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Edges are important features in SAR images while edge detection in SAR images remains a challenging problem mostly because of the strong multiplicative noise. Traditional edge detection algorithms for SAR images are mainly based on the ratio operation, which has been proven to have a constant false alarm rate (CFAR) for SAR images. However, the strong noise in SAR images makes most traditional edge detectors for SAR images inefficient, especially in the 1-look situation. Recent deep learning based edge detector for for SAR images GRHED has shown that the combination of a ratio operator and fully convolutional neural networks enables models trained using simulated SAR images to be efficient for real SAR images, which makes it possible to apply deep learning based edge detectors for natural images to SAR images even in the absence of a real SAR dataset for edge detection. Following this paradigm, we propose a new multibranch network architecture, the multi-stream and multi-scale fusion net, (msmsfnet), and combine it with a ratio operator to perform edge detection in SAR images. We show in our experiments that our proposed method achieves better performance than existing methods in both simulated SAR dataset and a 1-look real SAR image.

INTRODUCTION

Edge detection in SAR images is a long standing problem due to the importance of edge features in image analysis, line segment detection [START_REF] Liu | A novel pixel orientation estimation based line segment detection framework, and its applications to sar images[END_REF], road extraction [START_REF] Tupin | Detection of linear features in sar images: application to road network[END_REF] and many other applications. Although many edge detectors are efficient for optical images [START_REF] Kittler | On the accuracy of the sobel edge detector[END_REF][START_REF] Canny | A computational approach to edge detection[END_REF][START_REF] Konishi | Statistical edge detection: Learning and evaluating edge cues[END_REF][START_REF] Martin | Learning to detect natural image boundaries using local brightness, color, and texture cues[END_REF][START_REF] Arbelaez | Contour detection and hierarchical image segmentation[END_REF][START_REF] Dollar | Fast edge detection using structured forests[END_REF], they are, however, not suitable for edge detection in SAR images, mainly because of the strong differences in the statistics of optical and SAR images [START_REF] Touzi | A statistical and geometrical edge detection for sar images[END_REF]. It has been carefully studied and shown in [START_REF] Touzi | A statistical and geometrical edge detection for sar images[END_REF] that the usual difference based gradient operators, which are commonly used in edge detectors for optical images, do not have a constant false alarm rate (CFAR) for SAR images, while the Ratio of Average (ROA) [START_REF] Touzi | A statistical and geometrical edge detection for sar images[END_REF] is more suitable to perform edge detection in SAR images thanks to its CFAR property. Later on, the exponentially weighted average was proved to be optimal to estimate the local mean value of a homogeneous area under the hypothesis of a stochastic multi-edge model, and the Ratio of Exponentially Weighted Average (ROEWA) was proposed to perform edge detection in SAR images [START_REF] Fjørtoft | An optimal multiedge detector for sar image segmentation[END_REF]. [START_REF] Shui | Edge detector of sar images using gaussian-gamma-shapped bi-windows[END_REF] and [START_REF] Wei | Edge detector of sar images using crater-shaped window with edge compensation strategy[END_REF] are still based on the ratio operation, but use different shape of window functions to estimate the local mean value of homogeneous areas. Despite the valuable CFAR property of these ratio-based edge detectors, the edge detection results obtained by them are not satisfying enough because of the strong multiplicative noise in SAR images, especially in the most challenging 1-look situation. To improve the edge detection performance in 1-look real SAR images, a deep learning based edge detector GRHED was proposed in [START_REF] Liu | Training cnns on speckled optical dataset for edge detection in sar images[END_REF], which proposed a strategy to enable models trained using simulated SAR images to be efficient for real SAR images. It was shown in [START_REF] Liu | Training cnns on speckled optical dataset for edge detection in sar images[END_REF] that GRHED significantly boosted the pereformance of edge detection algorithms in 1-look real SAR images.

Observing the efficiency of GRHED in 1-look real SAR images, we propose to improve the edge detection performance of GRHED by designing a new network architecture. We propose a multi-stream and multi-scale fusion net (msmsfnet), which enriches its multi-scale representation capability by utilizing multiple parallel convolutional layers with different size of receptive field, and combine it with a ratio operator (GR) [START_REF] Dellinger | Sar-sift: A sift-like algorithm for sar images[END_REF] to perform edge detection in SAR images. The resulting edge detector GR-msmsfnet is trained using simulated SAR images and tested in both simulated SAR and real SAR images. Our experiments show that the proposed edge detector GR-msmsfnet achieves state-of-theart performance in 1-look real SAR images.

This paper is organized as follows: Section 2 briefly introduces why it is feasible to train CNN models using simulated SAR images for edge detection in real SAR images by combining ratio operators with fully convolutional layers; Section 3 provides details about our proposed new network architecture msmsfnet; Experiments in both simulated SAR images and a real SAR image demonstrating the efficiency of our proposed method are given in Section 4; Conclusions are finally given in Section 5.

GRHED, A DEEP LEARNING FRAMEWORK ENABLING MODELS TRAINED IN SIMULATED SAR IMAGES TO BE EFFICIENT FOR REAL SAR IMAGES

Due to the lack of a real SAR dataset for edge detection to train CNN models, GRHED [START_REF] Liu | Training cnns on speckled optical dataset for edge detection in sar images[END_REF] proposed to simulate SAR images by multiplying natural images with 1-look speckle noise. However, strong differences still exist between simulated SAR and real SAR images, making models trained directly using simulated SAR image inefficient for real SAR images [START_REF] Liu | Training cnns on speckled optical dataset for edge detection in sar images[END_REF]. To tackle this issue, GRHED proposed to combine a ratio operator with fully convolutional layers to handle the differences between simulated SAR and real SAR images. More specifically, the underlying hypothesis of most traditional edge detectors [START_REF] Touzi | A statistical and geometrical edge detection for sar images[END_REF][START_REF] Fjørtoft | An optimal multiedge detector for sar image segmentation[END_REF][START_REF] Shui | Edge detector of sar images using gaussian-gamma-shapped bi-windows[END_REF][START_REF] Dellinger | Sar-sift: A sift-like algorithm for sar images[END_REF][START_REF] Wei | Edge detector of sar images using crater-shaped window with edge compensation strategy[END_REF] for SAR images is that a SAR image can be divided into piece-wise constant areas (homogeneous areas with different mean intensity values). In [START_REF] Touzi | A statistical and geometrical edge detection for sar images[END_REF], the ratio operator was shown to have a constant false alarm rate for SAR images based on the hypothesis that pixels in each of the opposite side windows of an edge pixel are identically, independently, and gamma distributed (a homogeneous area in each window). In [START_REF] Fjørtoft | An optimal multiedge detector for sar image segmentation[END_REF], the exponentially weighted average was proven to estimate the local mean intensity value of a homogeneous area under the hypothesis of stochastic multi-edge model. As most existing edge detectors for SAR images are based on the ratio operation, they are developed based on the same hypothesis. Following the same hypothesis, GRHED propose to tackle the gap between simulated SAR and real SAR images (the difference in the mean intensity values of homogeneous areas) by injecting a ratio operator before fully convolutional layers, as the distribution of the features computed by the ratio operators will be the same for all homogeneous areas regardless of its mean intensity values, and the distribution of features computed by the ratio operators for two homogeneous areas across boundaries depends only on the ratio of the mean intensity values. It has been demonstrated in [START_REF] Liu | Training cnns on speckled optical dataset for edge detection in sar images[END_REF] that GRHED trained using simulated SAR images significantly boosted the performance of edge detection in 1-look real SAR images. In this work, we will build our new edge detector for SAR images following the fashion of GRHED [START_REF] Liu | Training cnns on speckled optical dataset for edge detection in sar images[END_REF] and based on the new network architecture that we will describe in the next section, and show its efficiency in the experimental part.

MSMSFNET: A MULTI-STREAM AND MULTI-SCALE FUSION NETWORK FOR EDGE DETECTION

The multi-scale representation capability of convolutional neural networks (CNNs) is of crucial importance for the task of edge detection. Existing CNN-based edge detectors constantly boost the performance of edge detection by enriching the multi-scale representations learned by the backbone networks in various ways. Although CNN models are naturally multi-scale/muti-level feature extractors because of the downsampled strided layers as well as the increasingly larger receptive field, we can still improve the multi-scale representation capability of CNNs by exploiting network architectures of higher quality.

Fig. 1: The proposed msmsfblock

To enrich the multi-scale representations, we devise a multi-stream and multi-scale fusion block (msmsfblock), and construct our msmsfnet by simply stacking our proposed msmsfblock. As shown in Figure 1 which displays the configurations of our msmsfblock, the input feature maps are fed into four parallel branches, extracting features at different scales due to the difference in the size of the receptive field. The extracted features are then fused by a two-step fusion stage, where the first step fuses features of closer scales, and the second step produces the final output of the msmsfblock.

In our msmsfblock, we utilize excessively spatial asymmetric convolutions (1×n and n×1 convolutions), and only the final 3 × 1 convolutional filter is followed by a ReLU function. Batch normalization is not used in our msmsfblock.

Our proposed msmsfnet is built by stacking the msmsfblock, with spatial max-pooling layers (kernel size 3 × 3, stride 2) injected in-between. Similar to HED [START_REF] Xie | Holistically-nested edge detection[END_REF], we adopt the deep supervision technique [START_REF] Lee | Deeply-supervised nets[END_REF]. We produce side outputs by adding side layers to the msmsfblocks before maxpooling layers and the final msmsfblock. In the side layers, a 3 × 3 convolution is used to reduce the channel dimension of the feature maps to 1. If the feature maps are with reduced resolution due to the downsampling operation done by the max-pooling layer, a deconvolutional layer which is fixed to perform bilinear interpolation is used to upsample the feature maps to the resolution of the input image. The final output of our msmsfnet are then obtained by fusing these side outputs with a 3 × 3 convolutional layer. All side outputs and the fused output are supervised by the edge ground truth with a weighted cross entropy loss as defined in [START_REF] Liu | Richer convolutional features for edge detection[END_REF]. Details about our proposed msmsfnet are displayed in Table 1. 

EXPERIMENTS

In this section, we demonstrate the efficiency of our proposed msmsfnet by comparing it with a traditional ratio operator GR [START_REF] Dellinger | Sar-sift: A sift-like algorithm for sar images[END_REF] and state-of-the-art CNN-based edge detectors in both simulated SAR dataset and a 1-look real SAR image.

Following the paradigm of GRHED [START_REF] Liu | Training cnns on speckled optical dataset for edge detection in sar images[END_REF], we build GR-HED, GR-RCF, GR-BDCN, GR-CATS, GR-DexiNed, and GR-msmsfnet by combining a ratio operator GR [START_REF] Dellinger | Sar-sift: A sift-like algorithm for sar images[END_REF] with several representative CNN-based edge detectors HED [START_REF] Xie | Holistically-nested edge detection[END_REF], RCF [START_REF] Liu | Richer convolutional features for edge detection[END_REF], BDCN [START_REF] He | Bdcn: Bi-directional cascade network for perceptual edge detection[END_REF], CATS [START_REF] Huan | Unmixing convolutional features for crisp edge detection[END_REF], DexiNed [START_REF] Soria | Dense extreme inception network for edge detection[END_REF] as well as our proposed msmsfnet. Non-maxima suppression [START_REF] Dollar | Fast edge detection using structured forests[END_REF] and plain thresholding are used to thin and binarize the edge probability maps computed by different methods. We simulate a 1-look SAR dataset with the augmented BSDS500 dataset [START_REF] Martin | A database of human segmented natural images and its applications to evaluating segmentation algorithms and and measuring ecological statistics[END_REF] and the flipped VOC Context dataset [START_REF] Mottaghi | The role of context for object detection and semantic segmentation in the wild[END_REF] as described in [START_REF] Liu | Richer convolutional features for edge detection[END_REF] by multiplying the images with 1-look speckle noise [START_REF] Liu | Training cnns on speckled optical dataset for edge detection in sar images[END_REF]. We compare the performance of different methods in the two hundred 1-look images which are simulated from the test set of BSDS500 and a 1-look real SAR image (SLC data of Sentinel-1, ESA, IW mode, date: May 12, 2021, area: Paris, France). Our model is implemented using the PyTorch library, and trained from scratch with the Adam optimizer.

The weights of all convolutional layers are initialized using the Xavier Uniform distribution and all biases are initilized to 0. Our model is trained using the following hyper-parameter settings: the mini-batch size for training is set to 6; the learning rate is initially set to 0.0001 and divided by 10 after 20 epochs; the weight decay is set to 10 -12 ; our model is trained for 21 epochs in total. Three criteria are used to compare the performance of different edge detectors: the ODS F1-score (computed using a global optimal threshold), OIS F1-score (computed using an optimal threshold for each image) and AP (Average Precision). The scores computed for different algorithms are displayed in Table 2. It is clearly shown in Table 2 that our proposed msmsfnet achieves higher scores in all criteria, which demonstrate the efficiency of our proposed msmsfnet. Besides, the scores computed by the deep learning based edge detectors are significantly higher (around 10 percent higher in terms of ODS F1-score and OIS F1-score, and more than 20 percent higher in terms of AP) than those of GR [START_REF] Dellinger | Sar-sift: A sift-like algorithm for sar images[END_REF], which demonstrates the benefits of exploiting convolutional neural networks to improve the performance of edge detectors in images corrupted by strong noise.

We further compare the performance of different algorithms in a 1-look real SAR image of size 512 × 512 pixels. The edge maps computed by different algorithms are displayed in Figure 2. It is clearly shown in Figure 2 that our proposed method GR-msmsfnet achieves the best edge detection results with more true edges detected and much less false detections. As shown in Figure 2-(h), the edges detected by our proposed GR-msmsfnet are more complete. Compared to the traditional ratio operator GR, GR-CATS also achieves better edge detection results with more complete edges and less false detections. However, the edge detection results computed by GR-HED, GR-RCF, GR-BDCN and GR-DexiNed in the real SAR image are very poor and worse than that computed by GR, although the scores computed by them in the simulated SAR dataset are significantly higher than those of GR. The efficiency of GR-msmsfnet and GR-CATS in the real SAR image shows that the strategy of combining a traditional ratio operator with fully convolutional neural networks successfully enables the models trained using simulated SAR images to work in real SAR images, as demonstrated in [START_REF] Liu | Training cnns on speckled optical dataset for edge detection in sar images[END_REF] and [START_REF] Liu | A novel pixel orientation estimation based line segment detection framework, and its applications to sar images[END_REF], where GR-HED performed efficient edge detection in several 1-look real SAR images. In contrast, the poor edge detection results computed by GR-HED, GR-RCF, GR-BDCN and GR-DexiNed in the real SAR image poses an important issu of CNNs: its generalization capability. This is indeed worthy of study in the future work.

CONCLUSIONS

In this work, we demonstrate the efficiency of combining traditional ratio operators with fully convolutional neural networks for edge detection in real SAR images. This special design makes it feasible to develop deep learning based edge detectors for SAR images even in the absence of a real SAR dataset for edge detection. Experimental results show that the edge detection performance in 1-look real SAR images can be significantly boosted with the help of deep learning and the strategy to combine a ratio operator with fully convolutional networks. Besides, we propose a new network architecture, termed as msmsfnet, and enhance its multi-scale representation capabilities by exploiting a multi-branch architecture with diverse receptive field sizes and a two-step fusion step. We also significantly increase the depth of the network by utilizing excessively spatial asymmetric convolutions. Furthermore, the poor performance of several deep learning based edge detectors in a 1-look real SAR image exposes the generalization issue of CNNs, as they achieve much better edge detection results in simulated SAR dataset than the traditional ratio operator. The generalization issue of those methods deserves further attention and we will study it in the future work.
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 2 Fig. 2: Edge detection results computed by different edge detection algorithms in a 1-look real SAR image (Sentinel-1) of size 512 × 512 pixels.

  

Table 1 :

 1 The network architecture of our msmsfnet

	msmsfblock-128	
	msmsfblock-128	
	msmsfblock-128	→ side output 1
	max-pooling	
	msmsfblock-256	
	msmsfblock-256	
	msmsfblock-256	→ side output 2
	max-pooling	
	msmsfblock-512	
	msmsfblock-512	
	msmsfblock-512	→ side output 3

Table 2 :

 2 Comparison of different methods in the 200 1look speckled optical images simulated using the test set of BSDS500.

	Method	ODS	OIS	AP
	GR	0.589 0.615 0.479
	GR-HED	0.695 0.711 0.716
	GR-RCF	0.693 0.708 0.708
	GR-BDCN	0.694 0.710 0.715
	GR-CATS	0.695 0.711 0.722
	GR-DexiNed 0.697 0.714 0.709
	GR-msmsfnet 0.700 0.717 0.724
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