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Abstract

:

This paper provides insights into the interpretation beyond simply combining self-supervised learning (SSL) with remote sensing (RS). Inspired by the improved representation ability brought by SSL in natural image understanding, we aim to explore and analyze the compatibility of SSL with remote sensing. In particular, we propose a self-supervised pre-training framework for the first time by applying the masked image modeling (MIM) method to RS image research in order to enhance its efficacy. The completion proxy task used by MIM encourages the model to reconstruct the masked patches, and thus correlate the unseen parts with the seen parts in semantics. Second, in order to figure out how pretext tasks affect downstream performance, we find the attribution consensus of the pre-trained model and downstream tasks toward the proxy and classification targets, which is quite different from that in natural image understanding. Moreover, this transferable consensus is persistent in cross-dataset full or partial fine-tuning, which means that SSL could boost general model-free representation beyond domain bias and task bias (e.g., classification, segmentation, and detection). Finally, on three publicly accessible RS scene classification datasets, our method outperforms the majority of fully supervised state-of-the-art (SOTA) methods with higher accuracy scores on unlabeled datasets.
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1. Introduction


Remote sensing (RS) collects information on objects without physical contact, whether from satellites, planes, or unmanned aerial vehicles (UAVs) [1]. There are numerous uses for remote sensing technologies, including environmental testing, geological surveys, oil exploration, traffic control, and water conservation building [2,3,4,5]. As one of the most important activities of remote sensing, remote sensing scene classification plays a crucial role in the monitoring and measurement of the environment, and it also serves as the foundation for other remote sensing tasks [6,7].



Recently, self-supervised learning (SSL) has seen significant interest in computer vision, often focusing on different pretext tasks for pre-training. Considering the general benefits of SSL, such as annotation-free and task-free properties, we intend to explore its potential with remote sensing. However, the diversity of remote images is usually affected by different factors, e.g., amounts, sensors, areas, scales, and objects, which are more complicated and limited than natural images. Therefore, we expect that SSL with remote sensing could further provide the debiasing capability for better feature representation, regardless of the aforementioned diversity. This paper also tries to explain how the pretext task of SSL helps optimize the model in remote tasks.



In this paper, we propose a novel self-supervised framework for remote sensing, for the first time. In particular, we adopt masked image modeling (MIM) empirically, which enforces an autoencoder to reconstruct mask patches from the given unmasked patches, as a proxy task. Moreover, to transfer self-supervised learning results to remote sensing scene classification without a loss of generality for mainstream RS methods, we developed and compared three transfer learning methods: KNN classification [8], linear probing, and end-to-end fine-tuning. KNN classification directly examines the representational ability of self-supervised pre-trained models by employing the weights obtained from pre-training [9]. For linear probing, only the classifier is updated, while the parameters of the previously trained model remain unchanged. For end-to-end fine-tuning, all network parameters will be trained and updated using the remote sensing dataset. As a result, our method with different transfer methods could achieve state-of-the-art performance over existing supervised methods.



There are some empirical studies to explain SSL in natural image understanding, but few of them are feasible for that in remote sensing, due to various task backgrounds and settings. Therefore, we aim to interpret why and how self-supervised pre-training helps remote sensing. First, we notice the consensus in self-supervised reconstruction (proxy task), a self-supervised model (with SSL pre-training), and a supervised model (without SSL pre-training). As shown in Figure 1, the class activation map of a purely supervised model is larger but still overlaps with that of a self-supervised model. This area determining the final prediction also shares the same location as the blur reconstruction in the proxy task, which is also tricky and important for completion. This discovery, which is transferable across proxy and classification tasks, is dubbed “attribution consensus”. At first glance, this finding seems to be an exaggerated explanation for the performance improvement. However, in cross-dataset validation, where models are pre-trained on one dataset, and then trained on the other dataset for downstream tasks, the improvement persists, despite the dataset gap. We believe the common prior in remote sensing completion and classification contributes to the generalization. The majority of RS photos have a great deal of duplicated information, and only a tiny portion of the image’s important information is employed for downstream activities, such as categorization. At the same time, the reconstruction of such an important area is much more difficult than the irrelevant background. Because this prior knowledge is difficult to recover and recognize, it may be retained for downstream tasks regardless of domain difference. As demonstrated in Figure 1, the entire remote sensing image for the “tennis court” class contains a great deal of irrelevant background information. The masked image removes a lot of redundant information and then uses the remaining small amount of key information for reconstruction through the MIM method. When the classification results are shown graphically, it is clear that self-supervision pays more attention to the goal itself, while full supervision looks at a lot of background information.



In summary, the main contributions of this paper are as follows:



(1) We apply MIM self-supervised learning for the first time to remote sensing image scene classification. On scene classification datasets that are available to the public, our model does better than most fully supervised SOTA models and obtains very high accuracy scores.



(2) To investigate the combination of self-supervised and remote sensing scene classification tasks, we developed three distinct transfer learning methods. We use these techniques to investigate the effects of self-supervision and remote sensing scene classification under different combination methods.



(3) We perform feature visualization of the self-supervised model of remote sensing image representation learning, and investigate the reasons for why self-supervision can perform representation learning more effectively.



The rest of this article is organized as follows. Section 1 provides a brief introduction to the background and motivation of this paper. Section 2 presents related work research. Section 3 presents the details of our self-supervised approach. Section 4 provides a discussion on the results. In Section 5, we discuss this research. Finally, conclusions are given in Section 6.




2. Related Works


2.1. The Use of Transformer in Vision for Remote Sensing Scene Classification


Transformer [10] was originally proposed, and applied to natural language processing (NLP). Transformer uses a self-attention mechanism to update the model parameters via global computation on the input sequence. In the field of NLP, Transformers are gradually outperforming recurrent neural networks [11,12]. Palma et al. [13] tried to feed each pixel of an image into the Transformer, but it was computationally expensive. Child et al. [14] designed sparse transformers, which are scalable modules for image processing tasks. The Vision Transformer [15] divides the input image into many patch input models, generally setting the patch size to 14 × 14 or 16 × 16. However, ViT did not make good use of the overall information of the picture. Bello et al. [16] combines CNN and Transformer, and the proposed DETR [17] first uses CNN to extract features of input 2D images, and then uses Transformers to process them. In addition, Tokens-to-Token (T2T) ViT [18] designs a deeper and narrower model structure, using the “Tokens-to-Token module” to model local information. DieT [19] refers to T2T and improves the ViT model through knowledge distillation [20]. Recently, many researchers have combined Transformers with traditional remote sensing tasks. For example, MSNet [21] improved the original effect through remote sensing spatiotemporal fusion. Bazi et al. [22] explored remote sensing scene classification using ViT. Xu et al. [23] used Swin Transformer and UperNet, and achieved good results in remote sensing image segmentation.




2.2. Masked Image Modeling


Masked language modeling (MLM) [24,25] and its auto-regressive variants [26] have achieved good results in self-supervised learning for natural language processing (NLP). This method performs representation learning by predicting the invisible tokens of the input from the visible tokens in a sentence or sentence pair/triple. This approach is a good generative task, capable of learning with large-scale data for good language understanding. Masked image modeling (MIM) [27,28,29,30] is similar to MLM in NLP. The context encoder approach [30] is to predict the masked part by masking part of the original image, which is the predecessor of MIM. MIM methods can achieve good results using an autoencoder structure. Autoencoding is a classic method for learning representations. It consists of two parts: an encoder that maps the input to a latent representation, and a decoder that reconstructs the input. PCA, k-means [31], and denoising autoencoder (DAE) [32] are also autoencoders. Masked autoencoder (MAE) [33] is a form of denoising auto-encoding, but it differs from classical DAEs in many ways by masking the input image with noise and then reconstructing it to learn a powerful representation. The idea of SimMIM [34] is very similar to MAE, but simMIM substitutes the entire decoder with a single linear projection layer, resulting in comparable results.




2.3. Self-Supervised Learning


Self-supervised learning is a new deep learning framework. It is part of unsupervised learning and uses unsupervised data [35,36] for representation learning. Unsupervised learning uses datasets without any human annotation for model learning. For example, k-means [37] clustering is a popular clustering algorithm that divides data into k groups for unsupervised learning. Self-supervision, as a subset of unsupervised learning, does not use human-labeled datasets, but uses the latent labeling information of the data itself for model learning. This approach can reduce the need for large amounts of annotated data and allow for the use of more unlabeled datasets. Self-supervised learning methods have significant implications in computer vision, using different pretext tasks for pre-training [38]. Designing a reasonable excuse task can allow self-supervised learning to learn more critical information and allow the model to perform representation learning more correctly. For example, patch-based methods [28,39,40] can understand images by learning the relative positions of randomly sampled image patches. Recently, contrastive learning studies [41,42] have shown promising results; e.g., [43,44], which compute similarity and dissimilarity (or focus only on similarity) on images between two or more views. For example, SimCLR [44] combines contrastive learning with some novel ideas, providing an effective framework to improve the state of self-supervised learning in computer vision. In this paper, a more efficient self-supervised method, MIM, will be investigated.





3. Methodology


3.1. MIM Architecture


We believe that the masked image modeling (MIM) strategy can well help self-supervised models for representation learning on unlabeled datasets. MIM methods typically mask a portion of the input image and train the model to recreate the masked area. Many MIM models employ an encoder–decoder structure followed by a projection head, such as BEiT [45] and MAE [33]. Here, we will adopt MAE as our MIM base model. MAE is a simple auto-encoding method that can reconstruct missing images by observing partially visible information. It is built on the Vision Transformer architecture and is divided into two components: the encoder and the decoder. Figure 2 shows our self-supervised learning training process, and the overall architecture of MAE can be seen in the upper part of the figure. Like regular autoencoders, we use an encoder to map the input information to a latent representation, and then we use a decoder to reconstruct the original information using the latent representation. The self-supervised learning training process is divided into two stages: pre-training and fine-tuning. First, representation learning is performed on large-scale unlabeled datasets through pre-training. Then, we use transfer learning to combine self-supervised and remote sensing image classification tasks by fine-tuning a small number of epochs on the labeled dataset. During pre-training, we will use the imagenet-1k [46] dataset, which does not contain labels for training. Additionally, a large number of patches (e.g., 75%) of image patches are randomly masked out. The encoder only performs feature processing on the unmasked part. Mask tokens are introduced after the encoder, and all encoded patch sets and mask tokens are fed into a small decoder for processing, which reconstructs the original image at the pixel level. The masking and reconstruction work on the image can be seen in Figure 3. The pre-trained encoder has a good representation learning ability, corresponding to the weights obtained by the model trained on the unlabeled dataset. Our MIM model uses ViT [15] as the backbone, and the corresponding encoder part consists of alternating layers of Multi-Head Self-Attention (MSA) and multi-layer perceptrons (MLPs) blocks. Layernorm (LN) [47] is applied before each block, and residual connections are applied after each block. If we denote the corresponding number of layers by l and the resulting representation by Z, we can obtain the following representation of the model:


    Z  l ′  = M S A  ( L N  (   Z   l − 1  ′  )  )  +  Z  l − 1    



(1)






   Z l  = M L P  ( L N  (   Z  l ′  )  )  +  Z l   



(2)







After pre-training, the decoder is discarded, and we only use the encoder to perform simple fine-tuning on the labeled remote sensing image scene classification dataset, thereby transferring the model weights obtained from unsupervised pre-training to the downstream task of RS image classification.



The MIM model consists of an encoder and a decoder, where the encoder is ViT [15], which handles visible, unmasked patches. We use the settings in ViT to embed patches via linear projection and to add positional embeddings, then we feed the patches into many Transformer blocks to obtain the output. However, the encoder here will remove the mask part and only process the unmask part of each image. Only a small fraction (e.g., 25%)) needs to be processed per image. So, the computation and memory consumption of training the encoder will be small. The input to the decoder consists of encoded visible patches and mask tokens. See Figure 2. Each mask token is a learnable vector representing the missing part to be predicted. All tokens in this complete set have positional embedding information; masked tokens would not be able to find their relative positions without this. The decoder also uses a lot of Transformer modules. Only during pre-training does the decoder participate in the image reconstruction task (replying the mask part with the output of the encoder). The decoder is discarded, and only the encoder is used for fine-tuning on downstream tasks after pre-training.



The MIM method uses only a small amount of information to restore the complete picture by masking out most of the redundant information in the picture. Due to the focus on the correlation and continuity of different parts, MIM will be more suitable for the representation learning of a small amount of complex information and transfer to downstream tasks. Especially when there are few target objects in the picture and there is a lot of background information, the MIM method can pay more attention to the object itself. In the subsequent visualization, we can also clearly see that the method focuses on the target object itself and has a clear sense of boundaries.



In this paper, we use the MIM model, using it to perform unlabeled self-supervised learning training results on the imagenet-1k dataset. To further combine self-supervised learning with remote sensing images, we will perform transfer learning for remote sensing image scene classification tasks. In order to study the various effects of self-supervision on remote sensing images, we developed three transfer learning techniques.




3.2. Three Methods for Transfer Learning


By using a large-scale unlabeled dataset and by designing effective pretext tasks, self-supervised learning can theoretically learn a global knowledge representation, but how to ensure that this knowledge representation can be effectively transferred to the target task is not yet conclusive. If a unified feature transfer method is adopted, the transfer may be invalid or even damage the generalization of the model. Another core research question for establishing an effective self-supervised remote sensing interpretation framework is which transfer strategy should be adopted to achieve the best effect. In order to combine MIM-based self-supervised learning and remote sensing image scene classification tasks well, we designed three transfer learning methods to transfer the pre-trained models to downstream tasks. The first two methods need to set hyperparameters and adjust the model: 1. Linear probing [48] (only the last linear layer parameter is updated). 2. End-to-end fine-tuning [48], also known as fine-tuning (update all model parameters). In addition, in order to exclude the influence of hyperparameters on downstream tasks, we also use the method of KNN classification [8] to complete the classification task. Below, we describe these three methods.



Linear probing and end-to-end fine-tuning are used to optimize the pre-trained model based on the dataset of the downstream task. The principle of fine-tuning is to use the known network structure and known network parameters, modify the corresponding output layer according to the requirements, and fine-tune the parameters of several layers. The difference between these two fine-tuning methods and pre-training methods can be seen from Figure 4. Since the pre-trained model has learned a certain representation ability, fine-tuning does not require the model to be trained from scratch on large-scale data. This is also a good thing for the small-scale remote sensing image scene classification dataset. This method effectively utilizes the powerful generalization ability of deep neural networks, and avoids designing complex models and time-consuming training.



For linear probing, we only update the classifier, keeping the other parameters of the pre-trained model unchanged. As shown in Figure 4, linear probing only updates the linear classifier in the last layer of the model, freezing all previous layers. In general, regularization is not good for linear detection, so we remove many common regularization strategies: we do not use cutmix [49], mixup [50], color jittering, or drop path [51]. We only perform some weak augmentations, such as RandomResizedCrop and RandomHorizontalFlip. We chose LARS [52] as our optimizer when doing linear probing, and the weight decay was set to zero. Normally, when training a linear classifier (e.g., SVM [53]), the normalized input is passed to the classifier. Here, we normalize the pre-trained features and use them to train a linear classifier. Following [28], we use an additional BatchNorm(BN) layer [54] without affine transformation (affine = False). It is beneficial to use BN to normalize the pre-trained features when training the linear probing classifier. We use B to denote a mini-batch of size m for the entire training set, and x to denote its elements. The empirical mean and variance of B could thus be denoted through function (3). The outcome of normalization is    x ^  i  . Here,  ε  is an arbitrarily small constant that is added to the denominator to improve numerical stability. Finally, the results of BN can be obtained using two learnable hyperparameters.


   μ B  =  1 m   ∑  i = 1  m   x i  ,  σ  B  2  =  1 m   ∑  i = 1  m    (  x i  −  μ B  )  2   



(3)






    x ^  i  =    x i  −  μ B      σ  B  2  + ε     



(4)






   y i  = γ   x ^  i  + β = B  N  γ , β    (  x i  )   



(5)







This layer should be placed before the linear classifier to process the pre-trained features generated by the encoder. We note that one layer does not harm the classification performance, and it can be absorbed into the linear classifier after training: it is better at parameterizing the linear classifier. For linear probing and end-to-end fine-tuning, the classifier uses cross-entropy (CE) loss to calculate the difference between the predicted result and the real result. The expression is then as follows:


  c r o s s − e n t r o p y = −  ∑  i = 1  n  p  (  x i  )  l n  ( q  (  x i  )  )   



(6)




where   p (  x i  )   is the ground truth label and   q (  x i  )   is the prediction of our model for each input picture. The CE loss function closes the gap between the predicted result and the real result, making the predicted result more like the real result.



For end-to-end fine-tuning, we will train and update all the parameters of the network on the remote sensing dataset. We will compute the gradients of the entire model (rather than just computing the gradients of the final linear classifier as in linear probing), optimize the pre-trained model on the remote sensing scene dataset, and update all network parameters. We will unfreeze the entire pre-trained model and retrain it on remote sensing data with a very low learning rate. By gradually adapting the pre-trained features to new data, the accuracy of the pre-trained model on downstream tasks can be improved. After some fine-tuning after epochs, our model achieves high accuracy. Here, we choose the data augmentation method of RandomAug [55], mixup, and cutmix. Like most Transformer models, we use AdamW [56] as the optimizer. Similar to linear probing, we also normalize the input to the linear classifier. Here, we use the LayerNorm (LN) [47] layer for normalization. LN is an algorithm independent of batch size, so no matter the number of samples, it will not affect the amount of data involved in LN calculation. Let H be the number of hidden layer nodes in a layer, and let l be the number of layers; we can calculate the normalized statistics  μ  and  σ  of LN:


   μ l  =  1 H   ∑  i = 1  H   a  i  l  ,  σ l  =    1 H   ∑  i = 1  H    (  a  i  l  −  μ l  )  2     



(7)







The calculation of the statistics here has nothing to do with the number of samples, and it is easier to ensure that the normalized statistics of LN are sufficiently representative. The normalized value    a ^  l   can be obtained by    μ  l   and    σ  l  .  ϵ  is a small decimal, preventing division by 0. In LN, we also need a set of parameters called gain g and bias b, to ensure that the normalization operation does not destroy the previous information. Assuming that the activation function is f, the output of the final LN is   h l  .


    a ^  l  =     a  l  −   μ  l       (   σ  l  )  2  + ϵ     



(8)






   h l  = f  (  g l  ⊙   a ^  l  +  b l  )   



(9)







Combining the above two formulas and ignoring the parameter l, we have:


  h = f (  g    σ 2  + ϵ    ⊙  ( a − μ )  + b )  



(10)







Finally, our end-to-end fine-tuning achieves good results on three publicly available remote sensing datasets, surpassing most fully supervised CNN-based models and approaching SOTA’s fully supervised Transformer-based models.



KNN classification directly utilizes the weights obtained via pre-training to directly study the representational ability of self-supervised pre-trained models. The KNN method freezes the entire pre-trained model, and computes and stores the features of the training data for downstream tasks. Regarding the feature selection of the model output, there are generally two kinds—class tokens as global features, and a series of patch tokens composed of each patch. If a patch token is selected, an average pooling operation is required to obtain the final feature result. If a class token is selected, it can be directly used as a global feature for the next calculation. For the classification effect, there is not much difference between the two methods on the classification effect, so for the sake of convenience, we choose the class token for processing. After that, we extract features for each image in the test set and training set, and save the feature results output by the model. For each image in the test set, we multiply its feature matrix with all the training set feature matrices. According to the sorting, we select the k training set images with the smallest difference between their features (here, we set k to 10 according to the scale of the dataset). For the k images in the training set, we count their class labels and use the class with the most occurrences as the new label for this test set image. Finally, we calculate the accuracy of the entire dataset based on the inference results of each test set image. The KNN classification method does not require any other hyperparameter tuning or data augmentation, and can be run only with downstream datasets, which greatly simplifies the transfer of pre-trained models to downstream tasks.





4. Experiments and Results


4.1. Dataset Description


We test our method on three publicly available remote sensing image datasets, named NWPU-RESISC45 dataset (NWPU) [57], Aerial Image dataset (AID) [58], and UCMerced Land-Use dataset (UCM) [59]. Table 1 shows the specific details of these three datasets.




4.2. Training Details


The training equipment that we used is shown in Table 2. All experiments are trained for 120 epochs. All experiments were implemented using Pytoch 1.8.1. The models were trained on a Tesla P40 (24 GB) GPU × 4 in a single machine. We used the MAE model to study our self-supervised MIM strategy, and used ViT-B [15] as the backbone of our model. When ViT processes pictures, it will divide a picture into multiple patches. Here, we set the patch size to 16 × 16. For the AID dataset, and the NWPU, and UCM datasets, we reshaped the images to 224 × 224 pixels in order to reduce content loss. We set the batch size to 64, and since four GPUS were used, the total batch size was 256. We used 12 Transformer encoders, and the final class head is a simple linear layer that outputs classification results.



Since self-supervised pre-training requires more computing power, we will use pre-trained weights obtained via unlabeled self-supervised training of the MIM model on imagenet-1k. We fine-tune the pre-trained model and conduct studies on three different transfer methods to explore how well self-supervised learning works on downstream tasks. For fine-tuning, we use AdamW as the optimizer. The learning rate is set to 0.001, and the weight decay is set to 0.05. For linear probing, we use LARS [52] as the optimizer. The learning rate is set to 0.1, and the weight decay is set to 0. For KNN, we set the KNN number to 10; that is, we select the 10 training set images that are closest to the test image features for voting, and obtain the new label of the image. When performing the two downstream tasks of fine-tuning and KNN, we use the mmselfsup open source model. The training code will be available at: https://github.com/open-mmlab/mmselfsup, accessed on 15 June 2022. For linear probing, we are using the Meta open source model. The training code will be available at: https://github.com/facebookresearch/MAE, accessed on 15 June 2022.



For each dataset, we randomly select a portion of the dataset as the training set, and the rest as the test set. For NWPU, we set the training set ratio to 10% and 20%. For AID, we set the training set proportions to 20% and 50%. For UC-Merced, we set the training set proportions to 50% and 80%. In addition, common evaluation metrics for scene classification include overall accuracy (OA) and confusion matrix (CM). In addition, since our dataset is divided into training and test sets via random sampling, all experiments are repeated 10 times to reduce random effects. The experimental results represent the mean overall accuracy as a standard deviation (OA ± STD).




4.3. Comparison of Three Transfer Methods


To validate the effectiveness of our self-supervised learning approach on downstream tasks, we conducted three experiments on the three datasets. Table 3 presents the results of the experiments of models under three different transfer methods.



As can be seen from the table, the accuracy obtained via end-to-end fine-tuning is more than 90%, but the linear probing is between 70% and 90%, and KNN is between 60% and 90%. Fine-tuning can achieve better classification results than KNN and linear probing. It can be seen from the comparison of different datasets that for larger-scale datasets, such as the NWPU and AID datasets, that end-to-end fine-tuning can achieve better results than the other two methods. For smaller-scale datasets, such as UCM, all three methods can achieve better results, and the gap is small.



Overall, it can be seen from the above results that linear probing outperforms the KNN method, and that end-to-end fine-tuning outperforms linear probing. When the dataset is large and complex, end-to-end fine-tuning is much better than the other two methods. This shows that in this case, more sufficient update parameters are needed for transfer learning in order to fully combine self-supervision and remote sensing scenes. When the dataset is relatively simple, linear probing can achieve good results with less training time and a simpler parameter update method—which also makes it possible to quickly implement transfer learning with limited computing power. For the KNN method that does not require hyperparameters and parameter updates at all, the MIM self-supervised learning method can also achieve a classification effect with an accuracy of greater than 80% in a simple dataset scenario. KNN embodies the potential of self-supervised representation learning from the side. These three methods show how reliable and useful our self-supervised learning approach is. They also show how important fine-tuning is.




4.4. Self-Supervised Visualization


As shown in Figure 5, we show the visualization of AID. The left column represents the original image of the remote sensing scene classification dataset, the middle column represents the visualization obtained by the self-supervised model, and the right column represents the visualization obtained by the fully supervised model. Since our self-supervised model backbone is ViT-B [15], ViT-B is also selected as the comparison object for full supervision. We use the grad-cam method for visualization, and gradients for visualization. The final classification is performed on the class labels computed in the last attention block, the output is the category at the end, and the gradient corresponding to the output is 0, so we should choose any layer before the final attention block. Here, we select the norm layer of the last Transformer module of the ViT-backbone, which is before the last fully connected layer.



For the AID dataset, we can clearly see the “river” in Figure 5; the self-supervised attention is all on the river itself, and the visual attention map has a good sense of boundaries. Although the full supervisor also paid attention to the river itself; it scatters a lot of attention to the parts unrelated to the river, which shows that the essential characteristics of “river” are not well grasped, and that it is easily imaged by other objects. For most remote sensing images, the self-supervised attention part mainly focuses on the key parts and tends to focus on complete and specific scene objects, and the visual attention map is very concentrated and has a good sense of boundaries. The attention part of the full supervision is all over the whole map, the attention is relatively scattered, and sometimes it pays attention to the non-critical parts, and cannot pay attention to the key parts.




4.5. Comparison with Previous Results


The main goal of this paper is to demonstrate that self-supervised learning can improve the performance of networks. Therefore, we use three types of methods to compare our proposed approach with other state-of-the-art baselines. For remote sensing scene classification, we will select the best results of the self-supervised downstream task fine-tuning and compare them with CNN-based models, Transformer-based models, and some self-supervised methods. The evaluation metric is the overall classification accuracy (OA). In addition, we use the training results obtained by using a larger training set split ratio for each dataset to draw a confusion matrix to show the classification of each category.



(1) Comparison with CNN-based models: As shown in Table 4, Table 5 and Table 6, on the NWPU dataset, the overall accuracies of our self-supervised method are 91.98% and 94.48% with training ratios of 10% and 20%, respectively. On the AID dataset, the overall accuracies of our self-supervised method are 95.71% and 97.65% with training ratios of 20% and 50%, respectively. On the UCM dataset, the overall accuracies of our self-supervised method are 97.86% and 99.24% with training ratios of 50% and 80%, respectively. Our self-supervised method outperforms almost all of the CNN-based methods with simple fine-tuning, using only the pre-trained weights from the unlabeled training set, and performs well with different training proportions on the three datasets.



On the NWPU dataset, at 20% training scale, Figure 6 shows the confusion matrix generated by the classification results obtained by our self-supervised method. As you can see from the confusion matrix, the accuracy rate for most classes is greater than 95%. We observed the greatest confusion between the “palace” and “church” categories. The main reason may be that these two classes have high inter-class similarity.



(2) Comparison with Transformer-based models: We also compared our self-supervised approach with other Transformers. Experimental results are shown in Table 7. Our self-supervised method is close to the Transformer state-of-the-art model.



The experimental results show that directly using global attention-based ViT [15] performs mediocrely in remote sensing scene classification, but ViT-Hybrid [15] performs well. The Swin Transformer uses windows to combine local and global attention information, and the results show that it far outperforms CNN-based methods. TRS [74] also has good results using the Transformer model, which is the current SOTA model. However, our self-supervised approach, with label-free pre-trained weights and simple fine-tuning, achieves good results. On the AID dataset, at a 20% training rate, our method is the most effective, outperforming the TRS model by 0.17%.



(3) Comparison with other self-supervised models: There are few studies on self-supervised learning applied to remote sensing scene classification, and we need to conduct more exploration and research. We found two self-supervised methods, ResNet-101+MTL and ResNeXt-101+MTL [72], for remote sensing scene classification to compare with our method. The experimental results are shown in Table 8.



Our method outperforms the original method on all experiments of the three datasets. Among them, ResNeXt-101+MTL is better than ResNet-101+MTL. On the NWPU dataset, at a 20% training rate, our method outperforms ResNeXt-101+MTL by 0.27%. On the AID dataset, at a 20% training rate, our method outperforms ResNeXt-101+MTL by 1.75%. On the UCM dataset, at a 80% training rate, our method outperforms ResNeXt-101+MTL by 0.13%.





5. Discussion


Self-supervised learning is not only able to benefit from massive unlabeled data-driven model learning at low cost, but it can also make full use of pretext tasks to mine the rich inherent information of image data, resulting in improved performance in remote sensing image intelligence tasks. How to utilize the inherent relationship between self-supervised learning and remote sensing image representation, as well as how to effectively transfer self-supervised learning characteristics, are crucial issues in the research on the intelligent interpretation of remote sensing images under conditions of extremely abundant data sources. To this end, we conducted a series of studies combining MIM self-supervised learning with remote sensing image scene classification for the first time.



In this study, we mainly focused on three aspects: (1) For the first time, MIM self-supervised learning is studied on the traditional remote sensing image scene classification task, and the unlabeled dataset is used for representation learning to better learn remote sensing. (2) In order to better combine self-supervised learning with remote sensing scene classification, we designed three different transfer learning methods to study the transfer effect of self-supervised learning on remote sensing image scene classification from different perspectives. (3) To reveal how self-supervision achieves better representation, we conduct a visual study of model-specific feature layers and compare them with fully supervised models. Our work provides reliable guidance for self-supervised analysis on remote sensing images. In the future, we will investigate not only classification tasks, but also the segmentation and detection of remote sensing images, using our self-supervised method.




6. Conclusions


In this paper, we investigate MIM self-supervised learning in the task of remote sensing image scene classification for the first time. Using the MIM strategy, pre-training on unlabeled datasets, and then simply fine-tuning on labeled remote sensing datasets without the use of other supervised strategies, we achieve good classification results. Concurrently, in order to improve the combination of self-supervised and remote sensing images, we developed three distinct methods for transfer learning to apply the self-supervised learning representations to the classic downstream task of remote sensing image classification. Finally, we perform a visual analysis of the feature network layer, and the results demonstrate that self-supervised learning has a better representation learning effect than fully supervised learning, and it focuses more precise and concentrated attention on the target subject, which has a good representation learning potential. The results of the experiment show that our self-supervised method works well on public datasets and does better than most fully supervised learning methods without using other supervised remote sensing image analysis strategies.
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Figure 1. Some remote sensing images. The categories for each row, from top to bottom, are “river”, “overpass”, and “tennis court.” The images of each category have been processed multiple times, and each row from left to right represents the original image, the image after the mask operation, the image reconstructed using the MIM method, the visualization of self-supervised classification results, and the visualization of fully supervised classification results. 
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Figure 2. Our self-supervised learning training process. 
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Figure 3. Reconstruction of masked images via self-supervised learning. Every four images is a group. (Left) Original image. (Middle) Random sampling for mask. (Right) Self-supervised model to reconstruct the image. 
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Figure 4. Gradient calculation and parameter update under different methods of self-supervised learning: (a) pre-training on unlabeled dataset; (b) linear probing; (c) end-to-end fine-tuning. 
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Figure 5. Self-supervised and fully supervised learning visualizations on AID datasets. 
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Figure 6. Confusion matrix for NWPU dataset under 20% training ratio. 
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Table 1. Characteristic of the datasets.
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	Dataset
	Scene Classes
	Image Size
	Images per Class
	Total





	NWPU
	45
	256 × 256
	700
	31,500



	AID
	30
	600 × 600
	220∼420
	10,000



	UCM
	21
	256 × 256
	100
	2100
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Table 2. Experimental environment.






Table 2. Experimental environment.





	Operation System
	Ubuntu 16.04.6 LTS





	Framework
	PyTorch 1.8.1



	Memory
	251 GB



	CPU
	Intel(R )Xeon(R) E5-2630 v4 @ 2.20 GHz



	GPU
	4 x Tesla P40
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Table 3. Classification accuracy of three different transfer methods on three datasets.
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	Dataset
	Train Ratio
	Linear Probing
	KNN
	End-to-End Fine-Tuning





	NWPU
	10%
	70.29
	62.23
	91.98



	NWPU
	20%
	76.94
	68.05
	94.48



	UCM
	50%
	84.48
	80.38
	97.86



	UCM
	80%
	92.86
	88.33
	99.24



	AID
	20%
	80.34
	74.10
	95.71



	AID
	50%
	88.38
	81.16
	97.65
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Table 4. Classification accuracy on the NWPU dataset compared to CNN-based models (OA ± STD).
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Method

	
Training Proportion




	
10%

	
20%






	
AlexNet [46]

	
76.69 ± 0.19

	
76.85 ± 0.18




	
VGGNet [60]

	
76.47 ± 0.18

	
79.79 ± 0.65




	
GoogleNet [58]

	
76.19 ± 0.38

	
78.48 ± 0.26




	
SPPNet [58]

	
82.13 ± 0.30

	
84.64 ± 0.23




	
D-CNN with AlexNet [58]

	
85.56 ± 0.20

	
87.24 ± 0.12




	
D-CNN with VGGNet-16 [58]

	
89.22 ± 0.50

	
91.89 ± 0.22




	
DenseNet-121 [61]

	
88.31 ± 0.35

	
90.47 ± 0.33




	
EfficientNet-B0-aux [62]

	
89.96 ± 0.27

	
-




	
EfficientNet-B3-aux [62]

	
91.08 ± 0.14

	
-




	
Contourlet CNN [63]

	
85.93 ± 0.51

	
89.57 ± 0.45




	
VGG-MS2AP [64]

	
92.27 ± 0.21

	
93.91 ± 0.15




	
Inception-v3-CapsNet [65]

	
89.03 ± 0.21

	
92.60 ± 0.11




	
ACNet [66]

	
91.09 ± 0.13

	
92.42 ± 0.16




	
Xu’s method [67]

	
91.91 ± 0.15

	
94.43 ± 0.16




	
Ours

	
91.98 ± 0.19

	
94.48 ± 0.26
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Table 5. Classification accuracy on the AID dataset compared to CNN-based models (OA ± STD).






Table 5. Classification accuracy on the AID dataset compared to CNN-based models (OA ± STD).





	
Method

	
Training Proportion




	
20%

	
50%






	
VGGNet [60]

	
86.59 ± 0.29

	
89.64 ± 0.36




	
GoogleNet [58]

	
83.44 ± 0.40

	
86.39 ± 0.55




	
ARCNet-VGG16 [68]

	
88.75 ± 0.40

	
93.10 ± 0.55




	
SPPNet [58]

	
87.44 ± 0.45

	
91.45 ± 0.38




	
DenseNet-121 [61]

	
93.76 ± 0.23

	
94.73 ± 0.26




	
EfficientNet-B0-aux [62]

	
93.96 ± 0.11

	
-




	
EfficientNet-B3-aux [62]

	
94.19 ± 0.15

	
-




	
GBNet [69]

	
90.16 ± 0.24

	
93.72 ± 0.34




	
GBNet+global feature [69]

	
92.20 ± 0.23

	
95.48 ± 0.12




	
Inception-v3-CapsNet [65]

	
93.79 ± 0.13

	
96.32 ± 0.12




	
ACNet [66]

	
93.33 ± 0.29

	
95.38 ± 0.29




	
SE-MDPMNet [70]

	
94.68 ± 0.07

	
97.14 ± 0.15




	
Xu’s method [67]

	
94.74 ± 0.23

	
97.65 ± 0.25




	
Ours

	
95.71 ± 0.22

	
97.65 ± 0.80
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Table 6. Classification accuracy on the UCM dataset compared to CNN-based models (OA ± STD).






Table 6. Classification accuracy on the UCM dataset compared to CNN-based models (OA ± STD).





	
Method

	
Training Proportion




	
50%

	
80%






	
VGGNet [60]

	
94.14 ± 0.69

	
95.21 ± 1.20




	
GoogleNet [58]

	
92.70 ± 0.60

	
94.31 ± 0.89




	
APDCNet [71]

	
95.01 ± 0.43

	
97.05 ± 0.43




	
D-CNN with AlexNet [58]

	
-

	
97.42 ± 1.79




	
D-CNN with VGGNet-16 [58]

	
-

	
96.67 ± 0.94




	
EfficientNet-B0-aux [62]

	
98.01 ± 0.45

	
-




	
EfficientNet-B3-aux [62]

	
98.22 ± 0.49

	
-




	
Contourlet CNN [63]

	
-

	
98.97 ± 0.21




	
Inception-v3-CapsNet [65]

	
97.59 ± 0.16

	
99.05 ± 0.24




	
ACNet [66]

	
-

	
99.76 ± 0.10




	
EFPN-DSE-TDFF [72]

	
96.19 ± 0.13

	
99.14 ± 0.22




	
SE-MDPMNet [70]

	
98.57 ± 0.11

	
98.95 ± 0.12




	
Xu’s method [67]

	
98.61 ± 0.22

	
98.97 ± 0.31




	
ARCNet-VGGNet16 [73]

	
96.81 ± 0.14

	
99.12 ± 0.40




	
Ours

	
97.86 ± 0.56

	
99.24 ± 0.47
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Table 7. Classification accuracy on the AID dataset compared to Transformer-based models.
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Method

	
Training Proportion




	
20%

	
50%






	
ViT-Base [15]

	
91.16

	
94.44




	
ViT-Large [15]

	
91.88

	
95.13




	
ViT-Hybrid [15]

	
92.39

	
96.20




	
DeiT-Base [19]

	
93.41

	
96.04




	
PVT-Medium [75]

	
92.84

	
95.93




	
PVT-Large [75]

	
93.69

	
96.65




	
T2T-ViT-19 [18]

	
92.39

	
95.42




	
V16_21k [61]

	
94.86

	
97.80




	
TRS [74]

	
95.54

	
98.48




	
Swin-Base [76]

	
94.86

	
97.80




	
Swin-Large [76]

	
95.09

	
98.46




	
Ours

	
95.71

	
97.65
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Table 8. Classification accuracy on the AID dataset compared to self-supervised models (OA ± STD).






Table 8. Classification accuracy on the AID dataset compared to self-supervised models (OA ± STD).





	
Method

	
Training Proportion




	
20%

	
50%






	
ResNet-101+MTL [72]

	
93.67 ± 0.21

	
96.61 ± 0.19




	
ResNeXt-101+MTL [72]

	
93.96 ± 0.11

	
96.89 ± 0.18




	
Ours

	
95.71 ± 0.22

	
97.65 ± 0.80
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