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ABSTRACT  

Hyperspectral images (HSI) have recently been exploited in several aspects as they contain many contiguous 

narrow spectral informative-rich bands. The curse of dimensionality in hyperspectral images is an essential 

challenge as it possesses plenty of redundant bands that lead to the Hughes phenomenon. However, many feature 

selection or band selection techniques have been performed for dimensionality reduction of HSI. In this 

manuscript, firstly, a novel approach for spectral bands selection process is presented for hyperspectral images 

dimensionality reduction using Krill Herd (KH) Algorithm. However, KH is a heuristic search method that seeks 

to reach the optimum global solution within the search space and evade falling into the local optima. KH relies on 

simulating the herding behavior of krill in the sea in order to determine the most informative and relevant bands. 

Secondly, an Edge-preserving filter (EPF) was utilized to extract the spatial characteristics while reducing noise 

and obtaining a suitable smoothing that improves the performance of the classification process. Finally, the 

support vector machine (SVM) classifier at pixel level was performed for the classification of HSI. Moreover, the 

proposed work was compared to the Harmony Search (HS), Genetic Algorithm (GA), Bat Algorithm (BA), 

Particle Swarm Optimization (PSO), and Firefly Algorithm (FA). In addition, the classification results for overall 

accuracy (OA) on four popular publicly datasets were 96.54%, 98.93%, 99.78%, and 98.66% for the Indian Pines 

scene, the Pavia University scene, the Salinas scene, and the Botswana scene, respectively. 

 

KEYWORDS: Heuristic Search, Krill Herd, Band Selection, Edge-Preserving Filter, Transform Domain. 

 

I INTRODUCTION 

HSI has attracted a lot of interest recently because it contains the most informative bands such as spectral 

discriminative information at various wavelengths. Moreover, hyperspectral imaging has been used in many 

diverse domains such as analysis of biological and chemical properties of plants [1], and early detection of diseases 

[2]. Despite the remarkable progress in hyperspectral imaging applications, the problem of dealing with high-

dimensional data still constitutes a major dilemma due to the robust correlations between them, which lead to 

many computational complexities [3]. Hyperspectral images comprise redundant information which is described 

by a three-dimensional hyperspectral cube representing two dimensions of spatial information and a third 

dimension representing spectral information [4]. HSI comprises hundreds of adjacent bands with discriminative 
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spectral information. However, several studies have been conducted to decrease the number of bands while 

ensuring bands of high discriminative significance, which in turn remove redundant information, reduce 

processing time for remote sensing images, and maintain high classification accuracy [5]. 

Two common approaches for dimensionality reduction of HSI are feature extraction as well as feature 

selection. Where, the feature extraction technique using linear and nonlinear transformations is considered 

inefficient to reduce redundant information and also unsuitable for obtaining low-dimensional of HSI because it 

does not conserve the physical interpretation of the actual image. On the other hand, there is a significant 

correlation between adjacent spectral bands representing only 10 nm, so the enormous dimensions of HSI should 

be reduced using feature selection or band selection techniques to obtain low-dimensional HSI with reasonable 

processing time and desired classification accuracy [6]. Band selection methods are classified depending on the 

availability of labeled data into two major types supervised [7] and unsupervised [8] approaches. Whereas, the 

supervised methods assume the existence of labeled information per class for the training phase, and usually the 

classification performance of band selection using these methods is better compared to band selection 

unsupervised methods. Conversely, the unsupervised methods do not assume the existence of any information 

about the class label and rely on the study of statistical standards such as mutual information, correlation analysis, 

or various clustering techniques [9]. 

The band selection of HSI is achieved by determining a subset of the whole bands which are containing 

the most important information and then building an HSI classification model based on the selected informative-

rich bands [10]. Several swarm intelligence approaches have recently been performed in the range of HSI feature 

selection which provided satisfactory classification results by selecting an appropriate subset of entire features 

such as the Artificial Bee Colony (ABC) [11], Differential Evolution (DE) [12], PSO [13], Whale Optimization 

Algorithm (WOA) [14], GA [15], and Cuckoo Search Algorithm (CSA) [16]. Moreover, dimensionality reduction 

techniques have been conducted on hyperspectral images to reduce processing time and computational 

complexities, such as selecting a subset of the bands based on anomaly detection of hyperspectral images which 

depends on selecting multiple bands simultaneously, unlike traditional band selection methods that select one 

multiple bands at a time [17], two methods were used for dimensionality reduction of HSI as a pre-processing 

step of classification process, principal component analysis as well as negative matrix factorization [18], a hybrid 

method consisting of principal component analysis that identifies new features as a pre-processing step and then 

normalized Mutual Information (nMI) measure effectively applied as feature selection [19], a locally Fisher's 

discriminant analysis for hyperspectral image dimensionality reduction was also introduced, which ensures that 

the multimodal structure is preserved [20], and a novel approach for dimensionality reduction of HSI based on 

locality adaptive discriminant analysis that focuses on the close points of spectral and spatial range in addition to 

being able to adaptively use the local manifold structure of the data in contrast to conventional linear discriminant 

analysis [21]. 

Many recent studies rely on the involvement of both spectral and spatial characteristics in the 

classification process in order to obtain more useful information and improve classification performance [22]. In 

general, spectral-spatial classifiers are split into two types. The first one represents the spectral-spatial 

characteristics within the classification process, where the spatial contextual features are included in the pixel-

wise classification process. The second one represents the process of including spatial features after classification, 
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where the spatial contextual features are included in the pixel-wise post-classification process [23]. Moreover, the 

popular pixel-wise classification methods lack spatial information, which in turn reduces classification 

performance. Therefore, to overcome the previous dilemma, spatial characteristics should be integrated in the 

classification processes. As in [24] a watershed segmentation technique was introduced in order to integrate spatial 

information structures within hyperspectral image classification processes. A hyperspectral image segmentation 

and classification approach is presented in order to obtain a spatial-spectral classification map depending on a 

minimum spanning forest by the markers selected from the most reliable classified pixels [25]. Also, for the 

spectral-spatial characteristics classification of HSI, a multiple-classifier procedure is introduced in which many 

classifiers are used independently in order to maintain the pixel as a trait of the spatial area with the related class 

label and finally the minimum spanning forest (MSF) is created to obtain the spectral-spatial classification map 

[26]. 

Moreover, many studies have been conducted to exploit spatial information in the feature extraction 

stage. As in [27], extended morphological transformations that simultaneously exploit spatial and spectral 

characteristics have been used. Also, the spatial characteristics of high-resolution images are incorporated into a 

hyperspectral image classification process depending on an independent component analysis (ICA) and extended 

attribute profile (EAP) [28]. Further, high-resolution spatial features based on morphological area filtering were 

exploited by spatial information modeling as a set of pixels connected to an identical gray value, as for the spectral 

information that represents the original pixel value, finally kernel methods are used in the process of classifying 

spatial-spectral information [29]. An approach has been developed for extracting spatial and spectral 

characteristics based on a tensor discriminative locality alignment for dimensionality reduction HSI as well as a 

tensor scheme to define the spatial-spectral feature of pixel [30]. However, all the previous studies mentioned 

previously had a significant role in improving the classification accuracy of HSI effectively by incorporating the 

spatial-spectral discriminant characteristics during the feature extraction phase. 

The major contributions of this manuscript are outlined as follows:  

(1) A new approach is introduced for hyperspectral images dimensionality reduction by selecting the relevant and 

discriminatory bands using the Krill Herd algorithm. 

(2) The Krill Herd Algorithm brings together global and local strategies that act together in parallel. This in turn 

improves the algorithm's overall performance for selecting the most informative-rich bands. 

(3) The Krill Herd algorithm contains crossover and mutation operators that exchange the rich information 

between krill individuals which in turn increases the random diversity within the search space, gives a global 

search optimization approach as well as avoids falling into the local optima. 

(4) The Krill Herd Algorithm showed a high performance with a few relevant selected bands compared with the 

competing algorithms, as it showed the superiority of the proposed work on five common optimization algorithms: 

HS, BA, PSO, FA, and GA. 

(5) The spectral information extracted from the Krill Herd algorithm is combined with the spatial information 

extracted by an edge-preserving filter in the classification process which in turn improves classification accuracy. 
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(6) The proposed work showed high accuracy taking into account the limited training samples, which represent 10 % of the labeled samples in our proposed work which was performed effectively on four standard common 

hyperspectral imaging datasets. 

The manuscript was arranged as follows: the introduction was presented in section I, pursued by the Krill Herd 

algorithm in section II. The Edge-preserving filter was introduced in section III, followed by the proposed 

methodology in section IV, then the experimental results in section V, and ultimately the conclusion in section 

VI.  

II KRILL HERD ALGORITHM 

The Krill Herd (KH) algorithm is represented by performing the movement process, which includes three basic 

effects that assist in reaching the optimal solution within the search space. Moreover, there are also genetic factors 

consisting of crossover and mutation that will enhance the performance of the KH algorithm [31]. 

2.1 Movement Process of The KH Algorithm: 

It represents a biologically inspired approach, emulating the herding behavior of krill in the sea. The movement 

of krill depends on three main effects:  

(1) the motion caused by other krill individuals (the mutual interaction between other individuals); 

(2) foraging activity (the orientation towards the location of the food);  

(3) and arbitrary diffusion (the random search process). 

The movement of the krill can be described by generalizing the Lagrangian model to an n-dimensional space 

through equation 1, which includes the previous three main effects together: dPidt =  Ii + Oi + Ri                                                                                      (1) 

Where; Ii is the motion caused by the mutual interaction between other individuals; Oi is the foraging activity, 

and Ri is the arbitrary diffusion of the individuals. Where, the motion caused by the mutual interaction between 

other individuals and the foraging motion comprises two local and global strategies that act in parallel, making it 

a robust algorithm. As for arbitrary diffusion, it performs a random search to speed up access to the optimal 

solution. The position of the krill individuals can be referred to by equation 2, which constitutes the movement 

process during the interval t to t+Φt. 

Pi(t + Φt) =  Pi(t) +  Φt ∗  dPidt                                                                        (2) 

Where; Pi(t) represents the previous position of the krill, and DT is considered one of the most significant 

constants in the algorithm because it represents a scale component of the velocity vector, and it can be indicated 

by equation 3: 

Φt =  ∑ |Ui −  Li|NBi=1NB ∗  Jmax                                                                                  (3) 
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Where; NB is the number of selected bands, Li and Ui are the lower and upper limits of the krill individuals, which 

represent the values of /1/ and the overall number of bands, respectively, and Jmax is the maximum iteration.  

 

 

2.1.1 Motion Caused by Other Krill Individuals: 

The Krill individuals seek to preserve the elevated intensity and move through their mutual influences between 

individuals. The direction of movement caused by other krill individuals, ai, is computed by local influence, target 

influence, and repulsive influence which are obtained by local swarm intensity, target swarm intensity, and 

repulsive swarm intensity, respectively. This motion can be illustrated for the krill individual as in equations 4, 5, 

and 6: Iinew =  nmax  ∗  ai +  witer ∗  Iiold                                                                  (4) 

Where; 

witer = 0.1 + 0.8 ∗  (1 −  JJmax)                                                                (5)  
 ai =  ailocal +  aitarget                                                                             (6) 

 

and nmax  is maximum speed caused by other krill individuals, witer is the inertia weight of the motion caused by 

the mutual interaction between other individuals that lies within the range between [0, 1], Iiold is the previous 

motion caused, ailocal is the local influence supplied by neighbors, aitarget 
 is the impact of the objective direction 

supplied by the best krill, J is the present iteration and Jmax is the maximum iteration. 

2.1.2 Foraging Motion: 

The strategy of foraging movement is denoted by two basic parameters, the first parameter represents the location 

of the food and the second parameter represents the past experience about the location of the food, where the 

acceleration coefficient was added e, which will increase the exploration within search space to reach the food 

location effectively. The formula for searching for food can be referred to as in equations 7, 8, and 9: 

 Oinew =  Sf ∗  bi +  e ∗  witer ∗  Oiold                                                                      (7) 

Where; e =  (−1)iter                                                                                            (8) 
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bi =  bifood +  bibest                                                                                    (9) 

and Sf is the speed of foraging, witer is the inertia weight of the foraging motion that lies in the range between [0, 

1],  Oiold is previous foraging motion, bifood is food attractive coefficient and bibest is the influence of best fitness 

for krill. 

2.1.3 Arbitrary Diffusion: 

Arbitrary diffusion represents a random process of krill individuals. This movement can be defined by two basic 

parameters: the maximum diffusion velocity, and the arbitrary directional vector. This movement can be referred 

to by equation 10: 

Ri =  Rmax ∗ (1 −  JJmax) ∗  δ                                                                     (10) 

Where; Rmax is the maximum diffusion velocity, δ is the arbitrary directional vector that ranges between [-1, 1], J is the present iteration and Jmax is the maximum iteration.  

 

2.2 Genetic Factors: 

The genetic reproduction mechanisms in the KH algorithm have an essential significance to improve the algorithm 

performance and it is inspired by the traditional differential evolution algorithm, which represents crossover and 

mutation operators [31]. 

2.2.1 Crossover: 

The crossover operator is an effective global search approach inspired by the genetic algorithm (GA). It mainly 

depends on mixing the representations of the solutions with each other in order to converge towards the optimal 

solution within the search space. Figure 1 illustrates the mechanism used of the crossover operator in our proposed 

work, where a one-crossover point was employed, which depends on the exchange of information among krill 

individuals to increase diversity in the global search process and obtain informative-rich bands. Firstly, a random 

crossover point between values [1, 10] is selected, where /10/ represents the number of discriminant bands selected 

in our proposed work. Secondly, the parents are randomly selected from the krill individuals for crossover in order 

to exchange information between them. Moreover, it enhances the process of diversity and thus obtains 

informative-rich bands effectively. Where [A1 A2 ... A10] and [B1 B2 ... B10] are two representations of 

randomly selected solutions from the population of krill individuals for the first and second parents, respectively, 

which are the set of the bands. 
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2.2.2 Mutation: 

Mutation helps to increase the random diversity within the search space as well as escape from the local optima 

[32]. The mutation is also a significant factor in many evolutionary algorithms and is obtained by adjusting some 

parts of the solution. Figure 2 represents the mutation mechanism in our proposed work. Firstly, the location of 

the mutation is randomly selected between [1, 10], where /10/ represents the number of discriminant bands 

selected in our proposed work.  Secondly, one solution from the krill individuals is selected randomly. Where the 

mutation process is performed by adjusting the mutation location at the randomly selected solution with a 

randomly selected value between the values 1 and the total number of bands. Where [A1 ... A6 A7 A8 A9 A10] 

is the randomly selected parent from the Krill individuals, and [A1 ... A6 A11 A8 A9 A10] is the offspring after 

the mutation process is performed. 

 

Algorithm 1 represents the main steps for selecting the most significant spectral bands by the Krill Herd (KH) 

algorithm. 

 

 

 

 

Figure 1: crossover Process 

Figure 2: Mutation Process 
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Algorithm 1: Band Selection Based on Krill Herd (KH) 

 Input: Hyperspectral data, number of krill individuals, and positions of krill individuals. 

 Output: The optimum solution according to the best fitness function (subset of selected bands). 

 Begin: 

1.  Initializing parameters, maximum iteration, and determining the lower and upper limits of bands. 

2.  Generating an initial random population of Krill positions in the search space (initialize a subset of bands). 

3.  Computing the fitness function (overall accuracy). 

4.  Choosing the best position based on the best fitness function. 

 For I = 1: Maximum Iteration 

5.  Motion caused by other krill individuals using equation No. 4. 

6.  Foraging motion using equation No. 7. 

7.  Arbitrary diffusion using equation No. 10. 

8.  Calculating the new movement of the krill position using equation No. 2. 

9.  Performing genetic reproduction operators (crossover and mutation). 

10.  Updating the positions of krill individuals based on the fitness function. 

11.  Updating the best krill position based on the best fitness function. 

 End For  

12. Printing the global best solution (subset of selected bands). 

 End 

 

III EDGE-PRESERVING FILTER 

Filters are one of the necessary operations in image processing that aim to obtain images without noise, smooth 

images, and preserve edges. Recently, EPFs have been used effectively in many applications, such as a bilateral 

filter that can smooth the colors in images and reduce delusion colors as well as preserve edges according to 

human perception [33], an edge-preserving model is introduced based on multi-scale image decomposition for 

multi-scale detail extraction using a weighted least squares optimization method [34], a guided filter that contains 

a rapid and non-approximate linear time algorithm which is derived from a linear model, has been shown to 

effectively improve detail, preserve and smooth edges [35], an approach based on merging several images to 

generate an information-rich image has been proposed. It consists of two layers, the base layer which contains 

immense scale divergences in density, and the detail layer comprise small scale details, in addition to guided 

filtering-based weighted average technique to fully exploit spatial features [36], and an approach has been 

proposed to classify HSI based on the amalgamation of the spatial and the spectral characteristics by three basic 

steps where the hyperspectral images are classified based on support vector machine classifier (SVM) and several 

probability maps are generated. In the next step, the EPF is applied to the resulting probability maps, and in the 

last step, the label of every pixel is decided based on the highest probability [37]. 
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          3.1 Transform Domain Recursive Filter (TDRF) 

This section will explain an effective edge-preserving filter for incorporating the spatial information into the 

classification process of HSI which is called edge-preserving transform domain recursive filter [38]. An approach 

has been introduced to classify spatial-spectral hyperspectral images that relies on image merging and a TDRF to 

efficiently extract the characteristics. Where the HSIs are divided to multiple subsets of contiguous bands and 

then the contiguous spectral bands are combined for each subset by averaging and finally a TDRF is utilized to 

prepare the features for the classification phase [39]. Furthermore, the spectral-spatial characteristics of 

hyperspectral images are determined by applying an TDRF several times with different parameters and then the 

results of edge-preserving filters are stacked together and finally the spectral dimension of the stacked filters is 

decreased by the principal component analysis [40]. The transformed signal is processed through edge-preserving 

transform domain recursive filter as in equation 11: 

 J[z] = (1 − FL) ∗  E[z]  + FL ∗   J[z − 1]                                                       (11) 

Where; J[z] is the filtered outcome, and the feedback coefficient F is calculated by equation 12: 

 

F = exp (−√2σH ) ;  K ∈ [0,1]                                                                         (12) 

 

Where; the standard deviation σHi  is calculated to find the feedback coefficient K, which represents the standard 

deviation of the kernel used in the iteration(i) as in equation 13: 

 

σHi =  σh  ∗  √3 ∗ 2Tot−i√4Tot − 1                                                                        (13) 

 

Where; Tot is the overall number of iterations and σh is the standard deviation of the desired kernel. Moreover, L 

is estimated by the distance between the neighboring samples xz and xz−1 in transform domain (Ωω) which 

represents the difference between the two values G(xz) and G(xz−1) as in equation 14: 

 L = G(xz) − G(xz−1)                                                                           (14) 

The domain transform of the input signal E(x) through the G(u) function which is used to compute the distance L 

is defined by equation 15: 
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G(u) =  ∫ 1 + δspatialδrange  |E′(x)|u
0 dx                                                            (15) 

Where the input signal E(x) is converted to the transform domain (Ω𝜔); u ∈ Ω𝜔. Also, E′(x) represents the 

derivative of the input signal E(x) as well as the spatial and range parameters δspatial and δrange of the edge-

preserving filter, respectively. 

IV PROPOSED METHODOLOGY 

HSI has a tremendous number of adjacent spectral bands that give rise to the Hughes phenomenon [41]. 

However, there are many redundant bands that should be removed in order to minimize the processing time 

and the computational complexity and also improve classification performance. Schematic figure 3 

demonstrates the main steps of the proposed work as it mainly encompasses three steps: the first step 

represents the process of hyperspectral images dimensionality reduction by effectively selecting the most 

informative-rich discriminant bands using a biologically inspired heuristic search algorithm called Krill Herd 

(KH). The second step is the feature extraction process, where spatial information is extracted by using an 

edge-preserving filter called transform domain recursive filter, which significantly reduces noise and 

remarkably improves the classification accuracy. The last step is to classify HSI using the SVM algorithm 

and the evaluation process. 

Figure 4 also illustrates an overall flowchart of the proposed work. The major points will be explained in detail 

as follows: 

Band Selection Using KH: 

The hyperspectral images are prepared for the process of selecting the relevant and most informative bands using 

the Krill Herd (KH) algorithm, where the basic parameters of the algorithm are initialized as in table 1: 

 

 

 

 

 

Figure 3: Schematic representation of spatial-spectral hyperspectral images classification using KHBS-ETDRF 
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Table 1: Basic parameters of the KH  

Parameter Value 

Number if Krills 5 

Dimensions of the Krill Individuals (number of the 

selected bands) 

10 

Maximum Iteration 250 nmax 0.5 Sf 0.5 Rmax 0.5 

 

Firstly, the primitive population is initialized with unique random values which lie between the value /1/ and the 

total number of bands that describe the smallest number of bands and the largest number of bands, respectively. 

Table 2 determines the lower and upper limit of the population according to the four datasets used in this work. 

Table 2: The lower and upper limit of the primitive population 

Dataset Lower Limit Upper Limit 

Indian Pines  1 200 

Pavia University  1 103 

Salinas  1 204 

Botswana  1 145 

 

Secondly, the fitness function is calculated for each solution (a subset of bands) in the population that represents 

the overall accuracy (OA) by passing the subset of bands (the ten most informative and relevant bands) out of the 

total bands as in equation 16: 

Overall Accuracy (OA) =  AB                                                                    (16) 

Where; A is the overall number of correctly classified pixels, and B is the overall number of pixels. After the 

initialization process, the KH algorithm works effectively through the search space to find the best solution (the 

ten most significant discriminatory bands) during /250/ iterations. Moreover, the basic motion of the krill 

algorithm is influenced by three main movements: motion caused by the mutual interaction between other 

individuals, foraging activity, and Arbitrary diffusion. Where the movement caused by the mutual interaction 

between other individuals and the foraging motion possess local and global search strategies that work in parallel 

to obtain the informative-rich bands. As for Arbitrary diffusion, it represents a random search process to 

effectively find the most relevant bands. In addition, the KH algorithm is characterized by genetic reproduction 

factors represented by crossover and mutation that enhance the performance of the KH. Moreover, crossover and 

mutation play a significant role in increasing the diversity within the search space and exchanging significant 

information between krill individuals, and preventing falling into the local optima. 
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Extraction of The Spatial Information:   

The spatial information has outstanding significance in the classification process of HSI. In this paper, an edge-

preserving filter called a transform domain recursive filter has been employed to remove noise, small details, and 

weak edges from HSI. Recursive filter aims to improve classification accuracy by preserving strong edges and 

effectively smoothing HSI.  A transform domain recursive filter can be indicated by equation 17: O =  Recursive filter (IM,  δspatial,  δrange )                                                    (17) 

Where; IM is the input image, O is the resulting filtered image, and δspatial and δrange are the spatial standard 

deviation and the range standard deviation of the edge-preserving filter, respectively. After the relevant and 

significant spectral bands are selected by the KH algorithm, the hyperspectral images are smoothed and strong 

edges are preserved through the transform domain recursive filter. Moreover, by incorporating spectral and spatial 

characteristics, the HSI classification process can be effectively improved. 

 

SVM Classification: 

After extracting the relevant and the most informative bands by the KH algorithm as well as extracting the spatial 

features through the transform domain recursive filter, the hyperspectral images are classified using the SVM 

classifier. Moreover, the most popular pixel classifier is the SVM classifier and has shown remarkable 

performance in classifying HSI and also in terms of high classification accuracy. Moreover, the SVM classifier is 

distinguished by its superior ability to handle the dataset dimensions effectively [42, 43]. 
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Figure 4: Overall flowchart of the proposed work 
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V EXPERIMENTAL RESULTS 

The classification results of hyperspectral images obtained from four benchmark datasets (Indian Pines, Pavia 

University, Salinas, and Botswana) will be discussed for the proposed work in comparison with the five 

optimization algorithms (HS, BA, PSO, FA, and GA). In addition to the convergence analysis of the competing 

algorithms compared to the proposed work during the selection process of the most relevant discriminant bands. 

 

5.1 Datasets Description: 

5.1.1 Indian Pines Dataset 

It was gathered from an agricultural area in northwestern Indiana in 1992, using AVIRIS sensor. The HSI of the 

Indian Pines scene contains 224 spectral bands and the image has 145*145 pixels. The spectral wavelength range 

between [0.4, 2.5] µm. Moreover, 24 bands representing water absorption spectral bands and bad bands are 

eliminated, thus the number of bands utilized in the investigations becomes 200 spectral bands. The ground truth 

of this scene comprises 16 classes as in table 3, which shows the division of data used for training and testing in 

this work. 

Table 3: Training and testing data for Indian Pines scene 

Class 

NO. 

Training Sample Testing Samples 

1 5 41 

2 143 1285 

3 83 747 

4 24 213 

5 49 434 

6 73 657 

7 3 25 

8 48 430 

9 2 18 

10 98 874 

11 246 2209 

12 60 533 

13 21 184 

14 127 1138 

15 39 347 

16 10 83 

Total 1,031 9,218 
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5.1.2 Pavia University Dataset 

It was collected from an urban region around the University of Pavia in 2002, using ROSIS sensor. The HSI of 

the University of Pavia scene contains 115 bands and the image has 610*340 pixels. The spectral wavelength 

range between [0.43, 0.86] µm. Moreover, 12 bands representing water absorption bands are eliminated, thus the 

number of bands used in the investigations becomes 103 bands. Where, the ground truth of this scene comprises 

9 classes as in table 4, which shows the division of data used for training and testing in this work. 

Table 4: Training and testing data for Pavia University scene 

Class 

NO. 

Training Sample Testing Samples 

1 664 5967 

2 1865 16784 

3 210 1889 

4 307 2757 

5 135 1210 

6 503 4526 

7 133 1197 

8 369 3313 

9 95 852 

Total 4281 38495 

 

5.1.3 Salinas Dataset 

It was collected from an agricultural area along Salinas Valley, Southern California in 1998, using the AVIRIS 

sensor. The HSI of the Salinas scene contains 224 spectral band and the image has 512*217 pixels. The spectral 

wavelength range between [0.4, 2.5] µm. Moreover, 20 bands representing water absorption bands are eliminated, 

thus the number of bands used in the investigations becomes 204 spectral bands. Where, the ground truth of this 

scene comprises 16 classes as in table 5, which shows the division of data used for training and testing in this 

work. 

Table 5: Training and testing data for Salinas scene 

Class 

NO. 

Training Sample Testing Samples 

1 201 1808 

2 373 3353 

3 198 1778 

4 140 1254 

5 268 2410 

6 396 3563 
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7 358 3221 

8 1128 10143 

9 621 5582 

10 328 2950 

11 107 961 

12 193 1734 

13 92 824 

14 107 963 

15 727 6541 

16 181 1626 

Total 5418 48711 

 

5.1.4 Botswana Dataset 

It was gathered from the Okavango Delta in 2001, using the NASA EO 1 satellite as well as the Hyperion sensor. 

The HSI of the Botswana scene contains 242 spectral bands and the image has 1476*256 pixels. The spectral 

wavelength range between [0.4, 2.5] µm. Moreover, 97 bands representing water absorption bands are eliminated, 

thus the number of bands used in the investigations becomes 145 spectral bands. The ground truth of this scene 

comprises 14 classes as in table 6, which shows the division of data used for training and testing in this work. 

Table 6: Training and testing data for Botswana scene 

Class 

NO. 

Training Sample Testing Samples 

1 27 243 

2 11 90 

3 26 225 

4 22 193 

5 27 242 

6 27 242 

7 26 233 

8 21 182 

9 32 282 

10 25 223 

11 31 274 

12 19 162 

13 27 241 

14 10 85 

Total 331 2917 
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5.2 Evaluation Criteria 

The evaluation criteria were employed for the assessment process of the proposed work and the competing 

optimization algorithms, which are individual class accuracies (ICA), overall accuracy (OA), average accuracy 

(AA), and kappa coefficient (KC) [44]. 

5.3 Classification Results 

It was obtained from the Indian Pines scene as in table 7, the Pavia University scene as in table 8, the Salinas 

scene as in table 9, and the Botswana scene as in table 10. Where each table shows ICA, OA, AA, and KC 

computed for the proposed work compared with five optimization algorithms. As shown in tables 7, 8, 9, and 10, 

we can find that the proposed work has the highest accuracy in classifying hyperspectral images effectively 

compared with all competing optimization algorithms due to the robustness of the proposed work in selecting the 

most informative and relevant discriminatory bands. However, there is only a slight misclassification in the 

proposed work for a small number of classes compared with all competing algorithms due to the intelligent 

behavior of the krill individuals in reaching the global solution within the search space and selecting the most 

informative discriminatory bands. 

5.3.1 Analytical Results of Indian Pines Dataset 

In table 7, the proposed method has shown an outstanding improvement in classification accuracy. For instance, 

the classification accuracy of the Grass-pasture- mowed class is 100% which has surpassed all competing 

algorithms, whereas the classification accuracy ranges between 47.92% and 95.65% for all competing algorithms. 

Moreover, there is a high improvement in the OA of the proposed work, which is 96.54%, significantly superior 

to all state-of-the-art algorithms, which ranged between 76.81% and 80.49%. 

5.3.2 Analytical Results of Pavia University Dataset 

In table 8, the proposed method significantly excelled in classifying the hyperspectral images with the highest 

classification accuracy. For instance, the classification accuracy for the Bare soil class is 99.98% which is the best 

classification accuracy compared with all competing algorithms, where the classification accuracy ranged between 

87.78% and 92.60% for all competing algorithms. As for the overall accuracy of the proposed work, which is 

98.93%, it clearly surpassed all competing algorithms, as it ranged between 89.93% and 93.72%. 

5.3.3 Analytical Results of Salinas Dataset 

Similarly in table 9, the proposed method showed a remarkable performance in classifying the hyperspectral 

images. For instance, the classification accuracy of the Broccoli green weeds 2 class, the Soil vineyard develop 

class, the Corn senesced green weeds class, the Lettuce romaine 4 wk class, the Lettuce romaine 6 wk class, and 

the Vineyard vertical trellis class are 100% in the proposed work which has outperformed classification accuracy 

compared with all competing algorithms. As for the competing algorithms, where the classification accuracy of 

the Broccoli green weeds 2 class ranged between 99.17% and 99.67%, the classification accuracy of the Soil 

vineyard develop class ranged between 98.61% and 99.38%,  the classification accuracy of the Corn senesced 

green weeds class ranged between 95.33% and 97.66%, the classification accuracy of the Lettuce romaine 4 wk 

class ranged between 94.60% and 99.05%, the classification accuracy of the Lettuce romaine 6 wk class ranged 
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between 96.25% and 99.88%, and the classification accuracy of the Vineyard vertical trellis class ranged between 

99.01% and 99.63%. Furthermore, the proposed work outperformed with a considerable improvement in terms of 

the overall accuracy which is 99.78% compared with all competing algorithms, which ranged between 91.86% 

and 93.23%. 

5.3.4 Analytical Results of Botswana Dataset 

Finally, in table 10, the proposed method significantly selected the most relevant bands which leads to classifying 

the hyperspectral images with high accuracy. For instance, the classification accuracy of the Short mopane class, 

the Acacia shrublands class, the Riparian class, the FloodPlain grasses 2 class, the FloodPlain grasses 1 class, and 

the Hippo grass class are 100% in the proposed work which has outperformed classification accuracy compared 

with all competing algorithms. As for the competing algorithms, where the classification accuracy of the Short 

mopane class ranged between 85.06% and 99.07%, the Acacia shrublands class ranged between 81.70% and 

89.90%, the Riparian class ranged between 74.27% and 91.32%, the FloodPlain grasses 2 class ranged between 

91.58% and 94.38%, the FloodPlain grasses 1 class ranged between 83.42% and 92.26%, and the Hippo grass 

class ranged between 85.65% and 93.13%. Moreover, the overall accuracy of the proposed work, which is 98.66 

%, outperformed with a high improvement compared with all competing algorithms, which ranged between 

87.21% and 91.91%. 

 

Table 7: Classification results obtained from the Indian Pines dataset compared with the competing algorithms 

(in %) 

Class 

NO. 

Class Name HS-

SVM 

BA-

SVM 

PSO-

SVM 

FA-

SVM 

GA-

SVM 

Proposed 

Method 

1 Alfalfa 52.73 61.11 51.61 36.49 58.33 97.62 

2 Corn-no till 76.95 71.20 72.98 71.40 71.65 97.00 

3 Corn-min till 76.05 71.43 80.97 72.56 74.76 95.74 

4 Corn 70.32 56.17 73.09 61.98 65.73 95.07 

5 Grass-pasture 78.26 79.10 87.92 88.89 91.37 96.74 

6 Grass-tree 88.57 85.69 87.46 82.79 88.26 99.70 

7 Grass-pasture- 

mowed 

88.00 47.92 91.67 95.65 64.29 100 

8 Hay-windrowed 95.69 94.83 97.58 94.39 96.79 99.08 

9 Oat 78.57 20.00 23.08 64.29 58.33 94.74 

10 Soybean-no till 79.06 80.14 72.52 67.51 76.59 94.35 

11 Soybean-min till 74.24 74.51 75.65 74.82 78.02 95.03 

12 Soybean-clean 67.42 68.54 84.14 60.00 80.70 93.44 

13 Wheat 85.51 83.33 87.50 98.40 87.44 98.39 

14 Woods 92.76 90.81 90.29 90.50 90.06 99.82 
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15 Buildings-grass-

trees- 

drives 

73.13 66.67 73.75 68.95 73.30 95.97 

16 Stone-steel- towers 100 100 98.68 95.24 100 98.80 

OA 79.58 77.41 80.05 76.81 80.49 96.54 

AA 79.83 71.97 78.06 76.49 78.48 96.97 

KC 76.60 74.14 77.13 73.48 77.66 96.05 

 

 

 

Table 8: Classification results obtained from the Pavia University dataset compared with the competing 

algorithms (in %) 

Class 

NO. 

Class Name HS-

SVM 

BA-

SVM 

PSO-

SVM 

FA-

SVM 

GA-

SVM 

Proposed 

Method 

1 Asphalt 94.09 90.78 92.10 93.01 93.96 98.37 

2 Meadows 95.83 92.51 94.68 95.72 96.45 99.88 

3 Gravel 81.82 72.03 80.28 82.40 82.42 97.85 

4 Trees 95.53 92.92 93.74 95.43 94.34 99.34 

5 Painted metal 

sheets 

98.44 97.64 99.18 99.42 99.50 99.92 

6 Bare soil 92.60 87.78 88.79 89.07 91.38 99.98 

7 Bitumen 90.19 82.98 85.96 83.73 86.71 90.83 

8 Self-blocking 

bricks 

87.02 81.46 85.98 85.58 86.77 96.77 

9 Shadows 99.88 100 99.88 99.88 100 99.02 

OA 93.72 89.93 92.11 92.83 93.68 98.93 

AA 92.82 88.68 91.18 91.58 92.39 97.99 

KC 91.65 86.53 89.50 90.48 91.62 98.58 
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Table 9: Classification results obtained from the Salinas dataset compared with the competing algorithms (in %) 

Class 

NO. 

Class Name HS-

SVM 

BA-

SVM 

PSO-

SVM 

FA-

SVM 

GA-

SVM 

Proposed 

Method 

1 Broccoli green 

weeds 1 

100 99.50 99.45 99.89 99.89 100 

2 Broccoli green 

weeds 2 

99.67 99.61 99.55 99.38 99.17 100 

3 Fallow 97.29 97.83 98.07 96.12 97.52 99.78 

4 Fallow rough 

plough 

99.52 98.89 99.60 99.21 98.43 98.58 

5 Fallow smooth 98.42 98.54 97.18 98.29 99.20 99.71 

6 Stubble 99.97 99.97 99.92 100 99.97 100 

7 Celery 99.84 99.66 99.23 99.66 99.88 99.63 

8 Grapes 

untrained 

83.05 78.24 80.92 83.63 82.60 99.79 

9 Soil vineyard 

develop 

99.38 99.25 98.61 99.09 99.28 100 

10 Corn senesced 

green weeds 

97.33 97.66 95.33 97.51 97.44 100 

11 Lettuce romaine 

4 wk 

98.95 94.60 98.47 99.05 95.51 100 

12 Lettuce romaine 

5 wk 

98.97 98.74 98.51 99.65 98.41 99.60 

13 Lettuce romaine 

6 wk 

96.25 98.06 99.15 98.33 99.88 100 

14 Lettuce romaine 

7 wk 

99.24 97.39 97.91 99.36 98.23 98.87 

15 Vineyard 

untrained 

80.22 78.85 79.23 76.81 80.36 99.60 

16 Vineyard 

vertical trellis 

99.32 99.01 99.25 99.63 99.26 100 

OA 93.23 91.86 92.34 92.83 93.08 99.78 

AA 96.71 95.99 96.27 96.60 96.56 99.72 

KC 92.46 90.91 91.45 92.01 92.29 99.76 
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Table 10: Classification results obtained from the Botswana dataset compared with the competing algorithms (in 

%) 

Class 

NO. 

Class Name HS-

SVM 

BA-

SVM 

PSO-

SVM 

FA-

SVM 

GA-

SVM 

Proposed 

Method 

1 Exposes soils 100 99.59 100 100 99.59 100 

2 Mixed mopane 93.62 97.67 92.71 93.75 95.65 86.54 

3 Short mopane 99.07 95.20 87.25 85.06 94.04 100 

4 Acacia grasslands 83.77 87.68 91.53 91.88 95.16 93.24 

5 Acacia shrublands 87.32 81.70 82.20 89.90 88.64 100 

6 Acacia woodlands 79.81 74.72 70.87 73.44 76.98 96.79 

7 Island interior 92.44 97.02 98.26 97.37 99.56 99.57 

8 Firescar 95.16 88.61 89.06 93.68 94.24 99.45 

9 Riparian 83.60 77.71 81.34 74.27 91.32 100 

10 Reeds 81.15 87.80 80.00 73.55 89.59 99.55 

11 FloodPlain grasses 

2 

94.38 92.70 93.70 91.58 93.80 100 

12 FloodPlain grasses 

1 

92.26 85.03 86.52 83.42 91.77 100 

13 Hippo grass 93.13 85.65 87.62 90.74 86.97 100 

14 Water 98.80 98.75 97.65 100 100 100 

OA 90.26 88.48 87.76 87.21 91.91 98.66 

AA 91.04 89.27 88.48 88.47 92.67 98.22 

KC 89.45 87.52 86.75 86.15 91.23 98.55 

 

The classification map of the proposed work and the five competing algorithms for the Indian Pines scene is 

shown in figure 5, the Pavia University scene is illustrated in figure 6, the Salinas scene is exhibited in figure 7, 

and the Botswana scene is depicted in figure 8. Where some misclassification can be observed in all competing 

algorithms due to the selection of irrelevant and insignificant bands. Compared with the proposed work, which is 

smoother and less noisy for all datasets due to the effectiveness of the KH algorithm in finding the most relevant 

and informative bands through local and global search strategies, in addition to using a transform domain recursive 

filter to extract the spatial characteristics effectively. 
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(g) 

(a) (b) (c) (d) 

(a) 

 

 

 

 

 

 

 

 

 

 

 

 

 

(e) (f) 

Figure 5: Classification maps on Indian pines dataset: (a) BA-SVM; (b) FA-SVM; (c) GA-SVM; (d) HS-SVM; (e) PSO-

SVM; (f) Proposed Method; (g) Ground Truth. 

(b) (c) (d) 
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(e) (f) 

Figure 6: Classification maps on Pavia University dataset: (a) BA-SVM; (b) FA-SVM; (c) GA-SVM; (d) HS-SVM; (e) PSO-

SVM; (f) Proposed Method; (g) Ground Truth. 

(a) (b) (c) 

(f) 

(d) 

Figure 7: Classification maps on Salinas dataset: (a) BA-SVM; (b) FA-SVM; (c) GA-SVM; (d) HS-SVM; (e) PSO-

SVM; (f) Proposed Method; (g) Ground Truth. 

 

(e) 
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Tables 11, 12, 13, and 14 exhibit the selected spectral bands for the Indian Pines scene, the Pavia University scene, 

the Salinas scene, and the Botswana scene, respectively. Where these tables demonstrate the ten most informative 

and significant bands selected by the proposed work and the competing algorithms. Moreover, figures 9 (a), 9 (b), 

9 (c), and 9 (d) indicate the distribution of the selected spectral bands obtained by the proposed work and the 

competing algorithms for the Indian Pines scene, the Pavia University scene, the Salinas scene, and the Botswana 

scene, respectively. Where the spectral bands were chosen for the Indian Pines scene in the range between 1 and 

200, the Pavia University scene in the range between 1 and 103, the Salinas scene in the range between 1 and 204, 

and the Botswana scene in the range between 1 and 145. 

(e) (f) 

Figure 8: Classification maps on Botswana dataset: (a) BA-SVM; (b) FA-SVM; (c) GA-SVM; (d) HS-SVM; (e) PSO-

SVM; (f) Proposed Method; (g) Ground Truth. 

(a) (b) (c) (d) 
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Table 11: The ten most informative and significant bands selected by the proposed work and the competing 

algorithms for Indian Pines scene 

Method Selected Bands 

HS 17    22    35    40    41    98   100   141   161   178 

BA 56    27    13   172   137    79   162    70   148   178 

PSO 60    43    64   123    34   178   165    20    49    53 

FA 74   153    82    28   181   125   196   176    68    7 

GA  7    18   165   129   164    69    21    59    32    39 

Proposed Method 124    26    10    68    98    36    51   165    44    19 

 

 

 

Table 12: The ten most informative and significant bands selected by the proposed work and the competing 

algorithms for Pavia University scene 

Method Selected Bands 

HS 5    17    31    42    60    68    83    85    87   103 

BA 8    25    30    49    79     6    85    24    69    12 

PSO 27    59    87    68    37    47    93    83    19    70 

FA 6    59    17    38    85    83    68    84    82    60 

GA 15    99     9    28    70    38    83    65    19    86 

Proposed Method 38    68    15     6    79    85    98    65    26    83 

 

 

 

Table 13: The ten most informative and significant bands selected by the proposed work and the competing 

algorithms for Salinas scene 

Method Selected Bands 

HS 19    38    50    52    82    96   136   140   156   169 

BA 175    11    54   130   168   137   130   192    67    77 

PSO 90    99    51    30   115    74    84    93   136   158 

FA 4    78   141    18    32    51   102    14   162    40 

GA 152   139   105     9   119    39    50    18   179    91 

Proposed Method 139    52    30   111     6    88   181    38    19    12 
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(a) (b) 

(c) (d) 

Table 14: The ten most informative and significant bands selected by the proposed work and the competing 

algorithms for Botswana scene 

Method Selected Bands 

HS 24    28    33    34    55    68    70    72   106   120 

BA 97    42    79    45   112    49    94    85   131    27 

PSO 38    54   116    62    53    61    16    65   105    27 

FA 97    29    34    59   111    27     6    73   133    31 

GA 31     6   122   101    27    69    98   138    27    51 

Proposed Method 25    92    37    27    57    78    84    80   126     4 

 

 

 

 

 

 

 

Figure 9: Distribution of the selected spectral bands obtained by the proposed work and the competing algorithms: (a) the Indian 

Pines scene; (b) the Pavia University scene; (c) the Salinas scene; (d) the Botswana scene. 
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5.3.5 Statistical Analysis of Fitness Function 

Figures 10, 11, 12, and 13 illustrate the convergence behavior during the selection process of the most 

discriminative spectral bands for the Indian Pines scene, the Pavia University scene, the Salinas scene, and the 

Botswana scene, respectively. Where the convergence behavior is analyzed of the proposed work compared with 

the competing algorithms by plotting the number of iterations against the fitness function, which represents the 

OA of the hyperspectral image classification for the respective bands. 

Figure 10 demonstrates the substantial superiority of the KH algorithm by reaching the best optimal solution after 

/250/ iteration with an overall accuracy of 74.22% compared with the competing algorithms due to discovering 

the most informative and relevant spectral bands. Compared with the competing algorithms, the BA algorithm 

has the worst overall accuracy, which is equal to 70.58%, and the remaining optimization algorithms FA, HS, 

PSO, and GA have an overall accuracy of 71.49%, 72.58%, 73.38%, and 73.80%, respectively. 

Figure 11 exhibits the remarkable performance of the KH algorithm by obtaining the global solution as well as 

the optimal convergence compared with the competing algorithms, where the overall accuracy after /250/ iteration 

is 88.41% in addition to avoiding falling into the local optima during the searching process about the best bands. 

We also note the premature convergence of the BA algorithm and obtaining the worst performance with an overall 

accuracy of 84.92% due to being stuck into the local optima, and the other optimization algorithms PSO, FA, GA, 

and HS have an overall accuracy of 86.54%, 87.61%, 87.89%, and 87.95%, respectively. 

 

 

Figure 12 displays the convergence behavior of the KH algorithm which has reached the global optimal solution 

effectively compared with the competing algorithms with an overall accuracy after /250/ iteration of 91.47%, 

where the optimal solution represents the most informative spectral bands used in classifying hyperspectral 

images. Compared to competing algorithms, we find that the BA algorithm is being stuck into the local optima 

with an overall accuracy of 90.21%, and then the GA, PSO, HS, and FA algorithms come with an overall accuracy 

of 91.28%, 90.74%, 90.86%, and 90.98%, respectively. 

Figure 10: The best OA obtained in each iteration for the Indian 

Pines scene 

Figure 11: The best OA obtained in each iteration for the Pavia 

University scene 
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Figure 13 shows a significant improvement in the convergence behavior of the KH algorithm towards the best 

bands used for classifying hyperspectral images with an OA after /250/ iteration of 91.94%. In contrast, the overall 

accuracy of the PSO algorithm is 88.86%, which represents the worst performance in the convergence process 

between the competing algorithms, while the overall accuracy of HS, BA, GA, and FA algorithms reached 

90.16%. 90.71%, 91.53%, and 91.57%, respectively. 

 

 

Moreover, the considerable improvement in the convergence behavior of the proposed work is due to the benefit 

of local and global search strategies of the KH algorithm, in addition to the significant diversity in the search 

space towards the global optimal solution by using genetic reproduction operators. The analysis of the 

convergence behavior of the competing algorithms is due to the selection of irrelevant and less informative 

spectral bands compared with the proposed work that outperformed all the competing algorithms effectively and 

remarkably.  

 

Figures 14, 15, 16, and 17 demonstrate the percentage values of OA, AA, and KC for the Indian Pines scene, the 

Pavia University scene, the Salinas scene, and the Botswana scene, respectively. The proposed work apparently 

overcomes all the competing algorithms and effectively classifies hyperspectral images. 

 

Figure 12: The best OA obtained in each iteration for the Salinas 

scene  

Figure 13: The best OA obtained in each iteration for the Botswana 

scene 



29 

 

 

 

 

VI CONCLUSION 

The Hughes phenomenon is a considerable dilemma in the classification of HSI due to the redundant and 

insignificant spectral bands. In this manuscript, a novel approach is presented for HSIs dimensionality reduction 

by selecting the most discriminative spectral bands using the KH algorithm, which is characterized by local and 

global search strategies. The OA was used as a fitness function of the KH algorithm during the selection process 

Figure 14: OA, AA, and KC values for the Indian Pines scene Figure 15: OA, AA, and KC values for the Pavia University scene 

Figure 16: OA, AA, and KC values for the Salinas scene Figure 17: OA, AA, and KC values for the Botswana scene 
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of the significant spectral bands. Moreover, the KH algorithm has genetic reproduction mechanisms (crossover 

and mutation) that provide a large diversity within the search space to effectively accelerate reaching the optimal 

global solution (the most informative spectral bands) as well as avoid falling into the local optima. In the next 

stage, a TDRF is used to extract the spatial characteristics, which significantly improves the accuracy of 

classifying hyperspectral images by smoothing the images and obtaining strong edges. Finally, the resulting image 

was classified using an SVM classifier, which is a robust classifier that is widely used to classify HSI at the pixel 

level. The proposed method demonstrated a substantial improvement in the classification of HSI compared to 

competing optimization algorithms (HS, BA, PSO, FA, and GA). The proposed method also revealed a significant 

superiority based on the limited training data of hyperspectral images on four benchmark datasets. In future work, 

new optimization techniques will be used to significantly reduce the dimensions of hyperspectral images. 

Furthermore, hybrid models will be employed to effectively select discriminative spectral bands as well as 

optimize the fitness function to enhance the classification accuracy of HSI. In addition to incorporating the spatial 

features in the hyperspectral image classification process by using appropriate filters to obtain better performance 

and high accuracy. 
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