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The purposes of the algorithmpresented in this paper are to select featureswith the highest average separability by using the random
forest method to distinguish categories that are easy to distinguish and to select the most divisible features from the most difficult
categories using the weighted entropy algorithm. The framework is composed of five parts: (1) random samples selection with (2)
probabilistic output initial random forest classification processing based on the number of votes; (3) semisupervised classification,
which is an improvement of the supervision classification of random forest based on the weighted entropy algorithm; (4) precision
evaluation; and (5) a comparison with the traditional minimum distance classification and the support vector machine (SVM)
classification. In order to verify the universality of the proposed algorithm, two different data sources are tested, which are AVIRIS
and Hyperion data. The results show that the overall classification accuracy of AVIRIS data is up to 87.36%, the kappa coefficient
is up to 0.8591, and the classification time is 22.72s. Hyperion data is up to 99.17%, the kappa coefficient is up to 0.9904, and the
classification time is 8.16s. Classification accuracy is obviously improved and efficiency is greatly improved, compared with the
minimum distance and the SVM classifier and the CART classifier.

1. Introduction

As shown in Figure 1, hyperspectral remote sensing image
technology contains a lot of potential information and
integrates the spectral and spatial dimensions [1, 2]. It has
the characteristics of a continuous spectrum and a unified
spectrum, and it can be used to interpret an object with high
spectral diagnosis ability [3]. Considering these advantages,
we use hyperspectral remote sensing image in the experi-
ments in this paper.

Owing to the limitations of technology, the mining of
spatial dimension information is obviously deficient. How
to fully excavate a large amount of information hidden in
hyperspectral remote sensing images is a key issue in the
literature. To be of scientific merit, classification technology
is the important technology for processing hyperspectral
remote sensing images [4]. Using hyperspectral images to
classify ground objects is one of the core contents of the
application of hyperspectral remote sensing technology [5]

and the classification results have great application value
that may apply to land cover [6, 7], resource surveys [8–12],
environment monitoring [13, 14], coverage prediction [15, 16],
military exploration [17, 18], and other fields.

However, in the process of application, we mainly
encounter the problems of the Hughes phenomenon, Bell-
man’s disaster, nonlinear distribution of data in feature
space, and so on, which may result in the information
being ambiguous during the process of hyperspectral image
classification [19]. What is more, it is really important to
fine-tune the spectral features provided by spectral images
considering that the traditional classification methods based
on a single classifier cannot meet the classification needs of
hyperspectral remote sensing [20] andmost of the traditional
algorithms take pixels as the basic unit for classifying [21, 22],
without considering the spatial features of remote sensing
images. This results in the algorithm not being able to
deal with the “isomorphism problem” of the same objects
effectively [23], and many noise points easily appear in the
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Figure 1: The example of hyperspectral image data cube.

interior of the ground objects in the classification results.
The fine spectral features provided by spectral images can be
used to distinguish objects with subtle differences, including
those with high similarity to natural backgrounds, and the
distribution of background information is different from the
assumption of the model. The object size is affected by the
subpixel level, and sometimes the false alarm rate is too
high [24]. Therefore, hyperspectral image target detection
technology has great potential value in the field of public
security and national defense. Hyperspectral image target
detection requires the diagnostic spectral characteristics of a
target, and it is applied to many varieties of target spectrum
in practice [25]. Therefore, it is necessary to develop a stable
and reliable method.

To be of scientific merit, it is necessary to make full use
of the rich space and spectral information of hyperspectral
remote sensing images to interpret the objects of observation.
This has become a hotspot in the research field and is the
frontier field in recent years. What is more, it has great
application value and broad development prospects in many
related fields. As has been illustrated, it is essential to improve
the extraction ability of ground object information [26].

In view of the characteristics of hyperspectral remote
sensing images, the classification of random forest algorithms
may be a good choice. The random forest algorithm is
a supervised self-training classifier [27–30] that consists
of many classification trees, each of which completes its
own sorting operation. The final classification results are
determined by the voting results of each classification tree
[31]. The random forest algorithm is a classification method
based on the principle of the classification and regression
tree (CART) decision trees algorithm, which is composed
of a series of CART decision trees. The classification results
are voted on by the decision trees. The final feature category
relies on the classification result with the largest number of
votes [32].TheGini index is used tomeasure the classification
results.

As an excellent classifier model, random forest also
provides a new idea for image classification [33]. Random
forest can connect independent variables with dependent
variables by generating a lot of classification trees, which can
successfully calculate the nonlinear and interactive effects of
variables, even when there is a high degree of interference.
Considering those characteristics, random forest is a good
choice that can deal with the problems of local extremum in

hyperspectral remote sensing images, the difference between
different categories of ground object, and the slow speed of
running the operation. Many explanatory variables can be
predicted [34]. This algorithm is a summary of classification
trees and gives importance to all variables. However, it is still
relatively robust in the face of data loss and imbalance.

In view of the large amount of information contained in
hyperspectral remote sensing images and the fact that they
are still a new subdivision of spectral imaging remote sensing
technology, it is very difficult to fully exploit the potential
information contained therein and to remove the difficulty
in obtaining training samples. Some of the traditional super-
vised classification methods are not very practical; however,
the unsupervised classification method does not require
training samples owing to the limitation of its classification
accuracy. Owning to the above reasons, it may be wise to use
semisupervised classification to classify ground objects [13].
Semisupervised classification is a learning algorithm that is
an active learning machine. Integrated learning methods are
a very important research direction in the field of machine
learning. Semisupervised classification is an active learning
algorithm that focuses on the use of labeled and unlabeled
samples [35] to obtain high-performance classifiers. The
purpose of ensemble learning is to improve the accuracy
of weak learning classifiers by integrating multiple learning
devices. Semisupervised ensemble learning is a newmachine
learning method that combines semisupervised learning and
integrated learning to improve the generalization perfor-
mance of classifiers [36].

Semisupervised learning uses both labeled and unlabeled
samples in the process of training. With the growth of
information, the classification problem becomes more and
more complicated, while the semisupervised classification
algorithm obtains only a small number of classification
samples. A small number of labeled samples are used to train
the classification model in this classification algorithm.

Semisupervised learning is a self-training machine learn-
ing method that makes full use of a small number of labeled
samples and a large number of unlabeled samples. In view
of the high cost of sample marking, the rapid develop-
ment of spectral imaging technology, and the emergence
of hyperspectral images, it is very meaningful to study the
classification method of semisupervised machine learning.
This invention can optimize the classification performance
of hyperspectral remote sensing images and improve their
classification accuracy and efficiency.
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Random forest not only shows high classification per-
formance but also has fewer parameters to be adjusted, and
it is fast and efficient in the field of machine learning [37].
There is no need to worry about overfitting and strong
noise tolerance [38]. Excellent random performance makes
it widely used in intelligent information processing, bioin-
formatics, finance, diagnosis of faults, recognition of images,
industrial automation, and other fields [39]. It has attracted
widespread attention and achieved great success. Industrial
automation and other fields have widely used it and achieved
great success, attracting extensive attention [37, 40]; although
many scholars have conducted extensive research on random
forests and achieved many remarkable things [41], there are
still some limitations and shortcomings, leaving some room
for improvement [16]. Therefore, in order to deal with the
problems of the high dimensionality and large amount of
data of hyperspectral remote sensing images and the difficulty
in extracting samples’ extraction characteristics [42, 43], a
robust classification method with high accuracy is urgently
needed [44].

In this paper, a semisupervised random forest hyperspec-
tral remote sensing image classification method based on
weighted entropy [45–49] is proposed. It can be classified
by randomly selecting the number of training samples with
10% or 5% labeled samples. A classifier model [50–52] is
constructed that uses a random forest based on a CART
decision tree with probabilistic output; it is a supervised
classifier [53] that integrates multiple weak classifiers. The
classifier predicts ground objects according to the number
of votes cast. Then, a weighted entropy algorithm is used to
give the class with the highest weighted values and return
weight values, which is predicted by the model. The objects
with larger weighted entropy values are sorted, and objects
that account for 5% or 10% of the total sample increase are
added to the training samples to form new training samples;
then, the prediction and classification steps are carried out
again. The above steps are repeated until the conditions for
iteration stop are satisfied or the labeled samples are used
up; the remaining samples are used for accuracy evaluation,
which uses classifier performance detection [50, 54].

This classification method is economical and suited to
the properties of hyperspectral remote sensing images. It
is of high value to researchers wishing to classify large,
dense areas. The purpose of the algorithm presented in
this paper is to select the features with the highest average
separability by using the random forestmethod to distinguish
the categories that are easy to distinguish and to select the
most divisible features of the most difficult categories by
using the weighted entropy algorithm. The framework is
composed of five parts: (1) random samples selection with(2) probabilistic output initial random forest classification
processing based on the number of votes; (3) semisupervised
classification, which is the improvement of the supervision
classification of random forest based on the weighted entropy
algorithm; (4) precision evaluation; and (5) a comparison
with the traditional minimum distance classification and
SVM classification. In order to verify the universality of the
proposed algorithm, two different data sources are tested:
AVIRIS and Hyperion data. The results show that the overall

classification accuracy of AVIRIS data is up to 87.36%, the
kappa coefficient is up to 0.8591, and the classification time is
22.72s.TheHyperion data is up to 99.17% accurate, the kappa
coefficient is up to 0.9904, and the classification time is 8.16s.

2. Materials and Methods

The imaging spectrometer acquiring the hyperspectral image
data cannot be directly applied and classified analysis, which
needs to be analyzed. Therefore, the preprocessing of hyper-
spectral remote sensing image in general includes atmo-
spheric radiation correction, geometry correction, and noise
removal [45, 55–57]. In the preprocessing of hyperspectral
image, radiometric correction is the mainly steps.

In this experiment, there are three classification methods
adapted, which are the minimum distance classification
method, the support vector machine classification method,
and the semisupervised classification method proposed in
this paper which uses the features of the random samples
and random band selection [58] of random forest based on
the weighted entropy [31]. The semisupervised classifier [59]
is trained with labeled samples data and determined the
parameters of the classifier until it ensures that the training
samples are matched with the verification samples. In the
case of mutual independence, the fitting test of classification
parameters is carried out to determine the applicability of
the parameters [60]. The minimum distance classifier and
support vector machine classifier are used to test the function
of these classifiers with the same number of training samples.
The accuracy evaluation is carried out to quantitatively
evaluate results of the experimental method to determine the
effect of the classifiers.

In order to verify the universality of the proposed algo-
rithm, two different data sources are tested in this paper. In
fact, there will be three parts in this chapter. First of all, the
study areas and the training samples will be illustrated. In the
second part, the selection of classification algorithms will be
illustrated. In the third part, the processing of the algorithm
that is proposed in the paper will be illustrated.

2.1. Study Areas and the Training Samples. In order to verify
the universality of the proposed algorithm, two different
data sources are tested in this paper, which are AVIRIS data
and Hyperion data. The AVIRIS imaging spectrometer, also
known as the airborne visible infrared imaging spectrometer,
was developed in 1987 by NASA’s Jet Propulsion Laboratory
(JPL). It covers a wavelength range of 400,500 nm and it is
almost the full wavelength of solar radiation. Because of its
rich spectral information, AVIRIS provides a large amount
of data for various science and applications. The images used
in this paper are located at the Kennedy Space Center in
Florida, USA. The acquisition time is March 1996.The image
is 614 pixels wide and 512 pixels high, with a total of 15 pixels
five bands with a spectral resolution of 10 nm and a spatial
resolution of 18 meters. The training data are selected on the
basis of images provided by Landsat Thematic Mapper.

The land cover types in the region are divided into
13 major categories, namely, scrub, willow, CP-Hammock,
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Figure 2: The synthesis true color image (bands 31, 21, and 11) and the distribution of training samples of AVIRIS data and the ground truth
data.

CPP/Oak, slash-Pine,Oak/Broad-leaf,Hardwood,Graminoid-
marsh, Spartina-marsh, Cattail marsh, Saltmarsh Mud flats,
and water. In the classification of remote sensing, the selec-
tion of the training samples area directly determines the
classification results. UsingGoogle Earth to select the training
samples area of remote sensing classification is an excellent
way.The ground truth data can be used in twoways: one is the
standard classification diagram and the other is the selected
area of interest (validation samples area). In this paper, the
standard classification diagram is used as the ground truth
data. The true color composites images of different samples
[27]. AVIRIS data, the distribution of training samples, and
the ground truth data are shown in Figure 2.

The Hyperion imaging spectrometer, mounted on the
EO-1 satellite platform, was launched byNASA onNovember
2000. It covers a wavelength range of 400 to 2500 nm, has
220 wavelengths, and has a spectral resolution of 10 nm
and a spatial resolution of 30 meters. The image used in

this paper is located in Dali city, Yunnan province, China.
This product was created by US Geological Survey. The
product contains EO-1 Hyperion data file, hierarchical data
format, or geographical mark image file format (TIFF). EO-
1 has launched a one-year technical demonstration val-
idation mission. NASA (NASA) and the US Geological
Survey (USGS) agreed to continue the EO-1 program as
an extended mission. Information about EO-1 satellites and
Hyperion sensors can be found at the USGS and NASA’sWeb
site: http://eo1.usgs.gov http//eo1.gsfc.nasa.gov. The date of
acquisition of this image is January 2014. In order to use it
conveniently, this paper cuts out an experimental area of 529
pixels high and 256 pixels wide. After atmospheric correction
and geometric correction, a total of 72 bands were selected
for analysis after removing the low SNR band. The images
of land cover mainly include bare land, low residents, low
vegetation, broad-leaved forest, and six types of water body.
In the classification of remote sensing, the selection of the

http://eo1.usgs.gov
https://eo1.gsfc.nasa.gov/
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Figure 3:The synthesis true color image (bands 29, 20, and 18) and the overlaid image of training sets of Hyperion data and the ground truth
data.

training samples area directly determines the classification
results. Using Google Earth to select the training samples
area of remote sensing classification is an excellent way.
The ground truth data can be used in two ways: one is the
standard classification diagram and the other is the selected
area of interest (validation samples area). In this paper, the
standard classification diagram is used as the ground truth
data. Hyperion data true color composite image and the
distribution of training samples and the ground truth data are
shown in Figure 3.

Classification is one of the main problems in the field of
remote sensing. As a tool to solve the problem, classifier is
always a hot topic. The commonly used classifiers include
decision tree, logical regression, Bayes, and neural network.
These classifiers all have their own performance characteris-
tics. In this paper, three kinds of classifiers are mainly used,
that is, the traditional classifier based on minimum distance
and the support vector machine classifier and the classifier
proposed in this paper.

The essence of classification is to select the appropriate
discriminant function according to the law of probability and
statistics and to establish a reasonable discriminant model
to separate the discrete clusters in the image and to make
the judgment and classification. Through the statistics and
calculation of the regions of interest, the mean and variance
parameters of each category are obtained to determine a
classification function, and then each pixel in the image to
be classified is brought into the classification function of each
category. The category with the largest return value of the
function is regarded as the category of the scanned pixel to
achieve the effect of classification.

There are two strategies for selecting separability judg-
ments [61, 62]: (1) select the features with the highest average
separability; (2) select the most divisible feature of the most
difficult categories. The first strategy is difficult to take care of
a more centralized category [63, 64]. If this strategy is used,
the choice of balanced care of all types can make up for its
shortcomings. Second strategies can take care of the most
difficult categories, but it maymiss some of the biggest feature

which makes the separability and decreases the classification
accuracy [65, 66].

In practical application, the thought of the two strategies
should be integrated to achieve balance between efficiency
and pattern distribution. If the distribution is more uniform,
both strategies should be chosen; but if the pattern distri-
bution is not uniform, to select the first strategy, we must
consider the validity of the separability criterion and themost
difficult category to improve the classification accuracy.

The aim of this algorithm presented in this paper is to
select the features with the highest average separability by
using the method of random forest and to distinguish the
categories that are easy to distinguish. Then, the weighted
entropy algorithm is used to select the most divisible features
of the most difficult category. This algorithm of the random
forest and the weighted entropy of the optimal parameter
combination combined into the classifier proposed in this
paper to classify not only can improve the purpose of
the classification, but also can improve the accuracy and
efficiency of the classification.

By using the traditional minimum distance and support
vectormachine (SVM) classificationmethod, theAVIRIS and
the Hyperion data are used to carry out many experiments on
30% of the total samples and 40% of the classification samples
and 50% of the classification samples, which are randomly
selected. The experiment is carried out with the classification
algorithm proposed in this paper. Among them, there are two
methods for sample selection.

Method 1: 5% samples are randomly selected as training
samples [66, 67] and the rest samples are used as test data.
Then, the performance of the classifier is reflected by the
degree of fitting of the classifier and the real ground object
[68]. The time of iteration is 1 and the initial number of
each feature is 16. Then the most weighted feature category
is taken as the category of the feature. Then the weighted
entropy algorithm is used to give the categorywith the highest
weighted, which returns the weight of the class predicted by
the model [69–75]. 5% additional samples were selected and
added to the training sample to form a new training sample,
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and then the prediction classification was conducted again,
so that the iteration took place until 10 iterations. Among
them, 6 iterations, 8 times, and 10 times correspond to 30%
of the total number of samples and 40% of the total number
of samples and 50% of the total number of samples for many
experiments. All of them pick out the total classification
accuracy and kappa coefficient of the three corresponding
numbers and calculate the corresponding time and average
value in order to eliminate the random band. The random
training samples corresponding to the minimum distance
classifier and the support vector machine classifier are 30%,
40 %, and 50% of the training samples

Method 2 of the experiment: 10% samples were randomly
selected as training samples, and the rest were used as test
data. The time of iteration is 1 and the initial number of
each feature is 16. Then the most weighted feature category
is taken as the category of the feature. Then the weighted
entropy algorithm is used to give the categorywith the highest
weighted, which returns the weight of the class predicted by
themodel. 10% additional sampleswere selected and added to
the training sample to form a new training sample, and then
the prediction classification was carried out again, so that
each iteration took place five times. The number of iterations
3 times 4 times and 5 times corresponds to 30% of the total
number of samples and 40% of the total number of samples
and 50% of the total number of samples. The mean value
of the total classification accuracy, the kappa coefficient, and
the corresponding time are calculated to eliminate the errors
caused by the randomness, and the random training samples
corresponding to the minimum distance classifier and the
support vector machine classifier are 30 %, 40 %, and 50 %.

2.1.1. Training Samples Selection and Testing Samples Selection.
The purpose of the training samples is to confirm the
parameters of the mathematical model. After training, the
model system canbe regarded as having been established.The
purpose of the test samples is to ascertain the function of the
model and whether the degree of fitting between the model
and real events is small.

In the classification of remote sensing, the selection of the
training samples area directly determines the classification
results. UsingGoogle Earth to select the training samples area
of remote sensing classification is an excellent way and the
process is showed in the following:(1) Put your research area boundary through ArcGIS tool
to KML, the research area in the Google Earth display.(2) Sketch the type of object you want on Google and
sketch “right-click your folder-save location as”, KML file.(3) In ArcGIS, convert the KML to layer tool to the
ArcGIS-recognized layer, and then the data export the shape
file format (note similar dissolved and projection conver-
sions).(4) Open your samples vector file in Envi, then export it
to the ROI file to the image of you want to classify, and select
the attribute for your own defined the type of objects, when
it converts to ROI.(5) You can see ROI in the main image window you want
to categorize.

Training Samples Selection Principle(1) Samples distribution should be as wide as possible.(2) Choose the pure pixels, not the areas where different
features are transferred.(3) The relationship between the number of samples and
the type of the samples is twice or more.(4) The real samples should be consistent with the
experimental samples.(5)The separability of the training samples is a parameter
of reference value to judge the function of the training
samples.(6) The correlation coefficient within the class should
be large, and the correlation coefficient between the classes
should be small.

Test Samples Selection Principles(1) Band selection should be consistent with the training
samples.(2) Find the region of interest in other places, which does
not coincide with the area of interest of the training samples.(3) The real samples should be consistent with the
experimental samples.(4) Separability is a parameter of reference value to judge
the function of test samples.(5) The correlation coefficient within a class should be
large, and the correlation coefficient between classes should
be small.

2.2. Classification Algorithms Selection

2.2.1.TheMinimumDistance Classifier. Thenearest neighbor
method classifies new samples from unknown categories
according to a set of samples known to each class of samples,
and the classification is based on calculating the distance
between the features of the new samples and those of the
samples in the set of samples in turn. The nearest neighbor
algorithm is mainly based on a limited number of adjacent
samples; thus, it is more suited to unclassified data sets
with more overlapping parts. Although the nearest neighbor
algorithm depends on the limitations of the theorem to
some extent, it only needs to consider the adjacent samples’
information in the classification, which can solve the problem
of sample imbalance. The disadvantage of the neighbor
algorithm is that the time complexity of the algorithm is
high. The distance between the samples should be classified
and each sample in the known samples space should be
calculated in turn, and then they will be sorted. In this case,
we can process the known samples the first time, remove
some samples, and reduce the number of comparisons in the
classification process, thus reducing the time consumed by
the algorithm [11].

The minimum distance classification is the most basic
classification method in the classifier. It is a classification
method by calculating the distance between unknown class
vector X and the center vector of each previously known class
and then reducing the vector X to be classified as the smallest
of these distances.

In an n-dimensional space, the minimum distance clas-
sification first calculates the mean values of each dimension
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of each known class X (expressed as a vector). A mean
value is formed, which is represented by a vector (the name
of a class, the samples’ feature set of category A, the first
dimensional feature set of class A, and the mean value n of
the first one-dimensional feature set as the total characteristic
dimension).Themean value of another category is calculated
(expressed as a vector) and used. It is regarded as a samples’
feature vector x to be classified. The distance between the two
samples is the variable to be calculated. The basic idea of the
minimum distance classifier is to generate a central vector
representing the class according to the arithmetic average of
the training set (K:1,2,⋅ ⋅ ⋅ ,M; M is the number of classes), for
each data tuple to be categorized X, its distance from the uk is
calculated, and finally, it is determined that X belongs to the
nearest class.

Here are two values X=[x1,x2,⋅ ⋅ ⋅ ,xn] and uk =
[uk1,uk2,⋅ ⋅ ⋅ ,ukn] and c represents category and it belongs to{cl,c2,⋅ ⋅ ⋅ ,c}. Take the Euclidean distance as an example; the
formula for calculating the distance is as follows:

𝑑 (𝑥, 𝑢𝑖) = 𝑥 − 𝑢𝑖2 = (𝑥 − 𝑢𝑖)𝑇 (𝑥 − 𝑢𝑖)
= 𝑥𝑇𝑥 − (𝑥𝑇𝑥 + 𝑢𝑖𝑥 − 𝑢𝑖𝑇𝑢𝑖) , (1)

Then look for the minimum value in the two groups. If
the former is the smallest, then X belongs to class A, and if
the latter is small, then X belongs to class B.

There are many different methods for calculating the
distance of classification at present and it is themost common
method of calculating distance, Euclidean distance.

Euclidean distance is the most easily understood method
of distance calculation, derived from the distance formula
between two points in the Euclidean space.

The Euclidean distance between two points of A (x1,y1)
and B(x2,y2) on a two-dimensional plane is as follows:

𝑑1,2 = √(𝑥1 − 𝑥2)2 + (𝑦1 − 𝑦2)2, (2)

Euclidean distance between two points of A (x1,y1,z1) and
B(x2,y2,z2) on two points in three dimensional space is as
follows:

𝑑1,2 = √(𝑥1 − 𝑥2)2 + (𝑦1 − 𝑦2)2 + (𝑧1 − 𝑧2)2, (3)

Euclideandistance between twopoints of X1 (expressed as
a vector) andX2 (expressed as a vector) on twon-dimensional
vectors is as follows:

𝑑1,2 = √ 𝑛∑
𝑘=1

(𝑥1 − 𝑥2)2, (4)

The nearest neighbor method classifies new samples in
unknown categories according to a set of samples known to
each class of samples, and the classification is based on cal-
culating the distance between the features of the new samples
and those of the known set of samples in turn. The nearest
neighbor algorithm is mainly based on a limited number of
adjacent samples, so it is more suited to unclassified data sets

with more overlapping parts. Although the nearest neighbor
algorithm depends on the limitation theorem to some extent,
it only needs to consider the adjacent samples’ information in
the classification.

The disadvantage of the neighbor algorithm is that the
time complexity of the algorithm is high and the distance
between the samples to be classified in the classification
process and each sample in the known sample space should be
calculated in turn. The nearest samples should be considered
after they are sorted. In this case, we can preprocess the
known samples’ points and remove some samples to reduce
the number of comparisons in the classification process, thus
reducing the time consumed by the algorithm [11].

2.2.2. Support Vector Machine Classifier. To map the sample
space to a high or even infinite dimensional feature space by
means of a nonlinear mapping plane, SVM may be a good
method. It can transform the nonlinear separable problem
in the original sample space into one in the feature space.
A linear separable problem involves scaling up and can be
linearized. Raising the dimension entails mapping samples to
a high-dimensional space. In general, this will increase the
computational complexity and even cause a “dimensionality
disaster”. However, as a matter of classification, regression,
and so on, a sample setmay not be linearly processed in a low-
dimensional sample space. Linear partitioning (or regression)
can be realized on a linear hyperplane. The SVM method
can solve this problem skillfully by applying the expansion
theorem of the kernel function. There is no need to know
the explicit expression of nonlinear mapping. Since the linear
learning machine is built in the high-dimensional feature
space, comparing it with the linear model, the computa-
tional complexity is almost not increased. The catastrophe
of dimensionality can be avoided to some extent thanks
to the expansion of the kernel function and the theory of
calculation.

SVM is often used in classification scenarios, and its
classification effect is very good. Compared with other
classification methods, only when the training samples reach
a certain number it can achieve a better result. The algorithm
can also obtain satisfactory results on small samples when the
number of samples is limited and the classification effect is
difficult to guarantee.

The basic principles of the algorithm are as follows:
different points and lines represent the classification target
and the classification hyperplane, respectively [11]. The opti-
mal hyperplane linear of two classification support vector
machines aims to find the optimal hyperplane, so that the
two types of distances are maximal and they can be separated
correctly. Suppose two classes of samples sets are known:{(𝑥1, 𝑦1), (𝑥2, 𝑦2), ⋅ ⋅ ⋅ (𝑥𝑛, 𝑦𝑛)}, (𝑥𝑖, 𝑦𝑖) | 𝑥𝑖 ∈ 𝑅𝑛, 𝑦 ∈{−1, +1}, 𝑖 = 1 . . . 𝑛

The decision function is

𝑓 (𝑥) = sgn (𝑔 (𝑥)) (5)

The optimal hyperplane description is

𝑤 ⋅ 𝑥 + 𝑏 = 0 (6)
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Optimal hyperplane.

General classification plane.

Figure 4: The comparison of optimal classification hyperplane and
common classification plane.

The result of the classification is

𝑤 ⋅ 𝑥 + 𝑏 ≥ 0 𝑦𝑖 = 1
𝑤 ⋅ 𝑥 + 𝑏 < 0 𝑦𝑖 = 1 (7)

The function 𝑤 is the normal direction of hyperplane. So
as to normalize it, the corresponding relation of classification
hyperplane and hyperplane 𝑤 is established. Therefore, the
distance between the nearest samples of judgment surface
and judgment surface is 1/‖w‖, and the interval between the
two types is 2/‖w‖. The samples data set is divided into two
areas, i.e.,

min
𝑖=1,2,⋅⋅⋅𝑛

(w ⋅ x𝑖) + 𝑏 = 1
𝑦𝑖 [(w ⋅ x𝑖) + 𝑏] = 1 (8)

The classification hyperplane (w ⋅ x) + 𝑏 = 0 can classify
all samples correctly, that is,

𝑦𝑖 [(w ⋅ x) + 𝑏] ≥ 1, 𝑖 = 1, 2, ⋅ ⋅ ⋅ 𝑛 (9)

To minimize ‖w‖2, the classification surface is the opti-
mal classification hyperplane. The comparison between the
general classification surface and the optimal classification
hyperplane is shown in Figure 4.

Solving the optimal hyperplane solution of two-class
optimal hyperplane can be transformed into two-time pro-
gramming problems. Constraint condition is

minΦ(w) = 12 (w ⋅ w) (10)

𝑦𝑖 [(w ⋅ x) + 𝑏] ≥ 1, 𝑖 = 1, 2, ⋅ ⋅ ⋅ 𝑛 (11)

Type (11) is a convex programming problem, using the
Lagrange multiplier method to solve the upper formula, i.e.,

𝐿 (𝑤, 𝑏, 𝛼) = 12 (𝑤 ⋅ 𝑤) − 𝑛∑
𝑖=1

𝛼𝑖 {𝑦𝑖 [(𝑤 ⋅ 𝑥𝑖 + 𝑏] − 1} (12)

Take the partial derivative of 𝑤 with respect to 𝑏, and set
it to zero, and you get

𝜕𝐿𝜕𝑤 = 0 ⇒
𝑤 = 𝑛∑
𝑖=1

𝛼𝑖𝑦𝑖𝑥𝑖 (13)

𝜕𝐿𝜕𝑏 = 0 ⇒
𝑛∑
𝑖=1

𝛼𝑖𝑦𝑖 = 0 (14)

Formula (13), (14) is brought into (12) and can be

𝑊(𝛼) = 𝑛∑
𝑖=1

𝛼𝑖 − 12
𝑛∑
𝑖,𝑗=1

𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗 (𝑥𝑖 ⋅ 𝑥𝑗) (15)

According to the duality theory of Kuhn-tucker con-
dition, the above problem can be transformed into dual
problem, namely,

max
𝛼

𝑊(𝛼) = 𝑛∑
𝑖=1

𝛼𝑖 − 12
𝑛∑
𝑖,𝑗=1

𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗 (𝑥𝑖 ⋅ 𝑥𝑗) (16)

Constraint condition is

𝛼𝑖 ≥ 0,
𝑛∑
𝑖=1

𝛼𝑖𝑦𝑖 = 0,
𝛼𝑖 {𝑦𝑖 [𝑤 ⋅ 𝑥𝑖 + 𝑏] − 1} = 0

(17)

Solution Type (16): we can get the optimal classification
function, namely,

𝑓 (𝑥) = sgn {(w ⋅ x) + 𝑏}
= sgn{ 𝑛∑

𝑖=1

𝛼∗𝑖 𝑦𝑖 (𝑥𝑖 ⋅ 𝑥) + 𝑏∗} (18)

In the result, most of 𝛼𝑖 are equal to zero, and only the
samples 𝑥𝑖 responding to the decision boundary distance of
1 are not equal to zero, so the samples 𝛼𝑖 corresponding to
this part of nonzero𝛼𝑖 are called support vectors.The training
samples set will be only a small amount of samples, which can
greatly reduce the process of construction and operation, so
the efficiency and speed of the support vectormachine (SVM)
classification method are high.

When the training samples linear inseparable, namely, the
training samples cannot be completely separated from the
hyperplane of slack variables 𝜉𝑖, and error penalty adjustment
parameters𝐶 can be used to solve the transformation into and
the optimal classification function is

minΦ(w) = 12 (w ⋅ w) + 𝐶 𝑛∑
𝑖=1

𝜉𝑖 (19)
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Constraint condition is

𝑦𝑖 (w ⋅ x𝑖 + 𝑏) − 1 + 𝜉𝑖 ≥ 0, 𝜉𝑖 ≥ 0, 𝑖 = 1, 2, ⋅ ⋅ ⋅ , 𝑛 (20)

The function of error penalty adjustment parameter𝐶 is to
control the relationship between the upper bound of samples
size and the complexity of the algorithm. The dual problem
of transformation is exactly the same as that of the linear
separable case but with different constraint conditions, i.e.,

max
𝛼

𝑊(𝛼) = 𝑛∑
𝑖=1

𝛼𝑖 − 12
𝑛∑
𝑖,𝑗=1

𝛼𝑖𝛼𝑗𝑦𝑖𝑦𝑗 (𝑥𝑖 ⋅ 𝑥𝑗) (21)

Constraint condition is
𝑛∑
𝑖=1

𝑦𝑖𝛼𝑖 = 0;, 0 ≤ 𝛼𝑖 ≤ 𝐶, 𝑖 = 1, 2, ⋅ ⋅ ⋅ , 𝑛 (22)

So the final classification function is

𝑓 (𝑥) = sgn {(w ⋅ x) + 𝑏} (23)

An advantage of SVM is that it does not require a lot
of samples. This does not mean that the absolute number of
training samples is very small, but it is smaller than other
training classification algorithms. Under the same problem
complexity, the number of samples required by SVM is
relatively small, because of the introduction of the kernel
function in SVM. Therefore, for high-dimensional samples,
SVM is easy to deal with. The structural risk is minimal. This
risk refers to the cumulative error between the approximation
of the real model of the problem by the classifier and the
real solution to the problem. SVM is good at dealing with
the inseparability of sample data, mainly through relaxation
variables (which are also called penalty variables) and kernel
function technology.

2.2.3. The Decision Tree Classifier. The decision tree classifi-
cation method is a kind of inductive classification algorithm
which uses the learning of training samples to excavate the
useful rules and use this rule to predict the new Xinji. Its
rationale is for each input using a corresponding local model
computed from the training data in the region [76].The basic
algorithm of decision tree classification is greedy algorithm,
which is a top-down recursive method to construct decision.
In each step, it takes the attribute of the best or optimal
discrete value field in the current state, and it evaluates
the attributes quantitatively by the information gain. The
attribute is then established as a standard for partitioning
until the data for each node belongs to the same category or
no attributes can be used to split the data.

Conventional decision tree rules are generally based on
experience and visual interpretation of artificial settings,
subject to the influence of subjective factors, and classification
and regression tree (Classification And Regression Trees,
CART) method can automatically select the classification
characteristics and determine the node threshold value. It is
the representative of the decision tree model that can handle
the nonnumeric data that other algorithms cannot handle
[77].

Class 1

Class 2

Class 3

x1

x2

0

g1(x) > g2(x)

g1(x) > g3(x) g2(x) > g3(x)

Figure 5: Class boundaries by all-at-once formulation.

The basic principle of the CART algorithm is a two-fork
tree structure based on the cyclic analysis of the training
dataset composed of the test variables and the target variables.
CART is a supervised learning algorithm; that is, users must
first provide a learning sample set (Learning samples) to build
and evaluate the cart before using the cart for forecasting
[78].The variable functions are as follows:

L fl {𝑋1, 𝑋1, ⋅ ⋅ ⋅ , 𝑋𝑚, 𝑌} (24)

𝑋1 fl (𝑥11, 𝑥11, ⋅ ⋅ ⋅ , 𝑥1𝑡
1
) , ⋅ ⋅ ⋅ ,

𝑋𝑚 fl (𝑥𝑚1, 𝑥𝑚1, ⋅ ⋅ ⋅ , 𝑥𝑚𝑡𝑛) , (25)

Y fl (𝑦1, 𝑦2, ⋅ ⋅ ⋅ , 𝑦𝑘) (26)

𝑋1 ∼ 𝑋𝑚 is called attribute vectors, and its properties
are continuous and discrete. Y is called a label vector (label
vectors) whose properties are contiguous and discrete. When𝑦𝑖 is a continuous quantity value, it becomes a regression
number. When 𝑦𝑖 is a discrete value, it becomes a classifica-
tion tree.

Namely, we determine the decision functions:

gi (𝑥) > gj (𝑥) , for j = i, j = 1, ⋅ ⋅ ⋅ n. (27)

In this formulation we need to determine n decision
functions at all once. This results in solving a problem with
a larger number of variables than the previous methods.

An example of class boundaries is shown in Figure 5.
Unlike one-against-all and pairwise formulations, there is no
unclassifiable region.

The way the CART algorithm chooses the split attribute
is more interesting. The detailed steps are as follows: first,
calculate the impurity and then use the Gini to compute the
index. CARTchooses a propertywith the highest information
gain; the algorithm uses a greedy top-down approach and
each internal node chooses the best classification attribute
for the split node. Using the random forest proposed by
Breiman is CART in the training process of the decision
tree.The decision tree, which is attribute-value-based testing,
will enter the training sets, which are divided into subsets,
and each of them will be divided into a subset of a repeated
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Table 1: The process of generate decision tree (using the given training data to produce a decision tree).

Algorithm: Generate decision tree(using the given training data to produce a decision tree)
Input: Training data set samples, with discrete value attributes, the collection of candidate attributes Attribute list;
Output: A decision Tree;
method: (1) Create node N;(2) If the samples are in the same Class C;(3) returns N as a leaf node, with class C tag;(4) If Attribute list is an empty then;(5) returns N as the leaf node, marking the most common class in samples;//Majority Voting;(6) Selecting the optimal classification attribute test attribute in Attribute list; Using information gain as attribute selectionmetric;(7)TheMark node N is test attribute;(8) for the known value AI in each test attribute; The Division of Samples(9) It is grown from the node N with a condition of test attribute= ai;(10) Set up SI as sample of test attribute=ai in samples; A partition;(11) If si is an empty then;(12) plus a leaf node, marked as the most common class in the samples;//majority vote(13) else plus one by Generate decision tree (SI, Attribute List-test attribute) returns the node;

recursively partitioned subset until the next node where all
the elements have the same value or attribute value as given or
some other stop conditions. We chose optimal segmentation
nodes aimed at dividing the data set into homogeneous
subsets as far as possible. Because entropy expresses the
content of information, the smaller the entropy value the
more ordered the subset, and a bigger entropy Gini means
better homogeneity of the subsets.

Gini impurity is the expected error rate at which a certain
result from a set is randomly applied to a data item in the set.
It can be calculated as the sum of the product of each selected
probability and the probability of this misdivision. If all data
on the point belong to a certain target class, then the Gini
impurity gets its minimum value of 0.

The classification algorithm of this paper uses random
forest with probabilistic output to calculate the probability
of each pixel in hyperspectral remote sensing image. The
random forest using in this paper with probabilistic output is
based onCART (Classification and Regression Tree) decision
tree algorithm and the detailed steps of CART is showed at
Table 1.

The processes of decision tree classification are as follows:(1)The establishment of decision tree model; (2) decision
tree classification in ENVI; (3) accuracy evaluation in ENVI.
The steps are showed as in Figures 6, 7, and 8.

The advantages of CART: the decision tree classification
method has the characteristics of clear structure, repeat-
able operation, high efficiency, flexibility, and intuition and
has a good effect in remote sensing image classification.
In the decision tree algorithm, there are C5.0 algorithm
and classification regression tree CART (classification and
regression trees) algorithm, and the classification accuracy
of CART decision tree algorithm is better than that of C5.0
algorithm and has the advantages of clear structure and
so on. Conventional decision tree rules are generally based
on experience and visual interpretation of artificial settings,

�e algorithm of decision tree in ENVI 5.1 so�ware patch Rulegen
module

Open synthetic band data under Envi Classic

Loading training samples and analyzing ROI samples

Generate Cart Decision tree File

To set the classifier parameter

Completing rules establishing and exporting decision tree
rules

Figure 6: Flowchart of the establishment of decision tree model.

subject to the influence of subjective factors, and classifica-
tion and regression tree (classification and regression Trees,
CART) method can automatically select the classification
characteristics and determine the node threshold value [79].
It is the representative of the decision tree model to deal with
the nonnumeric data which other algorithms cannot handle.

2.2.4. Semisupervised Classification of Random Forest Based
on Weighted Entropy. The process of random forest classifi-
cation involves classifying each randomly generated decision
tree classifier, input feature vector, and forest tree to classify
the samples. Based on the weight of each tree, the final
classification result is obtained. All tree training instances use
the same parameters and a different training set; the error
estimation of classifiers is based on out of bag. The method
of bagging is used to generate different training sets. In other
words, bootstrap sampling is used to generate new training
sets from the original training set. For each new training set,
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Reopen ENVI5.1

Loading the original image in Envi Classic

ROI overlay on the original image 

Open Classification

Decision Tree

Execute Existing Decision Tree

Take B1 as R, take B2 as G and B3 as B

Output the results of
classification

Figure 7: Flowchart of decision tree classification in Envi.

Classification

Post classification

confusion matrix

using Ground Truth ROIS

Draw the Classification precision table

Figure 8: Flowchart of accuracy evaluation.

the random feature selection method is used to generate the
decision tree, and the decision tree is not pruned during the
growth process.

Random forest is a bagging integrated classifier with
CART decision trees as weak classifiers. Boosting is usually
used to iteratively call the weak classifier learning algorithm
to construct a series of weak classifiers. Subsequently, each
round gives greater weight to the failed samples of the last
round. Bootstrap aggregating is improved by combining ran-
domly generated training sets to select the training samples
independently from the same distribution. There are many
algorithms of decision trees for each weak classifier, such as
iterative dichotomy (ID3), decision tree category methods
(C4.5), and CART.

The core of the ID3 algorithm is the application of the
information gain criterion to the decision tree nodes. The
method of constructing the decision tree recursively is as fol-
lows: start from the root node, calculate the information gain
of all possible features of the node and select the maximum
characteristic of the information gain as the characteristic of
the node, and establish the child nodes based on the different

values of the feature. Then, recursively call the above method
to the child node and construct the decision tree. Repeat the
same steps until all characteristics of the information gain are
very small or no characteristics can be selected. Finally, obtain
a decision tree.The disadvantages of ID3 are that (1)whenwe
select attributes with information gain, we prefer to select the
attribute value with many values, that is, the attribute with
more value; and (2) it cannot process contiguous properties.

The C4.5 algorithm is one of the top 10 algorithms in data
mining. It is an improvement on the ID3 algorithm, with the
following modifications:(1) it can use the information gain ratio to select
attributes;(2) it can prune trees during the construction of decision
trees;(3) it can be processed for nondiscrete data; and(4) it can handle incomplete data.

Because random forests are composed of a series of CART
(classification and regression tree) decision trees, and vote
by the decision tree, the attribute metric used is Gino index
[67]. Suppose the information source x is a discrete random
variable, and the value of X is𝑋 = {𝑥1, 𝑥2, . . . 𝑥𝑛}. If the prob-
ability of each message happening is 𝑃 = {𝑝1, 𝑝2, . . . 𝑝𝑛},in
addition to ∑𝑛𝑖=1 𝑝𝑖 = 1, Gini index concrete formula is as
follows:

𝐺𝑖𝑛𝑖 (𝐷) = 1 − 𝑚∑
𝑖=1

𝑝𝑖2 (28)

The smaller the probability of a category appearing in D
means the smaller the Gino index value and the higher the
“purity” of the sample. For attributes A in the training sample
data set D that will be divided into D1 and D2, the following
formula shows the Gini index for the given division of D:

𝐺𝑖𝑛𝑖𝐴 (𝐷) = 𝐷1𝐷  𝐺𝑖𝑛𝑖 (𝐷1) + 𝐷2𝐷  𝐺𝑖𝑛𝑖 (𝐷2) (29)

For discrete value attributes, recursive selection of this
attribute produces a subset of the smallest Gini index as its
split subset.

For continuous value attributes, all possible split points
must be considered, and the decision is similar to the
information Gini processing method introduced in ID3; its
formula is as follows:

𝐺𝑖𝑛𝑖𝐴 = V∑
𝑖=1

𝐷𝑖𝐷
 × 𝐺𝑖𝑛𝑖 (𝐷𝑖) (30)

The point where the given continuous attribute value
produces the smallest Gini index is chosen as the split point of
the attribute, which is the number of nodes [35].WhenCART
(classification and regression tree) is constructed, each node
t is marked with a corresponding class, regardless of whether
the nodes in the decision tree are divided or not. Inequality is
used as the criterion of classification:𝑃𝐶 (𝑗 | 𝑖) ⋅ 𝑃 (𝑖) ⋅ 𝑁𝑖𝑡𝑃𝐶 (𝑖 | 𝑗) ⋅ 𝑃 (𝑗) ⋅ 𝑁𝑗𝑡 > 𝑁𝑖𝑁𝑗 (31)

If all classes except node I are true, then node t is marked
as class, where the a priori probability of class is represented
by the a priori probability of class, which is the number of
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classes in the sample of node t and the cost of dividing node I
into classes.This can be found by looking up the decision tree
matrix.

The probability formula x of a result variable of semisu-
pervised classification random forest model with probability
output represents a category set; and c solving formula is as
shown in the following formula:

𝑐 = arg𝑚𝑥𝑝 (𝑐 | 𝑥) , 𝑐 ∈ (1, ⋅ ⋅ ⋅ , 𝑁𝐶) (32)

A semisupervised hyperspectral remote sensing image
classificationmethod based onweighted entropy is character-
ized in that the categories corresponding to the probabilistic
output of each pixel category in the function (33) are

𝐶𝐿𝐴 (𝑥𝑖) = argmax
𝑐∑
𝑖=1

𝑃 (33)

In the function of (29), the semisupervised random forest
hyperspectral remote sensing image classification method
based on weighted entropy outputs the classification results
and evaluates the accuracy. If the first iteration is suitable for
the results, the subsequent steps are carried out; otherwise,
the results are compared with the previous output results.
If the difference between the two is greater than the given
threshold, the subsequent steps are conducted. If the differ-
ence is less than the given threshold, the final result is output.

The purpose of this paper is to transform the uncertainty
label into a deterministic label that is expressed as an entropy
value. In weighted implementation, the greater entropy is
given the greater weight.This helps to distinguish the difficult
surface categories. It regards the large entropy value as the key
distinguishing object that can improve the efficiency of the
classification.

In the steps of the semisupervised random forest hyper-
spectral remote sensing image classification method based
on weighted entropy, the weighted entropy algorithm based
on voting probability is used to assign different weights to
ground objects according to the different needs of researchers
[17].The probability of each pixel in the remote sensing image
is transformed into the uncertainty formula by converting
the probability into uncertainty, as shown by the following
formula:

𝑊(𝑋) = − 𝑞∑
𝑖=1

𝑤𝑖𝑝𝑖 log𝑝𝑖 (34)

Suppose the information source x is a discrete random
variable and the value of X is 𝑋 = {𝑥1, 𝑥2, . . . 𝑥𝑛}. If the
probability of each message happening is 𝑃 = {𝑝1, 𝑝2, . . . 𝑝𝑛},
in addition to ∑𝑛𝑖=1 𝑝𝑖 = 1, the function of the weighted
entropy algorithm takes into account the degree of attention
to information and the influence of events on people. When
we calculate the weighted entropy value of pixel of hyperspec-
tral image data, the maximum value will occur. In order to
ensure the accuracy of the experimental results, a normalized
treatment is adopted, as shown by the following formula:

𝑅 (𝑋) = −𝑝𝑖 𝑞∑
𝑖=1

𝑤𝑖𝑝𝑖 log 𝑝𝑖 (35)

We use the OA (the overall accuracy) and kappa to show
the function of the classification, which are showed at formu-
lae (36) and (37). OA is the ratio of the number of validation
pixels that have been correctly classified to the total number
of validation pixels used for all classes and is expressed as a
percentage (%). Kappa is the proportion of correctly classified
validation points after random agreements are removed and
it expresses the extent to which the confusion matrix results
are not obtained by chance or random, which is showed at the
following formula:

𝑂𝐴 = ∑𝑚𝑖=1 𝑡𝑝𝑖𝑛 (36)

𝐾𝑎𝑝𝑝𝑎
= 𝑛∑𝑚𝑖=1 (𝑡𝑝𝑖) − ∑𝑚𝑖=1 ((𝑡𝑝𝑖 + 𝑓𝑝𝑖) × (𝑡𝑝𝑖 + 𝑓𝑛𝑖))𝑛2 − ∑𝑚𝑖=1 ((𝑡𝑝𝑖 + 𝑓𝑝𝑖) × (𝑡𝑝𝑖 + 𝑓𝑛𝑖))

(37)

In the function, 𝑓𝑝𝑖 is the main diagonal element in 𝑖𝑡ℎ
row, which is the ratio of the number of validation pixels that
have been correctly classified; 𝑓𝑝𝑖 is computed from the sum
of 𝑖𝑡ℎ row column which is the number of real pixels in a
class, excluding the main diagonal element; 𝑓𝑛𝑖 is the sum
along 𝑖𝑡ℎ row, which is the number of classified pixels in this
class, excluding the main diagonal element; m is the number
of classes; and n is the total number of pixels in all surface real
categories.

2.3. The Processing of the Algorithm Proposed in the Paper.
The purpose of this improved algorithm is to select the most
difficult category and find out the most divisible feature and
then classify it and improve the accuracy of classification.
The training convergence rate is slow and the performance
of each classification varies greatly. The detailed steps of the
algorithm are showed at Table 2.

Figure 9 shows the main technical flowcharts of this
experiment, which is presented as in Figure 9.

3. Results

This experiment is based on the following computer hardware
devices:

Inte: (R) Core(TM) i5 3230M CPU @ 2.6Ghz 2.6 Ghz
Install RAM Ram: 4.00GB
System type: 64-bit operating system
The software environment is as follows:
In the environment ofMicrosoftWindows 7, Envi/IDL5.2

and MATLAB 2017b are used to carry out the experiment.
In this experiment, AVIRIS andHyperion data were used,

respectively.
There will be two parts in this chapter. First of all, the

discussion of parameters selection the parameters of random
forest will be illustrated. In the second part, classification
results and analysis will be showed.

3.1.TheDiscussion of Parameters Selection. In order to ensure
the random forest classifier performs well, the number of
variables used in a random forest decision tree (N-tree) and
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Table 2: The process of semisupervised classification of random forest based on weighted entropy algorithm.

Algorithm: Semi-supervised Classification of Random Forest Based on Weighted Entropy
Input: Hyper-spectral remote sensing image data; training sample set; the category set corresponding to the training sample.
Output: The results of classification images and confusion matrix;
method:(1) Random forest with probability output is used to determine the expected value of the category of ground objects with the largest
number of votes;(2) Judging the type of the samples according to the results of output;(3) Judging the accuracy of the output results according to the classified ground object classification data;(4)Then the weighted entropy algorithm is used to give the category with the highest weighted return weight of the class predicted
by the model;(5)The ground objects which account for 5% or 10% of the total sample increase are selected and added to the training sample to
form a new training sample, and then the prediction classification is carried out again;(6)The unlabeled label pixel in the input hyper-spectral image is converted into the tag pixel according to the uncertainty
evaluation value;(7) A new tag is added to the original training set and a new training set is constructed;(8) Run iteratively until termination requirements are met or unlabeled training samples run out.(9)Using the remaining samples to test the performance of the classifier, that is, to evaluate the accuracy of the classifier;(10) In order to test the classification performance and the universality of the classifier, the hyper-spectral remote sensing images of
Hyperion and the hyper-spectral remote sensing images of AVIRIS type are classified, and the accuracy is evaluated.

Using weighted Entropy to convert probability to uncertainty

Conversion of unmarked labels from images to tagged labels
based on uncertainty

Add a new tag to the training set

Updated training set

hyper-spectral - image classification sample set category set

Probabilities of Random Forest Computation Pixels with
probabilistic output

Output hyper-spectral remote sensing Image this classification result

Whether the number
of iterations meets the
end condition

�e end of this algorithm 

Output final classification
result

yes

no

Figure 9: Flowchart of classification framework.
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Figure 10: The tendencies of overall accuracy when the N tree and
M try are setting different values for AVIRIS.
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Figure 11: The tendencies of kappa when the N tree and M try are
setting different values for AVIRIS.

the node number (M-try) should be selected. Among them,
the characteristic number M-try decides to construct the
correlation between the ability of the decision tree and the
decision tree; the number of decision trees (N-tree) deter-
mines the number of votes and the accuracy of the random
forests. Owing to the limitations of real conditions, the N-
tree used in random forest changes from 100 to 1000, and M-
try changes from 1 to 9. 90 when experiments are performed,
aiming at selecting the most appropriate parameters for every
data source used in the experiments.

The optimal combination of the number of decision trees
and the number of nodes is selected. After testing 90 times,
a set of optimal combinational parameters that are suitable
for random forests are obtained; these are shown in Figures
10–13. Here, the most fitting parameters for random forest are
selected. To be of scientific merit, the evaluation parameters
must show the classification function of the classifiers, and
their high values show that the fitting degree is good. The
figures show that when the combination parameter in that
decision tree’s selection is 300 and the node number selection
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Figure 12: The tendencies of overall accuracy when the N tree and
M try are setting different values for Hyperion.
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Figure 13: The tendencies of overall accuracy when the N tree and
M try are setting different values for Hyperion.

is 4, it makes the evaluation parameters of the results of
the classification, and it has a high value for AVIRIS and
Hyperion data. Therefore, we selected combination param-
eters where N-tree was 300 and M-try was 4 to carry out the
random forest model before starting the weighted entropy
algorithm, which ensured the semisupervised classification
ran well.

3.2. Classification Results and Analysis. Conducting a quali-
tative and quantitative analysis of the classification results in
this part arming at evaluating the accuracy of the classifica-
tion.

3.2.1. The Conduct of Qualitative Analysis of the Results of
Classification. While employing the traditional minimum
distance and SVM classification method, the AVIRIS and
Hyperion data were used to carry out many experiments on
30% of the total samples, 40% of the classification samples,
and 50% of the classification samples, which were randomly
selected. The mean value of the total classification accuracy,
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Figure 14: The classification results of minimum distance algorithm for AVIRIS data.

the kappa coefficient, and the corresponding time were
calculated so as to eliminate the errors caused by the random-
ness, and the random training samples corresponding to the
minimum distance classifier and the support vector machine
classifier were 30%, 40%, and 50%. The classification results
are showed from Figures 14–24.

From the map of the classification results, we can see that
the classification results of the algorithm proposed in this
paper were very consistent with the real surface situation, but
showing the classification resultsmore vividly is a problem. In
order to show the results more vividly, a qualitative method
is proposed, which is illustrated in the next part.

3.2.2. The Conduct Quantitative Analysis of the Results of
Classification. The performance of the classifier can be
demonstrated more intuitively according to the overall classi-
fication accuracy, kappa coefficient, and running time. Under

a condition where the initial label selects 5% and 10% of
the total samples, the total precision of the semisupervised
classification method proposed in this chapter is shown in
Figures 25–32 for 10 iterations and 5 iterations. The AVIRIS
data for method 1 and method 2 are from Figures 25–28. The
Hyperion data for method 1 and method 2 are from Figures
29–32.

Figure 25 clearly shows the trends in classification accu-
racy under different initial conditions and iterative states
of the AVIRIS data. It can be seen from the diagram that
the number of starting samples was selected as 5% of the
total samples; that is, 16 ground objects of each sample were
selected for the experiments on this algorithm.

The classification accuracy of the corresponding iteration
was 80.02, and then the samples with larger entropy values
were added in order from large to small, and 5% of the total
number of samples were selected as the new training samples
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Figure 15: The classification results of support vector machine algorithm for AVIRIS data.

for the second iteration. Using the above rules, we found that,
with the increase in the number of samples, the classification
accuracywas obviously improved. After the 10th iteration, the
kappa reached 0.8542.

The second group of experiments was intended to test
the other steps when the initial sample was set at 10% of
the total training samples. From Figure 26, we can see that
the initial classification accuracy was 83.82, which means
the number of training samples increased with the number
of iterations. The overall precision increased rapidly and
the precision curve tended to be gentle after the fourth
iteration; the precision was 87.36 after the fifth iteration.
Due to the control of the variables in the two experiments,
we found that the classification accuracies of the different
initial sample numbers were different: the classification
accuracy was higher when the initial sample number was
larger.

Compared with the same group of experiments, it was
found that the overall accuracy of the classification obviously
increased with the increase in iteration time, which indicates
that the classification accuracy of the algorithm proposed
in this paper has a great correlation with the growth of the
samples set.

A comprehensive analysis of the classification results on
the AVIRIS data showed that the algorithm proposed in
this paper functions relatively well and the initial sample
number and the growth of the samples set are closely
related to the classification accuracy; also, the initial tag
number corresponding to higher classification accuracy is
significantly increased with an increase in training samples.
What is more, when the samples set is increased to a certain
point, the overall accuracy increase is no longer obvious.

Figure 27 clearly shows the trends in the kappa different
initial and iterative states of the AVIRIS data. From the
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Figure 16: The classification results of CART algorithm for AVIRIS data.

diagram, we can see that the starting samples were 5% of the
total samples; that is, 16 ground objects from each sample
were selected for the experiment on this algorithm.

The corresponding kappa was 0.7798 at the first iteration,
and then we added the larger samples sorted according to
entropy value from large to small and selected 5% of the total
samples as the new training samples for the second iteration
to carry on the experiment. In accordancewith the above rule,
the kappa coefficient was obviously raised with the increase
in the sample number, until the 10th iteration. After the 10th
iteration, the kappa reached 0.8371.

The second group of experiments was intended to test the
other steps when the initial sample was set as 10% of the total
training samples. As shown in Figure 28, the initial kappa
was 0.8199 with the increase in the number of iterations.
What ismore, the kappa coefficient increased rapidly with the
increase in the number of training samples. After the fourth

iteration, the trend of the kappa curve became stable and
the kappa was 0.8591 after the fifth iteration. Also, compared
with the experimental group, we found that kappa increased
significantly with the increase in the number of iterations,
which indicates that the kappa algorithm proposed in this
paper is strongly related to the growth of samples set.

A comprehensive analysis showed that the algorithm
proposed in this paper on the AVIRIS spectrometer data
acquired the classification results and the initial number
of samples and the samples set were closely related to the
growth of the number of initial labels; also, the corresponding
kappa was higher. At the same time, the corresponding kappa
significantly increased with the increase in training samples.
When the samples set increased to a certain point, the kappa
increase was no longer so obvious.

Figure 29 clearly shows the trends in classification accu-
racy in different initial and iterative states of the Hyperion
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Figure 17: The classification results in the initial 5% label conditions of the algorithm for AVIRIS data.

data. It can be seen from the diagram that the starting sample
was set as 5% of the total samples; that is, 16 ground objects
from each sample were selected for the experiment on this
algorithm. The total accuracy of the corresponding iteration
was 0.9352, and then the samples with larger entropy values
were added in order from large to small, and 5% of the
total samples were selected as the new training samples for
the second iteration. Using the above rules, the classification
accuracy was obviously improved with the increase in the
sample number up to the 10th iteration.

In the second group of experiments, the initial samples
were set at 10% of the total. Looking at Figure 30, we can
see that the initial classification accuracy was 98.20; that is,
the number of training samples increased with the number
of iterations. The overall precision increased rapidly, and the
precision curve tended to be gentle after the fourth iteration
and 99.17 after the fifth iteration. It was found that the

classification accuracy differed based on the initial sample
number: more initial samples meant more classification
precision in the same conditions. The higher the degree of
classification means the higher the classification accuracy,
and the higher the number of iterations means the higher the
classification accuracy, which indicates that the classification
accuracy of the proposed algorithm is highly correlated with
an increase in the sample set.

A comprehensive analysis showed that the classification
effect of the proposed algorithm meant higher classification
accuracy. The higher the number of training samples the
higher the classification accuracy, and the higher the initial
tag number the higher the classification accuracy. However,
when the sample set was increased to a certain point, the
increase in the total accuracy was no longer obvious.

Figure 31 shows the kappa trends in different initial and
iterative states of the Hyperion data. From the diagram, we
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Figure 18: The classification results in the initial 10% label conditions of the algorithm for AVIRIS data.
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Figure 19: The classification results of minimum distance algorithm for the Hyperion data.
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Figure 20: The classification results of support vector machine algorithm for the Hyperion data.
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Figure 21: The classification results of support vector machine algorithm for the Hyperion data.

broad-leaved forest

irrigable-land

scrub

dry-land

settlements

water

Figure 22: The classification results CART algorithm for the Hyperion data.
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Figure 23: The classification results in the initial 5% label conditions of the algorithm for the Hyperion data.
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Figure 24: The classification results in the initial 10% label conditions of the algorithm for the Hyperion data.

can see that the starting samples were set at 5% of the total
samples; that is, 16 ground objects from each sample were
selected for the experiment on this algorithm. The kappa of
the corresponding iteration was 0.8812. Then, the samples
with larger entropy values were added in order from large to
smaller, and 5% of the total samples were selected as the new
training samples for the second iteration. Using the above
rules, we found that the kappa coefficient increased with the
number of samples until the 10th iteration. After the 10th
iteration, the kappa reached 0.9888.

In the second group of experiments, the number of initial
samples was set at 10% of the training samples. As shown in
Figure 32, the initial kappa was 0.9255, and as the number
of iterations increased, the final kappa reached 0.9901. The
kappa coefficient increased rapidly when the number of
training samples increased. By the fourth iteration, the kappa
curve tended to be smooth, and its value was 0.9904. When
the number of initial samples was higher, the kappa was
different. Compared with the same group of experiments, it
was found that the number of iterations obviously increased,

which indicates that the kappa of the proposed algorithm has
a greater correlation with the increase in the samples set.

Our analysis showed that the classification effect of the
proposed algorithm for the Hyperion data was closely related
to the initial sample number and the growth of the samples
set. To some degree, the higher the initial tag numbers the
higher the corresponding kappa. However, once the sample
set was increased to a certain point, the increase in kappa was
no longer so obvious.

The classification performance of the minimum distance
classification algorithm, the SVM classifier, and the semisu-
pervised classifier based on weighted entropy and stochastic
random forest integration can be classified using the same
validation data. The results on the overall classification
accuracy, the kappa coefficient, and the running time are
shown in Tables 3 and 4.

The tables show that when they are in the same con-
ditions, the semisupervised classifier based on weighted
entropy and the stochastic random forest integration pro-
posed in the paper function well, which improves the overall
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Figure 25: Classification accuracy trend of different initial and
iterative condition of AVIRIS data for method 1.
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Figure 26: Classification accuracy trend of different initial and
iterative condition of AVIRIS data for method 2.
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Figure 27: Classification kappa trend of different initial and iterative
condition of AVIRIS data for method 1.
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Figure 28: Classification kappa trend of different initial and iterative
condition of AVIRIS data for method 2.
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Figure 29: Classification accuracy trend of different initial and
iterative condition of Hyperion data for method 1.

Th
e m

ea
n 

va
lu

e o
f o

ve
ra

ll 
ac

cu
ra

cy

The number of iterations
1 2 3 4 5

ＨＮree=300,ＧＮry=4
1

0.99

0.98

0.97

0.96

0.95

0.94

0.93

0.92

0.91

0.9

The variation trend of the overall accuracy with the number of iterations

Figure 30: Classification accuracy trend of different initial and
iterative condition of Hyperion data for method 2.
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Figure 31: Classification kappa trend of different initial and iterative
condition of Hyperion data for method 1.
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Figure 32: Classification kappa trend of different initial and iterative
condition of Hyperion data for method 2.

classification accuracy and the kappa coefficient successfully;
furthermore, when number of the labeled labels is 5% of
the total, the overall accuracy of the AVIRIS data increased
to 85.35%, which is about 20% higher than the minimum
distance classification algorithm and 3% higher than that
of the SVM classification algorithm, what is more, 7.02%
higher than that of CART algorithm. The kappa coefficient
of the AVIRIS data increased to 0.8591, which is about 0.22
higher than the minimum distance classification algorithm
and 0.25 higher than that of the SVM classification algorithm,
what is more, 0.08 higher than that of CART algorithm;
when number of the labeled labels is 10% of the total, the
overall accuracy of the AVIRIS data increased to 87.36%,
which is about 22.15% higher than the minimum distance
classification algorithm and 5.01% higher than that of the
SVM classification algorithm, what is more, 9.03% higher
than that of CART algorithm. The kappa coefficient of the
AVIRIS data increased to 0.8591, which is about 0.2454 higher

than the minimum distance classification algorithm and
0.055 higher than that of the SVM classification algorithm,
what is more, 0.1 higher than that of CART algorithm.

When number of the labeled labels is 5% of the total,
the overall accuracy of the Hyperion data increased to
98.83%, which is about 7.88% higher than the minimum
distance classification algorithm and 3.92% higher than that
of SVM classification algorithm, what is more, 4.71% higher
than that of CART algorithm. The kappa coefficient of the
Hyperion data increased to 0.9788, which is about 0.1836
higher than the minimum distance classification algorithm
and 0.0959 higher than that of SVM classification algorithm,
what is more, 0.0887 higher than that of CART algorithm;
when number of the labeled labels is 10% of the total,
the overall accuracy of the Hyperion data is up to 99.17%,
which is about 8.22% higher than the minimum distance
classification algorithm and 4.26% higher than that of SVM
classification algorithm, what is more, 5.06% higher than that
of CART algorithm. The kappa coefficient of the Hyperion
data increased to 0.9904, which is about 0.1952 higher than
the minimum distance classification algorithm and 0.1075
higher than that of SVM classification algorithm, what is
more, 0.1003 higher than that of CART algorithm.

To sum up, the algorithm proposed in this paper can
effectively improve the effect of classification. It is very con-
venient and fast compared with the minimum distance clas-
sification algorithm, the SVM, and regression trees (CART)
classification algorithm in the same conditions.

4. Conclusions

After experimenting with two different data sources using the
proposed method, the following conclusions can be drawn:
through a large number of experiments, a set of optimal com-
bination parameters suitable for random forest was obtained.
That is, we set the number of decision trees at 300 and the
number of nodes at 4. When the random forest parameters
were optimal, samples of 5% and 10%of the total were selected
for the experiment, and the samples of 5% and 10% were
added each time. The weighted entropy algorithm was used
to select samples with the largest entropy values to train the
new training set proposed in this paper.The classifier used the
remaining data as the test data to evaluate the performance
of the classifier and to test the universality of the classifier.
Compared with the traditional classifier based on supervised
classification and SVM, we proved via a large number of
experiments that the proposed weighted entropy semisuper-
vised ensemble classifier based on random forest showed
better classification performance and better universality.

However, the new algorithm still has inadequacies, such
as its long running time and need for more computing power
and hardware. Our future research will focus on optimizing
the algorithm, lowering its running time, and improving its
efficiency.

Data Availability

The data used to support the findings of this study are
available from the corresponding author upon request.
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Table 3: The comparison of overall accuracy and Kappa coefficient under different classifier algorithm of AVIRIS data.

Comparative classification
method

Run time (seconds) Overall Accuracy (%) Kappa Coefficient
T1 T2 T3 T1 T2 T3 T1 T2 T3

Minimum distance
classification algorithm 7 10 11 65.46 63.06 65.21 0.6164 0.5895 0.6137

Support vector machine
classification algorithm 62 72 86 78.47 80.17 82.35 0.7609 0.7704 0.8041

Classification and
regression trees (CART) 17 21 26 75.04 78.0412 78.3285 0.7227 0.7557 0.7591

This-algorithm classifies(
5% of the-labeled labels) 16.21 16.63 17.69 82.98 84.19 85.35 0.8108 0.8234 0.8371

This-algorithm
classifies(10% labeled
labels)

20.65 21.10 22.72 85.85 86.81 87.36 0.8421 0.8528 0.8591

Table 4: The comparison of overall accuracy and Kappa coefficient under different classifier algorithm of Hyperion data.

Comparative classification
method

Run time (seconds) Overall Accuracy (%) Kappa Coefficient
T1 T2 T3 T1 T2 T3 T1 T2 T3

Minimum distance
classification algorithm 12 15 14 89.26 89.83 90.95 0.7567 0.7693 0.7952

Support-vector machine
classification algorithm 25 27 26 94.55 94.63 94.91 0.8744 0.8752 0.8829

Classification and
regression trees (CART) 7.5 7.2 6.7 86.0806 93.3795 94.1106 0.6806 0.8468 0.8901

This-algorithm classifies
(5% of the labeled labels) 6.04 6.35 6.97 97.22 98.26 98.83 0.9495 0.9684 0.9788

This-algorithm
classifies(10% of labeled
labels)

7.16 7.69 8.16 98.20 98.90 99.17 0.9711 0.9820 0.9904
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[28] P.Dubath, L. Rimoldini, M. Süveges et al., “Random forest auto-
mated supervised classification of Hipparcos periodic variable
stars,” Monthly Notices of the Royal Astronomical Society, vol.
414, no. 3, pp. 2602–2617, 2011.

[29] X. Fan, I. Riaz, Y. Rehman, and H. Shin, “Vanishing point
detection using random forest and patch-wise weighted soft
voting,” IET Image Processing, vol. 10, no. 11, pp. 900–907, 2016.
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