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Abstract. In order to solve the problem of noise interference in hyperspectral image (HSI) feature 
extraction, an improved two-dimensional compact variational mode decomposition (2D-C-VMD) 
method is proposed to extract the spatial dimension feature information of HSI. By smoothing the 
low-frequency mode components obtained from the first decomposition of 2D-C-VMD, the 
method is called L-2D-C-VMD, which can further eliminate the adverse effects of spatial domain 
noise on the classification of different ground objects to a certain extent. Through simulation test 
analysis on the public datasets Indian Pine and Pavia University. When the Indian Pine training 
sample takes 4 %, the OA value of the proposed classification method can be increased by about 
2 %. When the Pavia University training sample is taken at 0.5 %, the OA value of the proposed 
classification method can be increased by nearly 3 %, and the proposed method has better 
competitiveness with fewer training samples.  
Keywords: hyperspectral image, spatial domain noise, 2D-C-VMD, classification. 

1. Introduction 

Hyperspectral imaging (HSI) technology can capture three-dimensional (3D) scene data of 
ground objects, including 1D spectral dimension and 2D spatial dimension feature information 
[1]. The spectral and spatial dimensional feature information in the data can be used to classify 
ground objects [2]. HSI technology, with its fine spectral resolution advantages, is widely used in 
information security, Marine surveillance, precise classification of crops, biomedicine and 
resource exploration and other fields [3]. An obvious advantage of HSI is that it has very high 
spectral resolution, allowing fine differentiation of different targets based on the spectral response 
of each narrow band. However, the existence of noise interference in HSIs has a great impact on 
the classification of different features in HSIs. [4-5]. 

The effect of feature extraction has a great influence on the classification performance of 
different ground objects. From the data form of feature extraction processing, the feature 
extraction of HSI can be carried out from the perspective of spectral dimension, spatial dimension 
and space spectrum union respectively. The research literature shows that the feature extraction 
from the perspective of combining spatial dimension and space spectrum is more effective. 
Literature [6] proposes to apply two-dimensional empirical mode decomposition (2D-EMD) to 
the extraction of spatial dimensional feature information of HSIs. Using the processing ability of 
EMD to nonlinear and non-stationary data, the 2D images of each band of HSIs are decomposed 
into mode components of different scales. From the perspective of decomposed pattern 
components, the lower order pattern components are more conducive to classification. The low 
order mode component has better suppression effect on spatial noise. Literature [7] proposes to 
decompose each band of HSI by two-dimensional empirical wavelet transform (2D-EWT) to 
obtain several wavelet approximation coefficients and detail coefficients of different scales. The 
approximation coefficient corresponds to the low frequency effective feature information in the 
original image, while the detail coefficient corresponds to the high frequency detail feature 
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information in the original image. In the literature, the coefficients of the first four different scales 
are reconstructed to obtain a new spatial dimension feature information. The new spatial 
dimension feature information is introduced into SVM classifier for classification and recognition, 
and the classification performance of SVM can be greatly improved through the process of feature 
extraction. In addition to whether the classification effect contains effective feature information, 
the performance of the classifier is also one of the important factors affecting the classification 
effect. Therefore, in literature [8], optimization strategies for SVM classifiers are analyzed. 
However, using different bionic algorithms to optimize the parameters of support vector machine 
network will greatly increase the operation time of the network. In reference [9], the comparative 
analysis of feature extraction time of different spatial dimension feature extraction methods is also 
discussed, and the time cost of different spatial dimension feature extraction methods is also 
different. The spatial dimension noise of HSI has a great influence on the effect of feature 
extraction. The 2D-EMD can decompose the 2D image of each band of HSI into different scale 
mode components from high frequency to low frequency. The spatial dimension feature 
information of the extracted low frequency component has a good recognition effect and has a 
good inhibition effect on the spatial dimension noise. However, 2D-EMD lacks the theoretical 
support of mathematics. The 2D-EWT combines the adaptability of EMD and the theory of 
wavelet decomposition, and provides the theoretical explainability in mathematics. Compared 
with 2D EMD, this method has lower computational complexity in HSI feature extraction. 
However, when fewer labeled samples are trained, the recognition effect is worse than that of 
2D-EMD. HSIs are decomposed into sub-band images of different scales by two-dimensional 
variational mode decomposition (2D-VMD). The spatial dimension information extracted from 
sub-band images of different scales can improve the classification effect of different ground 
objects, but the interpretability of sub-band images of different scales is not strong. 

Aiming at the noise interference in HSI feature extraction, literature [10] proposed a new 
two-dimensional compact variational mode decomposition (2D-C-VMD) strategy to extract the 
spatial domain feature information of HSI and further improve the classification performance of 
different ground objects in HSI. However, for processing HSIs with only one 2D-C-VMD 
decomposition, whether the spatial domain noise on each band can be effectively removed is a 
topic that we pay further attention to. 

2. Two-dimensional compact variational mode decomposition 

The 2D-VMD method can decompose the input image into several sub-band images. In order 
to reproduce the original image, 2D-VMD explores the reconstruction characteristics of the 
original image with different mode components. The 2D-VMD is an adaptive and non-recursive 
decomposition technique for non-stationary and nonlinear signals, which has a more complete 
mathematical theoretical basis than 2D-EMD. At the same time, based on 2D-VMD, 2D-C-VMD 
is proposed [11]. 

On the basis of 2D-VMD, the spatial and spectral compactness of the mode components 
obtained by the decomposition is improved by introducing binary support function 𝐴௞. The mode 
decomposition problem can be formalized as [11]: 𝑓𝑖𝑛𝑑 𝑢௞,𝐴௞ 𝑠. 𝑡 𝑓 = ෍𝐴௞ · 𝑢௞௞ . (1)

The original input signal 𝑓 can be decomposed into the product form of each mode component 
and the corresponding binary support function. Introducing sparsity to promote regularity 
constraint on support function is an important means to achieve reasonable compact local support. 
By utilizing Total Variation (TV) and 𝐿ଵ penalty functions, the support area and boundary length 
are effectively penalized. Combining the bivariate support function 𝐴௞ and its regularization 
function into the 2D-C-VMD functional can be expressed as [11]: 
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minต௨ೖ:ℝమ→ℝ,஺ೖ:ℝమ→ሼ଴,ଵሽ,ఠሬሬሬ⃗ ೖ∈ℝమ ൝෍𝛼௞ฮ∇ൣ𝑢஺ௌ,௞ሺ𝑥⃗ሻ𝑒ି௝ழఠሬሬሬ⃗ ೖ,௫⃗வ൧ฮଶଶ + 𝛽௞‖𝐴௞‖ଵ௞ + 𝛾௞ TVሺ𝐴௞ሻൡ, s. t.∀𝑥⃗ ∈ ℝଶ:෍𝐴௞ሺ𝑥⃗ሻ · 𝑢௞ሺ𝑥⃗ሻ௞ = 𝑓ሺ𝑥⃗ሻ. (2)

In the above formula, the total variation (TV) is defined as [11]: TVሺ𝐴௞ሻ ≔ 𝑠𝑢𝑝〈𝐴௞,𝑑𝑖𝑣𝜙〉ᇣᇧᇧᇧᇤᇧᇧᇧᇥ|థஸଵ| ,    𝜙:ℝଶ → ℝଶ. (3)𝐿ଵ is defined as [11]: ‖𝐴௞‖ଵ ≔ න |𝐴௫(𝑥)|𝑑𝑥 
ℝమ , (4)

where the penalty function 𝐿ଵ and the total variational TV penalty are used to ensure that the 
obtained mode components have limited spatial support and regular contours. In the above 
formula, ℝଶ is the 2D real number space, and 𝜔ሬሬ⃗ ௞ and 𝐴௞ are 𝑢௞, respectively, corresponding to 
the center frequency and the binary support function 𝐴௞ (𝑘 = 1,2, … ,𝐾), where 𝐾 represents the 
number of sub-band mode components obtained by decomposition of the original 2D signal. The 𝑢஺ௌ,௞(𝑥⃗) is the 2D analytic signal of 𝑢௞, 𝛼௞ is the mode bandwidth coefficient, and 𝛽௞ and 𝛾௞ 
coefficients are the weight coefficients of the support function and the total variable component, 
respectively. The div means to find the divergence, and sup means to find the upper bound [11]. 

The 2D-C-VMD can decompose the original HSIs into smooth and clear boundary sub-band 
images. According to this feature, the mode component obtained from 2D-C-VMD is used as the 
feature extraction for HSIs [10]. 

3. Experimental process and analysis 

3.1. Datasets 

The data set verified by the experiment is tested and analyzed using two sets of public data 
sets, which can be obtained [12]. The first Indian Pine Scene data set was collected at the AVIRIS 
sensor at Indian Pine Proving Ground in northwestern Indiana. The spatial dimension of Indian 
Pine scene data is 145×145, the spatial resolution is about 20 m, and it is composed of 224 spectral 
reflection bands. The Indian Anson data space contains two-thirds of agricultural woodland and 
one-third of forest vegetation.  

The available ground features are divided into 16 categories, removing spectral bands 
containing atmospheric noise and water absorption (bands 104-108, 150-163, 220), reducing the 
number of original bands to 200. Indian Pine scene data is one of the most commonly used HSIs, 
and it is also considered a challenging data set. Because the spectral features of some feature 
classes are very similar, the pixels in the images are heavily mixed. The second dataset of the 
Pavia University scene was captured by the ROSIS 03 sensor during a flight battle in Pavia, 
northern Italy. The spatial dimension of the data is 610×340, the spatial resolution is 1.3 m, and 
the number of spectral bands is 115. After removing 12 noise bands, the remaining 103 bands are 
processed, and the available ground objects are labeled into 9 categories. 

3.2. Metric 

There are many indexes to measure the classification Accuracy of different types of ground 
objects in HSIs, among which the most commonly used indexes include Overall Accuracy (OA), 
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Average Accuracy (AA) and Kappa coefficient [13-15]. The realization of these three indexes is 
derived from the confusion matrix. The confusion matrix is used to judge whether the 
classification output is consistent with the real label, as shown below [13]: 

𝐶 =
⎣⎢⎢
⎢⎢⎡
𝑐ଵଵ ⋯ 𝑐ଵ௜⋮ ⋱ ⋮𝑐௜ଵ ⋯ 𝑐௜௜ 𝑐ଵ௝ ⋯ 𝑐ଵ௥⋮ ⋱ ⋮𝑐௜௝ ⋯ 𝑐௜௥𝑐௝ଵ ⋯ 𝑐௝௜⋮ ⋱ ⋮𝑐௥ଵ ⋯ 𝑐௥௜ 𝑐௝௝ ⋯ 𝑐௝௥⋮ ⋱ ⋮𝑐௥௝ ⋯ 𝑐௥௥⎦⎥⎥

⎥⎥⎤. (5)

Table 1. Ground-truth classes for the Indian Pine and Pavia University scene 
Indian Pine Pavia University 

Class Class name NoS Class Class name NoS 
1 Alfalfa 46 1 Asphalt 6631 
2 Corn-notill 1428 2 Meadows 18649 
3 Corn-mintill 830 3 Gravel 2099 
4 Corn 237 4 Trees 3064 
5 Grass-pasture 483 5 Painted metal sheets 1345 
6 Grass-trees 730 6 Bare Soil 5029 
7 Grass-pasture-mowed 28 7 Bitumen 1330 
8 Hay-windrowed 478 8 Self-Blocking Bricks 3682 
9 Oats 20 9 Shadows 947 
10 Soybean-notill 972    
11 Soybean-mintill 2455    
12 Soybean-clean 593    
13 Wheat 205    
14 Woods 1265    
15 Buildings-Grass-Trees-Drives 386    
16 Stone-Steel-Towers 93    

In the confusion matrix, diagonal elements represent the number of samples accurately 
identified for each category, while non-diagonal elements show misjudgments in the classification 
process, where samples from one category are mistakenly assigned to another. Through the 
confusion matrix, the number of correct classification and misclassification of each type can be 
visually observed. However, it is not intuitive to judge the classification effect directly from the 
confusion matrix, so a variety of indexes to measure the classification accuracy have been derived, 
such as overall accuracy (OA), average accuracy (AA) and Kappa coefficient, etc. These indexes 
are widely used to evaluate the classification performance. Where, 𝑐௜௜ represents the number of 
class 𝑖 samples that are correctly classified, 𝑐௜௝ represents the number of class 𝑖 samples that are 
classified to class 𝑗, and 𝑟 is the total number of categories of samples. The overall classification 
accuracy refers to the percentage of the number of correctly classified pixels in the entire image. 
Through this index, the quality of the classification results can be intuitively seen. The definition 
is as follows [9]: 

OA = ∑ 𝑐௜௜௥௜ୀଵ𝑁 × 100 %. (6)

Although the overall classification accuracy can effectively reflect the overall accuracy of 
classification results, it shows certain limitations in the face of multi-class cases where the number 
of samples varies greatly between classes. Specifically, its assessment results may be dominated 
by those categories with large sample sizes, which may not accurately reflect the classification 
performance of all categories. The average accuracy, the arithmetic average of the accuracy of 
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each category, provides a way to evaluate the impact of different categories on the overall 
classification effect, and more comprehensively measures the performance of the classifier on 
each category. Its definition is as follows [9]: 

𝐴𝐴 = ∑ 𝑐௜௜𝑐ା௜௥௜ୀଵ𝑁 × 100%, (7)

where 𝑐௜௜ represents the number of class 𝑖 samples that are correctly classified, 𝑐ା௜ represents the 
pixel number classified into class 𝑖 at the time of prediction. 

The Kappa coefficient fully considers the impact of uncertainty on classification results, is 
used to test the degree of consistency, and can objectively measure the overall result of 
classification. Its definition is as follows [9]: 

Kappa = 𝑁∑ 𝑐௜௜ − ∑ (𝑐௜ା × 𝑐ା௜)௥௜ୀଵ௥௜ୀଵ𝑁ଶ − ∑ (𝑐௜ା × 𝑐ା௜)௥௜ୀଵ , (8)

where, 𝑁 represents the total number of samples, 𝑐௜ା represents the real pixel number of class 𝑖, 
and 𝑐ା௜ represents the pixel number classified into class 𝑖 at the time of prediction.  

For the classification effects of different HSI ground object categories, we conducted a 
comparative analysis using the measurement indicators OA, AA and Kappa. OA represents the 
total accuracy rate of classification. Referring to Eq. (6), the larger the OA value, the better the 
overall classification effect of the ground object category. AA is a classification measurement 
index for each type of ground object. Referring to Eq. (7), the larger the AA value, the better the 
classification effect of a certain type of ground object. Referring to Eq. (8), the Kappa coefficient 
is a ratio that represents the reduction in errors between a classification and a completely random 
classification. 

3.3. Experimental flow chart 

The flow chart of the experimental simulation is shown in Fig. 1. The 2D-C-VMD of each 
band of the original HSI is carried out separately. The 2D-C-VMD can decompose each 2D band 
image of HSI into sub-band images of different scales. It is worth noting that the number of 
sub-band images obtained by decomposition is what we first need to give, that is, the prior 
parameter 𝐾 value. In literature [16], we explained the prior parameter 𝐾 value in detail. The 
sub-band images of different scales obtained from each 2D image decomposition are stacked 
respectively, and several feature samples of different scales are obtained. Also known as in Fig. 1 
is first decomposed Mode 1, Mode 2 and Mode K respectively to carry on the stack, respectively 

get 𝐵ெ௢ௗ௘ଵ௙(೔,ೕ)೗
, 𝐵ெ௢ௗ௘ଶ௙(೔,ೕ)೗

 and 𝐵ெ௢ௗ௘௄௙(೔,ೕ)೗
. The 𝑓(௜,௝)௟  is used to represent each 2D band image of the HSI, 𝑙 

represents the number of bands, and (𝑖, 𝑗) represents the spatial position of each band. Then, the 
first mode component obtained by decomposition is smoothed again to obtain the smoothed 
feature information sample. Finally, the feature information sample is classified by support vector 
machine and compared according to the analysis result. 

Below we give a detailed description of the flow chart in Fig. 1. 
Step 1: Two original data sets, Indian Pine and Pavia U, were selected to remove the band 

images with heavy noise pollution. HSI data is expressed as 𝑅{ௐ×ு×௅}, 𝑊 represents the width of 
spatial dimensional data, 𝐻 represents the height of spatial dimensional data, and 𝐿 represents the 
total number of bands of HSI. 

Step 2: Each spatial image (𝑓(௜,௝)௟ ) is decomposed by 2D-C-VMD, and several mode 
components are obtained respectively, and then each mode component is re-stacked, respectively 

get 𝐵ெ௢ௗ௘ଵ௙(೔,ೕ)೗
, 𝐵ெ௢ௗ௘ଶ௙(೔,ೕ)೗

 and 𝐵ெ௢ௗ௘௄௙(೔,ೕ)೗
. 
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Step 3: Repeat step 2 to decompose the decomposed 𝐵ெ௢ௗ௘ଵ௙(೔,ೕ)೗
 again by 2D-C-VMD, and stack 

the first pattern component obtained by decomposition, then get respectively 𝐵തெ௢ௗ௘ଵ௙(೔,ೕ)೗
. 

Step 4: The SVM classification and effect analysis were carried out on the pattern component 
features obtained from the third step decomposition. 

It is worth noting that the influence of the prior parameter 𝐾 value should be considered when 
performing the 2D-C-VMD decomposition in step 3. Here, we refer to the scheme proposed in 
reference [16] for the optimal 𝐾-value screening process. 
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Fig. 1. Feature extraction and classification of HSIs with improved 2D-C-VMD 

3.4. Analysis of experimental results 

In Fig. 2, sub-band images of Indian Pine and Pavia University at 4 different scales were 
obtained by 2D-C-VMD in the 23rd band and the 30th band, respectively. In the literature [16], 
we discussed and analyzed the prior parameter K values of different HSIs. The original 23th-band 
and 30th-band images of the two data sets are shown in subgraphs a) and b) of Fig. 2. From the 
decomposed sub-band images of different scales, we can clearly see that the first sub-band 
obtained from the decomposition of the two sets of data contains the low-frequency contour 
component feature information in the original image. Subsequent sub-band images contain high 
frequency detail feature information of edges and textures in the original image. 

According to the preliminary classification results of different features, the results of the first 
mode component of the two sets of data are the best. It shows that the first low-frequency mode 
component obtained by decomposition can suppress the adverse effect of spatial domain noise on 
classification. At the same time, we also compare and analyze the feature information of different 
scale sub-band images. In order to further mine the effective feature information of the first mode 
component obtained by decomposition, we perform the two-dimensional compact variational 
mode decomposition on the first mode decomposition again to extract more effective feature 
information conducive to classification. 

In Fig. 3, we again use 2D-C-VMD for the first optimal mode component from the Indian Pine 
and Pavia University decomposition. Through comparative analysis of several experiments, we 
took 3 and 4 prior parameters of the data sets of Indian Pine and Pavia university respectively. 
From the decomposition of the 23 band and 30 band in Fig. 3 to obtain sub-band images of 
different scales, we can find that the first mode component obtained by decomposition is smoother. 
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a) IP Band 23 

 
a1) Mode 1 

 
a2) Mode 2 

 
a3) Mode 3 

 
a4) Mode 4 

 
b) PU Band 30 

 
b1) Mode 1 

 
b2) Mode 2 

 
b3) Mode 3 

 
b4) Mode 4 

Fig. 2. Sub-band images of different scales obtained by 2D-C-VMD decomposition  
of Indian Pine and Paiva University 

 
a) Original IP image 

 
a1) Mode 1 

 
a2) Mode 2 

 
a3) Mode 3 

 
b) Original PU image 

 
b1) Mode 1 

 
b2) Mode 2 

 
b3) Mode 3 

 
b4) Mode4 

Fig. 3. Sub-band images of different scales obtained by 2D-C-VMD  
of the optimal low-frequency component 

Table 2 and Table 3 show the classification of Indian Pine and Pavia University data sets under 
different schemes. The measurement indexes were represented by AA, OA and Kappa 
respectively. Select 10 % and 2 % of different feature information as the training set, and the rest 
as the test set. We choose the support vector machine network with good classification 
performance for small sample data, and the network adopts cross-validation for parameter 
optimization. The Raw in Table 2 and Table 3 represent the results of support vector machine 
classification directly on the original data set. L-2D-C-VMD means that the optimal 
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low-frequency component obtained from the first decomposition is decomposed again by 
two-dimensional compact variational modes. Let's focus first on the OA metric, because from this 
metric we can see the overall performance of a category in the data set. It can be seen from the 
classification effect that the OA value of the original Indian Pine was 78.70 % directly identified 
by classification, and after the first 2D-C-VMD decomposition, the OA value was increased to 
97.57 %.  

Table 2. The AA, OA and Kappa values of Indian Pine under different schemes  
for different feature classifications 

Class Raw 2D-C-VMD L-2D-C-MVD 
1 62.44±15.48 90.24±7.80 98.54±1.26 
2 75.05±3.56 95.14±2.12 97.37±0.99 
3 64.10±6.75 97.56±1.47 98.63±0.30 
4 50.70±5.05 95.87±2.15 97.56±0.85 
5 90.34±2.74 99.36±0.36 99.12±0.89 
6 94.79±0.78 99.67±0.28 98.90±0.78 
7 84.80±5.59 95.20±1.69 99.20±1.69 
8 97.02±1.10 99.95±0.10 99.86±0.29 
9 38.89±12.28 86.67±12.06 62.22±22.65 
10 68.37±1.52 96.34±1.86 97.39±1.62 
11 79.33±3.08 97.20±1.35 98.04±0.58 
12 69.21±3.34 96.70±1.16 96.70±1.07 
13 94.89±3.43 99.35±0.84 99.24±1.06 
14 95.03±1.37 99.86±0.13 99.40±0.40 
15 48.36±13.06 98.56±1.57 99.48±0.65 
16 90.00±4.39 96.90±0.61 92.62±3.92 
AA 75.21±0.91 96.54±0.96 95.89±1.53 
OA 78.70±0.76 97.57±0.48 98.17±0.19 

Kappa×100 75.64±0.96 97.23±0.55 97.92±0.21 

After the first filtering, the classification performance of different feature categories is greatly 
improved. However, after we smoothed the optimal low-frequency component again, there was 
also a small increase in the value of OA in the dataset Indian Pine. In the OA index, the overall 
OA decreases due to the influence of category 9. In the dataset Pavia university, the OA value of 
the original Raw was 87.03 %, and after the first 2D-C-VMD processing, the OA value became 
95.21 %, which suppressed the adverse impact of spatial dimension noise on classification to a 
certain extent. Similarly, after smoothing and filtering the first mode component, OA value 
increased by about 1.7 %, Kappa increased by about 2 %, and AA increased by about 3 %. 

In order to avoid the contingency of the results of a single training sample, we selected different 
proportions of training samples from Indian Pine and Pavia University as the training set, and the 
rest as the test set for comprehensive comparative analysis. Here, OA and Kappa indexes are 
selected for metric analysis. Support vector machine classifier is also used to evaluate the 
classification of ground objects under different training samples. In Fig. 4, the OA and Kappa 
values of the recognition results of Indian Pine training samples at 4 %, 7 %, 10 % and 20 % are 
given. From the OA and Kappa values, it is obvious that after 2D-C-VMD spatial filtering, the 
classification performance of support vector machine network can be further improved while 
overcoming spatial noise interference. In Fig. 5, the OA and Kappa values of Pavia University 
training samples under 0.5 %, 1 %, 2 % and 5 % are given. 

By combining the recognition effect of Fig. 4 and Fig. 5, we can conclude that the classification 
performance of different ground objects can be further improved after the quadratic 2D-C-VMD 
of the original HSI, and the adverse effects of spatial domain noise on classification can be 
suppressed to a certain extent. At the same time, in the case of less training samples, the 
recognition effect advantage is more obvious through the secondary use of 2D-C-VMD. 
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Table 3. The AA, OA and Kappa values of Pavia University under different schemes  
for different feature classifications 

Class Raw 2D-C-VMD L-2D-C-MVD 
1 87.31±2.38 95.30±0.64 97.21±1.12 
2 96.31±0.98 99.57±1.53 99.44±0.48 
3 65.25±1.50 91.76±3.88 90.20±3.24 
4 89.31±2.19 86.71±2.89 88.34±0.98 
5 99.38±0.16 95.86±5.90 98.96±0.64 
6 63.03±5.86 99.41±0.46 98.90±0.56 
7 72.80±3.98 97.24±1.70 97.21±2.73 
8 81.90±3.85 84.04±3.54 94.96±1.73 
9 93.19±4.70 61.16±8.13 80.29±5.81 

AA 83.16±1.26 90.12±0.39 93.95±0.98 
OA 87.03±0.74 95.21±0.25 96.89±0.45 

Kappa×100 82.56±0.72 93.63±0.33 95.87±0.60 
 

 
a) OA 

 
b) Kappa×100 

Fig. 4. Classification of OA and Kappa values of Indian Pine data under different training samples 

 
a) OA 

 
b) Kappa×100 

Fig. 5. Classification of OA and Kappa values of Pavia University data under different training samples 

In Table 4, we make a comparative analysis of different spatial domain methods. Indian Pine 
and Pavia University datasets selected 10 % and 2 % training samples respectively as training sets, 
and the rest were used as test sets. The classifier still uses the support vector machine as the 
classifier. 

Fig. 6 and Fig. 7 respectively show the color maps of different feature classification effects of 
Indian Pine and Pavia University data sets under different spatial domain feature extraction 
methods. Subfigure a) is the color map label for the different features of the original data set. Raw 
represents a rendering of the original data set directly classified by support vector machine. The 
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closer the classification color image effect is to subfigure a), the better the feature extraction effect 
is. From Fig. 6, you can see that there are between 1 and 16 different color labels, and each color 
represents a feature category. The details of each feature category can be combined with the list 
given in Table 1. It can be seen from the color map of classification that the feature information 
extracted by 2D-EWT in Indian Pine data is less effective than 2D-EMD and 2D-C-VMD. The 
effect of 2D-EMD is close to that of 2D-C-VMD. After using 2D-C-VMD twice, the classification 
effect is improved to some extent. Improved from the original OA value of 78.7 % to 98.17 %. 
There are a total of 9 ground object categories in the data of Pavia University, and the reference 
value OA given is 87.03 %. After the extraction of spatial domain features, the classification effect 
has been improved to a certain extent. 

Table 4. Comparison of feature extraction effect of different spatial domain methods 
Indian Pine 

Class Raw 2D-EMD 2D-LP-EWT 2D-T-EWT 2D-C-VMD L-2D-C-MVD 
OA 78.70±0.76 97.74±0.18 93.99±0.72 86.48±0.72 97.57±0.48 98.17±0.19 

Kappa×100 75.64±0.96 97.43±0.21 93.14±0.82 84.57±0.83 97.23±0.55 97.92±0.21 
Pavia University 

Class Raw 2D-EMD 2D-LP-EWT 2D-T-EWT 2D-C-VMD L-2D-C-MVD 
OA 87.03±0.74 93.67±0.59 90.38±0.38 92.76±0.28 95.21±0.25 96.89±0.45 

Kappa×100 82.56±0.72 91.60±0.79 87.15±0.53 90.35±0.40 93.63±0.33 95.87±0.60 
 

 
a) Classified color chart 

  

 
b) Raw 

 
c) 2D-EMD 

 
d) 2D-LP-EMD 

 
e) 2D-T-EMD 

 
f) 2D-C-VMD 

 
g) L-2D-C-VMD 

Fig. 6. Classification results of Indian Pine dataset under different spatial domain methods 

From the classification effect, 2D-C-VMD spatial domain filter has the best OA value 
enhancement effect. When 2D-C-VMD is used again to filter the optimal low-frequency 
component obtained from the first decomposition, it can be seen from the OA and Kappa indexes 
that there is also some room for improvement. In addition, after the previous discussion of 
different spatial domain methods, 2D-EMD uses iterative decomposition to obtain several inherent 
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mode components, and the algorithm convergence speed is slow and the computational efficiency 
is low, so it often requires more computational costs when processing HSIs containing multiple 
bands. 2D-EMD also lacks theoretical support in mathematical theory. There are many 
sub-methods of 2D-EWT, so 2D-LP-EWT and 2D-T-EWT are selected here for comparative 
analysis. The 2D-EWT combines the adaptability of EMD and the theoretical completeness of 
wavelet, and can be used for feature extraction of hyperspectral images. From the classification 
effect of feature extraction, there is still a large room for improvement. Using the variational idea 
in mathematics, the 2D-C-VMD method can decompose the original image into sub-band images 
of different scales. The variational idea can screen several sub-band images of different scales at 
the same time. The decomposition of each sub-band image has a good timeliness, which can 
greatly save the time of feature extraction. In literature [16], we carried out relevant research and 
analysis. 

According to the classification performance of Indian Pine and Pavia University data sets 
under different spatial domain methods, the smooth classification effect of 2D-C-VMD in the two 
sets of data is better. The method is simple and easy to operate. It smoothed the first mode 
component obtained by decomposition. According to the classification effect, 2D-C-VMD has 
good robustness in smoothness. 

 
a) Classified color chart 

 
b) Raw 

 
c) 2D-EMD 

 
d) 2D-LP-EMD 

 
e) 2D-T-EMD 

 
f) 2D-C-VMD 

 
g) L-2D-C-VMD 

 

Fig. 7. Classification results of Pavia University dataset under different spatial domain methods 

4. Conclusions 

In this paper, we explore the feature extraction and classification of HSIs by the L-2D-C-VMD. 
We use 2D-C-VMD to smooth the first mode component obtained from the initial decomposition. 
From the simulation results of the two sets of HSIs experimental data, it can be seen that after 
smoothing the first mode component and suppressing the spatial dimension noise, the 
classification performance for different ground objects can be further improved. 

However, it is worth noting that the feature information scale of the image includes the low 
frequency contour information and the high frequency detail feature information such as the edge 
texture in the image. In the follow-up research process, we will further consider the fusion analysis 
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of the smoothed feature information and the high-frequency detail feature information. 
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