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Abstract

:

Remote sensing image change detection (CD) is an important task in remote sensing image analysis and is essential for an accurate understanding of changes in the Earth’s surface. The technology of deep learning (DL) is becoming increasingly popular in solving CD tasks for remote sensing images. Most existing CD methods based on DL tend to use ordinary convolutional blocks to extract and compare remote sensing image features, which cannot fully extract the rich features of high-resolution (HR) remote sensing images. In addition, most of the existing methods lack robustness to pseudochange information processing. To overcome the above problems, in this article, we propose a new method, namely MRA-SNet, for CD in remote sensing images. Utilizing the UNet network as the basic network, the method uses the Siamese network to extract the features of bitemporal images in the encoder separately and perform the difference connection to better generate difference maps. Meanwhile, we replace the ordinary convolution blocks with Multi-Res blocks to extract spatial and spectral features of different scales in remote sensing images. Residual connections are used to extract additional detailed features. To better highlight the change region features and suppress the irrelevant region features, we introduced the Attention Gates module before the skip connection between the encoder and the decoder. Experimental results on a public dataset of remote sensing image CD show that our proposed method outperforms other state-of-the-art (SOTA) CD methods in terms of evaluation metrics and performance.
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1. Introduction


The Earth is changing all the time due to human activities and natural forces. To better record and study the changes occurring on the Earth’s surface, remote sensing imaging technology monitors the Earth’s surface in real time and collects a large amount of remote sensing image data. Remote sensing images have important research significance for human beings to understand the impact of their own activities on the Earth’s surface changes in time [1,2].



Remote sensing image CD is a technique for obtaining changes in ground object information by analyzing the differences between images of the same area at different times [3]. It has been widely applied in numerous fields, such as land use and land cover analysis, forest and vegetation change monitoring, agricultural surveys, urban expansion, natural resource management, and disaster assessment [4,5,6,7,8,9,10,11]. Nowadays, satellite remote sensing technology is advancing rapidly, enabling remote sensing images to present high temporal resolution, high spatial resolution, and high spectral resolution. HR remote sensing images have more detailed geometric, spatial, and spectral information, which provide suitable conditions for humans to monitor Earth changes dynamically. Therefore, HR remote sensing images have become an important data source for CD. Effectively extracting the rich feature information of HR remote sensing images, better focusing on the change region, ignoring the interference of seasonal changes, and reducing the interference of pseudochange are some key issues in the research of remote sensing image CD.



In recent decades, a number of CD methods have been proposed. Traditional CD methods can be divided into two categories according to the research object: pixel-based change detection (PBCD) methods and object-based change detection (OBCD) methods [12]. PBCD methods mainly generate a difference map by directly comparing spectral and texture information of the pixels, and they obtain the change map (CM) through threshold segmentation or cluster analysis. Many PBCD methods have been proposed, such as change vector analysis (CVA) of the image algebra-based method [13], principal component analysis (PCA) of the image transformation-based method [14,15], multivariate alteration detection (MAD) and its iterative version iteratively reweighted MAD (IRMAD) [16,17], image classification-based methods [18], and machine learning-based methods [19,20,21]. Although PBCD methods are simpler to implement, they cannot take spatial context information into account, which leads to a large amount of salt-and-pepper noise during processing. Several methods have been proposed to solve the problem, such as introducing conditional random field (CRF) [22] and Markov random field (MRF) [23] for capturing spatial contextual information for CD [24,25,26,27]. With the development of high-resolution optical remote sensing satellites (WorldView-3, QuickBird, and Gaofen-2), more and more HR remote sensing images are being used for CD. However, PBCD methods are often only suitable for medium-resolution and low-resolution remote sensing images, and they face difficulty in performing better in HR remote sensing images. OBCD methods are commonly used for HR remote sensing image CD. Their main principle is to divide the remote sensing images into disjoint objects and then use the rich spectral and texture information to compare and analyze the objects’ differences in the bitemporal images. In [28], the effect of semantic strategies, scales, and feature spaces on unsupervised methods in urban areas of OBCD is investigated. In [29], an OBCD method is proposed to perform unsupervised CD in HR images by incorporating multiscale uncertainty analysis. In [30], a method based on the law of cosines with a box–whisker plot is proposed, which outperforms the conventional CD methods. Although the OBCD methods can utilize the spatial feature information of HR remote sensing images, the traditional manual feature extraction is more complicated and less robust in CD performance.



In recent years, DL has been widely used in speech recognition [31,32], image classification [33,34], and video classification [35] due to its excellent feature learning capability. DL has also been used for remote sensing image CD [36]. The classical and powerful convolutional neural network (CNN) [37] can learn the deep feature information of images well and is suitable for processing HR remote sensing images. In [38], three fully convolutional neural network architectures were proposed for remote sensing image CD, namely FC-EF, FC-Siam-conc, and FC-Siam-diff. FC-EF is based on the UNet network [39], and FC-Siam-conc and FC-Siam-diff are Siamese extensions of the FC-EF network, which achieve suitable performance in CD. In [40], a UNet++_MSOF method was proposed that improves on the UNet++ network [41]. It combines change maps (CMs) from levels with different semantics to generate the final CM by introducing residual connections and using a fusion strategy with multiple side outputs. In [42], Zhang et al. proposed a deeply supervised image fusion network IFN. This network feeds bitemporal images into two streams of the same convolutional structure for extracting their respective depth features and then feeds the extracted deep features into a deeply supervised difference discrimination network (DDN) for CD. In [43], Fang et al. proposed a SNUNet-CD (the combination of Siamese network and Nested UNet) network, which improves the performance of the network by using dense connections and the ensemble channel attention module (ECAM).



The attention mechanism is a simulation of the attention pattern of the human brain, which aims to select the information that is more important for the current task from a large amount of information. Tasks such as image captioning [44], machine translation [45], and image classification [46,47] have obtained better performance with the introduction of attention mechanisms. According to the differentiability of attention, attention models can be divided into two categories: hard attention models and soft attention models. Hard attention [48] is nondifferentiable attention, and the training process is often completed by reinforcement learning. Anderson et al. [49] came up with a top-down visual attention mechanism based on hard attention for image captioning and visual question answering tasks. Soft attention is differentiable, and it learns to obtain the weights of attention by forward and backward propagation of the neural network. Xu et al. [50] proposed a soft attention model, which was applied to image annotation generation. Lee et al. [51] proposed recursive recurrent neural networks with attention modeling (R2AM) for lexicon-free optical character recognition in natural scene images. In this article, a soft attention module is introduced to the remote sensing image CD task.



The above-mentioned deep learning methods have achieved some success in practice. However, when processing the complex ground object information in HR remote sensing images, the ordinary convolution kernels often cannot fully extract the rich spatial and spectral features. In addition, the above methods are inadequate in robustness in handling small samples and pseudochange.



In this article, we introduced the Multi-Res block [52] inspired by the Inception v1 network [53]. The ordinary convolution blocks are replaced by the Multi-Res block to extract spatial and spectral features at different scales in remote sensing images. Meanwhile, we introduced the Attention Gates module [54] before the encoder and decoder skip connection. Our whole network is based on UNet and Siamese network and uses the Multi-Res block and the Attention Gates module, so we named the proposed network architecture MRA-SNet.



The main contributions of this article are as follows:




	
We propose a new end-to-end CNN network architecture, MRA-SNet, for remote sensing image CD, which uses Multi-Res blocks to extract feature information at different scales of images and improve the accuracy of CD.



	
We use the difference absolute value feature of the Siamese network in the encoder to better extract the change features between the bitemporal images. Additionally, we introduce Attention Gates to better focus on the change information before the skip connection of the encoder and decoder.



	
A series of experimental comparisons show that our method performs better than the other SOTA methods in terms of metrics such as F1 score and OA on the remote sensing image change detection dataset (CDD) [55]. Meanwhile, our method achieves a suitable balance between network performance and number of parameters.








The remainder of this article is organized as follows: Section 2 describes the proposed method in detail. In Section 3, corresponding experiments are designed to verify the effectiveness of the method in this article, and the experimental results are analyzed and discussed. In Section 4, the experimental results derived from this article and future research work are discussed. Section 5 draws some conclusions about our method.




2. Materials and Methods


In this section, we first introduce the workflow of the MRA-SNet network. Then, the detailed structure of the Multi-Res block and the Attention Gates module is introduced. Finally, the hybrid loss function used in this article is described.



2.1. The Proposed MRA-SNet Network


Compared with common natural images, remote sensing images have rich texture feature information and higher feature extraction requirements. The CD task can be regarded as an image binary classification problem. In this article, a semantic segmentation framework is introduced to deal with the CD task. Inspired by the classical semantic segmentation framework UNet network, this article improves the UNet network and designs an end-to-end CD network architecture, as shown in Figure 1. The overall network architecture is divided into three parts: the encoder, the decoder, and the skip connection between them. In the encoder, the ordinary convolution block in the UNet is replaced by the Multi-Res block, which is used to extract image features of different scales. We divide a pair of bitemporal images (T1 is the image before the change, T2 is the image after the change) into two parallel streams and input them into the encoder separately. The encoder of this network has two structured flows with shared weights and parameters. The two structure streams (streams T1 and T2, Figure 1a,b) enable the original features of both images to be preserved as much as possible. The CD task is to detect the difference between two images, so this article connects the absolute values of the differences between the two separate structural streams in the encoder. The feature information extracted from these two structural streams is aggregated into the change detection stream (Figure 1c), which is the decoder. In the decoder, the Multi-Res block is also used to extract the feature information, and then the 1 × 1 convolutional layer is used to output the final CM. To reduce the semantic gap between the low-level features and the deep feature information, UNet introduces a skip connection between the encoder and the decoder. Based on the UNet network skip connection, the Attention Gates module is introduced before the skip connection. The Attention Gates module is used to input the feature maps after downsampling from the encoder and the feature maps after upsampling from the decoder to highlight the changing areas and suppress the irrelevant areas in the image.




2.2. Multi-Res Block


Using a single 3 × 3 convolution kernel has certain drawbacks in feature extraction of HR remote sensing images. The single 3 × 3 convolution kernel can often only extract features of a single scale, but in the remote sensing image CD, the changed objects are often irregular and of different scales. Therefore, a single-scale convolution unit cannot handle the complex multiscale feature information in HR remote sensing images.



To address this problem, the Inception [53] module proposes parallel processing using convolutional kernels of different sizes, which are used to extract features at different scales. Replacing the ordinary 3 × 3 convolutional layer with an Inception-like module is beneficial for the network to learn image features at different scales. However, the additional introduction of convolutional layers will significantly increase memory requirements. Therefore, the Multi-Res block [52] is proposed to obtain multiscale feature information without additional memory requirements. The Multi-Res block was first proposed for medical image analysis, and its detailed structure is shown in Figure 2. In this article, we replace all the ordinary convolution blocks with the Multi-Res blocks.



In the Multi-Res block, instead of 5 × 5 and 7 × 7 convolution operations, a series of smaller, lightweight 3 × 3 convolution kernels are used for concatenation. The Multi-Res block includes one 3 × 3 convolution kernel, two 3 × 3 convolution kernels in series (equivalent to a 5 × 5 convolution kernel), and three 3 × 3 convolution kernels in series (equivalent to a 7 × 7 convolution kernel). The output features of these three convolutional layers are concatenated and used to extract features at different scales. The Multi-Res block adopts a gradually increasing mode in setting the number of filters because if the convolutional layer is used twice in a deep network and the number of filters is the same, it will have a secondary impact on the increasing memory. In addition, the block adds an extra residual connection with the 1 × 1 convolutional layer for obtaining some additional spatial information of remote sensing images. In Figure 2, C1, C2, and C3 represent the number of channels in the first, second, and third 3 × 3 convolution kernel, and C is the number of channels of the 1 × 1 convolution kernel. Referring to [52], we set a parameter W = {53,107,213,427,854} to control the number of filters of the convolutional layers inside the Multi-Res block. C1, C2, and C3 are assigned to [W/6], [W/3], and [W/2], respectively. C is the sum of C1, C2, and C3.




2.3. Attention Gates Module


In the CD task, we need to consider how to better highlight the information of change features. To solve this problem, the Attention Gates module [54] is introduced in this article. The Attention Gates module learns to suppress irrelevant areas and focus on useful features during training, which is effective for some specific tasks, such as natural image analysis, knowledge graphs, image description, machine translation, and classification tasks. The Attention Gates module can be integrated into CNN models relatively easily and does not introduce as much computational overhead or require as many parameters as other model frameworks. Therefore, the Attention Gates module is introduced to highlight the features of changing areas and suppress the features of irrelevant changing areas in the bitemporal images without adding a large number of additional computations and parameters.



The detailed structure of the Attention Gates module is shown in Figure 3. Let    x l  =    {   x i l   }    i = 1  n   ,    x l    is the feature vector corresponding to layer  l  of the encoder, where each    x i l    represents the  i th pixelwise feature vector of length    F l    (the number of channels), and  g  denotes the upsampling feature map of the decoder corresponding to layer  l  of the encoder. For each    x i l   , the Attention Gates computes coefficients    α l  =    {   α i l   }    i = 1  n   , where    α i l  ∈  [  0 , 1  ]   . The output Attention Gates can be formulated as follows:


    x ^  l  =    {   α i l   x i l   }    i = 1  n   



(1)







The attention coefficients    α i l    are computed as follows: First, the decoder upsampling feature map    g i    performs a 1 × 1 × 1 convolution operation to obtain    W g T   g i   , and the encoder downsampling feature map    x i l    performs a 1 × 1 × 1 convolution operation to obtain    W x T   x i l   . The feature maps obtained above are summed and input to the ReLU activation function    σ 1   . Then, the features output from    σ 1    are passed through a 1 × 1 × 1 convolution operation  ψ  to obtain    q  a t t  l   . Finally, the    q  a t t  l    is input to the sigmoid activation function    σ 2   . to obtain    α i l   .


   q  a t t  l  =  ψ T   (   σ 1  (  W x T   x i l  +  W g T   g i  +  b g   )  ) +  b ψ   



(2)






   α i l  =  σ 2   (   q  a t t  l   (   x i l  ,  g i  ;  θ  a t t    )   )   



(3)




where a set of parameters    θ  a t t       contain linear transformations    W x  ∈  ℝ   F l  ×  F  i n t      ,    W g  ∈  ℝ   F g  ×  F  i n t      , and   ψ ∈  ℝ   F  i n t   × 1     and bias terms    b ψ  ∈ ℝ   and    b g  ∈  ℝ   F  i n t      . In this article, we use four Attention Gates modules, and the number of channels of these modules    F  i n t     is set to {32,64,128,256}.




2.4. Loss Function Details


In remote sensing image CD, the number of unchanged samples is far greater than the number of changed samples. We use a hybrid loss function (a combination of binary cross-entropy loss and dice coefficient loss) to reduce the effect of sample imbalance, which is defined as follows:


  ℒ =  ℒ  b c e   + λ  ℒ  d i c e    



(4)




where    ℒ  b c e     denotes the binary cross-entropy loss,    ℒ  d i c e     denotes the dice coefficient loss, and λ refers to the weight that balances the two losses.



2.4.1. Binary Cross-Entropy Loss


Cross-entropy is mainly used to measure the difference between a probability distribution and another probability distribution, and the cross-entropy loss function is a common loss function used in classification tasks. The loss function of cross-entropy evaluates the class prediction for each pixel vector individually and then averages over all pixels. In this article, CD contains only two categories, changed and unchanged, so binary cross-entropy loss is used. In our method, the sigmoid layer and binary cross-entropy loss are combined to be more stable in numerical calculations. Binary cross-entropy is defined as follows:


   ℒ  b c e   = −  t n  log  (  σ  (   y n   )   )  −  (  1 −  t n   )  log  (  σ  (  1 −  y n   )   )  .    



(5)




where    t n    represents the ground-truth value of the  n th pixel; if    t n    = 1, the ground-truth pixel belongs to the changed class. Otherwise,    t n    = 0 means the ground-truth pixel belongs to the unchanged class.    y n    represents the predicted probability of pixel  n  belonging to the changed class,   1 −  y n    represents the probability of pixel  n  belonging to the unchanged class, and  σ  denotes the sigmoid activation function.




2.4.2. Dice Coefficient Loss


Dice coefficient loss is often applied to semantic segmentation tasks to weaken the impact of class imbalance problems. In this article, we further introduce dice coefficient loss in the loss function to reduce the effect of imbalance between the number of changed and unchanged samples. The dice coefficient loss can be defined as follows:


   ℒ  d i c e   = 1 −   2 γ  γ ^    γ +  γ ^     



(6)




where  γ  represents the predicted probability of all pixels in the changed class in the image and   γ ^   represents the ground-truth value of all pixels in the image.






3. Experiments and Results


In this section, we perform ablation and comparative experiments to verify the effectiveness of our proposed method. First, we introduce the CD public dataset used in the experimental and the evaluation metrics used for the quantitative analysis. Second, the current SOTA methods are introduced for comparison with the proposed method. Then, the details of the parameters and experimental settings are described. Finally, we present a comprehensive analysis of the experimental results.



3.1. Datasets and Evaluation Metrics


In CD tasks, public datasets are not only beneficial for in-depth research on CD tasks but also crucial for fair and efficient comparison of different algorithms. Meanwhile, in the training of deep neural networks, a large number of labeled images are needed, so it is difficult for small-scale registered image pairs to meet the training and testing requirements of DL remote sensing image CD. Lebedev [55] proposed a publicly available dataset CDD of satellite image pairs for remote sensing image CD. The dataset consists of bitemporal remote sensing images of the same area acquired from Google Earth. Notably, the dataset includes seven pairs of seasonal change images of size 4725 × 2700 pixels and four pairs of seasonal change images of size 1900 × 1000 pixels, labeled with changes in ground objects such as houses, roads, and cars, but considers seasonal changes in natural objects as unchanged regions, as shown in Figure 4. During the network training, the whole large image cannot be input into the network due to the limitation of GPU memory, so the dataset cropped the whole large image into small images with 256 × 256 pixels. The dataset contains 16,000 small images, with 10,000 images in the training set and 3000 images in each of the validation and test sets.



To verify the effectiveness of the proposed method, we used four evaluation metrics, namely precision (P), recall (R), F1 score (F1), and overall accuracy (OA). In the task of CD, higher precision indicates fewer false detections of predicted results, and higher recall indicates that fewer predictions are missed. F1 and OA are the overall evaluation metrics of the prediction results. The larger their values are, the better the prediction results will be. They are expressed as follows:


  P =   T P   T P + F P    



(7)






  R =   T P   T P + F N    



(8)






  F 1 =   2 P R   P + R    



(9)






  OA =   T P + T N   T P + T N + F P + F N    



(10)




where TP, FP, TN, and FN represent the number of true positives, false positives, true negatives, and false negatives, respectively.




3.2. Comparison Methods


To evaluate the performance of our method, we selected six existing CD methods and compared their performances in the CDD dataset; the selected methods are described as follows:




	4.

	
Fully convolutional early fusion (FC-EF) [38] was proposed for satellite image CD. Dual temporal images were concatenated together as input images. A skip connection is used between the encoder and decoder to supplement the local spatial details after encoding.




	5.

	
Fully convolutional Siamese concatenation (FC-Siam-conc) [38] is a Siamese extension of the FC-EF network. The encoder of the network is divided into two parallel structure streams with shared weights. The bitemporal images are input to the structured stream separately for extracting deep features of the images, and then the extracted features are input to the decoder for CD.




	6.

	
Fully convolutional Siamese difference (FC-Siam-diff) [38] shares a similar network structure with FC-Siam-conc; the only difference is that FC-Siam-diff concatenates the absolute values of the differences between the two parallel structure streams of the encoder, and finally, the decoder outputs CMs.




	7.

	
UNet++_MSOF [40] is proposed for end-to-end VHR satellite image CD based on the UNet++ [41] architecture. The network learns feature maps at different semantic levels through dense connections and residual connections, while an MSOF strategy is employed to combine the multiscale lateral output feature maps.




	8.

	
IFN [42] is a deeply supervised image fusion network that is used for VHR remote sensing image CD. The network feeds bitemporal images into two streams of the same convolutional structure for extracting their respective depth features and then feeds the extracted deep features into a deeply supervised difference discrimination network (DDN) for CD.




	9.

	
SNUNet-CD [43] is a recently proposed densely connected Siamese network that is used for remote sensing image CD. The network can reduce the loss of image information and improve the network image feature extraction capability by dense connection. The network also uses the ECAM module to extract the most representative features in the image, and the experimental results are better. We selected the SNUNet-CD method with a channel size of 32 for comparison.










3.3. Implementation Details


In this study, the network was implemented in the Pytorch framework, and the model was trained and tested on a single NVIDIA GTX 1080 Ti GPU. The specific details of the MRA-SNet architecture are shown in Table 1. The number of layers in a Multi-Res block and the number of channels in a layer were set by referring to [52]. The convolution kernel size was set to 3 × 3 for all the convolution layers except for the residual connection layer in the Multi-Res block, which was 1 × 1, which can effectively improve the computation speed. During training, the weights of each convolutional layer were initialized by Kaiming normalization [56], the batch size was set to 10, Adam [57] was used as the optimizer, the initial learning rate was set to 0.001, and the learning rate decayed by 0.5 every 15 epochs. During the experiment, the model was trained for 150 epochs to achieve convergence.




3.4. Ablation Study for the Proposed MRA-SNet


In our method, the Multi-Res block is introduced to extract the rich feature information of images, and the Attention Gates module is introduced to focus on the change region in bitemporal images, which improves the accuracy of CD. We designed corresponding ablation experiments to verify the performance of the Multi-Res block and the Attention Gates module, as shown in Table 2.



According to the analysis in Table 2, the results of the ordinary Siamese UNet network on the CDD dataset for P, R, F1, and OA are 0.9519, 0.9150, 0.9331, and 0.9845, respectively. When we replace the ordinary convolution block with the Multi-Res block, the values of P, R, F1, and OA are 0.9645, 0.9527, 0.9586, and 0.9903, respectively, which are 1.26%, 3.77%, 2.55%, and 0.58% better than the ordinary Siamese UNet network in terms of P, R, F1, and OA metrics, respectively. When we add the Attention Gates module before the skip connection between the encoder and the decoder, we obtain the P, R, F1, and OA of 0.9586, 0.9371, 0.9477, and 0.9878, respectively. The addition of the Attention Gates module to the Siamese UNet improved the P, R, F1, and OA metrics by 0.67%, 2.21%, 1.46%, and 0.33%, respectively, compared to the ordinary Siamese UNet network. When the Multi-Res block and the Attention Gates module are added to the network simultaneously, the overall network performance is further improved, with P, R, F1, and OA values of 0.9677, 0.9575, 0.9626, and 0.9912, respectively. In the MRA-SNet network compared to the ordinary Siamese UNet network, the P, R, F1, and OA metrics are improved by 1.58%, 4.25%, 2.95%, and 0.67%, respectively.



Meanwhile, we made a visual comparison of each module in the ablation experiment in terms of CD performance, as shown in Figure 5. Figure 5 selects five representative sets of pictures in the test set. According to our observations, the performance of Siamese UNet is not adequate (Figure 5d). The reason is that the ordinary convolution block in the Siam-UNet network may not extract the rich feature information in the bitemporal remote sensing images well. After adding the Attention Gates module to Siamese UNet, the visual effect is improved to some extent (Figure 5e) because the Attention Gates module can better focus on the information of change features in the bitemporal remote sensing images. After replacing the ordinary convolution block in Siamese UNet with the Multi-Res block, the visual effect is better improved (Figure 5f) because the Multi-Res block can better extract multiscale feature information and some extra detailed feature information. When the Multi-Res block and the Attention Gates module are added to the Siamese UNet network at the same time, the visual effect is the best (Figure 5g), which can better detect the object changes in the bitemporal remote sensing images and is closer to the ground truth.




3.5. Comparison Experiments


To verify the performance of our proposed method for remote sensing image CD, in Figure 6, Figure 7, Figure 8, Figure 9 and Figure 10, we show five typical test areas, including changes in houses, roads, vehicles, small target objects, and complex ground objects. A subjective visual comparison with the other selected CD methods shows that our proposed method works best (Figure 6j, Figure 7j, Figure 8j, Figure 9j and Figure 10j) and is in general agreement with the reference ground truth (Figure 6c, Figure 7c, Figure 8c, Figure 9c and Figure 10c). At the same time, the CM obtained by our proposed method is superior to other comparison methods in terms of boundary accuracy, missed detection, and false detection. It can be seen from Figure 6 that our proposed method can accurately detect the boundary and internal structure of the house and has appropriate performance in large-size object detection. In Figure 7, we can see that some other methods suffer from undetectable changes, missed detection, and incomplete detection on curved and slender roads, while our proposed method can accurately detect the contour and location of the road, which is essentially consistent with the reference ground truth. Meanwhile, our method also has better detection performance and advantages for CD of small-scale targets, such as the change in the car in Figure 8 and Figure 9; our method can more accurately detect the boundary and location of the car compared with other methods. In addition, our method outperforms other comparison methods in the detection of complex ground object features. As shown in Figure 10, our method can accurately detect the overall structure of houses and the outline of roads in complex feature information such as houses and roads. Figure 6a,b, Figure 7a,b, Figure 8a,b, Figure 9a,b and Figure 10a,b correspond to the bitemporal images of different seasons. The experimental results show that our proposed method can better overcome the influence of seasonal changes.



At the same time, we made a quantitative comparison between the proposed method and the comparison methods and calculated four metrics for the quantitative analysis, namely P, R, F1, and OA, as shown in Table 3. The analysis of the values of metrics in Table 3 shows that the FC-EF method obtained the lowest F1 and OA values among the seven methods: 0.6514 and 0.9315, respectively. One possible reason is that the FC-EF network uses a small depth of convolutional kernel, which cannot adequately capture the rich feature information of the image. The FC-Siam-conc method and the FC-Siam-diff method use the Siamese structure and are Siamese extensions of the FC-EF network. Compared with the FC-EF method, the CD results obtained by the FC-Siam-conc and FC-Siam-diff methods increased by 4.09% and 5.59% in F1 values and 0.43% and 1.03% in OA values, respectively. The reason why the metrics are improved is that they both use the Siamese network structure in the encoder and share the weight, which enables better capture of feature information of the images. At the same time, the Siamese network FC-Siam-diff based on differential connections is better than the FC-Siam-diff network. Compared with the FC-Siam-diff method, the F1 and OA of the UNet++_MSOF method are improved by 16.83% and 2.55%, respectively. The reason for such a large improvement is that the UNet++ network uses dense skip connections to be able to learn multiscale features of images, and it uses residual connections to better capture detailed information. Compared with the UNet++_MSOF method, the F1 and OA of the IFN method increased by 2.74% and 0.98%, respectively. The reasons lie in the fact that the IFN method uses a difference discrimination network in the decoder for generating CMs and uses deep supervision and attention modules to improve the accuracy of CD. The SNUNet-CD/32 method improves F1 by 4.89% and OA by 1.16% compared to the IFN method, which introduces the Siamese network structure and ensemble channel attention module based on UNet++ for improving the accuracy of CD.



It is worth noting that the CD method proposed in this article achieved the best results among all the compared methods, and its P, R, F1, and OA values were 0.9677, 0.9575, 0.9626, and 0.9912, respectively. Compared with the SNUNet-CD/32 method, which has the best performance in the comparison methods, our proposed method improves the F1 and OA values by 1.07% and 0.25%, respectively. The reasons for achieving the best performance are as follows: First, this network replaces the ordinary convolution block of the UNet network with the Multi-Res block, which can learn features and semantic information from different scales. At the same time, the residual connection can enable the network to train deeper and capture more detailed information. Second, this method uses the Siamese network structure in the encoder and performs differential connections, which can better generate the CM of CD. Third, this method adds the Attention Gates module before the skip connection between the encoder and decoder, which can better focus on the changing features and suppress the irrelevant areas.



Figure 11 shows the number of parameters for different CD comparison methods. We can conclude that FC-EF has the smallest number of parameters, but also the lowest performance. IFN has the largest number of parameters at 35.72 M, but the performance is still lower than that of the SNUNet-CD/32 method. It is worth noting that our proposed method is the strongest in terms of performance with its number of parameters at only 9.47 M, which achieves a better balance between network performance and the number of parameters.



Figure 12 shows the FLOPs of our proposed method and the comparison methods. FLOPs can be used to measure the complexity and computational complexity of a network model. By comparison, we can conclude that the three networks FC-EF, FC-Siam-conc, and FC-Siam-diff have low FLOPs and poor performance with the smallest number of parameters. Compared with the first three networks, the value of FLOPs of the UNet++_MSOF network was improved, reaching 100 G, and the performance was also improved. The IFN network has the largest value of FLOPs at 164.5 G. The SNUNet-CD/32 network has a FLOPs value of 109 G and performs better in terms of performance. The FLOPs value of our proposed method is only 33.6 G, but it has the best performance. This indicates that the method in this article can achieve a balance between network performance and calculated amount.





4. Discussion


The traditional CD method generally uses threshold segmentation and cluster analysis to generate the final CM. However, as the resolution of remote sensing images increases, the traditional CD method is not suitable for processing HR remote sensing images. Inspired by the application of DL technology to CD tasks, we propose a novel end-to-end remote sensing image CD network structure named MRA-SNet for remote sensing image CD tasks. MRA-SNet uses UNet as the basic network and replaces the ordinary convolution block in the UNet network with the Multi-Res block. In addition, the Attention Gates module is added before the skip connection. The network can not only extract multiscale feature information, but also make the change features more prominent, while reducing the number of network parameters.



The validity of the proposed CD method is verified on the remote sensing image dataset CDD, and the advantage of our method is confirmed by quantitative and qualitative analysis with other SOTA methods. The crucial reason why the proposed method achieves better performance in CD is the introduction of the Multi-Res block and the Attention Gates module. It is known from the analysis that ordinary convolution blocks can often extract only a single image feature. However, HR remote sensing images have rich spectral information and texture information, and it is difficult to extract remote sensing images well by using ordinary convolution blocks. Inspired by the Inception network and residual network, we introduced the Multi-Res block to replace ordinary convolutional blocks. Using Multi-Res block can better extract rich remote sensing image features and is robust to changes in objects of different scales and sizes and seasonal changes. It can detect changes in objects ranging from small cars to large buildings and can learn the seasonal changes. In addition, compared with the UNet network, the Multi-Res block reduces the number of parameters by reducing the size of convolutional kernels, which makes the whole network lighter and more efficient to train. More importantly, the Multi-Res block does not sacrifice its performance. In the CD task, we need to determine how to better highlight the various features and suppress the irrelevant features. In this article, through the Siamese network, we extract the bitemporal image features separately and take the absolute values of their differences to feed into the decoder. Before the skip connection in the encoder and decoder, the Attention Gates module is added to highlight the change features and better generate the CM. It is worth noting that the CD method we proposed has a relatively low computational cost, and it only takes 0.03 s on average to predict a 256 × 256 pixel image.



We discuss the loss function parameter  λ  to verify the effect of the value of  λ  on the CD results. We set the parameter  λ  to the five values of 0, 0.25, 0.5, 0.75, and 1 and calculated their corresponding evaluation metrics, as shown in Figure 13. When the parameter  λ  is 0, the values of evaluation indicators P, R, F1, and OA are relatively low. With the increase in the value of parameter  λ , the four evaluation metrics increase accordingly, which illustrates that the combination of the binary cross-entropy loss and dice coefficient loss has an improving effect on the results of CD. The best results for P, R, F1, and OA are obtained when the value of  λ  is 1. Therefore, in the experiments presented in this article, the parameters  λ  of the balanced binary cross-entropy loss function and dice coefficient loss function were set to 1.



Regarding the impact of data augmentation strategies on the results of CD experiments, during the experiments presented in this article, we used a data augmentation strategy to perform random horizontal flips, random vertical flips, and random fixed rotations on the dataset. The analysis in Figure 14 shows that using the data augmentation strategy is better than not using the data augmentation strategy in terms of evaluation metrics when all other conditions are kept consistent. Therefore, data augmentation is one of the factors that enhances the performance metrics of the method proposed in this article.



However, the proposed method also has some limitations. The method in this article requires a large amount of data as training samples, and due to the different sizes and locations of different object changes, it is necessary to obtain enough labeled accurate CMs, which takes a lot of time. In the future, we should consider using transfer learning, unsupervised learning, and semi-supervised learning for remote sensing image CD tasks because these methods can solve the problem of limited training samples.




5. Conclusions


In this article, a Siamese networks of multiscale residual and attention, MRA-SNet, is proposed for HR remote sensing image CD. We used the UNet network as the basic network and replaced the ordinary convolution block with the Multi-Res block, which can learn features of different scales and semantic information. At the same time, the residual connection can enable the network to train deeper and capture more detailed information. In the encoder, we used the Siamese network structure and performed the difference connection, which better generated the difference maps of the bitemporal remote sensing images. We added the Attention Gates module before the skip connection between the encoder and decoder, and the Attention Gates module can better focus on the changing features and suppress the irrelevant features in the bitemporal images. To reduce the imbalance effect of the sample data, we effectively combined the binary cross-entropy loss and the dice coefficient loss to form a hybrid loss function. Compared with other compared methods, our proposed method performs best on the CDD dataset, achieving optimal results in both visual comparisons and quantitative metric evaluations. The proposed method requires a large number of references of ground truth as a prerequisite, which has some limitations on the wide application of CD. In the future, we will further investigate unsupervised and self-supervised learning to improve the flexibility and robustness of CD.
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Abbreviations


The following abbreviations are used in this manuscript:



	CD
	change detection



	HR
	high-resolution



	SOTA
	state-of-the-art



	PBCD
	pixel-based change detection



	OBCD
	object-based change detection



	CVA
	change vector analysis



	PCA
	principal component analysis



	MAD
	multivariate alteration detection



	CRF
	conditional random field



	MRF
	Markov random field



	DL
	deep learning



	CNN
	convolutional neural network



	FC-EF
	fully convolutional early fusion



	FC-Siam-conc
	fully convolutional Siamese concatenation



	FC-Siam-diff
	fully convolutional Siamese difference



	IFN
	image fusion network



	ECAM
	ensemble channel attention module



	CM
	change map



	CMs
	change maps



	CDD
	change detection dataset



	DDN
	difference discrimination network
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Figure 1. Architecture of the proposed MRA-SNet network. (a) Stream T1, (b) Stream T2, (c) Change detection stream. 
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Figure 2. Multi-Res block. 
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Figure 3. Attention Gates module. 
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Figure 4. CDD dataset with different object changes. 
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Figure 5. Visual comparison results of ablation experiments: (a) T1 image, (b) T2 image, (c) ground truth, (d) Siamese UNet, (e) MRA-SNet without the Multi-Res block, (f) MRA-SNet without the Attention Gates module, (g) MRA-SNet. The changed areas are marked by white, and the unchanged areas are marked by black. 
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Figure 6. Visual comparison of change detection results in area 1: (a) T1 image, (b) T2 image, (c) ground truth, (d) FC-EF, (e) FC-Siam-conc, (f) FC-Siam-diff, (g) UNet++_MSOF, (h) IFN, (i) SNUNet-CD/32, (j) proposed method. The changed areas are marked by white, and the unchanged areas are marked by black. 
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Figure 7. Visual comparison of change detection results in area 2: (a) T1 image, (b) T2 image, (c) ground truth, (d) FC-EF, (e) FC-Siam-conc, (f) FC-Siam-diff, (g) UNet++_MSOF, (h) IFN, (i) SNUNet-CD/32, (j) proposed method. The changed areas are marked by white, and the unchanged areas are marked by black. 
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Figure 8. Visual comparison of change detection results in area 3: (a) T1 image, (b) T2 image, (c) ground truth, (d) FC-EF, (e) FC-Siam-conc, (f) FC-Siam-diff, (g) UNet++_MSOF, (h) IFN, (i) SNUNet-CD/32, (j) proposed method. The changed areas are marked by white, and the unchanged areas are marked by black. 
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Figure 9. Visual comparison of change detection results in area 4: (a) T1 image, (b) T2 image, (c) ground truth, (d) FC-EF, (e) FC-Siam-conc, (f) FC-Siam-diff, (g) UNet++_MSOF, (h) IFN, (i) SNUNet-CD/32, (j) proposed method. The changed areas are marked by white, and the unchanged areas are marked by black. 
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Figure 10. Visual comparison of change detection results in area 5: (a) T1 image, (b) T2 image, (c) ground truth, (d) FC-EF, (e) FC-Siam-conc, (f) FC-Siam-diff, (g) UNet++_MSOF, (h) IFN, (i) SNUNet-CD/32, (j) proposed method. The changed areas are marked by white, and the unchanged areas are marked by black. 
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Figure 11. Comparison of network parameters of different methods. 
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Figure 12. Comparison of the number of FLOPs for different methods. 
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Figure 13. Effect of parameter  λ  of loss function on CD results. 
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Figure 14. Effect of data augmentation on CD evaluation metrics. 
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Table 1. The details of MRA-SNet architecture. The symbols ① to ⑨ indicate the corresponding Multi-Res block number in Figure 1.
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	Layer
	Output Size
	Parameter Setting
	Layer
	Output Size
	Parameter Setting





	Multi-Res

Block ①
	256 × 256
	    [      3 × 3 ,           8       3 × 3 ,       17       3 × 3 ,       26       1 × 1 ,       51      ]    
	Multi-Res

Block ⑥
	32 × 32
	    [      3 × 3 ,               71       3 × 3 ,           142       3 × 3 ,           213       1 × 1 ,           426      ]    



	Max Pooling
	128 × 128
	2 × 2, stride = 2
	Transposed

Convolution
	64 × 64
	2 × 2, 212, stride = 2



	Multi-Res

Block ②
	128 × 128
	    [      3 × 3 ,           17       3 × 3 ,           35       3 × 3 ,           53       1 × 1 ,       105      ]    
	Multi-Res

Block ⑦
	64 × 64
	    [      3 × 3 ,               35       3 × 3 ,               71       3 × 3 ,           106       1 × 1 ,           212      ]    



	Max Pooling
	64 × 64
	2 × 2, stride = 2
	Transposed

Convolution
	128 × 128
	2 × 2, 105, stride = 2



	Multi-Res

Block ③
	64 ×64
	    [      3 × 3 ,             35       3 × 3 ,             71       3 × 3 ,         106       1 × 1 ,         212      ]    
	Multi-Res

Block ⑧
	128 × 128
	    [      3 × 3 ,           17       3 × 3 ,           35       3 × 3 ,           53       1 × 1 ,       105      ]    



	Max Pooling
	32 × 32
	2 × 2, stride = 2
	Transposed

Convolution
	256 × 256
	2 × 2, 51, stride = 2



	Multi-Res

Block ④
	32 × 32
	    [      3 × 3 ,               71       3 × 3 ,           142       3 × 3 ,           213       1 × 1 ,         426      ]    
	Multi-Res

Block ⑨
	256 × 6
	    [      3 × 3 ,             8       3 × 3 ,         17       3 × 3 ,         26       1 × 1 ,         51      ]    



	Max Pooling
	16 × 16
	2 × 2, stride = 2
	Output Layer
	256 × 256
	1 × 1, 2, stride = 1



	Multi-Res

Block ⑤
	16 × 16
	    [      3 × 3 ,           142       3 × 3 ,           284       3 × 3 ,           427       1 × 1 ,           853      ]    
	
	
	



	Transposed

Convolution
	32 × 32
	2 × 2, 426, stride = 2
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Table 2. Results of ablation experiments with the Multi-Res block and the Attention Gates module on the CDD dataset.
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	Methods
	Multi-Res Block
	Attention Gates
	Precision
	Recall
	F1 Score
	OA





	Siamese UNet
	×
	×
	0.9519
	0.9150
	0.9331
	0.9845



	MRA-SNet
	  √  
	×
	0.9645
	0.9527
	0.9586
	0.9903



	MRA-SNet
	×
	  √  
	0.9586
	0.9371
	0.9477
	0.9878



	MRA-SNet
	  √  
	  √  
	0.9677
	0.9575
	0.9626
	0.9912
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Table 3. Quantitative evaluation results of different methods.
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	Methods
	Precision
	Recall
	F1 Score
	OA





	FC-EF
	0.8153
	0.5424
	0.6514
	0.9315



	FC-Siam-conc
	0.7972
	0.6118
	0.6923
	0.9358



	FC-Siam-diff
	0.8697
	0.5960
	0.7073
	0.9418



	UNet++_MSOF
	0.8954
	0.8711
	0.8756
	0.9673



	IFN
	0.9496
	0.8608
	0.9030
	0.9771



	SNUNet-CD/32
	0.9555
	0.9483
	0.9519
	0.9887



	Proposed method
	0.9677
	0.9575
	0.9626
	0.9912
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