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ABSTRACT
Hyperspectral image (HSI) contains rich spatial and spectral informa-
tion, which has been widely used in resource exploration, ecological
environment monitoring, land cover classification and target recogni-
tion. However, the nonlinearity of HSI data and the strong correl-
ation between bands also bring difficulties and challenges to HSI
application. In particular, the limited available hyperspectral training
samples will lead to the classification accuracy cannot be improved.
Therefore, making full use of the advantages of HSI data, through
algorithms and strategies to solve the limited training samples, high-
dimensional HSI data and effective classification method, so as to
improve the classification accuracy. This paper reviews the research
results of the feature extraction methods and classification methods
of HSI classification in recent years. In addition, this paper expounds
five kinds of small sample strategies, and solves the problem of small
sample in HSI classification from different angles. Small sample strat-
egy will be the focus of HSI classification research in the future. To
solve the problem of small sample classification can greatly promote
the application of HSI.

KEYWORDS
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1. Introduction

Hyperspectral imaging technology began to rise in the field of earth observation in the
1980s. Imaging spectrometer is a hardware device for collecting hyperspectral images
(HSI). With the rapid development of imaging spectrometer in recent decades, hyper-
spectral imaging technology has been widely used in resource exploration, ecological
environment monitoring, land cover classification and target recognition.[1–2]

Hyperspectral remote sensing technology integrates spectrum and image, and can
obtain image and spectral data at the same time.[3] Hyperspectral image sensor provides
HSI of hundreds of spectral bands in the same region. There are many spectral bands
in spectral information, including visible spectrum, near infrared spectrum, mid infrared
spectrum, etc., and each pixel has a continuous and high resolution spectrum. HSI can
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be regarded as a cube containing two-dimensional spatial information and the third dimen-
sional is spectral information. These characteristics of HSI improve the accuracy of the
application in the qualitative and quantitative analysis of surface features and targets. At the
same time, there are some challenges in the application of HSI. Firstly, hyperspectral data is
nonlinear, and due to the interference of a variety of uncontrollable external factors, includ-
ing environment, atmosphere, illumination, data transmission, etc., and spectral information
will be lost or affected by noise.[4] Secondly, hyperspectral data contains a lot of data and
the correlation between adjacent bands is strong, it is easy to cause information redundancy
and overlap. Thirdly, it is difficult to obtain the available training samples, which will lead
to the ill posed problem of some methods, reduce the generalization ability of the classifier,
and limit the wide application of hyperspectral.[5]

HSI contains rich spatial and spectral information, which brings further development
of land cover classification. However, the nonlinearity of HSI data and the strong cor-
relation between bands also bring difficulties and challenges to HSI application in object
recognition. In particular, the limited available hyperspectral training samples will lead
to the classification accuracy cannot be improved. Therefore, making full use of the
advantages of HSI data, through algorithms and strategies to solve the limited training
samples and high-dimensional HSI data, so as to improve the classification accuracy, it
is the research hotspot of current researchers.

2. Feature extraction methods

The feature extraction methods in HSI classification mainly include spectral feature
extraction, spatial feature extraction, 3D spatial-spectral feature extraction and feature
extraction based on image segmentation. The spectral feature extraction method is
based on the spectral data of each pixel and extracts the effective data according to the
correlation rules. Spatial feature extraction is mainly aimed at the spatial features of
HSI, which is often combined with spectral feature extraction. 3D spatial-spectral fea-
ture extraction is to extract the three-dimensional data of HSI directly, and retain the
information of the original data to the maximum extent. According to the image seg-
mentation theory, HSI is segmented according to the similarity between pixels, and
then classified. The categorization of the feature extraction methods is shown in Figure

Figure 1. Categorization of the feature extraction methods.
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1, and the advantages and disadvantages of feature extraction methods is shown in
Table 1.

2.1. Spectral feature extraction

In HSI, each pixel contains hundreds of spectral bands. Compared with the traditional
imaging system, rich spectral information is helpful to better identify the surface fea-
tures and objects. However, due to the small spectral band spacing, these bands are
highly correlated and contain redundant information. Some spectral bands can reveal
important information in specific applications, while these bands may not provide use-
ful information in other applications. At the same time, redundant bands and noise
bands not only increase the amount of unnecessary calculation, but also affect the classi-
fication accuracy. Therefore, it is very important to extract the effective spectral feature
for the full use of HSI and improve the classification accuracy.
The principle of spectral feature extraction algorithm is to project the data into a new

feature space while retaining its recognition information. The new feature space is usu-
ally a low dimensional space, but sometimes it is the same or higher dimensional space.
The feature extraction algorithm combines the original bands to generate new spectral
features, and the new features retain most of the important information. Traditional
spectral feature extraction methods include principal component analysis (PCA), inde-
pendent component analysis (ICA), linear discriminant analysis (LDA), etc.
PCA is a very common method to extract the feature information of hyperspectral

spectral information. It is a method to get the minimum root mean square error of
data, and generates features that minimize the correlation between principal compo-
nents. Through PCA algorithm, the useful information in the original hyperspectral
data can be concentrated into as few feature images as possible, and the images of dif-
ferent bands are not correlated with each other. In order to reduce the amount of calcu-
lation, the segmented PCA is proposed which divides the spectral information into
multi segment to analysis, and the local PCA is proposed which establishes the local
relationship according to the surrounding information. However, when PCA is used,

Table 1. The advantages and disadvantages of feature extraction methods.
Feature extraction method Advantages Disadvantages

Spectral feature extraction Model determination, simple
algorithm, easy to understand
and process.

It ignores the spatial distribution
information of HSI, and cannot
reveal the internal structure of
the data.

Spatial feature extraction Combined the spatial and spectral
information, the classification
accuracy can be improved to a
certain extent.

Due to the limitation of dimension
and training samples, the
obtained long feature vector
contains redundant information,
which leads to over fitting.

3D spatial-spectral feature extraction It cannot change the original shape,
and retain the original spectral-
spatial correlation to the
greatest extent.

There are many data, large amount
of calculation, long running time
and easy to introduce interference
information.

Feature extraction based on image
segmentation

The probability that the adjacent
pixels of HSI are of the same kind
is very high, which is conducive to
feature extraction.

The coefficient selection between
spatial data and spectral data
needs to be tested and this
method is vulnerable to noise.
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sometimes the image quality does not decline steadily with the decrease of principal
component. In order to solve this problem, the minimum noise fraction (MNF) is pro-
posed. MNF introduces signal variance and noise variance to extract feature information
and separate noise effectively. Based on MNF, a segmented maximum noise fraction
(SMNF) transform is proposed for HSI feature extraction.[6] PCA and MNF are easy to
ignore some important information in characterizing fine substance due to abandoning
the latter several principal components. ICA is to linearly decompose the original data
into statistically independent potential variables to find a projection direction that can
make the data most independent, which is conducive to the effective retention of small
target and small category information.
PCA, MNF and ICA are all unsupervised feature extraction methods. Supervised fea-

ture extraction depends on the prior knowledge provided by labeled samples. LDA is a
supervised feature extraction method widely used in classification. The essence of LDA
is to project high-dimensional feature data into the best discriminant coordinate space,
so as to reduce the complexity of feature calculation and extract effective classification
feature. However, when the number of samples is far less than the feature dimension,
the distance between samples increases, which leads to the failure of distance measure-
ment. It makes the intra-class and inter-class dispersion matrix singular, and is unable
to get the optimal projection direction. According to the shortcomings of LDA, local
Fisher’s discriminant analysis (LFDA) is proposed. LFDA has a good effect in feature
extraction of different types of images.[7] However, for high-dimensional images,
because the intra-class scattering matrix is usually singular, the effect of extracting fea-
ture information is often limited. Non-parametric Weighted Feature Extraction (NWFE)
overcomes the shortcomings of LFDA, defines new intra-class and inter-class scatter
matrices, and calculates the weighted average. NWFE is a successful HSI processing
method, but it faces the problem of computing time
PCA, MNF, ICA, LDA and other algorithms are based on the principle of statistics.

According to a certain optimization criterion of statistics, an optimal model is con-
structed, and the feature information is extracted by data linear method. The advantages
of these methods are model determination, simple algorithm, easy to understand and
process, but it ignores the spatial distribution information of hyperspectral data, and
can not reveal the internal structure of the data. In addition, spectral feature extraction
methods include one-dimensional discrete wavelet transform (1D-DWT), deep learning
method, etc.

2.2. Spatial feature extraction

Although the spectral information in HSI has a lot of material information, the analysis
results only using the spectral feature of HSI need to be improved. When two targets
samples have the same spectral information, they can be classified or recognized by
shape and texture. Only using spectral information or spatial information can not
achieve effective results. Spatial neighborhood information also provides important
information for the classification. If the spatial and spectral information can be com-
bined, the classification accuracy can be improved to a certain extent.[8] The commonly
used spatial feature methods include morphological profiles (MP), gray level co-
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occurrence matrix (GLCM), Gabor filter, Local binary pattern (LBP), two-dimensional
wavelet transform (2D-DWT), etc.
Mathematical morphology (MP) are constructed by repeatedly using open and close

operations on the image and increasing the size of structural elements (SE). It uses mor-
phological operations to generate spatial structure features. MP can well characterize the
multi-scale variability, but it has some shortcomings for simulating other geometric
attributes of SE, so attribute filters (AF) are proposed.[9] AF operates on pixels based on
different attributes such as area, standard deviation, volume, etc. Attribute profiles (AP)
are constructed with AF. Due to successful performance of MP, it produced an
improved version. MP and AP are created for each image after dimensionality reduction
to obtain extended morphological profiles (EMP), and extended attribute profiles
(EAP).[10] If the EAP of multiple attributes is superimposed together, it will form the
extended multi attribute profile (EMAP). In order to solve the difficulty of EMAP in
selecting filter parameters for constructing contour, all filter parameters sampled in a
very small interval are used, that is, entire extended multi attribute profile (EEMAP).[11]

But it has its own limitations in very large dimension and high redundancy. The meth-
ods of MP combined with spectral information to reduce the redundant information of
images often use PCA, and PCA can maximize the retention of useful information.[11]

GLCM is a method to calculate the image texture characteristics. GLCM includes
variance, median, energy, homogeneity, correlation, contrast, extraction, difference, con-
trast, correlation, second-order distance and other texture feature parameters. In HSI
feature extraction, GLCM combined with spectral information is a relatively simple fea-
ture extraction method combining spatial and spectral information.
Gabor filteris a technique of texture analysis, especially suitable for texture representa-

tion and discrimination. Gabor transform is evolved from Fourier transform. When
local information of signal is extracted by Fourier transform, Gabor transform is
obtained by introducing window function of time localization. The frequency features
of Fourier transform in different positions are often mixed together, but Gabor filter
can extract spatial local frequency features. The two-dimensional Gabor filter can gener-
ate different scale filters according to different spatial frequencies, and has certain select-
ivity for spatial position and direction. Gabor filter combined with spectral feature
extraction is a common method for spatial-spectral feature extraction of HSI.
Local binary pattern (LBP) is an operator used to describe the local texture features

of an image, which reflects the relationship between each pixel and its surrounding pix-
els. The principle of the algorithm is to compare the gray value of a pixel in the image
with that of the neighboring pixel. The conventional LBP method generates LBP code
image for each band in the input HSI. In order to describe the spatial characteristics of
pixels, the LBP histogram of each interest pixel and its corresponding neighborhood are
calculated. Li, et al. noted that the texture features of HSI were extracted by LBP and
fused with spectral spatial features. The HSI were classified by kernel extreme learn-
ing machine.[12]

Gabor, MP, GLCM and LBP provide multiple features of HSI, including directivity,
shape and size, which are complementary. In addition, many types of wavelet transform
is also a method of spatial information extraction, for such 2D-DWT. Wavelet can sep-
arate high frequency and low frequency information, and retain the energy and spatial
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geometric information at different scales. Other spatial information is often stacked
with spectral information. Spectral information is extracted first, and then spatial infor-
mation is extracted, so as to obtain better classification results. But on the other hand,
due to the limitation of dimension and training samples, the obtained long feature vec-
tor contains redundant information, which also leads to over fitting.

2.3. 3D spatial-spectral feature extraction

Spectral and spatial information extraction separately ignores the spectral spatial correlation.
HSI is a three-dimensional cube, using three-dimensional spatial-spectral information
extraction can not change the original shape, and retain the original spectral-spatial correl-
ation to the greatest extent.
On the basis of 2D-DWT, 3D-DWT can analyze the horizontal, vertical and spectral

values of HSI at the same time, and realize the extraction of spatial-spectral feature of
HSI. Ghasemzadeh et al.[13] proposed that Spatial-spectral feature were extracted from
HIS based on 3D-DWT, the classification results were better than raw HIS data. Other
wavelet methods include 3D scattering wavelet transform uses cascaded wavelet decom-
position, complex modulus and local weighted average to filter HSI cube data.
Scattering features can capture spectral-spatial information for classification. Its advan-
tage is that the cascade of wavelet decomposition in multiple directions and scales pro-
vides a complex structure description for HSI classification. The local weighted average
method is used to reduce the variability of features and makes the pixel labels in the
neighborhood have local consistency. 3D-shearlet transform made full use of spatial
information in the process of preprocessing and classification, highlighted the inherent
characteristics of HSI.[14]

The traditional morphological filter is two-dimensional and ignores the spectral-spatial
correlation in the three-dimensional structure of HSI. Compared the traditional 2D-MP, 3D
morphological profiles (3D-MP) extract three-dimensional features of HSI directly, which
have better classification accuracy. He et al.[15] proposed that the joint sparse low rank multi
task learning method based on 3D-MP was used to classify HIS. Compared with 2D-Gabor
filter, which only contains texture information of image, 3D-Gabor filter can capture spe-
cific scale, direction and wavelength correlation characteristics. On the basis of extracting
texture information, it can better save spectral information, and keep the close correlation
between spectral and spatial information to the greatest extent. Jia et al.[16] proposed that
3D-Gabor phase coding was introduced, which was used in HSI classification together with
matching based on Hamming distance. It used Gabor phase feature instead of amplitude
feature to overcome the disadvantage of large Gabor feature. Although two-dimensional
LBP can be used for local feature extraction of HSI, HSI had three-dimensional features,
and its spatial features could not be fully extracted. Jia et al.[17] proposed that 3D-LBP was
proposed, which used three-dimensional regular octahedron frame to represent the spectral
and spatial relationship instead of two-dimensional pixel, which fully mined the context
information hidden in the spectral and spatial structure. Since HSI was a cube data, GLCM
was extended to three-dimensional form to classify HSI.[18] It was found that the texture
calculated by 3D-GLCM had better classification effect than 2D-GLCM. Zhu et al.[19] pro-
posed that three kinds of 3D feature extraction methods, 3D-MP, 3D-LBP and 3D-Gabor,
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were used to extract HSI feature from morphology, local dependence and shape smoothness
respectively. They were fused in the framework of multi task sparse representation, and
multiple 3D features were fully used for classification.

2.4. Feature extraction based on image segmentation

The purpose of image segmentation is to extract the object of interest from the image
according to different regions. Traditional image segmentation algorithms include
region based segmentation algorithm and boundary based segmentation algorithm. The
former is based on the similarity of regional features, while the latter is based on some
similarity search criteria to find the edge points. The HSI classification methods based
on image segmentation are mainly improved based on these two methods. In unsuper-
vised image segmentation, clustering algorithm is widely used. It is a spectral domain
segmentation method, which is according to the spectral information of each pixel to
achieve HSI classification.
At present, the most commonly used image segmentation method in HSI is super

pixel (SP). SP has the similar region block composed of adjacent pixels of color, bright-
ness, texture and other characteristics. In hyperspectral remote sensing image, the prob-
ability of adjacent pixels being of the same kind is very high, so the image is segmented
into sub regions with homogeneity as much as possible, which is widely used in feature
extraction of spectral and spatial information. SP algorithm can use spatial information
to improve the classification effect, which obtains redundant information, reduces the
complexity of HSI processing, and improves the classification efficiency. SP algorithm
can be divided into based on graph theory algorithm and based on gradient descent
algorithm. The based on graph theory algorithm is that each pixel is regarded as a ver-
tex of the graph, and the similarity between the vertices is regarded as the weight of the
edge of the graph. According to the objective function, the image is divided into several
subgraphs, and each subgraph is a super pixel. The based on graph theory algorithm
includes graph-based method, normalized cuts method (Ncut), superpixel lattice
method, based entropy rate method. Graph-based realizes clustering based on minimum
spanning tree. Ncut method realizes segmentation by constructing optimization function
on image texture and contour. Superpixel lattice method finds the optimal path to real-
ize segmentation by adding the constraint of image topology information. The objective
cost function of based entropy rate method adopts balance term function and entropy
rate function of random walk. Based gradient descent method includes watersheds
method, MeanShift method, Turbopixels method and simple linear iterative clustering
(SLIC) method. The disadvantage of watersheds method is easy to over segment. The
MeanShift method is based on the density function and classifies the pixels with similar
density into a super pixel. The Turbopixels method uses the idea of grid to divide. SLIC
method realizes SP segmentation through simple iterative clustering, which becomes the
most popular super-pixel segmentation method because of its simple algorithm and
fast speed.
SP algorithm is introduced into HSI, which reduces the complexity of hyperspectral

data and improves the classification effect. Jia et al.[20] proposed that the original HSI
was segmented into disjoint super pixels by using the classic SP segmentation method,
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and then classified. Compared with single-scale SP segmentation, multi-scale SP seg-
mentation can get different structure information at different scales.[21] Large-scale seg-
mentation can obtain large super pixels and provide more powerful and recognizable
features, while the super pixels generated by small-scale segmentation have high consist-
ency in intensity and texture features. Therefore, multi-scale super-pixel can solve the
problem that single scale SP is difficult to adapt to different object sizes in HSI.[22] Jin
et al.[23] proposed that two different scale SP segmentation images were established, that
is, a thinner SP segmentation image had higher segmentation accuracy, and a thicker
SP segmentation image retained the objectivity of the original image. Li et al.[24] pro-
posed a multi-scale SP fusion method for HSI classification, which avoided the problem
of defining the optimal SP scale and combined all SP scales to guide HSI classification.
Multi-scale SP are combined with other algorithms to obtain a variety of multi-scale SP
extension algorithms. Zhan et al.[22] proposed that PCA was used to reduce the spectral
dimension, then different number of super pixels were set, and the entropy rate seg-
mentation method was used for multi-scale SP segmentation. Cui et al.[25] proposed
that a multi-scale image segmentation algorithm was used to generate super pixels, and
a weighted image was established with super pixels as nodes. SVM classifier was used to
get the pixel level probability map, which was used as the prior probability distribution
of the SP, so as to measure the probability that the super-pixel belonged to a certain
class. Jia et al.[26] proposed a super pixel based weighted linear programming method
for HSI classification. The HSI was over segmented by using the entropy rate segmenta-
tion method, and the similarity matrix based on SP was established. Lu et al.[27] pro-
posed a fusion framework of HSI classification based on complementary information of
sub-pixel, pixel and SP, which combined multiple features into composite core for sub-
sequent classification. Liu et al.[28] proposed a new method of multi-form SP (MMSP)
to extract spectral and spatial features. Morphological features were extracted from the
original HSI, and each morphological feature was segmented by SLIC. The MMSP
belonging to the same class were merged and extracted by using consistency constraint
and mean filter, and then integrated into SVM classification. Multi-scale SP algorithm
can effectively extract HSI features, which lays a foundation for the correct classification
of HIS.

3. Classification methods

HSI are classified after feature extraction. Classification algorithms are mainly divided
into classical classification algorithm, kernel-based classification algorithm, representa-
tion-based classification algorithm, decision fusion based classification algorithm and
deep learning classification algorithm. The categorization of the classification method is
shown in Figure 2, and the advantages and disadvantages of classification methods is
shown in Table 2.

3.1. Classical classification methods

The classical classification methods based on spectral features include spectral angle
mapping (SAM) and spectral information divergence (SID). These two methods are
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based on the similarity to compare the spectral information of the test sample with that
of the standard sample to find the closest sample and realize the classification. The
SAM method is based on the mapping projection to calculate the similarity, while the
SID is based on the information measure to calculate the similarity between the test
sample and the standard sample. Since HSI is easy to be introduced interference, only
relying on the classification method based on spectral features has great uncertainty in
HSI classification.
Classical classification methods based on both spectral and spatial features, include

maximum likelihood classification (MLC), which determines the attribution of pixels to
be classified according to statistical methods. Multinomial logistic regression (MLR)
uses dependent variables based on multiple independent variables to predict category or
membership probability, and uses maximum likelihood estimation to evaluate.
Minimum distance classification (MDC) is a classification method, in which the dis-
tance between the pixel to be classified and the center vector of each class is calculated,

Table 2. The advantages and disadvantages of classification methods.
Classification methods Advantages Disadvantages

Classical method The algorithm is simple and easy
to implement

The classification accuracy of a large
amount of data is not very high.

Kernel-based method It can calculate the inner product of
high-dimensional space without
knowing the mapping function,
and solve the nonlinear problem
by linear algorithm.

It is easy to over fit, takes a long
time to calculate, and needs to
select more parameters.

Representation-based method It is a nonparametric method
without any knowledge of data
distribution, which not need
enough training samples.

When the sample dimension
increases, the calculation
cost increases.

Deep learning It can extract not only simple feature
information, but also more
complex feature information. The
learning process is fully
automated, and different networks
can extract different feature types.

The network parameters of deep
learning are difficult to determine,
and the calculation time of the
model is long,

Decision fusion Due to the limitations of a single
classifier, using multiple classifiers
for decision fusion can also
improve the classification accuracy
to a certain extent.

Multiple classification models need
to be calculated, and the amount
of calculation is large

Figure 2. Categorization of the classification methods.
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and then the vector to be classified belongs to the class with the smallest distance.
Decision tree classification (DTC) uses inductive algorithm to generate readable rules
and decision tree to process data, and then uses decision tree to analyze new data.
Random forest (RF) is a classifier with multiple decision trees. Extreme learning
machine (ELM) can initialize the input weight and bias randomly, and get the corre-
sponding output weight, which is fast and accurate.[29]

3.2. Kernel-based classification method

Kernel method is to map the original feature space (usually low dimensional space) to
an available feature space (usually high dimensional space) by using nonlinear mapping
function, so as to transform the data that can’t be linearly segmented into data that can
be linearly segmented. Kernel method is an effective method to solve nonlinear classifi-
cation problem. Its advantage is that it can calculate the inner product of high-dimen-
sional space by kernel function without knowing the mapping function, and solve the
nonlinear problem by linear algorithm.
The most representative kernel method is support vector machine (SVM). It makes

the distance between the two classes as large as possible by finding the optimal hyper-
plane in high-dimensional space. SVM can process high-dimensional data with limited
training samples and get better classification results, so it is widely used in HSI classifi-
cation. Cheng et al.[30] proposed that HSI data was transformed into a new spectral
space feature through CNN and metric learning, and was trained with SVM to get clas-
sification results. SVM also has some improved algorithms, such as bootstrapped SVM.
The principle of bootstrapped SVM is to remove the training samples with wrong classi-
fication from the training set, redistribute the correct labels, and reintroduce the train-
ing set in the subsequent training cycle.[31] Rotating support vector machine produces
different SVM classification results through random feature selection and data trans-
formation, which can improve the accuracy and diversity of individuals in the set at the
same time.[32] In order to alleviate the problem of information redundancy in HSI
space, support tensor machines is proposed, which processes HSI into a data cube, and
then recognizes information in tensor space.[33]

SVM uses a single kernel function, which has some limitations. When the sample size
is too large and the multidimensional data is not normalized, the single kernel function
can not fully express the complex feature space. Multi kernel learning (MKL) method is
based on SVM, which combines multiple kernel functions and has higher flexibility in
exploring HSI information. MKL is a fusion method, which generates a composite ker-
nel through the linear or nonlinear combination of basic kernels, and searches for the
corresponding optimal kernel through multiple kernel functions and different feature
spaces. So that the data can be more accurate expression, and the accuracy of classifica-
tion can be improved. It not only inherits the advantages of SVM in solving small sam-
ple nonlinear problems, but also has better classification performance in dealing with
complex distributed data. For high-dimensional data of HSI, some improved MKL algo-
rithms are proposed, including kernel scale nonlinear MKL (NMKL) and kernel align-
ment MKL (KA-MKL). The former is to improve the accuracy by optimizing kernel
combination and related classifiers, while the latter is to optimize by reducing kernel
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scale. Gu et al.[34] proposed multiple structure element nonlinear MKL. NMKL was
introduced to learn the optimal combination kernel from the predefined linear basis
kernel, which made full use of the similar information generated by the nonlinear inter-
action between different kernels, and improved the accuracy. Wang et al.[35] proposed
that a discriminant MKL (DMKL) method. By maximizing the separability of reproduc-
ing kernel Hilbert space, DMKL learned the optimal combination kernel from the pre-
defined basic kernel.
The convex combination of kernel based on SVM and MKL has some limitations in

practical application. In order to solve this problem, a generalized composite kernel is
proposed. Generalized composite kernel (GCK) introduces composite kernel function,
which combines spectral and spatial information. It has great flexibility in the contribu-
tion of spectral and spatial information, and is not limited by convexity. Li et al.[36] pro-
posed that GCK and MLR were used to classify HSI to get better classification results.
The kernel based classification method maps the low dimensional space to the high
dimensional space, which can solve the nonlinear classification problem well. The classi-
fication accuracy is high and the running speed of the model is fast, so it is widely used
in HSI classification.

3.3. Representation-based classification method

Representation-based classifier is a nonparametric method without any knowledge of
data distribution. Therefore, it has some advantages when there are not enough training
samples. The principle of this method is that the test samples are approximated linearly
by the trained dictionary. In HSI classification, sparse representation classification
(SRC) and collaborative representation classification (CRC) are the most widely used as
the representation-based classification method.
In SRC method, test samples are sparse approximated by a small number of diction-

ary atoms through L1 minimization problem, and a large number of original data can
be represented by linear combination of a small number of sample. In the classical SRC,
the test sample is represented as a sparse linear combination of all training samples,
and the class with the least reconstruction error is regarded as the test sample classifica-
tion. In HSI, adjacent pixels are usually highly correlated, while traditional SRC only
considers spectral information. Therefore, joint sparse representation classification
(JSRC) is proposed. On the basis of SRC, the neighborhood pixel centered on the test
pixel is selected to combine the spatial information. Based on JSRC, nonlocal weighted
joint sparse representation classification (NLW-JSRC) algorithm is proposed.[37] In the
classification process of the center test pixel, the weights of the neighboring pixels are
added. Kernel sparse representation based classification (kernel-SRC) is a nonlinear
extension of SRC.[38] By mapping nonlinear separable samples to high-dimensional fea-
ture space, it shows good performance in HSI classification. Sun et al.[39] proposed that
a sparse representation framework based on super-pixel features. HSI was divided into
different spatial regions, and each region was suitable for shape and size, which was
considered as a super-pixel. Combined with spatial information, SRC was used to clas-
sify. In order to solve the problem that SRC is not robust to outliers in practical appli-
cation, robust SRC (RSRC) is proposed to deal with this problems.[40] In practical
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applications, HSI are often destroyed by different types of noise. Huang et al.[41] pro-
posed that the mixed noise model was combined with the prior knowledge of input
data representation coefficients. Three methods of SRC, JSRC and super pixel joint SRC
were proposed as the robust classification methods.
CRC method is derived from SRC, and the difference is that test samples use L2

minimization problem, which is represented by all atoms in dictionary. SRC means that
each atom has a choice to participate in the representation process of a given pixel,
while CRC means that each atom has an equal opportunity to participate in the repre-
sentation process. According to the characteristics of spatial-spectral information in
HSI, a HSI classification method based on probabilistic cooperative representation was
proposed.[42] The performance of HSI was evaluated on different types of spatial fea-
tures, which reduced the amount of computation while maintaining the classification
accuracy. Jia et al.[43] proposed a multi-scale super pixel fusion method based on
cooperative representation was proposed for HSI classification. 3D Gabor and EMAP
features were convoluted firstly, and EMAP-Gabor features were extracted by CRC,
then multi-scale super-pixel mapping was generated by EMAP features, and the classifi-
cation mapping obtained by CRC was regularized. Du et al.[44] proposed that a new
classifier based on multi-core cooperative representation. The MKL model was
embedded in CRC, which was better than other based-representation classifier.
Due to the different characteristics of SRC and CRC, they are conducive to the good

characteristics of HSI in different classification scenarios. Li et al.[45] proposed a hyper-
spectral image classification method based on SRC and CRC. It solved the problem that
SRC might select too few samples to reflect the changes of within-class, while CRC
might contain interference of inter class atoms. Combining the advantages of CRC and
SRC, the classification accuracy was improved. Compared with traditional SRC and
CRC, kernel based SRC and kernel based CRC can significantly improve the classifica-
tion accuracy of complex data. The combination of kernel based SRC and CRC can
realize the dual advantages of sparse representation and cooperative representation in
kernel space.

3.4. Classification method based on decision fusion

When only using a single feature set or data set to classify HSI, some important infor-
mation and details will be ignored. In order to improve the classification accuracy, mul-
tiple feature subsets can be extracted and fused to get the global decision results. Due to
the limitations of a single classifier, using multiple classifiers for decision fusion can
also improve the classification accuracy to a certain extent. The most commonly used
decision fusion rule is the majority voting (MV) rule. Classification methods based on
decision fusion are mainly divided into feature level fusion, data level fusion and classi-
fication level fusion.
Feature level fusion is to extract or select different feature sets, then fuze and assign a

classifier. Different feature extraction methods are used to extract different feature sub-
sets from HSI. Each subset is assigned to the same classifier, and the final classification
result is obtained by decision fusion. Imani et al.[46] proposed a method of spectral-spa-
tial feature extraction based on morphological-based feature space discriminant analysis
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(MBFSDA). After PCA transformation, each principal component generated MP, which
contained spatial features such as the size and shape information of context structure,
and used MV rule to provide final classification map. Priya et al.[47] proposed that the
HSI was segmented into SP. Each SP was classified independently by using statistical
Bayesian classification method, and the decision was combined to get the unique class
label of each SP, and then classified.
In data level fusion, different data values are assigned to the same classifier. Guo

et al.[48] proposed that considering the global and local features of HSI, the global fea-
ture was the hyperspectral reflection curve, and the local feature was the absorption fea-
ture. The local feature set was used to modify the result of multi label classification.
Since the reflection feature had more accurate classification results than the absorption
feature, the reflection feature and SVM classifier were used for classification. If the
result was satisfactory, it would be reported as the final result. Otherwise, the classifica-
tion result obtained by absorbing features by using multi label classification method
would be the final result. Guo et al.[49] proposed that different algorithms were used to
process the reflection feature and absorption feature of HSI, and the decision of reflec-
tion feature was modified by the result of absorption feature through the fusion of deci-
sion layer algorithm.
Classification level fusion uses the same feature set and gives different classifiers. HSI

uses the same feature extraction method to obtain a feature subset, and then different
classifiers are used for decision fusion. Bo et al.[50] proposed that a new HSI classifica-
tion method and decision fusion based on joint collaborative representation (JCR) and
SVM model. The classification results were obtained by combining JCR model and
SVM model with multiplicative fusion rule. Ye et al.[51] proposed that the windowed
3D discrete wavelet transform was combined with the correlation matrix of characteris-
tic group wavelet coefficients, and the multi classifier decision fusion method of the
maximum likelihood estimation, Gaussian mixture model and SVM were used for final
classification.
There are also some researches that combine several fusion methods. Li et al.[52] pro-

posed that the LBP features extracted from HSI, global Gabor features and original
spectral features were fused at feature level fusion and classification level fusion. Feature
level fusion was to concatenate multiple features before pattern classification, while clas-
sification level fusion was to fuze the probability output of each classification, and used
soft decision fusion rules to fuze the results of classifier integration. Liu et al.[53] pro-
posed a new framework of joint classification fusion and feature fusion, which com-
bined the classification results obtained from multi-scale features of different scales of
weighted extended multi-attribute profiles and extreme learning machine into the final
classification results for HSI classification.

3.5. Deep learning classification algorithm

Deep learning has made great progress in image classification and target detection. In
recent years, some achievements have been made by introducing deep learning into
HSI. Compared with traditional methods, deep learning extracts useful feature informa-
tion from hyperspectral raw data through multiple hierarchies. Deep learning can extract
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not only simple feature information, such as texture and edge information, but also more
complex feature information. Another advantages of deep learning are that the learning
process is fully automated, and different networks can extract different feature types.
Deep learning networks include stacked auto encoders (SAE), deep belief networks

(DBN), convolutional neural networks (CNN), recurrent neural networks (RNN) and gen-
erative adversarial networks (GAN). SAE has more powerful expression ability and all the
advantages of deep network, which tends to learn the characteristic representation of data.
DBN is based on Bayesian idea, the high-level information hidden in the data is automatic-
ally obtained by finding out the joint probability distribution of the data. The advantages of
DBN is to extract the deep features of the training data through learning. The feature of
CNN is that the original signal is directly used as the input of the network, which avoids
the complex process of feature extraction and image reconstruction in traditional recogni-
tion algorithm. RNN can be used to identify data with sequence property. By using a recur-
sive hidden layer to identify the patterns and dynamic time characteristics in the data
sequence. When traditional RNN processes long-term sequence data, its performance will
be degraded due to gradient disappearance or gradient explosion. So long short-term mem-
ory (LSTM) is proposed, which is a variant of RNN. RNN saves all information, while
LSTM allows information to be retained or forgotten, which is more suitable for classifica-
tion and prediction. GAN includes generation model G and discriminant model D. Model
G and model D are trained in a confrontational way. Model G generates false samples as
real as possible, while model D tries to distinguish real samples from false samples.
Through the confrontation and competition between the two modes, the training process
will continue to be effective until they reach a balanced and harmonious state.
Traditional spectral feature extraction methods have limitations in dealing with com-

plex hyperspectral features, and can not extract effective information well. The spectral
feature extraction method based on deep learning can extract the deep HSI features,
which is more conducive to improve the accuracy of HSI classification. Hu et al.[54]

proposed that the deep CNN was used to classify HSI directly in the spectral domain,
which had better classification performance than the traditional SVM. One dimensional
CNN was also used to extract HSI features for classification.[55–56] According to the fre-
quency band selection of different application scenarios, two different versions of BS-
Net-FC and BSNet-Conv were adopted, which adopted fully connected network and
convolution network, respectively.[57] It could accurately select the information band set
with less redundancy, and had great advantages in classification accuracy and time.
HSI includes not only spectral information, but also spatial information. Compared

with the traditional feature extraction methods, the spatial-spectral feature extraction
method based on deep learning can automatically extract depth features from complex
HSI data. Using deep learning to extract features from spatial and spectral features can
improve the accuracy of classification. Spatial-spectral features based on deep learning
are widely used in HSI classification. CNN is a commonly used deep learning method,
which combines spectral features with spatial features. 2D- CNN and several 2D- CNN
combined algorithms have some applications in HSI classification. Zhang et al.[58] pro-
posed a dual channel CNN framework. One dimensional CNN was used to extract hier-
archical spectral features automatically, and two dimensional CNN was used to extract
hierarchical spatial correlation features. Softmax regression classifier combined spectral
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features with spatial features to predict the classification results. Li et al.[59] proposed
that two 2D-CNN networks were used to extract spectral features, local spatial features
and global spatial features at the same time, and the most informative was identified by
using channel correlation. Compared with 2D-CNN, 3D-CNN can extract more feature
information from HIS. Li et al.[60] proposed that the CNN was a three-dimensional net-
work using both spectral and spatial information, the network had high classification
accuracy and efficiency. Only 2D-CNN can not extract the feature map with good dis-
crimination ability from the spectral dimension, and the calculation of 3D-CNN is often
more complex. In order to solve this problem, a hybrid spectral CNN for HSI classifica-
tion was proposed.[61] The combination of 3D-CNN layer and 2D-CNN layer made full
use of spectral and spatial feature map to achieve maximum accuracy. Since CNN has a
good classification effect in HSI classification, some improved methods based on CNN
are developed. Zhang et al.[62] proposed that CNN based on different regions was pro-
posed, which represented spatial-spectral context information to obtain effective HSI
classification features.
In addition to CNN, other deep learning networks also show good classification

accuracy in HSI spatial-spectral feature extraction. Song et al.[63] proposed a deep fea-
ture fusion network for HSI classification. Residual learning was introduced to optimize
multiple convolution layers, which simplified the training of deep network and
improved the classification accuracy. Pan et al.[64] proposed a spectral and spatial classi-
fication model of HSI based on single gate recursive unit (GRU). Spectral and spatial
features were calculated and expanded in one GRU. Sun et al.[65] proposed a deep
extraction of localized spectral features and multi-scale spatial features convolution was
proposed. Considering the correlation among spectral bands, the local spectral informa-
tion of grouped sub cubes was mined by fuzing spectral and spatial information, and
the multi-scale spatial feature extraction strategy was realized. Most of the existing HSI
classification methods extract spatial-spectral feature by combining pixels in small
neighborhood or aggregating statistical features and morphological features.
With the great success of deep learning in HIS classification, attention mechanism is

introduced to further improve the application of deep learning in HSI classification.
Inspired by human visual attention process, the attention mechanism is designed to
focus more on the informative areas and takes less account of non-essential areas. In
HSI classification, attention mechanism is mainly divided into channel attention, spatial
attention, hybrid attention and self-attention. Channel attention aims to show the cor-
relation between different channels. The importance of each feature channel is automat-
ically obtained through network learning, and then different weight coefficients are
given to each channel to strengthen the important features and suppress the non-
important features. Qing et al.[66] proposed a multi-scale residual convolutional neural
network model fused with an efficient channel attention network. The efficient channel
attention network reduced the model complexity, manages output feature channels with
different weights, and achieved the extraction of important features within the image.
Spatial attention aims to improve the feature expression of key regions. It transforms
the spatial information in the original image into another space and retains the key
information through the spatial conversion module. It generates a mask for each pos-
ition and outputs it with weight, so as to enhance the specific target regions of interest
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and weaken the irrelevant background regions. Because HSI contains spectral informa-
tion, spectral attention is often combined with spatial attention, and spectral attention
recalibrates the importance of different spectral bands. Huang et al.[67] proposed an
attention aided CNN model, which included a spectral attention sub-network and a spa-
tial attention sub-network for spectral and spatial HIS classification, respectively. Spatial
attention ignores the information interaction between channels because it processes the
features in each channel equally. While channel attention is to process the information
in a channel directly, which is easy to ignore the information interaction in space.
Hybrid attention combines the advantages of the two and forms a more comprehensive
feature attention method. Qu et al.[68] proposed that a channel-spectral-spatial-attention
module to optimize the information transmission between different subnetworks. The
attention mechanism filters the feature mapped of any subnetwork to obtain stronger
spectral–spatial information and more important feature channels as input for the suc-
ceeding subnetwork. Self-attention is a variant of attention mechanism. Its purpose is to
reduce the dependence on external information and make full use of the inherent infor-
mation of features for attention interaction. Qing et al.[55] proposed that the spectral
attention and the self-attention mechanism was used to extract the spectral–spatial fea-
tures of the HSI, respectively. Several multiple multi-head self-attention modules was
employed to extract the image features and a residual network structure was con-
structed, which was to solve the gradient dispersion and over-fitting problems
The advantage of deep learning in HSI classification is that it can fully extract the

deep information of HSI, which is more conducive to the analysis of the inherent char-
acteristics of HSI and improve the accuracy of classification. However, due to the diffi-
culty in determining the network parameters of deep learning and the long calculation
time of the model, deep learning has some limitations in HIS classification.

4. Classification methods based on small sample strategy

In HSI classification, the most effective classification method is supervised classification,
which needs a large number of labeled samples. In practical application, only a small
number of labeled samples are available, and the acquisition of labeled samples needs to
be based on experience or field investigation, which is time-consuming, laborious and
expensive. Deep learning and other classification methods need a large number of sam-
ples for training and learning in order to get a good classification model. A small num-
ber of samples for direct training may lead to poor classification performance.
Therefore, under the condition of limited samples, it is of great significance to use the
small sample strategy for HSI classification. The categorization of the methods based on
the small sample is shown in Figure 3, and the advantages and disadvantages of classifi-
cation methods based on small sample strategy is shown in Table 3.

4.1. Data augmentation

Data augmentation is an effective method to solve the problem of the small samples,
which is by creating new training samples from the given known samples. The main
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strategies of generating new samples are transformation based sample generation, hybrid
based sample generation and generative adversarial networks.
The transformation based samples generation transform the current known samples

to generate virtual samples, and adopt data augmentation strategies such as translation,
clipping, flipping, rotation and noise to increase the number and diversity of samples.

Figure 3. Categorization of the methods based on the small sample.

Table 3. The advantages and disadvantages of classification methods based on small sam-
ple strategy.
Small sample strategy Advantages Disadvantages

Data augmentation It can create a large number of new
training samples.

It is easy to produce invalid samples,
affect the classification effect and
increase the calculation time.

Transfer learning It can significantly reduce the demand
for training samples.

It may lead to negative migration,
prone to over adaptation, and the
data distribution of the source
domain and the target domain is
often different.

Semi-Supervised Learning It uses a large number of unlabeled
data combined with a small number
of labeled samples to improve
learning performance without manual
intervention and external interaction.

The model cannot correct its
own mistakes.

Active Learning It selects high-value samples for manual
and accurate labeling, and will not
introduce wrong class labels.

Sometimes human-computer
interaction is too frequent, and
sometimes synthetic samples have
no meaning and cannot
be labeled.

Few-shot Learning It makes the model learn to learn. The
model learned through this learning
mechanism can better classify. new
and unprecedented meta tasks

High dimensional parameter space
training needs to be improved,
which may lead to additional
space and computational cost.
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On the basis of the strategies of generating new samples, combined with other spatial-
spectral feature extraction algorithms, HSI classification of small sample is realized.
Attribute profile can obtain the geometric and spectral features of HSI. Aptoula et al.[69]

proposed that the image after attribute filtering was superimposed as the input of CNN
to realize data augmentation, which improved the classification performance. Accion
et al.[70] proposed a dual window super-pixel data augmentation framework based on
the combination of super-pixel segmentation and geometric transformation, which was
called dual window super-pixel (DWS). Four kinds of rotation and flip transformations
were carried out on DWS framework, including inner rotation, double rotation, inner
flip and double flip to realize data augmentation.
The hybrid based sample generation is to generate new samples from two given sam-

ples of the same class according to the similar spectral characteristics of the same class
in a certain range. Wang et al.[71] proposed that a data mixing model was established to
expand the labeled samples twice, and the DCNN classifier was used to train the sam-
ples. Through random sampling the coefficients in the data mixing model, multiple
independent classifiers were obtained. The voting strategy was used for fusion to obtain
the final HSI classification results. Li et al.[72] proposed that pixel pair features (PPF)
method was used to improve the number of training samples, and CNN was used to
realize HSI classification. Firstly, the training samples were paired with any two selected
samples by a certain standard. In this standard, a pair of samples from the same class
was marked as unchanged, while samples from different classes were marked as 0. On
this basis, the data augmentation method of pixel block pair (PBP) was proposed.[73]

PBP could significantly improve the disadvantages of the PPF, which ignored rich spa-
tial information. PBP also used the spectral and spatial information in HSI to study the
influence of training sample size on classification accuracy. A method of expanding
multi label training samples was proposed.[74] By giving a small number of pixels a label
(called a single label sample) to accurately label them, and then a large number of pixels
in a specific region were annotated by using a single label sample to multiple labels
(called multi label samples). Based on the method of super-pixel segmentation and
recursive filtering, multi label training samples were made full use of to achieve HSI
classification. Another data augmentation strategies was according to the clustering dis-
tribution characteristics of HSI, similar samples were selected from the number and
similarity.[75] In the neighborhood of a specific sample, the most likely sample was
selected first. Then, according to the similarity between the candidate sample and the
current sample, the contribution weight of the sample to the clustering center was cal-
culated to realize the data augmentation.
GAN is another data augmentation strategies in HSI classification, which can gener-

ate new samples to simulate the distribution of real data through the competition
between generator and discriminator. On the basis of GAN, a symmetric convolution
GAN based on cooperative learning and attention mechanism was proposed.[76] Wang
et al.[77] proposed that a new discriminator was designed by exploiting capsule network
and convolutional long short-term memory, which formed the high-level contextual fea-
tures with local space sequence information and low-level features. Cooperative learning
and competitive learning were used to generate high-quality samples. A clustering based
conditional GAN was proposed,[78] which could improve the scale and quality of
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training samples. The strategy of subtractive clustering was used to automatically select
the most representative initial samples, which maintained the diversity of sample gener-
ation. A self-attention generation adversary adaptive network was proposed,[79] which
aimed to increase the number and quality of training samples and avoided the influence
of over fitting. The method introduced domain adaptive term to make the generated
samples closer to the original samples, and used the self-attention mechanism to capture
the correlation among spectral bands. It could further improve the quality of the gener-
ated samples.

4.2. Transfer learning

Deep learning methods needs the massive parameters and lots of labeled samples to
achieve the final classification results, which needs a long time to train the model.
Transfer learning is a technology that introduces the useful information learned from
the source data into the target data, which can significantly reduce the demand for
training samples. It can improve training process by transferring well trained parameters
from the source data to the target data. In HSI classification, transfer learning is used to
set the initial value of network parameters copied from other training depth networks.
Compared with the random initialization method, it has better classification perform-
ance. In the deep network, the shallow layer of the network mainly obtains the shallow
layer features. It uses the relevant data set with enough tags to pre train the network,
and directly transfers the network parameters of the lower layer and the middle layer to
the new network with the same structure as the original network. The top layer of the
network extracts deep features, and the subsequent classification is divided into two
type. They are freezing and training, fine-tuning.
Freezing and training is to train the classifier by using the deep features extracted

from the transfer network. It includes freezing all layers except the last layer and train-
ing the last one. It can also freeze the first few layers and fine tune the rest. The hyper-
spectral data processing method based on transfer learning and deep learning used data
sets similar to the target data to pre train the deep learning network, and used transfer
learning method to find out the common features of the source domain data and the
target domain data. Yang et al.[80] proposed that the transfer learning combined with
two branches of the deep convolution neural network, which respectively studied the
characteristics of spectral and spatial domain. It pre-trained the bottom and middle
layer of the network, and only the top lay was trained. The deep model was solved in
the case of limited training samples. Jiang et al.[81] proposed a transfer learning method
based on Bayesian framework combined with spectral and spatial information. The
Markov characteristics of images were used to distinguish and separate the images with
class labels, which could make further use of spatial information. Existing remote sens-
ing image processing methods require all images to have the same dimension. ImageNet
datasets had three channels, while HSI datasets had hundreds. Therefore, three channels
of HSI were randomly selected to form transferring CNN, several transferring CNN
were combined to build an ensemble classification system with diversity.[82] To solve
the problem of having different dimension, a new Iterative reweighting heterogeneous
transfer learning framework was proposed.[83] It iteratively learned the common space
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of source data and target data, and used a new iterative weighting strategy to weight the
source samples. Since the sample is limited to one source domain, it can only partially
alleviate the shortage of labeled samples. In order to further alleviate the problem of
limited samples, a multi-source deep transfer learning framework was proposed, which
consisted of a multi-source compatible model and a user-defined loss function.[84]

Fine-tuning is to fine tune the network by using a small number of training samples
of target data, which called fine-tuning. It includes using the pre training network on
the source data and training all layers in the target data. Although the classification
effect of deep learning is better than that of shallow classifier, it needs a certain number
of labeled samples to build the model. Li et al.[85] proposed a hyperspectral data proc-
essing method based on transfer learning and deep learning. The hyperspectral data sets
similar to the target data were used to pre train the deep learning network, found the
common features and established the classification model. Liu et al.[86] proposed that a
deep convolutional recursive neural network for HSI classification was constructed by
Siamese network, which was composed of two CNN. The whole network was adjusted
by a small number of label samples combined with transfer learning. Transfer learning
combined with other algorithms can further improve the classification effect in small
sample. Xie et al.[87] proposed a spectral-spatial HSI classification scheme based on SP
pooling convolutional neural network with transfer learning of fine tune, results proved
that the proposed algorithm could effectively classify the HSI with limited training
labels. An improved method based on 3D CNN was proposed,[88] which combined par-
ameter optimization, transfer learning and virtual samples. Using CNN model structure
and weights trained on well labeled datasets such as ImageNet datasets, the model and
weights of HSI classification network were initialized, and the well-designed neural net-
work was used to complete the task of HSI classification.[89–90] In order to eliminate the
difference between the ImageNet datasets and HIS datasets, attention mechanism was
used to reweight the feature map, which further improved the classification accuracy.[84]

Based on the fine-tuning, two transfer learning strategies were proposed: cross-sensor
strategy and cross-mode strategy.[91] In the cross-sensor strategy, a 3D model was pre
trained in the source HSI data set with a large number of labeled samples, and then
transferred to the target HSI data set. The cross-mode strategy was to pre train a 3D
model in the target HSI dataset, which included two dimensional RGB image data set
with a large number of samples. Then it was transferred to the target HSI data set,
which had good performance in HSI classification. Jiang et al.[92] proposed that through
collaborative 3-D separable ResNet and the transfer learning of cross-sensor, the pre
trained model was converted to the target HSI data set for fine tuning, and the classifi-
cation task was completed.

4.3. Semi-Supervised learning

Supervised classification and unsupervised classification are two traditional framework
of pattern recognition classification model. Supervised classification uses the prior
knowledge of experts or measured data to mark the unknown state in the data, which is
called training sample. Unsupervised classification is to divide the input data into differ-
ent categories according to the similarity of specific model comparison. The

20 X. LI ET AL.



disadvantage of supervised classification is that the cost of label training is very high,
resulting in a limited number of training samples. While the disadvantage of unsuper-
vised classification is that the classification accuracy is low. So the semi-supervised clas-
sification is proposed.[93] The main purpose of semi-supervised feature learning is to
extract useful features from a large number of unlabeled data. Hyperspectral labeled
samples are difficult to obtain, and HSI classification research is devoted to designing
robust and effective semi-supervised learning framework.
Traditional semi-supervised algorithms include generative model semi-supervised

algorithm, self-training semi-supervised algorithm, collaborative training semi-super-
vised algorithm and graph based semi-supervised algorithm. The generative model esti-
mates the model parameters according to the labeled and unlabeled samples, which has
the advantage of simple implementation. Traditional generative model semi-supervised
algorithm has the problem that the model can not accurately adapt to the basic distribu-
tion. The unbiased estimation generative model semi supervised is proposed to over-
come the shortcomings of traditional methods and improve the convergence of the
model.[94] Self-training semi-supervised framework is one of the most commonly used
for semi-supervised learning. It uses a small number of labeled training tags to predict
the categories of unlabeled data, so as to improve the final accuracy. In the framework
of self-training semi-supervised learning, a new unlabeled data trainer was implemented
by using minimum trust and maximum uncertainty to estimate the fusion entropy of
unlabeled samples.[93] Cooperative training semi-supervised classification method trains
multiple models, each model selects the sample with the highest learning confidence,
learns from each other and iterates until the set conditions are met. Li et al.[95] pro-
posed that the weak supervised information between labeled samples and unlabeled
samples was obtained by collaborative training, and a projection matrix was found to
maximize the classification. The representation coefficient of each unlabeled sample was
obtained. The separability of classification was improved by using the information of all
labeled samples. The graph based semi-supervised model constructs a graph, in which
the nodes represent all samples and the edge weights represent the similarity between
data points. Then label information of labeled data is propagated to unlabeled data
through graph. Shao et al.[96] proposed a method of probabilistic class structure regular-
ized sparse representation graph for semi-supervised learning. By adding class structure
information to the sparse representation model, discriminant graph could be learned
from data. Taking full account of the spatial information, the semi-supervised spatial
and class structure regularized sparse representation was adopted, and the spatial infor-
mation was introduced into the sparse model through the graph Laplace regularization
to improve the discernibility of the graph.[97] Aydemir et al.[98] proposed that the
method of subtractive clustering was used to select the initial labeled training samples,
which provided the most useful samples for graph based self-training.
At present, the HSI classification algorithm based on semi-supervised learning has

made some progress. Wu et al.[99] proposed that the constrained Dirichlet process
hybrid model was used to generate high-quality pseudo label data. A deep CRNN was
pre trained with a large number of unlabeled data and pseudo labels, and then fine-
tuned with limited available label data. Wu et al.[100] proposed a semi supervised local
Fisher discriminant analysis (SFDA) based on pseudo label to discriminate labeled
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samples and unlabeled samples. By learning from the clustering algorithm of Dirichlet
process hybrid model, the SFDA was applied to unlabeled data. The proposed semi
supervised deep learning framework based on residual network (RESNET) was a new
dual strategy sample selection joint training algorithm, which made full use of the com-
plementary clues of spectral and spatial features to guide RESNET to learn from
unlabeled data and improve the classification performance.[101] In order to improve the
effectiveness of the pseudo labeled samples, the learning super-pixel image and the ini-
tial classification image were used to select the pseudo labeled samples.[102] Cui
et al.[103] adopted a semi-supervised classification method based on extended label
propagation (ELP) and rolling guide filter (RGF). ELP first implemented a graph based
label propagation algorithm, and then used super-pixel to correct the labels with error
marks. RGF was used to remove noise and small texture structure, and optimize the fea-
tures of the initial HSI. The initial labeled samples and high confidence pseudo labeled
samples were used as training samples.

4.4. Active learning

Active learning is to select the candidate samples with the most information in the
unlabeled sample set according to the sampling strategy. Then the candidate samples
are added to the training classifier through manual marking. It reduces the cost of
obtaining a large number of labeled training samples and the number of training sam-
ples. Active learning probability function is applied to extract samples with more uncer-
tainty, so as to provide more information for the model.[104] Active learning is different
from semi-supervised learning. Semi-supervised learning algorithm does not need
human intervention and uses unlabeled data based on itself. But active learning selects
the most useful unlabeled data for classification according to the specific query strategy.
According to the query rules, active learning in HIS classification applications is mainly
divided into two families: committee-based active learning and posterior probability
based active learning.[105]

The committee-based active learning uses entropy other indicators to measure the
amount of information in unlabeled samples. Firstly, different kinds of learners are used
to label the samples, and then the labeling personnel make the final judgment on the
controversial labeling results. The divergence between different learners is caused by the
difference of their prediction of sample annotation results. Through the voting mode of
multiple models, we can select the sample data which is difficult to distinguish.
Committee-based active learning can be adopted by any classifier. Active learning and
deep learning have good effect in small sample HSI classification. According to the spa-
tial and spectral similarity of HSI, the active learning method combined with CNN was
used to label the unlabeled samples, and the training set was added to improve the clas-
sification accuracy of the classifier.[106,107] Mario et al.[104] proposed that a HSI classifi-
cation algorithm combining Bayesian CNN and active learning was proposed to avoid
the over fitting of small data sets and improve its generalization ability. Liu et al.[108]

proposed that an additional network was added to the designed deep CNN to predict
the loss of input samples, which was different from the traditional active learning
method. The additional network could be used to imply that unlabeled samples. Shi

22 X. LI ET AL.



et al.[109] proposed a multi-channel image classification framework based on active
learning and deep learning. Three active learning algorithms were used as the selection
criteria, including minimum confidence, marginal sampling and entropy, and the image
pool was introduced to generate the image. Ahmad et al.[110] proposed a fuzzy active
learning framework. By estimating the boundary of each class, the fuzzy distance
between each sample and the estimated class boundary was calculated to select the opti-
mal sample. Aiming at different types of hyperspectral features, a regularized multi-scale
active learning framework was proposed to avoid over fitting when the size of training
data was very small.[111] A batch pattern classification strategy combining uncertainty
and diversity was used, and k-nearest neighbor classification was combined to enrich
the labeled sample set. Ahmad et al.[112] proposed an active learning algorithm based on
weighted incremental dictionary learning was proposed. The training samples were
selected to maximize the representativeness and uncertainty of the two selection criteria.
By actively selecting training samples in each iteration, the deep network was trained
effectively.
In posterior probability based active learning, a specific model is used to estimate the

posterior probability of all samples in the candidate pool. Then the posterior probability
is used to input the following formula to generate the measurement of sample uncer-
tainty. The posterior probability based active learning requires classifiers that can pro-
vide posterior probabilities, such as Maximum-Likelihood classifier, linear discriminant
analysis classifiers, probabilistic SVM classifier, and multinomial logistic regression.[113]

Sun et al.[114] proposed a new framework based on MRF model. In this framework, the
unlabeled samples whose predicted results vary before and after the MRF processing
step are regarded as uncertain samples. Li et al.[115] proposed that a new supervised
Bayesian HSI classification method based on active learning. We use the multinomial
logistic regression (MLR) model to learn the class posterior probability distribution.
Active learning based on MLR posterior probability can reduce the cost of obtaining
large training set. Considering the randomness between the existing samples and the
new samples, the concept of spatial prior fuzziness was used.[116] Combining multiple
logistic regression, split augmented Lagrange classifier and double stop criterion, active
learning method was used to solve the problems.
Active learning combined with other small sample strategy methods can also improve

the accuracy of small sample HSI classification. Both active learning and transfer learn-
ing promote the training process by selecting unlabeled data or using the knowledge
obtained from relevant data. Active learning is an iterative process, which selects a small
number of unlabeled samples with the most information through a query function to
train a robust classifier. Transfer learning aims to transfer useful knowledge from the
source domain to the target domain. Combining the advantages of the two methods,
the network can be trained effectively by using only a limited number of labeled sam-
ples.[117] Active learning solves problems by improving the quality of training samples,
while semi-supervised learning solves problems by increasing the number of training
samples. Using semi-supervised active learning to find representativeness and discrimin-
ability has the advantages of both active learning and semi supervised learning.
Through morphological component analysis, the original hyperspectral data was decom-
posed into morphological components.[118] In each feature domain, active learning and
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semi supervised learning were combined to expand the training data set based on
super pixel.

4.5. Few-shot learning

Few-shot learning is that uses a small number of labeled samples to train the model to
recognize objects, and its purpose is to study the differences between samples. Unlike
most other learning methods, it does not directly learn what the sample is, but makes
the model learn to learn. In the training stage, C categories and K samples of each cat-
egory (a total of C�K data) will be randomly selected from the training set to construct
a meta task as the support set. Then a batch of samples are selected from the remaining
data of the C classes as the batch set. The model is required to learn how to distinguish
these C categories from C � K data. Such a task is called C-way K-shot problem. In the
process of training, different meta tasks are sampled in each training session. This
mechanism enables the model to learn the common parts of different meta tasks. The
model learned through this learning mechanism can better classify new and unprece-
dented meta tasks. Few-shot learning models can be roughly divided into three catego-
ries: model based, metric based and optimization based. The model based method aims
to update parameters on a small number of samples quickly through the design of
model structure, and directly establish the mapping function of input and predictive
value. Metric based method measures the distance between the samples in batch and
the support set, and classifies them by the idea of nearest neighbor. Optimization based
method completes the task of small sample classification by adjusting the optimization
method. In HIS classification, metric based method is the most commonly
used method.
Metric based method includes siamese network, prototype network, relation network

and match network. Siamese Network is that trains a two-way neural network in a
supervised way to learn, and then the features extracted from the network are reused
for few-shot learning. Huang et al.[119] proposed a dual-path siamese CNN for HSI clas-
sification, which was a combination of extended MP, CNN, siamese network, and spec-
tral–spatial feature fusion. It improved the classification performance with limited
training samples. The basic idea of prototype network is: there is a prototype expression
for each class, and the prototype of this class is the mean value of support set in the
embedding space. Then, the classification problem becomes the nearest neighbor in the
embedding space. Zhang et al.[120] proposed a vector called global prototypical represen-
tation for each class was proposed. The similarity between the unclassified samples and
the global prototype representation of each class was evaluated, and the nearest neigh-
bor classifier was used to complete the classification. Chen et al.[121] proposed that the
convolutional block attention module was embedded in the convolution blocks of
prototypic networks, which improved the feature extraction efficiency. Relation network
has a relationship module, which is used to calculate the similarity of samples.
Computing similarity is not satisfied with a single and fixed distance measurement, but
training a network to learn distance measurement. Gao et al.[122] proposed that a new
deep classification model based on relational network to learn the relationship by com-
paring the similarity between samples. Task based learning strategy could make the
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model continuously improve the learning ability. It had good generalization ability, and
only needed a small number of labeled samples to get satisfactory classification results.
Match network uses an attention mechanism, and constructs different encoders for sup-
port set and batch set. The final output of classifier is the weighted sum of predicted
values between the labeled set of samples (the support set) and the unlabeled samples
(the query set). Inspired by the prototype network and match network, a deep few-shot
learning method was proposed.[123] A deep residual 3-D convolutional neural network
was trained by episodes to learn a metric space where samples from the same class are
close and those from different classes are far, the testing samples were classified by a
nearest neighbor classifier in the learned metric space.

5. Future research direction

This article summarizes the current mainstream feature extraction methods, classifica-
tion methods and small sample strategies. The lack of available training samples has
always been a difficult and hot point in studying HSI classification problems. To solve
the problem of small sample hyperspectral classification, feature extraction methods,
classification methods and small sample strategies are complementary to each other.
Choosing the appropriate feature extraction method and classification method plays an
important role in the effective realization of the small sample strategy.
Since HSI have spatial and spectral information, purely spectral feature extraction or

spatial feature extraction can no longer meet the demand. 3D spatial-spectral feature
extraction and Feature extraction based on image segmentation combine spatial and
spectral information, which can extract useful information. And it also can reduce
redundancy and increase the calculation rate, which is the mainstream of feature extrac-
tion. In the future, it is still necessary to propose more effective spatial-spectral feature
extraction methods for the characteristics of HSI, which will lay the foundation for the
classification of small samples of hyperspectral spectrum.
The classification method is the key to the HIS classification, and effective classifica-

tion methods play a vital role in the results of HSI classification. Classical classification
algorithm, kernel-based classification algorithm, representation-based classification algo-
rithm have always occupied an important position in the previous HIS classification.
Researchers optimize and improve these algorithms to achieve better classification
results. The emergence of deep learning has led to the further development of hyper-
spectral classification. Deep learning is particularly suitable for large data sets and high-
dimensional data sets, and shows high prediction accuracy, so that HSI classification
based on deep learning has always been studied Hot spot. However, due to the need to
learn a large number of parameters, a large amount of training data is needed, and the
effect in small sample classification needs to be improved. At the same time, the prob-
lem of deep learning parameter setting and the problem of large amount of calculation
also need to be solved in the future.
The emergence of the small sample strategy has alleviated the problem of limited

training sample acquisition. Data augmentation is the mainstream of small sample strat-
egy. Most algorithms are improved and optimized based on data augmentation, which
is also the focus of future small sample strategy research. Although the current Data
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augmentation algorithm has increased the number of training samples to a certain
extent, it has also greatly increased the training time. Whether the increased training
samples can accurately establish a classification model remains to be studied. Therefore,
the future research direction is to increase the most effective training sample informa-
tion as much as possible, while improving the classification accuracy, ensure that the
training time is not too long. Other small sample strategies can also improve the classi-
fication results under the condition of insufficient training samples, and the combin-
ation of multiple methods also improves the classification accuracy to a certain extent.
However, the classification results of these small sample strategies in very small samples
still need to be improved, and new algorithms are still needed to solve the problem of
very small samples in the future.

6. Conclusion

HSI is rich in spectral and spatial information, which has been widely used in resource
exploration, ecological environment monitoring, land cover classification and target rec-
ognition. This paper introduces the feature extraction methods, classification methods
and classification strategy based on small sample of HSI. In the feature extraction
method, the spectral feature extraction method, spatial feature extraction method, 3D
spatial feature extraction method and graph based segmentation feature extraction
method are described in detail. In the classification method, the classical classification
method, kernel based classification method, representation based classification method,
decision fusion based classification method and deep learning classification method are
given a full explanation. In practical hyperspectral applications, supervised classification
is the best method to classify, which requires a large number of labeled samples. It is
difficult to obtain labeled samples, which limits the wide application of HSI. Therefore,
it is of great significance to use small samples for HSI classification. Aiming at the prob-
lem of small sample strategy, this paper mainly expounds four kinds of small sample
strategies, which are data augmentation, transfer learning, semi-supervised learning and
active learning. They solve the problem of small sample in HSI classification from dif-
ferent angles. Small sample strategy will be the focus of HSI classification research in
the future. To solve the problem of small sample classification can greatly promote the
application of HSI.
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Nomenclature

AE Auto encoders
AF Attribute filters
AP Attribute profiles
CNN Convolutional neural networks
CRC Collaborative representation classification
DBN Deep belief networks
DCNN Deep convolutional neural networks
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DTC Decision tree classification
DWS Dual window super-pixel
DWT Discrete wavelet transform
EAP Extended attribute profiles
EEMAP Entire extended multi attribute profile
ELM Extreme learning machine
EMAP Extended multi attribute profile
EMP Extended morphological profiles
GAN Generative adversarial networks
GCK Generalized composite kernel
GLCM Gray level co-occurrence matrix
GRU Gate recursive unit
HIS Hyperspectral image
ICA Independent component analysis
JCR Joint collaborative representation
KPCA Kernel principal component analysis
LBP Local binary pattern
LDA Linear discriminant analysis
LDE Local discriminant embedding
LFDA Local Fisher’s discriminant analysis
LSTM Long short-term memory
MDC Minimum distance classification
MKL Multi kernel learning
MLC Maximum likelihood classification
MLR Multinomial logistic regression
MNF Minimum noise fraction
MP Morphological profiles
MV Majority voting
Ncut Normalized cuts method
NWFE Non-parametric Weighted Feature Extraction
PCA Principal component analysis
RBF Radial basis function
RBM Restricted Boltzmann machine
RF Random forest
RNN Recurrent neural networks
SAE Stacked auto encoders
SAM Spectral angle mapping
SE Structural elements
SID Spectral information divergence
SLIC Simple linear iterative clustering
SMNF Segmented maximum noise fraction
SP Super pixel
SPCA Segmented principal component analysis
SRC Sparse representation classification
SVM Support vector machine
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