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Abstract 

 In recent days, the image retrieval is one of the challenging tasks in image 

processing applications. Retrieving data from huge dataset often consume more time 

and provide an irrelevant feature. Content based image retrieval is simply an image 

representation that is less feasible to extract relevant information. More redundancy 

may exist to cause a semantic gap in the resultant data. So, this issue is being identified 

by using new technique named as CNN based Elevated Whale Optimization Classifier 

(EWOC). In this work, Haar DWT and IDWT segmentation process are used to segment 

the satellite image under four filter coefficients. Then, the feature extraction process is 

done by using GLCM techniques. The extracted features of trained and test image are 

compared and classified using a proposed classifier of CNN based EWOC. Here, the 

convolutional layer and fully connected layer uses EWOC algorithm to update the 

fitness position of each feature. Based on the iteration, each feature compares their 

values with trained data. So that more precise information of relevant classified images 

is generated. The proposed classifier can outperform and provide more accurate 

results compared to existing classifiers such as SVM, MSVM, NN and T-CNN. The 

simulated results are analyzed from the tool of MATLAB environment. The 

performance analysis is evaluated by using some metrics such as precision, sensitivity, 

specificity and accuracy. For analyzing the query image with 1500 training images, it 

shows the proposed classifier achieves an improved performance accuracy of 11.47%, 

8.41%, 6.12% and 4.39% when compared with the existing classifier of SVM, MSVM, 

NN and T-CNN respectively. 

Keywords: Elevated Whale Optimization Classifier (EWOC), Grey-level Co-

occurrence matrix (GLCM), Inverse Discrete Wavelet Transform (IDW1T).
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1. Introduction 

Nowadays, the satellite images go into a drastic level due to the advancement in 

technologies. So, most researchers concentrate on the need of developing a more reliable and 

automated form of CBIR system. In case of terrestrial satellite, it can feed a remotely sensed 

data with enormous range. These large volumes of data have to be automatically sensed and 

captured by terrestrial satellite during every routine of its daily basis. 

Image retrieval can face a great concern by searching satellite images collected from 

database. The database contains large number of images looking forward to cover the entire 

world [1]. So, this retriever phenomenon can be used in various fields like image processing, 

remote sensing, multimedia, astronomy and other associated areas. The image retrieval is done 

by considering the query from human perception, while the system needs to provide relevant 

image that depends on the query. 

Two approaches need to fulfill the retrieval process namely text and content-based 

image retrievals, but the most challenging task in this approach is the semantic gap. This gap 

introduces an inconsistency between the high-level semantics required by the user and low-

level features offered by the machine which causes some lacking problem to retrieve an image 

[2]. So, the fundamental need is to improve the semantic aspects with the help of designing 

efficient classifier technique into the CBIR system. A main intention takes place in the CBIR 

system is to extract similar images for the given query. CBIR requires two main stages to 

process the satellite image i.e., i) image categorized as a feature set ii) classify the features by 

retrieving similar data same as given input [3]. 

This work uses feature based satellite images, which are analyzed under image retrieval 

techniques. The classification of satellite images invokes an application that lie on its various 

fields like archaeology, geology, geography, environmental science and other military 

purposes. Whenever, the traditional method is followed to retrieve an image from spatial 

database, it has to be stored, queried and uses a geographical data [4].  

The Content-Based Image Retrieval (CBIR) is used to sample the urban and rural areas 

from the satellite [5]. Soft query technique uses the urban areas which shows clearer image 

(i.e., high resolution) than the rural areas. The urban area is retrieved from the Google earth 

images which can provide textural aspect using morphological filters [6]. The noise 

cancellation is achieved by filter that regulates to attain a minimum mean square error between 

the filtered and desired output [7]. The de-noising effect of satellite images is done by various 

filters such as Geometric Mean Filter (GMF), Arithmetic Mean Filter (AMF) and Median Filter 

[8]. Different kinds of techniques are applied to extract the features. Most of the application 

uses color, texture and shape as its features to identify the image pixel [9]. In this research 

work, texture analysis plays a predominant role in extraction process. Classifier uses the feature 

vector to compare the corresponding value to generate a desired result. 

The main objective of the research work is that designing a CNN based Elevated Whale 

Optimization Classifier which is able to reduce the irrelevant features in the content-based 

image retrieval system. It is initiated by processing the satellite image using various techniques 

such as Gaussian filter (Noise removal), Haar Wavelet (Segmentation) and GLCM (Feature 

extraction). These processing stages do their work one by one in subsequent order. Features 

vectors are generated for both test and trained images and then feed that data into the classifier. 

Finally, CNN-EWO classifier compares the features with the trained samples to produce more 

accurate retrieval output of relevant features. 
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2. Related work 

With the huge growth in remote sensing technology, there is an exponential increase 

of image collection in database management system [11]. To handle these archives, image 

retrieval system is the best fit to retrieve data. Query based on text is the traditional approach 

which may not be considered as a robust retrieval system. CBIR is another retrieval approach 

that makes an extensive attention towards RS archives but it arises a key challenge of semantic 

irrelevance for the user query [12]. To end this issue, more literatures had been developed in 

this concept. Mohammed Sahib Mahdi Altaei et al presented a satellite image classification 

using SVM classifier. SVM uses RBF kernel to effectively separate the multiple features with 

high classification accuracy. But the shortcoming arises in the model is that it increases the 

complexity due to huge amount of data [13]. Chanika Sukawattanavijit et al use GA-SVM 

classifier which performs land cover classification for satellite images. Genetic algorithm (GA) 

is an optimization technique utilized to select best features and classify those features based on 

SVM. This approach is most effective in classification accuracy but require large time 

consumption [14]. Jincy Chrystal B et al presented the ANN combined MSVM which is 

effectively performed to eliminate the difficulty in land-cover classification. In this design, 

multilayer of ANN contains number of input feature vector and generates five output nodes of 

classified regions. For image analysis, the system uses 1500 images for testing and 3000 images 

for training. This integrated network of multiple classes can achieve better accuracy than ANN 

and SVM. Although they occupy huge storage space and complexity so any optimization 

technique is applied to reduce the complication [15]. Prabitha Muthu et al reviewed several 

classification algorithms for remote sensing images. The basis of classification namely manual, 

automatic and semi-automatic is discussed. In automatic, the control is fully based on machine 

where they process the image pixels to categorize it. Two techniques such as supervised and 

unsupervised classifier are applicable for automatic system. Binary decision trees (BDT), 

ANN, K-Nearest Neighbor are few examples of supervised and ISODATA, K-Mean 

Clustering, Fuzzy are some examples of unsupervised approach. In manual, the accuracy 

depends on the information gathered from image analyst so it takes more time for classification. 

Semi-automatic is a hybrid technique comprised of both manual and automatic operation. 

When the performance is evaluated for each classifier, it shows that ANN works robust in noisy 

data but training time is large for huge dataset. SVM provide good result even though it does 

not speed up the computation process. On the other hand, Fuzzy eliminates the time 

consumption but it not has a proper knowledge for providing good result [16]. Syamala Devi 

et al presented a satellite image classification using Perceptron Neural Network which also 

comprise of multi classes to classify the data. The main shortcoming occurs in this network is 

they support only linearly separable input vectors [17]. Banupriya et al presented an urban area 

of flooded region classification using B-CNN [18]. The performance of B-CNN is high by 

reducing the position encoding complexity problem. And, also boundary segmentation, B-CNN 

is more suitable for segmenting the Landsat images.  

3. Proposed methodology 

Initially, the satellite image is properly retrieved by means of image processing concept 

as shown in Fig. 1. The image retrieval is done by considering the query from human 

knowledge, while the system needs to provide relevant image depending on the query image. 

Some samples of satellite images are collected from the standard dataset and it is trained and 

stored in a database. The images are to be trained by means of performing certain operations 

such as pre-processing, segmentation, feature extraction followed by classification. Next, the 

process is done step by step up to the feature selection and then finally load the trained data as 
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an individual feature vector. This trained vector is compared to the test image by using 

classifier. The classifier extracts out the relevant feature depending on its test image.  

 

 

 

 

 

 

 

 

 

Figure 1. Block diagram of proposed methodology 

The working principle of the satellite image retrieval is explained in this paper. The 

trained process is set first, so it can collect a satellite image. The images in the database are in 

various dimensions and it will be affected by environmental noise. So, it should be processed 

to enhance the quality of image. Initially, the color conversion takes place from RGB to grey 

level image and then resize has to be done. The image resized to 256 x 256.The first stage of 

pre-processing is performed by removing the blur noise present in the image by using Gaussian 

filter. After completing the filter analysis, the next stage is segmentation using Haar transform. 

This transformation is used to segment the image with four detail coefficients. But out of these 

four, one sub-image can only occupy more energy. Both the DWT and IDWT process is 

performed in Haar to separate the coefficients. Some of the texture features such as energy, 

contrast, entropy, probability etc. are extracted using GLCM technique. The resultant extracted 

features are stored and act as a trained data. The same process is repeated for the test image. 

In classification task, the satellite features are being arranged in unstructured form. 

These unstructured data is fed into the CNN based EWO classifier. It classifies the test image 

and search whether there is any relevant image present in the trained data to match with the 

query (test data). If there is any match with the images with more accurate rate, then it is 

considered as a resultant output. If the match does not exist, the classifier again classifies itself, 

until it got matched or unmatched with the test image. 

3.1. Test image 

Initially, the input is given as a test image i.e., the query of satellite image. The acquired images 

are arranged in different pixel size. The first step is to resize it with the pixel value of 256 x 

256so, simply use imresize () command to resize the input image. Here, no data augmentation 
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is needed to reshape the data. After then, the resized data of RGB image is converted to grey-

scale image.  

3.2. Preprocessing 

 Satellite image contains several distortions when they are transmitted through 

channels. It reduces the resolution of the image, so filtering is necessary to enhance the image 

performance with eliminating unwanted distortion. Here, the filter used for pre-processing is 

Gaussian Filter.This filter specifies the weight based on the probability distribution function of 

Gaussian kernel. Standard deviation is an essential parameter used to analyze the behavior of 

the Gaussian function.If pixel contain more noise, then the kernel Gaussian become small 

otherwise it will be large. Thus, it clearly shows that the kernel Gaussian is fully depends on 

the noise status in the image. In two-dimensional, Gaussian function is expressed as, 

𝑔(𝑥, 𝑦) =
1

2𝜋𝜎2 𝑒𝑥𝑝
−

𝑥2+𝑦2

2𝜎2               (1) 

Where,  

𝑥 𝑎𝑛𝑑 𝑦are the image pixel. 𝜎 is the standard deviation. 

3.3. Segmentation 

 Segmentation is being considered in the initial phase because it is more suitable to 

process remote sensing image based on homogeneous pattern. This process delivers the image 

scene as purposefully eliminating the overlapping regions. So, the segmentation technique is 

more required in this research work to improve the complexity of underlying image.  

 It is a process of segmenting an image into multiple number of partitions. By 

segmenting an image, the grey level image of 256x256 square block is partitioned into four 

sub-regions with appropriately carry single decomposition. In this work, Haar Wavelet 

transform is used to segment the image. By segmenting it, the output samples are in the range 

of 0-255.It is just splitting the image and convert them into homogeneous region which in terms 

a robust segmentation result obtained at the end. 

3.4. Haar Wavelet in Image Decomposition 

 One-dimensional image resembles a 2- element vector space of [𝑎(1), 𝑎(2)]𝑇into 

[𝑏(1), 𝑏(2)]𝑇 by, 

[
𝑏(1)
𝑏(2)

] = 𝐻 [
𝑎(1)
𝑎(2)

]  ;   𝑤ℎ𝑒𝑟𝑒 𝐻 =
1

√2
[
1 1
1 −1

]             (2) 

Where 𝐻 is the Haar scaling and wavelet coefficient isℎф[0] =
1

√2
, ℎф[1] =

1

√2
,ℎ𝜑[0] =

1

√2
 and 

ℎ𝜑[1] = −
1

√2
 

When 𝐻−1 = 𝐻𝑇, the above equation is computed as,[
𝑎(1)
𝑎(2)

] = 𝐻𝑇 [
𝑏(1)
𝑏(2)

]    (3) 

In two-dimensional image [21], 2 x 2 matrix representation is formulated in terms of 

column 𝑎 by pre- and post-multiplication of 𝐻 and 𝐻𝑇and is given by,  
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 𝑏 = 𝐻 ∗ 𝑎 ∗ 𝐻𝑇              (4) 

𝑎 = 𝐻𝑇 ∗ 𝑏 ∗ 𝐻                                                                                                                                       (5) 

In general, 𝑎 matrix is specified as, 

𝑎 [
𝑤 𝑥
𝑦 𝑧] 𝑖𝑚𝑝𝑙𝑖𝑒𝑠 𝑏

1

√2
[
𝑤 + 𝑥 + 𝑦 + 𝑧 𝑤 − 𝑥 + 𝑦 − 𝑧
𝑤 + 𝑥 − 𝑦 − 𝑧 𝑤 − 𝑥 − 𝑦 + 𝑧]    (6) 

 

 

 

 

 

 

Figure 2. Wavelet decomposition structure 

The decomposition is performed under DWT transform. It segments the image as 2x2 

size sub images and it is processed from the top left corner (i.e., approximation detail) and so 

on. The structure of decomposition scheme is shown in Fig. 2. 

3.5. Haar DWT and IDWT Decomposition 

 DWT is designed using filter bank and separated the row and column by four sub 

images as approximation, horizontal, vertical and diagonal details [10]. 

The decomposed image repeats its process repeatedly in all the four coefficients. It 

segments deeply to generate a detailed satellite image with varying scale and orientation.  

The mechanism is such that the DWT has two-level decomposition. Initially, the image 

is in the order of MxN. After that, DWT is applied to segment the image into sub-images with 

four detailed coefficients as shown in Fig. 3. 

 

 

 

 

 

 

Figure 3. DWT mechanism 

But for Haar DWT, the detailed coefficients such as horizontal, vertical and diagonal 

coefficients are preferred well than the approximation coefficient. 
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The expression relates the 2D- Haar DWT coefficients as, 

𝑏𝜙(𝑝0, 𝑞1, 𝑞2) =
1

√𝑁1𝑀2
∑ ∑ 𝑎(𝑛1,𝑚2)

𝑀2−1
𝑚2=0

𝑁1−1
𝑛1=0 ℎ𝜙𝑝0,𝑞1,𝑞2

(𝑛1,𝑚2)   (7) 

𝑏𝜑
𝑗 (𝑝0, 𝑞1, 𝑞2) =

1

√𝑁1𝑀2
∑ ∑ 𝑎(𝑛1,𝑚2)

𝑀2−1
𝑚2=0

𝑁1−1
𝑛1=0 ℎ𝜑𝑝0,𝑞1,𝑞2

𝑗
(𝑛1,𝑚2)   (8) 

Where 𝑗 = {𝐻𝑜𝑟𝑖𝑧𝑜𝑛𝑡𝑎𝑙, 𝑉𝑒𝑟𝑡𝑖𝑐𝑎𝑙, 𝐷𝑖𝑎𝑔𝑜𝑛𝑎𝑙} 

2D Haar IDWT transformation is an inverse process and is used to compute the 

decomposition image. The expression is formulated as below, 

𝑎(𝑛1,𝑚2) =
1

√𝑁1𝑀2
∑ ∑ 𝑏𝜙(𝑝0, 𝑞1, 𝑞2)𝑞2𝑞1

ℎ𝜙𝑝0,𝑞1,𝑞2
(𝑛1,𝑚2) +

1

√𝑁1𝑀2
∑ ∑ ∑ ∑ 𝑏𝜑

𝑗 (𝑝, 𝑞1, 𝑞2)𝑞2𝑞1
ℎ𝜑𝑝,𝑞1,𝑞2

𝑗 (𝑛1,𝑚2)
∞
𝑝=0𝑗=𝐻,𝑉,𝐷                     (9) 

2 D- Haar transform can decompose the grey level image with its three edges such as 

horizontal, vertical and diagonal at a time. Horizontal edge (top right corner) occupies more 

energy in this work compared with the other coefficients. When compared with the traditional 

transform, it achieves fast computation time, memory efficient and simplicity. Moreover, Haar 

wavelet is more suitable for remote sensing application due to its high frequency component. 

Segmentation is  

3.6. Feature Extraction 

Feature extraction process is generally used to extract the relevant information of the 

satellite image. It turns the data into number of feature vectors. The image comprises of two 

features namely high-level and low-level features. After segmenting an image into various 

regions, the segmented pixels are arranged in 256 samples. A Gray level co-occurrence matrix 

(GLCM) is a method, which is used to extract the high-level features such as contrast, entropy, 

energy, probability etc. 

3.7. Gray Level Co-occurrence Matrix 

 The remote sensing image is probably used to analyze the texture feature derived from 

second order statistics of image. Two steps are followed to extract the texture feature which 

includes i) GLCM tabulated in pair wise pixel co-occurrence with respect to particular distance, 

ii) matrixcomputed with different aspect to recognize the texture. Based on the distance, the 

reference pixel is compared with the neighbor pixels by using spatial orientation. If it is 

matched, then the obtained feature is valid, otherwise discard the reference patch. This process 

is repeated until the technique checks entire pixel in the image. By computing the image using 

GLCM is as follows, 

Let 𝑓(𝑎, 𝑏) be a matrix format of image 𝑁𝑎 × 𝑁𝑏, whose pixel arrangement is in the form of 

′𝐺𝐿′gray level. 

𝐺𝐿𝐶𝑀𝑜𝑓𝑓𝑠𝑒𝑡⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗(𝑖, 𝑗) = ≠ {(𝑎1, 𝑏1), (𝑎2, 𝑏2)𝜖(𝑁𝑎 , 𝑁𝑏) × (𝑁𝑎 , 𝑁𝑏)|𝑓(𝑎1, 𝑏1) = 𝑖˄𝑓(𝑎2, 𝑏2) =

𝑗˄𝑜𝑓𝑓𝑠𝑒𝑡⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  = (𝑎2 − 𝑎1, 𝑏2 − 𝑏1
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗)}        (10) 

Where 𝑜𝑓𝑓𝑠𝑒𝑡 ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  ⃗represents the angle or distance. The angle is the spatial orientation measuring 

a degree of horizontal (0°), vertical (90°) and diagonal at45°and 135°[19].  
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The distance computing the GLCM are of four directions. 𝑖 𝑎𝑛𝑑 𝑗 denote the pixel 

count with row and column matrix as 𝑖, 𝑗 ∊ 1,2,… . 𝐺𝐿. The feature contains a subset of 

distinguishing texture quantities, that can be described as angular second moment (ASM), 

contrast, entropy etc. [20]. Haralick derive 14 texture features in GLCM technique. Satellite 

images contain more texture features so this technique is much suitable here. 

3.8. ASM (Energy) 

 The ASM can have image homogeneity with higher value. At low value, GLCM offers 

noisy image. ASM is also called as uniformity or energy. It is defined as the sum of square of 

the entities of GLCM, and it is expressed as 

𝐴𝑆𝑀 = ∑ ∑ (𝐺𝐿𝐶𝑀(𝑖, 𝑗))
2𝐺𝐿−1

𝑗=0
𝐺𝐿−1
𝑖=0                    (11) 

3.9. Contrast 

 The contrast is high for GLCM by indexing large off-diagonal values. It is acquired by 

rapidly varying the intensity of an image and it is expressed as, 

𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡 = ∑ 𝑘2[∑ 𝐺𝐿𝐶𝑀(𝑖, 𝑗)|𝑖−𝑗|=𝑘 ]𝐺𝐿−1
𝑘=0                   (12) 

3.10. Entropy 

 Entropy means calculating the information loss during transmission. The noisy images 

have higher entropy value. 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦 = −∑ ∑ 𝐺𝐿𝐶𝑀(𝑖, 𝑗) log𝐺𝐿𝐶𝑀(𝑖, 𝑗)𝐺𝐿−1
𝑗=0

𝐺𝐿−1
𝑖=0                  (13) 

3.11. Probability 

 By summing the value, 𝑃(𝑖, 𝑗) can produce marginal probability matrix expressed as 

𝑃𝑥(𝑖)and 𝑃𝑦(𝑗), 

𝑃𝑥(𝑖) = ∑ 𝐺𝐿𝐶𝑀(𝑖, 𝑗)𝐺𝐿−1
𝑗=0                     (14) 

𝑃𝑦(𝑗) = ∑ 𝐺𝐿𝐶𝑀(𝑖, 𝑗)𝐺𝐿−1
𝑖=0                     (15) 

Where, GL indicates the gray level value of an image. 

The above texture features generate different values. All these feature values are loaded 

with the 256 samples of segmented satellite image. Eventually, the features of every 

corresponding data are accumulated and arranged in the matrix format. 

3.12. Feature selection 

 Feature selection is a process of selecting an initial feature subset i.e., the input data. 

Its predominant role is to determine the relevant details that are expected by the given query. 

Hereby, some relevant features of satellite image have to be particularly selected from 

the feature extraction output. Then, it is incorporated with the testing phase to provide a 

performance measure for the usable features. It produces some subset of features that can be 

either relevant or irrelevant. These selection features can gradually minimize the error rate 

available in the image. 
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3.13. Classification 

To compare the test and trained data (i.e., data point) obtained from the satellite image, 

the classifier is used. Training image isolate the image features based on its unique description 

and testing image from one’s individual query which is given to extract the relevant data. One 

of the major components used to classify the satellite image is the training class. The classifier 

used here is CNN based Elevated Whale Optimization Classifier. Supervised classifier with 

optimization algorithm requires a greater efficiency in satellite image processing. Due to its 

elaborated network, the whale optimization optimizes within the network layer which in terms 

it predicts an improved best solution at each iteration. So that better effective result is generated 

at the end. 

3.13.1. Convolution Neural Network: CNN is basically a deep neural architecture composed 

of independent layers effectively used to classify an image. The internal structures of CNN are 

Convolution Layer, Max Pooling and Fully Connected Network. The Convolution layer deals 

with inserting extracted features in the input layer to process and update its output to the next 

layer. The Max Pooling reduce the dimensionality, which is in the form of selecting a maximum 

value in each cluster of image matrix. The Fully Connected Layer (FCL) at the output stage 

finally classifies the image. Thus, the CNN architecture can deeply classify the image again 

and again to extract out the relevant images corresponding to the given query image. 

3.13.2. Whale Optimization Algorithm: It is an optimization technique, which resembles the 

behavior of humpback whales as shown in Fig. 4. The whale’s hunting behavior is entirely 

different i.e., involving two phases namely encircling prey (exploration phase) and bubble-net 

attack (exploitation phase) [22]. In this strategy of hunting, the bubble encircles the prey and 

updates it to reach the best optimal position.  

 

 

 

 

 

 

Figure 4. Hunting process for humpback whale 

For encircling the prey, 

�⃗⃗� = |�⃗� . 𝑌∗⃗⃗⃗⃗ (𝑡) − �⃗� (𝑡)|                     (16) 

�⃗� (𝑡 + 1) = 𝑌∗⃗⃗⃗⃗ (𝑡) − 𝐹 . �⃗⃗�                                  (17) 

Where 𝑡 is the current iteration, �⃗�  is the position vector for whale and𝑌∗⃗⃗⃗⃗  is the best solution 

position vector for prey.𝐹  𝑎𝑛𝑑 �⃗� are the coefficient vectors which is expressed as 

𝐹 = 2𝑎 . 𝑟 − 𝑎  𝑎𝑛𝑑 �⃗� = 2𝑟                    (18) 
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𝑟 represents random number with the range of 0,1 

𝑎 is iterated linearly in decreased order from 2 to 0 

For Bubble-net attack, a spiral covering is created to encircle the prey. It is expressed as  

�⃗⃗� = |𝑌∗⃗⃗⃗⃗ (𝑡) − �⃗� (𝑡)|                            (19) 

�⃗� (𝑡 + 1) = �⃗⃗� . 𝑒𝑐𝑙. cos(2𝜋𝑙) + 𝑌∗⃗⃗⃗⃗ (𝑡)                   (20) 

�⃗⃗� is the distance separated from whale to prey, 𝑐 is constant and 𝑙 is the random number in [-

1,1]. The whale travel over the spiral path and it is considered as 50% probability. Both the 

phases invoke the equation as, 

�⃗� (𝑡 + 1) = {
𝑌∗⃗⃗⃗⃗ (𝑡) − 𝐹 . �⃗⃗�                                  𝑖𝑓 𝑝 < 0.5

�⃗⃗� . 𝑒𝑐𝑙 . cos(2𝜋𝑙) + 𝑌∗⃗⃗⃗⃗ (𝑡)            𝑖𝑓 𝑝 ≥ 0.5
                 (21) 

When the exploitation phase doesn’t provide an optimal solution, the whales search its food 

randomly. In global search, the whale updated its current position until it reaches its best 

optimal solution i.e., prey 

�⃗⃗� = |�⃗� . 𝑌𝑟𝑎𝑛𝑑
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  − �⃗� |                        (22) 

�⃗� (𝑡 + 1) = 𝑌𝑟𝑎𝑛𝑑
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗  − 𝐹 . �⃗⃗�                      (23) 

Where,𝑌𝑟𝑎𝑛𝑑
⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗   is random position vector for whale. 

3.13.3. Elevated Whale Optimization Algorithm: The standard format of this optimization 

is that, every individual whale’s positions are to be updated, calculate its fitness values and 

finally determine its best optimal solution. The Whale Optimization Algorithm deals with 

discrete time concept. It does not utilize any new position unless the iteration completes. But, 

the Elevated Whale Optimization Algorithm (EWOA) uses continuous time, in which the 

optimization is performed by changing the time continuously and updates all the process and 

provides only one solution.  

3.13.4. Pseudo-code for EWOA 

L1: Initializing the whale’s position randomly as 𝑌𝑖
⃗⃗  𝑖. 𝑒. , 𝑖 = 1,2, . . 𝑛 

L2: Calculate its fitness value 

L3: 𝑌∗⃗⃗⃗⃗  is its best optimal solution 

L4: 𝑤ℎ𝑖𝑙𝑒 (𝑡 < 𝑚𝑎𝑥. 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑡𝑒𝑟𝑎𝑡𝑖𝑜𝑛) 

L5: 𝑓𝑜𝑟 𝑒𝑎𝑐ℎ 𝑤ℎ𝑎𝑙𝑒 

L6: 𝑈𝑝𝑑𝑎𝑡𝑒 𝑎, 𝐹, 𝐸, 𝑙 𝑎𝑛𝑑 𝑝 

L7:𝑖𝑓(𝑝 < 0.5) 

L8: 𝑖𝑓(|𝐹| < 1) 
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L9: Update the current position of whale by Equation (19) 

L10: 𝑒𝑙𝑠𝑒 𝑖𝑓(|𝐹| ≥ 1) 

L11: Randomly select a whale and update its current position by Equation (23) 

L12: 𝑒𝑛𝑑 𝑖𝑓 

L13: 𝑒𝑙𝑠𝑒 𝑖𝑓(|𝑝| ≥ 0.5) 

L14: Update the current position by Equation (21) 

L15: 𝑒𝑛𝑑 𝑖𝑓 

L16: Control the position and amend it, evaluate its fitness value and update 𝑌∗⃗⃗⃗⃗ if the best 

solution is found out. 

L17: 𝑒𝑛𝑑 𝑓𝑜𝑟 

L18: t=t+1 

L19: 𝑒𝑛𝑑 𝑤ℎ𝑖𝑙𝑒 

L20: 𝑟𝑒𝑡𝑢𝑟𝑛 𝑌∗⃗⃗⃗⃗  

3.13.5. CNN based Elevated Whale Optimization Classifier: The proposed technique of 

EWOC is applied at two different layers in Convolutional Neural Network as shown in Fig. 5. 

It is a deep learning network composed of optimized convolution2dlayer, batch normalization, 

relu layer, max-pooling, optimized fully connected layer, softmax and classification layer. 

Optimization is a strategy made to use in CNN which is highly responsible to minimize the loss 

function as well as to make effective result. The two layers such as convolutional layer insists 

to optimize the filter (kernel) value and fully-connected layer for optimizing the weight and 

bias values. Both these layer paradigms are similar and they are set one by one. Then the values 

are passed into the EWOC algorithm. At first, the filter value in convolution layer which is to 

be optimized generally processes the extracted features of the image. For optimizing the image, 

the global search is followed to calculate the fitness value for each individual pixel. This matrix 

is the encircling bubble, which convolve again and again to search for the relevant images. The 

searching is based on extracting the features in the convolutional layer. So, in this layer, 

parameters such as kernel, padding, and stride are necessary to create a feature map. In this 

study, two-dimensional image of grey-scale is used for processing the image because they can 

avoid computational complexity. Therefore, the kernelis meant its size by 3 x 3, 5 x 5, 5 x 5 

and 7 x 7, no of kernel by 16, 32, 64, 128, stride by 1 and padding by 1, 2, 2, 3 for 

𝐶𝑜𝑛𝑣1, 𝐶𝑜𝑛𝑣2, 𝐶𝑜𝑛𝑣3𝑎𝑛𝑑 𝐶𝑜𝑛𝑣4layer respectively. Batch normalization with batch size of 10 

is the next stage which placed between the convolutional and relu effectively used to improve 

the network speed. After then, relu an elementwise activation layer sustains to predict the 

relevant feature within the network. From the generated feature map, max-pooling layer use 

2x2 image patches to reduce its dimension by down sampling operation. The mathematical 

expression for convolutional and max-pooling layer is given by, 
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𝐶𝑜𝑛𝑣 =
𝑖−𝑘+2𝑝𝑎𝑑

𝑠
+ 1                          (24) 

max_𝑝𝑜𝑜𝑙 =
𝐶𝑜𝑛𝑣

𝑠+1
                        (25) 

where,𝑖 denotes image size, 𝑘, 𝑝𝑎𝑑 𝑎𝑛𝑑 𝑠 are kernel, padding and size respectively. 

 

 

 

 

 

 

 

 

 

 

Figure 5. Classification Process 

The fully connected layer is automatically adjusted its weight and bias value based 

upon its preceding solution. Here the dense layer followed by softmax function sensed to 

activate relevant feature (best solution) from the overall combined features. Finally, the 

relevant images are classified depending on the query. 

Euclidean distance (ED) is analyzed for our classifier and is given by, 

𝐸𝐷 = √∑ [𝑒𝑥𝑝⃗⃗⃗⃗⃗⃗  ⃗(𝑖) − 𝑎𝑐𝑡⃗⃗⃗⃗⃗⃗ (𝑖)]2𝑖                           (26) 

Where, 

𝑒𝑥𝑝⃗⃗⃗⃗⃗⃗  ⃗(𝑖)is the expected relevant image from the given query input and 𝑎𝑐𝑡⃗⃗⃗⃗⃗⃗ (𝑖) is the 

actual image for the evaluation of forward network. The image with reduced form is considered 

as the best classifier to classify the accurate rate of image. In classification task, the trained and 

test data are compared using CNN based Elevated Whale Optimization Classifier. It classifies 

the test image and search whether any relevant image is present in the trained data to match 

with the query (test data). If the test image is matched with any one sample data of trained set, 

it is considered as positive response. Otherwise, the negative response is updated. 

4. Performance Analysis 

 For evaluating the performance of the proposed work which is more effective under 

the study, the performance metrics such as precision, recall (sensitivity), specificity and 
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accuracy are analyzed. The following parameters are used to calculate the efficiency of the 

system. 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑁𝑜. 𝑜𝑓 𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡 𝑖𝑚𝑎𝑔𝑒 𝑡ℎ𝑎𝑡 𝑎𝑟𝑒 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑 

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑 𝑖𝑚𝑎𝑔𝑒
 

𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑁𝑜. 𝑜𝑓 𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡 𝑖𝑚𝑎𝑔𝑒 𝑡ℎ𝑎𝑡 𝑎𝑟𝑒 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡 𝑖𝑚𝑎𝑔𝑒
 

𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑜𝑡𝑎𝑙 𝑛𝑜. 𝑜𝑓 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑐𝑙𝑎𝑠𝑠𝑖𝑓𝑖𝑒𝑑 𝑖𝑟𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡 𝑖𝑚𝑎𝑔𝑒𝑠

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑟𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡 𝑖𝑚𝑎𝑔𝑒𝑠
 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑁𝑜. 𝑜𝑓 𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡 𝑎𝑛𝑑 𝑖𝑟𝑟𝑒𝑙𝑒𝑣𝑎𝑛𝑡 𝑖𝑚𝑎𝑔𝑒𝑠 𝑡ℎ𝑎𝑡 𝑎𝑟𝑒 𝑐𝑜𝑟𝑟𝑒𝑐𝑡𝑙𝑦 𝑟𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑖𝑚𝑎𝑔𝑒
 

The graphical representation shows that the various measures of precision, specificity, 

sensitivity and accuracy that are analyzed using our proposed method to retrieve an image as 

shown in Fig. 6. 

 

 

 

 

 

 

 

 

 

Figure 6. Performance Analysis for our proposed work 

By analyzing the performance, our proposed work shows more accurate form of 

relevant images retrieved from the query image. 

5. Experimental Analysis 

 In order to test and train the satellite images, a well standardized image database of UC 

Merced land-use database is used. This database has 21 classes of remote sensing images with 

high resolution of 0.3m. Each class has 100 images so that 2,100 images are available in this 

database. It is created manually by collecting several urban images from various regions in US 

i.e., they downloaded from USGS National Map Urban Area Imagery collection [25]. For 

image analysis, the experimentation is done by taken approximately 80% of images for training 

and 20% of images for testing purpose. The setup is built and stimulated in the tool of 

MATLAB environment. The system configuration is Intel(R) Core(TM) i5 processor, 4GB 

RAM and Window 7 Ultimate OS. 
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Figure 7. (a) Query image and (b) Its resized grey converted image 

 

 

 

 

 

 

 

 

 

Figure 7. Filtered Image 

In summary, the query image is set as an input. The input varies with different 

dimension of pixel values as shown in Fig. 7a. By processing, the query image is first converted 

to grayscale format and then resizes it with the pixel value of 256 x 256 as shown in Fig. 7b. 

The filtered image is shown in Fig. 7c and its standard deviation value of smoothen kernel is 

0.6. 

The decomposition of Haar DWT is performed in this context. While the complete 

image is processed by applying this transform in the form of 2 x 2 blocks. Each blocks or sub 

images are then processed. The resultant image of DWT proves that the top right corner 

contains more energy compared with the remaining subimages is shown in Fig.8. The reverse 

process is performed to reconstruct the original segmented image. 
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Figure 8. Segmentation using Haar DWT transformation 

In addition, the segmented coefficient can load the 256 samples of query image with 

the feature parameter. The corresponding parameter with its percentage value of test or query 

image is shown in Fig. 9.  

 

 

 

 

 

 

 

Figure. 9 Extracted features using GLCM technique 

The classified data for trained set are named as Developed Suburban, Developed 

Urban, Emerging Suburban and Emerging urban. On demonstrating, the given query image 

features are relevant with the Emerging Suburban session as shown in Fig. 10. The classifier 

checks all corresponding trained set to retrieve the most similar image. 

 

 

 

 

Figure 10. Trained Data 

Vol 41, 2021

46

Tierärztliche Praxis

ISSN: 0303-6286



 

Now, the test data is matched with the relevant images from the trained dataset using 

CNN based EWOC. The classified part of relevant features depends on the given query image 

and is extracted out as shown in Fig. 11. 

 

 

 

 

 

 

 

 

 

 

 

Figure 11. Classification using CNN based EWOC (Relevant images 
corresponding to given query) 

The proposed classifier uses the query image by comparing it with number of trained 

set of images. The classified form of such relevant images is present in the dense layer.  

. 

 

 

 

 

 

 

 

 

Figure 12. Accuracy performance plot for existing and proposed 
classifier 
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Figure 13. Sensitivity performance plot for existing and proposed 
classifier 

The performance metrics of accuracy and sensitivity are analyzed using various 

classifiers as shown in Fig. 12 and 13. The proposed method of CNN based EWOC provides 

better result when compared with the existing classifiers like support vector machine (SVM) 

[23] and multi- class support vector machine (MSVM) [24], Neural Network [26] and Texture- 

CNN [27]. On experimentation with the satellite image, different training images are used to 

analyze the data. It shows improved performance efficiency as the training image increases for 

the corresponding query image. 

 

6. Conclusion 

 In this paper, a satellite image retrieval using CNN based Elevated Whale Optimization 

Classifier is proposed. Here, the segmentation technique invoked to analyze is Haar wavelet 

that segments the image with detailed coefficients and retrieve it further. The feature extraction 

was done with co-occurrence matrix to load the detailed coefficients of segmentation. The 

extracted features were deliberately stored and then the test data was effectively compared with 

the trained image using the proposed classifier. The classifier is used for searching and 

classifying the relevant images based on its filter value and also on its weight and bias values. 

It is applied in two different layers. By concluding the work, the performance measure of 

sensitivity and accuracy rate provide better result for proposed classifier than the existing one. 

While calculating the accuracy for 100 trained images, the proposed classifier increases its 

value by 16.35%, 13.65%, 11.80% and 6.99% for SVM, MSVM, NN and T-CNN respectively. 

Likewise, for 1500 trained images, the proposed classifier increases its value by 11.47%, 

8.41%, 6.12% and 4.39% for SVM, MSVM, NN and T-CNN respectively. 
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