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Abstract— 3-D Gabor, as a typical filter, plays a critical role
in extracting discriminative spectral–spatial features from hyperspectral images (HSIs). However, the performance of traditional
3-D Gabor is limited by the uniform response to each direction, which is inconsistent with the complexity of land cover
distribution. It has been a continuing concern for researchers
to investigate the anisotropic 3-D Gabor filters. In addition, the
3-D Gabor wavelets do not make full use of spatial distribution
information, thus reducing the accuracy. This article proposes
a superpixel-guided variable 3-D Gabor phase coding fusion
(SuVGF) framework for HSI classification with limited training
samples. First, the variable 3-D Gabor filters are created based
on various asymmetric sinusoidal waves and spatial kernel sizes
to achieve multidirectional features. Second, the local Gabor
phase ternary pattern is adopted to encode the Gabor phases and
improve the feature discrimination. Meanwhile, a scale map is
produced by the majority voting of multiscale simple noniterative
clustering (SNIC) and entropy rate superpixel (ERS) segmentation, which contains sufficient and complementary spatial distribution information. Then, geometric optimization is employed on
the scale map to reduce noise disturbances. Finally, all Gabor
features are modified by the filter with the guidance of a scale
map and fused together as a confidence cube, and the random
forest algorithm is exploited for classification. The SuVGF is
applied to three real hyperspectral datasets to demonstrate the
superiority of higher accuracy, stronger robustness, and less
computational complexity in comparison with several state-ofthe-art ones.
Index Terms— Feature extraction, hyperspectral image (HSI)
classification, superpixel segmentation, Variable Gabor (VG)
filter.

I. I NTRODUCTION

H

YPERSPECTRAL images (HSIs) acquire spatial information and simultaneously collect tens or even hundreds
of narrowband continuous spectral information, which allows
the detection and analysis of the surface material [1], [2].
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The increment of spectral dimensionality makes HSI look
like a data cube, and each pixel of HSI is equipped with a
vector of hyperspectral profile. HSI classification is one of
the leading research fields, which has been broadly applied to
precision agriculture [3], environmental monitoring [4], ocean
exploration [5], and so on. The high spectral resolution of HSI
achieves better attribute description but raises many challenges
for accurate feature extraction: 1) the high dimensionality of
HSIs leads to the increased number of free parameters to be
estimated in the model, which can easily cause the overfitting
problems and reduce the generalization ability [6], [7] and
2) the high cost and time-consuming of manual labeling result
in the relatively small training sample set, and the Hughes
phenomenon is inevitable [5]. Therefore, it has become a
popular topic to effectively improve the HSI classification
performance with the small number of labeled samples.
Dimensionality reduction (DR) extracts more representative features and removes redundant information from the
HSI, including the methods of feature selection and feature
transformation. Feature selection directly selects the most distinguishable features from the original HSI to form a new lowdimension feature space for classification [8], [9]. Differently,
feature transformation uses linear or nonlinear operations to
map the original spectral attributes from a high-dimension
space to a low-dimension subspace [10]. The principal component analysis (PCA) [11] is a widely used feature transformation method, and it is subsequently expanded to the
kernel principal component analysis (KPCA) [12]. Besides,
the 1-D convolutional neural network (1-D CNN) [13]–[15],
the generative adversarial network (GAN) [16], [17], and the
recurrent neural network (RNN) [18], [19] were designed as
spectral feature extractors to explore the correlation between
hyperspectral vectors. The DR based on spectral information
can effectively alleviate the Hughes phenomenon and achieve
better classification results. Nonetheless, the ignorance of spatial information has led to unsatisfactory accuracy in regions
with complex spatial structures. In recent years, researchers
have been more and more interested in exploiting the spatial
semantic information of HSIs. The shape and size of various
components and objects provide additional spatial information
to enhance the feature ability and classification accuracy. Typical methods of spatial feature extraction include the gray-level
cooccurrence matrix (GLCM) [20], the wavelet transform [21],
the Gabor filter, the local binary descriptor [22], the morphological operator [23], the Markov random field [24], [25],
and so on. CNN methods can learn spatial features through
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iterative convolution calculation of receptive fields to increase
the representation capabilities [26]. For HSIs with high spatial
resolution, the reduced interclass separability and increased
inner class variance would lead to more misclassification
of land covers, and thus, spatial features are important for
accurate recognition.
Subsequently, the joint spectral–spatial feature extraction
has been powerful means for HSI classification and attracted
more attention [23]. There exist methods of separate processing and simultaneous processing to combine the spatial and
spectral information in different ways. The separate processing
methods achieve spectral and spatial features independently
and use the spatial component to guide spectral features to
obtain classification results. There are some typical models
such as sparse representation [27], [28], low-rank representation [29], [30], extended morphological attribute profile
(EMAP) [31], [32], and local binary pattern (LBP) [22],
[33]. Direct stacking of spectral and spatial features will
yield higher dimensionality and increase the redundancy and
complexity, whereas separate spectral–spatial feature extraction alleviates this issue. Two-branch CNN architecture was
developed to extract spectral and spatial characteristics, respectively, to obtain deep and comprehensive expression [34], [35].
In addition, superpixels are employed to correct the classification of spectral attributes with the neighborhood information,
via spatial preprocessing or postprocessing operation [30],
[36], [37]. However, separate processing methods cannot utilize the characteristics of 3-D HSI cube sufficiently, lacking
the integrated extraction of intrinsic spectral–spatial features.
On the contrary, simultaneous processing methods view HSI
as a 3-D structure and process spectral–spatial features using
3-D descriptors to make better identification. A series of algorithms have been extended to three dimensions to obtain better
feature representation, such as 3-D GLCM [38], 3-D discrete
wavelet transform (3-D DWT) [39], 3-D dense LBP [40],
3-D CNN [13], 3-D GAN [41], and multiple kernel learning
(MKL) [42], [43]. MKL methods enhanced flexibility and
achieved superior performance over single-kernel methods
since multiscale kernels can fuse comprehensive information
of single kernels at different scales. Likewise, 3-D Gabor filters
have been successfully applied in many HSI classification
tasks [30], [44]. Shen and Jia [45] adopted 3-D Gabor with
thirteen directions in four scales to obtain the magnitude
features for classification and demonstrated its superiority of
capturing distinguishable spectral–spatial details.
3-D Gabor plays a critical role in extracting the discriminative spectral–spatial features from HSIs. However, the performance of traditional 3-D Gabor is limited by the uniform
response to each direction, which is inconsistent with the
complexity of land cover distribution. That is to say, most 3-D
Gabor filters are isotropic representations, whereas anisotropic
filters match the spatial distribution better. It has been a continuing concern for researchers to investigate the anisotropic 3-D
Gabor filters [46], [47]. Moreover, it is hard to select a suitable
spatial kernel for different HSIs, and it cannot efficiently
acquire multiscale details with a single kernel. Furthermore,
directly convolving the original HSI of multiple directions
and scales inevitably leads to high feature dimensionality, and
some feature selection methods were proposed to address the

redundancy [48], [49]. Traditionally, the Gabor phase has often
been ignored as it is more sensitive to positional changes,
whereas binary quadrant coding makes phase features usable.
It codes Gabor phase features effectively to determine the
sample similarity and achieves favorable classification results,
which is jointed with the Hamming distance [50], [51]. On the
other hand, the Gabor filter can extract texture information but
fails to achieve satisfactory smoothness on class boundaries.
In comparison, superpixels offer a good representation of
local regions and maintain object boundaries, which is fast
becoming a key instrument in regularizing preclassified results.
However, different superpixel algorithms use distinct segmentation criteria and obtain various visual contents, and iterative
attempts are required to determine the optimal superpixel size
for each HSI. Therefore, it is necessary to explore the diverse
feature extraction and superpixel segmentation to capture more
visual information and improve the classification performance
of 3-D Gabor filters.
In this article, a superpixel-guided variable 3-D Gabor phase
coding fusion (SuVGF) framework is proposed to achieve
higher classification accuracy with limited training samples,
as shown in Fig. 1. First, we introduce two parameters to
control the type of plane sinusoidal waves for each group of
3-D Gabor filters, capturing the local characteristics of sophisticated interband correlations. For each group of Gabor filters,
only the filters parallel to the spectral axis are used to enhance
the discriminability and reduce redundancy. Then, local Gabor
ternary patterns (LGTPs) are applied in the variable 3-D Gabor
phase features to describe the variation between the center
pixel and its neighbors (called V-Gabor features). Furthermore,
V-Gabor features are classified via the random forest (RF)
classifier to produce a confidence cube. Meanwhile, two superpixel segmentation algorithms are applied to HSI, including
simple noniterative clustering (SNIC) and entropy rate superpixel (ERS) algorithms at multiple scales. During multiscale
superpixel segmentation, the minimum distance is calculated
from each pixel to the points of boundaries. The final scale
map is generated by the majority voting of all multiscale
distance maps, which conducts the selection of convolution
kernel size. Subsequently, the confidence cube is convolved
with the Gaussian filter via the guidance of the scale map,
and the Su-Variable Gabor (VG) cube is obtained. The scale
map is beneficial to maintain the edges and ensure the spatial
structure. Finally, the comprehensive classification results are
achieved by linear summation of all Su-VG cubes to improve
the classification performance and identification accuracy.
Compared with other related methods and the previous
works of [40], [52], which focus on 3-D LBPs and multiple
magnitude features of 3-D Gabor, respectively, our approach
presents three main innovations, which are given as follows.
1) With respect to the anisotropic and nonlinear characteristics of HSI, we create a new format of the sine wave
to control the grating of directed sinusoids and obtain
a more robust representation. Besides, we adopt the
Gabor filters of multiple kernels to track local response
regions, which can effectively catch the changes in
distribution patterns. The improved representation of frequency and direction and the strategy of multiple kernels
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are conductive to comprehensive feature extraction and
meaningful model construction.
2) The Gabor phase is a significant representation of texture
information, but matching directly with phase angles
will undoubtedly decrease the computational efficiency.
We first integrate the local ternary pattern (LTP) with
the Gabor phase to obtain features that are more robust
to noise interference for HSI classification. The LTP distinguishes positive response mode and negative response
mode, which can retain as much information as possible during feature extraction and preserve the feature
distinguishability.
3) Two types of multiscale superpixel algorithms are
designed to acquire spatial information to characterize
the homogeneity degree of local regions, and a scale map
is generated via majority voting. The consideration of
multiscale spatial characteristics is complementary with
the VG phase coding. The scale map is employed to
select the convolution kernel size of the variable filter,
reduce interference from noise, and further improve
classification performance.
The rest of this article is organized as follows. Section II
briefly introduces some basic notations of related works.
Section III presents the steps of proposed SuVGF, respectively,
in detail. Section IV shows the information of three real HSI
datasets and describes the experimental setup. The experimental results are described in Section V. Finally, the conclusions
are given in Section VI.
II. R ELATED W ORKS
In this section, we briefly introduce some basic notions of
the 3-D Gabor filter and superpixel segmentation.
A. 3-D Gabor Wavelet
Over the last decades, the Gabor filter has long been a
powerful texture information extractor in a wide range of
fields, such as texture analysis [53], face recognition [54], and
HSI classification [49]. Gabor wavelet can enhance the representation of visual properties due to its biological relevance
to human vision. Traditional Gabor wavelet is composed of
a plane sinusoid and a convolution kernel, constrained by the
Gaussian envelope function [55]. The 3-D Gabor wavelet is
defined in a general form as
Φ(x, y, b) = u(x, y, b) × v(x, y, b)

(1)

where (x, y) is the spatial coordinate and b is the spectral band
for a point (x, y, b). u(x, y, b) is the plane sinusoidal wave,
and v(x, y, b) is the Gaussian envelop function. u(x, y, b) and
v(x, y, b) are defined as follows:
 

u(x, y, b) = exp j2π Fx x + Fy y + Fb b
(2)
 2

1
x + y 2 + b2
v(x, y, b) =
exp −
(3)
2σ 2
(2π)3/2 σ 3
where σ is the standard deviation of the Gaussian function, and it controls the shape of the Gaussian envelope.
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(Fx , Fy , Fb ) describes the multiple frequencies of sinusoidal
function, respectively. These parameters are computed as
Fx = f cos ϕ sin θ
Fy = f sin ϕ sin θ
Fb = f cos ϕ

(4)

where (Fx , Fy , Fb ) are usually determined by three parameters: f is the center frequency of sinusoidal wave; θ and ϕ are
the angles of wave vector in 3-D frequency domain, which are
shown in Fig. 2. θ and ϕ range from 0 to π, and the directions
of θ and ϕ are changed by 45◦ each time. More precisely, f,
θ , and ϕ are specifically defined as


1 1 1 1
f ∈
, , ,
2 4 8 16


π π 3π
.
(5)
(θ, ϕ) ∈ 0, , ,
4 2 4
Thus, there are totally 52 Gabor filters (when ϕ = 0, the
corresponding filter is one wavelet, not four wavelets) in four
frequencies. Generally, Gaussian envelopes and sinusoids tend
to be the same although they can have different orientations.
B. Superpixel Segmentation
Superpixel segmentation clusters neighboring pixels with
similar texture, color, luminance, and other attributes in HSI
to form regions with adjacent pixels. Ren and Malik [56] first
proposed that the superpixel segmentation of spatial information produces local regions with specific semantic content,
which significantly reduces the dimensionality redundancy and
algorithm complexity. The superpixel segmentation algorithms
are usually classified into graph-theoretic and gradient-based
approaches. The corresponding classical and representative
algorithms are ERS [57] and SNIC [58], respectively, and their
descriptions are given in the following.
ERS divides the HSI into N nonoverlapping uniform
regions, where N denotes the number of superpixels and can
be calculated heuristically as [36]

X ×Y
√
(6)
N=
100 × τ Res
where · represents the rounding down operation. Res is the
spatial resolution of HSI, determined by the imagery sensor.
In particular, the value of τ should be less than 1. R ∈ R X ×Y ×B
represents the raw HSI, X × Y corresponds to the spatial size,
and B is the number of bands.
The HSI can be represented as a nondirectional graph
U = (V, E), where V and E denote the set of vertices and
edges in U, respectively. ERS aims to find a suitable subset
A ⊆ E to divide U into N subgraphs, and each subgraph
corresponds to a superpixel. The entropy rate of random walk
on a subgraph UA = (V, A) is defined as H(A), which is the
quantification of random process uncertainty and can be used
to determine the compactness and uniformity. A balance term
function B(A) is constructed to constrain the subgraphs and
make superpixels more compact and homogeneous. Finally,
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Proposed SuVGF procedure for HSI classification.

with shortest distance in priority queue, and its eight neighboring pixels are calculated and added to the priority queue.
Meanwhile, the corresponding center coordinates evolve until
the queue is empty.
III. S UPERPIXEL -G UIDED VARIABLE G ABOR
F USION F RAMEWORK
Fig. 2.

3-D frequency domain.

N connected subgraphs are obtained by optimizing the objective function, which is defined as follows:
Fers = max H(A) + ωB(A) s.t. A ⊆ E
A

(7)

where ω represents the weight with a value greater than zero,
and the appropriate selection of ω value has an essential effect
on the generation of superpixels. The segmentation process
is completed by maximizing the object Fers , and the ERS
algorithm produces relatively satisfactory superpixels through
the collaborative work of H(A) and B(A).
SNIC is an improved version of simple linear iterative
(SLIC), and it has the advantages of low computational complexity and good segmentation results. The distance from
a pixel (x 1 , y1 ) to another pixel (x 2 , y2 ) in HSI from the
CIELAB color domain Υ and spatial domain χ is computed
as




χ (x ,y ) − χ (x ,y ) 2
Υ (x ,y ) − Υ (x ,y ) 2
1 1
2 2
1 1
2 2
+
(8)
Fsnic =
ξ1
ξ2
where ξ1 is derived from ((X × Y )/N )1/2 , and X × Y is the
total number of HSI pixels. ξ2 is the expected compactness
parameter, which describes the weight of spatial coordinates.
Specifically, SNIC divides the HSI into N square regions and
then calculates the geometric center of each area as the initial
center. A priority queue is built to record the distance from
nodes to centers. Equation (8) is used to obtain the element

This section introduces the proposed method SuVGF for
HSI classification in detail, and the schematic of SuVGF is
illustrated in Fig. 1. First, the variable 3-D Gabor feature
extraction is applied to the raw HSI to obtain Gabor features
Gk of multiple kernels, with response intensity parameters .
Second, the LTP is designed to encode the phase features of
Gk to produce local Gabor phase ternary pattern features Qk ,
which are then classified via RF to obtain initial confidence
cubes Fk . Meanwhile, we make DR via PCA on the raw HSI
to get DR HSI. Then, the scale map M is constructed from

various multiscale superpixel maps Wi and distance maps
i
D through the edge distance calculation and majority voting.
The scale map guides the Gaussian smoothing on Fk to get
regularized feature cubes Hk , which are then classified via
RF to obtain regularized confidence cubes Zk . Finally, the
strategy of multiple kernel fusion is utilized to generate the
classification results.
A. Variable 3-D Gabor Feature Extraction
In HSI processing and analysis, the Gabor wavelet is a
classical method with a fantastic performance for texture
extraction. Commonly, most methods directly use 52 3-D
Gabor filters of different frequencies and orientations to obtain
an effective representation. However, this would cause massive redundancy of data and exacerbate the Hughes phenomenon. Jia et al. [50] found that the 3-D Gabor filters
oriented parallel to the spectral axis are more representative than the others, so all the 3-D Gabor filters that we
applied are parallel to the spectral axis. The specific parameters of the four obtained 3-D Gabor filters are listed as
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f ∈ [1/2, 1/4, 1/8, 1/16], (θ, ϕ) ∈ [0]. Collectively, we make
enhancements to traditional 3-D Gabor filters in terms of the
response intensity parameters of sine waves and the convolution kernel size to create variable 3-D Gabor filters.
On the one hand, we create a more general format for the
response intensity of sinusoids. The sinusoids of the traditional
3-D Gabor filter are defined as (2), showing a uniform response
in all directions. However, there are complicated spatial distribution and diverse spectral attributes within HSI, which
are hard to represent using the uniform response [52], [59].
In contrast, anisotropic Gabor wavelets fit the internal structure
of HSI better with a diverse representation of information. For
this reason, we create a new format of sine wave u λ (x, y, b)
to explore the different structural components of HSI, which
is denoted as follows:
 
1
(9)
u λ (x, y, b) = exp j2π Fx x λ1 + Fy y λ1 + Fb bλ2 λ3
where (x, y, b) represents a point situated at the spatial coordinate (x, y) and the bth band in HSI. Here, u λ represents
the isotropic sine wave when λ = (1, 1, 1) and represents
the anisotropic sine wave when λ equals to other values. The
parameter λ = (λ1 , λ2 , λ3 ) is a set of response intensity parameters, controlling the grating degree of oriented sinusoids.
Within this, λ1 , λ2 , and λ3 describe the response intensities
in the spatial domain, the spectral domain, and the overall
structure, respectively. Their relationship is defined as
2λ1 + λ2
(10)
3
where the value of λ3 is rounded to the nearest integer. Varying
the response intensity parameters creates the variable 3-D
Gabor filters with different properties and extracts a more
diverse collection of spectral–spatial information.
Admittedly, there are many possible values of λ, and
the integrated consideration of isotropic and anisotropic sine
waves is beneficial to extract more discriminative features.
Nonetheless, too much choices of λ setting would lead to
the problems of high feature redundancy and low calculation efficiency, reducing the classification performance. Here,
we design and retain five specific choices to balance the feature
representation and model complexity, which are shown as
λ3 =

= [(1, 1, 1), (1, 2, 1), (1, 3, 2), (2, 1, 2), (2, 2, 2)]

(11)

where
is the entire collection of λ. It is worth mentioning
that λ = (1, 1, 1) describes the intensity parameter of traditional 3-D Gabor filter, and the others represent the parameters
of anisotropic 3-D Gabor filters. A series of 3-D Gabor filters
with different response intensity parameters can be expressed
as
λ (x,

y, b) = u λ (x, y, b) × v(x, y, b)
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On the other hand, the Gaussian function of the Gabor
filter tends to use a fixed kernel parameter, which would
lead to the underlearning when the spatial distribution is not
identical. Moreover, the parameter mostly needs to be chosen
artificially through extensive experiments, not only reducing
the generality but also increasing the workload. In this case,
we introduce a learning strategy of multiple kernels to solve
this problem and enhance feature extraction. Gabor wavelets
with multiple kernels can fully incorporate the various heterogeneous elements to efficiently represent the structure of HSI.
Considering the traditional perspective that the center pixel is
most correlated with its neighborhood in a 3 × 3 region, the
lower threshold of kernel size is set to three. For HSI with high
spatial resolution, there are obvious detailed information and
large intraclass differences, and it is suitable to use a smaller
window for the Gabor feature extractor to avoid introducing
interference. Alternatively, for HSI with low spatial resolution,
there are more smooth details, and it is desirable to employ a
larger window to improve the accuracy of feature extraction.
Moreover, HSI data with more categories contain more contextual information, and a larger window is required to capture
the spatial relationships. Therefore, the upper threshold J of
kernel size is defined as
⎧

√

⎨ T −3
+ C×
Res , if J ≤ T
(13)
J=
2
⎩ T,
otherwise
where C and Res denote the number of land cover classes
and spatial resolution (i.e., meters per pixel), respectively. T
is a user-defined parameter that controls the upper threshold.
The maximum value of J is set to T because the spatial
regions contain different materials and noise when the scale
continuously expands. At the same time, the minimum value of
J is set as ((T − 3)/2) to avoid a small upper threshold and,
thus, limit Gabor feature extraction. We select K groups of
kernel size parameters for variable 3-D Gabor filters, whose
values range from three to J . The maximum and minimum
settings of J make K change within a proper range related to
HSI. The features generated with different types of sinusoidal
plane wave for each group are stacked along the spectral
dimension k = { k1 , . . . , k5 }, k = 1, . . . , K .
Naturally, the characteristics obtained via variable 3-D
Gabor filters can be defined as
Gk =

k

⊗ R, k = 1, . . . , K

(14)

where ⊗ is the convolution operation and R is the HSI data
cube. In summary, the obtained variable 3-D Gabor features
for each group are defined as Gk , where k = 1, . . . , K .

(12)

where λ captures the uneven 3-D spectral–spatial information
and ensures the integrity of representation. u λ denotes the
isotropic or anisotropic sine wave, and v denotes the Gaussian
envelope function. Subsequently, five types of Gabor filters
are stacked along the direction of spectral axis. Such a new
module of multiple response intensity parameters reduces the
data redundancy and model complexity.

B. Local Gabor Phase Ternary Pattern Feature Coding
The traditional 3-D Gabor wavelet is extended to obtain
abundant Gabor features by optimizing the response intensity
parameters and spatial kernel dimensions. The coefficient of
a point (x, y, b) is a complex number, which is obtained by
Gabor wavelet k , including the magnitude and phase of
convolutional results. Among them, the phases catch variation
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sum of comparison results is obtained, which can be described
as

1, if Qk(x,y,b) = −1
k
(19)
low (x, y, b) =
0, otherwise
LTPklow (x, y, b) =

7


2n lowk (x, y, b).

(20)

n=0

Fig. 3.

The eigenvalues are concatenated as the local Gabor phase
features Qk = {LTPkup , LTPklow }, which then are classified by
the RF algorithm to obtain an initial confidence cube Fk .

Calculation of LTP operators.

in the surface texture, which are computed as


Im Gk (x, y, b)
k

P (x, y, b) = arctan  k
Re G (x, y, b)

C. Multiscale Superpixel Segmentation
(15)

where Re means the real part and Im represents the imaginary
of complex coefficient [60]. The real and imaginary parts are
combined to produce a coordinate axis, as shown in Fig. 3.
It has been revealed that phase characterization can improve
the feature stability and discrimination via appropriate encoding methods [61]. Compared with LBP, LTP retains the thresholds and expands the codes into −1, 0, and 1 instead of
0 and 1, which makes it more hierarchical than the binary
basis. Specifically, LBP treats the positive response and negative response as the same, but the positive and negative
edge responses have obvious visual differences. Thus, LBP
is sensitive to the nonuniform illumination and random noise,
which are poorly discriminated. In contrast, LTP distinguishes
the positive response and the negative response, and will
not mistake different modes with huge differences, retaining
as much information as possible during feature extraction.
Therefore, we adopt local Gabor phase ternary pattern to
encode the phases to produce more robust features. The LTP
takes a pixel (x, y, b) as the center and makes the comparison
between other pixel values P k (x, y, b) and center pixel value
P k (x, y, b) in a 3 × 3 region. The feature coding is assigned
to 1, −1, and 0 if the absolute value of comparison result
is greater than threshold ρ, less than −ρ, and otherwise,
respectively, which is expressed as
⎧
⎪
P k (x, y, b) ≥ P k (x, y, b) + ρ
⎨ 1,
k
Q (x, y, b) = 0,
| P k (x, y, b) − P k (x, y, b)| < ρ (16)
⎪
⎩
−1, P k (x, y, b) ≤ P k (x, y, b) − ρ.
For complexity reduction, the coding of LTP is split into
an upper layer and a lower layer. The upper part replaces all
−1 s with 0 s and leaves the rest as it is. It assigns different
weights to the comparison results at different positions, thus
obtaining a weighted sum for each position. The process can
be described as

0,
if Qk(x,y,b) = −1
k
(17)
up (x, y, b) =
k
Q(x,y,b) , otherwise
LTPkup (x, y, b) =

7


2n upk (x, y, b).

(18)

n=0

The lower part replaces all −1 s with 1 s, replaces 1 s with 0 s,
and leaves the rest as it is, respectively. Then, the weighted

The variable 3-D Gabor wavelets exploit the nonlinear
statistical properties in HSI from the perspective of spectral information and feature space. However, it ignores the
spatial adjacency between pixels. Fortunately, superpixel segmentation is able to reflect the spatial distribution of local
regions, via distance calculation and similarity comparison [62]. Recently, superpixels, which are homogeneous and
uniform patches in images, have been increasingly applied in
HSI classification. Hence, the spatial information of superpixels can be used to regularize and optimize the preclassification
results of pixels. In this regard, there is a requirement for the
richness of spatial information, and we use various multiscale
superpixel maps to generate a scale map to measure spatial
similarity comprehensively and adaptively.
Considering the variation of object shapes and distribution
patterns, we use superpixel maps at various scales to extract
the spatial information in HSI. The number of superpixels in
the i th scale Ni is computed as follows:
X ×Y
, i = 2, 3, . . . , I
(21)
Si
where Si denotes the estimated number of pixels in superpixel,
which is calculated by the designed heuristic formula

10 × i
(22)
Si =
Lg(Res + 1)
Ni =

where Lg(·) means the logarithm based on 10, and Res is
the HSI spatial resolution (i.e., meters per pixel). For the i th
scale, Ni is one of the input key parameters to ERS and SNIC
algorithms.
We can obtain I − 1 different superpixel maps W =
{W2 , . . . , W I } for each superpixel segmentation algorithm
through the variation of scale parameter i . We use multiscale ERS algorithm to create superpixel segmentation maps
2
I
, . . . , WERS
} and exploit multiscale SNIC
WERS = {WERS
algorithm to obtain superpixel segmentation maps WSNIC =
2
I
{WSNIC
, . . . , WSNIC
} to take the complementary advantages of
different segmentation and multiple scales. WERS and WSNIC
are combined together to get the total set of superpixel maps,

and the i  th map is expressed as Wi , i  ∈ 1, . . . , 2(I − 1).
At the next step, we introduce a geometric model into
the various multiscale superpixel segmentations to enhance
the feature expression under spatial constraints. The spatial
similarity of pixels is converted into the calculation of distance
scale, and the spatial distribution of pixels is determined by

Authorized licensed use limited to: SHENZHEN UNIVERSITY. Downloaded on April 11,2022 at 08:06:44 UTC from IEEE Xplore. Restrictions apply.

ZHANG et al.: SUPERPIXEL-GUIDED VARIABLE GABOR PHASE CODING FUSION

the minimum distance from pixels to points on superpixel
edges. Specifically, for the pixels close to superpixel edges, the
surrounding context is more complex, and the category distinction is not particularly obvious, so the contextual information
in the smaller neighborhood with shorter distances should be
considered. Hence, we choose the minimum value to generate

the initial scale map Di (x, y), which is expressed as



 )2 + (y − y  )2
Di (x, y) = min
−
x
(x
 
(x ,y )∈ζ


(x, y) ∈ , i ∈ 1, . . . , 2(I − 1)

(23)

where  represents the set of pixel spatial coordinates and
(x  , y  ) represents any point on superpixel edges. i  ranges
from 1 to the total number of multiscale ERS and SNIC
superpixel maps.

Directly utilizing Di (x, y) as the convolution kernel radius
size of variable filter is highly risky to oversize and interfere
with other features. Geometrically, the new radius size is considered as one-half size of the square window diagonal based
on original minimum distance to avoid confusing interference.
Therefore, the geometric optimization process converts the
distance map into a scale map, which is represented as
 

Di (x, y)
i
√
D (x, y) = 2 ×
+ 1, (x, y) ∈ .
(24)
2


In the scale map, Di (x, y) is adopted as the convolution kernel
diameter size of variable filter. Threshold is set to T to avoid
the filter becoming too large and bringing in sample points of
other categories. The threshold processing is expressed as
 

Di (x, y), Di (x, y) ≤ T

i
D (x, y) =
(25)

T,
Di (x, y) > T
where T is a user-defined parameter controlling the upper
range of kernel size, which is the same parameter in (13).

The value of Di (x, y) represents the convolution kernel size

generated from superpixel map Wi , and it is odd value
between one and T . Finally, the integrated scale map M is
further generated by the majority voting of various multiscale
superpixel maps, which can be shown as


(26)
M(x, y) = MV D1 , . . . , D2(I −1) (x, y)
where MV is the majority voting operator. MV can perfectly
combine the global and local spatial information of HSI,
providing a more representative scale map M. The fusion
of various multiscale superpixel maps obtains different visual
content and further improves the performance.
D. Multiple Kernel Fusion
Since the distribution of various land covers is unknown in
advance, the windows in changeable size may mix with anomalous data in practical situations. Fortunately, the integrated
scale map M controls the selection of convolution kernel size
and produces the optimized neighborhood window centered
on each pixel. Thus, an adaptive filter is created, and the
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Algorithm 1 SuVGF for HSI Classification
1: INPUT: raw HSI R ∈ R X ×Y ×B with C classes;
2: OUTPUT: The predicted classification map of all pixels
Class ∈ R X ×Y ;
3: Begin
4: adopt PCA to R to create R  ;
5: utilize multiscale ERS and SNIC on R  to obtain the

superpixel maps Wi ;
6: use (24), (25), and (26) to generate the scale map M;
7: for k = 1 to K do
8: for j = 1 to 5 do
9:
for i = 1 to 4 do
10:
use (11) and (13) for (12) to create the variable 3-D
Gabor features Gi,k j ;
11:
end for
12: end for
13: use (15) and (16) to encode the variable 3-D Gabor
features Gk and obtain the 3-D Gabor phase features Qk ;
14: use (17)−(20) to obtain the upper and lower layer LTP
features, and combine them to get the total features Qk ;
15: obtain the confidence cube F K via RF classifier applied
to the total LTP features Qk ;
16: use (27) to obtain the regularized feature cubes H K ,
and then get the regularized confidence cubes Zk via RF
classifier;
17: end for
18: use (28) to obtain the predicted classification map Class;
19: End

regularized feature Hk is defined as
rx y
H (x, y) =
k



v̂ x  , y  =

y  =−rx y

rx y

x  =−rx y
rx y
y  =−rx y

 


v̂ x  , y  Fk x + x  , y + y 
rx y


x  =−rx y v̂(x , y )

1 − x 2 +y2 2
e 2σ
2πσ 2

(27)

where v̂(x, y) is the 2-D Gaussian function and r xy equals to
((M(x, y) − 1)/2) that is the convolution kernel radius size at
(x, y) in M. Fk is the initial confidence cube obtained in Gabor
phase feature coding, and Hk (x, y) is the regularized feature
cube obtained after Gaussian smoothing. After the regularizing
step, the consistency of data distribution can be well preserved.
With the diversity and complexity constraints of actual HSI
data, it is difficult for a single kernel function to perfectly
solve the classification problems for different datasets. Therefore, the effective representation of heterogeneous features is
designed to combine the multiple kernel features and exploit
the discriminative structural information of samples. This article proposes a strategy of MKL to fully utilize the intrinsic
features embedded in K sets of features Hk . Then, Hk is
adopted to the RF classifier to produce the confidence cube
Zk ∈ R X ×Y ×C . Zkc (x, y) represents the probability of pixel
(x, y) in the kth group belonging to the class c. We determine
the label of each pixel through the probabilistic prediction of
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Ground-truth map of Indiana HSI (16 land cover classes).
TABLE I

L AND C OVER C LASSES W ITH THE N UMBER OF S AMPLES FOR I NDIANA

Fig. 5.

Ground-truth map of Salinas HSI (16 land cover classes).

TABLE II
L AND C OVER C LASSES W ITH THE N UMBER OF S AMPLES FOR S ALINAS

features, expressed as
Class(x, y) = arg max

K


c=1,...,C k=1

Zkc (x, y).

(28)

The generalization ability and robustness of the SuVGF
method are enhanced, and the classification performance
is improved with comprehensive spectral–spatial feature
extraction.
IV. E XPERIMENTAL S ETUP
In this section, first, three real HSI datasets imaged in
various places are introduced to demonstrate the superiority of
the SuVGF method. Second, the contribution of variable 3-D
Gabor wavelets is performed on the classification. Moreover,
the analysis of kernel parameter K and threshold parameter T
is achieved. Finally, ablation experiments are accomplished to
validate the effectiveness of modules in SuVGF.
A. Hyperspectral Dataset Description
1) Indiana Pines Dataset: The first dataset used for testing
is Indiana Pines HSI, which was collected by the Airborne Visible Infrared Imaging Spectrometer (AVIRIS) sensor in Northwest Indiana, USA. The wavelength ranges from 0.4 to 2.6
μm, covering 224 spectral bands. Moreover, only 185 bands
are retained after removing the zero bands and noise bands.
The image provides a spatial resolution of 20 m per pixel,
containing 145 × 145 pixels. All the 10 249 labeled samples
are classified into 16 classes, and the specific distribution of

labeled samples is shown in Fig. 4. Table I gives a description
of the numbers of labeled samples corresponding to different
classes.
2) Salinas Dataset: The second real-world dataset is Salinas
HSI, which is captured by the AVIRIS sensor over the Salinas
Valley, California, USA. The image consists of 224 bands
by 512 × 217 pixels with the spatial resolution of 3.7 m per
pixel, and 204 bands are retained after removing noise bands.
The dataset contains a total of 54 129 labeled samples, which
can be classified into 16 classes. The distribution of different
land cover classes is displayed in Fig. 5, and the numerical
information for corresponding categories is shown in Table II.
3) Trento Dataset: The third dataset is Trento HSI, gathered
in Trento, Italy. The image is filled with 166 × 600 pixels,
which achieves a high spatial resolution of 1 m per pixel.
There are 30 414 labeled samples that can be divided into six
different classes, which occupies 30% of the total samples.
In addition, the spectral dimension is 63 bands ranging from
0.4 to 0.98 μm. The detailed distribution and numerical information are presented in Fig. 6 and Table III, respectively.
B. Ablation Experiment
There are several standard indicators to quantify the performance of HSI classification, including overall accuracy
(OA), class accuracy (CA), and kappa coefficient (κ) [63].
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Ground-truth map of Trento HSI (six land cover classes).
TABLE III

L AND C OVER C LASSES W ITH THE N UMBER OF S AMPLES FOR T RENTO

Fig. 7. Indiana dataset: (a) OA and (b) κ of five kinds of sine waves and
VG wavelets, respectively.

Fig. 8. Salinas dataset: (a) OA and (b) κ of five kinds of sine waves and
VG wavelets, respectively.

Concretely, the obtained features are more identifiable when
the values of the three indicators are higher. All experimental
results in terms of OA, CA, and κ are the average of training
for ten times to avoid the contingency. As mentioned above,
we focus on solving the problems of a small sample set so that
three to 15 samples per class are randomly selected to form
the training set, and the rest samples are used as the testing
set for each experiment.
1) Integration Necessity of Five Sine Waves: We design five
kinds of sine waves for 3-D Gabor wavelets to explore the
effect of various Gabor filter structures, and the comparison
results are shown in Figs. 7–9, respectively. As we can see,
different types of sinusoidal waves contribute unequally to the
classification among three datasets, and the accuracy raises
generally as the number of labeled samples increases. Concretely, the sinusoids with parameters (1, 3, 2) make the most
considerable contribution to the Indiana HSI classification, but

Fig. 9. Trento dataset: (a) OA and (b) κ of five kinds of sine waves and VG
wavelets, respectively.

Fig. 10. OA versus the threshold parameter T for Gabor kernel size on
(a) Indiana, (b) Salinas, and (c) Trento using different numbers of training
samples per class.

it contributes relatively little to the Salinas dataset. Generally,
the sinusoids with parameters (1, 3, 2) and (2, 2, 2) obtain
a little better performance than the other single sine waves.
Furthermore, the total integration of five sine waves achieves
the best accuracy and consistency for classification due to the
comprehensive description and flexible utilization. Considering different types of sine waves show distinct performance on
each dataset, it is necessary to take the five kinds of sinusoids
into a unified model to improve the generalization and stability.
2) Analysis for Threshold Parameter T : The Gabor filters
use different sizes of convolution kernels to enhance the
acquired feature distinguishability. Fig. 10 shows the classification results achieved by selecting the convolution kernels in
various sizes for each HSI dataset, using different numbers of
training samples, respectively. It can be seen that the optimal
convolution kernel size of a single Gabor is not the maximum
value, and the trend of OA versus the kernel size is not the
same on the three datasets. Specifically, the OA gradually rises
with the increasing kernel size of the Gabor filter on Indiana,
and it rises in fluctuation with the increasing kernel size
on Salinas. In contrast, the OA ascents rapidly and descents
slightly during the smaller kernel sizes on Trento. Although
the optimal kernel parameter with the best performance is
different for multiple sample sizes on three HSIs, the accuracy
similarly tends to be stable when the kernel size is larger
than the medium to high value. Therefore, comprehensively
considering the overall performance, computational efficiency,
and model applicability, the threshold parameter T is set to
53 to maintain stable accuracy and appropriate complexity.
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Fig. 11. OA versus the kernel parameter K for variable 3-D Gabor filers
and the initial scale I for superpixel maps on Indiana using (a) three, (d) five,
(g) ten, and (j) 15 training samples per class, on Salinas using (b) three,
(e) five, (h) ten, and (k) 15 training samples per class, and on Trento using
(c) three, (f) five, (i) ten, and (l) 15 training samples per class.

3) Analysis for Kernel Parameter K and Scale Parameter I :
The fused features of five kinds of sinusoids retain the detailed
content of multiscale kernel Gabors, and we choose K groups
of variable 3-D Gabor wavelets for feature extraction, where K
controls the selection of kernel parameters. On the one hand,
selecting too many groups would result in massive redundancy,
increasing the computational complexity and reducing the
classification accuracy. On the other hand, selecting too few
groups cannot complement each other effectively through the
MKL. Thus, the selection of kernel parameter K directly
influences the final classification results.
Besides, there is an assumption that adjacent pixels belong
to the same class rather than separate ones. Thus, the spatial filter achieves per-pixel likelihoods based on neighborhood, and
the Gaussian smoothing is applied to reduce local variations.
The traditional Gaussian filters use the fixed convolution kernel
size, which does not adequately guarantee the homogeneity of
pixels in the neighborhood. Meanwhile, multiscale superpixel
segmentation methods are excellent at extracting the abundant
spatial structure features, and the initial scale I affects the
number and quality of superpixels. The superpixel-based scale
map guides the kernel selection for Gaussian filters to minimize the local fluctuations of per-pixel likelihoods. Therefore,
the selection of the initial scale I measures the homogeneity
of regions and influences the effect of Gaussian filters.

As shown in Fig. 11, we analyze the kernel parameter K
and scale parameter I on classification results using different
numbers of training samples, and the value range of K and I is
[2, 10]. The larger K means that more Gabor kernel parameters
are selected, and the larger I represents that more pixels are
included in superpixels. It is shown that the OA generally
rises with the increment of parameter K , demonstrating the
fusion effectiveness of Gabor filters with multiple kernels.
There are some declining fluctuations during the intermediate
K values on Indiana and Salinas datasets, and during the
lower K values on the Trento dataset. Moreover, the OA is
shown to be more stable with the larger values of parameter I ,
considering the integration improvement of various multiscale
superpixel segmentation. The OA starts to be stable from the
intermediate I values on Indiana and Salinas datasets, and
from the lower I values on the Trento dataset. Although it is
illustrated that the HSIs with high and low spatial resolutions
have different local changes on parameter analysis, they also
have a common stable tendency. Therefore, in order to balance
the feature redundancy, computation complexity, and classification performance, K and I are specifically set to 4 and 7,
respectively, ensuring the robustness of SuVGF.
4) Module Effectiveness: We conduct several ablation
methods on three datasets separately to demonstrate the effectiveness of modules in SuVGF. All ablation experiments are
classified by the RF classifier, differing in the feature extraction strategies. First, the SuRAW method utilizes a superpixel
map to regularize the RF classification result on the original
HSI data to demonstrate superpixel guidance without Gabor
filters. Second, the Gabor method uses traditional 3-D Gabor
wavelets with 52 filters to obtain magnitude features, which
are stacked along the spectral direction and input into the
classifier. Third, the FCG method applies the LTP coding to
phase features achieved by traditional 3-D Gabor wavelets,
and only the filters parallel to the spectral axis are used. This
comparison is designed to demonstrate the characterization
capability of phase features versus magnitude features. Fourth,
the VG method uses the 3-D VG wavelets and introduces
five types of response intensity parameters to obtain phase
features, with the parallel orientation to the spectral axis.
It is set to further confirm the effectiveness of Gabor phase
features with different sinusoids. Fifth, the SuVG method
adopts the superpixel-based integrated scale map to guide the
Gaussian smoothing on VG features to reflect the smoothing
effectiveness based on multiscale superpixel segmentation and
spatial structure extraction. Finally, our SuVGF method fuses
all the variable 3-D Gabor features of multiple kernels to
gain the comprehensive representation and final classification,
which exhibits the complementarity of features and the need
for MKL.
The comparison results of six ablation methods on three
datasets are listed in Tables IV–VI, where only three labeled
samples per class were selected randomly for training. The
SuRAW method shows the worst classification performance
on Indiana and Trento datasets, and the Gabor method shows
the worst on the Salinas dataset. The raw HSI information
on Salinas is more distinct between categories for land cover
recognition than other datasets. It is illustrated that traditional
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TABLE IV
C LASSIFICATION A CCURACY (%) AND K APPA OF M ODULE
E FFECTIVENESS ON THE I NDIANA D ATASET W ITH T HREE
L ABELED S AMPLES PER C LASS AS THE T RAINING S ET

Fig. 12. Indiana HSI: (a) OA and (b) Kappa as functions of the number of
labeled samples per class.

TABLE V
C LASSIFICATION A CCURACY (%) AND K APPA OF M ODULE
E FFECTIVENESS ON THE S ALINAS D ATASET W ITH T HREE
L ABELED S AMPLES PER C LASS AS THE T RAINING S ET

method, which indicates that the phase features become more
identifiable after l LGTP feature coding. Moreover, the VG
method can capture a richer diversity of features with multiple
response intensity parameters for higher accuracy, thus supporting the need to introduce a response strength parameter.
Besides, we reduce one parameter to decrease the algorithm
complexity. The accuracy of SuVG is furthermore enhanced
compared to the previous methods, indicating that superpixel
segmentation can effectively extract the spatial structure information and guide the adaptive Gaussian filter to suppress noise
significantly. As expected, our SuVGF method yields the best
results with the highest accuracy and consistency, considering
it fuses Gabor features with multiple kernels and integrates
multiscale spatial structure information, to enhance the feature
discriminability.
V. E XPERIMENTAL R ESULT

TABLE VI
C LASSIFICATION A CCURACY (%) AND K APPA OF M ODULE
E FFECTIVENESS ON THE T RENTO D ATASET W ITH T HREE
L ABELED S AMPLES PER C LASS AS THE T RAINING S ET

3-D Gabor wavelets enhance the feature representation but
inevitably exacerbate the Hughes phenomenon due to a large
amount of feature redundancy. Hence, we only use the 3-D
Gabor filters parallel to the spectral axis in the SuVGF method
to reduce redundant information and retain significant features.
The FCG method achieves higher accuracy than the Gabor

In this section, comparison experiments are carried out
and analyzed to demonstrate the superiority of the SuVGF
method. Specifically, the raw hyperspectral image (RAW)
method implements land cover classification directly using
spectral values and RF classifier, without further feature
extraction. The KPCA method uses a typical DR approach
of kernel principal component extraction to transform the
spectral features for HSI classification. The other three common feature extraction methods for comparison are nonlinear
multiple feature learning-based classification (NMFL) [64],
EMAP [65], and LBP with extreme learning machine (LBPELM) [22]. In addition, the 3-D generative adversarial network
(3-DGAN) [16] and multitask deep learning in the open world
(MDL4OW) [66] are well-designed deep network methods
under few-shot conditions. Among all comparison methods,
the RAW, KPCA, and EMAP make use of RF classifiers,
and the others employ their own classifiers. We analyze the
performance of experiments using three to 15 training samples
per class in terms of OA, CA, and κ, with cross-validations
for ten times. First, the curves of OA and kappa are displayed
to analyze the performance trends with increasing training
samples. Second, the evaluation results for three datasets with
three labeled samples per class as training set are listed in
tables on average. Third, the classification result maps are
drawn for qualitative analysis and visual comparison.
A. Classification Results
The OA and κ of Indiana, Salinas, and Trento datasets
are shown in Figs. 12–14, respectively. All figures depict the
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Fig. 13. Salinas HSI: (a) OA and (b) Kappa as functions of the number of
labeled samples per class.

a better learning effect, and the 3-DGAN method makes full
use of the 1-D hyperspectral profile and 3-D spectral–spatial
information to enhance feature extraction. Both MDL4OW
and 3-DGAN show stable classification performance, but deep
neural networks still suffer from the problems of the small
sample set and overfitting due to a large number of learnable
parameters in the model and the requirement of abundant
training samples. As we expect, the SuVGF method consistently shows the best classification performance with an
increasing number of samples, especially using only three
training samples per class. It demonstrates that the fusion
strategy of multiple kernels is conductive to comprehensive
feature representation, and superpixel guidance contributes to
reducing noise interference and raising accuracy.
B. Quantitative Analysis

Fig. 14. Trento HSI: (a) OA and (b) Kappa as functions of the number of
labeled samples per class.

general rising trends for all methods with increasing training
samples, as more samples allow better feature extraction.
The OA of the Trento dataset is higher than that of the Salinas
and Indiana datasets because the Salinas and Indiana datasets
possess complex spatial distribution and confusing classes with
similar spectral features. In contrast, the Trento dataset has
more distinguishable categories in a much simpler distribution,
which is easy for classification. In general, the performance of
each method is gradually improved as the number of samples
increases, but not equally.
Specifically, the performance of RAW, KPCA, NMFL, and
LBP-ELM methods is relatively poor. The RAW method has
weak feature discriminability as no feature extraction processing was done to HSI. The KPCA method only carries out
the DR from a spectral perspective, and a large amount of
valid information may be lost, resulting in low classification
accuracy. The NMFL method simply stacks the multiple linear
and nonlinear features without fusion strategies, which lacks
feature mining and complementary fusion, and the LBP-ELM
method does a similar operation after DR. However, there is
a dramatic improvement in the classification performance of
NMFL and LBP-ELM with an increasing number of samples
on Trento and Salinas datasets, respectively, showing that
they are more sensitive to the sample set size. In addition,
the NMFL method has the lowest accuracy on the Indiana
dataset but presents good classification performance on the
Salinas dataset, considering it is not a stable method for
HSIs under various conditions. In contrast, the EMAP method
shows a more steady growth trend than NMFL and LBPELM methods on different datasets since the effective single
feature expression is better than the direct combination of
confusing features without a proper strategy. Moreover, the
MDL4OW method accomplishes the classification and reconstruction simultaneously in a multitask framework to obtain

We present the CA, OA, and κ in Tables VII–IX with
only three samples per class, which is used to analyze the
method performance in addressing small sample problem. For
the Indiana dataset, as Table VII reveals, C3 (corn-min till),
C4 (soybean-no till), C6 (soybean-clean till), C13 (corn-no
till), and C14 (soybean-min till) are particularly difficult to
classify because they are corn and soybean in different stages
of cultivation with similar plant characteristics. Despite this,
SuVGF achieves the best classification results for C13 and
C14, and has stable performance for C3, C4, and C6. C11
(Corn) presents a small patch with fewer labeled samples,
which requires the extraction and discrimination ability of the
spatial structure and object relationship for the algorithm. The
differences exhibited by methods are particularly large on C11,
and NMFL and SuVGF obtain the worst and best classification accuracies, respectively. Despite the uneven distribution
of samples in Indiana and weak separability of vegetation
categories, SuVGF achieves 100% or near 100% accuracy on
the C2 (hay-windrowed), C10 (grass/pasture-mowed), and C12
(oats) classes.
For the Salinas dataset, C1 (brocoli green weeds) and C2
(brocoli green weeds 2) are weeds, and C11 (lettuce romaine
4wk), C12 (lettuce romaine 5wk), C13 (lettuce romaine 6wk),
and C14 (lettuce romaine 7wk) are lettuces in various periods.
These categories are relatively distinguishable due to the fast
growth and obvious feature changes of weeds and lettuces,
and most methods have correspondingly good recognition,
except the MDL4OW on C2. Moreover, C3 (Fallow), C4
(Fallow rough plow), and C5 (Fallow smooth) are croplands
in different states, and they are also relatively easy to classify
due to the good regularity of distribution. In contrast, C8
(Grapes untrained) and C15 (Vinyard untrained) are similar
categories with confusing properties, which are hard to identify. Consequently, SuVGF achieves over 95% accuracy for
most classes as Table VIII displays due to the VG feature
fusion and multiscale spatial structure description.
For the Trento dataset, C4 (Wood) and C5 (Vineyard)
are different categories with distinguishable features, and the
SuVGF method achieves the best CA close to 100%. C2
(Buildings) and C6 (Roads) are artificial surfaces, and C6 has
a relatively lower classification accuracy in all methods due to
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TABLE VII
C LASSIFICATION A CCURACY (%) AND K APPA M EASURE FOR I NDIANA ON THE T EST S ET W ITH
T HREE L ABELED S AMPLES PER C LASS AS THE T RAINING S ET

TABLE VIII
C LASSIFICATION A CCURACY (%) AND K APPA M EASURE FOR S ALINAS ON THE T EST S ET W ITH
T HREE L ABELED S AMPLES PER C LASS AS THE T RAINING S ET

TABLE IX
C LASSIFICATION A CCURACY (%) AND K APPA M EASURE FOR T RENTO ON THE T EST S ET W ITH
T HREE L ABELED S AMPLES PER C LASS AS THE T RAINING S ET

its linearly narrow shape and distribution along with other land
covers. C2 is distributed discretely with a blocky appearance,
which is more identifiable than C6, and the methods have
higher recognition accuracy on C2 than C6. The results of all
methods are different, but the SuVGF method still achieves
the best performance overall.
C. Qualitative Analysis
The classification maps of all methods in a single experiment are shown in Figs. 15–17, which displays visual results
for qualitative analysis. Compared to the classification maps

of the RAW method, KPCA reduces the fragmentation of C2
and C14 on Indiana, decreases the confusion of C3 on Salinas,
and enhances the continuity of C1 on Trento, respectively.
It is suggested that the DR method can reduce the intraclass
spectral variation and, thus, enhance the feature discrimination.
The NMFL method has an obvious salt and pepper effect in
the classification maps, which is particularly evident in the
distribution of C2 and C8 on the Indiana dataset. LBP-ELM
and EMAP methods enhance the regional continuity through
spatial feature extraction, but their classification results for
pixels close to boundaries are relatively poor. It is indicated
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Fig. 15. Indiana classification maps (three labeled samples per class for training). (a) Training set. (b) Testing set. (c) RAW (41.73%). (d) KPCA (38.92%).
(e) NMFL (41.70%). (f) EMAP (36.27%). (g) LBP-ELM (54.33%). (h) 3-DGAN (54.10%). (i) MDL4OW (42.06%). (j) SuVGF (67.32%).

Fig. 16. Salinas classification maps (three labeled samples per class for
training). (a) Training set. (b) Testing set. (c) RAW (81.49%). (d) KPCA
(82.35%). (e) NMFL (79.46%). (f) EMAP (82.12%). (g) LBP-ELM (66.07%).
(h) 3-DGAN (87.07%). (i) MDL4OW (76.01%). (j) SuVGF (88.54%).

that single feature extraction does not make full use of the
abundant information and reduces the identification accuracy.
The class boundaries of 3-DGAN and MDL4OW methods
remain relatively clear, and the confusion within boundaries is
low, considering the contribution of integrated spatial–spectral
feature learning. Besides, 3-DGAN and MDL4OW tend to
have the mixed classification results of C1, C4, and C5 on the
Trento dataset and are not well differentiated for the man-made
surface categories (C2 and C6) with similar spectral attributes.
In contrast, SuVGF achieves the best results of classification
maps on three datasets. Compared to other methods, SuVGF
has the lowest category confusion for C8 in Indiana, obtains
the highest regional continuity for C6 and C15 on Salinas, and
describes the clearest boundaries for C5 on Trento, respectively. It is demonstrated that the strategy of multiple kernel
feature fusion and guidance of multiscale superpixels have
advantages of comprehensive feature extraction and accurate
land cover classification.

Fig. 17. Trento classification maps (three labeled samples per class for
training). (a) Training set. (b) Testing set. (c) RAW (69.38%). (d) KPCA
(65.64%). (e) NMFL (60.70%). (f) EMAP (83.47%). (g) LBP-ELM (79.74%).
(h) 3-DGAN (79.42%). (i) MDL4OW (89.08%). (j) SuVGF (91.46%).

VI. C ONCLUSION
This article proposes a SuVGF method for HIS classification
to alleviate the small sample size problem. The 3-D Gabor
filters parallel to the spectral axis are applied to achieve
the phase feature extraction and encoding, decreasing data
redundancy and enhancing feature robustness. Moreover, the
designed plane sine wave of 3-D Gabor reduces one response
intensity parameter, and we can obtain the rich spectral–spatial
features through groups of variable 3-D Gabor filters. Meanwhile, we exploit the complementary characteristics of diverse
multiscale superpixel segmentation, including ERS and SNIC
algorithms, to perform the spatial structure extraction. The
Gaussian smoothing guided by a superpixel-based scale map
has a good effect on noise suppression. Finally, the fusion of
all regularized features significantly improves the generalization ability and classification accuracy of the proposed SuVGF
method.
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The superiority of the SuVGF method is demonstrated
with the best performance on three real-world HSI datasets,
which is motivated by the insufficient exploitation of Gabor
filters and inadequate use of spatial information. The SuVGF
improves the feature expression and classification performance
by making full use of the highly informative contents in HSI.
The relevant parameter settings are applicable to three datasets
in this study, and we believe that these settings are also
adaptable to other hyperspectral data without sacrificing the
generalization ability. In future work, the attention mechanism
and more fusion strategies will be introduced to describe
the different contributions of multiple kernels and multiscale
superpixels for classification.
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