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Accurate road network information is required to study and analyze the relationship between land usage type and land subsidence, and road extraction from remote sensing images is an important data source for updating road networks. This task has been considered a significant semantic segmentation problem, given the many road extraction methods developed for remote sensing images in recent years. Although impressive results have been achieved by classifying each pixel in the remote sensing image using a semantic segmentation network, traditional semantic segmentation methods often lack clear constraints of road features. Consequently, the geometric features of the results might deviate from actual roads, leading to issues like road fractures, rough edges, inconsistent road widths, and more, which hinder their effectiveness in road updates. This paper proposes a novel road semantic segmentation algorithm for remote sensing images based on the joint road angle prediction. By incorporating the angle prediction module and the angle feature fusion module, constraints are added to the angle features of the road. Through the angle prediction and angle feature fusion, the information contained in the remote sensing images can be better utilized. The experimental results show that the proposed method outperforms existing semantic segmentation methods in both quantitative evaluation and visual effects. Furthermore, the extracted roads were consecutive with distinct edges, making them more suitable for mapping road updates.
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1 INTRODUCTION
In recent years, land subsidence has led to an increase in road collapses and related accidents, indicating the need to pay close attention to the relationship between roads and subsidence. Land subsidence, also known as ground sinking, is a localized downward movement or geotechnical phenomenon resulting in a lower elevation of the crust surface. This can be influenced by human activities, particularly due to the consolidation and compression of underground loose stratum, and it often correlates with land use patterns (Xin et al., 2022; Zainuri et al., 2022). The road network is an important indicator of urban development and represents a significant type of urban land use. Therefore, accurately determining the extent of the road network is crucial when investigating the relationship between land use and land subsidence.
In order to accurately extract the road information, many studies have used remote sensing images as an important data source for road extraction in recent years (Yan and Gulimila, 2023). Road extraction from remote sensing images aims to automatically detect and extract road information from remote sensing images. Although many methods have been proposed, the existing methods still have some problems in generating geometric features of roads (Fei and Man, 2021). For example, the semantic segmentation method is usually used for road extraction of remote sensing images, but it lacks clear road feature constraints, resulting in road fractures, rough edges, and inconsistent road widths (Deng et al., 2020).
The road extraction method of remote sensing images based on deep learning has developed rapidly in recent years. Among them, the extraction method of road regions based on semantic segmentation requires remote sensing images to be trained with data corresponding to road masks one by one, while the extraction method of road centerline based on vector maps requires remote sensing images to be trained with corresponding road vector information. Most network map operators provide network map information corresponding to remote sensing images, and network maps usually use different colors with discrimination to mark different types of features on the map. Therefore, the clustering method based on color value or gray level can be used to extract road mask information from the network map. In addition, there are many public datasets containing remote sensing images and road masks as comparison benchmarks in the academic world, such as DeepGlobe (DEEPGLOBE, 2023), SpaceNet (SpaceNetChallenge, 2023), etc., but the road vector information is relatively difficult to obtain. The most common and open vector road information source is the Open Street Map service at present, and the road extraction method based on road vector information uses the vector data set self-extracted from Open Street Map (Robert et al., 2013). However, the quality of vector data extracted from this map service may be inconsistent with that of ordinary network maps in some regions. Given the challenges involved in obtaining road vector information, the aim is to make the proposed method more versatile. This adaptability will further aid in future map generation tasks based on remote sensing images. This paper mainly focuses on the road area extraction method based on semantic segmentation, and studies it from the perspective of considering the task as a binary semantic segmentation task.
Road extraction is one of the most important applications of remote sensing images, and it is also a significant data source for mapping road updates. Early extraction methods usually relied on the constructed recognition factors including texture features, geometric features, and topological features of roads, and the methods of edge extraction and template matching were used to extract roads, after the preprocessing of remote sensing images, which already acquired a certain achievements. At present, there are various kinds of classifications for these traditional road extraction methods in the academic field, the traditional road extraction methods can be divided into three categories: template matching methods, knowledge-based methods, and object-based analysis methods, according to the basic principle (Cheng and Han, 2016; Dai et al., 2020). Firstly, the method based on template matching (Bajcsy and Tavakoli, 1976; Vosselman and Knecht, 1995; Rathinam et al., 2008) is a relatively mature method in the early road extraction methods, which can effectively combine the radiation characteristics and geometric characteristics of a road in order to assess, can achieve the human-computer interaction by setting the seed point or template initial contour, has a certain ability of error correction, and has already been widely used. Secondly, the object-based analysis method (Drăguţ et al., 2014; Sheng et al., 2015) relies on the fixed rules of artificial or semi-artificial priors, the detection effect is still susceptible to complex real situations when facing the high-resolution remote sensing images. Finally, the knowledge-based method (Willrich, 2002; Herumurti et al., 2013) requires the use of some auxiliary knowledge to carry out or assist in road extraction, but this knowledge is relatively complicated, and it is usually necessary to manually set a priori conditions to use it. Therefore, the application of this method has low usage.
With the prosperity and wide application of deep learning technology in the field of computer vision, various extraction algorithms based on convolutional neural networks have emerged, and have achieved better extraction results than traditional methods. In particular, algorithms represented by semantic segmentation have gradually received extensive attention and application due to their advantages in extracting road details. This method regards the road extraction problem as a binary semantic segmentation problem of remote sensing images, and uses a semantic segmentation model with a deep convolutional neural network as the core to divide each pixel in remote sensing images into road or background categories. While the network structure designed for natural image semantic segmentation is valuable, it encounters challenges when applied to road extraction. Issues such as road fractures and blurred road boundaries persist in the extraction results (Saito et al., 2016; Zhong et al., 2016). Typically, the semantic segmentation network model lacks constraints to address these specific problems. Therefore, the rule template or context knowledge of the traditional method is combined as a constraint condition, further improving the quality of road extraction (Cheng et al., 2017; Wei et al., 2017; Li et al., 2021; Wan et al., 2021; Zhu et al., 2021). In addition, there is a kind of road extraction method that uses the topological structure of road as a constraint condition. The neural network is used to predict the iterative target point, and the graph is connected after multiple iterations and used as the predicted road network result (Bastani et al., 2018; Tan et al., 2020). This kind of method has greater advantages in predicting the coherence of a road but has higher requirements for training data and prediction time. Although the deep learning method has the advantages of strong generalization and a high degree of automation, it also has some problems: it requires many accurate data sets, and the training time of deep learning is too slow. At present, the model method is still in the laboratory research stage, and a wide range of large-scale road extraction based on deep learning has not yet been carried out.
To summarize, when the current semantic segmentation method is used to extract roads from remote sensing images, the issues of road fractures, rough edges, and inconsistent road width are still common in the extraction results. In order to solve these problems and improve the accuracy and effect of road extraction from remote sensing images, this study considers the prediction and fusion of angle information from the geometric characteristics of road inclination angle with a certain amount of stability and uses angle information to assist road extraction and improve its effect. Thus, a road extraction method for remote sensing images based on semantic segmentation and angle prediction is consequently proposed in this paper. Based on the semantic segmentation method, the angle prediction module and the angle feature fusion module were added. By adding the constraints to the angle features of the road, prediction and feature fusion were performed to make better use of the information contained in the remote sensing image. Compared with the existing methods, the final extracted roads generated by this method were consecutive and had clear boundaries, which can be used for subsequent map road network updates.
In order to solve the above problems, a road extraction method of remote sensing images combining semantic segmentation and angle prediction is proposed in this paper. The proposed method enhances the traditional semantic segmentation approach by integrating both an angle prediction module and an angle feature fusion module at its core. By using the angle information of the road as a constraint, prediction and feature fusion are performed, optimizing the utilization of information from the remote sensing image. Specifically, the angle prediction module is mainly used to predict the inclination angle of the road in the remote sensing image, while the angle feature fusion module is used to fuse the predicted angle features with the semantic segmentation results, to obtain more accurate road extraction results. The experimental results show that the combined method is superior to the existing semantic segmentation method and road extraction method in quantitative evaluation and visual effect. By introducing angle information as a constraint, this method can effectively solve the problems of road fractures, rough edges, and inconsistent road widths, so as to produce more accurate and continuous road extraction results. These results have important application value in the fields of urban planning, traffic management, and navigation systems.
2 METHODOLOGY
2.1 Overall network structure
At present, due to the need for remote sensing images and road masks requiring one-to-one correspondence for training, the road extraction methods based on semantic segmentation usually use deep convolutional neural networks as the backbone network, which has maintained excellent performance in semantic segmentation tasks over the past few years. Recently, a model structure called Transformer that has achieved better results in the field of natural language processing has been migrated to computer vision tasks, and has achieved good results in mainstream computer vision problems such as target detection, semantic segmentation, instance segmentation, etc. (Vaswani et al., 2017). The network in this paper is designed in a mode of multi-segment Transformer combination, and the overall structure of the network is shown in Figure 1.
[image: Figure 1]FIGURE 1 | Overall structure of a semantic segmentation network.
In the network backbone part, referring to the Swin Transformer method (Liu et al., 2021), the structural segments of multiple Swin Transformers are firstly stacked as the network backbone feature extractor, to extract the features of the image. The features are then transmitted to the semantic segmentation module and the angle prediction module, respectively. The goal of the semantic segmentation module is to make a preliminary prediction of road region, and the angle prediction module predicts the road angle of possible road region. Based on the unique geometric characteristics of the road, the inclination of the road can be used as important information to judge whether the road prediction is reasonable. Finally, the features of the two modules are fused to complete the task of road extraction.
2.2 Backbone feature extractor
The structure of a backbone feature extractor is shown in Figure 2. Firstly, the input H × W × 3 RGB remote sensing image is divided into the form of N × p2 × 3 by using the block cutting layer, that is, it is divided into N blocks, and the size of each block is p2 × 3. Secondly, the p2 × 3 dimensional tensor of each block is projected to the vector mapping of any dimension C by the linear embedding layer, where the linear embedding layer is essentially a fully connected layer. The significance of this step is to map an RGB small block of each p2 × 3 to a linear vector for the use of the subsequent Transformer structure. Subsequently, these vectors are input into the Swin block of the self-attention mechanism. The lower part of Figure 2 shows the internal structure of two consecutive adjacent Swin blocks. These vectors are input into the multi-head self-attention module W-MSA (Windowing Multi-head Self Attention) according to the windows or multi-head self-attention module SW-MSA (Shifted Windowing Multi-head Self Attention) based on the shifted windows after regularization.
[image: Figure 2]FIGURE 2 | Structure of backbone feature extractor.
The standard Transformer structure uses a global self-attention module, and in the image task, the image features have a large vector dimension, so the global self-attention module has an amazing computational cost. The multi-head self-attention module is based on windows taking the block cut by layer as the unit, the self-attention is calculated inside each block, which significantly improves the computational efficiency of the model, but limits the information exchange cross-windows. Therefore, the multi-head self-attention module based on the windows and the multi-head self-attention module based on the shift windows are alternately used in each continuous two adjacent Swin blocks. In the multi-head self-attention module based on the shift windows, the 1/2 size of the window is shifted in the horizontal and vertical direction, respectively, the self-attention is calculated, and then the reverse shift is performed, to complete the information exchange between the windows. After the self-attention module, the residual connection is performed in the model, and continues to use the regularization layer and the multi-layer perceptron layer. Multilayer perceptron is the basic structure of deep learning, which takes the full connection as the basic principle. In the following Swin structure segments of the main feature extractor, the segment fusion layer instead of the linear embedding layer is performed in the model, which conducts the down-samples for the current feature map at the front of each Swin structure segment.
2.3 Decoding module
After using the main feature extractor to extract the feature map from the remote sensing image, the semantic segmentation module and the angle prediction module are used to decode the feature map, and the road preliminary extraction and angle prediction are carried out, respectively. The structure is shown in Figure 3. In order to improve the prediction effect, the pixel decoder and the standard Transformer decoder are used in parallel to predict two sets of values: a set of mask M and a set of mask-to-category mapping matrix C (Cheng et al., 2021a). The mask M contains N masks, and the size of each mask is H × W, which is consistent with the input image. The size of mapping matrix C is N × (K+1), which connects N masks with the distribution of K categories to be predicted by the matrix multiplication with the mask group M. The pixel decoder uses traditional convolution up-sampling, while the Transformer decoder (Carion et al., 2020) uses multiple attention layers for up-sampling. In the angle prediction module, an additional tanh layer is used to constrain the output to – 1∼1, which is then multiplied by π/2 to map to the angle space. The semantic segmentation module and the angle prediction module will obtain preliminary road region prediction and road angle prediction, respectively, which will be compared with the corresponding true values to calculate the loss function.
[image: Figure 3]FIGURE 3 | Structure of decoding module.
2.4 Feature fusion module
After obtaining the preliminary road region prediction and road angle prediction, the road region prediction features and the road angle features are fused by the feature fusion module, to further improve the accuracy of road prediction. The feature fusion module consists of multiple convolutional layers, and the preliminary road prediction results, angle prediction results, and multi-channel feature maps connected by the mask group M are up-sampled by these convolutional layers, to obtain the final road prediction results.
2.5 Loss function design
In order to effectively train the model, three loss functions are used at different modules, that is the loss function of preliminary road prediction, the loss function of angle prediction, and the final loss function of road prediction.
(1) Loss function of preliminary road prediction. In the semantic segmentation, the preliminary road prediction task is decomposed into two sub-tasks, which predict the mask group M and the mapping matrix C, so it is necessary to set up the loss functions, respectively. The mask group M uses a combination of focus loss and dice loss; The mapping matrix C uses the cross-entropy classification loss. The loss function Lmask−cls that constrains the preliminary road prediction results can be expressed as:
[image: image]
Among them, [image: image], [image: image], and [image: image] are loss functions of cross entropy classification, focus loss function, and dice loss function, respectively; c and cgt represent the predicted results and true values of mapping matrix C, respectively; m and mgt represent the predicted results and true values of mask group M, respectively.
(2) Loss function of angle prediction. Although the structure of angle prediction module is similar to the semantic segmentation module, the prediction target is different. The module predicts the angle value corresponding to each road pixel, which is represented by the value between −π/2 ∼ π/2. Therefore, the loss function of constraint angle prediction results is designed, which can be shown in formula 2.
[image: image]
Where rgt represents the true value of the road region, t and tgt represent the predicted results and the true value of the road angle matrix, respectively.
(3) Loss function of final road prediction. The multiple convolutional layers are adopted by the feature fusion module for up-resample, and the results can be regarded as pixel-level semantic segmentation results. Therefore, the loss function of the pixel classification type is used to constrain the final prediction results, that is, the focus loss and lovász loss constraint model are used, which can be shown in formula 3.
[image: image]
3 EXPERIMENT AND ANALYSIS
3.1 Experimental data
The experimental data is from the Deep Globe public dataset, which is widely used in the road extraction task of remote sensing images (Demir et al., 2018). The Deep Globe dataset is derived from the CVPR Deep Globe 2018 road extraction challenge, which consists of 6,226 pairs of training images, 1,243 pairs of validation images, and 1,101 pairs of experimental images. The image size is 1,024 × 1,024 pixels and the spatial resolution is 0.5 m. In order to facilitate the comparison with other road extraction methods, the original Deep Globe dataset is processed according to the reference (Singh et al., 2018). The 6,226 pairs of training images in the original dataset are re-split and divided into multiple 512 × 512 blocks at a 256-pixel interval.
3.2 Evaluation index of experimental results
The accuracy of the road extraction results was evaluated by an F1 score and IoU score. The F1 score is an indicator used to measure the accuracy of binary classification in statistics, which is calculated based on accuracy (P) and recall ratio (R), and the formula can be expressed as follows:
[image: image]
TP, FP, TN, and FN represent the number of true positive, false positive, true negative, and false negative pixels, respectively.
IoU is a commonly used evaluation index in semantic segmentation, which is the ratio of intersection acreage to the union acreage between the real region and the predicted region corresponding to a semantic category, and the calculation formula can be expressed as:
[image: image]
3.3 Experimental results
The processed Deep Globe data are input into the constructed model to complete the model training and testing. In order to illustrate the advancement of the proposed algorithm, it is compared with the traditional fully connected neural network method, the existing Transformer model method, the semantic segmentation method, and the road extraction method popular in recent years, respectively, and the results are shown in Figure 4. Quantitative evaluation is performed according to the result evaluation index in Section 4.2, and the results are shown in Table 1.
[image: F4]FIGURE4 | Experimental result.
TABLE 1 | Comparison of different methods on DeepGlobe public dataset.
[image: Table 1]The comparative semantic segmentation methods include DeepLabv3 + (Chen et al., 2018), DeepUNet (Li et al., 2018), and BRRNet (Shao et al., 2020), all of which are based on fully convolutional neural networks. Additionally, methods based on Transformer structure, such as Swin Transformer (Liu et al., 2021), MaskFormer (Cheng et al., 2021b), and Mask2Former (Cheng et al., 2021a) are also included. Furthermore, recent high-performing road extraction methods like CoANet (Mei et al., 2021), LinkNet50 + GA (Lu et al., 2020), GAMSNet (Lu et al., 2020), and GCB-Net (Zhu et al., 2021) have also been selected for comparison. Among them, for the method of CoANet, its public code was used to train the model and evaluate the results under the same batch processing size and similar total number of iterations as other comparative experiments. For the methods of LinkNet50 + GA, GAMSNet, and GCB-Net, the results scores provided in their respective papers from the Deep Globe public dataset were used for comparison (Lu et al., 2020; Lu et al., 2020; Zhu et al., 2021) as their codes have not been made publicly available. However, the results images are not compared in this work. The method based on the Transformer structure is superior to the method based on the full convolutional neural network, indicating that the Transformer structure has a very good advantage in extracting features. After adding the angle prediction module, the road contour extracted by our method is more intuitive than other methods based on Transformer structure. There are further comparative experiments in the analysis of experimental results. It can be seen from Figure 4 that the road contour extracted by the method proposed in this paper is more intuitive, and the quantitative evaluation results in Table 1 also show the superiority of this method in this paper.
3.4 Experimental analysis
In this section, several aspects of proposed method are discussed.
3.4.1 Selection of fusion features
In order to study the influence of features selected for fusion in the feature fusion layer on the final result, the features used for fusion are adjusted, and the training results are observed. In the main experiment, the original remote sensing image, the preliminary road prediction result, the road angle prediction result, and the mask group M generated in the preliminary road prediction process are input into the feature fusion module, to fuse and predict the final road prediction result. In this experiment, each feature for fusion is removed and the model is trained under the same other settings, to verify the utility of each feature. The test results are shown in Table 2, and it can be seen that each feature used for fusion has a positive impact on the final road prediction results.
TABLE 2 | Comparison of different feature fusion selection methods.
[image: Table 2]3.4.2 Comparison of parameters quantum
In this experiment, the parameter quantity is used by the network model and comparison method as the index to compare the model complexity. The parameter quantity and results of different models trained on the DeepGlobe dataset are shown in Table 3. The method proposed in this paper in the case of optimal results, is lower than the Swin Transformer method, and slightly higher than the MaskFormer and Mask2Former methods in the parameter quantity. This shows that the model performance is not only improved by stacking more parameter quantum for the method proposed by this paper, but also can further optimize the perspective of parameter quantity.
TABLE 3 | Comparison of different methods on DeepGlobe public dataset.
[image: Table 3]3.4.3 Predicting the number of masks in the mask group
In the semantic segmentation module and angle prediction module, the pixel decoder and standard Transformer decoder are used in parallel to predict the mask group M and the mask-to-category mapping matrix C, respectively, and then both are subjected to matrix multiplication to obtain the scheme to be predicted. The mask group consists of N masks, and the size of each mask is consistent with the remote sensing image, while the value of N has no clear relationship with the task itself, which is a manually set hyper-parameter. For the natural image semantic segmentation task in the reference (Cheng et al., 2021b), the value of N set to 100 is a better choice; however, the datasets faced by the model in this paper have 150–847 semantic categories, with an average of 6.6–9.1 semantic categories peer image, which is far from the requirements of road prediction and angle prediction tasks in this paper. Therefore, the experiment is re-organized in this paper to test the influence of different N values on road prediction results. It can be seen from Table 4 that the N set to 100 is still a better choice, because that reducing N value and increasing N value will bring different degrees of effect decline.
TABLE 4 | Comparison of the number of different masks in the predicted mask group.
[image: Table 4]4 DISCUSSION
The research of remote sensing images in road semantic segmentation has made remarkable progress. By using the high resolution and wide coverage of remote sensing images, the road information can be effectively extracted by researchers and achieve accurate segmentation of roads. The current research mainly focuses on two aspects: feature extraction and classification algorithms. In terms of feature extraction, a variety of different methods have been used by researchers, including color, texture, shape and spatial information. These features can effectively capture the different attributes of the road and provide strong support to achieve accurate segmentation. In terms of classification algorithms, many different methods have been adopted by researchers, including traditional machine learning algorithms and deep learning algorithms. Traditional machine learning algorithms such as support vector machine and random forest have achieved some success in road semantic segmentation, but their performance is relatively low due to their limitations on feature expression. On the other hand, deep learning algorithms such as convolutional neural networks and re-current neural networks can better capture the complex features of roads, thereby achieving more accurate segmentation.
The contribution of this paper includes the proposition of a road semantic segmentation extraction method for remote sensing images considering angle prediction. This method uses the stacked Swin Transformer as the feature extraction model, the road angle prediction module is innovatively added to the model, using the prior information of the road angle as a constraint condition, the road angle prediction information is fused with the preliminary prediction of road features, and finally the road segmentation result is obtained.
By comparing with other methods on different remote sensing datasets, results show that both the IoU score and the F1 score are relatively high, which indicates that the effectiveness and superiority of the proposed method. Secondly, the paper proves the superiority of using road angle information as the constraint condition of road extraction related tasks, which can also provide a reference for other related semantic segmentation tasks or other road extraction tasks.
It is noteworthy that if the network model and the comparison method are compared with the parameter quantity as the index, the complexity of the model is comparable. The method in this paper in the case of optimal effect is lower than the Swin Transformer method, and slightly higher than the MaskFormer and Mask2Former methods for the parameter quantity. This shows that the method does not only improve the performance of the model by stacking more parameters, but also further optimizes the perspective of parameter quantity.
5 CONCLUSION
A remote sensing image road extraction method combining semantic segmentation and angle prediction is proposed in this article, based on the semantic segmentation module, an angle prediction module is added in this method, the main function of which is to predict the tilt angle of the road in the remote sensing image, and use the angle feature fusion module to fuse the two types of features. This can make better use of road angle information and get more accurate road extraction results. The joint semantic segmentation and remote sensing image road extraction algorithm of angle prediction on the Deep Globe dataset is compared with the method based on the fully convolutional neural network, the method based on the Transformer structure, and the road extraction method that has performed well in recent years. The experimental results show that the joint method is superior to the existing semantic segmentation method and road extraction method in quantitative evaluation and visual effect. The research work of this paper also shows that using the road angle as the constraint condition of road extraction tasks can effectively improve the model results and provide reference for related tasks.
The research significance of this paper is to provide a more accurate road region extraction method for high-resolution images, which can obtain better road region extraction results, so as to more accurately obtain the distribution of roads in land use and provide essential data support for studying the quantitative relationship between land subsidence and land use.
The future development trend is mainly focused on the following aspects: the first is to further improve the accuracy and robustness of segmentation by introducing more features and improved algorithms to solve the existing problems; the second is to improve the efficiency and real-time performance of algorithm, so that road semantic segmentation can be more widely used in practical applications; the third is to combine other data sources, such as Lidar and geographic information systems, to further improve the accuracy and comprehensiveness of road semantic segmentation. In general, the research on semantic segmentation and road extraction from remote sensing images is constantly making new breakthroughs, and it is expected to play an important role in traffic planning, intelligent driving, and other fields in the future.
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