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CHAPTER 1

Introduction

Sommaire
1.1 Context: HYPXIM missionl . ... ..................... 3
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(1.3  Problematic & Objective| . . . . . . . . ... o o 0oL 7

1.1 Context: HYPXIM mission

Rapid urbanization has significantly impacted on urban climate [1| and environment lead-
ing to influence the quality of human health. In order to develop strategies for sustainable
development and for improving urban residential environment and living quality, timely and
accurate information on the status and trends of urban ecosystems and biophysical parame-
ters are needed [2}|3]. Despite their limited availability, these data are in high demand by the
scientific community, because of their usefulness with respect to multiple tasks:

e Urban area detailed environmental mapping

e Climate change and climate change effects characterization

e Urban biodiversity monitoring

However, urban environments show some particularities which make them harder to use
than rural environments :

e A large spatial heterogeneity

e An extensive number of different materials, extremely variable with respect to their
spectral characteristics

e Presence of shadowing due to inherent 3D structure of the urban landscape.

3



4 Chapter 1. Introduction

Those are the reasons why analyzing urban area needed high spatial resolution of 5 m
or less to deal with the level of detail required by most urban planners. In addition
imaging spectroscopy is needed for the study of urban landscape by allowing identification
and therefore mapping of the different components like: soil, material and vegetation types.
By increasing the number of spectral bands available, we increase the number of materials
that can be identified. Since urban areas are composed of lot of small different materials,
monitoring those landscapes is only possible if we have access to a finer spatial and spectral
resolutions. Currently this is possible thank to airborne platforms acquisition. However those
acquisition have a low revisit time and are very expensive and so are not suitable for those
study which need frequent acquisition and accurate information.

To address this issue a new project is currently under study: the hyperspectral mission
HYPerspectral-X IMagery (HYPXIM) [5]. HYPXIM is a new spatial sensor proposed by the
French scientific community. The goal of this project was to answer the needs of the Defense
and the scientific community. The interest of the scientific community for this project has
been shown in a poll H Its main advantages over the other sensors is its high spectral and
high spatial resolutions (8m), Fig illustrates the spatial and spectral characteristic of the
current sensors with their time of revisit. A brief analysis of some of them will be done to
illustrate the interest of the HYXPIM sensor.

B PANCHROMATIC Rﬁi\s\“
M MULTISPECTRAL 'a ~N
B SUPERSPECTRAL ~3-5 days
E HYPERSPECTRAL
High spatial and  300- HYPXIM
spectral resolution, —— ESE'ALOM ENMAP, HISUI
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100 —
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=
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Figure 1.1: Sensors characteristics: time of revisit, spatial and spectral resolution

"http://www.sfpt.fr/hyperspectral /wp-content/uploads/2013/10/Synth%C3%A8se_Sondage_
Octobre2013.pdf
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e Multispectral sensors: Pleiadesﬂ and Sentineﬁ have high spatial resolution, respectively,
0.7-2.0 m and 10 m however their spectral resolution is not enough accurate for the
identification of a large variety of material. The low number of spectral bands limits
the number of species which can be identified. HYPXIM will address this issue with its
high spectral resolution

e Hyperspectral sensors:

— EnMAFY PRISMAP} HYPXIM will be a continuation of those sensors by providing
better spatial resolution (8 m instead of 30 m) and allowing new observable like
tree rather than tree population or phytoplankton.

- HYPERIONE HYPXIM gets a better spatial resolution and revisit time allowing
a better surface condition evolution.

— SHALOM is destined to a commercial use so the access of this data will be limited
for the scientific community.

However HYPXIM is not considered as a global mission since it gets a lower swath (8
km versus 90-150 km of current sensor) and will be used as a complement to current sensors
helping with scaling issues for a better understanding of environmental processes (from field
to satellite).

The final application of our research is to work with urban area which are complex (lot
of small items: size less than 2m). However, a problem occurs since we want to work with
items of spatial resolution around 2m and the hyperspectral resolution of the data acquired
with HYPXIM will be around 8m. Because of the limited amount of incident energy, there
are critical tradeoffs between the spatial resolution, the spectral resolution, and signal-to-noise
ratio (SNR). For this reason, optical systems can provide data with a high spatial resolution
but with a small number of spectral bands (for example, panchromatic data with decimetric
spatial resolution or multispectral data with three to four bands and metric spatial resolution,
like PLEIADES [6]) or with a high spectral resolution but with reduced spatial resolution
(for example, hyperspectral data, subsequently referred to as HS data, with more than one
hundred of bands and decametric spatial resolution like HYPXIM |[5]).

A solution is to use the panchromatic image (denoted as PAN) acquired at the same time
by HYPXIM which has only one band but a high spatial resolution (1.8m) combined with
the hyperspectral image (denoted as HS) which has a lower spatial resolution (8 m). This
is called hyperspectral pansharpening when we merge the spatial resolution of PAN image
with the spectral resolution of the HS image. This thesis is part of the HYEP ANR 14-
CE22-0016-01(Agence National de la Recherche, Hyperspectral Imagery for Environmental
Planning) which focuses on urban area analysis.

’https://pleiades.cnes.fr/en/PLEIADES/index.htm

3http://www.esa.int/Our_Activities/Observing_the_Earth/Copernicus/Sentinel—2/Introducing_
Sentinel-2

“http://www.enmap.org/

Shttp://www.asi.it/it/node/32324

Shttps://eol.usgs.gov/sensors/hyperion


https://pleiades.cnes.fr/en/PLEIADES/index.htm
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http://www.esa.int/Our_Activities/Observing_the_Earth/Copernicus/Sentinel-2/Introducing_Sentinel-2
http://www.enmap.org/
http://www.asi.it/it/node/32324
https://eo1.usgs.gov/sensors/hyperion
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1.2 Panchromatic and Hyperspectral imaging

Figure 1.2: Panchromatic image

A panchromatic image, Figll.2] is acquired by a sensor characterized by a unique large
bandwidth (typically 200 nm in the VIS-NIR) with a very high spatial resolution. PAN image
is able to sense the geometry of a landscape with a very high accuracy: roads, building etc.
However using only the PAN image does not allow to identify all the elements of the scene.
For example a green car and green vegetation may have the small color value in the PAN
image while their nature is different (metal versus vegetation).

A hyperspectral image, Fig[I.3] is a collection of images representing the same scene where
each image is acquired at a different wavelength. The main difference between PAN and HS
images is that the acquisition for HS is done for several tiny bands and therefore the incident
energy is shared between those bands resulting in a lower spatial resolution since less energy
is available for each of them compared to the large band PAN image. This image collection
is often represented as a cube, also called "Hypercube", where the third dimension z is the
wavelength and is associated with the spectral band. Depending on the number of spectral
bands involved this cube is called multispectral image (denoted as MS image) (less than 10
bands) HS image (several hundred of bands) or superspectral image (more than thousand of
bands). Each pixel of this cube is then associated to a vector which represents the spectra of
this pixel (Fig. The spectrum is related to the pixel composition.

The HS images are generally in reflectance unit. The reflectance represents the proportion
of light (values between 0 and 1) which is reflected from the incident light. However in this
thesis, since we are working with simulated dataset, we will work with data in radiance in order
to have the same unit than the PAN image for the HS image. Radiance quantifies the amount
of light reflected by an element. Radiance unit is the "raw" version of HS images before
doing a processing step taking into account several physical phenomena such as atmospheric
correction to convert them into reflectance.

A spectrum which characterizes a given element like: vegetation, concrete, water etc. is
called endmember (spectrum of a pure pixel). All the pixels belonging to the same element
should have spectra similar to the endmember associated to this element in theory. How-
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Figure 1.3: Simplified description of an HS image

ever in reality an element cannot be defined by a unique spectrum since the characteristic
of an element can vary depending on several elements like: age of the material, sun exposi-
tion, humidity etc. This difference between spectrum of the same element is called: spectral
variability.

An HS image gives information about the nature of the different constituent of the scene.

1.3 Problematic & Objective

The majority of current pansharpening methods in the literature has been developed in order
to fuse PAN and MS images which are acquired on similar spectral range. However with the
increasing availability of HS systems, the pansharpening methods are now extending to the
fusion of HS and PAN images. As one may expect, performing pansharpening with HS data
is more complex than performing it with MS data. Two challenges have been identified:

e How do the existing methods perform when used on HS data?

e How do the existing methods perform when the spectral range is very different: PAN
[0.4-0.8 pm], HS [0.4-2.5 pm]?

The difficulty that arises, consists in defining a fusion model that yields good performance
in the part of the HS spectral range that is not covered by PAN data, in which the high
resolution spatial information is missing. In addition, since the final objective is to work
with urban landscapes problems will occur because of the size of the elements. Indeed some
elements, smaller than the spatial resolution of HS data, may be visible in the PAN image
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but not in the HS data. So the spectral information of those elements will be lost in the
HS image because it will be mixed with the neighbor elements spectrum. Therefore an ideal
fusion model should take this into account to try to restore the missing spectral information.

In order to work on this problem the following things have been done. First a state-of-the
art is done to illustrate the current pansharpening methods. To evaluate those methods, and
to identify their pros and cons, different tools have been used. Thus after presenting them,
they will be applied on real and synthetic data set. From this analysis some limitations of
current methods have been found and a new approach has been designed to address this issue.
This new approach will be explained together with new quality criteria to focus on a local
analysis. A comparison with the previous methods from the state of the art will be conducted
on different landscape (rural and urban). Finally a conclusion will be performed at the end.



Part 1

State-of-the-art






CHAPTER 2

Methods Description
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2.1 Introduction

A taxonomy of pansharpening methods can be found in the literature |7-9]. They can be
broadly divided into four classes: Component Substitution (CS), MultiResolution Analysis

11
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(MRA), Bayesian, and Variational. The CS approach relies on the substitution of a compo-
nent (obtained, e.g., by a spectral transformation of the data) of the MS image by the PAN
image. The CS class contains algorithms such as Intensity-Hue-Saturation (IHS) [10-12], Prin-
cipal Component Analysis (PCA) [13[115] and Gram-Schmidt (GS) spectral sharpening [16].
The MRA approach is based on the injection of spatial details, which are obtained through
a multiscale decomposition of the PAN image into the MS data. The spatial details can be
extracted according to several modalities of MRA: Decimated Wavelet Transform (DWT) |17],
Undecimated Wavelet Transform (UDWT) [18], "A-Trous" Wavelet Transform (ATWT) [19],
Laplacian pyramid |20, nonseparable transforms, either based on wavelet (e.g., contourlet
[21]) or not (e.g., curvelets [22]|). Hybrid methods have been also proposed, which use both
component substitution and multiscale decomposition, such as Guided Filter PCA (GFPCA),
described in Section [2.5, The Bayesian approach relies on the use of posterior distribution
of the full resolution target image given the observed MS and PAN images. This posterior,
which is the Bayesian inference engine, has two factors: a) the likelihood function, which is
the probability density of the observed MS and PAN images given the target image, and b)
the prior probability density of the target image, which promotes target images with expected
properties, such as being segmentally smooth. The selection of a suitable prior allows us to
cope with the usual ill-posedness of the pansharpening inverse problems. The variational class
is interpretable as particular case of the Bayesian one, where the target image is estimated by
maximizing the posterior probability density of the full resolution image. The works [23}25]
are representative of the Bayesian and variational classes. As indicated in Table [2.1] the CS,
MRA, Hybrid and Variational classes of methods are detailed in Sections 24 and
respectively. Herein, the Bayesian class is not addressed in the MS+PAN context. It is
addressed in detail, however, in Section [2.6]in the context of HS+PAN fusion.

With the increasing availability of HS systems, the pansharpening methods are now ex-

tending to the fusion of HS and panchromatic images [26-29|. Pansharpening of HS images
is still an open issue, and very few methods are presented in the literature to address it. The
main advantage of the HS images with respect to the MS one is the more accurate spectral
information they provide, which clearly benefits many applications such as unmixing [30],
change detection [31], object recognition [32], scene interpretation 33| and classification [34].
Several of the methods designed for HS pansharpening were originally designed for the fusion
of MS and HS data [35-39], the MS data constituting the high spatial resolution image. In
this case, HS pansharpening can be seen as a particular case, where the MS image is composed
of a single band, and thus reduces to a PAN image. In this paper, we divide these methods
into two classes: Bayesian methods and matrix factorization based methods. In Section [2:6]
we briefly present the algorithms of [36,39], and [38] of the former class and in Section [2.7| the
algorithm of [35] of the latter class.
This chapter presents some of the most relevant methods for HS pansharpening. First, we
focus on the adaptation of the popular CS and MRA MS pansharpening methods for HS
pansharpening. Later, we consider more recent methods based on Bayesian and matrix fac-
torization approaches. A toolbox containing MATLAB implementations of these algorithms
can be found onlineE|. This toolbox is provided by the different authors who contributed to
our review paper on hyperspectral pansharpening [40].

'http://openremotesensing.net
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Table 2.1: Summary of the different classes of methods in the literature. Within parenthe-
ses, we indicate the acronym of each method, followed the section in which that method is

described.

METHODS ORIGINALLY DESIGNED FOR MS PANSHARPENING

Component substitution (CS,

Principal Component Analysis (PCA,

Gram Schmidt (GS, j

Intensity Hue Saturation (IHS, D
Hyperspherical Color Sharping (HCS,

5.3.4)

Multiresolution analysis (MRA,

Smoothing filter-based intensity modula-

tion (SFIM,

Laplacian pyramid (2.4.2])

Wavelet (2.4.3))

Hybrid methods 1}
Guided Filter PCA (GFPCA, [2.5.1)

Hybrid : CS + MRA

METHODS ORIGINALLY DESIGNED FOR HS PANSHARPENING

Bayesian Methods
Naive Gaussian prior ([2.6.1))

Sparsity promoting prior 1)
HySure (2.6.3))

Matrix Factorization ([2.7])
Coupled Non-negative Matrix Factoriza-
tion (CNMF)

The following methodology has been used for this chapter:

e Analysis of the different papers on pansharpening: methods presented, pros and cons,

datasets used and performances

e Implementation of the most interesting methods and preliminary tests on the Camargue

dataset: a rural area with lot of huge homogeneous fields with some buildings and roads
(more details in Section [4.2.1)). Visual and quality criteria analysis, described in Chapter
is done. This preliminary analysis selects the methods which will be detailed.

e Deeper analysis of the selected methods on different datasets (Camargue, Garons and

Toulouse) is done in Chapter
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2.2 Notations and hypothesis

2.2.1 Notations

Before presenting the different methods, we introduce the notations used along the thesis.
Bold-face capital letters refer to matrices and bold-face lower-case letters refer to vectors.

The notation X* refers to the kth row of X. The operator ()7 denotes the transposition

operation. Images are represented by matrices, in which each row corresponds to a spectral
band, containing all the pixels of that band arranged in lexicographic order. We use the

following specific matrices:

o X = [x1,...,xy] € R™*" represents the full resolution target image with m, bands

and n pixels; X represents the corresponding estimated image.

o Yy € R™>X™M Yy € RWX" and P € R'™ represents, respectively, the observed HS,

MS, and PAN images, n) denoting the number of bands of the MS image and m the
total pixel number in the Yy image.

e Yy € Rmaxn represents the HS image Yy interpolated at the scale of the PAN image.

® Mgort and Aepg represent the starting and ending wavelength corresponding to the spec-

tral domain used to acquire/generate the PAN image.

We denote by d = y/m/n the down-sampling factor, assumed to be the same in both

spatial dimensions.

2.2.2 Hypotheses

For all the different methods, the following assumptions are done:

No registration error : PAN and HS images are correctly registered.

Simultaneous acquisition : PAN and HS images have been acquired at the same time.
If the acquisition time is different (several hours, days, months etc.) some difference
can appear: modification in landscape (vegetation, new building, moving cars etc...),
modification in illumination (solar angle difference, shadows etc.) generating distortion
in the fusion process.

PAN and HS images represent the same physic and have the same unit. Some methods
use relation between PAN and HS to induce the spatial details however if the HS image
is spectral reflectance (value between 0 and 1 or in percentage) and PAN is radiance
(positive value without limitation) problems will occur.

Same observation area
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2.3 Component Substitution Methods (CS)

CS approaches rely upon the projection of the higher spectral resolution image into another
space, in order to separate spatial and spectral information ﬂgﬂ Subsequently, the transformed
data are sharpened by substituting the component that contain the spatial information with
the PAN image (or part of it). The greater the correlation between the PAN image and the
replaced component, the lesser spectral distortion will be introduced by the fusion approach ﬂgﬂ
As a consequence, a histogram-matching procedure is often performed before replacing the
PAN image. Finally, the CS-based fusion process is completed by applying the inverse spectral
transformation to obtain the fused image. This is illustrated by Fig[2.1]

other components

replaced by Iriverea

transform transform

HS image
Yy

HS upscaled
Yy

Intensity image PAN image
Oy P

Figure 2.1: CS concept

The main advantages of the CS-based fusion techniques are the following: 7) high fidelity
in rendering the spatial details in the final image [41], i) fast and easy implementation |11],
and i7i) robustness to misregistration errors and aliasing . On the negative side, the main
shortcoming of those techniques are the spectral distortion introduction, caused by the spectral
mismatch between the PAN and the HS spectral ranges [9].

Following [7,43], a formulation of the CS fusion scheme is given by

XF=Y{+g.(P-0yp), (2.1)
for k = 1,...,m), where X* denotes the kth band of the estimated full resolution target
image, g = [g1, . - .,gmA]T is a vector containing the injection gains, and Oy, is defined as

mx
O =) wYij, (2.2)
i=1
where the weights w = [w1, ..., w;, ..., wmA]T measure the spectral overlap among the spectral

bands and the PAN image ||§|,.

The CS family includes many popular pansharpening approaches. In this thesis the fol-
lowing techniques are briefly described: principal component analysis (PCA) , Gram-
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Schmidt [16,41], Intensity Hue Saturation (IHS) [10,44./45] and Hyperspherical Color Sharp-
ing (HCS) [|46]. Those methods have been selected in order to represent the diversity of this
family and are the most well known methods.

2.3.1 Principal Component Analysis (PCA)

PCA is a spectral transformation widely employed for pansharpening applications [12]. It is
achieved through a rotation of the original data (i.e., a linear transformation) that yields the
so-called principal components (PCs). PCA use an orthogonal transformation to convert a
set of observations of possibly correlated variables into a set of values of linearly uncorrelated
variables called principal components. This transformation is defined in such a way that the
first principal component has the largest possible variance and each succeeding component
in turn has the highest variance possible under the constraint that it is orthogonal to the
preceding components. The resulting vectors are an uncorrelated orthogonal basis set. In our
case since we work with spectral band as input, instead of vector, a set of images is obtained
after using PCA. PCA is also used as a denoising technique by removing the last PCs (with low
variance often related to noise) and doing the inverse transform. The hypothesis underlying
its application to pansharpening is that the spatial information (shared by all the channels)
is concentrated in the first PC, while the spectral information (specific to each single band)
is accounted for the other PCs. The whole fusion process can be described by the general
formulation stated by Eqs. [2.1] and [2:2] where the vectors w and g are derived by the PCA
procedure applied to the HS image.

However, when dealing with HS data, PCA method does not perform very well since
information can be spectrally very different (in comparison visible to NIR domain) and so the
spatial information is often concentrated in more than one PC. Using only one PC to describe
the spatial information was sufficient for MS pansharpening where MS and PAN images share
similar spectral domain of acquisition but this is not the case for HS pansharpening. This
method is not retained as a reference method for our final analysis.

2.3.2 Gram-Schmidt (GS,GSA)

The Gram-Schmidt transformation was initially proposed in a patent by Kodak [16]. The
fusion process starts by using, as the component, a synthetic low resolution PAN image Iy,
at the same spatial resolution as the HS imageﬂ A complete orthogonal decomposition is
then performed, starting with that component. The pansharpening procedure is completed
by substituting that component with the PAN image, and inverting the decomposition. This
process is expressed by Eq. using the gains [41]:

B cov(?’ﬁ, Or)

Ik = var(Op) (23)

2GS is a more general method than PCA. PCA can be obtained, in GS, by using the first PC as the low
resolution panchromatic image [47].
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for k = 1,...,my, where cov (+,-) and var (-) denote the covariance and variance operations.
Different algorithms are obtained by changing the definition of the weights in Eq2.2] The
simplest way to obtain this low-resolution PAN image simply consists in averaging the HS
bands (i.e., by setting w; = 1/my, for i = 1,...,m)). In [41], the authors proposed an
enhanced version, called GS Adaptive (GSA), in which Oy, is generated by the linear model
in Eq[2.2] with weights w; estimated by the minimization of the mean square error between
the estimated component and a filtered and downsampled version of the PAN image.

GSA achieves the best results among the presented methods and is used as the represen-
tative method from CS family in our analysis.

2.3.3 Intensity Hue Saturation (IHS, GIHS, GIHSA)

This method exploits the transformation into the IHS color space that simulates the human
visual system in processing the intensity (I), hue (H) and saturation (S) information. Originally
designed to be only applied to RGB true color images |10] it has been generalized to more
than three bands: Generalized IHS (GIHS) |44]. The concept is to transform the HS image
into the IHS color space and to replace the intensity image Oy, generated with the HS image
by the PAN image and to do the inverse transformation. I is supposed to retain the spatial
information. It has been shown [44] that the THS fusion approach can be reformulated, for
k=1..N as Eq2.1] with :

|
_

Ik (2.4)

1
for k = Astart---Aends
WE = ()\end - )\start + 1) tart d (25)

0 otherwise.

To reduce the spectral distortion, which often occured with GIHS, the adaptative GIHS
(GIHSA)[45] is proposed.

This is done by improving the generation of Op by changing the wy values. They are
computed by a linear regression which minimizes:

Aend Aend
P— > wYip=0with: Y w=1anduw>0 (2.6)
7::>\start Z':)\starit

with P the PAN image degraded to the HS spatial resolution. Before using Eq an

histogram equalization is computed between P and Ot,.

However, even if this method preserves well the spatial information, some spectral dis-
tortion can be noted particularly when analyzing the spectrum outside of the share spectral
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domain between PAN and HS image (0.4 — 0.8um). After 1.0um some important difference
in amplitude with the reference image can be noted. So this method will not be used as the
representative method from CS family.

2.3.4 Hyperspherical Color Sharping (HCS)

This method exploits the Hyperspherical Color Sharping (HCS)|[46] space representation where
angular values ¢ represent the color information and the radial value I defines the color
intensity. This method is based on the following hypothesis: it is possible to modify the
intensity of the image (which retains the spatial information) without modifying the color
information (associated to the spectral information).

The first step is to compute the mean and standard deviation of both the square of the
HS intensity and the one of the PAN image, given by:

)\end

= 3 Yy’ (2.7)
i:)\start

P? = (PAN)? (2.8)

p1 and oy denote the mean and standard deviation of P? whereas p and o correspond
to those of I?. Then we perform the transformation from the native color space to the hyper-
spherical color space using Eq.77.

my—1 (?’L‘+1)2
B ) DA 2.9
i=k YH

Next we adjust the intensity of P? to the one of I? following Eql2.10] to limit spectral
distortion.

g
Pgdj:;?(P2—M1+01)+Mo—Uo (2.10)

The sharpening step is performed by using the adjusted intensity, I,4;, obtained by taking
the square root of the P? band as follows:

L = P2

2 (2.11)

The resulting I,qj is the pan-sharpened intensity. To get the final result the inverse HCS
transform is done using Eq
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X! = L,qjcospy

X2 = L,q5stnpqcosps
P ' ' . (2.12)
X = Togj SN, $ingy...SINP,,  _9COSP, 1

/\m)\ _ . . . . .
X" = T SiNp SiNPy...SINP,,, 9 SINP,,

An alternative and improved method to compute I,4; is described in [46].

This method is rarely used in the literature and is designed for PAN and MS pansharpening,
but it has a interesting concept. Because of this fact no work has been done to try to write this
method as Eq2.3] but it still belongs to the CS family since a substitution is done. However
after coding this approach and adapting it to work with HS image, some little blur effects can
be observed around transition area and small items. GSA was selected over this method for
having better visual result, slightly better quality criteria and be adapted for PAN and HS
pansharpening.

2.4 Multi-Resolution Analysis Methods (MRA)

The main difference with CS methods is that MRA methods involve spatial filter to extract
the spatial information from the PAN image. The spatial information is extracted at different
scale levels with those filters in order to perform a MultiResolution Analysis. The concept of

this family is illustrated by Fig[2.2]

The main advantages of the MRA-based fusion techniques are the following: ) temporal
coherence [8] (see Sect.27.4.4), ii) spectral consistency, and i7) robustness to aliasing [42]. On
the negative side, the main shortcomings are i) the implementation is more expansive due to
the design of spatial filters, i7) the computational burden is usually larger in comparison to
CS approach. The fusion step is summarized as [7,143]

XF=YE+GLo(P-PL), (2.13)

for k = 1,...,m), where Py, denotes a low-pass version of P, and the symbol ® denotes
element-wise multiplication. Furthermore, an equalization between the PAN image and the
HS spectral bands is often required. P — Py, is often called the details image, because it is a
high-pass version of P, and Eq. can be seen as the way to inject details into each spectral
band of the HS image. According to , the approaches belonging to this category can
differ in 7) the type of PAN low pass image P, and i) the definition of the gain coefficients
Gy. Two common options for defining the gains are:

1. Gy =1 for k= 1,...,m), where 1 is an appropriately sized matrix with all elements
equal to 1. This choice is called additive injection scheme;
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2. G = ?I’fl o Py for k =1,...,my, where the symbol @ denotes element-wise division.
In this case, the details are weighted by the ratio between the upsampled HS image
and the low-pass filtered PAN one, in order to reproduce the local intensity contrast of
the PAN image in the fused image [48|. This coefficient selection is often referred to as
high pass modulation (HPM) method or multiplicative injection scheme. Some possible
numerical issues could appear due to the division between ?I’fl and P, for low value of
P creating fused pixel with very high value. In our toolbox this problem is addressed
by clipping these values by using the information given by the dynamic range.

In the case of HS pansharpening, some further considerations should be taken into account.
Indeed, the PAN and HS images are rarely acquired with the same platform. Thus, the ratio
between the spatial resolutions of the PAN and HS images may not always be an integer
number, or a power of two. This implies that some of the conventional approaches initially
developed for MS images cannot be extended in a simple way to HS images (for example,
dyadic wavelet-based algorithms cannot be applied in these conditions).

The MRA family includes many popular pansharpening approaches. In this thesis the
following techniques are briefly described in order to represent the diversity of approaches from
this family: Smoothing Filter-based Intensity Modulation (SFIM) 49|, Laplacian Pyramid [20]
and wavelet [17419).

upscaling

Injection
HS upscaled il

Yn

details
} extraction

PAN image
P

Figure 2.2: MRA concept
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2.4.1 Smoothing Filter-based Intensity Modulation (SFIM)

The direct implementation of Eq. (2.13]) consists in applying a single linear time-invariant
(LTI) low pass filter (LPF) hrp to the PAN image P for obtaining P ;. Therefore, we have

XF=YE+ g (P—Pxhpp) (2.14)

for k = 1,...,m), where the symbol * denotes the convolution operator. The SFIM algo-
rithm [49| sets hyp to a simple box (i.e., an averaging) filter and exploits HPM as the details
injection scheme.

This method was not retained as the reference method for MRA family because of it
reduced performance when compared to MTF methods since it uses a box filter.

2.4.2 Laplacian Pyramid

The low-pass filtering needed to obtain the signal P, at the original HS scale can be performed
in more than one step. This is commonly referred to as pyramidal decomposition and is
derivated from the seminal work of Burt and Adelson [20]. If a Gaussian filter is used to low-
pass filter the images in each step, one obtains a so-called Gaussian pyramid. The differences
between consecutive levels of a Gaussian pyramid define the so-called Laplacian pyramid, this

is illustrated in Fig[2.3]

PAN pyramid HS pyramid
A low resolution

N\ | el ' N\
\/ A \
A

PAN original resolution fused image

high resolution

details

7 approximations

Figure 2.3: Pyramid concept

First the spatial details from the PAN original resolution are obtained with a Gaussian
filter. Then the PAN image is degraded to the HS resolution or a different filter is used to get
the spatial details from the PAN image at the scale of HS, the HS details are also acquired
at the same time. This is done for several lower resolutions for both PAN and HS image
and by knowing the relation of details between two different scales and between same spatial
resolution for PAN and HS, we try to estimate the missing details from HS image at the scale
of PAN to inject them to the HS image to get the fused image.
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The adaptability of Laplacian pyramid to the pansharpening problem has been shown
in [50]. Indeed, Gaussian filters can be tuned to closely match the sensor Modulation Transfer
Function (MTF). In this case, the unique parameter that characterizes the whole distribu-
tion is the Gaussian’s standard deviation, which is determined from sensor-based information
(usually from the amplitude response value at the Nyquist frequency, provided by the man-
ufacturer). Both additive and multiplicative details injection schemes have been used in this
framework [48,/51]. They will be respectively referred to as MTF Generalized Laplacian Pyra-
mid (MTF GLP) [51] and MTF GLP with High Pass Modulation (MTF GLP HPM) [48].

In this thesis preliminary analysis [52]| has shown than MTF GLP HPM give slightly better
result than MTF GLP and will be used as the representative method for MRA family.

2.4.3 Undecimated Wavelet Transform

The wavelet fusion applies wavelet transform on both the PAN and HS images to decompose
the images at different scale levels. The principle of wavelet transform is summarized in
Figl24] First the image is decomposed using low pass filter F' and high pass filter G along
the rows to provide two images. Then we apply on each image the filter F' and G along the
columns to define four images.

The Fig2.4] introduces the following images:

e Aj: F} for rows and columns is the approximation image, at the j level resolution, with
all the low frequency information, like a degraded version of the original image at a
lower resolution. D](-h), Dj(-v) and D](-d) represent different geometric details at the i level
resolution.

° D;h): F} for rows and G for columns is the horizontal geometric details image
° Dj(-v): G; for rows and F} for columns is the vertical geometric details image

° DJ(.d): G for rows and G for columns is the diagonal geometric details image

The approximation image can then be decomposed again into an approximation image at
a lower resolution with the different geometric details using news F; 1 and Gj41 acquired by
upscaling them by a factor 2.

The wavelet fusion is based on three steps: i) PAN and HS images are transferred into
the wavelet domain and therefore decomposed into their horizontal, vertical and diagonal
geometric details and an approximation image with the remaining information. Depending
on the desired level of decomposition, this process can be repeated with the approximation
image. ii) a fusion rule is applied for choosing certain wavelet coefficients from each of the
two images decomposition. Often the fusion rule used is selected the detail coefficient of the
PAN image (should contained the geometry information of the image) and the approximation
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Figure 2.4: Undecimated Wavelet Transform

image of each band of the HS image (should contain the spectral information) iii) the inverse
wavelet transform is performed. Fig. illustrates the wavelet fusion concept, the dark grey
color shows the selected details coefficient for PAN and HS image.

However methods based on wavelet have some restrictions on the dataset, the ratio need
to be an integer and a power of two. This last condition is not always verified that is why
wavelet-based methods are not studied in this thesis.

2.5 Hybrid Methods

Hybrid approaches use concepts from different classes of methods, like CS and MRA ones,
as explained next. Since CS methods are known for well preserving spatial information but
generating spectral distortion whereas MRA method preserve well the spectral information
but can have some spatial blur, hybrid methods have been created to find a balance between
spectral and spatial preservation. We did not retain methods from this family as reference
since they used previous family and often need manual selection of a parameter to adjust the
preservation of spatial details versus spectral information.
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Figure 2.5: Wavelet concept

2.5.1 Guided Filter PCA (GFPCA)

Guided Filter PCA (GFPCA) is a method first designed to work for the fusion of RGB image
with HS image. It uses the guided filter as a way to extract the spatial information (like MRA
method) from the PAN to inject them in the PCs from PCA (CS method) which represent
the spatial information of HS image before doing the inverse PCA to get the final result.

The guided filter has been used in many applications (e.g. edge-aware smoothing and
detail enhancement), because of its efficiency and strong ability to transfer the structures of
the guidance image to the filtering output. Its application to HS data can be found in [54],
where the guided filter is applied to transfer the structures of the principal components of the
HS image to the initial classification maps.

Denoisingand r
—> PC G
Rest | Cubicupsampling rest
HS image e Inverse | Enhanced
PCA HS image
L pc Guidedfilter PC’
: upsampling i
PAN/RGB
image

Figure 2.6: Fusion of HS and PAN/RGB images with the GFPCA framework. PC represent
the Principal Component, PC’ the modified Principal Component
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Here, we briefly describe an image fusion framework which uses a guided filter in the
PCA domain (GFPCA) [55|. The approach won the “Best Paper Challenge” award at the
2014 IEEE data fusion contest [55], by fusing a low spatial resolution thermal infrared HS
image (spatial resolution 1 m, 84 spectral bands : 7.8 pm - 11.5 pym) and a high spatial
resolution, visible RGB image (spatial resolution 0.2 m) representing urban area (residential
and commercial building with roads). Fig. shows the framework of GFPCA. Instead of
using CS, which may cause spectral distortions, GFPCA uses a high resolution PAN/RGB
image to guide the filtering process to extract the spatial details. In this way, GFPCA does
not only preserve the spectral information from the original HS image, but also transfers the
spatial structures of the high resolution PAN/RGB image to the enhanced HS image. To
speed up the processing, GFPCA first uses PCA to decorrelate the bands of the HS image,
and to separate the information content from the noise. The first p < mj) PCA channels
contain most of the energy (and most of the information) of an HS image, and the remaining
my —p PCA channels mainly contain noise (recall that my is the number of spectral bands of
the HS image). When applied to these noisy my — p channels, the guided filter amplifies the
noise and causes a high computational cost in processing the data. Therefore, guided filtering
is used to enlarge only the first & PCA channels, preserving the structures of the PAN/RGB
image, while cubic interpolation is used to upsample the remaining channels.

Let PC;, with (i < p), denote the ith PC channel obtained from the HS image Yy, with
its resolution increased to that of the guided image Y (Y may be a PAN or an RGB image)
through bicubic interpolation. The output of the filtering, PC/, can be represented as an affine
transformation of Y in a local window w; of size (2d + 1) x (2d + 1) as follows:

PC; =a;Y +bj, Vi€ uw;. (2.15)

The above model ensures that the output PC}, has an edge only if the guided image Y has an
edge, since V(PC}) = aVY. The following cost function is used to determine the coefficients
a; and b;:

E(aj,b) = Y [(a;Y +b; — PC;)? + ea?] , (2.16)

1EW;

where € is a regularization parameter determining the degree of blurring for the guided filter.
The more important the value of € is the less spatial details will be preserved. This value is
determined by experimentation. For more details about the guided filtering scheme, we invite
the reader to consult [53]. The cost function E leads the term a;Y +b; to be as close as possible
to PC;, in order to ensure the preservation of the original spectral information. Before applying
inverse PCA, GFPCA also removes the noise from the remaining PCA channels PCRes using
a soft-thresholding scheme (similarly to [56]), and increases their spatial resolution to the
resolution of the PAN/RGB image using cubic interpolation only (without guided filtering).

However this method was tested on our datasets and performs poorly on fusing the HS
image with PAN image. No relevant spatial information is injected in the final result and so
the final result contains some important blur effects. This method was not retained.
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2.5.2 Hybrid CS and MRA methods

The HS image is firstly projected into a feature space by means of a linear or nomlinear
transform using a method of the CS family. Then according to a MRA approach, spatial filters
are applied to the PAN image in order to extract spatial details that will be injected in one or
more features obtained in the previous step. Finally an inverse transform is applied in order to
obtain the enhanced image Fig[2.7] In this way it is possible to reduce the spectral distortion
produced by the substitution process (mainly linked to the spectral coverage difference of
the HS and PAN images). On the other hand the spatial enhanced image may present less
spatial details than the image obtained using a classic CS technique. Thus, depending on the
selected filtering method, the final image may result in an optimal tradeoff between spectral
and spatial qualities. In [57], PCA and nonlinear PCA (NLPCA) are used as the CS methods.
MTF and SFIM are related to the MRA methods.

HS image
upscaling Other components:
PG5 P oy PG
HS transform inverse | Enhanced
upscaled (CS) transform | HS image
- (CS)
PC, Injection model PC’
(MRA) 1
PAN Details Spatial
image  |extraction details

Figure 2.7: Hybrid CS/MRA method concept

2.6 Bayesian Approaches

The main idea of those methods is to see the PAN image as the spatial degradation of the
result we want to restore and the HS image as its spectral degradation. A good modeling
knowledge of those degradation is needed to reverse them in order to restore the "fused"
image.

The fusion of HS and high spatial resolution images, e.g., MS or PAN images, can be
conveniently formulated within the Bayesian inference framework. This formulation allows
an intuitive interpretation of the fusion process via the posterior distribution of the Bayesian
fusion model. Since the fusion problem is usually ill-posed, the Bayesian methodology offers
a convenient way to regularize the problem by defining an appropriate prior distribution
for the scene of interest. Following this strategy, different Bayesian estimators for fusing
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co-registered high spatial-resolution MS and high spectral-resolution HS images have been
designed [36-39,58-62|. The observation models associated with the HS and MS images can
be written as follows [58,63,64]

Yy = XBS + Ny

where X, Yy, and Yy were defined in Section and

(2.17)

e B € R™" is a cyclic convolution operator, corresponding to the spectral response of the
HS sensor expressed in the resolution of the MS or PAN image,

e S € R™™ is a down-sampling matrix with down-sampling factor d,

e R € R™*™ ig the spectral response of the MS or PAN instrument,

Ny and Ny are the HS and MS noises, assumed to have zero mean Gaussian distribu-
tions with respectively covariance matrices Ay and Ay.

For the sake of generality, this formulation assumes that the observed data is the pair
of matrices (Y, Yum). Since a PAN image can be represented by Yy with ny = 1, the
observation model (2.17) covers the HS-+PAN fusion problem considered in this paper.

Using geometrical considerations well established in the HS imaging literature devoted to
the linear unmixing problem [30|, the high spatial resolution HS image to be estimated is
assumed to be represented in a low dimensional subspace. This hypothesis is very reliable
when the observed scene is composed of a finite number of macroscopic materials (called
endmembers). Based on the model and on the low dimensional subspace assumptions,
the distributions of Yy and Yy can be expressed as follows:

YU ~ MN o (HUBS, Ay, I,,),

2.18

where MN represents the matrix normal distribution [65], the target image is X = HU, with
H € R™ ¥ containing in its columns a basis of the signal subspace of size my < my and
U € R™*" contains the representation coefficients of X with respect to H. The subspace
transformation matrix H can be obtained via different approaches, e.g., PCA [66] or vertex
component analysis [67].

According to Bayes’ theorem and using the hypothesis that the noises Ny and Ny, are
independent, the posterior distribution of U can be written as:

p(U[Yy, Yu) < p(Yu|U) p(YM|U)p(U) (2.19)

or equivalentlyﬂ

3We use the symbol = to denote equality apart from an additive constant. The additive constants are
irrelevant, since the functions under consideration are to be optimized, and the additive constants do not
change the locations of the optima.
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2
—logp (U[Yy, Yu) = fHA * (Yy; — HUBS) )| 7+ fHA (Ya — RHU)|[3. + Ag(U)
~——
HS data term MS data term Tgularlzer
=logp(Yu|U) Zlog p(Y|U) =logp(U)
(2.20)
where || X||F o Tr(XXT) is the Frobenius norm of X. An important quantity in the

negative log-posterior (2.20)) is the penalization term ¢(U) which allows the inverse problem
(2.17) to be regularized. The next sections discuss different ways of defining this penalization
term.

However it is important to notice that those methods often suppose a-priori knowledge
on the sensor’s characteristic like the degradation model use to acquire the HS image. If a
non-representative model is used it will impact the result. The Bayesian methods perform
well with accurate knowledge. Those methods have high computational cost.

2.6.1 Naive Gaussian prior

Denote as u; (i = 1,---,n) the columns of the matrix U that are assumed to be mutually
independent and are assigned the following Gaussian prior distributions

p(wilpy, i) = N (1, 20) (2.21)

where p; is a fixed image defined by the interpolated HS image projected into the subspace
of interest, and ¥; is an unknown hyperparameter matrix. Different interpolations can be
investigated to build the mean vector ;. In this paper, we have followed the strategy proposed
in [58]. To reduce the number of parameters to be estimated, the matrices 3; are assumed
to be identical, i.e., 31 = --- = 3,, = 3. The hyperparameter ¥ is assigned a proper prior
and is estimated jointly with the other parameters of interest. To infer the parameter of
interest, namely the projected highly resolved HS image U, from the posterior distribution
p (U[YH, Yn), several algorithms have been proposed. In [36,37], a Markov chain Monte Carlo
(MCMC) method is exploited to generate a collection of Nyic samples that are asymptotically
distributed according to the posterior target. The corresponding Bayesian estimators can then
be approximated using these generated samples. For instance, the minimum mean square error
(/\MMSE) estimator of U can be approximated by an empirical average of the generated samples

~ 1 lec t o . . . .
UnmMsE ~ Mo N Do Nt 1 U® | where Ny; is the number of burn-in iterations required to

reach the sampler convergence, and U® is the 1mage generated in the tth iteration. The
highly-resolved HS image can finally be computed as XMMSE = HUMMSE An extension of
the proposed algorithm has been proposed in [61] to handle the specific scenario of an unknown
sensor spectral response. In [68], a deterministic counterpart of this MCMC algorithm has
been developed, where the Gibbs sampling strategy of [36] has been replaced with a block
coordinate descent method to compute the maximum a posteriori (MAP) estimator. Finally,
very recently, a Sylvester equation-based explicit solution of the related optimization problem
has been derived in [69], leading to a significant decrease of the computational complexity.
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The improved version of this method, described below, will be kept instead of this current
version as the representative method for the Bayesian Method.

2.6.2 Sparsity Promoted Gaussian Prior

Instead of incorporating a simple Gaussian prior or smooth regularization for the HS and
MS fusion [37,/58,59], a sparse representation can be used to regularize the fusion problem.
More specifically, image patches of the target image (projected onto the subspace defined by
H) are represented as a sparse linear combination of elements from an appropriately chosen
over-complete dictionary with columns referred to as atoms. Sparsity regularization assumes
that a compressed signal can be correctly reconstituted with a linear combination of atomic
image (images constituting the dictionary). The images used for the dictionary here are
patches of the target image. Learning the dictionary from the observed images instead of using
predefined bases |70-72| generally improves image representation [73|, which is preferred in
most scenarios. Therefore, an adaptive sparse image-dependent regularization can be explored
to solve the fusion problem . In |39], the following regularization term was introduced:

H(U) o ~logp(U) = 0 3 [Ux — P (DiA) |3 (2.22)
k=1
where

e U; € R" is the kth spectral band (or row) of U € R™*" with k = 1,..., My,

o P(-) : R™Xmpat s R"*1 i5 3 linear operator that averages the overlapping patchesﬂ of
each band, npat being the number of patches associated with the ith band,

e D; ¢ R™*™at is the overcomplete dictionary, whose columns are basis elements of size
np (corresponding to the size of a patch), na; being the number of dictionary atoms

e A, € R™tXMat jg the code of the 7th band.

Inspired by hierarchical models frequently encountered in Bayesian inference |75, a second
level of hierarchy can be considered in the Bayesian paradigm by including the code A within
the estimation, while fixing the support £ {Ql, .. .,Qm/\} of the code A. Once D, Q
and H have been learned from the HS and MS data, maximizing the posterior distribution of
U. Then, A reduces to a standard constrained quadratic optimization problem with respect
to (wr.t.) U and A. The resulting optimization problem is difficult to solve due to its
large dimension and due to the fact that the linear operators H(-)BD and P(:) cannot be
easily diagonalized. To cope with this difficulty, an optimization technique that alternates
minimization w.r.t. U and A has been introduced in [39] (where details on the learning of
D, © and H can be found). In [69], the authors show that the minimization w.r.t. U can be
reached analytically, in order to greatly accelerate the fusion process.

4A decomposition into overlapping patches was adopted, to prevent the occurrence of blocking artifacts
[74].
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In our analysis this improved version of the Gaussian prior method will be kept at the
representative method of Bayesian family thanks to its better performance than the other
methods belonging to this family. However, compare with the other families, as stated before
this method needs some a-priori knowledge about the HS sensor characteristics. This can be
an issue since a bad model can greatly impact the performance.

2.6.3 HySure

The works [38,/62] introduce a convex regularization problem which can be seen under a
Bayesian framework. The proposed method uses a form of vector total variation (VIV) [76]
for the regularizer ¢(U), taking into account both the spatial and the spectral characteristics
of the data. In addition, another convex problem is formulated to estimate the relative spatial
and spectral responses of the sensors B and R from the data themselves. Therefore, the
complete methodology can be classified as a blind superresolution method, which, in contrast
to the classical blind linear inverse problems, is tackled by solving two convex problems.

The VTV regularizer (see [76]) is given by

n m

s(U) = Y Z{[(UDh)§]2+[(UDv)ﬂ2}, (2.23)

j=1 \ k=1

where Ag’? denotes the element in the kth row and jth column of matrix A, and the products
by matrices Dy, and D, compute, respectively, the horizontal and vertical discrete differences
of an image with periodic boundary conditions.

The HS pansharpened image is the solution to the following optimization problem

1 2 A 2
inimize= ||y —HUBSH ﬂHY —RHUH Ay (), 2.24
mlngnlze2 H H - + 5 M - + ¢¢( ) ( )

where A, and Ay control the relative weights of the different terms. The optimization problem
is hard to solve, essentially for three reasons: the downsampling operator BS is not
diagonalizable, the regularizer qb(U) is nonquadratic and nonsmooth, and the target image
has a very large size. These difficulties were tackled by solving the problem via the split
augmented lagrangian shrinkage algorithm (SALSA) [77], an instance of ADMM. As an al-
ternative, the main step of the ADMM scheme can be conducted using an explicit solution of
the corresponding minimization problem, following the strategy in [69)].

The relative spatial and spectral responses B and R were estimated by solving the following
optimization problem:

minimize [|RY s - YuBS||® + Asén(B) + Ardr(R) (2.25)

where ¢p(-) and ¢,(-) are quadratic regularizers and Ay, A\g > 0 are their respective regular-
ization parameters.
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Since this method perform slightly less than the Sparsity Promoted Gaussian Prior (de-
noted as Sparse Gaussian in the analysis), we will not retain this method as the reference
method of Bayesian method class.

2.6.4 Variational Methods

The general idea of variational image processing methods is to develop an energy functional
depending on an image, where a low value of the energy fonctional corresponds to a good qual-
ity image. Depending of the method they will use different terms for their energy functional.
Several method belong to this familly like P+XS |78], TVLCSP (Total Variation iso-gray
Level-set Curves Spectral Pattern) [79] VWP (Variational Wavelet Pansharpening) [80].

However this family of method will not be more detailed in this thesis since Variational
method can be seen as a particular case of Bayesian methods and more work have been done
for HS pansharpening recently for the Bayesian family. In addition HySure is sometimes
described as a Variational method, so we do not develop this part.

2.7 Matrix Factorization Methods

The matrix factorization approach for HS+MS fusion essentially exploits two facts [35,81-85]:
1) A basis or dictionary H for the signal subspace can be learned from the HS observed image
Yy, yielding the factorization X = HUj 2) using this decomposition in the second equation
of and for negligible noise, i.e., Ny ~ 0, we have Yy = RHU. Assuming that the
columns of RH are full rank or that the columns of U admit a sparse representation w.r.t. the
columns of RH, then we can recover the true solution, denoted by [AJ, and use it to compute
the target image as X = HU. In the following, we detail the application of the coupled
nonnegative matrix factorization (CNMF) |35] to the HS+PAN fusion problem.

The CNMF was proposed for the fusion of low spatial resolution HS and high spatial
resolution MS data to produce fused data with high spatial and spectral resolutions [35]. It
is applicable to HS pansharpening as a special case, in which the higher spatial resolution
image has a single band [86]. CNMF alternately unmixes both sources of data to obtain the
endmember spectra and the high spatial resolution abundance maps. The Fig[2.§| illustrates
the concept.

To describe this method, it is convenient to first briefly introduce linear mixture models for
HS images. These models are commonly used for spectral unmixing, owing to their physical
effectiveness and mathematical simplicity [30]. The spectrum of each pixel is assumed to be
a linear combination of several endmember spectra. Therefore, X € R™**™ is formulated as

X = HU (2.26)
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where H € R™>*P is the spectral matrix, containing the spectral signatures of the end-
members, and U € RP*™ is the abundance matrix, containing the relative abundances of the
different endmembers for the various pixels, with p representing the number of endmembers.
By substituting (2.26) into (2.17), Yu and Yy can be approximated as

YM ~ HMU

where Uy = UBS and Hy; = RH. CNMF alternately unmixes Y and Yy in the framework
of nonnegative matrix factorization (NMF) to estimate H and U under the constraints
of the relative sensor characteristics (degradation model). CNMF starts with NMF unmixing

(2.27)

of the low spatial resolution HS data. The matrix H can be initialized using, for example,
the vertex component analysis (VCA) [67], and H and Uy are then alternately optimized by
minimizing || Yy — HUnl|% using Lee and Seung’s multiplicative update rules [87]. Next, U
is estimated from the higher spatial resolution data. Hyy is set to RH and U is initialized by
the spatially up-sampled matrix of Upg obtained by using bilinear interpolation. For HS pan-
sharpening (ny=1), only U is optimized by minimizing || Yy —HnU||% with the multiplicative
update rule, whereas both Hy; and U are alternately optimized in the case of HS+MS data
fusion. Finally, the high spatial resolution HS data can be obtained by the multiplication of
H and U. The abundance sum-to-one constraint is implemented using a method given in [8§],
where the data and signature matrices are augmented by a row of constants. The relative
sensor characteristics, such as BS and R, can be estimated from the observed data sources

HS data Endmembers

N

-\le""ﬁLf"l_

Abundance

High spatial
resolution HS data

Relative
Point spread function
[PSF)

Relative Spectral

PAN/MS data responsefunction
(SRF)

Figure 2.8: CNMF concept

This method is interesting as it uses unmixing and presents a different approach than the
previous method. It will be kept as a reference method. However it needs some information
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about the sensor to modelise the degradation, like Bayesian methods.

2.8 Conclusions

This paragraph summarizes the pros and the cons of the different families in order to select a
method for each of them. The selected method will be in bold letter.

e CS family: generally preserves the spatial information but provides some spectral dis-
tortions.

— PCA: important spectral distortion is noticed since the spatial information is not
concentrated in only one PC,

— GSA: is adapted to work for HS image and to reduce significantly the spectral
distortion,

— GISHA: important spectral distortion is noticed outside the common spectral do-
main between PAN and HS images,

— HCS: some blur is noticed, this method is not used a lot in the literature and only
appears as a pansharpening method for MS and PAN images.

e MRA family: generally preserves well the spectral information but provides some spatial
blurs.

— SFIM: has reduced performances compare the MTF GLP HPM because of using a
box filter,

— MTF GLP HPM: performs the best among the presented MRA methods but
still suffers some spatial blur,

— UWT: imposes to have a ratio of power of 2, and cannot be used for any datasets.

e Hybrid method: tries to minimize shortcomes of CS and MRA methods by using ele-
ments from both of them, needs good choice of the criteria. GFPCA gives bad result if
the parameter is not correctly selected. None of those methods were retained to focus
on properties of MRA and CS method alone.

e Bayesian method: first used for MS and HS fusion, needs a-priori knowledge on the
acquisition system (sensor characteristic or degradation model) and can be very sensitive
to it. The Bayesian sparse is retained as the best method among this family. Generally
more time consuming because of the complexity of the algorithm.

e Matrix factorization: first used for MS and HS fusion, it uses some unmixing to improve
the performance. The CNMF method is kept.

A comparison of the selected methods is realized in details in the Section
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Quality assessment of a pansharpened HS image is not an easy task , , since a
reference image is generally not available. When such an image is not available, two kinds of
comparisons can be performed: i) Each spectral band of the fused image can be compared
with the PAN image, with an appropriate criterion. The PAN image can also be compared
with the reconstructed PAN image from the fused image. ii) The fused image can be spatially
degraded to the spatial resolution of the original HS image. The two images can then be
compared, to assess the quality of the spectral information of the fused image.

In order to be able to use a reference image for quality assessment, one normally has to
resort to semi-synthetic HS and PAN images. In this case, the HS image is used as reference.
The HS and PAN images to be processed are obtained by degrading the spatial resolution of
this reference image. A common methodology for obtaining the degraded images is Wald’s
protocol, described in the next subsection. In order to evaluate the quality of the fused image
with respect to the reference image, a number of statistical measures can be computed. The
most widely used ones are described ahead, and used in the experiments reported in Section

e

35
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3.1 Wald’s protocol

A general paradigm for quality assessment of fused images that is usually accepted in the
research community was first proposed by Wald et al. [90]. This paradigm is based on two
properties that the fused data must have, as much as possible, namely consistency and syn-
thesis properties. The first property requires the reversibility of the pansharpening process: it
states that the original HS image should be obtained by properly degrading the pansharpened
image. The second property requires that the pansharpened image is as similar as possible to
the image of the same scene that would be obtained, by the same sensor, at the higher spatial
resolution. This condition entails that both the features of each single spectral band and the
mutual relations among spectral bands have to be preserved. However, the definition of an
assessment method that fulfills these constraints is still an open issue [91], [92], and closely
relates to the general discussion regarding image quality assessment [93]| and image fusion [94],
[95].

The Wald’s protocol for assessing the quality of pansharpening methods [90], depicted in
Fig. synthetically generates simulated observed images from a reference HS image, and
then evaluates the pansharpening methods’ results compared to this reference image. The
protocol consists in the following steps:

e Given a HS image, X, to be used as reference, a simulated observed low spatial resolution
HS image, Yy, is obtained by applying a Gaussian blur to X, and then downsampling
the result by selecting one out of every d pixels in both the horizontal and vertical
directions, where d denotes the downsampling factor. This step is called pixel aggregate

on Fig3.1]

e The simulated PAN image, P, is obtained by multiplying the reference HS image, on
the left, by a suitably chosen spectral response vector, P = r”X. This step is spectral
response pansharpening in Fig[3.1]

e The pansharpening method, called Hyperspectral super-resolution approach in Fig[3.1]
to be evaluated is applied to the simulated observations Y1 and P, yielding the estimated
superresolution HS image, X.

e Finally, the estimated superresolution HS image and the reference one are compared, to
obtain quantitative quality measurements.

3.2 Protocol of Analysis

In order to compare the results of the different methods a protocol must be used. The analysis
is done following three aspects:

e Visual analysis;
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Figure 3.1: Flow diagram of the experimental methodology, derived from Wald’s protocol

(simulated observations), for synthetic and semi-real datasets.
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e Spectrum analysis;

e Numerical analysis.

3.2.1 Visual Analysis

The visual analysis focuses on detecting visual artifacts such as:

e Blur: it occurs near transition areas and around small items. It can be caused by: 1)
insufficient spatial information added, 2) spectral mixing which happens mainly when
objects are smaller than the spatial resolution of the HS image.

e Spectral distortion: it can occur when the method modifies the spectrum changing the
spectral information of the final result compared to the reference.

3.2.2 Spectrum Analysis

The spectrum analysis proposed in this thesis will focus on the spectral behavior of the different
methods on a homogeneous area and transition area.

e Homogeneous area: on those areas almost no added spatial information should be
needed. We expect almost no modification between the fused result spectrum and
original HS spectrum. Those homogeneous areas are used to check that the spectrum
information is not modified.

e Transition area: on those areas, however, lot of things can happen since spatial infor-
mation will be needed and the spectrum can be modified. Those modifications can be
appropriate by doing unmixing and retrieving the spectral information at the reference
spatial resolution (same that the PAN spatial resolution) or conduct to error by modi-
fying the shape of the spectrum to get spectral information not similar to original HS
spectrum or the reference spectrum.

3.2.3 Numerical Analysis

The numerical analysis consists in applying the selected quality criteria on the different fused
results in order to do a quantitative analysis of the methods performance. The criteria are
used to evaluated different aspects and can be divided in several categories:

e Spatial criteria: This family of criteria focuses on the spatial information preservation
between the result and the reference image.
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e Spectral criteria: This family of criteria focuses on the spectral information preservation
between the result and the reference image. However it is more complex than the spatial
criteria since spectral information between original HS image and the reference one can
already be different before the fusion because of mixed pixels.

e Global criteria: This family of criteria gives a global evaluation of a method by taking
into account both the spatial and spectral information. However it cannot be used alone
since it is not enough to evaluate the results on different aspects. Depending on the
targeted application it could be better to have a method which preserves better the
spatial information than the spectral information.

e No reference needed criteria: This family of criteria, contrary to the previous one, does
not need a reference image to be performed. However in our case of study a reference
image is available, so this family of criteria will not be used.

3.3 Quality Criteria

Several quality measures have been defined in the literature, in order to determine the sim-
ilarity between estimated and reference spectral images. These measures can be generally
classified into three categories, depending on whether they attempt to measure the spatial,
spectral or global quality of the estimated image. This review is limited to the most widely
used quality measures, namely the cross correlation (CC), which is a spatial measurement,
the spectral angle mapper (SAM), which is a spectral measurement, and the root mean squared
error (RMSE) and erreur relative globale adimensionnelle de synthése (ERGAS) |96, which
are global measurements. Below we provide the formal definitions of these measurements
operating on the estimated image X € R™*" and on the reference HS image X € R™AX",
In the definitions, X; and x; denote respectively, the jth columns of X and X, the matrices
A,B € R™" denote two generic single-band images, and A; denotes the ith element of A.

3.3.1 Spatial Criteria
3.3.1.1 Cross Correlation
CC is defined as
CC(X, X) chs (X7, XY, (3.1)

where CCS is the cross correlation for a single-band image, defined as
> i=1(Aj = pa)(Bj — pp)
A ) By an)?

where, 14 = (1/n) >, A; is the sample mean of A. The ideal value of CC is 1.

CCS(A,B)
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3.3.1.2 Detail Correlation

This criterion [97] evaluate the spatial quality of the fusion result by comparing the high
frequencies of the fused image with the reference image. The spatial information is mostly
concentrated in the high frequencies. To extract those high frequencies the following convolu-
tion mask is used Eq[3.2}

1 -1 -1 -1
Mask = 9 -1 8 -1 (3.2)
-1 -1 -1

Then the CC criteria is applied between the high frequencies images of the fused image
and reference image. The ideal value is 1.

3.3.1.3 Edge Correlation

Similarly to the Detail Correlation criteria, the Edge Correlation criteria applied the CC
criteria between the edge images of the fused image and reference image obtained with a edge
detection filter like Canny filter [97] for example. The ideal value is 1.

3.3.2 Spectral Criteria
3.3.2.1 Spectral angle mapper

SAM is defined as

N 1 &
SAM(X, X) = — D SAM(X;,x;), (3.3)
j=1

where, given the vectors a,b € R,

(a,b)
SAM(a, b) = arccos < , (3.4)
alllbll
(a,b) = a’b is inner product between a and b, and ||-|| is the £3 norm. SAM is a measurement

of the spectral shape preservation. The optimal value of SAM is 0. This criteria is computed
pixel by pixel and then the values of SAM reported in our experiments is the means of all
those values.

3.3.2.2 Universal Image Quality Index (UIQI)

Quality criteria of Wang-Bovic Qwp 98] of two images A and B is defined by the product
of three terms: correlation between the two images, comparison of mean and comparison of
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contrast:
OAB  20tALB 20408

Qwp = (3.5)

oaop p4+ g (04 +pp)(oa+op)

With o4 and op representing respectively the standard deviations of A and B images, oap
is the covariance [3.06] p4 and pp are respectively the means of A and B images.

[AB = Z(Ai — pa)(Bi — pp) (3.6)

UIQI can be computed for each band and the final value is obtained by averaging those
values Eq[3.77 The ideal value is 1.

L
Q= N Z QwB,x (3.7)

A=1

3.3.2.3 Structural SIMilarity index (SSIM)

SSIM is a similarity criteria between two images [99] initially used to measure visual quality
of a compressed image. The hypothesis is that human eye is more sensible to structure change
in the image. SSIM between image A and B is computed as follow:

(2papp + C1) (2048 + C2)

SSIMULB) = (2 ¥4+ O (o + o3 + O) 35

(1 is introduced to avoid instability when ,ui + M2B is near 0. C is selected as follow:
Cy = (KL)? (3.9)

C» is introduced to avoid instability when 0% + 0% is near 0. Cs is selected as follow:
Co = (K,L)? (3.10)

L represents the dynamic of pixel values and its value is set to the maximal pixel value in the
reference image. K1 = 0.01 and Ko = 0.03 according [99]. UIQI can be seen as a particular
case of SSIM where C; and Cy are null which leads to incorrect value when p? + p% and
0124 + O'% are near 0.

SSIM can be computed for each band and the final value is obtained by averaging those
values. The ideal value is 1.



42 Chapter 3. Quality assessment of fusion products

3.3.3 Global criteria

3.3.3.1 Root mean squared error

The RMSE measures the ¢5 error between the two matrices X and X

X — X||r

RMSE(X, X) = | (3.11)

7% M)

where || X||p = y/trace(XTX) is the Frobenius norm of X. The ideal value of RMSE is 0.

3.3.3.2 Erreur relative globale adimensionnelle de synthése

ERGAS [100] offers a global indication of the fused image quality. It is defined as

m 2
1 (RMSEk> ’ (3.12)

ERGAS(X,X) = 100d, | —
%30 = 15 (1

where d is the ratio between the linear spatial resolutions of the PAN and HS images, defined

as

d— PAN linear spatial resolution

HS linear spatial resolution ’

Xk — Xk
RMSE; = w, uy is the sample mean of the kth band of X. The ideal value of

n
ERGAS is 0.

3.3.4 Quality criteria without reference: Quality Not Requiring a Refer-
ence (QNR)

The QNR criteria |94] is a criterion which does not require the use of a reference image. It is
composed of two terms Eq

QNR = (1 — Dy)*(1 — Dg)? (3.13)

e D): The spectral distortion index (Eq{3.14) measures changes in spectral behaviour
occurring between the resampled original HS and the fused result using the UIQI criteria.
p is a positive integer chosen to emphasize important spectral differences. The ideal value
is 0.

1 al — S
SR\ P ; r:;;el (X, Xy) = Q(Xa, X P (3.14)
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e Dg: The spatial distortion index (Eq measures the discrepancies in spatial details
by comparing the spatial information of PAN image with the fused image using UIQI
criteria. ¢ is a positive integer chosen to emphasize the higher difference values. The
ideal value is 0.

N
Ds = {| % 1K1, P) - (%, B (3.15)
=1

« and [ are positive values which can be adjusted to select the trade-off between spatial
and spectral preservations. The ideal value of QNR is 1 and is obtained when the spectral
and spatial distortions are both 0. The main advantage of this criteria is that, in spite of the
lack of reference image, the global quality of the fusion product can be assessed at the full
scale of PAN.

3.3.5 Conclusion

In this thesis we will keep a selection of criteria from each of the different families for the
analysis of the result. Since a reference image is available with our dataset the quality criteria
without reference, QNR, is not used. For the spatial criteria family the CC criteria is retained.
The edge correlation criteria is not retained since it depends on the result of the edge detection
filter quality which can miss or false detect some edges depending of the selected parameter.
Details correlation criteria is not retained since we prefer to apply the criteria on the original
image and not only on high frequency image. In addition CC is largely used in the literature
[101]. For the spectral criteria, the SAM criteria is retained above UIQI and SSIM criteria
since we wanted a criteria computed on a pixel basis to compare spectral preservation at the
scale of pixel spectrum. For the global criteria we keep the two presented criteria: RMSE
and ERGAS.
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In this part the selected methods from Section 2] are analyzed using the protocol described
in Section [3| on three different datasets. The compared methods are: GSA of the GS family,
MTF GLP HPM of the MRA family, Bayesian Sparse of the Bayesian family and CNMF of
the matrix factorization family.

4.1 Dataset Description
The datasets used in the experimental tests are all semi-synthetic and generated according to
the Wald’s protocol.

The datasets are proceeded as follow:

e A hyperspectral image with good spatial and spectral resolutions is acquired with an

airborne. This image is used as the reference image (called REF).

e The PAN image is generated from the reference image using a spectral mean on the
bands corresponding to the visible spectral domain [0.4 - 0.8 pm]|.

PAN = mean0_4_olgum(REF) (4.1)

e The HS image is generated from the reference image using a technique called pixel
aggregate. An HS pixel is obtained by doing a spatial mean of ratio*ratio REF pixels

45
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for each band. This is illustrated on Fig[L.T] for a ratio of 4.

HS(X,Y,b) = mean(REF((X —1)*ratio+1 : X xratio, (Y —1)*ratio+1 : Y *ratio), b)

(4.2)
with X and Y, respectively, the horizontal and vertical coordinates pixel of the HS image
with (1,1) the origin and b the considered spectral band. ratio corresponds to the ratio
between the spatial resolution of PAN and HS images.

pixel aggregate
L
e

HS image

REF image
Figure 4.1: Illustration of pixel aggregate principle with a ratio of 4

In all cases, the spectral bands corresponding to the absorption bands of atmospheric water
vapor, and the bands that were too noisy, were removed from the reference image before further
processing. Three HS images have been used as reference images. The selected datasets are:
i) Camargue : a rural area with different kind of crops, ii) Garons : a rural area with a small
village, iii) Toulouse: an urban area. Table , summarize their characteristics. GSD
stands for ground sampling distance which represents the image spatial resolution and N is the
spectral band number. These datasets are expressed in spectral radiance (nearest to the sensor
output, without pre-processing). Generally spatial registration error occurs when dealing with
data acquired with different sensors. However since our dataset is simulated and the selected
method to simulate PAN and HS images using pixel aggregate does not generate spatial shift,
there is no registration error by construction. Figlf.2] [6.3]and [£.4] show respectively Camargue,
Garons and Toulouse dataset.

Table 4.1: Dataset characteristics

GSD Spectral L.
Dataset | Instrument N Year of acquisition
(m) range (jm)
HyMap
Camargue 4 113 0.4—-25 2007
(DLR)
Garons HyMap 4 115 0.4—2.5 2009
Hyspex
Toulouse 2 292 0.4 —2.5 2012
(ONERA)
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Table 4.2: Simulated dataset characteristics

Dimensions
Dataset GSD (m)
(colums x lines)
PAN 500 x 500 4
Camargue
HS 125 x 125 16
PAN 400 x 400 4
Garons
HS 100 x 100 16
PAN 240 x 200 2
Toulouse
HS 60 x 50 8

4.2 Analysis

A paper has been written on the analysis of the different methods presented in this thesis
[52]. From this paper we retain one method from each family described in Section [2| The
methods which are used in this section are: GS of the CS family, MTF GLP HPM of the
MRA family, Bayesian Sparse of the Bayesian family and CNMF of the matrix factorization
family. The results presented in this section may differ from the ones in the review paper since
the simulation of HS has been modified and we use a ratio of 4 instead of 5. In the paper
[52] a low pass filter followed by a downsampled processing(to degrade the spatial resolution
while respecting the Nyquist criteria by removing high frequencies) was used. In this work,
we choose to use the pixel aggregate method to model the signal at the sensor level. With the
modification of the generation of HS image, the degradation model used for Bayesian method
and CNMF has been changed accordingly. To analysis quantitatively the fusion result, the
following quality criteria from Section are used: CC, SAM, ERGAS and RMSE.

4.2.1 Rural environment: Camargue Dataset

Fig[d.5] represents the results of the different methods applied on the Camargue dataset. The
Table reports their quantitative evaluations. Figld.6] and Fig. [£.7] respectively, represent
spectrum for one pixel belonging to an homogeneous area (large field) and a transition area
(transition between road and field).

Table 4.3: Quality measures for the Camargue dataset

Quality criteria

Method CC | SAM | RMSE | ERGAS
MTF GLP HPM | 0.93 | 3.57 5.04 4.02
GSA 0.94 | 3.37 4.31 3.58
CNMF 0.96 | 3.02 3.67 3.22
Bayesian Sparse | 0.90 | 3.96 5.63 4.65
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The Camargue dataset represents a landscape with lot of homogeneous areas and some
small structures like buildings and roads. In this landscape type, the different methods perform
well. However around small items, like buildings, some color artifacts may occur as it can be
seen in Fig[.5| with the orange building for Bayesian Sparse method particularly, or with
the transition between the brown field and the green field in the bottom of the small extract
for MTF GLP HPM and Bayesian Sparse where blur effect and halo occur. This problem
occurs often near small items because of mixed pixel. This problem is less visible for GSA
and CNMF. The Bayesian Sparse methods gives worse results than in the review paper [52]
where the simulation dataset was different and seems to be very sensitive to the input data.

The analysis of some spectra confirms the visual analysis. On homogeneous area all the
methods perform well, Fig[i.6] however we can observe than CNMF result is a little bit
different, particularly around 1500-2000 pm where the value is higher than the other methods.
This difference maybe explained by the fact that unmixing is involved in the CNMF and that
the spectrum can be modified. On transition areas some problems occur. The first thing to
be noticed is the difference between the reference spectrum and the HS upscaled spectrum.
In the HS upscaled image this pixel corresponds to an area where mixing is involved whereas
it is not the case for the reference image. Then since most of the method generally try to
preserved the original spectrum from the HS image they will tend to copy the HS upscaled
spectrum. This problem will always occur when mixing is involved. We will remark than the
CNMF does not succeed to unmix.

The criteria quality analysis, Table[4.3] also confirms the previous observations. Bayesian
method provides the worse result. CNMF obtains the best CC value (spatial quality) followed
by GSA, this was expected since the focus of CS family is on spatial quality. Same concept for
SAM value (spectral quality) where CNMF gives good result maybe thank to the unmixing
process which can improved the result in correctly unmixed area. GSA performs slightly better
than MTF GLP HPM for the spectral quality even if the MRA methods are supposed to give
better spectral values. This can be explained because more spatial blurs are involved in MTF
GLP HPM more mixing may be involved, or because GSA is an improved version of the CS
method which shortcome. Similar result for RMSE and ERGAS are obtained.

4.2.2 Rural/Urban environment: Garons Dataset

Fig[4.8| represents the results of the different methods applied on the Garons dataset. The
Table [6.1] report their quantitative evaluations. Figld.9 and Fig. [£.10] respectively, represent
spectrum for one pixel belonging to an homogeneous area (large field) and a transition area
(transition between buildings).

This dataset is more complex than Camargue dataset. It includes some important ho-
mogeneous area with the different fields as previously with the Camargue dataset. Moreover
a village composed of small building adds complexity. In addition the size of the building
compared to the 16m spatial resolution of the HS image will create important spectral mixing
within the village area. For the visual analysis we will focus on the extract from the village
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Table 4.4: Quality measures for the Garons dataset

Quality criteria

Method CC | SAM | RMSE | ERGAS
MTF GLP HPM | 0.81 | 5.38 6.92 5.81
GSA 0.85 | 5.10 5.56 5.17
CNMF 0.89 | 4.79 5.32 4.58
Bayesian Sparse | 0.75 | 6.04 7.87 6.61

part Fig[4.8] Similar observations from previous dataset can be done on the behavior of the
different methods around small items: important blur effect/halo can be seen in MTF GLP
HPM and Bayesian Sparse whereas the effect is less noticeable for GSA and CNMF. As for
the spectrum Fig[.9 and Fig[4.10] same analysis is done also: on homogeneous areas all the
methods succeed to preserve the shape of the spectrum however in a transition area it is the
shape of the mixed spectrum from the HS image which is preserved. The different methods
used do not allow to recover the spectral information from the reference image since mixing is
present in the HS image. For the criteria of quality, Table[6.1] the CC values are globally bad
(around 0.8-0.9) because of the huge area of the village with lot of buildings not visible in the
HS image (smaller than 16m) and important spectral mixing involved. Same remark than for
Camargue can be done which confirm similar behavior for the different methods applied on
different dataset at similar spatial resolution.

4.2.3 Urban environment: Toulouse Dataset

Fig[d.11|represents the results of the different methods applied on the Toulouse dataset. Table
reports their quantitative evaluations. Fig[d.12] and Fig. respectively, represent
spectrum for one pixel belonging to an homogeneous area (large building) and a transition
area (transition between buildings).

Table 4.5: Quality measures for the Toulouse dataset

Quality criteria
Method CC | SAM | RMSE | ERGAS
MTF GLP HPM | 0.89 | 7.60 5.34 9.41
GSA 0.83 | 9.95 6.58 11.73
CNMF 0.84 | 7.96 4.77 9.27
Bayesian Sparse | 0.89 | 7.99 4.78 9.28

This dataset is the real challenge since it represents the urban area of Toulouse with almost
only small items with a lot of complexity. In addition the spatial resolution involved is higher
than in the two previous datasets. For this dataset, the visual analysis of Figld.T1] shows
that the different methods failed to give an acceptable result: GSA presents important blur
effect, MTF GLP HPM small blur effects, CNMF some missing textures or saturations and
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Bayesian Sparse some pixelization effects but no blur. Analysis of some selected spectra from
a homogeneous area in Figll.12] and a transition area in Fig[4.13| shows more problems. Even
for the spectra of the homogeneous area we observe some variations between the different
methods with the reference and the HS spectrum. However the general shape of the spectra
is preserved. In this dataset it is difficult to find homogeneous areas because of their small
size. The mixed spectra problem becomes more important since here the different methods
provide spectra different from the original HS information. In fact, the HS image is upscaled
using nearest neighbor. It can creates some spatial shift between the HS spectrum used for the
fusion and HS upscaled spectrum used to illustrate the result. However even it is the case, the
different methods should provide spectra with similar shape (the same than the HS spectrum
used), like in previous dataset, since they tend to preserve the spectral information. This
is not the case, particularly for Bayesian sparse which succeed to restore the absorption gap
between 0.45 - 0.58 pm like in the reference (missing from HS). In addition the spectrum seems
to be more noisy than in previous dataset can be linked to the fact it has been acquired with a
different sensor. The quality criteria, summarized in Table[4.5] are quite bad particularly for
the SAM value which represents the spectral fidelity. Lot of small items are not visible in the
HS image and their spectral information is not available in the HS image (and so in the fused
result owing to methods generally trying to not modify the spectral information) whereas it is
in the reference image. This dataset is the harder to deal with it because of the higher spatial
resolution and complexity compared to previous dataset.

4.3 Synthesis and improvement

Table 4.6: Result summary

Methods Pros Cons
MTF GLP HPM Important blur effect
GSA good spatial result

Perform quite well with spatial
CNMF

and spectral preservation

) Bad results, depends on the input,
Bayesian Sparse

knowledge about data acquisition necessary

This analysis has shown that the CNMF perform the best among the selected methods,
followed by the GSA. The MTF GLP HPM presents some noticeable blur effect. The Bayesian
sparse presents also blur effect, bad quality criteria and seems very dependent on the input. In
the review paper [|52| the Bayesian sparse was applied on the Camargue and Garons datasets
with a different ratio and degradation model and was performing better. Globally the shape
of the spectrum of HS image and the spatial information (outside of the blurring effect) are
well preserved. However the Toulouse dataset because of its complexity give quite bad result.

In this analysis, problems around small items and transition areas have been pointed out.
This problem comes from mixed pixels. Currently the case of mixed pixels is one aspect which
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is usually ignored. Methods of the state-of-the-art generally aim to add the spatial information
from the PAN image without modifying the spectral information of the HS image. However,
mixed pixels are not modified. In many situations, mixed pixels appear because the spatial
resolution is too coarse and should hence disappear when the spatial resolution is refined.
For example (Fig, considering a small red car on a road, its spatial details may be well
preserved in the PAN image whereas it generates a red halo in the HS image. The current
methods will only add the spatial details of the car and keep the red halo. The spectral
information around the car remains mixed. Mixed pixels are often localized near small objects
and transition areas, which correspond to areas where spatial information need to be added.

One way to improve the spatial information of the HS image is to achieve a pre-processing
step involving spectral unmixing before the fusion. When doing the spectral unmixing, the
number of materials need to be estimated (two in the example of the car: the car and the
road, see Fig, as well as the corresponding pure spectra, called the endmembers, and
their respective abundances in the mixed pixel. The abundances can be converted into a
number of equivalent PAN pixels (called subpixels). For example, let us consider a ratio of 4
between the spatial resolutions of the HS and the PAN images. A given HS pixel corresponds
to 4*4=16 PAN pixels. In this example, we may get 0.50 for the abundance of the « red metal
» endmember and 0.50 for the abundance of the « asphalt » endmember, leading to eight
subpixels for the car and eight for the road. However we do not know how these labels (the
class assigned to each subpixel) should be spatially distributed within the HS pixel (Fig
center image). In this thesis, we propose a method which allows to rearrange them in order
to match the spatial information of the PAN image (Fig[4.14] right image).



52

Chapter 4. Comparison of The State-of-the-Art Methods

(a) Reference

(b} HS upscaled

Figure 4.2: Camargue dataset
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(b) HS upscaled

Figure 4.4: Toulouse dataset
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(c) MTE GLP HPM

Figure 4.5: Camargue dataset results
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Figure 4.6: Example of spectrum for a pure pixel from an homogeneous field in Camargue
dataset for the different methods
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Figure 4.7: Example of spectrum for a mixed pixel from transition between road and field in
Camargue dataset for the different methods
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Figure 4.8: Garons dataset results
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Figure 4.9: Example of spectrum for a pure pixel from an homogeneous field in Garons dataset
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(d) CNMF

Figure 4.11: Toulouse dataset results
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Figure 4.12: Example of spectrum for a pure pixel from an homogeneous building in Toulouse
dataset for the different methods
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Figure 4.13: Example of spectrum for a mixed pixel from transition between building in
Toulouse dataset for the different methods
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Figure 4.14: Car and road example
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5.1 Introduction

In this thesis we use the notion of coarse pixel and subpixel. An HS pixel corresponds to an
area of ratio*ratio PAN pixels. As a prior, we assume that the PAN and HS images have been
spatially coregistered. This "big HS pixel" will be called coarse pixel, and the "PAN pixels"
will be called subpixels, Fig.

The general concept is illustrated in Fig. [5.2] The first image represents a synthetic area
with two different fields: one red and one yellow, with a blue road in between. However in the
first image the road cannot be seen because it is completely mixed with the two fields. The
first step is to detect the endmembers in the image (the road spectrum and the two different
fields spectra) and to know their abundance. The second figure illustrates this information
(random positioning in order to show the abundance and endmembers availability). The last

65
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coarse
pixel i

HS pixel

HS image PAN pixel or
subpixel

PAN image

Figure 5.1: Coarse pixel and subpixels definitions

step is to use the PAN image to spatially reorganize the second image to reproduce the PAN
information in the third image. In the third image it is now possible to see the blue road
which was completely mixed in the first image. The step between the second and last images
represents the novelty of our approach.

Endmgmber Mixed pixel
extraction and = Rearrangement
abundance of the subpixels
estimation
Criginal HS image Improved HS

Figure 5.2: Illustration of the principle of the proposed method

The main steps of the method to process mixed pixels are summarized in Fig. The
first step consists in estimating the endmembers needed in the unmixing step. However a
standard global approach may introduce local bias as it would not allow to consider the
inherent spectral variability of the endmembers. Consequently, a local approach has been
chosen (see Sec. Locality is defined by the regions of a segmentation map. The following
step consists to detecting the mixed pixels (see Sec. Once the mixed pixels are identified,
the Spatially Organized Spectral Unmixing step (denoted as SOSU step) is performed. This
is detailed in Sec5.4 It uses the locally extracted endmembers for spectral unmixing and
generate subpixels. The PAN image is used to rearrange the subpixels within the mixed pixel
so that the spatial information matches the PAN image. Finally the last step is done by
adding the spatial information (see Sec.
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Figure 5.3: Global flowchart of the proposed method

5.2 Endmembers Estimation : a Binary Partition Tree Based
Local Approach

The endmembers estimation is achieved using the standard Vertex Component Analysis (VCA)
algorithm|67]. Depending on the local context (humidity of the soil, shadows etc.), different
instances of the same given physical endmembers are observed in different image part. Con-
sequently, the local approach is retained and the endmembers are then estimated in small
meaningful regions.

5.2.1 Image Segmentation

In order to implement such a local approach, a segmentation map is generated based on the
PAN image. A number of segmentation techniques could be used. This is not a critical choice.
In this study we used the segmentation result provided by a binary partition tree (BPT)
[102]. The segmentation is performed on the PAN image, generating regions considered as
spatially homogeneous. The concept of the BPT generation is illustrated in Figl5.4] First an
initial segmentation is done which can consist of the original image where each pixel design
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an area. A criteria is then computed between the neighborhood areas to find the more similar
pair of area. This criteria generally aims at finding the two areas with the most similar
spatial properties. Then a new segmentation is done where those two areas are merged and
this process is repeated until only one final area remains. All the possible combination of
segmentation are hierarchically stored in the tree. In order to get the final segmentation a cut
need to be done. The cut is done by selecting a threshold value on the criteria used to found
the pair of similar areas. If we are under this criteria the merging of the two areas is done,
otherwise not.

Figure 5.4: principle of binary partition tree

5.2.2 Endmember extraction

An endmember extraction is done on the segmentation map in order to extract a set of
endmembers for each area providing a local approach. A local approach is desired to take into
account the spectral variability. For example, all the roof tiles of a given material cannot be
described by a single spectrum, it depends on its age, orientation, shadow etc. It is called the
spectral variability and it cannot be rendered using a global approach where only one spectrum
is selected to describe the roof tile. A local approach addresses this issue by selecting a roof tile
endmember in the neighborhood of the mixed pixel. Different endmembers, locally selected,
are used to unmixing a roof tile which take into account the spectral variability. Several
algorithms and mixing models exist in the literature for endmember extraction. For this
thesis we decide to select a linear mixing model for the mixing which is the simplest mixing
models. With the linear mixing model a mixed pixel is expressed as the linear combination of

K endmembers (see Eqf5.1)).

K
MizedPixel = Z a; * endmember; (5.1)
=0
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with «; representing the corresponding abundance of the endmember;. From this family
of linear mixing model, the VCA method is selected. However, VCA needs the hypothesis of
the availability of pure pixels when doing the endmember extraction.

5.3 Mixed Pixels Detection

The second step consists in detecting potentially mixed pixels. This is achieved by considering
the PAN image. For each coarse pixel the homogeneity of the corresponding area in the
PAN image is analyzed. Considering that a homogeneous PAN area does not give any extra
information for the unmixing, the following assumption is made: the corresponding HS pixel is
actually pure at the scale of the PAN image (Fig. If the coarse pixel is supposed as pure,
its value is duplicated into the corresponding PAN pixels. It is not unmixed and the spectral
information is not modified further than a simple adjustment gain detailed in the following.
In addition, a coarse pixel detected as pure can be considered as a good endmember candidate
to unmix neighboring regions.

HS pixel considered
as pure

Corresponding PAN
area

HS pixel

HS pixel considered
as mixed

Figure 5.5: Detection of mixed pixels based on the homogeneity of the corresponding PAN
area

To assess the homogeneity of a PAN area the following simple method is used: if the
variance computed on the corresponding area in PAN image is below a given threshold, the
coarse HS pixel is considered pure. Otherwise, the HS pixel will be unmixed.

5.4 Spatially Organized Spectral Unmixing step

The idea of improving the resolution by unmixing coarse pixel and rearranging the spectral
information withing the subpixels is not new. However this has never been done on HS image.
This concept first has emerged in order to improve the spatial resolution of classification
map [1035106]. Their main idea it that after computing the abundances of the differents
element, each selected endmember should be spatially organized by taking into account the
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neighborhood. For example if we have two spectra: a road and grass, the road endmembers
should be localized near neighborhood containing also road. This is the concept of attraction
model, neighborhood attract similar endmembers near their position. However those methods
are designed for classification map where a fixed number of different spectra is available, which
is not our case, and do not used the additional information provided by the PAN image. In
order to address this issue and to take advantage of the availability of the PAN image we
create a new method: The Spatially Organized Spectral Unmixing (SOSU).

After locating potential mixed pixels, the proposed SOSU step is then applied. For each
pixel, the following endmembers are considered: i) the endmembers obtained from the region
of the segmentation map to which the considered mixed pixel belongs ii) the pure pixels that
are neighbors of this region. In order to keep a reasonable number of endmembers, only
endmembers corresponding to an abundance of at least 1/ratio? (which corresponds to a pixel
from the PAN image) are kept. ratio is the ratio between the linear spatial resolutions of the
PAN and HS images.

The method is implemented as follows:

e Step 1: the i selected endmember, endmember;, are converted in the PAN domain (the
equivalent scalar grey level value is computed for each hyperspectral endmember) as
follow:

endmember cony, = meany,—_,, ,(endmember;) (5.2)

where Ay and Ag,q correspond respectively to the first and last band related to the PAN
image.

e Step 2: each subpixel is associated to an endmember as follows:
HSinter(X,Y) = argmin;(| PAN(X,Y) — endmember ony, |) (5.3)

with H Sj,ter representing the result of the SOSU step. The endmember attribution
is done following EqJ5.3 with respect to the abundance information while trying to
minimize the reconstruction error. This can be achieved in two ways: i) not imposing
the overall preservation of the abundances, ii) imposing the overall preservation of the
abundances. For each coarse pixel, the option minimizing the reconstruction error,
based on the RMSE criteria (see Section between the HS original and the degraded
unmixing HS pixel is used. This option is preferred, as it provides a safety guard to
handle properly situations where a bad endmember was selected. As a matter of fact,
the compulsory use of such a incorrect endmember with the sole purpose to respect the
abundance, leads to corrupted results.

As a conclusion, this SOSU step allows to properly spatially distribute the subpixels with
the associated endmembers, ensuring a good match with the spatial information provided by
the PAN image.
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5.5 Addition of Spatial Information

Finally, the spatial details from PAN are added with a fusion method. The fusion algorithm
must fulfill the two following criteria: i) the spectral properties should not be modified, ii) the
final result, when spectrally degraded to the PAN resolution (1 band), should be equal to the
original PAN image. These two properties are ensured by the following fusion:

PAN
HS used — HSm er * ~ 5.4
fused ter ¥ AN (5.4)

where H Sy eq is the result of the fusion and PAN is obtained by computing the mean of
the HSjnter image on the spectral domain used to acquired the PAN image:

PAN = meany,—x,, ,((HSinter) (5.5)

The spectral information is not modified since we only apply the gain on each band for a
given pixel. In addition if we spatially degrade the result to get a PAN image (computing a
mean of the image on the PAN domain), we get:

PAN
meanyy—x,,,(H S fused) = meany,—x., ,(HSinter) * PAN (5.6)
which after simplification corresponds to :
meany,—x,,. (HSfused) = PAN (5.7)

This method indeed satisfies both criteria.

5.6 New quality Assessment: local aspect

In order to evaluate the performance of the SOSU method, which addresses the issue of mixed
pixels, a local analysis is needed. It is important to see the impact of the proposed algorithm
for mixed areas (spectral unmixing and addition of spatial details) and homogeneous area
(only addition of spatial details) to better assess the performance of the proposed approach
when compared to state-of-the-art methods.

5.6.1 Local quality measurements

Quality measures, Crit, are computed at the HS scale (one value for each HS pixel which
correspond to an area of ratio*ratio PAN pixels) to get a local map of quality measurement
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for SAM and RMSE. CC cannot be used since it is a spatial criterion computed on a spectral
band basis and not on a pixel basis. ERGAS cannot be used too since it is a global criterion.

The SAM and RMSE quality measurements are first computed at a pixel basis (one value
for each PAN pixel), Critpanreso then a local mean at the HS resolution is done to get
CritHSreso'

CritHSreso = MEAN atiosratio (CritPANreso) (58)

Such a representation allows a finer analysis of the results, by correlating them to local
contexts: near transitions area, homogeneous area. In addition, we can also assess the results
by considering the pure pixels only or the mixed pixels only. It is interesting to compute the
quality measurements on pure and mixed pixels separately. This is done using the map of
mixed pixels location.

5.6.2 Local spectral analysis

This part is important since the focus of the SOSU method is to improve the spectral in-
formation in mixed area. A detail analysis is done on small extract to analyze the result of
unmixing on mixed pixels. A coarse mixed pixel is selected and all the spectra belonging to
it are displayed with the corresponding reference spectrum. This allows us to verify if the
unmixing is correctly done by checking if the spectra from the mixed pixels are similar or
not the reference spectra. If it is not the case it will help to analyze the origin of errors by
identifying them.

5.6.3 Spatial profile

Spatial profile is interesting since it gives more understanding results around transition area
on how the spatial details are added. It can quantify the blur effect and give a deeper analysis
on the behavior in radiance level of the different methods on transition area.



CHAPTER 6

Results and discussion

Sommaire
6.1 Introductionl ........ ... ... oo o oo e .. 73
6.2 Datasets] . . . . . . vttt e e 74
[6.2.1  Synthetic Image| . . . . . .. . ... o oo 74
622 Real Datasets|. . . . .. ... ... .. 0 oo 74
63 Resulfsl. .« - v v vttt e e e e 74
[6.3.1  Synthetic Image| . . . . . .. .. .. o o 74
632 Real Datasets|. . . . .. ... ... .. 0 oo 75
6.4 Conclusions| . ... ... ... ... .. o i oo oo, 82

6.1 Introduction

In this chapter we evaluate the performance of our approach on three datasets: i) a synthetic
image to assess the performance of the SOSU step only, ii) a rural area with a spatial resolution
of 4m and 16m respectively for the PAN and HS images, iii) an urban area with a spatial
resolution of 2m and 8m respectively for the PAN and HS images. The rural and urban datasets
are used to compare the performance of the SOSU method with he state-of-art methods
retained in Section [2.8f GSA, MTF GLP HPM, CNMF and Bayesian Sparse. In addition in
order to characterize the improvement brought by the SOSU method, we introduce a further
method: the gain method which is the SOSU method without the unmixing SOSU step. The
interest of showing the gain method result here is to define if the improvement of our method
is due to the spatial information addition step only (gain method) or to the unmixing SOSU
step (full SOSU method).

The performance analyses is done as follow:

e A visual analysis of the fused images is done

e A quality assessments with spatial, spectral and global criteria: CC, SAM, RMSE and
ERGAS is done on the dataset and on transition area.

73
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o A detailed spatial profile analysis is done in two wavelength: 0.65 pm which belong to
the PAN spectral domain and 1.6 pm which is outside the PAN spectral domain

e A analysis of spectra at different location is also done.

The main goals is to evaluate the performance of our method compare to the best state-

of-the-art methods (GSA, MTF GLP HPM, CNMF and Bayesian Sparse) and to identify the

limitation of our method. The radiance are in W.m™2.sr~t.um™1.

6.2 Datasets

6.2.1 Synthetic Image

The synthetic image (Fig represents a rural scene with a building and is generated with
endmembers selected from the Camargue dataset (Fig. Seven endmembers are selected:
i) three different kinds of fields (vegetation and bare soils), ii) road, ii) ground, iii) building, iv)
tree. In addition, we note that the endmember for field3 (corresponding to dense vegetation)
is very close to the tree spectral signature. This is a deliberately challenging situation to
assess the robustness and reliability of the method. This synthetic image features different
geometrical shapes (rectangle, circle, diamond, polygon, line) with various sizes. The number
of classes involved in the mixture also varies (2 to 3 classes). The size of the artificial image
is 200*%200 pixels. The PAN and HS image are generated according to the same protocol
described is Section4.J] with a ratio of 4.

6.2.2 Real Datasets

The real datasets are the same than those in Sec[4.I] However only two of them are studied
: Camargue (rural area) and Toulouse (urban area). Garons dataset is not selected because
it has the same spatial resolution than Camargue dataset and represents also an urban field
like Toulouse dataset. The Figl6.3 and [6.4] represent respectively the Camargue and Toulouse
datasets with an image representing the location of pure and mixed pixels.

6.3 Results

6.3.1 Synthetic Image

SOSU results (Fig are very similar to the reference image as only 5 pixels on the 400 000
are not correctly classified. We circle in red two of those bad pixels which are localized at
transition area. In addition although the field3 and tree spectra are very closed, there are well
discriminated. Quality measurement have been computed on the mixed pixels and pure pixels



6.3. Results 75

(a) Reference (b) HS upscaled (ratio 4)

L

i
' -

G

(c) PAN (d) mask pure (white) mixed pixels
(black)

Figure 6.1: Synthetic dataset

separately, SAM is for both pure and mixed pixels around 0.5, and RMSE around 0.4, which
are both excellent results and confirm our visual analysis.

6.3.2 Real Datasets
6.3.2.1 Camargue Dataset

The Figl6.6] represents the results of the different methods selected from the State-of-the-
art method (Sec on an extract of Camargue. The Fig. represents a spatial profile
representing a line of the extracted image at two different wavelengths: 0.65 4 m and 1.6 pm.
The Table reports the quantitative evaluations with respect to the quality measurements
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Figure 6.2: Endmembers used to generate the artificial image

detailed in Section B3l

The visual analysis of the Camargue dataset shows that our method succeed to preserve
the spatial information whereas the other method can lead to some blur effects. However
our method shows some areas with spectra slightly different: the orange building is whiter
than orange and the road localized on the left of the orange building is brown instead of
grey/blue. Those differences come from the wrong selection of endmembers. For the road
the endmember associated to the grey/blue road in the reference has not be found in the
HS image and an other endmember is selected giving this brown color. In addition this road
is not visible in the HS image and then no pure spectra can be found for unmixing this
road. So only a bad unmixing can occur. GSA and CNMF are given similar good results
with CNMF slightly better particularly around roads. MTF GLP HPM and Bayesian sparse
generate noticeable blur, two examples are localized in the image (d) and (f) by red circles
on Figf6.6] This result is expected for MTF GLP HPM since MRA methods are know for
their good spectral information preservation but not for their spatial information preservation.
However for Bayesian sparse, this blur which looks like to some pixelisation effect come from
the degradation model modeling the pixel agregat degradation (Sec.. Bayesian sparse is
not generally used with this degradation model (Section and shows some difficulties to
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adapt itself to different degradation models.

The spatial information preservation can be better analyzed with the spatial profile. The
Figl6.7]shows a spatial profile from the Camargue dataset along a horizontal line which crosses
homogeneous fields, roads and building as shown in the small picture.

The analysis of the spatial profile at 0.65 um is divided in different parts:

e homogeneous area: at pixel number 0-15 (from pixel number 0 to 15) and 80-100. All
the methods give similar performance. It is an homogeneous area and no unmixing is
done for SOSU method. SOSU and gain method are then identical.

e road transition: pixel number 15-25. SOSU method gives the best result compare to the

1

other methods. However a difference of 5 W.m™2.sr~ 1. um ™! exist with the reference

profile. The other methods present more important deviation in radiance level.

e orange building transition: 30-37 pixel number. SOSU succeeds to well preserve the
transition, following by CNMF and GSA, without adding blur. However it is not the
case for MTF GLP HPM and Bayesian methods where the blur occurs on 5 pixels before
the real transition. This last point was already mentioned in the visual analysis (red

circle) on Figl6.6]

e orange buildings: around pixel number 38 and 52. SOSU gets some problems to re-
trieve the radiance level of the reference and has the worse performance among the
other method. This difference is mostly due to a bad endmember selection and not
doing unmixing (gain method) gives better results. Generally SOSU underestimates the
radiance value in area with mixed pixels involved.

e dark transition: around pixel number 22, 50 and 77. MTF GLP HPM, GSA, Bayesian
methods underestimate the radiance value compare to the reference whereas CNMF,
SOSU and gain one give better results.

The spatial profile at 1.6 pym leads to similar analysis.

Table 6.1: Quality measurements for the Camargue dataset

Method CC | SAM | RMSE | ERGAS
SOSU 094 | 3.12 4.57 3.59
MTF GLP HPM | 0.93 | 3.57 5.04 4.02
GSA 0.94 | 3.37 4.31 3.58
CNMF 0.96 | 3.02 3.67 3.22
Bayesian Sparse | 0.90 3.96 5.63 4.65

At a global scale, the quality criteria (T able show that for a rural dataset like Camargue
with lot of homogeneous areas and clear transitions SOSU, GSA and CNMF perform similarly
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whereas MTF GLP HPM and Bayesian does not perform well. This was already noticeable
in the visual analysis with the important blur effects.

Previously in the visual and spatial profile analysis it was highlight that the selection of
endmembers for the unmixing step in SOSU method is very crucial and impact greatly the
fusion result. In order to analyze better the SOSU method a local analysis is done. We decide
to reduce the risk of bad endmember selection by conducting this analysis on a small extract.
This extract represents an area with low complexity which represents 4 fields separated with
some roads/hedges. The problem of pure pixel not available for VCA should not exist and
should reduce the risk of a bad endmember selection. The fused images are shown in the
Figl6.8| and SAM local map value on the Figl6.9 We also add the quality measurements
SAM and RMSE separately for mixed pixels and pure pixels (see Table to illustrate the
performance of our method on mixed pixels. The results of the spatial information addition
step alone, gain method, are also shown to confirm that improvement of our method is not
only due to the choice for the spatial information addition step but also to the SOSU step.

Table 6.2: Quality measurements for the extracted image of the Camargue dataset for pure
and mixed pixels

SAM RMSE
Methods pure | mixed | pure | mixed

SOSU 1.90 5.84 2.08 6.89
Gain 1.90 7.55 2.08 7.34
MTF GLP HPM | 2.97 6.90 3.57 7.12
GSA 2.80 6.47 3.30 6.35
CNMF 2.58 6.41 2.37 6.17
Bayesian Sparse | 3.13 7.20 3.97 7.31

SOSU and gain methods improve fused images near the road in the top-left field and
between the two fields in the bottom of the extract. We observe less blur and a better
delineation between the fields and the road. The Figl6.9] shows that, as expected, most of
the higher SAM values occur near transition areas, and our method improves some of these
limitations. The Table [6.2] confirms that the SOSU method improves the SAM values for both
pure and mixed pixels. However RMSE values are similar to the other methods. In addition,
it confirms that the improvement are not only due to the spatial information addition step
but also to the SOSU step since the results of our method are better than the gain method
on mixed pixels.

To better understand current improvement and limitations of our method, some specific
pixels have been selected and their associated spectra are analyzed (Fig{6.10)).

The SOSU spectra are compared to the reference spectra. Three cases are analyzed:

e a mixed pixel is not detected as mixed: two spectra corresponding to a subpixel from
the field (spotted line) and the road (continuous line) are shown. The two spectra for
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the SOSU method have the same shape whereas there are supposed to be different since
is supposed to correspond to a road spectrum and the other to a field spectrum. In this
coarse pixel, most of the subpixels belong to the field so the spectral information of the
coarse pixel is similar to a field spectrum with some impact from the road spectrum.
The spectra from SOSU corresponds to the spectrum of this coarse pixel. The shape of
the spectrum is conserved and only the amplitude level is modified trying to represent
the spatial information. In this case the spectral information from the road is missed.

e a mixed pixel is correctly detected as mixed delivering gives excellent results (shape and
amplitude). Here also two spectra corresponding to field and road subpixels are used.
The SOSU method succeeds to retrieve the spectral information associated to the road
(continuous line).

e a mixed pixel is badly unmixed with the used of a incorrect endmember. Here four spec-
tra are shown corresponding to the subpixels from right to left side along the horizontal
direction of the mixed coarse pixel. There is an error because a bad endmember (red
spectrum) is selected and used in the SOSU step leading to a high SAM value.

To conclude on a rural area, like Camargue, with spatial resolutions of 4m for the PAN
image and 16m for the HS image the following observation are done on the [0.4 pm - 2.5 pum]
spectral domain:

e i) on homogeneous area all the methods give similar performances,

e ii) on transition area, SOSU improves the SAM values and decreases blur effects which
generally occurs with other method (MTF GLP HPM, Bayesian sparse). However two
mains limitation of the SOSU method are identified: 1) mixed pixel not detected as
mixed, 2) bad endmember selection for the unmxing step. Those are results encouraging
for using unmixing when the scene is not too much complex and pure pixels are available
for the unmixing.

It is important to notice that the current endmember extraction algorithm, VCA | needs the
hypothesis that pure pixel are available. On the small extract from Camargue this hypothesis
is respected. However on the full dataset it may not be the case everywhere.

6.3.2.2 Toulouse Dataset

The Fig represents the results of the different methods selected from the State-of-the-art
method from Sec[2]on the Toulouse dataset. The Table reports the quantitative evaluation
obtained with the quality measurements detailed in Section [3.3]

We are working on an urban area with a spatial resolution of 2m for PAN image and 8m for
HS image compare to the 4m and 16m of Camargue. This induces some important difference
since the dataset is more complex. Indeed in this dataset, lot of the small items are smaller
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Table 6.3: Quality measurement for the Toulouse dataset

Method CC | SAM | RMSE | ERGAS
SOSU 0.88 | 11.10 4.78 9.89
MTF GLP HPM | 0.89 | 7.60 5.34 9.41
GSA 0.83 | 9.95 6.58 11.73
CNMF 0.83 | 10.51 7.54 12.17
Bayesian Sparse | 0.89 | 7.99 4.78 9.28

than the spatial resolution of HS image and cannot be distinguished. The visual analysis of
results shows that SOSU does not present any blur effects while those are noticeable for GSA
MTF GLP HPM and CNMF. MTF GLP HPM presents less blur effects than GSA and CNMF'.
Bayesian sparse presents some halos and still the pixelisation effect related to the degradation
model. The difference in behaviour for MTF GLP HPM and GSA between the Camargue
dataset , where there is no blur effects, and the Toulouse dataset comes from the difference in
specificity of the two datasets. The main difference are: i) landscape complexity: rural area
with large homogeneous area and urban area with lot of small items, ii)spatial resolutions:
4m and 16m for Camargue and 2m and 8m for Toulouse.

At global scale, the quality criteria (Table show that for such a complex dataset
SOSU, MTF GLP HPM and Bayesian methods give similar results for CC, RMSE and ERGAS
criteria. However for SAM value SOSU and CNMF method perform the worse. This can be
explained by the fact that in this dataset most of the pixels can be considered as mixed and few
pure pixels are existing which is an issue for VCA endmember extraction. Since the endmember
are badly selected, important errors in SOSU unmixing step occurs. We investigate this issue
in the following by doing a local analysis around a big building and comparing to the gain
method.

Results for the extracted image are shown Fig with associated quality measurements
in Table [6.4 The Fig and represent a horizontal spatial profile from this extracted
image at two different wavelengths: 0.65 ¢ m and 1.6 pm.

Visually on the extracted image (Figl6.12)) similar observations are done than on the full
dataset. However some particular points should be noticed. Indeed the SOSU method failed
to retrieved some spectra. Examples are shown at the circle positions on Figl6.12] The yellow
circle shows an example where a pink building is transformed in a blue building. The red
circle show two examples where the pink building is transformed into white building. Those
phenomenons are less visible for the other methods. This problem also comes from an incorrect
endmember selection.

The analysis of the spatial profile gives interesting information. At 0.65 pum the following
remarks are done:

e The SOSU method performs the best in comparison to the other methods.
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o CNMF performs the worst with important blur effects and systematic important un-
derestimated radiance values. This point is interesting because in Camargue CNMF
is performing very well. CNMF has difficulties to work with small items and impor-
tant involved mixing. Deviation between CNMF and reference profile can reach 15
W.m = 2.sr~ ! um=1.

e At pixel number 40, SOSU gives better result that the gain method with a smaller
difference of 5 W.m=2.sr~ L. um =1
is a break in the peek at pixel number 39. This is due to the unmixing process. Two

in radiance level in comparison to the reference. There

coarse mixed pixels are unmixed with different endmembers, generating a discontinuity
in radiance value between them.

e at pixel number 0-10, MTF GLP HPM and GSA fail to retrieve the radiance value of
the reference.

Analyze at 1.6 pm gives similar results however an additional remark can be done. Between
pixel number 7-18 all the methods failed to retrieved the radiance level. A translation of 2-3
pixels seems to occur. To understand this phenomenon the Figl6.15]is provided. In this figure
the 1.6 um spectral bands of the reference and SOSU fused images are shown. We can see at
the corresponding location a blur effect which enlarge the white element.

Table 6.4: Quality measures for the extract from Toulouse dataset

Method CC | SAM | RMSE | ERGAS
SOSU 091 | 9.57 3.92 6.35
Gain only 0.92 | 9.27 3.51 5.84
MTF GLP HPM | 0.87 | 6.21 4.68 7.19
GSA 0.80 | 8.03 5.69 8.58
CNMF 0.76 | 8.44 6.91 11.78
Bayesian Sparse | 0.89 6.60 3.96 6.35

The analysis of the quality criteria around the building gives similar observation than on
the full dataset. It is important to notice that the SOSU method conserve the spectral form
for the Camargue dataset with low SAM values and for the Toulouse dataset, SAM values are
very high. This is mainly due the high number of error in the endmember selection with a lack
of pure pixels to allow a correct choice. Figl6.16] [6.17] [6.18] and [6.19] illustrate some special
cases. In those figures only SOSU (the analyzed method), CNMF (a method that provide
low quality fused image) and Bayesian (a method that leads to good quality fused image) are

presented.

Here are the analyze of those figures :

e The Fig illustrates the spectrum corresponding to a tree. This area is considered
as pure. All spectra present similar shape to the reference spectrum. SOSU method



82

Chapter 6. Results and discussion

performs the best at preserving the radiance values and CNMF performs poorly with
important difference radiance value.

The Figf6.17] illustrates the spectrum corresponding to a transition area between two
roofs which has been detected as mixed. CNMF here also performs poorly. However
different behaviors can be noticed depending on the wavelength for SOSU and Bayesian
sparse methods. Before 0.5 ym SOSU performs better than bayesian and succeed to re-
trieved the first peek in radiance value. However after 0.6 pm Bayesian method performs
slightly better. Both of them overestimate the radiance values. The differences with the
reference radiance values are between 0-10 W.m~2.sr~t.um~! for SOSU method and
0-8 W.m = 2.sr~L.um ™" for Bayesian sparse method.

The Figl6.1§ illustrates the spectrum corresponding to a small roof between two im-
portant area of shadow detected as mixed. The most important thing to notice here is
that whereas CNMF and Bayesian spectrum have a similar shape, SOSU spectrum cor-
respond to a incorrect endmember selection since its spectrum corresponds to a shadow
spectra. Here a wrong endmember selection has been achieved. Before 0.85 ym SOSU
has an incorrect spectrum and overestimates the radiance value. After 0.85um the shape
of the SOSU spectrum corresponds to the shape of the reference spectrum but all the
methods underestimate the radiance value.

The Fig[6.19)illustrates the spectrum corresponding to a shadow area detected as mixed.
This figure is interesting since it brings the issue of the shadow area which were not
present in Camargue dataset but numerous in Toulouse dataset. Working on shadow
area is very difficult since spectral information is masked with the shadow and it is
difficult on the PAN image to distinguish the different elements as everything is very
dark. So the SOSU mainly fails at unmixing the mixed pixel where important shadows
are present.

To conclude on a urban area, like Toulouse, with spatial resolution of 2m for the PAN

image and 8m for the HS image the following observations are done:

e i) homogeneous area are very uncommon but in those areas all the methods present

similar result in spectral shape restitution but with possible differences in global radiance
values,

ii) SOSU does not perform very well with the SAM value. This is due to: 1) small items
are involved which are not visible in the HS image generating a lot of mixed pixel, 2)
only a few pixels can be considered as pure which is not enough for VCA to perform
correctly, 3) shadow has a strong impact on the quality of the unmixing.

6.4 Conclusions

On rural landscape, SOSU method delivers the best results in comparison with state-of-the-art
methods. Such method does not introduce blur effects. Its performances strongly depend on
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the quality of mixed pixel detection and on the endmember retrieval. Similar conclusion can
be done over a urban landscape. Further, on this urban area, the presence of shadow is also
a strong limitation.
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(d) mask of pure (white) and mixed pixels (black)

Figure 6.3: Camargue dataset
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Figure 6.4: Toulouse dataset
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Figure 6.5: Reference image and result for the synthetic image
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Figure 6.6: Extracted image of the Camargue dataset, red circles indicate areas with important
blur
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Figure 6.9: Local SAM values of result on extracted image of Camargue dataset



6.4. Conclusions

91

imitation of detected

: Result of our method with de
mixed pixel (in red)

SAM value (white correspond to high value = bad) of
our method with delimitation of detected miwed piwsl
{in red)

|
SAM value fwhite correspond to high value = bad) of
our method with delimitation of detected miwed pixel

rodiance

{»*

rodionee

4REF-ROAD —
| S0GU-ROAD —

REF-AELD - --
SOGUFIRD:- - -

REF-R3&0
S05U-ROAD —
REF-FIELDY =« «

=0SU-FELD

100 Mot detected as mixed
I -=> no unmixing (505U}
BD I ]
&0 I
_AD
20
| i 1 i i i 1 i i i 1 i
5 o0 500 000
wavelenglh (noacenelecs)
T T T
|‘I, Detected as mixed
--= good unmixing
P (SO5L
an
b
oo i i v
aad W wivelenglh frq}f'm'lu't'rb:' oo
LT " Detected 25 mixed
. --= bad result: use of a
L bad endmember (red)
160 |- 4
FT:-'"R,
1 1 —
[ IJ-?F—H?NP-qu w'l 20aa

Figure 6.10: Effects of SOSU method on the final image




92

Chapter 6. Results and discussion

{ CNMF

Figure 6.11: Toulouse dataset results
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Figure 6.12: Result on the extracted image from Toulouse dataset with some areas of interest
in yellow and red circle
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Figure 6.14: example of spatial profile for Toulouse for each method at wavelength 1600 nm
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Figure 6.15: Analysis of the spatial profile at 1600 nm for Toulouse around pixels 7-18
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Figure 6.17: Illustration of a case of correct unmixing on a transition area on roof
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Figure 6.18: Illustration of a case where SOSU is not efficient: incorrect unmixing on a roof
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Figure 6.19: Illustration of a case where SOSU is not efficient: incorrect unmixing on a shadow
area
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Conclusions and Perspectives

The goal of the thesis is the fusion of PAN and HS images to provide a fused image with both
high spatial and spectral resolutions. The dataset of interest is urban area with a final spatial
resolution of 2m in the context of the HYPXIM mission.

To do this, in this thesis, a state-of-the-art has been done to analyze the current existing
families of pansharpening method in order to identify their advantages and limitations. The
families of pansharpening method analysed are: CS, MRA, Hybrid, Bayesian and Matrix
Factorization.

To complete this analysis, these methods are compared on two landscape type (rural and
urban) at different spatial resolution (4m and 16m respectively for PAN and HS images for
the rural dataset, 2m and 8m for the urban dataset) by doing a visual spatial and spectral
analysis and applying quality measurements. We select then for each family the method
performing the best. For CC family, the GSA method is selected. For MRA family, the MTF
GLP HPM method is retained. For Bayesian family, the Bayesian sparse method is selected
and the CNMF method is selected for the Matrix Factorization family. In this analysis,
problems around small items and transition areas have been pointed out. This problem comes
from mixed pixels. Currently the case of mixed pixels is an aspect which is usually ignored.
Methods of the state-of-the-art generally aim to add the spatial information from the PAN
image without modifying the spectral information of the HS image. However, mixed pixels
are not modified. In many situations, mixed pixels appear because the spatial resolution is
too coarse and should hence disappear when the spatial resolution is refined. Mixed pixels
are often localized near small objects and transition areas, which correspond to areas where
spatial information needs to be added.

One way to improve the spatial information of the HS image is to achieve a pre-processing
step involving spectral unmixing before the fusion process. When doing the spectral unmixing,
the number of materials needs to be estimated as well as the corresponding pure spectra, called
the endmembers, and their respective abundances in the mixed pixel. The abundances can be
converted into a number of subpixels. However, we do not know how these endmembers should
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be spatially distributed within the subpixel. In this thesis, a method allowing to rearrange
them in order to match the spatial information of the PAN image has been proposed: the
SOSU method. A comparative analysis with the state-of-the-art method, selected with the
previous, has been done for the SOSU method at global and local scales on the [0.4 - 2.5 p]
spectral domain.

The SOSU method provides good performance on mixed pixels, with best SAM values
(related to the shape of the spectrum), on simple areas with the availability of pure pixels for
VCA like in the extracted image from the Camargue dataset. However when working with
complex dataset on urban area like in Toulouse with higher spatial resolution where almost
no pure pixels are available, the quality of the fused image provided by SOSU is less good. In
addition the presence of shadow in the Toulouse dataset has a strong impact on the quality
of the unmixing. Results on the Camargue dataset are encouraging. However further works
need to be done for more complex dataset.

We have some ideas for improving those results. The three main issues of our method are
the following:

e Detection of mixed/pure pixels: current detection could be improved by using other
filters, like Canny or Laplacian, or other tools to better distinguish pure pixels from
mixed pixels.

e Pure pixels not always available for VCA: A solution could be to use other endmembers
extraction methods which do not required the availability of pure pixels like the mini-
mum volume constrained nonnegative matrix factorization method (MVC-NMF) [107],
the minimum volume simplex analysis (MVSA) algorithm [108], the convex analysis-
based minimum volume enclosing simplex (MVES) algorithm [109], or the simplex iden-
tification via split augmented Lagrangian (SISAL) algorithm [110].

e Shadows: Shadows strongly impact the spectrum and make the mixed pixels contained
shadow almost impossible to correctly unmix. A solution could be to detect those shadow
area to avoid to unmixing them or to apply a special method on them.

The current perspectives are the following;:

e Analysis of the different methods on a variety of urban landscape.

e Analysis of the impact of misregistration and a callibration error of the dataset on the
fused image. This point is very important for the HYPXIM mission where the PAN and
HS images are acquired with different sensors. This issue was not analyzed in this thesis
because our datasets are simulated from an unique image and by construction does not
present those problems.
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Résumé — Les methodes standard de pansharpening visent & fusionner une image
panchromatique avec une image multispectrale afin de générer une image possédant la haute
résolution spatiale de la premiére et la haute résolution spectrale de la derniére. Durant la
derniére décennie, beaucoup de méthodes de pansharpening utilisant des images multispec-
trales furent créées. Avec la disponibilité croissante d’images hyperspectrales, ces méthodes
s’étendent maintenant au pansharpening hyperspectral, c’est-a-dire a la fusion d’une image
panchromatique possédant une trés bonne résolution spatiale avec une image hyperspectrale
possédant une résolution spatiale plus faible. Toutefois les méthodes de pansharpening
hyperspectrale issues de ’état de ’art ignorent souvent le probléme des pixels mixtes. Le
but de ses méthodes est de préserver I'information spectrale tout en améliorant ’information
spatiale. Dans cette thése, dans une premiére partie, nous présentons et analysons les
méthodes de I’état de 'art afin de les analyser pour connaitre leurs performances et leurs
limitations. Dans une seconde partie, nous présentons une approche qui s’occupe du cas des
pixels mixtes en intégrant une étape pré-fusion pour les démélanger. Cette méthode améliore
les résultats en ajoutant de l'information spectrale qui n’est pas présente dans I'image
hyperspectrale a cause des pixels mixtes. Les performances de notre méthode sont évaluées
sur différents jeux de données possédant des résolutions spatiales et spectrales différentes
correspondant & des environnements différents. Notre méthode sera évaluée en comparaison
avec les méthodes de I’état de 'art & une échelle globale et locale.

Mots clés : Pansharpening, hyperspectral, panchromatique, démélange spectral

Abstract — Standard pansharpening aims at fusing a panchromatic image with a
multispectral image in order to synthesize an image with the high spatial resolution of the
former and the spectral resolution of the latter. In the last decade many pansharpening
algorithms have been presented in the literature using multispectral data. With the increasing
availability of hyperspectral systems, these methods are now extending to hyperspectral
pansharpening, i.e. the fusion of a panchromatic image with a high spatial resolution and a
hyperspectral image with a coarser spatial resolution. However, state of the art hyperspectral
pansharpening methods usually do not consider the problem of the mixed pixels. Their goal
is solely to preserve the spectral information while adding spatial information. In this thesis,
in a first part, we present the state-of-the-art methods and analysed them to identified there
performances and limitations. In a second part, we present an approach to actually deal with
mixed pixels as a pre-processing step before performing the fusion. This improves the result
by adding missing spectral information that is not directly available in the hyperspectral
image because of the mixed pixels. The performances of our proposed approach are assessed
on different real data sets, with different spectral and spatial resolutions and corresponding
to different contexts. They are compared qualitatively and quantitatively with state of the
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art methods, both at a global and a local scale.

Keywords: Pansharpening, hyperspectral, panchromatic, spectral unmixing
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