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Abstract. Complex-object recognition in remote sensing imagery is complicated by 

high intra-class variability, strong inter-class similarity and the heterogeneous 

statistical properties of deep descriptors extracted from different convolutional 

models. This paper presents a regularized framework for integrating several image 

descriptors in a common discriminative space. Label-aware cross-correlation blocks 

are formed between descriptor matrices, Tikhonov regularization is applied to the 

block covariance matrix, and projection directions are obtained from a generalized 

eigenvalue problem. The projected components are concatenated into one integrated 

descriptor and classified by a support vector machine. Regularization is 

especially important when the descriptor dimension is comparable to or larger 

than the training sample size, because covariance blocks may become singular or 

ill-conditioned. Published benchmark results on NWPU-RESISC45, AID and PatternNet 

confirm the practical value of correlation-based multi-descriptor fusion for 

remote sensing scene recognition. 

Keywords: image descriptor integration, remote sensing scene classification, 

multi-view learning, correlation analysis, regularization, feature fusion, 

support vector machine. 

 

 

 

1. Introduction. Remote sensing scene classification is a 

representative problem of complex-object recognition because 

a single image may contain many objects, textures and spatial 

structures that must be summarized by one semantic label. 

Modern benchmarks make this task difficult through variations 

in scale, viewpoint, illumination and background. NWPU-

RESISC45 contains 31,500 images in 45 classes and is 

characterized by high within-class diversity and between-class 

similarity [4]. AID and PatternNet provide additional large-

scale benchmarks for aerial and remote sensing imagery [5, 6]. 

Deep convolutional networks provide strong semantic 

descriptors, but representations obtained from different 
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architectures or feature levels are not identical. They may 

be complementary, while direct concatenation preserves 

redundant coordinates and enlarges the final feature space. 

Multi-view learning therefore seeks a common representation 

that preserves useful cross-view information while reducing 

inconsistency among views [1]. Discriminative correlation-

based methods extend this idea by using class labels so that 

the learned common space is both correlated and useful for 

classification [2, 3]. The purpose of this paper is to present 

a regularized descriptor-integration procedure and to explain 

why numerical stabilization is necessary for high-dimensional 

deep features. 

2. Research Approach. Let the training set contain 𝑛 
labeled images. For every image, 𝑃 descriptors are formed by 
independent feature extractors and arranged by columns in 

source-specific descriptor matrices. Each source is centered 

and, when necessary, standardized. Class labels are 

represented by a membership matrix from which a label-

dependent association matrix 𝐻 is formed. 𝐻 emphasizes 

within-class correspondence and removes the global mean 

component. For descriptor sources 𝑞 and 𝑠, the supervised 
cross-correlation block is computed as 

 𝐶𝑞𝑠  =  𝑋(𝑞) 𝐻 (𝑋(𝑠))𝑇𝑛 −  1  (1) 
 

The full correlation matrix is assembled from all pairwise 

blocks. Its diagonal companion 𝐷 contains the within-source 
covariance blocks. In high-dimensional problems these blocks 

may be singular because the effective rank of a descriptor 

matrix can be smaller than its dimension. This is common when 

deep feature vectors contain many coordinates but the 

available training set is limited. Instead of directly 

inverting such a matrix, a Tikhonov term is added to the 

block-diagonal covariance matrix. 

 𝐷𝜀  =  𝐷 +  𝜀𝑟𝑒𝑔 𝐼,   𝜀𝑟𝑒𝑔  >  0 (2) 
 

The regularized matrix is positive definite for a positive 

regularization value, improves conditioning and reduces 

unstable projection coefficients. A scale-dependent 

regularization level can be selected relative to the magnitude 

of the covariance matrix and then validated on 
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training/validation data. The projection directions are 

subsequently obtained from the generalized eigenvalue problem 

 𝐴 𝑤 =  𝜌 𝐷𝜀  𝑤 (3) 
 

where 𝐴 contains the off-diagonal discriminative cross-

correlation structure and the generalized eigenvalue measures 

the importance of a projection direction. The leading 

eigenvectors are partitioned into projection matrices, one 

for each descriptor source. If the same number of latent 

components is retained from each source, the integrated 

representation for the 𝑖-th image is 
 𝑧𝑖  =  [ (𝑊(1))𝑇 𝑥𝑖(1);  …  ;  (𝑊(𝑃))𝑇 𝑥𝑖(𝑃) ] (4) 

 

3. Regularized Descriptor Integration. The integrated 

descriptor is then supplied to a support vector machine, which 

provides a margin-based decision rule in the projected space 

[8]. All centering parameters, regularization values and 

projection matrices must be estimated only from the training 

data. Test descriptors are projected by the already learned 

matrices and are never used to update the common space. This 

separation prevents information leakage and preserves the 

validity of the reported generalization performance. 

The main numerical advantage of the procedure is that 

descriptor fusion and stability control are handled in the 

same model. Without regularization, very small covariance 

eigenvalues can amplify noise and make the solution sensitive 

to minor changes in the training sample. The additive diagonal 

term shifts the spectrum away from zero and stabilizes the 

generalized eigenproblem. The method also does not require 

the original descriptor sources to have equal dimensions: 

each source is projected separately and the final 

representation is controlled by the chosen latent dimension. 

This is useful when heterogeneous CNN descriptors or features 

from different network levels are combined. 

4. Numerical Stability and Computational Considerations. 

The singularity problem can be described directly from the 

rank of the within-source covariance blocks. Let 𝑑𝑞 denote 
the dimensionality of descriptor source 𝑞. After centering 𝑛 
training samples, the rank of the corresponding covariance 

matrix cannot exceed either the descriptor dimension or 𝑛 − 1. 
Therefore, the following upper bound holds: 
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𝑟𝑎𝑛𝑘(𝐶𝑞𝑞) ≤  𝑚𝑖𝑛(𝑑𝑞 , 𝑛 −  1)     (5) 

 

Consequently, if 𝑑𝑞 > 𝑛 −  1, the covariance block is 

necessarily singular. Even when 𝑑𝑞 is slightly smaller than 𝑛, near-linear dependencies between descriptor coordinates 
can make the matrix ill-conditioned. In this situation, direct 

inversion or an unregularized generalized eigenvalue 

decomposition may become sensitive to small perturbations in 

the training data. Tikhonov regularization shifts all 

eigenvalues of the covariance structure in the positive 

direction and therefore provides a controlled lower bound for 

the spectrum. The regularization parameter should be scale-

aware rather than chosen as an arbitrary absolute constant. 

A convenient parameterization is 

 𝜀𝑟𝑒𝑔  =  𝛼 𝑡𝑟(𝐷)𝑑 ,   𝛼 >  0 (6) 
 

where 𝑑 is the total dimension of the block covariance matrix 
and 𝛼 is a dimensionless control coefficient. This form scales 
the diagonal correction to the average variance represented 

by 𝐷. Small values of α preserve the original correlation 
geometry more closely, whereas larger values improve 

conditioning at the cost of stronger shrinkage. In practice, 

α and the latent dimension 𝑟 should be selected using only 
the training and validation subsets. The test set must not 

participate in either parameter selection or estimation of 

the projection matrices. 

The computational cost is governed mainly by the 

construction of cross-correlation blocks and the solution of 

the generalized eigenvalue problem. If the 𝑞-th descriptor 
has dimension 𝑑𝑞, computing all pairwise cross-covariance 

blocks requires operations proportional to n times the 

products 𝑑𝑞 𝑑𝑆 over descriptor pairs. Let 𝑑 = ∑ 𝑑𝑞𝑞  be the total 

dimension before projection. A dense eigensolution may 

require cubic time in d and quadratic memory, which can become 

expensive for very high-dimensional CNN descriptors. This 

observation motivates three practical measures: selecting 

only complementary descriptor sources, keeping the latent 

dimension 𝑟 substantially smaller than the original 

dimensions, and using regularization to avoid repeated 

factorization failures caused by singular matrices. Once the 
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projection matrices have been learned, however, the cost of 

processing a new image is much lower because each descriptor 

is only multiplied by its fixed projection matrix and the 

projected components are concatenated. 

5. Experimental Evidence. Published experiments with a 

related multi-descriptor correlation-based fusion and SVM 

framework reported strong performance on three remote sensing 

benchmarks [7]. The overall accuracies are summarized in Table 

1. These values provide experimental evidence for the 

practical value of integrating complementary deep descriptors 

rather than relying on a single representation. 

 

Table 1 
Reported classification accuracy of the integrated descriptor framework 

Dataset Classes Images Accuracy, % 

NWPU-RESISC45 45 31,500 92.75 

AID 30 10,000 93.92 

PatternNet 38 30,400 99.35 

Source: benchmark characteristics [4-6] and integrated-model 

accuracy reported in [7]. 

 

6. Discussion. The results indicate that correlation-

based integration is useful when different deep features 

capture complementary scene information. PatternNet yields 

the highest reported accuracy, whereas NWPU-RESISC45 remains 

more difficult because of its pronounced within-class 

diversity and between-class similarity [4]. The result does 

not imply that every descriptor combination is beneficial. 

Highly redundant sources can increase computation without 

adding discriminative information. Descriptor selection and 

integration should therefore be treated jointly: 

complementary sources are preferred, the latent dimension 

should be validated, and the regularization level should 

stabilize the solution without suppressing the useful 

covariance structure. 

Conclusion. The presented procedure provides a compact 

framework for integrating heterogeneous deep image 

descriptors in a common discriminative space. Its key elements 

are label-aware cross-correlation analysis, source-specific 

projection, Tikhonov regularization of the covariance 

structure and final classification using the integrated 

descriptor. Regularization directly addresses rank deficiency 

that arises when high-dimensional descriptors are estimated 

from a limited number of training samples. The benchmark 
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evidence reported for NWPU-RESISC45, AID and PatternNet 

confirms that multi-descriptor fusion can support highly 

accurate scene recognition. Future work can extend the same 

principle to nonlinear kernels, adaptive descriptor weighting 

and descriptor selection before integration. 
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