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ABSTRACT- In remote sensing imagery presence of mixed pixels while performing the classification process is the
biggest. Detecting and classifying the target pixels like minerals and artificial objects from RSI has a huge interest in various
applications. In most of the existing techniques the pure pixels (endmembers) can be detected by using seven band values of the
capturing satellite. But if those values are not available, then in such situations theses existing algorithms don not able to perform.
To solve this problem we proposed a novel technique which used superpixels (based on only RGB values) for preprocessing and
classify the given image by using random forest classifier to classify the image into pure and mixed pixels. This proposed method

performs better than the existing techniques in terms of accuracy, RMSE and computing time.
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#1. INTRODUCTION

Remote sensing images are the images captured from space by
the use of satellites to so that the information about the objects
which are not possible for humans to be being in contact direct
physically and in remote sensing images a hyperspectral image
is the collection of hundreds of images with different
wavelength channels in the same earth area [13]. In
hyperspectral image there is a large number of spectral bands.
This band information, gives the information about the material
within the pixel. Remote sensing image processing is used in
various applications like; mineral mapping, medicine,
surveillance, crop mapping, environment monitoring, object
detection, etc. [14]. To extract the information from the remote
sensing images the main step is segmentation of the image in
different regions depends upon the applications. So, for the
good quality of information or high accuracy of the extracted
information the segmentation process has to be performed with
high accuracy. But the biggest problem in segmentation is the
presence of mixed pixels in the image. Mixed pixels are the
pixels that show the belongingness to more than one class. This
reduces the accuracy of segmentation. The performance of
segmentation can be improved by increasing the resolution of
the images but only to some extent the problem will be solved.
To improve the quality of information /segmentation the mixed
pixel decomposition problem need to solve. Mixed pixel
decomposition is the process of assigning labels to the mixed
pixel to the appropriate class (only one single spectral signature)

to which it belongs. This process is also known as spectral
unmixing. This process has two phases first; identification of
endmember signatures second is to extraction of quantity of
different end —-members forming a single pixel (mixed pixel) for
all the pixels available in an image. In hyperspectral images
mixed pixel decomposing in easy as compare to single spectrum
remote sensed images because, in hyperspectral images are
captured with different spectral band values and this much
information of a single pixel will make it easy to classify but on
the other hand classification of pixels having single spectral
value is difficult.

Mixed pixel decomposition is used in multiple applications, in
recent area the research in this field has growing on. There are
many techniques and algorithms are proposed and used for
mixed pixel classification. All the available techniques have
their own pros and cons, but he main issues arise from the
lecture is the extraction of mixed pixels or identification of
mixed pixels from the image (dataset). Most of the researcher
used band values for extraction of mixed pixels from the image.
The band value dataset for the entire images is not available
easily. So, to solve this problem a new approach is proposed to
extract mixed pixels from any satellite image without the band
value information by using fuzzy theory and neural network.

In this paper the type of mixed pixel is presented in section I. in
section 1l the different methods used for extraction of mixed
pixels are given. The proposed method for mixed pixel
identification is given in section I11. Section IV shows the results
and conclusion. The future scope of the proposed approach is
given in last in section V.

1.1 Type of pixel

An image is a collection of pixels organized in the form of
matrix. There are multiple satellites are available capturing a
remote sensing image at high quality. A new technology used
to capture the minerals, terrestrial vegetation, and man-made
materials, etc. Each pixel has a spectral signature which
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represents the class of the pixel to which it belongs. This
information of pixels helps to segment or classify the image
according to the applications. But the main problem in
segmentation is mixed pixel. Remote sensed image has two
types of pixels. One is pure pixel these are the pixel that shows
only one spectral signature and the other is mixed pixel that
show more than one spectral signature’s properties which make
the pixel to belongs to more than one class. While segmenting
the image these mixed pixel decreases the quality of
segmentation process and this problem is known as unmixing
problem. Basically, there are four types of features used in
image processing; low level visual features, local features,
Local-global features and biologically inspired features. But the
assumption of these features is that all the pixels of an image
are pure pixel, which is not true in remote sensed because there
is always the presence of mixed pixels in images. There are four
types of mixed pixels in remotely sensing images [3]:

i. Small subpixel objects: the size of the object is smaller than
the size of the pixel.

Ii. Boundary pixels: the sizes of two or more land-cover
classes on the ground may be larger than the sizes of the
pixel, but parts of their boundaries lie in a single pixel.

iii. Intergrade pixels: a pixel allocates a space for a transition
from a cluster of one class to a cluster of another class.

IV. Linear subpixels: the length of a land-cover class may be
longer than a pixel but its width is thinner, and the land-
cover class runs through a pixel.

2. METHODS TO EXTRACT MIXED
PIXELS

Endmembers are the member or the pixel in the image having
single signature spectra of the materials that are present in the
captured scene. Then these endmembers are used for extraction
and classification of abundance fraction (mixed pixels) by using
mixed pixel decomposing algorithms [17]. In spectral band i the
pixel values are assumed to be the mixture of the spectral
signatures of all the components with in the pixel which can be
represented as:

m=ux+vy+wz €D)

Where m is known spectral signature of mixed pixel, X, y and z
are the known as spectral signature of the three endmember
signatures with in the mixed pixel, and what is the proportions
of these all endmember with in that mixed pixel is represented
by u, v and w. our interest is in identify the value of u, y and z.
Basically we use Least Square Error (LSE) method to find the
unknown values of u, v and z. we can also use Hough
Transform(HT) for this as LSE sensitive to outliers but HT
perform better in presence of outliers[2].

There are two categories of techniques/methods that are used to
identify endmembers from remote sensed images, first are those
that are designed under the assumption of pure pixel. These
algorithms assume that there are at least one pure pixel is
present per endmembers. Means that for each endmember i,
there is at least one pixel having p; being a vertex of the
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simplex encompassed by the data. Second techniques are those
that are designed without the assumption of pure pixel that not
a single pure pixel is available. Following are the techniques
used for extraction of mixed pixels.

2.1 PPI

Pixel Purity Index is supervised in nature that most successful
technique [1] used for endmember extraction as it is also
available in Environment for Visualizing Images (ENVI)
software. PPI is based on the convex set of geometry and take
spectral pixels as vectors in N —dimensional space [4]. In PPI
algorithm the first step is to reduce the dimensionality by using
Minimum Noise Fraction (MNF) is applied on original data
cube. After this random N-dimensional vector known as
skewers are generated by calculating pixel purity score for each
point [6]. Every data point with its position is put on each
skewer, and ones falling at the extremes of each skewer are
counted. Those pixels that count above a decided threshold are
declared pure.

2.2 N-Finder

N-Finder algorithm is basically finding the pixels that can
construct simplex with the maximum volume. In this method
the first step is to reduce the dimensionality of the original data
by using MNF. Then the randomly selected pixels are declared
as endmembers. To calculate the trail volume Z, will be defined
as:

_ 1,1,...1

=( ) ®)
Here z; are the endmeber column vectors, Z represent the total
number of endmembers which is used to compute the simplex

volume. The endmember formed the volume of simplex is
proportional to determinants of Z [10];

V(2) = G abs(IZ]) 3)

2.3 IEA

Iterative Error Analysis (IEA) is widely used endmember
extraction algorithm. This is algorithm is a collection of
constrained unmixing operations. Mean spectrum is selected
from the data to set the initial vector then the series of
constrained unmixing operation is perform on this data vector,
then error image is generated by the errors at each pixel once
the unmixing operations are performed. The user then selects a
desired number of endmembers E, a number of pixels R, and an
angle price ©. R is therange of pixels withthe most
important number of errors, selected from the error image. The
spectral vector corresponding to the pixel with the only largest
error is found. A subset of R consisting of all those pixels that
fall at intervals associate angle © of the most error vector is
then calculated, and these pixels are averaged to turn out the
new endmember vector. This process is continuing till E
endmembers are elite [5].

2.4 CCA
This method is primarily based on the very fact that some
physical quantities, such as radiance and reflectance, are plus.
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The  vectors  formed by distinct radiance/reflectance
spectra will be expressed as linear mixtures of plus parts,
which lie within a plus, convex region. The objective of CCA
is to seek out the boundary points for that region. To implement
this concept, the method finds the eigenvectors of the sample
spectral matrix of the image, and selects those eigenvectors
corresponding to the E largest eigenvalues (where is that the a
priori number of endmembers to model). The method
then appearance for  the  boundaries of the convexo-
concave cone,  where  the linear mixtures of  these
eigenvectors turn out vectors that area unit strictly plus, by
using the following expression:

2.5 AMEE

The Automated Morphological Endmember Extraction
(AMEE) rule is associate endmember extraction algorithm that
makes synchronal use of special and spectral information via
multi-channel morphological process [8]. The input to AMEE
is the full image data cube, with no need of spatial
property reduction. Let r denote the input data cube and r (X, y)
denote the pixel vector at special location (X, y). Similarly, let
K be a kernel defined in the special domain of the image (the x—

y plane).

This kernel, usually known as structuring component (SE) in
mathematical morphology nomenclature, is translated over the
image. The SE acts as a probe for extracting or suppressing
specific structures of the image objects, according to the
dimensions and shape of the SE. Having the above definitions
in mind, AMEE method is based mostly on the appliance of
multichannel erosion and dilation operations to the information.

(T' ® K)(x' }’) = arg{min(s,t)EK[Zs ZtSAM(r(xi }’)»T(x +

s,y + )]} (4)
(r ® K)(x,y) = arg{maxs pex[Ts X SAM (r (x, ), 7(x —
s,y — )} 5)

where SAM is spectral angular mapper.

able 2: Comparison of Algorithms
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2.6 Vertex Component Analysis

The  VCA [11] is also  designedto  scale
back expensive procedure quality suffered in MVT and CCA
by substitution straightforward volume calculation with OP and
growing protrusive hulls vertex by vertex till it reaches a p-
vertex protrusive hull rather than substitution p-
vertex protrusive hulls all at once as MVT and CCA do.

Its idea is similar to SGA within the sense that
VCA conjointly grows protrusive hulls one vertex at a
time consecutive in succession, but has a
major distinction from that of SGA in a way to realize a vertex
to grow a protrusive hull. More specifically, VCA grows
convex hulls with peak orthogonal projections instead of
simplexes with peak volume utilized by SGA. In other words,
VCA appeals for the maximum orthogonal projection as a
criterion as PPl will to grow its protrusive hulls compared to
SGA that uses the peak volume of a simplex as a criterion to
grow simplexes as N-FINDR will. In light of this interpretation,
VCA can be thought-about a consecutive version of PPI, and
SGA can be viewed as a consecutive version of N-FINDR.

# Table 1: Computational Complexity of Different
Algorithms
Algorithms Numbers of flops
PP 2EsP
2
VCA 2E“P
+1
N-Finder EvEP
E
SGA P(Z nn
n=2

Table 1 shows the computational complexity among PPI, VCA,
N-finder and SGA. Where E is the total number of
endmemember, P is the total number of pixels and s is the
skewers.
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MNF- Minimum Noise Fraction, SVD- Singular Value Decomposition, PCA- Principal Component Analysis

3. PROPOSED METHOD FOR
EXTRACTION AND RESULTS

All the above said method used to extract endmember from the
satellite image, but not single method from these methods is
used for the identification of mixed pixels from the remote
sensing images. Most of the methods that are used to classify
mixed pixel use band values for the identification of mixed pixel
from the pure one, but when this band value is not available then
it is hard to say which pixel is mixed pixel. In this paper a new
approach is proposed to classify a remote sensed image into
pure pixels and mixed pixels by using neural network.

Step 1: Generate superpixel image

In this experiment different 100 satellite images have been used
from airbus defence and space library. The database of proposed
work is the collection of images from different satellites so that

this system can be used for any resolution and without the
information of band values. The Pléiades satellite image of
Milano 2015, Italy shown in figure (1) containing five land
cover classes: water, vegetation, residential area, soil, roads,
which are used as the base for classification process.

@
Figure 1: (a) The Pléiades satellite image of Milano 2015, Italy, b)
ground truth image of (a)
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- Vegetation
- Res-Area

Soil

Road

Legends

The pixel-grid illustration is Associate in Nursing "artifact" of
a digital imaging method and not a natural one. Most of the
image process algorithms visualize image with the
utilization of pixel grid, because the underlying illustration.

Several random modelsof pictures area unit usually outlined on
this regular grid. It’d be a lot of natural, and presumptively a lot
of economical, to figure with meaty entities obtained from a
low-level grouping method. The results of over-segmentation

=
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partitions the image into fewer range of segments referred to as
superpixels. Superpixels are ordinarly outlined as catching and
grouping uniform pixels within
the image, that are wide utilized in segmentation
and visual perception [9][18].

image

The superpixel map is natural and perceptually important
illustration of the input image. Therefore, compared to the
standard element illustration of the image, the superpixel
illustration greatly reduces the amount of image primitives and
improves the representative potency. The convenience and
effectiveness of superpixels to reckon the region primarily
based visual options provides vital advantages for the vision
tasks like visual perception [9]. This segmentation procedure
employs SLIC superpixels [19] and the DBSCAN clustering
algorithm. SLIC superpixel approach formulates an over-
segmented image and the generated superpixels are then
processed through DBSCAN method to create superpixels
segmentation clusters. This strategy is easy and fast relatively.
Figure (2) shows the different images and their conversion to
super pixels and then merged super pixel images

Figure 2: (a, e, i, m) remote sensed images of different resolution, (b, f, j, n) Super pixel image of RSI, (c, g, k, 0) merged super pixel image, (d,
h, I, p) Ground truth image of images of merged super pixel images

Website: www.ijcsr.forexjournal.co.in

1-Dimensional Convolutional Neural Network Based Blood


https://www.ijeer.forexjournal.co.in/

FOREX

Publication
Open Access | Rapid and quality publishing

Step 2: Merge internal objects of super pixel

Super pixel clustering technique of step 1 produce internal
object in a single super pixel, which causes confusion and
increases processing time and reduces accuracy. To solve this
issue in this proposed method we will merge internal object of
a super pixel to its main objects by following algorithm 2.

Algorithm 2: Merging internal objects of super pixel
fori==1ton /I n is the number
of unique objects found after applying super pixel
A; = bin(0;) Il bin(0;) is the
function to compute binary of it object.
AF; = fill(4;) Il fill(4;) is the
function to fill internal holes of objects as given in [21]
AN; = AF; = & ~ A; /I AN; is the internal
object which are filled by morphological operation
[r,c] = pos(AN;) /I 'r, c are the position
found to be merged with function pos of object AN;
forj==1tolen—r /' len-r is the variable
having length of pixels to be merged
o(rj,¢) =i /I values at position rj,
¢; will be replaced by i
end for
end for

This merged object image give better and accurate clusters and
also reduces the processing time for classification.

Step 3: Generate inputs and outputs for classifiers

Once we get final super pixel image then find the features on
which feature vector table and targets will be generated which
will be feed to classifiers for classification of pixels into pure
and mixed pixels. In this experiment inputs and outputs are
created by calculating probability of maximum existing object
in a single super pixel and by calculating mean of red, green and
blues values of a super pixel respectively.

Algorithm.3: Generating inputs and outputs
for j=1to «
3, ¢ = pos(0;)
fori=1top
1, ¢; = pos(0;)
P =len—r;/len—1p
end for
UP; = sort{P}

k=B k=B k=B
_ Zk=1 Irk, ck_R Zk:1 rk, ck_G Zk:1 Irk, ck_B

P:

! B ' B ’ B ’
FVT; = P;

T; = max (UP;)

end for

Where

oc is the number of object after super pixel
r,, c, are the position of j™ object
ri, Ci are the position of i" unique object in j™ super pixel
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P; is the probability of i object in j super pixel

P; is the variable containg mean value of j™ superpixel for
R,Gand B

FVT; & T; are the feature vector table & targets for j object

Also getting the features and area of different super pixels it will
help to identify the total amount of share of the existing classes
in the given image

Step 4: Classification of super pixels in pure and mixed pixel
super pixels

Once the endmember (distinct classes) are clearly identified
from the image next step is to classify the pixels into pure and
mixed ones. There are various techniques used to classify the
hyper-spectal images based on seven band values, which make
the classification process easier, but for remote sensed images
without having values for different spectra and only having only
information of three bands (Red, Green, and Blue) then the
previously used technique will not be able to perform better
with that accuracy.

Convert Ip S, ip
into Super

piscel image Merge Sub

—super Pixel

Input Image
Read an

—|  Image )

Generate
inputs and
outputs (FVT
& Targets)

Output Image

Classifying
Tnput & Outputs

Figure 3: Data Flow Diagram of Proposed Algorithm

There are mainly two type of classification processes that are
used; supervised classification and unsupervised classification.
In supervised classification, the spectral signatures are
developed from the specified locations of the image and theses
specified locations are given the generic names ‘training sites’
and are defined by user. From these spectral signatures
statistical characteristics of different land cover classes are
generated which are used as reference to classify the pixels to
their appropriate class. On the other hand, unsupervised
classification, classify pixels into different classes based on the
natural grouping exist in the image values. Unsupervised
classification does not require expert analytic data for the
reference to classify unlike the supervised process.
Unsupervised classification approach is not preferred one
because results are purely relying on software’s knowledge of
identifying pixels which is not always correct and as in image
there are many type of other instances exist that change the band
values that we are using in this experiment like; shadows and
these can only analysis by the human. As the result of these in
this experiment supervised classification is used. There are
various classifiers that can be used to perform supervised
classification. Figure (3) shows the complete data flow diagram
(DFD) of the proposed method used in this experiment to
extract the mixed pixels from the inputted satellite image which
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is pre-processed and to generate super pixel image of the input
image. Table 3 shows the comparison of different classifiers.

i Table 3: Difference between Classifiers
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Predacc — predictive accuracy, Trains, - Training speed, Preds, - Prediction speed, Perfsmions - Performs well with small number of
observations, Handlirreat - Handles lots of irrelevant features well , Autolearnsainer - Automatically learns feature interactions,
Calibprobmemership - Calibrated probabilities of class membership, Featneedsca- Features might need scaling

There are various statistical parameters used to evaluate the
performance of the classifier systems. To evaluate the proposed
system, we are using five parameters; True Positive (TP), False
Positive (FP), Precision, Recall, F-measure, Accuracy as given
in table 4.

able 4: Performance Parameters

Parameter Formula Description
TP measures the proportion of
Recall TP + FN positives that are correctly
identified as such
measurement system is the
TP+TN degree of closeness of
Accuracy TP +FP +TN + FN measurements of
a quantity to that quantity's
true value
proportions of positive
Precision 7TP results
TP + FP in statistics and diagnostic
tests that are true
positive results
This measure test the
2TP accuracy, it’s at best when
F Measure —_ value is 1 and ta its worst
2TP + FP + FN when value is 0

TP-true positives, FN- false negatives, TN- true negatives, FP- false
positives

The values of these parameters in the experiment are shown in
table 5 for different classifiers to choose the best among them
for further classification.

Table 5: Values of Evaluation Parameters

Name of FP- P_rc? Re F_M | Accur
o TP_Rate cisi esur acy
Classifiers Rate call
on e (%)
Conjugate
gradient

0.2395 0.058 | 0.68 | 0.6 | 0.68 81.50

backpropagation 6 29 | 829 29

with Powell-Beale
restarts
Scaled conjugate
gradient
backpropagation
Gradient descent
with adaptive 0.009 | 043 | 04 | 043
learning rate 0.0735 8 62 | 362 62 8289
backpropagation
Gradient descent
with momentum
and adaptive
learning rate
backpropagation

0.074 | 066 | 0.6 | 0.66
0.2673 0 86 | 636 86 81.12

0.024 | 043 | 05 | 043
0.1409 6 33 | 200 33 82.36

1.0000 0.000 | 1.00 | 1.0 | 0.99 99.94

Random Forest 0 00 000 90

0.178 | 081 | 09 | 0.85
AdaboostM1 0.9040 0 80 | 040 90 90.43
. 0.006 | 096 | 0.0 | 0.95
Navie Bayes 0.9500 0 30 | 950 40 95.01
. 0.001 | 099 | 09 | 0.99
Bagging 0.9990 0 90 990 90 99.89

As it shows from the table 3 that Random Forest and Bagging
classifiers perform better as compare to others. Random Forest
is an improvement to bagging decision tree. The fundamental
difference between random forest and Bagging is that in
Random Forest best split feature from the randomly selected
subset of features from the total features are used to split the
each nodes in a tree, where as in bagging all the features are
considered for this splitting of nodes. This random selection of
subset of features to split the nodes reduces correlation between
trees which further improve the variance. For the selection from
these two in the experiment is clearly evident that Random
forest have zero FP rate and have higher accuracy as compare
to other for which in this proposed approach Random classifier
will be used to classify an image pixels to super mixed and pure
super pixels. Figure (4) show the algorithm of the Random
Forest used in the proposed scheme.

subset

Select training
data subset

Dataset

False

___—¥Sample data

l Sample data

Choose
best split
44

Compute Gini
Index at each
split point

Sorted data-sample

43 Value of Gini

Index

Figure 4: Data Flow Diagram of Random Forest Algorithm
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There are also various other than accuracy benefits of Random
Forest like; it can run on large amount of database efficiently,
it can generate an internal unbiased estimate of the
generalization error as the forest building progresses, it
computes proximities between pairs of cases that can be used in
clustering, locating outliers, or (by scaling) give interesting
views of the data, Capabilities of the above can be extended to
unlabeled data, leading to unsupervised clustering, data views
and outlier detection, Offers an experimental method for
detecting variable interactions[7]. After passing inputs to
classifiers (Random Forest) the image will be classified into
pure super pixels and mixed super pixel with only using three
bands value. Figure (5), shows the ground truth images of input
images and after processing through proposed approach the
ground truth of classified images in pure and mixed (red) super
pixels.

e d

@)

Figure 5: (a, ¢, e shows the ground truth images of input images, (b,
d, f) final classified images (into pure pixel and mixed pixels (in red
color))

To compare the proposed algorithm with existing techniques for
extraction Root Mean Square Error (RMSE) is used as a
parameter. Suppose X is the original image X reconstructed
image of X. RMSE is calculated as following:

1

P 2

~ 1 1 C 2
RMSE(X,X) = Fz EZ[yﬁ — 9] (6)
j=1

i=1

Where y; is pixel vector given by y; = [y, y2j,, yg;] of original
image and §; = [94, ¥2j, -, Il and j=1, .., P.
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i Table 6: RMSE value of the algorithm

Algorithm Average RMSE
IEA 0.1599
N-Finder 0.1068
VCA 0.1007
Proposed Algorithm 0.0085

Table 6 shows Root Mean Square Error (RMSE) value of
different algorithm and it shows that the proposed algorithm in
this paper have the minimum RMSE so it is better than other
mention algorithm and figure (6) show the graphical
comparison of algorithm.

0z

EA NeFinder veA Proposed Algorithin

RMSE Values of different classifier

Figure 6: RMSE value of different mixed pixel extraction algorithms

While comparing with different algorithm on the other
parameter like computing time, the proposed method take less
time as compared to the other algorithms mention in literature
survey. Computing time is the time taken by the technique to
classify the given image to pure pixels and mixed pixels.

“Table 7: Computing time of the algorithms

Algorithm Computing time
Proposed Method 0.39
VCA 1.16
PPI 1.65
SGA 591
N-Finder 31.26

Computing time of mixed pi ion algorithms
T

£ T T

Proposed Menod WCA PPl SGA NFinder
Algorihms

Figure 7: Computing time of different mixed pixel extraction
algorithms
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4. CONCLUSION

In this paper a novel approach is proposed for the extraction of
mixed pixel from a remote sensed image based on three band
values. In this proposed method super pixel concept is used to
make classification easy and to increase the speed. So, the
image is classified into pure and mixed super pixels and this
experiment also merge the internal instances of the super pixel
to its parent super pixel. Merging of internal object to its parent
will increase the accuracy by 5% of the classification process as
compare to use a normal super pixel image. Various classifiers
like, Navie Bayes, Adaboost, Bagging, Random forest and
neural networks are tested to select the best from them. As per
the performance evaluation parameters Random forest perform
better than other. Kappa coefficient factor of random forest is 1,
which is good for the classification.
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