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Abstract

:

Building extraction is a popular topic in remote sensing image processing. Efficient building extraction algorithms can identify and segment building areas to provide informative data for downstream tasks. Currently, building extraction is mainly achieved by deep convolutional neural networks (CNNs) based on the U-shaped encoder–decoder architecture. However, the local perceptive field of the convolutional operation poses a challenge for CNNs to fully capture the semantic information of large buildings, especially in high-resolution remote sensing images. Considering the recent success of the Transformer in computer vision tasks, in this paper, first we propose a shifted-window (swin) Transformer-based encoding booster. The proposed encoding booster includes a swin Transformer pyramid containing patch merging layers for down-sampling, which enables our encoding booster to extract semantics from multi-level features at different scales. Most importantly, the receptive field is significantly expanded by the global self-attention mechanism of the swin Transformer, allowing the encoding booster to capture the large-scale semantic information effectively and transcend the limitations of CNNs. Furthermore, we integrate the encoding booster in a specially designed U-shaped network through a novel manner, named the Swin Transformer-based Encoding Booster- U-shaped Network (STEB-UNet), to achieve the feature-level fusion of local and large-scale semantics. Remarkably, compared with other Transformer-included networks, the computational complexity and memory requirement of the STEB-UNet are significantly reduced due to the swin design, making the network training much easier. Experimental results show that the STEB-UNet can effectively discriminate and extract buildings of different scales and demonstrate higher accuracy than the state-of-the-art networks on public datasets.
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1. Introduction


Building extraction is a hot topic in the field of remote sensing. It plays an essential role in many practical applications, including regional administration, disaster prevention, and map services [1,2,3,4,5]. In recent years, with the innovation and advancement of satellites, UAVs, and other aerial photography equipment, the quality of high-resolution remote sensing images (HRRSIs) has been continuously improved, which promotes the improvement of the performance of the existing algorithms for HRRSI building extraction. However, although the increase of image resolution is intuitively beneficial to the building extraction, it also brings new challenges to the algorithms. For example, the increase of resolution enriches the details of the texture and color of the objects on the image, which expands the differences in the inherent characteristics of the same building, thus putting forward higher requirements for the algorithm to achieve more fine-grained segmentation. In addition, the increase of image resolution can outline the building more completely. However, it could also introduce more noise and amplify the appearance of other non-building objects in the region of the target building, especially some buildings with a large area. Accordingly, the algorithms are required to capture long-range features to reduce the problem of incomplete or incorrect building extraction due to the above interference.



Existing building extraction algorithms can be divided into two categories: traditional algorithms and deep-learning-based algorithms. Traditional methods utilized handcrafted features based on the shadow, shape, color, line, and other information of the object in the image [6,7,8,9,10,11,12], and used models such as support vector machine (SVM) [13,14], random forest [15], Markov random field [16], and graph theory [17,18] to recognize and locate buildings. For example, Manno-Kovacs et al. [12] utilized region orientation of buildings as the main feature, followed by fusing with the existing features, including shadow and color, and then performing morphological methods to obtain the final extraction result. Huang et al. [7,19] used morphological methods for the building extraction task. In [19], they proposed morphological building index (MBI) to model the relationship between implicit features of buildings and the properties of morphological operators. Based on MBI, they proposed a morphological shadow index (MSI) in [7] and realized the building extraction by the fusion of MBI and MSI.



Deep learning has gained great success in the recent decade, and deep neural networks (DNNs) have been employed in various fields, including computer vision [20,21,22] and natural language processing [23]. DNNs also demonstrate high performance for HRRIS building extraction tasks [24,25,26,27,28,29,30,31,32,33]. Since both building extraction and semantic segmentation tasks need to achieve dense pixel prediction, many designs and ideas in segmentation fields have been introduced into the algorithm for building extraction.



The U-shaped network (U-Net) with encoder–decoder structure [34] was initially used for medical segmentation tasks and shows top performance among CNNs. Due to its strong ability to extract and fuse multi-scale semantic and contextual information by using skip connection and hierarchical encoding and decoding, U-Net is also widely leveraged for building extraction [25,26,27,28,29,30,33,35,36,37,38,39]. For example, seeking to overcome the lack of contextual information of each patch after image patching, Li et al. [25] proposed a fully convolutional U-shaped network where dense connectivity was built to fully extract the context of features at different levels. Ye et al. [28] introduced channel and spatial attention on skip connections to reduce the differences of the semantic information between low-level and high-level features and to avoid the inconsistencies in feature connection. Shao et al. [30] added a residual enhancement module on the basis of U-Net. After the image passes through the U-Net network, the segmented objects would be further adjusted through the residual enhancement module to alleviate the incomplete and wrong segmentation of the building. However, although U-Net can effectively extract local features and performs well on building extraction datasets, there is still optimization room since it is difficult to capture large-scale features due to the local perceptive field of the convolution kernel, leading to incomplete or missing extraction, especially for HRRSIs.



Transformer [23,40,41] is a sequence-to-sequence model with an encoder–decoder structure for natural language processing (NLP) tasks. Different from the previous implementations based on the recurrent neural network (RNN) [42,43], Transformer can model the semantic feature of all the word vectors in high parallelism and efficiency by exploiting the global self-attention mechanism. Considering that the global self-attention mechanism is a potential method to extract large-scale semantic information efficiently in the computer vision tasks, Dosovitskiy et al. proposed the vision Transformer (ViT) [44] for image classification by projecting image patches to independent sequences. Based on the ViT, Liu et al. [45] designed a swin Transformer by proposing shifted windows and restricting the scope of global self-attention on features. Since a swin Transformer demonstrates higher performance over CNN and lower computational cost than a ViT, Yuan et al. [46] and Chen et al. [47] introduced it to their building extraction algorithms as encoding networks. The features at different scales are decoded separately by a series of convolutions and fused by passing through bottleneck layers (i.e.,   1 × 1   convolutional layers) to extract and fuse multi-scale semantic information.



Even though the Transformer-based networks have a global receptive field and can effectively capture the long-range features, their extraction of local features is not emphasized due to the lack of restrictions on the local receptive field, resulting in relatively low localization accuracy. To combine the advantages of local and long-range feature extraction, some existing works tried to fuse a U-Net and a Transformer by integrating the Transformer modules into the U-Net [48,49]. However, this direct fusion creates a potential ambiguity and imbalance in local and global feature extraction, which reduces their feature-encoding capabilities.



In this paper, inspired by the swin Transformer [45], we propose the Swin Transformer-based Encoding Booster- U-shaped Network (STEB-UNet), which is composed of an integrated encoding booster based on the swin Transformer and a specially designed U-shaped network (U-Net). Instead of adjusting to the U-Net architecture as most current building extraction networks do, we maintain the U-Net but combine it with our encoding booster in a novel manner to expand the receptive field to the global level and enhance the encoding capability of the overall network. The proposed encoding booster includes a swin Transformer pyramid to extract the large-scale semantic and contextual information in multi-scale features. The features obtained by the encoding booster at different levels will be further fused with the corresponding features of U-Net to compensate for the latter’s lack of large-scale semantic extraction. By introducing such a highly-efficient encoding booster, both small and large building targets in HRRSIs can be extracted by the STEB-UNet with high accuracy. Experimental results show that the proposed network demonstrates higher performance than other state-of-the-art (SOTA) building extraction algorithms on public datasets.



The rest of this paper is organized as follows. Section 2 introduces the proposed network design. Section 3 tests the performance of our network. We also compare the performance of the STEB-UNet with several SOTA algorithms and STEB-UNet variants on public datasets. Section 4 discusses the performance of different loss functions, the requirement of computational and memory resources for the network training platform, and a brief introduction of the future work. Section 5 summarizes the paper with the conclusion.




2. Methodology


2.1. Overall Architecture


In this section, we propose the swin Transformer-based encoding booster and integrate it into a specially designed U-shaped network (U-Net) for building extraction. The overall network is called the Swin Transformer-based Encoding Booster- U-shaped Network (STEB-UNet), whose architecture is shown in Figure 1. The encoding booster is the key to our design because it significantly improves the network’s capability of capturing large-scale semantics by introducing the global self-attention mechanism via a swin Transformer. In the STEB-UNet, the input image will be fed to the encoding booster and the U-Net simultaneously. In the encoding booster, the input image will first pass through an embedding layer, where patch embedding and position embedding are performed for encoding the image to initial low-level features. The initial features will then pass through a swin Transformer pyramid composed of continuous swin Transformer blocks and patch-merging layers for higher-level feature extraction and down-sampling, respectively.



For the U-Net, based on the original convolution stages, up- (down-) sample layers and the skip connections design [34], we introduce the fusion block to achieve the feature fusion. The input image will go through a series of down-sample layers and convolutional layers on the encoding side. The features from the encoding booster and the U-Net at the same level will be fused in the fusion block and serve as the input features of the next encoding stage. The decoding side contains multiple convolutional layers and up-sample layers for restoring the spatial resolution of the feature. The encoded features will be transferred to the decoding side via the skip connections and concatenated with the decoded features of the same level to serve as the input feature of the next stage decoder. The final prediction is obtained after passing through all the decoding stages.




2.2. Transformer and Shifted-Window Design


The core of the Transformer is the use of a global self-attention mechanism to represent the global correlation between features. The self-attention mechanism can be described by:


  Attention  ( Q , K , V )  = softmax  (   QK T   d   )  V ,  



(1)




where matrices  Q ,  K , and  V  represent the query, key, and value, respectively.  d  is a scaling factor used to avoid the vanishing gradient of the   softmax ( · )   function. This kind of attention mechanism is called global because it is performed on a full feature instead of within a local receptive field. The self-attention is reflected in that in most implementations, the matrices  Q ,  K , and  V  are the linear projections (i.e., the output results of several fully-connected layers) of the same embedded word vectors.



In most Transformer implementations [44,45], for reducing the   O (  n 2  )   computational complexity brought by the matrix multiplications in the global self-attention computation, the input image is partitioned into multiple patches by a patch-embedding operation to reduce the length of the sequences before passing through the Transformer blocks. However, it is empirically shown that even after the patching embedding, the self-attention calculations on each patch still cause high computational and high memory requirements for the training platform. For addressing this problem, we utilize the shifted-window (swin) design [45] to further optimize the computational complexity. Based on patching, in a swin design the whole patched image is further partitioned into multiple non-overlapping shifted windows, and the computation of the self-attention will be restricted within each local window. Thus the complexity of the self-attention computation can be significantly reduced because each window contains a smaller number of patches than the whole image.



Figure 2 demonstrates the global self-attention computation with the swin design. The whole calculation process includes two steps as Figure 2a,b respectively, show. In the   l  th    calculation, the whole feature map is divided into four areas by   4 × 4   windows. The self-attention computations are performed independently within areas bounded by each window. At the beginning of   l +  1  th     calculation, to cover the patch areas where the   l  th    calculation has not been performed due to the shifted windows’ boundaries, all windows will shift   2 × 2   patches to the lower right. Although window shifting can establish the cross-window feature connections, it causes an increase in the number of areas (within solid orange boxes in Figure 2b), leading to the rebound in computational complexity. The newly generated areas with various sizes, such as the area A, B, and C, are also challenging for the self-attention computation on a uniform scale.



To solve the above problem and unify the computational scale, as Figure 2b shows, window splicing and masking [45] are introduced. In the   l +  1  t h     calculation after window shifting, first, the area A, B, and C will move to the lower right. Thus the moved and unmoved areas can splice together to form a new feature, which can still be divided by four   4 × 4   windows. Accordingly, the regular self-attention computation can be performed on this new feature as in the   l  t h    computation. Furthermore, to ensure the semantic relevance of the adjacent regions, the moved and unmoved regions will be masked, respectively, to prevent interference during the   l +  1  t h     self-attention computation. After calculation, area A, B, and C will move back. These two calculation steps described above illustrated in Figure 2 will repeat until the end of the global self-attention computation.




2.3. Swin Transformer-Based Encoding Booster


The embedding layer contains two operations: patch embedding and position embedding. Since the computational complexity of the self-attention in the Transformer is   O (  n 2  )  , the amount of computation grows exponentially with the length of the sequence. Accordingly, if we directly flatten the whole image, especially the high-resolution image, into a long pixel sequence, it will lead to high computational and memory costs. Therefore, it is of great necessity to perform image patching and treat each flattened patch as an input sequence of the shorter length to the swin Transformer block. Assume that the RGB input image is   I ∈  R  H × W × C    , and the patch size is set to   2 × 2  . First, we can obtain    H 2  ×  W 2    patches by image patching, and the dimension of each patch is   4 × C  . Afterward, due to the position insensitivity of the self-attention computation, we exploit a learnable absolute position encoding [44] to avoid confusion in the semantics of the image representation. The position encoding can model the semantic relationships between patches at different positions and generate features with implicit position and spatial information through training. Then we project the patches by a fully-connected layer to the original dimension C for satisfying the subsequent feature fusion operation. Accordingly, the feature size after embedding layer becomes    H 2  ×  W 2  × C  .



After the embedding layer, the feature will pass through the swin Transformer pyramid, which consists of multiple swin Transformer blocks for extracting the global semantic information, and patch merging layers [45] for down-sampling. The swin Transformer block (shown in Figure 3) is composed of multiple encoders (shown in the blue dotted boxes), and each encoder contains layer normalization (LN), windowing multi-head self-attention (W-MSA) or shifted-windowing multi-head self-attention (SW-MSA), and multi-layer perception (MLP). It is built to implement the self-attention computation with the shifted window design. In particular, since the swin transformer block is a sequence-to-sequence model, the 2D features are flattened to sequences before input. In contrast, the output sequences are resized to 2D features to serve as the input of the patch-merging layer. The feature processing in the swin Transformer block can be described by the following equation:


       z ^  ℓ   = W − MSA  ( LN  (  z  ℓ − 1   )  )  +  z  ℓ − 1   ,            ℓ = 1 … L     



(2)






      z ℓ   = MLP  ( L N  (   z ^  ℓ  )  )  +   z ^  ℓ  ,                ℓ = 1 … L     



(3)






      z ^   ℓ + 1      = SW − MSA  ( L N  (  z ℓ  )  )  +  z ℓ  ,           ℓ = 1 … L     



(4)






     z  ℓ + 1      = MLP  ( LN  (   z ^   ℓ + 1   )  )  +   z ^   ℓ + 1   ,             ℓ = 1 ⋯ L     



(5)




where L,    z ^  ℓ  , and   z ℓ   represent the number of encoders, the output sequences of (S)W-MSA and MLP, respectively. The encoder containing the W-MSA computation realizes the l-th self-attention calculation demonstrated in Figure 2, and the encoder containing the SW-MSA computation realizes the   l + 1  -th self-attention calculation. Each pair of these two types of encoders realizes a whole cycle of the shifted-window global self-attention computation. Since the length of sequences is maintained before and after the computation, the encoders can be constantly stacked, enabling the swin Transformer block to capture global semantics.



In the swin Transformer pyramid, since the intermediate features produced by each swin Transformer block contain global semantic information of different scales, they will be treated as the output features at different levels of the encoding booster and utilized for the following feature fusion. Because the swin Transformer block does not change the feature scale, the input feature size of the first patch-merging layer is still    H 2  ×  W 2  × C  . We use patch merging to down-sample and obtain the multi-scale features at different levels. In the patch merging layer, the feature is first partitioned to   2 × 2   patch squares, and the patches at the same position in each square will be then reorganized in order and stacked in the channel dimension to form a    H 4  ×  W 4  × 2 C   features. Similarly, the feature size will be down-sampled to    H 8  ×  W 8  × 4 C   after the second patch-merging layer. With the patch merging, the image size shrinks, and the spatial dimensions expand gradually in the swin Transformer pyramid, allowing the encoding booster to construct more diverse spatial feature properties and extract richer multi-scale semantic and contextual information.




2.4. U-Shaped Network with Feature Fusion


As we mentioned above, the proposed network includes a swin Transformer pyramid and a specially designed U-shaped network (abbreviated as U-Net, shown in the right-hand of Figure 1). In this work, the feature fusion block is introduced into the U-Net to realize the feature-level fusion with the encoding booster mentioned above. Since down-sample layers are utilized to shrink the feature size, we call the data path on the encoding side of the U-Net the contracting path. Similarly, due to the utilization of up-sample layers for the feature size restoration, we call the data path on the decoding side the expansive path. In the following, we will introduce these two kinds of data paths and especially our fusion methodology of the swin Transformer-based encoding booster and the U-Net.



On the contracting path, as illustrated in Figure 1, each stage contains a down-sample layer and convolution layers. A   2 × 2   max-pooling layer is deployed in each down-sample layer. The max-pooling can expand the receptive field by shrinking the feature size, allowing fixed-scale features to include contextual information of larger areas. The scaled features are then passed by two successive   3 × 3   convolutional layers, where the dimensions of the features maintain.



As described above, the features extracted by our proposed encoding booster contain large-scale semantic information, while the convolutional operation and the special U-shaped structure enable the U-Net to extract local semantic features efficiently. Seeking to combine global and local semantic information on the contracting path, we fuse the features at each scale generated by U-Net encoders and Transformer blocks and serve the fused features as the input of the next-stage encoder. In the fusion blocks, the fusing operation includes a channel concatenation and   1 × 1   convolutions, which achieves the fusion of the extracted global and local semantic information and enhances the informative features through the network training. All operations in the STEB-UNet can be represented by


     E k     =  Conv  × 2    (  F  d o w n   k − 1   )  ,               k = 1 ⋯ H     



(6)






     B k     = Merge ( Swin  (  B  k − 1   )  ) ,             k = 1 ⋯ H     



(7)






     F k     =  Conv  1 × 1    ( Concat  (  E k  ,  B k  )  )  ,           k = 1 ⋯ H     



(8)




where E denotes the output of the U-Net encoder, B denotes the booster’s output, and F denotes the output of the fusion block. H is the height of the swin Transformer pyramid, and in Figure 1, H is equal to 3.



The feature fusion doubles the dimension of the feature due to the feature concatenation we exploit. With going to the deeper encoding stages on the contracting path, the scale of features continuously shrinks. Hence, the multi-scale semantic and contextual information can be extracted by convolutions on different-sized features. Overall, the contracting path promotes the efficiency of feature encoding by expanding the receptive and enabling multi-scale feature extraction. Most importantly, it fuses the features produced by the swin Transformer pyramid and the U-Net. Through our experiment, we empirically show that this highly-efficient fusion method enables our network to achieve state-of-the-art (SOTA) performance.



For the expansive path, we employ a regular design [34]. In contrast to the contracting path, the nearest interpolation algorithm is utilized in the up-sample layer on the expansive path to double the height and width of the features. After passing by two   3 × 3   convolutional layers which do not change the dimension, the features are concatenated with the features on the contracting path transmitted by the skip connection. In the U-Net, skip connection refers to the data path used to connect the corresponding encoding stage on the contracting and the decoding stage on the expansive paths. By using skip connections, the features which have not been fully encoded and still retain the original image information can be propagated to the decoding sides and fused with the decoded features. Therefore, the low-level and high-level semantic and contextual information contained in the features can be fused, which significantly improves the localization accuracy for segmentation tasks and the final prediction performance.




2.5. Loss Function


Dice loss [50] is a metric used to quantify the similarity of two sets. In terms of the building extraction task, given the prediction   y ^   and the ground truth (GT) y, the Dice loss   L  d i c e    can be calculated by the following equation:


   L  d i c e   = 1 − D ,  



(9)







In this equation, D represents the Dice coefficient [50] in the range of   [ 0 , 1 ]  . It can be obtained by


  D =   2  ∑  1  N   y i  ×   y i  ^     ∑  1  N   y  i  2  +  ∑  1  N     y i  ^  2    ,  



(10)




where    y ^  i   refers to the   i  t h    pixel of the flattened prediction vector,   y i   refers to the   i  t h    pixel of the flattened label vector, and N refers to the number of pixels. Obviously, D can be used to measure the similarity between prediction and GT. The closer D is equal to 1, the more similar the prediction and GT are. On the other hand, the closer D is equal to 0, the more different they are. This means that it is consistent with minimizing the Dice loss with converging the network. Therefore, we utilized Dice loss as the loss function of the STEB-UNet in this work.





3. Experiments and Results


3.1. Experiment Dataset


The Massachusetts building dataset contains 151 aerial images covering the 340 km2 Boston area, and each image with the size of   1500 × 1500   pixels covers a 2.25 km2 area. The entire dataset is split into a training set containing 137 images, a validation set containing 4 images, and a testing set containing 10 images. In the experiments of this paper, we will expand this dataset by performing data augmentation based on this division ratio.



The WHU dataset consists of more than 220,000 independent buildings extracted from aerial images with 0.075 m spatial resolution and 450 km2 covering Christchurch, New Zealand. The original aerial images are down-sampled to 0.3 m ground resolution and cropped into 8189 tiles with the size of   512 × 512   pixels, including 4736 tiles (including 130,500 buildings) for the training set, 1036 tiles (including 14,500 buildings) for the validation set and 2416 tiles (including 42,000 buildings) for the testing set.



Figure 4 shows the examples of source images and ground truth (GT) from the above datasets. Obviously, for images of the same size in the WHU and Massachusetts datasets, the regions covered by the former are significantly larger than that of the latter. Thus, the buildings in the Massachusetts dataset are denser and comprise fewer pixels. In contrast, the buildings in the WHU dataset occupy a larger pixel area and are sparser. Therefore, the challenge of extracting buildings in the WHU dataset is being able to extract buildings with clear and complete borders. For the Massachusetts dataset, the challenge is avoiding missing the small-scale buildings in the image.




3.2. Evaluation Metrics


Precision and recall are two evaluation metrics commonly used for segmentation networks. They can be obtained by


  p r e c i s i o n =   T P   T P + F P   ,  



(11)






  r e c a l l =   T P   T P + F N   ,  



(12)




where   T P  ,   F P  , and   F N   represent the number of true positive, false positive, and false negative samples. In terms of the building extraction task,   T P   represents the number of pixels in the overlapping region of the predicted building and the GT building,   T P + F P   is the total number of pixels in the predicted building, and   T P + F N   is the total number of pixels in the GT building.



Even though the precision and recall can be used to evaluate models, they are usually negatively correlated, i.e., the larger the former, the smaller the latter, or vice versa, which makes it difficult to use either of them to fully assess the model’s performance. Therefore, in this paper, we employed the   F 1   score for evaluation. The   F 1   score can effectively alleviate this problem by considering both accuracy and recall. It can be obtained by


   F 1  = 2 ×   p r e c i s i o n × r e c a l l   p r e c i s i o n + r e c a l l    



(13)







In addition, IOU is also utilized in this work. It can measure the similarity between the prediction and the true label. In the image segmentation task, IOU can be obtained by dividing the area of the intersection region of the prediction and ground truth by the area of their union region. IOU can be calculated by


  I O U =   T P   T P + F P + F N   ,  



(14)







In terms of the building extraction task,   T P   represents the number of pixels in the overlapping region of the predicted building and the GT building, and   T P + F P + F N   represents the number of pixels of their union region.




3.3. Experimental Setting


In this experiment, we performed data processing on the original Massachusetts and WHU datasets. In terms of the Massachusetts dataset, we tiled each aerial image into   3 × 3   non-overlapping images at   500 × 500   pixels and performed data augmentation to further expand the dataset, including rotating and shifting. After processing, the Massachusetts dataset contains 5436 images in total. We used 4932 images for training, 144 images for validation, and 360 images for testing, keeping the same division ratio as the original dataset. In terms of the WHU dataset, we directly utilized its divided dataset, i.e., 4736 images for training, 1036 images for validation, and 2416 images for testing. Moreover, due to the limitation of the hardware memory, the images in both datasets were cropped randomly further to different sizes (shown in Table 1) before being fed into different networks.



Our proposed network STEN-UNet was implemented using the Pytorch deep-learning framework. All experiments were performed on the machine with an Intel Xeon Silver 4214r (2.4GHz frequency) CPU and Nvidia 3090 (24G memory per) × 4. All experimented networks were trained for 2000 epochs. The detailed training configurations for the proposed STEB-UNet and comparison networks are shown in Table 1. We selected the best models at a particular epoch on the validation dataset for testing and the performance comparison in Section 3.5.




3.4. Comparison Network


We compared our proposed network (shown in Figure 1) with the state-of-the-art (SOTA) segmentation networks, including the U-Net [34], the   U 2  -Net [51], and the Segmentation Transformer (SETR) [52], as well as the building extraction networks, including the Building Residual Refine Network (BRRNet) [30] and the RFA-UNet [28]. Since the BRRNet [30] and the RFA-UNet [28] do not provide publicly available source codes or processed images, their experimental results and settings are the references of reports in the papers. For the other networks, we re-trained and selected the best models with the highest metrics for the comparisons in the following subsections. A detailed introduction to comparison networks is in the following paragraphs.



U-Net [34] is a fully convolutional network (FCN) and was originally used for medical image segmentation. The subsequent research also discovered its high accuracy in most segmentation tasks, including the building extraction tasks. The introduction to the U-Net is included in Section 1 and Section 2. Since all the CNNs in this experiment are based on the U-shaped architecture, the U-Net is regarded as a baseline network for comparisons.



  U 2  -Net [51] introduces a two-level nesting design based on the U-shaped architecture. Each encoder or decoder stage of the   U 2  -Net comprises a small nested U-Net. This nesting design enables the extraction of more contextual information from multi-scale features and increases the network depth without causing a dramatic growth in the number of parameters. The   U 2  -Net demonstrates SOTA performance in segmentation tasks.



SETR [52] regards the training for segmentation tasks as a sequence-to-sequence learning. Different from the previous FCNs, which were the main approaching for image segmentation, SETR is a fully transformer-based network that uses the sequentialTransformer block to progressively extract the semantics and context. SETR provides three different decoder designs, and in this paper, we utilized the simplest and the most commonly used one called SETR-Naïve, where the encoder is composed of Transformer layers, and the decoder only contains two   1 × 1   convolutional layers and an up-sample layer to restore the image resolution.



BRRNet [30] and RFA-UNet [28] are FCNs for the building extraction task. The BRRNet contains a predict module and a refinement module. The predict module is a U-shaped network used to extract features. Taking the output of the predict module as an input, the refinement module is used to correct the prediction to reduce the deviations from the ground truth and further improve the network’s accuracy. The RFA-UNet is based on a standard U-shaped architecture. In particular, the RFA-UNet contains an attention module to re-weight the features along spatial and channel dimensions, which can bridge the gap between high-level and low-level features, thus enhancing the consistency of features before the concatenation.



Transformer-based Encoding Booster- U-shaped Network (TEB-UNet) is built as a variant of the proposed STEB-UNet to verify the effectiveness of our swin Transformer-based encoding booster. The overall architecture of the TEB-UNet is the same as the STEB-UNet (shown in Figure 1), except the swin Transformer block in the encoding booster which we replaced with the basic vision Transformer module [44]. The basic Transformer module does include the shifted-window design, which means the self-attention is calculated directly on the whole feature map instead of in each fixed-size shifted window. In addition, the patch merging as a down-sampling method used in the swin Transformer pyramid was replaced with a simple   2 × 2   max-pooling operation to ensure size matching for feature concatenation.




3.5. Experimental Result and Analysis


Figure 5 demonstrates the comparison of extraction results of different approaches. The first three rows show the WHU dataset, and the last three rows show the Massachusetts dataset. The areas where the STEB-UNet shows greater advantages have been marked in red boxes. Since our network can better identify the internal feature similarity of building areas and the differences between buildings and non-building objects, therefore, the extracted buildings by our network have clearer boundaries and more complete outlines. In Figure 5, the images in the first three rows show that for some buildings occupying large areas, our proposed network can segment the edges more accurately compared to other networks. The images in the last three rows show that our network can extract large areas of buildings more completely and minimize the missing of buildings of small areas extracted from aerial photographs, thus effectively improving the accuracy of building extraction.



To highlight the advantages of the STEB-UNet over traditional CNN-based methods, we visualize the performance of the STEB-UNet and the   U 2  -Net on the WHU and Massachusetts datasets in Figure 6. We chose the   U 2  -Net for comparison because its computation is entirely based on convolutional operations. The examples show that the   U 2  -Net misses a lot of building areas (blue boxes), especially for buildings on a large scale (e.g., the last column of Figure 6b, and the middle column of Figure 6d). In contrast, the segmentation of building boundaries by the STEB-UNet is sharper and more accurate, and the missed, as well as the incorrectly extracted building areas (red boxes), are much less than those of the   U 2  -Net. This indicates that our Transformer-based encoding booster exhibits a good performance of large-scale semantic extraction, which significantly improves building extraction.



In addition to the visual comparison of the experimental results, we also quantified the comparison of results using the   F 1   score and   I O U   metrics. The higher   F 1   score or   I O U   indicates a better performance of the model. The comparisons of metrics of different networks are shown in Table 2. The results in Table 2 show that the proposed STEB-UNet achieves the best performance compared with other networks, especially on the WHU dataset. Compared with the U-Net as the baseline, the STEB-UNet shows great advantages on both datasets, which verifies the effectiveness of the proposed swin Transformer-based encoding booster. Compared with other fully convolutional networks based on U-shaped structures (i.e., BRRNet,   U 2  -Net, and RFA-Net), our integrated swin Transformer-based encoding booster can effectively break through the limitations of local perceptive fields and extract richer feature information, especially large-scale features. The performance of SETR in the building extraction task is limited because SETR does not include the utilization of convolutional operations in the encoding stage, resulting in the lack of some inductive biases, such as a strong correlation of local semantics, shift in-variance, etc. Compared with SETR, the STEB-UNet significantly improves the performance because of the convolution-based-encoding structure, which greatly improves the localization accuracy. Moreover, the slight performance improvement of the STEB-UNet over the TEB-UNet verifies that our swin Transformer pyramid can extract semantic information at different scales more efficiently and accurately.




3.6. Generalization Testing


In deep supervised learning, we trained and tested the network on the same dataset. However, we often faced target data with different feature distributions from the training dataset in practical applications. In such conditions, the generalization ability of an algorithm is important because it can affect the performance on unknown data. To explore the generalization ability of our proposed network, we performed the generalization testing experiment to simulate and evaluate the effectiveness of experimental networks in real applications.



The experimental results are illustrated in Table 3. The results in the “Massachusetts” column were obtained by training networks on the WHU dataset and testing on the Massachusetts dataset. Similarly, the results in the “WHU” column were obtained by training networks on the Massachusetts dataset and testing on the WHU dataset. Table 3 shows that the testing metrics of different networks generally decrease compared to the ordinary learning, while the decline is more pronounced on the WHU dataset than on the Massachusetts dataset. According to our analysis, the possible reason is that since the sizes of most buildings in the Massachusetts dataset are relatively small, the shapes and edge characteristics of these low-resolution buildings are fuzzy and different from those of the larger-sized buildings in the WHU dataset. This makes it difficult for the model trained on the Massachusetts dataset to perform well on the WHU dataset. In contrast, due to the high resolution of buildings in the WHU dataset with clear boundaries, the trained model can still recognize the inherent features of buildings and distinguish them from the features of surrounding non-building objects when detecting small buildings targets.



Table 3 also illustrates that first, the network including Transformers still outperforms CNNs in the generalization testing, and the drop of their experimental metrics is less than that of CNNs. Our explanation of this phenomenon is that due to its advantages in extracting large-scale contextual and semantic information, the Transformer can still identify buildings of different sizes with high accuracy when generalizing to other datasets. Second, we can find that SETR-Naïve is less affected on both datasets than other networks. We analyze the possible reasons are the feature extraction of SETR-Naïve only achieved by Transformer layers, and the lack of fusion of multi-scale semantic and contextual information that other U-shaped networks include. Therefore, although the testing results are still not as good as the TEB-UNet and the STEB-UNet, the feature extraction of SETR-Naïve can be consistent on different datasets, and thus the performance of SETR-Naïve can also be maintained to a certain extent when processing data with different feature distributions. Most importantly, the proposed STEB-UNet still demonstrates the highest performance in generalization testing, indicating a good generalization to extract buildings on different datasets with high accuracy.





4. Discussion


To alleviate the problem that traditional convolutional neural networks (CNNs) have difficulty extracting large-scale semantic information from high-resolution remote sensing images (HRRSIs), we propose a swin Transformer-based encoding booster to enable the network to capture global features. We integrated this encoding booster into a U-Net, which has performed well in segmentation tasks, to alleviate the incomplete or incorrect segmentation of large buildings due to the local receptive fields in the convolution process, thus improving the accuracy of the building extraction. We call the integrated network the Swin Transformer-based Encoding Booster- U-shaped Network (STEB-UNet). In this section, first, we will compare the performance of the STEB-UNet with different loss functions. Then we will discuss the resource requirements of the proposed network for the training platform and compare it with other networks mentioned in Section 3. Finally, we will briefly introduce our future work.



4.1. Loss Function


As mentioned in Section 2.5, we used Dice loss [50] as the target function for network training in this work. Dice loss was originally applied for medical segmentation task [50], but it is also utilized in existing building extraction works [30,54]. In addition to Dice loss, the binary cross-entropy (BCE) loss is another widely used loss function. In particular, it has been employed in some Transformer-related networks [45,46,55,56] and demonstrates good performance. BCE is utilized to reflect the similarity between two probability distributions. For the building extraction task, given the prediction   y ^   and the true label y, BCE loss can be obtained by the following equation:


   L  b c e   = −  1 N   ∑  i = 1  N    y i  ln   y i  ^  +  ( 1 −  y i  )  ln  ( 1 −   y i  ^  )   ,  



(15)







Similar to the definitions of the Dice loss calculation, in the above equation,    y ^  i   refers to the   i  t h    pixel of the flattened prediction vector,   y i   refers to the   i  t h    pixel of the flattened label vector, and N refers to the number of pixels.



Since the proposed STEB-UNet also contains Transformer blocks, we experimented to use BCE as the loss function and compared the testing results with those obtained by using Dice loss. Furthermore, inspired by TransFuse [56] and Msst-net [46], whose loss functions are composed of several different targets, we tried a weighted combination of Dice and BCE loss to experiment whether the combined loss function could enable the network to obtain better testing results through supervising the network training. The combined loss   L  c m b    can be calculated by


   L  c m b   = α  L  b c e   +  ( 1 − α )   L  d i c e    α ∈  ( 0 , 1 )  ,  



(16)




where  α  is an adjustment factor used to adapt the weight of two loss functions. The definition of   L  d i c e    can be found in Section 2.5.



Table 4 illustrates the performance comparison of the STEB-UNet with different aforementioned loss functions, including the BCE loss, the Dice loss, and the combined loss. From Line 1 and Line 2, we can see that the Dice loss achieves better performance than the BCE loss. Moreover, the combination strategy of two loss functions does not show apparent superiority, and its performance is between Dice loss and BCE loss. Also, different settings of the  α  values to adjust the weight of the Dice and the BCE loss do not yield much difference since the testing metrics are almost the same. Therefore, through the experiments in this subsection, we empirically show that using the Dice function as the loss function for the STEB-UNet can achieve better performance for the building detection task than using BCE loss or a combination of two losses.




4.2. Resource Requirement Analysis


Large-scale networks tend to have higher accuracy, but their numerous parameters will also bring significant storage challenges to the computing platforms, especially mobile devices. Therefore, the trade-off between accuracy and the number of parameters is an important part of the network design. To this end, we counted the number of parameters of different networks. Figure 7 demonstrates that the proposed STEB-UNet has a relatively fewer number of parameters while maintaining high accuracy (shown in Section 3).



From Figure 7, we can also find that the number of parameters of Transformer-included networks (TEB-UNet, SETR, and STEB-UNet) is generally higher than the convolution-based networks at the same depth. In fact, despite the high performance in segmentation tasks, Transformer-included networks are much more training costly in practice. The reason is that the computation of the global attention mechanism leads to a higher requirement of memory and computational power because of the enormous computational complexity, which is always one of the major challenges in training Transformer-included networks.



To explore the memory and computational requirement for training different Transformer-based networks mentioned in this paper, we counted the number of parameters, the GPU memory, and the training time of a single epoch for the SETR, TEB-UNet, and the proposed STEB-UNet. Table 5 shows the experimental results. SETR has the most number of parameters, almost 2× more than the other networks whose quantities of parameters are close. Due to the high computational complexity of the global attention in Transformer, larger GPU memory is needed to train SETR and TEB-UNet, nearly 9× and 7× more than training the STEB-UNet, respectively. Since 20 GB GPU memory is required to train them feeding with a single 128 × 128 image, the batch size can only be set to one even on a 3090 (24 GB) high-performance computational platform. In contrast, due to the window-shifting design, STEB-UNet’s global self-attention computation is limited to a fixed-size window; thus, the GPU memory required for training is greatly reduced. We experimented that up to 12 input images can be fed to the STEB-UNet in a single batch. Considering that the comparisons in this table were obtained when the batch size was set to one, the difference in actual training time will be further enlarged due to the distributed training with multiple GPUs in real applications where the batch size is much larger than one.




4.3. Future Work


Despite STEB-UNet’s relatively inexpensive computational and storage resource cost, it can only achieve 7 to 8 FPS training speed and 19 to 20 FPS inference speed in experiments. Therefore, compared to other slightly less accurate but lighter networks, currently the STEB-UNet is unsuitable for real-time building extraction tasks or deployed on low-computational mobile platforms. In the future, we can probably address this challenge by introducing the lightweight design, such as knowledge distillation, tensor decomposition, and deep separable convolution, to achieve model compression with minimal loss of accuracy.





5. Conclusions


In this paper, to promote large-scale semantic extraction in remote sensing building extraction tasks, we proposed a shifted-window Transformer-based encoding booster. Compared with the convolution-based encoders, our encoding booster can capture large-scale semantic information more efficiently because of the significant expansion of the perceptive field by the global self-attention mechanism of the swin Transformer. Moreover, due to the utilization of patch merging for down-sampling, our encoding booster can extract semantic information from multi-level features. Furthermore, through integrating the encoding boosters into a U-Net with feature fusion blocks in a novel manner, our network called the Swin Transformer-based Encoding Booster- U-shaped Network (STEB-UNet) can fully exploit their advantages in large-scale feature extraction and high localization accuracy. Particularly, due to the shifted-window design, the STEB-UNet has lower computational and memory costs than other Transformer-included networks while maintaining high performance. Experiments on public datasets demonstrated that our proposed network achieves higher building extraction accuracy than state-of-the-art networks.
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Figure 1. The architecture of the proposed STEB-UNet, including a swin Transformer-based encoding booster (within the gray box) and a specially designed U-shaped network. 
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Figure 2. The global self-attention computation with the shifted-window (swin) design, comprising two continuous calculation steps (a) normal computation on each window area (within solid orange box) and (b) masked computation on each unmoved window area (within solid orange box) and each spliced window area (within dotted orange box). 






Figure 2. The global self-attention computation with the shifted-window (swin) design, comprising two continuous calculation steps (a) normal computation on each window area (within solid orange box) and (b) masked computation on each unmoved window area (within solid orange box) and each spliced window area (within dotted orange box).



[image: Remotesensing 14 02611 g002]







[image: Remotesensing 14 02611 g003 550] 





Figure 3. The internal structure of the swin Transformer block. 
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Figure 4. The source and ground truth images in the datasets: (a) Massachusetts source image; (b) Massachusetts ground truth; (c) WHU source image; (d) WHU ground truth. 
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Figure 5. The comparison of the building extraction results of different networks on the WHU (first to third line) and Massachusetts (fourth to sixth line) dataset. The building areas are drawn white. The areas where the STEB-UNet shows greater advantages are in red boxes, whose zoom-in figures are shown in their near yellow boxes. 
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Figure 6. The building extraction results of: (a) STEB-UNet on the WHU dataset; (b)   U 2  -Net on the WHU dataset; (c) STEB-UNet on the Massachusett dataset; (d)   U 2  -Net on the Massachusett dataset. The boxes in green, blue, and red indicate true-positive, false-negative, and false-positive classifications, respectively. 
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Figure 7. The number of parameters (Millions) of different methods. 






Figure 7. The number of parameters (Millions) of different methods.



[image: Remotesensing 14 02611 g007]







[image: Table] 





Table 1. Training configurations for different networks.
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	Network
	Input Size
	Batch Size
	Optimizer
	Parameter Setting





	STEB-UNet
	   256 2   
	32
	Adam
	lr = 0.001, betas = (0.9, 0.999),

eps =1 × 10−8, weight decay = 0



	U-Net [34]
	   256 2   
	32
	RMSProp
	lr = 0.001, momentum = 0.9,

weight decay =1 × 10−8



	  U 2  -Net [51]
	   256 2   
	32
	Adam
	lr = 0.001, betas = (0.9, 0.999),

eps = 1 × 10−8, weight decay = 0



	SETR-Naïve [52]
	   128 2   
	2
	Adam
	lr = 0.0001, betas = (0.9, 0.999),

eps = 1 × 10−8, weight decay = 0



	BRRNet [30]

(reported)
	   256 2   
	8
	Adam
	lr = 0.001



	RFA-UNet [28]

(reported)
	  512 2   (WHU)

  320 2   (Mass)
	8
	Adam
	lr = 0.001



	TEB-UNet
	   128 2   
	4
	Adam
	lr = 0.0001, betas = (0.9, 0.999),

eps = 1 × 10−8, weight decay = 0
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Table 2. Experimental results of different methods on WHU and Massachusetts datasets.
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Massachusetts [53]

	
WHU [36]




	

	
   F 1    Score ↑

	
IOU ↑

	
   F 1    Score ↑

	
IOU ↑






	
U-Net [34]

	
82.81%

	
73.34%

	
85.45%

	
87.98%




	
BRRNet [30] (report)

	
85.36%

	
74.46%

	
92.40%

	
85.90%




	
U2-Net [51]

	
85.91%

	
80.56%

	
92.47%

	
91.34%




	
RFA-UNet [28] (report)

	
85.65%

	
74.91%

	
94.75%

	
90.02%




	
SETR-Naïve [52]

	
87.05%

	
77.39%

	
93.41%

	
88.47%




	
TEB-UNet

	
89.74%

	
76.91%

	
94.55%

	
88.63%




	
STEB-UNet

	
89.90%

	
81.66%

	
96.85%

	
93.89%
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Table 3. The generalization testing of different methods on WHU and Massachusetts datasets.






Table 3. The generalization testing of different methods on WHU and Massachusetts datasets.





	

	
Massachusetts [53]

	
WHU [36]




	

	
   F 1    Score ↑

	
IOU ↑

	
   F 1    Score ↑

	
IOU ↑






	
U-Net [34]

	
74.20%

	
72.45%

	
81.01%

	
78.49%




	
U2-Net [51]

	
81.83%

	
74.54%

	
84.13%

	
80.92%




	
SETR-Naïve [52]

	
85.74%

	
74.51%

	
85.84%

	
81.43%




	
TEB-UNet

	
85.11%

	
75.80%

	
87.11%

	
84.87%




	
STEB-UNet

	
87.08%

	
78.95%

	
87.64%

	
85.22%
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Table 4. The performance comparison of the proposed STEB-UNet with different loss function on the WHU dataset.
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	Loss Function
	   F 1    Score
	IOU





	BCE
	96.74%
	93.62%



	Dice
	96.85%
	93.89%



	Combine ( α  = 0.4)
	96.76%
	93.61%



	Combine ( α  = 0.5)
	96.79%
	93.65%



	Combine ( α  = 0.6)
	96.79%
	93.64%
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Table 5. Data statistics in training of different networks, where batch size is set to one, the size of input image is 128 × 128, and the loss function is set to BCE loss.
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	Model
	Parameter (M)
	Memory (MB)
	Training Time/Epoch





	SETR-Naive [52]
	51.95
	22165
	1769.4 s



	TEB-UNet
	25.86
	16579
	1385.8 s



	STEB-UNet
	21.14
	2465
	807.3 s
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