For band selection, the most straightforward way is to rank the weight values and

select bands with the top values. In this manner, the bands with lower weights

still have an impact on the network. We further redesign the activation function

of attention output and propose an activation function that can eliminate the less

useful bands by assigning 0 to them. Comprehensive experiments show that our

attention networks outperform traditional methods.

3. We present a solution to deal with multi-domain learning in hyperspectral image

classification. The aim is to design one model to train and test on datasets from

multiple domains. To achieve this, we propose new attention modules that can

attend to domains. In the proposed model, a trunk convolutional neural network

is shared by all domains, thus responsible for learning the common properties

across all datasets. On top of the trunk CNN, we allow adapters with parameters

to learn domain specific properties. The domain adapter part is used to adapt

the distribution of feature maps to each domain. A hard attention mechanism

is adopted to select the domain specific adapters. Moreover, we propose a soft

domain attention module for attending to different hyperspectral data domains.

In soft domain attention, the hard switch of muxer is replaced by a soft assignment

of adapters. This is implemented by another level of attention weighting strategy

on the adapters. In this way, the adapters can be shared by all domains and

the higher level domain attention ensures data from different domains receives

appropriate, different adjustment.
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1.3 Outline of the Thesis

The thesis is organized into six chapters.

In Chapter 1, we provide an introduction of the thesis. At first the research questions

and our motivations are elaborated. Then we list the main three contributions of the

thesis. Finally, we describe the structure of the thesis.

In Chapter 2, we present relative background of the research and a literature review. This

chapter starts by an illustration of background including remote sensing, hyperspectral

imaging and hyperspectral images. After that, we review literature in hyperspectral

image classification using traditional methods. Then the area of hyperspectral image

band selection will be given. We also elaborate deep learning and neural network.

Literature in saliency and attention will also be reviewed. We conclude this chapter by

reviewing the literature in multi-domain learning and universal representations.

In Chapter 3, we focus on the topic of feature weighting in hyperspectral image clas-

sification. Specifically, we propose attention modules that can learn the significance of

each extracted feature. This attention module is designed as a branch network that can

be integrated within a classification CNN. We elaborate three variants of the attention

module: spectral feature attention, spatial feature attention and spectral-spatial feature

attention. All of them can learn to weight features extracted from hyperspectral images.

The experiment configuration and results are provided to verify the effectiveness of the

attention modules for feature weighting.

In Chapter 4, we solve the problem of attending to physical bands for hyperspectral band

weighting and selection in the context of deep learning. The band weighting follows a

conventional attention design. For band selection, we modify the standard attention

module to accommodate band selection task. A most straightforward band selection

method is described first, which performs band weighting first and select the band subset

according to the rank of the weights. Then we propose an activation function for the

attention branch’s output. By using the proposed activation function, the attention

module can filter out useless bands in the training process of band selection network.

We also present comprehensive experiments to evaluate our networks and compare them

with traditional methods.
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In Chapter 5, we propose two domain attention methods for multi-domain hyperspectral

image classification and demonstrate their usefulness by training and testing on multiple

datasets at the same time. To address the issue of distribution shift across different data

domains, parameters for domain adaptation are introduced to adapt the trunk CNN. The

domain adapters involve re-scaling and re-calibration of feature maps of the CNN. Two

attention mechanisms are proposed to guide the model to attend to different domains. A

hard attention mechanism is implemented by attending to the adapters corresponding

to current domain. By inserting another level of weighting strategy on the adapters,

we design a more flexible soft domain attention network for multi-domain hyperspectral

image classification.

In Chapter 6, we summarize the thesis and provide some future work directions.



Chapter 2

Literature Review

In this chapter, we present the relevant background of the research in this thesis, and

provide a comprehensive literature review of related works. First, a general overview of

remote sensing is described. Second, we introduce the concept of hyperspectral imaging

and the property of the resulting hyperspectral images. Existing hyperspectral image

classification and band selection methods will also be reviewed. Third, we elaborate the

basics of deep learning and convolutional neural networks. Visual saliency and the recent

advances of attention mechanisms will also be described. In the last part of this chapter,

we provide a review of the literature in terms of some recently published attempts to

achieve multi-domain learning.

2.1 Remote Sensing

Remote sensing is a technology used to acquire information from an area of interest on

the Earth’s surface without physical contact with it [27]. The information is collected

by detecting emitted or reflected energy of radiation from the Earth. Remote sensing

has been widely used in many scientific and practical areas. For example, satellite

collected images are used to evaluate the impact of global warming on eco-systems [28].

In agriculture, remotely sensed data provides valuable insights into the growing status of

vegetation [29]. In urban planning, airplane acquired infrared data are used to monitor

and analyze the land use status of urban areas [30].

9
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As the name suggests, the information of interest is normally collected from a very far

distance. Two essential components of remote sensing technology are platforms and

sensors. The most common platforms of remote sensing sensors are satellite, aircraft

and unmanned aerial vehicle. In “Landsat Program”, a series of satellites have been

launched into space for Earth observation since the 1970s [31]. These satellites carry

different kinds of sensors and have produced abundant data about the Earth.

Remote sensing technologies can be divided into two categories: active remote sensing

and passive remote sensing [32]. In active remote sensing, the sensors first illuminate

energy towards the investigated object. Then, the object reflects the energy back, which

is received by the active sensor. Examples of active remote sensing are Synthetic Aper-

ture Radar (SAR) [33] and Light Detection and Ranging (LIDAR) [34]. Active remote

sensing can obtain data without sunlight and can work at any time. It can also sense

objects in electromagnetic wavelength that lacks a natural energy source. The disad-

vantage of active remote sensing is that it requires the sensors to be able to emit large

amounts of energy. Passive sensors do not emit energy by themselves, and only work

by measuring energy in the natural source, such as the Sun. There are two types of

energy measured: reflected and emitted energy. When the Sun illuminates the Earth,

the Earth’s surface will reflect back part of the radiation energy, such as visible wave-

length electromagnetic wave. At the same time, the earth will absorb some solar energy

and then re-emit that into space, such as infrared radiation. Passive sensors in remote

sensing include monochrome sensor, multi-spectral sensor, and hyperspectral sensor.

After remote sensors obtain radiation data about the Earth’s surface, the next step

is remote sensing data analysis, which transforms the raw energy magnitude to useful

information. Most remote sensing data are in 2-D or higher dimensional array. Two

of the dimensions represent the spatial dimension and the data can be considered low

resolution images. Various image processing techniques can be used in remote sensing

analysis, such as image registration and image de-noising [35]. With respect to land

cover classification, the final task is to predict land cover category for each pixel in

remote sensing images.
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2.2 Hyperspectral Imaging and Hyperspectral Images

Of all the remote sensing data modality, hyperspectral image is one of the most widely

used data types due to its various superior properties. Thus, we provide a more detailed

description of hyperspectral images and hyperspectral imaging in this section.

2.2.1 Electromagnetic Spectrum and Hyperspectral Imaging

The human visual system perceives the world by receiving electromagnetic wave reflected

by scenes or objects. The whole electromagnetic spectrum spans from radio waves, which

have wavelength in the scale of meters or kilometers, to gamma rays, whose wavelength

are as small as pico-meters. Figure 2.1 shows the whole electromagnetic spectrum.

Figure 2.1: Electromagnetic spectrum [1].

Human eyes are able to sense a small segment of the electromagnetic spectrum. This part

of the whole spectrum ranges from 380 to 740 nm. Within this range, there are three

special cells called cone cells in the retina of human vision system, which correspond to

three colors: red, green, and blue [36]. Figure 2.2 shows response curves for the three

cone cells with respect to spectral wavelength. The S, M, and L represent S type cone,

M type cone and L type cone, respectively. Thus, human eyes can be considered a

three band imaging system. Conventional red-green-blue (RGB) cameras are designed

to simulate spectral sensitivity of the three cone cells.
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Figure 2.2: Response curves of three cone cells with regard to spectral wavelength.1

From Figure 2.1 and Figure 2.2, we can find that three band RGB sensors are very limited

in capturing details of information carried by electromagnetic waves. On the one hand,

RGB sensors only respond to a small portion of the electromagnetic spectrum. In many

applications including remote sensing, infrared wavelength is particularly important and

able to provide plenty of valuable information. RGB sensors cannot acquire data in

these bands. On the other hand, RGB sensors mainly respond to three peaks in the

visible wavelength from 380 to 740 nm. The intervals between the red, green, and blue

wavelengths are not well described.

Hyperspectral cameras are designed to overcome the disadvantages of RGB cameras as

mentioned above. Compared to RGB cameras and monochrome cameras, hyperspectral

cameras have the ability to respond to a wider area of electromagnetic spectrum in nu-

merous continuous bands [37]. Figure 2.3 illustrates a hyperspectral sensor’s spectral

response curve. Hyperspectral imaging can acquire much finer reflectance information in

the spectral dimension. Different materials normally have different spectral reflectance

curves, so hyperspectral imaging is particularly suitable for distinguishing different ma-

terials which have similar appearances under RGB cameras [38]. It is worth clarifying

1https://en.wikipedia.org/wiki/File:Cones SMJ2 E.svg
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Figure 2.3: An illustration of spectral response of hyperspectral sensor.2

the difference between hyperspectral and multispectral images here. Multispectral im-

ages also has many spectral bands. The main difference is that the spectral bands in

multispectral images are not continuous.The bandwidth of each channel may also be

wider than a hyperspectral image. Two essential properties of hyperspectral images are

that they are continuous and narrow in spectral dimension.

In remote sensing, typical hyperspectral sensors include Airborne Visible/Infrared Imag-

ing Spectrometer (AVIRIS) [39], Reflective Optics System Imaging Spectrometer (RO-

SIS) [40] and Earth Observing (EO-1) Hyperion Imaging Spectrometer [41]. AVIRIS

is an airborne hyperspectral sensor designed by the Jet Propulsion Laboratory in the

1980s. It can respond to a wide wavelength segment from 400 to 2500 nm. The final

collected hyperspectral data has 224 continuous bands with narrow intervals of 10 nm.

ROSIS was designed in an European funded airborne hyperspectral sensor project. The

response spectrum of ROSIS ranges from 430 to 960 nm. The resulting data has a high

spectral resolution of 5 nm and more than 100 bands. Hyperion is a NASA-launched

satellite hyperspectral camera designed for EO-1. The spectrum range of Hyperion

sensor is from 400 to 2500 nm. Hyperion hyperspectral images have more than 200

continuous bands with a spectral resolution of 10 nm. Due to the long distance between

the satellite to the Earth’s surface, the spatial resolution of Hyperion is approximately

2https://maxmax.com/images/Cameras/Hyperspectral/LVFCurves1.jpg
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30 m. Besides remote sensing, hyperspectral imaging has application in many areas such

as medicine, food processing, chemical engineering and surveillance [42].

Hyperspectral imaging acquires data along three dimensions x, y and λ, which represent

two spatial dimensions and one spectral dimension. Generally speaking, there are four

mechanisms of 3-D image cube acquisition in design of hyperspectral cameras. The first

one is spatial scanning. In spatial scanning, each time a 2-D tensor is acquired along one

spatial dimension x and the spectral dimension λ. This means only one line of the scene

is acquired at each time. To obtain the full scene’s image cube, a scanning mechanism is

applied along the other spatial dimension y. It could be the move of the imaging platform

or internal mechanical scanning. Spatial scanning is widely used in hyperspectral remote

sensing. One drawback is the need of mechanical part in the imaging. The second data

collection mechanism uses spectral scanning. In spectral scanning, each time a 2-D

image of the full scene is acquired on one spectral band. Thus one gray-scale image

can be produced. The scanning occurs on the spectral dimension. This is implemented

by changing the wavelength of a band pass filter which only allows a selected band to

go through. This imaging method does not require mechanical part and is flexible in

selecting the λ. The third mechanism of data acquisition does not require any scanning.

It can directly obtain a 3-D hyperspectral cube. This snapshot manner is convenient

and saves imaging time. However, manufacturing of non-scanning hyperspectral camera

is expensive. The fourth hyperspectral cube acquisition mechanism relies on spatial-

spectral scanning. It performs scanning along both spatial and spectral dimension.

2.2.2 Hyperspectral Image

Hyperspectral imaging acquires information of targets not only along two spatial dimen-

sions, but also along the spectral dimension. Thus, this imaging method produces output

images different from that captured by traditional cameras. Gray-scale images have only

two spatial dimensions, thus they exist as two dimensional array: Igray ∈ RW×H . Igray

represents a gray scale image. W and H represent the width and height of the image.

Color images introduce three color channels in addition to spatial dimension. Thus,



Chapter 2. Literature Review 15

a color image can be represented as IRGB ∈ RW×H×3, where IRGB represents a color

image and the number 3 represents the dimension of color space.

Figure 2.4: Hyperspectral image cube.3

Hyperspectral images add a third continuous spectral dimension to spatial dimensions.

As is shown in Figure 2.4, a hyperspectral image can be represented as a data cube. In

mathematical expression, H ∈ RW×H×N . H represents a hyperspectral data cube and N

is the spectral dimension. One element of the three dimension array H can be expressed

as (x, y, λ). From the spectral perspective, a hyperspectral image can be considered to

be composed of many 2-D slices. Each slice corresponds to one narrow band. From

the spatial viewpoint, hyperspectral image also consists of pixels. Each pixel is a one

dimensional vector: p ∈ RN . Hyperspectral image provides rich information about the

target object and has wide applications in various fields.

2.3 Hyperspectral Image Classification

Due to the wide application of hyperspectral image, researchers have been dedicated

in developing methods for hyperspectral image classification in the last few decades.

Generally speaking, hyperspectral image classification methods can be divided into non

deep learning methods or traditional methods and deep learning based methods. Non

3https://en.wikipedia.org/wiki/Hyperspectral imaging/media/File:HyperspectralCube.jpg
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deep learning methods normally consists of two steps: feature extraction/reduction, and

classification using shallow classifiers. The advantages of traditional methods include

requiring less computational resources and having better interpretability. We will focus

on traditional methods in this subsection and leave the deep learning based methods

later.

2.3.1 Hyperspectral Image Feature Extraction

One of the main challenges of hyperspectral image classification comes from its high

dimensionality. As is discussed in the first chapter, high dimensionality of data will cause

the curse of dimensionality or Hughes phenomenon [23]. This brings difficulty for high

accuracy classification, so a significant amount of works have been performed to reduce

dimensionality of hyperspectral images by extracting low dimensional, discriminative

features. Moreover, the original data space might not be best for classification tasks.

Feature extraction and reduction methods try to find a better feature space in which

the hyperspectral data can be easily classified [43].

In [43], the authors provide a comprehensive review and comparison of feature extraction

and reduction methods in the context of traditional methods. The authors divide all

hyperspectral image feature extraction methods into knowledge based and statistics

based methods, and consider all feature extraction methods as finding a feature subspace

optimal for classification. Given the raw hyperspectral data p, feature extraction can be

considered a series of mathematical operations FE on p. The final extracted features s

can be expressed as:

s = FE(p). (2.1)

Knowledge based feature extraction makes use of expert knowledge such as physics and

chemistry to design the feature extractor FE. Examples of knowledge based feature

extraction methods are normalized difference vegetation index (NVDI) and soil adjusted

vegetation index (SAVI). In [44], the authors proposed a modified SAVI to better model

the effects of soil and atmosphere, in order to characterize vegetation more accurately.
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Knowledge based feature extraction is effective and straightforward. However, it requires

specific expert knowledge for each task, which is expensive and not generalizable.

Statistics based hyperspectral image feature extraction methods use training data sam-

ples and discovers patterns in it. Statistics based hyperspectral image feature extraction

can be categorized into supervised methods and unsupervised methods. Supervised

feature extraction requires both raw hyperspectral data and labels for each sample. Un-

supervised feature extraction assumes only the raw data is available, and tries to find

the internal structure of the data.

One of the most popular supervised feature extraction methods for hyperspectral image

is linear discriminant analysis (LDA). LDA is a method that finds a linear transform

of original data. The transformation tries to maximize separability of all the classes.

[45] proposed a hyperspectral feature extraction method based on regularized linear

discriminate analysis when the ratio of number of training samples to number of bands

is small. In this paper, five variants of LDA based methods are experimented and

analyzed. The authors proposed to regularize non-zero eigenvalues of scatter matrix.

In [46], Liao et al. combines LDA and linear local feature extraction in one framework.

Their method can keep local neighborhood information and maximize class separability.

Another group of popular methods for supervised hyperspectral feature extraction are

based on non-parametric discriminant analysis (NDA). LDA, as a parametric discrim-

inant analysis method, has a Gaussian distribution assumption. However, in actual

cases, this assumption may not always hold. NDA is proposed to solve this limita-

tion of LDA [47]. In [48], Kuo et al. extended the scatter matrix to a non-parametric

setting and extracted features for hyperspectral images. Their results show the advan-

tage of non-parametric method. Yang et al. proposed a cosine based non-parametric

feature extraction (CNFE) in [49]. In [50], the authors combined kernel method and non-

parametric feature extraction. This method converts linear transformation to non-linear

transformation and achieved improved classification performance.

Unsupervised hyperspectral feature extraction extracts features without using label in-

formation. It finds the internal structure of hyperspectral data itself and projects the
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data into another feature space. Principal Component Analysis (PCA) is an unsuper-

vised dimension reduction method widely adopted in data science. In hyperspectral

data, many spectral bands are correlated with each other. This provides an opportu-

nity to transform high dimensional correlated spectral signature to lower dimensional

linearly uncorrelated features. PCA is such a linear transformation that transforms

original features into a set of new features called principal components. The first sev-

eral principal components account for most of the variances in the data [51]. Tsai et

al. proposed a spectral segmented PCA for hyperspectral feature extraction and plant

species classification [52]. Yao et al. proposed to combine genetic algorithm and PCA

for hyperspectral image feature extraction [53].

Different from PCA, which concentrates on maximizing the variances of the data, in-

dependent component analysis (ICA) focuses on the mutual independence of the data.

ICA assumes the data is generated by multiple independent sources. These indepen-

dent sources are mixed together with certain proportions to produce the data. ICA

is a method used to separate the mixtures [54]. ICA was introduced in hyperspec-

tral image feature extraction. In [55], the authors describe a hyperspectral feature

extraction method using ICA and extended morphological attribute profiles (EAPs).

In [56], the authors extended ICA to independent component discriminant analysis

(ICDA) and showed the effectiveness of this ICA based method. Other unsupervised

feature extraction methods for hyperspectral image include manifold learning based

methods [12][57][58], kernel methods [59] and wavelet transform based methods [60].

2.3.2 Classifiers

After extracting discriminant features from hyperspectral images, the next step is to

send the features into classifiers for classification. We show classifiers training features

and label pairs (fi, yi), where i is the index of the pair, fi is the extracted feature, and yi

represents the ground truth label. The classifier learns the relationship between features

and labels, so it can predict the correct label for new feature in the test stage. Some

of the most widely used classifiers in hyperspectral image classification are K Nearest
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Neighbours (KNN), Naive Bayes (NB), Support Vector Machine (SVM) and Neural

network (NN).

The idea behind KNN classifier is very straightforward: in feature space, the distances

of points from the same category should be closer than that of points from different

categories. In KNN, there is no explicit training stage. It just simply stores all the

training data pairs. In the testing stage, the label of test data is decided by their

distances to training data. Specifically, K nearest training samples of a test data point

are searched and returned. The label of the test sample is determined by a vote of the

labels of the K nearest neighbors in training set. K is a hyperparameter that needs to be

chosen carefully. Figure 2.5 shows the decision boundary of a KNN classifier. If K = 1,

the label of the test point is simply the label of the nearest training point. Sometimes it

is better to assign weights to the K nearest neighbors according to their distances. For

example, the weight of each voting point can be 1/d where d is the distance to the test

point. As such, the nearer point can have higher impact for the prediction. The most

used distance measure for KNN is Euclidean distance. However, for some complex data

distribution, Euclidean distance may perform poorly. Thus, metric learning can be used

to learn a suitable distance metric. Weinberger et al. proposed a large margin nearest

neighbor classification [61]. Another popular method is nearest neighbor component

analysis [62].

Figure 2.5: KNN classifier decision boundary.4
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Naive Bayes (NB) classifier is another popular classifier in hyperspectral image classification.[63]

It is a probabilistic model. Given a data sample represented by a set of features x =

(x1, x2, ..., xN ), we would like to predict which category it belongs to from K class labels

{C1, C2, ..., CK}. The conditional probability can be represented as P (Ck|x1, x2, ..., xN ).

When N is very large, it is difficult to obtain the conditional probability. According to

Bayesian rule:

P (A|B) =
P (A)P (B|A)

P (B)
, (2.2)

where P (A) is the prior and P (B|A) is the likelihood. We can obtain:

P (Ck|x1, x2, ..., xN ) =
P (Ck)P (x1, x2, ..., xN |Ck)

P (x1, x2, ..., xN )
. (2.3)

The denominator in Equation (2.3) is a normalization constant and can be ignored.

Thus:

P (Ck|x1, x2, ..., xN ) ∝ P (Ck)P (x1, x2, ..., xN |Ck). (2.4)

To evaluate P (x1, x2, ..., xN |Ck, Naive Bayes made an assumption to simplify the prob-

lem: the features x1, x2, ..., xN are considered to be conditionally independent. There-

fore, we obtain:

P (Ck|x1, x2, ..., xN ) ∝ P (Ck)
N∏

n=1

P (xn|Ck). (2.5)

The next step of NB model is to estimate the distributions of the features. Finally the

classification can be performed by choosing the class having the highest probability:

ŷ = argmax
Ck

P (Ck)

N∏
n=1

P (xn|Ck). (2.6)

4https://en.wikipedia.org/wiki/File:Map1NN.png
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Although the assumption of independence of all features may not be always true , NB

classifier can still achieve good performance in many situations. In addition, NB classifier

requires fewer parameters and is relatively cheap in computation.

Support Vector Machine (SVM) is a very powerful classifier. It is considered one of

the most powerful classifiers before deep learning was proposed. Consider a binary

classification problem: given a training set {(xi, yi)}Ni=1, where xi is a H dimensional

feature vector and yi ∈ {1,−1} represents the label for the feature vector. SVM tries to

find a hyperplane in the feature space that can separate all the training vectors. There

are potentially a big number of hyperplanes that can fulfil this task. For SVM classifier,

the best hyperplane is chosen as the one that has the largest distance to samples of both

categories. In other words, SVM finds the hyperplane with the largest margin to the

data points of each class. The left side of Figure 2.6 shows several hyperplanes, and an

optimal hyperplane is demonstrated on the right side. It is obvious that the hyperplane

with maximum margin on the right side is better than all the hyperplanes in the left

figure. SVM classifier is also called maximum margin classifier.

Figure 2.6: Hyperplanes that separate data points.5

Formally, the objective function of binary linear SVM can be expressed as:

L =
1

n

N∑
i=1

max(0, 1− yisi) + λ ·R, (2.7)
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where L is the loss function, yi and si are the label and score computed by the model

for the ith data respectively, R is a regularization term for reducing overfitting and λ is

a hyperparameter controlling the strength of regularization. This loss is also known as

hinge loss. It is easy to extend the binary SVM to multi-class classification problem.

If the data is not linearly separable, a hyper-plane in the original feature space will not

be able to divide the training points. In this case, we need a non-linear classifier. Kernel

trick is proposed to solve the non-linear classification problem [64]. By applying kernel

function, the data points can be implicitly transformed to a high dimensional space

where a hyper-plane can properly divide the data. One of the most powerful kernel

functions is radius basis function (RBF), which has the expression:

K(xi, xj) = exp(−‖xi − xj‖
2

2σ2
). (2.8)

Neural Network (NN) is another popular classification method. Especially, deep neural

network is the most powerful and current state-of-the-art classifiers in hyperspectral

image classification. We will provide a detailed review of NN in later sections.

2.4 Hyperspectral Band Selection

Hyperspectral data have a significant number of spectral bands to provide detailed

spectral information about the object of interest. This high dimensionality of data

also brings several challenges for hyperspectral image processing. To deal with the

Hughes Phenomenon, feature extraction methods are able to reduce the dimension of

hyperspectral data and produce discriminative features. However, extracted features are

difficult to explain and lose physical meanings of spectral responses. It is desirable to

have a method that can reduce data dimensionality but maintains the physical meaning

of the reduced features.

Besides the Hughes phenomenon [23] described earlier, high dimensionality of data

means expensive cost in storing and higher band-width is required for transmission.

5https://miro.medium.com/max/921/1*nUpw5agP-Vefm4Uinteq-A.png
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This problem becomes worse in remote sensing when the data should be stored or trans-

mitted between ground station and satellites. In addition, hyperspectral cameras are

also expensive to manufacture because of the complexity of hyperspectral sensors, which

should respond to numbers of continuous narrow bands.

Band selection is the method to solve the above-mentioned issues of hyperspectral imag-

ing [22]. Although hyperspectral image has a large number of bands, many of these

bands are correlated with each other. This means there exists redundancies in hy-

perspectral images. Moreover, due to system noise or conditions of atmosphere, some

hyperspectral bands may contain no useful information other than noise, or have a very

low signal to noise ratio. Thus, it is favorable to select a subset of useful bands that

contains most information with low dimensionality for classification or other subsequent

tasks. According to [22], hyperspectral band selection methods can be divided into six

groups: ranking based band selection, clustering based band selection, searching based

band selection, sparsity based selection, task embedded band selection and hybrid band

selection of multiple methods. Based on whether labels of the data are available, hy-

perspectral band selection methods can also be grouped into supervised band selection,

unsupervised band selection and semi-supervised band selection. We will review related

literature using [22]’s categorization.

Ranking based band selection methods select the most informative band subset according

to a ranking order of all the spectral bands. The core problem of ranking based band

selection methods is to obtain an importance score for each band that describes the

usefulness of them. Then all the bands are sorted in descending order by the importance

score, and the selected band subset are the ones with the largest scores. To obtain the

ranking scores, several ranking criteria were proposed. These criteria are based on

information entropy, similarity of bands, or class separability. Wang et al. proposed

a hyperspectral band selection method based on manifold ranking [65]. In this work,

dissimilarity of bands and ranking were conducted in a manifold space. In [66], a ranking

based clustering method for hyperspectral band selection was proposed. The authors

adapted the fast density-peak-based clustering (FDPC) [67] method to make it suitable

for band selection task.
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Clustering based band selection methods are another widely researched band selection

methods. They first group hyperspectral bands into a certain number of clusters using

clustering methods. Then, representative bands in each cluster are selected as the useful

band subset. In clustering based band selection methods, bands are considered as data

points. Clustering algorithms analyze patterns of data points distribution and attempt

to find groups of points in which the inter-cluster points distances are maximized and

intra-cluster points distances are minimized. Clustering based band selection methods

select the bands that has large dissimilarity and discard similar, redundant bands. [68]

presents a hierarchical clustering method for hyperspectral band selection. The authors

used information theory based distances for clustering algorithm. Yuan et al. proposed a

dual clustering method which considered contextual information for band selection [69].

The experiment results validate the superiority of the dual clustering band selection

algorithm in terms of classification accuracy. Wang et al. designed an optimal clustering

framework for band selection in [70]. After clustering of bands, the framework further

utilize a ranking on clusters strategy to choose representative bands.

Searching based methods model hyperspectral band selection as an optimization prob-

lem in the space of bands. As any optimization problem, they involve an objective

function and an optimization strategy. The objective function is often built upon sim-

ilar band selection criteria as other band selection methods. These criteria include:

information entropy, dissimilarity, and class separability. The optimization methods

for band selection optimization problem can be divided into three classes: incremen-

tal searching, eliminating searching and updating searching [22]. Incremental searching

works by choosing and adding one optimal band to the existing selected band subset

each time. In [71], an incremental searching based band selection method was proposed.

The band selection was based on dissimilarity measure and spectral rhythm. In contrast

to incremental searching based methods, eliminating searching based methods optimize

the selected band subset in an opposite way. They start with a set of the whole bands.

In every iteration, one band was selected as the most irrelevant band and eliminated

from the existing set. Geng et al. put forward a volume-gradient-based band selection

(VGBS) method under the framework of eliminating searching [72]. The VGBS method

can select the least useful band at each iteration. Different from eliminating searching,
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updating searching based methods begin with a random subset of the required number

of bands. In the iteration process, one band inside the existing subset is replaced by a

band outside the subset that optimize a chosen criterion. For updating searching based

methods, Yang et al. introduced particle swarm optimization in band selection process

and showed its effectiveness in classification task [73].

Sparsity based band selection methods are inspired by sparse representation. Since there

are huge redundancies in hyperspectral image, it should be able to be represented by a

matrix with majority of the elements being zeros. Sparsity based methods are formulated

by adding sparsity constraints as a regularization term to the objective function. In

literature, there are two main types of sparsity based band selection methods: sparse

coding and sparse regression. Sparse coding methods can find a sparse code to represent

original hyperspectral data. The sparse codes can be used to select bands. In [74],

the authors formulate hyperspectral band selection problem in the context of multi-task

sparse learning. This method can be used for both band selection and hyperspectral

image visualization. Sparse regression based band selection makes use of supervised

regression and sparsity constraint to select informative bands. For example, Damodaran

et al. formulated hyperspectral band selection as a LASSO regression problem [75]. In

LASSO regression, L1 regularization is introduced to pursue sparsity.

Task embedded band selection methods embed band selection in the design of classifiers.

In [76], hyperspectral band selection was incorporated into support vector machine.

Thus, band selection and classification can be integrated in a unified model. In [77], the

authors embedded band selection in the framework of logistic regression for classification

of tree species. Hybrid band selection methods are the methods combine two or more

single methods. For example, Datta et al. proposed a band selection method that

combines clustering based band selection and ranking based selection [78]. Li et al.

combined genetic algorithm and support vector machine to design a new band selection

method [79].
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2.5 Deep Learning and Neural Network

In the last decade, deep learning has become the most popular and effective machine

learning methods. It brings significant breakthrough in almost all artificial intelligence

(AI) tasks [80][15][81][82]. In this section, we start to focus on deep learning and neural

networks. Specifically, current state and history of deep learning and neural network

research will be reviewed. We will also briefly describe the application of deep learning

in hyperspectral remote sensing area.

2.5.1 Neural Network

Artificial neural networks, known as connectionism approach to AI, was first proposed

in the 1940s [83]. The original idea was to simulate mechanism of human brain using a

computational model. Since human brains consists of large number of neurons connected

with each other. It is natural to simulate the activity of the brain using a computa-

tional graph. In this graph, nodes represent feature representations of input data and

edges represent certain computation on the nodes. Some widely used computations are:

multiply with weights, add a constant, and non-linear functions.

Figure 2.7 illustrates a typical simple neural network. The topology of neural networks

normally adopts a multi-layer structure. The example in Figure 2.7 has four layers: one

input layer, one output layer and two hidden layers. For a general recognition problem,

neural networks take some input data x such as image or text, and output the target

class label y for each input data. These are implemented by the input and output

layer respectively. The layers between input and output layer are called hidden layer.

The arrows mean multiplication by a weight, and the nodes represent sum operation

followed by an activation function. The computation between two adjacent layers can

be expressed as:

al+1 = f(W lal−1 + bl), (2.9)
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where a represents one layer, l is the index of a layer, W represents weights that multi-

plied with previous layer, b is a bias, and f means an activation function. f can be any

linear or non-linear function when the network needs to learn a non-linear function. For

example, f can be Sigmoid function:

f =
1

1 + e−x
. (2.10)

According to universal approximation theorem [84][85], this multi-layer architecture with

non-linear function can approximate any function. In other words, the typical neural

network can model any map between x and y. In the training stage, we show neural

network training pairs for them to discover the underlying function between input and

output. In this process, W and b are updated to fit the function. The hidden layer

can be considered learned feature representation of input data. In the output layer, a

logistic regression is applied to classify the learned features.

Figure 2.7: A simple neural network.

Training of neural network can be divided into two steps: forward propagation and

backpropagation. At beginning, input layer takes raw data x. Then inside the network,

Equation (2.9) is calculated at hidden layers sequentially until output layer. The output

of one layer is the input of the next layer. This process is called forward propagation.
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In the output layer, the number of nodes equals the number of classes to be categorized.

Thus, each output node represents a classification score for the corresponding class. Then

the obtained output ŷ is compared with groundtruth label y. The discrepancy between

ŷ and y is quantified as loss function. In the classification problem, cross entropy loss

is usually adopted. Given a training pair (xi, yi), after forward propagation the output

layer produces classification score si, cross entropy between yi and si is defined as:

Li = −log(
esyi∑C
j=1 e

sj
), (2.11)

where C is the total number of classes. The final loss function will be composed of the

mean of loss for the whole training set and a regularization term.

Since the parameters W and b are randomly initialized, the loss could be very large at

the beginning. We need to update W and b to reduce the loss. To achieve this, gradient

based optimization algorithm is used. The gradient of loss function to parameters can

be obtained using backpropagation [86]. It is based on iteratively applying the chain

rule of calculus:

dz

dx
=
dz

dy
· dy
dx
. (2.12)

Neural network integrates feature learning and classifier learning in an end to end train-

ing process. It eliminates hand craft feature designing, which requires expert knowledge

and is limited to specific scenarios.

2.5.2 Deep Learning

According to [84] and [85], a non-linear neural network with only one hidden layer is able

to approximate any function if the hidden layer is wide enough. However, it is infeasible

to implement in real life because the required number of neurons might be exponential.

One solution is to make network deeper by stacking many hidden layers. In this case,

the required number of neurons will reduce to an achievable level.
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The concept of deep neural network was first proposed in the 1990s. However, three

practical issues had hindered its development. First, deep neural network normally has

huge number of parameters. This means it is vulnerable to overfitting if the number of

training samples is not big enough. Second, deep neural network requires large amounts

of computations. This brings difficulty of training and inference when the hardware

was not sufficiently powerful. Third, deep neural network is difficult to train. With

the increased number of layers, optimization of deep neural network will face more

challenges. One of the biggest hurdles is gradient vanishing or gradient exploding [87].

According to backpropagation [86] and chain rule of calculus, the gradient of loss function

to parameters is obtained by a series of multiplication. When the network is deep, the

first few layers’ gradients are the product of derivatives of all the remaining layers. If the

gradients of the remaining layers are small, their multiplication will quickly reach zero.

Thus, the first few layers will receive no gradients and stop learning. On the contrary, if

the gradients of the remaining layers are big, their multiplication will increase rapidly.

This means the gradient of the first few layers will be very large values, which breaks

the learning process.

Due to the above-mentioned difficulties, the research of neural network was stagnant for

a long time. With the development of Internet and data capturing equipment, big data

is becoming more and more easily available. For example, using Amazon mechanical

Turk [88], Li et al. created an image dataset of millions of images [89]. At the same

time, the development of advanced Graphic Processing Unit (GPU) makes large scale

parallel computation cheap and accessible for researchers [90].

For the third issue, researchers have proposed a serial of methods for better training

deep neural network since 2006 [91][92][93][94]. Shallow networks are relatively easier to

train, so the authors designed a layer wise training strategy to train deep models [92].

It works by training the first layer for the task at the beginning. When the training has

converged, the first layer’s parameter is frozen. Next, a second layer is added on top.

This time the second layer is trained and then frozen. This process repeats until the last

layer of the deep neural network. This training process is called pretraining. After pre-

training, the whole network is further finetuned for the same task. This design mitigates
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gradient vanishing problem because in the pretraining stage only one layer is trained at

the same time. The pretraining strategy can also be considered as providing a better

parameter initialization than random initialization. Thereby, the finetuning training can

be performed with a good start. The optimization of deep neural network is a highly

non-convex problem, and a good initialization will lead to a significant difference. Later,

when large scale datasets such as Imagenet become available, pretraining is normally

conducted on a large dataset. Then finetuning is performed on target smaller dataset.

This pretrain-finetune strategy has been proved useful in many applications [95][96].

Activation function plays a significant role in the training of deep neural network. In

back propagation process, gradients of activation functions have a significant impact for

the back propagated signals. Most shallow networks use Sigmoid function as activation

function. However, when networks become deeper, Sigmoid will cause severe gradient

vanishing problem. In [97], Nair et al. proposed an activation function named rectified

linear unit (RELU). RELU overcame the drawbacks of Sigmoid and has become the

dominant activation function in deep learning. RELU can be expressed in:

f(x) = max(0, x). (2.13)

Figure 2.8 and 2.9 compares the two activation functions. For Sigmoid function, it is

clear that when the input value becomes too large or too small, the curve goes nearly flat.

This means the gradient will be near zero accordingly. In back propagation, gradients

are obtained by a series of multiplications. If one multiplier becomes zero, the final

result will also be zero. On the contrary, for RELU activation, when the input value

becomes large, the gradient does not reduce to zero.

Deep neural networks have a huge number of parameters, which might be larger than

the number of available training data points. To address overfitting problem, effective

regularization strategy need to be designed for deep learning. In [98], Srivastava et

al. proposed a dropout strategy to regularize very deep neural networks. The idea of

dropout is: in every training iteration, some neurons are dropped out from the neural

network. Specifically, every neuron has a probability to be removed. The probability
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Figure 2.8: Sigmoid.

Figure 2.9: RELU.

is a pre-defined hyperparameter. Dropout introduces randomness and disturbance to

training process of deep neural networks. It can avoid the huge model to memorize

training data. From another perspective, since the involved network in each iteration is

different, dropout can be considered as achieving an ensemble of big number of models

in a cheap way.

Data normalization is important for all machine learning methods. For deep neural net-

work, data normalization is also used as a regularization method. Ioffe et al. analyzed

training process of deep neural network and found that internal covariate shift exists in

hidden layers [99]. For the hidden layers, each layer’s output is the next layer’s input.

Although normalization is normally conducted for the input data, the distribution of

output of one hidden layer may not be aligned. The authors proposed batch normal-

ization strategy on hidden layers. This design not only speeds up training, but also
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plays a regularization part. Besides batch normalization, group normalization [100] and

instance normalization [101] have also been introduced to deep neural network training.

With the three obstacles of training deep neural network being solved, deep learning has

achieved remarkable success in most recognition and understanding tasks. In computer

vision and image processing, deep convolutional neural network (CNN) has demonstrated

significant advantages over traditional shallow models in image classification [15][102],

object detection [103][104], image segmentation [96][95], image captioning [105], visual

question answering [19] and video understanding [106]. CNN is a neural network archi-

tecture designed for two dimensional data. We will provide a more detailed review of

CNN in the next subsection. For sequential data modelling tasks such as speech recog-

nition and natural language processing, deep learning also brings revolutionary change

in terms of performance [81][82]. In sequential data prediction tasks, another special

network architecture Long Short Term Memory (LSTM) has been widely used [107]. In

reinforcement learning area, an importance milestone occurred in the game of Go. Silver

et al. combined deep neural network and tree search to build the algorithms AlphaGo

and AlphaGo Zero [108][109]. For the first time, machine has beaten human champions

of Go.

2.5.3 Convolutional Neural Network

Convolutional neural network (CNN) was first proposed for recognizing hand written

digits by Lecun et al. [2]. In deep learning era, it has become the basic structure for

almost all computer vision tasks [102][103][96]. On top of that, CNN has gained wide

application in remote sensing and medical image analysis fields [110][24].

Traditional fully connected neural network has dense connection between every adja-

cent layers. This brings too many parameters to be learned. This will lead to severe

overfitting problem. In addition, fully connected manner does not specifically consider

properties of image data. Thus, fully connected neural network is not optimal for image

related tasks. In mammals’ visual cortex system, the neurons are also organized in a

structure of multiple layers. However, these layers do not fully connect with each other.

The neurons in visual cortex works in a local way: each neuron only responds to a small
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part of the whole visual field. This phenomenon inspired the design of convolutional

layer in CNN.

Most CNNs are composed of three basic components: convolutional layer, pooling layer

and fully connected layer. Convolutional layer is the most important type of layer in

CNNs. Different from fully connected networks who flatten two dimensional images

to one dimension vectors for dense connected layer, CNN keeps the two dimensional

shape of image data when processing them. The input layer is the image itself. In

convolutional layer, each neuron is only connected to a local area of the previous layer

by a convolution kernel. The local area is called receptive field of neuron. This design

significantly reduces number of trainable parameters, and help prevent overfitting. To

capture features of the whole previous layer, the convolutional kernel slides across the full

layer, producing two dimensional feature maps. Since there are multiple features to be

extracted, each convolutional layer is equipped with multiple learn-able convolutional

kernels to extract different features. The design of convolutional layer makes use of

properties of image data, and is more suitable for image related tasks. Equation (2.14)

describes the computation of a convolutional layer [24]:

hijlk = f(
∑
t

Pl−1∑
p=0

Ql−1∑
q=0

wpq
lkth

(i+p)(j+q)
(l−1)t + blk), (2.14)

where h, f , w, b, represent hidden unit, activation function, convolution kernel weight

and bias respectively. i and j are index of spatial dimension. P and Q are the size of

each spatial dimension of convolution kernel. l and k are layer index and feature map

index respectively. Sum over t means the summation over feature maps of the previous

layer.

Pooling layer is another important layer in CNN. It reduces spatial dimension of layer

feature maps by a pooling operation. Two popular pooling strategies are max pooling

and average pooling. It works by dividing spatial dimension of feature maps into a

set of grids of N neurons. Then in each grid, the average or the maximum value of

all units is the output of pooling operation. Pooling layer uses smaller feature maps

to summarize the information of the previous layer. It introduces spatial translation
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Figure 2.10: First CNN architecture proposed in [2].

invariance to the learned features, and thus increase the robustness of CNN. If the final

task is classification, the multi-dimensional feature maps need to be flattened to a one

dimensional vector. Then fully connected layer can be used to output classification

scores. A CNN is a stack of these basic component layers. Figure 2.10 shows the first

CNN proposed by Lecun et al. [2].

One benefit of using CNN in image task is that it requires no feature engineering. CNN

builds an end to end system which takes raw pixels of image as input, and outputs the

final classification results. The feature extraction process inside the CNN is conducted in

a hierarchical way [111][112]. The first layer operates directly on raw images and learns to

extract low level features such as edges. The following layer extracts features on the first

layer and learns more complex features such as contours. In a deep CNN, as the layers go

deeper, the extracted features contain higher semantic meanings [113][114]. In addition,

it has been proven that deep CNN pretrained on a large dataset such as Imagenet [115]

can act as a general feature extractor for many vision tasks [116]. Compared to hand

crafted features such as SIFT [117], CNN feature extractor does not need special expert

knowledge to design, and is superior than most hand crafted features in many cases.

When it is impossible to collect big dataset for some applications, applying deep CNN

directly on small datasets may cause overfitting problems. In such situations, we can

either use CNN pretrained on similar available big dataset as a fixed feature extractor

or adopt transfer learning strategy. The purpose of transfer learning is to make use of

knowledge learned on one dataset for application on another related dataset. Imagenet

is built according to Wordnet [118] structure and covers much of the common visual

properties and knowledge [115]. Thus, CNN pre-trained on Imagenet contains useful
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properties for smaller common computer vision tasks. In specific, most of the layers in

pre-trained CNN are frozen, leaving only several layers on the top free for finetuning.

Since the bottom layers of a CNN learns common low level features such as edges and

contours, this knowledge can be shared between Imagenet and target small datasets.

Only the high level semantics and final classifier need to be re-trained on the target

dataset. Moreover, unfreezing only a few top layers means the number of trainable

parameters in finetuning is not very large. This helps prevent overfitting because there

are limited number of training samples on target dataset. Sometimes, we can even

unfreeze more layers of pre-trained CNN. In this case, to avoid breaking useful knowledge

of pre-trained model, learning rate of the unfrozen layers should be set to a small value.

The renaissance of CNN in computer vision was triggered by Krizhevsky et al.’s Alexnet

in 2012 [15]. During the following years, the research community proposed many different

network architecture designs to further improve the performance of CNN on various

image tasks. We briefly introduce several significant milestones in this area:

• Alexnet [15]: Alexnet is the first modern deep CNN in the literature. It has five

convolution layers and three fully connected layers. In total, Alexnet has 60 million

trainable parameters. In the 2012 Imagenet large scale visual recognition challenge

(ILSVRC), Alexnet achieved 15.3 percent top-5 error, which is 11 points lower than

the best non-deep models with heavy hand crafted engineering. To regularize

Alexnet, the authors adopted data augmentation and dropout techniques.

• VGGnet [119]: Simonyan et al. improved Alexnet by going deeper with simple

stacked structure. VGGnet extended the 8 layer structure of Alexnet to 16-19

layers, and proved that increasing depths can lead to a significant decrease of error

rate in ILSVRC. Another important modification of VGGnet on Alexnet is that

all convolution kernels in VGGnet have a 3×3 spatial size. A stack of several 3×3

convolution layers can have the same receptive field as one convolution layer with

a large kernel, but introduce more non-linearity and less parameters. VGGnet

achieved the second place in ILSVRC2014.
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• Goolgenet [120]: Googlenet also improves Alexnet by making the network archi-

tecture deeper. Googlenet has 22 layers and won the first place in ILSVRC2014.

Different from VGGnet which stacks simple layers, Googlenet stacks carefully de-

signed inception modules. A core idea behind the inception module is to extract

multi-scale features. Thus, 3 sets of convolution kernels with size 1 × 1, 3 × 3,

and 5 × 5 are used to operate on the input layer in a parallel way. To reduce

memory and computation load, the authors adopted 1× 1 convolution which can

compress module size. Googlenet adopted global average pooling at the top of the

network. This design eliminates the necessity for fully connected layer, which has

huge number of parameters.

• Residual net [102]: The success of VGGnet and Googlenet has demonstrated the

importance of depth in CNNs. Does the increase of depth of CNNs always lead

to better performance? He et al. investigated this question and found that simply

stacking of plain layers can result in the opposite effect [102]. In addition, their ex-

periments show that training error increases with depth of network. This disobeys

common intuition that deeper models should perform no worse than shallower

models. The reason could be that current optimization methods have difficulties

in optimizing very deep CNNs. Based on these observations and analysis, He et al.

proposed a residual learning block, in which the block learns a residual mapping

F (x) = H(x)−x. It can be implemented by an identity skip connection that adds

input x to the output. From the perspective of back propagation, this design can

also facilitate gradient flow process. By stacking residual blocks, the residual net-

work can reach a depth of 152 layers. This residual net was the winner in ILSVRC

2015.

Table 2.1 lists top-5 errors of representative methods in ILSVRC. We can see that

deep methods demonstrate huge advantage over shallow methods. Thanks to advanced

network architecture design, the depth of network can be as large as 152 layers. With

the increase of network depth, top-5 error drops remarkably. Machine performance has

surpassed human since 2015.
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Year Method Depth ILSVRC top-5 error

2012 SIFT+FV[89] 26.20%

2012 Alexnet[15] 8 16.40%

2014 VGGnet[119] 19 7.30%

2014 Googlenet[120] 22 6.70%

2015 Resnet[102] 152 3.57%

2017 SEnet[121] 152 2.30%

Human[89] 5.10%

Table 2.1: Top-5 error on ILSVRC.

2.5.4 Deep Learning in Hyperspectral Image and Remote Sensing

Inspired by the great success of deep learning in computer vision and other recognition

tasks, hyperspectral and remote sensing community have proposed various deep models

for classification [24][14][122]. To adapt deep computer vision models in hyperspectral

remote sensing area, it is important to address the differences between these two kinds of

images. There are two main differences. First, in natural RGB image classification, we

often have multiple images for training and testing. A label is assigned to a two dimen-

sional image. For hyperspectral remote sensing image classification, there is normally

one singe image cube. Our task is to assign each spatial pixel a class label. To build

the training and testing set, pixel-wise sampling or patch-wise sampling on the image

cube are needed. Second, the focus of the natural RGB image classification task is to

learn discriminative spatial features. To apply CNN, 2-D spatial convolution is applied

on natural images. On the contrary, hyperspectral image has one more dimension with

rich spectral information. Thus, different convolution operations can be applied.

In [24], Chen et al. proposed and comprehensively evaluated 1-D CNN, 2-D CNN and

3-D CNN on hyperspectral remote sensing image classification. 1-D CNN performs

convolution only on spectral dimension. The input samples are also spectral signatures

without spatial information. 1-D CNN extracts discriminative spectral features by a

stack of 1-D convolutional layer and 1-D pooling layer. In 1-D CNN, feature maps

of hidden layer reduce to a set of feature vectors. At the top of 1-D CNN, a few fully

connected layers are used to conduct classification on learned features. The experimental

results show 1-D CNN outperforms all other shallow spectral classification methods.
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To use spatial information of hyperspectral image, 2-D or 3-D CNN can be used [24]. In

such case, the input samples are no longer spectral pixels, but small patches cropped from

hyperspectral image, and the class of the central pixel is considered to be the label of the

patch. For 2-D CNN, the authors first perform PCA on the cube and extract only the

first principle component as a 2-D matrix [24]. The first principle component contains

spatial information and is sent to a conventional 2-D CNN. With spatial information,

2-D CNN performs better than 1-D CNN in accuracy. It also outperforms all other

methods using only the first principal component.

It has been shown that combining spatial and spectral information can lead to the best

performance [123]. To perform spectral spatial feature extraction and classification, it is

desirable for CNN to operate on the hyperspectral data cube, rather than a few principal

components. To this end, 3-D CNN is designed for hyperspectral image classification. In

3-D CNN, the convolution kernels are also small 3-D cubes and they slide along spectral

dimension in addition to spatial dimensions. In 3-D convolutional layers, the produced

feature maps become a set of feature cubes. 3-D CNN achieved the highest accuracy in

all CNNs [24].

Since depth is important for deep learning based methods, Lee et al. proposed to go

deeper for hyperspectral CNNs [124]. The proposed network has 9 layers with skip

connection to facilitate optimization, which is deeper than Alexnet [15]. The scale of

current hyperspectral dataset is still much smaller than natural image dataset such as

Imagenet, so it is not feasible to increase the depth of hyperspectral CNNs to Resnet’s

152. Similar to Googlenet [120], the authors of [124] also adopt parallel branches with

different convolutional kernel sizes in the first hidden layer of their network architecture.

This design can better exploit multi-scale contextual structure of hyperspectral images.

Another contribution of this work is a fully convolutional network that is employed for

hyperspectral image classification. It is achieved by modelling fully connected layers as

global convolutions.

Motivated by residual networks in natural image classification, Zhong et al. designed

a customized residual network in hyperspectral data classification [16]. [124] also in-

troduces residual learning in CNN for hyperspectral image classification. In [16], two
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residual blocks are proposed to specifically harness the property spectral-spatial data.

Spectral residual blocks and spatial residual blocks are designed to explicitly extract

spectral feature and spatial feature respectively. The two kinds of residual blocks are

used consecutively in the final network. Besides, this work also validates the effectiveness

of batch normalization in 3-D hyperspectral CNNs.

There are more complicated designs of deep CNNs in the literature. Liu et al. designed

a siamese convolutional neural network (SCNN) for supervised feature extraction and

classification of hyperspectral image [25]. Researchers also explored methods that com-

bine CNN with other traditional methods. In [125], CNN was combined with conditional

random field (CRF) for hyperspectral image classification. The authors introduce CRF

on top of CNN to better model contextual information and obtained improved classi-

fication accuracy. To achieve high performance of classification when available number

of training samples are limited, Pan et al. proposed a R-VCANet, which combines

convolution and vertex component analysis [126].

Besides CNN, there are other types of deep learning achieving state of the art perfor-

mance in many tasks [127][128][129]. Chen et al. applied restricted Boltzmann machine

and deep belief network to extract features and classify hyperspectral image data [130].

In [14], another deep learning method stacked auto-encoder was employed in hyperspec-

tral image classification. A hyperspectral pixel has a number of spectral response values

organized in a certain order. The pixel can be considered as sequential data. Recurrent

neural network (RNN) was originally designed to model sequential data such as natural

language. Inspired by sequential property of hyperspectral pixels, Mou et al. proposed

an RNN with special gated recurrent units for hyperspectral image classification [131].

2.6 Saliency and Attention

Saliency of visual scenes is an important topic in cognitive psychology [132] and computer

vision research [133]. Recently, the concept of saliency has been introduced to deep

learning for building neural network architectures that can attend to importance regions

of an image [134] or a natural language text [18]. The attention mechanism design in
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deep neural network has become a hot topic and achieved good performance in many

applications.

2.6.1 Visual Saliency

When sensing signals of environment, human and animals have the ability to notice

and focus on the most important or salient part immediately. For visual perception

specifically, saliency means the most prominent area of an image. The ability of de-

tecting salient objects in surrounding environment is crucial for survival of a species. It

enables animals to perceive danger or threats in shortest time. In this case, dangerous

or threatening objects are the salient ones in a scene. Another benefit of saliency de-

tection ability is saving valuable resources and energy of perceptual system. The visual

system can receive huge amounts of visual information every second from the world. It

is impossible for the brain to process all these data. Saliency detection enables one to

select and attend to the most relevant component of the whole scene. Thus, the usage

of limited cognitive resources can be optimized.

In computer vision, researchers are trying to assign machines the similar saliency detec-

tion capability of visual systems. There are many factors making an object stand out.

From a computational point of view, special low level features contribute to salient areas.

For example, sharp contrast [135] or special frequency property [136] in an image may

immediately draw our attention. Saliency detection can also be driven by tasks [137].

Recently, deep learning based methods have achieved excellent performance in saliency

object detection [138][139]. Detailed review of salient object detection can be found

in [137], [140], and [141].

2.6.2 Attention in Neural Networks

The ability of saliency detection of human and animals leads to highly efficiency and

effectiveness of biological perceptual system. This useful ability has inspired researchers

in deep learning community to design and incorporate attention mechanism in artificial

neural network architecture. Classical network architectures such as CNN and RNN can
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learn to extract abundant effective features for final supervised tasks. However, these

features are generally considered the same in terms of importance. This is not always

true in many complex tasks. To obtain optimal performance, important features need to

be enhanced or selected, and less significant features need to be weakened or removed.

Attention neural networks are designed to fulfil this task. I will give an overall literature

review here and provide more specific literature and explanation about the intuition and

mechanism of attention in the following chapters.

Attention mechanism was first introduced to deep networks for machine translation [142].

In this work, the attention mechanism enables the network to focus on certain related

words or phrases of source sentences when producing the translated output. Vaswani et

al. [18] proposed an attention network named Transformer for machine translation. The

authors claim that attention is all you need in language modelling. Xu et al. designed

an attention network for image captioning [134]. In their methods, the model can attend

to specific image regions when generating corresponding caption words. This method

achieved superior performance on several image captioning datasets and the visualization

results show the model does attend to the correct regions which has the corresponding

semantic meaning of the caption.

For image classification tasks, Jaderberg et al. proposed a spatial transformer network

in [143]. The spatial transformer network can attend to affine transformation of objects

in images. The transformer module learns parameters of affine transformation and

applies it on the image. To solve the problem of weakly supervised classification with

noisy labels, Zhuang et al. [144] proposed an attention mechanism that can attend in

groups of images. The authors demonstrate the effectiveness of the designed attention

network on a noisy dataset created from web search. Wang et al. combined residual

learning and attention mechanism and designed a residual attention network [20]. In

the residual attention network, a parallel soft mask branch is used to learn a weighting

tensor. Each element of the weighting tensor represents the importance of corresponding

unit of feature maps. At ILSVRC 2017, an attention based network won the first place,

showing the effectiveness of attention as a general network module in large scale image

classification task. The winning method adopted a channel wise attention design named
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squeeze and excitation block (SEblock) [121]. SEblock is a light weight branch using

a global average pooling and two small fully connected layers. The SEblock will be

analyzed and redesigned in Chapter 3. There are some other attention design based on

RNN [145][146].

Attention mechanism in deep learning does not necessarily follow the branching and

weighting paradigm in SEblock [121]. The key point is to model significance of features.

Dai et al. proposed an attention paradigm called deformable convolution network [147].

Conventional convolution operation slides a fixed square shaped kernel on images or

feature maps. However most objects of interest do not have a square shape. In other

words, the convolution feature extractor does not attend to the target object. Conven-

tional pooling operation also has the same drawback. To integrate attention mechanism

into the feature extractors of CNN, the authors proposed the deformable convolution.

The deformable convolution does not sample square grid on previous feature maps. A

set of learnable offsets are introduced to the sampling positions of convolution kernels.

After offsetting, the deformed convolution kernel can selectively sample more relevant

positions on the feature maps. In addition to modelling importance of features or posi-

tions, attention mechanism can also be used to model long-range dependencies. Wang

et al. proposed non-local network in [148]. The non-local operation performs comput-

ing on the whole image or feature maps and models the relationship between current

position and all other positions. This design not only enables the non-local operation

to attend to different positions, but also considers the long range dependencies across

the whole feature maps. Non-local neural network has shown its effectiveness in video

classification, object detection and key-point detection.

2.7 Universal Classification Models

The human visual system has the ability to perform classifications on various different

datasets from natural scenes to man-made objects. However, most of the current deep

learning based methods only works on a specific dataset. When being used on a dataset

different from the original training dataset, state-of-the-art deep learning models perform
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very poorly. Although Imagenet pretrained models can adapt to many different datasets,

finetuning on target datasets is still indispensable. This is significantly different from

human vision. Since human visual system has the ability to classify data from different

domains, there should exist a universal representation of the visual world.

Researchers in computer vision have conducted preliminary attempts to obtain a uni-

versal representation on several different datasets. Bilen et al. [149] first address this

problem by scaling feature maps from different domains. In [150], a new benchmark

containing datasets from 10 different domains was established to facilitate the research

of multi-domain classification. Rebuffi et al. proposed and compared a series and a par-

allel adapter for multi-domain classification [26]. An important aspect of multi-domain

model design is to maximize the number of shared parameters across data domains and

minimize the number of dataset specific parameters. To this end, Guo et al. proposed

to apply depth-wise convolution for dataset specific parameters and make point-wise

convolution shared by all datasets. The problem of universal representation has also

been explored in object detection [151] and medical image segmentation [152].

In hyperspectral remote sensing image classification, the universal representation prob-

lem has been rarely researched. One related work is [153]. The proposed network has

a few dataset specific layers on the top and bottom of the architecture. In the middle

layers, the parameters are shared by all datasets. Lee et al. conducted experiments to

investigate the necessity and benefits of pretraining in hyperspectral image classifica-

tion [154].

Before 2012, researchers had explored many directions in both hand-crafted feature

extractor and classifier design for hyperspectral image classification. During the re-

cent years, deep learning has dominated the area because of its superior performance.

However, there are many unsolved problems in developing deep learning models for

hyperspectral image classification. In addition, new application case such as universal

classification has also not been well investigated.
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Attention Based Feature

Weighting Network for

Hyperspectral Image

Classification

In this chapter, we propose an attention based feature weighting network by design-

ing and integrating an attention module in the traditional convolutional neural net-

work for hyperspectral image classification. Our proposed feature weighting network

has the capability to model the relationship of spectral and spatial features and weight

them according to their joint contribution to classification. The attention based feature

weighting network can generate different weights to different samples according to prop-

erties of individual sample. The experimental results demonstrate the effectiveness and

superiority of our approach.

45
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3.1 Introduction

Hyperspectral imagery has been widely adopted in a wide range of areas such as agricul-

ture, ecology, mining and environment monitoring [155]. The main advantage of hyper-

spectral image over the other imaging modalities comes from the fact that it captures the

reflectance information of the target in a significant number of continuous bands across

the light spectrum. The acquired spectral signatures contain abundant information of

the object, capable of characterizing the physical, chemical and material properties of

the target object [11]. In remote sensing, the obtained image may be in relatively low

resolution [7] and the ground scene cannot be identified only by spatial information.

Thus, spectral information is particularly significant in this scenario. Modelling spectral

and spatial information are critical topics in hyperspectral image classification.

From spectral perspective, it is common that hyperspectral remote sensing images con-

tain hundreds of spectral bands, making the spectral response at each pixel a high

dimensional vector. However, high dimensionality is not always good. Sometimes the

redundant bands may undermine the effectiveness of detection and classification in the

hyperspectral image [23]. Therefore, reducing the amount of data in hyperspectral im-

age and modelling the relationships of them becomes one of the most important topics

in hyperspectral image processing.

In general, there are two main types of methods to mitigate the high spectral dimension

issue. Each has its own advantages and disadvantages. The first one is spectral feature

extraction, which resorts to algorithms to calculate a set of compact and useful features

from the original data [12]. This class of methods, although very powerful, deteriorate

the physical meaning of the original data. In addition, many feature extraction algo-

rithms suffer from complicated design and high computational cost. The second type of

methods are band selection. It has been demonstrated that not all in the hundreds of

bands of a hyperspectral image are indispensable [156]. In fact, there has been enormous

redundancies in hyperspectral images because most of the bands are correlated. Some

of the bands contains more noise than contributive information, leading to sub-optimal

performance in the applications. Consequently, selecting the most informative bands
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and eliminating redundant and noisy ones is necessary. However, band selection will

cause a lost of information. We will deal with hyperspectral band selection in the next

chapter.

Spectral feature extraction has the ability to discover informative and discriminative

representations of hyperspectral data to some extent, but the relationship among a va-

riety of extracted features is still not well described. For instance, the contribution of

different feature to the final task should not be the same, so it is improper to treat them

equally. Moreover, some features do not provide significant contribution in themselves

but can contribute much more along with others. To tackle this problem, spectral feature

weighting is proposed. It is a method that tries to characterize the importance of each

spectral feature and assigns the corresponding weight to them. Thus, this method has

the ability to model the relationship among them. Spectral feature weighting has also

been explored in the literature [157][158][159][160]. These methods can provide a weight

to each spectral feature according to its importance, treating all the classes equally.

However, they ignore a fact that different classes of objects require different weight con-

figurations, and lack discriminative power. Yan et al. [21] proposed a weighting method

through maximizing interclass distance to obtain the weight for each specific class in the

context of support vector machine. Moreover, spectral feature weighting method can be

easily extended to band selection by removing redundant and non contributive bands

by assigning their weights to zero.

From spatial viewpoint, the spatial resolution of hyperspectral image is becoming in-

creasingly high with the development of hyperspectral data acquisition technologies. For

example, the ROSIS sensor collected two hyperspectral datasets over Pavia, Italy: Pavia

University and Pavia Centre. Both datasets have a spatial resolution of 1.3 meters. As is

shown in Figure 3.7, clear spatial layout and structure can be seen in the hyperspectral

image. These spatial features can provide important clues for classification.

Researchers have proposed many methods to utilize spatial information in high resolu-

tion hyperspectral images for classification. Different from spectral classification which

only considers spectral information of individual pixels, spatial classification makes use

of spatial features extracted in a neighbourhood of the interested pixel. Different classes
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of objects have different texture appearances. Zhang et al. exploited this property and

extracted texture features for hyperspectral image classification [161]. Morphological fea-

tures have also been adopted in spatial feature extraction for hyperspectral images [162].

[163] provides a comprehensive review of hand-crafted spatial features in hyperspectral

image. In deep learning methods, to extract spatial information, hyperspectral image

patches are sent to 2-D or 3-D CNNs for classification [24].

Although traditional spatial feature based hyperspectral image classification takes spa-

tial property such as shape and texture into consideration, most of these methods fails

to model the importance of spatial features in a local patch. They simply extract fea-

tures from the neighbouring region. It is obvious that not all surrounding locations of

features have the same contribution to classify the center target. Nearer features might

have more importance because the same land-cover category tend to cluster together.

Some further features can provide critical context information or have a stronger cor-

relation with center object. These surrounding areas of features should be emphasized

more. Other locations may have less correlation with central label or can be considered

as noise. Such features should be ignored or suppressed. Thus, to better make use of

spatial information, it is necessary to model the relevance of spatial features.

Most of the best performed hyperspectral image classification methods leverage both

spatial and spectral information by extracting spatial-spectral features [164][163]. Spec-

tral spatial classification extracts features from 3-D data cube and jointly exploring

discriminative information in spatial and spectral space. Although achieved great per-

formance, these methods are still sub-optimal. The reason is the same as described

above: considering all features as having the same importance and failing to model the

significance of them. In this chapter, we address the three issues: spectral feature weight-

ing, spatial feature weighting, and spectral-spatial feature weighting for hyperspectral

image classification.

In the last decade, with the big data and parallel computing infrastructure becoming

more and more available, deep neural networks have achieved unprecedented success in

computer vision [102], natural language processing [165] and other data science fields [80].

Deep neural networks have the ability of fitting very complex model and generalizing
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well at the same time. The hyperspectral remote sensing community has also noticed the

great power of deep learning and proposed many network architectures adapted specifi-

cally for the hyperspectral images [24][164][166][126][167]. For example, Chen et al. [24]

proposed to use three different Convolutional Neural Networks (CNNs) to accomplish

hyperspectral image classification and achieved better results than traditional shallow

method. Zhong et al. [164] introduced the popular residual architecture in hyperspec-

tral image classification to further improve the performance. These successes continue

to motivate researchers to further investigate the use of deep learning in hyperspectral

image processing.

One of the most exciting progress in deep learning recently is attention architecture

embedded in the neural networks [18][144][145][168]. Attention is a mechanism that is

used by the human brain to process information [169]. Because of the limited process-

ing capability of human brain, it is impossible to process all the information perceived.

Therefore, attention mechanisms are employed to concentrate the energy and resources

to deal with the most important information. In other words, it is an ability to focus on

the more critical information and neglect the less relevant information. In the context

of deep learning, the attention model first achieved great success in natural language

processing such as machine translation [170], question answering [171], and natural lan-

guage inference [172]. It can model the dependencies in long sequences and focus on the

most relevant part.

Generally, attention mechanism can be divided into soft attention and hard attention.

For the hard attention, the attended area is selected in a hard way. In this case, reinforce-

ment learning is often used to solve the optimization problem [173]. On the contrary,

soft attention assigns continuous weights to the whole data area and uses traditional

back-propagation for optimization. Currently, soft attention is more widely used. At-

tention module was integrated in image captioning network that can guide when and

where to look on the image when generating each caption word [134][174]. In [144],

attention mechanism was used in weakly supervised learning to tell the model where to

look in the weak label setting. Another area that gains application of attention model is

the fine-grained classification [175][176] and human pose estimation [177]. In this task,
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focus is guided to the subtle discriminative part so the performance can be improved

by applying attention model. Attention model is also useful in pure image classification

task. Wang et al. proposed to use attention module in the residual network to produce

attention maps on the internal feature maps to enhance useful features and suppress the

distractions [20]. In [168], a squeeze and excitation block was proposed to assign atten-

tion weights on the feature channels of the internal layer. Through this method, the

proposed SEnet achieved the first place in the ILSVRC 2017 classification competition.

Attention network is especially adept at modelling the importance of the features. Mo-

tivated by this and the property of hyperspectral image described above, we propose

attention networks for hyperspectral image feature weighting and classification. Our

intuition is that the relative importance of different features in hyperspectral image can

be learned from the data by attention networks. Therefore, we design attention mod-

ules to automatically weight each feature in CNN according to its contribution to the

classification task and integrate the attention module to a trunk CNN. One benefit of

our attention network is that it can assign sample specific weights. Extensive experi-

ments have been conducted to validate our design and the results show that our feature

weighting scheme with CNN yields better accuracy than competing algorithms.

Our contribution can be summarized in three aspects. (1) We propose to use attention

network to accomplish the feature weighting for hyperspectral image. To the best of

our knowledge, this is the first time that an attention network is proposed for the

hyperspectral feature weighting task. (2) We design the attention module according

to the property of hyperspectral images. This module can assign different weights to

different samples. Our attention network is related to [121]. We modify it to adapt

to hyperspectral images. (3) Our method achieves very high classification accuracy on

several different hyperspectral datasets, exceeding many current classification methods.

The rest of the chapter is organized as follows. Section 3.2 illustrates the related work on

hyperspectral feature weighting and attention models in deep learning. Section 3.3 de-

picts our spectral feature attention network design and the overall network architecture.

Section 3.4 extends the spectral feature weighting network to spatial and spectral-spatial

feature weighting network. In Section 3.5, we describe the experiments conducted on
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different datasets, including comparison with other methods. Section 3.6 concludes the

chapter with some discussions.

3.2 Related Work

In this section, we briefly review the work related to this chapter. At first, the concept

of hyperspectral feature weighting and some typical algorithms are described. Then,

recent advances in attention model are summarized.

3.2.1 Hyperspectral Feature Weighting

Given a hyperspectral image H, let pi be a pixel of H, where pi ∈ RN , and N is

the number of bands in H. In CNNs, the extracted features are organized in different

channels of feature maps F = (f1, f2, ..., fC). fi represents a single feature map, C

represents number of feature maps. Feature weighting is to find a weighting tensor

W with the same size as F that the element in W represents the contribution to the

classification task. After the feature weighting process, the weighted sample F ◦W is sent

to the classifier, where ◦ means element-wise multiplication. Through feature weighting,

important information is enhanced while less relevant information is suppressed.

In the literature, researchers have investigated weighting of features of hyperspectral im-

ages. In shallow models, feature weighting methods leverage the power of support vector

machine (SVM) [157][159][21]. For example, Yan et al. proposed a weighting method by

exploiting the classification process of the SVM [21]. They first trained multiple binary

SVM classifiers. Then a balancing procedure was executed and the distance between

data was stretched. Finally, a modified SVM objective function was formulated to pro-

duce the weighting vector. The experiment results showed improved performance after

weighting. In [178], spatial information was considered for a weighted spectral spatial

classification. However, to our knowledge, no feature weighting approaches have been

designed in a deep neural network framework.



Chapter 3. Attention Based Feature Weighting Network for Hyperspectral Image
Classification 52

3.2.2 Attention Model

I have reviewed the general attention models in deep learning in Chapter 2. Here I

describe related works which are more specific to feature weighting in image and vision.

Attention model is designed to make full use of limited resources to process the most

important information. In deep learning, it can be a parameterized module or a specific

branching layer. The input to the attention model is the feature maps or original raw

data and the output is often a weighting mask, which can be hard or soft. Then the

mask is applied to the feature maps. The mask assigns higher weights to more important

features and lower weights to less important features. As the hard attention mechanism

often requires a reinforcement learning method [173] for optimization, we only discuss

the soft attention, which can be solved using the common back-propagation approach.

Although originally proposed for natural language processing, attention mechanism has

quickly attracted attention in image and vision application [134][177], because it can

be seamlessly integrated with CNN in the image classification task. Wang et al. [20]

proposed a residual attention network. The traditional residual block was extended

to residual attention block by integrating a soft attention branch. Then the residual

attention blocks were stacked together. It has been shown that the residual attention

network can generate different attention maps for different features, leading to improved

classification accuracy. Hu et al. [168] focused on feature channel wise attention and

proposed a squeeze and excitation network. Compared to the residual attention network,

this network is more light weighted. It adopts global average pooling to summarize the

information in each feature maps and then adds some fully connected layers to learn the

channel wise attention weights.

3.3 Spectral Feature Weighting Network

In this section, we elaborate our spectral feature weighting network method and discuss

some design strategies. Starting from the input image, we develop a spectral atten-

tion network which produces weights for spectral features. Then the weighted features

are used for classification. The whole network framework is shown in Figure 3.1. The
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Figure 3.1: The framework of the proposed method.

trunk CNN is a conventional classification CNN that takes in input samples and output

land cover types. The orange blocks represent feature weighting modules. The feature

weighting module interacts with trunk classification CNN by reading features, conduct-

ing computation, and outputting weights for the corresponding features. The weighting

module can be jointly trained with the trunk CNN in an end to end manner by back

propagation.

3.3.1 Spectral Convolutional Neural Network

CNN is mostly used in 2-D manner to process images [15], though the convolution

operation was first proposed for 1-D data in signal processing. Since the primitive data

samples in hyperspectral images are 1-D spectral signatures, it is natural to adopt 1-D

CNN. In 1-D CNN, all convolution and pooling operations are done in vectors and there

is no need for flatten layer to apply fully connected layer. Advanced CNN architectural

design such as residual block [102] and inception module [179] can also be adapted to

their corresponding 1-D version. Chen et al. [24] implemented 1-D CNN in hyperspectral

setting and obtained better performance than all shallower models.

The goal of our network is to do pixel wise classification for the hyperspectral image

H, assigning label yi to each pixel pi ∈ H. The classification is done by a trunk CNN

classifier as it has shown the state-of-the-art classification accuracy [24][164].
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The 1-D spectral CNN is mainly composed of 1-D convolution, 1-D pooling and fully

connected layers. Since we use 1-D operation, the feature map is just a vector. Using

the similar notation as in Equation (2.14), 1-D convolution can be expressed as [24]:

hilk = g(
∑
t

Pl−1∑
p=0

wp
lkth

(i+p)
(l−1)t + blk), (3.1)

where blk is the bias term, t indexes the feature map in the previous layer, P is the

width of the convolution kernel, wp
lkt is the weight of corresponding kernel at position p.

g represents the activation function which can be Rectified Linear Unit (RELU), Tanh,

Sigmoid or other nonlinear functions. In deep neural networks, RELU is more favored

than any other activations [180], which is defined in Equation (2.13).

Pooling is a strategy used to summarize the feature map information. It has several

benefits. One is that it can reduce the amount of learned parameters of the model, thus

can prevent overfitting. Pooling can also increase the size of the receptive field of deeper

layers, enabling the higher layer to receive more global information. Through pooling,

the features are aggregated to provide invariance property.

To further reduce overfitting and accelerate training, we also adopt more advanced

techniques, including dropout [98] and batch normalization [99]. Dropout is a technique

that removes some neurons in the neural network with certain probability in the training

stage. It regularizes the model by injecting some randomness. From another point of

view, dropout implements an ensemble of many sub-networks in a cheap way. Averaging

over all the sub-nets can boost the accuracy. Batch normalization aims to reduce the

internal covariate shift effect by normalizing the input in the internal layers. It has the

ability to regularize the net and speed up the training. In our spectral network, we use

dropout to the fully connected layer and batch normalization to all the layers in the

stem branch.

Compared to stacking the simple building components together to make a deep network,

it is also straightforward to adapt more advanced architectures, such as residual and

inception module in the 1-D CNN case. In this chapter, we mainly focus on traditional

building blocks to construct our feature weighting network.
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Figure 3.2: Feature weighting module.

3.3.2 Spectral Feature Weighting Module

Our target is to assign weights to different spectral features of the hyperspectral data.

These features can be spectral responses or one dimensional feature maps extracted by

1-D CNN. By applying the weights to these spectral features, the discriminative feature

or feature subset can be enhanced while the noisy and redundancy ones are removed or

suppressed. The weights should satisfy two conditions. First, the value of the weight

assigned to each feature should reflect the contribution of the feature to classification.

Ideally, some weights may even be zero or very small because of the redundancy and

noise in hyperspectral data. Second, the distribution of the weights should model the

relationship among all the features. Feature weighting does not evaluate the importance

of spectral features independently. Instead, we can consider the contribution of features

as a whole [178][21]. After multiplication with the feature weights, the features in all

the feature maps will manifest a more discriminative pattern and can ease the work of

the following classifier.

We formulate the feature weighting problem in the context of neural network. The

basic module diagram is illustrated in Figure 3.2. It is a small branching sub-network

with inputs that are distillations of spectral features Flo ∈ RNl×Cl , where l and o are

the index of layer and index of input samples respectively, Nl is the length of feature

maps in layer l and Cl is the number channels in layer l. To simplify notations, we
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ignore the layer index l and sample index o in the rest of this chapter unless explicitly

mentioned. F = (f1, f2, ..., fC), and fi ∈ RN denotes the ith feature map. To compress

the information inside spectral feature maps, we adopts one dimensional global average

pooling on fi, which can be expressed as:

si = GAP (fi) =
1

N

N∑
j=1

f ji , (3.2)

where GAP represents the global average pooling operation, si is a scalar value repre-

senting the distilled information from feature map fi, and f ji denotes the jth element in

fi. Then all of the obtained si is assembled to S = (s1, s2, ..., sC). S ∈ RC is the input

to feature weighting network denoted as the orange block in Figure 3.2.

The computation of feature weighting network can be described as:

V = A(S), (3.3)

where V = (v1, v2, ..., vC) ∈ RC is the weight vector for the corresponding feature, A

represents the transformation of the sub network. Note that each sample has their unique

V and S. It can be easily seen that our formulation can provide weight configuration for

each sample. We argue that providing sample specific weights is a desirable property. A

satisfactory weighting method should not only enlarge the inter class distances [21] but

also consider the intra class variability. In hyperspectral remote sensing, a single pixel

often corresponds to a large ground area. This means there are inherently amounts of

differences in pixels from the same class and mixing happens frequently [24]. Moreover,

the complexity of imaging conditions also creates intra-class dissimilarity. Thus, it is

not unusual that even in the same class, different samples demonstrate distinct spectral

properties and rely on different spectral features to represent themselves. It is necessary

to consider this phenomenon and use sample specific weights to achieve a better model.

Before discussing the details of the sub-network design, we need to solve two problems:

how to train the feature weighting module and how to integrate it with the trunk classifier

network. We only have the labels for all the training samples, but do not have the
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supervising information for the feature weights. One possible solution would be using

unsupervised learning to obtain the weight for each feature from the data itself. However,

unsupervised learning does not give satisfactory discriminative performance compared

with that of the supervised counterpart.

Here we adopt a supervised manner to make use of the signals from the class labels to

guide the training of the feature weighting module. In this regard, we integrate feature

weighting module A into the main classification network. This scheme is demonstrated

in Figure 3.1. On top of the trunk CNN, parallel branch sub-networks are created

whose output is the significance weights. Then, the feature weights are multiplied with

the original input again to produce the weighted feature, which can be denoted as:

Fweighted = (v1f1, v2f2, ..., vCfC), (3.4)

where Fweighted denotes the features after being weighted, vi, i = 1, 2, ..., C is the scalar

weight for feature map fi. The following layers of the main network will receive and pro-

cess the weighted feature. The feature weighting module and the classification network

can be trained together end to end using back-propagation. As the neural network can

adjust its weights according to the loss function, we expect that it will automatically

converge to the suitable feature weights to maximize the classification accuracy. The

proposed feature weighting module can also be applied to the raw input spectral data.

In this case, each spectral response of corresponding wavelength is considered a feature

map itself. In other words, fi is reduced to a scalar. All other operations remain the

same.

3.3.3 Design Options and Analysis

We have already obtained the main framework of the whole CNN in the previous sub-

sections, but there are still plenty of design options that have significant impact on the

feature weighting production process and the final classification accuracy. They will be

discussed in detail in this subsection.
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Figure 3.3: Bottleneck attention.

In the previous subsection, we only gave the form of feature weighting module A, but

did not provide the details of how A is designed. After global average pooling opera-

tion, the input to weighting module is a one dimensional vector. It is natural to use a

fully connected manner to design it. To be simple, one hidden layer before the feature

weights is used. To avoid overfitting on the feature relationship, we adopt the bottleneck

structure to reduce the number of parameters in the feature weighting branch as shown

in Figure 3.3. Let the number of channels be C and the number of hidden neurons in

the bottleneck layer be B. B is much smaller than C. The feature weighting process

can be expressed as:

V = σ2(T2σ1(T1S)), (3.5)

where T1 is a B × C weight matrix of the first layer, T2 is a C × B weight matrix of

the second layer. To make the model simple, we ignore the bias term of the layer. σ1

represents the activation function of the first layer, which is used as the RELU function.

The choice of σ2 is more important. In many attention models [20][168], the output

attention values are activated by the Sigmoid function to give each original feature

weight between 0 and 1 to equally consider them. In the case of hyperspectral feature

attention, we already know that there is a large amount of redundancy in the features

and only a few of them are useful for the classification. Hence, it is more desirable to
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require the attention module make a choice between each other in the attention output.

Our final choice for the attention output activation is Softmax.

There are also some other options for the feature attention module. For example, the

1-D convolutional layer can be used to replace the fully connected layer. To model global

relationship, we choose to use fully connected layer, which operates on a global level.

The design strategy we choose is the simplest one. More complex design in the spectral

feature weighting module can also be considered.

For the design of the main classification network, we leverage the method from Chen

et al. [24]. Different from their approach, we use 1× 3 convolution kernel for all layers.

We also do not take more sophisticated residual or inception module into consideration

because we found that they do not show too much difference in the 1-D hyperspectral

dataset.

The core mechanism of attention is to evaluate significance of different features so that

important features can be enhanced and irrelevant features can be suppressed. The

proposed spectral attention module achieves this goal in three steps. The first step is the

information distillation. In the spectral feature weighting design, global average pooling

is used for the information distillation as it compresses the features to one value. By

this operation, the attention module can have the contextual information. The second

step is to analyze the information obtained by the first step, and find the contribution

score for the spectral features. To increase the expressive ability of the second step, it

is important to introduce non-linear functions to the process. In the spectral feature

weighting design, fully connected layers with non-linear activation have the required

ability and are used in the second step. The third step is a gating mechanism, in

which the features extracted are enhanced or suppressed in a set of gates according to

their contribution score in the second step. We instantiate the gating mechanism using

multiplication. It is differentiable, so the gradients can be back-propagated to each

multiplier branch. The parameters in both branches can be changed in the training

process. When the parameters of the network are randomly initialized at the beginning,

all the features may get random weights. In the first round of forward propagation, the

features obtaining randomly higher weights are enhanced and the other features with
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lower weights are suppressed. Then in the back-propagation, to reduce the loss function

and increase classification accuracy, the parameters of the network are modified by

the back-propagated gradients. In this process the network will automatically find the

parameters of attention module that can increase classification accuracy. At the same

time, the weights of features which help improve classification accuracy will be higher

and the weights of useless features will be lower. When the training converges, the

attention module will be able to attend to useful features. This mechanism also applies

to spatial and spectral-spatial feature weighting module described later.

3.4 Spatial Feature Weighting and Spectral-Spatial Fea-

ture Weighting

In the previous section, we explored spectral information of hyperspectral data for clas-

sification. Only the relationship among spectral features are modelled by the spectral

attention network. As is mentioned in Chapter 2, spatial information also plays a sig-

nificant role for hyperspectral image classification. In this section, we take spatial cor-

relation among hyperspectral pixels into consideration. Specifically, we propose spatial

attention module and spectral-spatial attention module for 2-D CNN and 3-D CNN

respectively, in order to weight the corresponding spatial features and spectral spatial

features.

We described the mathematical expression of 2-D CNN in Equation (2.14). The attention

weighting network also follows Figure 3.1 in 2-D case. The difference is that instead of

weighting vectors, the weighting module needs to produce a 2-D spatial weighting mask.

The spatial distribution of this mask describes the contribution of the spatial features in

corresponding locations. The overall spatial attention block is illustrated in Figure 3.4.

In 2-D CNN, the feature maps are organized as stack of 2-D slices. Each slice is a certain

type of features. In 1-D spectral attention module, we used global average pooling along

feature vectors. In 2-D case, to summarize information along feature maps as well as

keep spatial structures, we adopt a 1 × 1 convolution with linear activation function.

Formally, it can be described as:
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Figure 3.4: Spatial attention module.

f2d =
1

C

C∑
i=1

wifi, (3.6)

where f1, f2, ..., fC are the 2-D feature maps of a layer and f2d is a 2-D matrix which

represents the distilled spatial information from the feature maps. The 1×1 convolution

kernel is W1×1 = (w1, w2, ..., wC). To better model the global spatial correlation in

feature maps, we flatten f2d to a 1-D vector f1d and send f1d to a bottleneck module of

fully connected layers similar to the one in spectral attention network. At the output of

the attention module, the 1-D vector is reshaped to a 2-D map again to be compatible

with the spatial size of original feature maps. The final weighting process is realized by

a spatial wise multiplication of all feature maps and the produced 2-D weighting matrix.

As is the case for the spectral attention counterpart, the spatial attention module can

also be applied directly on the input of 2-D CNN. In such a situation, the learned

weighting matrix will signify the importance of physical positions.

A distinct property of hyperspectral images is that they are 3-D tensors. Integrating

convolution along spatial dimension and spectral dimension, we can obtain 3-D convo-

lution. 3-D convolution extracts spatial and spectral features simultaneously by sliding
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a 3-D convolution kernel along three directions. Accordingly, feature maps in convo-

lutional layers becomes channels of feature cubes. Thus, the features in convolutional

layer of 3-D CNN have four dimensions. Formally, 3-D convolution can be expressed

as: [24]

hijmlk = g(
∑
t

Pl−1∑
p=0

Ql−1∑
q=0

Rl−1∑
r=0

wpqr
lkt h

(i+p)(j+q)(m+r)
(l−1)t + blk). (3.7)

In this case, the trunk CNN in Figure 3.1 is a 3-D CNN. Similar to the spectral and

spatial attention modules, to design the attention weighting module, we need to perform

two steps: distilling information from feature maps and building a small network to

produce weights. In the information distillation step, we use a 1 × 1 × 1 convolution

to construct a linear combination of feature maps in the current layer. The output of

this operation is a feature cube f3d, which will be sent to a small neural network to

learn the weights. In spatial attention case, we flatten the 2-D matrix into a 1-D vector

and apply fully connected networks. In spectral-spatial attention, simply stretching

f3d to a vector may lead to a very long vector because of the size of f3d. If a fully

connected layer is used on the big 1-D vector, the total number of learnable parameters

of this attention branch would be too big. A higher number of parameters can increase

the risk of overfitting. Thus, we do not use this flatten and fully connected manner.

Convolution layers have a much smaller number of parameters and possess the ability to

model spatial and spectral relationships. Inspired by [20], we adopt a fully convolutional

structure in the attention branch. One disadvantage of fully convolutional operation is

that the receptive filed is restricted by the size of the convolution kernel. In contrast, each

neuron in a fully connected layer has a receptive field of the whole previous layer. A fully

connected layer is a global operation and better at modelling long range dependencies.

To overcome the shortcomings of convolutional layer, an hourglass shaped encoder and

decoder architecture is adopted. In the encoding part, pooling layers are appended after

convolution. Then the reduced feature map sizes are gradually recovered by up-sampling.

Figure 3.5 demonstrates the hourglass structure of fully convolutional attention branch.

All convolution in this figure are 3-D convolution. In the last layer of attention module,

3-D spectral-spatial weights are obtained to be multiplied with original feature maps.
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Figure 3.5: Spectral spatial attention branch structure.

3.5 Experiments

In this section, we elaborate the experiments conducted to validate the proposed feature

weighting networks. To evaluate the proposed method and compare it with other ap-

proaches, three evaluation metrics are adopted, including overall accuracy (OA), average

accuracy (AA) and kappa coefficient.

3.5.1 Datasets

We selected two widely used hyperspectral image datasets to evaluate our method:

Indian Pines and Pavia University. The former is mainly composed of agricultural

and vegetation scene, and the latter consists of mostly urban targets. Thus, these two

datasets can test hyperspectral algorithms in different land cover scenarios.

Figure 3.6: Indian Pines dataset.

The Indian Pines dataset was acquired by AVIRIS sensor carried on an airplane over

northwestern Indiana in 1992. The size of the image is 145×145 pixels. The wavelength

of the sensor ranges in 0.4− 2.5× 10−6m, covering 224 bands. After removing low SNR
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Table 3.1: Number of samples per class in Indian Pines dataset.

Class Land Cover Type Number of Samples

C1 Alfalfa 46

C2 Corn-notill 1428

C3 Corn-mintill 830

C4 Corn 237

C5 Grass-pasture 483

C6 Grass-tree 730

C7 Grass-pasture-mowed 28

C8 Hay-windrowed 478

C9 Oats 20

C10 Soybean-notill 972

C11 Soybean-mintill 2455

C12 Soybean-clean 593

C13 Wheat 205

C14 Woods 1265

C15 Buildings-Grass-Trees-Drives 386

C16 Stone-Steel-Towers 93

Total 10249

Figure 3.7: Pavia University dataset.

and water absorption bands, 200 bands are kept for analysis. 16 classes of ground land

cover were labelled by humans. The false color image, ground truth map and the number

of samples per class are shown in Figure 3.6 and Table 3.1.

The Pavia University dataset was collected over Pavia University in Pavia city, Italy

in 2003 using ROSIS sensor. This sensor captured a continuous spectrum from 0.43 −

0.86× 10−6m with 115 bands. Of all the imaging bands, 12 noisy bands were discarded

manually, leaving 103 informative bands to process. The image contains 610×340 pixels.

Among all the pixels, 42776 samples were labelled manually into nine different classes.
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Table 3.2: Number of samples per class in Pavia University dataset.

Class Land Cover Type Number of Samples

C1 Asphalt 6631

C2 Meadows 18649

C3 Gravel 2099

C4 Trees 3064

C5 Painted metal sheets 1345

C6 Bare Soil 5029

C7 Bitumen 1330

C8 Self-Blocking Bricks 3682

C9 Shadows 947

Total 42776

The visual illustration of the Pavia University dataset and number of samples per class

can be found in Figure 3.7 and Table 3.2.

3.5.2 Spectral Feature Weighting

We evaluated the situation where the attention module is applied on the hidden layer

of CNN and the spectral signature. The architecture of our trunk network for spectral

feature weighting is shown in Table 3.3.

Table 3.3: Details of 1-D trunk network.

layer C1,P1 C2 C3,P2 C4 C5, P3 FC

size 1*3,1*2 1*3 1*3,1*2 1*3 1*3,1*2 128

fp 64 128 128 256 256 -

The implementation and training of deep learning model often involves tuning many

hyperparameters and making decisions from various design options. Here we provide

details on our implementation.

In [24], Chen et al. provided a 1-D CNN configuration that can achieve impressive

performance. Since the proposal of [119], 3× 3 convolutional kernel has dominated the

adopted kernel size of CNN. It not only simplifies the CNN design, but also reduces the

number of parameters. For instance, one 5×5 layer can be replaced by two stacked 3×3

layer without decreasing the receptive field, but the introduced non linearity increases

and the number of trained weights decreases. Inspired by this setting, we used 1 × 3

kernels for all the convolution layers. This is different from [24], which has to decide
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Table 3.4: Comparison of 1-D CNN and attention on Indian Pines dataset.

Indian Pines OA AA Kappa

Hidden feature weighting 87.59± 0.39 87.01± 0.9 85.79± 0.72

Raw spectral Weighting 87.12± 0.49 86.74± 1.6 85.30± 0.57

1-D CNN 84.28± 0.47 83.47± 2.7 82.30± 0.54

KNN 79.28± 0.45 77.79± 1.7 76.56± 0.92

SVM 83.21± 0.97 82.07± 1.2 81.39± 0.74

Table 3.5: Comparison of 1-D CNN and attention on Pavia University dataset.

Pavia University OA AA Kappa

Hidden feature weighting 95.11± 0.19 94.77± 0.31 93.49± 0.25

Raw spectral Weighting 95.00± 0.08 94.01± 0.29 93.35± 0.11

1-D CNN 93.82± 0.16 93.04± 0.30 91.77± 0.20

KNN 88.29± 0.91 86.98± 0.77 82.75± 1.7

SVM 92.51± 0.89 91.77± 1.5 90.11± 0.95

kernel size for each convolution layer by validation. In the main classification network,

there are other hyperparameters: number of layers, number of neurons in the fully

connected layer, number of feature maps in each layer and dropout rate. For the feature

weighting module, one critical hyperparameter is the size of the bottleneck layer. If it

is too small, the attention module will not have enough capacity to fit the relationship

in the bands. However, when it becomes too large, the module will overfit the spectral

feature relationship. In addition, the number of training epochs and minibatch size also

influence the classification results. In our experiments, all these hyperparameters were

determined by grid search and validation. The details of our network are summarized

in Table 3.3. We used Adam optimizer to train the network. The mini batch size and

number of training epochs were 64 and 1000, respectively. Validation and early stopping

were also used.

For the bottleneck design of attention branch, we chose a reducing factor of 4 when

attention is applied on the hidden features. The number of neurons in this type of

bottleneck layer is
Nfp

4 , where Nfp represents the number of feature maps in each hidden

convolution layer. When attention module is applied on the input layer, we use 64 as

the number of bottleneck layer.

We will show the experimental results to test the capability of our proposed network

and compare it with other 1-D spectral classification methods. Ablation studies were
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Table 3.6: Ablation study of 1-D CNN and attention on Indian Pines dataset.

Indian Pines OA AA Kappa

Hidden feature weighting 87.59± 0.39 87.01± 0.9 85.79± 0.72

Raw spectral weighting 87.12± 0.49 86.74± 1.6 85.30± 0.57

Without attention 84.55± 0.48 85.90± 1.0 82.34± 0.55

Table 3.7: Ablation study of 1-D CNN and attention on Pavia University dataset.

Pavia University OA AA Kappa

Hidden feature weighting 95.11± 0.19 94.77± 0.31 93.49± 0.25

Raw spectral weighting 95.00± 0.08 94.01± 0.29 93.35± 0.11

Without attention 94.01± 0.17 93.02± 0.57 92.04± 0.23

also performed to confirm the effectiveness of our feature weighting module.

First of all, we randomly sampled a certain proportion of data from the datasets to

construct the training set. Following [164], 20 percent of samples in Indian Pines were

used for training and 10 percent of data in Pavia University were kept as training

data. We also kept another 10 percent of samples from each dataset as the validation

set. All of the remaining samples in the corresponding dataset were included in the

testing set. In the training process, the validation loss was monitored for early stopping.

Since the training set was randomly sampled from the dataset, the sampled training

data may introduce stochasticity to the performance. To alleviate this problem, we

ran the sampling for twenty times and calculated the mean and standard deviation of

the metrics. The comparison methods include one deep model: 1-D CNN in [24] and

two shallow methods: KNN [24] and SVM [181]. These methods were compared with

our attention network for hidden feature weighting and raw spectral weighting. The

comparison results on the Indian Pines and the Pavia University datasets are shown

in Tables 3.4 and 3.5. From the tables, we can see that deep models demonstrate an

obvious advantage to shallow models. Comparing deep models, it is clear that the

proposed feature weighting methods outperform the 1-D CNN in all three metrics. The

results show the overall effectiveness of our proposed method. After adding attention

weights, our networks can produce more discriminative features and achieves higher

accuracy.

In the ablation study, we test the classification performance of the same architecture
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as illustrated in Table 3.3 but without the attention module. The purpose of this ex-

periment is to verify the source of the improvement of our method. The results on

two datasets are shown in Tables 3.6 and 3.7. It is demonstrated that there is evident

performance increase after adding the attention module. This proves that the perfor-

mance improvement comes from the attention module which successfully models the

relationships in the spectral features. Through the feature weighting process, the joint

contribution of features are better described, so even the same classification network

gives higher accuracy than the counterpart without feature weighting. Comparing hid-

den feature weighting and raw spectral weighting, we find that hidden feature weighting

is slightly higher than raw spectral weighting.

Figure 3.8: Spectral attention results for one sample from the asphalt class. The
upper panel is the attended weights. The middle panel is the original spectral feature.

The bottom panel is the feature after weighting.

Finally, we visualize the obtained raw spectral weight vector to give an intuitive view

of what the attention module is doing and how they enhance the distinctive spectral

feature for classification. Hidden feature weights do not have clear semantic definition,

so we do not visualize them.

We selected several samples from the asphalt and meadows classes in the Pavia Univer-

sity dataset and illustrate the effect that the attention module enforces on the spectral

features. As shown in Figures 3.8 and 3.9, we can observe that many spectral features
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Figure 3.9: Spectral attention results for one sample from meadow class. The upper
panel is the attended weights. The middle panel is the original spectral feature. The

bottom panel is the feature after weighting.

Figure 3.10: Spectral attention results for another sample from meadow class. The
upper panel is the attended weights. The middle panel is the original spectral feature.

The bottom panel is the feature after weighting.

are actually given very small weights. In terms of feature selection, only the first few

largest ones need to be selected to reduce the amount of data. Comparing Figure 3.9

and Figure 3.10, it is obvious that although they are from the same class, our attention

module assigns different weights to them. Due to the fact that there are huge varieties



Chapter 3. Attention Based Feature Weighting Network for Hyperspectral Image
Classification 70

in the same class in hyperspectral image, it is desirable to assign sample specific feature

weights.

3.5.3 Spatial Feature Weighting

Having confirmed the effectiveness of feature attention network in spectral only setting,

we evaluate spatial feature weighting network in this subsection. To utilize spatial

context information, small patches of W × W need to be cropped from the original

hyperspectral image instead of using single pixels. Following [24], we select W as 27.

In [24], the 2-D CNN was composed of large convolution kernels. As analyzed in the 1-D

CNN case, stack of 3× 3 convolution layer has superiority over single convolution layer

with large kernels. We replace their large kernel with stack of 3× 3 convolution kernels.

One difference of trunk architecture design from the 1-D counterpart is that the spatial

size is relatively small. To avoid losing too much spatial information, only 2 pooling

layers are allowed. The details of 2-D trunk network are illustrated in Table 3.8. For

the attention branch design, we need to notice that different layers have different spatial

sizes. Since we use flatten operation to stretch 2-D feature maps to 1-D vector, at the

first stage of convolution layers, the flattened vector has 27 ∗ 27 = 729 neurons. This

might introduce too many parameters in the attention branch and increase the potential

of overfitting. Therefore, we use larger reduction factor at the corresponding bottleneck

layer. Specifically, we use reducing factor of 16 for the largest feature maps and 4 for

other layers.

Table 3.8: Details of 2-D trunk network architecture.

layer C1 C2 P1 C3 C4 P2 C5 C6

size 3*3 3*3 2*2 3*3 3*3 2*2 3*3 3*3

fp 32 32 - 64 64 - 128 128

Similar to the spectral feature attention experiment, we evaluate two cases of spatial

feature attention network: 2-D attention on the hidden feature maps and 2-D attention

on the input image patches. Since deep learning based models have been proved to

have significant advantages over shallow models, we do not present the results of SVM

and KNN for 2-D experiment. 2-D CNN in [24] and ablation version of our design are
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selected as competitors. The datasets splitting strategy and other configurations are the

same as spectral feature weighting experiment.

Table 3.9: Comparison of 2-D CNN and attention on Indian Pines dataset.

Indian Pines OA AA Kappa

Hidden feature weighting 92.21±0.25 91.10±1.10 90.89±0.77

Input spatial weighting 91.95±0.51 91.03±1.33 90.19±1.07

Ablation 89.17±0.43 88.79±0.99 87.59±0.87

2-D CNN 88.31±0.89 87.92±2.10 87.54±0.71

Table 3.10: Comparison of 2-D CNN and attention on Pavia University dataset.

Pavia University OA AA Kappa

Hidden feature weighting 96.65±0.09 95.07±0.34 94.37±0.30

Input spatial weighting 96.62±0.17 94.94±0.61 94.35±0.28

Ablation 95.57±0.12 94.39±0.55 94.02±0.29

2-D CNN 95.12±0.33 94.25±0.72 93.99±0.41

Table 3.9 and Table 3.10 shows the OA, AA, and Kappa coefficient results of the four

methods. Spatial context provides important information for classification. All results

are better than the spectral only situation. Both hidden feature weighting and input

spatial weighting improve over the ablated version without attention. It validates our

hypothesis that weighting spatial features on different location can lead to better per-

formance.

3.5.4 Spectral-Spatial Feature Weighting

In this subsection, we evaluate spectral spatial feature weighting in 3-D CNN. Table 3.11

shows the architecture details of 3-D CNN. Patch size and other configurations are the

same as the 1-D and 2-D experiments. The 3-D attention branch network consists of

encoder and decoder part. In the encoder part, we use stack of convolution and pooling

layers to encode feature information. In the decoder part, we use interpolation to up-

sample feature maps and recover them to the same size as feature maps in the trunk

network.

Table 3.11: Details of 3-D trunk network architecture.

layer C1 C2 P1 C3 C4 P2 C5 C6

size 3*3*16 3*3*16 2*2 3*3*16 3*3*16 2*2 3*3*16 3*3*16

fp 32 32 - 64 64 - 128 128
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For spectral-spatial feature weighting, we mainly focus on attention in hidden layers.

3-D CNN in [24], SSRN in [164], method in [182] and our network without attention

will be compared with the proposed spectral-spatial feature weighting network. The

experiment results are shown in Table 3.12 and Table 3.13. All of the 3-D CNNs achieve

higher performance than 2-D and 1-D CNNs. The proposed method with spectral-

spatial attention for feature weighting demonstrates the best performance. In the 3-D

CNN case, the baseline network already has very high performance, so there is not too

much space for improvement.

Table 3.12: Comparison of 3-D CNN and attention on Indian Pines dataset.

Indian Pines OA AA Kappa

Spectral spatial weighting 98.87±0.36 98.22±0.53 98.30±0.47

Ablation 97.79±0.29 97.15±0.59 96.98±0.51

3-D CNN 96.96±0.46 96.02±0.62 95.87±0.41

[164] 98.21±0.65 97.32±0.83 97.19±0.55

[182] 98.16±0.37 97.18±0.43 97.07±0.49

Table 3.13: Comparison of 3-D CNN and attention on Pavia University dataset.

Pavia University OA AA Kappa

Spectral spatial weighting 99.75±0.08 99.64±0.11 99.68±0.12

Ablation 99.24±0.11 99.05±0.19 99.00±0.15

3-D CNN 98.78±0.19 98.83±0.13 98.55±0.10

[164] 99.39±0.51 99.21±0.77 99.15±0.61

[182] 99.32±0.45 99.19±0.58 99.07±0.77

3.6 Conclusions

To classify hyperspectral images, CNNs normally extract a large number of features

from them, but the contribution of each feature to the classification task is not equal.

Many features are even highly correlated and noisy. Hence, it is desirable to weight each

feature according to its importance to the task. In this chapter, we propose a series of

feature weighting networks to assign different weights to each feature in line with their

contribution to classification by modelling the relationships among them. Specifically, we

designed attention modules that take the input as feature maps and output as a weight

tensor that represents the significance of each feature. Then, the attention module is

integrated in a main classification network so end-to-end supervised training can be
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performed. Our proposed network is capable of assigning sample specific weights to

better discover the discriminative feature for each sample. Extensive experiments were

conducted to validate the effectiveness of our attention modules and to compare them

with other methods. The results show that our method achieved the best performance

in 1-D, 2-D, and 3-D CNNs, proving that the power of the proposed method comes from

the designed attention weighting strategy.





Chapter 4

Attend in Bands: Hyperspectral

Band Weighting and Selection for

Image Classification

In this chapter, we focus on attention to bands of hyperspectral image specifically. We

propose a band attention network for hyperspectral image classification. This network

can automatically learn to attend to the desired band set that maximizes the classifica-

tion accuracy. With careful design, the band attention framework can undertake both

band weighting and band selection tasks. When working in the band weighting mode,

the proposed band attention framework can learn a band weighting vector that models

the relationship between all the bands. For band selection, our network can be adapted

as two different types of band selection networks that select the significant bands and

discard the useless bands. In both tasks, the attention and classification can be learned

end to end. The experimental results prove the effectiveness and advantages of the

proposed work.

75
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4.1 Introduction

Hyperspectral imagery has been widely applied in a wide range of areas such as agricul-

ture, ecology, mining and remote sensing [155]. The main advantage of hyperspectral

image over other imaging modalities comes from the fact that it captures the reflectance

information of the target in a large number of continuous bands in the light spectrum.

The acquired spectral signatures contain abundant information about the object, en-

abling characterization of the physical, chemical, and material properties of the target

object.

However, the excessive number of bands means each pixel is a very high dimensional

vector. This leads to high costs in manufacture, storage, computation, and transmis-

sion. In some cases, the redundant bands might harm the performance of detection and

classification tasks. The high dimensionality of the hyperspectral image also requires a

much larger amount of training samples compared with the low dimensional data [23].

Therefore, reducing the amount of data in hyperspectral image without compromising

the available information becomes one of the most crucial topics in hyperspectral and

remote sensing research.

To address these issues, two types of strategies have been adopted in practical applica-

tions: band weighting and band selection. Band weighting characterizes the importance

of each band or band groups and assigns the corresponding weights to them [157][158][159][160].

This method has the ability to model the relationship between the band channels. How-

ever, band weighting normally treats each class equally and ignores the fact that different

classes of objects require different band weight configurations. Cheng et al. [21] proposed

a band weighting method through maximizing inter-class distance to obtain the band

weight for each specific class in the context of support vector machine. Sui et al. [178]

further incorporated spectral-spatial information in the weighting process to model the

per-class band contribution. Band weighting method should also remove redundant and

trivial bands by assigning their weights to zero.

Hyperspectral image band selection can be divided into two categories: supervised and

unsupervised. Unsupervised band selection uses the raw image data without labels.
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They carry out feature ranking or feature clustering according to some predefined cri-

terion and searching strategy to discover the most informative band set [183][184][185].

However, unsupervised band selection is not optimized for classification, so the discov-

ered band sets are inferior in terms of discriminative capability when compared with

the supervised counterpart. On the contrary, supervised band selection method chooses

band subset in line with the class separability, and thus demonstrates better classifica-

tion performance [186][43]. The drawback of supervised band selection is the expensive

cost of obtaining the class labels.

Both band weighting and band selection have their advantages and disadvantages. Band

weighting thoroughly considers the contribution from all bands and makes use of all the

available information to classify pixels. Compared to band selection, it does not actually

reduce the amount of data or relieve the burden for storage and transmission. However,

for band selection, the relationship among the spectral bands may still not be well

described. For instance, the contribution of different single band to the final task should

not be the same, so it is improper to only select the informative bands and treat them

equally. Moreover, some bands do not provide significant contribution in themselves,

but can contribute much along with other bands. These bands should not be simply

discarded.

In the last decade, with big data and parallel computing infrastructure becoming more

and more available, deep neural networks have achieved unprecedented success in com-

puter vision [102], natural language processing [165], and other data science fields [80].

Deep neural networks have the ability to fit very complex models and generalizing well

simultaneously. The remote sensing community has also noticed the great power of deep

learning and proposed many network architectures adapted specifically for hyperspectral

image analysis [24][164][126][167][187].

In Chapter 3, I have briefly introduced the success of attention mechanism of deep

learning in many areas [170][171][172]. In this chapter, I focus on adopting attention

mechanism in hyperspectral band weighting and selection. Attention networks are es-

pecially good at modelling the importance of the features. Motivated by this and the
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property of hyperspectral images, we propose a band attention network for hyperspec-

tral image classification. Our intuition is that the relative importance of different bands

in a hyperspectral image can be learned from the data by an attention network. There-

fore, we have designed an attention module to automatically select and weigh each band

according to its contribution to the classification and integrate the attention module

to a stem convolutional neural network. In this work, we mainly focus on pixel-wise

classification. In other words, the proposed method must learn the band attention

weights from purely spectral information. If the model works well in spectral domain,

it is easy to extend it to spectral-spatial scenario due to convolutional neural network’s

(CNN) powerful ability to model spatial information. Nevertheless, we also conducted

spectral-spatial classification experiments and provided analysis. Extensive experiments

have been conducted to validate our design. The results show that our band attention

scheme with CNN yields better accuracy than competing algorithms.

Our contribution can be summarized in four aspects. First, we propose a unified band

attention framework for band weighting and band selection. Second, we introduce deep

learning methods to treat these two tasks in the spectral domain. Third, we design

an independent band attention input and a K-winner pass activation function for band

selection network. Fourth, our proposed band attention network outperforms traditional

competitors on three widely used benchmark datasets.

The rest of the chapter is organized as follows: in Section 4.2, we summarize the related

work on the application of deep learning in hyperspectral data and attention models.

In Section 4.3, we elaborate the design of our band attention network. In Section 4.4,

we describe the experiments conducted on different datasets, including the evaluation

of our method and comparison with other methods. In Section 4.5, we conclude the

chapter.

4.2 Related Work

This section briefly describes the related work. First, we review the application of

deep learning in hyperspectral image processing. Then we describe the 1-dimensional
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convolutional neural network because our work mainly focus on spectral information.

Last, we summarize recent advances in the attention model.

4.2.1 Deep Learning for Hyperspectral Image Analysis

Following the success in computer vision, deep learning has gained popularity in hy-

perspectral remote sensing. Chen et al. [24] comprehensively explored the application

of deep CNNs in hyperspectral remote sensing image classification. In this work, they

conducted experiments and compared the performance of three different settings: 1-D

CNN, 2-D CNN and 3-D CNN. In 1-D CNN, the input samples are the 1-D spectral

response without any spatial information. For 2-D CNN, PCA is applied first to the

hyperspectral cube to obtain the principle component, and then the spatial information

of the principle component is used for 2-D CNN training. The 3-D CNN takes advan-

tage of spectral-spatial information and executes 3-D convolution directly to extract 3-D

features. The authors proved that deep CNN can achieve high classification in all three

settings. Inspired by the great success of resnet [102] in image classification, Zhong et

al. [164] developed spectral and spatial residual block. By using the skip connection and

3-D information, the proposed spectral-spatial residual network achieved state of the

art classification performance. Besides CNN, deep recurrent networks have also been

applied in spectral processing for classification [131].

4.2.2 1-D CNN

Convolutional neural network is mostly applied in a 2-D manner to process images [15].

However, convolution was first proposed in signal processing area to operate in 1-D. As

the spectral samples are 1-D spectral responses, it is natural to adopt a 1-D convolutional

neural network. In 1-D CNN, all convolution and pooling are performed in vectors and

there is no need to flatten features into vector to apply fully connected layer. Advanced

CNN architectural designs such as residual block [102] and inception module [179] can

also be adapted to their corresponding 1-D version. Chen et al. [24] implemented 1-D

CNN in the hyperspectral setting and obtained better performance than all shallower



Chapter 4. Attend in Bands: Hyperspectral Band Weighting and Selection for Image
Classification 80

models. In this chapter, we mainly make use of spectral information for band weighting

and selection, so 1-D CNN will be our main backbone network structure.

4.2.3 Attention Model

As described in Chapter 3, attention module in deep learning learns weighting masks

which represent the importance of features. Although first proposed in the area of

natural language processing, attention mechanism has quickly gained popularity in image

and vision applications [134][177]. Actually, it can be seamlessly integrated with CNN

in image classification. Wang et al.[20] proposed a residual attention network which

extends the traditional residual blocks to residual attention blocks by integrating a

soft attention branch, and then the residual attention blocks are stacked together. It

has been shown that the residual attention network can generate different attention

maps for different features. They also showed improved classification accuracy after

adding attention mechanism. Hu et al. [168] specifically focused on feature channel-wise

attention and proposed a squeeze and excitation network. Compared to the residual

attention network, this network is more light weighted. In the attention branch, global

average pooling is used to summarize each feature map and then learns the channel-wise

attention weights. These attention networks are applied to calculate the weights of the

feature maps inside convolutional neural network.

For the hyperspectral band modelling problem, the attention network proposed in this

chapter is specifically designed to attend to the physical bands, and it is able to explicitly

undertake both band weighting and band selection tasks. To achieve this goal, we have

carefully designed the band attention module, which will be described in the next section.

4.3 Method

In this section, we give detailed description on the proposed band attention network

framework for band weighting and band selection in hyperspectral image classification.

Figure 4.1 shows the general framework of the proposed band attention network. The
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Figure 4.1: Band attention network architecture.

left side of this figure is an example of a hyperspectral image cube with N bands. Each

pixel is represented as a N dimensional vector which will be sent to the proposed neural

network and classified to one of the land cover categories. The main difference of our

band attention network compared with other conventional deep neural networks is that

it has two inputs rather than just one. As is shown in the figure, the first input is

samples input which is the N dimensional pixel vector, and the second input is a band

attention input. The band attention input goes through a small band attention network

and then a special attention activation. The output of the attention branch has the same

size as the number of bands N . Then the two input branches merge into one through

element-wise multiplication. After that, a classification network takes in the features

and finally outputs labels for the pixels.

According to different configurations of attention input and attention activation in the

above described band attention framework, we propose three specific band attention net-

works: band weighting network, weights-based band selection network, and activation-

based band selection network. They will be illustrated in the following subsections.

For band weighting, the attention sub-network adopts the traditional attention module

which shares the same input as the spectral pixels, and the output of the sub-network is

multiplied back to the original input, weighting all the spectral bands. For band selec-

tion, we have designed an input for the band selection sub-network that is independent

of the samples to be classified. Additionally, a K winners pass activation function is

proposed to output the selected bands for activation-based band selection network.
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4.3.1 Band Weighting Network

Band weighting attempts to assign a weight to every band in a hyperspectral image

to improve classification performance. The weights represent the relative importance

of each single band to the classification task, so important bands in the image are

highlighted and irrelevant bands are suppressed. Note that the importance of bands

is dependent on the specific task. For this work, we are trying to find bands that are

important for the classification of the images provided. Other tasks may have different

sets of important bands.

Let H ∈ RW×U×N represents a hyperspectral image where W , U and N are the

width, height and number of bands of the image respectively. Let pi ∈ R1×1×N , i =

1, 2, 3, ...,W ×U be a pixel vector along the spectral dimension in H. Band weighting is

used to estimate a weight vector vi ∈ R1×1×N for corresponding pi that each element of

vi represents the importance of the corresponding band. Then the sample pi is weighted

by the weights vi through element-wise multiplication, which obtains: qi = pi ◦ vi. Fi-

nally, after all bands are weighted, qi is sent to a classifier for class prediction. If the

weight vi is well designed, the classification performance can be improved. Note that

most of the previous works assigned the same weights to all samples or the same weights

to the same class. In the proposed method, the i subscript means our method can assign

sample-wise weights.

In this work, we aim to design an algorithm to automatically learn the weight v. Specif-

ically, a band attention network under the framework described in Figure 4.1 is used to

learn the weights and do classification at the same time. In SEnet [168], a squeeze and

excitation block is proposed to model the relationship among channels of feature maps

in convolutional layers. It first squeezes the spatial information of a layer into a channel

vector, and then the 1 dimensional channel vector goes through two fully connected

layers. The obtained output is used to excite the original feature maps so as to model

the inter dependency of the channels.

Inspired by SEnet, our design of the network adopts the spirit of modeling the relation-

ship among channels and is devised according to the property of hyperspectral data.
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Figure 4.2: Attention for band weighting.

Specifically, the spectral input samples are passed through fully connected layers that

model the band relationship and output the desired weights. Figure 4.2 illustrates the

whole network architecture. In this case the band attention input is the sample itself.

For the attention output activation, it is natural to use Softmax because it can output

normalized relative importance values that form an ideal weight vector. As is shown in

the figure, the spectral pixel vector is sent through the attention branch and the model

outputs a weighting vector with the same size as the samples’ spectral dimension. The

band attention module can be expressed as:

vi = Softmax(A(pi)), (4.1)

where A represents the transformation of the fully connected network on the attention

branch and vi is the learned band weights. As the training process of the classification

network converges, the attention branch can adjust its parameters to learn the optimal

weighting vector for classification.

Two distinct properties of the proposed band weighting network should be noted. First,

our proposed band weighting network can achieve band weighting and classification at

the same time in an end to end manner. This is more convenient than two stage strategy

which calculates the weighting vector first and then does classification with the weighted

samples. Second, the proposed band weighting method has the ability to assign different
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weights to different samples. This is more desirable than class-wise weights in [21]. Class-

wise weights consider inter-class discrepancy and can enlarge distances between different

classes. However, in the remote sensing setting, one pixel normally corresponds to a large

area on the ground. This means there are inevitably high intra-class differences. Thus,

a sample-wise band weighting strategy is favored for addressing intra-class differences

more effectively.

4.3.2 Weights-based Band Selection Network

The above described band weighting network can be easily extended to achieve band

selection. Band selection also requires differentiating informative bands and useless

bands of the hyperspectral image. The main difference is that after discovering and

ranking important bands, band selection retains all these important bands and discards

the remaining irrelevant bands. As is described in the band weighting section, the

significance of the bands means the usefulness of the bands for the specific classification

task. In band selection, it is often required to select K bands depending on the actual

needs, where K is a predefined number and can be set to any integer between 1 and the

total number of bands. Formally, given a hyperspectral image H, we try to find a subset

of H: I ∈ RW×U×K , 1 =< K <= N . The selected K bands are the top K important

bands. Band selection gives 1 to all important bands that must be retained and 0 to

the irrelevant bands to be discarded.

In Figure 4.2, the output of the band attention model is a weighting vector whose

element is a continuous value ranging from 0 to 1. The continuous value represents

the relative importance to the final classification task of each band. Therefore, one of

the simplest way to adapt band weighting network to band selection task is to choose

top K values of the band weighting output and use the corresponding bands as the

selected discriminative bands. Then the hyperspectral image I with selected bands is to

be classified using supervised classification algorithms. Note that the end to end process

is divided into two stages: selecting bands and classification of selected data.

However, the band selection method described above is not ideal. Remember that the

purpose of band selection is to reduce the dimension of the data, and thus the cost
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of hyperspectral cameras. This method can reduce the dimension of data, but it may

select different band groups for different samples because the band selection results rely

on samples input. This means the band set selected for the whole dataset with all

samples is the union of the selected band sets for all different samples. In this way, we

still need hyperspectral imaging sensors that can respond to a large number of bands.

Thus, the cost of the sensor will not be significantly reduced.

If the same band set can be selected for all samples, the sensor only needs to capture

a small subset of all the bands. The hyperspectral sensor can then be replaced by

a much less expensive multispectral sensor. For this purpose, we have modified the

network architecture of the band weighting network to force the band attention module

to output the same band subset for all input data. We have named this weights-based

band selection network, as shown in Figure 4.3.

Figure 4.3: Weights-based band selection network.

The weights-based band selection network has two stages: the network inside the dashed

area executes band weighting in the first step, and then the top K bands are selected

and sent to a classifier. The main change of the band weighting part is that we use a

constant vector, rather than the samples, as the input to the band attention module. The

main reason for constant input is to create a band selection process where the results are

independent of input samples. Once the training process is completed, all the parameters

in the network will also be fixed. In this situation, a fixed band attention input will

always lead to the same band selection result. Through this design, it is guaranteed that
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no matter what sample is input to the network, the band attention module constantly

outputs the same set of selected bands.

Here the attention mechanism can be expressed as:

qi = Softmax(A(C)) ◦ pi, (4.2)

where C is a constant vector of size T and works as the band attention input. The back

propagated gradient signal from the classification network can adjust the weights in the

band attention module to minimize the classification error. Since the band attention

input is a constant, the network will find a best attention output for all samples, which

can be used to select the same set of bands for the whole dataset.

Note that we should avoid using RELU activation function in the band attention module

because the constant input could cause a dead neuron issue. In the case of constant input,

once a neuron falls into zero value of RELU, it will never fire up. The other non-linear

activations that do not have the dead neuron problem can be used in the hidden layers

of the attention module. To some extent, the attention weights-based band selection

network is finding the band subsets that best match the classification network. Hence,

in the second step, the classifier can be chosen as a neural network that has the same

architecture as the one in the first step, but other classifier also works well. The exact

values of the constant C does not matter because neural networks can always adjust

their parameters to achieve the same result. The size of C just controls the capacity of

the first layer of the band attention module, so it is not particularly important.

4.3.3 Activation-based Band Selection Network

In the context of band selection, the band weighting attention model has two drawbacks

to overcome. First, for band selection, we want a fixed band subset for all samples.

Traditional attention model can not achieve a fixed band set due to the fact that the

output of the selected bands depends on the input. To tackle this issue, we have already

proposed a constant band attention input to make the module output the desired fixed

band subset in the weights-based band selection network. Second, to fulfill the task
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of selecting the bands, it is preferred that the attention model decides the bands to

be discarded by assigning them 0 values. Traditional band weighting module hardly

outputs 0, because the attention output activation produces continuous values and the

probability of a weight to be 0 is very low. In addition, the number of discarded bands

is usually specified by a user and can be changed. This requires that the number of 0s

in the attention output can be specified as a parameter. Thus, the traditional activation

functions do not satisfy these requirements. In the previous weights-based band selection

network, we use the order of the attention weights magnitudes and divide the end to

end process into two steps. In this subsection, we propose our second modification to

the conventional attention networks. The key point is to design an activation function

for the output layer of the attention module. We will introduce our K winners pass

activation which better suits the band selection task. By using this activation, the

attention module can filter the bands to be discarded by assigning them 0 values .

Here we propose an activation-based band selection network to carry out band selection

and discard useless bands in the attention output. The whole network architecture is

similar to the part inside the dashed area in Figure 4.3. Constant vector input for the

band attention module is still adopted to obtain the same band subset for all samples.

We integrate the independent rank and select top K component outside the dashed area

into the band attention module by designing and adopting the K winner pass activation

on the output layer of the attention module.

Figure 4.4: The K winners pass activation function.

The proposed K winners pass activation function is illustrated in Figure 4.4. It accepts
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the outputs from the previous layer as its inputs and produces outputs with the same

size. It consists of two parts. First, every element of the fed input is compressed to (0, 1)

by a Sigmoid function. The first part constrains value of each element to a standard

interval that represents the importance of the corresponding band. We use Sigmoid

rather than Softmax here. The band selection process mainly occurs in the second part

of the activation. Second, the ranking and selection procedure works as follows: at first,

output values from the first part are ranked in descending order. Then the neurons with

top K values pass through, i.e. these neurons are output as their current values. Those

with top K values correspond to the bands that are selected. The remaining smaller

neurons are set to 0, which means their corresponding bands are not selected. Note

that the ranking and passing operation takes place at the same location. The locations

of all the neurons do not swap. In the lower part of Figure 4.4, the circles represent

the output neurons. The green ones are the neurons that pass and the corresponding

bands are selected. The red ones represent the discarded irrelevant bands. Formally,

the ranking and selection process can be expressed as:

Select(x)i =


xi, if xi ranks top K

0, otherwise,

(4.3)

where Select(x)i represents the ith output neuron and xi is the ith input after Sigmoid

operation. The entire activation function is differentiable, so the whole network can be

trained end to end by back propagation. The gradient of the above equation is very

simple:

Select′(x)i =


1, if xi ranks top K

0, otherwise.

(4.4)

In back propagation, the gradient will be routed to the top K neurons. As in the

previous subsection, we do not use RELU as the activation function for hidden layers of

the attention module, in order to avoid the dead neuron problem. Note that although

the neurons smaller than the Kth largest value are set to 0, our proposed activation

function has no dead neuron issue. The reason is that as the weights updates with back
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propagation, the top K neurons’ values are changing. This will cause the magnitude

order of the neurons to vary, providing chances for the 0 neurons to fire up.

The proposed K winners pass activation function is related to local winner takes all

activation [188][189], winner takes all activation [190][191], and RELU [97]. All of these

methods introduce competition among neurons. This compete to compute process has

been proven to have many advantages [189]. It can lead to more sparse neurons because

only the winner neurons can activate. Different competition results can form different

sub-networks and it can be considered that many different sub-networks with sharing

weights are trained together. In contrast to local winner takes all activation, our pro-

posed activation adopts a global competition approach because we want to compare

each band to all the other bands and select the best band subsets globally. The winner

takes all activation allows only one winner pass through, but for the band selection task,

we need K winners to be selected. RELU also introduces competition, but it is with a

fixed value 0, rather than competing with other neurons. It is also worth noting that

the above mentioned competition algorithms are different from maxout [192], which is

more like max pooling where the losing neurons are discarded. In this manner, only the

winning neurons have connections to the next layer. However, in K winners pass acti-

vation, the losing neurons are evaluated as 0 but still have connections to the following

part of the network. The winning neurons can be altered in the training process even

though the band attention input is a constant vector.

4.4 Experiments

After describing the proposed band attention network for both band weighting and

band selection tasks, we evaluate the usefulness of the framework in this section. To

this end, three benchmark hyperspectral remote sensing datasets were chosen to conduct

the experiments. We conducted two sets of experiments on band weighting and band

selection respectively. Comparison studies were investigated, in which several baseline

competitors were selected for band weighting and band selection. In the following, we
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first give a description of the hyperspectral datasets. Then we provide the experiments

and results analysis on band weighting and band selection.

4.4.1 Datasets

In order to validate the classification performance of our proposed band attention frame-

work on real life settings, we chose three datasets to run the experiments: Botswana

dataset, KSC dataset and Indian Pines dataset.

Botswana dataset was captured by NASA EO-1 satellite in 2001 over a 7.7km strip area

in the Okavango Delta, Botswana. The used sensor was Hyperion which responds to a

spectral range from 400 to 2500nm with 10nm windows. The dataset consists of 242

spectral bands and 145 bands were used in the experiment after removing uncalibrated,

water absorption and low SNR bands. 14 classes were identified and labelled by humans.

The spatial dimension of the hyperspectral image is 1476 × 256 pixels, of which 6480

pixels have ground truth labels. The remaining pixels are unclassified. We only trained

and tested our model to predict the classes of pixels with ground truth labels. Figure 4.5

shows the dataset, ground truth map and classes. Table 4.1 shows the available number

of labeled samples per land cover category in Botswana dataset.

Figure 4.5: Botswana dataset. Left: visualization of dataset, middle: ground truth
label map, right: name of classes.
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Table 4.1: Number of samples per class in Botswana dataset.

Class Land Cover Type Number of Samples

C1 Water 540

C2 Hippo grass 202

C3 Floodplain grass1 502

C4 Floodplain grass2 430

C5 Reeds1 538

C6 Riparian 538

C7 Firescar2 518

C8 Island interior 406

C9 Acacia woodlands 628

C10 Acacia shrublands 496

C11 Acacia grasslands 520

C12 Short mopane 610

C13 Mixed mopane 362

C14 Exposed soils 190

Total 6480

The KSC dataset was captured using the AVIRIS sensor over the Kennedy Space Center,

Florida, in 1996. The spectral ranges of KSC dataset is from 400 to 2500nm with

around 10nm interval. There are 224 bands overall. The dataset provider removed water

absorption and low SNR bands, and 176 bands were left for processing and analysis. This

dataset was captured in an altitude of 20km and has a spatial resolution of 18m. The

entire dataset consists of 512×614 pixels, of which 5211 pixels have ground truth labels.

The remaining pixels are unclassified. We only trained and tested our model to predict

the classes of pixels with ground truth labels. 13 classes were identified and labeled

manually for KSC dataset. Because some classes have similar spectral signatures, it is

difficult to distinguish them. Figure 4.6 shows KSC dataset and its ground truth map.

Table 4.2 illustrates the available number of labeled samples per land cover category of

KSC dataset.

Figure 4.6: KSC dataset. Left: visualization of dataset, middle: ground truth label
map, right: name of classes.
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Table 4.2: Number of samples per class in KSC dataset.

Class Land Cover Type Number of Samples

C1 Cabbage palm hammock 256

C2 Cabbage palm/oak hammock 252

C3 Cattail marsh 404

C4 Graminoid marsh 431

C5 Hardwood swamp 105

C6 Mud flats 503

C7 Oak/broadleaf hammock 229

C8 Salt marsh 419

C9 Scrub 761

C10 Slash pine 161

C11 Spartina marsh 520

C12 Water 927

C13 Willow swamp 243

Total 5211

The Indian Pines dataset was acquired using the AVIRIS sensor in 1992. It is a scene over

an agriculture and vegetation area near northwestern Indiana, USA. The data consists

of 224 spectral bands spanning from 400 to 2500nm. One subset of this dataset has

145× 145 pixels with 16 classes is widely used in research literature. The entire dataset

consists of 2166× 614 pixels, of which 58 land cover classes were labeled by humans. To

take full advantage of deep learning, we used the whole Indian Pines to test our band

attention framework. The number of samples per class was severely unbalanced so we

removed the classes that had less than 1000 samples, leaving 39 classes. Moreover, in the

remaining classes, we randomly sampled 1000 data points per class to further balance

the training data. As usual, 24 water absorption and low SNR bands were removed and

the remaining 200 bands were used in the experiment. Figure 4.7 shows the dataset, the

ground truth map and the name of classes.

It is clear that the full Indian Pines dataset contains more training samples per class than

both the KSC and Botswana datasets. Due to the fact that deep neural networks often

have a huge amount of parameters and require a large number of training samples to

avoid overfitting problem, we conducted data augmentation for the KSC and Botswana

datasets by creating virtual training samples.

The low spatial resolution of hyperspectral datasets used in this research suggests that

even pixels from the same class can have significant variances due to changes of material
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Figure 4.7: Indian Pines dataset. Left: visualization of dataset, middle: ground truth
label map, right: name of classes.

composition, spatial shape and illumination condition. In addition, sensor noise and

other random errors also influence the imaging process [193]. To create virtual samples

that can simulate these factors, we used a multivariate Gaussian assumption on the

data such that a linear combination of spectral responses from the same class can be

considered as being drawn from the same class data distribution [24][125]. The sensor

noise and random factors were simulated by adding Gaussian noises. The whole process

can be expressed as:

s = αxi + (1− α)xj + βn, (4.5)

where xi and xj represent the real samples from the same category and n is a random

Gaussian noise which simulates the random error. s is the created virtual sample with

the same class as xi and xj . α is the mixture coefficient which is uniformly drawn from

[0, 1] and β is a small constant.We augmented KSC and Botswana datasets so that every

class in these two datasets has at least 500 samples. The augmentation was conducted

on the training set.

We would like to point out that the data augmentation is not intended to completely

solve the shortage of data issue in hyperspectral remote sensing. In fact, we are never

short of data. It’s a large amount of properly labelled data that are urgently needed. The

data augmentation is designed to simulate the imaging process and bring more diversity
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to the dataset, which has been proved effective in computer vision and machine learning

to reduce overfitting [15]. A more effective but expensive way to address the shortage

of data problem is to collect and label much more data, which is the full endeavor for

the community to complete.

4.4.2 Band Weighting Experiment

For band weighting task, our band attention network adopted the architecture as in

Figure 4.2. The attention model learned a weighting vector for every input sample. We

compared our method with competing band weighting methods and conducted ablation

study to verify the effectiveness of our band weighting network. Since our aim was to

test the improvement of classification accuracy of our band weighting method, we used

three metrics to quantify it: overall accuracy (OA), which reflects the total classification

accuracy on all samples from dataset; average accuracy (AA), which calculates accuracy

per class and averages them; and Kappa coefficient, which represents the statistical

agreement and reliability of the results.

For all three datasets, we randomly split the labelled samples into training and testing

set. In specific, 20 percent of the samples were used for training and the remaining

80 percent became the testing set. In the training set, we further split 30 percent of

them out as the validation set to help hyperparamter tuning. To reduce the effect of

randomness and make the result more statistically reliable, the random splitting process

was repeated 10 times and the training and testing were also conducted 10 times. We

report the mean and standard derivation of all the metrics.

Chen et al. [24] proposed a carefully designed CNN architecture and achieved excellent

classification performance when using only the spectral information. We compared the

classification accuracy of our model with this method. Note that since our main job

is to verify the effect of band weighting, we did not specifically tune our spectral CNN

architecture. Yan et al. [21] proposed a band weighting method in the context of support

vector machine. This method makes use of a binary SVM to achieve multiple class

classification. The first step is to train multiple binary SVM to distinguish each pair of

all the classes. Then the authors proposed a balance scheme to increase the distances
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between the classification hyperplane and each training sample. This balance scheme

is achieved by maximizing the classification scores so that the bands of the training

samples can be balanced. After all the training samples are balanced, they reformulate

the objective functions of those binary SVMs for all classes. Thereby, a weighting vector

can be obtained for every class, in which the element represent the importance of each

band. This method works by maximizing spectral distances among different classes. It

represents traditional shallow models and thus we compare our method with it.

Since we did not spend too much time on the architecture tuning of our neural network,

a simple VGG like network with stacking convolutional layers, pooling layers, and fully

connected layers was used as our classification network. The VGG like network follows

the basic VGG net principle but changes the 2-D convolution to 1-D convolution. It

consisted of three blocks. Each block was composed of three convolution layers with

kernel size 3. Max pooling layers were inserted after each block, and then two fully

connected layers and an output layer with Softmax activation were added on top of

the network. RELU was used as the activation function in all the other layers. Batch

normalization was used after each convolution layer and dropout layers were added after

each fully connected layer. For the band attention module, only fully connected layers

were used. We fixed the number of hidden neurons as 32. Thus the attention branch

introduced N ×32 +32×32 +32×N (N is the number of bands) more parameters than

the classification backbone. We used batch normalization and dropout to regularize the

model and speed up the training. Adam optimizer and early stopping were used to

optimize the cost function. The initial learning rate was set to 0.001. 64 was used as

the batch size for all three datasets. We made the training iterate for 500 epochs.

Table 4.3: Band weighting results on Botswana dataset.

OA AA Kappa

Band weighting network 0.9519±0.0051 0.9507±0.0071 0.9433±0.012

Without band weighting 0.9405±0.0126 0.9354±0.0152 0.9278±0.0119

1-D CNN adapted[24] 0.9397±0.0091 0.9349±0.0105 0.9177±0.0205

Yan’s [21] method 0.9192±0.0171 0.9198±0.0129 0.9030±0.0113

Tables 4.3, 4.4, and 4.5 demonstrate the classification results of our proposed band

weighting network and the competitors on the three datasets respectively. The first

row is our proposed band weighting network’s result. The second row is the same
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Table 4.4: Band weighting results on KSC dataset.

OA AA Kappa

Band weighting network 0.9474±0.0092 0.9483±0.0121 0.9372±0.0119

Without band weighting 0.9302±0.0224 0.9265±0.0199 0.9172±0.0205

1-D CNN adapted [24] 0.9304±0.0136 0.9272±0.0112 0.9187±0.0139

Yan’s[21] method 0.9181±0.0315 0.8995±0.0219 0.8853±0.0259

Table 4.5: Band weighting results on full Indian Pines dataset.

OA AA Kappa

Band weighting network 0.7485±0.0093 0.7460±0.0112 0.7187±0.0126

Without band weighting 0.7373±0.0128 0.7289±0.0114 0.7007±0.0202

1-D CNN adapted [24] 0.7129±0.0151 0.7185±0.0199 0.6899±0.0255

Yan’s[21] method 0.6545±0.0278 0.64±0.0254 0.6205±0.0337

classification network as the first row but without the band attention module, in order

to verify the benefits of the added band attention module. The third and fourth rows

show the results of Chen’s 1-D CNN [24] and Yan’s SVM based band weighting [21].

Across the three tables, it is clear that all the metrics on Botswana and KSC datasets

are significantly higher than full Indian Pines dataset. This is because full Indian Pines

dataset is generally much more challenging than the other two datasets. The most

evident observation is that it has approximately three times more categories than the

other two datasets. In terms of ablation study, it can be seen that after removing the

band attention module, the classification performance drops obviously. This proves our

design does contribute to the classification task by weighting the input bands. The

learned band weights characterize the relationship among all the bands well. Compared

to the other two approaches [24][21], our method clearly outperforms them, showing the

superiority and effectiveness of our band weighting network.

We selected 3 samples from each dataset and show the learned weights in Figures 4.8-

4.10. In Figure 4.8, the upper two curves represent weights assigned to two samples from

Firescar2 class and the lower one corresponds to one sample in the Short mopane class

from Botswana dataset. It is clear that the model learns significantly different weights

for these two classes. Comparing two curves from the same Firescar2 class, we can see

that the learned weights are similar, but not exactly the same. When taking a closer

look at the interval from the 60-th to 80-th bands, two weights from Firescar2 class

have similar trends, peaks and valleys. However, the lower curve from Short mopane
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class shows a different trend. In particular, there is a deep valley in the middle of this

interval. A similar phenomenon can be observed on the other two datasets.

Figure 4.8: Learned weights on Botswana dataset. The upper two curves show the
learned band weights for two samples in the Firescar2 class. The lower curve shows the

learned band weights for a sample in Short mopane class.

Figure 4.9: Learned weights on KSC dataset. The upper two curves show the learned
band weights for two samples in the Cattail marsh class. The lower curve shows the

learned band weights for a sample in Scrub class.

In the previous experiment, we followed the common practice to manually remove the

absorption and low SNR bands. Here we added them back for the Indian Pines dataset

to see how the band attention module processes the manually identified noise bands,

namely bands 104-108, 150-163 and 220. After adding back these removed bands, we
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Figure 4.10: Learned weights on Indian Pines dataset. The upper two curves show
the learned band weights for two samples in the building class. The lower curve shows

the learned band weights for a sample in beans-drilled class.

Table 4.6: Performance on Indian Pines with and without manual band removal.

OA AA Kappa

with manual removal 0.7485±0.0093 0.7460±0.0112 0.7187±0.0126

without manual removal 0.7493±0.0096 0.7465±0.0122 0.7190±0.0139

Table 4.7: Comparison of weights of the removed bands and reserved bands for a
woods sample.

band index 106 107 157 104 155 162

weights 0.522 0.548 0.801 0.109 0.075 0.025

Avg weights removed Avg weights reserved

0.335 0.523

observed marginal improvement of classification performance rather than a decrease as

shown in Table 4.6. We speculate this is due to the useful information in the removed

bands, which is supported by Jia et al. [183] who analyzed and proved the existence of

useful information in the manually removed bands. We randomly selected one sample

from woods class and Table 4.7 shows the average weights of the manually removed

bands and the reserved bands. We also listed the bands index in the manually removed

set which had relatively high weights. Here Sigmoid was used as the attention output

activation to output larger weights for better comparison. These bands are likely to be

selected in the band selection task. This phenomenon was also observed in by Jia et al.

[183] and acts as evidence of the usefulness of the manually removed bands.
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4.4.3 Band Selection Experiment

Here, we tested the capability of the band attention framework in the band selection task.

By changing the band attention input and activation function of the attention output,

the proposed band attention framework can transform to two kinds of band selection

network: a weights-based band selection network and an activation-based band attention

network as detailed in the previous section. We evaluated the classification performance

of these two networks on Botswana, KSC and full Indian Pines datasets. The backbone

network and basic attention structure were the same as the band weighting network.

The activation function in the attention branch was Scaled Exponential Linear Unit

(SELU). The size of the constant band selection input was set as the number of bands

for each dataset.

The dataset split strategy was the same as the band weighting experiment, i.e. 20 percent

for training and 80 percent for testing. Validation set was used by separating out 30

percent of the training set. Data augmentation on the Botswana and KSC datasets was

also conducted due to their limited number of labelled data. The random splitting and

experiments were conducted 10 times and overall accuracy was adopted as the metric.

In order to examine the effectiveness of the selected band subsets with varying sizes,

we tuned the number of the selected bands to range from a small value to many of the

bands with a certain interval. Specifically, the number of selected bands started from 8

and increased to 128 in an interval of 8. We chose these numbers so that we could test

the classification performance of each selected band subset using convolutional neural

networks. In the adopted CNN classifier, 3 pooling layers were used, so the size of the

spectral input was chosen as 23 multiplied by an integer.

To verify the quality of the selected bands, two different classifiers were used to prove

the general usefulness of the selected band subsets: support vector machine and convo-

lutional neural network. They represent the best traditional shallow and modern deep

methods. Since there was already a classification network in the band selection step for

both weights-based and activation-based band selection networks, we used the same net-

work architecture as the classifier for classification task. For SVM, we used RBF kernel
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because of its high performance. With respect to the activation-based band selection

network, the output of the attention module has the capability of filtering out bands

that are not selected. After multiplication of samples with the band selection output,

only the selected bands of the samples can pass through the network. Thus, although

the input sample has the whole band set, the final output classification accuracy of the

activation-based band selection network can still represent the performance of the se-

lected band subsets. We also report this accuracy for activation-based band selection

network.

In order to show the superiority of our band selection networks over other methods,

we selected several band selection algorithms as our competitors, including two recent

proposed methods and some traditional ones. The first algorithm, proposed by Jia

et al. [194], is enhanced fast density peak based clustering (E-FDPC) band selection

method. This method combines ranking based band selection and clustering based

band selection to take advantage of both benefits. The baseline FDPC is a ranking

based clustering method. It works by first computing the intra-class distance and local

density of every data point and then multiplying these two values. The obtained values

are then sorted into descending order. The cluster center is identified as anomalously

large value points. The E-FDPC introduces two modifications for the band selection

task. The first modification is discriminating intra-class distances and local density of

all data points and assigning weighting vector to the normalized version of the two values

to obtain the ranking score. The second modification is to apply an exponential-based

learning rule to vary the thresholds according to the number of bands to be selected.

Another recently proposed band selection method is based on nonhomogeneous hidden

Markov chain (NHMC) [195]. The authors proposed a method for point-wise ranking

based band selection. They used the NHMC model to analyze the spectral data’s re-

dundant wavelet coefficients. A binary multiscale label can be obtained from NHMC

model. The band selection method uses the semantic feature provided by the labels to

distinguish the spectral point. For the ranking score of each band, the average corre-

lation of the NHMC labels are considered. It is easy to use a label vector with more
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discrete values. Through this, they were able to better characterize the spectral fluctua-

tion, using a more fine grained description. In addition, three traditional band selection

methods were chosen as our competitors: mutual information based band selection (MI)

[68], genetic algorithms based band selection (GA) [79], and particle swarm optimization

based band selection (PSO) [196].

We report both overall accuracy (OA) and average accuracy (AA) with a varying number

of selected bands on three datasets under SVM and CNN classifiers in Figures 4.11 –

4.22. In these figures, W-BAN and A-BAN represent the proposed weights-based band

selection (attention) network and activation-based band selection (attention) network

respectively. The A-BANO represents the output classification accuracy of activation-

based band selection (attention) network. Since the output of the weights-based band

selection network is just a band weighting result, we do not report it in the band selection

experiment. From these figures, we can see clearly that our proposed two band selection

methods perform better than the competitors in general.

Figure 4.11: OA of SVM classifier on Botswana dataset.

From Figures 4.11, 4.12, 4.17 and 4.18, we can see that for Botswana dataset, all our

proposed methods show obvious superiority to the competitors on both OA and AA.

In terms of SVM, A-BAN and W-BAN do not have advantages when the number of

selected bands is 8. As the number of selected bands increases, both A-BAN and W-

BAN show larger performance advantage over the other methods, and the trends of AA

and OA are similar. When comparing two proposed methods, we find W-BAN does not
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Figure 4.12: AA of SVM classifier on Botswana dataset.

Figure 4.13: OA of SVM classifier on KSC dataset.

have benefits over A-BAN. In terms of CNN classifier, the general trend is similar. The

accuracy of A-BANO is even better than W-BAN and A-BAN.

With respect to KSC dataset, the performance of our methods are also better than

other compared band selection methods as shown in Figures 4.13, 4.14, 4.19 and 4.20.

The trends of OA and AA are consistent with each other. For both SVM and CNN

classifiers, W-BAN performs slightly better than A-BAN. In KSC and Botswana dataset

experiments, CNN classifier does not show a higher accuracy than SVM. We speculate

that this is because the number of training samples for the two datasets are relatively

small, so the power of CNN can not be fully utilized and a certain level of overfitting

may exist.
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Figure 4.14: AA of SVM classifier on KSC dataset.

Figure 4.15: OA of SVM classifier on full Indian Pines dataset.

Figure 4.16: AA of SVM classifier on full Indian Pines dataset.

In terms of Indian Pines dataset which has much more training samples, the CNN classi-

fier demonstrates large improvement over SVM. Figures 4.15, 4.16, 4.21, and 4.22 show

that the deep learning methods stand out for the two classifiers again. It is worth noting
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Figure 4.17: OA of CNN classifier on Botswana dataset.

Figure 4.18: AA of CNN classifier on Botswana dataset.

Figure 4.19: OA of CNN classifier on KSC dataset.

that A-BANO for CNN classifier performs especially well compared with competitors in

most of the selected band number setting. These experimental results prove that deep

learning models have the ability to discover better band subsets.
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Figure 4.20: OA of CNN classifier on KSC dataset.

Figure 4.21: OA of CNN classifier on full Indian Pines dataset.

Figure 4.22: AA of CNN classifier on full Indian Pines dataset.

To visualize the actual selected bands by the band selection networks, we show in Fig-

ure 4.23 the selected band subset for the three datasets by A-BAN when the number of

bands was set as 64. The x axis is the index of band. In the y axis 1 and 0 represent
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selected and removed bands respectively.

Figure 4.23: 64 bands selected by A-BAN method. The upper, middle and lower
figures correspond to results on Botswana, KSC and full Indian Pines datasets respec-

tively.

In order to evaluate our proposed band selection method at different training set sizes,

we fixed the number of selected bands to 64 and changed the percentage of training

samples. Specifically, we sampled 5, 10, 15, 20, 25, 30, 35, 40 percents of the data points

in the datasets as the training set to train our models. In all the training set sizes, data

augmentation was conducted as before to make each class has at least 500 samples for

training. Figures 4.24, 4.26 and 4.28 show the overall accuracy of SVM classifier on

these three datasets. Figures 4.25, 4.27 and 4.29 demonstrate the performance of all

models when CNN was used as the classifier. In all these figures, the x axis represents

the size of the training set in a percentage of the whole datasets.

With the increase of training samples, the overall classification accuracy increases. On

Botswana dataset, the deep learning based band selection methods are better than all

other competitors in all the training set sizes for both SVM and CNN. In 25 and 30

percents, NHMC performs close to the deep models, while the other competitors are

much inferior. For KSC dataset, deep models also perform better than shallower models.

Among the competitors, E-FDPC demonstrates the best accuracy. The band attention

networks show consistent advantages on Indian Pines dataset in almost all training set

sizes. A-BANO is specially excellent on Indian Pines dataset.
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Figure 4.24: OA of SVM classifier on Botswana dataset with different training sizes.

Figure 4.25: OA of CNN classifier on Botswana dataset with different training sizes.

Figure 4.26: OA of SVM classifier on KSC dataset with different training sizes.

Spatial information has been proved to be very useful in hyperspectral remote sensing

image classification and can significantly improve the classification performance [24][164].

In deep learning, the spectral-spatial feature can be extracted by 3-D CNN which is the
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Figure 4.27: OA of CNN classifier on KSC dataset with different training sizes.

Figure 4.28: OA of SVM classifier on full Indian Pines dataset with different training
sizes.

Figure 4.29: OA of CNN classifier on full Indian Pines dataset with different training
sizes.

state of the art model. We extended our 1-D band selection network to 3-D and compared

the performance with other competitors. Spectral-spatial processing and classification
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is very time consuming in CPU, so we only used CNN as the classifier due to GPU

acceleration. Figures 4.30- 4.32 show the classification performance. The classification

accuracies on three datasets for all numbers of selected bands are much higher than the

spectral-only model. This validates the usefulness of spatial information. In Figure 4.30,

the classification accuracy does not increase with more bands being selected on Botswana

dataset. On one hand the accuracy is very high in 8 bands and does not have too much

room to increase. On the other hand the spatial context might already contain enough

information for classification. For the results on KSC dataset in Figure 4.31, the perfor-

mances have a clear increase from 8 to 16 bands for the three proposed deep models. On

Indian Pines dataset, the accuracy improves more significantly when a larger number

of bands are selected as shown in Figure 4.32. We believe that this is because Indian

Pines dataset is much more difficult to classify than the other two datasets. Spatial

information can not guarantee good accuracy without sufficient spectral information.

On all the three datasets, the deep band selection models have consistent improvement

over the traditional models. Liang et al. [181] pointed out that when spatial context is

used, it is difficult to determine whether the performance improvement is caused by the

spatial information or including information from the testing data in the training stage

when performing training and testing on the same image. This might explain why the

trends of these curves are not similar as the 1-D case.

Figure 4.30: OA of spectral-spatial band selection and classification using CNN clas-
sifier on Botswana dataset.
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Figure 4.31: OA of spectral-spatial band selection and classification using CNN clas-
sifier on KSC dataset.

Figure 4.32: OA of spectral-spatial band selection and classification using CNN clas-
sifier on full Indian Pines dataset.

4.5 Conclusions

In this chapter, we have proposed a unified band attention network that can achieve both

band weighting and band selection for hyperspectral remote sensing image classification.

By varying the band attention input and the activation of band attention output, the

proposed band attention framework has three variants: band weighting network, weights-

based band selection network and activation-based band selection network. The band

weighting network adopts the input samples as the band attention input and Softmax

as the attention output activation. For both band selection networks, a constant band

attention input is used to force the band attention module producing the same band
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groups for all samples. A K winners pass activation function is designed for activation-

based band selection network to make the attention module carrying out the bands

discarding process. We conducted experiments to validate the superiority of our methods

over the competitors.





Chapter 5

Attention Mechanism in

Convolutional Neural Network

for Multi-domain Hyperspectral

Image Classification

In this chapter, we investigate a new topic in hyperspectral remote sensing image classifi-

cation: multi-domain image classification. Although deep neural networks have achieved

overwhelming success in almost all supervised learning tasks in hyperspectral remote

sensing, most of the models only work on one specific dataset or data domain. We

explore the topic of designing one single neural network for universal hyperspectral re-

mote sensing image classification. Inspired by the attention mechanism in human visual

system, we propose universal CNNs that can adjust their behaviour to different hyper-

spectral datasets by attending to the domain of data. The proposed network has the

majority of parameters shared by all data domains and a small number of parameters

tuned by the attention mechanism. The experiment performed on five hyperspectral

benchmark datasets shows that our proposed multi-domain CNN achieves better or

similar performance to five specialized single domain networks.

113
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5.1 Introduction

Compared to panchromatic or color imaging, hyperspectral imaging technology acquires

the reflectance of target objects in a wide, continuous spectrum of the electron-magnetic

wave. The obtained hyperspectral images contain a detailed characterization of spectral

properties of the targets. Each pixel of hyperspectral image is a vector depicting re-

sponses at hundreds of hyperspectral bands. This ability of hyperspectral image makes

it particularly good at distinguishing objects of different materials. Therefore, hyper-

spectral image has been widely used in many fields such as remote sensing, agriculture,

environment and urban planning [155].

One fundamental problem of hyperspectral remote sensing is image classification, which

assigns labels to each individual pixel of a hyperspectral image. This problem has been

widely investigated in the literature during the last several decades. Researchers in re-

mote sensing community have proposed a number of algorithms to classify hyperspectral

images [12][13][24]. There are two main challenges in hyperspectral image classification.

The first challenge is the scarcity of labelled samples. This is mainly due to the fact

that labelling of hyperspectral remote sensing data requires expensive, expert labor and

field surveys. The second challenge comes from the high dimensionality of hyperspec-

tral data. The Hughes phenomenon shows classification performance of an algorithm

decreases with the increase of dimension of data sample when the number of labelled

training data is fixed [23]. Thus, special consideration is needed for designing classifica-

tion methods for hyperspectral image.

Most of the existing hyperspectral image classification methods can be divided into two

groups: traditional methods and deep learning based methods. Traditional methods

usually perform feature extraction or dimensionality reduction first. Then the extracted

low dimension features are classified using shallow classifiers such as Support Vector

Machine (SVM). Liao et al. proposed to use local discriminant analysis to extract

features from hyperspectral image and then SVM is used to predict the final labels [46].

Yang et al. proposed a non-parametric hyperspectral feature extraction method, which

is combined with nearest neighbour classifier for classification [49].
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Deep learning based classification methods have become the dominant methods in most

perceptual tasks including image classification [24], object detection [103], image seg-

mentation [96], and natural language processing [128]. This is mainly due to the devel-

opment of parallel computation and the availability of big data. Deep neural network

is also the current state-of-the-art method in many remote sensing applications. Chen

et al. first introduced the concept of deep learning and convolutional neural network

to hyperspectral image classification [24]. After that, many other researchers proposed

various neural network architectures in the hyperspectral domain. The depth of hy-

perspectral CNN is being pushed deeper and deeper [124]. Advanced network design

such as residual network [16] and dilated convolution [197] have also been proposed for

hyperspectral image classification.

With carefully designed network architectures and optimization methods, classification

accuracy of hyperspectral remote sensing images is becoming increasingly higher. For

certain datasets, existing methods from the literature achieved near 100 percent classi-

fication accuracy [16]. However, most of these methods have significant limitations due

to the fact that they are highly specialized in one task and one data domain. In the

current paradigm, we need to design and train a new model for each new dataset and

task. In a real-world application, this paradigm will lead to a lot of inconvenience and

disadvantages.

From model design and training aspects, it takes a significant amount of expert knowl-

edge and effort to redesign a new model for every new dataset. In addition, retraining of

each new model costs a lot of computational resources and time because of the expensive-

ness of computational load of training deep neural networks. From the application point

of view, the task and data modality of interest is constantly changing. To deploy deep

learning models in real world applications, the current single model paradigm requires a

large number of domain specific trained models at the end device. This increases the bur-

den of storing and transmitting large deep learning models [152]. Moreover, frequently

shifting and reloading models with numerous parameters leads to challenges in applica-

tion scenarios [151]. This issue becomes especially severe when the models are deployed

on airborne platforms. Therefore, a single neural network that can simultaneously work
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on multiple hyperspectral datasets or a universal model is needed to address the above

challenges. In this chapter, we investigate the problem of multi-domain learning for

hyperspectral remote sensing image classification.

Many machine learning algorithms assume that all data points in the dataset follow

independent identical distribution [149]. If a model is trained on a dataset with one

distribution, it usually does not perform well on a different dataset with another distri-

bution. Careful design and adaptation need to be taken into account in the multi-domain

scenario. Hyperspectral remote sensing images differ significantly in data modality and

distribution in many different ways. First, different hyperspectral sensors have different

spectral response to electro-magnetic waves. For example, AVIRIS sensor responds to

a bandwidth of 0.4− 2.5µm, while another hyperspectral sensor ROSIS have a spectral

response range of 0.43 − 0.86µm. This means the physical meaning of different spec-

tral bands are different. Second, different hyperspectral sensors have different spectral

dimensions. Thus, the collected hyperspectral images have different size in spectral

direction. In the context of deep neural network, the input layer size is different for

different datasets. This causes difficulty for a single network to learn all data domains.

Third, even the datasets captured by the same hyperspectral sensor may have different

data distributions. For instance, an image collected over a rural area should have differ-

ent distribution from an image collected over an urban area. For the same imaging area,

hyperspectral remote sensing is also easily affected by weather, season, illumination, and

other factors. The collected hyperspectral image under different conditions may have

different data distributions.

All of the above-described domain and data modality shift of hyperspectral remote

sensing images make it challenging to design one single model for multiple hyperspectral

datasets. However, the human visual system has the ability to solve a large number of

image recognition tasks with different data distributions [26]. We can recognize most

kinds of natural images from natural scenes to man-made objects. Images with signifi-

cant different distributions, such as sketches, paintings, and medical images can also be

understood and classified by humans. This suggests that universal representations of

images do exist in human brains. Thus, it is valuable to explore the topic of universal
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representations of hyperspectral images with computational algorithms. The recent en-

deavor in computer vision community also suggests that universal image representation

is a promising direction and a step towards general artificial intelligence [152][26].

Attention mechanism widely exists in the mammalian’ visual system. It is a very use-

ful capability helping to survive the process of evolution. Attention mechanism greatly

improves the effectiveness and efficiency of visual recognition. In recent research liter-

ature, the concept of attention mechanism is borrowed to help design artificial neural

networks. The attention module has been introduced to many AI tasks such as machine

translation [18], image captioning [134], and image classification [20]. We have already

described our design of attention module for hyperspectral image classification in the

previous chapters. In this chapter, we introduce a new attention concept: attention on

data domains, for multi-domain hyperspectral image classification. The corresponding

proposed network is named domain attention network. By attending to different data

domains, the domain attention network can adapt feature extractor of the network to

different data distributions. The extracted features also vary according to their data

domain. Thereby, a single domain attention network is able to fit multiple different data

distributions for hyperspectral images.

The proposed domain attention network can be trained on multiple hyperspectral image

datasets. In the deployment stage, the single model can be deployed to make prediction

on multiple datasets. Note that we are not trying to approximate multiple probabilistic

distributions using one distribution. The domain attention network is just trying to

find a common representation of different images modalities. This is very similar to a

common convention that uses Imagenet trained network as a feature extractor. Previ-

ous work has shown that using a fixed Imagenet trained network as a general feature

extractor achieves decent performance on many small datasets [116]. The extracted

features without fine tuning even outperforms carefully hand-engineered features. It is

believed that Imagenet contains most general visual primitives, so the trained network

can generalize to other natural images. However, the feature extractors trained from

Imagenet are not necessarily optimal for other image datasets. In the proposed domain

attention network, we improve over the concept of pre-training based feature extractor.
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Our domain attention network is optimized for multiple hyperspectral datasets at the

same time by a domain attention mechanism.

In general, all attention modules proposed in the literature are trying to emphasize or

concentrate on some parts of the network for better modelling the properties of dataset.

These attention mechanisms can be divided into two categories: hard attention and soft

attention. In hard attention, when the attention module focuses on certain part of the

network, this part is selected to be involved in the whole process of computation. On

the contrary, the parts not attended by the attention module are eliminated from both

forward and backward computation. The basic functionality of hard attention is as a

selector. Because the selection process is not derivable, traditional methods resort to

reinforcement learning to optimize them [173]. In hyperspectral multi-domain learning,

since the domain is easily available, we can avoid using complex optimization process for

the hard attention. For soft attention, there is no selection or elimination in the network.

All components receive a certain level of attention. The difference is on the strength of

attention. Attended parts receive higher weights, and unattended parts receive lower

weights. Since it is a derivable operation, traditional back-propagation can be used for

optimization [20].

Our proposed domain attention network can be hard attention or soft attention. We

have designed two domain attention modules respectively. Since our domain attention

network is trained on multiple datasets, another advantage of this design is that it in-

creases the available number of training samples. Although different datasets have their

own characteristics, joint training may bring benefits if several datasets have common

properties. In hyperspectral remote sensing, some datasets have fewer labelled samples

than others. In this context, the smaller datasets can benefit from larger datasets when

they have common properties.

Recently, Lee et al. proposed a method to train multiple hyperspectral datasets at

the same time [153]. Their results showed a certain benefit of this training scheme.

Later, the authors extended their work to answer the question of whether pretraining

is necessary for hyperspectral image classification [154]. They used multiple datasets to

pretrain a network, and then this network was used to fine tune another small dataset.
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One main drawback of these two methods is that they simply feed multiple datasets to

one network. They did not take the dataset domain discrepancy into consideration. On

the contrary, we explicitly model the domain differences in our proposed method by the

designed domain attention module.

Our contribution in this chapter can be summarized as follows. First, we propose single

model domain attention networks for multi-domain hyperspectral image classification.

This network can learn universal representations for hyperspectral data. Second, we

design two attention modules that can attend to domains of dataset. Third, our proposed

single network can achieve similar or better classification performance than multiple

specialized models with significantly reduced model size.

5.2 Related Work

In this section, we describe the related work. First we briefly review deep learning based

single domain hyperspectral image classification methods. Then, we explain the topic

of multi-domain learning and its difference to other similar research topics.

Deep learning methods have become the state-of-the-art for hyperspectral remote sens-

ing image classification, achieving superior results on most hyperspectral benchmark

datasets. A variety of deep neural networks have been adapted for hyperspectral im-

age classification in the last few years. Typical models in hyperspectral area include

deep belief network [130], deep stacked auto-encoder [14], deep recurrent network [131]

and deep convolutional network [24][164]. Of all the deep learning models, deep con-

volutional network (CNN) has obtained the most research attention. CNN can extract

discriminative spatial and spectral features using 1-D, 2-D and 3-D convolutions [24].

These features are then classified by a Softmax classifier. We will focus on CNN based

methods in this chapter. All parameters in most CNNs are trained end to end on a

single domain hyperspectral dataset each time.

Our task in this chapter is multi-domain hyperspectral image classification. We attempt

to design a single network that can be trained and deployed on multiple datasets simulta-

neously. To achieve this, our network should be able to extract universal representations
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for hyperspectral images. This new topic has not been well addressed in the literature.

However, some established research topics are related to multi-domain learning. We

review some of these topics and compare them with our problem.

Multi-task learning is mostly related to our work. The main aim of multi-task learning

is to design a single model to simultaneously solve different tasks. The basic assumption

behind multi-task learning is that different tasks have complementary information so

that each task can benefit from the training of other tasks. In the context of deep

learning, one solution is to share shallower layers of neural network for all tasks, and use

task specific parameters in higher layers for individual tasks [198]. In computer vision,

Ranjan et al. proposed a method to simultaneously perform landmark localization,

face detection, and pose estimation [199]. Other multi-task image applications have

also been explored [200][122][201]. The main difference between multi-task learning and

multi-domain learning is that the former learns on a single data domain for multiple

tasks. However, multi-domain learning learns on different data domains for a single

task.

Transfer learning and domain adaptation also have a close relationship to our work.

In transfer learning, we aim to transfer knowledge learned on one dataset or task to

another dataset or task. In deep learning, the paradigm of pretraining on Imagenet

and fine tuning on another dataset is such an example [116]. When the label on target

dataset is not available, unsupervised domain adaptation is usually used [202][203]. The

main difference is that the goal of transfer learning is to optimize the performance on the

target dataset. The performance on source dataset is normally degraded after transfer

learning. Multi-domain learning tries to maximize the performance on both source and

target datasets.

With the release of the Visual Decathlon challenge [150], the topic of multi-domain

learning has drawn attention in the computer vision community. The Visual Decathlon

is a challenge that learns a single model for classification on 10 different datasets. Re-

searchers have proposed a few methods for this challenge [26][151]. Following this, Wang

et al. designed a challenge for multi-domain object detection [152]. However, the multi-

domain learning issue has not been addressed in hyperspectral image classification. Lee
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et al. considered this problem, but their method does not have a module customized for

multi-domain learning [153].

5.3 Method

In this section, we describe our method in detail. First, we define the problem of

multi-domain learning and illustrate the overall framework of our solutions. Second,

we demonstrate hard attention based adapters for multi-domain hyperspectral classifi-

cation. In this case, the knowledge of domain identification need to be known a priori

or predicted by other auxiliary method to guide the hard domain attention. Finally, we

show a soft domain attention adapter design that does not need domain identification

and attends softly to domains.

5.3.1 Problem Formulation and Overall Framework

Our goal is to design a single model than can be trained and tested on hyperspectral

datasets from different domains. Formally, suppose we have T datasets {D1, D2, ..., DT },

where Dd, d = 1, 2, ..., T represents one dataset or domain. Each dataset Dd is composed

of pairs of {Xd, Yd}. Xd = {xdi }, i = 1, 2, ..., Nd, where Nd denotes the number of training

samples in Dd, and xdi ∈ RP×P×Bd denotes a hyperspectral sample in dataset Dd, P and

Bd are patches size and number of spectral bands in the dth dataset. In this chapter we

focus on spectral classification so P = 1. Yd = {ydi }, where i = 1, 2, ..., Nd is the index

of labels in Dd, and ydi ∈ {1, 2, ..., Ld} represents one label in Dd and Ld is the number

of categories in it. Let F denote a neural network model, W represents its parameters,

and l represents loss function. We can obtain the objective function for a single domain

Dd as:

Ld =
1

Nd

Nd∑
i=1

l(F (xdi ;W ), ydi ). (5.1)

To achieve good performance on multiple datasets, we need to take the losses on all

datasets into consideration. There are some possible ways of balancing performances
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across multiple datasets. To make it simple and following [149], we opt to use the

average of losses on all datasets as our final objective function:

Lall =
1

T

T∑
d=1

Ld, (5.2)

where Ld is defined in Equation (5.1).

In the traditional paradigm of deep learning, we train and deploy an individual model

Fd(;Wd) for each dataset Dd. In this case, the required total number of parameters and

models size will increase very quickly with the number of domains, because the total

size is the sum of all individual models. To reduce the number of parameters for all

domains, a naive solution is to make all datasets simply share one common network,

such as VGGnet. However, this will cause learning difficulties for the network. The

reason is different data domains have different distributions and statistics. Plain machine

learning models normally experience performance degradation when facing datasets with

different distributions. This phenomenon is called covariate shift [204][99]. Although

some methods such as batch normalization and domain adaption have been proposed

to address this issue, they are not designed for multi-domain scenarios. Thus, simply

sharing the same network for all datasets is also not an optimal solution.

To address the covariate shift issue in multi-domain classification, we propose a mod-

ule to adapt the discrepancy of different distributions in multiple datasets. Generally,

a backbone network shared with all data domains is used to extract features from all

datasets. The extracted features work as basic features for multi-domain classification.

These features are not optimal for any datasets because of the differences in data distri-

butions. Therefore, we designed an adapter module to adjust the basic features for each

individual dataset. These adapters’ parameters are optimized for individual dataset. Af-

ter the adaptation, the produced features can be considered customized for each dataset.

To reduce the number of total parameters and model sizes, we design the whole network

in a way that the basic feature extractors contain the majority of parameters and the

number of parameters in adapters are as few as possible. Formally, the whole network

learning can be expressed as:
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W ∗b ,W
∗
d |Td=1 = arg max

Wb,Wd|Td=1

1

T

T∑
d=1

1

Nd

Nd∑
i=1

l(F (xdi ;Wb,Wd), ydi ), (5.3)

where Wb represents the parameters of the base network shared by all domains, Wd

denotes the parameters in the dth adapter. The number of parameters in Wb should be

significantly larger than that in Wd.

Attention mechanisms have been applied in many areas of machine learning and com-

puter vision. A variety of attention models have been designed in deep learning and

proved their superior performance. The power of attention mechanisms come from its

flexibility and adaptability. Specifically, most of the attention modules enable the fea-

ture extraction process of deep learning to adapt according to different inputs. This

adaptability of attention module makes the final extracted features customized to each

input. Thus, the performance of the tasks can be improved. This ability of attention

mechanism inspired us to design domain attention modules that can adapt the network

in accordance with the domain of data samples. Mathematically, Wd in Equation (5.3)

represents the parameters of adapter.

Figure 5.1: Illustration of three multi-domain schemes.

Figure 5.1 illustrates three multi-domain classification schemes. D1, D2 and D3 demon-

strated three different domains with different colors. The left figure is the banks of single

domain solution where we train an individual network for each domain. This is the most

expensive solution in terms of model parameters and computation load. The middle fig-

ure describes a single universal model shared by all three domains. In this model, all

domains share exactly the same network. The right figure shows our proposed domain
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attention network for multi-domain hyperspectral classification. In this solution, small

attention based adapters are embedded in the base network. This design enables the

features of base network to be adaptively adjusted by a small domain attention mod-

ule. The third scheme can achieve good performance on all data domains and involves

very few additional parameters. We will elaborate two domain attention adapters in the

following subsections.

There are two difficulties in hyperspectral multi-domain classification. First, different

hyperspectral image datasets usually have different numbers of classes. Even if two

hyperspectral datasets have the same number of classes, very few of them share the

same label spaces. This makes it impossible to share the final classification layer across

datasets. To address this issue, we adopt a dataset specific classification layer for our

design. In other words, each data domain has its own unique classification layer. We use

a muxer to implement it. Second, different hyperspectral datasets may have different

spectral dimensions. Thus, the input layer can not be shared either because of the in-

compatibility of input sizes. For natural image multi-domain classification, it is common

to resize the images of different resolutions to make them compatible. Hyperspectral

bands, however, have a clear physical meaning so it is not appropriate to simply resize

the spectral vector. To solve this problem, we designed a dimension normalization layer

to unify input sizes across domains. It is implemented by a set of fully connected layers:

H = W 1
d × Id, (5.4)

where H ∈ RS represents the the first hidden layer with the same dimension of S. Id

represents the input of dth domain with size Sd×1. W 1
d ∈ RS×Sd is the weighting matrix

of the fully connected layer for each domain. We ignore the bias term for simplicity.

5.3.2 Hard Attention Adapters for Multi-domain Hyperspectral Image

Classification

In this subsection, we design a hard attention adapter for multi-domain hyperspectral

image classification. In attention mechanisms, hard attention means the attended parts



Chapter 5. Attention Mechanism in Convolutional Neural Network for Multi-domain
Hyperspectral Image Classification 125

Figure 5.2: Hard domain attention network.

receive full focus, and the unattended parts are completely ignored. The values on

attention maps for hard attention mechanism are either 1, which means being attended,

or 0 meaning being unattended. Since our attended target is the domain of data, the

activation or deactivation of adapters is determined by the domain labels.

Figure 5.2 shows the architecture of the proposed hard domain attention network. The

green rectangle represents the base network. The three small rectangles on top of the

base network are the adapters with parameters optimized for each domain respectively.

On the input side, the input data is sent to the main classification network and a domain

predictor. The domain predictor is designed to predict the domain labels from input

data. It can be an auxiliary network trained for domain classification. In some cases

of hyperspectral image classification, the domain label can be easily obtained simply

by checking the dimension of spectral dimension. This is because many hyperspectral

images have different numbers of spectral bands depending on the sensors. The atten-

tion process is mainly controlled by the muxer which takes in domain label as input.

The muxer decides to activate which adapter according to the domain labels. The

corresponding adapter parameters are selected and involved in the computation of the

network. The other adapters are not activated. Only one adapter can be attended

at each time. In the whole framework, the main network learns the shared knowledge

among all domains and has the majority number of parameters. The adapters contain

domain specific knowledge with much less number of parameters.
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The next problem to be solved is what need to be adapted to address the distribution

shift in multiple domains. Batch normalization is a method proposed to alleviate internal

covariate shift in hidden layers of deep networks [99]. In the training process of the

same domain, the distribution at the input layer is the same and is normalized by pre-

processing. However, as the training goes, the weights of network is changing. This

makes the hidden layer’s feature distribution varying. From the perspective of hidden

layers, the distribution of its input is not the same so they have to adjust to varying

distributions. This problem brings difficulty to network training and slows down the

convergence. Batch normalization [99] is designed to mitigate this issue. This method

adjusts the mean and variance of hidden features to 0 and 1 and then scales them per

mini-batch.

Motivated by the idea of batch normalization (BN), we propose to adapt our domain at-

tention network by domain specific statistics and scaling factors. We call it BN adapter.

Mathematically, the computation of BN adapter has four steps. First, we compute

domain specific mean and variance for a mini-batch with N samples:

µdB =
1

N

N∑
i=1

xdi , (5.5)

σ2
d

B =
1

N

N∑
i=1

(xdi − µdB)2. (5.6)

Here B represents a mini-batch. d is the index of domains, so the µdB and σ2
d

B are per-

domain mean and variance. x is the hidden feature, and we ignore the index of feature

position for simplicity. Then we normalize the features per mini-batch by the statistics:

x̂di =
xdi − µdB√
σ2

d

B + ε
, (5.7)

where ε is a small constant. After this normalization for all domains, the representation

power of network is significantly reduced. To recover the original expressive capability,

we add a scaling factor γ and biasing factor β operating on the normalized features:
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ydi = γdx̂di + βd, (5.8)

where ydi represents the output of BN adapters. γ and β are trainable weights and

learned along with other parameters in the network. Similar to mean and variance, the

scaling and biasing factors are also domain specific. Thus, the BN adapters can handle

different distributions of multiple domains.

The BN adapters are able to adapt the distribution of features in BN layers. However,

most of the important features are extracted by convolution layers. It is desirable to

impose adaptation on convolution layers. In order to further the adaptability of multi-

domain network, we propose another hard attention based adapters named parallel

adapters. Parallel adapters are placed in parallel with convolution layers. They are

a bank of domain specific convolution adapters. To maximally reduce the number of

parameters in parallel adapters, we adopt 1 × 1 convolution only. Formally, one basic

computation module after parallel adaptation can be expressed as:

y = kP×P ∗ x+ kd1×1 ∗ x, (5.9)

where ∗ represents convolution, kP×P and kd1×1 denote P × P and 1 × 1 convolution

kernel banks, respectively. kP×P is shared by all domains and kd1×1 is the domain

specific parallel adapter. The ratio of number of parameters in an adapter to that in the

main network is 1/P ∗ P . Here we use the notations for 2-D convolution networks for

simplicity. We can see that the adapter only introduces a small amount of parameters.

We can impose independent weight decay and other regularization on parallel adapters.

In other words, different strength of regularization can be added to different domain’s

adapter. This provides an opportunity to tune the coefficient of regularization accord-

ing to the training data sizes of domains. When training datasets are small, stronger

regularization can be executed to avoid overfitting. If weight decay coefficient is very

high, the parallel adapters can reduce to zero and the adapted network becomes base

network.
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Figure 5.3: Illustration of a convolution block with hard adapters.

Figure 5.3 shows a convolution block with two proposed adapters. The green rectangles

represent computation shared across all domains. The 1 × 1 convolution, batch mean

and variance, and scaling factors are domain specific denoted by the domain index d.

5.3.3 Soft Attention Adapters for Multi-domain Hyperspectral Image

Classification

Hard attention based adapters require a switch when attended domain is changing.

The switch works by shifting attention according to domain labels. Another attention

paradigm, soft attention, has obtained wider application in deep learning and related

applications. Soft attention has some benefits, such as enabling all parts of the network

to be fully used by a soft assignment of attention weights. In this subsection, we design

a soft attention based adapter for multi-domain hyperspectral image classification.

To address the domain distribution shift, we need to adapt distribution of features for

individual domains. In hard attention based adapter, domain specific scaling factors are

used in the batch normalization layer. In deep learning methods, some other modules are

designed to scale and re-calibrate feature response in networks. Squeeze and excitation

(SE) block is such a module [121]. It is a soft attention block used to output continuous

attention scores, rather than binary values in hard attention. Inspired by this, we

propose to use SE blocks as the basic components for designing the soft domain attention

adapter. The main difference of soft domain attention network from the hard one is that

the muxer in Figure 5.2 is replaced by a soft routing mechanism.
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The core idea of SE block is a branching subnetwork to model the relationship among

feature channels of convolution layer. Suppose X ∈ RH×C represents feature maps

of one convolution layer in a 1-D hyperspectral CNN, H and C are lengths of feature

map and channel dimension respectively. To focus on the relationship between feature

channels, the first step of SE block is to squeeze the knowledge of single feature maps

to a scalar. This is achieved by a global average pooling operation. Then the obtained

C dimensional vector is sent through several fully connected and non-linearity layers to

learn the cross channel dependencies. Formally, SE block can be expressed as:

Xscore = f(W2 ·RELU(W1 ·GAP (X))), (5.10)

where GAP and RELU denote global average pooling and RELU activation respectively.

W1 and W2 represent weights in fully connected layers. f denotes the activation function

at the output of the block. Xscore ∈ RC is the final output attention score. The final

excited features can be obtained by a channel wise multiplication of Xscore and X.

After modelling the inter-dependency of channels, all original channels are scaled by

the attention scores. It is soft attention because all feature maps receive certain level

of attention, rather than discarding some unattended features. The value of attention

score for each channel decides its strength of attention. Another advantage of SE block

is that it is a light weight module, introducing only a small number of parameters.

SE block works well by scaling features of a single domain. In this chapter, our task is

multi-domain classification. Using the similar principle in the hard attention adapters,

we can reach a solution. Instead of using one SE block for all domains, we use an

individual SE block for each domain. As usual, the backbone network is shared by all

domains. In this way, every domain has its own scaling factors learned by a specified SE

adapter. However, this design still requires a muxer to switch among domains. Thus, it

is not soft domain attention.

We modify the solution described in the previous paragraph to achieve soft domain

attention. To model distributions of different data domains, we keep the bank of SE
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Figure 5.4: SE based soft domain attention.

adapters as before. Instead of using a hard selection muxer, we concatenate the attention

scores produced by the SE adapter banks to a matrix:

Xconcat
score = [X1

score, X
2
score, ..., X

M
score], (5.11)

where Xi
score ∈ RC represents the attention output of the ith SE adapter. Xconcat

score ∈

RC×M is the concatenated matrix. M is the total number of adapters. This operation

accumulates all the knowledge learned by all adapters.

Each column of Xconcat
score can correspond to one domain. To achieve domain attention,

we put another level of attention mechanism on columns of Xconcat
score . The higher order

attention also adopts the format of SE block. Mathematically, it can be expressed as:

Xdomain
score = f(W domain

1 ·GAP (X)), (5.12)

where Xdomain
score ∈ RM . Thus the domain attention score has the same dimension as

the number of SE adapters. Here the activation function f is chosen as Softmax to

distribute normalized weights. Finally, the scaling factors imposed on feature maps of

backbone network is obtained by multiplication:
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Xfinal
score = Xconcat

score ·Xdomain
score . (5.13)

Figure 5.4 shows the proposed soft attention based adapters. In the soft attention

adapters, the number of adapters does not necessarily need to be the same as the number

of data domains. Different domain can share some part of adapters if they have common

properties. All the domain assignment is learned from the datasets. This data driven

manner of adapters provides more flexibility for multi-domain learning.

5.4 Experiment

In this section, we present experiments conducted to evaluate the proposed hard domain

attention and soft domain attention for multi-domain hyperspectral image classification.

First, we create a multi-domain hyperspectral image classification benchmark by com-

bining five hyperspectral datasets. Then, we describe details of experiments including

configurations and comparing methods. The results are shown and analyzed to prove

the effectiveness of our design.

5.4.1 Benchmark Datasets for Hyperspectral Multi-domain Classifica-

tion

Recently, several multi-domain learning benchmarks have been released by researchers in

computer vision. These includes Visual Decathlon (VD) for multi-domain image classi-

fication [150], Universal Object Detection Benchmark (UODB) for multi-domain object

detection [152] and Medical Segmentation Decathlon (MSD) for multi-domain medical

image segmentation [205]. These benchmarks have significantly boosted the research of

multi-domain learning in corresponding areas. However, to the best of our knowledge,

there is no such benchmark in hyperspectral image classification field. For the purpose of

raising research interest and advancing multi-domain learning in hyperspectral area, we

create a benchmark called Multi-domain Hyperspectral Image Classification (MHIC).
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Figure 5.5: Salinas dataset. Left: visualization of dataset, middle: groundtruth label
map, right: name of classes.

The MHIC benchmark was created by assembling together five existing hyperspectral im-

age datasets. These datasets include Indian Pines, Salinas, Pavia University, Kennedy

Space Center (KSC), and Botswana dataset. These datasets cover wide diversity of

hyperspectral data domains with different sensor types, number of bands, spatial reso-

lutions, and land cover types. Indian Pines was collected by AVIRIS sensor with 224

bands. In the publicly available dataset, 24 noisy and water absorption bands were

removed with 200 bands left. The original dataset has 16 land cover categories. The

number of labelled samples per class is severely unbalanced. Some have a very limited

number of samples. For example, the class Oats and Grass-pasture-mowed have only 20

and 28 classes respectively while Soybean-mintill class has 2455, which is more than 100

times of class Oats. Following the protocol of [124], we select 8 classes for our experi-

ment. The original Indian Pines dataset was shown in Figure 3.6. We list the number

of training samples of the remaining classes in Table 5.2. Salinas was also acquired by

the AVIRIS sensor. It has 16 classes, each with abundant labelled samples. The dataset

provider removed 20 useless bands, leaving 204 for analysis. Figure 5.5 and Table 5.1

show Salinas dataset, its groundtruth class maps and available number of samples per

class. KSC is another widely used dataset captured by the AVIRIS sensor. It has

13 labelled classes and 176 bands after noisy band removal. Figure 4.6 and Table 4.2

illustrate visualization of KSC dataset and its number of labelled samples per class.



Chapter 5. Attention Mechanism in Convolutional Neural Network for Multi-domain
Hyperspectral Image Classification 133

Pavia University dataset is a high resolution hyperspectral dataset with 1.3m spatial

resolution. ROSIS sensor was used to scan an urban area of Italy. The dataset contains

103 bands. Details of Pavia University dataset are demonstrated in Figure 3.7. Botswana

dataset was collected by a satellite project EO-1. It has a lower spatial resolution of 30m.

145 bands were used for classification. Botswana dataset has 14 classes. Illustration of

Botswana dataset, its labelled land cover categories and number of samples per category

can be found in Figure 4.5 and Table 4.1.

Table 5.1: Number of samples per class in Salinas dataset.

Class Land Cover Type Number of Samples

C1 Brocoli green weeds 1 2009

C2 Brocoli green weeds 2 3726

C3 Fallow 1976

C4 Fallow rough plow 1394

C5 Fallow smooth 2678

C6 Stubble 3959

C7 Celery 3579

C8 Grapes untrained 11271

C9 Soil vineyard develop 6203

C10 Corn senesced green weeds 3278

C11 Lettuce romaine 4wk 1068

C12 Lettuce romaine 5wk 1927

C13 Lettuce romaine 6wk 916

C14 Lettuce romaine 7wk 1070

C15 Vinyard untrained 7268

C16 Vinyard vertical trellis 1807

Total 54129

Table 5.2: Number of samples per class in Indian Pines dataset.

Class Land Cover Type Number of Samples

C1 Corn-notill 1428

C2 Corn-mintill 830

C3 Grass-pasture 483

C4 Hay-windrowed 478

C5 Soybean-notill 972

C6 Soybean-mintill 2455

C7 Soybean-clean 593

C8 Woods 1265

Total 8504

The MHIC benchmark covers as much data domain diversity as possible. It includes

three different remote sensing platforms and sensors: AVIRIS, ROSIS, and EO-1. For

the same sensor of AVIRIS, different numbers of bands are presented: 200, 204 and 176
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for Indian Pines, Salinas and KSC dataset respectively. Different spatial resolutions also

exist in the five datasets: 1.3m for Pavia University, 3.7m for Salinas, 18m for KSC, 20m

for Indian Pines and 30m for Botswana. Indian Pines and Salinas datasets contain many

vegetation land cover types while Pavia University contain more urban structures, and

KSC and Botswana have mixed and complex geological types. With such big domain

diversity in the five datasets, it is very challenge to design a single model that can

simultaneously solve classification problems on all of these datasets.

5.4.2 Hard Attention Experiment

Since our goal is to fit multiple challenging hyperspectral datasets using one single model,

the chosen backbone network should have sufficient capacity for such task. In both

computer vision and hyperspectral image classification, most state of the art networks

choose ResNet as their base backbone. One reason for this is ResNet has large enough

capacity for many complex tasks. By eliminating fully connected layers, which has a

majority of parameters, ResNet can take full advantage of all their parameters and

reduce risk of overfitting. For these reasons, we choose ResNet as our backbone network

architecture for all experiments in this chapter.

Our network architecture follows [26], but replace their 2-D convolution with 1-D convo-

lution as we focus on spectral pixel classification. Specifically, our spectral ResNet has

three stages stacked together. The spatial resolution of feature maps in each stage is

reduced half by downsampling. We use convolution with stride of 2 to achieve it. Each

time downsampling happens, the number of feature maps doubles. In each stage, we use

4 residual blocks of basic residual units. All convolutions in the network use convolution

kernel of size 1 × 3. At the end of all convolution layers, 1-D global average pooling is

used. The last layer is the domain specific classification layer with cross entropy loss.

To evaluate the effectiveness of our proposed domain attention network in the task of

multi-domain classification, some conventional paradigms are chosen as the competitors.

The first baseline is multiple individual networks (MIN). This is the traditional method

that trains 5 independent classification networks from scratch for the 5 datasets. This

leads to a significant cost with 5 independent models. The second comparison method
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is a single shared network (SSN) with all convolution layers completely shared by all 5

domains. This scheme has the smallest total model size. Note that in this case, there

are still domain specific layers such as classification layer due to different numbers of

categories for different datasets.

We also present the experimental results of two versions of our proposed hard domain

attention network. The first one has only batch normalization scaling factors being

adapted and is called batch normalization adapter (BNA). Suppose the number of chan-

nels of the lth convolution layer is Cl and convolution kernel size is K ∗ 1. The number

of parameters in a normal convolution layer is K ∗ Cl−1 ∗ Cl. The increased number of

parameters in BN adapter is Cl. Both numbers ignore bias parameter. Thus, the ratio of

increased number of parameters by BN Adapter is 1/K ∗Cl−1. Usually, this amount of

increase is less than 1%. The second version of hard domain attention network uses both

BN adapter and parallel adapter. Parallel adapter will introduce 1/K more parameters.

The only preprocessing step required for the five datasets is to normalize each dataset to

a mean of 0 and standard deviation of 1. To train the models and test performance, we

randomly split each dataset into a training set and a testing set. The individual datasets

are split according to percentages of each category. For general comparison, we split 20

percent of all datasets for training and the rest are used for testing purpose. The split is

conducted 10 times to produce 10 sets of training and testing sets. The corresponding

models are run for 10 times accordingly and we report the average results of them. For

evaluation metric, we use overall accuracy (OA) of all classified samples in test set and

average accuracy (AA) per class to evaluate individual dataset. For total evaluation on

all data domains, the metrics averaged over the five datasets are adopted.

One challenge of training a multi-domain model on several datasets simultaneously is to

balance different datasets in the training process. Most neural network training schemes

are batch based. Each iterative step is calculated based on the gradient of a mini-batch

of samples. When optimizing on multiple data distributions, the batches are formed

from a single data domain. There are two reasons for this design. First, BN adapters

are used in our network, which requires a pure batch to calculate mean and variance for

batch normalization. Second, different data domains may guide the gradient of common
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parameters to different directions. We empirically find that using pure batch can speed

up training for parallel adapters. Moreover, different datasets have different numbers

of training samples. Thus, datasets with a larger number of training samples might

have more influence on the model if all datasets are treated equally. In our experiment,

the number of samples in Salinas dataset is more than 10 times of that in Botswana

dataset. To make each dataset contributes equally to the training process, the data are

fed to the network in a round-robin manner. Specifically, a pure batch of training data

from each dataset is fed to the network in turn. This operation has the same effect

as assigning higher weights to smaller datasets for the purpose of balancing. Since the

datasets in our benchmark have different numbers of bands, the domain label of input

data for guiding attention can be simply obtained by examining the spectral dimension.

When two datasets have the same number of bands, a auxiliary network can be trained

to predict domain label.

We used stochastic gradient decent with momentum to train all the methods in our

experiment. The initial learning rate is 0.05 and is reduced twice in the training process.

We set the total number of epochs as 500 and use early stopping to prevent overfitting.

We also use weight decay and dropout on the network to control the capacity of our

models. All the hyperparameters are selected based on grid search and validation. A

similar training strategy is used to train the competitor algorithms.

Table 5.3: Comparison of overall accuracy.

MIN SSN BN adapter Parallel adapter

Average 93.82 83.36 91.07 93.92

Indian Pines 89.95 78.05 85.97 89.79

Salinas 95.93 86.49 92.41 95.16

Pavia University 96.58 81.47 93.55 96.28

KSC 92.78 81.33 89.26 93.43

Botswana 93.85 89.47 94.15 94.96

Table 5.3 and Table 5.4 demonstrate the overall and average accuracy of the proposed

hard domain attention methods and the competitors. We can see that MIN is a very

strong baseline with 93.82% of average OA and 93.17% of average AA across all five

datasets. It also has the largest model size with 5 individual models. SSN is the

naive way of sharing parameters for all datasets in one model. However, without any
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Table 5.4: Comparison of average accuracy.

MIN SSN BN adapter Parallel adapter

Average 93.17 79.82 90.84 94.23

Indian Pines 90.55 74.70 85.81 90.17

Salinas 97.98 78.67 94.17 97.58

Pavia University 95.42 76.09 92.56 95.03

KSC 87.67 79.92 87.12 93.15

Botswana 94.22 89.71 94.56 95.24

domain adapter mechanisms, it performs poorly because of domain shift among different

datasets. Multi-domain model with BN adapters shows evident improvement over SSN.

This proves the significance of domain adapters guided by attention mechanism. A minor

adapting of features towards different distributions in BN layer has boosted performance

significantly. Multi-domain models with parallel adapters can provide larger capacity

of domain adaptation than BN adapters. The final average classification performance

reaches 93.92% of OA and 94.23% of AA respectively and performs the best among the

compared methods.

We find that both average OA and AA of the parallel domain adapters model are better

than the 5 single model banks. A possible reason for this improvement is that the

five datasets contain some shared knowledge that can be utilized by our shared multi-

domain model. Comparing the performance of individual dataset, we can find that

parallel adapter model does not achieve better performance on all datasets over MIN.

The improvement mainly comes from two smaller datasets: KSC and Botswana. This

makes sense because smaller datasets are more vulnerable to overfitting when trained on

a single network. In the multi-domain model with adapters, more data samples could

be used from the other datasets to prevent overfitting if sharing knowledge exists.

Table 5.5: Comparison of overall accuracy on different first layer design.

Resize PCA Domain specific first layer

Average 92.58 92.41 93.92

Indian Pines 87.82 87.73 89.79

Salinas 95.05 94.01 95.16

Pavia University 95.02 94.92 96.28

KSC 93.07 91.15 93.43

Botswana 91.96 94.24 94.96
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Table 5.6: Average accuracy comparison of different first layer design.

Resize PCA Domain specific first layer

Average 92.19 92.02 94.23

Indian Pines 87.68 87.89 90.17

Salinas 97.51 97.03 97.58

Pavia University 93.45 93.02 95.03

KSC 89.48 87.51 93.15

Botswana 92.82 94.67 95.24

The five hyperspectral datasets we used have different number of spectral bands. This

means each dataset requires a different input layer size. To address this issue, we de-

signed a domain specific first layer for our multi-domain network. The first layer trans-

forms different input sizes to the same size in the second layer for the rest of the network

to process. There are some other potential means to tackle this problem. For exam-

ple, in natural image classification, simply resizing all images to the same size is widely

adopted. In feature extraction of hyperspectral images, Principle Component Analysis

(PCA) is often used to reduce the dimensionality of hyperspectral data and remove re-

dundancy. PCA is able to convert data to the same dimension, which comprises the

main variances of the data. We also test these two methods of addressing dimension

issue and name them Resize and PCA in Table 5.5 and Table 5.6. Note that all methods

in these tables use parallel adapters. The only difference is the design of the first layer.

Network with domain specific first layer outperforms the other two methods for average

OA and AA for about 1 percent. Resize and PCA do not show much differences for av-

erage performance across all datasets. This validates the effectiveness of our first layer

design. With the domain specific first layer, the proposed method has more flexibility to

adapt the network to specific data domains. Adaptation at the first layer could help to

learn domain specific low level features. Both Resize and PCA are preprocessing steps

and not integrated in the training of the network. In addition, Resize and PCA might

lose certain information. Comparing performance on individual datasets, we also find

that our design with domain specific first layer outperform the other two methods.
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5.4.3 Soft Attention Experiment

So far we have demonstrated the usefulness and efficiency of the proposed hard domain

attention network. In hard domain attention, we need to know or predict the domain of

data. The proposed soft domain attention networks do not use hard domain assignment.

We conduct experiments to evaluate our method in this subsection.

We use the same backbone network architecture as in the hard domain attention ex-

periment. The dataset preprocessing, dataset splitting, and evaluation metrics are also

the same. We compare our method with multiple individual networks (MIN), which

has much larger model sizes. To investigate the functionality of SE block, we compare

different settings of SE adapter. The first setting uses only one SE adapter. In this case,

there is no need for the higher level domain attention module to remain. This setting

reduces to standard SE network (SEnet). In the second setting, we use 5 SE adapters for

the 5 datasets. To prove the effectiveness of domain attention design, we do not apply

domain attention module and use the average of the 5 SE adapters’ outputs to scale

features in the backbone network (No DA). In the third setting, we use the standard

soft domain attention network with 5 SE adapters and 1 higher level domain attention

module (DA 5 adapters). One main difference between soft attention and hard attention

is that in soft attention, the attention weights are softly assigned to all domains. This

means although we use 5 SE adapters in the network, each adapter does not necessar-

ily corresponds to one data domain. The effective domain definition are learned from

the data. Adapter of one dataset can spread to five SE blocks. Several datasets can

share the same SE block. Thus, in our fourth setting, we use a different number of SE

adapters from the number of datasets (DA 4 adapters). More adapters introduce more

parameters and increase total model size. In real application, we can achieve a balance

to consider both accuracy and model size.

Table 5.7 and Table 5.8 show the overall accuracy and average accuracy across the five

datasets. MIN is the same as the experiment in hard domain attention and serve as

a strong baseline of 5 network banks. Our domain attention with 5 adapters model is

able to achieve comparable classification accuracy to MIN with only one multi-domain
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network. The naive SEnet performs not very well mainly due to lack of domain adap-

tation capability. For the No DA setting, the average OA and AA show a big decrease

of more than 3 percent compared to the one with DA. This validates the importance of

the domain attention design. When we reduce the number of adapters to 4, the DA 4

adapters network has a slightly lower classification accuracy than DA 5 adapters. For

OA and AA on individual datasets, DA 5 adapters performs slightly worse than MIN on

large datasets, but outperforms MIN on small datasets. This is similar to hard domain

attention experiment and might be due to the same reason.

Table 5.7: Overall accuracy of soft domain attention.

MIN SEnet No DA
DA:

5 adapters
DA:

4 adapters

Average 93.82 89.35 90.28 93.54 93.10

Indian Pines 89.95 83.42 86.61 89.35 89.25

Salinas 95.93 90.65 90.48 95.08 94.18

Pavia University 96.58 92.50 93.48 95.69 94.77

KSC 92.78 87.41 88.20 93.48 93.25

Botswana 93.85 92.77 92.65 94.11 94.07

Table 5.8: Average accuracy of soft domain attention.

MIN SEnet No DA
DA:

5 adapters
DA:

4 adapters

Average 93.17 88.43 89.76 93.37 93.12

Indian Pines 90.55 82.85 86.67 89.64 89.82

Salinas 97.98 94.46 94.37 97.25 97.38

Pavia University 95.42 89.94 91.49 95.07 94.69

KSC 87.67 81.53 83.24 90.42 89.51

Botswana 94.22 93.39 93.01 94.49 94.21

In soft domain attention network, each domain does not correspond to one SE adapter.

Thus, it is interesting to understand the learned domain attention weights. To this

end, we fed a trained soft domain attention network with the testing set, and calculated

the average of domain attention weights over all testing samples. We select the second

last convolution layer to demonstrate the attention weights. It is visualized in Fig-

ure 5.6. The x axis represents index of SEadapters and y denotes the assigned attention

weights from domain attention module. We can find that Botswana dataset has a peak

on the second adapter while all the other datasets demonstrate a peak on the fourth

adapter. Botswana dataset is the only dataset collected by satellite and we speculate

that Botswana dataset has major difference in terms of distributions from the other four
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Figure 5.6: Visualization of domain attention weights.

datasets. Salinas has a strong peak at adapter 4, showing the fourth adapter learns

much knowledge specific to Salinas dataset. However, this is just a simple illustration of

domain attention for one convolution layer. The whole distribution is learned in domain

adapters of all layers.

5.5 Conclusion

Traditional paradigm of deep learning based hyperspectral image classification usually

train an individual model for each data domain or task. This is expensive and inefficient.

To overcome this drawback, we propose domain attention networks for multi-domain hy-

perspectral image classification. The proposed attention module can adapt the features

in a backbone network by attending to domain of data and adjusting the distribution

of features accordingly. The hard domain attention network attends to the domain and

switches the BN adapters and parallel adapters for addressing multi-domain hyperspec-

tral image classification. The soft domain attention network is built upon two levels of

soft attention using SE blocks. The first level is a normal SE adapter bank, and the sec-

ond level is a domain attention module. The hard attention network is used with domain

predictor to predict domain labels of current data. The soft domain attention network
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does not need a domain label to perform adaptation on convolution layers because of its

soft domain assignment property. We conducted comprehensive experiments to validate

the usefulness of the domain attention networks in the context of multi-domain hyper-

spectral image classification. The results show that our proposed networks can address

multi-domain hyperspectral image classification with better or comparable accuracy as

traditional individual networks and significantly reduced model sizes.



Chapter 6

Conclusions

In this chapter, we conclude and summarize this thesis. We first provide a summary of

the thesis, especially its contributions to the area of hyperspectral remote sensing image

classification in the context of attention mechanisms in deep neural networks. Then we

point out some promising research directions that are worthy of being investigated in

the future.

6.1 Summary of the Thesis

Hyperspectral imaging is one of the most powerful tools for remote sensing and land

cover type classification. It is capable of acquiring detailed spectral responses of ground

objects in a number of narrow continuous bands of the electromagnetic wave. The

collected hyperspectral images contain abundant spectral and spatial information for

classification and analysis. Due to its complexity and high dimensionality, hyperspectral

image classification involves more challenges than RGB or multi-spectral images.

Although many feature extraction and classification methods under both traditional and

deep learning paradigms have been proposed by the research community for hyperspec-

tral image classification, there are still a lot of unsolved problems. Attention mechanism

is an increasingly studied approach in the context of deep learning. It has the ability

of focusing the network on important or interested aspects of the classification problem

143
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and has achieved superior performance in many other areas. In this thesis, we designed

three modules based upon attention networks to address various issues in hyperspectral

remote sensing image classification: feature weighting, band selection (weighting) and

multi-domain classification. The main contributions of the thesis are listed as follows.

In Chapter 3, we proposed an attention based feature weighting networks for hyper-

spectral image classification. Deep neural networks, especially convolutional neural net-

works, have achieved significant improvement on hyperspectral classification. This can

be attributed to the superior ability of deep neural networks to learn a rich hierarchy

of features from hyperspectral images. However, all previous works treat the abundant

features learned inside CNN equally. It is obvious that different features shall have dif-

ferent contributions to the classification task. Assigning different weights to different

features according to their significance would bring benefits. To this end, we designed

attention modules embedded in a trunk CNN to specifically learn the relevance of fea-

tures for classification. In this model, the relevance scores are multiplied element-wise

with the original features to enhance important ones and suppress irrelevant ones. The

attention module works by first squeezing information from the original feature maps,

learning the relationship among them, and then scaling the feature maps accordingly.

We deigned modules for 1-D, 2-D and 3-D CNN respectively and conducted experiments

to prove their effectiveness.

In Chapter 4, we focused on the issue of attending to physical hyperspectral bands,

which is particularly important in practical applications. Specifically, we proposed an

attention network framework of hyperspectral band weighting and selection for image

classification. Attending to bands can not only help achieving better classification per-

formance, but also provide valuable insights into physical property of reflectance of

objects. More importantly, it can be used for the purpose of hyperspectral band selec-

tion. Band selection helps in reducing the dimensionality of large hyperspectral data as

well as alleviating the high cost in hyperspectral camera manufacturing, hyperspectral

data storage and transmission. A band attention framework is proposed for these is-

sues. This framework has three variants: band weighting network, weights based band

selection network and activation based band selection network. For band selection, we
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designed a parallel constant input in addition to hyperspectral samples input. This

makes our network output the same set of selected band subsets. To make the band

selection process being fully integrated in one network, we designed a new winners pass

activation function. Experiments on three datasets show the superiority of our methods.

In Chapter 5, we addressed a new and important issue of multi-domain learning by at-

tention mechanism in hyperspectral image classification. Traditional paradigms of deep

learning require training an individual network for each dataset or domain. This is ex-

pensive and cumbersome. It is desirable to have one single model for all data domains.

Although very important, multi-domain classification has not been well addressed in

hyperspectral image classification. Different data domains have different distributions,

thus a single statistical machine learning method struggles to work on datasets with sig-

nificantly different distributions. We solved this problem with inspiration from attention

mechanism. Specifically, we designed modules responsible for attending to domain of

data. Then according to the domain attention outputs, we used several adapter modules

to adjust the data distribution of the network. We considered three adapter modulesBN

adapter, parallel adapter and SE adapter. BN adapter adapts four factors in BN layer:

mean, variance, scaling, and bias. Parallel adapter builds upon 1 × 1 convolution to

adapt distributions. The 1× 1 convolution is placed in parallel with normal convolution

layer and introduces limited number of parameters. The SE adapter adapts the distri-

bution based on scaling ability provided by SE block. BN adapters and parallel adapters

are based on hard attention and SE adapter is soft attention. We created a benchmark

of 5 hyperspectral datasets and demonstrated the performance of our attention design.

6.2 Future Work

We have proposed three attention mechanisms in deep networks to tackle several chal-

lenges in hyperspectral remote sensing image classification in this thesis. All the pro-

posed attention modules have the ability to adjust focus of the networks so they are

very useful in hidden feature weighting, band selection/weighting and multi-domain
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classification for hyperspectral images. However, this is just our first step towards in-

tegrating attention mechanisms into hyperspectral remote sensing applications. There

are promising topics and directions to be explored in the future for better exploiting

attention mechanisms for hyperspectral image analysis.

First, we have demonstrated the usefulness of feature weighting network by applying

feature attention modules. However, the feature map squeezing step in our attention

design might cause loss of information, thus is not optimal. It is worthy of exploring new

methods of distilling information from feature maps, which preserves more information.

It requires balancing the amount of information squeezed and the number of parameters

increased by the module. Introducing too many parameters may lead to overfitting of

feature relationship. To avoid introducing too many parameters, our current design

adopts fully connected layers with a bottleneck design. It is possible to replace fully

connected layers with other type of networks which explicitly address the modeling

of feature relationship. The architecture design of feature weighting module should be

researched in the future. Furthermore, although the effectiveness of the feature attention

modules has been verified by our experiments, the interaction between attention modules

and network features needs to be better understood. Both attention modules and trunk

network are trained together in an end-to-end manner. Thus the interaction between

modules is complex and understanding them would bring more insights into designing

a better network.

Second, in our band selection network, we place the attention module on the input

layer of raw bands only. We expect that combining the band selection attention and

feature weighting attention concepts proposed in Chapter 3 would lead to a better result.

To enforce our band selection network to produce the same set of band groups for all

input samples, we design a constant parallel input layer. Since most existing networks

have only one stream of the sample input, in the future, we would investigate designs

which could allow one stream of the sample input and have the ability to produce a

fixed set of selected bands for all inputs. In weights based band selection network,

although the discarded bands may receive very small weights in the first stage of band

weighting training, they are still involved in the process. It is interesting to check and
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quantify the influence of these small weighted bands to the first stage training. Moreover,

hyperspectral band selection is a discrete process in its nature, but current deep CNNs

are based on continuous optimization. In this regard, two promising directions need to

be investigated. The first one is designing better approximation of the discrete band

selection process by continuous models. This has the potential to help select better

band subsets, especially when significance of some bands are similar. The second one is

adopting discrete optimization method to select the best band subsets. Reinforcement

learning has been incorporated in hard attention mechanisms of deep learning, and is a

good candidate to achieve this goal.

Third, we have tackled the problem of multi-domain hyperspectral image classification

by designing domain attention modules and adapters in this thesis. However, it is only

an initial attempt. In the future, there are a lot of possibilities to explore on this topic.

First, creating a larger benchmark with more datasets and diversity of data domains is an

important direction. Currently, we use 5 hyperspectral datasets because these datasets

are publicly available and widely investigated by the remote sensing community. In

computer vision, most of existing multi-domain learning benchmarks have more than

10 data domains [150][152]. These datasets contain a large variety of domains in the

visual world. Similar large benchmark should be collected and created for hyperspectral

multi-domain learning as well. Second, more advanced evaluation metrics need to be

developed for hyperspectral multi-domain classification. Currently our evaluation metric

is largely based on the average accuracy over all datasets. However, this metric can still

be high if most of the datasets get very high accuracy and one obtain low accuracy. Our

final goal of multi-domain learning is to obtain high accuracy for all datasets. Thus the

metric needs to consider the distribution of accuracy among all datasets. In addition,

for hyperspectral multi-domain classification, accuracy on different sensors also needs to

be considered.

Finally, I point out some promising research directions in the wider hyperspectral remote

sensing field. Although deep learning has achieved unprecedented breakthrough in many

applications of hyperspectral remote sensing, most of the success are based on supervised

learning. This requires a large number of labelled data. In the natural image recognition,
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crowd sourcing tools can be used to hire thousands of Internet users to perform the

labelling work. For remote sensing, confirming ground-truth label needs field survey

and expert knowledge. Thus the available labelled data will still be scarce in the near

future. At the same time, unlabelled remote sensing data are easy to obtain. The

next big topic in hyperspectral remote sensing will be label efficient learning which can

also fully exploits the big unlabelled remote sensing data. Semi-supervised learning

or weakly supervised learning could be the path to avoid large scale expensive labelling

process. Self-supervised learning and generative model recently attract a lot of attention

in the deep learning community. They do not require labelled data and have great

potential in remote sensing application. As the sizes of networks become increasingly

large, computational power will be a bottleneck in application of deep network to remote

sensing. Model compression and light-weight network architecture design are needed in

resource limited scenarios of remote sensing application.
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