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Abstract 
 

The recent interest in artificial intelligence and machine learning has partly contributed to 
an interest in the use of such approaches for hyperspectral remote sensing (HRS) imagery 
classification, as evidenced by the increasing number of deep framework with deep 
convolutional neural networks (CNN) structures proposed in the literature. In these 
approaches, the assumption of obtaining high quality deep features by using CNN is not 
always easy and efficient because of the complex data distribution and the limited sample size. 
In this paper, conventional handcrafted learning-based multi features based on expert 
knowledge are introduced as the input of a special designed CNN to improve the pixel 
description and classification performance of HRS imagery. The introduction of these 
handcrafted features can reduce the complexity of the original HRS data and reduce the 
sample requirements by eliminating redundant information and improving the starting point of 
deep feature training. It also provides some concise and effective features that are not readily 
available from direct training with CNN. Evaluations using three public HRS datasets 
demonstrate the utility of our proposed method in HRS classification. 
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1. Introduction 

With constant advances in remote sensing platform and data processing technologies, 
spectral resolution and spatial resolution of remote sensing images have been significantly 
enhanced in recent times. Such hyperspectral remote sensing (HRS) images have been used in 
a broad range of applications ranging from disaster detection [1], urban planning [2, 3] to 
environmental monitoring [4, 5, 6], and several other fields [30, 31]. However, the availability 
of such remote sensing information poses new challenges for researchers due to complex data 
distribution, etc. In addition,effective feature extraction is crucial to the classification of HRS 
images. 

In recent years, the performance of classification for imagery has rapidly increased due to 
the use of deep convolutional neural networks (CNN). Inspired by the human visual system, 
deep CNN is able to extract high-level abstract features of imagery by establishing a number 
of convolutional and pooling layers. Based on the benefits afforded by CNN in extracting deep 
features and its promising results on natural image interpretation, it has been applied to remote 
sensing classification and recognition (e.g. see the technical tutorial on deep learning for 
remote sensing data in [11]). Hu et. al. [21], for example, proposed a deep CNN for HRS 
classification based on the spectral domain. As the input of CNN, every HRS pixel sample 
with hundred spectral bands can be regarded as a 2-D image whose height is equal to 1. In [22], 
a 3-D CNN-based feature extraction model was proposed to extract the high-level features of 
HRS imagery, and the combined regularization strategy based on sparse constraint was then 
developed to handle the high dimensionality of the input data. 

Due to the distribution of the HRS imagery, it is inefficient to use the CNN method directly. 
HRS images composed of hundreds of spectral bands and provide rich spectral information. 
However, such high dimensional data is challenging to work with. On one hand, the data’s 
high dimension can easily lead to the Hughes phenomenon. On the other hand, the redundant 
structure of HRS images presents challenges to extract high-level features by using the CNN. 
It not only improves the complexity of the neural network structure, but also reduces the 
efficiency and quality of the extracted features. Thus, a number of approaches to reduce 
dimensionality have been introduced, say to preprocess the HRS image before using the CNN 
to extract the deep features. In [25] for example, the fractional order Darwinian particle swarm 
optimization was used to select the most informative bands suitable for the designed CNN 
network. These selected bands are then sent to the classification system to produce the 
classification map. In [24], the deep spatial features extracted automatically by CNN are 
integrated with the spectral features based on a balanced local discriminant embedding 
algorithm to reduce the dimension and classify the HRS data. Atharva et. al [23] proposed a 
patch-based CNN network for medium-resolution remote sensing image classification. A 
gated CNN for semantic segmentation for high-resolution remote sensing images was 
presented in [26]. Other advances include the use of CNN to achieve improvements in image 
classification [33, 32], segmentation [35], and recognition [34]. 

However, most existing methods use the prior knowledge of the spectral information [12], 
and assume that the constructed CNN can extract the efficient deep spectral-spatial features. 
This assumption is not always satisfied on the classification of HRS images because of the 
complex distribution characteristics of HRS images [8], especially for those with high spatial 
resolution. It is easy to know that the more complex distribution of the data, the greater the 
number of CNN parameters will be used to extract features [37]. However, it is difficult to 
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obtain sufficient samples in remote sensing area to train a robust classifier based on CNN of 
complex structures. 

Based on the above limitations, we introduce traditional multi handcrafted features, 
including spectral and spatial expert knowledge information, into the model, as input of the 
deep CNN in order to further improve the classification accuracy of HRS images. The 
handcrafted features that can effectively represent raw data while removing unnecessary 
redundant information [9], reduce the complexity of data distribution and the demand for CNN 
parameter scale. In other words, we can effectively fit the feature distribution and obtain a 
promising classification result of the original data by building a simpler network structure. 
Introducing handcrafted features into our framework also allows us to improve the training 
starting point of deep features obtained by CNN, and then to achieve the goal of improving the 
network training efficiency and the quality of the high-level features. Thus, we are able to 
obtain good classification results using small sample sizes. In order to mitigate the effects of 
over-fitting problems caused by small samples, L2 regularization and dropout strategies are 
used during the training stage of the CNN network. 

The remainder of this paper is organized as follows. The proposed methodology is 
discussed in Section 2. The experimental results and analysis are discussed in Section 3. The 
conclusion is summarized in Section 4. 

2. Expert Knowledge-based CNN Deep Approach 
Deep convolutional neural network has raised the expectation to improve the interpretation 
performance of HRS image because of its potential for high-level feature extraction. However, 
it is still a challenge to use CNN directly to effectively improve the classification and 
recognition performance due to the complex distribution characteristics and the limited 
samples of HRS images, as discussed earlier. In order to reduce the impact of these two factors, 
some priori information of HRS images based on expert knowledge (EK) was introduced as 
the input of a specific CNN in the proposed framework (more details shows in Section 2.1). 

EK information used in this pape is obtained by some traditional handcrafted feature 
extraction methods that have been proposed based on the properties of remote sensing images 
in the past few decades. These EK information is generally obtained in two different ways: one 
is to remove the redundant information or noise of the HRS image; another way is to extract 
some main attribute information of the HRS image. Through the above two ways, the 
information based on EK can represent ground objects more succinctly and efficiently and 
contain smaller amounts of data than the original image. The EK information is easier to 
acquire and more refined than features obtained by training a CNN networks at bottom layers. 
It means that the training starting point for deep features can be effectively improved by using 
the EK information as the CNN input. The introduction of the EK information selection will be 
shown in Section 2.2. 

On the premise of obtaining approximate classification results, the effective function 
parameters needed to characterize the distribution of EK information are far less than those 
needed to characterize the original HRS distribution. Generally speaking, on the premise of 
effectively characterizing data distribution, the fewer parameters of the function, the smaller 
demand for the sample size.  

In this article, the demand for the sample size is controlled by designing a appropriate deep 
CNN that designed to classify HRS images for EK information rather than the original HRS 
imagery. More details about the CNN shows in Section 2.3. 
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2.1 The Proposed Framework 
In the basic common framework with CNN for HRS classification, the band information is 
usually used as the input of CNN to extract the deep features and obtain the classification 
result. Such framework as shown in Fig. 1, effectively improves the classification 
performance of HRS images. To illustrate, the overall accuracy of Indian Pines data set 
classification is over 97% with 1765 training samples and 6223 testing samples in [22]. 
 

 
Fig. 1. Common framework with CNN for HRS classification 

 
Based on the above framework, this article introduces the traditional handcrafted HRS 

features and designs a corresponding CNN structure to handle the HRS classification,as 
shown in Fig. 2. Firstly we extract the spectral features of the HRS images by using the PCA 
method, which preserves the main spectral features of the data by removing the redundant 
information between the bands without changing the shape distribution of the ground objects. 
After that typical spatial features of the ground objects are extracted as the input of 
convolution neural network. Finally we use the end-to-end approach to train the CNN and 
judge the category of pixel in the HRS images with the Softmax classifier. These EK 
information including typical spatial features can be efficiently and easily obtained through 
the use of Image Processing Toolbox in MATLAB. Experiments show that the classification 
accuracy of Indian Pines data set can exceed 95% with 510 training samples and 9856 testing 
samples at the optimal number of iterations. And we did not deal with the sample size of 
unbalanced classes for Indian Pines data set by using percentage methods. 

 

 
Fig. 2. Pipeline of the proposed deep feature extraction of HRS images 

 

2.2 Expert Knowledge Selection 
Spectrum and space information is the most concerned and widely used characteristics in 
pixel-wise HRS classification [16]. In this paper, three main feature extraction techniques are 
used to obtain EK information: principal component analysis(PCA), gray level co-occurrence 
matrix (GLCM) and the differential morphological profiles (DMP). The feature parameter 
values are shown in Table 1. 
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Table 1. The introduction of the fature parameters 
Features Symbol Instructions Values 

 B Basic images / 

𝑓𝑝𝑐𝑎(𝐵,𝑃) P The number of principal 
components 3 

 𝑇 The texture features composed of 
contrast and homogeneity / 

𝑓𝑔𝑙𝑐𝑚(𝐵,𝑇,𝐷,𝑊) 𝐷 The directions of the texture 
features [0o, 45o, 90o, 135o] 

 𝑊 The size of the local area window [11,13,15,17,19,21,23,25,27] 

𝑓𝑑𝑚𝑝(𝐵,𝜆) λ The radius of the disk-shaped SEs [0,3,5,7,9,11] 

𝑓𝑚𝑠(𝐵,𝑃) T The feature of DMP feature and 
GLCM feature fusion / 

 
As we all know, HRS images like PaviaU dataset contains rich spectral information with 

hundreds of bands, which may easily lead to curse of dimensionality for the small ratio 
between the number of the samples and the number of the features. In our framework, the 
principal component analysis (PCA) is introduced to extract spectral features firstly for its 
simple mathematical principles and effective performance. PCA can effectively reduce the 
data dimension and eliminate the potential threat of dimensionality curse by eliminating the 
redundant information between HRS bands. The first three principal components for each 
image are used to present the spectral feature because the first three principal components 
contain more than 99% of the original image information in our experiments. The feature 
image acquired based on PCA will be served as a basic image for subsequent processing in the 
framework. 

GLCM CNN-based deep extraction (GLCM-CDE) method, which use GLCM features as 
the input of  the CNN, is proposed for two reasons. For the first one, the GLCM is typical 
method of texture feature extraction for classification of remote sensing images. From a 
statistical point of view, the texture information extracted by GLCM can reflect the regularity 
of distribution of ground objects in the spatial scene, which can not be directly obtained from 
CNN. HRS image spatial arrangement characteristics obtained by GLCM as the input of the 
CNN, is not only conducive to obtain the abstractive semantic features, but also enhance the 
interpretability of the deep features due to the statistical theory. GLCM-based features that 
mainly preserve texture information greatly reduce the complexity of the original data 
distribution, which helps to reduce the deep CNN structure complexity and the sample size 
limitation. The second reason is to consider the effect of patch size of the CNN input data on 
the classification accuracy and the deep features characterization ability of the deep CNN. The 
GLCM texture feature is calculated based on local area information and the size of the local 
area has an important influence on the characterization ability of the feature. We can assume a 
strong correlation between window size in GLCM that closely related to the local features of 
the image and patch size of the CNN. Therefore the GLCM-based feature extraction method 
can be used to explore the contribution of the patch size for the deep feature and the HRS 
images classification performance. This deep feature extraction method that uses GLCM 
features as input to the CNN is called GLCM-CDE in this paper. 

Morphological profiles is constructed by a series of morphological operations with a 
family of structuring elements of increasing size [10]. These structure-specific operators that 
getting such geometric features is not an easy task by training a CNN networks at the bottom 
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layer. Through the operation of these morphological operator, MP feature not only simplifies 
the image data, preserves the basic shape information of the image, but also can remove 
irrelevant structures and remove noise effectively. In order to further enhance the 
heterogeneity among different objects in the scene, differential morphological profiles based 
on the morphological gradient theory is used as the input of the CNN in this paper, which has 
a great impact on the boundary extraction and image segmentation. The introduction of the 
DMP feature, that mainly retaining the boundary information and fully eliminate unnecessary 
information, into our deep model as the input of CNN can help to reduce the demand for the 
model complexity while extracting an effective high-level feature. DMP-based deep geometry 
features obtained by the proposed CNN further enhance the differences between different 
ground objects and improve the interpretability of deep features. In this article, the differential 
morphological profiles-based CNN deep extraction method is referred to as DMP-CDE. 

According to the mathematical principle of different features, the features based on GLCM 
excavated the arrangement rules of ground objects and the DMP features can measure the 
distance between different ground objects. That means, the features based on the GLCM and 
the DMP respectively reflect the different attributes of HRS images. It is natural to fuse the 
DMP feature and the GLCM feature together for the HRS classification because the effective 
fusion of different features can enhance the difference between different ground objects [20]. 
The vector stacking method is used to fuse these two spatial features together. Although the 
amount of the feature data as the input of CNN is slightly increased, the redundancy between 
data can be effectively controlled because of the difference of attributes between the 
GLCM-based texture feature and DMP-based shape feature, so that we can further improve 
the differences between different objects and get an promising classification result on the 
proposed CNN network. The deep feature extraction method that takes the fused data as CNN 
input is called multi selected feature-based CNN deep extraction method (MS-CDE), which 
further enhance the CNN network representation and train a more generalized and robust CNN 
without increasing the cost of the framework. Based on the direct fusion of GLCM-CDE 
feature and DMP-CDE feature is not discussed here for three reasons: the first is a challenge 
for the classifier due to the amount of fusion data, the second is to change the complexity and 
uniformity of the proposed framework and the third is that the effect of the fusion of deep 
features at different levels on the classification result is uncertain. 

2.3 Convolutional Neural Network for EK Information 
Convolution neural network is a common network structure in deep learning theory. It consists 
of multiple convolutional layers and pooling layers, and the input data will be represented by 
learning the corresponding weights and offsets. Compared with Deep Belief Network (DBN), 
Deep Auto-Encoder (DAE) and other neural network structures [36], the use of sparse 
connectivity and weight sharing mechanism within the CNN effectively control the size of 
network parameters. Deep CNN network has attracted the attention of researchers in the field 
of remote sensing due to its promising performance in feature extraction and image 
classification. In this paper, the CNN is used to handle the pixel-wise HRS classification for 
EK information. The proposed CNN structure is shown in Fig. 3. This neural network 
containing only five convolutional layers, a pooling layer and a fully_connected layer for 
classification has a simpler structure than the classical networks such as AlexNet and VGGNet 
because of the greatly simplified CNN input data distribution characteristics in our framework. 
Table 2 shows the difference of the network structures among these three deep neural 
networks. From the table we can see that the proposed network has a simpler structure and less 
parameters. In addition, the ReLU function [15, 17] is used in each convolutional layer as the 
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activation function to extract multilayer abstract features. The max pooling strategy is used to 
extract the significant characteristics of the data while reducing the computational cost. We 
improve the abstraction level of features by reducing the size of the convolution kernel layer 
by layer. Instead of the full connected layer in the traditional CNN structure, convolutional 
layer with a 1×1 convolution kernel [18] is employed to reduce the number of training 
parameters. L2 regularization and Dropout strategies [19] are utilized during training process 
in order to improve the generalization of the CNN network. L2 regularization is able to 
minimize the cost function in the training stage by making the sum of the squares of the 
parameter small. Dropout strategy reduces overfitting in neural networks by preventing 
complex co-adaptations on training dataset. End-to-end training patterns are used to learn 
weights and offset values to extract the abstract features of HRS images and improve the 
classification performance. 
  

 
Fig. 3. The structure of the CNN employed in our experiments 

 
Table 2. The comparison of the network structures among the  proposed CNN (ProCNN), AlexNet and 

VGGNet 

 

ProCNN AlexNet VGGNet 
kernel  
size 

feature 
number stride kernel  

size 
feature 
number stride kernel  

size 
feature 
number stride 

conv_2d 11*11 96 2 11*11 96 4 3*3 64 1 

conv_2d       3*3 64 1 

max_pool 2*2  2 3*3  2 2*2  2 

conv_2d 5*5 256 1 5*5 256 1 3*3 128 1 

conv_2d 3*3 256 1    3*3 128 1 

max_pool    3*3  2 2*2  2 

conv_2d 3*3 384 1 3*3 384 1 3*3 256 1 

conv_2d 1*1 1024 1 3*3 384 1 3*3 256 1 

conv_2d    3*3 256 1 3*3 256 1 

max_pool    3*3  2 2*2  2 

conv_2d       3*3 512 1 

conv_2d       3*3 512 1 

conv_2d       3*3 512 1 

max_pool       2*2  2 

conv_2d       3*3 512 1 

conv_2d       3*3 512 1 

conv_2d       3*3 512 1 

max_pool       2*2  2 

fully_connect
ed    1*1 4096  1*1 4096  
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fully_connect
ed    1*1 4096  1*1 4096  

fully_connect
ed (softmax) 1*1 class 

number  1*1 class 
number  1*1 class 

number  

Layer number 6 8 16 

3. Experiments and Results 

3.1 Data Description and Evaluation Criteria 
In our work, three HRS images are used to evaluate the proposed method: Pavia University 
(PaviaU) dataset (Fig.4(a)), Salinas dataset (Fig. 4(b)) and Indian Pine dataset (Fig. 4(c)). The 
first image is an urban scene and the other two are agricultural scenes, each with different 
spectral and spatial information. In our experiments 5% of the samples was selected for 
training and the cross-validation method was used to adjust the parameters of the classifier 
during the training process. The remaining 95% of the samples were used to test the 
performance of the algorithm. 

The Pavia University scene was acquired by the Reflective Optics System Imaging 
Spectrometer (ROSIS) sensor during a flight campaign over Pavia, nothern Italy in 2003. The 
urban scene with 1.3 m/pixel spatial resolution contains 610 × 340 pixels and 115 spectral 
bands. 103 available spectral bands were used in the experiments. Fig. 4(a) shows the false 
color image of PaviaU dataset and the corresponding ground truth map with 9 classes 
respectively. Table 3 provides the numbers of training and testing samples with different 
classes. 

The Salinas scene was collected by the Airborne Visible/Infrared Imaging Spectrometer 
(AVIRIS) sensor over Salinas Valley, California, in 1998. This agricultural area covered 
comprises 512 lines by 217 samples with 3.7-meter pixels spatial resolution. 204 available 
spectral bands of the Salinas dataset were used in the experiments. There are 16 kinds of 
objects in the ground truth map (Fig. 4(b)) and the number of training and testing samples with 
each class is provided in Table 4. 

The Indian Pine dataset was gathered by AVIRIS sensor over the Indian Pines test site in 
North-western Indiana in 1992. This agricultural scene is widely used to measure the 
performance of HRS image classification algorithm for the unbalanced number of available 
labeled pixels of each class and the presence of mixed pixels. It consists of 145 × 145 pixels 
and 224 available spectral bands with 20 m/pixel spatial resolution. The number of bands is 
reduced to 200 by removing bands for the noise and water absorption. The raw dataset and the 
corresponding ground truth map with 16 classes are showed in Fig. 4(c). Table 5 provides the 
numbers of training and testing samples with different classes. 

The evaluation criteria for these classification algorithms in this work are overall 
classification accuracy (OA), per-class average accuracy (AA) and Kappa coefficient 
(Kappa). 

 



KSII TRANSACTIONS ON INTERNET AND INFORMATION SYSTEMS VOL. 13, NO. 8, August 2019                                     3925 

 
(a) Pavia University dataset 

 
(b) Salinas dataset 

 
(c) Indian dataset 

Fig. 4. HRS data sets employed in our experiments.a, b and c are images for classification evaluation; 
d,e and f are the ground truth for these images left to them respectively 

 
Table 3. Training and testing pixels for Pavia University dataset 

Classes Training Testing Total 
Asphalt 331 6300 6631 

Meadows 932 17717 18649 
Gravel 104 1995 2099 
Trees 153 2911 3064 

Painted metal sheets 67 1278 1345 
Bare Soil 251 4778 5029 
Bitumen 66 1264 1330 

Self-Blocking Bricks 184 3498 3682 
Shadows 47 900 947 

Total number 2135 40641 42776 
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Table 4. Training and testing pixels for Salinas dataset 
Classes Training Testing Total 

Brocoli_green_weeds_1 100 1909 2009 
Brocoli_green_weeds_2 186 3540 3762 

Fallow 98 1878 1976 
Fallow_rough_plow 69 1325 1394 

Fallow_smooth 133 2545 2678 
Stubble 197 3762 3959 
Celery 178 3401 3579 

Grapes_untrained 563 10708 11271 
Soil_vinyard_develop 310 5893 6203 

Corn_senesced green weeds 163 3115 3278 
Lettuce_romaine_4wk 53 1015 1068 
Lettuce_romaine_5wk 96 1831 1927 
Lettuce_romaine_6wk 45 871 916 
Lettuce_romaine_7wk 53 1017 1070 

Vinyard_untrained 363 6905 7268 
Vinyard_vertical_trellis 90 1717 1807 

Total number 2697 51432 54129 
 

Table 5. Training and testing pixels for Indian Pine dataset 
Classes Training Testing Total 
alfalfa 2 52 54 

Corn-notill 71 1363 1434 
Corn-mintill 41 793 834 

Corn 11 223 234 
Grass-trees 24 473 497 

Grass-pasture 37 710 747 
Grass-pasture-mowed 1 25 26 

Hay-windrowed 24 465 489 
Oats 1 19 20 

Soybean-notill 48 920 968 
Soybean-mintill 123 2345 2468 

Soybean-cleantilll 30 584 614 
Wheat 10 202 212 
Woods 64 1230 1294 

Buildings-Grass-Trees-Drives 19 361 380 
Stone-Steel-Towers 4 91 95 

Total number 510 9856 10366 

 

3.2 The Contribution of the Expert Knowledge to HRS Classification 
Performance 
In order to measure the contribution of handcrafted features, we compared the classification 
accuracy between the original data and the handcrafted features with the structure of our 
proposed CNN network. The data sets for all experiments were stored in h5 format. 

Table 6 shows the total size of the training set and testing set as a network input as well as 
the classification results based on the proposed CNN. As can be seen from the Table 6, the 



KSII TRANSACTIONS ON INTERNET AND INFORMATION SYSTEMS VOL. 13, NO. 8, August 2019                                     3927 

amount of the training set and testing set as the input of CNN based on the GLCM feature or 
the DMP feature is far less than the original image because handcrafted features are able to 
represent the original images and eliminate redundant information and undesired noises. 
Although the amount of the training set and testing set based on the MS feature is slightly 
higher than the original image on PaviaU dataset, the redundancy and the complexity of data 
distribution can be effectively controlled because of the difference of attributes between the 
GLCM-based texture feature and DMP-based shape feature. All these features improve the 
starting point of the deep features training. The classification results based on handcrafted 
features with the proposed CNN are much higher than those based on the original images in 
Table 6. The optimal classification results are obtained on the each dataset based on the 
MS-CDE feature. 

 
Table 6. The performance comparison between the raw images and the  

handcrafted features based on the CNN 

Datasets CNN Input Training Size 
(MB) 

Testing Size 
(GB) OA  Kappa 

PaviaU 
RAW 188 3.51 97.7% 0.97 

GLCM 88.1 1.63 98.60% 0.981 
DMP 110 2.04 98.9% 0.985 
MS 198 3.68 99.2% 0.989 

Salinas 
RAW 472 8.79 97% 0.966 

GLCM 111 2.07 99.3% 0.993 
DMP 139 2.59 99.1% 0.99 
MS 250 4.66 99.8% 0.998 

Indian Pine 
RAW 112 2.12 84.1% 0.818 

GLCM 27 0.51 95% 0.943 
DMP 33.8 0.64 94.6% 0.938 
MS 60.7 1.14 95.4% 0.948 

 
There are some reasons for the poor results based on the original HRS images. Because of 

the large amount and complex structure of the original HRS images as well as the simpler 
structure of the network we proposed, it is difficult to obtain satisfactory classification results 
on the original data. From the Table 6 we can also see that the classification accuracy on the 
Indian Pine dataset are worse than on other two datasets because of the more complex data 
attributes (more details in section 3.1). 

3.3 Effects of Different Network Structures on Classification Results 
In order to evaluate the contribution of the proposed CNN structure, we compare the 
classification results obtained by different deep convolution neural network: Alexnet, 
VGGNet and the proposed CNN in Section 2.3. And the difference of  network structures 
between these three deep CNN is shown in Table 2. The raw data and three different 
handcrafted features including GLCM, DMP and MS are used as the input of each network, 
respectively. 

A summary of findings is presented in Table 7. As can be seen from the Table, the deep 
features with the proposed CNN achieves higher classification performance than other neural 
networks for each dataset. The proposed CNN and the VGGNet have similar ability to 
distinguish between ground objects for PaviaU and Salinas dataset. A large number of small 
convolution kernels are used in the VGGNet structure, thus making the VGG network have 
better feature extraction capabilities and achieving good results on these datasets with high 
spatial resolution. However, for the Indian Pine dataset with more complex distribution 
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characteristics, VGGNet is difficult to achieve a satisfactory result. The overall classification 
result for the Indian Pine dataset has made a more significant improvement compared to 
AlexNet and VGGNet networks. The kappa coefficient values for each dataset from the Table 
7 show the effectiveness of our proposed network for HRS image classification. The 
high-level abstraction features are extracted by gradually reducing the size of the convolution 
kernel in the proposed CNN and the L2 regularization and dropout strategy are used in multiple 
convolutional layers in our network to obtain a better generalization performance. 

 
Table 7. Classification accuracy and Kappa coefficient based on different neural network with the 

optimal number of epochs 
Classification performance on PaviaU Dataset (a) 

Pavia University 
Raw data GLCM-based deep feature 

AlexNet VGGNet ProCNN AlexNet VGGNet ProCNN 

Asphalt 90.70% 95.80% 97.3% 98% 96.30% 97.90% 

Meadows 99.80% 99.40% 99.7% 99.60% 99.60% 99.60% 

Gravel 59.10% 85.40% 87.9% 90.20% 95.40% 97.30% 

Trees 92.20% 99.90% 98.4% 93.60% 93.20% 96.30% 

Painted metal sheets 100% 99.80% 99.8% 93.50% 92.90% 98.60% 

Bare Soil 77.90% 88.40% 97.9% 96.90% 97.50% 99.20% 

Bitumen 67.20% 82.70% 84.8% 90.10% 92.10% 99.40% 

Self-Blocking Bricks 76.80% 97.30% 97.1% 95.80% 98.30% 99% 

Shadows 91.40% 97.30% 98.1% 73.70% 69% 87.40% 

OA 90.10% 96.20% 97.7% 96.70% 96.90% 98.60% 

Kappa 0.867 0.949 0.97 0.957 0.959 0.981 

Classification performance on PaviaU Dataset (b) 

Pavia University 
DMP-based deep feature MS-based deep feature 

AlexNet VGGNet ProCNN AlexNet VGGNet ProCNN 

Asphalt 90.8% 97.9% 99% 97.4% 98.7% 100% 

Meadows 97.1% 99.9% 99.7% 99.7% 99.7% 99.8% 

Gravel 70.1% 98.1% 92.5% 96.1% 96.8% 96.1% 

Trees 90.8% 97.6% 98.4% 96.3% 98.2% 98.3% 

Painted metal sheets 99.1% 99.8% 99.3% 98.1% 99.8% 99.2% 

Bare Soil 73.6% 98.6% 99.8% 100% 99.5% 99.8% 

Bitumen 55.5% 97.5% 95.5% 93% 95.7% 98.8% 

Self-Blocking Bricks 88.7% 96.7% 98.2% 99.2% 97.7% 97.3% 

Shadows 70.4% 90.1% 97.2% 90% 90.9% 95.9% 

OA 89% 98.6% 98.9% 98.4% 98.8% 99.2% 

Kappa 0.854 0.982 0.985 0.979 0.984 0.989 
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Classification performance on Salinas Dataset (a) 

Salinas 
Raw data GLCM-based deep feature 

AlexNet VGGNet ProCNN AlexNet VGGNet ProCNN 

Brocoli_green_weeds_1 96% 99.7% 99.4% 99.3% 99.2% 99.8% 

Brocoli_green_weeds_2 97.7% 99.3% 99.7% 98.9% 100% 100% 

Fallow 79.3% 99.3% 99.8% 99.3% 99.1% 99.8% 

Fallow_rough_plow 93.4% 100% 100% 96.8% 97.4% 99.5% 

Fallow_smooth 95.4% 96.7% 99.3% 94.8% 98.5% 99.1% 

Stubble 98.7% 100% 100% 99.6% 99.9% 99.9% 

Celery 98.7% 99.3% 100% 99.8% 99.9% 100% 

Grapes_untrained 74% 93% 87.1% 97.6% 98.6% 99.3% 

Soil_vinyard_develop 99.2% 99.3% 99.4% 99.4% 100% 99.9% 

Corn_senesced_green_weeds 83.2% 95.4% 99.7% 100% 99.8% 100% 

Lettuce_romaine_4wk 74% 98.3% 98.1% 96.9% 100% 99% 

Lettuce_romaine_5wk 96.6% 95.5% 99.8% 99.5% 99.5% 100% 

Lettuce_romaine_6wk 92.4% 98.2% 100% 97.5% 97.8% 99.5% 

Lettuce_romaine_7wk 74.7% 98.8% 99.7% 98.6% 97.9% 100% 

Vinyard_untrained 92.1% 71% 99.6% 99.1% 93.8% 96.9% 

Vinyard_vertical_trellis 87.3% 99.5% 97.8% 98.1% 100% 100% 

OA 89.1% 93.7% 97% 98.6% 98.6% 99.3% 

Kappa 0.879 0.93 0.966 0.984 0.984 0.993 

Classification performance on Salinas Dataset (b) 

Salinas 
Raw data GLCM-based deep feature 

AlexNet VGGNet ProCNN AlexNet VGGNet ProCNN 

Brocoli_green_weeds_1 88.6% 100% 99.5% 97.2% 100% 100% 

Brocoli_green_weeds_2 59.9% 99.3% 99.9% 99.7% 100% 100% 

Fallow 55.8% 98.4% 99.7% 99.1% 99.6% 100% 

Fallow_rough_plow 87.9% 99.2% 100% 97.7% 98.9% 99.9% 

Fallow_smooth 66.2% 99.5% 99.2% 96% 98.9% 98.8% 

Stubble 58.5% 99.9% 99.4% 99.9% 99.9% 99.9% 

Celery 68.7% 99.5% 99.7% 98.5% 99.2% 100% 

Grapes_untrained 84.5% 99.9% 98.6% 99.5% 99.4% 99.6% 

Soil_vinyard_develop 90.8% 99.7% 98.6% 98.6% 99.9% 100% 

Corn_senesced_green_weeds 58.9% 99.6% 99.3% 99.7% 100% 100% 

Lettuce_romaine_4wk 95.3% 99.9% 99% 98.7% 99.9% 99.4% 

Lettuce_romaine_5wk 56.9% 99.6% 100% 99.6% 99.9% 100% 

Lettuce_romaine_6wk 62.6% 98% 100% 94.8% 97.7% 98.7% 

Lettuce_romaine_7wk 91.6% 100% 100% 100% 99.9% 100% 

Vinyard_untrained 75.8% 93.7% 98.4% 97.7% 99.1% 99.9% 
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Vinyard_vertical_trellis 61% 98.7% 98% 98.8% 100% 100% 

OA 74.4% 98.8% 99.1% 98.7% 99.6% 99.8% 

Kappa 0.715 0.987 0.99 0.986 0.995 0.998 

 
Classification performance on Indian Pine Dataset (a) 

Indian Pine 
Raw data GLCM-based deep feature 

AlexNet VGGNet ProCNN AlexNet VGGNet ProCNN 

alfalfa 57.7% 40.4% 55.8% 86.5% 78.8% 88.5% 

Corn-notill 81.6% 64% 78.1% 96.2% 94.4% 95.2% 

Corn-mintill 73.9% 52.6% 76.2% 90.4% 84.7% 92.7% 

Corn 62.3% 47.1% 91.9% 95.5% 99.6% 100% 

Grass-trees 67.7% 60% 65.3% 82.9% 83.7% 87.1% 

Grass-pasture 82.1% 83% 93.7% 89% 88.9% 91.8% 

Grass-pasture-mowed 0% 72% 0% 100% 100% 100% 

Hay-windrowed 96.8% 91% 99.4% 100% 99.6% 100% 

Oats 52.6% 63.2% 42.1% 63.2% 89.5% 78.9% 

Soybean-notill 62.2% 64.7% 78.7% 94.6% 84.9% 93.6% 

Soybean-mintill 81.7% 77.9% 91.3% 96.2% 97.7% 98.9% 

Soybean-cleantilll 64.2% 71.9% 67.3% 84.8% 91.1% 88.4% 

Wheat 83.2% 88.6% 85.1% 97% 97.5% 97.5% 

Woods 97.2% 90.4% 91.7% 97.4% 97% 97.6% 

Buildings-Grass-Trees-Drives 75.6% 77.8% 85.3% 93.1% 81.4% 93.1% 

Stone-Steel-Towers 53.8% 44% 85.7% 74.7% 68.1% 71.4% 

OA 78.9% 73% 84.1% 93.6% 92.4% 95% 

Kappa 0.758 0.691 0.818 0.928 0.913 0.943 

 
Classification performance on Indian Pine Dataset (b) 

Indian Pine 
DMP-based deep feature MS-based deep feature 

AlexNet VGGNet ProCNN AlexNet VGGNet ProCNN 

alfalfa 50% 80.8% 75% 88.5% 98.1% 90.4% 

Corn-notill 74.5% 96.6% 93.3% 97% 95.4% 94.6% 

Corn-mintill 75.5% 93.6% 94.6% 92.6% 88.9% 91.6% 

Corn 90.6% 90.6% 94.6% 96.9% 100% 100% 

Grass-trees 80.1% 91.3% 90.1% 80.8% 84.4% 93.2% 

Grass-pasture 93.1% 89% 94.8% 96.5% 92.3% 90.7% 

Grass-pasture-mowed 24% 100% 76% 100% 80% 16% 

Hay-windrowed 90.1% 99.6% 100% 97% 100% 100% 

Oats 5.3% 0% 52.6% 78.9% 89.5% 94.7% 

Soybean-notill 85% 89.9% 92.7% 91.1% 91.5% 93.7% 

Soybean-mintill 76.3% 93.3% 96.2% 93.7% 95.6% 98.7% 
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Soybean-cleantilll 82.7% 83.2% 88.7% 90.4% 87.2% 90.6% 

Wheat 99% 99.5% 98% 97.5% 94.1% 98.5% 

Woods 90.7% 93.2% 99.3% 98.6% 98.7% 100% 

Buildings-Grass-Trees-Drives 89.5% 91.7% 95.8% 90.6% 85.6% 93.1% 

Stone-Steel-Towers 95.6% 91.2% 71.4% 59.3% 76.9% 84.6% 

OA 82.1% 92.5% 94.6% 93.7% 93.4% 95.4% 

Kappa 0.798 0.915 0.938 0.928 0.925 0.948 

 
In order to illustrate the contribution of the proposed CNN in our framework further, we 

compared the time overhead and the classification performance among the propoesd CNN, 
VGGNet and Alexnet. As we all know that the computational time is influenced by three main 
factors: experimental platform (software and hardware equipment), experimental data size and 
classification algorithm. Thus experiments on a specific dataset based on the same handcrafted 
features should be running on the same platform. There are two computers used during our 
experimental process. The first computer has two NVIDIA GeForce GTX 1080 Ti and an 
i7-5930K CPU while the second has a NVIDIA GeForce GTX 960 and an i7-4790K CPU.  

Four datasets for each HRS image were used as the input of the deep CNN: raw data, 
GLAM-based feature, DMP-based feature and MS-based feature. The related experiments of 
the latter two datasets are running only on the first computer while the experiments on the 
former two data are running on the two computers. So the valid results for the time consuming 
is just on the DMP-based feature and MS-based feature. In order to compare the performance 
of different CNN, the time consuming from the CNN training process to the testing stage are 
recorded and the number of epochs is 500 for each experiments. The results are shown in 
Table 8. 

 
Table 8. The comparison of computational time and classification performance among AlexNet 、

vggNet and the proposed CNN （ProCNN） 
DMP-based feature were used as the input of  CNNs (a) 

DMP-based 
Features 

Pavia University dataset Salinas dataset Indian Pine dataset 
AlexNet vggNet ProCNN AlexNet vggNet ProCNN AlexNet vggNet ProCNN 

Time 
overhead/s 584 620 548 784 822 720 139 165 130 

OA 87% 97.3% 98.3% 63.6% 98.2% 96.9% 77.5% 71.8% 90.7% 

kappa 0.828 0.964 0.977 0.594 0.98 0.966 0.746 0.682 0.893 

MS-based feature were used as the input of  CNNs (b) 

MS-based 
Features 

Pavia University 
dataset Salinas dataset Indian Pine dataset 

AlexNet vggNet ProCNN AlexNet vggNet ProCNN AlexNet vggNet ProCNN 

Time 
overhead/s 669 758 651 862 1006 733 149 176 146 

OA 95.6% 98.2% 98.9% 96.8% 98.7% 98.5% 86.4% 90.4% 93.3% 

kappa 0.941 0.977 0.986 0.964 0.985 0.983 0.845 0.89 0.924 
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3.4 The Relationship between the Deep Features and Corresponding 
Handcrafted Features on Classification Results 
This section explores the relationship between different handcrafted features and 
corresponding deep features on the image classification results. Three different handcrafted 
features were used to perform the experiment: texture feature extracted using the GLCM 
algorithm, shape feature extracted by the DMP algorithm, and the multi handcrafted feature 
based on the fusion of the GLCM algorithm and the DMP algorithm. Fig. 8 compares the 
classification performance of two different classifiers: the deep feature classification results 
obtained based on the proposed CNN structure and the corresponding handcrafted feature 
classification results using RBF-SVM classifier. SVM is one of the most widely used 
classifiers in HRS image classification [27, 29, 28]. It can effectively solve complex nonlinear 
problems and get promising results by using kernel functions and be easy to generate 
classification results by using the SVM library directly. 

As can be seen that the results of deep features are much higher than the corresponding 
handcrafted features, because deep learning-based methods can extract the high-level abstract 
and invariant features of ground objects that help to change the intra- and inner- class 
differences. By comparing the classification results based on different handcrafted methods, it 
can be found that the stronger the representation ability of the handcrafted feature is, the higher 
the classification accuracy will be with the corresponding deep features. 

 

 
Fig. 5. Comparison of classification results using different spatial information between handcrafted 

features and deep features 
 

3.5 The Impact of Patch Size for the Input of CNN 
CNN-based deep feature extraction method requires a fixed-size patch as input during training 
and testing phases. In this experiment, the GLCM-CDE feature is utilized to explore the patch 
size effect on deep feature learning performance for the correlation between window size in 
the GLCM feature extraction method and patch size of the CNN input. Then a series of 
different patch/window size were used and we imply the softmax classifier with GLCM-CDE 
feature and RBF-SVM classifier with GLCM-based handcrafted feature for HRS datasets. 
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Fig. 6. Comparison of classification results using different window size between handcrafted features 

and the GLCM-based CNN deep features 
 

The effect of the patch/window size on HRS images classification is provided in Fig. 6. As can 
be seen that the features extracted by the deep CNN significantly improve the classification 
accuracy compared with the GLCM-based handcrafted features. By observing, we can find 
that the classification performance of GLCM-CDE features tends to be stable earlier on the 
relatively smaller window than the classification performance of handcrafted features. The 
larger the difference between the window size and the average size of the ground objects is, the 
more obvious the performance improvement of the classification result based on the 
GLCM-CDE features is. This means that the features obtained by the CNN network can 
effectively reduce the distance of the internal homogeneous information of the ground objects 
and improve the classification results of the HRS images. The square patches of 15 × 15 are 
used for PaviaU and Salinas datasets and 17 × 17 are used for Indian Pine dataset as the CNN 
input in all other experiments. 

3.6 The Effect of Iteration Times 
Based on the neural network derived from the data, the training results (network structure, 
weight and offset) is a representation of the sample data distribution. The application of BP 
algorithm iterates iteratively to fine-tune the network weights, which enables the network to 
simulate the distribution characteristics of the overall data through the sample data. Therefore, 
the degree of learning of the training samples affects the classification result of the data. If the 
number of training iterations is insufficient, that is, failure to make full use of the sample 
information, it is difficult to accurately describe the distribution characteristics of the data. On 
the contrary, if the number of iterations is too large, the network contains information unique 
to the training samples, which leads to a decrease in the distribution performance of the HRS 
images by the network. Therefore, we train the neural network with different number of 
iterations to observe the impact on classification performance: (n_epoch = [500; 1000;1500; 
2000; 3000; 5000; 10000]). The relationship between the epoch number and the optimal 
classification result is presented in Table 9. 
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Table 9. The relationship between the epoch number and the optimal classification results 

Raw data were used as the input of  CNNs (a) 

Raw data 
Pavia University dataset Salinas dataset Indian Pine dataset 

AlexNet vggNet ProCNN AlexNet vggNet ProCNN AlexNet vggNet ProCNN 

n_epoch 2000 2000 2000 2000 1500 2000 3000 3000 3000 

OA 90.1% 96.2% 97.7% 89.1% 93.7% 97% 78.9% 73% 84.1% 

kappa 0.867 0.949 0.97 0.879 0.93 0.966 0.758 0.691 0.818 

GLCM-based Feature were used as the input of  CNNs (b) 
GLCM-based 

Feature 
Pavia University dataset Salinas dataset Indian Pine dataset 

AlexNet vggNet ProCNN AlexNet vggNet ProCNN AlexNet vggNet ProCNN 

n_epoch 1500 1000 2000 2000 1500 1500 1500 1000 2000 

OA 96.7% 96.9% 98.6% 98.6% 98.6% 99.3% 93.6% 92.4% 95% 

kappa 0.957 0.959 0.981 0.984 0.984 0.993 0.928 0.913 0.943 

DMP-based Feature were used as the input of  CNNs (c) 
DMP-based 

Feature 
Pavia University dataset Salinas dataset Indian Pine dataset 

AlexNet vggNet ProCNN AlexNet vggNet ProCNN AlexNet vggNet ProCNN 

n_epoch 1500 1500 1500 5000 1500 2000 1500 2000 1500 

OA 89% 98.6% 98.9% 74.4% 98.8% 99.1% 82.1% 92.5% 94.6% 

kappa 0.854 0.982 0.985 0.715 0.987 0.99 0.798 0.915 0.938 

MS-based Feature were used as the input of  CNNs (d) 
MS-based 

Feature 
Pavia University dataset Salinas dataset Indian Pine dataset 

AlexNet vggNet ProCNN AlexNet vggNet ProCNN AlexNet vggNet ProCNN 

n_epoch 2000 1000 1500 2000 2000 1500 1500 1500 2000 

OA 98.4% 98.8% 99.2% 98.7% 99.6% 99.8% 93.7% 93.4% 95.4% 

kappa 0.979 0.984 0.989 0.986 0.995 0.998 0.928 0.925 0.948 

 
Fig. 7 shows the curve of the loss function obtained by the method based on MS-CDE 

feature on the validation dataset during training process with each image. Obviously there will 
be over-fitting phenomenon when the number of iterations exceeds a certain value. By 
observing the trend of the curve, we can find the optimal value of the training epoch and get 
the best classification result. The conversion between training steps and the value of the epoch 
is calculated as follows. The ratio represents the proportion of the validation set in the training 
samples during training process and n represents the number of training samples: 

𝑠𝑡𝑒𝑝 = �(1−𝑟𝑎𝑡𝑖𝑜)∗𝑛
𝑏𝑎𝑡𝑐�_𝑠𝑖𝑧𝑒

� ∗ 𝑛_𝑒𝑝𝑜𝑐�                                           (1) 

According to Fig. 7 and the above Eq. (1) a suitable value of the epoch can be obtained to 
training the network for each dataset and get an optimal classification result for HRS images. 
Fig. 8 shows the classification performance of each class of the ground objects under different 
iterations. It can be seen that in a well-trained network, the difference between the different 
ground objects can be effectively improved. The classification performance with optimal 
epoch based on MS-CDE feature is provided in Fig. 9.  
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(a) The curve of the loss value on the PaviaU dataset 

 
(b) The curve of the loss value on the Salinas dataset 

 
(c) The curve of the loss value on the Indian dataset 

 
Fig. 7. The relationship between training epoches and the CNN classification performance 
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(a) PaviaU dataset 

 
(b) Salinas dataset 

 
(c) Indian Pine dataset 

 
Fig. 8. per-class classification result with different epoch 
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(a) PaviaU dataset 

 
(b) Salinas dataset 

 
(c) Indian Pine dataset 

Fig. 9. Visualization of the classification performance based on the MS-CDE  
feature with the optimal epoch 

4. Conclusion  
In this paper, the proposed approaches, fusion of the traditional handcrafted and deep features, 
are used to handle the inherent challenges in HRS classification. The rationale is that data 
obtained from the handcrafted features based on expert knowledge only contain the primary 
information of the original HRS image, with a simplified data distribution. This, in turn, 
reduces the need for a CNN network structure parameter scale. Spectral features based on the 
PCA algorithm are used as the basic map with a low dimension. Then, GLCM-based texture 
features and shape features based on DMP are extracted as the shallow spectral-spatial features 
for the deep CNN network input. Meanwhile, considering the differences in recognition ability 
of different handcrafted features on different ground objects, the vectorstacking method is 
used to further improve the classification performance of the HRS images with the proposed  
deep CNN. 

These handcrafted feature maps, used as the input of CNN, not only improve the training 
starting point of the deep features, but also offer better guidance and interpretability to the 
deep features. A simple neural network structure suitable for these HRS images was then 
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proposed to obtain high-level abstraction features according to the characteristics of these 
handcrafted data and the theory of convolution neural network, so that satisfactory 
classification results can be obtained with smaller sample sizes. L2 regularization and dropout 
strategies are used during the construction of the CNN network to mitigate the effects of 
over-fitting problems. In the end, we obtained the optimal network classification results in the 
situation of a suitable number of iterations and CNN input patch size for each data set. 
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