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Abstract
Remote sensing image classification is one of the useful image processing tasks and finds application in many real-life scenarios. Image feature is
important and unavoidable in classification. It is impossible to get a clear classification result without proper features. So after feature extraction, selecting
an efficient and relevant feature is inevitable. Thus, our system proposes a
new way of selecting features by a wrapper-based method that works using a
randomized search strategy. The process is done in an orderly manner. In each
step, the features that contribute less to classification are rejected to bring out
the most relevant features. Three steps are followed: (1) Randomized selection
(2) Warm start and (3) Cool down. The Randomized selection selects relevant
features based on the random search method from the full feature set. Among
the selected features, the important features are selected, based on the Mutual
Information using the Warm start. Some important features, missed out in
Randomized selection, are picked up in Cool down. The system finds out 25%
of the most relevant features with greater classification accuracy when compared with classification accuracy obtained using 100% features. The proposed
system has been checked for its efficiency with the help of remote sensing-based
datasets from the UCI repository and it is found to be more efficient than the
other existing methods. The results produced with the selected features are of
high accuracy and low computational cost.
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1. Introduction. The selection of features is the method of picking the most
relevant features. Due to the importance of the selection process, it is implemented
in many different areas, such as bioinformatics [1 ], text mining [2 ], processing of
images [3 ], ecological modelling [4 ], and industrial fault diagnosis [5 ]. Li et al.
[6 ] and Jovic et al. [7 ] presented a complete summary of feature selection applications. The method is broadly classified into three main categories: filter,
wrapper, and embedded method. The Filter method selects features based on
some criteria which do not use any machine learning techniques. Even though
the filter-based method seems to be very easy and fast to implement, it produces
low classification due to the lack of learners. The wrapper method uses learner
independent methods for better accuracy that results in high computational cost.
For example, graph-based approaches [8, 9 ] are proposed as filter methods. Even
though the features are selected they are not present with good quality. In the
wrapper method, optimization algorithms are used to find the ideal feature set.
But it consumes a lot of time for producing efficient features since the method uses
the learner as a black box and assesses the learner’s performance. The algorithm
proposed in our method falls under the wrapper method category. The last category of feature selection method is the embedded method. This method works in
a hybrid way by selecting the important features while training the learner. Decision tree and Least Absolute Shrinkage and Selection Operator (LASSO) models
are typical examples. But this hybrid technique can be embedded in a certain
number of machine learning models only. The implementation is hard for most of
the models such as KNN [10 ].
The traditional wrapper method depends on conventional searching algorithms like branch & bound and sequential search [11, 12 ]. But there are chances for
features to get trapped in local optima. To avoid this drawback, random searchbased optimization approaches are introduced [13, 14 ]. These methods locate improved feature set with high computational costs. As a consequence, lightweight
randomized selection algorithms become the recent trend. Randomized feature
elimination algorithms and selection algorithms [15–17 ] are developed to find useful
feature subsets. In this system, a novel method is proposed for an efficient random search-based wrapper method for feature selection by including three novel
techniques to accelerate and enhance the feature selection process. The rest of the
work is structured as follows: Section 2 delivers a methodology of the proposed
feature selection method. In Section 3, the results are discussed. The last Section
4 concludes the paper.
2. Methodology. After the features are extracted, the important method
of feature selection is undergone to obtain the most relevant features. They are
important for the process of classification. The proposed method performs this
selection in three steps: (1) Randomized selection, (2) Warm Start, and (3) Cool
Down.
2.1. Randomized selection. The basic idea of randomized selection is very
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simple. The system computes the feature group size (represented as ‘g’) and selects
‘g’ number of features randomly for feature selection from the set, F to G. The
learner then evaluates the accuracy of the features in set, G. Based on the random
selection method, ‘n’ (n < g) number of features are added to X. Accuracy of the
features in G and X is calculated. The feature set with high accuracy is selected
for the next iteration. If the accuracy is not improved, then the old features
will remain in the set G. The process is continued until the specified number of
iterations.
Algorithm: randomized selection (F)
//Input: Features which are extracted, F
//Output: Selected feature, G
Compute feature group size, g;
Add random ‘g’ number of features to set, G;
while(sizeof (G) < g)
Evaluate the accuracy, acc of G using learner;
X = G; Then, remove ‘n’ features from X and Add ‘n’ features from F to X;
Evaluate the accuracy, new_acc of X;
if acc < new_acc
G = X;
else
G remains the same;
end-if
end-while
Return final selected features, G
2.2. Warm start. Since the features are selected based on the random search
process in the previous step, the features now undergo another round of selection
based on the feature importance. The proposed system makes sure that the most
relevant features are included in the final set using some standard procedures.
The process evaluates the feature set, G using the Mutual Information (MI).
The features with larger MI values are considered the best features. The MI of
two random variables is calculated by entropy and it measures the uncertainty of
random variables and scales the total information shared by them effectively [18 ].
The MI is calculated using Eq. (1)
(1)

I(X; Y) =

XX
y∈Y x∈X

P(x, y) log2

p(x, y)
p(x)p(y)

where P(x, y) is the joint probability distribution function of X and Y. Let X be
a discrete random variable and Y be the Class label. The MI value is calculated
for all the features in set G and the ‘m’ number of features with larger MI values
is placed in another set, E.
7
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2.3. Cool down. Now, the features in set E remain as the final features.
Since our first step itself is based on random search methodology, there is some
probability of missing a few relevant features in the selection process from the
set, F. So, in the cool down process the system performs the final check for useful
features in F. If some features are found to be relevant, they are added to the final
feature set, E_select.
Algorithm: cool_down (E, F)
//Input: Selected feature set, E and full feature set, F
//Output: Final feature set, E_select
Calculate MI for all the features in the set, F – E.
Fea_order = Arrange the features in descending order based on MI values.
E1 = Select ‘p’ number of features from Fea_order
X=E
i=1
while (i<p)
Evaluate the accuracy, acc of X using learner.
E_select = Add ith features from E1 to X;
Evaluate the accuracy, new_acc of E_select;
if acc < new_acc
E_select = X;
else
E_select remains the same;
end-if
i = i +1;
end-while
Return final selected features, E_select
The E_select features are selected as final features of our proposed method
and these features are sent for classification.
3. Results and discussions. The section discusses the validation and evaluation of the proposed method. All the experiments are implemented using Matlab
2020a. The system specifications are listed in Table 1.
Table

1

System specifications
Name
CPU
RAM
OS
Language
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Detailed Settings
Intel(R) Core(TM) i5 1.80 GHz
8.0 GB
Windows 10
MATLAB 2020a
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3.1. Dataset description. All the experiments are conducted on the UCI
benchmark datasets. The details about the datasets are mentioned in Table 2.
Table

2

Benchmark datasets
S. No
1
2
3
4
5
6
7
8
9
10

Dataset
Urban Land Cover
Forest types
Wilt
Sat Images
Abalone
Breast cancer
Ionosphere
Spectrometer
Hill-Valley
Wine

Number of Instances
168
326
4889
6435
4177
286
351
531
606
178

Number of Features
148
27
6
36
8
9
34
102
101
13

3.2. Experimental results. The proposed system performs three steps
for feature selection systematically. The first step implemented is Randomized
selection. Initially, the feature group size, g is computed using Eq. (2). Our
proposed system selects the ‘g’ number of features randomly for feature selection
from the set, F. The learner implemented here is a gradient boosting tree. The
algorithm is run with different iterations and the best number of iterations are
found out for all the datasets. It is observed that the classification accuracy of
most of the dataset remains constant after 100 iterations. So, each run of the
algorithm implemented here consists of 100 iterations. The result of the Urban
Land Cover dataset is shown for reference in Fig. 1. The selected features are

Fig. 1. Comparison against Number of Iterations and Classification Accuracy of Urban Land Cover dataset
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stored in set G using a randomized selection algorithm. This system results in
selecting 25% of the best features.
g=

(2)

Total number of Features
.
4

The second step of the proposed system is Warm start. Here, the MI value
is calculated for all the features in set G using Eq. (1), and the ‘m’ number of
features with larger MI values is placed in another set, E. At this point, the system
results in selecting 12% of the best features.
jgk
(3)
m=
.
2
The third step implemented is cool down. The cool down process is implemented to find out the remaining useful features in the feature set, F. The ‘m’
value is assigned to ‘p’ also. Among ‘p’ features some features are found to be
relevant and they are added to the final feature set, E_select. Finally, the system
results in selecting 12% to 25% of best features from the feature set, F.
The results of the dataset are tabulated in Table 3. The system is observed
to produce efficient classification accuracy. Also from the table, it is observed that
the total number of features chosen is found to be within 12% to 25% of the total
number of features.
Table

3

Results of our proposed method

S. No

Dataset

1
2
3
4
5
6
7
8
9
10

Urban Land Cover
Forest types
Wilt
Sat Images
Abalone
Breast cancer
Ionosphere
Spectrometer
Hill-Valley
Wine

Classification
Accuracy
(in %)
83.5
85
81.2
79.9
86.4
82.7
84.1
80.3
82.4
85.5

Total
Number
of Features
148
27
6
36
8
9
34
102
101
13

Selected
Number
of Features
27
5
3
8
4
4
8
19
18
5

4. Conclusion. The system implements the wrapper-based random search
method. The wrapper method uses learners for selecting features that are followed
by random based methodology. The randomized selection step results in selecting
25% of the best features. The warm start step results in selecting 12% of the best
1042
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features among the 25% features. The cool start step adds up to another 12% of
the features to the final set. Finally, the method results in selecting 12% to 25%
of the best features from the whole set of features. From the implementation of
our proposed method, it is clearly understood that the method can improve the
classification results using the selected features.
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