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Abstract

Remote sensing images are an important source of information regarding the Earth surface. For many applications like geology, urban
planning, forest and land cover/land use, the underlying information from such images is needed. Extraction of this information is usually
achieved through a classification process which is one of the most powerful tools in digital image processing. Good classifier is required
to extract the information in satellite images. Latest methods used for classification of pixels in multispectral satellite images are super-
vised classifiers such as Support Vector Machines (SVM), k-Nearest Number (K-NN) and Maximum Likelihood (ML) classifier. SVM
may be one-class SVM or multi-class SVM. K-NN is simple technique in high-dimensional feature space. In ML classifier, classification
is based on the maximum likelihood of the pixel. The performance metrics for these classifiers are calculated and compared. Totally 200

points have been considered for validation purpose.
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1. Introduction

Classification of Multispectral satellite images is required to ex-
tract information related to earth surface. The methods used for
the classification of pixels incase of multispectral images are Sup-
port Vector Machine, K-NN, Random forest etc. Support vector
machine is a set of related supervised learning techniques applied
for classification. There are many publications on mathematical
formulation and algorithm development of the SVM [2], [3].
Support Vector Machine works on the concept of machine learn-
ing to increase the accuracy. A classification procedure typically
includes training data and testing information which would Host-
ing a portion of information instances. The kernel selection plays
major role to decide the performance of SVM on new da-
tasets.SVM controls the complexity of kernel by introducing pa-
rameters. To set these parameters, Cross-Validation is used.

The traditional classification approaches perform weakly on high
dimensionality of the data, but Support Vector Machines can elim-
inate the pitfalls of very large dimensional representations. The
Training phase is easy in SVM. The 4-most important features of
SVM are duality, kernels, convexity and sparseness.

To classify objects k-nearest neighbor [4] uses an instance-based
learning technique that works on the principle of closest training
examples in the feature space. It is quite simple technique. Un-
known sample can be classified correctly by comparing distance
with respect to known samples. So, unknown samples are identi-
fied based on nearest neighbors.

Decision tree represent another kind of classification algorithms.
Decision trees are simple in handling the non-normal, non-
homogeneous and noisy data [5]. Decision tree classifiers are
more efficient than single-stage classifiers. Decisions can be made
at multiple levels in case of decision tree classifier [6].

2. Classification techniques

2.1. Support vector machines

The principle employed in SVM [7] is Structural Risk Minimiza-
tion. SVM is a very good tool for regression and classification
problems [8]. It exhibits good generalization performance. The
SVM is a linear machine that increases the margin by developing
a model for transforming low dimensional feature space to high
dimensional feature space. SVM have applications in text catego-
rization, time series analysis, database mining and face identifica-
tion.

SVM is a method for the classification of both linear and nonline-
ar data. It uses a nonlinear mapping to transform the original data
into higher dimension. Within this dimension, it searches for the
linear optimal separating hyperplane.SVM finds this hyper plane
using support vectors or margins. Consider an example based on
two input attributes of two class SVM, Al and A2 as shown in
figure 1.
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Fig. 1: The 2-D Training Data.

In multi-class classification more than one hyperplane is required
to separate data. In case of linear classification, each hyper plane
Hi separates the classes Ci from the tuples of all other classes as
shown in figure 2. To achieve this, the classes should be linearly
separable. If the classes are not linearly separable as shown in
figure 3 a complex nonlinear data broken into smaller sets.
Generally used multi-class classifiers are, one-against-rest SVM
consists of K two-class classifiers to obtain K-class classification.
When the number of classes is large, classification is effected by
the unbalance of the training samples.lt also suffers from the prob-
lem of large computation and error accumulation. Hierarchical
SVM use (K-I) two-class classifiers to obtain a K-class classifica-
tion.

Fig. 3: Hyper Planes for Linearly Inseparable Data.

In this method, there is no sub-regional and the whole number of

classifiers is less than one-against-one SVM. This is advantageous.

Directed acyclic graph (DAG) constructs a multi-class classifier
by few two-class classifiers having the similar training processing
with one against-one SVM. DAG consists K(K-1)/2 two-class
classifiers, which utilizes the guidance from the root node acyclic
graph as shown in Figure. 4. In this case, error depends on the
class number K and the intervals of the node, and it has no rela-
tionship with the dimension of the input space.

Fig. 4: Directed Acyclic Graph.

2.2. K-Nearest neighbors

K-Nearest Neighbor uses the principle of closest training tuples in
the feature space to classify the objects. The training tuples are
indicated with n-attributes. A tuple may be a point in a n-
dimensional space. In case of an unknown tuple, k-Nearest Neigh-
bor classifier searches in the space for a tuple which will be clos-
est of the unknown tuple. The metric used here is Euclidean dis-
tance. The Euclidean distance between two tuples, say, X1=(x11,
x12... x1n) and X2 =(x21, x22... X2n), is

dfsr(xl x1)=

@
2.3. Maximum likelihood (ML) classifier

This is useful for classifying the under lying data in remote sens-
ing images, where classification is based on the maximum likeli-
hood of the pixel. For kth class, the posterior probability of a pixel
is denoted by Yk.

Yi= P (K/X) = P (K)*P(X/K) /ZP (iy*P(X/i) @)

Where P (k) is the prior probability of class k P(X/K) is the condi-
tional probability to observe X from class k

For normal distributions, the likelihood can be expressed as fol-
lows.

1 1
Yk(X): 1 eXp*E(X*‘uk)z;l(X*/[k)k

(2m) 3 J% |
3

Where,

‘n’ is the number of bands, ‘X’ is the image data of ‘n’ bands ‘Yk
(X)’ is the likelihood of X belonging to class k;‘pk’ is the mean
vector of class k;

Yk is the variance-covariance matrix of class k; [Yk| is the deter-
minant of Y k;

For symmetric variance-covariance matrix, the Yk is the same as
the Euclidian distance, whereas when the determinants are same,
the Yk becomes the same as the Mahalanobis distances.

3. Results and conclusion

In this paper different state of art classifiers have been explained.
The propose method is validated with 200 points of ground truth
data. The classified image and ground truth data has been verified
in validation process [9]. The ground truth points are shown in
table 3. The confusion matrix and accuracy values have been
measured for different methods and ML classifier outputs have
been given in table 1 and table 2. Table 4 shows all possible quali-
ty parameters that can be evaluated with given classifier. A, B, C
and D are the four different classes (shown in table 1) possible in
the satellite image. Table 2 represents both user and producer's
accuracy along with over accuracy.

Landsat-8 data is considered for analysis. 4 classes have been
considered in the confusion matrix. Figure 5, Figure6, Figure7 and
Figure8 show the comparison of quality parameters for different
methods. More number of ground truth data points give correct
values also [10]. That is reason to consider 200 points. More num-
ber of points lead to accurate measurement. It may be extended to
even more number of ground truth values. But it is very difficult
to make more ground truth points. The only drawback is that it is
not that much of easy to take ground truth data values as said ear-
lier. Validation process gave confusion matrix of four or more
classes. This paper contains the explanation of four class classifi-
cation using ML classification model.
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Table 1: Confusion Matrix for ML Classifier

PRIDICTED
CLASS A B C D Total
A 41 1 2 1 45
a B 4 44 3 2 53
< C 2 4 40 4 50
'L_) D 0 5 1 46 52
< Total 47 54 46 53 200
Table 2: Accuracy Parameters for ML Classifier
Type of land cover Reference Pixels Classified Pixels Matching éccuracy type
rocedures Users
A 47 45 41 87.23% 91.11%
B 54 53 44 81.48% 83.02%
C 46 50 40 86.96% 80.00%
D 53 52 46 86.79% 88.46%
Total 200 200 171 855
Overall Classification Accuracy '
Table 3: 200 Points of Ground Truth Values Used for Validation
.SNo X Y C S.No X Y C S.No X Y C S.No X Y C
1 247 440 1 51 19 138 1 101 147 84 2 151 426 136 3
2 408 389 1 52 39 157 1 102 172 111 2 152 280 317 3
3 417 230 1 53 174 171 1 103 166 89 2 153 317 271 3
4 38 473 1 54 173 173 1 104 103 46 2 154 342 269 3
5 47 479 1 55) 175 171 1 105 135 41 2 155 380 231 3
6 456 246 1 56 136 236 1 106 145 56 2 156 486 128 3
7 323 261 1 57 101 305 1 107 145 65 2 157 335 226 3
8 31 477 1 58 89 382 1 108 151 54 2 158 60 84 3
9 198 491 1 59 87 438 1 109 107 80 2 159 63 87 3
10 246 359 1 60 91 437 1 110 168 85 2 160 248 312 3
11 380 141 1 61 35 465 1 111 121 108 2 161 426 180 3
12 155 183 2 62 40 472 1 112 146 164 2 162 339 228 3
13 117 169 2 63 43 475 1 113 120 143 2 163 224 315 4
14 160 65 2 64 45 474 1 114 186 69 2 164 223 306 4
15 154 61 2 65 48 480 1 115 167 83 2 165 215 291 4
16 124 183 2 66 44 482 1 116 61 186 2 166 239 277 4
17 168 87 2 67 40 476 1 117 139 64 2 167 254 285 4
18 166 90 2 68 38 476 1 118 178 298 3 168 251 273 4
19 109 51 2 69 30 476 1 119 182 298 3 169 300 219 4
20 62 190 2 70 25 480 1 120 183 300 3 170 301 212 4
21 186 70 2 71 29 483 1 121 177 301 3 171 230 204 4
22 65 184 2 72 38 477 1 122 181 298 3 172 231 210 4
23 128 139 2 73 33 479 1 123 180 306 3 173 294 206 4
24 378 87 3 74 180 478 1 124 181 304 3 174 351 238 4
25 425 27 3 75 391 442 1 125 202 338 3 175 373 141 4
26 57 81 8 76 423 256 1 126 207 338 3 176 377 130 4
27 25 450 3 77 197 306 1 127 204 338 3 177 389 115 4
28 145 450 3 78 204 388 1 128 206 342 3 178 419 177 4
29 161 444 8 79 209 387 1 129 245 314 3 179 299 123 4
30 425 15 3 80 250 355 1 130 280 327 3 180 310 118 4
31 61 79 3 81 269 336 1 131 247 343 3 181 297 115 4
32 25 447 3 82 183 336 1 132 253 339 3 182 90 288 4
33 413 135 3 83 327 273 1 133 202 372 3 183 91 320 4
34 236 314 3 84 334 243 1 134 209 381 3 184 115 245 4
35 370 227 3 85 344 315 1 135 327 213 3 185 312 100 4
36 25 449 3 86 380 146 1 136 313 210 3 186 449 105 4
37 124 454 3 87 389 127 1 137 312 202 3 187 454 92 4
38 270 100 4 88 392 127 1 138 340 176 3 188 428 126 4
39 322 41 4 89 155 183 2 139 323 193 3 189 282 96 4
40 251 275 4 90 120 174 2 140 345 160 3 190 255 143 4
41 320 44 4 91 125 166 2 141 345 138 3 191 252 139 4
42 244 248 4 92 117 174 2 142 313 177 3 192 427 71 4
43 350 43 4 93 167 84 2 143 375 224 3 193 123 246 4
44 427 85 4 94 118 136 2 144 372 220 3 194 225 375 4
45 242 79 4 95 146 105 2 145 412 143 3 195 381 113 4
46 238 281 4 96 161 87 2 146 341 136 3 196 220 70 4
47 241 191 4 97 169 88 2 147 372 89 3 197 330 40 4
48 297 121 4 98 165 113 2 148 380 101 3 198 193 28 4
49 426 87 4 99 157 81 2 149 394 99 3 199 293 59 4
50 339 50 4 100 143 96 2 150 418 149 3 200 267 72 4
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The following are the familiar classification quality parameters
that say about a model's efficiency. Especially the overall accura-
cy and kappa values will explore the quality of the model. The
kappa value is more for a very good classification. It is obtained
that over all kappa coefficient is 0.806. Individually third class (C)
is having less efficiency in obtaining the information. But still it is
very good for a classifier. Since it is greater than 0.7 (A classifier
that is giving kappa greater than 0.7 is a very good classification
model). Even other parameters also it is giving very useful values.
The following values are the continuation of table 1 and table 2.
Even it can be extended to more classes also. But the problem is
only with validation points.

Table 4: Quality Parameters of Four Class ML Classifier

Accuracy Precision Recall Specificity F1 score Kappa
A 0.87234 0.911111 0.96129 0.891304 0.883
B 0.814815 0.830189 0.931973 0.82243 0.767
C 0.855 0.869565 0.8 0.96 0.833333 0.740
D 0.867925 0.884615 0.952703 0.87619 0.843
Over all 0.856161 0.856479 0.951491 0.855815 0.806
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