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ABSTRACT
This paper proposes a novel spectral-spatial feature repre-
sentation method for hyperspectral image (HSI) classifica-
tion. It combines the advantages of adaptive weighted fil-
tering (AWF) and local covariance matrix representation (L-
CMR) to make full use of the spatial similarity and corre-
lation among different spectral bands. Specifically, the pro-
posed method first uses the maximum noise fraction (MNF)
to reduce the dimensionality of HSI. Then, multiscale AWF
(MAWF) is applied to make use of spatial information. Nex-
t, the spectral-spatial features are obtained by calculating the
local covariance matrix of the given pixel and its neighbors.
Finally, the learned spectral-spatial features of each pixels
are fed into support vector machine (SVM) for classification.
Experimental results on two publicly available HSI datasets
show that the proposed method is superior to several existing
methods in terms of both classification accuracy and classi-
fication visual effect, especially when the number of training
samples is small.

Index Terms— hyperspectral image classification, adap-
tive weighted filtering, covariance matrix, feature extraction

1. INTRODUCTION

With the development of hyperspectral imaging technology,
more and more information can be captured by hyperspec-
tral cameras. So the abundant information contained in H-
SI makes it possible to perform more reasonable and effec-
tive classification. HSI classification plays an important role
in precision agriculture, urban mapping, and environmental
monitoring, it has been the focus of many recent research ef-
forts [1, 2, 3].

In HSI classification, the difficulties usually arise from
the high dimensionality and insufficient training samples.
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To solve these problems, many dimension reduction meth-
ods have been used in the early stage of research on HSI
classification, including principal component analysis (P-
CA) and maximum noise fraction (MNF). However, these
spectral-based dimensionality reduction methods can not ob-
tain satisfied results by using only spectral information.

Therefore, a large number of spectral-spatial feature ex-
traction methods have been designed in the past few years.
For example, Kang et al. proposed a spectral-spatial feature
extraction method based on edge-preserving filtering (EPF)
for HSI classification. In [4], local binary pattern (LBP) has
been used to extract local spectral-spatial information. In ad-
dition, Zhou et al. proposed a hierarchical framework for
extracting spectral-spatial information in HSI [5]. Recently,
inspired by the great success of deep learning in the field of
computer vision, deep learning methods have also been wide-
ly used in HSI classification [1, 6, 7]. The deep learning-based
methods usually require a large number of training samples
to achieve better performance. However, in the remote sens-
ing field, there is usually only a small amount of labeled data
available since the collection of labeled data is either expen-
sive or time-demanding [1].

Recently, Fang et al. [8] proposed local covariance ma-
trix representation for HSI classification. The LCMR-based
method achieves better performance in terms of overall ac-
curacy (OA), average accuracy (AA), and Kappa coefficien-
t, especially when the training samples available are limited.
However, this method usually produces classification maps
with much noise. In order to deal with this problem, im-
proved LCMR (ILCMR) is proposed in this paper. ILCMR
can remove salt and pepper noise in the classification map-
s by combining multiscale AWF (MAWF) with LCMR. The
proposed method can extract the spectral-spatial features ef-
fectively and enforce a more spatially smooth classification.

The remainder of this paper is organized as follows. In
Section II, AWF and CMR are briefly reviewed. Section III
describes the proposed ILCMR method for HSI classification.
Section IV provides experimental results using two real HSIs.
Section V concludes this paper with some remarks at plausi-
ble future research.
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2. RELATED WORK

2.1. Adaptive weighted filtering

AWF has been widely used in the field of image processing.
It can remove noise according to the relationship between the
central pixel and the surrounding pixels in the window. Let X
to be original image. Xi,j denotes the gray value of the pixel
location (i, j) in image X. Denote Wi,j by a l × l window
centered at (i, j). In general, AWF can be defined as

X′
i,j =

l∑
m=1

l∑
n=1

Wm,n
i,j Xm,n

i,j , (1)

where Xm,n
i,j is the gray value of the pixel location (m,n)

in the current window, Wm,n
i,j is the weight in the window

centered at (i, j), and X′
i,j is the output of the filter. Note that

the weights can be determined by the relationship between the
center pixel and its neighbor pixels.

2.2. Covariance Matrix Representation

Assume that we have an image I. For a given region R ⊆ I
with M pixel. Let xi denote the d-dimensional feature ex-
tracted from the ith pixel within R, and let µ denote the mean
vector of the set of feature vectors xi (i = 1...M ). The CMR
of region R can be obtained by

CR =
1

M − 1

M∑
i=1

(xi − µ)(xi − µ)T . (2)

Note that the obtained covariance matrix is located on a non-
linear Riemannian manifold space. So the Log-Euclidean-
based kernel function can be used to make use of the standard
vector space learning algorithm [8].

3. IMPROVED LCMR FOR HSI CLASSIFICATION

Fig.1 shows the flowchart of the proposed method for HSI
classification, which consists of the following four steps.
First, dimensionality reduction is performed on the original
HSI using MNF method, and then MAWF is performed on
it. Next, each pixel and its neighboring pixels are extracted
in a fixed window to construct LCMR. Finally, the obtained
LCMRs are fed into the SVM with Log-Euclidean-based k-
ernel for classification. Our proposed method combines the
advantages of MAWF and LCMR.

3.1. Spectral Dimensionality Reduction

In order to remove the noise, dimensionality reduction
method is first applied to the original HSI. In this paper,
MNF is used as the dimensionality reduction method, since
the noise can be effectively removed on the MNF transformed

Fig. 1. Flowchart of ILCMR.

space. Let S and N are signal component and noise compo-
nent contained in image data, respectively. The MNF aims to
find a linear transformation matrix A to maximize the SNR
of transformed data. A is the eigenvectors associated with
the L largest eigenvalues of

∑−1
N

∑
I, where

∑−1
N and

∑
I

are the covariance matrix of noise component and original
HSI, respectively. Consequently, the dimensionality reduced
data Y can be obtained by Y = AT I [8].

3.2. Multiscale Adaptive Weighted Filtering

In order to make use of multiscale spatial information,
MAWF is adopted in this paper. The central pixel in the
filter window can be re-represented according to the weights
of its surrounding pixels. We calculate weights with a com-
monly used Gaussian kernel function. The adaptive weights
can be expressed by

Wm,n
i,j =

Fm,n
i,j∑l

m=1

∑l
n=1 F

m,n
i,j

, (3)

where

Fm,n
i,j = exp(−

∥ Yi,j −Ym,n
i,j ∥2

σ
), (4)

where σ is a scale parameter of the Gaussian kernel similar-
ity function. In this paper, MAWF make use of the spectral-
spatial characteristics of the HSI. We assume that the input
data with size H ×W × d and let m be the number of filter
scales, then the size of the output data is H ×W × (d×m).

3.3. Construction of LCMRs

In order to further utilize the information of the spectral im-
age, we can construct LCMR by using a square window of
fixed size P × P . For each pixel, K − 1 most similar neigh-
boring pixels are extracted by cosine distance measuremen-
t. Then we use the total of K pixels including the central
pixel to calculate covariance matrix according to (2). Each
non-diagonal element in the matrix represents the relationship
between different features. In addition, similar pixels in the
local space largely represent the same category or the same
substance in the HSI, so local covariance matrices obtained
by the extracted similar pixels represent the relationships be-
tween different spectral features of the same category of sub-
stances [8].
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3.4. Classification

Finally, the covariance matrices sets are fed into a SVM with
Log-Euclidean-based kernel for final classification. The Log-
Euclidean-based kernel function is defined by

klogm(C1,C2) = trace[logm(C1)∆logm(C2)], (5)

where C1 and C2 are two different matrices, logm is the logm
operator [8].

4. EXPERIMENTAL RESULTS

In this section, extensive experiments have been conducted to
demonstrate the effectiveness of the proposed method. In this
paper, five state-of-the-art methods are used for comparison,
including superpixel-based classification method via multi-
ple kernels (SC-MK) [9], local binary pattern based method
(LBP), edge-preserving filtering-based method (EPF), mul-
tiple feature learning based method (MFL) [10], and LCM-
R. The classification accuracy is illustrated by OA, AA, and
Kappa coefficients.

4.1. Data Description

In this paper, two benchmark HSIs are used to verify the
effectiveness of the proposed method. The first HSI was
gathered by AVIRIS sensor over the Indian Pines test site in
North-western Indiana and has the size of 145 × 145 × 220.
This data set contains 16 classes. The second HSI is the
University of Pavia image. It was collected by the ROSIS
sensor over the campus at the University of Pavia, Italy. This
scene contains 103 spectral bands after 12 most noisy spectral
bands are discarded, and each band has the size of 610× 340
pixels. There are 9 kinds of labeled land covers.

4.2. Comparison with Different Methods

The first experiment is performed on the Indian Pines data set
and 2% of labeled samples per class are randomly chosen for
training, and the remaining are used as test samples. The ex-
perimental results including the OA, AA, Kappa and average
classification accuracies of each class over 10 repeated exper-
iments are reported in Table 1. It can be observed that the
classification accuracy of the proposed method is always bet-
ter than other comparison methods in terms of OA, AA, and
Kappa. The proposed method significantly improves the per-
formance of LCMR. One of the reasons for this is that more
spatial information has been exploited by MAWF. The clas-
sification results can effectively prove the superiority of the
proposed method.

Fig.2 demonstrates classification maps achieved by differ-
ent methods on the Indian Pines dataset. It can be observed
that ILCMR obtains a more homogeneous map than other
methods. The proposed method not only has a better smooth-
ing effect, but also retains the boundaries and edges well. The

Table 1. Experimental results on the Indian Pines dataset.
Class EPF LBP MFL SC-MK LCMR ILCMR
1 0.00 74.67 52.00 100.0 89.78 80.67
2 76.11 82.97 79.35 90.16 93.72 95.83
3 85.19 76.04 75.12 83.89 82.32 90.48
4 74.77 70.52 29.91 80.34 75.60 87.67
5 89.98 77.29 83.04 78.52 91.08 91.33
6 72.74 84.62 93.54 97.66 97.15 98.85
7 20.00 95.63 68.52 89.63 100.0 100.0
8 85.75 92.26 96.94 100.0 100.0 99.68
9 0.00 70.00 25.79 100.0 76.84 100.0
10 82.90 79.76 80.47 85.09 83.96 86.63
11 70.57 96.72 89.69 91.62 93.00 95.60
12 76.08 75.97 66.23 76.75 85.59 89.57
13 99.18 77.70 96.90 90.55 99.80 100.0
14 86.90 97.52 94.87 96.49 99.86 99.94
15 66.68 82.46 74.60 84.66 97.78 100.0
16 65.74 61.87 71.54 98.90 88.46 91.21
OA 77.14 86.44 83.46 89.69 92.17 94.76
AA 65.79 81.02 73.66 90.27 90.93 94.22
κ 73.40 84.33 81.06 88.24 91.08 94.02

reason for this is that the MAWF and LCMR can not only ex-
tract effective spectral-spatial features, but also preserve the
structure of HSI. Although the LBP has achieved high classi-
fication accuracy, it leads to the over-smoothed classification
map.

The second experiment is conducted on the University of
Pavia dataset, and 1% of labeled samples per class are ran-
domly selected for training. Table 2 reports the experimen-
tal results of different methods. The same conclusion can be
drawn on this dataset. Fig. 3 shows the classification maps
of six methods. It can be visually observed that the edges and
boundaries in the map of the ILCMR are in better accordance
with the false color composite.

Fig. 2. Classification maps on the Indian Pines dataset. (a)
False color composite of the hyperspectral image. (b) ground-
truth. (c) EPF. (d) LBP. (e) MFL. (f) SC-MK. (g) LCMR. (h)
ILCMR.
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Table 2. Experimental results on University of Pavia dataset.
Class EPF LBP MFL SC-MK LCMR ILCMR
1 94.47 87.30 97.18 93.42 95.90 97.48
2 94.32 99.36 99.27 95.78 99.44 99.83
3 99.14 88.25 69.12 91.33 90.60 95.29
4 99.58 55.85 86.55 90.01 97.64 97.82
5 99.14 96.00 97.43 99.37 99.99 99.74
6 98.08 98.75 92.49 96.99 98.69 99.31
7 98.78 89.03 94.37 98.23 91.28 93.64
8 85.98 95.90 92.38 75.86 92.09 98.21
9 98.78 51.32 91.81 99.83 90.90 97.05
OA 94.73 91.97 94.66 93.49 97.18 98.64
AA 96.47 94.64 91.18 93.42 95.17 97.60
κ 92.92 89.28 92.95 91.42 96.26 98.20

5. CONCLUSION

In this paper, ILCMR-based HSI classification method has
been proposed. The quantitative results on two publicly avail-
able HSI datasets show that the proposed method outperform-
s several state-of-the-art methods. The proposed method not
only takes spectral and spatial information of the HSI into
consideration but also overcomes the drawbacks of LCMR.
It can obtain high accuracy with limited labeled samples by
combining MAWF with LCMR.

In the future, various other HSIs will be used to test
the performance of the proposed method. Furthermore, the
method of local neighboring pixel construction will be im-
proved.
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