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Abstract—Feature extraction is known to be an effective way in
both reducing computational complexity and increasing accuracy
of hyperspectral image classification. In this paper, a simple yet
quite powerful feature extraction method based on image fusion
and recursive filtering (IFRF) is proposed. First, the hyperspectral
image is partitioned into multiple subsets of adjacent hyperspec-
tral bands. Then, the bands in each subset are fused together by
averaging, which is one of the simplest image fusion methods.
Finally, the fused bands are processed with transform domain
recursive filtering to get the resulting features for classification.
Experiments are performed on different hyperspectral images,
with the support vector machines (SVMs) serving as the classifier.
By using the proposed method, the accuracy of the SVM classifier
can be improved significantly. Furthermore, compared with other
hyperspectral classification methods, the proposed IFRF method
shows outstanding performance in terms of classification accuracy
and computational efficiency.

Index Terms—Feature extraction, hyperspectral image, image
classification, image fusion (IF), recursive filtering.

I. INTRODUCTION

H IGH spectral resolution images are now available with
hyperspectral satellite sensors, such as the Airborne

Visible/Infrared Imaging Spectrometer (AVIRIS). Hyperspec-
tral images provide detailed spectral information regarding
the physical nature of the materials and thus can be used to
distinguish different landscapes. However, developing efficient
methods to process hyperspectral images with more than 100
channels is a difficult objective. Furthermore, in the context of
supervised classification, the high dimensionality also brings
the problem named as “Hughes phenomenon” which will influ-
ence the classification performance [1]. In order to solve these
problems, feature selection and extraction [2] are known to be
important techniques in hyperspectral image classification.
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Feature selection aims at finding the best subset of hyper-
spectral bands that provide the highest class separability [3]–
[5]. For example, different types of methods such as distance-
based methods [4], [6] and information-theory-based method
[7] have been proposed. The feature selection methods have
an important advantage, i.e., preserving the physical meaning
of the data. Furthermore, Bruzzone et al. discuss that the
preservation of the spatial information is also quite important
for feature selection [8]. As another interesting research topic,
instead of performing selection on the hyperspectral image,
Pedergnana et al. [9] perform selection of features obtained by
other feature extraction methods. Although experimental results
have shown the effectiveness of feature selection methods, these
methods have a general theoretic limitation. Specifically, the
“best” subset of features for classifier cannot be found until
an exhaustive search of all the feature subset combinations
has been carried out, which is an infeasible task because the
combination of features to be examined increases exponentially
with the number of dimension. Although a subset of features
can be selected according to some prior assumptions, it will be
not able to know whether the selected subset is indeed the best
of all possible subsets.

Besides feature selection, feature extraction is also an ef-
fective way to reduce the dimension of the data. Specifically,
a hyperspectral image is first projected into another feature
space by applying a linear transformation. Then, only the
significant components are retained for classification. Different
types of dimensionality reduction techniques, including un-
supervised approaches such as principal component analysis
(PCA) [10] and independent component analysis (ICA) [11],
as well as supervised approaches such as linear discriminant
analysis [12]–[14], have been proposed. Among these methods,
the PCA method can ensure that most information of the
hyperspectral image can be preserved in a small amount of
significant principal components (PCs), but it cannot ensure
that the spectral signatures of interest are emphasized. By
contrast, the ICA-based methods ensure that the transformed
components are as independent as possible. However, the com-
putational burden can also be increased due to the complexity
of the ICA-based methods. Furthermore, another disadvantage
of this type of feature extraction is that it just processes each
pixel independently without considering the spatial context
information.

Recently, many researchers have worked on spectral–spatial
classification which can incorporate the spatial contextual in-
formation (the strong relationship between neighboring pix-
els) into the classification process [15]. For example, some
spectral–spatial classification methods aim at postprocessing
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the classification map obtained by pixelwise classifiers ac-
cording to the spatial structures of the hyperspectral im-
age [16]. For these types of methods, segmentation and
optimization techniques such as watershed [17], minimum
spanning forest [18], hierarchical segmentation [19], parti-
tional clustering [20], and Bayesian model [21], [22] have
been proposed to refine the classification results. However,
most of these methods rely on the performance of automatic
segmentation or optimization techniques and thus may be
time-consuming.

Besides the methods described previously, an interesting
alternative of spectral–spatial classification is integrating the
spatial information in the feature extraction process. For exam-
ple, Benediktsson et al. propose that the morphological trans-
forms are able to model the spatial structures in hyperspectral
images [23]–[26]. They first perform the PCA on the original
hyperspectral image to obtain the significant PCs of the image.
Then, the PCs are processed with iterative opening, closing,
and reconstruction operations to model the spatial structures of
different scales. Their approaches can be improved further by
considering the attribute information [24]–[27]. Furthermore,
Zhang et al. propose that the hyperspectral data can be rep-
resented using a tensor representation [28] to make full use
of the spatial information. All of the aforementioned studies
have verified that combining spectral and spatial information
together in the feature extraction process is an effective way in
increasing classification accuracy.

Recently, edge-preserving filtering [29]–[32] has been ap-
plied successfully in many applications such as high dynamic
imaging [31], stereo matching [33], image fusion (IF) [34],
[35], dehazing [36], and denoising [37] since it can smooth
an image while preserving well its edge structures. In our
previous work [38], joint edge-preserving filtering has been
successfully applied for the postprocessing of support vector
machine (SVM) classification. In this paper, one of the most
widely used edge-preserving filters (EPFs), i.e., the transform
domain recursive filter [39], is first applied for the feature
extraction of hyperspectral images.

The proposed method is based on two simple assumptions:
1) the adjacent bands of the hyperspectral image usually contain
redundant information, and 2) the neighboring pixels usually
have quite strong correlations with each other. As shown in
Fig. 1, the adjacent bands of the hyperspectral image look quite
similar. Based on this observation, IF is adopted to combine
the complementary information of adjacent bands for feature
reduction. One advantage of IF is that it can effectively remove
noise and can preserve well the structural information of the
image in the fused bands. For the second assumption, transform
domain recursive filtering is utilized to ensure that neighboring
pixels on the same side of an edge have similar feature val-
ues. In other words, spatial context information is also well
utilized in the feature extraction process. Experimental results
demonstrate the outstanding performance of the proposed IF
and recursive filtering (IFRF) based feature extraction method
in terms of classification accuracy and computational efficiency.
It means that the two basic assumptions, i.e., spectral redun-
dancy and spatial consistency, are both very useful in feature
extraction of hyperspectral images.

Fig. 1. From left to right and then top to bottom: the 11th to 16th bands of the
Indian Pines image (each band has been normalized into the range between 0
and 1).

The remainder of this paper is organized as follows. In
Section II, the transform domain recursive filter is reviewed. In
Section III, the proposed feature extraction method is described.
The experimental part is shown in Section IV, and finally, the
conclusion is given in Section V.

II. TRANSFORM DOMAIN RECURSIVE FILTER

Here, we will briefly describe the transform domain recursive
filter. For a complete description of the transform domain recur-
sive filter, we refer the reader to the original work [39]. Trans-
form domain means that the input signal I is first transformed
to the transform domain Ωω . Intuitively, the transformed co-
ordinate ct(xm) is computed for each pixel such that the two
pixels which lie on the same side of a strong edge have nearby
coordinates, while pixels that lie on different sides of a strong
edge are far apart. The transformed signal is then processed by
recursive filtering as follows:

J [m] = (1− ab)I[m] + abJ [m− 1] (1)

where J [m] is the filtered result; a = exp(−
√
2/δs) ∈ [0, 1] is

a feedback coefficient, with δs as the spatial parameter; I[m] =
I(xm) is the input discrete signal; and b is the distance between
neighbor samples xm and xm−1 in the transform domain (Ωω)
which is estimated according to b = ct(xm)− ct(xm−1). The
function ct(u) which is used to compute the distance b defines
the domain transform of a signal I(x) as follows:

ct(u) =

u∫
0

1 +
δs
δr

|I ′(x)|dx, u ∈ Ωω (2)

where I ′(x) is the derivative of the input signal I(x) and δs and
δr are the spatial and range parameters of the EPF, respectively.
From (1), it can be seen that, as b increases, ab will become
close to zero, stopping the propagation chain. Therefore, edges
are preserved, while pixels on the same side of the edge will
tend to have similar filtering outputs. In the 2-D image case,
the 1-D filtering operation is separately performed along each
dimension of the image iteratively. In other words, 1-D filtering
is first performed along each image row and then along each
image column. In [39], it has been shown that three iterations
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Fig. 2. Influence of the spatial and range standard deviations, i.e., δs and δr , to
the filtering results. (a) Input image. (b)–(f) Filtered images with (b) δs = 5 and
δr = 0.3, (c) δs = 800 and δr = 0.3, (d) δs = 50 and δr = 0.1, (e) δs = 50
and δr = 0.3, and (f) δs = 5 and δr = 2.

of 1-D filtering are able to obtain satisfactory filtering results
for an image. Therefore, three iterations of 1-D filtering are
adopted for the recursive filtering used in this paper.

Here, the influence of the two parameters δs and δr on the
filtering results is analyzed in Fig. 2. From Fig. 2(b)–(e), it
can be seen that the recursive filter can effectively remove
the texture information and can also preserve the strong edge
structures. As δr and δs increase, a more obvious smoothing
effect will be produced on the filtering outputs. Moreover,
when δr becomes relatively large, i.e., δr = 2, the filtering
output will tend to be extremely smooth, and only little useful
information is then preserved. By contrast, when δs tends to
approach infinity, e.g., δs = 800, the recursive filter will not
produce unbounded smoothing of the image. The reason has
been clearly analyzed in [39]. In Section IV-B, the influence
of the two parameters on the classification performance of the
proposed method will be analyzed further.

III. PROPOSED APPROACH

As shown in Fig. 3, the proposed feature extraction and
classification approach consists of four steps: 1) partition the
hyperspectral image into multiple subsets of adjacent bands;
2) fuse the adjacent bands in each subset; 3) perform recursive
filtering on the fused bands; and 4) perform classification on
the filtered images. It can be seen that the feature reduction step
with IF is before the recursive filtering step. The reason is that
performing recursive filtering before the fusion means that each
hyperspectral band should be filtered, which will be much more
time-consuming.

1) Band partitioning: the hyperspectral image is spectrally
partitioned into K subsets of hyperspectral bands. The
kth (k ∈ (1, . . . ,K)) subset can be obtained as follows:

Pk =

{(
xk, . . . ,x(k+�D/K�)

)
, if k + �D/K� ≤ D

(xk, . . . ,xD), if k + �D/K� > D
(3)

where x = (x1, . . . ,xD) ∈ R
D×J denotes the original

hyperspectral image with D-dimensional feature vectors

Fig. 3. Schematic of the proposed IFRF-based classification method.

and J pixels, and �D/K� represents the floor oper-
ation which calculates the largest integer not greater
than D/K.

2) IF: the adjacent bands in the kth subset are fused by one
of the most simple IF methods, i.e., the averaging method.
Specifically, the kth fused band, i.e., the kth IF feature Fk,
is calculated as follows:

Qk =

∑Nk

n=1 P
k
n

Nk
(4)

where Pk
n refers to the nth band of the kth subset of

hyperspectral bands and Nk refers to the total number
of bands in the kth subset. This step actually calculates
the average image of each subset which aims at removing
the noisy pixels and the redundant information for each
subset.
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Fig. 4. Indian Pines data set. (a) Three-band color composite of the Indian
Pines image. (b) and (c) Reference data for the Indian Pines image.

Fig. 5. Salinas data set. (a) Three-band color composite of the Salinas image.
(b) and (c) Reference data for the Salinas image.

3) Recursive filtering: transform domain recursive filtering
is performed on each fused band to obtain the kth feature

Ok
i = RFδs,δr

(
Qk

i

)
(5)

where RF represents the transform domain recur-
sive filtering operation, δs and δr are the spatial and
range standard deviations of the filter [39], and O =
(O1, . . . , OK) ∈ R

K×J is the resulting feature image
obtained by IFRF.

4) Classification: the SVM classifier is utilized for the clas-
sification of the IFRF features. The SVM classifier is one
of the most widely used pixelwise classifiers and has, in
particular, shown a good performance in terms of classifi-
cation accuracy [40]. Furthermore, the SVM classifier has

Fig. 6. University of Pavia data set. (a) Three-band color composite of the
University of Pavia image. (b) and (c) Reference data for the University of
Pavia image.

a major advantage, i.e., robust to the dimension of data
sets [40]. Therefore, in this situation, the classification
result of the SVM method for an original data set can be
considered in providing the best pixelwise classification
results [11].

IV. EXPERIMENTS

A. Experimental Setup

1) Data Sets: Three hyperspectral data sets, i.e., the Indian
Pines image, the Salinas image, and the University of Pavia
image, are utilized in our experiments. The Indian Pines image
is for the agricultural Indian Pine test site of Northwestern
Indiana. It was acquired by the AVIRIS sensor. The image has
220 bands of size 145 × 145, with a spatial resolution of 20 m
per pixel and a spectral coverage ranging from 0.4 to 2.5 μm.
Twenty water absorption bands (no. 104–108, 150–163, and
220) were removed. The color composite of the Indian Pines
image and the corresponding ground truth data are shown
in Fig. 4.

The Salinas image was captured by the AVIRIS sensor over
Salinas Valley, CA, USA. The image has 224 bands and is of
size 512 × 217, with a spatial resolution of 3.7 m per pixel.
Similar to the Indian Pines image, 20 water absorption bands
(no. 108–112, 154–167, and 224) were discarded. The color
composite of the Salinas image and the corresponding ground
truth data are shown in Fig. 5.

The University of Pavia image is from an urban area sur-
rounding the University of Pavia, Pavia, Italy. It was recorded
by Reflective Optics System Imaging Spectrometer with a
spatial resolution of 1.3 m per pixel and a spectral coverage
ranging from 0.43 to 0.86 μm. The image has 115 bands of size
610 × 340. The 12 most noisy channels were removed before
experiments. The color composite of the University of Pavia
image and the corresponding ground truth data are shown in
Fig. 6. For the experiments of this paper, the number of training
and test samples for each class used for classification is detailed
in Tables I–III.

2) Quality Indexes: In order to evaluate the performance
of the proposed method, three widely used quality indexes,
i.e., overall accuracy (OA), average accuracy (AA), and kappa
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TABLE I
CLASSIFICATION ACCURACIES (IN PERCENT) FOR THE SVM [40], SVMPCA [10], SVMICA [11], IF,

EMP [26], LRML [21], EPF [38], AND IFRF METHODS (INDIAN PINES IMAGE)

TABLE II
CLASSIFICATION ACCURACIES (IN PERCENT) FOR THE SVM [40], SVMPCA [10], SVMICA [11], IF,

EMP [26], LRML [21], EPF [38], AND IFRF METHODS (SALINAS IMAGE)

TABLE III
CLASSIFICATION ACCURACIES (IN PERCENT) FOR THE SVM [40], SVMPCA [10], SVMICA [11], IF,

EMP [26], LRML [21], EPF [38], AND IFRF METHODS (UNIVERSITY OF PAVIA IMAGE)
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Fig. 7. Indian Pines image. Analysis of the influence of the parameters δs and δr .

Fig. 8. Comparison of (first column) overall classification accuracy, (second column) average classification accuracy, (third column) kappa coefficient of
agreement, and (fourth column) computing time obtained with SVM (full feature space), IF, and IFRF (with respect to different numbers of features). The
rows from top to bottom, respectively, correspond to the Indian Pines, Salinas, and University of Pavia data sets.

coefficient [41], are adopted. Among the three metrics, OA
measures the percentage of pixels that are correctly classified.
AA refers to the mean of the percentage of correctly classified
pixels for each class. In order to make the measurement more
objective, the kappa coefficient estimates the percentage of
correctly classified pixels corrected by the number of agree-
ments that would be expected purely by chance.

B. Classification Results

1) Analysis of the Influence of Parameters: For the proposed
IFRF-based feature extraction technique, the parameters δs and
δr of the recursive filter need to be determined. The influence
of the two parameters on the classification performance is ana-

lyzed in an experiment on the Indian Pines image (see Fig. 7).
The training set which accounts for 10% of the ground truth
was chosen randomly. The number of training and test samples
for each class is detailed in Table I. The OA, AA, and kappa
of the proposed method are measured with different parameter
settings. When the influence of δs is analyzed, δr is fixed at
0.3. Similarly, δr is analyzed in the same way with δs fixed at
200. From Fig. 7, it can be seen that, when δr is very large, the
average classification accuracy will decrease dramatically. The
reason is that recursive filtering with a large δr will oversmooth
some useful edge features. Therefore, some objects will not be
classified accurately. For example, although the OA obtained
with δr = 0.6 is larger than the accuracy obtained with δr = 0.3
[see Fig. 7(a)], the AA decreases dramatically when δr = 0.6
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because some classes are totally misclassified when δr is too
large. Similarly, small values of δs and δr are also not good
for the proposed method because it means that only very
limited local spatial information is considered in the feature
extraction process. In this paper, the default parameter setting
of the proposed method is set as δs = 200 and δr = 0.3. The
following experimental results show that good classification
accuracies are obtained for different images with the default
parameter setting.

2) Influence of the Number of IFRF Features: When ap-
plying the proposed method, the number of features has an
influence on both the final classification accuracy and the com-
putational efficiency. In this section, the influence of the number
of features is analyzed in Fig. 8. The IF represents the proposed
method with only IF. The IFRF refers to the proposed method
with IFRF. Experiments are performed on three different data
sets, i.e., the Indian Pines, Salinas, and University of Pavia data
sets, respectively. The training samples are selected randomly,
which account for 10% (Indian Pines), 2% (Salinas), and 4%
(University of Pavia) of the reference data. Furthermore, ex-
periments have been repeated ten times to estimate the mean
value of the OA, AA, and kappa coefficient. From Fig. 8,
it can be seen that, if the number of features is quite small,
i.e., k = 3, the performance of the IFRF method will not be
satisfactory. The reason is that, when the number of features is
very small, the hyperspectral bands in each subset will contain
a large amount of complementary information. In this situation,
useful discriminative information will be lost in the IF process.
From Fig. 8, it is observed that the proposed IFRF method
can always obtain satisfactory classification results when the
number of features is larger than 10. Furthermore, from the
fourth column of Fig. 8, it can be seen that the computing
time of the IFRF method increases linearly when the number
of features is increasing. Therefore, in this paper, k = 20 is
set to be the default number of features because it can give
good classification accuracies and a relatively low computing
burden. Furthermore, it can be seen that, although the number
of training samples is fixed, the classification accuracy of the
SVM and IF methods will vary in a small range (2%–5%) with
different training samples obtained by random selection. Com-
pared with the SVM and IF methods, the dynamic range of the
accuracies obtained by the IFRF method is narrower (1%–3%),
which means that the performance of the IFRF method is more
stable.

3) Comparison of Different Classification Methods: In this
section, the proposed IFRF method is compared with several
widely used classification methods including the SVM method
[40], the PCA-based SVM classification method (SVMPCA)
[10], the ICA-based SVM classification method (SVMICA)
[11], the extended morphological profile (EMP) based method
[26], the logistic regression and multilevel logistic (LRML)
based method [21], and the EPF-based method [8]. The SVM
algorithm is implemented in the LIBSVM library [42] by
using the Gaussian kernel with fivefold cross-validation. For
the SVMPCA and SVMICA methods, 20 PCs or indepen-
dent components (ICs) obtained by the ENVI software1 are

1http://www.exelisvis.com/

Fig. 9. Classification results (Indian Pines image) obtained by (a) the SVM
method (full feature space), (b) the SVMPCA method, (c) the SVMICA
method, (d) the IF method, (e) the EMP method, (f) the LRML method,
(g) the EPF method, and (h) the IFRF method. The value of OA is given in
percent.

used as the inputs of the SVM classifier. In [11], it has been
demonstrated that 20 ICs are able to obtain the best results
for most of the test hyperspectral images such as the Indian
Pines image and the University of Pavia image. For the PCA
method, we also find that 20 PCs are also able to obtain nearly
the best accuracies for SVM classifier. For the EMP method,
in order to obtain very good accuracies for different images,
the morphological profiles are constructed with the first three

http://www.exelisvis.com/


This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

8 IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING

Fig. 10. Classification results (Salinas image) obtained by (a) the SVM method (full feature space), (b) the SVMPCA method, (c) the SVMICA method, (d) the
IF method, (e) the EMP method, (f) the LRML method, (g) the EPF method, and (h) the IFRF method. The value of OA is given in percent.

PCs, a circular structural element, a step size increment of
two, and four openings and closings for each PC. The code
of the LRML method is available on Dr. Li’s homepage.2 The
default parameters given in their implementation are adopted.
Similarly, for the EPF method, the default parameters given
in [38] are adopted. For the IFRF method, 20 IFRF features
are used for classification. Furthermore, the default parameters
given in the first subsection of Section IV are adopted for all
images.

Experiment is first performed on the Indian Pines data set.
Table I presents the number of training and test samples (the
training set which accounts for 10% of the ground truth was
chosen randomly). Fig. 9 shows the classification results ob-
tained by different methods of the Indian Pines image asso-
ciated with the corresponding OA values. As shown in this
figure, compared with other pixelwise methods such as the
SVMPCA and SVMICA methods, the proposed IF method
performs better in terms of the highest classification accuracy. It
means that the proposed method can both reduce the dimension
and preserve well the useful information of the hyperspectral
data. By combining the spatial information into feature extrac-

2http://www.lx.it.pt/~jun/

tion, the EMP method can effectively improve the classification
accuracy of the SVM classier. However, some noisy pixels are
still visible in the obtained classification results. By contrast,
the LRML method [21], the EPF method [38], and the proposed
IFRF method perform much better in removing “noisy pixels.”
Specifically, the proposed method increases the OA compared
to the SVM method by about 19%. Compared with the LRML
method and the EPF methods, the proposed IFRF method gives
a much higher classification accuracy. Furthermore, Table I
shows the classification accuracies of different methods. From
this table, it can be observed that, by using the proposed
IFRF method, the AA of SVM increased from 79.30% to
98.42% and the Kappa accuracy also increased significantly.
More importantly, since the proposed method can reduce the
dimension of the data into 20 channels, it also performs much
more efficiently than the LRML and EPF methods which
are developed as postprocessing methods of the pixelwise
classifiers.

The second and third experiments are performed on the
Salinas images and the University of Pavia image, respectively.
Tables II and III present the number of training and test samples
(for the Salinas image and the University of Pavia image, the
training sets which, respectively, account for 2% and 4% of
the ground truth were chosen randomly). Figs. 10 and 11 show

http://www.lx.it.pt/~jun/
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Fig. 11. Classification results (University of Pavia image) obtained by (a) the SVM method (full feature space), (b) the SVMPCA method, (c) the SVMICA
method, (d) the IF method, (e) the EMP method, (f) the LRML method, (g) the EPF method, and (h) the IFRF method. The value of OA is given in percent.

Fig. 12. OA of the proposed IFRF method with different numbers of training samples on different images. (a) Indian Pines. (b) Salinas. (c) University of Pavia.

the classification results obtained by different methods associ-
ated with the corresponding OAs. As shown in Fig. 10, only the
proposed IFRF method is able to accurately discriminate the
vinyard_U class and the soil class [the two classes with
the largest area at the top-left of Fig. 10(h)]. Tables II and III
show the classification accuracies for different methods. From
the two examples, it can be seen that the proposed IFRF method
always outperforms the EMP, LRML, and EPF methods in
terms of OA, AA, and kappa. Compared with the SVM method,
the proposed method can improve the classification accuracies
significantly. For example, in Table II, the classification accu-
racy of the vinyard_U class increases from 59.6% to 100%.
Similar improvements can be found in the experimental results
of the University of Pavia example. As shown in Table III,
the classification accuracy of the gravel class can be increased
from 73.0% to 98.4%. The two sets of results are presented in

Figs. 10 and 11 and further demonstrate the advantage of the
proposed method.

4) Classification Results With Different Training and Test
Sets: In this section, the influence of different training and test
sets to the performance of the proposed method is analyzed.
Experiments are performed on three images, i.e., the Indian
Pines image, the Salinas image, and the University of Pavia im-
age. Fig. 12 shows the classification results of the IFRF method
with the number of training samples (in percent) increased from
1% to 10% for the Indian Pines image, from 1% to 4% for the
Salinas image, and from 1% to 6% for the University of Pavia
image. From this figure, it can be seen that the proposed method
can always improve the classification accuracy significantly
with different numbers of training samples. For example, re-
garding the Indian Pines image, when the OA of SVM is about
70% (4% ground truth samples are used as training samples),
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TABLE IV
COMPUTING TIME (IN SECONDS) OF THE PROPOSED

FEATURE EXTRACTION ALGORITHM

the IFRF method can obtain a classification accuracy near 94%.
For the Salinas image, it can be seen that, with relatively limited
training samples (1% of the ground truth), the proposed method
still can obtain an OA near 99%.

5) Computational Complexity: Here, experiments are per-
formed using MATLAB on a Laptop with 2.5-GHz CPU and
4-GB Memory. Table IV shows the computing time of the
proposed IF and IFRF methods. From this table, it can be seen
that the MATLAB implementation of the proposed method is
already very fast (the IFRF method takes only 0.63 s for the
Indian Pines image). The reason is that the proposed method
only requires K averaging operations and recursive filtering
to be done K times. The complexity of the recursive filtering
operation is O(N), and thus, the proposed method has a com-
putational complexity of O(KN), where N is the number of
pixels and K is the number of features. As described in [39],
the recursive filter can be easily implemented in real-time with
C++ programming. It means that the proposed IFRF method
will be quite suitable for real applications since it is indeed
computationally efficient.

V. CONCLUSION

In this paper, a new approach for hyperspectral image feature
extraction, the IFRF, has been proposed. The proposed ap-
proach is based on the application of IF to reduce the dimension
of the data, the use of recursive filtering to combine spatial
information into the resulting IFRF features. Experiments have
been carried out on three different real hyperspectral images.
The results of the experiments showed the effectiveness of the
proposed method, which provided better results than those of
the widely used pixelwise classifiers and the spectral–spatial
classifiers. Moreover, the proposed method has presented sev-
eral other advantages: 1) the feature can well preserve the
physical meaning of the hyperspectral data. In other words,
the pixel values in the feature image still reflect the spectral
response of a pixel in a specific spectral range; 2) it is time
efficient since it is based on a very fast EPF; and 3) although the
classification accuracy obtained by the IFRF is influenced by
the number of features and the parameters of the recursive filter,
these choices are not critical. The reason is that there is a large
region around the optimal number of features for which the
proposed method has similar results and outperforms other clas-
sification methods in terms of accuracy. Further developments
of this work include a comprehensive research of the adoption
of other EPFs to process the fused bands and an investigation of
the possibility of considering the correlation degree of adjacent
bands in the band-partitioning process.
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