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While red-green-blue (RGB) image of retina has quite limited information, retinal multi-
spectral images provide both spatial and spectral information which could enhance the
capability of exploring the eye-related problems in their early stages. In this thesis, two
learning-based algorithms for reconstructing of spectral retinal images from the RGB im-
ages are developed by a two-step manner. First, related previous techniques are reviewed
and studied. Then, the most suitable methods are enhanced and combined to have new
algorithms for the reconstruction of spectral retinal images. The proposed approaches are
based on radial basis function network to learn a mapping from tristimulus colour space
to multi-spectral space. The resemblance level of reproduced spectral images and original
images is estimated using spectral distance metrics spectral angle mapper, spectral corre-
lation mapper, and spectral information divergence, which show a promising result from
the suggested algorithms.
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1 INTRODUCTION

1.1 Background

Eye disorders and diseases have become a worldwide problem. In 2010, the World Health
Organization estimated that about 285 million people had eye-related health problems,
which cause many difficulties for their daily activities such as driving, reading, and so-
cializing. Fortunately, more than 80% of common eye diseases like glaucoma, retinal
disorders, and diabetic eye problems, can be prevented if they are diagnosed and treated
soon enough. However, many eye diseases hardly have any early symptoms and the vision
of the patients does not noticeably deteriorate until the diseases reach advanced stages. [1]

Recent decades have witnessed an explosion in the development of computer vision tech-
niques applied to obtain, process, and comprehend digital images. This led to the evolu-
tion of medical image analysis area encompassing image segmentation, image registra-
tion, detection of changes in an image sequence, and estimation of physiological parame-
ters from images methodologies. They are powerful aids for resolving questions relating
to medical images, biomedical study, and clinical care. [2]

Medical images processing and analysis are intensively used in modern ophthalmology.
Especially, the image of the retina provides important information for medical experts to
diagnose eye-related problems early, by looking for particular types of lesions in the im-
ages. For examples, diabetic retinopathy (DR) causes swelling of the central retina (see
Figure 1a), age-related macular degeneration (AMD) results in losing of retinal tissues
in the centre of macula (see Figure 1b). The screening and supervision of a progressive
disease requires meticulous assessment of retina images, which require a lots of time end
efforts. Thus, to improve the efficiency of the work, it should be performed automati-
cally by image processing methods. To develop a computerized system for the analysis
of retinal images, it is necessary to have an extensive set of retinal images with ground
truth (GT), which refers to a set of labels used for target recognition. One feasible man-
ner to collect the GT is based on expert-annotated images. However, this approach is
time consuming and takes a lot of efforts. Furthermore, the experts cannot make precise
annotations for each and every pixel on a large set of images. [3]

The problem of producing a huge number of retinal images with GT could be solved by
employing eye phantoms. They are artificial models that can imitate the primary mecha-
nisms, rheological functions, and physical structure of the human eye [4]. Although eye
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phantoms are commonly used in education and training, they lack of some characteristics
of a real eye or certain specific targets. Instead of using images generated from the eye
phantoms, the reconstructed spectral retinal images are more likely efficient for automated
analysis of retinal images.

(a) Retinal image of a DR patient. (b) Retinal image of an AMD patient.

Figure 1. Example of abnormal retinal images. [5]

This Master’s thesis concentrates on the generation of spectral retinal images from RGB
images, which contains more precise information in terms of colour and geometry of the
eye than RGB images. Spectral retinal image is reconstructed from the RGB image of a
real retina using the learning-based method.

1.2 Objectives and restrictions

The primary objective of this master’s thesis is to develop algorithms to reproduce spec-
tral retinal images from RGB images. Firstly, the previous techniques used to recover
spectral images from RGB images are reviewed and studied. Secondly, the state-of-art
techniques are enhanced and combined to create an algorithm, which can generate the
multi-spectral images of retinas with high accuracy. Finally, the proposed algorithm is
evaluated by assessing the dissimilarity between the estimated and original spectral im-
ages by utilizing the spectral distance measures spectral angle mapper and the spectral
information divergence. While the similarity degree is assessed by spectral correlation
mapper method.

However, within the scope of this thesis, the unevenness of the illumination in retinal
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images, which can change the intensity value of an image and lower the quality of spectral
image, is not considered due to the limited time. It is therefore assumed that all retinal
images have uniform illumination fields. Additionally, the number of clusters utilised by
fuzzy c-means method for clustering retinal images is not greater than 150. It is because
clustering retinal image with large number of clusters requires very long running-time,
which could not be afforded here.

1.3 Structure of the thesis

This thesis is organized as follows:

Chapter 1 discusses the motivation and background information of reconstructing spectral
retinal images. The general objectives and limitations of the thesis are provided as well.

Chapter 2 describes the structures and functions of the primary organs of an eye. The sys-
tem employed to capture multi-spectral images of retina are also thoroughly described.
The existing studies related to the recovery of spectral image from RGB image are re-
viewed and algorithms of each study are illustrated as well.

Chapter 3 presents the algorithms to reconstruct the spectral image of retina, and the
methods of each step are explained in details.

Chapter 4 concerns with conducting the practical experiment on a real dataset to analyse
and evaluate the proposed algorithms.

Chapter 5 proposes possibilities for future work.

Chapter 6 sums up of the findings of this thesis at general level.
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2 THE EYE AND SPECTRAL DATA

2.1 Anatomy of the eye

The eyes are one of five prime sensory organs of the human body. About 80% of the
information that the human brain receives comes from the eyes, which have a spherical
shape [6]. A sectional view of an eye is shown in Figure 2. The structure and function of
the eye’s major parts are described as below.

Figure 2. The simple anatomy of an eye. [7]

The cornea is a translucent part in the fore front of the eye, which covers the iris, pupil,
and interior chamber. Unlike most of tissues in the human body, there are no blood vessels
in the cornea. It is solely made up of proteins and cells, hence the nutrients are provided
to it through tear-fluid. The cornea is responsible for the refraction and transmission of
light. [6]

The pupil is an aperture situated in the centre of the iris. Its colour is always black
because the tissues in the eye absorb most of the light coming into the pupil. The amount
of light getting into the eye depends on the pupil’s size. [6]

The iris is a scrawny and roundish structure which determines the colour of the eye. It
controls the quantity of light reaching the retina by adjusting the size of pupil according
to the intensity of light. [6]
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The lens is a transparent and biconvex structure, which refracts light so that it is concen-
trated on the retina. The focal length of the eye is dependent on the shape of the lens.
Therefore, the lens enables the creation of sharp images of objects at different distances
from the eye on the retina. [6]

The sclera is the outer layer of the eye with white opaque tissue which protects the
eye. Moreover, the eye’s movements are controlled by six muscles associated with the
sclera. [6]

The optic disc (or optic nerves head) is the area where the central arteries and veins enter
the retina. The optic disc size is usually around 1.5mm in diameter. There are neither rods
nor cons on it to respond to the light stimulus. [6]

The retina is a thin and light sensitive layer located on the backside of the eyeball. In
the retina, there are two types of photoreceptor cells: cones and rods. The cones take
responsibility for sensing colour and vision, while the rods adsorb light. The retina pro-
cesses and converts light projected by the lens to neural signals. Those signals are then
transmitted to the brain for visual perception. [6]

The macula is a yellow-pigmented area with oval shape around the fovea near the centre
of retina. With a high concentration of cone cells, the macula is responsible for the high-
acuity vision. [6]

The fovea is a small pit placed in the centre of the retina, which is responsible for the
sharpness of vision. Unlike the retina, there are no blood vessels in the fovea so that light
is sensed without any dispersion or loss. [6]

2.2 Spectral retinal imaging

Retinal image databases play an important role in the development of methods and al-
gorithms which could automatically detect and analyse the structure of retinas. They
utilised those databases as training and testing datasets for solving and exploring prob-
lems of the algorithms. Several retinal RGB-image databases have been published such
as DRIVE [8], STARE [9], and DiaRetDB1 [10]. However, the RGB images of the retina
provide quite restricted information compared with retinal spectral images. Therefore,
a number of experiments have been conducted (e.g., [11, 12, 13]) to capture the multi-
spectral images of the retina at various wavelengths, which could give further valuable
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information of different objects of retina.

Styles et al. [11] used an ophthalmic fundus camera with a liquid crystal tunable filter
to capture six-channel spectral images of retina with the central wavelengths range from
400 to 700 nm. Taking a long exposure time (around five seconds) to obtain all necessary
channel images is a significant drawback of this method. Human eyes are continuously
moving objects, so it is impossible for the ocular fundus to remain perfectly still during
the imaging. As a consequence, the channel images are not aligned with respect to each
other.

Johnson et al. [12] proposed a method to capture spectral images of retina simultaneously,
in which the problem of an unceasingly moving eye is overtaken. First, the white light
image of the retina is acquired by a snapshot spectral imaging apparatus, in which the
image is decomposed into various spectral channel images by diffractive optical elements.
However, the sophisticated calibration and data post-processing are needed when using
this method.

Fält et al. [13] utilised a Canon CR5-45NM fundus camera system (see Figure 3) and 30

narrow band-pass interference filters which have the peak transmission wavelength from
400 to 700 nm to produce a dataset of multi-spectral images of 66 real retinas. The retinal
image database utilised for the experiment of this study was measured by this system.
The practical steps using this system to obtain spectral images are depicted below:

Figure 3. The ophthalmic camera used to capture spectral images of retina. [13]
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1. The fundus is illuminated by xenon flash light source which is directed into the
camera system through a fiber optic cable of a Schott light box. The light is fil-
tered immediately by a narrow band-pass filter and then goes inside the eye fundus
through a dilated pupil. After that, the reflected light from the retina is caught by
a digital monochrome CCD camera, which is programmed to capture five images
continuously for one channel. From those five images, the best-quality image is
chosen. The selected image is an 8-bit grayscale and 1024× 1024-pixel image.

2. All of 30 acquired channel images of the same fundus are co-aligned by the gen-
eralized dual-bootstrap iterative closest point (GDB-ICP) algorithm introduced by
Stewart et al. [14].

3. The registered multi-spectral image is corrected by using spectral reflectance data of
a white reference and the channel-dependent exposure times and stored in a "spec-
tral binary" format.

Although the obtained database has moderately satisfactory quality, the spectral images
have non-uniform illumination fields because there is no curved white reflectance for
calibration and the eye pose with respects to the camera varies while capturing the channel
images. [13]

2.3 Previous work on reconstruction of spectral images

In comparison with tristimulus colour, more advantageous information is given by spec-
trum, which can be employed in many fields, such as disease detection and substance
identification [15]. However, the acquisition of spectral images can be inconvenient and
expensive. Therefore, reconstruction of spectral image from tristimulus colour image,
which is fast, easy, and cost saving to capture, has been immensely studied.

Since the very beginning, in 1964, Cohen [16] generated a linear model based on the
principal components analysis (PCA) to fit the spectral reflectance of 150 Munsell colour
chips which were chosen randomly. The linear model used three centroid components,
which could explain more than 99% of the cumulative disparity. Based on the work of Co-
hen, many studies have been conducted to determine the number of eigenvectors, which
are essential for creating a good fit model for different spectral reflectance databases. For
instance, in 1986, Maloney [17] used the reflectance spectra of both 462 Munsell samples
measured by Kelly et al. [18] and 337 natural objects computed by Krinov [19] as the
database for the experiment. He suggested that six eigenvectors were enough to model
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Figure 4. Three RGB images of retinas computed from their spectral images based on CIE 1931
standard observer and D65 illumination (left column). The images from three same fundi are
reproduced by specified registered spectral colour channels (right column). [13]
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a good fit for all samples in the database. Later, Parkkinen et al. [20] also utilised PCA
to analyse the reflectance spectra of 1527 samples in Munsell Book of Colour, Matte
Finish Collection [21]. It was ascertained that eight eigenvectors were required to recon-
struct the spectral reflectance of those samples. In 2004, Fairman and Brill [22] claimed
that the mean vector and the first six characteristic vectors were enough to generate the
spectra of numerous specimens collected from three different databases include OSA-
UCS atlas [23], the Swedish Natural Colour System Atlas [24], and Munsell Book of
Colour [25]. Instead of using only one set of principal component to reproduce the spec-
tral reflectance of a dataset, Ayala et al. [26] partitioned 1485 specimens from the Munsell
Atlas [21] into ten groups based on their hue values. The authors claimed that more than
99% of overall variance of each group was accounted by solely three eigenvectors. Re-
cently, to improve the accuracy of recovering the sample’s spectral reflectance based on
its associated tristimulus colour, Agahian et al. [27] weighted the reflectance of all spec-
tra in a dataset based on their colour discrepancy values to the proposed sample before
applying the PCA method.

Usui et al. [28] employed a wine-glass-type five-layer neural network to reconstruct the
spectral reflectance of 1280 Munsell colour chips. The network used back-propagation
learning algorithm and included two sub-networks: an encoder which mapped the input
spectral reflectance to three-dimensional output data, and a decoder, in which the output
data of the encoder was inversely mapped to spectral reflectance surface. There were
three layers in each sub-network: an input layer, a hidden layer with a sigmoid function,
an output layer with a linear function (Figure 5). From the result of the learning phase
based on Munsell colour chips database, it showed that the spectral reflectance of Munsell
samples were optimally represented by three-dimensional coded data, and they could also
be adequately reproduced by the designed neural network.
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Figure 5. The wine-glass-type five layer neural network structure. [28]

Hongyu et al. [29] introduced another method named spectral reconstruction based on lo-
cally linear approximation (SR-LLA) to estimate the reflectance spectra from tristimulus
colour space. Based on the colour matching function:

X = t

∫
P (λ)x̄dλ ,

Y = t

∫
P (λ)ȳdλ ,

Z = t

∫
P (λ)z̄dλ ,

(1)

where t is self-luminous body, x̄, ȳ, and z̄ are the numerical description of chromatic
response of the observer, P (λ) is spectral power distribution at a typical wavelength λ,
the authors denoted that if two vectors in the tristimulus colour space are close enough,
then they should be equivalent in the multi-dimensional space as well. According to this
idea, the spectral images could be generated from image in CIE-XYZ colour space as
following Algorithm 1.
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Algorithm 1 Recovery of spectral image using SR-LLA method [29]
INPUT: Munsell colours database, CIE-XYZ image (x× y × 3 matrix)
OUTPUT: spectral image S

1: Find k nearest neighbours from Munsell colours {mj, ...,mk} for each pixel pi in the
CIE-XYZ image.

2: Calculate the weights wij to minimize the cost function:

C(w) =
k∑
j=1

||pi −
∑
j

wijmj|| .

3: Compute the spectra of pixel pi based on k nearest Munsell colours
{mspec

j , ...,mspec
k }:

Si =
k∑
j=1

wijm
spec
j .

The SR-LLA’s performance was tested by five different images, and a set of reference
colour used to compute the spectral colour of test images was obtained from MATT and
Glossy databases [16]. The achievement of the proposed method was compared with the
PCA [26], and the wine-glass-type five-layer neural network [28] methods. The result of
five reconstructed spectral images proved that the SR-LLA exceeded two other methods
in the matters of quality and stability.

Zhao [30] and his collages proposed a new method named R matrix to reproduce the
spectral images motivated by the hypothesis in which a spectrum is a combination of a
metameric black and a fundamental stimulus. R matrix method could estimate not only
the accurate spectra but also precise colorimetric values under a specific illumination and
viewing condition. The spectral reflectance was estimated through the following steps:

1. First, the spectral transmission matrix inverting the camera signals to spectral re-
flectance is computed using the linear least square (LLS) method, which minimizes
the root mean square (RMS) error between the predicted and measured spectral
reflectance.

2. Second, the colorimetric transformation matrix is determined based on the camera
signals and measured tristimulus values. This matrix is exploited to estimate the
predicted tristimulus value for a target with a defined illuminant and viewer.

3. Third, the fundamental stimulus and metameric black are calculated from the pre-
dicted spectral reflectance and tristimulus values.
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4. Finally, the reconstructed spectral reflectance is the combination of metameric black
and fundamental tristimulus.

This R method gave appropriate results for most of the testing samples with the average
RMS error under 2.0%.

Nguyen et al. [31] utilised a radial basis function (RBF) network to generate a non-linear
mapping between RGB values and the spectral reflectance. Different from previous meth-
ods, this method could reconstruct spectral images in case RGB image was taken under
unknown illumination condition. The method consists of two main phases: learning, and
reconstruction. In the learning phase, the RGB images were white balanced. Then the
mapping f between white balanced RGB images and their corresponding spectral ones
was learned by the RBF network. In the reconstruction phase, the mapping f was ap-
plied to interpolate the spectral images from the white balanced RGB image. To verify
the effectiveness of the suggested method, the authors compared its performance with
three previous methods: the traditional PCA, weighted PCA [27], and an interpolation
technique [32]. The results obtained from 24 testing images showed that the new method
outperformed the three others in respects of both accuracy and execution time.

Using the stochastic approach, many proposed methods adopted the Bayesian inversion
to reproduce a spectral value from camera response signals. In this approach, the spectra
are considered as random sequences, and the probability distribution of training dataset
is regarded as priori information. One such method was to use the Wiener process to
estimate spectral reflectance which is regarded as Gaussian distribution [33]. However, in
reality, spectra could not be sufficiently modelled by a single Gaussian model. Therefore,
Murakami et al. [34] employed the Gaussian mixture distribution based method to recover
the spectra of 168 colour samples. The performance of the proposed method is heavily
dependent on much on the accuracy of the model of probability density of learning dataset.
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3 RECONSTRUCTION OF SPECTRAL RETINAL IM-
AGES

There are numerous training-based algorithms to reproduce spectral images from RGB
images and an available training databases (e.g., [16, 26, 34, 31]. Although those algo-
rithms could be different in the detailed methods, they usually have two primary phases,
which consist of the learning and the reconstruction phases. In this chapter, the general
framework, and the approaches used to reconstruct the spectral retinal colour from RGB
retinal images are presented.

3.1 Proposed framework for reconstruction of spectral retinal im-
ages

The proposed framework for the estimation of spectral retinal images based on RGB
images includes three phases (see Figure 6): quantization of the retinal image’s data,
learning the non-linear mapping f between the RGB and spectral reflectance values, and
the reconstruction of the retinal spectral images from the RGB images using the mapping
function.

Figure 6. The proposed framework.
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3.2 Quantization of retinal image data

In the first step, pixels in both the RGB and spectral images of retina are clustered into a
number of centroids by the fuzzy c-means method. The clustering step is essential because
the total number of pixels of the retinal image in the training database is usually extremely
large. This results in the poor performance of learning step because of drastically long
execution time or memory inadequacy. The classification of the image’s pixels into centre
points helps to reduce the number of input data entering the training phase, while not
loosing the important information of the original image. However, in the retinal image,
the colour of the blood vessel pixels is especially different from the background pixel’s.
Therefore, clustering blood vessel pixels and background pixels separately could improve
the correctness of clustering result, even though no algorithm could have a 100% accuracy
to segment the blood vessels of the retina.

3.2.1 Fuzzy c-means algorithm

Fuzzy c-means (FCM) which was introduced by Bezdek [35], is an algorithm that can
be applied to clustering data into various clusters. In contrast to the ’hard’ clustering, in
which the data must belong to solely one cluster, the FCM is considered as ’soft’ cluster-
ing method as the data could belong to more than one cluster with different membership
degrees. The membership level indicates the significance of the correlation between a
data element and a specified cluster.

Let X = {x1, x2, ..., xn} be the data samples needed to be divided into c clusters with
centres C = {c1, c2, ...., cc}. The FCM result is a membership matrix W = {wij, i =

1, ..., n and j = 1, .., c}, where wij denotes the degree that the element xi belongs to
the cluster cj with the constrain:

c∑
j=1

wij = 1, 1 ≤ i ≤ n . (2)

The membership degree matrix W and centres C are determined to minimize the fuzzy
c-means:

J(W,C) =
n∑
i=1

c∑
j=1

(wij)
m||xi − cj||2A , (3)
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where
(wij)

m =
1

c∑
k=1

(
||xi−cj ||
||xi−ck||

)
2

m−1

, (4)

and
d2ijA = ||xi − cj||2A = (xi − cj)TA(xi − cj) . (5)

The most common A-norms ||.||A include: Euclidean, Diagonal, and Mahalonobis norm.
The fuzziness of clustering result is defined by the parameter m ∈ [1,∞), and the best
range of m in order to obtain good results is [1.5, 3.0] [36].

The central point of clusters could be estimated by including the constraint in Equation 2
into J(W,C) exploiting Lagrange multipliers:

J̄(W,C, λ) =
n∑
i=1

c∑
j=1

(wij)
md2ijA +

n∑
i=1

λi

[
c∑
j=1

wij − 1

]
. (6)

When gradient of J̄ associated with C,W, λ equals to zero, it is easy to realize that ||xi −
cj||2 > 0, and m > 1. So the optimization for J can be solved if the following conditions
are satisfied:

wij =
1

c∑
k=1

(
djiA
dkiA

)
2

m−1

, 1 ≤ i ≤ n , 1 ≤ j ≤ c , (7)

and

cj =

n∑
i=1

(wji)
mxi

n∑
i=1

(wji)m
, 1 ≤ j ≤ c . (8)

The estimation of weight matrixW and cluster central points C can be resolved by simple
Picard iteration, which is described the Algorithm 2 .
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Algorithm 2 Fuzzy c-means clustering (FCM) [36]

INPUT: input data {x1, ..., xn}
OUTPUT: centroids {c1, ..., cc}, weight matrix {w11, ..., wnc}

1: Initialize the value of fuzziness m, fuzzy c-partition matrix W (0) and the error toler-
ance ε.

2: while ||W (t) −W (t−1)|| ≥ ε do
3: Calculate the cluster central points cj at step tth:

c
(t)
j =

n∑
i=1

(w
(t−1)
ji )mxi

n∑
i=1

(w
(t−1)
ji )m

.

4: Compute the distance between the data samples and the new cluster centrers:

d2ijA = (xi − c(t)j )TA(xi − c(t)j ) .

5: Update the weight matrix:

w
(t)
ij =

1
c∑

k=1

(
djiA
dkiA

)
2

m−1

.

6: end while

3.2.2 Parameters of fuzzy c-means

When applying the FCM to cluster a set of data, some important parameters of the al-
gorithm need to be considered including the number of clusters, the fuzziness parameter,
the tolerance value for termination, and the A-norm matrix. These parameters can have
significant effects on the final distribution result.

Number of Clusters is one of the most important parameters in FCM clustering. In prac-
tice, when there is no prior knowledge about the number of clusters c, it is usually inferred
from the structure and distribution of the data. In the case that data visualization cannot
provide inadequate information for the assumption of clusters number c, two following
methods can be employed [36]:

1. Validity measures for the FCM clustering: Xie [37] suggested that the Xie-Beni in-
dex (Equation 9) could explain the total variance within the cluster and the distances
between the cluster centroids as well. The most appropriate number of clusters c
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should minimize the Xie-Beni index:

χ(X,W,C) =

n∑
i=i

c∑
j=1

(wij)
m||xi − cj||2

n ·min
i 6=j

(||xi − cj||2)
. (9)

2. Iterative merging and insertion of clusters: In the merging of the cluster approach, a
sufficiently large number of clusters is initialised. Then, clusters with similar prop-
erties are combined a new cluster. The principles to figure out the similarity of two
clusters were proposed by two researchers Krishnapuram [38] and Kaymak [39].
On the other hand, Gath et al. [40] recommended a contrary approach, in which
at the beginning, there are only a small number of clusters. Then data points in a
specific cluster, which have low membership levels are iteratively separated into a
new cluster.

Fuzziness parameter controls the amount of overlapping among the fuzzy clusters, but
there has been no literature or research about finding the optimal fuzziness parameter m.
The most common range of m in practice is [1.5, 3] [36]. When m is equal to 1, the
clustering becomes hard and the cluster centres cj are just the mean of clusters. If m goes
toward∞, the clustering is absolutely fuzzy (wij = 1/c) and all the clusters’ means are
identical with the mean of the whole data points.

A-norm matrix is employed in distance calculations, which decide the shape of the clus-
ter (see Figure 7). Three most common choices of matrix A comprise of [36]:

1. Standard Euclidean: A = I and

d2ij = (xi − cj)T (xi − cj) . (10)

2. Mahalanobis matrix: A = M−1 and

M =
1

N

n∑
i=1

(xi − x̄)(xi − x̄)T , (11)

where

x̄ =
1

n

n∑
i=1

xi . (12)



24

3. Diagonal matrix: A = D−1 and

D = diag(M) . (13)

Figure 7. The shape of fuzzy clusters using three different A-norm matrices. [36]

Termination criterion the FCM iteration ends when the difference between the weight
W of two sequential iterations is smaller than the tolerance value ε. The smaller value of
ε produces a more reliable clustering result, but it could dramatically increase the compu-
tation time. In practical applications, ε is usually equivalent to 0.001 [36].

3.2.3 Relationship between spectral value and tristimulus colour

The claim of Hongyu [29] stated that if two tristimulus colour are close enough, then
their spectral colours should be similar as well. Let a RGB pixel P to be a linear com-
bination of other k divergent RGB pixels {p1, p2, ..., pk} with their associated spectral
values {s1, s2, .., sn}, that is:

P =
k∑
i=1

wipi , (14)

,where wi is the weight value.
Then the spectral value S of P can be approximated as follow:

S =
k∑
i=1

wisi . (15)

It is cited in Equation 8 that the central point of cluster kth in fuzzy clustering is a linear
aggregation of all n input pixels with the membership levels U = {uik, ..., unk}, in which
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uik represents the relationship between the ith pixel and the kth cluster. Therefore, the
spectral value of the kth cluster centre can be estimated as follows:

C
(s)
k =

n∑
i=1

umikx
(s)
i

n∑
i=1

umik

, (16)

where x(s)i is the spectral value of the ith pixel in the input data.

3.2.4 Retinal blood vessel segmentation

The segmentation of retinal blood vessels is an immensely important task for analysing
the retinal image. Several algorithms for blood vessel segmentation have been proposed
(e.g., [41, 42, 43, 44]). Those algorithms can be classified into two major groups: unsu-
pervised and supervised. The supervised methods require a set of training images with
GT of the blood vessel manually marked by experts, which takes a lot of effort to create
them artificially. However, the supervised methods usually produce better results than
the unsupervised methods. Bankhead at el. [41] proposed a method using the threshold-
ing wavelet coefficients to separate the blood vessel from the background. Nguyen at
el. [43] introduced an unsupervised algorithm to segment the blood vessel in retinal im-
age utilizing multi-scale line detection. A basic line detector is a set of rotated straight
lines to detect the vessels at different angles. Soares [42] suggested a supervised method
to extract the blood vessel from the background of the retina. This method employed
the pixel’s intensity and two-dimensional Gabor wavelet transformed responses taken at
multiple scales as a feature vector for classification.

In this study, the algorithm isotropic undecimated wavelet transform (IUWT) introduced
by Bankhead [41] was applied to extract the blood vessels in retinal image from the back-
ground thanks to its fast and efficient performance (see Figure 8). The general methods
used in this algorithm are described in Algorithm 3.
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Algorithm 3 Blood vessel segmentation using isotropic undecimated wavelet transform
(IUWT) [41]
INPUT: gray scale retinal image img, threshold value T , the wavelet level N , low filter

h0 = [1, 4, 6, 4, 1]/16
OUTPUT: the blood vessel mask image mask which has same size as img, where pixel

with value 0 is the background pixel, and value 1 is the blood vessel pixel.
1: Initialize the scaling coefficient:

c0 = img .

2: for i = 1 to N do
3: ci = ci−1 ∗ h↑i−1 .
4: Calculate h↑i : insert 2i−1 zeros between each pair of adjacent coefficients of h0.
5: Compute wavelet coefficient:

wi = ci−1 − ci .

6: end for
7: Sort value in wn in ascending order:

wsort = sort(Wn(:)) .

8: T percent amount of pixels, which have lowest coefficient wi are vessel pixels:

wlowest = wsort(lenght(wsort) · T/100) .

9: Pixels with coefficient wi lest than wlowest are blood vessels pixels.
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Figure 8. The RGB image of a retina (right) and its blood vessels mask (left).

3.2.5 Implementation of retinal image clustering

Two different approaches are implemented to clustering the retinal image’s pixels. The
first one deploys FCM method to distribute all pixels of the retinal image into various clus-
ters. On the other hand, the second one classifies the blood vessel pixels and background
pixels separately.

FCM-based clustering the FCM clustering is first applied to the RGB retinal image
which results in a set of RGB centre points and the membership matrix. Then the spectral
value of the centroids in the corresponding spectral retinal image is estimated through the
membership degree matrix. The details of this approach is presented in Algorithm 4.

Segmented-based clustering first, the blood vessel pixels are separated from the back-
ground pixels. Then pixels of each group are clustered into a number of clusters by FCM.
However, the background pixels always occupy much more space in the retinal image
than the blood vessel pixels, hence the number of background clusters should be greater
than the number of vessel pixel clusters. The details of the implementation are illustrated
in Algorithm 5.
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Algorithm 4 FCM-based retinal image clustering
INPUT: RGB, spectral, and mask of retinal image Im (x×y×3 matrix), Sim (x×y×z

matrix), mask (x × y logical matrix) denotes the usable region of Im (pixels at
positions mask = 0 are not considered) , all 30 wavelengths where the spectral
retinal images were taken λ = {λ1, ..., λ30} .

OUTPUT: The RGB and spectral value of clusters’ centroids C(RGB)(c × 3 matrix),
C(spec)(c× 30 matrix).

1: Reshape Im into (x · y × 3) two-dimensional matrix.
2: Insert the missing channel of spectral images with noise if z < 30, then Sim is a
x× y × 30 matrix.

3: Reshape Sim into (x · y × 30) two-dimensional matrix.
4: Eliminate pixels in Im and Sim with mask:

Im(mask < 1) = [ ], and Sim(mask < 1) = [ ] .

5: Use FCM to cluster (x·y) data samples of Im into c clusters with fuzziness parameter
m = 2, Euclidean norm matrix, and the termination criterion ε = 0.001. The result
comprises of the RGB value of clusters’ centroids C(RGB) and the membership level
matrix U .

6: Use U to calculate the spectral value of centroids:

C(spec) = UmSim� (ones(30, 1)Um) .

Algorithm 5 Segmented retinal image clustering by FCM
INPUT: RGB, spectral, and mask of retinal image Im (x×y×3 matrix), Sim (x×y×z

matrix), mask (x × y logical matrix) denotes the usable region of Im (pixels at
positions mask = 0 are not considered) , all 30 wavelengths where the spectral
retinal images are taken λ = {λ1, ..., λ30} .

OUTPUT: The RGB and spectral value of clusters’ centroids of both blood vessels and
background: C(RGB)

vessel (c1×3 matrix),C(spec)
vessel(c1×30 matrix),C(RGB)

background(c2×3 matrix),
C

(spec)
background(c2 × 30 matrix).

1: Segment the blood vessels pixels from the background pixels using Algorithm 3:
P

(RGB)
vessel (p×3 matrix), P (spec)

vessel (p×z matrix), PRGB
background(q×3 matrix), P spec

background(q×z
matrix).

2: Insert the missing channel of spectral images with noise if z < 30, then P (spec)
vessel is a

p× 30 matrix and P (spec)
background is a q × 30 matrix.

3: Use FCM to cluster q pixels of blood vessels into c clusters with fuzziness parameter
m = 2, Euclidean norm matrix, and the termination criterion ε = 0.001. The result
comprises of the RGB value of clusters’ centroids C(RGB)

vessel and the membership level
matrix Uvessel.

4: Use Uvessel to calculate spectral value of vessel centroids:

C
(spec)
vessel = (Um

vesselSim)� (ones(30, 1)Um
vessel) .

5: Apply the same way and parameter initialization of clustering blood vessel pixels,
except the number of cluster c2 for clustering the background pixels.
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The output data of the quantization step is the input for learning phase.

3.3 Learning the mapping

Regardless that many linear models are employed to estimate data value in spectral colour
space from its tristimulus value (e.g., [16, 26, 29]), it is easy to notice from the colour
matching function (Equation 1) that the relationship between the tristimulus and spectral
colour is non-linear. Therefore, estimation of a non-linear mapping f to interpolate spec-
tral value of retinal images’ pixels from RGB value is essential. One of most popular
approaches for the interpolation in multidimensional space is radial basis function (RBF)
network. In the learning phase, this method is applied to build the mapping f which
is used later in the reconstruction phase to reproduce the spectral image of retina. This
section describes the method and implementation details of the learning phase.

3.3.1 Supervised learning

Supervised learning is one of most effective techniques used in machine learning to ap-
proximate a function from a set of value pairs including independent variable (input) and
dependent variable (output). The value of dependent variable y = {y1, y2, ..., ym} (a
scalar) could be approximated from independent variable x = {x1, x2, ..., xn} (a vector)
through function f : [45]

y = f(x) . (17)

The estimation of function f has two primary sub-problems: parametric and non-parametric.
In the parametric problem, the function or model can be represented by a fixed number of
parameters and the form of the function is known. One particular example of parametric
machine learning is parametric regression. For instance, fitting a line to a set of sample
points (xi, yi) (see Figure 9): [45]

f(x) = ax+ b .

In this case, the form of the function denotes how y depends on x is acknowledged, the
parameters a and b need to be estimated based on the training data. The advantages of
parametric machine learning are that it is simple to understand and the learning is fast.
However, this method is solely suitable for simple problems. [45]

In contrast to the parametric method, there is no prior knowledge about the form of the
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Figure 9. A linear regression of a set of sample points.

function or model in the non-parametric method. Modelling of the function relates to a lot
of free parameters, but they have no physical meaning related to the problem. The benefits
of the non-parametric method are flexible, powerful and proficiently performance. But, it
requires a lot training data to have an adequate estimation and also contains more risk of
over-fitting. [45]

3.3.2 Radial basis function

To solve a practical problem by computer, it is usually essential to model the problem
as mathematical functions. These functions, however, sometimes are too complex and
expensive to be executed by computers. They contain a large number of variables and
demand a lot of memory or extremely long running time. One common approach to
overcome these challenges is to approximate the multivariate functions using radial basis
function [46].

The radial basis functions are functions whose responses monotonically depend on the
distance from the centrer point (Figure 10):

φ(x, c) = φ(||x− c||) , (18)

where φ(.) is the radial basis function, x is independent variable (input data), c is cen-
trer point. Typically, the Euclidean distance is used as the norm ||.||, but other distance
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types can be applied as well. The radial basis functions are efficient approaches to inter-
polate the dispersed data in multi-dimensional spaces. Some of the most common radial
functions are listed below: [46]

1. Gaussian:
h(x) = exp(−(x− c)2

r2
) . (19)

2. Multi-quadric:

h(x) =

√
r2 + (x− c)2

r
. (20)

3. Inverse quadric:

h(x) =
r2

r2 + (x− c)2
. (21)

4. Inverse multi-quadric:
h(x) =

r√
r2 + (x− c)2

. (22)

Their parameters are the center c and radius r.

Figure 10. The response of some RBFs: Gaussian, Multi-quadric, Inverse quadric, and Inverse
multi-quadric with center c = 0 and radius r = 1.
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3.3.3 Radial basis function network

Radial basis function network is a two-layer feed-forward neural network whose hidden
nodes are a set of radial basis functions (Figure 11). It has been commonly used for strict
interpolation in multi-dimensional space f : Rn → Rm in accordance with

f(x) = w0 +
M∑
i=1

wiφ(||x− ci||) , (23)

where x ∈ Rn is input vector, f(x) ∈ Rm is output vector, ci ∈ Rn are RBF centres, M
is the number of RBF centres, φ(.) are basis functions, and ||.|| is Euclidean distance, and
wi are the weights. In the RBF network, there are two stages in the training phase. First,
the weights from each component of the input to all of the hidden nodes are estimated.
Second, the weights from hidden nodes to the output layer are computed. [47]

Figure 11. A traditional radial basis network function. [48]

The performance of RBF network is severely determined by the chosen centres which
should be able to sample the input domain. Moreover, similarly to other multilayer per-
ceptron networks, the RBF network is easily affected by the quality of input data. If the
data contains a considered amount of noise, the RFB network may not provide a good
generalization. [47]
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3.3.4 Choosing the centres by orthogonal least square learning algorithm

In an original RBF network, the centres are specified as the training input data. However,
this is not applicable in practical signal processing applications, where the number of input
data is usually numerous. Therefore, Chen et al. [48] proposed an algorithm to choose the
center points for RBF network by orthogonal least square (OLS) learning method, which
is described in this section.
In the OLS algorithm, the RBF network (Equation 23) is regarded as a special case of
linear regression model:

d(t) =
M∑
i=1

pi(t)θi + εi , (24)

where d(t) is the desired output, θi is parameter, M is the number of regressors, εi are
random errors, and pi(t) are regressors which are fixed functions of x(t):

pi(t) = pi(x(t)) . (25)

The problem of determination the suitable centres ci now becomes the selection of a
subset of important regressors from an available set of applicants. The Equation 24 could
be analysed in the matrix form by the least square (LS) method as follows:

d = PΘ + E, (26)

where

t = 1, 2, .., N , is the number input data ,

d = [d(1), d(2), ..., d(N)]T ,

P = [p1, p2, ..., pM ], pi = [pi(1), pi(2), ..., pi(N)]T ,

Θ = [θ1, θ2, ..., θM ]T ,

E = [ε(1), ε(2), ..., ε(N)]T .
(27)

The regression matrix P can be decomposed into a set of orthogonal basis vectors W
by OLS method (Equation 28). Those vectors enable the estimation of each regressor’s
contribution to the output energy.

P = WA , (28)
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where A is an MxM upper triangle matrix:

A =



1 α12 α13 ... α1M

0 1 α23 ... α2M

0 0 1 ... α3M

...
...

... . . . ...
... 1 α(M−1)M

0 0 0 ... 1


, (29)

and W is an NxM matrix with orthogonal columns wi:

N∑
i=1

wiwj = 0 , and i 6= j . (30)

The decomposition of P intoW can be implemented using Gram-Schmidt [49] procedure,
which is described in Algorithm 6.

Algorithm 6 OLS decomposition using Gram-Schmidt method [49]
INPUT: an N ×M matrix P .
OUTPUT: an N ×M matrix W with orthogonal column wi, an M ×M upper triangle

matrix A.
1: w1 = p1 .
2: for i = 2 to M do
3: for j = 1 to i− 1 do
4: αji = wTj pi(w

T
j wj)

−1 .
5: end for
6: wi = pi −

∑i−1
j=1 αjiwj .

7: end for

After the decomposition of P into W , the Equation 26 could be rewritten as:

d = Wg + E , (31)

where
g = AΘ . (32)

Using LS method, g can be computed as follow:

g = (W TW )−1W Td , (33)
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or
gi = (wTi wi)

−1wTi d . (34)

Because W is a matrix with orthogonal columns, then the sum of square of d is:

dTd =
M∑
i=1

g2iw
T
i wi + ETE . (35)

The significance of each regressor wi toward the final model can be determined by the
error reduction ratio (ERR) (Equation 37). The larger the ERR is, the more important the
regressor is.

[ERR]i = g2iw
T
i wi/d

Td . (36)

The ERR offers a simple approach to determine a subset of R significant regressors by
Gram-Schmidt procedure as presented in Algorithm 7. The total ERRs introduced by
chosen regressors should satisfy the stop criteria based on a tolerance value ρ:

1−
R∑
i=1

[ERR]i < ρ . (37)
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Algorithm 7 Determination of significant regressors using Gram-Schmidt procedure. [48]
INPUT: an N ×M matrix P , which represents all the available regressors.
OUTPUT: an N ×R matrix W is a subset of important regressors .

1: for i = 1 to M do
2: w

(i)
1 = pi.

3: g
(i)
1 = (w

(i)
1 )Td/((w

(i)
1 )Tw

(i)
1 ) .

4: [ERR]
(i)
1 = (g

(i)
1 )2(w

(i)
1 )Tw

(i)
1 /(d

Td) .
5: end for
6: find: [ERR]

(i1)
1 = max [ERR]1 .

7: choose: w1 = w
(i1)
1 = pi1.

8: R = 1 .
9: while (1−

∑R
i=1[ERR]i < ρ) do

10: R + +.
11: for i = 1 to M , i 6= i1, ..., i 6= iR−1 do
12: for j = 1 to R− 1 do
13: αjR = wTj pi(w

T
j wj)

−1 .
14: end for
15: w

(i)
R = pi −

∑R−1
j=1 α

(i)
jRwj .

16: g
(i)
R = (w

(i)
R )Td/((w

(i)
R )Tw

(i)
R ) .

17: [ERR]
(i)
R = (g

(i)
R )2(w

(i)
R )Tw

(i)
R /(d

Td) .
18: end for
19: find: [ERR]

(iR)
R = max [ERR]R .

20: choose: wR = w
(iR)
R = piR −

∑R−1
j=1 α

(i)
jRwj .

21: end while

3.4 Reconstruction of retinal spectral image

In the reconstruction phase, the spectral image of retina is produced from its associated
RGB image and the mapping f obtained in the learning phase. There are two different
approaches, which have been implemented in this phase comprising of the pixel-wise
reconstruction and FCM-based reconstruction.

Pixel-wise reconstruction the spectral value of each pixel in the retinal image p(spec)i is
measured through its RGB value p(rgb)i and the mapping f :

p
(spec)
i = f(p

(rgb)
i ) . (38)

FCM-based reconstruction the RGB image’s pixels are clustered by the FCM, each clus-
ter is represented by a centroid. Then, the spectral values of the centroids are calculated
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via their RGB values and the mapping f . Each pixel in the testing image is considered as
a linear combination of the centroids, so its spectra is derived from the centroids’ spectra.
The details of the FCM-based approach are presented in Algorithm 8.

Algorithm 8 FCM-based spectral retinal image reconstruction.
INPUT: RGB retinal image Im (x× y × 3 matrix), mask of retinal image mask (x× y

logical matrix) denotes the usable region of Im (the pixels at positions mask = 0 are
eliminated), the mapping f .

OUTPUT: The spectral retinal image Sim.
1: Cluster all pixels in the RGB image Im into k clusters by FCM with fuzziness pa-

rameter m = 2, Euclidean norm matrix, and the termination criterion ε = 0.0001.
The result is a set of k centre points CRGB = {c(rgb)i , ..., c

(rgb)
k }.

2: Estimate the spectral value of k central points Cspec = {c(spec)i , ..., c
(spec)
k }. by map-

ping f :
c
(spec)
i = f(c

(rgb)
i ) .

3: Use the LS method to find the weight matrix W so that each pixel in the RGB image
is a linear combination of the centroids:

W = Im/CRGB .

4: Employ W and C to calculate spectral retinal image Sim:

Sim = CspecW .

5: Eliminate pixels in Sim with mask:

Sim = Sim ◦mask .

3.5 Algorithms for reconstruction of spectral retinal images

Although the identical framework is used to recover the spectral image of retina, the
final outcome results would vary when using different methods in the quantization and
reconstruction phases. There are two proposed algorithms applied for the reconstruction
of the spectral retinal images.

The FCM-based algorithm the FCM-based clustering approach is applied to cluster reti-
nal image’s pixels into clusters’ centroids. After that, the spectral retinal image is repro-
duced by the FCM-based reconstruction method. The details of methods used in this
algorithm are summarised in the following phases:
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• Quantization phase: pixels of the RGB retinal image are classified into various
clusters by FCM.

• Learning phase: the mapping f between the RGB and spectral value of clusters’
centres using the RBF network.

• Reconstruction phase: first, the RGB retinal image’s pixels are clustered using
FCM. Second, the spectral value of clusters’ centroids are computed by the map-
ping f . Finally, the spectral value of each pixel in retinal image is reconstructed
based on the centroids’ spectra.

The segmentation-based algorithm this algorithm utilises the segmentation-based clus-
tering approach for quantization task and the pixel-wise reconstruction method to repro-
duce the spectral image of retina. The details of the segmentation-based algorithm are
explained in the steps below:

• Quantization phase: firstly, blood vessels of retinal image are separated from back-
ground. Secondly, pixels of blood vessels and background are separately clustered
into different clusters by FCM.

• Learning phase: the mapping f between the RGB and spectral values of the clus-
ters’ centroids is learned using the RBF network.

• Reconstruction phase: spectral value of each pixel in the RBG retinal image is
estimated through f .
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4 EXPERIMENTS AND RESULTS

The experimental results of reconstruction of the spectral retinal images based on real
database are interpreted in this Chapter. The performances of the proposed algorithms
are illustrated and compared to find the most appropriate approach, which gives the best
result based on the quantitative evaluation. From the results of the these approaches, the
reasons behind the unsatisfactory parts are explored and analysed.

4.1 Spectral retinal image database

The database encompasses spectral and RGB images of a total of nine real retinas, which
are both normal and abnormal due to DR. The spectral images are taken at 30 chan-
nels from 400 to 700 nm at approximate 10 nm intervals. The measurements and post-
processing of these spectral images were carried out by Fält et al. [13]. The RGB images
are produced from their associated spectral images for the CIE-1931 standard observer
and D65 illumination (see Figure 12).

(a) (b)

(c) (d)

Figure 12. Four example RGB images of the retinas in the database.
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4.2 Performance evaluation

The performances of the proposed algorithms are evaluated using the leave-one-out cross
validation, which utilised (n − 1) samples in the database for the learning phase and the
remaining sample for the testing phase. The dissimilarity level between the recovered
spectral image and the original one is calculated through the spectral angle mapper, and
spectral divergence information. whereas the spectral similarity level is estimated by
spectral correlation mapper as well.

4.2.1 Spectral angle mapper

Spectral angle mapper (SAM) was introduced by Boardman [50] to measure the spectral
dissimilarity between a reference and a testing spectra with n different channels: X =

{x1, x2, ..., xn}, Y = {y1, y2, ..., yn}. The angular difference (in radian) of two spectra is
calculated in Equation 39:

SAM(X, Y ) = arccos(

n∑
i=1

xiyi√
n∑
i=1

x2i
n∑
i=1

y2i

) . (39)

The radian value varies from 0 to π/2, with value 0 demonstrates the most similar and π/2
is the most different. Using SAM, the spectra are treated as vectors in multi-dimensional
space. This allows the spectral dissimilarity to be assessed regardless of their shading.
However, SAM cannot specify whether the relationship is negative or positive because it
solely considers the absolute values.

An example result of SAM can be seen in Figure 13 and Table 1.

Table 1. Spectral dissimilarity measured by SAM (in radian) of the four spectra in Figure 13.

A B C D
A 0 0.8231 0.8152 0.6685
B 0 0.0492 0.4796
C 0 0.4778
D 0
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Figure 13. Four different spectra of random pixels of a retinal spectral image.

4.2.2 Spectral correlation mapper

Spectral correlation mapper (SCM) is an enhancement of SAM by Carvalho et al. [51]. It
can eliminate the biggest limitation of the SAM by considering both of the negative and
positive relationships. Instead of using the entire value of two spectra, each spectrum is
normalized and centred to its average value (see Equation 40). The SCM’s value ranges
from −1 to 1, where −1 to 0 is negative relation and 0 to 1 is positive relation. The
advantage of SCM compared with SAM could be seen in Table 2.

SCM(X, Y ) =

n∑
i=1

(xi − X̄)(yi − Ȳ )√
n∑
i=1

(xi − X̄)2
n∑
i=1

(yi − Ȳ )2
, (40)

where

X̄ =
1

n

n∑
i=1

xi , Ȳ =
1

n

n∑
i=1

yi . (41)

Table 2. Spectral similarity measured by SCM of the four spectra in Figure 13.

A B C D
A 1 0.4784 0.4825 0.6508
B 1 0.9982 0.7772
C 1 0.7686
D 1
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4.2.3 Spectral information divergence

Unlike the two previous methods, SAM and SCM, which use the deterministic approaches,
the spectral information divergence (SID) introduced by Chang [52], employ the stochas-
tic approach to analyse the discrimination of two spectra. In SID, each pixel is regarded
as a random variable and its probability distribution is determined through its spectral his-
togram. Then, the dissimilarity of the two spectra is calculated based on the discrepancy
of their probabilistic behaviours.

Let X and Y be two multi-spectral pixels X = x1, x2, ..., xn and Y = y1, y2, ..., yn.
Then X and Y can be considered as random variables using the bellowed probability
distribution:

pj =
xi
n∑
j=1

xj

, qj =
yi
n∑
j=1

yj

.

SID is computed from p and q using Equation 42:

SID(X, Y ) = D(X||Y ) +D(Y ||X) , (42)

where

D(X||Y ) =
n∑
i=1

pi log(
pi
qi

) , (43)

and

D(Y ||X) =
n∑
i=1

qi log(
qi
pi

) . (44)

An example performance of SID could be seen in Table 3.

Table 3. Spectral dissimilarity measured by SID of four spectra in Figure 13.

A B C D
A 0 4.6950 4.6693 2.7588
B 0 0.0046 0.6135
C 0 0.5939
D 0
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4.3 Parameter selection for fuzzy c-means clustering

The parameter which has most significant affects to the result of fuzzy clustering is the
number of clusters. To identify the proper number of clusters, a broad range of number of
clusters is examined, and the best one should have the lowest Xie-Ben index value.

4.3.1 The FCM-based clustering approach

The explored set for the FCM clustering {20, 40, 60, 80, 100, 150} is experimented on all
the retinal images in the database. Figure 14 shows the Xie-Ben index of clustering result
for the nine images of the retinas.

Figure 14. The Xie-Ben index of nine RGB retinal images at different number of clusters.

It can be seen that 20 and 40 clusters are not sufficiently good for clustering the retinal
images. The Xie-Ben indexes sharply decrease when the number of clusters increases
from 40 to 60, and the value is slightly reduce when the number of clusters continue to
increase. Therefore, the quality of the clustering result does not significantly change when
the number of clusters increase from 60 to 150. In this implementation, the retinal images’
pixels are segregated into 150 clusters which give the best performance among the other
numbers in the investigated set.
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4.3.2 The segmentation-based clustering approach

Different from the FCM-based method, the background and blood vessel pixels are classi-
fied separately in this approach. So the reasonable number of clusters for them are inves-
tigated independently. Since the number of blood vessel pixels occupy a small proportion
in the retinal image, the number of clusters for classifying the background pixels should
be greater than the number of blood vessel pixel clusters. Therefore, the investigated
sets comprise of {10, 20, 30, 40, 50} and {30, 60, 90, 120, 150} are utilised to find out the
most appropriate number of clusters for clustering the blood vessel and background pixels
respectively. The Xie-Ben indexes of FCM clustering are given in Figure 15.
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(a) The blood vessels.

(b) The background.

Figure 15. The Xie-Ben index at different number of clusters of fuzzy clustering for blood vessel
pixels (a), and the background pixels (b).

It can be perceived that for the background pixels, the quality of the classification slightly
increases along with the number of clusters. However, on average, the clustering of back-
ground pixels with number of clusters 90, or 120, or 150 did not produce any significant
difference. On the other hand, the suitable number of clusters for the distribution of blood
vessel pixels into different groups depends on each image. Nevertheless, the moderate
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accuracy of the clustering inconsiderably changes when the cluster number varies from
10 to 50.

Despite the fact that the optimum number of clusters should be 10 for blood vessel pixels
and 150 for background pixels, the blood vessel and background pixels are classified into
50 and 90 groups correspondingly. The reason for this is that if the number of blood vessel
centroids is much smaller than the number of background ones, then in the learning phase,
the mapping f can skew toward recovering the background pixels than blood vessel ones.

4.4 Parameter selection for the radial basis function network

In order to estimate an efficient mapping f by the RBF network, the number of hidden
nodes should be determined so that f could generalize the training data, but not to be over-
fitted. To find the optimal number of hidden nodes, the average and standard deviation
value of similar level SAM between the original and recovery spectral of testing samples
is used to evaluate the generalization of the mapping f . The average value denotes the
accuracy of the mapping f . As the value is kept as small as possible, the mapping tends
to be more reliable. On the other hand, the mapping f becomes more stable when the
standard deviation value decreases. The testing and training samples are chosen by the
cross validation method such that the training samples are centroids of (n − 1) retinal
images in the database, and the centroids of the left image are used for testing.

Figures 16 - 17 depict the mean and standard deviation of the SAM values of all testing
samples with different number of hidden nodes ranges from 2 to 50, when the retinal
images are clustered by the FCM-based (Figure 16) and the segmentation-based (Figure
17) approach. The mapping f computed using the RBF network with 8 hidden nodes
gives the best performance in the terms of both accuracy and stability for testing samples
clustered by the FCM-based method. While for the segmentation-based approach, the
most suitable number of hidden nodes is 11.



47

(a) The average of the dissimilarity level SAM.

(b) The standard deviation of the dissimilarity level SAM.

Figure 16. The average (a) and standard deviation (b) of dissimilarity level SAM for all testing
samples estimated by the FCM-based approach at different number of the RBF network hidden
nodes.
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(a) The average of the dissimilarity level SAM.

(b) The standard deviation of the dissimilarity level SAM.

Figure 17. The average (a) and standard deviation (b) of the dissimilarity level SAM of all testing
samples estimated by the segmentation-based approach at different number of the RBF network’s
hidden nodes.
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4.5 Reconstruction of spectral retinal image results

The performances of the two proposed algorithms are evaluated and compared according
to the both the dissimilarity and similarity between the reconstructed and the original
spectral images of the retina in the database using the SAM, SCM, and SID metrics. Those
metrics are calculated pixel-wise and visualised as the SAM, SAM and SID images for
the whole pixels of the reproduced spectral image. To avoid the bias in the results of the
reconstruction, the leave-one-out cross-validation method is applied to form the training
and testing data.

The typical dissimilarity level results of the proposed algorithms are shown in Figure 18.
Actually, the SCM values are quite high for all images in the database, so it is hard to
distinguish how good the reconstructed spectral images are. Instead, both SAM and SID
gives a clear image of how much difference there is between the reproduced and original
spectral images. Moreover, the values of SAM and SID are very much alike, so it is
adequate to analyse the quality of reconstructed spectral images based on the SAM (see
Figure 18).

The average SAM of spectral retinal images reproduced by both suggested algorithms are
approximately equal (see Figure 19). For all nine reconstructed spectral retinal images,
the average SAM value ranges from 0.1 to 0.24. When the SAM falls in this range, the
dissimilarity between the original and reconstructed spectra are quite small (see Figure
20). While around 50% of the retinal images are constructed better by the FCM-based
algorithm, the other ones are recovered preciser by the segmentation-based algorithm. It
is illustrated in Figure 21 that the recovery spectra of blood vessel pixels produced by
the segmentation-based algorithm a lower dissimilarity level than those produced by the
FCM-based algorithm. On the contrary, the FCM-based algorithm performed better than
the segmentation-based one at the reproduction of the background pixels’ spectra.
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(a) The FCM-based algorithm

(b) The segmentation-based algorithm

Figure 18. The SAM, SCM, and SID of the spectral retinal image-02 reconstructed by the FCM-
based (a) and segmentation-based (b) algorithms. For SAM and SID, the construction works better
with pixels that have darker colour and vice-versa in SCM image.
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Figure 19. The average of SAM and SID of the nine reconstructed spectral retinal images recon-
structed by the FCM-based (blue) and segmentation-based (red) algorithm.

Figure 20. The original (left) and reconstructed (right) spectra of sample pixels in recovered
spectral retinal images at different levels of SAM varies from 0.0 to 0.5 at 0.1 intervals, the top
row has the lowest dissimilarity level with SAM value from 0.0 to 0.1, and the bottom row has the
highest dissimilarity level.
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(a) Blood vessel.

(b) Background.

Figure 21. The average of SAM of blood vessel(a) and background (b) pixels in all reproduced
spectral retinal images, which reconstructed by the FCM-based (green) and segmentation-based
(red) algorithm.
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The SAM histogram of the retinal spectral images reproduced by the FCM-based and
segmentation-based algorithms respectively are shown in Figure 22. Additionally, the
percentage of pixel at different SAM levels ranging from 0 to π/2 are depicted in Figure
23. A minor proportion of pixels in the reconstructed image, whose SAM values exceed
a threshold value, are considered as outliers. The threshold value should be greater than
the SAM values of most pixels in the images. In this experiment, the threshold value
is chosen visually based on Figure 23. It is easy to realise that the threshold values can
be different between the images. Approximately 67% of spectral images reconstructed
by the FCM-based approach have less outliers. Moreover, with the threshold value of
0.3, the outliers in all the reconstructed images, then the average percentage of outliers
in reproduced spectral image is 6.1% for the FCM-based and 5.8% for the segmentation-
based algorithm. To have a clearer picture of this issue, Table 4 and Table 5 manifest the
percentage of outliers in each image produced by each algorithm.

Table 4. Percentage of outliers in each reproduced spectral retinal images.

Image 01 02 03 04 05 06 07 08 09
SAM threshold value 0.2 0.3 0.3 0.3 0.2 0.3 0.2 0.2 0.2
The FCM-based Alg 9.6 13.9 12.7 16.9 0.5 0.4 6.2 7.6 9.1
The segmentation-based 7.6 2.6 20 19.6 1.8 1.2 5.2 9.0 23.9
algorithm

Table 5. Percentage of outliers in each reproduced spectral retinal images with threshold value is
0.3.

Image 01 02 03 04 05 06 07 08 09 mean
The FCM-based algorithm 0.6 13.9 12.7 16.9 0.08 0.4 4.5 1.2 5.0 6.1
The segmentation-based 0.2 2.6 20 19.6 0.1 1.2 2.5 1.7 4.3 5.8
algorithm
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(a) The FCM-based algorithm.

(b) The segmentation-based algorithm.

Figure 22. The SAM histogram of recovered spectral retinal images which reconstructed by the
FCM-based (a) and segmentation-based (b) algorithm. The nine images are order from left to
right, and top to bottom.
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(a) The FCM-based algorithm.

(b) The segmentation-based algorithm.

Figure 23. The percentage of pixel at different SAM levels ((0.0, 0.1), (0.1, 0.2), (0.2, 0.3),
(0.3, 0.4), (0.4, 0.5), (0.5, π/2)) of recovered spectral retinal images which reconstructed by the
FCM-based (a) and segmentation-based (b) algorithm. The nine images are order from left to
right, and top to bottom.
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5 DISCUSSION

5.1 Overview of the achieved results

The reconstruction of spectral retinal images is carried out based on two proposed algo-
rithms, which produce promising results. The average dissimilarity level SAM of nine
images was around 0.1 to 0.24. Although the average accuracy of both algorithms are
approximately equal, the segmentation-based approach usually performs more efficiently
than the FCM-based on recovery of the spectral reflectance of blood vessel pixels which
are one of most important features of the retinal image. Since in the segmentation-based
algorithm, the blood vessels are separated from the background before the clustering task,
the RGB and spectral value blood vessel centroids could have more precise values which
are not affected by the background pixel values.

Moreover, the accuracy of the reproduced spectral image usually decreases from the cen-
tre of the image toward the edges. The possible reason for this is the the the reducing of
intensity values toward the edges of retinal images causing by limited imaging system’s
field of view and the curved-surface of the retina and lens optics [53].

5.2 Future work

Employing the proposed algorithms, the spectral images of the retinas were reproduced
using the general framework, in which has three primary modules consisting of quanti-
zation, learning, and reconstruction modules. The improvement can follow the direction
which optimize the result at each phase to obtain better outcomes.

One momentous development could be reprocessing tasks for the retinal images before
the clustering task and reconstruction step. As the illumination is rarely completely even,
and depends on the imaging system, the illumination fields of spectral image at each
channel could be very divergent, which causes errors in the image spectra. Therefore,
both the spectral and RGB images should be corrected to have the uniform illumination
fields before being used in later processes. Moreover, the retinal image usually contains a
lot of noise and outliers which should be eliminated to get a better image quality.

The optic disk and fovea are important objects of retinal image, so increasing the accu-
racy of reconstructed spectra at their pixels is beneficial for clinical purposes. Therefore,
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the retinal images should be segmented into four important parts including blood vessels,
background, optic disk, and fovea, because their are very different compared with other
parts in retinal images. However, both the optic disk and fovea just occupy a small pro-
portion in the image; therefore, the training data should be weighted before fed into the
RBF network so that the centroids representing for background pixels are not dominant
over the centroids of the other parts.
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6 CONCLUSIONS

In this thesis, the problem of the reconstruction retinal spectral images based on RGB
image was investigated and described in details. The spectral images of the retinas were
recovered by the two proposed algorithms which have three general steps: quantizing,
learning, and reconstruction. A data set of real retinal images was utilised to analyse and
compare the suggested algorithms.

In conclusion, the recovery of spectral retinal images follows a process of a three step
pipeline. First, the retinal images were clustered into centroids using the FCM method.
Second, the centroids are fed into the RBF network to learn a mapping between the tritim-
ulus and multi-spectral colour space. Finally, the spectral images of retina are estimated
based on the associated RGB image through the learned mapping. In the FCM-based
algorithm, the pixels of the whole image are classified into various groups which is rep-
resented by group’s centroids. Then the spectra of each pixel in test image are measured
as a weighted sum of all the image’s centroids spectra estimated by the mapping. On the
other hand, in the segmentation-based algorithm the blood vessels are segmented from the
background before the clustering step, and the recovered spectra is calculated pixel-wise
by the learned mapping and the pixel’s corresponding RGB colour.

To validate the quality of reconstructed spectral images, the quantitative tests were im-
plemented to compute both the similarity and dissimilarity between the recovered and
original spectral images. The obtained results demonstrate that both algorithms are pro-
pitious and proficient with the average dissimilarity level of all reconstructed images was
around 0.1 to 0.24. If, 0.3 is considered as the SAM threshold value, the average percent-
age of outliers is 6.1% and 5.8% for the FCM-based and segmentation-based algorithms
correspondingly. While the FCM-based algorithm performed better on some retinal im-
ages (around 50%), the segmentation-based algorithm improved the accuracy of the other
retinal images. Moreover, it also increase the accuracy of spectra reconstruction at blood
vessel pixels for approximate 67% of reproduced spectral retinal images.
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Appendix 1. Dissimilarity level of reconstructed spectral retinal images

(a) The FCM-based algorithm

(b) The segmentation-based algorithm

Figure A1.1. Image 01: The SAM, distribution of SAM at different ranges, and SID of spectral
retinal image-01 which reconstructed by the FCM-based (a) and segmentation-based (b) algo-
rithm.



Appendix 1. (continued)

(a) The FCM-based algorithm

(b) The segmentation-based algorithm

Figure A1.2. Image 02: The SAM, distribution of SAM at different ranges, and SID of spectral
retinal image-02 which reconstructed by the FCM-based (a) and segmentation-based (b) algo-
rithm.



Appendix 1. (continued)

(a) The FCM-based algorithm

(b) The segmentation-based algorithm

Figure A1.3. Image 03: The SAM, distribution of SAM at different ranges, and SID of spectral
retinal image-03 which reconstructed by the FCM-based (a) and segmentation-based (b) algo-
rithm.



Appendix 1. (continued)

(a) The FCM-based algorithm

(b) The segmentation-based algorithm

Figure A1.4. Image 04: The SAM, distribution of SAM at different ranges, and SID of spectral
retinal image-04 which reconstructed by the FCM-based (a) and segmentation-based (b) algo-
rithm.



Appendix 1. (continued)

(a) The FCM-based algorithm

(b) The segmentation-based algorithm

Figure A1.5. Image 05: The SAM, distribution of SAM at different ranges, and SID of spectral
retinal image-05 which reconstructed by the FCM-based (a) and segmentation-based (b) algo-
rithm.



Appendix 1. (continued)

(a) The FCM-based algorithm

(b) The segmentation-based algorithm

Figure A1.6. Image 06: The SAM, distribution of SAM at different ranges, and SID of spectral
retinal image-06 which reconstructed by the FCM-based (a) and segmentation-based (b) algo-
rithm.



Appendix 1. (continued)

(a) The FCM-based algorithm

(b) The segmentation-based algorithm

Figure A1.7. Image 07: The SAM, distribution of SAM at different ranges, and SID of spectral
retinal image-07 which reconstructed by the FCM-based (a) and segmentation-based (b) algo-
rithm.



Appendix 1. (continued)

(a) The FCM-based algorithm

(b) The segmentation-based algorithm

Figure A1.8. Image 08: The SAM, distribution of SAM at different ranges, and SID of spectral
retinal image-08 which reconstructed by the FCM-based (a) and segmentation-based (b) algo-
rithm.



Appendix 1. (continued)

(a) The FCM-based algorithm

(b) The segmentation-based algorithm

Figure A1.9. Image 09: The SAM, distribution of SAM at different ranges, and SID of spectral
retinal image-09 which reconstructed by the FCM-based (a) and segmentation-based (b) algo-
rithm.



Appendix 1. (continued)

(a) The FCM-based algorithm.

(b) The segmentation-based algorithm.

Figure A1.10. The SCM histogram of recovered spectral retinal images which reconstructed by
the FCM-based (a) and segmentation-based (b) algorithm. The nine images are order from left to
right, and top to bottom.
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