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Abstract—In this paper, we propose a new spectral–spatial
classification strategy to enhance the classification performances
obtained on hyperspectral images by integrating rotation forests
and Markov random fields (MRFs). First, rotation forests are
performed to obtain the class probabilities based on spectral
information. Rotation forests create diverse base learners using
feature extraction and subset features. The feature set is randomly
divided into several disjoint subsets; then, feature extraction is
performed separately on each subset, and a new set of linear
extracted features is obtained. The base learner is trained with
this set. An ensemble of classifiers is constructed by repeating
these steps several times. The weak classifier of hyperspectral data,
classification and regression tree (CART), is selected as the base
classifier because it is unstable, fast, and sensitive to rotations of
the axes. In this case, small changes in the training data of CART
lead to a large change in the results, generating high diversity
within the ensemble. Four feature extraction methods, including
principal component analysis (PCA), neighborhood preserving
embedding (NPE), linear local tangent space alignment (LLTSA),
and linearity preserving projection (LPP), are used in rotation
forests. Second, spatial contextual information, which is modeled
by MRF prior, is used to refine the classification results obtained
from the rotation forests by solving a maximum a posteriori
problem using the α-expansion graph cuts optimization method.
Experimental results, conducted on three hyperspectral data with
different resolutions and different contexts, reveal that rotation
forest ensembles are competitive with other strong supervised
classification methods, such as support vector machines. Rotation
forests with local feature extraction methods, including NPE,
LLTSA, and LPP, can lead to higher classification accuracies
than that achieved by PCA. With the help of MRF, the proposed
algorithms can improve the classification accuracies significantly,
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confirming the importance of spatial contextual information in
hyperspectral spectral–spatial classification.
Index Terms—Feature extraction, hyperspectral image classification, Markov random fields (MRFs), rotation forests.

I. I NTRODUCTION

O

VER the past 20 years, hyperspectral remote sensing
images, which are characterized by a high spectral resolution that results in hundreds or thousands of narrow spectral
bands, have been more and more widely used for land cover
mapping, urbanization, disaster management, and environmental monitoring [1]–[5]. One of the most important tasks for
the analysis of hyperspectral data is the design of competitive
supervised classification algorithms, assigning one class label
to each pixel after some training procedures. Hyperspectral
sensors acquire spectral information in a continuous fashion,
providing a high discrimination capacity between different land
cover classes. However, the high dimensionality of hyperspectral images introduces challenging methodological problems
in the context of supervised classification. This is the wellknown curse of dimensionality, also referred to as the Hughes
phenomenon [6]. In order to tackle this problem, several
significant efforts, such as kernel-based methods and feature
extraction/selection algorithms, have been developed in recent
years [7]–[15].
Classifier ensemble or multiple classifier systems (MCSs)
are a suitable alternative approach to improve the classification
performances [16]–[20]. Since the generalization ability of the
ensemble could be significantly better than that of an individual
classifier, MCSs have been a hot topic during the past years,
and many ensemble algorithms have been developed [21]–[24].
In general, an MCS is constructed in two steps, i.e., generating multiple classifiers and then combining their predictions
[21]–[24]. In order to construct a strong ensemble, the base
learners should be with high accuracy as well as high diversity
[25]–[27]. Kuncheva [22] summarized four fundamental approaches for building ensembles of diverse classifiers: 1) using
different combination schemes; 2) using different base classifiers; 3) using different feature subsets; and 4) using different
training subsets. We are more interested in the last two approaches. Classifier ensembles are constructed by manipulating
the data (including features and training set). Random subspace
[28] belongs to the third category. Bagging [29] and boosting
[30] belong to the fourth category.
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Many ensemble techniques for classifying remote sensing
images are reported in [31] and [32]. Random forest is the most
intuitive ensemble learning technique for the classification of
high-dimensional data [16], [33]–[36]. In random forest, each
tree is trained on a bootstrapped sample of the original data set,
and only a randomly chosen subset of the features is considered
for splitting a leaf in a decision tree. The main advantages of
random forest are that the computational complexity can be
reduced and the correlations between the trees are decreased
[16], [33]–[36]. Rodriguez et al. proposed a new ensemble
classifier, namely, rotation forest [37]. This method uses principal component analysis (PCA) to generate the rotation feature
space for the training samples so as to promote the diversity. In
order to preserve the variability information and to encourage
individual accuracy, all of the principal components are kept
[37]. In [20], we applied rotation forest to classify hyperspectral
images and found that its performances are better than bagging,
AdaBoost, random subspace, and random forest.
It has been demonstrated that spatial information is a crucial
component for the analysis of remote sensing images [38]–[40].
The classification result could be very noisy if spatial information is not taken into account. In order to increase classification
accuracy and regularize the classification maps, it is critical
to combine spectral information with spatial information in
the process. Tarabalka et al. [38]–[40] proposed a group of
spectral–spatial classification methods to combine a pixelwise
classification result with a segmentation map. The segmentation
maps can be obtained from partitional clustering, minimum
spanning forest, and watershed transformation techniques. Recently, Markov random fields (MRFs) have become a popular
tool to exploit the spatial information in the classification
of hyperspectral data. MRF is a probabilistic model that is
used to integrate spatial information into image classification.
Tarabalka et al. [41] used the MRF model as a postprocessing
scheme to a probability support vector machine (SVM) classification map. The classification process is solved by metropolis
algorithm based on stochastic relaxation and annealing. Li et al.
[11] combined the class posterior probabilities and spatial information into a combinatorial optimization problem and solved
this problem by graph cuts algorithms. The class posterior
probabilities are produced by a sparse multinomial logistic
regression classifier, and the spatial information is represented
by MRF-based multilevel logistic (MLL) prior.
In this paper, we develop new spectral–spatial classifiers,
which contain two essential components, namely, rotation
forests for the pixelwise classification and MRF for the spatial regularization, respectively. In particular, rotation forests,
which create a sparse projection matrix using feature extraction
and randomly selected subsets of the original features, are
used to estimate the class probabilities. Then, spatial contextual
information achieved by MRF is used to refine the classification
results obtained from rotation forest classifiers. Finally, the
output is produced by solving a maximum a posteriori (MAP)
problem using the α-expansion graph cuts optimization algorithm. The main contribution of the proposed work is to introduce three manifold learning local feature extraction methods,
including neighborhood preserving embedding (NPE), linear
local tangent space alignment (LLTSA), and linearity preserv-
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ing projection (LPP), into the rotation forests. The results of
rotation forests with three local feature extraction techniques
are further refined with the help of spatial contextual information, which will be shown to provide a good characterization
of the content of hyperspectral data. Experimental results are
presented on three hyperspectral airborne images recorded by
the Airborne Visible/Infrared Imaging Spectrometer (AVIRIS),
Reflective Optics System Imaging Spectrometer (ROSIS), and
Digital Airborne Imaging Spectrometer (DAIS), respectively.
They have different spatial/spectral resolutions and correspond
to different contexts, hence demonstrating the robustness of the
conclusion.
The remainder of this paper is organized as follows.
Section II reviews some related works about MCSs and
spectral–spatial classification techniques. Section III presents
the proposed models, including rotation forests and MRF.
Section IV describes the experimental results with analysis.
Section V provides the summary and suggestions for future
lines of research.

II. R ELATED W ORKS
A. MCSs
During the last decade, MCSs have become an attractive
field of research, both for methodological development and
for practical applications. As previously mentioned, diversity
plays an important role in MCS design [21]–[24]. Therefore,
a successful MCS should combine individual classifiers with
high diversity among the ensemble members [25]–[27].
For remote sensing scenarios, many researchers have investigated the classification performances using different MCS
approaches [31], [32]. The pioneer work of MCSs for remote
sensing image classification, to the best of our knowledge, can
be traced back to the 1980s. Since then, this topic has been
extensively explored, and it is still under investigation (Table I).
Table II lists the valuable studies of MCSs used to different
types of remote sensing images (since 2000). For instance,
Smits [42], Briem et al. [43], and Gislason et al. [34] applied
dynamic classifier selection, bagging, boosting, and random
forest to classify multisource remote sensing data, respectively.
Lawrence et al. [44], Kawaguchi and Nishii [17], Chan and
Paelinckx [35], and Rodriguez-Galiano et al. [36] used boosting
and random forest for the classification of multitemporal and
hyperspectral remote sensing images.
From Table III, the most popular MCSs for hyperspectral
images are the random forest. Waske et al. [45] combined
random feature selection and SVM classifier for the classification of hyperspectral images. Yang et al. [18] proposed
the dynamic subspace method to improve the random subspace method on automatically determining dimensionality
and selecting component dimensions for a various subspace.
Du et al. [46] produced diverse classifiers using different feature extraction methods and then combined their results using
evidence theory and linear consensus algorithms. Recently,
we have used rotation forest to classify hyperspectral remote
sensing images [20]. In a comparison to random forest, rotation
forest uses feature extraction and subset features to promote
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TABLE I
L IST OF A BBREVIATIONS U SED IN T HIS PAPER

TABLE II
L IST OF N OTATIONS U SED IN T HIS PAPER

both the diversity and the accuracy of individual classifiers.
Therefore, it leads to better classification performance than
random forest.
B. Spectral–Spatial Classification
Spatial information is critical for the classification of hyperspectral images, especially in the case of high-spatial-resolution
images. If spatial information is not considered in the classification process, the produced thematic map usually looks very
noisy. Many studies have been carried out on spectral–spatial
classification, which explore simultaneously spectral and spatial information. Spectral–spatial classification algorithms
can be divided into several groups, which are detailed in
Table IV [52].
III. P ROPOSED M ETHOD
Let x = {x1 , . . . , xN } ∈ RN ×D denote an image of
D-dimensional feature vectors, let y = {y1 , . . . , yN } be an

image of a pixel, and let {X, Y} = {(x1 , y1 ), . . . , (xn , yn )} be
a total number of n training samples.
The proposed methods based on rotation forests and MRF,
which are depicted in Fig. 1, are composed of the three main
steps as follows:
1) supervised pixelwise classification using rotation forests;
2) spatial information extraction using MRF;
3) spatial–spectral classification by solving a MAP problem
computed by the α-expansion graph cuts optimization
algorithm.
A. Rotation Forest
In this paper, rotation forests are used for the pixelwise
classification of the hyperspectral data. They construct different
versions of the training set by using the following steps: 1) The
feature set is divided into several disjoint subsets on which the
original training set is projected; 2) a rotation sparse matrix
Rai is constructed by performing feature extraction on each
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TABLE III
S TUDIES OF R EMOTE S ENSING I MAGE C LASSIFICATION U SING MCS A PPROACHES P UBLISHED IN J OURNALS S INCE 2000

TABLE IV
S UMMARY OF S PECTRAL –S PATIAL A PPROACHES A PPLIED IN H YPERSPECTRAL I MAGE C LASSIFICATION

Fig. 1.

Flowchart of the spectral–spatial approaches using rotation forests and MRF.
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subset with the bootstrapped samples corresponding to 75%
of the initial training samples; 3) a classifier is built on the
features projected by Rai ; and 4) the final result is obtained by
combining the outputs of the multiple classifiers, repeating the
first three steps several times. The details of rotation forests are
shown in Algorithm 1 and Fig. 2.
Algorithm 1 Rotation Forest
Input: {X, Y} = {(xi , yi ), . . . , (xn , yn )}: training samples,
T : number of classifier, K: number of subsets (M :
number of features in each subset), base classifier Γ
1. For i = 1: T
2. randomly split the features F into K subsets
3. For j = 1: K
4.
select the corresponding features of Fi,j to
compose a training set Xi,j
5.
select a new training set Xi,j using bootstrap
algorithm, whose size is 75% of the original size
6.
transform Xi,j by a certain feature extraction
(1)

(M )

method to get the coefficients vi,j , . . . , vi,j j
7. End for
8. sparse matrix Ri is constructed with the above
coefficients
⎤
⎡ (1)
(M )
vi,1 , . . . , vi,1 1
0
···
0
⎥
⎢
(1)
(M )
⎥
⎢
0
vi,2 , . . . , vi,2 2 · · ·
0
⎥
Ri =⎢
⎥
⎢
..
..
.
..
..
⎦
⎣
.
.
.
(1)
(M )
0
0
· · · vi,j , . . . , vi,j K
rearrange Ri to Rai with respect to the original
feature set
10.
obtain the new training samples {XRai , Y}
11.
build the ith classifier Γi using {XRai , Y}
12. End for
Output: The probability of xi for each class is calculated by
the average combination method:
9.

p(yi |xi ) =

T
1
p yi |xi Raj
T j=1

The excellent performances of rotation forests can be attributed to simultaneous improvements in two aspects. One is
to promote the diversity within the ensemble by the use of
feature extraction on training data and the use of the decision
tree, known to be sensitive to variations in the training data.
The other is to improve the accuracies of the base classifiers by
keeping all extracted features in the training data. It is crucial
to notice step 5 in Algorithm 1; the objective of selecting
subsamples is, on the one hand, to avoid obtaining the same
coefficients of the transformed components if the same features
are selected and, on the other hand, to enhance the diversity
among the member classifiers.
The two important issues for rotation forests are the base
classifier and the feature extraction method. Classification and
regression tree (CART) is adopted as the base classifier in this

study because it is unstable, sensitive to the rotations of the
axes, and fast [62]. In this case, small changes in the training
data of CART lead to a large change in the results, generating
high diversity within the ensemble. The main idea of CART is
to choose the best split that makes the data in each child node
as pure as possible. The Gini index is used to select the best
split in this paper [62]. It should be pointed out that we do not
employ feature extraction for dimensionality reduction but for
rotation of the axes while keeping all of the dimensions.
In linear feature extraction, we often assume that there exists
a mapping matrix v, which can transform each data point xi
to zi . NPE [63] aims at preserving the local neighborhood
structure on the data manifold. For this purpose, each data point
can be presented as a linear combination of its τ neighborhoods.
Moreover, the combination weights can be computed by
minimizing the following objective function:
min


i

xi −



Wij xj ,

j



Wij = 1, j = 1, 2, . . . , τ (1)

j

where W is a weight matrix with elements Wij having the
weight of the edge from node i to node j. The projection
matrix v is given by the minimum eigenvector solution to the
generalized eigenvalue problem
X(I − W) (I − W)X v = λXX v.

(2)

LLTSA uses the tangent space in the neighborhood of a data
point to represent the local geometry and then aligns those local
tangent spaces in the low-dimensional space which is linearly
mapped from high-dimensional space [64]. More precisely,
LLTSA defines a neighborhood graph on the data and estimates
the local tangent space Θi at each data point xi . Subsequently,
it forms the alignment matrix B by performing the summation
as follows:
Bνi νi = Bνi νi + Jτ I − Vi Vi Jτ

(3)

where the entries of the alignment matrix B are obtained
by iterative summation (for all matrices Vi and starting from
Bij = 0 for ∀ ij), Jτ is the centering matrix of size τ , and νi
is a selection matrix that contains the indices of the nearest
neighbors of data point xi . The cost function is minimized in
a linear manner by solving the generalized eigenvalue problem
XBX v = λXX v.

(4)

LPP is a technique that aims at combining the benefits
of linear techniques and local nonlinear method for feature
extraction by finding a linear mapping that minimizes the cost
function [65]

(zi − zj )2 Wij .
(5)
ij

In the aforementioned cost function, large weights Wij correspond to small distances between the data points xi and xj . LPP
starts with the construction of a nearest graph in which each
point xi is connected to its τ nearest neighbors. The weights of
the edges in the graph are computed as follows:
Wij = e

xi −xj 2
2σ 2

.

(6)
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Illustration of the rotation forest.

Subsequently, LPP solves the generalized eigenvalue problem
XLX v = λXQX v

(7)

in which Q is the diagonal matrix whose entries are column,
Qii = j Wji , and L = Q − W is the Laplacian matrix.
B. MRFs
Rotation forests are supervised classifiers that only focus
on spectral information, without considering any spatial correction, which may consequently lead to a low accuracy of
classification. In this paper, we integrate the contextual information with spectral information by using an isotropic multilevel logistic model (MLL) prior to modeling the image of
the class label. This approach exploits the fact that, in realworld images, it is often likely that spatially neighboring pixels

belong to the same class. This prior, which belongs to the MRF
class, encourages piecewise smooth segmentation and promotes
solutions in which adjacent pixels are likely to belong to the
same class [41], [55], [66].
MRF assumes that any pixel is independent to others outside
its defined neighborhood. The Hammersely–Clifford theorem
shows that a random field is an MRF only if it follows a Gibbs
distribution [67]. Therefore, the prior model has the following
structure:

p(y) =

1
e
Z

−

Vς (y)
(i,j)∈ς

(8)

where (i, j) ∈ ς denotes that pixel xi and pixel xj are
connected.
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The MLL has been a popular spatial contextual model, in
which the clique energy is defined as [55], [68]

μ if yi = yj
(9)
−Vς (yi , yj ) =
0 otherwise
where μ is a positive number that controls the degree of
smoothness. Thus, (8) can be rewritten as follows:
p(y) =

1
e
Z

δ(yi −yj )

μ

(10)

(i,j)∈ς

where δ(·) is the Dirac unit impulse function.

Various combinatorial optimization methods have been proposed to solve this problem. In this paper, we resort to the
α-expansion graph-cut-based algorithm. This method yields
good approximations to the MAP segmentation and is quite
efficient from a computational viewpoint, with practical computational complexity [55], [68]. It should be noticed that the
α-expansion graph-cut-based algorithm can exactly solve the
binary class problem. Since more than two different classes
are present, a multiclass problem cannot be solved exactly, but
an approximate solution within a known factor of the optimal
solution is found.

IV. E XPERIMENTAL R ESULTS AND A NALYSIS

C. MAP Labeling
The image classification task can then be formulated
as a MAP problem, for which maximizing the posterior
p(y|x) gives a solution, which is equivalent to maximizing
p(x|y)p(y). It is possible to impose spatial contextual constraints by modeling p(y) with an MRF [55], [68]. Assuming conditional independence of the features given the labels,
p(x|y) can be formulated as [55]
p(x|y) =

N


p(xi |yi )

(11)

i=1

=

N

p(yi |xi )
i=1

p(yi )

.

(12)

Then, the posterior distribution can be rewritten as follows:
p(y|x) ∝ p(x|y)p(y)
∝

N


(13)

p(xi |yi )p(y)

(14)

i=1

∝

N

p(yi |xi )
i=1

p(yi )

p(y).

(15)

In the proposed model, the densities p(yi ) are assumed to be
equally distributed. The MAP problem can then be defined as
follows:


arg max
log p(yi |xi )+log p(y)


= arg min
(16)
− log p(yi |xi ) − log p(y)
⎧
⎫
⎨
⎬

− log p(yi |xi ) − μ
= arg min
δ(yi − yj ) .
⎩
⎭
(i,j)∈ς

(17)
An important issue of MRF-based approaches is to compute
the global minimum of the objective function. MRF-based
objective functions such as that in the aforementioned equations
are highly nonconvex. The existence of local minima causes
considerable difficulties in finding the global minima in an
intractably vast search space.

In this section, three real hyperspectral data with several
different characteristics (sensors, areas, dimensions, and spatial resolutions) were used for the experiments. The detailed
descriptions of the three hyperspectral images and the corresponding results and analysis are shown in the next sections.

A. Indian Pines AVIRIS Image
The first hyperspectral image was recorded by the AVIRIS
sensor over the Indian Pines in Northwestern Indiana, USA.
The image is composed of 145 × 145 pixels with a spatial
resolution of 20 m/pixel. This image is a classical benchmark
to validate the accuracy of hyperspectral image classification
approaches and constitutes a challenging problem due to the
significant presence of mixed pixels in all available classes and
the unbalanced class distribution. Three-band color composite
and ground truth of the AVIRIS image can be seen in Fig. 3.
In the first experiment, we investigated the performances of
rotation forests with local feature extraction and MRF using
different numbers of training samples. In this experiment, M
and T are fixed to be 10, μ is fixed to be 4, and τ is fixed
to be 12. Table V shows the average of overall accuracies
obtained from the proposed methods using different numbers
of training samples. The standard deviations of the proposed
methods are also given in the table. As can be seen in Table V,
the overall performances of RoF-NPE, RoF-LLTSA, and RoFLPP are better than those of RoF-PCA. With the help of spatial
contextual information, the combination of rotation forests and
MRF significantly outperforms the rotation forests, which use
the spectral information only. Moreover, it is clear that rotation
forests with local feature extraction methods have more stable
performances than RoF-PCA in most cases.
In the second experiment, the dependence of the classification accuracies on different parameters is studied. In the
proposed model, there are four parameters: ensemble size (T ),
number of features in the subset (M ), number of neighbors
(τ ) considered by the local feature extraction methods, and
the regularization parameter (μ). Following our previous study
[20], the value T = 10 is recommended. A larger size of T
in the rotation forests has nonsignificant effects on the overall
accuracy while increasing the computation time. Thus, T is
fixed to be 10 in all experiments. The regularization parameter
(μ) is empirically set to be 4.
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Fig. 3. (a) Three-band color composite of the AVIRIS image. (b) Ground truth: corn-no till, corn-min till, corn, soybean-no till, soybeans-min till, soybeans-clean
till, alfalfa, grass/pasture, grass/trees, grass/pasture-mowed, hay-windrowed, oats, wheat, woods, bldg-grass-tree-drives, and stone-steel towers.
TABLE V
AVERAGE OF OVERALL ACCURACIES O BTAINED F ROM THE P ROPOSED M ETHODS U SING D IFFERENT N UMBERS O F T RAINING S AMPLES
(T EN M ONTE C ARLO RUNS ) FOR THE I NDIAN P INES AVIRIS I MAGE . T HE N UMBERS OF T RAINING S AMPLES PER C LASS
AND THE T OTAL N UMBERS OF T RAINING S AMPLES ( IN B RACKETS ) A RE A LSO G IVEN

TABLE VI
AVERAGE OF OVERALL ACCURACIES O BTAINED F ROM THE P ROPOSED
ROTATION F ORESTS AND MRF U SING D IFFERENT VALUES OF M
(I NDIAN P INES AVIRIS I MAGE )

TABLE VII
AVERAGE OF OVERALL ACCURACIES O BTAINED F ROM THE P ROPOSED
ROTATION F ORESTS AND MRF U SING D IFFERENT VALUES OF τ
(I NDIAN P INES AVIRIS I MAGE )

The impacts of the different values of M on the classification
performances are presented in Table VI. The number of training
samples per class is 20, and the total number of training
samples is 320. τ is fixed to be 12. The classification results
are significantly improved when larger values of M are used.
The main reason is that an insufficient number of features
in a subset (low values of M ) could not provide a reliable
sparse rotation matrix based on the aforementioned feature
extraction methods, resulting in a decrease of the classification
performance. Table VII shows the impact of the different values

of τ on classification accuracies. From Table VII, it is found that
the classification performances indeed depend on the settings
of τ . The optimal values of τ are between 8 and 12.
In order to compare the class-specific accuracies and overall
accuracies precisely, we have chosen 30 pixels per class from
the available ground truth (a total size of 423 pixels) as the
training set. We also used the two standard classifiers for comprehensive comparisons: SVM and logistic regression via variable splitting and augmented Lagrangian algorithm (LORSAL),
respectively [69]. Global and class-specific accuracies achieved
by all of the compared algorithms are listed in Table VIII. As
shown in Table VIII, RoF-PCA leads to an OA of 72.11%.
By introducing local structure in feature extraction, RoF-NPE,
RoF-LLTSA, and RoF-LPP can obtain more accurate results
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TABLE VIII
OVERALL , AVERAGE , AND C LASS -S PECIFIC ACCURACIES O BTAINED FOR THE I NDIAN P INES AVIRIS I MAGE

Fig. 4. Classification results of the Indian Pines AVIRIS image. (a) RoF-PCA. (b) RoF-NPE. (c) RoF-LLTSA. (d) RoF-LPP. (e) RoF-PCA-MRF. (f) RoF-NPEMRF. (g) RoF-LLTSA-MRF. (h) RoF-LPP-MRF.

than RoF-PCA, with OAs of 72.18%, 72.89%, and 73.01%,
respectively. LORSAL leads to the best overall accuracies
among the pixelwise classification results. RoF-LLTSA and
RoF-LPP are superior to SVM. From Table VIII, it can be
seen that, by exploiting the spatial contextual information,
the classification results are significantly improved compared
to the results obtained by only spectral information, indicating the importance of spatial information. Rotation forests
with feature extraction methods did not provide more accurate
results than LORSAL, but rotation-forest-based MRF can actually outperform LORSAL-MRF. The main reason is that rota-

tion forests produce very reliable class posterior probabilities
with the help of multiple decision trees. Therefore, the final
spectral–spatial classification results derived from the obtained
class posterior probabilities can greatly enhance the classification performances. The best OA and AA are obtained by RoFLLTSA-MRF. In this case, the average accuracy is improved by
11.7 percentage points when compared to the pixelwise classification achieved by RoF-LLTSA. However, the use of other
feature extraction algorithms also leads to high accuracies.
Fig. 4 shows the classification maps produced by different
classification methods when applied to the Indian Pines AVIRIS
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TABLE X
AVERAGE OF OVERALL ACCURACIES O BTAINED F ROM THE P ROPOSED
A PPROACHES U SING D IFFERENT VALUES OF M (U NIVERSITY OF PAVIA
ROSIS I MAGE ). T HE N UMBER OF T RAINING S AMPLES PER C LASS
I S 20, AND THE T OTAL N UMBER OF T RAINING S AMPLES I S 180

Fig. 5. (a) Three-band color composite of the University of Pavia image.
(b) Reference map: asphalt, meadows, gravel, trees, metal sheets, bare soil,
bitumen, bricks, and shadow.
TABLE IX
AVERAGE OF OVERALL ACCURACIES O BTAINED F ROM THE P ROPOSED
A PPROACHES U SING D IFFERENT N UMBERS OF T RAINING S AMPLES FOR
THE U NIVERSITY OF PAVIA ROSIS I MAGE . T HE N UMBER OF T RAINING
S AMPLES PER C LASS AND THE T OTAL N UMBER OF T RAINING
S AMPLES ( IN B RACKETS ) A RE A LSO G IVEN

image. Without MLL prior, the classification maps of the rotation forests look noisy due to the existence of mixed pixels.
Spatial–spectral classification maps based on the combination
of rotation forests and MRF provide very smooth results with
the help of MLL prior.
B. University of Pavia ROSIS Image
The second experiment was carried out on the University of
Pavia image of an urban area, acquired by the ROSIS-03 optical
sensor. Nine land cover classes were considered for classification. The original image is composed of 610 × 340 pixels,
with a spatial resolution of 1.3 m/pixel and 103 spectral bands.
Fig. 5 shows the three-band color composite and reference map
of the University of Pavia image.
The average accuracies over ten independent runs and the
corresponding standard deviations of the proposed methods
using different numbers of training samples are featured in
Table IX. The sensitivity analysis of parameters, M and τ ,
are presented in Tables X and XI, respectively. Experimental
results reveal a number of interesting facts: 1) Rotation forests
with local feature extraction methods (e.g., NPE) provide better
and more stable performances than RoF-PCA; 2) the combi-

TABLE XI
AVERAGE OF OVERALL ACCURACIES O BTAINED F ROM THE P ROPOSED
M ETHODS U SING D IFFERENT VALUES OF τ (U NIVERSITY OF PAVIA
ROSIS I MAGE ). T HE N UMBER OF T RAINING S AMPLES PER C LASS
I S 20, AND THE T OTAL N UMBER OF T RAINING S AMPLES I S 180

nation of rotation forests and MRF significantly improves the
classification accuracy when compared to the rotation forests;
3) classification accuracies of the rotation forests decrease when
the value of M increase, but the classification performances of
the combination of rotation forest and MRF are improved; and
4) being consistent with the experiments of the AVIRIS image,
the optimal values of τ are between 8 and 12.
Furthermore, we test the classification performances of the
proposed spectral–spatial classification algorithms using the
whole training set. Table XII summarizes the overall accuracies, average accuracies, and class-specific accuracies. Fig. 6
presents the classification maps. We also list the classification
results of the pixelwise classifiers (SVM and LORSAL) and
the following spectral–spatial classifier (LORSAL-MRF) in
Table XII. The results of SVM and LORSAL (LORSAL-MRF)
reported in the table are taken from [70] and [69], respectively.
As can be seen in Table XII, the OAs of the four rotation forests
are all higher than those of SVM and LORSAL. The global
and most of the class-specific accuracies (except the class
Gravel) increase owing to the proposed methods. The class
Gravel is wrongly classified and confused with the similar
class Bricks. Therefore, when we apply MRF on a pixelwise
classification result, even more pixels of the class Gravel are
wrongly assigned to the class Bricks. That leads to a lower
accuracy than that of the classifier using spectral information
only. The best global accuracies are achieved by RoF-LPPMRF. The corresponding classification map is significantly
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TABLE XII
OVERALL , AVERAGE , AND C LASS -S PECIFIC ACCURACIES O BTAINED FOR THE U NIVERSITY OF PAVIA ROSIS I MAGE

Fig. 6. Classification results of the University of Pavia ROSIS image. (a) RoF-PCA. (b) RoF-NPE. (c) RoF-LLTSA. (d) RoF-LPP. (e) RoF-PCA-MRF.
(f) RoF-NPE-MRF. (g) RoF-LLTSA-MRF. (h) RoF-LPP-MRF.
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Fig. 7.
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Impact of OA using different numbers of M obtained for the ROSIS image. (a) Rotation forests. (b) Rotation forests and MRF.
TABLE XIII
OVERALL , AVERAGE , AND C LASS -S PECIFIC ACCURACIES O BTAINED F ROM THE P ROPOSED A PPROACHES (PAVIA C ENTER DAIS I MAGE )

more accurate than any other classification map, according to
the results of the McNemar’s test. In this case, the overall and
average accuracies are improved by 7.39 and 4.42 percentage
points, respectively, compared to RoF-LPP. The use of LPP
feature extraction also leads to the highest accuracies for most
of the classes (five out of nine). The OAs of the proposed four
schemes are all higher than standard spectral–spatial classifiers,
such as SVM-Watershed segmentation [40], SVMMSF [39],
SVMMRF-NE [41], SVMMRF-E [41], and LORSAL-MRF
[69]. Corresponding results are not listed here but can be found
in the original reference.
The sensitivity to the number of features in a subset M
is explored using the whole training set. Fig. 7 plots the
OA as a function of M for both the proposed pixelwise and
spectral–spatial classifiers. Fig. 7 indicates that rotation-forestbased algorithms achieved the highest performances when M
is set to be 10. That is because, when a smaller value of M
is used, the diversity within the ensemble increases. High diversity within the ensemble often leads to high accuracies. The
spectral–spatial classification results reported in Fig. 7(e)–(h)
are more accurate than those of rotation forests presented in

Fig. 7(a)–(d), further demonstrating the importance of spatial
information.
C. Pavia Center DAIS Image
This image was acquired by the DAIS sensor at 1500-m
flight altitude over the city of Pavia, Italy. The image has a size
of 400 × 400 pixels, with a ground resolution of 5 m. Here,
80 data channels recorded by this spectrometer were used
for this experiment. Nine land cover classes of interest are
considered, which are detailed in Table XIII, with a number of
labeled samples for each class.
Rotation forest classifiers with PCA, NPE, LLTSA, and
LPP feature extraction techniques are performed on the Pavia
Center DAIS image using the whole training set. Table XIII
gives the classification accuracies. The OAs and AAs of four
rotation forests are all higher than those of SVM and LORSAL.
MRF regularization with μ = 4 was performed on the pixelwise
classification result derived from rotation forest ensembles. In
Table XIII, the results for the proposed methods with different
feature extraction algorithms are presented. From Table XIII,
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it can be seen that rotation forests with four feature extraction
methods achieved excellent global accuracies. Again, the MRF
methods perform better than the spectral-based approaches.
Among them, the use of LLTSA achieves the best performances. It is consistent with the characteristic of LLTSA, which
indicates that LLTSA can provide more local information than
PCA. In terms of class-specific accuracies, the main improvement is achieved by the class Shadows. The other classes are
classified equally accurately.
V. C ONCLUSION
The large number of spectral channels in a hyperspectral image increases the potential of discriminating different materials
and structures in a scene. However, the huge volume of hyperspectral data often leads to challenges in image analysis. The
success of hyperspectral remote sensing image classification
does not only depend on the high-precision pixelwise classifier
but also needs the incorporation of the spatial information into
the classifier.
In this paper, we have developed new spectral–spatial classification methods, suited for hyperspectral remote sensing
image. Rotation forest is applied as the spectral classifier for
hyperspectral data. Different feature extraction methods have
been investigated for the construction of rotation forests. It
is shown that, with the help of local information obtained
by NPE, LLTSA, and LPP, classification accuracies can be
improved. Furthermore, rotation forests with spatial contextual
information using MRF were then proposed. This strategy can
further significantly improve the performances. The proposed
classification methodology succeeded in taking advantage of
the spatial and spectral information simultaneously. The sensitivity of the parameters in the proposed methods was also
investigated.
Future studies will focus on the integration of rotation
forests with other spatial information regularizations, the use
of semisupervised feature extraction algorithms, and the combination of ensemble learning and active learning.
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