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Abstract. Hyperspectral images (HSIs) contain rich spectral information characteristics. Different
spectral information can be used to classify different types of ground objects. However, the
classification effect is mainly determined by the quality of spectral characteristic information and
the performance of the classifier. This paper explores the use of two-dimensional empirical mode
decomposition (2D-EMD) to first feature extraction of HSIs, then uses 2D-EMD to carry out
adaptive decomposition of each band of hyperspectral data, and optimally extract the features of
the sub-band obtained by decomposition. Then, the optimized features are classified in the support
vector machine (SVM) recognition classifier optimized by grey wolf optimization (GWO)
algorithm to further improve the effect of network recognition and classification. The simulation
results show that this scheme can further improve the recognition results of different ground
objects in HSIs.

Keywords: hyperspectral images (HSIs), 2D-EMD, feature extraction, SVM, grey wolf
optimization (GWO).

1. Introduction

The development of high-resolution satellite imaging sensors has enhanced the collection of
remote sensing data and provided a cost-effective method to capture large amounts of feature
information. Hyperspectral images (HSIs) contain rich one-dimensional (1D) spectral dimension
information and two-dimensional (2D) spatial domain feature information [1]. By extracting
useful feature information components of HSIs, different features can be classified, unmixed,
denoised and compressed. HSIs technology has been widely used in agricultural resource
management, marine resource monitoring, mineral exploitation and other aspects [2], [3].

HSIs acquired by spaceborne or airborne sensors usually record hundreds of spectral
wavelengths per pixel in the image, which opens up new perspectives for many applications in
remote sensing. Since subtle differences in ground cover can be picked up by different spectral
features, HSIs is a technique well suited to distinguishing materials of interest. While the rich
spectral features can provide useful information for data analysis, the high dimension of HSIs data
also presents some new challenges.

In the application of HSIs classification, one of the main factors affecting classification is to
consider suitable feature extraction methods. However, the types of satellite images provided by
different imaging sensors vary greatly due to different spatial and spectral resolution, which makes
the feature extraction process more complicated. According to some literature studies, 2D spatial
domain feature extraction is more effective than 1D feature extraction [4], [5]. Literature [6]
proposes an empirical mode decomposition (EMD) method to extract features from hyperspectral
remote sensing data sets, and also compares the recognition results of 2D decomposition scheme
and 1D decomposition method. The results show that the 2D scheme is more effective than the
1D scheme. In addition, according to the characteristics of two-dimensional empirical mode
decomposition (2D-EMD), each band image of HSIs can be decomposed into a sub-band image

JOURNAL OF MEASUREMENTS IN ENGINEERING 1


https://crossmark.crossref.org/dialog/?doi=10.21595/jme.2024.23844&domain=pdf&date_stamp=2024-08-01

FEATURE EXTRACTION OF HYPERSPECTRAL IMAGES BASED ON SVM OPTIMIZATION OF 2D-EMD AND GWO.
JIAN TANG, DAN L1, LEI ZHANG, XIANGTONG NAN, XIN L1, DAN LUO, QIANLIANG XIAO

from high frequency to low frequency. The high frequency of image contains the high frequency
detail features of the original image, such as edges, textures and contours. The low frequency
sub-band image contains the low frequency division of the original image. The results show that
the low frequency component in the sub-band image is better for classification.

Spectral classification of HSIs takes pixel vector (spectral feature) as the only feature. In
pixel-by-pixel classification (spectral classification), we need to classify the extracted feature
information, and the selection of classifier is another major factor affecting the classification
effect. Support vector machine (SVM) is an effective HSIs classification method, but the problem
of parameter allocation poses a challenge to the accurate classification of HSIs [7], [8]. Some
parameter optimization algorithms can improve the performance of SVM network. For example,
in literature [9], [10], the Genetic Algorithm (GA) method is used to optimize and then classify
the recognition network. In literature [11], [12], particle swarm optimization (PSO) was applied
to the classification of HSIs. Inspired by similar ideas, this paper proposes to use grey wolf
optimization (GWO) to further improve the SVM network recognition performance of feature
samples obtained from 2D-EMD, so as to provide better classification effect for HSIs
classification. In this paper, the data mining of HSIs data is studied. After feature extraction of
HSIs, the feasibility of the scheme is evaluated by using the classification effect of different
ground objects [13-15]. The feature extraction and classifier network, two main factors that affect
the classification effect, are comprehensively considered and analyzed [7], [16].

The rest of the article is organized as follows. In Section 2, the 2D-EMD feature extraction
method and classifier network SVM are briefly described, and the optimization algorithm GWO
is introduced. Section 3 is the experimental process and results analysis. Section 4 is the
conclusion of the paper.

2. Methodology
2.1. 2D-EMD

The 2D-EMD is a 2D extended version of 1D-EMD. The EMD can decompose the nonlinear
non-stationary signal into several natural mode components (IMFs). The first decomposed
component is the high frequency component of the original signal, and the last screened natural
mode component is the low frequency component of the original signal. This method has good
adaptive characteristics. According to this characteristic, the method is often used in different
fields of signal denoising, feature extraction and so on. The process of obtaining IMF functions is
called screening, and it is an iterative process. Typical threshold difference (SD) ranges from 0.2
to 0.3.

2D extension form is mainly used in image processing. Image decomposition by 2D-EMD is
a scale decomposition process from small to large. Firstly, the edge details of the image are
extracted, and then the smoothing region is gradually screened. 2D-EMD can set stop criteria and
boundary conditions without setting basis function, and can easily decompose images from small
to large scale. The last pattern component to be filtered is also known as the remainder. After
screening, surface information of different scales can be further extracted. The decomposition
component can be obtained through the decomposition process of narrowband filter, so there is a
strong correlation between pixel components, which can be regarded as a complete process of
image fusion.

Assuming that HSIs is represented as RIW>H*K} 1/ is the width of the spatial band, H is the
height of the spatial band, and K is the total number of bands in the data set. each band of HSI can
be represented by the following expression after being decomposed by 2D-EMD:

K
2DEMD {B{""} = Z IMF, + res, (1)
k=1
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where B(+) represents the spatial position of each band of HSI data. The k is the kth band image
(k =1,2,---,K). The n is the number of natural IMFs obtained by decomposition of each band of
HSI data (n = 1,2,---, N). Res represents the residual component obtained by decomposition. In
some applications you can think of this component as the last proper IMF component.

2.2. GWO

The GWO Algorithm is a new meta heuristic optimization algorithm proposed by Mirjalili S
et al., which has good convergence speed and optimization accuracy and has been widely applied
in multiple research fields [17].

The GWO algorithm simulates the hierarchical leadership mechanism of the social
organization of the grey wolf population, which involves the collective hunting behavior from
searching for prey, surrounding prey to hunting, and continuously iteratively optimizing to obtain
the optimal solution location. The GWO algorithm simulates the behavior of wolf packs in three
main steps: surround, hunt, and attack. The specific process is as follows: During the optimization
process, the population will search for the best hunting route by surrounding the prey. The target
position and optimal population position during the orbit stage can be determined by Eqs. (2) and

G3):

D =|C-X,(t) —X(t)|, (2)
X(t+1) =X,(t)—A-D, (3)

where the ¢ is the current number of iterations, A, C and D are the coefficient vectors, X, (t) is the
target optimal solution vector (the location of prey), X(t) is the current position vector of a search
individual, and X(t + 1) is the next moving direction vector. A and C can be represented as
follows:

M —
a) =2 (4)
A=2a-r; —a, (5)
C = 21‘2, (6)

where the M is the maximum number of iterations, a linearly decreases from 2 to 0 as the number
of iterations t increases, 1; and r, are the random vectors between [0,1]. According to Egs. (5-6),
the location of the points around the optimal solution can be searched by adjusting the size of the
coefficient vectors of A and C to ensure the local optimization ability of the algorithm. r; and ,
are random numbers between [0, 1], so the optimization population can find all the paths of the
attacking target, while ensuring the global search ability of the algorithm.

When hunting and attacking prey, w moves in the next step according to the signals sent by «,
p and & to judge whether it is close to the target or far away. The specific process can be expressed
by Eq. (7-9):

D, = |C1'Xa_xl

Dy = |G Xg — X|, )
Ds = |C5 - X5 — X|

X; = |Xa —A- (Da)l

X, = X5 — A, - (Dp)], ¥
X; = |X6 ;{A3 .X(Da))l(
+X, +
X(t+1) = % 9)
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where Dy, Dg and D are the direction vectors between @, 8, § and w, respectively. The X4, X,
and X3 are respectively a, § and § to determine the direction vector of w next move.

2.3. GWO-SVM

When network identification is carried out on sample data, network parameters should be
selected appropriately. Here we select radial basis kernel function which is widely used for
classification training. In network training, the penalty factor parameter ¢ and the radial basis
kernel function’s gamma parameter are two very important parameters that affect the classification
results.

In this paper, the GWO algorithm is applied to different training and test samples of
hyperspectral data sets, and the SVM network classifier performs parameter optimization, which
can further improve the classification results of SVM and further improve the separable
performance of the features extracted from 2D-EMD.

3. Experimental analysis

The introduction of Section 3 mainly includes three parts. Section 3.1 mainly introduces the
whole experimental procedure. Section 3.2 mainly introduces the characteristics of the data set
used in the experiment. In Section 3.3, the experimental results are shown in graphs and tables,
and the experimental results and phenomena are analyzed in detail.

3.1. Experimental procedure

The whole process of the experiment mainly includes six main steps. The experimental flow
scheme is shown in Fig. 1.

Stacking | [FEreae SVM GWO-SVM

Fig. 1. Flow chart of experimental scheme

The first step of the experiment is to select the object of analysis, that is, to determine the
application scenario of the research. Preprocess the selected data set and select the band data we
need to analyze, because some of the bands have a lot of noise effect. In step 2, perform 2D-EMD
decomposition for each band of the data set to obtain sub-band images of different frequency
bands. In step 3, the sub-band image obtained from each band decomposition is reconstructed, and
a new cube feature data set is obtained for each sub-band image. In step 4, conduct SVM
classification on the obtained new cube data set, and compare the classification effect of different
frequency bands respectively. In step 5, select the band cube data set with the best classification
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effect. In step 6, introduce the optimal frequency band cube data set into the network optimized
by GWO-SVM for classification operation.

Thus, further improve the analysis effect of different types of ground objects. The two main
factors that affect the recognition and classification results, feature extraction and classifier, are
considered.

3.2. Datasets
3.2.1. Datasets introduction

The data set used in the experiment consists of three types of scenarios. The selected HSIs data
is widely used as the main validation data set for studying HSIs classification. Experimental
simulation data download link address:
https://www.ehu.eus/ccwintco/index.php?title=Hyperspectral Remote Sensing_Scenes.

The first Indian Pine scene was collected by AVIRIS sensor at Indian Pine Proving ground in
northwest Indiana. It consisted of 145 x 145 pixels and 224 spectral reflection bands. After
removing noise bands, 200 bands were left for further analysis. The Indian Pine dataset contains
a total of 16 feature categories. Detailed references to the data are shown in Table 1 and Fig. 2.

>
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a) False composite image b) Ground truth map
Fig. 2. Indian Pine dataset

Table 1. Number of samples (NoS) for each class of the Indian Pine dataset

Class name NoS
Alfalfa 46
Corn-notill 1428
Corn-mintill 830
Corn 237
Grass-pasture 483
Grass-trees 730
Grass-pasture-mowed 28
Hay-windrowed 478
Oats 20
Soybean-notill 972
Soybean-mintill 2455
Soybean-clean 593
Wheat 205
Woods 1265
Buildings-Grass-Trees-Drives 386
Stone-Steel-Towers 93

JOURNAL OF MEASUREMENTS IN ENGINEERING 5



FEATURE EXTRACTION OF HYPERSPECTRAL IMAGES BASED ON SVM OPTIMIZATION OF 2D-EMD AND GWO.
JIAN TANG, DAN L1, LEI ZHANG, XIANGTONG NAN, XIN L1, DAN LUO, QIANLIANG XIAO

The second Salinas scene data was captured by a 224-band AVIRIS sensor over the Salinas
Valley in California and features high spatial resolution. After removing the noise bands, 204
bands were left for further analysis. The space size of each band is 512x217. The Salinas dataset
contains a total of 16 feature categories. Detailed references to the data are shown in Table 2 and
Fig. 3.

Table 2. Number of samples (NoS) for each class of the Salinas dataset

Class name NoS
Brocoli green weeds 1 2009
Brocoli green weeds 2 3726

Fallow 1976
Fallow rough plow 1394
Fallow smooth 2678
Stubble 3959
Celery 3579
Grapes_untrained 11271
Soil vinyard develop 6203
Corn_senesced green weeds 3278
Lettuce romaine 4wk 1068
Lettuce romaine Swk 1927
Lettuce romaine 6wk 916
Lettuce romaine 7wk 1070
Vinyard untrained 7268
Vinyard vertical trellis 1807

a) False composite image b) Ground truth map
Fig. 3. Salinas dataset

The third scenario data is from the Kennedy Space Center (KSC). The KSC dataset was
acquired by NASA's Airborne Visible/Infrared Imaging Spectrometer (AVIRIS) over the
Kennedy Space Center in Florida. AVIRIS obtained data for 224 bands, which were analyzed
using 176 bands after removing water absorption and low signal-to-noise ratio bands. The space
size of each band is 512x614. Recognition of land cover in this environment is difficult due to the
similar spectral characteristics of some vegetation types. For classification purposes, 13 categories
were defined for the site, representing the various land cover types occurring in the environment.
Detailed references to the data are shown in Table 3 and Fig. 4.
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Table 3. Number of samples (NoS) for each class of the KSC dataset

Class Color Class name NoS
1 Scrub 761
2 Willow swamp 243
3 Cabbage palm hammock 256
4 Cabbage palm/oak 250

hammock
5 Slash pine 161
6 - Oak/broadleaf hammock 229
7 Hardwood swamp 105
8 Graminoid marsh 431
9 Spartina marsh 520
10 Cattail marsh 404
11 Salt marsh 419
12 Mud flats 503
13 Wate 927

8o
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a) False composite image b) Ground truth map
Fig. 4. KSC dataset

3.2.2. Spectral characteristics of the datasets

In Fig. 5-7 respectively shows the spectral values of the three data sets in different categories
of ground objects. The abscissa in the figure represents the number of bands and the ordinate
represents the spectral value.

The Indian Pine dataset was preprocessed to contain 200 spectral bands for analysis. As can
be seen from Fig. 5, spectral curves of the first 6 types of ground objects have different spectral
values in different bands. In the first 80 bands, the spectral values of different ground objects are
highly distinguishable. The Salinas dataset, after being preprocessed, contains 204 spectral bands
for analysis. As can be seen from Fig. 6, in the first 100 bands, the spectral values of different
ground objects are highly differentiated. In Fig. 7, KSC contains 176 bands after pretreatment for
analysis. It can be clearly seen in Fig. 7 that the spectral values of the first 6 different types of
ground objects are highly distinguishable when the band interval is between 40 and 100. Different
features of spectral curves can be used to classify different types of ground objects. The spectral
values of Indian Pine and Salinas data sets are much larger than those of KSC. However, it can
also be seen from the spectral curves of the two types of data that the spectral curves overlap,
which often leads to low feature differentiation of different categories of ground objects, which
will affect the effect of classification. Therefore, in the classification, it is necessary to carry out
effective feature extraction for spectral features, and also put forward higher requirements for
classifier network.
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Fig. 5. Spectral values of ground objects from categories 1 to 6 in the Indian Pine dataset
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Fig. 6. Spectral values of ground objects from categories 1 to 6 in the Salinas dataset
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Fig. 7. Spectral values of ground objects from categories 1 to 6 in the KSC dataset
4. Experimental result
Table 4 shows the comparison of recognition results of three sets of scene data under different

8 ISSN PRINT 2335-2124, ISSN ONLINE 2424-4635



FEATURE EXTRACTION OF HYPERSPECTRAL IMAGES BASED ON SVM OPTIMIZATION OF 2D-EMD AND GWO.
JIAN TANG, DAN L1, LEI ZHANG, XIANGTONG NAN, XIN L1, DAN LUO, QIANLIANG XIAO

natural pattern components. Here, the training samples and tests are directly imported into the
SVM network for classification, and radial basis kernel functions with good performance are
adopted. In order to avoid randomness brought by experiments, we take the mean and standard
deviation of 10 experiments as statistical results. Here, the evaluation indexes OA and Kappa are
adopted for measurement [7, 14-16]. Raw is the benchmark reference value for our comparison.
It can be seen from Table 4 that the reference value of the second group of Salinas data set is
higher, indicating that the difficulty of feature extraction is less, and the spectral curve features
are more conducive to classification. The first Indian Pine dataset had the lowest reference value,
indicating the greatest difficulty in feature extraction. According to the classification results of the
three groups of data, the effect of the lower component is the best, indicating that the low
frequency component is more conducive to classification.

Table 4. Classification results of three data sets in different IMFs

Feature | Evaluation | Indian Pine Salinas KSC
Raw OA 73.50+1.05 | 89.94+0.40 | 79.53+1.05
Kappax100 | 70.40+1.89 | 88.77+0.46 | 77.15+1.18
IMF1 OA 53.65+0.72 | 39.50+0.84 | 48.03+3.20
Kappax100 | 45.61+1.00 | 91.09+1.18 | 41.52+3.33
IMF2 OA 86.54+0.86 | 59.94+1.09 | 57.62+3.24
Kappax100 | 84.50+0.99 | 54.71£1.26 | 52.10+3.83
IMF3 OA 95.06+0.48 | 92.23+1.08 | 74.21+2.23
Kappax100 | 94.36+0.55 | 91.31+1.22 | 70.90+2.63
IMF4 OA 93.63+1.03 | 97.01+0.67 | 81.74+2.69
Kappax100 | 92.74+1.17 | 96.67+0.75 | 79.50+3.03

In the first part of the introduction, we mentioned that there are two key factors affecting
classification, the first is the choice of feature extraction scheme, and the other is the quality of
classifier. According to these two characteristics, we select the best mode component of the three
data sets for the second optimization. Kernel function parameters and penalty factor parameters
in SVM training network were optimized, and GWO algorithm was used to find the best parameter
values under different training and test samples, so as to further improve the classification results
of different ground object categories.

Table 5. Identification results of the optimal features of the three groups

of data sets under the SVM optimization network

Feature Evaluation | Indian Pine Salinas KSC
GA-SVM OA 94.86+0.58 | 93.17+£3.91 | 85.86+2.26
Kappax100 | 94.13+0.67 | 92.434+4.31 | 84.21+£2.54
OA 95.14+0.49 | 95.24+1.67 | 87.66+2.59
PSO-SVM Kappax100 | 94.45+0.56 | 94.69+1.87 | 86.23+£2.90
BO-SVM OA 95.36+0.44 | 97.08+0.52 | 88.03+1.51
Kappax100 | 94.89+0.52 | 96.424+0.62 | 87.87£1.62
OA 95.91+0.48 | 98.23+0.18 | 89.92+1.21
GWO-SVM Kappax100 | 95.33+0.55 | 98.03+0.20 | 88.78+1.31

In Table 5, we give the classification of different spectral values under the optimization of
different intelligent methods. In the Indian Pine data, we selected 5 % training samples for training
and the remaining 95 % for testing. In KSC, we selected 1 % of the training samples for training
and the remaining 99 % for testing. Also in Salinas, we selected 1 % of the training samples for
training and the remaining 99 % for testing. In order to avoid randomness brought by experiments,
we take the mean and standard deviation of 10 experiments as statistical results. From the
recognition effect of OA value and Kappa value, we can see that the GMO-SVM method is more
effective in small sample training. In addition, it can be seen from the standard deviation of
recognition results that the adoption of GMO-SVM is smaller than that of GA-SVM, PSO-SVM,
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and Bayesian Optimization (BO)-SVM indicating better robustness in the case of small sample
training.

From the classification effect of the three sets of data, the scheme using GWO-SVM has the
best effect, while the scheme using GA-SVM has the worst effect. In addition, it can be seen from
the three groups of recognition results that compared with the direct classification by SVM, GWO
network optimization has the best effect.

In Fig. 8 to Fig. 10, feature classification effects extracted by different schemes are given. Each
color in the figure represents a feature category, and the classification of different features can be
intuitively seen from the color figure.

g) GA-IMF3 h) PSO-IMF3 i) BO-IMF3
Fig. 8. Color diagram of Indian Pine classification

\‘\\ |
P

f) Raw g) GA-IMF4 h) PSO-IMF4 i) BO-IMF4 j) GWO-IMF4
Fig. 9. Color diagram of Salians classification

b) IMF1

In Fig. 11 to Fig. 13, we increase the classification OA values of three datasets under different
training samples. The results of each experiment were the mean after 10 times. According to the
sample quantity of different data sets, 5 %, 8 %, 10 % and 15 % of the Indian Pine data set were
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taken as training samples respectively, and the rest were taken as test sets. For Salinas, 1 %, 2 %,
3 % and 5 % were taken as training sets. Take 1 %, 3 %, 5 % and 10 % of the KSC data set as the
training set respectively.

2) GA-IMF4 h) PSO-IMF4 i) BO-IMF4 j) GWO-IMF4
Fig. 10. Color diagram of KSC classification

98
96
94 I
92

5% 8% 10% 15%

B GA-SVM HE PSO-SVM & BO-SVM B GWO-SVM

Fig. 11. Classification OA values of Indian Pine under different training sample datasets

100

98
96
94
92
90
88

1% 2% 3% 5%

B GA-SVM B PSO-SVM  BO-SVM B GWO-SVM

Fig. 12. Classification OA values of Salinas under different training sample datasets

There was no overlap between the training and test samples in the three datasets. From the OA
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values of the classification effects of different training samples, we can intuitively see that the
recognition accuracy of the three methods is constantly increasing with the increase of training
samples. In Salinas data set, it can be seen that when the training sample is 2 %, the accuracy of
OA classification has reached a better effect than that of GA-SVM, PSO-SVM and BO-SVM.

1% 3% 5% 10%

100
9
9
8
8
7

whn O Wh O W

B GA-SVM H PSO-SVM & BO-SVM B GWO-SVM
Fig. 13. Classification OA values of KSC under different training sample datasets

5. Conclusions

This paper explores two main factors that affect the classification of HSIs. These two factors
mainly include feature extraction and classifier network performance. Firstly, each band of the
original HSIs data is processed by the feature extraction method of the spatial domain scheme.
The optimal feature sample is found from the constructed new cube data set, and the best data
sample is introduced into the optimized classifier network for new test. Through the recognition
results of different ground object categories, it is found that the comprehensive consideration of
the two factors of feature extraction and classifier recognition network optimization is more
reasonable. It provides a feasible reference for further exploring the performance of HSIs
classification.
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