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Abstract

:

Traditional classification methods used for very high-resolution (VHR) remote sensing images require a large number of labeled samples to obtain higher classification accuracy. Labeled samples are difficult to obtain and costly. Therefore, semi-supervised learning becomes an effective paradigm that combines the labeled and unlabeled samples for classification. In semi-supervised learning, the key issue is to enlarge the training set by selecting highly-reliable unlabeled samples. Observing the samples from multiple views is helpful to improving the accuracy of label prediction for unlabeled samples. Hence, the reasonable view partition is very important for improving the classification performance. In this paper, a hierarchical multi-view semi-supervised learning framework with CNNs (HMVSSL) is proposed for VHR remote sensing image classification. Firstly, a superpixel-based sample enlargement method is proposed to increase the number of training samples in each view. Secondly, a view partition method is designed to partition the training set into two independent views, and the partitioned subsets are characterized by being inter-distinctive and intra-compact. Finally, a collaborative classification strategy is proposed for the final classification. Experiments are conducted on three VHR remote sensing images, and the results show that the proposed method performs better than several state-of-the-art methods.
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1. Introduction


The classification of very high-resolution (VHR) remote sensing images faces great challenges with the rapid development of remote sensing technologies. The purpose of classification is to assign each spectral pixel over the observed scene with a certain thematic class. Early classification approaches focused on spectral-based classification; for instance, the support vector machine (SVM) [1,2], linear discriminant analysis (LDA) [3,4], maximum likelihood (ML) [5], and random forest (RF) [6]. However, these methods easily lead to noisy classification maps. To overcome this problem, spectral-spatial classification methods have become the mainstream in the last decades. The typical spectral-spatial classification methods include Markov random fields (MRFs) [7], dictionary learning [8], multi-kernel learning [9], extended multi-attribute profiles (EMAPs) [10], and edge-preserving filtering [11]. Compared with the spectral classification methods, the performance of spectral-spatial classification methods has been improved significantly.



Recently, rapid development of deep learning technology has also prompted the further exploration of remote sensing image classification. Chen et al. [12] first introduced stack autoencoders (SAEs) into hyperspectral image (HSI) classification. After that, many researchers have done in-depth studies on DNNs based VHR remote sensing image classification. Cheng et al. [13] proposed a remote sensing scene classification method that uses bag of convolutional features. To improve the performance of the model, they further proposed a unified metric learning-based framework for HSI classification via adding a metric learning regularization term into an SVM classifier [14]. Zhou et al. [15] proposed a compact and discriminative stacked autoencoder for HSI classification. Considering the 3D characteristics of remote sensing images, Chen et al. [16] proposed 3D deep feature extraction method via 3D convolutional neural networks (CNNs), and proved the superiority of 3D CNNs for classification. Mirzaei et al. [17] combined the non-negative tensor factorization and 3D convolutional neural networks (CNNs) for HSI classification. Seydgar et al. [18] proposed two-stage methods to integrate 3D CNNs and convolutional lone-short-term memory (CLSTM). CLSTM combined spectral-vector learning and spatial sequence learning in HSI classification. Qi et al. [19] incorporated the 3D cascaded CNNs with CLSTM for spectral-spatial sequence learning. Considering the multi-scale characteristics of the land-cover objects, Zhao et al. [20] proposed the multi-scale-based CNNs (MCNN) to deal with scale-dependent objects. Zhang et al. [21] proposed diverse region-based CNNs (DR-CNNs) for HSI classification. Six different area representations were designed to capture object features at different scales and positions. Cui et al. [22] integrated both multiple receptive fields features and multiscale spatial features for HSI classification. In particular, this research proposed an image-based classification framework that is different from the commonly-used patch-based classification methods.



The performances of the aforementioned supervised classification methods rely heavily on the quality and quantity of the labeled samples. The labeled samples are expensive to obtain and time consuming. Hence, several studies have been conducted to alleviate the human effort involved and have provided promising classification performances with limited training samples. Semi-supervised learning is an effective tool that works by combining the limited labeled samples with the highly-reliable unlabeled samples. Semi-supervised learning has been widely applied in remote sensing image classification; for instance, see the semi-supervised random forest [23], semi-supervised deep fuzzy C-mean clustering [24], transudative SVM [25], semi-supervised multinomial logistic regression (MLR) [26], semi-supervised SAEs [27], and ladder networks [28]. In [29], Zheng et al. proposed a geometric low-rank Laplacian regularized semi-supervised classifier to exploit the spatial and spectral structure of HSI data. In addition, the research based on multi-view semi-supervised learning methods has attracted lots of interest. Multi-view semi-supervised learning relies on multiple sets of features. The typical semi-supervised learning methods are co-training methods [30]. In a co-training method, two learners are trained independently from two distinct views, and some highly-reliable unlabeled samples are labeled by each to augment the training set and improve the performance of the classifier. For co-training semi-supervised classification methods, the main problem is to construct two distinct views. In [31], original spectral features and the 2D Gabor features are used as two distinct views, and in [32], Romaszewski et al. introduced tracking-learning-detection (TLD) co-training framework for HSI classification, and designed two types of "experts" for classification. In [33], the labeled and unlabeled samples are used together to create several diverse prototype sets, and each prototype set can represent a different visual concept. The pseudo-labels are assigned to the images within the same prototype. In [34], Dai et al. introduced the sample partition method into remote sensing image classification, and proposed semi-supervised remote sensing image classification based on convolutional neural networks and ensemble learning.



In co-training methods, the two views are required to be independent of each other under given conditions. The greater the differences between the two views, the lower the possibility that the two learners will mislabel the same sample simultaneously. However, a significant disadvantage of co-training is that the assumption about the existence of sufficient and redundant views is a luxury hardly met in most real-case scenarios [35,36]. The view partition methods presented recently mainly consist of two categories: extracting different features from the original sample set, and single view partitioning (partitioning of the original sample set into several subsets). The former makes it difficult to obtain two distinct views, while the latter leads to the further reduction of labeled samples in each partition, and is usually applied under the conditions of sufficient labeled samples. In this paper, we present a methodology for splitting the feature set into two independent sets utilizing K-means and propose a hierarchical multi-view semi-supervised learning framework with CNNs (HMVSSL) for VHR remote sensing image classification to achieve effective and independent view partitioning with the limited labeled samples. The merits of our work are mainly twofold: (1) effective sample enlargement before view partition and (2) construction of a view partition set. The former usually requires sufficient labeled samples to guarantee the reliability of the prediction. For limited labeled samples, a superpixel-based sample enlargement process is designed to enlarge the training set first. In this way, the number of labeled samples in each partition set will not decrease sharply. The latter one ensures that the differences between two views should be large enough to confirm the effectiveness of the decision. The ideal partition subset should be inter-distinctive and intra-compact. According to this principle, we designed a novel view partition method. Through the calculation of intra-class and inter-class distances, the diversity of the view partition can be effectively improved.



The main contributions of the proposed HMVSSL model are summarized as follows:



(1) A hierarchical semi-supervised learning framework is proposed. The proposed model consists of three levels: superpixel-based sample enlargement, construction of view partition set, and collaborative classification.



(2) Initial sample expansion via initial classification and superpixel segmentation is proposed to enlarge the partitioned sample set.



(3) A novel view partition strategy is proposed to promote the inter-distinctiveness and intra-compactness for the view partition sets.



The rest of the paper is organized as follows: Section 2 shows the related works. The details of the proposed method are described in Section 3. Section 4 presents the experimental results and analysis, followed by a conclusion of our work.




2. Related Works


2.1. Deep Convolutional Neural Networks


One of the most important deep learning models is the convolution neural network (CNN), which is widely used in VHR remote sensing image classification [37,38]. In general, traditional CNNs consist of five fundamental structures: the convolutional layer, non-linear mapping (NL) layer, pooling layer, full connection (FC) layer, and classification layer. The deep structure of CNNs is achieved by alternating a series of convolutional, NL, and pooling layers. The general CNN structure is shown in Figure 1.



In the convolutional layer, the output convolution features are obtained by convolving the trainable convolution kernel and the input sample or feature. Assume the input feature is   x  l − 1   , and l is the   l t h   layer of the CNNs. The output convolution feature is expressed as [39]:


   x l  =  x  l − 1   ∗  F l  +  B l   



(1)




where * means the convolution operator, and   F l   and   B l   refer to the   l t h   convolution kernel and biases, respectively.



After the convolutional layer, an NL layer follows to enhance the non-linear capability of the network. In this paper, the ReLU function is used as the non-linear activation function [40].


  R e L U  (  x l  )  = max  (  x l  , 0 )   



(2)







The purpose of pooling layer is to enhance the invariance of the learned feature by reducing the size of the features. Then, the output pooling features are rearranged as a feature vector and input to the FC layer. Finally, a softmax classifier is connected at the end of the CNNs for classification.




2.2. Superpixel Segmentation


Superpixel segmentation can adaptively segment the image into several homogeneous regions according to the intrinsic spatial structure [41]. Figure 2 shows the superpixel segmentation maps with different scales. In VHR remote sensing image classification, it is generally assumed that the pixels within each superpixel belong to the same category. Based on this assumption, Fang et al. [42] exploited the multi-scale superpixel features via multi-kernel learning. Jiao et al. [43] proposed a collaborative representation-based multiscale superpixel fusion method for HSI classification. Feng et al. [44] proposed a superpixel tensor sparse coding model for HSI classification. In our previous work, we proposed superpixel-based 3D CNNs for HSI classification [45]. A spatial feature map is extracted from HSI data to suppress the noisy pixels in classification results. Zheng et al. [46] proposed superpixel-guided training sample enlargement. Similar to our work, superpixel, which contains training samples belonging to only one class, was researched, and all the pixels within this superpixel were assigned to the class of the training samples it contained. All these pixels were used together with the initial training samples to train the classifiers. However, in superpixel segmentation, the mixed pixels may cause inaccurate positioning of land-cover boundaries, resulting in mislabeled samples that are added into the training set. Hence, in our method, we only assign the label to the center pixel of the superpixel to reduce false labeling.





3. Proposed Method


In this paper, a hierarchical multi-view semi-supervised classification method for VHR remote sensing image classification is proposed. The proposed method mainly includes three stages: superpixel-based sample enlargement, the construction of a view partition set, and collaborative classification. In the first two stages, we will generate three classification maps from different views, which provide effective support for the final collaborative classification. The framework of the proposed method is shown in Figure 3.



3.1. Superpixel-Based Sample Enlargement


Initial training set   Ω = { D , L }   is extracted by using a rectangular window on randomly selected pixels; D is the training sample and L is the label. The purpose of this section is to provide more reliable samples for subsequent view partition. Superpixel can segment the VHR remote sensing image into several homogenous regions. It is commonly assumed that the pixels within each superpixel share the same label. Hence, superpixel is always used in pseudo sample labeling. In fact, the rich details in VHR remote sensing images can interfere with extraction of object boundaries, because of such things as shadow occlusion. At the same time, due to the existence of the mixed pixels, the boundaries of the superpixel do not exactly match the object. To avoid the problem of mislabeled samples caused by the error extraction of boundaries, only the center pixel within each superpixel is selected and added into the training set. In the following, we will describe how to assign the pseudo label to the center pixels, in detail.



To assign a pseudo label to center pixels, the initial training set is used to train the CNNs, and the initial classification map can be obtained by the trained CNNs.


   F f  = g  { D , L }   (  D f  )  ,  L f  = S o f t m a x  (  F f  )   



(3)




where   g ( ∗ )   means the CNNs trained by the initial training set,   D f   represents all unlabeled samples,   F f   is the predicted feature, and   L f   represents the predicted labels. According to the predicted label, the initial classification map   G 1   is obtained.



We perform superpixel segmentation on the VHR remote sensing image, and project the segmentation map onto the initial classification map. This process is shown in Figure 4. If the pixels within the superpixel have the same predicted label, the center pixel of this superpixel and its predicted label are added into the training set. In the proposed method, entropy rate segmentation [47] is adopted for superpixel segmentation. The other available superpixel segmentation methods can also be used here. The new training set   Ω = { D , L ;  D 1  ,  L 1  }  , and   {  D 1  ,  L 1  }   consists of the selected unlabeled samples and their predicted labels.




3.2. Construction of a View Partition Set


In this section, two partition sets are constructed from different views of the feature domain. The purpose of view partitioning is to make each partition set have the characteristics of inter-distinctiveness and intra-compactness; meanwhile, the correlation between different views is as low as possible. For this purpose, we designed a two-step partition method for view partitioning.



Through the trained CNNs in Section 3.1, the features of each training sample can be obtained. Assume the feature set of the training set  Ω  is   F Ω  ; in the following, we will partition the feature set   F Ω   into two views. Figure 5 shows the view partitioning process. Notice that the partition process is only applied on the feature set of the training samples.



The proposed view partitioning process consists of two parts: intra-class partitioning and inter-class partitioning. The purpose of intra-class partitioning is to enhance the intra-compactness of each partition and the difference between the two partitions. According to the labels of the training samples, the feature set   F Ω   can be divided into N subsets; N is the class number, and    F Ω  =  {  F 1  ,  F 2  , … ,  F N  }   . K-means [48] is an unsupervised cluster algorithm, which can achieve better clustering results with a lesser time cost. Hence, K-means is applied on each class for clustering, respectively. Since two view partition set is constructed in this section, each class is divided into two subsets,    F Ω  =  {  {  F 1 1  ,  F 2 1  }  ,  {  F 1 2  ,  F 2 2  }  ,  {  F 1 3  ,  F 2 3  }  , … ,  {  F 1 N  ,  F 2 N  }  }   .



In the second part, the feature set   F Ω   is merged into two partition sets. The principle of the merging is to enlarge the inter-distinctiveness within each partition set. The merge process is carried out class-by-class. Assume the two partition sets are    Ω 1  =  {  F 1 1  }    and    Ω 2  = ∅  . For Class 1 and Class 2, the corresponding intra-class partition feature sets are   {  F 1 1  ,  F 2 1  }   and   {  F 1 2  ,  F 2 2  }  . For each feature subset, the feature center is calculated via averaging the features of each feature subset, which are denoted as   {  C 1 1  ,  C 2 1  }   and   {  C 1 2  ,  C 2 2  }  . For the feature center   C 1 1  , calculate its euclidean distances from   C 1 2   and   C 2 2  , and select a feature set with larger distance to join the partition   Ω 1  . Assuming that   C 1 1   and   C 1 2   have a smaller difference, then    Ω 1  =  {  F 1 1  ,  F 1 2  }   , and the other two feature subsets are merged into partition    Ω 2  =  {  F 2 1  ,  F 2 2  }   . Similarly to the merging process of Classes 1 and 2, the feature subsets   {  Ω 1  ,  Ω 2  }   and   {  F 1 3  ,  F 2 3  }   will be merged as described above. Until the feature subsets   {  F 1 N  ,  F 2 N  }   are merged into the two partition sets, the view partitioning process is finished. Equation (4) shows the whole merging process.


        I n i t i a l :         Ω 1  =  {  F 1 1  }          Ω 2  = ∅                S t e p 1 :         Ω 1  =  {  F 1 1  ,  F 1 2  }          Ω 2  =  {  F 2 1  ,  F 2 2  }  ,        i f  d  (  C 1 1  ,  C 1 2  )  > d  (  C 2 1  ,  C 2 2  )           S t e p 2 :         Ω 1  =  {  F 1 1  ,  F 1 2  ,  F 2 3  }          Ω 2  =  {  F 2 1  ,  F 2 2  ,  F 1 3  }         i f  d  (  C  Ω 1   ,  C 2 3  )  > d  (  C  Ω 2   ,  C 1 3  )           …        …        …        …          S t e p N − 1 :         Ω 1  =  {  F 1 1  ,  F 1 2  ,  F 2 3  , … ,  F 2 N  }          Ω 2  =  {  F 2 1  ,  F 2 2  ,  F 1 3  , … ,  F 1 N  }         i f  d  (  C  Ω 1   ,  C 2 N  )  > d  (  C  Ω 2   ,  C 1 N  )      



(4)







The inter-class partition and inter-class merge process can enable us to obtain two partition sets with different views. Although the partitioning process is not completely orthogonal, the proposed method can make the two partition sets far apart.



The CNNs are trained via partition sets   Ω 1   and   Ω 2  , respectively. Two classification maps   G 2   and   G 3   with large differences can be obtained for the final decision.




3.3. Collaborative Classification


In Section 3.1 and Section 3.2, the classification maps of   G 1  ,   G 2  , and   G 3   were obtained, respectively. Since these three classification results were obtained from three different training sets, in this section, the three classification maps are combined for final classification.



The collaborative classification process is shown in Figure 6. The final training set is constructed based on all the samples needed to be classified, which is irrelevant to the previously assigned pseudo-label. If the classification results of the sample in the three classification results are the same, then add this sample and its pseudo label to the training set. Because the training sets are large, computational complexity is increased; this also exacerbates the problems of sample imbalance. Therefore, we take the category with the fewest samples as the benchmark, and randomly select the corresponding number of samples from the other categories to form the new training set. Train the CNNs with the new training set and get the final classification result. The algorithm execution process of the proposed method is shown in Algorithm 1.



	Algorithm 1 Hierarchical multi-view semi-supervised learning for VHR remote sensing image classification.



	Input: Training set   Ω = { D , L }   and unlabeled testing set.



	Output: Label predicted for the unlabeled samples.



	  Level 1: Superpixel-based sample enlargement



	 1: Train the CNNs with training set   Ω = { D , L }   and get the initial classification map   G 1  .



	 2: Segment the VHR image with superpixel segmentation method.



	 3: Select appropriate unlabeled samples based on steps 1 and 2 to enlarged the training set  Ω .



	  Level 2: View partition



	 4: According to the trained CNNs (step 1), obtain the feature set   F Ω   of training set  Ω .



	 5: Intra-class partition for feature set   F Ω   by K-means.



	 6: Intra-class partition for feature set   F Ω   by K-means.



	 7: Train the CNNs with the two partition sets, respectively.



	 8: Two classification maps   G 2   and   G 3   are obtained according to the trained CNNs (Step 7).



	  Level 3: Collaborative classification



	 9: Select unlabeled samples with the same label prediction on   G 1  ,   G 2  ,   G 3   to enlarge the training set.



	 10: Train the CNNs with the new training set.



	 11: Predict the labels of the unlabeled samples using the trained CNNs (Step 10).










4. Experimental Results


4.1. Datasets


The following three VHR remote sensing images are used in our experiments.



(a) Aerial data [49] was acquired by an ADS80 remote sensor on a plane. The spatial resolution of this scene is 0.32 m with three bands. The Aerial data are 560 lines by 360 samples; there are six classes available, including grass, water, road, trees, building, and shadow. The image data and its ground-truth map are shown in Figure 7a,b, respectively.



(b) JX_1 data were collected from UVA platform and Canon EOS 5D Mark II camera, and the flight elevation was 100 m. JX_1 data are a small subscene of JX image [49]. The size of the JX_1 data in pixels is   500 × 700   with a spatial resolution of 0.1 m. JX_1 data have three bands with six classes available. Figure 8a,b show the image data and the ground-truth map, respectively.



(c) Pavia University data (http://www.ehu.eus//ccwintco/index.php?title=Hyperspectral_Remote_Sensing_Scenes.) were collected by the reflective optical system imaging spectrometer (ROSIS-3) optimal sensor on July, 8, 2002. The original HSI contains 115 spectral bands; after removing the noisy bands, only 103 bands are remained. This scene, with a size of   610 × 340  , has a spatial resolution of 1.3 m. In this data set, nine classes are available for classification. The false color image data and its ground-truth are shown in Figure 9a,b, respectively.




4.2. Experiment Setup


In this paper, we compare the performance of our method with several start-of-the-art VHR remote sensing image classification methods, including a supervised classification method and semi-supervised classification methods.



The supervised classification method is a CNN [12]. CNNs are an effective feature extraction tool and have been widely used in VHR remote sensing image classification.



The semi-supervised classification methods include TSVM [25], semi-supervised MLR (SemiMLR) [26], a semi-supervised SAE (SemiSAE) [27], and a ladder network [28].



TSVM is an iterative algorithm, which incorporates the unlabeled samples into a training phase, and tries to search a much reliable separating hyperplane (in the kernel space).



SemiMLR combines the labeled samples and the unlabeled samples to improve the performance the multiple logistic regression classifier.



SimiSAE uses the large number of unlabeled samples to pre-train the unsupervised autoencoder, and fine-tunes the networks with the small labeled samples. The size of each hidden layer in the pre-trained autoencoder is:   3 − 30 − 30 − 30 − 6   (for Aerial data and JX_1 data), and   103 − 300 − 300 − 300 − 9   (for Pavia University data).



The ladder network is a recently proposed semi-supervised classification network. It consists of two encoders and one decoder, and during the training process, a supervised and an unsupervised cost are combined together for training. The supervised cost is to exploit the deep features of the labeled samples, and the unsupervised cost is to constraint reconstruction error of unlabeled samples. The architecture of the ladder network is   3 − 30 − 30 − 30 − 6   (for Aerial data and JX_1 data), and   103 − 300 − 300 − 300 − 9   (for Pavia University data).



In addition, to present the advantages of the proposed view partition method, we replaced the proposed two views with spectral feature and 2D Gabor feature [31] in the proposed framework, which is called spectral-spatial view in the following experiments.



The other parameters of the compared methods were set as the defaults from their papers. For the proposed method, the parameters were: the window size of the sample is   21 × 21  , the superpixel number is 1000; and for CNNs, the first convolutional layer had 20 filters of size   6 × 6  , the second convolutional layer had 40 filters of size   5 × 5  . The full connection layer had 100 units, the iteration number was 1000, and the learning rate was set as   0.01  . The numbers of the initial training samples are shown Table 1, and the average values of overall accuracy (OA) and average accuracy (AA), and the kappa coefficient, were used to evaluate the classification results.




4.3. Experimental Results on Aerial Data


In this experiment, the performance of the proposed HMVSSL method was evaluated by using Aerial data. Figure 10 describes the classification results, and Table 2 tabulates the classification accuracies of the compared methods. The initial training and final training pixels are shown in Figure 10a with red and green markers, respectively. It is clear that the number of training samples increased significantly. In order to assess the label prediction accuracy for the selected unlabeled samples, we calculated the accuracy of these samples within ground-truth regions, and the accuracy is   100 %  .



Compared with CNNs, the advantages of unlabeled samples are clearly revealed in the proposed method. The classification results of road and water have been improved significantly. Meanwhile, as can be shown from Table 2, the classification accuracies of road and water are increased   1.05 %   and   0.98 %  , respectively, and the OA value is increased by   1.6 %   compared to CNNs. For other semi-supervised learning methods, TSVM has lower classification performance for road, trees, and shadow, and Table 2 also reports that the classification accuracy of road is only   4.84 %  . SemiSAE has a lower classification performance in grass, and the OA value of grass is   28.28 %  . The classification maps of semiSAE and the ladder network appear to be obviously noisy. The SemiMLR method shows obvious advantages in smooth areas, such as water, road, and building, and the classification accuracies of these three categories are higher than that of the proposed method. However, for the non-smooth regions and small details, e.g., trees and shadow, the classification accuracy is significantly reduced. The classification accuracies of trees and shadow are   19.94 %   and   18.5 %   lower than that of the proposed method. In the proposed HMVSSL method, the classification accuracy of each category is above   94 %  , and there is no bias to one category. Because Gabor wavelet has obvious advantages for texture extraction, the spectral-spatial view gets higher classification accuracies on trees and roads. However, the redundancy between spectral and spatial views is large, and results in misclassified samples added into the training set. Hence the classification accuracy of spectral-spatial views is slightly lower than that of the proposed views, especially at the boundary of the building regions.




4.4. Experimental Results on JX_1 Data


In this section, the classification performance is evaluated on JX_1 data. The classification maps and accuracies are illustrated in Figure 11 and Table 3, respectively. JX_1 data contains not only homogeneous regions with smaller intra-class differences, such as farmland, buildings, and roads, but also land-cover areas with large intra-class differences, such as trees and grass.



As can be seen from Figure 11, the compared methods show different classification performances for trees and grass. The classification maps of TSVM, SemiSAE, and ladder networks methods show obvious misclassifications within these two categories. In Table 3, the classification accuracies of grass (class 5) in these three methods are   79.67 %  ,   79.04 %  , and   76.76 %  ; meanwhile, for CNNs, SemiMLR, and the proposed method—  97.12 %  ,   80.24 %  , and   93.19 %  . CNNs, SemiMLR, and the proposed methods show better regional consistency. Although SemiMLR obtains a competitive OA value, its classification performance for small details are poorer, such as shadow (  94.28 %   for SemiMLR and   96.94 %   for the proposed method). This case is similar to the former analysis on Aerial data. The proposed method achieves better performance in both visuals and classification accuracy. For the spectral-spatial view, the proposed method presented higher initial classification accuracies on the JX_1 data, and hence the probability that the same sample is mislabeled from the two views is small. Therefore, the spectral-spatial view also achieves better classification results. However, two independent views can obtain more high-reliability unlabeled samples, and therefore, the classification accuracy is slightly higher than that of the spectral-spatial view-based classification method.




4.5. Experimental Results on Pavia University Data


Pavia University data is a well-known HSI data which contains 103 bands. For CNNs and the proposed methods, PCA is performed first, and the first three PCs are maintained for the following classification. For the other methods, the input samples are extracted from the original HSI data. Pavia University data contains building and roads with rich details, and grass and soil areas with noisy information, which increases the difficulty of accurate land-cover interpretation.



Figure 12 and Table 4 present the classification maps and classification accuracies, respectively. TSVM and SemiSAE present classification maps with obvious salt-and-pepper noise, especially for SemiSAE—the classification accuracy is only   60.22 %  . After the incorporation of the spatial information, CNNS, SemiMLR, and the proposed method show better anti-noise performance. Due to the use of unlabeled samples, the OA value obtained by the proposed method is   2.64 %   higher than that of CNNs. For spectral-spatial view-based classification, reduced initial accuracy can lead to the probability of two views mislabeling the same sample. Hence, compared with CNNs, the increase of the classification accuracy is not significant. Therefore, when the accuracy of the initial classification is low, the independence of the two views has an important influence label decision process of the unlabeled samples. Hence, the proposed method performs better than the compared approaches in classification metrics, detail preservation, and region smoothness.





5. Discussion


In the proposed method, the number of training samples is first enlarged by superpixel segmentation. The center pixel of the superpixel with “pure” classification is selected to enlarge the training set. Therefore, the superpixel number determines the correctness of the unlabeled sample selection. Figure 13 shows the classification results with different numbers of superpixels. The number of superpixel ranges from 50 to 2000. For Aerial data and JX_1 data, the effect of superpixel number on the classification accuracies is not obvious. But the situation is different for the Pavia University data. For Pavia University data, when the superpixel number is less than 500, the OA values are slight reduced, because a small number of unlabeled samples is selected. However, when the superpixel number is larger than 2000, the OA value also decreases due to the mislabeling of the unlabeled samples. Therefore, the classification evaluation metrics on the Pavia University data are more sensitive to the superpixel number.



The other analysis is about the influence of the number of labeled samples on the classification accuracy. Figure 14 shows the classification performance of the compared and proposed methods. To further analyze the performance of these methods with the limited training sample, the number of labeled samples per class ranges from 10 to 100. Since the sample selection process is related to the initial classification map, the proposed method does not achieve good performance when the number of training samples is less than 30. However, as the number of training samples increases, the OA values are higher than that of the compared approaches. Therefore, the proposed method has superiority over the other methods when handling the problem of limited training samples.




6. Conclusions


This paper proposed a novel hierarchical multi-view semi-supervised learning framework for VHR remote sensing image classification. The proposed method consists of three levels: The first level is the enlargement of the training set, which may prevent the sharp reduction in the number of training samples after view partition. The second level is view partitioning, which can obtain two different views with the characteristics of inter-distinctiveness and intra-compactness. The designed view partitioning method can effectively improve the reliability of unlabeled sample selection. The third level is to combine the classification results of the previous levels for collaborative classification. Experiments were conducted on three VHR remote sensing datasets containing various land-cover classes, such as water, building, road, and grass. The experimental results verify the effectiveness of the proposed method compared to several state-of-the-art approaches.



There are two improvements that can be considered in future work. On the one hand, in the classification problem, most of the samples belong to “simple samples” that can be classified correctly. The remaining few samples are difficult to classify. These samples can be called “difficult samples.” In our work, the unlabeled samples are selected based on the correctly classified samples, and therefore, the improvement of classification performance is still limited for the “difficult samples.” Hence our further work is to effectively distinguish the difficult samples. On the other hand, the main contribution of the proposed method is view partitioning. Although self-training, co-training, and tri-training are all well-known semi-supervised classification frameworks, the reasons that we introduce view partitioning into co-training are: (1) Multi-view is always combined with co-training in most published multi-view-based remote sensing image classification methods. The main contribution of the proposed method is view-partitioning. In order to better understand to the background of view partitioning, we incorporate the proposed method by utilizing co-training. (2) For self-training, it mainly focuses on single-view learning. For tri-training, it usually uses the bootstrap sampling method to generate three different views. And for co-training, view construction is an important process. Hence, we evaluated the proposed method by utilizing co-training. In fact, the proposed view partitioning can also be utilized in self-training and tri-training methods. Perhaps that method can achieve better results.
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Figure 1. Typical CNN structure with seven layers. 






Figure 1. Typical CNN structure with seven layers.
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Figure 2. Superpixel segmentation map: (a) Superpixel number is 500. (b) Superpixel number is 1000. (c) Superpixel number is 1500. 
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Figure 3. Framework of the proposed method. The proposed method consists of three stages: (1) Superpixel-based sample enlargement, which is to enlarge the training set initially. (2) Construction of view partition set, which is to generate two independent partition views for high-reliable sample selection. (3) Collaborative classification. Combine the category prediction results of the previous stages for classification. 
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Figure 4. Superpixel-based sample selection. Segment the VHR image with superpixel segmentation, and the center pixel of superpixel with “pure” classification is selected to enlarge the training set. 
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Figure 5. The view partitioning process. Two independent view partition sets are constructed based on the training set. 
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Figure 6. Construction of the final training set based on the samples selected in the previous stages. The green markers are the positions of the selected training samples. 
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Figure 7. Aerial data: (a) Image data. (b) Available ground-truth. 
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Figure 8. JX_1 data: (a) Image data. (b) Available ground-truth. 
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Figure 9. Pavia University data: (a) False-color map. (b) Available ground-truth. 
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Figure 10. Classification results of the methods for Aerial data: (a) Selected training samples (red markers are the initial selected training points, and the green markers are the final selected training points). (b) CNNs. (c) TSVM. (d) SemiMLR. (e) SemiSAE. (f) Ladder network. (g) Spectral-spatial view. (h) HMVSSL (proposed). 
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Figure 11. Classification results of the compared methods for JX_1 data: (a) Selected training samples (red markers are the initial selected training points, and the green markers are the final selected training points). (b) CNNs. (c) TSVM. (d) SemiMLR. (e) SemiSAE. (f) Ladder network. (g) Spectral-spatial view. (h) HMVSSL (proposed). 
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Figure 12. Classification results of the compared methods for Pavia University data: (a) Selected training samples (red markers are the initial selected training points, and the green markers are the final selected training points). (b) CNNs. (c) TSVM. (d) SemiMLR. (e) SemiSAE. (f) Ladder network. (g) Spectral-spatial view. (h) HMVSSL (proposed). 
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Figure 13. Classification results with different numbers of superpixels. 
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Figure 14. Classification accuracies of the comparisons with different numbers of labeled samples per class: (a) Aeria data. (b) JX_1 data. (c) Pavia University data. 
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Table 1. Numbers of the initial training and testing samples.
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Class

	
Aeria Data

	
JX_1 Data

	
Pavia University Data




	
Training

	
Testing

	
Training

	
Testing

	
Training

	
Testing






	
1

	
100

	
14,719

	
100

	
46,276

	
100

	
6631




	
2

	
100

	
37,022

	
100

	
45,278

	
100

	
18,649




	
3

	
100

	
5791

	
100

	
20,347

	
100

	
2099




	
4

	
100

	
4077

	
100

	
27,849

	
100

	
3064




	
5

	
100

	
3374

	
100

	
14,956

	
100

	
1345




	
6

	
100

	
3374

	
100

	
8019

	
100

	
5029




	
7

	

	

	

	

	
100

	
1330




	
8

	

	

	

	

	
100

	
3682




	
9

	

	

	

	

	
100

	
947




	
total

	
1200

	
100,463

	
1200

	
162,785

	
1800

	
42,776
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Table 2. Classification accuracies of the compared methods on Aerial data.
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	Class
	CNNs
	TSVM
	SemiMLR
	SemiSAE
	Ladder Networks
	Spectral- Spatial View
	HMVSSL





	1
	0.9948
	0.9766
	0.9808
	0.2828
	0.9811
	0.9906
	0.9963



	2
	0.9320
	0.9421
	0.9643
	0.8356
	0.7908
	0.9401
	0.9600



	3
	0.9168
	0.0484
	0.9698
	0.9686
	0.9444
	0.9606
	0.9418



	4
	0.9588
	0.5013
	0.7589
	0.7331
	0.6762
	0.9674
	0.9583



	5
	0.9306
	0.8057
	0.9750
	0.8595
	0.8866
	0.9374
	0.9410



	6
	0.9677
	0.6037
	0.7825
	0.8459
	0.8554
	0.9766
	0.9775



	OA
	0.9421
	0.8182
	0.9564
	0.7669
	0.8588
	0.9501
	0.9581



	AA
	0.9501
	0.6463
	0.9052
	0.7542
	0.8554
	0.9621
	0.9625



	Kappa
	0.9202
	0.7444
	0.9389
	0.6896
	0.8099
	0.9311
	0.9419
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Table 3. Classification accuracies of the compared methods on JX_1 data.
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	Class
	CNNs
	TSVM
	SemiMLR
	SemiSAE
	Ladder Networks
	Spectral- Spatial View
	HMVSSL





	1
	1.0000
	0.9992
	0.9990
	0.9923
	0.9976
	0.9985
	0.9984



	2
	0.9548
	0.8884
	0.9943
	0.9251
	0.9922
	0.9942
	0.9990



	3
	0.9987
	1.0000
	1.0000
	0.9996
	1.0000
	0.9975
	0.9989



	4
	0.9545
	0.8515
	0.9794
	0.9123
	0.9192
	0.9674
	0.9598



	5
	0.9712
	0.7967
	0.8024
	0.7904
	0.7676
	0.8970
	0.9319



	6
	0.9759
	0.9399
	0.9428
	0.9608
	0.9337
	0.9592
	0.9694



	OA
	0.9757
	0.9217
	0.9736
	0.9409
	0.9587
	0.9800
	0.9820



	AA
	0.9759
	0.9126
	0.9530
	0.9302
	0.9350
	0.9679
	0.9747



	Kappa
	0.9691
	0.9004
	0.9664
	0.9251
	0.9474
	0.9746
	0.9771
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Table 4. Classification accuracy of the compared methods on Pavia University data.






Table 4. Classification accuracy of the compared methods on Pavia University data.





	Class
	CNNs
	TSVM
	SemiMLR
	SemiSAE
	Ladder Networks
	Spectral- Spatial View
	HMVSSL





	1
	0.9143
	0.6265
	0.8085
	0.6233
	0.6373
	0.9020
	0.9385



	2
	0.9089
	0.7522
	0.9045
	0.5186
	0.3995
	0.8946
	0.9309



	3
	0.8833
	0.7751
	0.9252
	0.7851
	0.4493
	0.8218
	0.9419



	4
	0.9703
	0.9367
	0.9507
	0.9076
	0.8580
	0.9768
	0.9758



	5
	0.9985
	0.9963
	0.9948
	0.9606
	0.9896
	1.0000
	0.9970



	6
	0.7600
	0.7447
	0.9978
	0.4983
	0.8288
	0.8039
	0.8540



	7
	0.8211
	0.8203
	0.9910
	0.7857
	0.9195
	0.9308
	0.9361



	8
	0.8506
	0.6070
	0.8724
	0.4723
	0.6043
	0.8786
	0.8509



	9
	0.9905
	0.9894
	0.9958
	0.9958
	1.0000
	0.9937
	1.0000



	OA
	0.8923
	0.7487
	0.9097
	0.6022
	0.5878
	0.8927
	0.9237



	AA
	0.8997
	0.8053
	0.9378
	0.7275
	0.7429
	0.9114
	0.9361



	Kappa
	0.9905
	0.6806
	0.8829
	0.5251
	0.6080
	0.8593
	0.8995
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