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The Atlantic coast of Morocco, being part of the Easter Boundaries Upwelling Ecosystem, is characterized by high biological productivity and seasonally variable upwelling all year around. In this work, we develop new deep learning tools to monitor the Moroccan upwelling from biological and physical satellite images. The proposed method consists of a convolutional neural network (CNN) based on an encoder-decoder built on the U-Net structure, to localize the upwelling regions. Furthermore, we provide a new indices based on the analysis of sea surface temperature (SST) and chlorophyll-a (chl-a) images to give an overall view of the upwelling variability from both the biological and physical sides at once. The new proposed indices are based on the proposed segmentation method, which makes it possible to monitor the upwelling dynamics from both satellite observations. The elaborated procedure is applied over a database of weekly SST and chl-a images covering the period from 2000 to 2019, and the results are used to analyze its fluctuations between seasonal and interannual variations in the region.

Introduction

The Canary Current Upwelling System (CCUS) is one of the most productive regions in the world, therefore constitutes a major economical component for several African countries through fisheries activity [START_REF] Arístegui | Sub-regional ecosystem variability in the canary current upwelling[END_REF]. It is characterized by a large coastline and a productive marine ecosystem, making it the richest in the world, especially the one along the coastlines of Morocco and Mauritania, which is considered to be the second most productive of the Eastern boundary upwelling systems [START_REF] Thiele | Microbial communities in the nepheloid layers and hypoxic zones of the canary current upwelling system[END_REF].

In this work, we focus on the Moroccan part of this system, which is characterized by the presence of the upwelling almost all the year around Tamim et al. (2014), and gives rise to a very important primary production dominated by pelagic species. In fact, the trade winds are the engine behind the Moroccan upwelling, giving rise to a general surface current that operates along the coast from North to South, and seasonally variable cold and nutrient-rich waters in coastal areas (El Aouni et al. 2019).

The Upwelling phenomenon is usually identified from infrared thermal satellite images which reflect its physical side, or from ocean color satellite images, which reflect its biological side consisting of phytoplankton biomass El [START_REF] El Abidi | An efficient detection of moroccan coastal upwelling based on fusion of chlorophyll-a and sea surface temperature images with a new validation index[END_REF].

SST and chl-a concentration are largely used in the literature to study the upwelling phenomenon. For example, authors in El Aouni et al. (2019a), [START_REF] Rossi | Surface mixing and biological activity in the four eastern boundary upwelling systems[END_REF], studied the nonlinear relationship between surface mixing and biological productivity in the upwelling. Others addressed the issue of the upwelling identification from SST and chl-a images; Others made use of SST images together with different techniques from image processing field to detect the upwelling regions along the Southern part of Atlantic coast of Morocco. Authors in [START_REF] Tamim | A simple and efficient approach for coarse segmentation of moroccan coastal upwelling[END_REF], identified and detected the upwelling region from SST images based on the use of conventional methods from the images processing field. Their approach starts by segmenting SST images into two classes, upwelling and non upwelling based on a clustering algorithm, then uses a region growing algorithm to extract the upwelling regions. Similarly, the same philosophy is used in [START_REF] Tamim | On detectability of moroccan coastal upwelling in sea surface temperature satellite images[END_REF], but this time based on the use of advanced images processing techniques. Authors in [START_REF] Tamim | Upwelling detection in sst images using fuzzy clustering with adaptive cluster merging[END_REF], applied the FCM algorithm on SST images which a large number of clusters, then reduces the latter successively by merging similar clusters that respect a certain adaptive threshold criterion. Another method is proposed in [START_REF] Tamim | Automatic detection of moroccan coastal upwelling zones using sea surface temperature images[END_REF] consists of using both unsupervised clustering techniques, k -means and FCM to automatically identify the appropriate number of clusters in SST images. Tamim et al. (2014) used Otsu algorithm to generate c-partitioned labeled images, then they used two validity indices to select the c-partition that gives the best shape of the upwelling zone. On the other hand Tamim et al. (2014a) and Tamim et al. (n.d.) used respectively region growing segmentation and Expectation-Maximization algorithm to identify and extract the Moroccan upwelling regions from SST images.

Recently, authors in El Aouni et al. ( 2019) proposed, for the first time, a new upwelling-informed method which successfully identifies and extracts the upwelling region along the Moroccan coast from both physical and biological satellite observation, and used the latter to carry on a historical study of the upwelling dynamics in an interplay between spatial and temporal variability. Authors in [START_REF] Benazzouz | An improved coastal upwelling index from sea surface temperature using satellite-based approach-the case of the canary current upwelling system[END_REF], also focused on the same region, but based on a thermal upwelling index to characterize its seasonal and interannual main patterns. The aforementioned index, which is defined as a thermal difference between the offshore and coastal waters, is improved in El Aouni et al. (2018a) andused in El Aouni et al. (2020) over 10 years database of SST images to study the upwelling dynamics along Morocco. Additionally to the previous literature, authors [START_REF] El Abidi | Detection of moroccan coastal upwelling using the alpha blending fusion technique of sea surface chlorophyll images and sea surface temperature images[END_REF], proposed different methods to detect the Moroccan coastal upwelling based on image fusion concept. In fact, they detected the upwelling region from both SST and chl-a images and proposed a new upwelling index to asses their proposed method. Authors in [START_REF] Demarcq | Application of a chlorophyll index derived from satellite data to investigate the variability of phytoplankton in the benguela ecosystem[END_REF] used chl-a images and defined a new upwelling index, as the integration of the chl-a concentration from the coastline to the limit of the extracted upwelling regions.

However, all previous works are based on classical methods of image processing, and suffer from two main issues; they are time-consuming because they all rely on optimization, and secondly, they depend too much on the input type of the data. In this article, we propose a new deep learning method that allows the upwelling monitory regardless of the input quantities.

Deep learning techniques have shown potential in processing ocean feature data. One study [START_REF] Thiria | Downscaling of ocean fields by fusion of heterogeneous observations using deep learning algorithms[END_REF] proposed a method using CNNs to improve resolution by combining low-resolution geophysical fields with high-resolution data. Another work [START_REF] Zheng | Purely satellite data-driven deep learning forecast of complicated tropical instability waves[END_REF] developed a deep learning model based on satellite data for accurate prediction of SST changes in tropical instability waves. Additionally, inZhou et al. (2022), proposed dual-branch sea fog detection network to detect and analyze sea fog events in mixed cloud areas.

Our work is based on U-Net Encoder/Decoder network. Using the U-Net architecture for segmentation of Moroccan upwelling regions is advantageous over previous methods. It allows for efficient feature extraction and high-level feature recognition, resulting in more accurate predictions of the upwelling regions. It is also robust to noise and variability commonly found in satellite images of the ocean and can handle large datasets, which is essential for segmentation of upwelling regions that require processing a large number of satellite images. After that, we propose a new upwelling indices which use both SST and chl-a images at once to characterize the upwelling seasonality along the Moroccan Atlantic coast, and it is based on the use of our proposed segmentation method. We apply our new indices over a 20-years composite time series of SST and chl-a satellite images, analyze the results in terms of seasonal variability, and further classify our system into sub-regions characterized by different upwelling seasonality.

DATA AND AREA OF INTEREST

Our study focuses on the Moroccan Atlantic coast, spans from ( 21• N to 36 • N and 6 • E to 19 • E). The data used in this work consist of 8-days MODIS-TERRA mapped products with 4 × 4 km of spatial resolution, which are publicly available in NASA's oceancolor website http://oceancolor.gsfc.nasa.gov/. 8-days images are used to minimize the number of pixels affected by clouds and to build a compromise between the variability of pixel values and the need to provide continuous spatio-temporal coverage [START_REF] Tamim | A simple and efficient approach for coarse segmentation of moroccan coastal upwelling[END_REF] (El Aouni et al. 2019). Our database contains 909 images of SST and chl-a covering the period between [2000,2019]. Fig. 1 shows an example of these products that are used in this work; a) represents an SST images expressed in degree Celsius, and (b) a chl-a image where the pixel values correspond to the number of milligrams of chlorophyll per cubic meter of seawater. These two images are captured at the same date, however, the chl-a image shows more cloud (white color) compared to the SST image, and this is dues to the wavelengths and the preprocessing algorithms used to produce these data. El Aouni et al. ( 2019). 

CNN for Upwelling

Dataset

The dataset is composed of 1818 images (SST and chl-a), of size 384×384 pixels. These images and their corresponding segmentation mask are the input of our network. The mask is based on the use of a recent method that identifies and extracts the upwelling from both SST and chl-a images El Aouni et al. (2020).

Architecture

Our work's primary goal is to detect and track the upwelling regions from SST and chla images. For this, We employed a CNN architecture made up of encoders and decoders named U-Net. Fig. 2 shows an overview of the proposed method. First, the network is trained with the CNN model to classify images (SST or chl-a), then we use the U-Net architecture to segment them. U-Net is a convolutional neural network (CNN) architecture that was originally designed for biomedical image segmentation tasks but has since been applied to various other image segmentation tasks, including upwelling region segmentation in satellite imagery. U-Net consists of an encoder network that down-samples the input image and a decoder network that up-samples the output of the encoder network to produce a segmentation map of the same size as the input image. The first half of the architecture diagram is the encoder. It consists of a series of convolutional layers followed by a max pooling layer. The purpose of the encoder is to extract features from the input image and gradually reduce its spatial resolution. Each convolutional layer applies a set of filters to the input image, producing a set of feature maps. In the U-Net architecture, the kernel size for each convolutional layer is set to 3 × 3. The number of filters used in the first convolutional layer is typically small (e.g., 16), and then gradually increases by a factor of two after each max pooling operation, until they reach 256. Batch normalization is applied after each convolutional layer to normalize the output and accelerate the training process [START_REF] Ioffe | Batch normalization: Accelerating deep network training by reducing internal covariate shift[END_REF].

The max pooling layer is used to reduce the spatial resolution of the input image by downsampling the feature maps. This allows the network to learn more abstract features in the deeper layers of the network. The output of the encoder is a set of feature maps with reduced spatial resolution and an increased number of channels. These feature maps are then passed on to the decoder part of the U-Net architecture.

The decoder part consists of a series of upsampling layers followed by a convolutional layer. Each upsampling layer increases the spatial resolution of the feature maps and reduces the number of channels. In the U-Net architecture, the upsampling is done using transposed convolutional layers, which are also known as deconvolutional layers or fractionally strided convolutions. After each upsampling operation, a convolutional layer is applied to the resulting feature maps to combine the information from the encoder and the decoder parts. Each convolutional layer uses a 3 × 3 kernel and is followed by batch normalization and a ReLU activation functionHarrison et al. ( 2021). The purpose of these operations is to extract more abstract features from the feature maps and to make the output more discriminative. Finally, the output of the decoder is passed through a softmax function to obtain a probability distribution over the two classes (upwelling and non-upwelling) for each pixel in the image. The output of the softmax function is a set of probabilities that represent the likelihood of each pixel belonging to each of the two classes. A binary mask can then be generated by thresholding the probabilities, to obtain the final segmentation map that identifies the upwelling regions in the input image (see Fig. 3).

Experiment

The network is trained using the input dataset and their corresponding segmentation mask, with ADAM optimization function, an initial learning rate of 0.0001, and 500 epochs. We divide our dataset to (75%) training , (25%) tests. The predicted segmentation in Fig. 3 shows that the U-Net architecture is more effective than the classical method in detecting upwelling in both SST and chl-a. In fact, the U-Net architecture was able to detect upwelling in the northern region, especially for the sst image where the classical method failed to do so. 

Validation

To validate the segmentation, We apply our algorithm and the algorithm proposed by El Aouni et al. ( 2020) over 92 SST and 92 chl-a images of two successive years (2020)(2021). We examine the results obtained by computing the validation upwelling index The result of this index demonstrates that our method delimits the true limits corresponding to the main Moroccan upwelling fronts, with a higher percentage when compared to the V up of the proposed methodology in El Aouni et al. (2020).

Upwelling indices

In this work, we use the upwelling extraction method proposed in Section 3.2 to develop two new simple and intuitive indices; the first to evaluate the variability of the cold-nutrient upwelling water, and the second to assess its presence.

Setup

Coastal upwelling is conditioned by the width of its continental shelf. As Consequently, the radials ("radials" in this context refers to lines indicated by the red line in (Fig. 6(a))) are positioned perpendicular to the general direction of the coast, represented by a virtual line (Black line in Fig. 6(a)). This orientation has been chosen to effectively cover the width of the continental shelf and to respect the underlying physical principles that drive this phenomenon El Aouni et al. (2020).

Indices calculation

The first index is defined as the mean average of the upwelling temperature and chl-a concentration for each radial. This average is calculated within the the extracted upwelling regions (up) indicated by the white line in Fig. 6(a). Starting from North to South, each radial rϵ {1.....n} contains temperature values r = {T r i ; i = 1.....n}, and chl-a concentration values r = {C r i ; i = 1.....n}. Therefore, over each radial, this index is defined as:

I r s = mean(T r iu p ) (1) I r c = mean(log 10 (C r iu p )) (2)
The result of I r s and I r c are represented in fig. 4. The second upwelling index is based on the use of the binary images of SST and chl-a (Fig. 3 White color in predicted segmentation represents the upwelling area). The goal of this index is to verify the upwelling existence over each radial , taking into account false-positive cold and high chl-a concentration water, and it is computed as described in the Algorithm 1.

The input for the algorithm is denoted by SI SST and SI chl-a , which correspond to the SST and chl-a images, respectively. Additionally, I r bs and I r bc represent the calculated indices for SST and chl-a respectively. The resulting index values are visualized via a Hovmoller diagram showing the presence of upwelling (see (fig. 5)). assumes a balance between the Coriolis effect and coastal wind stress, enabling the offshore Ekman transport per unit length (ν = τy ρf ) in the zonal direction to be determined. This transport assessment is crucial for evaluating the volume of upwelling flow. It is influenced by both wind stress (τ y ) and Coriolis force (f ), with ρ representing the density of surface water in the meridional direction.

Discussion

The proposed indices are used to study the seasonal and interannual variability of the upwelling dynamics via Hovmoller-diagrams computed from SST (fig. 4) and chl-a (fig. 5) for the period between 2000-2019.

The main upwelling patterns computed from physical and biological observation are generally the same, and they are very comparable to that of the Cross-shore Ekman transport (Fig. 6). This alignment with the wind-based upwelling index validates our new indices, and allows to further analyze sub-mesoscale fluctuations which are not captured by the wind (25km) but are indeed captured by the new indices(4km). Our results suggest that our system can be synthesized into four distinguished regions: Southern part between (21 • N , 27 • N ): the thermal interannual and seasonal variability of the upwelling confirms its presence and strength throughout the years (fig. 5.a) with maximum temperature from summer to autumn, especially during the years of 2010 and 2012, and it decreases by 2 ∼ 8 in spring.(fig. 4.a). In the biological side, interesting discontinuities of upwelling presence were observed. Indeed, it is absent from June to September in all years, except the years 2000 and 2001 where the upwelling is absent also in spring (fig. 5.b). The maximum chl-a concentration is between November and May, with few weeks delays from year to year, with extreme event being recorded during the years 2011 and 2018. (fig.4.b). In this region, the physical observations detect more upwelling and therefore are more reliable than the chl-a.

Part between (27 • N , 30 • N ): the upwelling temperature is quite comparable to the one above, with the appearance of some parts of the cloud in winter and spring near Cape Ghir (30 • N ) (fig. 4.a). On the other side, the chl-a images show even further more clouds, mainly from February to December (fig. 5.b), with a winter pattern quite similar to that observed in Ekman transport, which can explain the presence of the clouds during that particular period of the year which is associated with decrease of the wind intensity and changes in their direction. The overall finding makes this area characterized by intense upwelling with moderate presence. Similar to the region above, the SST parameter detects more upwelling than the chl-a parameter.

Part between (30 • N , 33 • N ): it is characterized by moderate temperature throughout the years (fig. 4.a), with a seasonality in the upwelling presence varying both yearly and meridionally with interesting anomalies, particular in 2010 (fig. 5.a). For the chl-a images, the upwelling is present in all years, with few weeks where upwelling is absent. Contrary to the aforementioned regions, this one clearly shown the upwelling is more present in the biological observation and this is mainly related to surface mixing and stirring associated with high jets (strong ocean currents that occur close to the surface) and other instabilities that are often developed in the region.

The northern part between (33 • N , 36 • N ): all the years suggest low upwelling in the SST images with intense presence of clouds, which decreases in the chl-a images, but it still remains generally low compared to the rest of the system (fig.5.b).

Conclusion

To summarize, in this work, we present a novel approach to extract and identify the upwelling region along the Atlantic coast of Morocco from SST and chl-a images. This approach is based on the use of the U-Net architecture, which is widely used for image segmentation. We validate objectively the proposed methodology by computing the V u p index over the years between 2020 and 2021. On the other hand, we have proposed new upwelling indices based both on physical and biological observations. These indices are computed based on our proposed method which takes into account the physics creating the phenomenon, therefore it gives more insight into its dynamics. Moreover, the new indices are very comparable to the classical one, based on the Ekman transport, but now they allow observation of submesoscale fluctuations which is not the case in the wind data. We used these indices over a period of 20 years worth of satellite images to study and analyze the upwelling activity in the region. Moreover, we analyzed the performance of each satellite observation over each sub-region, to allow further recommendations for better upwelling monitoring and tracking.
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 1 Figure 1. (a) SST ( • C) and (b) chl-a [log 10 (mgm -3 )] images selected from our database.
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 2 Figure 2. Overview of the proposed methodology using U-Net architecture to extract and identify upwelling along the Atlantic coast of Morocco from SST and chl-a images.
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 3 Figure 3. Result of segmentation obtained by applying the U-Net structure to (a) SST and (b) chl-a images.
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 456 Figure 4. Space-time Hovmoller diagram of (a) mean-averaged temperature computed from SST images, (b) mean-averaged chl-a concentration computed from chl-a images.

  (fig.5.b), with a general moderate chl-a concentration throughout the years (fig.4.b).

Table 1 .

 1 (V up ) developed by El Abidi et al. (2020). The results of V up are shown in Tab. 1. Results of Vup on the proposed methodology and the methodology of El Aouni et al. (2020) on SST and chl-a images from 2020 to 2021.

		time	V up
	Proposed methodology	3s	SST= 78.30%; chl-a= 78.97%
	Methodology of El Aouni et al. (2020) 1min9s SST= 76.74%; chl-a= 77.88%