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Abstract—A novel hyperspectral image (HSI) classification
method by the probabilistic fusion of pixel-level and superpixel-
level classifiers is proposed. Generally, pixel-level classifiers based
on spectral information only may generate “salt and pepper”
result in the classification map since spatial correlation is not
considered. By incorporating spatial information in homogeneous
regions, the superpixel-level classifiers can effectively eliminate
the noisy appearance. However, the classification accuracy will
be deteriorated if undersegmentation cannot be fully avoided in
superpixel-based approaches. Therefore, it is proposed to adap-
tively combine both the pixel-level and superpixel-level classifiers,
to improve the classification performance in both homogenous
and structural areas. In the proposed method, a support vector
machine classifier is first applied to estimate the pixel-level class
probabilities. Then, superpixel-level class probabilities are esti-
mated based on a joint sparse representation. Finally, the two
levels of class probabilities are adaptively combined in a maximum
a posteriori estimation model, and the classification map is ob-
tained by solving the maximum optimization problem. Experi-
mental results on real HSI images demonstrate the superiority
of the proposed method over several well-known classification
approaches in terms of classification accuracy.

Index Terms—Hyperspectral image (HSI), probabilistic fusion,
spectral–spatial classification, superpixel segmentation.

I. INTRODUCTION

HYPERSPECTRAL image (HSI) can provide rich spatial
and spectral information, which has attracted much at-

tention in different civil and military applications, e.g., land use
analysis, precision agriculture, and pollution monitoring.
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Over the past decades, a large number of techniques have
been developed for HSI classification. Among these methods,
the support vector machine (SVM) [1] and multinomial logistic
regression (MLR) [2], as two classical classifiers, have been
proven effective in classifying HSI. In addition, extensive works
have been proposed to develop more advanced pixel-level clas-
sifiers, e.g., random forests [3], [4], neural networks [5], [6],
and active learning [7], [8]. Generally, pixel-level classification
methods mainly exploit discriminant spectral information in
HSI to distinguish varying objects in the scene. However, due
to the existence of noise and mixed spectral pixels in HSI, the
pixel-level methods are likely to generate noisy appearance in
classification maps.

In addition, many researchers focus on designing spectral–
spatial classifiers to improve classification performance, by
jointly integrating the spectral and spatial information in HSI.
In some works, effective feature extraction algorithms [9]–[11]
and multifeature fusion [12]–[14] techniques have been de-
veloped to better characterize the spectral–spatial feature of
different materials in the image scene. For example, a semantic
allocation level multifeature fusion scheme is introduced in
[14] to jointly integrate the spectral, textural, and structural
features. Moreover, some other works [15]–[17] attempt to
enhance the discriminative capabilities of classifiers by extend-
ing the classical classifiers. In [15], a generalized composite
kernel is introduced to extend the MLR classifier, which can
improve the classification accuracy by flexibly combining spec-
tral and spatial information. In addition, as one powerful image
processing tool, the sparse representation (SR) model [18], [19]
has attracted much attention for HSI classification [20]–[23].
In the SR-based classification methods, the similar pixels in
a neighborhood are jointly represented with a few training
samples that are selected from a constructed dictionary. By in-
volving the local spatial information and exploiting the sparsity
in HSI, the SR-based methods can provide promising classifica-
tion performance. The main drawback of these spectral–spatial
classification methods is the use of a fixed window to extract
local spatial information from HSI, which cannot adaptively
capture the structural characters of varying sizes and shapes.
Furthermore, active learning [24]–[26] and probabilistic model-
ing [27]–[30] also have been successfully extended to develop
effective spectral–spatial classifiers in the HSI domain.

Apart from the HSI classification methods previously de-
scribed, another interesting trend is to investigate image-
segmentation-based approaches, aiming at better exploiting the
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spatially structural information to improve classification perfor-
mance. Typically, hyperspectral segmentation techniques (e.g.,
watershed-based segmentation [31], [32] and stochastic mini-
mum spanning forest [33]) are first used to divide spatial regions
into nonoverlapping homogeneous patches. Then, based on the
initial classification results by pixel-level classifiers, decision
fusion rules are used to determine the final classification results
for pixels within each segmented region. For example, by using
the majority voting, all pixels in the same region are assigned
to the most frequent class within this region. More recently,
some works [34]–[36] focus on developing segmentation-based
HSI classifiers with superpixel techniques [37]–[39], to jointly
combine both the spectral–spatial similarity and discrimination
to improve classification results. Specifically, each superpixel in
HSI corresponds to a set of spatially connected and spectrally
similar pixels, and the common class label for each superpixel
is determined according to a distance metric measured between
each superpixel and each class of training samples. For exam-
ple, the works in [34] and [35] construct the distance metric
based on extended SR models, i.e., the discriminative sparse
model [34] and the multitask joint sparse model [35]. However,
an accurate oversegmentation map is difficult to obtain. Once
spectral pixels within a superpixel should belong to different
classes, a wrong estimation cannot be avoided because of the
“one label for one superpixel” manner.

Considering the merits and drawbacks brought by both
pixel-level and superpixel-level classifiers, a novel probabilis-
tic fusion framework for HSI classification is proposed, to
adaptively combine both levels of classification results to im-
prove the overall accuracy (OA). In the proposed method,
the probabilistic SVM algorithm is first used to classify the
HSI. This way, the discriminative spectral information can
be used to estimate the pixel-level class probability for each
individual pixel. Then, by sparsely coding the pixels within
each superpixel with a joint SR (JSR) model, the spatially
similar information can be utilized for the estimation of the
superpixel-level class probabilities. Based on the spatial distri-
bution of pixels in each superpixel, both levels of class prob-
abilities are adaptively combined, resulting in the generation
of joint class probabilities. Finally, the joint class probabilities
are incorporated into a maximum a posteriori (MAP) estima-
tion model, and the classification map is obtained via solving
the MAP-based optimization problem. By jointly integrating
pixel-based spectral information and superpixel-based shape-
adaptive spatial information in the proposed method, the noisy
classification results generated by an individual pixel-wise clas-
sifier can be eliminated. Moreover, the misclassification results
caused by the inaccurate segmentation map in a superpixel-
level classifier can also be suppressed. As a result, better
balance in classifying both homogenous and structural regions
can be achieved.

The rest of this paper is structured as follows. Section II
briefly reviews related works, including the SVM classifier,
the JSR classifier, and the MAP estimation model. Section III
introduces the proposed probabilistic fusion method for HSI
classification. Then, experimental results and analysis are re-
ported in Section IV. Finally, conclusions and future works are
discussed in Section V.

II. OVERVIEW OF RELATED MODELS

A. Support Vector Machine

Let X = {xi}, X ∈ RB×Nt , represent all the test samples,
where B is the feature dimension of each test sample, and Nt

is the total number of test samples. The class labels for all test
samples are represented by Y = {yi}, Y ∈ RNt , where yi is
the label for the ith test sample xi. In the context of supervised
classification, Z = {zn} (n = 1, 2, . . . , Ntr) represent all the
training samples. For each training sample zn, yn represents the
corresponding label, where Ntr is the total number of training
samples.

Generally, the SVM tries to determine the optimal separating
hyperplane that maximizes the margin between the closest
training samples, and then, the separating hyperplane uses
the boundary pixels to create a decision surface. The SVM
classifier can be defined as [1]

f(xi) = sign
(
ΣNtr

n=1anynΦ(xi, zn) + b
)

(1)

where an is the Lagrange multiplier, b is the estimation bias,
and Φ(xi, zn) is a linear or nonlinear function, e.g., Gaussian
kernel function. Since the classification of HSI often involves
the discrimination of more than two classes, different multi-
class classification strategies have been widely developed in
the literature [40]–[42]. One typical strategy is the so-called
“one against one” approach, which combines the binary SVM
classifier with voting-based decision fusion to estimate the final
labels. Let C represent the number of classes, the first step is to
construct C(C − 1)/2 binary SVM classifiers, and each one of
them are trained from two of the classes. Then, the classification
result by each binary classification is considered to be a voting,
and the final classification label for each sample is determined
according to the maximum number of votes.

B. Joint Sparse Representation

Generally, the JSR model assumes that all the neighboring
pixels around the central test pixel should share a common
sparsity pattern with different sets of coefficients. This is rea-
sonable for an HSI because the neighboring pixels in a local
patch always correspond to similar materials. Based on this
assumption, both the central test pixel and the neighboring
pixels are stacked in a matrix and sparsely represented by
a row-sparse coefficient matrix. This way, the locally spatial
information can be incorporated to decide on the label for
the central pixel. Let C represent the number of classes in
a test image. Then, each subdictionary Dj (j ∈ [1, C]) that
contains all the training samples belonging to the jth class can
be constructed. Based on all the subdictionaries, one global
dictionary D is formed, i.e., D = {Dj}. Let Xi be a set of
samples similar to the test sample xi, the JSR model aims at
selecting very few atoms from D (denoted as Di) to adaptively
represent Xi. Generally, the JSR model [20] can be denoted as

Âi = argmin(Xi −DAi)

s.t. ‖Ai‖row,0 ≤ L (2)
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Fig. 1. Framework of the proposed PSPFC method.

where Ai is the matrix of sparse coefficients corresponding
to Xi based on the dictionary D, and L is the sparsity level.
‖Ai‖row,0 ≤ L is the joint sparse restriction norm, which is
used to restrict the maximum number of nonzero rows in Ai

to L. Typically, the simultaneous orthogonal matching pursuit
(SOMP) algorithm [43] can solve the optimization problem
in (2) in an iteration way. At each iteration, the atom that
yields the best joint sparse approximation to all of the residual
vectors is selected from the dictionaryD. The SOMP algorithm
terminates when the predefined level of sparsity (controlled by
the number of iterations) is satisfied. In the context of classifica-
tion, the reconstruction residual errors with regard to different
subdictionaries are used to indicate the class label of test
sample xi. Let Ai,j represent the vectors of sparse coefficients
that correspond to the atoms in Dj . Then, the estimated label
for xi is determined based on the minimal representation error
criteria, denoted as

ŷi = argmin
j

{
‖Xi −Dj ·Ai,j‖2

}
s.t. j = 1, 2, . . . , C. (3)

By (3), the label of xi is estimated to be ŷi if the condition of
‖Xi −Dŷi ·Ai,ŷi

‖2 = minj{‖Xi −Dj ·Ai,j‖2} is satisfied.

C. Maximum a Posteriori Estimation

The MAP model tries to maximize a posterior P (Y |X),
which can be represented as

argmaxP (Y |X) = argmaxP (X|Y )P (Y )

= argmax

Nt∏
i=1

P (yi|xi)

P (yi)
P (Y ) (4)

where the densities P (yi) are generally assumed to be equally
distributed [44], [45]. By taking a logarithm operator, i.e.,
log(·), (4) can be transformed into

Ŷ = argmax

{
Nt∑
i=1

logP (yi|xi) + logP (Y )

}
. (5)

In (5), the posterior probabilities, i.e., P (yi|xi), can be esti-
mated by probabilistic pixel-wise classifiers, e.g., SVM [1].
The prior probability, i.e., P (Y ), is generally modeled with
an isotropic pairwise multilevel logistic (MLL) model [45],
which is proportional to exp{−β

∑
i+∈Ni

(1− δ(yi, yi+))}.
Here, β is a predefined smoothing coefficient, Ni denotes the
neighborhood of central pixel xi, and δ(·, ·) is the Kronecker
delta function (δ(a, b) = 1 if a = b, and δ(a, b) = 0 otherwise).
The expression in (5) is a combination of unary and pairwise
interaction terms, and the minimization problem can be solved
by different optimization algorithms in the literature, e.g., loopy
belief propagation [46], tree-reweighted message passing [47],
and the graph-cut [48]. Among them, one typical option resorts
to the α-expansion-based graph-cut algorithm, which has been
widely demonstrated to yield good approximations to the MAP
estimation problem and have high efficiency [48]–[50]. Thus,
this algorithm is adopted to solve the optimization problem in
the proposed method. Additional details of the α-expansion-
based graph-cut algorithm are given in the following sections.

III. PROPOSED METHOD

In Fig. 1, the framework of the proposed pixel-level and
superpixel-level classifier-based probabilistic fusion classifi-
cation (PSPFC) method is shown. The proposed method
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consists of three main stages: pixel-level class probability es-
timation, superpixel-level class probability estimation, and the
probabilistic-fusion-based labeling result. The detailed descrip-
tion and analysis for each stage is given in the following.

A. Pixel-Level Probability Estimation

As defined in (1), the standard SVM classifier does not pro-
vide probability estimates for individual class. Here, pairwise
coupling of binary probabilistic estimation [51] is applied to
generate these probability estimates for individual class. By
the one-against-one (i.e., pairwise) approach for multiclass
classification [40], the pairwise class probabilities are first
estimated, i.e., rj,k ≈ p(yi = j|yi = j or yi = k,xi). Let pj
(j = 1, 2, . . . , C) represent the class probability of assigning
testing sample xi with the jth label, a C × 1 vector of multi-
class probability estimates, i.e., p = [p1, p2, . . . , pC ]

T , can be
estimated by solving

min
p

1

2

C∑
j=1

∑
k:k �=j

(rk,jpj − rj,kpk)
2

s.t. pj ≥ 0,

C∑
j=1

pj = 1. (6)

By introducing a semidefinite matrix Q, Qj, k =
∑

s:s�=j r
2
s,j

if j = k, and Qj,k = −rk,jrj,k if j �= k, it is proved in [51] that
the optimal solution of (6) can be estimated via solving a simple
linear function, defined as[

Q e
eT 0

] [
p
b

]
=

[
0
1

]
(7)

where b is the Lagrangian multipliers of the equality constraint,
e is the C × 1 vector of all ones, and 0 is the C × 1 vector
of all zeros. Here, instead of solving (7) by a direct method,
e.g., Gaussian elimination, a simpler and more efficient iterative
algorithm derived in [51] is adopted, which is implemented
with the toolbox in the LIBSVM library1 [42]. Finally, based
on the optimal solution of (7), a set of estimated class probabil-
ities, i.e., {pj} (j = 1, 2, . . . , C), can be obtained. Assuming
one pixel xi is assigned to the jth class, the estimated class
probability is

Ppix(yi|xi) = Ppix(yi = j|xi) = pj . (8)

B. Superpixel-Level Probability Estimation

1) Generation of Superpixel Map: Here, superpixels are
generated from HSI based on the entropy rate superpixel (ERS)
[37] algorithm, which consists of three steps.

Step 1. Generation of base image. The base image is gener-
ated via principal component analysis (PCA). Specif-
ically, the PCA is operated on the HSI to obtain the
significant principal components (PCs), i.e., the first
three PCs, which remain the majority of the structural
spatial information in HSI. Then, the extracted first
three PCs are regarded as the base image.

1https://www.csie.ntu.edu.tw/~cjlin/libsvm/

Step 2. Generation of superpixel map from base image. With
the ERS algorithm, a subset of edges Ês is selected via
solving a graph optimization problem with an iterative
greedy algorithm [37], such that the resulting graph
contains exactly K connected subgraphs. The pixels
in each subgraph correspond to a homogeneous re-
gion. This way, a superpixel map is constructed, which
divides the overall spatial area into K nonoverlapping
homogenous regions.

Step 3. Generation of superpixels from HSI. Based on the
superpixel map, i.e., S, the pixels within each homo-
geneous patch are extracted from HSI and form each
superpixel. This way, each superpixel contains multi-
ple spatially connected and spectrally similar pixels.

Particularly, the ERS-algorithm-based generation of a super-
pixel map from a base image in Step 2 is described as follows.
The base image is first mapped to a graph, i.e., G = (V,E),
where vertices (V ) denote the pixels, and edge weights (E)
denote the pairwise similarities given in the form of a simi-
larity matrix. Then, the task of generating a superpixel map is
transformed into solving a graph optimization problem, which
is represented as

maxÊs
{H(Es) + λF (Es)}

s.t. Es ∈ E (9)

where H(·) is the entropy rate term of the random walk on
graphG, and F (·) is a balancing term encouraging clusters with
similar sizes and reducing the number of unbalanced superpix-
els. The problem in (9) can be solved with the iterative greedy
algorithm introduced in [37]. Initially, the algorithm starts with
an empty set (Es = ∅). Then, it selects the edge that yields
the largest gain in the objective function [defined in (9)] and
adds the edge to Es in each iteration. Along with the updated
set of edges, the number of connected subgraphs is increased
after each iteration. The iterative process is terminated when
the number of connected subgraphs (NÊs

) reaches a preset
number, i.e., NÊs

= K , resulting in the generation of the final

estimated set of edges (Ês). Finally, one superpixel map, i.e.,
S, can be generated according to the estimated edges (Ês),
which oversegments the spatial area into multiple homogeneous
patches.

2) Estimation of Superpixel-Level Class Probability: The
pixels in each superpixel are first adaptively represented with
the JSR model [defined in (2)]. Then, the class probability for
each pixel in the same superpixel is estimated according to
the reconstructed residuals. Here, the residual caused by recon-
structing xi with atoms from the jth subdictionary is defined as

rj(xi) = ‖xi −Dj · αi‖2 (10)

where xi represents one of the pixels in Xi, and αi is the
corresponding sparse coefficient vector. Generally, a small
residual means that the test sample can be well represented
by the selected atoms from one specific subdictionary. Thus,
a larger class probability should be assigned. Then, the
superpixel-level class probability is defined as

Psup(yi = j|xi) =
1

Z
exp

(
−
(
rj(xi)

σ2

)
(11)

https://www.csie.ntu.edu.tw/~cjlin/libsvm/
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where Z is the normalization factor, which is calculated by
Z =

∑C
j=1 exp(−((rj(x)/σ2)). In (11), σ2 is a bias, which is

estimated based on the deviation of pixels within each super-
pixel. Assuming that one pixel xi is assigned to the jth class,
the estimated superpixel-level class probability is

Psup(yi|xi) = Psup(yi = j|xi). (12)

C. Probabilistic-Fusion-Based Labeling

The probabilistic-fusion-based labeling result aims at adap-
tively combining both the pixel-level and superpixel-level class
probabilities to generate the final class estimation. Here, a
weight matrix W (W ∈ RNt×C) is introduced to guide the
fusion process, where each weight in W , i.e., Wi,j , is defined as

Wi,j =
1

Mi

∑
i+∈Si

δ
(
j, ŷsi+

)
(13)

where Si is the superpixel that contains pixel xi, Mi is the
total number of pixels within superpixel Si, and δ(·, ·) is the
Kronecker delta function. ŷsi+ is the initial class estimation for
xi by the superpixel-level classifier, which is determined by

ŷsi+ = argmax
j

Psup(yi+ = j|xi+)

s.t. j = 1, 2, . . . , C. (14)

Specifically, if the weight is close to 1, the spatial area that
corresponds to the current superpixel Si will be determined to
have a high homogeneity level. That is, there is a high proba-
bility that pixels in Si should belong to one class. Therefore, a
higher confidence should be laid on the superpixel-level classi-
fication results for pixels in Si. Otherwise, with a lower value
of weight, the pixels in superpixel Si are more likely to belong
to two or more classes. Correspondingly, a lower confidence
is given to the superpixel-level label estimation. This way, the
Ppix(yi|xi) and Psup(yi|xi) can be adaptively combined to
generate a more accurate joint posterior probability. Let yi = j
denote the class label of pixel xi and wi denote the correspond-
ing weight calculated by (13), i.e., wi = Wi,j = Wi,yi

. Then,
the joint posterior probability, i.e., P (yi|xi), is defined as

P (yi|xi) = (1− wi)Ppix(yi|xi) + wiPsup(yi|xi). (15)

By integrating the joint probabilities defined in (15), the maxi-
mization problem in (5) is rewritten as

Ŷ =argmaxY

{
N∑
i=1

logP (yi|xi) + logP (Y )

}

=argmaxY

{
N∑
i=1

log {(1−wi)Ppix(yi|xi)+wiPsup(yi|xi)}

−β
∑

i+∈Ni

{1− δ(yi, yi+)}
}
. (16)

Algorithm 1 Probabilistic Fusion for Labeling

Input: C, number of classes; Nt, number of test samples;
For i = 1, 2, . . . , Nt, xi, test sample;
Ppix(yi|xi), pixel-level class probabilities;
Psup(yi|xi), superpixel-level class probabilities;
Si, indexes of pixels in the superpixel that contains xi;
Mi, number of pixels in Si.

Output: Ŷ , Ŷ = {ŷi}, i = 1, 2, . . . , Nt, estimated labeling
result.
1. Calculate the adaptive weight matrix W

ŷsi+ = argmaxjPsup(yi = j|xi), s.t. j = 1, 2, . . . , C

Wi,j =
1

Mi

∑
i+∈Si

δ(j, ŷsi+).

2. Generate the joint posterior probabilities

P (yi|xi) = (1− wi)Ppix(yi|xi)

+ wiPsup(yi|xi) s.t. wi = Wi,yi
.

3. Construct a probabilistic fusion model by integrating the
introduced joint posterior probabilities with the MLL prior

Ŷ =argmaxY

{
N∑
i=1

logP (yi|xi) + logP (Y )

}

=argmaxY

{
N∑
i=1

log {(1−wi)Ppix(yi|xi)+wiPsup(yi|xi)}

−β
∑

i+∈Ni

{1− δ(yi, yi+)}
}
.

4. Solve the probabilistic fusion model by the α-expansion
algorithm.
(i) Set the iteration time t to be 0, t = 0.

Start with an arbitrary labeling result Y 0, Y 0 = {y0i },
Initiate energy function by:

Ef (Y
0) = −

N∑
i=1

logP
(
y0i |xi

)
− logP (Y 0).

(ii) Set the value of temination Flag: Flag = 0.
(iii) For each label α, α ∈ (1, C),

Update the iteration time: t = t+ 1.
Find Y ′ = argminY Ef (Y

(t−1)) in one α-expansion
move;
If Ef (Y

′) < Ef (Y
(t−1)), set Y t = Y ′, and Flag = 1.

If Ef (Y
′) ≥ Ef (Y

(t−1)), set Y t = Y (t−1), and Flag = 0.
(iv) If Flag = 1, go to (ii).

If Flag = 0, generate the final estimated labeling result,
Ŷ = Y t.

Then, by defining an energy cost function as Ef (Y ) =

−
∑N

i=1 logP (yi|xi)− logP (Y ), the maximization optimiza-
tion in (16) can be transformed into an energy minimization
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TABLE I
NUMBER OF TRAINING AND TEST SAMPLES OF DIFFERENT CLASSES IN THE FOUR TEST DATA SETS

problem, denoted as Ef (Ŷ ) = argminY Ef (Y ). Here, the
α-expansion algorithm2 is used to solve this energy optimiza-
tion problem. Generally, given the labeling result Y and arbi-
trary label α (α = 1, 2, . . . , C), an α-expansion move allows
any set of image pixels to change their labels to α while the rest
of the pixels remain their labels unchanged. This α-expansion
algorithm mainly contains two loops: outer loop (called as
“cycle”) and inner loop (called as “iteration”), as summarized
in Step 4 of Algorithm 1. In each “iteration” process, an optimal
set of pixels determined by the minimum cut is allowed to
modify their labels to be α within one α-expansion move. This
way, an updated labeling result, Y ′, is generated, resulting in
the minimization of energy cost function, Ef (Y

′) < Ef (Y ). In
each “cycle” process, the value of α is varied between 1 and C,
and the “iteration” process is repeated. The overall process of
two-stage loops is terminated if any α-expansion move will no
longer lead to further minimization of the energy cost function,
leading to the final estimation of labeling result.

IV. EXPERIMENTAL RESULTS

A. Experimental Setup

In this section, four HSIs,3 including the “AVIRIS Indian
Pines,” “AVIRIS Salinas,” “ROSIS-03 University of Pavia,”
and “Washington DC” are used to test the performance of
the proposed classification method. The “AVIRIS Indian Pines
image,” which covers the agricultural Indian Pines test site in
Northwestern Indiana, was collected by the Visible Infrared
Imaging Specrometer (AVIRIS) sensor. This image is of size
145× 145× 220, which has a spatial resolution of 20 m and
a spectral range from 0.2 to 2.4 μm. Before the classification,
20 spectral bands (i.e., the 104th–108th, 150th–163rd, and
220th bands) are discarded due to the water absorption. The
“AVIRIS Salinas” image was also captured by the AVIRIS
sensor over the area of Salinas Valley, California. The data
set is of size 512× 217× 224 and has a spatial resolution of

2http://www.wisdom.weizmann.ac.il/~bagon.
3http://www.ehu.es/ccwintco/index.php/Hyperspectral_Remote_Sensing

_Scenes

3.7 m per pixel. Before the classification, 20 spectral bands
corrupted by water absorption are removed. The “University of
Pavia” image was acquired by the ROSIS-03 sensor over the
campus at the University of Pavia, Italy. This image contains
103 spectral bands after discarding the seriously noisy bands,
and each band is of size 610 × 340. The spatial resolution of
this image is 1.3 m, and the spectral coverage ranges from 0.43
to 0.86 μm. The “Washington DC” image was captured by the
Hyperspectral Digital Image Collection Experiment (HYDICE)
sensor over the region of Washington DC Mall. The image
is of size 280× 307× 210, with a spectral coverage ranging
from 0.2 to 2.4 μm. The reference classes and the number of
training/test samples for each test image are shown in Table I.

The classification results of the proposed PSPFC method are
visually and quantitatively compared with some widely used
classification methods, i.e., SVM [1], edge-preserving filtering
(EPF) [16], JSR classifier (JSRC) [20], shape-aware dictionary
learning (SADL) [23], and maximum a posteriori marginal-
loopy belief propagation (MPM-LBP) [30]. In addition, the
individual superpixel-level classifier is also compared to
demonstrate the superiority of the proposed fusion method over
the superpixel-based approach. Based on the work in [34], the
superpixel-level classifier is achieved by applying the SOMP
algorithm to jointly estimate the common label for each su-
perpixel, which is denoted as the SOMP-SUP method. Among
these compared methods, the SVM is a pixel-level classifier
without considering the spatial context, while the rest of the
classifiers are spectral–spatial classifiers that jointly integrate
both spectral and spatial information in HSI. To objectively
evaluate the classification results, three metrics of OA, average
accuracy (AA), and Kappa coefficient (k) are used.

B. Parameter Setting

The parameters used in the SVM classifier are estimated by
fivefold cross validation. For the EPF and JSRC, the window
sizes for the four test images are tuned, respectively, to reach
their best results in terms of the classification accuracy. For
the SADL, the maximum iteration time is set to be 100, the
reconstruction tolerance is set to be 10−3, and the patch size for

http://www.wisdom.weizmann.ac.il/~bagon
http://www.ehu.es/ccwintco/index.php/Hyperspectral_Remote_Sensing_Scenes
http://www.ehu.es/ccwintco/index.php/Hyperspectral_Remote_Sensing_Scenes
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Fig. 2. Effect of the superpixel number on the proposed PSPFC method for the four HSI images. (a) OA. (b) AA. (c) κ.

Fig. 3. Effect of the sparsity level on the proposed PSPFC method for the four HSI images. (a) OA. (b) AA. (c) κ.

different test images is tuned variously as suggested in [23]. The
parameters needed in the MPM-LBP classifier are set as default
values given in [30]. For the SOMP-SUP, the generation of
superpixels is accomplished in the same way as in the proposed
method, and the numbers of superpixels for the four test images
are also set as the same values as in the proposed method for
a fair comparison. In the proposed method, the parameter β
in (16) is empirically set to be 2. In addition, the other two
important parameters, i.e., the number of superpixels K and the
sparsity level L, will be discussed in detail below.

1) Effect of the Superpixel Number: Fig. 2 shows the in-
fluence of parameter K on the classification accuracy, with
the values ranging between 100 and 1500. Overall, it can
be observed that there is a dramatically upward tendency by
increasing K from 100 to 400 in terms of the three objective
metrics, followed by much less obvious changes after K grows
higher than 400. By taking a closer look, the changing trend
for different test images varies when K is increased after 400.
For the Indian Pines image and the Salinas image, relatively
stable and high overall classification accuracy can be obtained
when K ∈ [400, 1000], whereas an unstable trend and drop in
the AA-related curves can be observed when K is larger than
1000. For the University of Pavia image, there is a very slight
decrease but more stable trend in the curves, when the value
of K is larger than 1000. For the Washington DC image, there
is an increase by growing K from 700 to 1000. This different
changing trend is caused by the various image characteristics in
different test images. For the Indian Pines image and the Salinas
image, there exist multiple homogeneous regions of large size.
Therefore, good classification results can be obtained for these
two images, by setting the number of superpixels in more

relaxed ranges. However, for the University of Pavia image and
the Washington DC image, different textures and structures of
much smaller size are contained in the scenes. For these two
test images, larger values for K are needed to prevent that
different classes of pixels are forced into the same superpixel. In
addition, the running time will increase as K is growing due to
the superpixel-by-superpixel classification process. Taking both
the performance and computational cost into consideration,
K is set to be 600 for the Indian Pines image and the Salinas
image and 1000 for the University of Pavia image and the
Washington DC image, in the following experiments.

2) Effect of the Sparsity Level: The influence of the sparsity
level, i.e., L, on the classification results for the four test images
is tested, with L being varied from 1 to 15. As shown in Fig. 3,
it can be observed that the OA of the proposed method clearly
increases for all the test images, as the value of L rises from
1 to 3. After the value of L grows larger than 3, the changing
trends of the classification accuracy for the University of Pavia
image and the Washington DC image are more similar, whereas
the Indian Pines image and the Salinas image change in a
different way. For the Indian Pines image and the Salinas image,
the classification accuracy drops dramatically as the value of L
increases above 6. For the University of Pavia image and
the Washington DC image, the OA of the proposed method
demonstrates an increase by further increasing the sparsity level
from 4 to 8, whereas there is only a slight increase or decrease
with L varying between 8 and 15. The different change trends
in terms of classification accuracy for different images can be
explained as below. Because the numbers of dictionary atoms
for some classes are small in the Indian Pines image and the
Salinas image, e.g., L ≤ 10, much higher sparsity levels will
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Fig. 4. Reference map and classification results for the Indian Pines image. (a) False-color image, composed of three spectral bands in the Indian Pines image.
(b) Reference map. (c)–(i) Classification maps generated by different compared methods: SVM [1], EPF [16], JSRC [20], SOMP-SUP [34], SADL [23], MPM-LBP
[30], and the proposed PSPFC methods. The numerical results refer to the overall classification accuracy values in percent.

enforce the proposed method to select more atoms from other
incorrect classes. As a result, the classification accuracy will be
negatively affected. However, for the University of Pavia image
and the Washington DC image, the number of dictionary atoms
from each class is larger than 40. Thus, there are less possibil-
ities that incorrect atoms are selected for each class. Moreover,
the increase of L will lead to higher computational time. Based
on the above analysis, it is suggested that the value of L should
be set between 3 and 6. In the following experiments, L = 3 for
the Indian Pines image and the Salinas image, and L = 6 for
the University of Pavia image and the Washington DC image,
to generate the optimal classification results.

C. Comparison of Results

The first two experiments are tested on the AVIRIS Indian
Pines image and the Salinas image, which mainly consists
of large-sized homogeneous regions. The detailed numbers
of training and test samples are shown in Table I, and the
classification maps obtained by different classification methods
are shown in Figs. 4 and 5. Besides, the quantitative results

of these two test images in terms of classification accuracies
are shown in Tables II and III. For the AVIRIS Indian Pines
image, 10% of the labeled samples were randomly selected as
the training samples, and the remaining 90% are used as test
samples. It can be observed that the SVM classifier generates
a very noisy estimation in the classification map, exposing
the drawbacks of the pixel-level classifiers without incorpo-
rating a spatial prior. In contrast, the other spectral–spatial
methods can yield smoother classification maps. However,
taking a closer look at Fig. 4, an obvious spot-like phenom-
enon can be seen in the SADL-based result, while the EPF,
JSRC, SOMP-SUP, and MPM-LBP classifiers are likely to
generate misclassification results in the areas around corners
and edges. Overall, it can be seen that the classification map
obtained by the proposed method looks more similar to the
reference map in Fig. 4(b). In addition, better balance in
classifying flat and structural regions can be obtained by the
proposed method when compared with individual pixel-level
and superpixel-level classifiers, demonstrating the effectiveness
of the proposed probabilistic fusion scheme. For the test image
of Salinas, only 1% of the labeled reference data were randomly
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Fig. 5. Reference map and classification results for the Salinas image. (a) False-color image, composed of three spectral bands in the Salinas image. (b) Reference
map. (c)–(i) Classification maps generated by different compared methods: SVM [1], EPF [16], JSRC [20], SOMP-SUP [34], SADL [23], MPM-LBP[30], and the
proposed PSPFC methods. The numerical results refer to the overall classification accuracy values in percent.

TABLE II
CLASSIFICATION ACCURACY (%) OF THE INDIAN PINES IMAGE

OBTAINED BY SVM [1], EPF [16], JSRC [20], SOMP-SUP [34],
SADL [23], MPM-LBP [30], AND THE PROPOSED PSPFC METHOD

TABLE III
CLASSIFICATION ACCURACY (%) OF THE SALINAS IMAGE OBTAINED BY

SVM [1], EPF [16], JSRC [20], SOMP-SUP [34], SADL [23],
MPM-LBP [30], AND THE PROPOSED PSPFC METHOD
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Fig. 6. Reference map and classification results for the University of Pavia image. (a) False-color image, composed of three spectral bands in the University of
Pavia image. (b) Reference map. (c)–(i) Classification maps generated by different compared methods: SVM [1], EPF [16], JSRC [20], SOMP-SUP [34],
SADL [23], MPM-LBP [30], and the proposed PSPFC method. The numerical results refer to the overall classification accuracy values in percent.

selected as the training samples, and the remaining 99% of
data were selected as the test set for the comparison exper-
iment. It is clear that an obvious advantage of the proposed
method over the other compared methods can be achieved
in classifying the 8th (grapes) and 15th (vineyard untrained)
classes. Because of spectral similarity and mixture of these two
classes, the compared methods fail to distinguish between them.
As a result, obvious misclassification for some homogenous
regions can be observed in Fig. 5(c)–(h). In contrast, the PSPFC
method shows a much better discriminative capability in
classifying these two classes, due to the joint use of both
pixel-level spectral information and superpixel-level spatial
context. The better discriminative capability of the proposed
method can also be confirmed by the quantitative comparisons
in Table III. Specifically, the classification accuracy values by
the proposed method for classifying these two classes are,
respectively, 99.01% and 98.34%, whereas the highest accuracy
values by the rest of the compared methods are, respectively,
97.46% and 93.84%. Furthermore, the overall classification ac-
curacy in terms of the three objective metrics listed in Table III
also indicates that the proposed method outperformed the other
compared methods, with OA = 99.02%, AA = 98.59%, and
κ = 0.989, respectively.

The other two experiments are conducted on the University
of Pavia image and the Washington DC image, which consist
of more detailed structures. The visual classification maps ob-
tained by various classifiers on this image are shown in Figs. 6
and 7, and the quantitative results in terms of classification
accuracy are shown in Tables IV and V. For the University of
Pavia, a fixed number, i.e., 100, of training samples for each
class is adopted. It is shown in Fig. 6 that various degrees
of misclassification results in the large area of meadows (the
2nd class, laid on the bottom of the image) are generated by
the SVM, EPF, JSRC, SOMP-SUP, SADL, and MPM-LBP
methods. In contrast, the SOMP-SUP and the proposed method
can obtain smoother results in this meadows-related area, as
shown in Fig. 6(f) and (i), which can benefit from the ex-
ploitation of shape-adaptive spatial information. However, the
SOMP-SUP fails to accurately classify pixels around edges,
which is caused by the inaccurate segmentation map. By
integrating both pixel-level and superpixel-level classification
estimates with the proposed probabilistic fusion framework,
a promising performance in accurately classifying both the
homogeneous and structural regions can be obtained. For the
Washington DC image, 4% of the total number of labeled sam-
ples were randomly selected as the training samples, and the
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Fig. 7. Reference map and classification results for the Washington DC image. (a) False-color image, composed of three spectral bands in the Washington DC
image. (b) Reference map. (c)–(i) Classification maps generated by different compared methods: SVM [1], EPF [16], JSRC [20], SOMP-SUP [34], SADL [23],
MPM-LBP [30], and the proposed PSPFC method. The numerical results refer to the overall classification accuracy values in percent.

TABLE IV
CLASSIFICATION ACCURACY (%) OF THE UNIVERSITY OF PAVIA IMAGE

OBTAINED BY SVM [1], EPF [16], JSRC [20], SOMP-SUP [34],
SADL [23], MPM-LBP [30], AND THE PROPOSED PSPFC METHOD

TABLE V
CLASSIFICATION ACCURACY (%) OF THE WASHINGTON DC IMAGE
OBTAINED BY SVM [1], EPF [16], JSRC [20], SOMP-SUP [34],

SADL [23], MPM-LBP [30], AND THE PROPOSED PSPFC METHOD

rest of the labeled samples are used as test samples. In Table V,
the overall classification accuracy values for the pixel-level
classifier (SVM) and the superpixel-level classifier (SOMP-
SUP) are 94.37% and 93.74%, respectively, whereas the result
by the proposed fusion scheme is 98.05%. The obvious increase
in classification accuracy can demonstrate the effectiveness
of the proposed fusion scheme in improving classification
performance. Consistent with the comparison results for the

Indian Pines image and the Salinas image, these two experi-
ments again show that the PSPFC method works better than the
other compared spectral–spatial methods in terms of classifica-
tion accuracy.

D. Classification Results With Different Numbers of
Training Samples

Here, it is tested how the number of training samples in-
fluences the performance for various classification methods on
four test images, including the images of Indian Pines, Salinas,
University of Pavia, and Washington DC. For each test image,
a balanced training set was constructed by randomly choosing
varying pixels, with the number of training samples for each
class (Mtr) varying between a range of [10, 30, 50, 80, 100].
The overall classification accuracy values are shown in Fig. 8.
It can be seen from Table I that there are some classes of very
few samples in the Indian Pines image, e.g., the 1st, 7th, and
9th classes. Thus, to test the influence of Mtr on classification
accuracy by varyingMtr from 10 to 100, the ten-class reference
[35] for this image is used instead of the 16-class reference
shown in Table I. It is clear from Fig. 8 that the classification
accuracy values for all the compared classifiers are increased
as the number of training samples grows. In addition, constant
higher overall classification accuracy values are obtained by the
proposed method with varying numbers of training samples,
demonstrating that the proposed method outperforms the other
compared methods.

Furthermore, the classification results of different methods
in the case of Mtr = 10 (ten samples for each class are used
for training) are shown in Table VI, to numerically compare
the classification performance when a small size of training
samples is available. In terms of both the OA- and κ-based
objective metrics, it is clear that the proposed PSPFC classifier
always ranks the first among the compared methods. Although
the MPM-LBP method has a competitive performance in
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Fig. 8. Classification results for four test images with varying numbers of training samples by SVM [1], EPF [16], JSRC [20], SOMP-SUP [34], SADL [23],
MPM-LBP [30], and the proposed PSPFC method. (a) Indian Pines. (b) Salinas. (c) University of Pavia. (d) Washington DC.

TABLE VI
CLASSIFICATION RESULTS BY SELECTING TEN TRAINING SAMPLES FOR EACH CLASS IN THE FOUR TEST DATA SETS

TABLE VII
COMPUTING TIME (SECONDS) FOR THE CLASSIFICATION OF FOUR TEST IMAGES OBTAINED BY SVM [1], EPF [16],

JSRC [20], SOMP-SUP [34], SADL [23], MPM-LBP [30], AND THE PROPOSED PSPFC METHOD

classifying the University of Pavia image, it is inferior to the
proposed method in terms of classification accuracy for both
the Indian Pines image and the Washington DC image. Overall,
it can be concluded that the better classification performance is
obtained by the proposed method when limited training samples
are available. The superiority of the proposed PSPFC classifier
is due to the effective fusion of pixel-level and superpixel-
level classifiers. With the introduced fusion scheme, the
pixel-level classifier will benefit from the classification of struc-
tured regions, and the superpixel-level method can effectively
exploit the spatial similarity in the neighborhood to improve
the discriminative capability in homogeneous regions.

E. Comparison of Computational Time

In this section, the running times for both the proposed and
compared methods to classify the four test HSIs are reported in
Table VII, to quantitatively compare the efficiency of different
classifiers. All of the programs are executed on a computer
with an Intel Core E5-2603 and CPU 1.60 GHz, and the
software platform is MATLAB R2011a. For the SVM classifier,
the time cost by fivefold cross validation for parameter selection
is excluded in Tables VII and VIII. It is clear from Table VII
that the JSRC, SADL, and MPM-LBP classifiers take much
longer time than SVM, EPF, SOMP-SUP, and the proposed
method. For the JSRC method, the joint sparse coding of all
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TABLE VIII
COMPUTING TIME (SECONDS) FOR EACH STEP IN THE PROPOSED

METHOD. STAGE 1: PIXEL-LEVEL CLASS PROBABILITY ESTIMATION.
STAGE 2: SUPERPIXEL-LEVEL CLASS PROBABILITY ESTIMATION.

STAGE 3: PROBABILISTIC FUSION FOR LABELING

the pixels in each overlapped patch is the main cause for the
increase in computational cost. For the MPM-LBP classifier,
the loopy belief propagation occupies the main computational
cost because of the multilevel-loop-based optimization process.
For the SADL classifier, the stage of the optimal SADL is time
consuming due to the two-step strategy of alternative iterative
sparse coding and dictionary update until a predefined condition
of local convergence is satisfied. Among all the compared
methods, the high efficiency in terms of running time by the
SOMP-SUP method benefits from the superpixel-by-superpixel
processing, instead of a pixel-by-pixel manner by the other
classifiers. In contrast, SVM, EPF, and the proposed method are
comparable but slightly slower than the SOMP-SUP classifier.
In addition, it should be noted that both the EPF classifier
and the proposed method include the process of SVM-based
classification. Thus, longer time is needed than the individual
SVM classifier.

In addition, the time cost by each step of the proposed
method is shown in Table VIII, to more clearly illustrate the
computational cost and the probable acceleration approach.
Specifically, the proposed PSPFC method mainly contains three
steps: pixel-level class probability estimation, superpixel-level
class probability estimation, and probabilistic-fusion-based la-
beling result. From Table VIII, it can be observed that Stages 1
and 2 occupy the main computational cost in classifying HSI.
However, it should also be noted that the first two stages are
independent. Thus, they can be processed in a parallel way
(denoted as “PSPFC+Paralel Process”), accelerating the overall
classification process. The reduced time by the “PSPFC+Paralel
Process” is shown in Table VII. In addition, it is also easy
to find that the time cost by Stage 3 can be ignored when
compared with the overall running time. This is because the
main calculation in Stage 3 is to solve the MAP model via the
α-expansion algorithm, which is a linear optimization problem
with complexity of O(n).

V. CONCLUSION

In this paper, a novel spectral–spatial HSI classifica-
tion method by the probabilistic fusion of pixel-level and
superpixel-level class estimates has been proposed. First, the
probabilistic SVM classifier uses discriminative spectral in-
formation to generate pixel-level class probability estimation.
Second, the shape-adaptive spatial information is exploited by
a JSR, resulting in the estimation of superpixel-level class
probabilities. Finally, both levels of class probabilities are
adaptively integrated in a MAP model for the estimation of the
classification result. Due to the incorporation of both pixel-level
spectral information and superpixel-level spatial information,

obvious improvement in classification results can be obtained
when compared with individual pixel-level and superpixel-level
classifiers. This demonstrates the effectiveness of the proposed
probabilistic fusion scheme. In addition, better classification
accuracy over the other compared state-of-the-art classifiers
indicates the superiority of the proposed PSPFC method.
In our future work, multifeature (i.e., the pixel-level and
superpixel-level features) fusion schemes that can jointly use
the complementary information will be investigated. Further-
more, extending this supervised classification work to semisu-
pervised and unsupervised frameworks is another emphasis of
future research.
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