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Abstract

:

The blockage of the Suez Canal, one of the world’s key trade routes, by a giant container ship in March 2021 was in the spotlight of news media worldwide, mainly because of its economic impacts. In this study, we look at this event from an environmental perspective by analyzing the impact of the artificial barrier made by the ship over the channel and of operations like dredging on the concentration of total suspended matter (TSM). In this context, multitemporal Sentinel-2 images are used to study short-term variations of TSM within a time window spanning before, during, and after the blockage event. A well-established neural network-based processor called Case 2 Regional CoastColour (C2RCC) is employed to derive remote sensing reflectance (Rrs) and then TSM concentrations from Sentinel-2 imagery. The results indicate that the stuck ship acted as an artificial barrier leading to very different TSM conditions north and south of the canal. Furthermore, the blockage of the Suez Canal and subsequent dredging caused an abrupt increment (+400%) in the concentration of TSM moving north from the ship’s location. We also identified a very high contrast between the TSM concentration in the north and south of the vessel during the blockage event.
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1. Introduction


The Suez Canal was blocked by the giant Ever Given container ship that ran aground on 23 March 2021. Sandstorms and thus high winds and reduced visibility were the causes. This giant ship lodged diagonally on the southern part of the Suez Canal, one of the world’s busiest shipping lanes. The accident grabbed the attention of global media due to its significant impact on world trade [1]. However, the accident had other consequences as well. In this study, we investigate an unexplored aspect of the Suez Canal blockage, which is concerned with the impact on water quality. This investigation is motivated by the fact that the giant Ever Given ship (with a length of 400 m and a weight of 200 k tons) acted as an artificial and temporal barrier dividing the channel into two northern and southern parts. This barrier affects the natural water surface and subsurface processes. Further, the rescue operations, such as dredging, inserted an unusual load of sands and mud into the water. We perform multitemporal analyses using Sentinel-2 imagery to illustrate the impact of this event on the concentration of total suspended matter (TSM). TSM refers to organic and mineral suspended solids in the water column [2]. Increased TSM reduces the light penetration in the water column and thus the benthic habitat availability [3]. The spatiotemporal monitoring of TSM can contribute to studies of sediment transportation, water quality assessment, and management [2,4]. The Suez Canal and bay are one of Egypt’s central fisheries, drinking, and irrigation resources. Thus, TSM concentration primarily impacts the ecosystem services provided by the canal [5,6,7].



Multispectral instruments (MSIs) onboard Sentinel-2A (2015) and Sentinel-2B (2017) provide appropriate radiometric sensitivity (12-bit) to the variations of water-leaving radiance due to changes in constituents [8,9]. Owing to the high radiometric resolution of Sentinel-2 MSI imagery along with high spectral (13 bands) and high spatial resolutions (10–20 m), there is a rapidly growing trend in the application of this imagery in studying inland and coastal waters [10,11,12,13].



There are various methods for the estimation of water quality parameters, including TSM from optical imagery. The methods can be categorized into two groups: (i) empirical methods that rely on regression analyses to build a relation between spectra-derived features and in situ measured values of the parameter of interest, such as TSM [14,15,16]; and (ii) physics-based methods, which are built upon inverting a radiative transfer model. In considering the former, a wide range of statistical and machine learning regressors are employed [17,18]. The empirical methods are straightforward to apply but require representative in situ data for training the regression models [19,20]. This limits the application of empirical techniques, especially those dealing with multitemporal analyses and remote areas, as in situ data becomes difficult or impossible to collect. In considering the latter, physical models are considered to formulate the interaction of light with atmosphere, water surface, water column, as well as substrate in the case of optically-shallow waters [21,22,23,24,25]. There are different physics-based approaches, such as look-up tables (LUTs), neural networks, and analytical spectrum matching. LUT approaches select for each image pixel the water constituents corresponding to the best-matching spectrum from the database of radiative transfer simulations of reflectance spectra that were pre-calculated using radiative transfer simulations [26]. Neural networks, such as those applied in Case 2 Regional CoastColour (C2RCC) algorithm [27], are trained using LUTs and can be used to estimate constituents. Analytical models invert a measured spectrum with physical models such as those implemented in the Water Color Simulator (WASI) [21]. In this study, we rely on the C2RCC processor to derive the concentration of TSM without the need for in situ data.



The main objective of the study is to analyze the impact of the Suez Canal blockage and associated dredging operations on the relative changes of TSM using multitemporal Sentinel-2 imagery. We analyze the images before, during, and after the event to observe the variations of TSM that impact the ecosystem services provided by the canal. Section 2 describes the C2RCC method used for TSM retrieval. The study area and the dataset are introduced in Section 3. Section 4 provides the results and discussion. Finally, concluding remarks are made in Section 5.




2. Method


The main goal of our study is to detect any anomaly change in the water quality in terms of TSM concentration during the Suez Canal blockage. This study relies on a physics-based approach called Case 2 Regional CoastColour (C2RCC) that can be applied without training data [27]. However, any reliable method can be used to retrieve the TSM concentration. The C2RCC processor involves two independent components of atmospheric and in-water parts. The atmospheric part inverts the top-of-atmosphere (TOA) radiance to water-leaving radiance. Then, the in-water component inverts the surface spectra to the inherent optical properties (IOPs) of the water column. The inversions are based upon a set of neural networks. An extensive database (~5 million) of water-leaving and TOA radiances simulated by a radiative transfer model in a range of IOPs is used for training the networks. Five IOPs are varied to perform the radiative transfer simulations, which include pigment absorption (apig), absorption of detritus (adet), colored dissolved organic matter absorption (   a  C D O M    ), scattering of white particles (bwit) characterized by calcareous sediments, and typical sediment scatter (bpart). Two different in-water conditions are assumed for the IOPs: (i) normal condition (C2RCC-N), where all of the mentioned IOPs vary in a standard range (e.g., absorption of CDOM at 443 nm    a  C D O M     < 1 m−1), and (ii) extreme condition (C2RCC-E), where IOPs span over a vast range, including extreme conditions (e.g.,    a  C D O M     < 60 m−1). The ranges of IOPs are reported in Table 1. In this study, we rely on the C2RCC-N, as the range of its IOPs is well suited to our case study.



The retrieved IOPs are converted to the concentration of constituent by applying conversion factors. The TSM estimation involves scaling factors for bpart and bwit termed as fbpart and fbwit, respectively (Equation (1)).


  T S M =  b  p a r t   ×  f   b  p a r t     +  b  w i t   ×  f   b  w i t      



(1)







Since the Suez Canal is connected to the coastal waters, we consider the default values of conversion factors as representative of such in-water conditions. Possible differences between the default and site-specific values do not affect our analyses since we are interested in relative changes of TSM rather than its absolute values. C2RCC has been widely used in previous studies to derive water quality parameters. For instance, it provided promising results through the estimation of constituents in Baltic lakes using Sentinel-2 images [2]. C2RCC has also been employed for the generation of standard European Space Agency (ESA) Case-2 water products from Sentinel-3 (OLCI) imagery [27].




3. Study Area and Dataset


The Suez Canal is an artificial waterway that connects the Mediterranean Sea to the Red Sea. It is one of the world’s busiest trade routes, with about 12% of total global trade moving through it [28]. The giant Ever Given container ship ran aground on 23 March 2021 and blocked the southern part of the canal diagonally. This accident was due to the storms and low visibility that occurred in the area. The blockage of the canal caused a large traffic jam and appeared vastly in the news. A variety of operations were carried out to free the container ship involving tugboats and dredging. After about a six-day blockage of the canal, the operations were successful in freeing the ship. It is estimated that the dredgers removed about 15,000–20,000 m3 of sand and mud from the ship’s bow to allow the vessel to float in the Suez Canal [1]. Removal of this massive amount of sediment and mud affected the concentration of TSM in the water, and the changes to the concentration of TSM is investigated in this study. It was expected that the enormous body of the ship (400 m in length and 200 k tons in weight) would have affected the natural flow of the water and all the water surface and subsurface processes. Thus, we aimed to investigate the impacts of the Suez Canal blockage and consequent dredging operations on the concentration of TSM in the water, which can impact canal ecosystem services like fisheries, drinking, and agricultural water supply [7].



In total, seven multitemporal Sentinel-2 images were considered in order to investigate the impact of the canal blockage on the TSM concentrations. The images span the time before, during, and after the blockage event (Table 2). Given the relatively narrow cross-sectional width of the Suez Canal (~200 m), ocean color sensors like Ocean and Land Color Instrument (OLCI) onboard Sentinel-3 are not appropriate for our analyses due to the coarse spatial resolution (300 m). Samples of the images are shown in Figure 1. The subset images also show the traffic jam during and shortly after the blockage event (Figure 1).




4. Results and Discussion


The multitemporal TSM maps derived from C2RCC inversion of Sentinel-2 imagery are shown in Figure 2. The maps show that in the southern part of the canal, the TSM concentration was subject to variation, which was expected due to the region’s relatively dynamic environment, mainly caused by the tidal effects from the connected sea. The study’s key finding is that during the blockage event (29 March 2021), the stuck ship divided the canal into two TSM conditions. In this context, going northward from the location of the stuck ship, extremely high TSM concentrations were observed. This finding shows that the enormous body of the ship created a sort of artificial barrier leading to two very different in-water conditions in terms of TSM concentration. The extremely high concentration of TSM (up to ~30 g/m3) in the canal’s northern section during the blockage event can be linked to the dredging operation that had been digging out sand and mud from under the bow of the ship. The concentration of the TSM after movement of the ship dropped to normal conditions (~5 g/m3), with no significant difference in the two segments of the canal separated by the ship during the blockage event. The TSM concentration in the section of the canal south of the location of the stuck ship during the blockage event was observed to be comparable with conditions before the event (19 March). This can be attributed to the free connection of the channel’s lower part with the Red Sea, whereas the ship hinders the flow and exchange of water in the northern section.



Figure 3 shows the average TSM concentration over the investigated period and separately for the northern and southern sections of the canal from the point that the ship was stuck. An abrupt increment (on the order of 4 times) in the TSM concentration can be observed north of the ship’s location during the canal blockage event (29 March). After that, the TSM concentration returns to the normal condition, as identified by the TSM retrieval from the first Sentinel-2 image available after removal of the ship (3 April). A high contrast can be observed between the TSM concentrations in the north and south sections of the canal at the point in which the ship was stuck (i.e., a 1.6 times higher concentration in the northern section) (Figure 2 and Figure 3).




5. Conclusions


The blockage of the Suez Canal was in the spotlight of news media for more than a week but with no specific attention to the possible effects on the in-water bio-optical conditions. In this study, we investigated the spatiotemporal variations of TSM concentrations derived from Sentinel-2 imagery over a period spanning from before to after the blockage event. The TSM retrievals are based on the well-established C2RCC method, which relies on the inversion of radiative transfer simulations by means of neural networks. The results indicate that the stuck ship acted as an artificial barrier, leading to a considerable contrast between the TSM concentrations north and south of the ship’s location. This finding shows that the massive body of the vessel significantly reduced the surface and subsurface water flow between the upper and lower parts of the channel from the point at which the ship was stuck. This effect might be an area of interest for hydraulic analysts and aquatic navigation managers in order to better understand the impact of such giant vessels in waterways. Furthermore, the Sentinel-2 retrievals revealed a very high increment of TSM in the northern section of the channel when the canal was blocked. This high TSM concentration can be attributed to the dredging operations removing a large amount of sand and mud. Thus, the concentration of TSM was increased on the order of four times in the northern section of the canal with respect to the normal conditions before and after the blockage event. The stuck ship also led to a TSM contrast on the order of 1.6 times between northern and southern sections of the canal.



Although the default C2RCC conversion factors are expected to be representative of the studied coastal environment, the absolute TSM values can be retrieved more accurately considering the site-specific IOPs. However, the investigation of relative TSM changes in this study is not affected by the conversion factors. Being independent of in-situ data expands the utility of remote sensing techniques to analyze unexpected events such as the Suez Canal blockage for which planning field data acquisition is not feasible. The accuracy assessment of the absolute TSM values in the Suez Canal could represent an area of investigation for future studies. Our work may also encourage future hydrodynamic studies to further investigate the sediment transportation processes during such events under different conditions (e.g., tidal effects).
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Figure 1. Multitemporal Sentinel-2 imagery of the southern part of the Suez Canal before, during, and after the ship blockage. Image subsets (a–d) show the location of the stuck ship and also the traffic jam. 
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Figure 2. Multitemporal TSM maps of the Suez Canal derived from Sentinel-2 imagery before (blue), during (red), and after (green) the canal blockage event. 






Figure 2. Multitemporal TSM maps of the Suez Canal derived from Sentinel-2 imagery before (blue), during (red), and after (green) the canal blockage event.



[image: Water 13 03286 g002]







[image: Water 13 03286 g003 550] 





Figure 3. The average concentration of TSM north and south of the location of the stuck ship over the investigated period. The bars show the standard deviation of TSM concentration. 
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Table 1. The range of IOPs considered in training C2RCC neural networks.
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	IOPs
	C2RCC-N
	C2RCC-E





	apig [m−1]
	[~0, 5.3]
	[~0, 51]



	adet [m−1]
	[~0, 5.9]
	[~0, 60]



	   a  C D O M      [m−1]
	[~0, 1]
	[~0, 60]



	bpart [m−1]
	[~0, 60]
	[~0, 590]



	bwit [m−1]
	[~0, 60]
	[~0, 590]
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Table 2. The list of Sentinel-2 imagery spanning the time before (blue), during (red), and after (green) the Suez Canal blockage.
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	23 January 2021
	22 February 2021
	19 March 2021



	29 March 2021
	3 April 2021
	8 April 2021



	13 April 2021
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