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Abstract— Sparse representation (SR) has been successfully
used in the classification of hyperspectral images (HSIs) by
representing HSI pixels over a dictionary and yielding dis-
criminative sparse coefficients. Most of SR-based classification
methods construct the dictionary by directly using some labeled
pixels as atoms. Such dictionary can lead to inefficient SR for
large-sized HSIs, and may be incomplete when the number of
labeled pixels is less than the number of spectral bands. This
paper proposes a contextual online dictionary learning (DL)
method for HSIs classification, which learns a dictionary over
the whole image rather than few labeled pixels. The proposed
method can effectively and efficiently improve the adaptive rep-
resentation capability of different pixels with an online learning
mechanism. Specifically, the contextual characteristics of the HSI
are integrated with discriminative spectral information for online
DL, i.e., pushing similar pixels in neighborhood to share similar
sparse coefficients with respect to the well-learned dictionary.
By this way, the obtained sparse coefficients are structured and
discriminative. Finally, a traditional classifier, i.e., the linear
support vector machine, is applied to the sparse coefficients, and
the final classification results are obtained. Experimental results
on real HSIs show the effectiveness of the proposed method.

Index Terms— Classification, contextual characteristics,
hyperspectral images (HSIs), online dictionary learning (DL),
sparse representation (SR).

I. INTRODUCTION

CLASSIFICATION of hyperspectral images (HSIs) can be
used in agriculture [1], [2], military [3], [4], and envi-

ronmental monitoring [5], [6]. Therefore, HSI classification
is an important research field in remote sensing. Especially,
supervised classification, which categorizes test pixels with
a classifier trained from some labeled pixels (i.e., training
pixels), gradually becomes a hot topic in recent years.
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Previously, some classical pixelwise classification meth-
ods [7]–[10] are developed by only using the discriminative
information of spectral signatures. Without considering the
contextual information of pixels, those pixelwise methods
usually result in not very high classification accuracy. Many
spectral–spatial classification methods [11]–[18] are then pro-
posed to exploit both the contextual information and the
spectral information, and achieve outstanding performance.
For instance, Li et al. [13] extract the spectral–spatial features
with the local binary patterns (LBP) [14] and then input
those features into the extreme learning machine (ELM) [15]
classifier for classification. Besides, Fang et al. [19] extract
the spectral–spatial features using superpixel segmentation
and multiple kernels construction, and then achieve clas-
sification results by the support vector machine (SVM)
classifier [7].

Recently, sparse representation (SR)-based [20]
spectral–spatial classification methods [21]–[26] become
popular. In the SR model, spectral signatures of pixels
are represented with the linear combination of only a few
atoms in a dictionary. Most SR-based HSI classification
methods [23]–[25] regard training samples (i.e., few selected
pixels with known class labels) as atoms of the dictionary.
It is convenient to determine the class labels of test pixels
according to the labels of selected atoms for representation.
However, such dictionary seriously depends on the selection
of training pixels and sometimes will be impractical. That
is, too large number of training pixels means a very large
dictionary, which can lead to inefficient computation. On the
other hand, very few training pixels indicate a very small
dictionary, which may not sparsely represent other pixels and
thus degrade the performance of the SR model.

To overcome the drawbacks of simply using training pixels
as atoms, some dictionary learning (DL) methods [27]–[29]
are proposed to learn a compact and discriminative dictionary
from training pixels. Due to the use of pixels’ label infor-
mation in DL, those methods are recognized as supervised
DL methods. Although supervised DL methods can improve
performances in terms of computational efficiency and clas-
sification accuracy, they are also influenced by the selection
of training pixels. Once training pixels are badly chosen,
it is not ensured that the learned dictionary can sparsely and
discriminatively represent test pixels, or even suffering from
a risk of overtraining. As a consequence, the performance of
SR-based classification can be degraded.
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Unlike supervised DL methods, which learn a dictionary
using training pixels, unsupervised DL methods, e.g., spatial-
aware DL (SADL) method [30], learn the dictionary from
the whole data set without considering label information.
Moreover, it is convenient to incorporate prior information into
dictionary by using suitable sparsity inducing regularity [30]
and result in discriminative sparse coefficients for classifica-
tion [23], [25]. Considering these advantages, we focus on
using the whole data set to learn the dictionary, which is the
same as unsupervised DL methods.

The traditional DL mechanism [30]–[32] attempts to accu-
rately minimize an empirical cost function to calculate dictio-
nary and sparse coefficients. To serve this purpose, the sparse
coding of all data and dictionary update is usually alternated
for dozens of iterations. In practice, a remote sensing HSI
usually contains a large number of pixels, which significantly
increase the number of input data in DL. The iterative sparse
coding of all data during DL can lead to high computation
cost. Therefore, how to efficiently learn the dictionary is an
important issue that we need to solve.

Fortunately, as pointed out by Bottou and Bousquet [33],
the minimization of an expected cost function is more inter-
esting than the minimization of the empirical cost function.
To efficiently minimize the expected cost function, the online
learning mechanism [34], which inputs a few new pixels
into SR learning in each iteration, is considered. In addi-
tion, HSI pixels’ contextual information, which can efficiently
improve classification accuracy [35]–[37], is incorporated into
online DL. That is, the spectral similarity of neighboring pixels
is calculated and used as a prior knowledge to induce structural
sparse coefficients. The obtained sparse coefficients can be
classified with linear classifier, e.g., the linear SVM. To this
end, a new DL method called contextual online DL (CODL)
is carried out in this paper. Experimental results show that the
proposed CODL method outperforms some classic or state-of-
the-art HSIs classification methods.

The remainder of this paper is structured as follows. Some
related works are introduced in Section II. The proposed
CODL method is described in Section III. Section IV presents
the experimental results and discussions. Finally, Section V
summarizes this paper and gives some suggestions about future
works.

II. RELATED WORK

In this section, we briefly introduce unsupervised DL for
HSIs. As shown in [38], [39], HSI pixels can be approximately
represented by the multiply of sparse coefficients (vectors)
and a dictionary. Consider N HSI pixels of size M , such as
X = {x1, x2, . . . , xN } ∈ R

M×N with SR as

X ≈ DY (1)

where D = [d1, d2, . . . , dn] ∈ R
M×n denotes the dictionary

and Y = [ y1, y2, . . . , yn] ∈ R
n×N represents the sparse

coefficient matrix. Each sparse coefficient y ∈ R
n in matrix

Y is sparse and contains only a few nonzero entries. Each
d ∈ R

M is called an atom of the dictionary.
Without considering the label information of some training

pixels, unsupervised DL aims at training a dictionary, which

can reduce the representation error while inducing sparsity in
the SR model [30] for all input pixels. To serve the purpose,
the classical DL technique considers to minimize an empirical
cost function

min
D

fN (D) (2)

where fN (D) � (1/N)
∑N

i=1 �(xi , D). The loss func-
tion �(x, D) is defined as �(x, D) � min y(1/2)‖x −
D y‖2

2 + λψ(y), where λ is a regularization parameter and
ψ(·) is a sparsity inducing regularizer (e.g., well-known �1
norm [31], [32] and �0 norm [40], [41]). Problem in (2) can
be rewritten as a joint optimization problem as

min
D,Y

1

N

N∑
i=1

(1

2
‖xi − D yi‖2

2 + λψ(yi )
)
. (3)

A practical optimization strategy can be found by splitting the
problem into two parts, which are alternately solved within an
iterative loop. The two parts are: 1) Sparse Coding—keeping
dictionary D fixed and solving all { yi }(i = 1, 2, . . . , N)
and 2) Dictionary Update—keeping { yi } fixed and updating
dictionary D.

III. PROPOSED METHOD

In this section, the motivation of the proposed method is
first demonstrated. Then, the proposed method named CODL
is introduced.

A. Motivation

Several observed issues in DL and our considerations with
respect to those issues are stated as follows.

1) The model of DL in (3) regards each HSI pixel as inde-
pendent signal and only exploits its spectral signatures
to learn the dictionary and obtain sparse coefficients.
However, this is not enough for HSIs classification due
to the well-known “nonsmooth” characteristic [42], [43]
of sparse coding, which means a small variation in the
original space might lead to a large difference in the
sparse code space. Due to the influence of spectral mix-
ing and noises, the spectral signatures of pixels from the
same class could have some small variations. Therefore,
although pixels from the same class are similar, they may
be represented by very different sparse coefficients. As a
result, the discriminative ability of sparse coefficients
for classification is degraded. To suppress the intraclass
variation, we exploit the contextual characteristics [23]
of HSIs that neighboring and similar pixels usually
represent the same material and are from the same class.
Spectral similarity of neighboring pixels is calculated
and used to constrain the differences of pixels’ sparse
coefficients in the DL model. As a consequence, sparsity
patterns of sparse coefficients are corrected in DL by
calculating similar sparse coefficients for similar pixels.
In this way, intraclass variation can be suppressed, which
improves the classification performance.
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Fig. 1. Flowchart of the proposed method.

2) As shown in Section II, the classical DL mechanism
calculates the sparse coding of all pixels in each itera-
tion. In this case, a large number N of pixels can bring
high computation cost to DL. Unfortunately, in practical
HSI classification tasks, the number N of HSI pixels
can be more than 10 000 and thus make DL impractical.
We propose a method, which uses an online learning
mechanism for DL instead of the classical DL mecha-
nism. The online learning mechanism allow us to input
some new samples rather the whole data set for sparse
coding and dictionary update in each iteration, which
efficiently reduces the computation cost of DL.

B. Contextual Online Dictionary Learning

The flowchart of the proposed CODL method is shown
in Fig. 1. The detailed description of CODL method is
demonstrated as follows.

1) Dictionary Learning With Contextual Information: It is
observed that the pixels in an HSI are usually surrounded
by pixels, which are from the same class and similar in
terms of spectral characteristics. In this paper, we exploit
such contextual information to correct sparsity patterns of
sparse coefficients by jointly and sparsely representing a group
of neighboring pixels owning similar spectral characteristics.
To serve this purpose, a set of nonoverlapping patches [30]
with the size of S × S (called contextual patches) are used to
group neighboring pixels. That is, an HSI with N pixels X is
divided into K contextual patches {X�k }k=1,...,K ), where K is
determined by the size S × S of patches (basically equal to
K = N/S2). To jointly represent pixels within each contextual
patch during DL, the loss function in (2) is extended to

�(X�, D) = min
Y�

1

2
‖X� − DY�‖2

F + λψ(Y�) (4)

where the Y� values are sparse coefficient matrix with respect
to X�, and prior knowledge about contextual information
and sparsity are induced by ψ(Y�). A traditional way of
defining ψ(Y�) is the row-sparse constraint [23], [30], [36],
i.e., Y� has only a few nonzero row. Such constraint regards
all pixels in a contextual patch to have high similarity of
the same degree, while ignores the situations that contextual

patches may locate in detail areas (e.g., near edges) and
contain pixels from different classes (i.e., dissimilar pixels).
Instead, we introduce a weight to measure the similarity degree
between pixels within each contextual patch and then use the
weight to induce similar sparse coefficients for similar pixels
in ψ(·).

The weight is constructed by normalizing the spectral angle
distance (SAD) [44] of pixels with the sigmoid function. Let
xi and x j denote two pixels in the same patch X�k . The
weight wi, j of xi and x j is

wi, j = 1

1 + ea(SAD(xi ,x j )−b)
(5)

where a and b are positive constants and can be calculated by
cross validation. SAD(xi , x j ) = cos−1(xT

i x j/‖xi‖2 · ‖x j ‖2)
is the SAD of two pixels. Note that weight wi, j is a monotone
decreasing function with respect to SAD(xi , x j ) in (5) while
smaller SAD means higher spectral similarity. Therefore,
the higher value of weight indicates that two pixels are more
similar, and vice versa.

To push similar pixels (i.e., pixels with large weight) to have
similar and sparse coefficients, the difference of pixels’ sparse
coefficients combined with weight is used as a penalty term
in ψ(·), in addition to a �1 sparse penalty. As a consequence,
the regularizer ψ(Y�) is carried out as

ψ(Y�) = ‖Y�‖1 + β

2λ

∑
i, j

wi, j ‖yi − y j‖2, ∀yi , y j ∈ Y�

(6)

where β is a positive tradeoff constant to balance coeffi-
cients’ sparsity and similarity. Obviously, to minimize ψ(Y�)
in (4), larger weight wi, j constrains coefficients’ difference
‖yi − y j‖2 to smaller, which pushes coefficients yi and y j to
be closer. After some algebraic manipulations, ψ(Y�) can be
rewritten as

ψ(Y�) = ‖Y�‖1 + β

2λ
tr(Y�LY�), ∀yi , y j ∈ Y� (7)

where L = C−W is the Laplacian matrix [45]. C is a diagonal
matrix, and the i th entry is cii = ∑

j wi j .
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2) Online Dictionary Learning: Different with the classical
DL mechanism, which inputs all pixels for SR learning (i.e.,
alternative sparse coding and dictionary update) at each time,
online learning mechanism only selects a few of new pixels
for SR learning in each iteration. Since most of N pixels
are not available in each iteration, the minimization of the
empirical cost fN (D) is difficult to be realized. Fortunately,
Bottou and Bousquet [33] have pointed out that rather than
accurately minimizing the empirical cost, we should focus on
the minimization of an expected cost denoted as

f (D) � EX�[�(X�, D)] (8)

where EX�[·] means expectation with respect to X�.
Let t represent the tth iteration and {X�i }i=1,...,t represent
the selected patches in previous iterations. The minimization
of expectation in the tth iteration can be approximated by the
minimization of the sample average [46]

min
D

1

t

t∑
i=1

�(X�i , D). (9)

We denote the sample average as ft (D) =
(1/t)

∑t
i=1 � (X�i , D). Therefore, as new pixels are

input in each iteration, the purpose of DL lies on the
minimization of ft (D).

To solve (9) with an online-type method, we introduce
a surrogate function f̂t (D) [34] to approximate ft (D). The
surrogate function is denoted as

f̂t (D) = 1

t

t∑
i=1

(1

2
‖X�i − DŶ�i ‖2

F + λψ(Ŷ�i )
)

(10)

where the {Ŷ�i }i=1,...,t−1 values are sparse coefficients
obtained in previous iterations, and Ŷ�t is calculated over
the dictionary Dt−1 obtained in previous iteration. That is,
in the t th iteration, the sparse coefficient Ŷ�t of X�t is first
calculated by the sparse coding

Ŷ�t = arg min
Y�t

1

2
‖X�t − Dt−1Y�t ‖2

F + λψ(Y�t ). (11)

Then, minD f̂t (D) is solved to yield dictionary Dt . Such
method can be recognized as the “mini-batch”-based extension
of online DL in [34].

Next, we show how to solve the sparse coding problem and
update Dt . Substitute (7) into (11) and yield

Ŷ�t = arg min
Y�t

1

2
‖X�t − Dt−1Y�t ‖2

F + ‖Y�‖1

+β
2

tr(Y�t LY�t ). (12)

In this paper, we adopt the iterative projective
method (IPM) [47] to solve (12). The IPM is able to
solve optimization problems in the form of

Y = arg min
Y

F(Y )+ λJ (Y) (13)

where F is a convex and smooth function and J is a separable
regularizer. Define F(Y�t ) as

F(Y�t ) = 1

2
‖X�t − Dt−1Y�t ‖2

F + β

2
tr(Y�t LY�t ) (14)

which is convex and differentiable. In addition, let J (Y�t ) =
‖Y�t ‖1. The sparse coding problem in (12) can be transferred
to

Ŷ�t = arg min
Y�t

F(Y�t )+ λJ (Y�t ) (15)

which can be solved by the IPM. Similar to [45], general
sparse coding (i.e., the iterative reweighted methods [48]) can
be utilized to initialize coefficients to speed up the conver-
gence. After Ŷ�t is obtained, the dictionary Dt is obtained by
solving

Dt = arg min
D

t∑
i=1

(
1

2
‖X�i − DŶ�i ‖2

F + λ‖Ŷ�i ‖1)

= arg min
D

1

2
tr(DT D At )− tr(D Bt ) (16)

where At and Bt are statistic matrixes and record the informa-
tion of DL in previous iterations. To prevent D from growing
unbounded, atoms of D are normalized to unit norm as their
�2-norm is larger than one in each iteration of dictionary
update. Matrixes At and Bt are obtained by

At = At−1 + Ŷ�t Ŷ
T
�t

Bt = Bt−1 + X�t Ŷ
T
�t
. (17)

The block-coordinate descent method [34] is used in this
paper to solve (16) and sequently update each atom of the
dictionary.

The online DL described earlier selects one contextual patch
in each iteration of DL. In practice, considering the large size
of HSIs, we improve the convergence speed of the dictionary
by selecting p (p ≥ 1) contextual patches in each iteration.
After the iteration is terminated, the unsupervised DL is done
and results in the well-learned dictionary. To classify HSIs,
sparse coefficients of pixels over the well-learned dictionary
are calculated and input into the linear SVM classifier to yield
class labels. The proposed CODL method for the classification
of HSI is summarized in Algorithm 1.

IV. EXPERIMENTAL RESULTS AND DISCUSSIONS

In this section, we demonstrate both quantitative and visual
classification results of the proposed CODL method on three
real HSIs. Moreover, the proposed CODL method is compared
with some classic or state-of-the-art HSI classification methods
in terms of classification performance.

A. Experimental Setup

Three widely used HSIs are used in experiments, including
the Pavia University image1, the Indian Pines image,1 and
Houston image.2

1http://www.ehu.eus/ccwintco/index.php?title=Hyperspectral_Remote
_Sensing_Scenes

2http://hyperspectral.ee.uh.edu/?page_id=459
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Algorithm 1 Proposed CODL Method
Input: 1) The hyperspectral image X; 2) Predefined parame-

ters, λ and β; 3) Size of contextual patches S; 4) Number
of selected patches for dictionary update p; 5) Labeled
training pixels XTrain for classification

Output: Classification result, Ẑ;
1: Divide X into K contextual patches, {X�k }k=1,...,K ;
2: Generate similarity matrix W = {wi, j } by (5);
3: Initiation: t = 0, pt = 0;
4: for the t th iteration do
5: Select p contextual patches {X�pt +1

, . . . , X�pt +p
};

6: Obtain sparse coefficients {Ŷ�pt +1
, . . . , Ŷ�pt +p

} by
solving (11);

7: t = t + 1;
8: Calculate At and Bt according to (17);
9: Update dictionary Dt by solving (16) with At , Bt

and {Ŷ�pt +1
, . . . , Ŷ�pt +p

};
10: pt = pt−1 + p;
11: if pt = K ;
12: break;
13: end
14: end for
15: Generate the optimized dictionary, D̂ = Dt ;
16: Estimate sparse coefficients Ŷ based on D̂ by solving (11);
17: Train the linear SVM using sparse coefficients ŶTrain with

respect to training pixels XTrain;
18: Use the SVM to classify Ŷ and obtain the class labels Ẑ.

1) Pavia University Image: The image is captured by the
Reflective Optics System Imaging Spectrometer sensor over
the urban area surrounding the University of Pavia, Italy.
It consists of 115 spectral bands across the spectral range from
0.43 to 0.86 μm, and each band contains 610×340 pixels with
a spatial resolution of 1.3 m. The 12 very noisy channels are
removed in the experiment.

2) Indian Pines Image: The image is collected by the
Airborne/Visible Infrared Imaging Specrometer senor over the
agricultural Indian Pine test site in northwestern Indiana. This
HSI consists of 224 spectral bands across the spectral range
from 0.4 to 2.5 μm, and each band contains 145 × 145 pixels
with a spatial resolution of 20 m. The 24 water absorption and
noise bands are removed in the experiment, i.e., bands no. 1,
33, 97, 107–111, 153–167, and 224.

3) Houston Image: This image is acquired by the Center for
Airborne Laser Mapping over the University of Houston cam-
pus and the neighboring urban area. It consists of 144 spectral
bands across the spectral range from 0.38 to 1.05 μm, and
each band contains 349×1300 pixels with a spatial resolution
of 2.5 m.

4) Methods for Comparison: Some related methods
are used for comparison in experiments, including the
superpixel-based classification via multiple kernels (SC-MK)
method [19], the LBP and ELM (LBP-ELM) method [13],
the extinction profiles (EPs) method [49], the label consistent
K-singular value decomposition (KSVD) with statistic features
of mean spectra (LC-KSVDμ) [29], the discriminative KSVD

TABLE I

PARAMETERS OF THE CODL METHOD USED IN THE EXPERIMENTS
WITH RESPECT TO THE THREE HSIs

with statistic features of mean spectra (D-KSVDμ) [50],
the fisher discriminant DL with statistic features of mean spec-
tra (FDDLμ) [47], and the SADL method [30]. The SC-MK,
LBP-ELM, and EPs methods are the state-of-the-art spectral–
spatial classification methods, which adaptively extract the
spectral–spatial features and utilize the advanced classifiers
for classification. The LC-KSVDμ, D-KSVDμ, FDDLμ, and
SADL are DL-based methods, which simultaneously exploit
spectral and spatial information for classification.

5) Parameter Setting: The parameters of the SC-MK
method, the LBP-ELM method, and the SADL method are
set according to the reported parameters in their corresponding
references. The EPs method first applies the principal compo-
nent analysis (PCA) to HSIs and then extract spatial features
based on the first of three PCA bands. Note that the parameters
of spatial feature extraction are set according to [49]. The
LC-KSVDμ, D-KSVDμ, and FDDLμ methods use the para-
meters recommended by their references except for the dictio-
nary size and window size (used for mean spectra extraction).
The dictionary size is set to 600, 500, and 500 for the Pavia
University image, the Indian Pines image, and the Houston
image, respectively. Correspondingly, the window size is set
in the respective cases to 11, 5, and 5.

For the proposed CODL method, we set the number of
selected contextual patches in each iteration to p = 10 for the
three HSIs. The constants λ and β in the DL model are fixed
to λ = 5 and β = 0.5. In addition, two important parameters
of the proposed CODL method, i.e., the size S of contextual
patches, and the ratio used to determine the dictionary size,
are empirically chosen based on some related works [23], [30],
[35], [40]. The values of S and ratio used in this paper to result
in effective and efficient classification for different HSIs are
listed in Table I. In experiments, we will analyze the effect of
the two parameters (i.e., S and ratio) on the proposed method.

B. Experiments With Pavia University Image

The Pavia University image has nine labeled classes. The
false color composite and the label map of the Pavia University
image are shown in Fig. 2(a) and (b), respectively. In the
experiments, about 9% of labeled pixels are used for training
of supervised classification, leaving 91% for test [23], [30].
The detailed number of training and test pixels, as well
as the corresponding colors of different classes, is reported
in Table II. The color maps of training and test data are
demonstrated in Fig. 2(c) and (d), respectively.

The quantitative classification results of the proposed CODL
method are reported in Table II. In addition to the classification
accuracy for each class, the overall accuracy (OA), the average
accuracy (AA), and the Kappa coefficient (κ)) are used for
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Fig. 2. Pavia University image. (a) False color composite. (b) Reference map. (c) Training data. (d) Test data. (e) SC-MK [19]. (f) LBP-ELM [13].
(g) EPs [49]. (h) LC-KSVDμ [29]. (i) D-KSVDμ [50]. (j) FDDLμ [47]. (k) SADL [30]. (l) CODL.

TABLE II

CLASSIFICATION ACCURACIES (%) OF THE PAVIA UNIVERSITY OBTAINED BY SC-MK [19], LBP-ELM [13], EPS [49], LC-KSVDμ [29],
D-KSVDμ [50], FDDLμ [47], SADL [30], AND CODL (THE HIGHEST VALUES FOR EACH CASE ARE GIVEN IN BOLD)

measurement in Table II. The OA is used to measure the ratio
of correctly classified pixels in all test pixels, while the AA is
the average value of the accuracy with respect to each class.
κ is calculated from a confusion matrix and used to measure
the agreement of classification. Fig. 2 demonstrates the visual
classification maps of various classification methods. Some
observations can be made.

According to the maps of training and test pixels
in Fig. 2(c) and (d), the training pixels are selected from
some small regions, instead of random selection from the
reference map. In this case, some feature extraction-based

spectral–spatial classification methods (i.e., the SC-MK and
LBP-ELM methods), which show outstanding classification
performance with randomly selected training pixels, have
relatively low classification accuracy, e.g., the OA is 79.56%
for the SC-MK method and 75.53% for the LBP-ELM method.
The degradation of classification performance is caused by
the reason shown in the following. When training pixels are
randomly chosen, the selected pixels seem to locate all over
the reference map. Each training pixel is surrounded by many
test pixels, which usually have the same class label with
the training pixel. The information of intraclass correlation
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TABLE III

RUNNING TIME (S) OF THE PAVIA UNIVERSITY IMAGE OBTAINED
BY LC-KSVDμ [29], D-KSVDμ [50], FDDLμ [47],

SADL [30], AND CODL

Fig. 3. Different classification accuracies of the CODL method with different
sizes of contextual patches, in terms of the Pavia University image.

between each training pixel and its neighboring test pixels is
implicitly included into training set and benefits classification.
When training pixels locate in some small regions, much less
test pixels are adjacent to training pixels. As a consequence,
the intraclass correlation between training and test pixels will
be weakened and lead to the degradation of the SC-MK and
LBP-ELM methods’ classification performance.

In addition, three supervised DL-based methods, i.e., the
LC-KSVDμ, D-KSVDμ, and FDDLμ method, learn the dis-
criminative information only from training pixels. With the
same reason that less information is included in the training
set, the classification accuracies of the three methods are
not high. Therefore, these methods seriously depend on the
selection of training pixels. In contrast, the unsupervised DL
method, i.e., the SADL method, learns the discriminative
information from the whole data set without the dependence
of training pixels. As a consequence, the SADL method
achieves much higher classification accuracy as compared with
the supervised DL methods. Similar to the SADL method,
the proposed CODL method learns the dictionary over the
whole image. Moreover, the CODL method adaptively exploits
the contextual information of pixels, which benefits classi-
fication. As compared with the SADL method, the CODL
method improves the classification accuracy (OA) for about
4%. Experimental results in Table II demonstrate that the
CODL method outperforms the state-of-the-art spectral–spatial
feature method (EPs method), as well as other comparison
methods, in terms of the main metrics (OA, AA, and kappa).
Therefore, the effectiveness of the proposed CODL method is
confirmed.

The running time of the proposed CODL method as well
as other DL methods are reported in Table III. All methods
are implemented on a laptop, which has an Intel Core CPU
2.50 GHz and 16-GB RAM, in nonparallel implementation.
According to Table III, the DL-based methods generally spend

Fig. 4. Classification accuracy and running time of the CODL method over
the Pavia University image with different ratios. Ratios are used to determine
the size of dictionary with the rule of dividing the number of training pixels
by ratios.

Fig. 5. Classification accuracy (OA) of the proposed CODL method over
the Pavia University image, by using different ratios and patch sizes.

more than 100 s for classification. The iterative alternation of
sparse coding and dictionary update is time-consuming. Even,
the supervised DL methods (i.e., D-KSVDμ and FDDLμ),
which have only a few training samples for dictionary con-
struction, own the running time of more than 500 s. Thanks
to the exploitation of online learning mechanism, the proposed
CODL method is efficient and has only a little longer running
time than the LC-KSVDμ method, i.e., the difference is less
than 12 s. As compared with other DL methods, the CODL
method has much less running time and thus shows its
efficiency. Next, we will discuss two important parameters in
the proposed CODL method, i.e., the size of contextual patch S
and the size of dictionary.

The size S × S of contextual patches is an important
parameter for contextual information exploration in this paper.
To investigate the influence of this parameter on the proposed
method, we conduct experiments by adopting a set of different
sizes for the CODL method and collecting corresponding
classification accuracy (OA). In this experiment, other para-
meters are fixed and S is ranged from 3 to 30 with the step
size of 3. The obtained classification accuracy in terms of
different S values is shown in Fig. 3. As can be observed
in Fig. 3, the classification accuracy (OA) of the proposed
method gradually increases to a high value as the patch size
S increases from 3 to 12. Then, the classification accuracy
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Fig. 6. Classification maps for the Indian Pines Image. (a) False color composite. (b) Reference map. (c) Training samples. (d) Test samples.
(e) SC-MK [19]. (f) LBP-ELM [13]. (g) EPs [49]. (h) LC-KSVDμ [29]. (i) D-KSVDμ [50]. (j) FDDLμ [47]. (k) SADL [30]. (l) CODL.

TABLE IV

CLASSIFICATION ACCURACIES (%) OF THE INDIAN PINES IMAGE OBTAINED BY SC-MK [19], LBP-ELM [13], EPS [49], LC-KSVDμ [29],
D-KSVDμ [50], FDDLμ [47], SADL [30], AND CODL (THE HIGHEST VALUES FOR EACH CASE ARE GIVEN IN BOLD)

nearly is unchanged when the patch size S is ranged from
12 to 21. After S increases to very high values (e.g., S = 30),
OA will slightly decline. A too small patch size means that the
contextual information is not fully exploited and not sufficient
for spectral–spatial classification. Therefore, when S = 3 or
S = 6, the corresponding OA is much lower than the OA for
other patch sizes. When S increases to 9, the classification
accuracy is significantly improved, demonstrating that the con-
textual information is very important for the classification. The
reason why the classification accuracy decreases for very large
patch sizes is explained as follows. The contextual patches
with large sizes may contain so much details (e.g., edge areas)
that it is difficult to well explore the contextual information
in such complex image patches. Above all, the accepted value
of S to obtain high and stable classification accuracy can be
chosen from a range of S = 12 to S = 21.

The dictionary size can influence the performance of the
dictionary. Large-sized dictionary can be overcomplete [48]
for signals and lead to more SR. However, the large-sized
dictionary can lead to more complex calculations. On the con-
trary, small-sized dictionary has less computational cost while
may contain insufficient information to sparsely represent
some signals (i.e., dictionary is incomplete). To investigate
the influence of dictionary size with respect to HSI classifi-
cation, we conduct experiments by adopting a set of different
sizes for dictionary and collecting corresponding classification
accuracy (OA) as well as the running time. In this experiment,
other parameters are fixed and the dictionary size is changed.
We adopt a set of ratios, which range from 2 to 20 with a
step size of 2. The dictionary sizes are separately determined
by dividing the number of training pixels by those ratios.
The classification accuracy and the running time with respect
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TABLE V

CLASSIFICATION ACCURACIES (%) OF THE HOUSTON IMAGE OBTAINED BY SC-MK [19], LBP-ELM [13], EPS [49], LC-KSVDμ [29],
D-KSVDμ [50], FDDLμ [47], SADL [30], AND CODL (THE HIGHEST VALUES FOR EACH CASE ARE GIVEN IN BOLD)

to different dictionary sizes are shown in Fig. 4. As can be
observed in Fig. 4, the dictionary with small sizes (e.g., ratio
is 20) can lead to a low OA with the reason being that the
dictionary may be incomplete for some pixels. As the ratio
decreases (i.e., dictionary size is increased), the dictionary
gradually becomes more complete and leads to higher OA.
When the size of the dictionary is large enough (i.e., ratio≤8),
the dictionary consists of more atoms and contains enough
information to sparsely represent most pixels. In this case,
the value of OA only has some small fluctuations. On the
other hand, the running time is significantly increased for
small ratio (e.g., ratio = 2). To balance the classification
performance and computational complexity, we choose ratio
= 8 as the optimal value.

Furthermore, we conduct experiments to simultaneously
investigate the influence of ratio and patch size S by assigning
different values to both parameters. That is, ratio is ranged
from 2 to 20 with the step size of 2, and patch size is
ranged from 3 to 30 with the step size of 3. The classification
accuracies (i.e., OA) of the proposed CODL method using
different ratio and patch size are shown in Fig. 5. As can be
observed in Fig. 5, high and stable OAs are obtained when
ratio is less than 16 and patch size is ranged from 12 to 24.
Too small dictionary size and patch size, as well as too large
patch size, can result in decreased classification accuracy for
the proposed method.

C. Experiments With Indian Pines Image and Houston Image

The Indian Pines image includes 16 labeled classes.
The false color composite and the reference map for the
Indian Pines image are shown in Fig. 6(a) and (b), respec-
tively. In the experiments, we select around 9% of the
labeled pixels for training in supervised classification. The
remainder of the labeled pixels is used as test samples.
Table IV reports the detailed number of training and test
samples, as well as the corresponding colors of different

Fig. 7. Houston image. (a) False color composite. (b) Reference map.
(c) Training data. (d) Test data.

classes. The maps of training and test data are shown
in Fig. 6(c) and (d), respectively. The quantitative classi-
fication results of the proposed CODL method and other
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HSIs classification methods are reported in Table IV. The
classification map for various classification methods is shown
in Fig. 6.

As can be seen in Table IV, the spectral–spatial
features-based classification methods, i.e., SC-MK, LBP-ELM
methods, and EPs method, show powerful classification
performance for the Indian Pines image. Especially, the EPs
method has the highest classification accuracies with respect
to six classes, i.e., the 3rd, 8th, 10th, 11th, 14th, and
15th classes. The proposed CODL method outperforms these
spectral–spatial feature-based methods, as well as other DL
methods, in terms of three main indexes, i.e., OA, AA,
and κ . Moreover, although other methods have the highest
classification accuracies for other classes, the classification
accuracies obtained by the proposed CODL method are very
close to the highest classification accuracies with respect to
some classes, e.g., the 3rd, 5th, 7th, 12th, and 14th classes.

The Houston image has 15 information classes. The false
color composite and the label map of this image are shown
in Fig. 7(a) and (b), respectively. About 10% of the labeled
pixels are used for training and the remainder is used for test.
Table V shows the 15 classes and the number of training and
test pixels. The visual maps for training and test data are
demonstrated in Fig. 7(c) and (d), respectively. The quanti-
tative classification results are reported in Table V. Similar to
the Pavia University image, the CODL method obtains the best
results in terms of OA, AA, and κ . Besides, the SADL method
has comparable performance, that is, the OA of SADL is very
close to the OA of CODL (the gap is less than 2%).

V. CONCLUSION

This paper proposes a DL method named the CODL method
for HSIs classification. To efficiently learn the dictionary over
a large data set consisted of HSI pixels, the online learning
mechanism is introduced to gradually learn the dictionary over
a small amount of new input pixels. In addition, the contextual
information is adaptively incorporated into online DL by
pushing neighboring and similar pixels within nonoverlapping
patch to have similar coefficients during the sparsity inducing
of DL. The obtained sparse coefficients over the well-learned
dictionary are structured, and can be used for SVM classifica-
tion. Experimental results on several real HSIs show that the
proposed method outperforms some classic or state-of-the-art
classification methods in terms of classification accuracy.

In this paper, the training of the SVM classifier is not
considered in DL. Our future works will focus on simulta-
neously learning the dictionary as well as the classifier for
classification.
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