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Abstract:

Mammograms, once mere X-ray images, are now powerful allies in the fight against breast cancer. Armed
with sophisticated statistical image classification techniques, these images reveal hidden clues that can
lead to early detection. Beneath the surface of a mammogram lies a complex tapestry of patterns, each one
a potential marker of malignancy. By decoding these intricate patterns, algorithms can identify
abnormalities that might otherwise go unnoticed. The Mammographic Image Analysis Society (MIAS)
has been at the forefront of this revolution, creating a vast database of digital mammograms. From this
treasure trove, we've selected 322 images to put our statistical prowess to the test. Using a powerful
machine learning tool known as Support Vector Machine (SVM), we've classified these images into seven
categories:

o Calcifications (CALC): Tiny, hard deposits.

e Circumscribed (CIRC) masses: Well-defined lumps.

e Speculated (SPIC) masses: Lumps with spiky edges.

e Ill-defined (MISC) masses: Irregular, indistinct lumps.

e Architectural distortions (ARCH): Changes in the breast's structure.

o Asymmetry(s) (ASYM): Differences between the two breasts.

e Normal (NORM): Healthy breast tissue.

Our goal is to shed light on the intricate process of mammogram classification and share the insights

gained from our analysis presented in the user-friendly language and the analysis is carried out using
MATLAB.
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I. Introduction
Broad steps involved in statistical analysis of mammogram are shown in the following block diagram.
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Figure 1: Block diagram of Mammogram Analysis from Pattern Recognition point of view Details
of preprocessing, identification of Region of Interest (ROI), feature extraction and classification are
presented in subsequent sections from 2 to 5.

I1. Preprocessing of Mammogram Images

To enhance the diagnostic accuracy of mammograms, pre-processing is essential. This involves removing
various artifacts and noise that can obscure critical features. Specific pre-processing techniques include:
Digitization noise reduction: Removing errors introduced during the image acquisition process.
Artifact suppression: Eliminating spurious structures or patterns that are not related to breast tissue.
Background separation: Isolating the region of interest (breast tissue) from the surrounding background.
Pectoral muscle segmentation: Identifying and separating the pectoral muscle from the breast tissue.
These steps collectively improve the quality of the mammogram image, making it easier for radiologists
to detect abnormalities.

I1I. Finding Region of Interest (ROI)

A. Using Image Segmentation

[Qinghua Huang, et.al., 2017] define image segmentation as the process of dividing an image into regions
to separate objects from the background. There are four main methods for image segmentation:
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Thresholding: This method separates an image into different regions based on a predetermined gray level
threshold. Pixels with values above the threshold are considered part of the object, while those below are
considered background.
Edge Detection: This method focuses on identifying boundaries between objects. By analyzing
discontinuities in gray level values, edges and contours within the image are detected. These edges play a
crucial role in extracting features for object recognition.
Region-Based Segmentation: This method groups pixels with similar gray levels into distinct regions.
Pixels that are connected and share similar intensity values are grouped together.
Region Growing: This method considers the similarity of neighboring pixels. Pixels with common
characteristics are grouped together to form regions with a certain degree of homogeneity.
The underlying principle of region segmentation is to subdivide an image into smaller, non-overlapping
areas with consistent properties. Figure 1 illustrates the spatial decomposition of an image into four
separate regions. The union of these regions must encompass the entire image domain, while their
intersection should be empty (no pixels belong to both regions simultaneously).
Formalizing Segmentation: Let Rt represent the entire image region. We can express image
segmentation as a process that partitions Rt into n non-overlapping sub-regions, denoted as Ri, Ro, ..., Rj,
..., Rn (refer to Figure 1). Here are the key mathematical properties of this segmentation:
1) Completeness: Every pixel in the image must belong to one and only one region. Mathematically, this
translates to:
n

Rt = U R; (Union of all Ri regions is equal to the entire image region)

i=1
i1) Connectedness: Pixels within a region must be connected to each other.
ii1) Disjointness: Regions must not overlap. No pixel can belong to both R; and R; simultaneously, where
1 # j. Mathematically:
Ri N Rj = (Intersection of any two regions is the null set) for i1 #

Ra

Figure 2: The Spatial decomposition of an image into smaller regions
iv) Regional Properties: This condition refers to specific characteristics that pixels within a region must
satisfy. For example, all pixels in R; might have the same intensity value.
v) Mutual Exclusion: No two regions can share the same properties. Regions R; and R; must be distinct
based on the defined predicate P. Mathematically:
P(Ri) =TRUE fori=1, 2, ..., n (Predicate P holds true for all pixels in R;)
P(RiUR;j) = FALSE for i# j (Predicate P is false for the union of R; and R;)
where P(R;) is a logical predicate applied to the pixels in set Ri and O represents the null set.
Explanation:
Condition (i) emphasizes the requirement for a complete segmentation, meaning every pixel needs to be
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assigned to a specific region.

Condition (i1) ensures that pixels within a region are spatially connected.

Condition (i11) guarantees that regions are distinct and do not overlap.

Condition (iv) defines the properties that pixels within a region should exhibit.

Condition (v) underlines the concept of mutual exclusion, where no two regions can share the same
characteristics based on the defined predicate.

B. Using Window Texture Analysis

From the segmented image, the Region of Interest (ROI) is identified as the cluster containing the brightest
pixels. To extract features from this ROI, a traditional approach involves selecting a fixed-size window
that encompasses the ROI. This window size is determined automatically based on the ROI's dimensions.
To accelerate processing, ROIs were extracted from the MIAS database. To comply with radiologist
recommendations, these ROIs were resized to a maximum of 64x64 pixels, with original sizes varying
from 20x20 pixels. The minimum and maximum x and y coordinates of the ROI(s) are used to calculate
the window size, resulting in a 64x64 pixel window.

C. Sparse Texture Analysis

In computer-aided diagnosis (CAD) systems, regions of interest (ROIs) are typically identified using
image segmentation techniques (Chu et al., 2015). Due to the diverse sizes and shapes of abnormalities,
segmented ROIs often vary in dimensions. Traditionally, researchers have resized each ROI into a fixed-
size window for feature extraction. However, this approach can be suboptimal as mass regions are
inherently irregular and variable in size.

The high dimensionality of the feature space resulting from different-sized ROIs can degrade classification
performance. Using a large common template for ROIs not only lowers accuracy but also increases
computational cost (Antonio et al., 2013). Researchers often select different window sizes based on factors
such as the study type, dataset, and malignancy class of the mammogram. Determining the optimal ROI
size for a specific class typically involves experimentation with various window sizes.

To address these limitations, this research proposes a novel method for representing arbitrary-shaped ROIs
automatically: Sparse ROIs. This approach focuses solely on the mass region, excluding non-contributing
pixels from the segmentation process. By eliminating unnecessary information, Sparse ROIs significantly
reduce the feature space and computational time.

This paper also discusses the importance of optimal ROI size, the ability to locate irregular-shaped ROIs
using sparse techniques, and effective feature extraction methods.

The cluster from the earlier step of selected ROI is modeled using sparse representation to cover the
irregular shaped mass as shown in Figure 3.
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Figure 3: Sparse Representation

D. Improved Sparse texture Analysis

The Sparse ROI, introduced in 3.3, is a vectorized representation of the original two-dimensional ROI.
Factors such as the range (number of gray levels), n (number of pixels) and column width (maximum
width or maximum number of columns of mass (ROI)) can significantly impact processing time. To
address this, we propose a new enhanced Sparse ROI model that completely eliminates the influence of
column width, resulting in reduced computational complexity. Unlike the Sparse ROI model, the improved
sparse model retains all four neighboring pixels and the current pixel within the same row, instead of using
x and y coordinates (as shown in Figure 3). Figure 4 demonstrates how this improved Sparse ROI method

can effectively represent irregularly shaped masses (clusters of bright spots).
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Figure 4: Improved Sparse Representation

(a) Pixel and its neighbors L (left), R (right), U (up) and D (down).

(b) Sample ROI
(c) Improved Sparse-ROI
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III. Construction of the Gray-Level Co-occurrence Matrix (GLCM) and Gray-Level Aura
Matrix (GLAM)

This section describes a method for analyzing textures in images, called Statistical Texture Analysis.

Here's a breakdown of flow of evaluating GLCM:

a) Statistical Texture Analysis: Statistical Texture Analysis extract features that describe the texture of
an image. It focuses on the statistical distribution of how pixel intensities are arranged in specific
locations relative to each other. The number of intensity levels (pixels) in each combination influences
the process.

b) Gray-Level Co-occurrence Matrix (GLCM): The GLCM is a popular technique for extracting
second-order statistical texture features (Kanchan Lata Kashyap et al., 2017). This matrix has rows
and columns corresponding to the number of gray levels in the image. Considering the following image
of size 5x5 with 4 gray levels is,

Nk OORO
NNPRFEFOPR
WWwWNNEPE
WNNWN
NN W®WW

c) Normalized GLCM and Relative Frequencies: When normalized, each element in the GLCM
matrix, P (i, j/Ax, Ay), represents the relative frequency of two pixels with intensities 'i' and 'j'
appearing next to each other, separated by a distance of (Ax, Ay). In simpler terms, it captures how
often a specific combination of gray levels occurs within a certain distance (d)and direction (&) in the
image.

d) Calculating GLCM Elements: Given an image neighborhood (a small region) containing 'L' gray
levels (from 0 to L-1), and f(m, n) representing the intensity at position (m, n) within the neighborhood,
the formula for P(i, j/Ax, Ay) is: P(i, j/Ax ,Ay) = W * Q(i, j/Ax, Ay) where W is a normalization factor
and Q(i, j/Ax, Ay) represents the number of times the specific pixel combination (i, j) occurs at the
given distance (Ax, Ay).

e) Calculating GLCM for a 5x5 Image:For the above 5x5 image by using the definition of GLCM and
considering the relative frequencies P (1,]; 1,0) fori=0 (1) 3and j=0 (1) 3, the 4x4 GLCM is as
under (since we have taken 4 gray levels the size of GLCM is 4).

P(i,j;1,0)
0 1 2 3
j
|
0 1/20 2/20 1/20 0
1 0 1/20 3/20 0
2 0 0 3/20 5/20
3 0 0 2/20 2/20

f) Challenges of GLCM and Reducing Gray Levels: As the number of gray levels increases, the
GLCM matrix size grows significantly, requiring more storage space. This can lead to situations where
the feature matrix is larger than the original image! Additionally, GLCMs are sensitive to the size of
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the analyzed image region. To address these limitations, researchers often choose to reduce the number
of gray levels used in the analysis.

g) GLCM Parameterization and Angular Relationships: GLCM analysis requires specifying
parameters such as the distance (d) and angle (0) between the pixels being compared. Due to the
repetitive nature of textures, often only a limited number of angles are considered (typically 0°, 45°,
90°, and 135°). Figure 5 illustrates the geometrical relationships between these parameters.
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Figure 5: Geometrical relationship of GLCM

To obtain a statistically reliable estimate of the joint probability distribution, the co-occurrence matrix
must contain a sufficiently high average occupancy level. This can be achieved by either reducing the
number of gray level quantization levels or by using a relatively large window size.

Reducing the number of gray levels can compromise the accuracy of texture description, especially for
low-amplitude textures. Conversely, using a large window size can introduce uncertainty and error,
particularly in regions with significant texture variations.

A common approach to balance these trade-offs is to use 16 gray levels and a window size of
approximately 32 to 64 pixels on each side.

Simple relationships exist among certain pairs of the estimated probability distributions P (d,#). Let

P"(d,8) denote the transpose of the matrix P (d, @). Then
P(d,0°)=PT(d,180°%)
P(d,45°) = P"(d,225%)
P(d,90°)=P"(d,270°%)
P(d,135°) = P"(d,315%)
Thus, the knowledge of P (d, 180°%), P (d, 225°), P (d, 270°) and P (d, 315°) adds nothing to the specification

n

of the texture. In general, if X Z", the number of independent directions from X in Z"is . Forn=2,

number of independent directions is equal to four. Hence, we have taken 0°, 45° 90°, and 135°,
For n=2, number of independent directions is equal to four. Hence, we have taken 0°, 45°, 90°, and 135°.
Then GLAM can be represented as sum of GLCMs of the said 4 directions for fixed distance.
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IV. Textural Feature Extraction from GLCM or GLAM
We use the following notations in describing features (Zyout Imad, et. al., 2015) from GLCM.
Let us represent matrix Pjj as follows

J|1 2 K
i
1 |[Pun [P P 1k
2 |Pr |P2 ... P ok
k | Pkt | Pk Pxk
Row wise marginal totals are represented as P1, P2, ..., Px. and those of column wise are P 1, P, ..., Px
such that
k K
Z Di. :Z P; =P
i=1 j=1

k
w, =E()= Zipi_ = marginal mean w.r.t ‘x’
i=1

K
My, = E())= Z Jpj = marginal mean w.r.t ‘y’

j=1
p =over all mean
K

k
or = (i-m)p oy=2(i-1)p,
i=1 j=1

k K
Oy = ZZ (I - /ux)(.l _/Lly) pij
i=1 j=1
The following textural features are extracted.

i) Angular Second Moment (ASM) = > >" B/
i

ASM is a measure of image homogeneity. A homogeneous image contains few gray levels, resulting in a
GLCM with a few but relatively high P (i, j) values. This leads to a high sum of squares.

i) ContrastZEnz(ii P, i—j\:n

i=1 j=1

This measure quantifies the contrast or local intensity variation, which is primarily influenced by the oft-
diagonal elements of the GLCM.
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Oy
0,0y

iii) Correlation =

Correlation measures the linear relationship between the gray levels of pixels at specified relative positions
within an image.

k Kk
iv) Total Variance (0'2) = Z Z (i— ,U)2

i=1 j=1
This feature emphasizes the elements that deviate significantly from the average value of Pj;.
V) Inverse Difference Moment (IDM)
G ey
IDM is also influenced by image homogeneity. The (1+(i-j)?)! weighting scheme assigns lower weights to
off-diagonal elements. As a result, IDM tends to be lower for heterogeneous images and higher for
homogeneous images.

Vi) Sum Average
2L—-2

AVER = z iR, ()

The Sum Average, like variance, is rotationally invariant.
vii) Entropy

-
AR
I_
|_\

ENTROPY = — i-100 P,
i=0 j

Heterogeneous scenes typically have low first-order entropy, while homogeneous scenes tend to have
higher entropy.

viii)  Sum Entropy (SENT)
2L-2

SENT=" Z Px+y (I) IOg(P(x+y) (I))

Sum Entropy is sensitive to image rotation and can be used to differentiate between images with different

I\
o
I\
o

rotational orientations.

iX) Sum Variance (SV)
2L-2

sv- 2 (i—=SENT)’R,.,,(0)

It measures the dispersion of gray-level values. A higher Sum Variance indicates a greater spread of gray-
level values in the image, suggesting a more heterogeneous texture. Conversely, a lower Sum Variance
implies a more homogeneous texture with less variation in gray levels.

X) Difference Entropy

DENT= Z P., () log(P,, (1)

Difference Entropy is a statistical texture feature derived from the Gray-Level Co-occurrence Matrix
(GLCM). It measures the randomness or disorder of the gray-level differences between neighboring pixels.

IJFMR240631697 Volume 6, Issue 6, November-December 2024 9



https://www.ijfmr.com/

i International Journal for Multidisciplinary Research (IJFMR)

IJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com

A higher Difference Entropy indicates a greater degree of randomness or variation in the differences
between neighboring pixels, suggesting a more complex texture. Conversely, a lower Difference Entropy
implies a more ordered and uniform texture.

L—1 L1 2
Xi) Inertia= Z Z ( i— ] ) B;

i=0 j=0
Inertia is a statistical texture feature derived from the Gray-Level Co-occurrence Matrix (GLCM). It
measures the concentration of elements around the diagonal of the GLCM. A higher Inertia value indicates
that the gray-level values of neighboring pixels are more similar, suggesting a more homogeneous texture.
Conversely, a lower Inertia value implies a more heterogeneous texture with greater variation in gray-level
differences between neighboring pixels.

xii) Cluster Shade

L-1L-1

SHADE= 2,0, (+ =, —u,)°P,

i=0 j=0
Cluster Shade is a statistical texture feature derived from the Gray-Level Co-occurrence Matrix (GLCM).
It measures the skewness of the GLCM, indicating the asymmetry of the distribution of gray-level pairs.
A higher Cluster Shade value suggests a more skewed distribution, indicating a texture with a dominant
direction or pattern. A lower Cluster Shade value, on the other hand, indicates a more symmetric
distribution, suggesting a more uniform texture.

xiii)  Cluster Prominence

L-1 L1

PROM= D > (i+j— s, —11,)* P,
i=0 j=0
Cluster Prominence is a statistical texture feature derived from the Gray-Level Co-occurrence Matrix

(GLCM). It measures the strength and number of clusters of high probability values within the GLCM. A
higher Cluster Prominence indicates a more pronounced clustering of gray-level values, suggesting a more
regular and repetitive texture. Conversely, a lower Cluster Prominence indicates a more random and less
structured texture.

V. Classification of Mammograms and performance measures

Mammogram Classification using Multiclass SVM: A multiclass Support Vector Machine (SVM) was
employed to classify mammograms into seven categories based on thirteen extracted features. To assess
the performance of various feature extraction schemes, a confusion matrix was generated for each
experiment with 90%, 80%, 70%, and 60% of the data used for training, with the remainder used for
testing under various schemes mentioned below.

i)Fixed Window: Gray-Level Co-occurrence Matrix (GLCM) and Gray-Level Aura Matrix (GLAM) were
extracted from fixed-size windows within each mammogram.

ii)Sparse Window: GLCM and GLAM were extracted from sparse windows within each mammogram.
iii)Improved Sparse Window: GLAM was extracted from improved sparse windows within each
mammogram.

Dataset: The dataset comprised 322 mammogram images, distributed unevenly across seven classes. For
each classification experiment, a portion (p%) of images was randomly selected from each class for
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training, while the remaining (1-p) % served as the test set.

Performance Metrics: The following performance metrics were calculated based on the confusion
matrix:

Accuracy: Overall correct classification rate

Sensitivity: True Positive Rate (TPR)

Specificity: True Negative Rate (TNR)

Precision: Positive Predictive Value (PPV)

VI. Results

A fixed window size of 64x64 pixels was used to segment Regions of Interest (ROIs) in all 322
mammograms. This approach yielded the following results:

Pixel Count: Number of pixels within the fixed window ROI used for constructing Gray-Level Co-
occurrence Matrices (GLCM) and Gray-Level Aura Matrices (GLAM), as well as the number of pixels in
Sparse and Improved Sparse methods.

Computational Time: Time taken by traditional Fixed Window, Sparse, and Improved Sparse ROI
methods for GLCM and GLAM construction.

Extracted Textural Features: Textural features extracted using Fixed Window GLCM, Fixed Window
GLAM, Sparse GLCM, Sparse GLAM, and Improved Sparse GLAM.

To conserve space, only the results for 25 mammograms, including pixel counts,
computation time, and extracted textural features, are presented here in Tables 1-9. The
complete results are available upon request from the first author.

Tablel: No. of pixels in Fixed Window ROI for the construction of GLCM and GLAM

Fixed Window
Sl. No.No. of No. of No. of
Rows Columns Pixels
1 20 51 1020
2 421 435 183135
3 113 211 23843
4 568 523 297064
5 339 175 59325
6 29 36 1044
7 6 5 30
8 506 6 3036
9 238 262 62356
10 492 348 171216
11 42 61 2562
12 635 274 173990
13 412 286 117832
14 269 468 125892
15 297 341 101277
16 349 201 70149
17 310 108 33480
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18 470 310 145700
19 715 448 320320
20 230 299 68770
21 688 390 268320
22 332 394 130808
23 449 346 155354
24 631 242 152702
25 500 271 135500

Table 2: Number of pixels in Sparse/Improved Sparse methods
Sparse/Improved
S. No. Sparse
No. of pixels

1 67661

2 82628

3 113343

4 87241

5 171

6 258

7 2144

8 3060

9 23815

10 839

11 24723

12 72

13 10885

14 239099

15 159567

16 17037

17 117

18 15005

19 4366

20 3405

21 699

22 15894

23 3736

24 1718

25 120820
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Table3: Time taken by traditional Fixed Window, Sparse and Improved Sparse ROIs

for GLCM and GLAM

S. No. GLCM (time in GLAM (time in sec.)
sec.)

Fixed Sparse | Fixed Sparse Improved

window window Sparse
1 143.5852 | 2.957019 | 260.482 | 1352.123 | 2.955628
2 145.2275 | 4.448406 | 268.2461 | 1882.818 | 3.904705
3 164.9035 | 6.460743 | 298.6097 | 2054.91 | 5.458111
4 188.369 | 2.515627 | 302.0604 | 1113.971 | 1.799991
5 191.4232 | 0.023025 | 423.9706 | 0.044355 | 0.005023
6 220.9597 | 0.022237 | 406.6209 | 0.225772 | 0.009506
7 205.5852 | 0.148843 | 314.8274 | 5.053507 | 0.024971
8 275.5019 | 0.586013 | 387.4853 | 34.73158 | 0.131029
9 259.5557 | 0.319164 | 305.5605 | 357.4795 | 0.45015
10 271.5191 | 0.036462 | 243.8996 | 0.369994 | 0.011707
11 262.0639 | 0.069719 | 315.1551 | 385.7937 | 0.534382
12 271.3971 | 0.04036 | 295.1555 | 0.008339 | 0.004593
13 262.7504 | 0.205182 | 395.8247 | 65.91151 | 0.129517
14 359.9116 | 12.99278 | 440.8307 | 7232.642 | 12.87329
15 352.7992 | 6.321749 | 269.7271 | 3854.157 | 6.409962
16 348.723 | 0.451405 | 235.8287 | 187.4673 | 0.315695
17 340.0404 | 0.009062 | 154.3511 | 0.037845 | 0.005808
18 347.0623 | 0.574854 | 157.4065 | 154.0435 | 0.437949
19 346.0856 | 0.07669 | 457.7204 | 14.92219 | 0.027928
20 342.2221 | 0.119756 | 403.0937 | 19.70896 | 0.054855
21 341.8415 | 0.377752 | 286.6165 | 1.420357 | 0.035128
22 340.6856 | 0.339082 | 258.2849 | 97.33222 | 0.250247
23 339.8158 | 0.071054 | 341.4162 |5.57726 | 0.033975
24 339.6045 | 0.295753 | 337.6345 | 26.3731 | 0.281756
25 338.9166 | 5.626249 | 449.4328 | 4183.488 | 6.043973
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Table 4: Textural Features Extracted by Fixed Window GLCM for 25 images
SUM
DIS OF
R L L DIFFE
5 CcO €O SIM SQU CLU | CLUS SUM | SUM
As |nT D REL : ENT ARE INE | STE | TER RENC ENT | AVE
N - ) ROP RTI |R PROM | E
M |R- | M LA S OF ROP | RAG
0 ATI Y A SHA | INENC | ENTR
AST ON RIT VARI bE & oPY Y E
Y ANC
E
9-5015.60 14.73 9.99 1.64 3.10 | 2.13E 2.60 1 2.87 1.01E+ | 2.74E- | 3.80 | 1.36
I JE- | E+0 | E- E-01 E+0 E-03 | +04 E+0 | E+0 10 02 E-02 | E+02
04 |0 01 o i 0 7 i
2.0214.26 | 5.47 9.99 1.34 - 3.08E 4.26 1 4.66 1.81E+ | 1.56E- | 1.73 | 1.69
2 |E- |E+0 | E- B0l E+0 |2.21 o E+0 | E+0 0 0 B0l | Exon
03 |0 01 ) 0 E-02 0 7 )
2.65]1.21 |5.48 0,08 1.46 207 |3.53E 1.21 | 5.67 5 31Es | - 181
3 | E- | E+0 | E- B0l E+0 £03 | 104 E+0 | E+0 0 3.41E- | 1.14 B0
03 |1 01 0 1 7 03 E-01
2.05 1340 ) 3.59 9.99 1.21 8.06 |3.10E 3.40 | 4.68 1.81E+ | 8.83E- | 7.70 | 1.70
4 |E- |E+0 | E- E-01 E+0 E-03 | +04 E+0 | E+0 10 03 E-02 | E+02
03 |0 01 o i 0 7 i
2.051 3421 5.59 9.99 1.21 1.08 | 3.10E 342 | 4.67 1.80E+ | 8.83E- | 7.90 | 1.70
> | E- | EX0 | E- E-01 E+0 E-02 | +04 E+0 | E+0 10 03 E-02 | E+02
03 |0 01 o i 0 7 i
479 | 2.78 | 5.80 9.99 1.11 |- 5 S5k 2.78 | 3.45 1216+ lo30E. | 156
6 | E- |E+0 | E- 01 E+0 | 1.78 o4 E+0 | E+0 0 0 8.59 E102
03 |0 01 o E-02 0 7 E-02
3.67133115.63 9.99 119 1.93 | 2.61E 3.3113.58 1.26E+ | 5.12E- | 1.58
7 | E- |E+0 | E- B0l E+0 E04 | +04 E+0 | E+0 0 03 8.81 E102
03 |0 01 o i 0 7 E-02
2.1015.04 ) 4.77 9.98 1.56 1.94 | 2.22E >.04 1 2.82 9.17E+ | 3.75 | 1.44
8 | E- | E+0 | E- E ol E+0 E00 | 104 E+0 | E+0 0 4.61E- £ | Bro2
03 |0 01 o i 0 7 02 i
176 | 7.61 | 4.85 9.98 156 - 2.12E 7.61 1267 8.68E+ | 3.74E- | _ 1.39
9 |E- |E+0 | E- B0l E+0 | 1.28 o E+0 | E+0 0 0 3.73 E102
03 |0 01 o E-02 0 7 E-02
1.74 | 7. 4. 1. . 2.
1 74| 7.70 1 4.85 9.98 37 1.60 | 2.12E 7.70 1 2.68 8.72E+ | 3.74E- | 7.35 | 1.39
0 E- | E¥0 ) E- E-01 E+0 E-02 | +04 E+0 | E+0 09 02 E-02 | E+02
03 |0 01 o i 0 7 i
1 174 | 7711 4.85 9.98 L57 - 2.12E 771 2.68 8.73E+ | 3.74E- | _ 1.39
1 E- | E+0 | E- E-01 E+0 | 1.07 +04 E+0 | B+ 09 02 >4l E+02
03 |0 01 0 E-03 0 7 E-02
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1 L73 | 1191 4.85 9.97 162 - 2.13E 1.1912.70 8.79E+ | 3.15 | 1.40
5 E- |E+0 | E- B0l E+0 | 4.38 o E+0 | E+0 0 1.12E- £ | Broz
03 |1 01 0 E-04 1 7 03
1 12111391 4.89 9.97 1.64 |- 2.40E 139 3.27 1.15E+ | 236 | 1.48
; E- |E+0 | E- B0l E+0 | 1.47 o E+0 | E+0 0 6.71E- 500 | Bro2
03 |1 01 o E-02 1 7 03 i
1 2.30 1 1.60 1 5.94 9.98 120 - 2.46E 1.60 | 3.46 1.25E+ | 5.48E- | 6.42 | 1.46
4 E- | E+0 | E- E-01 E+0 | 1.21 +04 E+0 | B+ 10 02 E-02 | E+02
03 |1 01 0 E-02 1 7
1 1491 4.37 | 4.77 9.91 185 427 | 2.29E 4.3713.04 1.03E+ | 191 |1.43
5 E- | E¥O ) E- E-01 E+0 E-02 | +04 E+0 | E+0 10 O-A41E- E-01 | E+02
03 |1 01 o i 1 7 02 )
1 L.4715.04 ) 4.76 9.87 1.90 7.91 | 2.28E 304 | 2.97 9.90E+ | 6.74 | 1.45
6 E- | E+0 | E- E-01 E+0 E-03 | +04 E+0 | E+0 09 4.46E- E-02 | E+02
03 |1 01 ) 0 i 1 7 02 )
1.46 | 5.10 | 4.77 1.91 |- 5.10 | 3.00 - -
. . . + .
; E- |E+0 | E- ;%71 E+0 |2.51 i Oi?E E+0 | E+0 1 OOOE 4 49E- | 9.48 éjgz
03 |1 01 o E-02 1 7 02 E-03
1 2'52 ;jg 2'97 9.89 éfg 2.50 | 2.09E ;jg ézg 9.51E+ ;39E 262 |1.32
- - + =7 E- +
8 0 | ol E-01 0 E-02 | +04 | ; 09 ol E-01 | E+02
1 2.5516.26 | 5.16 9.90 1.86 1 - 2.28E 6.26 1 3.07 1.06E+ | 2.41E- | 1.67 | 1.40
9 E- | E+0 | E- E-01 E+0 | 4.60 +04 E+0 | E+0 10 01 E-01 | E+02
03 |1 01 o E-02 1 7 i
2 27011321 ) 3.20 9.95 1.66 5.55 | 2.20E 3.21 1291 9.79E+ | 1.37E- | 1.54 |1.38
0 E- | E¥0 ) E- E-01 E+0 E-02 | +04 E+0 | E+0 09 01 E-01 | E+02
03 |1 01 o i 1 7 i
227 13.31 | 4.96 1.78 | - 331 | 2.86 - -
. . . + .
f E- |E+0 | E- 1939071 E+0 | 5.56 i 0146E E+0 | E+0 396715 1.63E- | 1.97 ]13332
03 |1 01 o E-02 1 7 01 E-01
2 2.1513.501 4.99 9.95 1.80 1 - 2.25E 3.50 1 3.04 1.05E+ | 1.67E- | _ 1.39
5 |E- |E+0 | E- ol E+0 | 4.00 on E+0 | E+0 0 ol 2.38 B2
03 |1 01 o E-02 1 7 E-01
2 21113521 5.01 9.95 1.80 - 2.26E 3.52 1 3.08 1.08E+ | 1.67E- | 1.39
; E- |E+0 | E- B0l E+0 | 4.10 o E+0 | E+0 0 ol 4.83 E102
03 |1 01 o E-02 1 7 E-02
2.29 | 3. . 1. - . 2.61 -
913531537 9.99 67 1.99E 3.53 126 8.79E+ 229 |1.28
2 |E- |E+0 | E- B0l E+0 |3.82 o E+0 | E+0 0 1.88E- Eol | Bro2
4103 |1 01 0 E-03 1 7 01
1.59 | 2.21 | 5.31 143 |- 221 [ 222
2 9.99 1.85E 7.04E+ | 2.50E- | 2.57 | 1.30
5 E- |E+0 | E- ol E+0 | 1.54 o E+0 | E+0 0 0 £.00 | Broo
03 |1 01 0 E-02 1 7
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Table5: Textural Features of 25 images extracted using Fixed Window GLAM
SUM CLU
S. C CO |DIS| EN |OFS [IN [CLU|ST DIFF | SU SU
N| AS | O ID | RR | SI TR | QUA | ER | STE | ERP | ERE ME | MA
o | M N M | EL- [ MI-| OP |RES | TI |RSH|RO | NCE NT | VE
T ATI | LA | Y OFV | A | ADE | MI ENT RO | RA
R- ON | RI ARI NE | ROP PY | GE
AS TY ANC NC | Y
T E E

1465 |539|546|1.00 | 1.39(1.32 |150E | 465|1.97 |6.86 |- 2.35 | 1.01
E+ E E E+ E E- +0 E E+ E+ 2.55E- | E- E+
00 -03| -01|00 +00{01 |4 +00 | 07 09 01 01 02
2 447 | 1.65|562|100 | 1.30| - 2.00E | 447|289 |1.10 |- - 1.22
E+ E E E+ E 1.11 |+0 E E+ E+ 9.13E- | 142 | E+
00 -03| -01|00 +00 | E- |4 +00| 07 10 02 E- 02

01 01
31147 | 3.88|567(999 | 141 - 2.25E | 147|338 132 |- - 1.28
E+ E E E- E 2.75 | +0 E E+ E+ 4.01E- | 5.04 | E+
01 -03| -01|01 +00| E- |4 +01| 07 10 01 E- 02

01 01
41197 | 237 555/998 | 142|106 |2.49E | 1.97|3.68 |1.40 |- 1.75 | 1.42
E+ E E E- E E- +0 E E+ E+ 1.79E- | E- E+
01 -03| -01|01 +00/01 |4 +01| 07 10 01 01 02
51110 | 295|6.02{9.98 | 1.14|2.27 |137E | 1.10| 151 |4.27 |- 1.07 | 1.05
E+ E E E- E E- +0 E E+ E+ 1.80E- | E- E+
01 -03| -01|01 +00{02 |4 +01| 07 09 01 01 02
6125 | 436| 557|996 | 1.27 | - 1.73E | 1.25|1.97 | 573 |- - 1.24
E+ E E E- E 349 | +0 E E+ E+ 6.62E- | 9.65 | E+
01 -03| -01|01 +00 | E- |4 +01| 07 09 02 E- 02

02 02
71134 | 275524998 | 148|115 |1.63E | 1.34|1.97 |6.13 |- 3.66 | 1.13
E+ E E E- E E- +0 E E+ E+ 3.50E- | E- E+
01 -03| -01|01 +00{01 |4 +01| 07 09 01 01 02
81160 | 1.82| 483|997 | 1.68 |- 1.83E | 1.60| 222 |6.89 |- - 1.26
E+ E E E- E 8.81 |+0 E E+ E+ 9.73E- | 1.20 | E+
01 -03| -01|01 +00 | E- |4 +01]| 07 09 02 E- 02

02 01
91160 | 430| 568998 | 1.33|3.41 |156E | 1.60|1.87 |5.70 |- 3.52 | 1.10
E+ E E E- E E- +0 E E+ E+ 3.23E- | E- E+
01 -03| -01|01 +00/01 |4 +01| 07 09 01 01 02
10{3.85 | 5.39| 5.38(1.00 | 1.33|159 |1.75E | 3.85|221 |7.14 |- 1.19 | 1.16
E+ E E E+ E E- +0 E E+ E+ 1.34E- | E- E+
00 -03| -01|00 +00{01 |4 +00 | 07 09 01 01 02
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111344 | 391553100 | 124|168 |190E | 344|245 | 811 |- 248 | 1.24
E+ E E E+ E E- +0 E E+ E+ 1.61E- | E- E+
00 -03| -011]00 +00| 01 4 +00| 07 09 01 01 02
121283 | 758| 589|100 | 1.11] - 147E | 283|172 | 512 | - - 1.06
E+ E E E+ E 1.60 |+0 E E+ E+ 4.26E- | 3.66 | E+
00 -03| -01100 +00 | E- 4 +00 | 07 09 01 E- 02
01 01
131569 | 1.60| 559|999 | 1.25] - 2.13E | 569|292 [1.03 |- - 1.32
E+ E E E- E 3.60 |+0 E E+ E+ 7.15E- | 1.00 | E+
00 -03| -01|01 +00 | E- 4 +00| 07 10 02 E- 02
02 01
141232 | 250| 6.12|1.00 | 1.00|1.29 |2.15E | 2.32|3.01 |1.09 |- 3.72 | 1.30
E+ E E E+ E E- +0 E E+ E+ 2.36E- | E- E+
00 -03| -011]00 +00 | 01 4 +00 | 07 10 01 01 02
15/571 | 1.74| 463|999 | 1.67|6.92 |217E | 5.71|2.85 | 955 |- 557 | 1.38
E+ E E E- E E- +0 E E+ E+ 8.46E- | E- E+
00 -03| -01|01 +00| 02 4 +00| 07 09 02 02 02
161522 | 247 | 467|19.99 | 1.63 | - 1.82E | 522|224 |7.06 |- - 1.24
E+ E E E- E 1.27 |+0 E E+ E+ 1.35E- | 142 | E+
00 -03| -01|01 +00 | E- 4 +00 | 07 09 01 E- 02
01 01
171499 | 151|538|100 | 143|157 |193E | 499|265 |9.28 |- 3.81 | 1.19
E+ E E E+ E E- +0 E E+ E+ 3.91E- | E- E+
00 -02| -011]00 +00| 01 4 +00| 07 09 01 01 02
181434 | 234|584 100 | 1.27 | - 1.66E | 434|223 |7.62 |- - 1.05
E+ E E E+ E 592 |+0 E E+ E+ 554E- | 540 | E+
00 -02| -011]00 +00 | E- 4 +00 | 07 09 01 E- 02
02 01
191730 | 156|5.02|999 | 147|432 |214E | 7.30|2.79 | 931 |- 1.00 | 1.37
E+ E E E- E E- +0 E E+ E+ 5.74E- | E- E+
00 -03| -01|01 +00 | 02 4 +00 | 07 09 03 02 02
201 4.07 | 251|511(9.99 | 140|4.75 |199E | 4.07| 251 |8.09 |- 1.15 | 131
E+ E E E- E E- +0 E E+ E+ 9.63E- | E- E+
00 -03| -01]01 +00 | 02 4 +00 | 07 09 02 01 02
211486 | 297| 526(9.99 | 143|9.26 |1.82E | 486|237 |7.94 | - 2.33 | 1.19
E+ E E E- E E- +0 E E+ E+ 1.99E- | E- E+
00 -03| -01|01 +00 | 02 4 +00 | 07 09 01 01 02
221364 | 1.13| 570 1.00 | 1.25| - 1.73E | 3.64|232 |7.98 |- - 1.10
E+ E E E+ E 1.09 |+0 E E+ E+ 495E- | 5.16 | E+
00 -02| -01]00 +00 | E- 4 +00| 07 09 01 E- 02
01 01
231250 | 3.96| 5.96|1.00 | 1.06 | - 224E | 250 3.11 | 1.10 | 4.12E- | - 1.35
E+ E E E+ E 3.23 |+0 E E+ E+ 02 420 | E+
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00 -03| -01100 +00 | E- 4 +00 | 07 10 E- 02
01 02
24| 259 | 48 | 6.2 [1.00 [9.93 |- 1.73E | 259 | 2.25 | 7.49E| 1.20E |7.43 |1.13
E 5E- | 3E- |E+0 | E- 8.72E | +0 E+ E+0 | +09 | -02 E- E+0
+00 |03 |01 [0 01 - 4 00 7 02
02
25| 432 |16 |54 (999 |134 |6.08 | 1.24E |4.32 | 1.37 | 4.05E| - - 9.82
E OE- | 8E- |E-01 |E+ |E-02 | +0 E+ E+0 | +09 | 1.59E |1.44 | E+0
+00 | 03 |01 00 4 00 7 -01 E-
01
Table 6: Textural Features Extracted by Sparse GLCM for 25 images
SUM
S CO CO EIII\S/I ggu CLU | CLUS | DIFFE SUM SUM
AS NT D RRE I ENT ARE INE | STE | TER RENC ENT
N M R- M L- LA ROP S OF RTI | R PROM | E ROP AVE
0 AS ATI RIT Y VARI A SHA | INENC | ENTR v RAG
T ON v ANC DE E OPY E
E
4281290 | 557 1.18 | - 2.90 | 251 - -
1B |E+0 | E- 2%31 E+0 | 3.68 fg‘;E E+0 | E+0 §'7OOE+ 431E- | 431 E‘fgl
03 |0 01 0 E-02 0 5 02 E-02
5 ;45 éfg E’_BS 0.96 |8.22 | 2.26 | 9.66E éfg éfg 2.39E+ | 5.28E- | 5.28 | 2.77
023 |o 01 E-01 | E-01 | E-02 | +02 0 5 07 02 E-02 | E+01
6.0711.94 16341994 1912 |- 195 | 194 | 786 17 gkt | ) 4.23
3 | E- E+0 | E- .01 | E-01 3.29 +03 E+0 | E+0 07 3.62E- | 3.62 E+01
03 |0 01 E-02 0 5 01 E-01
1191371671 9.84 | 7.67 |2.48 |8.33E 1371207 1.34E+ | _ i 2.81
4 | E- E+0 | E- £01 | E01 | E-02 | +02 E+0 | E+0 07 2.90E- | 2.90 E4+01
02 |0 01 0 5 01 E-01
4.02 |1 4.21 | 4.42 161 |- 4.21 | 4.13 - -
5| E- E+0 | E- 2_5001 E+0 | 1.79 i(?lo E E+0 | E+O 3.451E+ 4.43E- | 4.43 Efgo
02 |0 01 0 E-01 0 3 01 E-01
2.03 | 5.24 | 4.09 6.62 1.76 270 | 5608 5.24 | 3.73 7 08E+ |- - 6.09
6 | E- E+0 | E- E-01 E+0 £.01 | +01 E+0 | E+O 04 2.04E- | 2.04 £400
02 |0 01 0 0 3 01 E-01
1.61|4.14 | 5.10 8.35 1.38 380 | 9.43E 4.14 | 8.70 2 38E+ | - 9.03
7 | E- E+0 | E- E-01 E+0 £.02 | +01 E+0 | E+O 05 2.13E- | 2.13 E400
02 |0 01 0 0 3 01 E-01
3 7.21 1650 |4.78 952 |1.62 |- 1.93E | 6.50 | 7.16 | 6.83E+ | - - 4.32
E- E+0 | E- E-01 | E+0 | 4.90 | +03 E+0 | E+0 |07 451E- | 451 | E+01
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03 |o o1 0 |E-02 o |5 02 E-02
45511121408 |, oo 1873 1000 | 2,008 | 212 1888 | 914E+ | 0.00E |0.00 |4.29

IR IEOE e |5 JEro0 |40z |50 E0 Jo7 400 |E+00 | Evo1
02 |2 |02 0 2 |5

p | 2352461547 g0 | 115 1~ 7.60E | 220 1000 1y ooy | 477E- | 477 | 835

o |E |E¥O B g |EXO 1408 0 [EXOTERO g 02 E-02 | E+00
02 |0 |o1 0 |E-02 0 |3

1 é‘_ﬂ Eig é‘_83 7.97 é’fg 0.00 | 3.60E Eig ;3 3.50E+ | 0.00E | 0.00 | 1.71

1oy |1 |gn |EOL g |E+00 402 |77 27 fo6 +00 | E+00 | E+01

1 4.09 | 141 16.03 0.83 | 8.97 | 8.68 | 7.61E 141 ) 9.74 3.90E+ | i 6.77

o | B |BO B e B0t | B2 [+01 |BYO|EFO |05 9.08E- 19.08 | - o,
02 |0 |o1 0 |3 02 E-02

| ee s sen| o2 | | (218 240 [ | i a1

3 E- E+0 | E- E-01 E+0 £.02 | +02 E+0 | E+O 05 1.57E- | 1.57 E+01
02 |o |o1 0 0 |4 01 E-01

1 ‘;'_96 éfg’ 2‘_34 9.95 |8.98 | 2.07 |6.12E éfg’ ézg’ 141E+ | 1.71E- | 1.71 | 2.07

e o o |EOL|E0L|E02 [+02 | ST o7 01 E-01 | E+01

p | 454458 1471 g0) | 155 - 366E | 498 |89 ey | 631E- | 6.31 | 158

5 | B |EHO B g |BXO (140 1 0 |EXO TERO e 02 E-02 | E+01
03 |0 |o1 0 |E-02 0 |4

p | 84335414981, | 138 - o47E | 394|380 | oy | 149E- | 149 | 145

6 |5 [EYO|E por B0 [176 |0 |BFO B g 02 E-02 | E+01
03 |0 |o1 0 |E-02 0 |4

1 5.35 1 1.26 1 6.37 8.84 |8.15 | 2.31E 1.26 | 1.18 1.52E+ | _ i 4.30

LB B0 [E- |20 D 1386 |0 | Ev0 (B0 | 0.72E- | 972 | T°
02 |o |o1 E-01 R 02 E-02

y | 336112738314 0 240 |- a0gE | 1121806 1 aier | 2a7E- | 247 | 187

g | B |EFO B p g |B¥0 340 0 |BHO B0 e 02 E-02 | E+01
03 |1 |o1 0 |E-02 1 |4
216 | 2.12 | 5.94 101 | - 212 | 1.36 i i

; E- | E+0 | E- 2'241 E+0 | 2.42 Jlrg’ZSE E+0 | E+0 ngEJ' 4.32E- | 4.32 ;gl
02 |0 |o1 0 |E-02 0 |4 01 E-01

2 é‘_54 ‘Efg ;'_41 9.11 éfg 8.23 | 1.03E Efg Efg 8.65E+ | 2.04E- | 2.04 | 1.32

0o o lg |EOL|g  |E02 |+02 | 7|77 o5 01 E-01 | E+01
273633 | 5.14 155 | - 6.33 | 6.64 i i

i E- | E+0 | E- 2%61 E+0 | 9.92 1(?36E E+0 | E40 8'707E+ 1.37E- | 1.37 ‘é‘fgl
02 |0 |o1 0 |E-02 0 |5 02 E-02
138 | 2.29 | 5.71 1.08 | - 2.29 | 6.38 i i

; E- | E+0 | E- 2‘_‘;11 E+0 |4.78 fgzlE E+0 | E+0 5679E+ 1.60E- | 1.60 é‘fgl
02 |0 |o1 0 |E-03 0 |4 01 E-01
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2 233 é‘fg ‘Z‘_88 8.99 |9.98 '274 8.10E é’fg E’fg 1.62E+ | 7.76E- | 7.76 | 8.45
3 2 o o1 E-01 | E-01 £ 02 +01 0 3 05 02 E-02 | E+00
1.33(6.67 | 4.73 1.70 | - 6.67 | 6.63 - -
. . . + .
2 e e e (%% e oss |M8IF k0 mi0 | S 2ae |oap 40T
02 |0 01 0 E-02 0 5 01 E-01
2 E‘_O5 é‘fg é‘_gz 9.60 é‘fg 6.04 | 1.60E é‘fg é‘fg 1.40E+ | 9.57E- | 9.57 |1.03
5 0 |o o1 E-01 0 E-02 | +02 0 A 06 02 E-02 | E+01
Table 7: Textural Features Extracted by Sparse GLAM for 25 images
SUM
DI F
S CcO CcO SII\S/I gQu CLU | CLUS | DIFFE SUM SUM
| As NT D RRE ) ENT ARE INE | STE | TER RENC ENT
N M R- M L- LA ROP s OF RTI | R PROM | E ROP AVE
0 AS ATI RIT Y VAR A SHA | INENC | ENTR v RAG
T ON v ANGC DE |E OPY E
E
L117.46 1 7.27 9.97 | 6.32 |2.30 |8.65E 111 2.62 2.12E+ | ) 2.57
1 |E+0 | B- |E- £.01 | Bot | Bot | 102 E+0 | E+0 07 9.11E- | 9.11 B0l
0 03 |01 i i i 0 5 02 E-02
8.37 |9.78 1 7.60 998 |537 | . 1.04E 8.37 1331 2.77E+ | ) 2.87
2 |E- |E- |E- eo1 | Bol 5.55 03 E- | E+0 07 5.67E- | 5.67 E+01
01 |03 |01 E-02 01 |5 01 E-01
3 ;'19 2'70 ]75'54 9.98 [545 |1.51 |1.35E ;'19 4E'+63 4.19E+ | 1.30E- | 1.30 | 3.43
- - - + - +
o los lot E-01 | E-01 | E-01 | +03 ol |5 07 01 E-01 | E+01
397 | 1.76 | 7.83 9.93 | 4.60 | . 4.73E 397 19.30 4.84E+ | 5.91E- | 591 |2.07
4B |E- |E- E-01 | E-01 1.67 +02 E- ] B0 06 02 E-02 | E+01
01 |02 |o1 i U E-01 01 |4 )
c 175'06 193'19 173'48 7.51 [537 | 7.53 |9.11E 173'06 éfg 1.93E+ | 6.63E- | 6.63 |2.81
- - - =+ - +
o1 lox lot E-01 | E-01 | E-02 | +00 o1 |o 03 01 E-01 | E+00
6.61 1837 7.49 8.64 (529 | 1.11E 6.61 1 3.91 3.96E+ | 9.11E- | 9.11 |2.97
6|E- |E- |E- E-01 | E-01 4.11 +01 E- ] B0 03 01 E-01 | E+00
01 |02 |o1 i | E-03 01 |2 i
) . . . 1.
. ]9576 %65 17307 9.32 [6.51 |9.69 |2.89E ;76 Efg 2.63E+ | 2.64E- |2.64 |4.67
- - - =+ - -+
ol oz lol E-01 | E-01 | E-02 | +01 o1 |3 04 01 E-01 | E+00
3.67 | 1.27 [ 5.92 968 1.19 374 | 166E 3.67 | 2.50 L03E+ | - - Loa
8 | E+0 | E- | E- 01 E+0 £.02 | 402 E+0 | E+0 06 1.15E- | 1.15 E401
0 02 |01 0 0 4 01 E-01
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9 11513 %‘29 2'23 9.86 [9.04 |9.28 |3.11E 113Z3 15;3 2.50E+ | 1.69E- [ 1.69 | 1.57
- - - =+ - +
0 0 o1 E-01 | E-01 | E-03 | +02 0 A 06 01 E-01 | E+01
1 ;'79 ]55'70 ]75'89 946 |4.32 |7.41 |2.18E ;'79 ;fg 1.36E+ | 1.68E- | 1.68 |4.17
- - - —+ - +
0 o loz lot E-01 | E-01 | E-02 | +01 ol |3 04 01 E-01 | E+00
2. 64 | 6.01 1. 2. . - -
1 68 17.64 160 9.83 06 3.34 | 4.01E 68 1 7.90 4.13E+ 1.79
] E+0 | B- | E- B0l E-+0 £ |02 E+0 | E+0 05 1.46E- | 1.46 e
0 03 |01 0 0 4 01 E-01
1 é‘04 é.oo ;25 7.83 [5.76 | 1.41 |1.37E ;'04 4E'f§ 3.85E+ | 1.31E- | 1.31 |3.51
- - - + - +
2 o1 loi lo1 E-01 | E-01 | E-01 | +01 ol |2 03 01 E-01 | E+00
1 ;'84 ]35'67 ]75'37 9.71 | 5.83 2 0 8.47E ;'84 ;18 2.21E+ ;%48E 8 48 8.34
_ _ . + - . - . +
3 01 |02 |o1 E-01 | E-01 E-01 01 01 |3 05 02 E-02 E+00
1 ]63'87 %‘75 ;'86 9.98 [4.68 |2.70 | 7.01E ]63'87 E‘fg 1.75E+ | 5.22E- [ 522 |2.26
- - - + - +
4 o los lo1 E-01 | E-01 | E-02 | +02 ol s 07 02 E-02 | E+01
1 1391933 1 6.85 994 | 7.46 | 3.60F 139 8.37 5.67E+ | _ i 1.56
. E+0 | E- | E- 501 | B0l 8.14 o E+0 | E+0 05 2.20E- | 2.20 Ero1l
0 03 |01 i 0 E-02 0 4 01 E-01
1 1.24 1 1.65 | 6.82 9.81 |7.31 |2.01 |145E 1.24 ) 1.87 6.81F+ | _ i 1.06
s E+0 | E- |E- £o1 | Eot | Eo1 |02 E+0 | E4+0 05 3.36E- | 3.36 o1
0 02 |01 i ) ) 0 4 01 E-01
4. 1.02 | 8.1 4. 2
1 E33 EO :3 9.30 |3.83 |2.32 | 1.37E E33 ];8 5.30E+ | 2.30E- | 2.30 |3.29
- - - + - +
7 o loi lot E-01 | E-01 | E-01 | +01 ol |2 03 01 E-01 | E+00
1 3:28 16,101 5.62 9.69 1.40 1.34 | 433E >.28 1 8.90 490E+ |4.74E- |4.74 | 1.87
8 E+0 | E- ) E- E-01 E+0 E-01 |+02 E+0 | E+0 06 01 E-01 | E+01
0 03 |01 I i 0 4 i
1 165'37 2'75 ;79 9.51 |4.74 |3.79 |3.72E 2'37 éfg 3.81F+ | 6.44E- | 6.44 |5.55
- - - =+ - +
9 o loz lot E-01 | E-01 | E-02 | +01 ol |3 04 01 E-01 | E+00
2 13214011 7.20 9.53 | 6.77 | 1.07 |5.17E 1321 4.26 1.01E+ |~ ) 6.14
0 E+0 | E- | E- 5ol | B0l | Eor | o1 E+0 | E+0 05 4.72E- | 4.72 E100
0 02 |01 i i i 0 3 02 E-02
1.1 14| 7. - 1.1 51 - -
2 o9 7.36 9.04 | 6.29 1.52E 9193 2.05E+ 3.00
) E+0 | E- | E- Eo01 | Bol 1.45 e E+0 | E+0 " 9.43E- | 9.43 100
0 02 |01 i | E-01 0 2 01 E-01
2 ;18 %‘64 ]75'33 9.73 |5.82 '124 2.26E 2‘18 ;93 1.05E+ | 2.06E- | 2.06 | 1.45
- - : =+ ) - -+
2 o loz lo1 E-01 | E-01 E.02 02 ol |a 06 01 E-01 | E+01
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2 ;38 4E'15 ;'35 9.42 |5.81 '116 2.84E 2‘38 llg‘fg 2.81E+ | 1.62E- | 1.62 | 4.61
- - : =+ ) - +
3 ol oz loi E-01 | E-01 .02 01 ol |3 04 01 E-01 | E+00
2 é‘fg ]35'04 ]65'92 9.95 | 7.66 | 1.35 | 1.76E g'fg gjg 5.84E+ | 9.16E- | 9.16 | 3.98
- - - —+ - +
4 0 02 ol E-01 | E-01 | E-01 | +03 0 5 07 02 E-02 | E+01
2 1651146 1 6.93 984 [7.59 |2.23 | 1.68E 1.65 1 2.68 1.33E+ | ) 1.07
c E+0 | E- | E- eo1 | Eo1 | B0z 402 E+0 | E+0 06 4.14E- | 4.14 E401
0 02 |01 0 4 01 E-01
Table 8: Textural Features Extracted by Improved Sparse GLAM for 25 images
SUM
DI F
S CcO CcO SII\S/I gQU CLU | CLUS | DIFFE SUM SUM
| As NT D RRE ) ENT ARE INE | STE | TER RENC ENT
N M R- M L- LA ROP s OF RTI | R PROM | E ROP AVE
0 AS ATI RIT Y VAR A SHA | INENC | ENTR v RAG
T ON v ANGC DE |E OPY E
E
4.86 1757 | 7.30 9.97 | 6.21 |2.52 |8.77E 107 2.66 2.16E+ | _ - 2.59
1 |E+0 | B- |E- £01 | B0t | Bot | 102 E+0 | E+0 07 2.06E- | 2.06 B0l
0 03 |01 i i i 0 5 01 E-01
6.3519.88 | 7.61 9.98 |5.33 | . 1.05E 8.26 | 3.34 2.80E+ | _ ) 2.88
2 |B+0 | E- | E- Eo1 | Bot 5.53 03 E- | E+0 07 5.67E- | 5.67 E401
0 03 |01 E-02 01 |5 01 E-01
961 19.08 1 7.60 9.98 |5.29 |3.32 | 1.39E 7.79 1 4.82 439E+ | ) 3.49
3 |E+0 | E- | E- £01 | Bot | Eot | 403 E- | E+0 07 1.19E- | 1.19 e
0 03 |01 i i i 01 |5 02 E-02
2. 1. . 74 | 9.
4 E+93 E80 ]7587 9.93 |4.51 | 1.30 | 4.65E ]537 ]9323 4.66E+ | 4.93E- | 493 |2.05
- - - =+ - +
0 02 ol E-01 | E-01 | E-01 | +02 ol |4 06 01 E-01 | E+01
c 2'17 ]93'51 173'52 7.60 | 524 |3.79 |9.12E 163'63 12;3 1.91E+ | 1.69E- | 1.69 |2.82
- - - =+ - +
0 lox lot E-01 | E-01 | E-02 | +00 o1 |2 03 01 E-01 | E+00
1. . 4 - . .
06 18.99 7.48 8.54 |5.28 1.06E 6.53 13.59 3.56E+ | 9.30E- | 9.30 |2.92
6|E- |E B E-01 | E-01 3.32 +01 E- ] B0 03 01 E-01 | E+00
02 |02 |o1 i T E-02 01 |2 )
2.81 | 3. . . 1.
. E8 1?;65 17307 9.32 | 6.51 |9.69 |2.89E ;76 Efg 2.63E+ | 2.64E- | 2.64 | 4.67
- - - =+ - -+
2 o lol E-01 | E-01 | E-02 | +01 o1 |3 04 01 E-01 | E+00
1.71 | 1.50 | 6.20 1.06 | - 3.03 | 2.26 - -
. ) . + .
8 |E- |E- |E- ]957031 E+0 | 1.02 1052“:‘ E+0 | E+0 353 1E 1.04E- | 1.04 ;780
01 |02 |01 R E-01 0 4 01 E-01

IJFMR240631697

Volume 6, Issue 6, November-December 2024

22


https://www.ijfmr.com/

N

International Journal for Multidisciplinary Research (IJFMR)

IJFMR E-ISSN: 2582-2160 e Website: www.ijfmr.com e Email: editor@ijfmr.com
6.95 1946 1 6.28 9.87 | 891 | . 3.07E 1.72°15.38 247E+ | ) 1.56
9 |E- |E- |E- Eol | Eol 5.58 o E+0 | E+0 0 6.08E- | 6.08 B0l
01 |03 |o1 E-03 0 4 02 E-02
1 ;'50 ]55'70 ]73'89 946 432 | 741 |2.18E ;'79 ;fg 1.36E+ | 1.68E- | 1.68 |4.17
- - - —+ - +
0 2 o lot E-01 | E-01 | E-02 | +01 ol |3 04 01 E-01 | E+00
1 8.27 | 7.71 1 6.03 9.83 1.06 6.08 | 3.99E 2.75 1790 4.12E+ | ) 1.78
] E- |E- |E- B0l E-+0 £03 | +02 E+0 | E+0 05 1.15E- | 1.15 Bt
01 |03 |o1 0 0 4 01 E-01
1 ;03 ]15'00 ;25 7.83 [5.76 | 1.41 |1.37E ;'04 4E'f§ 3.85E+ | 1.31E- | 1.31 |3.51
2 | i ~ | E-01 | E-01 | E-01 | +01 i 1 E-01 | E+
03 ot ol 0 0 0 0 ol |2 03 0 0 00
1 g% ]35'77 ]75‘44 9.72 | 5.67 1 14 8.39E %45 ;93 2.17B+ | 8.52E- | 8.52 | 8.30
- - ’ + ) - +
3 o oz ol E-01 | E-01 B0l 01 o1 |3 05 02 E-02 | E+00
1 éié g% ;'94 9.98 |4.48 | 8.79 | 6.50E ]63'40 ;98 1.57E+ | 2.18E- [2.18 |2.16
- - - + - +
4 | 0w |oi E-01 | E-01 | E-02 | +02 ol s 07 02 E-02 | E+01
1.07 | 9.27 | 6.88 1.36 | 8.69
1 £ | B - 9.94 737 | 1.31 |3.70E B0 | B 5.94E+ | 2.67E- |2.67 |1.58
ik ~ | E-01 | E-01 | E-01 | +02 1 E-01 | E+01
5 | 03 o1 0 0 0 0 0 A 06 0 0 0
1 4.60 | 1.66 | 6.33 9.81 |7.27 |2.01 |1.45E 1.23°)1.88 6.86F+ | _ - 1.06
6 E- ] E- B E-01 | E-01 | E-01 | +02 E+0 | E+0 05 3.34E- 1 3.34 E+01
01 |02 |o1 0 4 01 E-01
. 1.02 | 8.1 4. 2
1 295 EO 23 930 |3.83 (232 |1.37E E33 ];8 5.30E+ | 2.30E- | 2.30 |3.29
- - - + - +
7 0 loi lot E-01 | E-01 | E-01 | +01 ol |2 03 01 E-01 | E+00
1 ]63'41 2'45 ]55‘76 9.70 ;3_3 1.34 |431E ]53'23 ;93 491E+ | 2.88E- [ 2.88 | 1.86
- - =+ - +
8 o1 los lo1 E-01 0 E-01 |+02 0 s 06 01 E-01 | E+01
1 13;'79 4E'75 ;'79 9.51 |4.74 |3.79 |3.72E 163'37 éfg 3.81F+ | 6.44E- | 6.44 |5.55
- - - =+ - +
9 2 o lot E-01 | E-01 | E-02 | +01 ol |3 04 01 E-01 | E+00
2 105 14.0117.20 9.53 | 6.77 | 1.07 |5.17E 1321 4.26 1.01E+ |~ ) 6.14
0 E- 1 E- B E-01 | E-01 | E-01 | +01 E+0 | E+0 05 4.72E- | 4.72 E+00
01 |02 |o1 i i i 0 3 02 E-02
2 4811907 7.35 9.03 |6.32 | . 1.53E 1.197)9.58 2.06E+ | i 3.02
) E- |E- |E- £o1 | Bot 1.44 e E+0 | E+0 " 9.42E- | 9.42 100
02 |02 |01 i | E-01 0 2 01 E-01
2 ]35'70 2'64 ;'33 9.73 |5.82 '124 2.26E 2‘18 ;93 1.05E+ | 2.06E- | 2.06 | 1.45
- - : =+ ) - -+
2 o loz lo1 E-01 | E-01 E.02 02 ol |a 06 01 E-01 | E+01
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2 ;39 4E.09 175'34 943 |5.83 _7 19 2.89E 2'43 IIEZ(; 2.88E+ | 1.49E- | 1.49 | 4.64
- - : =+ ) - +
3 00 02 01 E-01 | E-01 E-03 01 01 3 04 01 E-01 | E+00
3.45 | 3.24 1 6.96 1.95 | 6.62
2 E E E 9.93 [7.70 | 1.38 | 1.82E E+0 | B+0 6.08E+ | 2.39E- | 2.39 | 4.09
- - - —+ - +
4 01 02 01 E-01 | E-01 | E-O1 03 0 5 07 01 E-01 | E+01
1. 1.4 94 1. 2. - -
2 03 6169 9.84 | 7.58 | 2.25 | 1.68E 65 68 1.33E+ 1.07
5 E+0 | E- E- E-01 | B-01 | B202 | 402 E+0 | E+0 06 4.14E- | 4.14 E+01
1 02 01 0 4 01 E-01

Table 9: Time taken by traditional Fixed Window, Sparse and Improved Sparse ROIs
for GLCM and GLAM

S. No. GLCM (time in sec.) GLAM (time in sec.)
Fixed Sparse Fixed Sparse Improved
window window Sparse

1 143.5852 | 2.957019 260.482 | 1352.123 | 2.955628
2 145.2275 | 4.448406 268.2461 | 1882.818 | 3.904705
3 164.9035 | 6.460743 298.6097 | 2054.91 | 5.458111
4 188.369 | 2.515627 302.0604 | 1113.971 | 1.799991
5 191.4232 | 0.023025 | 423.9706 | 0.044355 | 0.005023
6 220.9597 | 0.022237 406.6209 | 0.225772 | 0.009506
7 205.5852 | 0.148843 314.8274 | 5.053507 | 0.024971
8 275.5019 | 0.586013 387.4853 | 34.73158 | 0.131029
9 259.5557 | 0.319164 305.5605 | 357.4795 | 0.45015
10 271.5191 | 0.036462 243.8996 | 0.369994 | 0.011707
11 262.0639 | 0.069719 315.1551 | 385.7937 | 0.534382
12 271.3971 | 0.04036 295.1555 | 0.008339 | 0.004593
13 262.7504 | 0.205182 395.8247 | 65.91151 | 0.129517
14 359.9116 | 12.99278 | 440.8307 | 7232.642 | 12.87329
15 352.7992 | 6.321749 269.7271 | 3854.157 | 6.409962
16 348.723 | 0.451405 235.8287 | 187.4673 | 0.315695
17 340.0404 | 0.009062 154.3511 | 0.037845 | 0.005808
18 347.0623 | 0.574854 157.4065 | 154.0435 | 0.437949
19 346.0856 | 0.07669 457.7204 | 14.92219 | 0.027928
20 342.2221 | 0.119756 | 403.0937 | 19.70896 | 0.054855
21 341.8415 | 0.377752 286.6165 | 1.420357 | 0.035128
22 340.6856 | 0.339082 258.2849 | 97.33222 | 0.250247
23 339.8158 | 0.071054 341.4162 | 5.57726 | 0.033975
24 339.6045 | 0.295753 337.6345 | 26.3731 | 0.281756
25 338.9166 | 5.626249 | 449.4328 | 4183.488 | 6.043973
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The confusion matrix in all seven cases under various schemes such as Fixed Window, Sparse, Improved
Sparse within that GLCM and GLAM varying percent of training data set is computed, and the elements
are depicted in Table 10.

Table 10: Confusion Matrix for seven classes under various schemes

M | GL

o] et CM/

Ao | 2 3 4 5 6 7

d | Aam
T[FIF|T|T|FIF|T|T|F|F|T|T|F|F|T|T|F|F|T|T|F|E|T|T|F|F|T
plp|N| N[ P|P| N[ N| P P| N/ N|P| P|N|N| P| P| N| N| P| P|N| N[ P| P|N|N

GL 3 3 3 3 3 312 1
S Dl P R B T I B A TR B B K KT DA AR B AR K N B
Ww. [ GL 3 3 3 3 3 32 1

o l3lotolsl3lolols 2 oo 2005 2o t5]2]0ofolL] ] 0],
SP | GL 3 3 3 3 3 32 1
L 1310Lo5 L3100 5 2 00 L 2 0o 412 o] t]5]2[0] 0], ] ] 0],
R |[GL 9 9 9 8 8 A 2

9
OSEAM2000200020005007800430090002
Im
pr
VG 2 2 2 2 2 2|1 1
ed [ [2]010f5]2]0l0| 5 2|0l 0f5]2[0] 0|5 2[o[of5] [o]o],],]0lf,
Sp
ars
(]

GL 6 6 6 6 6|4 2
o Lenr LAlo ey sfolof D3 et 2o 5 5] 0l0] 1319105 ol3] 5
w. [GL 6 6 6 6 6 6|4 2

o 1310120 1310 2] 140 ol 5 3] ofo]5 s ool 2|0 1|5l 510,
SP | GL 6 6 6 6 6 6|4 2
NV RN U N E U N NN NE TR
R |[GL 4 4 4 4 4 412 1

8
OSEAM3013400330133004300410068207
Im
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VlGL 4 4 4 4 4 42 1
ed [ 1310 L5 4l0]o] 4] olof5 3 o]0 |20 1| [0 0]]%]2|],
Sp
ars
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As previously discussed, Region of Interest (ROI) is determined using three methodologies: Fixed
Window, Sparse, and Improved Sparse. For each method, feature extraction is performed using Gray-
Level Co-occurrence Matrix (GLCM) and Gray-Level Aura Matrix (GLAM) where applicable. The
performance of the Multi-class Support Vector Machine (SVM) is evaluated based on Accuracy,
Sensitivity, and Precision. The relative performance of these methods is presented in Table 11 with 90%,
80%, 70% & 60% training data and in Table 12.

Table 11: Relative performance of multi-SVM w.r.t. various methods of Feature Extractions and
Data Structures.

% of Type for
troainin Method Feature CAL |CIR |SPI | MIS | ARC | ASY NOR | AVERAG
Extractio | C C C C H M M E
g n
GLCM A | 100 100 | 100 | 100 | 100 100 95.5 97.2
P | 100 100 100 | 100 100 100 95.4 99.34
] S | 66.6 100 100 | 100 100 100 100 95.23
Fixed GLAM
Window A 100 100 |100 |100 | 100 100 95.5 97.2
P 100 100 |100 |100 | 100 100 95.4 09.34
S 100 100 100 | 100 66.6 100 100 95.22
GLCM A
100 100 100 | 100 100 100 95.5 97.2
% P 100 100 | 100 | 100 | 100 100 95.4 09.34
100 100 |100 |100 |66.6 100 100 05.23
Sparse S
P GLAM
A 100 100 100 | 100 100 100 100 100
100 100 |100 |100 | 100 100 100 100
P
100 100 |100 |100 | 100 100 100 100
)
GLAM 100 100 | 100 | 100 | 100 100 100 100
A
Improve 100 [100 |100 |100 |100 |100 |100 |100
d sparse
p 100 100 100 | 100 100 100 100 100
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S
GLCM A
100 |100 |100 | 100 [100 [100 |91.1 |93.90
P 100 |100 |75 |100 |100 |100 |93.00 |95.43
80 [100 |75 |666 |100 |100 |975 |s8s8.44
Fixed S
Window | GLAM
A 100 |100 |100 | 100 |100 |100 |89.10 |98.44
100 |100 |100 | 100 |100 |100 |89.10 |98.44
P
60 |60 |100 [100 |100 |666 |100 |83.80
S
GLCM A | 100 | 100 |100 | 100 |100 |100 |9L10 |93.90
80
Pl100 100 |100 1200 |100 |100 |91.10 |98.73
s |80 |s0 |75 |ee6 |100 |100 |100 |85.94
Sparse iLAM 100|100 |100 | 100 |100 |100 |93.30 |95.70
o |100 100 |100 (100 100 |100 |93.30 |99.04
< |7 |00 |75 |100 100 |100 |100 |9285
GLAM
A 100 | 100 |100 | 100 |100 |100 |93.30 |95.70
Improve 100 | 100 |100 | 100 |100 |100 |93.30 |99.04
d sparse P
75 1100 |100 |100 |e66 |100 |100 |91.66
S

Performance measures: (A-Accuracy, P-precision and S-Sensitivity)
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Table 11: (contd.): Relative performance of multi-SVM w.r.t. various methods of
Feature Extractions and Data Structures.
%  of Type for
T:ainin Method Feature | CAL |(CIR [SPI | MIS [ ARC | ASY | NOR | AVERAG
etho Extractio | C C C C H M M E
g
n
GLCM A | 100 100 100 | 100 100 100 86.1 90
P | 100 100 100 | 100 100 100 86.1 98.01
S 1625 57.1 [83.3 | 100 71.4 80 100 79.18
Fixed GLAM A | 100 100 100 | 100 100 100 86.1 90
Window
p 100 100 100 | 100 100 100 86.1 98.01
S 62.5 85.7 |66.6 | 60 85.7 80 100 77.21
GLCM A | 100 100 100 | 100 100 100 89.9 93
p 100 100 100 | 100 100 100 84.9 97.84
70
S |75 57.1 ]66.6 |80 71.4 80 100 75.73
Sparse GLAM A | 100 100 100 | 100 100 100 85.7 90
p 100 100 100 | 100 100 100 100 100
S 50 100 83.3 |75 75 50 100 76.18
GLAM A | 100 100 100 | 100 100 100 89.4 92.9
Improve p 100 100 100 | 100 100 100 89.3 98.47
d sparse
S 83.3 83.3 |50 100 100 100 100 88.09
GLCM A | 100 100 100 | 100 100 100 81.6 84.6
p 85.7 85.7 | 100 [ 100 100 100 81.6 93.54
. 60 77.7 |62.5 |66.6 |66.6 33.3 97.5 66.31
Fixed S
Window | GLAM A | 100 100 100 | 100 100 100 81.6 84.6
60 p 100 100 100 | 100 100 100 80.3 97.19
S 60 55.5 |50 50 55.5 83.3 100 64.9
GLCM A | 100 100 100 | 100 100 100 82.8 86.9
Sparse P | 100 100 100 | 100 100 100 82 97.43
S 140 66.6 |75 66.6 | 55.5 83.3 100 69.57
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GLAM A | 100 100 100 | 100 100 100 80 84.8
p 100 100 100 | 100 100 100 80 97.14
S 57.1 62.5 |75 40 66.6 50 100 64.45
GLAM A | 100 100 100 | 100 100 100 84.8 97.82
Improve p 100 100 100 | 100 100 100 84.8 97.82
d sparse

714 |75 75 100 |50 50 100 74.48

Performance measures: (A-Accuracy, P-precision and S-Sensitivity)

Overall conclusions based on average performances: Here we present overall conclusions based on the
last column of Table 11 which contains the average of various performance measures viz., Accuracy,
Precision and Sensitivity under various schemes. These values are reproduced here for ready reference.
Table 12 is created to represent average performance of Accuracy, Precision and Sensitivity under various
schemes fixing GLCM.

Table 12: Maximum Average performance measures under Fixed Window and Sparse fixing

GLCM
A P S
W S w S w S
90% 97.2 97.2 99.34 99.34 95.23 95.23
80% 93.90 93.90 95.43 98.73 88.44 85.94
70% 90.00 93.00 98.01 97.84 79.18 75.73
60% 84.60 86.90 93.54 97.43 66.31 69.57

From the above table it can be seen that the maximum Accuracy of 97.2% has occurred when taken 90%
of training data set under Fixed window and Sparse indicating that both are equally good. Hence if one is
considering 90% of training data set and performance measure Accuracy with respect to GLCM then Fixed
Window or Sparse schemes are performing equally good. Similar observations can be made w.r.t Precision
and Sensitivity.

Similarly, the average performances of various measures fixing GLAM are presented in Table 13.

Table 13: Maximum Average performance measures under Fixed Window, Sparse and Improved
Sparse fixing GLAM

A P S
W S | w S I W S I
90% | 97.2 | 100 |100 |99.34 |99.34 100 |95.22|100 | 100
80% | 98.44 | 95.70 | 95.70 | 98.44 | 99.04 | 99.04 | 83.80 | 92.85 | 91.66
70% | 90.00 | 90.00 | 92.90 | 98.01 | 100 |98.47 | 77.21 | 76.18 | 88.09
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| 60% | 84.60 | 84.80 | 97.82 | 97.19 | 97.14 | 97.82 | 64.90 | 64.45 | 74.48 |

From the above table it can be seen that the maximum Accuracy of 100% has been observed when taken
90% of training data set under Sparse and Improved Sparse inferring that both are equally good. Hence if
one is considering 90% of training data set and performance measure Accuracy with respect to GLAM
then Sparse or Improved Sparse schemes are performing equally good. Similar observations can be made
w.r.t. Precision and Sensitivity.

Denoting (1), (2), (3), and (4) respectively for 90%, 80%, 70% and 60% training data set taken at random
from each class. The maximum value of various performance measures are taken into Table 14 and are as
follows.

Table 14: Maximum Relative performance of various measures under various schemes fixing
GLCM and GLAM

GLCM GLAM

Max | W S Min W S [ Min

A 97.2y |97.2q) | 97.2wiorsy | 98.4¢) | 100w | 100¢) | 98.4w2)

99.34(1) | 99.34(1) | 99.34w1orsy) | 99.34¢1) | 1001y | 1001 | 99.34w1)

S 95.23@1) | 95.23(1) | 95.23w1orsyy | 95.22¢1) | 100y | 100@) | 95.22(wy)

o

In the above table A, P and S respectively denote Accuracy, Precision and Sensitivity. W, S and |
respectively represent Fixed Window, Sparse and Improved Sparse.
Notations used in Table 15 to present the final conclusions are explained below.

S-AM ) Sparse GLAM

I-AM ; Improved Sparse GLAM
W-AM : Fixed Window GLAM
W-CM : Fixed Window GLCM
S-CM : Sparse GLCM

Table 15: The preferences of order of choice of different data structures for
the classification using multi SVM.

Accuracy Precision Sensitivity

90% | S-AM/I-AM, W-AM/W- | I-AM, W-CM/W-AM/S- | S-AM/I-AM, W-CM/S-CM,
CM/S-CM CM/S-AM W-AM

80% | W-AM, S-AM/I-AM, W- | S-AM/I-AM, S-CM, W-AM, | S-AM, I-AM, W-CM, S-CM,
CM/S-CM W-CM W-AM

70% | S-CM, I-AM, W-CM/W- | S-AM, I-AM, W-CM, W-AM, | I-AM, W-CM, W-AM, S-
AM/S-AM S-CM AM, S-CM

60% | I-AM, S-CM, S-AM, W- | I-AM, S-CM, W-AM, S-AM, | I-AM, S-CM, W-AM, S-AM,
CM/W-AM W-CM W-CM

Recommendations

Based on Table 16 the following recommendations are made from the practitioners point of view.
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When the performance measure of Accuracy is concern with 90% of training data set then the order of
preference of feature extraction to attain the maximum possible Accuracy is GLAM with Sparse (S-AM)
or Improved Sparse GLAM (I-AM), Fixed Window GLAM (W-AM) or Fixed Window GLCM (W-CM)
or Sparse GLCM (S-CM).
Similar interpretation can be made for 80%, 70% and 60% training data set w.r.t Accuracy.
When the performance measure of Precision is considered with 90% training data set then the order of
preference is Improved Sparse GLAM (I-AM) and the next is Fixed Window GLAM (W-AM) or Sparse
GLCM (S-CM) or Sparse GLAM (S-AM).
Similar interpretation can be made for 80%, 70% and 60% training data set w.r.t. Precision.
When the performance measure of Sensitivity is considered with 90% training data set then the order of
preference is Sparse GLAM (S-AM) or Improved Sparse GLAM (I-AM), Fixed Window GLCM (W-
CM) or Sparse GLCM (S-CM), Fixed Window GLAM (W-AM).
Similar interpretation can be made for 80%, 70% and 60% training data set w.r.t Sensitivity.
From the above observations in majority of the cases Improved Sparse which is proposed in this
thesis appears to be better choice when compared to Fixed Window or Sparse.
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