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Abstract

A mixed pixel in remotely sensed images measures the reflectance and emission from
multiple target types (e.g., tree, grass and building) from a certain area. Mixed pixels exist
commonly in spaceborne hyper-/multi-spectral images due to sensor limitations, causing
the signature ambiguity problem and impeding high-resolution remote sensing mapping.
Disentangling mixed pixels into the underlying constituent components is a challenging
ill-posed inverse problem, which requires efficient modeling of spatial prior information
and other application-dependent prior knowledge concerning the mixed pixel generation
process.

The recent deep image prior (DIP) approach and other application-dependent prior
information are integrated into a Bayesian framework in the research, which allows com-
prehensive usage of different prior knowledge. The research improves mixed pixel disentan-
gling using the Bayesian DIP in three key applications: spectral unmixing (SU), subpixel
mapping (SPM) and soil moisture product downscaling (SMD). The main contributions
are summarized as follows.

First, to improve the decomposition of mixed pixels into pure material spectra (i.e.,
endmembers) and their constituting fractions (i.e., abundances) in SU, a designed deep
fully convolutional neural network (DCNN) and a new spectral mixture model (SMM) with
heterogeneous noise are integrated into a Bayesian framework that is efficiently solved by
a new iterative optimization algorithm.

Second, to improve the decomposition of mixed pixels into class labels of subpixels in
SPM, a dedicated DCNN architecture and a new discrete SMM are integrated into the
Bayesian framework to allow the use of both spatial prior and the forward model.

Third, to improve the decomposition of mixed pixels into soil moisture concentrations of
subpixels in SMD, a new DIP architecture and a forward degradation model are integrated
into the Bayesian framework that is solved by the stochastic gradient descent approach.

These new Bayesian approaches improve the state-of-the-art in their respective ap-
plications (i.e., SU, SPM and SMD), which can be potentially utilized for solving other
ill-posed inverse problems where simultaneously modeling of the spatial prior and other
prior knowledge is needed.

vi



Acknowledgements

I would like to express my deepest gratitude to my supervisors, Prof. David A. Clausi
and Prof. Linlin Xu, for their invaluable support and mentorship. I would also like to thank
my committee members — Profs. Paolo Gamba, Paul Fieguth, Andrea Scott, and Jonathan
Li for their feedback. A special thanks to Prof. Scott and Prof. Clausi for involving me in
a research project with Agriculture and Agri-Food Canada on soil moisture retrieval.

I would like to thank all my paper co-authors for their contributions. A special thanks
to Prof. Alex Wong for involving me in the corn disease detection project with Nutrien.

I would like to thank the kind and smart people of the Remote Sensing Group, Dr.
Xinwei Chen, Mingzhe Jiang, Saeid Taleghanidoozdoozan, Yifan Wu, Peter Lee, and Javier
Noa for their support. I also want to thank the incredible friends of the Vision and Image
Processing Lab for their help and concern during my PhD program, including Dr. Mehrnaz
Fani, Dr. Yuhao Chen, Xuefeng Ni, Armina Soleymani and so on.

I would like to thank my friends, Ze Yang, Jun Jiang, Shiyu Yan and Wen Ding, for
their company and encouragement during my PhD program.

Last but not least, many thanks to my parents for their unconditional support and
encouragement.

vii



Table of Contents

List of Figures xi
List of Tables xiii
List of Acronyms Xiv
1 Introduction 1
1.1 Background . . . . . .. ... 1
1.1.1 Mixed pixels in remote sensing images . . . . . . . .. .. .. ... 1
1.1.2  Mixed pixel disentangling problem . . . . .. ... ... ... ... 1
1.2 Motivation and related works . . . . . . .. ... oo 4
1.2.1 Motivation . . . . . . . ..o 4
1.2.2 Related works . . . . . . ..o 6
1.3 Objectives . . . . . . . L 7
1.4 Thesis structure . . . . . . . ... Lo 7

2 BCUN: Bayesian Fully Convolutional Neural Network for Hyperspectral
Spectral Unmixing 9
2.1 Imtroduction . . . . . . . .. 10
2.2 Problem formulation . . . . .. .. ... oo 12
2.3 BCUN: Bayesian fully convolutional hyperspectral unmixing network . . . 14
2.3.1 Prior of abundances . . . ... ... ... L. 14
2.3.2 Data likelihood . . . . . . . .. oo 16
2.3.3 Conditional distribution of endmembers given abundance . . . . . . 17
2.4 Model Optimization . . . . . . . . . .. 17



2.5

2.6

2.4.1 MAP estimation . . . . . . . . . . e 17

242 EMiteration . .. .. ... ... 19

243 FCNNtraining . . . . . . . . 0 i 19

244 Puriedmeans . . .. . ... e 20
245 Noisevariance update . . .. ... .. ... . ... .. ... 20

2.4.6 Summary of Complete Algorithm . . . . ... ... ... ...... 21
Experiments . . . . . .. e e 21
251 Datasets . . . . . .. 21
25.2 Experimental Setup. . . . .. .. ... .. ... . e 22
253 Simulated Study . . .. .. ... . 24
254 TestonrealHSIs . . ... .. ... .. . . ... .. . 29
Conclusion . . . . . . L 35

Bayesian Subpixel Mapping Autoencoder Network for Hyperspectral Im-

ages

3.1
3.2
3.3

3.4

3.5

3.6

36

Introduction . . . . . . .. 36
Problem formulation . . . . . ... ... .. .. 38
Bayesian Subpixel Mapping Autoencoder Network . . . . . . .. ... ... 40
3.3.1 Prior of subpixellabels . . . . ... .. ... ... ... ..... 40
3.3.2 Datalkelihood . .. ... ... ... ... ... .. .. .. ..., 41
Model Optimization . . . . . . . . . . . . . . 41
3.41 MAPestimation . .. .. ... ... .. .. ... 41
3.42 EMIteration . . . . . . . . . . .. 42
3.4.3 Subpixel labels estimation by FCNN training. . . . . . ... .. .. 43
3.4.4 Endmembers update by puriedmeans . . . ... ... ....... 43
3.4.5 Summary of Complete Algorithm . . . . ... ... ... ...... 43
Experiments . . . . . .. e e 43
3.5.1 BSMAN implementation . . . . .. ... ... ... .. ... .... 43
3.5.2 Datasets and pre-processing . . . . . . .. ..o 45
3.5.3 Experimental Setup . . . . .. .. ... ... 46
3.5.4 Simulated Study . ... .. ... ... .. ... 46
3.55 TestonrealHSIs . . ... .. ... .. ... ... 51
Conclusion . . . . . . . e 57



4 Unsupervised Bayesian Deep Image Prior Downscaling for High-resolution

Soil Moisture Estimation 59
4.1 Introduction . . . . . . .. e 60
4.2 Problem formulation . . ... ... ... ... o 62
4.2.1 Prior of the high-resolution SMmap . ... ... .......... 63
4.2.2 Datalkelihood . ... ... ... ... .. .. .. 0 63
4.3 BDIP model optimization . . .. . ... .. ... ... .. 0. 64
4.4 Method . . . . . . . e 65
441 Study areaanddatasets . . ... ... .. ... ... 65
4.4.2 Model implementation . . .. ... ... .. ... . ... .. ..., 68
4.4.3 Methods comparison . . . . . . .. ... ... 70
444 Evaluationstrategy . . . . . . . . . . . 70
4.5 Resultanddiscussion . . . . . . . ... 71
4.6 Conclusion . . . . . . . . e 76
5 Conclusion 79
5.1 Summary of contributions . . . . .. ... . L L 79
5.2 Future work directions . . . . . . . .. 80
References 82



List of Figures

1.1 lllustration of a mixed pixel. . . . . . . . . ... o 2
1.2 lllustration of SU, SPMand SMD. . . ... ... .. ... ......... 3
1.3 Flowchart of SU, SPM and SMD implemented in a Bayesian DIP framework. 8

2.1 FCNN structure in BCUN framework . . . . . .. ... ... ... ..... 15
2.2 BCUN framework. . . . . . . . . . . 19
23 RGBimagesofreal HSIs. . ... ... .. .. . ... ... ... ... ... 23
2.4 The endmember and abundance maps of one endmember achieved by of
BCUNO and BCUN. . . . . . . . . . . e, 25
2.5 AAD, AAD bar graphs achieved by di erent methods with di erent SNR
values, i.e., 10,20, 30dB. . . . . . . . ... 26
2.6 The endmembers achieved by di erent methods when SNR equals 30dB. . 28
2.7 The abundance maps achieved by di erent methods on one endmember with
dierent SNRvalues. . . . . .. .. . . .. . ... . 29
2.8 The estimated endmembers achieved by di erent methods for Jasper Ridge
HSI data, along with the true endmember. . . . ... .. ... ... ... 30

2.9 The abundance maps achieved by di erent methods on four endmembers
(tree, water, soil, road) for Jasper Ridge HSldata . . . . ... .. .. ... 31

2.10 The estimated endmembers achieved by di erent methods for Saint HSI
data, along with the true endmember.. . . . . . .. ... ... ... ... 32

2.11 The abundance maps of tree achieved by di erent methods on Saint HSI data. 33

2.12 The abundance maps of road achieved by di erent methods on Saint HSI
data. . . . .. e 34

3.1 lllustration of the relationship between the subpixel labels and discrete abun-
dances coarse pixel. . . . . . . . e 39

3.2 Subpixel mapping framework. . . . . . ... .o 44



3.3 FCNN structure in BSMAN framework. . . . . . ... .. .. ... .... 47

3.4 False color images of simulated HSIs. . . ... .. ... .......... 48
3.5 True color images of the time-series Landsat scene. . . ... ........ 49
3.6 Subpixel mapping results on the simulate dataset witb=2. . . . . . . .. 49
3.7 Subpixel mapping results on the simulate dataset witb=3. . . . . . . .. 50
3.8 Subpixel mapping results on the simulate dataset witb=4. . . . . . . .. 50
3.9 Subpixel mapping results (subpixel label maps and their OAs) of di erent
methods on Japser dataset. . . . .. .. ... ... .. .. .. .. ..., 53
3.10 Subpixel mapping results (subpixel label maps and their OAs) of di erent
methods on Saintdataset. . . . ... ... ... ... .. .. .. ...... 55
3.11 Subpixel mapping results (subpixel label maps and their OAs) of di erent
methods on Landsat Time Series dataset. . . . . . ... ... ........ 56
4.1 Bayesian deep image prior model for SM downscaling. . . . . . . ... ... 60
4.2 \Hourglass" architecture with skip-connections of the FCNN part in Figure
4.1 accounting for DIP. . . . . . . . . .. . ... 64
4.3 Locationofthestudyarea. .. ... ... ... .. ... .. ... ... 66
4.4 Distribution of the stations providing in situ SM measurements and Land
covermap ofthe study area. . . . . .. ... .. ... .. ... .. 66
4.5 Overall model architecture for SMAP SM downscaling. . . .. .. .. ... 69

4.6 Scatters of downscaled 1km SM against in-situ SM measurements over eight
dates and the downscaled 1km SM maps on Jan 25th by models with dif-
ferent downsamplers. . . . . . . . ... 71

4.7 Downscaled 1km SM maps by networks with di erent loss implementations. 72

4.8 Downscaled 1km SM maps by networks with and without the additional

skip-connection . . . . . . ... e e 73
4.9 Comparison between the 9km SMAP SM maps and downscaled 1km SM

MAPS. . . o o e e e e e 74
4.10 Scatters of the 1km SM estimated by the di erent method and the in-situ

groundtruth over eight dates with Rvalues. . . . ... ... ........ 76
4.11 SMAP SM map at 9km resolution, the downscaled 1km SM maps by the

di erent methods, and the input NDVImap. . . . ... .. ... ...... 77

Xii



List of Tables

2.1
2.2
2.3

2.4

3.1
3.2
3.3
3.4
3.5
3.6

3.7
3.8

4.1
4.2
4.3

Average SAD, AAD, SID, AID and MSE of abundances on simulated HSIs. 27
The running times of di erent methods on the simulated data with SNR=30dB. 27
Average SAD, SID, AAD, AID and MSE of abundances for Jasper Ridge
HSIdata. . ... .. . . . . e 30
Average SAD and SID obtained by di erent methods for Saint HSI data. . 31
Hyperparameters Setting . . . . . . . . . . . . . ... .. .. 47
Simulated HSI data: Kappa Coe cient and Overall Accuracy. . . . .. .. 51
Jasper Ridge HSI data: Kappa Coe cient and Overall Accuracy. . . . . . 51
Jasper Ridge HSI data: Individual class accuracies (%). . . . . .. .. ... 52
Saint HSI data: Kappa Coe cient and Overall Accuracy. . . . . . ... .. 54
Saint HSI data: Individual class accuracies (%) (the highest accuracy in
eachrowisinboldformat. . . . . ... .. .. ... ... ... ...... 54
Landsat Time Series data: Kappa Coe cient and Overall Accuracy. . . . . 57
Landsat Time Series data: Individual class accuracies. . . . . . .. ... .. 57
Parameters con guration for dierentmodels . . . . . . ... ... ... .. 70
Methods assessment. . . . . . . . . . . . ... 75
R, MSEcm®é=cnf), BIAS(cm3=cm®), RMSE(cm3®=cm®), nrRMSE(cm3=cn?)

and ubRMSE(cm?3=cn?) of the validation for the 1km downscaled SM with
the measurement of in-situ stations from two networks. . . . . . . . . . .. 78

Xiii



List of Acronyms

SU
SPM
SMD
DIP
BDIP
SM
DS
IFOV
HR

LR
HSI
MSI
RS
ML

DL
DCNN
FCNN
MRF
CRF
NNLS
SNR
SAD
SID
AAD
AID
SDA
EM
MAP
OA
GT
MODIS
AVIRIS
SMAP
NDVI
LST
ISMN
R
MSE
RMSE
NnrRMSE
ubRMSE

Spectral unmixing

Subpixel mapping

Soil moisture downscaling

Deep image prior.

Bayesian deep image prior

Soil moisture

Downscaling

Instantaneous eld-of-view.

High resolution

Low resolution

Hyperspectral image

Multispectral image

Remote sensing

Machine learning

Deep learning

Deep convolutional neural network
Fully convolutional neural network
Markov random eld

Conditional random eld
Nonnegative least squares
Signal-to-noise ratio

Spectral angle distance

Spectral information divergence
Abundance angle distance
Abundance information divergence
Spatial dependence assumption
Expectation-maximization
Maximum a posteriori

Overall accuracy

Ground truth

Moderate Resolution Imaging Spectrometer
Airborne Visible/Infrared Imaging Spectrometer
Soil Moisture Active/Passive
Normalized di erence vegetation index
land surface temperature
International soil moisture network
Correlation coe cient

Mean square error

Root mean square error
Normalized root mean square error
Unbiased root mean square error

Xiv



Chapter 1

Introduction

1.1 Background

1.1.1 Mixed pixels in remote sensing images

A mixed pixel in remotely sensed images measures the re ectance and emission from mul-
tiple target types (e.g., tree, grass and building) from a certain area, which is illustrated
in Figure 1.1. Mixed pixels exist commonly in spaceborne hyper-/multi-spectral images
due to the limitation of the hardware, e.g., the limitation in storage (i.e., the data volume
collected by the sensor) and bandwidth transmission (i.e., the incoming radiation Ene to
the sensor), as well as the trade-o e ect between spatial resolution and spectral resolu-
tion [1, 2]. To achieve high spectral resolution with many spectral channels, the spatial
resolution usually has to be compromised, leading to a large instantaneous eld-of-view
(IFOV) of remotely sensed images. Moreover, high spectral resolution also tends to re-
duce the signal-to-noise ratio (SNR), because the signal magnitude is reduced due to very
narrow bandwidth in high spectral resolution images. Because of these sensor limitations,
spaceborne hyperspectral images (HSIs) and multispectral images (MSIs) tend to have low
spatial resolution with many mixed pixels. For example, Moderate Resolution Imaging
Spectrometer (MODIS) has the band-dependent resolution ranging from 250m to 1km,
and the Airborne Visible/Infrared Imaging Spectrometer (AVIRIS) hyperspectral imagery
has resolution of 20m with a high ight height. The existence of mixed pixels in HSIs
and MSiIs causes the signature ambiguity problem, and impedes high-resolution (HR) RS

mapping.
1.1.2 Mixed pixel disentangling problem

Remote sensing (RS) images provide essential information for a wide range of Earth sys-
tem applications [3, 4, 5, 6]. However, the signature ambiguity issue caused by mixed



Figure 1.1: lllustration of a mixed pixel. A mixed pixel in remotely sensed images measures the re ectance and emission
from multiple target types than just one type. Mixed pixels exist commonly in spaceborne hyper-/multi-spectral images
due to the limitation of hardware and bandwidth transmission, as well as the trade-o e ect between spatial resolution and
spectral resolution. To achieve high spectral resolution with many spectral channels, the spatial resolution usually has to be
compromised, leading to remotely sensed images that has large IFOV.



pixels makes it di cult to obtain precise information for RS applications [7, 8, 9]. There-
fore, disentangling mixed pixels, i.e., separating the underlying constituent components
within mixed pixels is critical for RS image processing to support key RS applications. In
this thesis, three di erent mixed pixel disentangling tasks are performed, namely spectral
unmixing (SU), subpixel mapping (SPM) and soil moisture product downscaling (SMD).
These three tasks are illustrated in Figure 1.2.

Figure 1.2: lllustration of SU, SPM and SMD. SU decomposes a mixed pixel in HSIs into pure material spectra (i.e., end-
members) and their constituent fractions (i.e., abundances). The abundance values indicate the fractions of each endmember.
SPM decomposes a mixed pixel into subpixels and estimates class labels of these subpixels. SMD decomposes a mixed pixel
from a soil moisture map into soil moisture content of subpixels whichs show detailed soil moisture variation patterns. Dif-
ferent colors of subpixels represent di erent soil moisture content.

SU aims to decompose a mixed pixel in HSIs or MSiIs into pure material spectra (i.e.,
endmembers) and their constituent fractions (i.e., abundances). SPM aims to decompose
a mixed pixel into class labels of subpixels. SMD aims to decompose a mixed pixel in a



soil moisture map into soil moisture content of subpixels that show detailed soil moisture
variation patterns.

The generation process of the observed images with mixed pixels from the underlying
guantities can be expressed as
X =(Y)+N; (1.1)

where () is the forward function, X is the observed matrix representing the low-resolution
(LR) RS image with mixed pixels,Y is HR underlying quantities, N is the noise matrix.
Di erent applications have di erent underlying quantities Y .

N

For SU, Y is endmembers and abundances.

A

For SPM, Y s class labels of subpixels in the image.

A

For SMD, Y is soil moisture content of subpixels in the image.

Disentangling mixed pixelsX into Y is essentially an ill-posed inverse problem, and
the prior knowledge regarding the data generation process is required to constrain the
estimation. The most important prior knowledge for restoring the underlying HR quantities
in mixed pixels is the spatial prior among pixels in the imag® . Other priors include the
forward model ( ), noiseN distribution, other priors of the underlying quantitiesY . Itis
challenging to design tailored approaches for di erent priors, and to simultaneously model
all these priors in a coherent way for enhanced applications.

1.2 Motivation and related works

1.2.1 Motivation

Based on Eq. 1.1, this thesis aims to explore advanced machine learning (ML) approaches
that can simultaneously address di erent priors in the forward model and achieve e cient
mixed pixel disentangling in several key applications, i.e., SU, SPM and SMD. This research
is motivated by the following challenges.

1. Achieving anaccurate and e cient spatial prior for Y is dicult. Methods
for modelling the spatial correlation in image processing mainly include graphical models
(e.g., Markov random eld (MRF) [10] and conditional random eld (CRF) [11]) and
non-local approaches (e.g., non-local means [12] and non-local network [13]). However,
an MRF-based prior can only model the local spatial correlation and tend to smooth
high-frequency spatial features. CRF-based or non-local methods are computationally
intensive by calculating the similarity matrix [14]. The recently proposed deep image prior
(DIP) captures the image spatial correlation by encoding hierarchical self-similarities [15]
with the structure of a deep convolutional image generator network. Unlike traditional



approaches, DIP is achieved more exibly and e ciently by training a fully convolutional
neural network (FCNN) leveraging graphics processing units (GPUs). DIP is demonstrated
to be able to restore high-quality images from low-quality images without requiring a
large training dataset [16, 17]. Recent publications show the success of DIP on image
restoration [18, 19, 20], e.g., super-resolution [21], image inpainting [17] and denoising
[22, 23]. Although DIP shows potential for modelling the spatial correlation of regular RGB
images, it has not been systematically explored in a Bayesian framework for disentangling
mixed pixels in RS images.

2. Eciently integrating a forward model () with deep learning (DL) net-
works is essential but di cult. In traditional image restoration approaches, the forward
model is built into error functions to regulate the model optimization process, e.g., sparse
coding [24], image decomposition [25], low-rank approximation [26] and Gaussian mixture
model [27]. Although DL approaches can e ciently learn features for complex RS image
processing tasks, most DL-based methods are heavily data-driven and neglect the guidance
of the knowledge and priors in physical forward models. Although the Bayesian framework
o0 ers a coherent way for integrating priors and knowledge, integrating forward models with
DL models into a Bayesian framework has not been su ciently studied in the context of
disentangling mixed pixels for RS image inversion.

3. Noise N modeling is important but usually tends to be ignored or downweighted.
For example, the noise level of HSIs varies dramatically over bands due to di erent spec-
tral absorption properties of di erent spectral channels and the commonly existence of
corrupted noisy bands (\jJunk bands"). However, most of SU methods ignore the noise
heterogeneity e ect, leading to undesirable preservation of noise in some bands and eras-
ing of signal in some other bands. Inaccurate noise characterization reduces the estimation
accuracy of underlying components’ . Although accurate noise modelling is essential,
there has not been su cient research on integrating accurate noise model with Bayesian
DIP approaches for enhanced disentangling mixed pixels.

4. Model optimization is important but di cult. The Bayesian method is used
widely to solve inverse problems by addressing a maximum a posterior (MAP) prob-
lem using iterative optimization approaches, e.g., expectation-maximization algorithm
[28, 29, 30]. Traditionally, due to various explicit prior distributions in the Bayesian model,
the resulting posterior distribution has a complex form and is very di cult to be solved
e ciently. The rapidly developing DL technique provides new approaches for addressing
priors in inverse problems e.g., DIP [16]. Although the integration of DIP with forward
models into a Bayesian framework might lead to more e cient MAP optimizations, it has
not been su ciently researched for mixed pixel disentangling in key RS applications.

5. Task-specic algorithms  are essential for supporting key RS applications. SU,
SPM and SMD are three important RS applications that all rely heavily on disentangling
mixed pixels. Despite their similarities, SU, SPM and SMD have di erent data, forward
models and underlying quantities, and thereby it is required to develop task-speci ¢ algo-
rithms by adapting the general Bayesian DIP approach to di erent task characteristics.



1.2.2 Related works
Deep image prior (DIP)

The structure of the DCNN is capable to capture image statistical information and to
impose an e ective prior to restore high-quality images from low-quality images without
requiring a large training dataset, and this prior is call the DIP [17]. Recent publications
show the e ectiveness of DIP for image restoration [18, 19, 20], e.g., hyperspectral image
unmixing [31], super-resolution [21], image inpainting [17] and denoising [22, 23].

Traditionally, these problems can be generally expressed as an energy equation [16],

Y = m\i{n Ene(Y ;X )+ R(Y) 1.2

where Enel ;X ) is the task-dependant term, which will be discussed for di erent ap-
plications in Chapter 2, 3 and 4.R(Y ) is the regularizer. DIP, instead of modelling the
regularizerR(Y ) with an explicit form, models R(Y ) implicitly with the DCNN architec-
ture by seeking the solution in the network parameter domain, as follows,

=argminEne(f (Z2);X); Y =1 (2) (1.3)

wheref is the forward propagation of the DCNN.Z is the input random noise and is
the set of model parameters. The energy function is reformulated into MAP problems in
a Bayesian DIP framework in Chapter 2, 3 and 4.

DCNNs with forward models for inverse problems

The strategy of combining a DCNN with a forward model to solve an inverse problem has
been explored since 2018 for image restoration and 3D reconstruction [16, 32, 33]. However,
the related studies are very few, especially in the context of RS image inversion. Pure data-
driven DL approaches su er from requiring large training dataset, large amount of network
parameters and training time [34]. On the contrary, the integration of the DCNN with
forward models makes the network lighter [34] and learn from both low-quality data (e.qg.,
low-resolution images) and the forward model in an unsupervised way.

Compared with the traditional patch-based convolutional neural network (CNN), the
FCNN can better capture the large-scale spatial correlation e ect from images [35]. In
this thesis, the U-Net architecture [36] with skip connections [37] is adopted for three
applications given that the classic network succeeded in numerous image processing tasks
[38, 39]. The importance of architecture design will be demonstrated in Chapter 4. The
investigation of more architectures for future work will be discussed in Chapter 5.



1.3 Objectives

Based on the above challenges, the research aims to achieve the following three key objec-
tives.

1. To improve the decomposition of mixed pixels into pure material spectra (i.e., end-
members) and their constituting fractions (i.e., abundances) in SU, the research aims
to design an e ciently-optimized Bayesian framework that incorporates a deep fully
convolutional neural network (DCNN) and a spectral mixture model (SMM) with
heterogeneous noise (see Chapter 2).

2. To improve the decomposition of mixed pixels into class labels of subpixels in SPM,
the research aims to design a Bayesian framework that integrates a DCNN and a
dedicated forward model to allow the use of both spatial prior and physical knowledge
(see Chapter 3).

3. To improve the decomposition of mixed pixels into soil moisture values of subpixels in
SMD, the research aims to design a new DIP architecture and a forward degradation
model to be integrated into the Bayesian framework (see Chapter 4).

The Bayesian approaches proposed by this thesis not only improve the state-of-the-arts
in their respective applications (i.e., SU, SPM and SMD), but also provide new solutions
to other ill-posed inverse problems where simultaneous modelling of the spatial prior and
other prior knowledge is needed.

1.4 Thesis structure

Three key chapters represent the developments of SU (Chapter 2), SPM (Chapter 3), and
SMD (Chapter 4). These developments share a similar auto-encoder framework that incor-
porates di erent designed forward models with DCNN on di erent datasets. A owchart

in Figure 1.3 shows how they are implemented in the Bayesian DIP framework. Chapter 2
proposes BCUN, a Bayesian fully convolutional neural network for hyperspectral SU. This
research involves imposing constraints on endmembers, abundances and noise to regulate
SU for HSIs. BCUN combines an FCNN and linear spectral mixture model in a Bayesian
framework and optimizes the MAP problem with a designed EM iterative method. Chap-
ter 3 proposes an SPM method which combines an FCNN and a discrete spectral mixture
model to generate a ner-resolution classi cation map for HSIs. The resulting MAP prob-
lem is solved with an EM algorithm. Chapter 4 proposes an SMD method by integrating
an FCNN with the forward model in a coherent manner for combining di erent sources
of information, i.e., the knowledge in the forward model, the spatial correlation prior in
FCNN architecture, and the RS data and products. Chapter 5 summarizes the thesis and
discusses future work.



Figure 1.3: Flowchart of SU, SPM and SMD implemented in a Bayesian DIP framework.

The SU and SPM methods in Chapter 2 and 3 are tested mainly on HSIs. The SMD
method in Chapter 4 is concluded on RS imagery-derived products. The validation methods
for these three research are dierent. In SU, endmembers and abundances estimation
accuracies are evaluated separately with true endmembers and abundances. The label
map obtained by the SPM is evaluated compared with a true label map. The downscaled
soil moisture is evaluated with both in-situ soil moisture measurements and soil moisture
products.



Chapter 2

BCUN: Bayesian Fully Convolutional
Neural Network for Hyperspectral
Spectral Unmixing

Spectral unmixing (SU) plays a fundamental role in hyperspectral image (HSI) processing.
E ective SU relies on the accurate and e cient characterization of the noise e ect, the
endmembers, and the spatial correlation e ect in abundances, as well as e cient optimiza-
tion technigues to estimate these e ects. To address these issues, this chapter presents
a Bayesian fully convolutional hyperspectral unmixing network (BCUN), with the follow-

ing key characteristics. First, a fully convolutional neural network (FCNN) based deep
image prior is designed for enhanced characterization and estimation of the spatial con-
text information in abundance maps, leading to more e cient and accurate abundance
modelling than the traditional non-negative least squares approaches. Second, a multivari-
ate Gaussian distribution with anisotropic covariance matrix is designed to characterize
the conditional distribution of the spectral observations, leading to a novel Mahalanobis
distance-based loss for FCNN training that is better capable of addressing the noise het-
erogeneous e ect in HSI than the Euclidean distance based mean squared error loss in
traditional deep neural networks. Third, the designed conditional distribution of spectral
observations also enables the incorporation of the spectral mixture model into the FCNN
training process for e ectively leveraging the knowledge in the forward spectral model.
Fourth, the endmembers are modelled and estimated by a \puri ed means" approach that
is capable of better characterizing endmembers. Last, the above key components are co-
herently integrated into a Bayesian framework, and the resulting maximum a posteriori
problem is solved by a designed expectation-maximization algorithm. Experimental results
on both simulated and real HSIs demonstrate that the proposed BCUN approach outper-
forms the other classical and state-of-the-art methods on both endmember estimation and
abundance estimation.



2.1 Introduction

Hyperspectral imaging is a rapidly growing remote sensing technique which records the
electromagnetic radiation from the earth surface via hundreds of narrow and contiguous
spectral bands [40]. With rich spectral information, hyperspectral images (HSI) are critical
to a wide variety of applications including ground target classi cation [41, 42, 29], sub-pixel
mapping [4 3], agricultural management [3] and environmental monitoring [44, 4]. However,
due to the limitation in the spatial resolution of HSI and the complexity of ground targets,
spectral pixels in HSI usually contain the spectral contribution of multiple pure materials,
leading to mixed pixels in HSI. Spectral unmixing (SU) aims to decompose the mixed
pixels to derive both the spectral signatures of constituent components (i.e. endmembers)
and their corresponding fractional proportions (i.e., abundances) from the mixed pixel in
HSI [45].

SU is a challenging ill-posed inverse problem [45]. An e ective SU approach relies on
accurately modelling of the noise e ect, the endmembers, the spatial correlation e ect
of abundance, as well as an e ective optimization approach for estimating these e ects.
However, most existing SU methods ignore or fail to fully explore these key factors.

First, HSI contains not only rich spectral information but also abundant spatial infor-
mation. The spatial context information in HSI is crucial for regulating and estimating
endmembers and abundances in HSIs [46]. Nevertheless, most existing SU methods ignore
this spatial correlation e ect by treating the abundance of each pixel as independently
distributed variables using nonnegative least squares (NNLS) [47], sparse unmixing by
variable splitting and augmented lagrangian (Sunsal) [48] or fully connected layers [49, 50]
for abundance estimation. There is still a lack of advanced modelling and estimation ap-
proaches for addressing large-scale spatial correlation e ects that commonly exist in HSI.
Compared with the traditional patch-based convolutional neural network (CNN), the fully
convolutional neural network (FCNN) can better capture the large-scale spatial correlation
e ect in HSI [35]. FCNN approaches have been widely used in many tasks, e.g., semantic
segmentation [51, 52], super-resolution [53] and image denoising [54]. However, they are
rarely adapted to HSI for SU. Although FCNN was used to e ciently map random noise
to abundances in a supervised manner [55], it was less e cient in leveraging the forward
spectral mixture model for e ciently estimating both abundance and endmembers in an
integrated manner. Therefore, how to integrate FCNN into SU for better modelling and
estimation of spatial information in HSI is an important research issue.

Second, HSI is contaminated by noise in the data acquisition process. Due to di erent
spectral absorption properties of di erent spectral channels and the commonly existence of
\jJunk bands", the noise level of di erent HSI channels tend to vary dramatically, causing
di erent noise variance in di erent HSI channels [56]. Since SU is very sensitive to noise,
the success of SU algorithms depends on their e ectiveness in accurately accounting for and
resisting the noise e ect [45]. However, most of the existing methods assume that di erent
bands in HSI contain the same degree of noise by using the mean squared error (MSE) as
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the reconstruction loss, leading to the undesirable preservation of noise in some bands but
erasing of signal in some other bands. Consequently, the design of the model which is able
to accommodate the noise variance heterogeneous e ect in HSI is an important issue for
SuU.

Third, meaningful SU relies on e ective constraints imposed on endmembers. However,
existing endmember extraction methods either rely on the minimum volume simplex con-
straint (e.g., VCA [57] and PPI [58]) that cannot deal with highly-mixed pixels, or on prior
distribution constraints in the Bayesian framework that are computationally intractable
[45]. \Puri ed means" approach [59, 46, 60] provides simple and e ective constraints for
deriving endmembers that are achieved by treating the endmember as the mean vector of
the \puri ed" pixels. Adopting this e cient constraint on endmembers boosts the accuracy
and e ectiveness of the estimation of endmembers and abundances.

Fourth, given the above mentioned three key factors for SU, it is critical to design a co-
herent framework with e ective modelling capacity and an e cient optimization approach,
which is capable of capturing the large-scale spatial correlation e ect in abundances, the
variance heterogeneity e ect of noise and the proper constraint on endmembers. To solve
ill-posed problems where endmembers and abundances are unknown underlying quantities,
the SU process can be generalized as a maximum a posteriori (MAP) problem in a Bayesian
framework and be optimized by expectation{maximization (EM) algorithm. The iterative
method allows the estimated abundances and endmembers to be updated in an adaptive
manner.

Therefore, in this chapter, following the linear spectral mixture model (LSMM) that
is commonly used to describe the HSI generation process [61], we propose a Bayesian
fully convolutional hyperspectral unmixing network (BCUN) which integrates FCNN and
LSMM in a Bayesian framework for HSI unmixing.

In the proposed approach, the data likelihood is designed based on the LSMM, the
conditional probability of the endmembers is derived from the \puri ed means" approach
[59, 46, 60], and the prior of abundance is implemented by the deep image prior (DIP) [16].
The key contributions of this chapter are summarized as follows:

1. A skip-connection FCNN is designed for abundance estimation, where DIP is used
to model the spatial correlation of the abundance eld. Compared to NNLS or
fully connected network, the FCNN is able to e ciently and accurately estimate
abundances by leveraging GPUs and the large-scale spatial correlation of HSI.

2. The noise is modelled as a multivariate Gaussian distribution to account for the
noise variance heterogeneity in HSI. As a result, the loss function of BCUN is designed
based on the M-distance rather than MSE loss. The designed conditional distribution
of spectral observations also enables the incorporation of the spectral mixture model
(SMM) into the FCNN training process for e ectively leveraging the knowledge in
the forward spectral model.
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3. The endmember is modelled and estimated by a \puri ed means" approach which
can be seamlessly integrated into the Bayesian framework by a designed conditional
distribution of the endmembers given the abundance.

4. The above key components are coherently integrated into a Bayesian framework, and
the resulting maximum an MAP is solved by a designed EM algorithm.

Experiments on both simulated and real HSI demonstrate that comparing with tradi-
tional and state-of-the-art approaches, the proposed BCUN can extract endmembers and
map abundances more accurately by exploring spatial correlation e ect and noise hetero-
geneity e ect in HSI. The remainder of the chapter is organized as follows. Section 2.2
formulates the unmixing problem in a Bayesian framework. The design of the network and
its rationale are detailed in Section 2.3. Section 2.4 introduces the optimization scheme of
BCUN. Section 2.5 conducts experiments on both simulated and real HSI.

2.2 Problem formulation

Assuming that there areP spectral bands and\N pixels in a HSI, we denote the observed
re ectance of the pixel at sitei by x;, which is P 1 vector. Then the HSI can be
expressed axX = fx;ji = 1;2;::;;Ng. The HSI is assumed to contairK endmembers.
According to the LSMM, the observed HSX 2 RP N is represented by the product of the
endmember matrixA 2 RP K and the abundance matrixS 2 RX N plus some Gaussian
noiseN 2 RP N, as follows:

X =AS + N ; (2.1)

whereS = fsjji =1;::;;Ngand A = fagjk =1;:::;Kg. s; is aK -dimensional vector and
ax is aP-dimenstional vector. Then the pixelx; can be formulated as a linear combination
of the endmembersA weighted by their associated abundances plus noisen;:

X X
X; = axsk + ni; sk=1;8s> o (2.2)
k=1 k
Considering that current imaging systems are designed based on the assumption of additive
Gaussian noise [62], and the Gaussian noise assumption simpli es the computation and
the noise variance estimation [63], we assume that the noise distribution satisfy a Gaussian
model as follows:

1 1
p(n;) = F’WGXP( éniT ni) (2.3)
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where is commonly expressed by the most existing methods as a diagonal matrix
2 3

S B

2

in which 2 is the noise variance of the each band.

The spectral unmixing of HSI aims to infer the endmemberd and the abundanceS
based on the spectrum observatioX , which in a Bayesian framework can be achieved by
maximizing the posterior distribution p( jX ), i.e.,

p( iX) /7 p(Xj )p( ) (2.4)

where

= fA;Sg (2.5)

According to the Bayes' theorem, the posterior distribution can be rewritten as:

P(A;SjX )1 p(XjA; S )p(AjS)p(S) (2.6)

Given the LSMM describing the generative model of HSI in Eq. 2.1 and the posterior
distribution in Eqg. 2.6, several key factors for e ective SU are identi ed as follows:

1. The accurate modelling of the abundance priogp(S) is critical for regulating and
estimating the abundanceS.

2. Properly characterizing the noisé\N in HSI facilitates the accurate estimation ofA
and S.

3. Meaningful constraints on endmemberé that guide and regulate the endmember
estimation process.

4. An e cient optimization scheme for solving the Bayesian inverse problem is critical.

In this chapter, p(S) is achieved by Gaussian distribution where the spatial correlation
e ectin S is modeled by the deep image prior of FCNN, as detailed in Section 2.3.1. Under
the assumption that noisen; has heterogeneous band-dependent noise variance, the data
likelihood p(X jA;S) is modeled by the anisotropic multivariate Gaussian distribution, as
detailed in Section 2.3.2p(A|S) is achieved by Gaussian distribution where the expecta-
tion of A is derived by the puri ed-means, as detailed in Section 2.3.3. And an e cient
EM algorithm based optimization scheme is designed and implemented in Section 2.4 for
solving the new Bayesian inverse problem.
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2.3 BCUN: Bayesian fully convolutional hyperspec-
tral unmixing network

2.3.1 Prior of abundances

There are three key requirements on the abundan&when designing the abundance prior
p(S).

1. The large-scale spatial correlation e ect in abundance should be fully exploited.

2. ,Qbundances should be subject to the non-negative and sum-to-one constraints, i.e.,
(S =1and8sk>0

3. Abundances prior should allow e cient optimization.

Here, the prior of S is expressed as a Gaussian distribution because (i) it is a common
form of abundace distribution [64, 65, 66], and (ii) it is simple to be incorporated and
solved in the nal objective function.

pS) = Jexpli S E(S)i) @)

whereE (S) is the expectation ofS, which is implemented as an FCNN. Comparing with
the patch-based CNN, FCNN has a wide eld of view of the input image and enables better
modelling of the spatial correlation e ect in HSI.

The prior spatial information of abundancesS can be captured by an FCNN structure
[16] which has a wide eld of view of the input image and can be optimized e ciently on
GPUs. Usingf () to represent the FCNN forward propagation, the expecte® is written
as:

E(S)=f(Z; ): (2.8)

where Z is the input random noise and is the set of model parameters including all
convolution kernels and biases. The non-negative and the sum-to-one constraint can be
achieved using \softmax" activation approach which is expressed as:

gl

SOftmaX(l ) = PW (29)

. ]

j
In this work, we use a U-Net type \hourglass" architecture with skip-connection [16] to
model a mappingf () from the input variable Z to abundance mapsS.

As shown in Figure 2.1, the FCNN network is an \hourglass" architecture with encoder
and decoder parts, as well as the skip connection. The constitutional unit of the encoder

14



Figure 2.1: FCNN structure in BCUN framework

part involves mainly two convolution operations (the yellow and blue blocks in Figure 2.1)
which can be formulated as:

En(l) = LR(BN (W2~ (LR(BN (W~ 1+ BY))+ B2) (2.10)

wherel represents the input data,LR represents the \leaky RelL.U" activation function,
and BN denotes the batch normalization.~ is the 2D convolution operation. W and B
are convolution kernel and the bias separately.

The skip connection operation mainly contains a convolution operation where the kernel
size is illustrated in Figure 2.1. The entire operation of skip connection is as follows:

Skip(I) = LR(BN (Ws~ | + By)) (2.11)
The unit operation of decoder (the red and purple blocks in Figure 2.1) is expressed as:
De(l) = LR(BN (W2~ (LR(BN (W4~ BN (I)+ BY))+ B2) (2.12)

The encoder part of FCNN decreases the size of the input via convolutions and the decoder
part recovers the image size by the decoder unit expressed in Eq. 2.12 and the up-sampling
operation. By connecting the corresponding parts which have the same scale of encoder
and decoder, the spatial information in a certain scale is able to be well preserved. So, the
resulting layer in a certain scale can be obtained by

Scale() = De(up(En(l)) skip(l)) (2.13)
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where is the matrix concatenation operation. To preserve and utilize the spatial infor-
mation of di erent image scale, the number of scalk is usually set as a number more than
1. Then the main part of the FCNN is expressed as

SCALE,_ (1) = Scale_:::(Scale(Scalg(l))) (2.14)

In Figure 2.1,L = 3, the last layer is a convolution layer with the kernel size of 1 1 (the
orange block in Figure 2.1). The entire operation of the output layer is as follows:

out(l1) = BN (W°~ | + B?) (2.15)

By applying the \softmax" activation to the output layer, the whole FCNN is formulated

by
f (1) = Softmax(Out(SCALE | (1))): (2.16)

2.3.2 Data likelihood

The formulation of data likelihood p(X jA;S) relies on the probabilistic distribution of
noiseN . The noise distribution is assumed to satisfy a Gaussian model as Eq. 2.3. in which

is the covariance matrix of noise. Traditionally, most methods assume hogmogeneous
noise variance across di erent HSI bands, and treat as an isotropic diagonal matrix
with the same diagonal elements, leading to Euclidean distance based loss. Instead, in this
chapter, considering the variance heterogeneity of noise,is expressed as follows,

2 3
2
1

SR

2
p

in which g Is the noise variance of theth band. This matrix allows di erent channels to
have di erent noise variance, and thereby it can better accommodate the noise variance
heterogeneity issue for enhanced noise characterization and spectral unmixing.

According to the LSMM in Eg. 2.2, the data likelihood is expressed as
P(X JA;S)

_ 1 1— T 1
—pﬁexp( S(X AS)T KX AS))

(2.17)

where X AS)' (X AS)is the reconstruction error which is essentially the square
of M-distanceDist y (X; A'S) between the original HSIX and the reconstructed HSK'S.
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2.3.3 Conditional distribution of endmembers given abundance

We choose a conditional prior distribution for the endmembers with the form of a Gaussian
distribution [67] encourages the small distance between the estimated endmember and its
expectation,

: 1 N : N
P(axiSiajer) = Jexp(ji ax  E(awiS:aje)ii’) (2.18)
Then, the joint density p(AjS) is as follows:
Y

p(akiS; ajex)
1

P(A]S)

(2.19)

1 .. . .
Eexp( i ax E(aiS;ajeWii®)
j=1

The above implementation is based on a conditional independence assumption of endmem-
ber ay given the rest of the endmembera;g.

2.4 Model Optimization

2.4.1 MAP estimation

The unmixing problem in Eg. 2.4 can be solved by the MAP approach, where the end-
membersA and the abundanceS are estimated by maximizing the posterior distribution
of fA; S g given the observed HSK , i.e.,

fA Sg= argmaxip(A; S jX )g (2.20)
Maximizing p(A; S jX ) is equivalent to minimizing its negative logarithm likelihood, i.e.,
fA, Sg=argminf logp(A; S jX )g (2.21)

Then, the objective function can be written as

Jns = argminf logp(A; S jX )g

. . _ (2.22)
/argrplsnf logp(X jA;S) logp(S) logp(AjS)g
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Considering Eq. 2.7, 2.17 and 2.19, the objective function in Eq. 2.22 can be reformu-
lated as

Jus =argminf (X AS)T (X AS))

) L X . - (2.23)
+iS  E(S)j+ jlak  E(akiS;a;e)ii‘g
k=1

In E-step of EM algorithm, S is estimated by E(S). So, we replaceS with E(S) to
simplify the objective function. As a result, the objective function can be reformulated as

[16]
Jus =argminf (X AE(S))T X AE(S))

X _ . (2.24)
+ jlac  E(akiS;a;e)iicg
k=1

where is a weighting parameter. This objective function has following characteristics:

1. The EM algorithm is used to estimate all parameters by treatings as missing ob-
servations andA as model parameters, and iteratively update the estimation &
and A, as illustrated in Section 2.4.2.

2. Because is anisotropic, the resulting distance is Mahalanobis distance that can
account for the noise heterogeneous e ect, rather than the Euclidean distance that
ignores band-dependent noise characteristics.

3. S is unknown and treated as missing observations in the EM algorithm framework.
We useE (S) as the estimation ofS. To estimate parameters inE(S),s we useX as
the input to FCNN and optimize FCNN parameters. Given the estimated parameters
in FCNN, we achieveS = E(S), as illustrated in Section 2.4.3.

4. When estimating parameters in FCNN for obtaininge (S), we use a reconstruction
loss based onX AE(S))T (X AE(S)), which incorporates the SMM to
ensure meaningfulS estimation, as illustrated in Section 2.4.3.

5. The second term in the objective function Eq. 2.24 is used to regulate the endmem-
bers, and de nes the relative importance of this regulation. The puri ed means
approach is adopted to estimateéd , as illustrated in Section 2.4.4.

The proposed BCUN framework is illustrated as Figure 2.2.
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Figure 2.2: BCUN framework.The inverse unmixing model is implemented by FCNN, where DIP p(S) is used to model the
spatial correlation of the abundance eld. The LSMM works as the forward model to reconstruct the HSI using the estimated

A and S. The data likelihood p(A]jS) designed based on it is integrated into the Bayesian framework. The endmember A
is modelled and estimated by a "puri ed means" approach which can be seamlessly integrated into the Bayesian framework

by a designed conditional distribution of the endmembers given the abundance p(AjS).

2.4.2 EM iteration

The EM algorithm is an iterative approach which is widely used to optimize the incom-
plete data problem by iterating between the estimation of model parameters given missing
observations and the estimation of missing observations given the model parameters[68].
In this chapter, we treat the abundancesS = fs;jji = 1;2;::;; Ng as missing observations
and treat endmembersA as model parameters to iteratively estimate bottA and S. The
E-step is the computation of the expectation over the entire range of possible valuesSof
i.e. E(S), and the M-step updatesA by minimizing Eq. 2.26 givenE(S). The main steps

in EM algorithm to estimate S and A are summarized as follows.

" Initialization: Set the initial value for A. The vertex component analysis (VCA)
algorithm [57], a fast and popular unsupervised endmember extraction approach, is
used to estimate the initial value ofA .

E-step: Given endmemberg\ and the noise variance , estimate abundances by
optimizing a FCNN, as introduced in Section 2.4.3.

M-step: GivenS , estimate endmember#\ and the noise variance . Endmembers

A are estimated using puri ed means approach [59], which is discussed in Section
2.4.4. The noise variance is estimated by the reconstructed residual, which is
introduced in Section 2.4.5.

2.4.3 FCNN training

The objective of E-step of the EM algorithm introduced in Section 2.4.2 is to obtain the
estimated abundance5 which is achieved by a FCNN model in Eq. 2.8.
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To estimate E(S), we rst need to estimate the parameters in FCNN, i.e., . Here, we
construct the following objective function to estimate :

"=argminf(X  Af(X DT X AT ) (2.25)

where X Af(X; )T XX Af(X; )) isthe Mahalanobis distance to account for
the noise heterogeneous e ect. Adam stochastic optimizer [69] is adopted in this work to
estimate

2.4.4 Puried means

For the M-step of the iterative EM algorithm introduced in Section 3.4.2, the update of
endmemberA is achieved by minimizing the following objective function, which is the
second term in Eq. 2.24 constrained by the rst term in Eq. 2.24.

X
Ja = arg rglkn ji(ax  E(axiS;ajs))ii%;
j=1
2.26
» (2.26)

StiX; ajs =0
j=1
where E (axjS; a;¢) is the conditional expectation of thekth endmember givenS and
all the other endmembers. HereE(axjS;a;¢) is estimated as the mean value of all

puri ed pixels of the kth endmembery¥, i.e., the pixels that are puri ed by removing the
contribution of all the endmembers other than thekth endmember.

Q. 1 X k.
E(akS;ajek) = N yi: (2.27)
i
where N is the total number of pixels in the image. The constraint in Eq. 2.26 is imple-
mented in the process of obtaining the puri ed pixelyX, which is formulated as follows

[59],

X
yk = (xk daj)=¢; s> o0 (2.28)
6k

2.4.5 Noise variance update

Inspired by related researches [46], the noise varianceis estimated by calculating the
variance of the reconstructed residual, which is formulated as follows.

ri=x; Asfori=1;2:::;N (2.29)
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= VAR (fr;g) (2.30)

where VAR(t) is the function of calculating the variance oft.

2.4.6 Summary of Complete Algorithm

Based on the EM steps described in Section 2.4.2, the complete algorithm used for solving
BCUN can be achieved which is summarized in Algorithm 1.

Algorithm 1 BCUN
Input : HSI X, numbers of endmember& , and iteration numbers
Output : endmember matrixA’, abundance matrix$
Initialization :t:=1, AQ =VCA(X), @ =VAR(X)
While t6 do
E-step:
estimate , givenfX;A; g according to Eq. 2.25.
estimateS by f (X ; )in Eqg. 2.8
M-step:
for k=1,2,...,K
estimatefy¥g according to Eq. 2.28
estimate a, using fyXg according to Eq. 2.27
end for
update according to Eq. 2.29 and 2.30
end while

Note: A = faxjk=1:KgandS =fsjji=1: Ng

2.5 Experiments

2.5.1 Datasets
Simulated HSI

In this experiment, we simulate a 104 104 sized HSI with four endmembers with 200
bands. Each pixel in the simulated HSI is a mixture of the four endmembers. Mixed
pixels are created using the four endmembers multiplied by four abundance maps following
LSMM. Abundance maps are generated by rst being divided into 8 8 sized homogeneous
blocks of one of the four endmembers, then degrading the blocks by applying a spatial low-
pass lter of 9 9. The resulting HSI is further degraded by zero-mean Gaussian noise
with di erent noise variances in di erent bands. The band-dependent SNR values used
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for simulation are estimated from the benchmark Indian Pines image. Suppose that the
estimated SNR vectorg has been centralized and normalized, the simulated SNR vector
r can be obtained following the rule of = q+ c [46], where is the amplitude that
determines the magnitude of uctuation of band-dependent SNR values, amds the center
value that de nes the overall SNR of all bands. Three HSIs with di erent noise levels (SNR
= 10, 20, 30dB) are simulated by xing =5 and varying c.

Jasper Ridge HSI dataset

Jasper Ridge is a popular HSI with 512 614 pixels. Each pixel is recorded at 224 channels
ranging from 0.38 m to 2.5 m . Due to the di culties of ground truth (GT) acquisition,

a subimage with 100 100 was selected and its true endmember and abundance were
collected. After removing the channels 1-3, 108-112, 154-166 and 220-224 (due to dense
water vapor and atmospheric e ects), 198 channels remained. There are four endmembers
in this data, i.e., \road", \soil", \water" and \tree". The GT for the dataset is generated

by Zhu (2014) [70], which has been widely used [71, 72, 73]. The RGB color composition
of the HSI is shown in Figure 2.3 (a).

Saint Andre HSI dataset

Saint Andre HSI dataset is used in a unmixing paper [/4] and published on the website
https://zenodo.org/record/2142185#.YWbDyCORoUt . The HSI contains 50 50 pixels,
composed of 415 spectral bands ranging from 0.40 to 2.40. The spectral bands with
strong noise in the spectral ranges 1.34{1.55 and 1.80{1.98 have been removed. The
RGB color composition of the HSI is shown in Figure 2.3 (b). Endmember spectra of six
distinct materials (i.e., \tree", \grass", \soil", \road", \building 1", and \building 2") have

been manually extracted based on prior knowledge of the scene. This HSI dataset has only
true endmembers without true abundances. Methods are evaluated mainly based on their
performances on the endmember extraction. Abundances are also evaluated visually by
comparing with the RGB image.

2.5.2 Experimental Setup
Methods Compared

The proposed method BCUN is compared with several traditional endmember extraction
method including N-FINDR [75], PPI [58], VCA [57], K-P-Means [59] and several state-
of-the-art methods including the spatial group sparsity regularized nonnegative matrix
factorization (SGSNMF) approach [76], uDAs [49, 77] and a typical linear plug-and-play
priors framework, PnP [78, 79, 80], which are proposed recently. PnP and uDAs are
deep learning-based methods. It should be noted that K-P-Means and uDAs provide
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(a) Jasper (b) Saint

Figure 2.3: RGB images of real HSlIs.

estimations of endmembers and abundances, simultaneously, while for N-FINDR, PPI and
VCA, only endmembers are estimated and the abundances are obtained in a post-processing
stage by using the Sunsal method. PnP is an abundance mapping method which require
knowing true endmembers. We used VCA-estimated endmembers as the input of PnP.
K-P-Means is also solved by the EM algorithm where the E-step estimates abundances
using Sunsal and M-step achieves endmembers update via puri ed means. Therefore, by
comparing the performances between K-P-Means, the advantage of proposed method in
terms of further improvement over K-P-Means can be demonstrated. Moreover, since both
uDAs, PnP and the proposed method are deep neural network-based approaches but with
vastly di erent implementations, the comparison between the two can justify the proposed
BCUN approach and other contributions in the context of the proposed Bayesian MAP
optimization framework. To demonstrate the advantage of addressing the heterogeneous
noise e ect, we design the BCUNO method by replacing the Mahalanobis-distance loss in
BCUN with Euclidean-distance loss, and compare it with BCUN.

Numerical Measures

The spectral angle distance (SAD) de ned as SAD = cos a'h =(khkkak) and the
spectral information divergence (SID) de ned as SID =D(a=h) + D(h=a) are used to
measure the precision of the endmember extraction, whelbgx =y) measures the relative
entropy betweenx andy. The accuracy of abundance estimation is measured using the
abundance angle distance (AAD) and the abundance information divergence (AID) by
replacinga with s in the above SAD and SID equations, as well as the mean squared error
(MSE).
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Implement settings

For the test on the simulated HSI, the learning rate of BCUN is empirically set as 0.00025.
The number of EM iteration is 50. For each EM iteration, we use 20 epochs to train the
neural network. We adopt three skip-connections in the FCNN as shown in Figure 2.1.
For the test on the real Jasper HSI, the learning rate of BCUN is set as 0.03. The number
of EM iteration is 60. For each EM iteration, the network is trained 200 times. We adopt
one skip-connection in the FCNN for Jasper HSI dataset. For the test on the real Saint
HSI, the learning rate of BCUN is set as 0.001. The number of EM iteration is 10. For
each EM iteration, the network is trained 150 times. We adopt two skip-connections in
the FCNN for Saint HSI dataset.

Model parameters including the number of layers, the learning rate and iteration times
are determined empirically. Hyperparameters are required to be adjust for di erent HSIs
since HSIs vary in the sensor, data size and complexity. The real HSIs contain fewer mixed
pixels and spatial texture features, which can be unmixed with a simpler network. So, we
reduce the layers of the network to accelerate the model training. The learning rate needs
to be adjusted to suit the network architecture. All data processing is conducted using the
Python language under the Pytorch framework.

The benchmark PnP, uDAs and SGSNMF methods were implemented in the MATLAB
2018 under an Intel Xeon Silver 4110 CPU @2.10GHz. The VCA, PPI, N-FINDR, K-P-
means and proposed BCUN methods were implemented in the Pytorch toolbox with an
NVIDIA GeForce RTX 2080 Ti GPU.

2.5.3 Simulated Study

To compare the performances between traditional MSE loss that is built upon the Euclidean
distance in BCUNO and the proposed Mahalanobis distance loss in BCUN, we rst apply
BCUN and BCUNO on the three simulated HSIs with SNR = 10, 20, 30 dB. Figure 2.4
shows the endmember (the rst row) and abundance maps of one endmember achieved
by BCUN and BCUNO (the second and the third row separately) with di erent SNR
values, i.e., 10, 20, 30 dB. On all endmember gures (in the rst row), the endmember
extracted by BCUN (red lines) is closer to the true endmember (black lines) than the
endmember estimated by BCUNO (blue lines). In addition, endmembers achieved by BCUN
are smoother than those obtained by BCUNO, which is speci cally obvious when the noise
level is high (e.g., on Figure 2.4 (left) where SNR = 10dB). This demonstrates that the
proposed M-distance loss in FCNN can better deal with the heterogeneous noise than the
traditional MSE loss for enhanced endmember and abundance estimation, especially when
the noise level of HSI is high. Figure 2.4 shows negative values in endmembers at SNR=10
because BCUNO does not consider the noise heterogeneous e ect and leads to large bias
in endmember estimation at some spectral bands. The endmembers estimated by BCUN
are all positive at any noise level. It also shows the importance of addressing the noise
heterogeneity, especially when SNR values are low.
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(a) Aap=0s678 (b) Aap=0.1732 (C) aap=0.1636

(d) Aap=0.4573 (e) aap=0.1023 (f) aap=0.0735

Figure 2.4: The endmember (the rst row) and abundance maps of one endmember achieved by of BCUNO and BCUN (the
second and the third row separately) with di erent SNR values, i.e., 10, 20, 30dB respectively from left column to right
column.
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To evaluate the performance of the proposed BCUN, we compare it with the other
methods introduced in Section 2.5.2 by testing all methods with 10 independent runs
on three simulated HSIs with dierent SNR levels. The mean values and the standard
deviation (std) values of SAD, AAD, SID, AID, and MSE are summarized in Table. 2.1.
The running time of di erent SU methods are summarized in Table 2.2. The methods
comparison in terms of SAD and AAD are also illustrated in Figure 2.5. Given that the
smallest SAD and AAD mean values were all achieved by BCUN, BCUN outperformed all
the other methods on endmember extraction and abundance estimation at all noise levels,
indicating that the proposed BCUN is able to more accurately model the abundance and
endmember information in mixed pixels by accounting for the heterogeneous noise and the
spatial correlation e ect in a Bayesian fully convolutional neural network framework. In
particular, the observation that the mean AAD values achieved by BCUN are smaller than
those achieved by other values clearly re ects advantages of the designed BCUN approach
over the traditional Sunsal approach for abundance mapping. Some abrupt changes and
spatial detail information was well delineated by BCUN, which justi ed the use of DIP
to capture the nonstationary spatial correlation information in HSI. Convolutional layers
tend to smooth features, but the FCNN structure is able to capture the spatial textural
information which is DIP. The methods comparison in terms of SAD and AAD is also
illustrated in Figure 2.5.

(@) SAD (b) AAD

Figure 2.5: AAD, AAD bar graphs achieved by di erent methods with di erent SNR values, i.e., 10, 20, 30dB.

Figure 2.6 shows the four endmembers estimated by dierent SU methods as well
as the true endmember (the red line) at the noise level of SNR=30dB. The proposed
method BCUN appears to achieve the closest endmember spectrum (dark blue lines) to
the true endmember (red lines) for all the 4 endmembers. Endmembers estimated by deep
learning-based uDAs and PnP algorithms (purple and dark green lines) are closer to the
true endmembers than the other traditional methods but also introduces an obvious bias
away from the true endmember 1. Endmembers achieved by K-P-Means (light blue lines)
are smooth and very close to the true endmember 1 and 4, but have a larger bias away
from true endmember 2 and 3. VCA (pink lines) generates endmembers relatively smooth
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Table 2.1: Average SAD, AAD, SID, AID and MSE of abundances, obtained from 10
independent runs by di erent methods using the simulated data over SNR from 10 to
30dB. The best results are in bold.

SNR=10, 4 endmembers, 10816 pixels

AAD SID
0.70092.38% 0.15370.0308%
0.72841.47% 0.1791 0.0071%
0.57042.37% 0.33740.0869%
0.72084.50% 0.02680.0183%
0.70436.17% 0.01850.0111%
PnP  0.1766 1.98% 0.7422 7.66% 0.02010.0063% 7.8469 2.1994% 0.0580
VCA 0.1659 3.37% 0.77457.55% 0.0156 0.0098% 8.97102.1885% 0.0560
BCUN 0.1449 9.28%0.4573 12.68% 0.03940.0545% 3.7158 0.8387%0.0161

SNR=20, 4 endmembers, 10816 pixels

Method SAD AAD SID
N-FINDR 0.1184 0.21% 0.4280 1.03% 0.0168 0.0011%
PPl 0.1330 1.97% 0.61127.20% 0.02100.0037%

MSE
0.0469

0.0559
0.0351
0.0475
0.0432

AID
6.01060.3139%
6.32620.1043%
4.68360.2111%
6.59550.6952%
6.34951.2081%

Method SAD
NFINDR 0.3704 3.09%
PPI 0.3271 5.56%
SGSNMF 0.2360 7.51%
KPmeans 0.2162 4.93%
uDAs 0.1736 2.67%

AID
3.47330.1174%
5.17060.3289%

MSE
0.0217
0.0354

SGSNMF 0.1950 13.55% 0.483217.36%
KPmeans 0.0308 0.90% 0.29794.92%

0.16090.1651%
0.00120.0008%
0.00140.0014%

4.02032.0509%
1.91870.5029%
1.40970.4577%

0.0154
0.0100
0.0060

uDAs 0.0294 1.51% 0.24514.07%
PnP  0.0364 0.96% 0.27886.98% 0.00200.0008% 1.67091.0786% 0.0064
VCA 0.0362 1.21% 0.30556.18% 0.00200.0012% 1.85660.7442% 0.0081
BCUN 0.0145 0.59%0.1023 1.70%0.0004 0.0002% 0.5288 0.1152% 0.0012

SNR=30, 4 endmembers, 10816 pixels

AAD SID AID
0.22155.88% 0.00380.0009% 1.32710.5318%
0.52622.98% 0.02350.0000% 32.1737 0.0006%
0.34279.88% 0.16600.3383% 2.24190.9875%
0.1126 2.68% 0.00100.0003% 0.48080.2388%
0.13774.95% 0.00070.0010% 0.61360.3938%
PnP  0.0383 0.81% 0.26575.12% 0.00250.0007% 1.43220.5323% 0.0060
VCA 0.0396 1.03% 0.23217.14% 0.00260.0009% 1.09450.6274% 0.0041
BCUN 0.0105 0.56%0.0735 1.14% 0.0002 0.0002% 0.2965 0.1047%0.0010

MSE
0.0039

0.0334
0.0201
0.0014
0.0034

Method SAD
N-FINDR 0.0537 0.75%
PPI 0.0752 1.35%
SGSNMF 0.1359 13.19%
KPmeans 0.0195 0.48%
uDAs 0.0195 1.10%

Table 2.2: The running times of di erent methods on the simulated data with SNR=30dB.

SGSNMF
91.01

PnP
12.18

uDAs
24.51

KPmeans
43.76

VCA
0.07

PPI
0.16

BCUN
18.61

N-FINDR
0.35

Methods
Time(s)
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(a) Endmember 1 (b) Endmember 2

(c) Endmember 3 (d) Endmember 4

Figure 2.6: The endmembers achieved by di erent methods when SNR equals 30dB.

by with a very large bias from the true endmembers. Endmembers obtained by PPI and
N-FINDR (orange and green dotted lines) are very noisy indicating that these two methods
are sensitive to resist noise. These visual interpretations align with the quantitative results
in Table 2.1.

Figure 2.7 displays the abundance maps of one endmember generated by PPI, N-
FINDER, VCA, K-P-Means, uDAs, PnP and the proposed BCUN. As we can see, BCUN
achieved abundance maps that are very close to the GT maps. K-P-Means tends to pre-
serve some noise due to the failure to account for the spatial correlation e ect in HSI, which
is especially true when the noise level is high (i.e. SNR = 10, 20dB) where the abundance
maps of these traditional methods are very noisy. The state-of-the-art methods uDAs and
PnP achieve smoother and clearer abundance maps than other methods but are still noisy
than BCUN at all noise levels.
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Figure 2.7: The abundance maps achieved by di erent methods on one endmember with di erent SNR values, i.e., 10, 20,
30dB from the top row to bottom row. Brighter pixels indicate high abundance while darker pixels indicate low abundance.

2.5.4 Test on real HSIs
Jasper Ridge Scene

All methods are conducted on the Jasper Ridge HSI. The estimated endmembers and
abundances are compared in Figure 2.8 and Figure 2.9 separately. Numerical measurements
achieved by all methods are summarised in Table 2.3. Table 2.3 indicates that BCUN
achieves the lowest mean values of SAD, SID, AAD and AID among all methods tested,
indicating that BCUN extracts endmembers and abundances more accurately than other
methods.

Figure 2.9 shows that overall BCUN is more capable of generating abundance maps
that are close to the GT maps in terms of both the intense brightness and the structural
characteristics. For example, the bright water area in the second row of Figure 2.9 gener-
ated by BCUN is closer to the intensity brightness of the GT, and also BCUN generates
the highlighted red box area in Figure 2.9 that is closest to the GT, whereas the red box
areas of the other methods wrongly highlight the road as water in the water abundance
maps.

Figure 2.8 shows the four endmembers achieved by di erent methods as well as the
true endmembers (red line). On average, endmembers obtained by the proposed BCUN
method are the closest to the true endmembers among all methods, which is consistent
with the SAD statistics in Table 2.3.

Saint Andre Scene

Table 2.4 demonstrates that the proposed BCUN achieves the best endmember estimation
performance with the lowest SAD and SID values, compared with other methods. Figure
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(a) Tree

() Soil

(b) Water

(d) Road

Figure 2.8: The estimated endmembers achieved by di erent methods for Jasper Ridge HSI data, along with the true

endmember.

Table 2.3: Average SAD, SID, AAD, AID and MSE of abundances, obtained by di erent
methods for Jasper Ridge HSI data. The best results are in bold.

Jasper Ridge HSI, 4 endmembers, 10000 pixels

Methods
PPI
VCA
KPmeans
PnP
N-FINDR
SGSNMF
uDAs
BCUN

SAD
0.3085
0.2537

0.1680
0.1622
0.1604
0.1392
0.1181
0.1065

SID
0.3710
0.1589

0.1190
0.1322
0.0565
0.1571
0.0624
0.0383

AAD AID MSE
0.6809 8.5008 0.0898
0.4288 4.1735 0.0530
0.3938  4.1484 0.0555
0.3116 2.6532 0.0202
0.3537 3.0730 0.0278
0.2897 2.85360.0201
0.3044 2.8851 0.0242
0.2892 2.4576 0.0207
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