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Abstract

:

As a fundamental task in the field of remote sensing, scene classification is increasingly attracting attention. The most popular way to solve scene classification is to train a deep neural network with a large-scale remote sensing dataset. However, given a small amount of data, how to train a deep neural network with outstanding performance remains a challenge. Existing methods seek to take advantage of transfer knowledge or meta-knowledge to resolve the scene classification issue of remote sensing images with a handful of labeled samples while ignoring various class-irrelevant noises existing in scene features and the specificity of different tasks. For this reason, in this paper, an end-to-end graph neural network is presented to enhance the performance of scene classification in few-shot scenarios, referred to as the graph-based embedding smoothing network (GES-Net). Specifically, GES-Net adopts an unsupervised non-parametric regularizer, called embedding smoothing, to regularize embedding features. Embedding smoothing can capture high-order feature interactions in an unsupervised manner, which is adopted to remove undesired noises from embedding features and yields smoother embedding features. Moreover, instead of the traditional sample-level relation representation, GES-Net introduces a new task-level relation representation to construct the graph. The task-level relation representation can capture the relations between nodes from the perspective of the whole task rather than only between samples, which can highlight subtle differences between nodes and enhance the discrimination of the relations between nodes. Experimental results on three public remote sensing datasets, UC Merced, WHU-RS19, and NWPU-RESISC45, showed that the proposed GES-Net approach obtained state-of-the-art results in the settings of limited labeled samples.
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1. Introduction


Scene classification, as a vital part of remote sensing image processing and analysis, divides the scene images into the corresponding scene classes according to the differences of their content. It has been extensively applied in various scenarios, including land use, land cover [1,2,3], urban planning, geological hazard monitoring, and traffic management [4,5,6]. Recently, approaches adopting deep learning have made significant advances in the remote sensing scene classification task due to the availability of large amounts of label data and the powerful learning capability of deep neural networks [7,8,9,10,11].



However, approaches based on deep learning typically depend on a sea of labeled samples to obtain outstanding performance. In a wide range of realistic scenarios, collecting large-scale remote sensing images and labeling them are quite time-consuming and painstaking tasks. The approaches on the basis of deep learning are subject to overfitting when the labeled data are limited, which poses a sharp degeneration in the performance of the model. Moreover, the trained model cannot accurately identify the unseen scene category due to the deviation in the data distribution. The most common approach is to expand the dataset, that is to spend a mass of resources to collect samples and label them. In addition, the high computational cost also limits the application range of approaches adopting deep learning.



To imitate the way of human learning, an emerging research direction has appeared, namely few-shot learning, which aims to enable the model to rapidly learn to identify new categories from a small amount of labeled data [12,13]. Recently, some work adopted transfer learning or meta-learning ideas to solve scene classification tasks with a small amount of labeled data. Zhai et al. [14] proposed a meta-learning model for the scene classification task, referred to as LLSR, to quickly achieve scene classification with limited samples. There is also some work exploring the usage of graph representation to address the image classification problem with limited labeled data. To generalize matching-based methods, Garcia et al. [15] introduce a neural network model based on the graph, which aims to view learning as the transfer of messages from the training data to the test data.



The methods mentioned above mainly focus on applying transfer knowledge or meta-knowledge to address the task of few-shot scene classification, while overlooking the significance of learning distinctive feature representations. Differing from common natural images, remote sensing images have some unique attributes, such as some differences between images belonging to the same category and certain similarities between images belonging to diverse categories, as indicated in Figure 1. It shows a four-way two-shot classification scenario, which contains four different scenes, freeway, runway, lake, and wetland, and two images for each scene in the support set. For few-shot scene classification tasks, due to illumination, background, distance, angle, and other imaging factors, there are various class-irrelevant noises and there are few samples available for each class, which can easily cause confusion in scene classification, while increasing the difficulty of classification. Accordingly, increasing the discrimination and robustness of scene features is a vital line of thinking to improve scene classification performance with finite labeled samples.



To this end, a novel graph-based embedding smoothing network, called GES-Net, is presented in this paper for remote sensing scene classification, which not only has the ability to learn from few samples, but also addresses the aforementioned issues. First, a new regularization method, called embedding smoothing, is proposed in our framework, which can yield a cluster of interpolations from embedding features by means of the relations between them. Since embedding smoothing has no parameters that need to be trained, it can be combined with the embedding module to construct a regularized embedding space for the sample set at a small cost. The assumption of this improvement is on the basis of the actuality that interpolated embedding features are of smoother decision boundaries than the unsmoothed embedding features, and they are more robust to class-irrelevant noises. These characteristics have been shown to be vital for generalization performance [16,17,18]. Second, to learn to identify unseen samples from limited samples, humans typically compare the target sample with all seen samples rather than only one of them. Hence, instead of using common sample-level distances, such as the cosine distance or Euclidean distance, the task-level relation representation is adopted to construct the graph in GES-Net through the attention mechanism. It can associate the target sample with all the samples in the task and yield a more discriminative relation representation between different scene categories. According to the constructed graph, label matching can iteratively yield prediction labels for samples in the query set by transductive learning until the optimal solution is obtained. Then, the cross-entropy loss between the ground truth labels and the predicted labels of the query samples can be calculated. Finally, all learnable parameters can be updated through back-propagation in an end-to-end manner. In addition, the whole model is trained in an episode-by-episode manner from meta-learning to avoid over-fitting. The proposed approach was validated on three publicly available remote sensing datasets, and the experimental results illustrated that GES-Net largely surpassed existing approaches and obtained new state-of-the-art results in the case of limited labeled samples.



Overall, our main contributions in this paper can be summarized as follows:




	
A novel graph neural network, referred to as GES-Net, is presented to enhance the performance of scene classification in few-shot settings. GES-Net adopts a new regularization technology to urge the model to learn discriminative and robust embedding features;



	
The attention mechanism is further adopted to measure the relation representation at the task level. It can consider the relations between samples from the task level and improve the discrimination of the relation representation;



	
The experimental results obtained on three publicly available remote sensing datasets showed that our proposed GES-Net method significantly outperformed state-of-the-art approaches in few-shot settings and obtained new state-of-the-art results in the case of limited labeled samples.








The rest of our paper is organized as follows. A concise review of related work is introduced in Section 2. In Section 3, our proposed approach is described in detail. The setup and results of the experiments are shown in Section 4. In the end, the conclusion of our paper is given in Section 5.




2. Related Work


In the following section, the related work from four aspects is specifically reviewed: metric learning, few-shot learning, regularization for generalization, and transductive learning.



2.1. Remote Sensing Scene Classification


Recently, approaches on the basis of deep learning have been extensively adopted in a broad variety of fields because of their vigorous representation learning capability [19,20,21,22,23], where a large quantity of research work relates to solving remote sensing scene classification problems [24,25,26,27]. For instance, Lu et al. [28] designed a network that uses multiple complementary source domains to address the problem that existing methods cannot capture the distribution of various source domains well, which carries out cross-domain scene classification. To improve scene classification, Lu et al. [29] introduced a convolutional neural network (CNN) that can exploit the semantic information of the label to aggregate the intermediate features. Similarly, Nogueira et al. [30] adopted the CNN to extract features and achieved scene classification through the linear SVM. Cheng et al. [31] designed the discriminative CNNs (D-CNNs) to resolve the issue of large intra-class differences and small inter-class differences in scene images. Although the above work boosts the performance of scene classification, most of these methods only consider employing CNNs to extract embedding features and neglect refining the embedding features to reduce class-irrelevant noises. Differing from the above work, our research attempted to enhance the distinguishability of embedding features and extend the decision boundaries through embedding smoothing.




2.2. Few-Shot Learning


At present, most popular few-shot learning algorithms adopt the meta-learning framework [32,33,34,35,36]. Recently, few-shot learning has gained tremendous attention and made significant advances in the area of remote sensing. For example, Liu et al. [37] and Gao et al. [38] introduced a series of few-shot learning approaches to resolve the issue of hyperspectral image classification in few-shot scenarios. Rostami et al. [39] proposed a novel model for synthetic aperture radar image classification with limited labeled data. Li et al. [40] introduced a meta-learning approach, which learns a measurement rule to address the problems relevant to scene classification with limited labeled samples. Li et al. [41] proposed an end-to-end few-shot learning network consisting of a feature extractor and a matcher for improving scene classification. Guo et al. [42] proposed a cross-domain classification benchmark in few-shot scenarios, which consists of datasets from various domains. Gong et al. [43] proposed a coarse-to-fine approach to deal with unseen classes in domain adaptation. In these methods, some are based on transfer learning and others are based on meta-learning. Transfer learning aims to derive prior knowledge that can be applied to a similar target task from source tasks with large-scale datasets. The goal of meta-learning is to make the machine possess the capacity to learn how to learn, that is to learn meta-knowledge on multiple tasks, which can make the machine quickly adapt to new tasks. Even though the above work proves that transfer learning can enhance classification performance when labeled data are scarce, the work in [44] showed that the improvement brought by transfer learning will decrease, as the gap between the target task distribution and the source task distribution increases, whereas meta-learning, as human learning, can employ a few samples to perform effective inference. This shows that meta-learning is more effective than transfer learning. Hence, our proposed method addresses the issues relevant to scene classification with limited labeled data by combining meta-learning. The embedding features learned by earlier methods are not sufficiently distinguishable for remote sensing scene images and only learn the sample-level relation representation, which cannot robustly measure the similarity between scene images. Therefore, a task-level relation representation is proposed to learn the task-specific relations between samples. Compared with previous approaches (e.g., RS-MetaNet [40] and DLA-MatchNet [41]), our proposed approach is not only robust to diverse class-irrelevant noises, but it can also consider the relations between samples from the task level.




2.3. Regularization for Generalization


Regularization is an essential method for enhancing the generalization performance of neural networks. Typically adopted methods include batch normalization [45], dropout [46], and spatial dropout [47], which attempt to enhance the robustness to various differences from inputs. Others are related to how to regularize the weights [48,49]. Another line of work is related to manifold regularization, which focuses on smoothing the decision boundaries and refining the category representations [18,50,51]. Existing research work shows that perturbing feature representation tends to achieve better generalization performance [45,46]. The smoothing method that we propose is the closest to feature interpolation. For example, Zhao et al. [52] proposed to employ the interpolation of nearest neighbors to conduct predictions to augment adversarial robustness. To obtain better generalization, manifold mixup is introduced to smooth feature representations of the model [16,17]. Different from the above methods, our proposed smoothing method, called embedding smoothing, smooths the manifold by interpolating embedding features end-to-end and is only applied at the end of the backbone, which can capture higher-level interactions between embedding features in an unsupervised manner and obtain better classification performance.




2.4. Transductive Learning


Transductive learning was first proposed by Vapnik [53], which performs label prediction on only test samples. In comparison, inductive learning aims to yield a prediction function in a pre-defined space. When there are only a few labeled samples, transductive learning can achieve better performance than inductive learning [54,55], which makes transductive learning quite suitable for solving few-shot classification problems. Liu et al. [56] introduced a few-shot method, called TPN, through transductive learning. Likewise, our proposed method also adopts transductive learning for few-shot scene classification. However, their method does not consider the effect of regularization terms and task-level relation representation on model performance.





3. Proposed Method


A novel graph neural network is presented for few-shot scene classification by transductive learning in this section, referred to as GES-Net. It is made up of four components: embedding learning, embedding smoothing, graph constructing, and label matching. As shown in Figure 2, GES-Net first extracts scene embedding features by a embedding learning module. Second, a new embedding smoothing method is presented to transform the embedding features into a cluster of interpolated features, which are referred to as smoothed embedding features. The smoothed embedding features are then adopted to calculate the task-level relation representation between nodes to carry out graph construction. Finally, given support samples, label matching is applied to label query samples on the constructed graph. On the one hand, GES-Net applies embedding smoothing to embedding features to enhance the smoothness of the embedding space by reducing various class-irrelevant noises, which was shown to improve generalization [16,17,18]. On the other hand, the proposed approach adopts the attention mechanism to measure task-level relation representation to perform graph constructing rather than common linear metrics.



3.1. Few-Shot Setting Setup


In our work, three datasets are given: a training set (  D  t r a i n   ), a test set (  D  t e s t   ), and a validation set (  D  v a l   ). The training set   D  t r a i n    was made up of a significant quantity of labeled data    D  t r a i n   =   (  x i  ,  y i  )   i = 1   N  t r a i n     , where sample   x i   corresponds to category   y i  ∈  Y  t r a i n   . The test set    D  t e s t   =   (  x j  ,  y j  )   j = 1   N  t e s t     , where   x j   derives from unseen category   y j  ∈  Y  t e s t    in the training set, that is   Y  t r a i n   ∩  Y  t e s t    = ∅, was adopted to estimate the generalization capability of the model. The validation set   D  v a l    comprised the classes that do not exist in   D  t r a i n    and   D  t e s t    and was adopted to adjust the hyperparameters.



Moreover, episode training was adopted to mimic the few-shot setting, that is an episode is referred to as a task. Each episode (task) is made up of N categories that are sampled uniformly without replacement from all categories, a support set S (K samples per category), and a query set Q (a total of T samples for all categories), which is termed N-way K-shot learning.




3.2. Embedding Learning


A CNN    f θ   (  x i  ; θ )    was employed to extract the embedding features   z i   of the input   x i  , where  θ  serves as the parameter of the network. By adopting the same backbone utilized in previous work [32,57,58], fair comparisons can be offered in the experiments, focusing on the effectiveness of the methods. The backbone contains four convolution modules, where each convolution module starts at a two-dimensional convolution layer containing a 3 × 3 convolution kernel and kernel size of 64. After each convolution layer, there is a batch normalization layer [45], a ReLU activation function [59], and a 2 × 2 max-pooling layer. The backbone    f θ   ( x ; θ )    is applied to the support set S and the query set Q.




3.3. Embedding Smoothing


Embedding smoothing is designed to process a set of embedding features    z i  ∈  R m    that is obtained by inputting samples x of an episode into the embedding learning module    f θ   ( x ; θ )   . A group of new embedding features     z i  ˜  ∈  R m    is then yielded by adopting the following steps. First, for the pairwise features (  i , j  ), the proposed approach calculates the distance as    d  i j   =   ∥  z i  −  z j  ∥  2    and the corresponding adjacent matrix as   B  i j    = exp   ( −  d  i j   / 2 σ )  , where  σ  is a scale parameter and    B  i i   = 0   for   ∀ i  .   σ = S t d (  d  i j   )   was selected, which empirically made the training stage stable.



Next, the Laplacian of the adjacency matrix is calculated as,


    S    =  D  −  1 2    B  D  −  1 2        



(1)




where:


     D  i i      =  Σ j   B  i j       



(2)







Subsequently, adopting the label propagation formulation described in [60], propagating matrix M is obtained as,


     M =   ( I − β S )   − 1       



(3)




where   β ∈ R   denotes the scale parameter and I refers to the identity matrix. The smoothed embedding features are then yielded by the following operation,


       z i  ˜  = ∑   M  i j    z j       



(4)







Since    z i  ˜   is obtained by the weighted combination of its neighbors, embedding smoothing can effectively reduce the impact of noises from class-irrelevant features.




3.4. Graph Constructing


The embedded low-dimensional subspace in the data is uncovered by manifold learning, where selecting a suitable adjacency graph is crucial. To construct an appropriate adjacency graph in the few-shot setting, a novel graph constructing module is proposed, which was built around the attention mechanism. Specifically, the attention mechanism was adopted to convert smoothed embedding features to relation representations with regard to task-specific features; that is, the relation representation not only denotes the distance between nodes, but also contains the task-specific relation. The proposed graph constructing module can effectively avoid directly comparing irrelevant local relations. As shown in Figure 3, given smoothed embedding features    Z ˜  ∈  R  ( N × K + T ) × m    , the task-level relation representation W can be achieved by Equation (7).



For node i, the corresponding attention value between the target embedding feature and features of all other samples in the task can be yielded by applying a common method in the attention mechanism. The corresponding attention value is acquired by the adaptive task attention module, which can be formulated as:


     A  (   z i  ˜  ,   z j  ˜  )  =   e x p (  s  i j   )    ∑  k = 1   N × K + T   e x p  (  s  i k   )        



(5)




where   s  i j    represents the similarity degree of node i to node j and   A ∈  R  ( N × K + T ) × ( N × K + T )     denotes the task-level similarity between nodes after comparing to all other nodes in the task. Therefore, the similarity degree between nodes is higher and   A  i j    is greater. The implementation of the similarity degree   s  i j    is obtained as follows:


      s  i j   =   e (   z i  ˜  ,    z j  ˜  T  )   m       



(6)




where the smoothed embedding feature     z j  ˜  ∈  R  1 × m     of the target sample is reshaped to      z j  ˜  T  ∈  R  m × 1     adopting the matrix inversion operation and   e (   z i  ˜  ,    z j  ˜  T  )   is the pairwise distance operation (e.g., radial basis function). Then,   A  i , j    is employed to incorporate task-level information, and the relation representation for the current task can be acquired, which can be represented as follows:


      W  i j   =  s  i j   ⊗ A  (   z i  ˜  ,   z j  ˜  )      



(7)







The relation representation   W  i j    between node i and node j can be weighted through Equation (7), which denotes a task-level relation of node i to j after comparing to all the other nodes. While the relation representations of task-irrelevant regions are restrained, the relation representations of task-relevant regions are strengthened. To construct the k-nearest neighbor graph, the k-max values are reserved for each row of W. Then, the normalized graph Laplacian [61] is applied on W, that is,


    L    =  O  −  1 2    W  O  −  1 2        



(8)




where:


     O  i i      =  ∑ j   A  i j       



(9)







To simulate few-shot scenarios, the episodic paradigm for meta-training was followed; that is, the graph was separately constructed for each episode in each task, as shown in Figure 2. In general, in the setting of the five-way one-shot scenario,   N = 5 , K = 1 , T = 75 ,   the shape of W is 80 × 80, which is quite efficient.




3.5. Label Matching


First, the prediction process of the labels of the query set Q is described. Assume  G  represents the set of matrices, where each matrix is composed of nonnegative values and has a shape of   ( N × K + T ) × N  . A label matrix   Y ∈ G   is defined with    Y  i j   = 1   if   x i   belongs to the support set and marked as    y i  = j  , otherwise    Y  i j   = 0  . Given the label matrix Y, label matching iteratively identifies the unseen labels of samples from   S ∪ Q   on the constructed graph adopting the label propagation formula, i.e.,


      G  t + 1   = γ L  G t  +  ( 1 − γ )  Y     



(10)




where    G t  ∈ G   represents the inferred label matrix at the t-th round, L is the normalized graph weight, that is Equation (8), and   γ ∈ ( 0 , 1 )   weighs the amount of information from neighbors and Y. When t is large enough, there is a closed-form solution for the modified sequence,


      G ∗  =   ( I − γ L )   − 1   Y     



(11)




where I denotes the identity matrix. Since this solution is directly applied to label prediction, the episodewise learning procedure becomes more effective.



Subsequently, the classification loss, between the predicted labels and the ground truth labels, is calculated. Specifically, to train all learnable parameters in an end-to-end manner, the cross-entropy loss was adopted in the experiments. Therein, ground truth labels derived from   S ∪ Q   and the predicted scores   G ∗   were taken as corresponding inputs, where   G ∗   was transformed into prediction scores by the softmax function:


     P  (   y ^  i  = j ∣  x i  )  =   e x p (  G  i j  ∗  )    ∑  j = 1  N  e x p  (  G  i j  ∗  )        



(12)




where    y ^  i   is the ultimate predicted label for the i-th sample from   S ∪ Q   and   G  i j  ∗   represents the j-th element of    y ^  i  . Hence, the corresponding loss function can be written as:


      L  C E   =  ∑  i = 1   N × K + T    ∑  c = 1  N  − I  (  y i  = = c )  l n  ( P  (   y ^  i  = c ∣  x i  )  )      



(13)




where   I ( u )   denotes the indicative function, that is   I ( u )   = 0 if u is false and   I ( u )   = 1 otherwise, and   y i   denotes the ground truth label corresponding to the sample   x i  . Note that, to imitate few-shot scenarios, all learnable parameters were iteratively updated by meta-learning in an end-to-end fashion.





4. Results and Discussion


In this section, our GES-Net approach is evaluated on three public remote sensing datasets for scene classification. The datasets used in the experiments are first described. The experimental settings and evaluation metrics are then illustrated in detail. Finally, the results of the experiments and analysis are presented.



4.1. Dataset Description


The validity of the proposed model was verified on three publicly available datasets, including UC Merced [62], WHU-RS19 [63], and NWPU-RESISC45 [64]. The dataset segmentation in [41] was followed, and the specific details are described below.



The UC Merced dataset contains 21 land use categories. There are 100 images in total per scene class, with a spatial resolution of 0.3 m. Each image consists of 256 × 256 pixels. In 2010, the dataset was released by the UC Merced Computer Vision Laboratory. In the dataset, 10 classes are split as the training set, 5 classes are deemed as the validation set, and 6 classes are selected as the test set.



The WHU-RS19 dataset is also a remote sensing scene dataset, which was released by Wuhan University. There are 19 diverse scene categories, and the image size of each category is at least 50 images. It includes a total of 1005 images with 600 × 600 pixels in size. For the dataset, 9 classes are split as the training set, 5 classes are divided as the validation set, and 5 classes are selected as the test set.



The NWPU-RESISC45 dataset is composed of 45 different classes in a total of 31,500 images. Each class consists of 700 images in the RGB color space. The pixel size per image is 256 × 256. In the dataset, the spatial resolution of most categories ranges from 0.2 m to 30 m for each pixel value. In the area of scene classification, NWPU-RESISC45 is the biggest in the matter of the total number of images and the quantity of the scene classes, which makes it abound with image variation, increasing classification difficulty. In our experiments, the dataset was split into 25, 10, and 10 categories as the training set, validation set, and test set, respectively.




4.2. Experimental Settings


For a fair comparison, four modules with the 3 × 3 convolution kernel and kernel size of 64 were selected for embedding learning. For each module, there was padding = 1 to retain abundant feature information, as well as the batch normalization layer [45], the ReLU nonlinearity activation function [59], as well as the 2 × 2 max pooling layer. The hyperparameter  β  of embedding smoothing,  γ  of label matching, and k of the k-nearest neighbor graph were set to 0.5, 0.2, and 20, respectively, as suggested by Zhou et al. [60]. The proposed model was implemented in the PyTorch [65] framework, and the GPU was Tesla V100. Before training, all images are resized to 84 × 84 pixels. During the training period, the initial learning rate was set to 1 ×  10  − 3   , and it was halved every 100 epochs. ADAM [66] was selected as the optimizer for our model.




4.3. Evaluation Metrics


For the performance evaluation, the proposed GES-Net approach was compared with the state-of-the-art approaches by the overall accuracy (OA) and confusion matrix (CM). OA is explicitly defined as:


     OA =  1 U   ∑  j = 1  U    V j  T      



(14)




where U denotes the number of tasks, that is the number of episodes, and   V j   is the number of samples that are rightly predicted in the j-th task. Specifically, the overall accuracy refers to the proportion of rightly classified query samples to the total quantity of query samples, that is the average of multiple episode results. In this work, all experimental results were averaged over 600 episodes by keeping the protocol in [57]. CM is an information table adopted to analyze the confusions and errors between various categories, where the item in the i-th row and j-th column refers to the proportion of test samples from the i-th category that are classified as the j-th category.




4.4. Time Complexity Analysis


In most scenarios, the overall accuracy is employed to evaluate the classification performance of deep neural networks. When practical issues need to be resolved, the time complexity required for the model should also be fully considered, which will significantly affect the cost of resolving the issues. For this purpose, floating-point operations (FLOPs) are typically adopted to estimate the time complexity of neural network models. For example, for the ResNet [67] series of networks, as the network depth continuously increases, the overall accuracy will also be improved, but it is noteworthy that the time and hardware costs will also rise significantly. Excessive parameters are liable to make model optimization more difficult, and it is hard to reach the anticipated classification effect.



When the classification effect of the model is relatively approximate, the model with a smaller time complexity is typically preferable. Therefore, the time complexity of various few-shot learning models on NWPU-RESISC45 in the setting of the five-way one-shot scenario is presented in Table 1. It can be seen that in the setting of the five-way one-shot scenario, the time complexity of our proposed approach was lower than that of RelationNet by 0.19 ×  10 8  , and the classification accuracy exceeded RelationNet by at least 4.4%. Compared to other approaches, the approach we propose also achieved better results in terms of time complexity and classification accuracy. This is because only the embedding learning module contains learnable parameters, and other modules, such as embedding smoothing, graph constructing, and label matching, are non-parametric in our proposed framework. Therefore, our proposed model can achieve significant improvement at a relatively small cost.




4.5. Embedding Space Analysis


As indicated in Figure 1, the proposed method was carefully designed to solve the scene classification problem of only a few labeled samples and learn an embedding space that enables maximization of the gap between features of diverse categories and minimization of the gap between features of the same category to enhance the discrimination between sample features. Consequently, when there are unseen scene categories with one or five samples, scene classification can be achieved through the above idea. To verify this viewpoint, the five-way one-shot scenario was selected as the testing environment, and the test set was input into GES-Net and TPN [56]. TPN is one of the most influential few-shot learning approaches based on graph representation, which adopts label propagation to calculate label information for query samples. To illustrate the experimental results more intuitively, three subsets with five classes and one sample per class were individually sampled from the three datasets. T-SNE [68] was then adopted to visualize the experimental results on three datasets, namely UC Merced, WHU-RS19, and NWPU-RESISC45, as indicated in Figure 4, Figure 5 and Figure 6. It was noticed that the proposed GES-Net showed excellent results and was more discriminative than TPN in the embedding space, even though it had the phenomenon of separation between classes. Especially for the experiments on NWPU-RESISC45, the advantages of our GES-Net were more clearly shown; that is, samples belonging to diverse categories were more scattered and samples from the same category were more aggregated in the embedding space, which made the decision boundary more prominent. By comparison, samples from different categories embedded by the TPN algorithm were randomly distributed across the entire embedding space, and the decision boundaries among the diverse categories were quite blurred.



In addition, to measure the similarity degree between samples in the embedding space, Equation (6) was adopted in our proposed method. To illustrate the advantages of the metric we adopted, two commonly used metrics, that is the Euclidean distance and cosine distance, were utilized for comparison. Comparative experiments on NWPU-RESISC45 in the setting of the five-way one-shot scenario were carried out, as shown in Figure 7. It was observed that our proposed approach had a faster convergence rate, while obtaining higher classification performance as the number of iterations increased. Hence, the distance metric that we adopted was significantly superior to the more commonly used Euclidean distance and cosine distance.




4.6. Ablation Study


In this section, embedding smoothing and task-level relation representation are explored. Table 2 tabulates the experimental results obtained by ablating the embedding smoothing and task-level relation representation on the NWPU-RESISC45 dataset, where the following scenarios were considered.



4.6.1. Baseline


Embedding smoothing was excluded from the proposed model, and the task-level relation representation was replaced with the sample-level relation representation, that is TPN, which was implemented through the radial basis function.




4.6.2. Baseline+ES


Embedding smoothing was included in the proposed model, while task-level relation representation was not adopted.




4.6.3. Baseline+TR


The task-level relation representation was adopted, while embedding smoothing was not included.



From the experimental results, it was observed that combining the two components, namely embedding smoothing and task-level relation representation, could make our model achieve a superior classification performance. In the setting of the five-way one-shot scenario, the overall accuracies of Baseline+ES and Baseline+TR were 68.93% and 67.40%, respectively, higher than the Baseline, while in the setting of the five-way one-shot scenario, Baseline+ES obtained 81.73% overall accuracy, which was 3.23% higher than the Baseline. Moreover, in two scenarios, Baseline+ES achieved a higher overall accuracy than Baseline+TS, which indicates that ES (i.e., embedding smoothing) plays a more significant role in our model.



To further illustrate the effect of the above two components on the performance of the proposed GES-Net, five-way one-shot classification experiments were conducted on the NWPU-RESISC45 dataset. Figure 8 presents the specific experimental results, including the training loss and validation accuracy of our approach and the Baseline, that is TPN. The quantity of iterations was changed from 0–1000 with a step size of one. As can be observed in Figure 8, in the training stage, the training loss generated by our approach was smaller than that of the Baseline, and the highest validation accuracy achieved by our approach was greater than that of the Baseline. Moreover, to intuitively illustrate the advantages of the proposed embedding smoothing (ES), two commonly used regularization methods were compared with it, including spatial dropout (SD) and manifold mixup (MM). T-SNE was employed to visualize the experimental results of various regularization approaches on NWPU-RESISC45 in the five-way one-shot scenario, as shown in Figure 9, where the five colors correspond to the five scene categories. It was observed that the manifold of Baseline+ES was more concentrated and compact than Baseline+SD and Baseline+MM, which may reduce the impact of class-irrelevant noises on embedding representations.



Additionally, the experimental results were also measured in the confusion matrix. Figure 10 shows the confusion matrices for the three public datasets in the settings of the five-way one-shot and five-way five-shot scenarios. By comparing the left and right confusion matrices, it was observed that as the quantity of labeled samples per class increased, the confusion errors decreased and the accuracy of each class increased. This shows that as the quantity of labeled samples per class increased, the performance of our model also increased accordingly.





4.7. Comparison with the State-of-the-Art Approaches


To verify the validity of the proposed scheme, our proposed approach was compared with several recent approaches, including TPN [56], ProtoNet [57], MatchingNet [32], MAML [33], Meta-SGD [69], LLSR [14], RelationNet [58], RS-MetaNet [40], and DLA-MatchNet [41]. The experimental results of our approach and the above-mentioned approaches are shown in Table 3, Table 4 and Table 5, which consists of five-way one-shot and five-way five-shot results on three public benchmark datasets: UC Merced, WHU-RS19, and NWPU-RESISC45. All experiment results, presented in Table 3, Table 4 and Table 5, were averaged on 600 randomly sampled episodes in the test set. This shows that our proposed approach exceeded other approaches by a significant margin and obtained state-of-the-art results on the three public benchmark datasets. Even though our proposed approach slightly surpassed RS-MetaNet in the five-way one-shot scenario on UC Merced, it exceeded RS-MetaNet by at least 5.58% in other scenarios. Overall, our proposed approach showed great superiority in multiple scenarios, e.g., 1-shot (1.65%) on UC Merced, 1-shot (7.57%) and 5-shot (1.67%) on WHU-RS19, and 1-shot (2.03%) on NWPU-RESISC45.





5. Conclusions


A novel graph neural network framework, referred to as GES-Net, was presented for the few-shot scene classification of remote sensing images in this paper. GES-Net regularizes the embedding space through a non-parametric embedding smoothing strategy. Embedding smoothing can constrain the embedding features, which enables the embedding learning module to extract more discriminative and robust scene embedding features to deal with complex and realistic scenarios. Moreover, GES-Net adopts an attention mechanism to capture the task-level relation representation. Considering the embedding features of all samples in a task, our method can obtain the task-level relation representation between nodes to construct the graph. Comparative experiments on three remote sensing scene datasets remarkably demonstrated the validity of GES-Net and outperformed state-of-the-art approaches by a considerable margin. Additionally, several ablation studies were conducted to analyze the influence of embedding smoothing and the task-level relation representation. However, there is still a great deal of unlabeled remote sensing data that are not utilized in the real world. Therefore, in future work, a large amount of unlabeled data will be introduced into the training procedure of the model to further improve the performance of scene classification in the settings of finite labeled samples.
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Figure 1. Illustration of adopting few-shot learning to learn scene information from only two labeled images. 
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Figure 2. Graph-based embedding smoothing network framework for the 5-way 1-shot scenario with one query sample. 
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Figure 3. Schematic of the task-level relation module. 
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Figure 4. Embedding feature visualization of GES-Net (a) and TPN (b) on UC Merced in the 5-way 1-shot scenario. 
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Figure 5. Embedding feature visualization of GES-Net (a) and TPN (b) on WHU-RS19 in the 5-way 1-shot scenario. 
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Figure 6. Embedding feature visualization of GES-Net (a) and TPN (b) on NWPU-RESISC45 in the 5-way 1-shot scenario. 
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Figure 7. Validation accuracies with diverse distance metrics on the NWPU-RESISC45 dataset in the setting of the 5-way 1-shot scenario. 
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Figure 8. Training loss and validation accuracy on the NWPU-RESISC45 dataset in the setting of the 5-way 1-shot scenario. The training loss is shown on the left, and the validation accuracy is shown on the right. (a) Training loss; (b) validation accuracy. 
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Figure 9. Visualization of embedding features with different regularization approaches on the same dataset. 
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Figure 10. Confusion matrices on UC Merced (top), WHU-RS19 (middle), and NWPU-RESISC45 (bottom). The experiment results with only one sample per class (one-shot) are shown on the left, and those with five samples per class (five-shot) are shown on the right. (a) One-shot on UC Merced; (b) five-shot on UC Merced; (c) one-shot on WHU-RS19; (d) five-shot on WHU-RS19; (e) one-shot on NWPU-RESISC45; (f) five-shot on NWPU-RESISC45. 






Figure 10. Confusion matrices on UC Merced (top), WHU-RS19 (middle), and NWPU-RESISC45 (bottom). The experiment results with only one sample per class (one-shot) are shown on the left, and those with five samples per class (five-shot) are shown on the right. (a) One-shot on UC Merced; (b) five-shot on UC Merced; (c) one-shot on WHU-RS19; (d) five-shot on WHU-RS19; (e) one-shot on NWPU-RESISC45; (f) five-shot on NWPU-RESISC45.



[image: Remotesensing 14 01161 g010a][image: Remotesensing 14 01161 g010b]







[image: Table] 





Table 1. Time complexity analysis of different approaches on NWPU-RESISC45 in the same few-shot setting (%).
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	Method
	5-Way 1-Shot Accuracy
	FLOPs





	ProtoNet
	40.33 ± 0.18
	   1.98 ×  10 8    



	MatchingNet
	37.61
	   1.99 ×  10 8    



	MAML
	48.40 ± 0.82
	   1.98 ×  10 8    



	RelationNet
	66.43 ± 0.73
	   2.16 ×  10 8    



	GES-Net (ours)
	70.83 ± 0.85
	   1.97 ×  10 8    
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Table 2. Ablation study of embedding smoothing (ES) and task-level relation (TR). The comparison experiments were conducted on NWPU-RESISC45 (%).
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Model

	
5-Way




	
1-Shot

	
5-Shot






	
Baseline

	
66.51 ± 0.87

	
78.50 ± 0.56




	
Baseline+ES

	
68.93 ± 0.91

	
81.73 ± 0.59




	
Baseline+TR

	
67.40 ± 0.85

	
80.93 ± 0.61




	
GES-Net (ours)

	
70.83 ± 0.85

	
82.27 ± 0.55
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Table 3. Few-shot overall accuracies and standard deviations (%) on UC Merced.
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Model

	
5-Way




	
1-Shot

	
5-Shot






	
TPN

	
53.36 ± 0.77

	
68.23 ± 0.52




	
ProtoNet

	
52.27 ± 0.20

	
69.86 ± 0.15




	
MatchingNet

	
34.70

	
52.71




	
MAML

	
48.86 ± 0.74

	
60.78 ± 0.62




	
Meta-SGD

	
50.52 ± 2.61

	
60.82 ± 2.00




	
LLSR

	
39.47

	
57.40




	
RelationNet

	
48.08 ± 1.67

	
61.88 ± 0.50




	
RS-MetaNet

	
57.23 ± 0.56

	
76.08 ± 0.28




	
DLA-MatchNet

	
53.76 ± 0.60

	
63.01 ± 0.51




	
GES-Net (ours)

	
58.88 ± 0.81

	
81.66 ± 0.50











[image: Table] 





Table 4. Few-shot overall accuracies and standard deviations (%) on WHU-RS19.






Table 4. Few-shot overall accuracies and standard deviations (%) on WHU-RS19.





	
Model

	
5-Way




	
1-Shot

	
5-Shot






	
TPN

	
59.28 ± 0.72

	
71.20 ± 0.55




	
ProtoNet

	
58.01 ± 0.16

	
80.70 ± 0.11




	
MatchingNet

	
50.13

	
54.10




	
MAML

	
49.13 ± 0.65

	
62.49 ± 0.51




	
Meta-SGD

	
51.54 ± 2.31

	
61.74 ± 2.02




	
LLSR

	
57.10

	
70.65




	
RelationNet

	
60.92 ± 1.86

	
79.75 ± 1.19




	
DLA-MatchNet

	
68.27 ± 1.83

	
79.89 ± 0.33




	
GES-Net (ours)

	
75.84 ± 0.78

	
82.37 ± 0.38
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Table 5. Few-shot overall accuracies and standard deviations (%) on NWPU-RESISC45.






Table 5. Few-shot overall accuracies and standard deviations (%) on NWPU-RESISC45.





	
Model

	
5-Way




	
1-Shot

	
5-Shot






	
TPN

	
66.51 ± 0.87

	
78.50 ± 0.56




	
ProtoNet

	
40.33 ± 0.18

	
63.82 ± 0.56




	
MatchingNet

	
37.61

	
47.10




	
MAML

	
48.40 ± 0.82

	
62.90 ± 0.69




	
Meta-SGD

	
60.63 ± 0.90

	
75.75 ± 0.65




	
LLSR

	
51.43

	
72.90




	
RelationNet

	
66.43 ± 0.73

	
78.35 ± 0.51




	
RS-MetaNet

	
52.78 ± 0.09

	
71.49 ± 0.81




	
DLA-MatchNet

	
68.80 ± 0.70

	
81.63 ± 0.46




	
GES-Net (ours)

	
70.83 ± 0.85

	
82.27 ± 0.55
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