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The regression-based operational daytime Sea Surface Temperature (SST) retrieval from remote sensing Infrared (IR) measurements does not conventionally use Mid-Wave IR (MWIR) channels due to solar contamination. However, MWIR channels are desirable to obtain unambiguous surface information. A transformative approach, Physical Deterministic Sea Surface Temperature (PDSST) retrieval scheme, including MWIR channels, to enhance the information content in satellite-derived SST data, is presented here. This paper mainly emphasizes on the quality and availability of swath-processed daytime SSTs from MODIS-AQUA radiances using the PDSST suite, including MWIR channels, for coastal and near-coastal areas, which are needed the most. The focus areas of this study are the California coast in the Pacific Ocean, which is a highly dynamic oceanographic region, the Bay of Bengal in the Indian Ocean, which has a sparse population of in situ, and the Chesapeake Bay in the Atlantic Ocean, which is best known for seafood production. Apart from in situ validation using iQuam (NOAA), indirect validation, by comparing different SST products, is also performed. The results of PDSST-suite are compared with the currently operational MODIS-AQUA SSTs, obtained from the NASA website, and microwave SSTs from AMSR2, obtained from RSS website. Both the operational products are based on the regression method. It is found that the PDSST suite including MWIR channels can extract 3−5 times as much information as the currently operational NASA-produced regression-based daytime SSTs from MODIS-AQUA radiances for coastal areas. Oceanic fronts’ study is also included by using the increased information content of satellite-derived SSTs from PDSST.
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INTRODUCTION

Sea Surface Temperature (SST) is one of the crucial variables in the earth science modeling (e.g., numerical weather prediction, ocean circulation modeling, air−sea interactions, marine ecosystems, upwelling regions, boundary currents, planetary boundary layer divergence, ocean biology, including coral reefs and algae blooms) (for example, Fèvre, 1987; Largier, 1993; Turiel et al., 2008; Castillo and Lima, 2010; Knievel et al., 2010; Sirjacobs et al., 2011; Dufois and Rouault, 2012; Gawarkiewicz et al., 2012; Callies et al., 2015; Huang and Feng, 2015; Chatterjee et al., 2019). SST gradient fields are often used to derive the water masses of marine thermal fronts, thereby regional optimal conditions for the growth of marine phytoplankton are identified with respect to upwellings, nutrients’ exchanges (CO2), and mixing of oceanic layers (Behrenfeld and Falkowski, 1997; Acha et al., 2004; Saraceno et al., 2005; Behrenfeld et al., 2006; Rivas and Pisoni, 2010; Williams et al., 2013). The temporal and spatial anomalies in SST fields are used to study the ecosystems of fisheries (Santos, 2000; Zainuddin et al., 2006). Apart from many physical and biological oceanographic applications, SST is also used for generating services (e.g., potential fishing zone advisories). As more than 70% of the earth’s surface is covered by oceans, an accurate determination of the global SSTs with high temporal and spatial resolutions will help to understand composite earth system studies.

Sea Surface Temperature is also a critical component for the study of the interface of the ocean and the atmosphere, e.g., the exchanges of heat (sensible heat flux, latent heat flux, and long-wave radiation), moisture, momentum, and gasses between the two (for example, Wanninkhof et al., 2009; Dufois and Rouault, 2012; Bentamy et al., 2017). SST eddies and fronts are used to explain sub-surface dynamics in terms of surface thermal expansion (for example, Tandeo et al., 2014 January). The atmospheric boundary layer is studied using the variation in the exchanges of surface momentum across the thermal gradients (e.g., Mcphaden et al., 2006; Minobe et al., 2008; O’Neill et al., 2010; Perlin et al., 2014). Variations in the SST values impact several components of the climate and global circulation models (e.g., Jha et al., 2013; Dong et al., 2018). Satellite-derived SSTs are used for some scientific applications where the society is directly benefitted, viz. severe storms’ prediction, sea-level rise, numerical weather prediction, and estimation of ocean heat content. Thus, the precise determination of SST values is of immense importance to explore and discover the ocean as well as to better understand the earth sciences. In the wake of this need, Physical Deterministic SST retrieval (PDSST) suite for nighttime scenarios has already been developed using a transformative approach of the physical deterministic inverse method, where the parameter values are quantified by inverting the Radiative Transfer (RT) model (e.g., Koner et al., 2015, 2016b; Koner and Harris, 2016a,b; Koner, 2018, 2020b). However, as per the literature survey, most operational regression-based SST retrieval schemes do not use the measurements from Mid Wave Infrared (MWIR) channels for daytime SST retrieval due to solar contamination. On the other hand, the incorporation of MWIR channels in the PDSST scheme is straight forward. As the incorporation of MWIR channels in daytime SST retrieval is a first of its kind, a thorough investigation is presented here.

Physical Deterministic Sea Surface Temperature scheme has already been applied to the MODIS-AQUA radiance data for retrieving the SST and is reported in earlier publications (Koner and Harris, 2016a,b), where the validation has been made using millions of global matchups and nighttime scenarios. The PDSST suite has also applied to daytime SST retrieval from MODIS-AQUA using global matchups in Koner, 2020b. This study mainly focusses on the detailed performances of PDSST for coastal areas using swath processed data. The enhanced information content of daytime SSTs in PDSST retrieval is discussed in terms of both the quality and Data Coverage (DC) of the swath-processed daytime SSTs from MODIS-AQUA. The MODIS instrument is considered here for the case study to evaluate the performances of the daytime SST retrievals using MWIR channels in the PDSST suite because MODIS has been providing unique high-quality radiance data for almost two decades and geophysical parameter values from these measurements are greatly important for many geoscience models. Also, only the MODIS instrument has three MWIR channels which can help to understand the importance of MWIR in daytime SST retrieval. The quality of SSTs is measured by Root Mean Squared Differences (RMSD) from the values of in situ matches. The DC is defined by the number of cloud-free pixels for swath-processed SSTs as compared to the total number of ocean pixels in a granule. A detailed comparison between the daytime SST retrieval using the Physical Deterministic Sea Surface Temperature suite, including MWIR channels, and operational Regression-based daytime MODIS SSTs (RGSSTs), obtained from Physical Oceanography Distributed Active Archive Center (PO.DAAC), is conducted to address the information gain by PDSST scheme. Elaborately, Section “Description of PDSST Suite” provides a short description of the PDSST-suite. Section “Verification of Fast Forward Model” demonstrates the usability of the publicly available Community Radiative Transfer Model (CRTM v2.3), NOAA for daytime SST retrieval. Section “Comparison and Validation of PDSSTs” addresses the comparison and quantitative validation of swath processed SSTs using PDSST and RGSST from MODIS-AQUA, for coastal and near-coastal regions, using in situ matches obtained from NOAA website (Xu and Ignatov, 2014). Section “Cloud Detection and Quality Flag” discusses the cloud detection issue, using the Cloud and Error Masking (CEM) in PDSST-suite, and Quality Flag (QF) obtained from PO.DAAC database. Section “PDSST for Oceanic Fronts’ Study” focuses on the quality of the swath-processed daytime SSTs using the PDSST scheme in relevance to oceanic fronts’ study. Section “Results and Discussions” includes the results and discussions.



DESCRIPTION OF PDSST SUITE

Physical Deterministic Sea Surface Temperature suite is, based on a transformative approach, comprised of a physical deterministic retrieval algorithm (truncated total least squares), and a quasi-deterministic cloud detection algorithm, namely CEM (Koner et al., 2016b). Unlike any stochastic approach, the PDSST suite is applied on a single pixel without the error being treated as information. As per literature (Koner et al., 2015; Koner and Harris, 2016b; Koner, 2020b), PDSST retrieval algorithm for daytime multichannel MODIS-AQUA is as follows:
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Where, xttls is the retrieved state vector, I is the identity matrix, K is the Jacobian, xig is the initial guess of the state vector, Δyδ is the residual (i.e., observation – model) and λ is regularization constraint parameter. The three parameters in the state vector (xttls) are [slog⁡(w)log⁡(a)], where w is Total Column Water Vapor (TCWV), s is SST, and a is the sum of total columns of all aerosols. The unprecedented capability of the PDSST algorithm is that aerosol is used in a forward model calculation as well as in the retrieved vector. Global Forecast Simulation (GFS) data are used as input for CRTM. Two out of six channels (3.9, 4, 4.5, 11, 13.4, and 13.6 μm) in the PDSST algorithm are considered from the MWIR band. On the other hand, both operational products of RGSST from MODIS and Microwave SST (MWSST) from Advanced Microwave Scanning Radiometer (AMSR2), obtained from the Remote Sensing Systems (RSS) website, are based on the regression method. RGSST from the MODIS retrieval algorithm uses only the two channels of 11 and 12 μm for daytime.

The CEM algorithm is mainly based on functional spectral differences and double differences between model and measurements (Koner and Harris, 2016a; Koner et al., 2016b; Koner, 2018) as follows:
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Where, [image: image] stands for the Brightness Temperature (BT) of the channel “ch” and the type “t” (either measurement “m” or calculated using RT model “c”). θspec is the specular angle. [image: image] is the double differences between 3.9 and 4 μm channels. Similarly, [image: image] is the double differences between 3.9 and 11 μm channels. [image: image] is the single channel retrieval update of 3.9 μm channel and [image: image] is the Jacobian of 3.9 μm channel with respect to SST. Similarly, rtv11 is the single channel retrieval update of 11 μm channel.

Since cloud detection cannot be implemented using a deterministic inverse method due to the severe lack of the measurements as compared to the number of unknowns in the cloud detection problem, an additional RT-based test is held to get a more robust performance from CEM such that the pixels are discarded if rtv3.9 is less than −2 K and abs(rtv3.9−rtv11) is greater than 0.5 K. Although the spatial test is not based on sound physics, it helps to improve the detection capability and so, most operational cloud detection algorithms use the spatial test. The spatial test for CEM is highly flexible. The targeted pixel is discarded if the difference in the value of maximum and minimum of the surrounding 3 × 3 pixels of the measured 3.9 μm channel is more than 2.5 K. Also, the difference of the measured BT value of the targeted 11 μm channel and the maximum value in the neighborhood of 3 × 3 pixels should be less than 0.75 K for being cloud-free.

As there is an absence of the cloud flag field in the RGSST from PO.DAAC database, the highest value of QF = 5 (RGSST5) is considered as the cloud-free subset. The values of QF are determined by some threshold-based criteria.



VERIFICATION OF FAST FORWARD MODEL

The calculated BTs of MWIR channels using CRTM v2.3 for swath-processed SST retrieval are tested in this section. For demonstration, a single granule of MODIS-AQUA is carefully chosen using the following considerations: (a) a large number of in situ measurements for ground verification, (b) a wide variation in the values of θspec, including θspec < 10°, to understand the effect of “Glint” reflection for PDSST retrieval, and (c) less cloudy area. A granule from the Chesapeake Bay (CB) on July 13, 2019, is considered for this study. There are 68 in situ measurements and the values of θspec for a significant number of pixels are less than 10° as are shown in Figure 1A. The “nighttime equivalent” simulated BTs of 3.9 μm channel are calculated using CRTM v2.3 where all input parameters for CRTM are kept the same except only adding 90° to the solar zenith angle. The calculated BT differences of 3.9 μm channel between daytime and “nighttime equivalent” using CRTM v2.3 are shown in Figure 1B. The difference values of BTs are noticeable when θspec < 30° and 10 K difference is observed when θspec < 10°, as shown in Figure 1B. The calculated BT differences of 3.9 μm channel using CRTM v2.3 for MWIR seem to be reasonable for daytime scenarios as similar to the global matchup study (Koner, 2020b).
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FIGURE 1. Single swath maps: (A) Specular angle (θspec) and the locations of in situ (Unit of color bar is degree), (B) Differences of the simulated BTs of 3.9 μm channel between daytime and “nighttime equivalent” using CRTM (Unit of color bar is K), and (C) Retrieved SSTs using PDSST-suite (Unit of color bar is K). In situ locations are plotted using “*”. DC and NB stand for data coverage (cloud-free pixels) and the numbers of buoys, respectively. The ranges of longitude and latitude from −180° to 180° and from −90° to 90° represent West to East and South to North, respectively.


The retrieved SSTs using PDSST-suite are shown in Figure 1C. PDSST-suite finds that 50.24% of the total pixels over the water body and 11 out of 68 in situ locations are cloud-free. The number of cloud-free in situ according to PDSST-suite is 6 for the region when θspec < 30° by applying the constraint −79° < Longitude < −73°. The values of RMSD are 0.32 K using 11 in situ and 0.28 K using 6 in situ for full-swath and θspec < 30°, respectively. The validation results against in situ produce strong assurance that the simulated BTs of MWIR channels using CRTM v2.3 can be safely used for daytime SST retrieval. However, it is observed that PDSST-suite finds that a significant portion of this granule is masked as cloudy when θspec < 10° (around the longitude −75°). The reason for it is beyond the scope of this paper and an elaborate investigation will be conducted in the future. Note that the longitude and latitude scales are −180° to 180° and −90° to 90° due to the simplicity of the plot. This implies that the positive values of longitude and latitude represent the East and North, respectively and the negative values of longitude and latitude represent the West and South, respectively.

To illustrate the advantage of using MWIR channels in the PDSST-suite with respect to the quality of retrieved daytime SSTs, PDSST retrievals are compared with the conventional regression-based daytime SSTs, where MWIR channels are not used, obtained from PO.DAAC, as shown in Figure 2. The retrieved SST map of RGSST5, for QF = 5, are shown in Figure 2A using the same granule as shown in Figure 1C. The value of RMSD using 4 matched in situ is 0.44 K, which is ∼40% more compared to the same for PDSST (0.32 K). The DC for RGSST5 is 21.05%, which is less than half of the DC from PDSST (50.24%). It is observed from Figure 2A that most of the regions where θspec < 30° are masked by a low value of QF in the PO.DAAC database and are shown as empty (deep blue color in Figure 2A). The quality of PDSST for the region of θspec < 30° cannot be verified by comparing it with the values of RGSST5, thus, the flagging threshold is decreased up to QF ≥ 3 (RGSST3), and is plotted in Figure 2B. The DC for RGSST3 increases drastically to 44.12% as compared to the same for RGSST5, but still is lower than PDSST (50.24%). The RMSD value of RGSST3 is 1.21 K using 10 matched in situ, which is more than double compared to the same from the RGSST5. Although, the DC for RGSST3 is higher than the same for PDSST for the region of θspec < 30°, the RMSD value is 1.44 K using 6 in situ matches for this region, which is significantly high. By qualitatively comparing the SST maps of PDSST and RGSST3, it can be concluded that MWIR channels in PDSST-suite can be safely used to improve the quality of SSTs.
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FIGURE 2. Regression-based SST maps for the same granule of Figure 1, obtained from PO.DAAC website: (A) RGSST5 at QF = 5 and (B) RGSST3 at QF ≥ 3. DC stands for data coverage. The ranges of longitude and latitude from −180° to 180° and from −90° to 90° represent West to East and South to North, respectively. Unit of color bar is K.




COMPARISON AND VALIDATION OF PDSSTs

It has been found from the global map of monthly matchups study (Koner and Harris, 2016b; Koner, 2020b) that the number of in situ matches by PDSST is higher with a comparative lower error than RGSSTs from MODIS-AQUA for the dynamic oceanographic regions and the coastal areas of oceans. It can be explained that the coefficients for regression-based SST retrieval are conventionally generated using global matches and drifter buoys only, which may not be suitable for SST retrievals from the coastal regions due to highly dynamic atmospheric conditions and a lack of sufficient drifters for the said region. On the other hand, the PDSST algorithm never directly uses in situ for satellite-derived SST retrievals and produces homogenous retrieval results without any influence of in situ.

Although several dynamic oceanographic regions are studied, the California Coast (CC) in the Pacific Ocean, the CB in the Atlantic Ocean, and the Bay of Bengal (BB) in the Indian Ocean (IO) are focused on in this study for an illustration. CC is a highly dynamic location with a strong exchange of materials and energies between the aquatic, atmosphere, and terrestrial environments as well as intense chemical, biological, and physical interactions (for example, Lorenzo and Mantua, 2016) and SST is one important parameter for understanding these interactions. The economically valuable CB ecosystem is important for fisheries, recreation, navigation, and tourism (for example, Preston, 2004) and the key factors for the study of the vulnerability of aquatic, estuarine, and marine organisms is SST. A large number of buoys are deployed for both regions of CC and CB, which can be used for quantitative validation purposes. On the other hand, BB is a highly variable and dynamically complex system under the monsoonal influence and contains numerous downwelling eddies, Indian Ocean Dipole, boundary currents, but the in situ measurements are very sparse. This leads to satellite-derived SSTs being highly important to develop a reasonable ocean model for IO.

All relevant granules for the CC area are obtained using a constraint of −140° < longitude < −100° and 10° < latitude < 55° on the geo-locational data. Although the comparative study using both PDSST and RGSST5 is conducted for several months, the results of December 2017 and October 2019 are presented here for demonstration. There are 20 granules with 590 buoy matches and 21 granules with 670 buoy matches for October 2019 and December 2017, respectively. The detailed statistics of these granules in terms of the percentage of ocean cover (OC), the number of total matched buoys (NB), percentage of cloud-free pixels with respect to the total number of ocean pixels as per PDSST [DC (pd)] and RGSST5 [DC (rg)], number of buoys in the cloud-free set for PDSST [NB (pd)] and RGSST5 [NB (rg)] and RMSD of PDSST [ε (pd)] and RGSST5 [ε (rg)] are shown in Tables 1, 2.


TABLE 1. Statistical information of retrieved results for 20 granules from CC using two different methods of PDSST and RGSST5 for the month of October 2019.
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TABLE 2. Statistical information of retrieved results for 21 granules from CC using two different methods of PDSST and RGSST5 for the month of December 2017.

[image: Table 2]The average DC of PDSST is 33.4%, whereas the DC of RGSST5 is only 10.8% in terms of ocean-only pixels from Table 1 and similarly, DC of PDSST and RGSST5 are 27.8% and 8.5%, respectively, from Table 2. This implies ∼3 times more valuable SST data, for the dynamic areas of oceans, can be obtained using PDSST over RGSST5. Although the quality of retrieved SSTs for all pixels of these granules cannot be verified, a first order validation has been made using the matched buoy measurements. The total number of matched buoy measurements for the abovementioned region for the month of December 2017 is 670 (see Table 2). PDSST suite identifies 204 buoy measurements that can be used for the validation as cloud-free, whereas RGSST5 detects only 8 cloud-free buoy measurements. This implies that PDSST yields ∼25 times more DC over RGSST5 according to the match-up study for the dynamic area of CC. The average RMSD value of PDSST using 204 buoy measurements is ∼0.37 K. The average RMSD value of RGSST5 is 0.59 K, however, the validation using only 8 measurements is questionable. Improvement in information content for satellite-derived SSTs, using a transformative approach, refers to a dual benefit of increased DC and reduced error. Additionally, PDSST uses more channels than RGSST to exploit greater information from measurement and added local atmospheric information through GFS data. The overall information gains (Ginf) of PDSST by combining the increased DC and reduced RMSD using matchup data is introduced (Koner, 2020b) as:
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It is found that the values of Ginf in terms of swath DC and RMSD from match-up buoys are ∼390% and ∼520% for the months of October 2019 and December 2017, respectively.

Similarly, CB region is outlined using a constraint of −100° < longitude < −60° and −10° < latitude < 55° on the geolocational data. For the demonstration, the statistics of 19 granules for the month of September 2019 are shown in Table 3. The number of matched buoys at QF = 5 for RGSST5 is 194, which is higher than the same for CC. PDSST finds that 360 buoys, out of 1095, are cloud-free. The RMSD values are 0.36 K and 0.47 K and DC values are 38.3% and 16% for PDSST and RGSST5, respectively. The information gain of PDSST over RGSST5 is ∼310%.


TABLE 3. Statistical information of retrieved results for 19 granules from CB using two different methods of PDSST and RGSST5 for the month of September 2019.

[image: Table 3]Bay of Bengal region is also outlined using a constraint of 67° < longitude < 100° and −10° < latitude < 30° on the geolocational data. The statistics of 18 granules for the month of December 2017 are shown in Table 4. The number of matched buoys at QF = 5 for RGSST5 is only 3 while PDSST sees only 6 buoy matches. It is very difficult to get a reasonable amount of buoy matches surrounding the coastal area of BB to conduct reasonable quantitative validations. Thus, a study on a region at Madagascar Coast (MC) in the IO is made to achieve some confidence on the quantitative validation of PDSST over the IO, including more areas from the deeper parts of the ocean to get more buoy matches, using a constraint of 30° < longitude < 80° and −40° < latitude < 0° on the geolocational data for the month of August 2019.


TABLE 4. Statistical information of retrieved results for 18 granules from BB using two different methods of PDSST and RGSST5 for the month of December 2017.

[image: Table 4]The detailed statistics of 38 granules are shown in Table 5. The RMSD value of PDSSTs using 48 buoy measurements is ∼0.27 K, and the RMSD value of RGSST5 SSTs is 0.41 K using 17 buoy measurements. The values of DC are 48.7% and 22.9% for PDSST and RGSST5, respectively. The information gain of PDSST over RGSST55 is ∼320%, which is comparable with CB and lower than CC.


TABLE 5. Statistical information of retrieved results for 38 granules from MC using two different methods of PDSST and RGSST5 for the month of August 2019.

[image: Table 5]Although the above validations of PDSST against in situ are highly satisfactory, a simplified Triple Collocation Method (TCM) is applied (cf. Stoffelen, 1998) on the point matchups to assess the regional true noise associated with PDSST retrievals in the context of skin temperatures. It is assumed in TCM that any dataset consists of a hypothetical truth corrupted by a noise: Ri = T + ni, where R is retrieved data, T is hypothetical truth, i represents a dataset (1, 2, 3) and n is noise. Noise (n) has two components: the systematic part, which is referred to as bias (b), and the random part (σ).

Using three collocated datasets representing the same physical quantity (“alike”), individual σi values can be separated out if they are uncorrelated:
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Using Eqn. 8 and further expanding:
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If the random errors of the three “alike” datasets (σ1,σ2,σ3) are uncorrelated, then: σ1σ2 = σ1σ3 = σ2σ3 = 0. Following this, one can find the true random error in data set R1. Here, R1, R2 and R3 correspond to the SSTs from PDSST and RGSST5, and the collocated buoy measurements, respectively. To explain further in the context of SSTs, one may raise the question that the errors are correlated if any two of the above-mentioned retrievals are from the same sensor. It is expected that correlated error would be negligibly small due to the fact that the applied inverse methods are in different paradigms and the errors in measured BT are significantly smaller than the errors in SSTs. There are further practical constraints in employing the TCM for real data due to different ambiguities. For example, one may argue that the bulk and skin temperatures are not “alike” if we collocate buoy temperature with satellite SST retrieval, which is a common practice. This type of error may sometimes be referred to as “representation error.”

To avoid the cloud contamination error, a completely cloud-free condition is applied using an experimental filter (EXFnew), discussed in Koner (2018) for matchups. The point matched data are generated at the buoy locations with a temporal window of 30 min. It is found that 51 out of 146 buoy measurements from the above-mentioned MC region can be collocated for TCM study. It found from this study that the values of σ1,σ2, and σ3, the random errors of PDSST, RGSST5 and buoys, are 0.25, 0.43, and 0.24 K, respectively. However, the systematic errors of PDSST and RGSST5 from buoys are −0.04 and −0.38 K, respectively. If one can assume that there are no systematic errors in buoy measurements, the true root mean squared errors for PDSST and RGSST5 are ∼0.25 and 0.57 K, respectively. The interesting finding here is that the value of QF is less than 5 for 34 buoy matches out of those 51 as per RGSST5 and the QF value for 29 such matches is 1. By definition, QF = 1 implies that satellite measurement must definitely be affected by an obvious cloud, but EXFnew finds that 29 such measurements are completely cloud-free. On the other hand, CEM flags only 4 matches out of those 51 as cloudy, which are cloud-free. This implies that there is no correlation between the QF of RGSST product from MODIS-AQUA and the realistic cloudy fraction.

To understand further subtleties that are not revealed by the statistical validation with respect to the in situ, some important comparisons will be conducted using a single granule in the following sections. Since PDSST is based on the physical model and the deterministic inverse is applied for every pixel, a detailed validation using one full swath (∼5 millions of retrievals) may produce good confidence in the quality of the retrieval scheme. Few thousand granules from coastal and near-coastal areas have been thoroughly studied for different time-periods and several discrepancies have been observed, however, only a few important discrepancies are presented for demonstration in the following sections.



CLOUD DETECTION AND QUALITY FLAG

As is observed in the above study, RGSST5 from MODIS shows very poor performances in CC as compared to the same for PDSST, a detailed analysis using a single granule from CC is performed in this section to understand the problem in depth. The comparative results from granule −8 of Table 2 (December 11, 2017) is shown in Figure 3. This granule contains 57 buoy matches, 21 of which are identified as cloud-free according to PDSST, while no cloud-free matches are found in the operational RGSST5. The RMSD of PDSST against 21 matched buoys is 0.41 K (see Table 2), which can be considered a low error. The most interesting feature in Figure 3A is that a clear cloud structure is observed in the Level-2 (L2) PDSST map as opposed to Figure 3B, where most parts of the granule are masked by a low value of QF.
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FIGURE 3. Comparison of daytime SST retrieval maps for California coast: (A) PDSST from MODIS-AQUA, (B) RGSST5 from MODIS-AQUA, (C) full-swath RGSST from MODIS-AQUA using a constraint of SST < 278 K, and (D) MW SST from AMSR2. DC stands for data coverage in percentage and RMSD is the root mean squared difference from matched in situ. The ranges of longitude and latitude from –180° to 180° and from –90° to 90° represent West to East and South to North, respectively. Unit of color bar is K. The color value of the darkest blue represents the Ocean portion.


The DC of RGSST from MODIS-AQUA increases to 5.74% (figure not shown) when QF is set to be ≥3, but is still very low as compared to the really cloud-free measurement of this granule (see Figure 3A). Reducing the value of QF even further (to QF ≥ 2) still does not show any increase in DC for this granule. Thus, all RGSSTs from the PO.DAAC database, with a constraint of the value of SST > 278 K, have been plotted in Figure 3C. This set of RGSST SSTs matched with 36 buoy measurements and the RMSD value is 1.25 K. The value of QF for PO.DAAC is 1 for all (36) matched locations. However, Figure 3C shows that most of the SSTs are comparable qualitatively (using the color map) with the same using PDSST. This implies that there is no relation between the value of QF and cloud-covered pixel. For example, it is hard to assume that the value QF = 1 means completely cloudy. From Figures 3A,C, it is clear that the obvious cloud pattern is easy to detect. The main difficulty is the detection of the fractional cloud, where RT-based tests using local atmospheric conditions in CEM play an important role. Once again, this implies that the RGSST from MODIS-AQUA product masked a large number of cloud-free SSTs using a low QF for the reduction of the overall error statistics of the end product. It can be concluded from this study that the physical model-based cloud detection scheme, CEM, is superior to the conventional threshold-based tests.

Although quantitative buoy validation for this granule is quite sufficient to prove the superiority of PDSST over RGSST from MODIS-AQUA, a qualitative comparison is introduced using MWSST from AMSR2 as is shown in Figure 3D. There are several granules at the operational level that never found any buoy matches despite the fact that the number of buoy measurements from iQuam is quite large. The qualitative comparison with MWSST may help to understand the quality of swath processed SSTs from PDSST when in situ are absent in a granule. There are several deficiencies of MWSST, namely low resolution (the nadir footprint is ∼25 km), radio-frequency interference, high retrieval error due to low signal strength of the Planck radiation, high wind-induced ocean surface emissivity, and the inability to retrieve temperatures near the coast (due to sidelobe contamination). The choice of MWSST for the qualitative validation (comparative color-map) is due to the following reasons: (a) there are very few absorption lines in the MW bands and the atmospheric transmission is significantly higher than the same of Infrared (IR) bands, which reduces the regression error, (b) MWSST is free from the ambiguities of cloud detection error.

Twenty-nine buoy matches are found from the MWSSTs for the region of Figure 3D, however, 26 of them are masked by QF = 1 due to land contamination as the distance from the coast is less than 40 km. This is a drawback for satellite-derived MWSSTs as the error in near-coast SSTs is high, however, SSTs from the dynamic coastal areas are highly important for many geophysical models. The RMSD is 0.84 K using only 3 buoy matches, which is more than double than the same for PDSST. Note that the value of RMSD is 7.81 K using 28 buoy matches when near-coast SSTs are included. This implies that the information content of SSTs from IR sensors is significantly higher than MWSSTs.

Note, MWSST from AMSR2 cannot be treated as a reference as: (a) it is a satellite-derived product with comparatively higher error than IR SST, (b) MODIS-AQUA and AMSR2 are not in the same satellite and there is some time difference, and (c) MWSST is not strictly a skin SST due to having different measurement physics. However, MWSSTs can be used to validate the performance of the cloud detection algorithm. As Figures 3A,D are in good agreement as per the color-map which confirmed that the cloud detection scheme in PDSST-suite is working well.



PDSST FOR OCEANIC FRONTS’ STUDY

Ocean fronts are one of the most important factors in several oceanic science developments. Ocean fronts are different in nature with respect to time and space, e.g., some large scale oceanic fronts extend down to thousands of meters and persevere for several months whereas microscale turbulence stretches up to a few meters and dissolves within minutes (for example, Bouali et al., 2017). These fronts should be visible through satellite-derived SST products and the California coast is well suited for this study as a dynamic oceanographic region (Vazquez-Cuervo et al., 2020).

To illustrate the strength of PDSST in the subject of Oceanic fronts’ study, the comparative results for a subset (9° by 8°) of granule − 3 (December 6, 2017) from Table 2 are plotted in Figure 4. This granule has been chosen carefully from a sunny day. PDSST in Figure 4A shows that level-2 SST from a granule is capable of extracting various oceanic features without any other manipulation. As a first-order validation of granule − 3 from Table 2, the RMSD value of PDSST is 0.34 K, by 31 cloud-free buoys, whereas the same for RGSST5 is 0.82 K, using only 2 cloud-free buoys. The RMSD value of PDSST is 0.28 K using 26 buoy matches for the selected subset (9° by 80°). This implies that PDSST outperforms RGSST5.
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FIGURE 4. Comparison of daytime SST retrieval maps of a subset of area 9° by 8°from a granule of MODIS-AQUA for the California coast: (A) PDSST and (B) RGSST5. The ranges of longitude and latitude from −180° to 180° and from −90° to 90° represent West to East and South to North, respectively. Unit of color bar is K.


Note that the percentage of cloud-free pixels over the total pixels of the water body for the complete granule is ∼67.5% using PDSST and ∼16% using RGSST5. The DC of PDSST is almost 4 times more than that of RGSST5. Interestingly, the mean value of swath processed SSTs using the PDSST suite is ∼0.7 K colder than that of RGSST5 SSTs from the matched pixels of the two products (Figure not shown). PDSST algorithm uses the MWIR channels in its retrieval and is expected to be warmer than RGSST5 due to the high error in the visible components of the fast forward model.

To obtain more confidence in the quality of PDSST, the map of MWSST for the same day and location is also plotted in Figure 5A. Although it is not an apples-to-apples comparison, MWSST mapping (Figure 5A) endorses the assertion that PDSST (Figure 4A) is more accurate in detecting cloud-free pixels than the same for RGSST5 (Figure 4B). The statistics of MWSSTs for this granule are as follows: only 17 buoy measurements, out of 37, are matched with the non-zero SSTs from the MWSST product for the region of Figure 4A. However, 15 of them are masked by QF = 1 due to land contamination and the value of RMSD from 2 buoys is 0.77 K, which is more than double than the same from PDSST (0.37 K using 31 buoys).
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FIGURE 5. SSTs map for the same area of California coast as in Figure 4. (A) MWSST from AMSR2, (B) PDSST-MWSST, and (C) RGSST3-MWSST. MD stands for mean differences. The ranges of longitude and latitude from −180° to 180° and from –90° to 90° represent West to East and South to North, respectively. Unit of color bar in K.


To obtain more pixels and fewer gaps, the values of RGSST3 of the same granule (Figure 4B) are considered in the following study. The DC of RGSST3 for a full swath of the said granule increased to 34.6% from 16% (RGSST5). The RMSD value of RGSST3 is 0.82 K using 2 matched buoys, the same as of RGSST5. Both PDSST and RGSST3 for the above-mentioned subset of this granule are downscaled to the spatial resolution of MWSST and differences from MWSST are plotted in Figures 5B,C, respectively. Figure 5C shows that the average value of RGSSTs from MODIS-AQUA is 1.2 K higher than the same from MWSST product, whereas the mean difference of SSTs between PDSST and MWSST is 0.1 K (Figure 5B). It can be concluded from these comparison studies that RGSST from MODIS-AQUA is overestimating the SST values for the said CC area.

Another study is conducted to illustrate the validation of PDSST by comparing with other prevalent products of RGSST from MODIS-AQUA and MWSSTs from AMSR2SSTs from a subset (10° by 5°) of one granule from the same month (2nd December 2017) over the BB (granule – 2 from Table 4), since it is well known that in situ measurements in BB are sparse. Figures 6A,B show the results of PDSST-suite and RGSST5, respectively. There is only one buoy match found in this granule for quantitative validation. Note that the percentage of cloud-free pixels over the total pixels of the water body for the complete granule is 38.9% using PDSST and 17.5% using RGSST5. Figure 6A also shows that the DC of PDSST is 69.7%, whereas the DC for RGSST5 is 22.4% (Figure 6B) for the selected region, which is three times lower than that of PDSST.
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FIGURE 6. Comparison of daytime SST retrieval maps of a subset of area 10° by 5° from a granule of MODIS-AQUA for Bay of Bengal: (A) PDSST and (B) RGSST5. The ranges of longitude and latitude from −180° to 180° and from −90° to 90° represent West to East and South to North, respectively. Unit of color bar is K.


Similarly, the MWSSTs from AMSR2 for the selected region (as in Figure 6A) are plotted in Figure 7A. The satellite-derived SSTs in Figures 6A, 7A are harmonized on the matched region as similar to the previous case study of CC. This implies that there is no artifact in the PDSST retrieval scheme in terms of geographical locations.
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FIGURE 7. SST retrieval maps for the same subset as in Figure 6A. (A) MWSST from AMSR2, (B) Difference between PDSST and MWSST, (C) Difference between RGSSTP and MWSST, and (D) RGSSTP – PDSST. The ranges of longitude and latitude from −180° to 180° and from −90° to 90° represent West to East and South to North, respectively. Unit of color bar is K.


Even if the QF is reduced until 3, there are very few match points between RGSST3 and MWSST for the selected region (Figures 6A,B), making it difficult to produce conclusive results. Thus, a subset of RGSSTs from MODIS-AQUA, RGSSTP, is obtained using the cloud-free pixels according to the PDSST-suite for the following comparison study. Both PDSST and RGSSTP are re-gridded to the MWSST grid and differences from MWSST are plotted in Figures 7B,C, respectively. Figures 7B,C are qualitatively comparable, which implies that the quality of PDSST, including the MWIR channels, is as good as RGSST from MODIS-AQUA, without MWIR channels, under PDSST cloud-free subset for this region. However, PDSST cloud-free subset can extract 3 times more SST information as compared to the same for RGSST5. Such a comparative study may help to evaluate product quality when in situ measurements are hard to get for quantitative validation.

As can be seen from Figures 7B,C, the matched pixels between IR SST and MWSST are still infrequent and limited because the swaths are not matched due to being from different satellites and no SSTs are available beyond the satellite zenith angle of 55° for MWSST database. Thus, the differences between RGSSTP and PDSST are plotted in Figure 7D. A large number of retrievals from RGSSTP and PDSST are compared in Figure 7D. It is observed that the QF values of 48% pixels of the selected RGSSTP are 1, where the QF values are 5 for 38% of total matched pixels. On the other hand, all pixels for the said subset are cloud-free according to PDSST-suite. Once again, there is no correlation between the QF values from the RGSST product and realistic cloud-free conditions.



RESULTS AND DISCUSSION

Physical Deterministic Sea Surface Temperature can provide at least 3 times more satellite-derived SST information by increasing DC and reducing the RMSD from in situ than RGSST5 according to the results are shown in Tables 1–5. Noticeably, the number of matched buoys from MC is 146 only, which is significantly lower than the same from CC and CB. The DC of RGSST5 for MC is higher than the same for CC and the value of information gain of PDSST over RGSST5 is low. This implies that the QF procedure for RGSST5 is more stringent for coastal areas because the set of granules for MC is from the deeper parts of the ocean than the same for CC. Also, the RMSD values for PDSST and RGSST5 are lower for MC than the same for CC, because the type of all buoys for MC is “drifter” whereas most of the buoys in CC are “coastal moored.”

The interesting result from the study of 98 granules from all Tables from three different regions is that the DC from PDSST for all granules is never less than the same from RGSST5. However, the RMSD values of PDSST for some granules are higher than the same from RGSST5. This occurs due to two reasons: (a) uneven sample size between PDSST and RGSST5, and (b) skin-bulk physics. The low RMSD values of RGSST5 from a granule are observed when the RMSD of PDSST is calculated from a significantly higher number of buoy measurements as compared to the same for RGSST5. For example, granule-3 of Table 1, where the RMSD of PDSST is 0.37 K using 27 matches whereas the RMSD of RGSST5 is 0.17 K using only 2 matches, which is questionable to calculate the statistics using a very low sample size. The satellite-derived SST is skin temperature and the buoy is located at ∼2 m depth of the ocean, and the validation of the satellite-derived SST against the bulk temperature of buoy is generally arguable (see details in Koner, 2020b). As alternative in situ databases for skin SST are not readily available, first-order validation of satellite-derived SSTs is accepted using buoy measurements. Moreover, RGSSTs are conventionally bulk SSTs due to the fact that regression coefficients are generated using bulk buoy measurements, whereas the PDSSTs are skin SSTs by definition (see details in Koner, 2020b).

Physical Deterministic Sea Surface Temperature is capable of fetching an enormous amount of valuable SST information as compared to the currently operational regression-based SST scheme for the dynamic oceanographic area of CC as per Figures 3A,B, 4A,B, 6A,B. One of the major reasons this has achieved such high information gain (∼20 times for a specific granule of Figures 4A,B) as compared to RGSST5 is that the PDSST suite uses more channels including MWIR channels and local atmospheric information from GFS data in daytime SST retrieval as well as for cloud detection scheme.

A sharp gradient for oceanic fronts using PDSST suite in CC and BB region is observed in Figures 4A, 6A, but the oceanic fronts almost disappeared in operational RGSST5 (Figures 4B, 6B). PDSST suite shows that the highest value of SST gradient magnitude is 1.36 K/pixel for CC and 2.24 K/pixel for BB. Some gradients of the SST fronts for the RGSST from MODIS-AQUA are visible if QF is set to be ≥3 (figure not shown) for BB, but not in CC. However, the sharp gradients are absent even for QF ≥ 3 as is seen in Figure 6A. A similar conclusion for BB is reported in a recent publication (Samanta et al., 2018).

Interestingly, PDSST result assures that the oceanic fronts and eddies of a dynamic oceanographic region can be studied using PDSST for a cloud-free region with a finer scale of ∼1 × 1 km (nadir viewing) grid box (Figures 4A, 6A), which was difficult using regression-based satellite IR SSTs (Figures 4B, 6B). Generally, oceanic fronts and eddies are studied using MWSST due to the fact that microwave measurement can penetrate clouds and produce gap-free SSTs. Moreover, the spatial resolution of MW SST is lower (∼25 × 25 km) than that of IR SST and also has a higher retrieval error (at least double than that of PDSST). Since PDSST declares ∼20−25% of global measurements as cloud-free (Koner and Harris, 2016b) and spatial resolution is ∼500 times higher, the information gain using PDSST will be of roughly two orders (∼102) of magnitude as compared to MW SST. This will certainly be an avenue for enhancing the understanding of different oceanic science studies.

A noticeable deficiency of the regression-based SST retrieval scheme can be observed from Figures 6B, 7A, where no SST is retrieved beyond the longitude of ∼ 90°. SSTs are not retrieved using any regression-based methods if the satellite zenith angle of the measurement is more than 55° due to high error in SSTs. This also confirms that a large number of MWSSTs are discarded from healthy satellite measurements due to the choice of the applied retrieval algorithm.

Although the mean differences between PDSST and RGSSTP is −0.2 K for a particular granule (Figure 7D), 18 granules of December 2017 from BB have been studied and it is found that the average mean difference is ∼−0.5 K (results not shown). To illustrate more on this issue, a recent publication on “Nature” (Samanta et al., 2018) reports that Indian summer monsoon is modeled using satellite-derived SST data surrounded by the BB, but a bias of −0.5 K is removed from the observed SST data to facilitate the validation of the higher-level scientific model. This discrepancy is likely due to the used satellite-derived IR SST data being ambiguous.

The difference in SSTs between PDSST and RGSSTP varies from +1.5 K to −1.5 K for the region of BB as is seen in Figure 7D. It is observed from the retrieved TCWV using PDSST algorithm as shown in Figure 8 that the RGSSTs from MODIS-AQUA show an overestimate of ∼1.5 K for the region where TCWV quantity is ∼10 Kg/m2 and an underestimate of ∼1.5 K where TCWV is higher (∼30 Kg/m2) as compared to the same for PDSST. A rigorous validation on the retrieved TCWV using PDSST will be conducted and reported in a future publication. However, this is an additional advantage of PDSST-suite that it can help to improve the quality and spatial resolution of TCWV data obtained from GFS model. Although the absorption of RT physics is dependent on the profile shape of water vapor, it is just a first-order estimate using TCWV to demonstrate the outcome. Since PDSST uses the local atmospheric conditions from GFS data, it is expected that the quality of SSTs from the PDSST-suite is better than RGSST, and the observed differences are probably the errors in RGSSTs.
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FIGURE 8. Retrieved TCWV maps using PDSST for the same subset as in Figure 6A. The ranges of longitude and latitude from −180° to 180° and from −90° to 90° represent West to East and South to North, respectively. Unit of color bar is kg/m2. Dark brown color represents the “NaN” values.


It is not just the fact that one granule of CC shows 1.2 K bias from MWSST, the average bias of RGSST5 from MWSST for all 20 granules is 0.97 K. On the contrary, the bias of RGSST5 for BB from 18 granules is −0.5 K for the same months. The opposite sign of the regional bias can be discussed as the atmospheric condition of CC for the month of December is dry as compared to the same for BB. Additionally, BB has a high aerosol content as compared to the same for CC. Such different regional bias cannot be studied in global matchups’ study (see Koner, 2020b) because positive and negative regional biases are averaged out in the global statistics. A detailed study on the effects of TCWV and aerosols on RGSST5 at Somalia coast of IO has been already discussed in an earlier publication (Koner, 2019). On the contrary, such problems of TCWV and aerosol have no major effect on the PDSST retrieval because PDSST uses local atmospheric condition information through GFS data. Also, PDSST does not rely 100% on GFS data, and both TCWV and aerosols are in the retrieved vector of PDSST algorithm to correct the GFS data.



CONCLUSION

The swath-processed SSTs using the PDSST suite on MODIS-AQUA radiance data for coastal and near-coastal areas reveal that enhanced SST information can be obtained using MWIR channels in the daytime SST retrieval scheme. The information gain of PDSST over RGSST5 is even higher in the coastal areas of CC, CB, and BB as compared to the global matchup studies (Koner, 2020b). This is a paradigm shift in results of 3−5 times information gain over prevalent method. TCM study shows that true information gain of PDSST over RGSST5 for near-coastal areas (only drifter matchups) is more than double apart from the increased DC for PDSST. The SST information of coastal and dynamic oceanographic regions is highly valuable because this information is essential to enhance scientific models for atmospheric and oceanographic features, and the PDSST suite can play an important role.

Although the effects of increased satellite-derived SST information using PDSST on oceanic fronts’ study are demonstrated in this work, the increased information content of PDSST can help to better understand many oceanic science problems. This study confirms that the PDSST retrieval scheme can produce unambiguous SST retrieval from satellite measurements to open up a new frontier in oceanic science by increasing the coverage and resolution in space and time of high-quality observations. Additionally, the physical deterministic algorithm is generic and is found to be superior to other stochastic retrieval methods for profile retrieval using remote sensing empirical data (Koner and Drummond, 2008a,b; Koner et al., 2010, 2016a; Koner and Dash, 2018; Koner, 2020a). This work endorses that the transformative inverse approach of PDSST can maximize unambiguous quantitative information from realistic satellite remote sensing measurements.



RECOMMENDATIONS

Apart from this study, the nighttime SSTs using PDSST-suite have been already compared with the operational PO.DAAC SSTs in an earlier publication (Koner and Harris, 2016b) and PDSST-suite was found to have 2−3 times information gain. Large discrepancies of RGSST5 (MODIS SSTs) are observed with respect to the in situ measurements for daytime (Koner, 2020b), where the short-comings of the regression-based daytime SST retrievals using only two channels and without MWIR channel/s are thoroughly discussed. This is not the first time on record; several earlier publications (for example, Smale and Wernberg, 2009; Crosman and Horel, 2009; Castillo and Lima, 2010; Dufois et al., 2012; Smit et al., 2013; Bouali et al., 2017; Hao et al., 2017; Pimentel et al., 2019) reported the same. It is also shown in Koner (2020b) that daytime SST retrieval, including one MWIR channel, using another prevalent physical-based estimation method (cf. Masiello et al., 2015; Peres et al., 2017), where the error is being treated as definite information, is equally ambiguous. In observational science, measurement is the most important component to develop a scientific model. Higher-level scientific models will be imprecise when ambiguous satellite-derived parameters are used. For example, MODIS SSTs were used as the measurement for several oceanographic scientific models (e.g., Barré et al., 2006; Turiel et al., 2008; Knievel et al., 2010; Gawarkiewicz et al., 2012; Kozlov et al., 2012; Williams et al., 2013; Callies et al., 2015; Huang and Feng, 2015). Most of these studies require additional tweaking to the operational PO.DAAC MODIS SSTs to fetch some scientific information, but it is still questionable (e.g., Smit et al., 2013; Bouali et al., 2017) to develop a scientific model using such ambiguous data.

Operational SST retrieval from imager measurements using regression-based method is still dominating in this community. The SST product from MODIS-AQUA distributed by PO.DAAC is also using the regression-based method. Such approaches were justifiable in the interest of time and the lack of computational resources when they were formulated ∼4−5 decades ago. With the availability of improved computational facilities, the implementation of PDSST for the near-real-time operational environment is feasible (see Koner et al., 2015). Broadly, the regression-based stochastic inverse method can extract the qualitative information from the measurements to understand the problem at the early stages of scientific development, and the physical deterministic inverse is highly desirable to maximize the quantitative information from remote sensing measurements where a mature forward model exists. This is a call-to-action for the community to rethink the appropriate inverse method for operational SST retrieval from advanced imager measurements.
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