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ABSTRACT 

In remote sensing applications, finding matching images across huge datasets is difficult due to the scarcity of annotated 

images. The high spatio-spectral resolution and high-dimensional sparse nature make the remote sensing images difficult 

to utilize in particular applications. Hence, competent retrieval methods are to be designed with efficient classification 

strategies that solve multiclass problems. This work incorporates developing a new hybrid hierarchical sparse kernel 

classification (HHSKC) method using relevance vector machine (RVM) and support vector machine (SVM) classifiers. 

The feature extraction is attained through a relational autoencoder (RAE) with proper dimensionality reduction. The 

excellent competing qualities of the hybrid classifiers and the deep feature representations improve the overall potential 

of the RAE-HHSKC framework. The proposed RAE-HHSKC is validated on two benchmark RS image datasets: the 

UC Merced (UCMD) dataset and the RS-19 dataset. The RAE-HHSKC framework obtained state-of-the-art results 

using both sparse kernel learning machines (SKLM) and deep features. 

Keywords: Hybrid Classification, Relational Autoencoder, Relevance Vector Machine, Remote Sensing 

Image Retrieval, Support Vector Machine. 

1. INTRODUCTION 

Retrieval of visually identical images from large-

scale remote sensing (RS) databases is an essential 

application of content-based image retrieval (CBIR) 

applications. The remote sensing image retrieval (RSIR) 

uses visual contents from the input images to retrieve 

similar image set from very large databases. RSIR 

models need more sufficiently labeled training samples 

to perform correctly, which is challenging [1]. Remote 

sensing images (RSI) are being used in a broad spectrum 

of applications like change detection, glacier monitoring, 

land-cover classification, object detection, and retrieval. 

Due to satellite technology advancement, remote sensors 

are providing huge volumes of data with very high 

spectral, spatial, temporal, and radiometric resolution. 

Such an increase requires significant modifications in the 

approach we use and manage the RSI. Also, RS images 

are large and are taken from high altitudes compared with 

ordinary images. As a result, there are many 

heterogeneous objects in one image, making the structure 

highly complex. These challenges add multiple 

complications to the RSI analysis, especially in RSIR 

tasks. Hence, more competing and efficient RSIR models 

are to be formulated to deal with the high dimensionality 

and spatio-spectral complexity for recognizing a similar 

class.  

During the last decades, several RSIR frameworks 

have been recommended [2-4]. However, the launch of 

deep learning (DL) approaches in RS scenario presents 

new challenges to tackle. Many DL-based retrieval 

frameworks are available [5-10], using different 

architectures and learning strategies. Generally, an RSIR 

framework incorporates a feature extraction and a 

retrieval phase that includes an efficient classification 

module for labeling. The feature extraction phase in a 

retrieval model is turned to be extensively important as 

data expands high dimensional.  

The classifier framework is designed in such a way as 

to minimize the labeling cost. The capabilities of both the 

feature extraction and the classification phase make the 

RSIR framework efficient in performance. The use of a 

hybrid approach classification has been found to be 

suitable for the high-dimensional RS data and generate 

classification that is often more accurate than the 

individual classification schemes.  
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The core idea of this proposed work is to design an 

efficient RSIR framework, which uses a relational 

autoencoder in the feature extraction phase, which 

preserves the data relationships. The classification 

environment is designed in a hybrid fashion using the 

relevant vector machine and support vector machine. 

Hence, the classifier performs much faster at the testing 

phase when using RVM than using SVM. The main 

attraction of using SVM is that its target function 

attempts in minimizing the errors on training data. Also, 

simultaneously it maximizes the margin between the two 

classes in the higher dimensional feature space implicitly 

defined by the kernel. This is highly effective for 

avoiding overfitting, which leads to good generalization. 

Furthermore, the classification results in a sparse model, 

dependent only on a subset of kernel functions. Also, the 

SVM is generally optimized to achieve excessive-class 

reliability for classifying highly overlapping classes.  

Hence, a hybrid hierarchical sparse kernel 

classification (HHSKC) framework is formulated here 

using the two SKLM- the relevance vector machine and 

the support vector machine using the RAE features. The 

framework incorporates the sparse kernel properties of 

both RVM and SVM for an efficient RSI classification. 

The major contributing factors of this work are:  

i. the design of an RSIR consisting of a deep 

feature learning (DFL) phase. The DFL 

generates features with dimensionality 

reduction using an RAE, which preserves 

the relationships between the data points. 

ii. the design of an HHSKC framework with 

improved classification accuracy to provide 

better retrieval results.  

The sections of this work are arranged as below. A 

detailed background of the related works is presented in 

Section 2. A description of the RAE-HHSKC framework 

is detailed in Section 3. The results obtained using the 

RAE-HHSKC framework based on two well-known RS 

datasets are narrated in Section 4. A concluding remark 

is presented in Section 5. 

2. BACKGROUND AND RELATED 

WORKS 

The performance of remote sensing image retrieval 

models mainly depends on the expressive power of image 

features. The RSIR methods already available use low-

level features or hand-crafted features, like color [11-13], 

texture [11-13], and shape [11]. Some representative 

features based models, like the scale invariant feature 

transform (SIFT) [14-16], color correlogram [12,13], 

local binary pattern (LBP) [16,18], grey level co-

occurrence matrix (GLCM) [12,13,17], histogram of 

oriented gradients (HOG) [18], Gabor filters [18], or their 

variants are also found used. Some mid-level feature 

representations, like the well-known bag-of-visual-words 

(BoVW) model, are also been extensively popular in the 

RS communities [19,20] for their simplicity. 

The recent works on RSIR using deep feature 

representations for interpreting the patterns [21-23] are 

more powerful. A novel result ranking loss (RRL) 

method is proposed in [24], an RSIR using fuzzy rules, 

and a fuzzy distance is developed in [25]. A 

classification-similarity network and double fusion 

model is designed in [26]. An RSIR framework for zero-

shot intermodal data was proposed in [27]. A global-

aware ranking loss (GRL) model is proposed in [28]. 

Most of the recent frameworks use convolution neural 

networks (CNN) and autoencoders (AE) as the DL 

architecture. More recently, autoencoders have attracted 

center stage in the deep architecture approaches [29]. 

Hence, the AE and its variants are recently used for deep 

features extraction [30]. Being a neural network-based 

feature extraction method, AE achieves great 

accomplishment in generating robust features of high-

dimensional data. However, they fail to consider the 

relationships maintained between data samples, which 

severely affects the overall effectiveness of the retrieval 

models. Hence, this work incorporates designing a 

relational autoencoder (RAE) [31] for extracting the most 

representative deep features, which considers both data 

features and respective relations.  

For the RSIR, excellent efforts are made to establish 

robust and stable image classification methods. Hybrid 

classification systems are very promising for producing 

better outcomes by integrating the successful features of 

various classifiers. Many hybrid classification strategies 

are proposed in RSI literature [32, 33]. Support vector 

machines (SVM) [34] and relevance vector machines 

(RVM) [35] constitute two state-of-the-art sparse kernel 

learning (SKLM) machines. The RVM is a Bayesian 

extension of the support vector machine (SVM) that has 

considerable potential for analyzing remotely sensed data 

[36]. In these years, it is reported that RVM is as powerful 

as SVM [37] for image classification applications. Key 

attractions of the RVM are (i) it is less responsive to the 

hyperparameter settings, (ii) not restricted by the Mercer 

kernels, and (iii) the provision for a probabilistic output 

and considerably fewer relevance vectors for a specific 

analysis [38]. The RVM achieves sparsity because of its 

posterior distributions of the weights that are sharply 

peaked around zero. Those training vectors associated 

with the remaining nonzero weights are called the 

relevance vectors (RV).  

Based on the review and analysis, it is understood that 

several RSIR frameworks exist that are most promising 

and prevailing, but further researches have to be initiated 

to develop new highly performance-oriented RSIR 

frameworks that can compete with the state-of-the-art 

methods. 
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3. THE RAE-HHSKC MODEL PIPELINE 

This work aimed at the design of an RSIR framework 

called RAE-HHSKC using deep features. The framework 

includes two phases- i) a DFL using relational 

autoencoder and ii) a classification phase using a hybrid 

hierarchical sparse kernel learning RVM and SVM for 

obtaining a relatively sparse solution. The deep feature 

set is extracted using the RAE, preserving the affinity 

among the data points with reduced dimensionality. The 

extracted deep features are used for classification using 

the hybrid framework. Figure 1. illustrates the phases 

involved in the recommended RAE-HHSKC model. 

 

Figure 1 Illustration of the RAE-HHSKC Framework 

The HHSKC works in two levels of hierarchy. The 

first level utilizes the probabilistic nature of several 

binary RVM models. The RVM determines the samples 

to be retained and those identified for the second phase 

of classification. The RVM interprets the probabilistic 

output classification as a confidence measure, as a 

symmetrical interval concerning the origin ([−range, 

range]), where RVM discovers lower confidence, which 

is influenced by the conditional probability as in (11). 

These choices of training samples fall below the logistic 

curve to be identified as hard-to-classify samples and 

given for the second level of SVM classification [46]. 

A testing sample is first classified by the RVM that 

exhibited more confidence by assigned its posterior 

probabilities in the training phase. The testing ends when 

the samples are classified outside the interval [−range, 

range]; otherwise, the SVM will perform the 

classification. As the range value increases, fewer and 

non-overlapping samples are classified using the RVM. 

The more and hard-to-classify highly overlapping 

samples are classified by the SVM in the next level [47]. 

3.1 Deep Feature Learning using RAE 

The objective of a basic autoencoder (BAE) is to learn 

and regenerate the input data with reduced 

dimensionality. An autoencoder comprises three layers: 

i) input layer, ii) encoder layer, and iii) decoder layer. In 

the encoding phase, the input is usually mapped in the 

lower dimensional features space with a constructive 

representation. This approach can be repeated until the 

desired feature dimensional space is reached. Whereas in 

the decoding phase, the actual features are regenerated 

from lower dimensional features with reverse processing. 

But the basic AE fails to preserve the data relationship, 

which is essential in expressing the input. Hence, a choice 

of RAE is incorporated for the DFL in an unsupervised 

manner. A weight function is added to preserve the data 

relationship. Maintaining the mutual relationships 

between data samples makes AE sensitive even to slight 

changes. Hence, preserving the relationships achieves an 

improved performance of AE with reduced 

dimensionality [48-51]. Therefore, an RAE is aiming at 

the reduction of the loss in the regeneration of data and 

their relationships. For an input data X with n samples and 

m features, the encoder output Y is the reduced version of 

X. Then, the decoder regenerates the input X from the 

encoder representation Y by reducing the difference 

between X and 𝑋′.  

𝑌 = 𝑓(𝑋) = 𝑠𝑓(𝑊𝑋 + 𝑏𝑋)  (1) 

where 𝑠𝑓 is an activation function, which is nonlinear. 

A weight matrix W and a bias vector b ∈ Rn are the 

encoder parameters. Then the decoder-function g is 

expressed as Eqn. (2). 

𝑋′ = 𝑔(𝑌) = 𝑠𝑔(𝑊′𝑌 + 𝑏𝑌)  (2) 

where 𝑠𝑔is the activation function for the decoder, 

and 𝑏𝑌 is the bias vector.  

During training, the autoencoder finds parameters 

𝜃 = 𝑊, 𝑏𝑋 + 𝑏𝑌 that reduce the regeneration loss on the 

given dataset X with an objective function as in Eqn. (3). 

𝑂𝑏𝑗𝐵𝐴𝐸 = 𝑚𝑖𝑛
𝜃

𝐿(𝑋, 𝑋′) =  𝑚𝑖𝑛
𝜃

𝐿(𝑋, 𝑔(𝑓(𝑋)))  (3) 

For linear regeneration, the loss (L1) is the squared-

error (Eqn. (4)), and for nonlinear regeneration, the loss 

(L2) is from the cross-entropy (Eqn. (5)). 

𝐿1(𝜃) = ∑ ‖𝑥𝑖 − 𝑥′𝑖‖ 2𝑛
𝑖=1 = ∑ ‖𝑥𝑖 − 𝑔(𝑓(𝑥𝑖))‖𝑛

𝑖=1  2  

 (4) 

𝐿2(𝜃) = − ∑ [𝑥𝑖 log(𝑦𝑖) + (1 − 𝑥𝑖)log (1 − 𝑦𝑖)]𝑛
𝑖=1   

 (5) 

where 𝑥𝑖 ∈ 𝑋, 𝑥′
𝑖 ∈ 𝑋′𝑎𝑛𝑑 𝑦𝑖 ∈ 𝑌 . Hence, the 

𝑂𝑏𝑗𝑅𝐴𝐸  can be written as Eqn. (6). 

𝑂𝑏𝑗𝑅𝐴𝐸 = (1 − 𝛼) 𝑚𝑖𝑛
𝜃

𝐿(𝑋, 𝑋′) +

𝛼 𝑚𝑖𝑛
𝜃

𝐿(𝑅(𝑋), 𝑅(𝑋′)) (6) 

where 𝑅(𝑋) is the relationship between data samples 

in X, and 𝑅(𝑋′) is the relationship between data samples 

in X'. The parameter α maintains the weight value of loss 

in the data and the relationship, and θ is a neural network 

parameter of the AE. The data relations are managed by 

their similarities, where R(X) is the multiplied value of X 

and 𝑋𝑇 . Then, the objective function can take the 

following form as Eqn. (7). 
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𝑂𝑏𝑗𝑅𝐴𝐸 = (1 − 𝛼) 𝑚𝑖𝑛
𝜃

𝐿(𝑋, 𝑋′) +

𝛼 𝑚𝑖𝑛
𝜃

𝐿(𝑋𝑋𝑇 , 𝑋′𝑋′𝑇)  (7) 

A rectified linear unit (ReLU) activation function is 

used for an improvement in the computational efficiency 

and filter out unnecessary relations, which controls the 

weights-of-similarities.  

𝜏𝑡(𝑟𝑖𝑗) = { 0,

𝑟𝑖𝑗,
   

𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒,

𝑖𝑓 𝑟𝑖𝑗≥𝑡,
 (8) 

where t is a threshold value used to filter out weak and 

irrelevant relationships. Then the objective function of 

RAE is defined as Eqn. (9). 

𝑂𝑏𝑗𝑅𝐴𝐸 = (1 − 𝛼) 𝑚𝑖𝑛
𝜃

𝐿(𝑋, 𝑋′) +

𝛼 𝑚𝑖𝑛
𝜃

𝐿(𝜏𝑡(𝑋𝑋𝑇 , 𝜏𝑡𝑋′𝑋′𝑇
)) (9) 

The RAE iteratively learns from input data using 

ReLU. The ReLU typically learns the features much 

faster from the original data in an unsupervised manner. 

The RAE defines a loss function L and initializes the 

neural network by iteratively adding layers subject to the 

input data and the activation function. The RAE is trained 

by using stochastic gradient descent (SGD) until 

convergence [52]. It is noticed that preserving data 

relationships contributes to the decrease of regeneration 

loss. Thus, the RAE generates robust and meaningful 

deep features with minimal information loss and reduced 

dimensionality and is further used in the classification 

framework [53]. 

3.2 Hybrid Hierarchical Sparse Kernel 

Classification 

Hybrid architecture is always leveraged in obtaining 

precise classification accuracies. The hybrid hierarchical 

sparse kernel classification (HHSKC) framework using 

an RVM and SVM is recommended to obtain an efficient 

RSIR. The sparse kernel properties of both the RVM and 

SVM make the model efficient for the RSI classification 

avoiding overfitting. An RVM is engaged in determining 

the less confident classified samples in the HHSKC 

framework, and the next hierarchy uses an SVM to 

classify the highly overlapping classes. 

3.2.1  Relevance Vector Machine 

The RVM acquires a sparse solution with a 

generalization ability equivalent to the SVM, which 

benefited from the kernel and sparse properties. For 

designing a multiclass retrieval model, the RVM is used 

either in a one-against-one (OAO) or one-against-all 

(OAA) fashion. The multiclass RVM consists of multiple 

independent binary classifiers. The RVM learning 

technique uses a chunk of sample input vectors and the 

respective target class labels [54-58]. The RVM tries to 

catch a hyperplane as a 'weighted' combination. The 

RVM makes predictions conditioned on the function 

given in Eqn. (10). 

𝑓(𝘹) = ∑ 𝜔𝑖
𝑁
𝑖=1 𝑘〈𝘹, 𝘹𝑖〉 + 𝑤0 (10) 

where 𝑤0 shows the model weight, and 𝑘〈𝘹, 𝘹𝑖〉 is a 

kernel function effectively. The parameters 𝜔𝑖 (for i = 1 

to N) in 𝑓(𝘹) are decided by the Bayesian estimation, 

introducing a sparse prior on 𝜔𝑖. RVM classifier models 

the probability distribution of its class label, and the 

classification is carried out by predicting the posterior 

probability given as Eqn. (11). 

𝑃 (
𝑦

𝑓(𝑥)
) =

1

1+𝑒−𝑓(𝑥) (11) 

where, 𝑃 (
𝑦

𝑓(𝑥)
)  is the conditional probability. The 

parameter 𝜔𝑖  is attained by maximizing the posterior 

distribution of class labels given the input vectors. The 

RVM works as a fully probabilistic framework to avoid 

overfitting. It also introduces a prior over the model 

weights governed by a set of hyperparameters, one 

associated with each weight, 𝑤. The parameter 𝑤 is then 

distributed as in Eqn. (12). 

𝑃 (𝑤 𝜔)⁄ = ∏ 𝑁(𝑤𝑖 0, 𝜔𝑖
−1⁄𝑁

𝑖=1 ) (12) 

During the optimization process, many 

hyperparameters will have large values, and, thus, most 

posterior probabilities of the corresponding model 

weights will be zero, which realizes sparsity. The training 

samples with small nonzero coefficients 𝜔𝑖  are the 

relevance vectors (RV) and are promoted for 

classification contributing to the decision function 𝑓(𝘹). 

3.2.2  Support Vector Machine 

The SVM is aimed to find a hyperplane that optimally 

separates the positive and negative samples. The optimal 

hyperplane gives the maximum margin between the 

training samples that are nearest to it. The support vectors 

(SV) lie closest to the separating hyperplane [59]. Once 

this hyperplane is found, new samples can be classified 

simply by determining on which side of the hyperplane 

they fall, and the decision boundary is chosen to be the 

one for which the margin is maximized. Maximizing the 

margin is viewed as an optimization problem: 

=
1

2ŵ𝑖,𝑏,ᶓ               

𝑚𝑖𝑛𝐽(ŵ𝑖,𝑏,ᶓ)
(ŵ𝑖)𝑇ŵ𝑖 + 𝛾 ∑ ᶓ𝑗

𝑖𝑁
𝑖=1  (13) 

subject to: 

(ŵ𝑖)𝑇𝜑(𝑥𝑗) + 𝑏𝑖 ≥ 1 − ᶓ𝑗
𝑖  , 𝑦𝑗 = 𝑖,  (14) 

   (ŵ𝑖)𝑇𝜑(𝑥𝑗) + 𝑏𝑖 ≤ −1 + ᶓ𝑗
𝑖  , 𝑦𝑗 ≠ 𝑖  (15) 

where, w is a normal vector of the hyperplane, b is a 

bias, 𝜑(𝑥𝑗) is a nonlinear function that maps x to a high-

dimensional feature space, ᶓ  is the error in 
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misclassification, and 𝛾 is a regularization constant that 

controls the tradeoff between the classification margin 

and cost of misclassification. Once the SVM models have 

been solved, the class label of a testing example x can be 

predicted as in Eqn. (16). 

𝑦(𝑥) = 𝑎𝑟𝑔𝑖=1,2,…𝐶max (((ŵ𝑖)𝑇𝜑(𝑥) + 𝑏𝑖 (16) 

4. EXPERIMENTS AND RESULTS 

Two benchmark RS datasets, namely the UCMD [38] 

and RS-19 [39], are used for evaluating the overall 

performance of the RAE-HHSKC framework. The 

UCMD contains 21 Land-Use/Land-Cover (LULC) 

categories of high-resolution aerial images. Each class 

contains 100 image samples with a pixel resolution of 0.3 

m. and size 256 × 256. The RS-19 dataset contains 19 

classes of satellite scenes from Google Earth. Each class 

has about 50 RGB image samples with a size of 600 × 

600. Both the datasets are challenging with many 

overlapping classes. The test data is randomly split into 

train and test set with 80% and 20%, respectively.  

The RAE extracts the robust deep features with 

reduced dimensionality, which are then recognized by the 

HHSKC framework for classification. The training of 

RAE involves finding three groups of parameters 𝑊, 𝑏𝑋 

and 𝑏𝑌, that reduce the regeneration loss using stochastic 

gradient descent (SGD) for 100 epochs. The necessary 

number of neurons in each layer is decided as in [31].  

The parameter α controls the weights of the loss in the 

regeneration process. The classification is accomplished 

in two levels which use the probabilistic nature of RVM 

to determine hard-to-classify samples. A confidence 

interval range [-10,10] is chosen for the RVM 

classification phase. The hard-to-classify, highly 

overlapping samples are then trained by a performance-

oriented SVM to attain high classification efficiency. The 

radial basis function (RBF) kernel is employed in both 

RVM and SVM in the experiment.  

4.1 Evaluating the Deep Feature Learning 

The stability of extracted features is assessed by 

measuring the regeneration loss using mean squared error 

(MSE) for different α values. The MSE obtained for the 

UCMD and RS-19 datasets using different α values is 

plotted in Figure 2. 

 

Figure 2 MSE Vs. α 

An increased α value results in increased information 

loss because the model tries to concentrate more on 

maintaining relationship regeneration. Hence an 

acceptable value is chosen to maintain the data and 

relationship regeneration. The α value noted in our 

experiment for the UCMD is 0.4 and 0.6 for the RS-19 

datasets, respectively, for better performance.  

4.2 Evaluating Retrieval Performance  

The overall retrieval efficiency of the RAE-HHSKC 

framework is measured by the standard evaluation 

metrics like precision (P), recall (R), F1-score, and 

average normalized modified retrieval rank (ANMRR). 

The query images for retrieval are randomly selected 

from the test dataset. The per-class P-R values obtained 

for the UCMD and the RS-19 datasets are represented in 

Figures 3 and 4, respectively. 

 

Figure 3 Per-Class P-R values for UCMD 

 

Figure 4 Per-Class P-R values for RS-19 

For both datasets, the RAE-HHSKC framework 

achieved a better response in precision, assuring that 

relevant images are retrieved from the entire dataset. The 

slight fall in the recall is by means of the highly 

overlapping behavior of the datasets. The average 

precision, recall, F1-score, and ANMRR values obtained 

for UCMD and RS-19 are plotted in Table 1. 

respectively. 
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Table 1. Precision, Recall F1-Score and ANMRR  

Dataset Precision Recall 

F1-

Score ANMRR 

UCMD 95.15 91.24 93.13 0.269 

RS-19 94.59 91.04 92.77 0.298 

 

4.3 Comparison with Current Methods 

The overall efficiency of the RAE-HHSKC 

framework in terms of ANMRR values obtained for the 

UCMD dataset against other available methods [40-44] 

are plotted in Table 2. The results indicate that using the 

RAE-HHSKC framework achieved competing 

performance with some state-of-the-art DL-based 

frameworks.  

Table 2. Comparison of ANMRR values for UCMD 

Method ANMRR 

LBP+KNN [40] 0.8523 

SIFT+KNN [40] 0.7645 

SIFT+3 Layer Graph [41] 0.5366 

VGGM-FC2 [44] 0.378 

SGCN [42] 0.3 

SBS-CNN [6] 0.2683 

ReCNN+ [43] 0.264 

Proposed Method 0.269 

 

The RAE-HHSKC framework attains better ANMRR 

values by using the robust feature set extracted, 

preserving the data relationships. The ANMRR values 

obtained for the RS-19 dataset against other available 

methods are plotted in Table 3.  

Table 3. Comparison of ANMRR values for RS-19 

Method ANMRR 

CaffeNet +FC6 [45] 0.190 

VGG-M+FC6 [45] 0.197 

VGG-VD19+ FC6 [45] 0.232 

GoogLeNet [45] 0.243 

Proposed Method 0.298 

 

The overall results show that the proposed RAE-

HHSKC framework generates competing results with the 

DL-based approaches. 

It is realized that the robust and meaningful features 

generated using RAE with minimal information loss are 

vital factors in achieving good classification results. The 

HHSKC framework works in two levels by which the 

hard-to-classify, highly overlapping classes are identified 

using the relevant vectors and support vectors. Usually, 

the number of SV identified during training highly 

influences the performance of the SVM classifier phase. 

The RVM classification phase in the HHSKC framework 

identifies the less overlapping samples, and hence, a 

reduction in the number of SV is recognized, which 

improves the overall performance. 

As a summary, this work contributes to designing a 

hybrid hierarchical sparse kernel classification 

framework using the RVM and SVM for RSIR using 

deep features. The robust deep features extracted using 

the RAE with dimensionality reduction and preserving 

the affinity between the data and relationship help in 

achieving better classification results. The RAE-HHSKC 

framework provides competing results by bringing 

together the better qualities of both the SKLM in 

classifying highly overlapping classes. Hence, the 

likelihood of using a hybrid approach is effective for the 

high-dimensional RS data. 

5. CONCLUSION 

A new retrieval strategy using the RAE-HHSKC 

framework is formulated for the high dimensional RSI. 

The recommended retrieval strategy extends the 

capabilities of the RVM and SVM in a hybrid fashion to 

resolve the multiclass problem. The robust deep features 

extracted using the RAE improves the overall efficiency 

of the retrieval model. The probabilistic behavior of the 

RVM based classification outcome may be of 

considerable value. The RAE-HHSKC model achieved 

state-of-the-art results concerning the precision, recall, 

and F1-score for the two RS datasets. The UCMD dataset 

achieved a precision of 95.15%, and the RS-19 dataset 

achieved a precision of 94.59%, respectively. The results 

attained show that using the RAE-HHSKC framework is 

promising for the high-dimensional RS datasets. 

Although the performances of the RAE-HHSKC method 

are satisfactory, the method can be extended to a large-

scale multi-label scenario as our future work. 
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