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Abstract—In this paper, we present a hierarchical feature
learning method called Stacked Tensor Subspace Learning
(STSL). It can jointly learn spectral and spatial features of
hyperspectral images (HSIs) by iteratively abstracting neighboring regions. STSL is able to learn discriminative spectral-spatial
features of the input HSI at different scales. In STSL, the joint
spectral and spatial features are extracted using Marginal Fisher
Analysis (MFA) and Tensor Principal Component Analysis (TPCA). Then Kernel-based Extreme Learning Machine (KELM), a
shallow neural network, is embedded in the proposed method to
classify image pixels. The important contributions to the success
of STSL are exploiting local spatial structure of HSI by using
tensor method and designing hierarchical architecture. Extensive
experimental results on two challenging HSI data sets taken from
the Airborne Visible-Infrared Imaging Spectrometer (AVIRIS)
and Reﬂective Optics System Imaging Spectrometer (ROSIS)
airborne sensors show that the proposed method can produce
good classiﬁcation accuracy with smaller training sets.

I. I NTRODUCTION
Hyperspectral image (HSI) classiﬁcation, where each pixel
is assigned to a predeﬁned class, has been applied widely
in many ﬁelds, including precision farming, water resources
monitoring and geological survey [1]–[4]. Over the last few
years, a lot of techniques have been developed to promote the
HSI classiﬁcation performance [2], [3], [5]–[8].
Subspace learning is an effective way to improve HSI classiﬁcation accuracy [2], [9]–[14]. Many subspace learning methods have been adopted for HSI classiﬁcation. For instance, Locally Linear Embedding (LLE) and Local Preserving Projection (LPP) have been utilized to reduce the dimensionality of
HSIs [15], [16]. However, only spectral information are used
in most of the subspace learning-based methods. Nowadays,
spatial contexture information has been proven to increase
classiﬁcation accuracy [2], [3], [5]–[7], [17]. Many techniques
have been adopted to make use of spatial information of
HSIs [3], [8], [18], [19], such as morphological proﬁles [18],
Markov ﬁelds [3] or Gabor ﬁlters [8]. Zhou et al. proposed
a spatial and spectral regularized subspace learning method
called Spatial and Spectral Regularized Local Discriminant
Embedding (SSRLDE) for HSI classiﬁcation [2]. Benediktsson
et al. used Extended Morphological Proﬁles (EMPs) to model
structural information [20]. Quesada-Barriuso et al. created
an EMP from the wavelet features to obtain spectral-spatial
features [21]. Kang et al. [22] proposed a spectral-spatial
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classiﬁcation framework based on Edge-Preserving Filtering
(EPF), where the ﬁltering operation achieves a local optimization of the probabilities. Soltani-Farani et al. presented Spatial
Aware Dictionary Learning [23] (SADL) method, which is
a structured dictionary-based model for hyperspectral data
incorporating both spectral and contextual characteristics of
spectral samples. Maximizer of the Posterior Marginal by
Loopy Belief Propagation (MPM-LBP) was proposed by Li et
al. [24], it exploits the marginal probability distribution from
both the spectral and spatial information. Li et al. proposed a
framework for integrating multiple types of features extracted
from both linear and nonlinear transformations [25].
However, most of these methods do not extract spectralspatial features in a hierarchical fashion. Recent studies show
that the hierarchical deep model can extract more abstract and
invariant features of data [26]–[30]. Deep learning, inspired
by the mechanism of human vision, recently attracted more
and more attentions due to its good performance in many
ﬁelds such as speech recognition, computer vision, and natural
language processing [31]–[34]. In [26], a deep learning-based
HSI classiﬁcation method was proposed, where spectral and
spatial information are extracted separately and then processed
via stacked Autoencoders (AE). Similarly, Li et al. proposed to
use Deep Belief Networks (DBN) for HSI classiﬁcation [35].
But these methods directly use the conventional deep learning
models and cannot take advantage of the characters of HSI. In
[36], a hierarchical method called Spectral-Spatial Networks
(SSN) was proposed by Zhou et al. However, they consider
the local neighborhood as a long vector, which may cause the
problem of curse of dimensionality under the high-dimensional
and the losing of the structure information. Recently, tensor
representation has attracted great interest and has been widely
applied to problems with tensorial data. Consequently, a new
hierarchical tensor-based method called Stacked Tensor Subspace Learning (STSL) is proposed for HSI classiﬁcation in
this paper. STSL can exploit spectral and spatial information
efﬁciently. Apart from feature extraction, designing effective
spectral classiﬁers is also a possible way to promote the
classiﬁcation accuracy. Support Vector Machine (SVM)-based
approaches have been used successfully for HSI classiﬁcation
[37]. However, choosing suitable kernel functions, kernel speciﬁc parameters, regularization parameters and strategies for
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multiclass classiﬁcation is the major concern in the design of
SVM [38]. Demir et al. [39] proposed to use Relevance Vector
Machine (RVM) for HSI classiﬁcation. It is faster than SVM.
Recently, Kernel-based Extreme Learning Machine (KELM)
has been proposed by Huang et al. [40]. Compared with SVM,
KELM is faster and has good generalization ability [40], [41].
It has been applied to HSI classiﬁcation [36], [42], and the
results conﬁrm that it is comparable in accuracy with SVM
and has lower computational complexity. Consequently, the
KELM is used in this paper.
STSL consists of spectral and spatial feature learning units.
These units are serially connected to form a hierarchical
architecture. In the proposed method, Marginal Fisher Analysis
(MFA) and Tensor Principal Component Analysis (TPCA)
are used to learn discriminative features from the 1st-order
tensors and 2nd-order tensors, respectively. Finally, the learned
features are input into KELM classiﬁer. There are several
advantages to be highlighted as follows:
• STSL provides a new way to exploit discriminative
spectral-spatial information in a hierarchical fashion. The
tensor-based method can help to make use of the spatial
information.
• The proposed method has low sample complexity. That
is, it can achieve high classiﬁcation accuracy with a small
number of training samples.
The remainder of this paper is structured as follows. The
related works are brieﬂy reviewed in Section II. The STSL
method for HSI classiﬁcation is proposed in Section III. The
experimental results and discussions are presented in Section
IV. Finally, Section V summarizes the paper and future works
are suggested.
II. R ELATED W ORK
The HSI classiﬁcation problem has been approached with
a wide variety of methods in recent years. Recently, some
methods relying on hierarchical structure have been proposed
to make use of the spectral and spatial information of HSIs. Bruzzone et al. ﬁrstly exploited hierarchical analysis for
context-based classiﬁcation of high-resolution remote sensing
images [43]. Recently, deep learning methods have been used
in the HSI classiﬁcation. Li et al. [35] proposed a DBN
approach for classiﬁcation of HSIs. The model is a stack of
restricted Boltzmann machines, which are trained by greedy
layer-wise unsupervised learning. However, by reducing the
data to the ﬁrst three PCA components, the spectral characteristics of the images have not been used in a principal manner
by the DBN model. In the ﬁeld of remote sensing imagery
classiﬁcation, stacked AE was ﬁrstly introduced into HSI
classiﬁcation by Chen et al. [26] However, the AE can only
handle spectral features, but over looks spatial patterns lying in
images. To overcome this problem, Contextual Deep Learning
(CDL) was introduced into HSI classiﬁcation by considering
contextual information in spatial domain [44]. Hu et al.
used Convolutional Neural Networks (CNN) to classify HSIs
directly in spectral domain [45]. Furthermore, spectral-spatial
classiﬁcation method based on CNN is proposed by Slavkovikj
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et al. [46]. However, these methods usually need more training
samples. In [36], Spectral-Spatial Feature Learning (SSFL)
was designed to obtain robust features of HSIs. It combines
the spectral feature learning and spatial feature learning in
a hierarchical fashion. Stacking a set of SSFL units, a deep
hierarchical model called SSN is further proposed for HSI
classiﬁcation. SSN can exploit both discriminative spectral and
spatial information simultaneously. Speciﬁcally, SSN learns
useful high-level features by alternating between spectral and
spatial feature learning operations. Then KELM is embedded
in SSN to classify image pixels. Compared with state-of-theart methods, SSN with a deep hierarchical architecture obtains
higher classiﬁcation accuracy, especially when the number of
the training samples is small. However, it only takes vectors as
input. Unlike [36] however, the proposed method uses tensor
as input and thus preserves more structure information.
III. S TACKED T ENSOR S UBSPACE L EARNING
In tensor analysis, vector is the 1st-order tensor and matrix is
the 2nd-order tensor. In this paper, we intend to learn spectral
and spatial information from 1st-order tensor and 2nd-order
tensor, respectively. The ﬂowchart of the proposed method
is given in Figure 1. We can ﬁnd that the STSL consists
of spectral feature learning unit, spatial feature learning unit and classiﬁcation unit. The alternating between spectral
feature learning unit and spatial feature learning unit forms a
hierarchical architecture. Let I tr = {II 1 , I 2 , . . . , I N } be the
training set, where the training samples belong to C classes.
The KELM is brieﬂy reviewed as follows [36], [40], [47].
A. Kernel-based Extreme Learning Machine
Let {xi , yi }(i = 1, . . . , N ) be the N training samples,
where xi ∈ Rd and yi = (yi,1 , . . . , yi,C ) ∈ RC indicates
the class label. Assuming that the training samples belong to
C classes and

1, xi belongs to the jth class;
yi,j =
(1)
0, otherwise.
The output function of ELM with L hidden neurons is given
by
L

fL (xi ) =
βj hj (xi ) = h(xi )β = yi ,
(2)
j=1



T
where β = β1 β2 . . . βL
is vector of output weights, and
h(xi ) = (h1 (xi ), . . . , hL (xi )) is the activation function corresponding to the input xi . The training pixels are mapped onto
the L-dimensional feature space by h(xi ). So N equations
coming from (2) can be rewritten in a compact form Hβ = Y,
where H is the output matrix of the hidden layer
⎛
⎞ ⎛
⎞
h(x1 )
h1 (x1 ) . . . hL (x1 )
⎜
⎟ ⎜
⎟
..
H = ⎝ ... ⎠ = ⎝
(3)
⎠
.
h(xN )
and

h1 (xN ) . . . hL (xN )

T

Y = y1 , y2 , . . . , yN .
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(4)

Fig. 1. Flowchart of the proposed method.

is the expected output matrix. Then we have
I
f (xi ) = hβ T = h(xi )HT ( + HHT )−1 Y.
ρ

(5)

As point out by Huang et al. in [40], if the feature mapping
h(xi ) is unknown, a kernel matrix for ELM can be deﬁned as
follows:
K(X, X) = HHT : k(xi , xj ) = h(xi ) ∗ h(xj )T .

(6)

In this way, the output of the KELM classiﬁer can be written
as
−1

f (xi ) =

=

I
Y
+ HHT
ρ
⎞T
⎛
K(xi , x1 )
I
⎟
⎜
..
+ K(X, X)
⎠
⎝
.
ρ
K(xi , xN )

h(xi )HT

−1

Y. (7)

HSIs are usually smooth in the sense that each pixel
share similar spectral characteristics or have the same
class membership with its neighboring pixels. In order to
exploit the contextual correlation within HSI, the spatial
feature learning methods based on TPCA is given in this
paper.
For the output of the spectral feature learning unit, we
crop l × l image patches centered at each training pixel
from each feature map (represented by the color rectangle in the Figure 1). If there are N training pixels, then
we can collect N image patches from each map. The
cropped image patches form a 3rd-order tensor. Then
the new feature map can be obtained by projecting the
image patches on the projection matrices. These matrices
are obtained by maximizing the total scatter tensor of the
projected low-dimensional feature as follows:
f {U (n) , n = 1, 2, . . . , N̂ }

Finally, the label of the input data is determined by the index
of the output node with the highest output value [47].

=

arg max Ψy

B. The Proposed Method

=

arg max

The detailed description of each processing unit is given as
follows.
(1) Spectral Feature Learning Unit
In HSI classiﬁcation, we expect that the learned feature
can minimize the intra-class compactness and maximize
the inter-class separability. Consequently, MFA [48] is
used to learn discriminative spectral features in this
paper, where the input are the 1st-order tensors. In this
way, pixels within the same class can have the similar
features despite they may be far away. These features
can be obtained by projecting the pixels on the learned
projection directions, where the projection directions can
be given by
 = arg min
w
w

wT I tr LII Ttr w
wT I tr LpI Ttr w

(8)

where L and Lp are the Laplacian matrix of intraclass graph and inter-class graph, respectively [48]. Once
the projection directions are obtained, the HSI can be
projected to them pixel by pixel. In this way, the new
representation of each pixel can be obtained.
(2) Spatial Feature Learning Unit

U (n)

U (n)

M


Ym − Ȳ2 ,

(9)

m=1

where Ym = Xm ×1 U (1)T ×2 U (2)T · · · ×N̂ U (N̂ )T ,
Ȳ is the mean of samples, and Xm is the N̂ -th order
tensor. For each patch, the new representation can be
vectorized. In this way, a new feature cube can be
obtained. Similarly, higher layer features can be obtained
by expanded this architecture to n. Consequently, the
proposed method can extract hierarchical features. The
tensor method can preserve the spatial information.
(3) Classiﬁcation Unit
After several alternations of the spectral and spatial feature learning process, the output of the last spatial feature
learning unit is input to the KELM for classiﬁcation.
This is due to KELM’s fast learning speed and strong
generalization [40], [42].
The pseudo codes of the training and testing procedures of
STSL are given in Algorithm 1 and Algorithm 2, respectively.


In Algorithm 1, I ∈ Rm ×n ×d is the input image, L is the
layer number, K1l and K2l are the number of project directions
in lth spectral and spatial learning stages, respectively. In
Algorithm 2, yt is the label of the test sample.
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IV. E XPERIMENTAL R ESULTS
Algorithm 1 STSL: Training procedure




Require: I ∈ Rm ×n ×d , Itr = [I1 . . . IN ].
Ensure: Project directions, KELM classiﬁer.
1: for l = 1 : L do
2:
Obtain spectral projection directions by MFA.
3:
for i = 1 : m do
4:
for j = 1 : n do
5:
Using spectral projection directions to process
the ith row and jth column of the input image.
6:
end for
7:
end for
8:
for i = 1 : N do
9:
for j = 1 : K1l do
10:
Crop a neighboring region for the ith training
pixel on the jth map, and the cropped image patches form
a 3rd-order tensor.
11:
end for
12:
end for
13:
Obtain K2l projection matrices by TPCA.
14:
for j = 1 : K1l
15:
Crop a neighboring region for the each pixel on
the jth map and process them using obtained projection
matrices. do
16:
end for
17: end for
18: Training KELM classiﬁer.

In our experiments, two hyperspectral data sets were used
to demonstrate the effectiveness of the proposed method.
The performance is evaluated in terms of overall accuracy
(OA), average accuracy (AA), and the Kappa coefﬁcient of
agreement (κ). Let C be the number of the classes, Ni be the
number of the samples in the ith class, and ni be the number
of correctly classiﬁed samples in the ith class, then we have
C
ni
OA = Ci=1
(10)
i=1 Ni
and

C

Let

⎞
m11 . . . m1C
⎟
⎜
..
M=⎝
⎠
.
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(12)

mC1 . . . mCC
be the confusion matrix, then
p0 − pc
,
κ=
1 − pe
where
po = C
and

(13)

C


1

i=1

Ni

1

i=1

Require: I ∈ Rm ×n ×d .
Ensure: yt .
1: Image preprocessing.
2: for l = 1 : L do
3:
for i = 1 : m do
4:
for j = 1 : n do
5:
Process the pixel in the ith row and jth column
by learned K1l project directions.
6:
end for
7:
end for
8:
for j = 1 : K1l do
9:
Crop a neighboring region for each pixel on
the jth map and process them using learned K2l project
matrices.
10:
end for
11: end for
12: Feed the output to the KELM.

(11)

⎛

pe = ( C

Algorithm 2 STSL: Test procedure

1  ni
.
C i=1 Ni

AA =

Ni

)2

mii

(14)

mi. m.i .

(15)

i=1
C

i=1

The STSL is compared to support vector machine (SVM)
[49], KELM [50], PCA plus Gabor ﬁlter (PCA+Gabor), EPF
[22], and MPM-LBP [24]. We use MATLAB 2014a on a
computer with Intel Corei7 3.6GHz CPU and 12GB memory.
A. Hyperspectral Data Sets
Two hyperspectral data sets collected by two different
instruments are used in our experiments.
• Indian Pines data set was acquired by the AVIRIS sensor
over the Indian Pines test site in 1992 [51]. The image
scene contains 145 × 145 pixels and 220 spectral bands.
The ground truth available is designated into 16 classes.
The class descriptions and sample distributions for this
image are given in Table I. In the experiments, the number
of bands has been reduced to 200 due to atmospheric
affection. This scene is challenging because of the signiﬁcant presence of mixed pixels and the unbalanced number
of available labeled pixels in each class [52], [53]. A
three-band false color image and the ground-truth image
are shown in Fig. 2.
• The second data set was gathered by the ROSIS sensor
over Pavia, Italy. This image has 610× 340 pixels (covering the wavelength range from 0.4 to 0.9μm) and 115
bands. In our experiments, 12 bands are removed due to
the noise. So there are 103 bands are retained. There are
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TABLE II
T OTAL N UMBER OF S AMPLES IN E ACH G ROUND -T RUTH C LASS IN THE
PAVIA U NIVERSITY DATA SET.

(a)

(b)

Fig. 2. (a) False color composition of the AVIRIS Indian Pines scene. (b)
Reference map containing 16 mutually exclusive land-cover classes.
TABLE I
T OTAL N UMBER OF S AMPLES IN E ACH G ROUND -T RUTH C LASS IN THE
I NDIAN P INES DATA SET.
No
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
Total

Class Name
Alfalfa
Corn-notill
Corn-mintill
Corn
Grass-pasture
Grass-trees
Grass-pasture-mowed
Hay-windrowed
Oats
Soybean-notill
Soybean-mintill
Soybean-clean
Wheat
Woods
Buildings-Grass-Trees-Drives
Stone-Steel-Towers

Subtotal
54
1434
834
234
497
747
26
489
20
968
2468
614
212
1294
380
95
10366

9 ground-truth classes, in total 43923 labeled samples.
The class descriptions and sample distributions for this
image are given in Table II. Fig. 3 shows a three-band
false color image and the ground-truth image.

No
1
2
3
4
5
6
7
8
9
Total

Class Name
Asphalt
Meadows
Gravel
Trees
Painted metal sheets
Bare Soil
Bitumen
Self-Blocking Bricks
Shadows

Total
6852
18686
2207
3436
1378
5104
1356
3878
1026
43923

the proposed method used 8 layers to learn features. The
experimental results are given in Table III, where experimental
results are averaged over 10 runs. The experimental results
show that the proposed method performs the best. Fig. 4
illustrates the classiﬁcation maps obtained by the different
methods. It corresponds to one of the random runs. Sub-ﬁgures
(in the second row) from left to right are results from SVM,
KELM, PCA+Gabor, EPF, MPM-LBP and STSL, respectively.
It is obvious from Fig. 4 that STSL gives plausible results on
smooth homogeneous regions by making use of the spatial
information hierarchically. As can be seen, the maps obtained
by SVM and KELM have very noisy appearance. One of
the reasons for this maybe that spectral-based method cannot
make use of the spatial correlation of the HSI. In addition, the
affect of the number of training samples to the accuracy of
different methods is given in Figure 5. It is consistent with
the results in Table III. We can ﬁnd that STSL performs
better than other methods with a small number of training
samples. This demonstrates that our method has low sample
complexity. Finally, the comparison of time consumed by
different methods is given in Table IV. It shows that the
proposed method is time consuming.
TABLE III
OA (I N P ERCENTAGE ), AA (I N P ERCENTAGE ), AND K APPA C OEFFICIENT
FOR THE AVIRIS I NDIAN P INES DATA S ET.

(a)

(b)

Method
SVM
KELM
PCA+Gabor
EPF
MPM-LBP
STSL

OA
57.86
58.52
68.78
71.75
77.16
80.71

AA
53.51
50.67
68.06
62.35
65.97
79.12

κ
0.520
0.524
0.641
0.671
0.736
0.779

Fig. 3. (a) False color composition of the ROSIS University of Pavia scene.
(b) Reference map containing 9 mutually exclusive land-cover classes.
TABLE IV
C OMPARISON OF TIME CONSUMED BY DIFFERENT METHODS .

B. Experiments with the AVIRIS Indian Pines Data Set
For the ﬁrst data set, the training samples were selected
proportionally from different classes, where the number of
the training samples is 1% of the available data. And the
samples of the rest were used for testing. In this experiment,

Method SVM KELM PCA+Gabor EPF MPM-LBP
Time(S) 0.558 0.423 0.483
4.985 78.576
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STSL
265.409

1989

(a)

(b)

(c)

(d)

(e)

(f)

(g)

Fig. 4. Magniﬁed parts of different classiﬁcation maps for the Indian Pines data set. (a)Ground truth; (b) SVM; (c) KELM; (d) PCA+Gabor;(e) EPF; (f)
MPM-LBP; (g) STSL.

that the spectral-spatial classiﬁcation method is able to prevent
salt-and-pepper noise in the classiﬁcation maps.
TABLE V
OA (I N PERCENTAGE ), AA (I N P ERCENT ), AND K APPA C OEFFICIENT FOR
THE PAVIA U NIVERSITY DATA S ET.

Method
SVM
KELM
PCA+Gabor
EPF
MPM-LBP
STSL

OA
89.19
89.08
94.18
95.06
95.42
96.49

AA
85.64
85.40
91.75
96.16
92.31
92.45

κ
0.857
0.855
0.923
0.935
0.940
0.954

V. C ONCLUSION
Fig. 5. OAs of different methods with different numbers of training samples
for the Aviris Indian Pines Data Set.

C. Experiments with the ROSIS University of Pavia Data Set
For the second data set, labeled samples are randomly
divided into training set and test set with a ratio of 1:99.
For this data set, the number of feature learning layers is
4. The same conclusion can be made for this data set. The
experimental results are given in Table V, where experimental
results are averaged over 10 runs too. Experimental results
given in Table V show that methods making use of the
spectral-spatial information perform better than spectral-based
methods. This phenomenon demonstrates the advantage of
exploiting spatial information in HSI classiﬁcation. It is easy
to ﬁnd that STSL performs the best on this data set. Fig.
6 illustrates the classiﬁcation maps of the methods listed in
Table V. From the visual inspection of the images, we ﬁnd
that the proposed method outperforms other methods as the
resulting classiﬁcation maps are smoother. It also conﬁrms

1990

In this paper, a hierarchical method called STSL is proposed
for HSI classiﬁcation. This method integrates tensor subspace
learning into hierarchical architecture to learn discriminative
spectral-spectral features. Experimental results on two widelyused HSI data sets have demonstrated the effectiveness of
STSL. Comparing with previously developed methods, the
accuracy is improved. The experimental results also show that
STSL has low sample complexity. We also note that the higher
order tensor can be used to learn spectral-spatial features,
which is our future work.
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