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Abstract. In recent years, convolutional neural network has been widely used in the field of
computer vision and achieved good results in image classification. In the field of remote sensing
image processing, the demand for hyperspectral image (HSI) classification is also increasing.
However, as the training of CNN requires large amounts of labeled hyperspectral images,
convolutional neural networks are difficult to apply to this domain. Considering this problem,
we proposed a hyperspectral image classification model with multi-scale convolutional neural
networks. The input of the model is the original hyperspectral image and the output is the final
classification result. The characteristics of this model are as follows. First, the model can extract
spatial features of the input data from multi-scales automatically, rather than requiring
handcrafted features. Second, multi-scales feature extraction is adopted, and more samples are
involved in the classification, solving the problem of obtaining large amounts of labeled
hyperspectral data. Third, the model proposed in this paper consists of a multi-scale
convolutional spatial feature extraction layer, a feature fusion layer, a normalization layer, a
dropout layer and an activation layer, which are more suitable for hyperspectral image
classification. Finally, the experimental results for the Indian Pines dataset show that the
classification model proposed in this paper is better than other state-of-the-art classification
models in terms of the overall accuracy, average accuracy and the Kappa coefficient.

Keywords: convolutional neural network, feature extraction, multi-scale, hyperspectral image
classification, spatial feature

1 Introduction

Recently, convolutional neural networks (CNNs) have been widely applied in the field of computer
vision [1], for example, moving object detection [2], image feature extraction [3], image classification [4],
etc. The classification process of hyperspectral remote sensing image is similar to that of traditional
image. The difference between them is that traditional images contain only 3-4 channels, while
hyperspectral images contain at least 200 channels. In practical applications, a large number of labeled
data sets can be used to classify traditional images, such as ImageNet [5]. However, the target of
hyperspectral image classification is to classify each pixel in the image, and it is time-consuming and
laborious to label hyperspectral remote sensing image, so the labeled samples is very small. Therefore,
the problem of small sample set (3S) is an urgent problem for hyperspectral remote sensing image
classification.

A common solution to this problem is to reduce the dimensionality of the data, which can also address
the influence of the Hughes effect on classification accuracy [6-7]. Dimensionality reduction is the
projection of high-dimensional data to a lower dimensional space. The common projection based
dimensionality reduction algorithms include principal component analysis [8], independent component
analysis [9], manifold learning [10], etc. Another way to reduce the dimensionality is to extract the most
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representative band images from the HSI data, e.g., via a sorting algorithm [11], clustering algorithm [12],
etc. However, one of the problems with dimensionality reduction is that some important information will
be lost. Also, after dimensionality reduction, the features extracted from the spectral domain are often not
enough to represent a class of real objects. Therefore, it is necessary to find more representative data
features.

But some important information may be lost during the dimensionality reduction process. More
severely, the features obtained through dimensionality reduction in the spectral domain cannot fully
characterize the properties of the materials; hence more discriminative features should been extracted.

The spatial information contained in HSI data can be used to determine the spatial characteristics of
adjacent pixels. Therefore, spatial features make up for the shortage of spectral domain features. These
spatial features can further improve the accuracy of HSI classification. In addition to geometric
morphometric [13], there are many other spatial filters that can be used to extract HSI spatial features.
However, in order to train a well model, most of the models need a large number of labeled samples; it is
difficult to meet this requirement in practical application. In order to extract the spectral and spatial
features further, researchers in the area have proposed the use of Gabor filters to extract them
simultaneously, which has produced good results in small scale HSI classification [14]. Recent
researches have shown that the convolutional neural network can automatically learn the parameters of
the convolutional filter, while the Gabor filter with different directions and scales is actually a
convolutional filter. [15]. This conclusion further proves that it is feasible to extract spatial features by
using multi-scale convolutional neural network in this paper. A typical spatial feature extraction
algorithm is geometric morphometric, which mainly transforms open or closed areas, thus extracting the
spatial structure features [16].

A typical convolutional neural network is usually composed of several convolutional layers and
pooling layers. Generally, after the convolution layer, the activation function is applied to extract the
image features. The commonly used activation functions are Relu, Sigmoid and Tanh functions. The
pooling layer combines adjacent pixels to extract local features. The role of the pooling layer is to
improve robustness regarding slight distortions of the image. CNNs have been widely applied in the
computer vision field. LeCun uses backward propagation and a gradient descent algorithm to train a
CNN, and applies the trained network model to handwritten digit recognition [17]. Krizhevsk has applied
a convolutional neural network to classify the ILRSRC2012 datasets containing 1000 different classes of
images. The classification accuracy surpassed that of the previous approaches for handwritten feature
classification [5]. Since 2012, CNNs have been widely applied in the fields of image classification,
semantic segmentation, target recognition, video analysis, etc. Literature [18] proposed a convolutional
neural network to classify HSIs. It takes the original HSI data as input and outputs the corresponding
pixel category. There are 200 training samples for each category.

There are some deep learning related works on HSI classification in the literature. Such as in [19],
deep stacked auto encoders are employed to extract features. The auto encoder is a kind of unsupervised
method. The proposed method in [19] combines principle component analysis (PCA), auto encoders and
logistic regression, and it is not an end-to-end deep method. An end-to-end deep CNN method is
proposed in [20]. The method takes the raw data as the input and outputs the predicted class labels. The
number of training samples of each class is 200, and it is relative large number.

This paper first analyzes the basic architecture, principles and training methods for convolutional
neural networks. In addition, it presents a classification model for HSI based on multi-scale convolutional
neural networks (Multi-CNNs). Finally, the experiments verify that the accuracy of this model is superior
to state-of-the-art algorithms in the classification of HSI. It is demonstrated that the hyperspectral image
classification model based on Multi-CNN can be widely used in HSI classification.

The remainder of the paper is organized as follows: In Section 2 the basic principles of cnns is
discussed. In Section 3 the proposed HSI classification model based on multi-cnn is described in detail.
The experimental results and analysis are presented in Section 4, followed by the conclusion in Section 5.

2 The Basic Principles of CNN

As shown in Fig. 1, a typical convolutional neural network mainly consists of input layer, convolution
layer, pooling layer, fully connected layer and output layer.
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Input Converlutional Max Pooling ~ Converlutional Max Pooling  Fully  Output
Layer Layer Layer Layer Layer ~ Connected Layer
Layer

Fig. 1. The typical convolutional neural network architecture

Normally, the input layer of the convolutional network is the original image X . In this paper, H, is

the i” layer of the convolutional neural network of the feature map (H, = X). H, can be obtained as
formula (1):

H =f(H_ ®W +b) 1)

where W, is the weight vector of the convolutional kernel of the itk selected layer. The operation symbol
® 1is the convolution operation, which represents the convolution operation between the image of the ith

level and the (z’ —l)m for the feature map. Then, the output of the convolutional layer and bias vector b,

is add, and finally the result is applied to the nonlinear activation function to obtain the feature map of the
i-th layer

The convolutional layer is followed by the pooling layer, which is used to down sample the feature
map according to certain rules. The pooling layer performs two tasks : (1) dimensionality reduction of the
feature map; (2) keep the scale invariance of the feature graph. Assuming H, is the pooling layer, there

are formula (2):

Y]

NLL(W ,b)=-) logY,
@)
After alternately calculating the multiple convolutional and pooling layers, the extracted features are

classified by the fully connected layer of the CNN, and the probability distribution Y is obtained based
on the input (/, represents the i” tag category). As shown in formula (3), the CNN makes the original
matrix (H,) transform the data or reduce the dimensionality through multiple layers essentially, and
maps it to a new mathematical model of feature expression.

H, = subsampling(H, ,) A3)

The ultimate goal of training the convolutional neural network is to minimize the loss function
L(W,b). We calculate the forward propagation of the input /, to obtain the value of the loss function,
and use the value of the loss function to calculate the difference between the input /4, and the expected

value. The difference is called the “residual”. The common loss functions include: the Mean Squared
Error (MSE) function as shown in formula (4), the Negative Log Likelihood (NLL) function as shown in
formula (5), etc.

Y, =P(L=1I|H,:(W,b)) “4)
M| A
MSE(W ,b) = ﬁZm _y)? )

In order to alleviate the problem of overfitting, the L2 norm is used to control the overfitting of
weights, and the intensity is controlled by parameter A (weight decay), as shown in formula (6).

EW ,b)y=L(W,b)+ iWTW
2 (6)
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In the training process, the gradient descent algorithm is usually used to optimize CNNs. In the process
of back propagation, gradient descent method is usually used to update the trainable parameters (w,b)

layer by layer. The parameter learning rate 77 is used to control the strength of back propagation. As
shown in formula (7) and (8)

W= CEOV-D)
w, ™
b =5 —p CEOV.D)
% ®)

3 The HSI Classification Model Based on Multi-CNN

In this paper, we proposed a convolutional neural network model based on multi-scale feature extraction,
according to the basic principle of neural network. The model is divided into two parts: the first part is
multi-scale feature extraction and fusion, the second part is HSI classification, as shown in Fig. 2 and Fig.
3.

Fig. 2. Multi-scale feature extraction and fusion model

}41 Covlutional rm Tanh Dropo 1x1 C i Netm Tanh Dropopit ully Cq
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a

Fig. 3. HSI classification model based on Multi-CNN

3.1 Multi-scale Feature Extraction and Fusion Model

The architecture of the multi-scale feature extraction and fusion model proposed in this paper is shown in
Fig. 2. It first uses the original HSI as input, and then calculates the convolution of the original images
using a convolutional kernel of 1x1xB, 3x3xB, 5x5xB (B is the number of HSI bands). The
convolved image can be used to extract the spatial features of HSI. The outputs of the convolutional layer
are three sets of convolutional feature maps. Finally, we apply the fully connected technology of feature
fusion to three sets of convolutional feature maps, to obtain a feature map with size W x H x3B .

As can be seen from Fig. 2, the size of the convolutional maps calculated by three convolutional
kernels of different sizes is not the same. Therefore, these three convolutional kernels need to be adjusted
to be the same size. First, two pixels are added around the original image and the pixel value is set to 0.
Thus, the expanded images can output a feature map of size (H +4,W +4),(H +2,W +2),(H,W) (H is

the height and W is the width of the original image) through convolution. The convolutional kernels are
1x1,3%3,5x5 and the step size is 1. Then, the convolutional graph is calculated using max pooling of
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size (5x5),(3x3). Ultimately, the size of all the three convolutional graphs are adjusted to H xW .

3.2 The HSI Classification Model Based on Multi-CNN

As shown in Fig. 3, the multi-scale HSI classification model proposed in this paper is mainly composed
of the following parts: three convolutional layers, two normalized layers, two dropout layers, two
activation layers and a full connection layer. The input data is an image of size 5x5x N (N is the
number of HSI bands) centered on the HSI pixel point to be classified. The first convolutional layer in
this paper uses a 1x1 convolutional kernel. The total number of convolutional kernels is 128, so the size
of the feature map output from the first convolutional layer is 5x5x128. There are the normalization
layer, the dropout layer and the activation layer after the first convolutional layer. The second
convolutional layer uses a 1x1x 64 convolutional kernel, so the size of the feature map output from the
second convolutional layer is 5x5x64 . There is already a normalization layer, dropout layer and
activation layer after the second convolutional layer. The third convolutional layer uses a 1x1xC
convolutional kernel (C is the number of categories to be classified), so the size of the feature map output
from the third convolutional layer is 5x5x C . The last layer is the pooling layer for global evaluation

whose input is a feature map of size 5x5x C and the output is the eigenvector of size 1x1x C, where the

i" maximum value of the output represents the category of the pixel.

3.3 The Learning Process of the HSI Classification Model Based on Multi-CNN

The learning process of the multi-CNN HSI classification model is shown in Fig. 4. The steps for HSI
classification are as follows:

Data & Labels:Batch 1

Data & Labels:Batch 2

"{ Multi-CNN Training
Data & Labels:Batch 3

Data & Labels:Batch M

Training

Test Data Multi-CNN Training Finished Testing

Fig. 4. The learning process of the HSI classification model based on Multi-CNN

Step 1. The original training data set is randomly sampled to generate M subsets containing the same
amount of data. In this paper, M=16.

Step 2. The 16 subsets are used for training separately by using stochastic gradient descent. Only one
subset is iterated at a time. Repeat the process until the maximum value of iterations is reached. Step 3: In
the test phase, the test sample is input into the trained Multi-CNN model, and the i” maximum value of
the output vector is the category of the sample.

4 Experiments and Result Analysis

The Indian Pines dataset is used in our testing. First, the main components of the HSI model based on
Multi-CNN are tested, including the multi-scale convolutional kernel, convolutional kernel size and the
impact of the activation function on classification accuracy. Then, the proposed classification model is
compared with mainstream approaches in terms of the overall accuracy, average accuracy and kappa
coefficient. The hardware and software environment used in the experimentation is shown in Table 1.
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Table 1. Experimental environment: hardware and software

Category Item Parameter
CPU Intel Celeron CPU E3400 @2600GHZ
. GPU NVIDIA GeForce GTX 950
Hardware environment
Memory 6 GB
Hard Disk 500 GB
Operating System Ubuntu 16.04

Deep Learning Tools TensorFlow 1.2.0

Software environment Compute Unified Device Architecture CUDA Toolkit 8
CUDA Deep Neural Network cuDNN 5.1
Development language Python 3.5

4.1 Brief Introduction to The Experimental Dataset

The dataset (Indian Pines) was collected by AVRIS on 12 June, 1992. The area of the hyperspectral
image is a farm at Purdue University in northwest Indiana. The reason for selecting this dataset is that it
is a standard hyperspectral reference dataset, and it contains accurate labels to cover the truth value. This
is beneficial to repeat experiments and algorithm reappearance. The dataset is widely used in
hyperspectral image classification research.

The data band covers a range of 400-2500 nm. The original data contains 220 spectral channels. The
spatial resolution is 20 m. Each band contains 145x145 pixels. Fig. 5 is the grayscale image of the
hyperspectral data with the band 50, 27 and 17. Fig. 6 is the ground truth image of the Indian Pines. The
dataset has 16 land cover categories, and the sample size is shown in Table 2.

B pifalfa Il oats
- Corn-notill - Soybeans-notill
- Corn-min [ Soybeans-min

Corn - Soybean-clean
I Pasture B Vheat
Trees - Woods

B Pasture-mowed [l Bldg-Tree
- Hay-windrowed - Towers

Fig. 6. The ground truth image

179



Spatial Feature Extraction for Hyperspectral Image Classification Based on Multi-scale CNN

Table 2. Indian Pines data sample distribution

No. Class Num of Samples

1 Alfalfa 54

2 Corn-notill 1434

3 Corn-mintill 834

4 Corn 234

5 Grass/pasture 497

6 Grass/tree 747

7 Grass/pasture/mowed 26

8 Hay/Windrowed 489

9 Oats 20

10 Soybean-notill 968

11 Soybean-mintill 2468

12 Soybean-clean 614

13 Wheat 212

14 Woods 1294

15 Buildings/grass/trees/drives 95

16 Stone/steel/towers 380
Total 10366

4.2 Effect of the Multi-scale Convolutional Kernel on Classification Accuracy

This experiment verified the influence of the size of the multi-scale convolutional kernel on the
classification results based on spatial feature extraction. First, the basic structure of the multi-scale
convolutional kernel was investigated, as shown in Fig. 7. Second, the effects of the convolutional kernel
with different sizes (1x1,3x3,5x5,7x7) were investigated, as shown in Table 3. Finally, the
classification accuracy when applying the multi-scale convolutional kernel was found to be better than
that of using the convolutional kernel alone. The experimental results illustrate that the classification
accuracy for the multi-scale convolutional kernel is 7.84% higher than that obtained when using the 1x1

convolutional kernel alone.

1x1 Input

3x3 Input

1x1 Convolutional
—>|]xl Convolutional |——| 3x3 Max Pooling '*
~>|3x3 Convolutional
——I 1x1 Convolutional |—>| 5x5 Max Pooling |—

1x1 Output

——| Fusion |—>| Ix1 Output|

| 5x5 Input

_>|3X3 Convolutional 4>| 3x3 Max Pooling l—

H

‘.I Fusion |——| 1x1 Outputl

7x7 Input

——| 1x1 Convolutional I

~—|1x] Convolutional |~—| 7x7 Max Pooling If
_,|3x3 Convolutional |4—| 5x5 Max Pooling I—
——|5x5 Convolutional |—>| 3x3 Max Pooling l—

—>| Fusion |—>| 1x1 Output|

~—|7x7 Convolutional

Fig. 7. The basic structure of the multi-scale kernel

Table 3. The effect of different convolutional kernels on the classification results

Dataset

1x1 1x1-3x3

1x1-5x5 1x1-7x7

Indian Pines

84.47% 87.69%

92.31% 85.36%
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There are two main reasons for the improvement of the classification accuracy: (1) The multi-scale
convolutional kernel can extract original HSI features at different scales and generate many different
features. (2) The computation of the multi-scale convolutional kernel is equivalent to increasing the
number of samples of the original dataset, which makes the training process more effective. At the same
time, it is found that the classification accuracy does not improve when increasing the multi-scale
convolutional kernel. When sizes of 1x1—-7x7 multi-scale convolutional kernels are applied, the
accuracy decreases because of overfitting. Therefore, the three sizes of convolutional cores
(1x1,3x3,5x5) are selected in this paper.

As can be seen from Fig. 8, with the increase of convolutional kernel size involved in classification,
the classification accuracy improves, and the maximum of the overall accuracy is at 1x1-5x5 pixels.
However, the overall accuracy will decrease if the convolutional kernel size is further increased. This is
because when the convolutional kernel size involved in classification is relatively small, there is too little
neighborhood information to be extracted, so the overall accuracy is lower. When the convolutional
kernel size involved in classification is increased, the extracted neighborhood information increases and
the overall accuracy are improved. But when the convolutional kernel size is increased further, the
overall accuracy decreases. As the classification kernel size increases there are fewer broken sections
with increased continuity, and the accuracy improves. When it is too large, more broken sections appear
and the accuracy is reduced.

[ <] B 01X 140

1x1-5x5 1x1-7x7

Fig. 8. The classification results of the different convolutional kernel sizes

4.3 Effect of Convolutional Kernel Size on Classification Accuracy

This experiment tests the influence of convolutional kernels with different sizes on the training and
testing process. A trained CNN model should exhibit close to zero loss on the training dataset, and also
on the test dataset. If the loss value of the model is close to zero on the training dataset and very large on
the test dataset, it shows that the CNN has overfitted, and the generalization ability of such a network will
be very poor.

The HSI model based on Multi-CNN (Fig. 3) is trained and tested with a convolutional kernel of size
1x1 and 3x3. The change of loss value during the training and testing process are shown in Fig. 9. It
can be seen from this figure that when a 1x1 convolutional kernel is used in training and testing, the
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value of the loss function converges to 0 as the number of iterations increases. When a 3x3
convolutional kernel is used in training, the value of the loss function converges slowly to 0 with
increasing iterations. However, in the process of testing, the value of the loss function does not converge
with increasing iterations. The test shows that when a 3x 3 convolutional kernel is used then overfitting
occurs. From these experiments we concluded that a CNN with good generalization ability can be
obtained using a convolutional kernel of size 1x1.

3.5
E T T
A —+—-3x3 Testing
3x3 Training
R \‘ H —=—1x1 Testing ||
¥ —+—1x1 Training

3

Loss Value
—+
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Fig. 9. The change of loss value using different convolutional kernel sizes: training and testing
4.4 Effect of Activation Function on Classification Accuracy
This experiment verified the influence of the choice of activation function on the classification results. In
the experiment, the parameters of the Multi-CNN spatial feature extraction model were fixed. The

activation function is set to ReLU, Sigmoid, or Tanh. The experimental results were recorded separately.
Fig. 10 shows the variation of the overall accuracy corresponding to the three activation functions.
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Fig. 10. The variation of the overall accuracy corresponding to the three activation functions

We can see from Fig. 10 that as the iterations increased, the overall accuracy of the three activation
functions gradually improved. However, the overall accuracy of the Sigmoid function was significantly
lower than that of ReLU and Tanh. The overall accuracy of Tanh and ReLU is essentially the same, but
Tanh converges faster. Therefore, Tanh is selected as the activation function in this paper.

4.5 Comparison of Overall Classification Accuracy

In this section, we compared the classification model based on Multi-CNN spatial feature extraction with
other HSI classification algorithms (namely, SVM, MLRsub, SVM-GC, and MLRsubMLL). The
classification results of each algorithm are compared with respect to the overall accuracy (OA), average
accuracy (AA) and Kappa coefficient (Kappa).

Overall accuracy: This is the probability that the result of the classification is consistent with the test
data for each random sample. It is equal to the number of pixels in the correct classification divided by
the total number of pixels. The calculation is shown in formula (9).
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Average accuracy: This is calculated by averaging the total accuracy of each category. The calculation
is shown in formula (10).

1)

K
.04,
AA=— 2
Fa (2)
In (9) and (10): C(i,i) is the correct classification for the ith category, M is the total number of

pixels, K is the number of categories, OA is the overall accuracy, and 44 is the average accuracy

The Kappa coefficient is another method for comparing classification performance. The value of the
Kappa coefficient is between -1 and 1, but usually ranges between 0 and 1. The Kappa coefficient
considers the influence of uncertainty on the classification results when estimating the recognition
accuracy. The calculation is shown in formula (11).

Mi C(i,i) - i(C(i, +H)C(+,1)

i=l

Kappa = 3)

M? - i(C(i,+)C(+,i))

In formula (11), M is the total number of pixels, C(i,i)is the correct classification for the ith

category, C(i,+) is the number of pixels which are classified to the ith category, C(+,i) is the number

of ground truth samples for the ith category.

The experimental results are shown in Table 4. As shown in Table 4, the classification models
proposed in this paper are superior to other classification algorithms with respect to the OA, AA and
Kappa. Fig.11 represents the different classification algorithms results. The advantage of the
classification model proposed in this paper is mainly due to the fact that the model uses CNNs to extract
multi-scale spatial features of hyperspectral images. The experiment further confirms that the model
proposed in this paper is better than other state-of-the-art classification models. The hyperspectral image
classification model based on Multi-CNN spatial feature extraction can be applied to other areas, such as
forestry, agriculture, the environment, etc.

Table 4. Results for the different classification algorithms

Classification Algorithm

Class SVM[21] MLRsub [21] SVM-GC[22] __ MLRsubMLL [23] Multi-CNN

1 73.17 46.34 95.12 95.12 98.53

2 62.65 40.93 68.48 50.04 85.71

3 52.88 26.34 56.49 13.12 83.33

4 32.39 17.37 77.00 15.02 83.24

5 91.24 70.97 94.47 73.04 96.72

6 92.09 94,37 97.72 98.93 92.49

7 36.00 18.18 34.42 37.25 48.35

8 95.58 96.51 100 100 90.00

9 0 22.22 0 0. 81.82
10 61.44 25.06 75.06 19.68 88.49
11 86.92 78.23 95.47 88.82 98.32
12 76.36 16.51 99.44 16.51 33.33
13 91.85 93.48 98.37 99.46 100.00
14 97.01 99.38 97.45 99.91 100.00
15 48.13 432 76.66 60.52 100.00
16 91.57 77.11 97.80 83.13 100.00
OA 77.02 63.12 85.92 70.45 88.93
AA 68.08 50.57 76.91 56.82 84.59
Kappa 73.49 53.13 83.78 65.43 87.19
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SVM-GC MLRsubMLL Multi-CNN

Fig. 11. The represent of the different classification algorithms results

5 Conclusion

In the proposed work, we presented a hyperspectral image classification model with a multi-scale
convolutional neural network to address the problem of obtaining enough hyperspectral images with
labels for effective training. Compared with SVM (Supported Vector Machine) classifiers and MLR
(Multiple Linear Regression) classifiers, by using the Indian pines experimental data set, this method can
obtain higher classification accuracy in the case of a small number of training samples.

In this paper, our work is to use multi-scales CNNs for HSI classification exploration, and has a very
well performance. In the future, we will consider the comprehensive extraction of spectral features and
spatial features of the hyperspectral images. The spectral features and spatial features have been proved
to be robust in the case of a small number of training samples for each category. At the same time, we
will also use some techniques to alleviate overfitting problems caused by limited training samples. In
addition, recent research on deep learning suggests that unsupervised learning can be used to train CNNs.
Unsupervised learning does not require a large number of labeled training samples Deep learning,
especially deep convolutional neural network, has solid theoretical basis and application value in future
HSI classification. We believe that the technology based on the extraction of spectral and spatial features
can further improve the classification accuracy of HSI.

Acknowledgments

The work described in this paper is supported by the Natural Science Foundation of China (61672179,
61370083, 61402126), the Specialized Research Foundation for Doctoral Discipline of Higher Education
(No. 20122304110012), the Science Foundation for Youths in Heilongjiang Province (QC2016083), the
Postdoctoral Foundation in Heilongjiang province (LBH-Z14071), Application Technology Research and
Development Projects of Harbin city in 2015 (No. 2015RQQXJ024), the Entrepreneurship Practice for
Students in Heilongjiang Province (201611802059), and the Natural Science Foundation of Heilongjiang
Province (China) (LH2019A030), the Cultivating Science Foundation of Taizhou University (2019PY014,
2019PY015).

184



Journal of Computers Vol. 31 No. 4, 2020

References

[17 R. Gandikota, D. Mishra, How You see me: understanding convolutional neural networks, in: Proc. 2019 IEEE Region 10
Conference (TENCON), 2019.

[2] S. Ren, K. He, R. Girshick, J. Sun, Faster R-CNN: towards real-time object detection with region proposal networks, IEEE
Trans. Pattern Anal. Mach. Intell. 39(6)(2017) 1137-1149.

[3] Y. Chen, H. Jiang, C. Li, X. Jia, P. Ghamisi, Deep feature extraction and classification of hyperspectral images based on
convolutional neural networks, IEEE Trans. Geosci. Remote Sens. 54(10)(2016) 6232-6251.

[4] S. Roychowdhury, J. Ren, Non-deep CNN for multi-modal image classification and feature learning: an Azure-based
model, in: Proc. 2016 IEEE International Conference on Big Data, 2016.

[5] A. Krizhevsky, 1. Sutskever, G.E. Hinton, ImageNet classification with deep convolutional neural networks, Adv. Neural
Inf. Process. Syst. 25(2)(2012) 1-9.

[6] S. Haifeng, C. Guangsheng, W. Hairong, Y. Weiwei, The improved (2D) 2PCA algorithm and its parallel implementation
based on image block, Microprocess. Microsyst. 47(2016) 170-177.

[71 B.M. Shahshahani, D.A. Landgrebe, The effect of unlabeled samples in reducing the small sample size problem and
mitigating the Hughes phenomenon, IEEE Trans. Geosci. Remote Sens. 32(5)(1994) 1087-1095.

[8] H. Abdi, L.J. Williams, Principal component analysis, Wiley Interdisciplinary Reviews: Computational Statistics 2(4)(2010)
433-459.

[9] L. De Lathauwer, B. De Moor, J. Vandewalle, An introduction to independent component analysis, J. Chemom. 14(3)(2000)
123-149.

[10] K. Sun, S. Marchand-Maillet, An information geometry of statistical manifold learning, J. Mach. Learn. Res. 32 (2014) 1-9.

[11] P. Brazdil, C. Soares, A comparison of ranking methods for classification algorithm selection, Mach. Learn. ECML
2000(1810)(2000) 63-75.

[12] I. Frades, R. Matthiesen, Overview on techniques in cluster analysis, Methods Mol. Biol. 593(2010) 81-107.

[13] J.H. Arbour, C.M. Brown, Incomplete specimens in geometric morphometric analyses, Methods Ecol. Evol. 5(1)(2014) 16-
26.

[14] L. Shen, S. Jia, Three-dimensional gabor wavelets for pixel-based hyperspectral imagery classification, IEEE Trans.
Geosci. Remote Sens. 49(12)(2011) 5039-5046.

[15] Y. LeCun, L. Bottou, Y. Bengio, P. Haffner, Gradient-based learning applied to document recognition, Proceedings of the
IEEE 86(11)(2018) 2278-2323.

[16] Y. Huang, L. Zhang, P. Li, Y. Zhong, High-resolution hyper-spectral image classification with parts-based feature and
morphology profile in urban area, Geo-Spatial Inf. Sci. 13(2)(2010) 111-122.

[17] M. Bronstein, X. Bresson, Y. Lecun, A. Szlam, J. Bruna, Geometric deep learning on graphs and manifolds using mixture
model CNNss, in: Proc. 2017 IEEE Conference on Computer Vision and Pattern Recognition (CVPR), 2017.

[18] S. Yu, S. Jia, C. Xu, Convolutional neural networks for hyperspectral image classification, Neurocomputing 219(2017) 88-
98.

[19] Y. Chen, Z. Lin, X. Zhao, G. Wang, Y. Gu, Deep learning-based classification of hyperspectral data, IEEE J. Sel. Top.

Appl. Earth Obs. Remote Sens. 7(6)(2014) 2094-2107.

185



Spatial Feature Extraction for Hyperspectral Image Classification Based on Multi-scale CNN

[20] W. Hu, Y. Huang, L. Wei, F. Zhang, H. Li, Deep Convolutional neural networks for hyperspectral image classification,
Journal of Sensors 2015(2015) 1-12.

[21] X. Cao, F. Zhou, L. Xu, D. Meng, Z. Xu, J. Paisley, Hyperspectral image classification with markov random fields and a
convolutional neural network, IEEE Trans. Image Process. 27(5)(2018) 2354-2367.

[22] Y. Tarabalka, M. Fauvel, J. Chanussot, J.A. Benediktsson, SVM- and MRF-based method for accurate classification of
hyperspectral images, IEEE Geosci. Remote Sens. Lett. 7(4)(2010) 736-740.

[23]J. Li, J. Bioucas-Dias, A. Plaza, Spectral-spatial hyperspectral image segmentation using subspace multinomial logistic

regression and Markov random fields, Geoscience & Remote Sensing IEEE Transactions on 50(3)(2012) 809-823.

186




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (Adobe RGB \0501998\051)
  /CalCMYKProfile (Japan Color 2001 Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness false
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages false
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages false
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages false
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHT <FEFF005b683964da300c9ad86a94002851fa8840002b89d27dda0029300d005d0020005b683964da300c8f3851fa0033003000300064002851fa88400029300d005d00204f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks true
      /AddPageInfo false
      /AddRegMarks false
      /BleedOffset [
        8.503940
        8.503940
        8.503940
        8.503940
      ]
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MarksOffset 9.354330
      /MarksWeight 0.141730
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PageMarksFile /RomanDefault
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed true
    >>
    <<
      /AllowImageBreaks true
      /AllowTableBreaks true
      /ExpandPage false
      /HonorBaseURL true
      /HonorRolloverEffect false
      /IgnoreHTMLPageBreaks false
      /IncludeHeaderFooter false
      /MarginOffset [
        0
        0
        0
        0
      ]
      /MetadataAuthor ()
      /MetadataKeywords ()
      /MetadataSubject ()
      /MetadataTitle ()
      /MetricPageSize [
        0
        0
      ]
      /MetricUnit /inch
      /MobileCompatible 0
      /Namespace [
        (Adobe)
        (GoLive)
        (8.0)
      ]
      /OpenZoomToHTMLFontSize false
      /PageOrientation /Portrait
      /RemoveBackground false
      /ShrinkContent true
      /TreatColorsAs /MainMonitorColors
      /UseEmbeddedProfiles false
      /UseHTMLTitleAsMetadata true
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


