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Introduction

Synthetic Aperture Radar (SAR) images help to reveal important patterns on appointed regions and objects. So, it is useful to generate natural pseudo colors on high-resolution satellite images for understandability improvement. In the past few years, deep learning has had an enormous impact on the field of remote sensing [START_REF] Zhang | Deep learning for remote sensing data: A technical tutorial on the state of the art[END_REF][START_REF] Zhu | Deep learning in remote sensing: A comprehensive review and list of resources[END_REF]. Among deep learning advantages, is to model highly non-linear relationships between remote sensing observations and the eventually desired geographical parameters that could not be represented by previous models. Data fusion is considered one of the most promising directions of deep learning in remote sensing [START_REF] Schmitt | Data fusion and remote sensing: An ever-growing relationship[END_REF]. A special case of this direction is a combined exploitation of SAR and Optical images, as these data modalities are completely different in terms of geometric and radiometric appearance. Optical images collect information about the chemical characteristics of the observed environment, while SAR images observe the physical properties of the target scene. On the other hand, SAR images are based on range measurements, while optical images are based on angular measurements. Most of the work for optical image colorization is majorly divided into three categories: scribble-based colorization [START_REF] Huang | An adaptive edge detection based colorization algorithm and its applications[END_REF][START_REF] Levin | Colorization using optimization[END_REF][START_REF] Luan | Natural image colorization[END_REF], Example-based colorization [START_REF] Chia | Semantic colorization with internet images[END_REF][START_REF] Liu | Intrinsic colorization[END_REF][START_REF] Welsh | Transferring color to greyscale images[END_REF] and deep learning-based colorization [START_REF] Cheng | Deep colorization[END_REF][START_REF] Deshpande | Learning large-scale automatic image colorization[END_REF][START_REF] Larsson | Learning representations for automatic colorization[END_REF][START_REF] Zhang | Colorful image colorization[END_REF][START_REF] Zhang | Real-time userguided image colorization with learned deep priors[END_REF]. The scribble-based approaches require user intervention to scribble desired colors in certain regions. Then the colors are propagated to the whole image based on pixels adjacency criterion. The example-based approach, remove the burden of annotating the image with color scribbles by using a color reference image to transfer color. Whereas deep learning methods have considered the image colorization as a self-supervised problem, and they propose various convolutional network architectures with different loss functions. Moreover, a novel learning structure called generative adversarial network (GAN) [START_REF] Goodfellow | Generative adversarial nets[END_REF] was popularly employed in this field for being able to instruct CNN to learn and generate realistic results. Isola et al. [START_REF] Isola | Image-to-image translation with conditional adversarial networks[END_REF] (Pix2Pix) leveraged the power of conditional GANs in the context of image colorization, by coupling a DCGAN [START_REF] Isola | Image-to-image translation with conditional adversarial networks[END_REF] based on the U-net architecture for the generator network and a Markovian definition for the discriminator, i.e. Patch-GAN architecture. Nazeri et al. [START_REF] Nazeri | Image colorization using generative adversarial networks[END_REF] proposed generative network-based on L1 loss in architecture with skip connections, within a "U-Net" shape. Xiao et al. [START_REF] Xiao | Single image colorization via modified cyclegan[END_REF] formulate the process of colorization as image-to-image translation based on a variation of GANs called CycleGAN to predict RGB color space, where high-level semantic identity loss and low-level color loss are employed. Caoe et al. [START_REF] Cao | Unsupervised diverse colorization via generative adversarial networks[END_REF] proposed a conditional generative adversarial network (cGAN) based on a fully convolutional generator with multi-layer. Suarez et al. [START_REF] Suárez | Infrared image colorization based on a triplet dcgan architecture[END_REF] proposed an approach for colorizing the infrared image based on a triplet DCGAN architecture.

In remote sensing, generating artificial colorized images is an ill-posed problem with multiple solutions, since most of the natural objects can have several colored appearances. Therefore, holding a spatially stable color theme for these objects that belong to main land-cover categories is a higher priority. Inspired by GAN-based image colorization techniques, we propose a new Artificial-SAR colorization model based in GAN for Sentinel-1 [START_REF] Schmitt | The sen1-2 dataset for deep learning in sar-optical data fusion[END_REF] images. The contributions of this paper are as follows:

-Proposing a new model for Artificial-SAR colorized images that employs two discriminators to promote the restitution of fine-colors of the generated images. The first discriminator is dedicated to the pixel level and the second one for image color level.

-Employing an improved version of U-net architecture for the generator, using residual connections, to avoid the vanishing gradient problem, and ensure the flow of low-level information inside the network using skip connections.

-Training the generator with discriminators using non-adversarial color loss, in order to evaluate the difference in brightness, contrast and major colors between generated images and original ones.

Proposed Model

Generative Adversarial Networks (GANs) [START_REF] Goodfellow | Generative adversarial nets[END_REF] was popularly employed for image generation and automatic colorization, and proved to be powerful in making up textural and color details. GANs consist of two neural networks competing with each other: a generator and a discriminator respectively. While the generator tries to fool the discriminator by generating realistic synthetic images, the discriminator tries to distinguish generated fake images from real ones. Both networks are trained simultaneously until the generator can consistently generate results that the discriminator cannot distinguish. To optimize the architecture of GAN so that it can effectively achieve grayscale remote sensing image colorization, the generator network is used to generate the colorized images from SAR images. The discriminator network discriminates whether the color image data is real or colorized by the generator network. This can be defined by the equation:

L GAN (G, D) = E y∼pdata(y) [log(D(y)] + E x∼pdata(x) [log(1 -D(G(x))] (1) 
The GAN model tries to solve the minimax problem which is defined as follows:

min G max D (E y∼p data (y) [log(D(y))] + E x∼p x (x) [log(1 -D(G(x)))]) (2) 
where G(x) is the output of a generator network for a given x data, D denotes the discriminator network, y is a sample data from a real distribution and x is random noise. We further refers to data distributions as y ∼ pdata(y) and x ∼ pdata(x).

In the context of Artificial-SAR image colorization, we propose an extended model illustrated in fig 1. which employs two discriminators: an image discriminator Di and a color discriminator Dc. The first one discriminates real images (RGB) from colorized Artificial-SAR images by inspecting their pixel values, while the second discriminates real images from colorized ones by inspecting their color, brightness, and contrast difference. The combination of the two discriminators improves the accuracy of image discrimination. Adversarial training between the generator and multi-discriminators (Image and Color) forces Artificial-SAR images to converge with Optic images in terms of data and color distribution, to finally improve image visual perceptual quality. The architectures of our discriminators are shown in Table 1. Besides, our generator follows the U-Net shape and uses residual connections between deconvolutional layers, to avoid the vanishing gradient problem and preserve image information transfer across generator layers, which help to obtain generated image with fewer speckles. We choose to use the L*a*b color space for our Artificial-SAR colorization task. The reason why, is because L*a*b color space contains a dedicated channel (L) to depict the brightness of the image, and the color information is fully encoded in the remaining two channels (a*b). As a result, we avoid any unexpected variations in both color and brightness through small perturbations in intensity values that can be observed in using RGB color space.

Discriminator Di

Real ? Fake ? Image Discriminator Color Discriminator conv(k4,s2,n64),LeakyRelu conv(k4,s2,n64),LeakyRelu conv(k4,s2,n128),LeakyRelu,BN conv(k4,s2,n128),LeakyRelu,BN conv(k4,s2,n256),LeakyRelu,BN conv(k4,s2,n256),LeakyRelu,BN conv(k4,s2,n512),LeakyRelu,BN conv(k4,s2,n1),LeakyRelu conv(k4,s2,n1),LeakyRelu Table 1: The architecture of our dual image-color discriminators. n, k and s denote respectively the number of Conv filters, the size of the filter and the stride.

Conventional Loss function

In the context of automatic colorization, based on the previous colorization work [START_REF] Nazeri | Image colorization using generative adversarial networks[END_REF], we consider a l 1 -loss for pixel level. The l 1 -loss is minimized by measuring the distance between the generated image G(x) and the real image y. l 1 -loss can be written as:

L l1 = E x,y ||y -G(x)|| 1 ( 3 
)
where G(x) and y have the same size.

Proposed Loss functions

GAN loss L M-Dis (G, D i , D c ): Based on the above loss functions (Eqs. 1,3), we trained the generator with the two discriminators by introducing a loss function that takes the form:

L M-Dis (G, D i , D c ) = λ i L GAN (G, D i ) + λ c L GAN (G, D c ) (4) 
where λ i and λ c denote a defined regularization factors, L GAN (G, D i ) refers to pixel GAN loss which represents high-frequency details in the pixel domain, L GAN (G, D c ) is the color GAN loss that characterizes color details.

The pixel GAN loss can be defined as follows:

L GAN (G, D i ) = E y∼pdata(y) [log(D i (y)] + E x∼pdata(x) [log(1 -D i (G(x))] (5) 
To compute the color GAN loss, for the discriminator D c , we take a blurred image as input and discriminates images by color, brightness and contrast. The blurred image is obtained via blurred convolution B:

y b = y * B, G(x) b = G(x) * B
where y b and G(x) b are respectively the blurred images of the real images and generated ones. * denotes the convolution operation, and B refers to the blur filter. The weights of the filter B are fitted to the Gaussian distribution, while the size of B is 21 × 21 with stride 1. B can be computed by the equation bellow:

B(x, y) = A exp(- (x -µ x ) 2 2σ 2 x - (y -µ y ) 2 2σ 2 y ( 6 
)
with A = 0.053, µ x,y = 0 and σ x,y = 3 We fixed a constant σ x,y by visual inspection as the smallest value which ensures that texture and content are dropped as observed in figure 2. So, our color GAN loss can be defined by:

Fonction de perte de la couleur

L GAN (G, D c ) = E y∼pdata(y) [log(D c (y b ] + E x∼pdata(x) [log(1 -D c (G(x) b )] (7) 
Color loss L color : Moreover, we suggest non-adversarial color loss to evaluate the difference in brightness, contrast and major colors between images, while eliminating texture and content comparison. It can be written as:

L color = ||y b -G(x) b || 2 2 (8)
where y b and G(x) b are the blurred images of y b and G(x) b , resp.

Full Objective: Our full objective loss can be written by the equation:

L Multi-GAN (G, D i , D c ) = L M-Dis (G, D i , D c ) + λ l1 L l1 + λ color L color (9) 
where λ l1 and λ color are parametric factors. Our goal is to solve the minimax game problem with the value function:

G, D i , D c = arg min G max D i ,D c L Multi-GAN (G, D i , D c ) (10) 
3 Experimental Analysis

In this section, we discuss the performance of our proposed model. The quantitative and qualitative evaluations were performed on the SEN1-2 dataset 

Training details

To train our networks, we first select two pairs of scenes (SAR & Optical) from SEN1-2 dataset to get a total of 2340 pairs images of size (256 × 256). Adam is selected as our optimizer for generator and discriminators, with an initial learning rate α 1 = 0.003 for the generator and α 2 = 0.0003 for discriminators. We set the regularization factors λ i = 1 and λ f = 10 -2 (Eq.4). As a result of extensive hyper-parameters optimization, λ l1 = 100 (Eq.9) and λ color = 1.2 (Eq.8) because its produce stable Artificial-SAR colorization results with less artifacts as shown in figure 3. The number of training epochs is 200 where the batch size is 4. We have implemented our model in Tensorflow. We compare our proposed model with state-of-the-art methods Isola et al. [START_REF] Isola | Image-to-image translation with conditional adversarial networks[END_REF] and Nazeri et al. [START_REF] Nazeri | Image colorization using generative adversarial networks[END_REF]. The experiment results in fig. 5 show that Pix2Pix is not suitable for generating Artificial-SAR colorized images. So, we limited our comparison with Nazeri et al.. Figure 6 shows that our proposed model outperforms Nazeri et al. by producing Artificial-SAR colorized images with less artifacts and realistic color. Moreover, we can observe that the proposed model generate images with well-sharper regions (black rectangles in fig. 6), we can explain that by the residual connections that we insert between deconvolutional layers in our generator, which preserve the image structure.

Result analysis

For quantitative comparison by the PSNR, SSIM and color histogram difference by the correlation method (Histcomp), some models can not show significant improvement in PSNR and SSIM or they produce Artificial-color images which do not correspond to the real ones, so, the evaluation metrics could not be calculated. As shown in table 2, SAR Optical Pix2Pix

Fig. 5: Colorization result by Pix2Pix approach [START_REF] Isola | Image-to-image translation with conditional adversarial networks[END_REF] the proposed model produces images with good PSNR, SSIM and Histcomp values and ensure a tradeoff with visual results. This is reflected by the generated images having sharper details and more fine-tuned structures. 

Conclusion

In this paper, we proposed a novel Artificial-SAR image colorization GAN network for Sentinel-1 images. The proposed model employs two discriminators for image and color information. Moreover, a non-adversarial color was used to improve the generator output, by evaluating the difference in major colors between the images while eliminating texture and content comparison. Compared with state-of-the-art methods which use a single discriminator, a great reduction in overall color prediction error has been shown in experiments. Such model will serves to maintain visual recognizability at less textured large continuous regions, when it's difficult to be viewed in SAR images. Moreover the proposed model was able to consistently produce pleasing visual colorized images with less artifacts. 

Fig. 1 :

 1 Fig. 1: Architecture of the proposed model, we employ two discriminators, an image discriminator in the pixel domain and a color discriminator. The generator follows the U-Net architecture with residual connections.

Fig. 2 :

 2 Fig. 2: Results of an RGB image after applying the Gaussian filter B, on its LAB transformation with σ x,y = 3.

Fig. 3 :

 3 Fig. 3: Figure is better seen zoomed on the digital version of this document. Comparison results with different values of λ color .

First, weFig. 4 :

 4 Fig. 4: Figure is better seen zoomed on the digital version of this document. Influence of each component in our proposed model.

Fig. 6 :

 6 Fig. 6: Figure is better seen zoomed on the digital version of this document. Comparison results between our proposed model and Nazeri et al. [12]

Table 2 :

 2 Quantitative comparison between the proposed model and Nazeri et al.[START_REF] Nazeri | Image colorization using generative adversarial networks[END_REF].

	Method	PSNR SSIM Histcomp
	Nazeri et al. [12] 20.89 0.61	0.90
	Proposed Model 21.74 0.65	0.98
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