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Abstract

:

Operational coarse-resolution satellite thermal sensors designed for global oceans are often insufficient for evaluating surface temperature of small water bodies. Here, the quality of the thermal data, collected by the ECOsystem Spaceborne Thermal Radiometer Experiment on Space Station (ECOSTRESS), over several South Florida estuaries, Chesapeake Bay, and Lake Okeechobee is evaluated using both in situ and Moderate Resolution Imaging Spectroradiometer (MODIS) Sea Surface Temperature (SST) data. Overall, for SST between ~6 and ~32 °C, ECOSTRESS LST (Land Surface Temperature, used as a surrogate for SST in this study) appears to be slightly underestimated, with the underestimation being more severe at night (−1.13 °C) than during the day (−0.64 °C), in spring and summer (−1.25 ± 1.39 °C) than in autumn and winter (−0.57 ± 0.98 °C), and after May 2019 when two of the five bands failed. The root-mean-square uncertainties of ECOSTRESS SST are generally within 1–2 °C. Spatial analysis further suggests that ECOSTRESS SST covers waters closer to shore and reveals more spatial features than MODIS, with comparable image noise. From these observations, after proper georeferencing and empirical correction of the negative bias, ECOSTRESS SST may be used to evaluate the thermal environments of small water bodies, thus filling gaps in the coarse-resolution satellite data.
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1. Introduction


Over the past decade, many estuaries in South Florida have been under ecological stress with frequent and recurrent algal blooms and seagrass mortalities, such as cyanobacterial blooms and brown tide blooms in Caloosahatchee River Estuary (CRE) [1,2] and in Florida Bay (FB) [3]. In addition, thermal stress has also been reported, such as the 2010 cold event [4]. Corresponding to these abnormal events, fish kills, seagrass die-offs, coral mortality, and lobster die-offs have been reported [4,5,6,7]. While numerous papers have documented the biological stresses including nutrient enrichment [8,9], fewer studies focused on whether these ecologically important estuaries have been under thermal stress. In order to have such an assessment, a long-term, consistent, temperature record for each estuary needs to be established first, through measurements of sea surface temperature (SST). In this context, following the convention, SST refers to water surface temperature regardless of whether the water is seawater or freshwater.



SST can be measured from both field platforms (such as moorings, drifting buoys, Argo floats, and ships) and satellites (either polar-orbiting or geostationary), each having its own strengths and weaknesses. Field-collected SST data (i.e., in situ SST), after quality control, are accurate, but they are usually sparse in either time or space. Satellite-based SST data have more spatial and temporal coverage for regional or global studies, but their uncertainties need to be quantified and understood. Field-measured SST is often from the top layer of the surface water (a few meters) while satellite-sensed thermal signal comes from the water “skin” (i.e., the top millimeters), although the latter is “calibrated” to match the former using multi-channel linear or non-linear regressions [10,11,12,13]. Furthermore, although operational satellite sensors such as Moderate Resolution Imaging Spectroradiometer (MODIS) or Visible Infrared Imaging Radiometer Suite (VIIRS) have daily coverage of the earth surface, their coarse spatial resolutions (1.1 km nadir resolution for MODIS, 0.75 km nadir resolution for VIIRS) often make it difficult to use for small water bodies such as estuaries. On the other hand, some satellite sensors such as the Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER, 90 m) on the Terra satellite or the Thermal Infrared Sensor (TIRS, 100 m) on the Landsat-8 satellite provide finder-resolution thermal data [14,15,16,17], but their site revisit frequency (once every 16 days, and lower after discounting clouds) may be too low to capture short-term SST changes in estuaries.



The launch of the ECOsystem Spaceborne Thermal Radiometer Experiment on the Space Station (ECOSTRESS) in July 2018 may provide a practical solution to the above dilemma, as ECOSTRESS collects thermal data over both land and water with a spatial resolution of 38 m × 68 m and a revisit period of 4–5 days. However, because of its experimental nature, the uncertainties in the ECOSTRESS data products need to be understood before they are used to assess the thermal environments of estuaries.



Hook et al. [18] performed an inflight validation on the thermal channels of ECOSTRESS using several validation sites in Lake Tahoe (CA/NV, USA) and Salton Sea (CA, USA). The correlation between in situ data and at-sensor radiance for the five thermal channels is 0.99, with both preflight absolute radiometric accuracy and in-flight noise equivalent delta temperatures (NEΔT) meeting the mission requirements. Silvestri et al. [19] compared the surface temperatures obtained by ECOSTRESS, ASTER, and TIRS over several Italian volcanic and geothermal areas. The cross-sensor correlations and biases are 0.66 to 0.89 and −2.47 to 0.63 K, respectively. However, despite these two studies, the quality of the ECOSTRESS surface temperature data over estuaries is largely unknown, as the study by Hook et al. [18] is focused on the at-sensor radiance rather than the estimated surface temperature. Furthermore, because small estuaries require accurate geometric positioning of image pixels, it is also essential to evaluate the geometric accuracy of ECOSTRESS surface temperature images. Such an evaluation was mostly ignored in previous studies.



The objective of this study is to evaluate ECOSTRESS surface temperature data collected over South Florida estuaries using in situ measurements and well-calibrated and validated MODIS measurements whenever resolution is not an issue. Because the estuaries are all located in a subtropical setting with a narrow SST range, the study also includes Chesapeake Bay (CB) in order to evaluate ECOSTRESS surface temperature data for a lower temperature range.




2. Data and Methods


There is a wealth of literature on the evaluation of remotely sensed SST using either field-measured SST [12,20,21,22,23,24] or SST from another well-calibrated remote sensor [25,26]. In this study, we follow these published works to evaluate ECOSTRESS data using both methods.



2.1. In Situ Data and Satellite Data


2.1.1. In Situ Data


In situ surface temperature data for the CB, Lake Okeechobee (LO), CRE, and FB were obtained from the National Data Buoy Center (NOAA NDBC), South Florida Water Management District (SFWMD), and Sanibel-Captiva Conservation Foundation River, Estuary, and Coastal Observing Network (SCCF RECON) (Figure 1 and Table 1). The thermal sensors are mounted on buoys, Coastal-Marine Automated Network (C-MAN) stations, platform-based stations, or other water quality stations. NDBC thermistors are within the first two meters of the water column, while thermistors in other sites are from 0.5 to ~1 m below the ocean surface. The exact depths these thermistors have not been reported as they are also influenced by tides, but measured temperatures are believed to represent the bulk temperatures of the surface water layers rather than the skin temperatures (top millimeters). All data were collected at intervals of less than one hour and had undergone extensive quality control by the data collection agencies/groups.




2.1.2. ECOSTRESS


ECOSTRESS has a TIR multispectral radiometer installed on the Japanese Experiment Module-Exposed Facility (JEM-EF) on the International Space Station (ISS), which measures the radiance in five spectral channels between ~8 and ~12 µm (centered at 8.29, 8.78, 9.20, 10.49, and 12.09 µm), with an additional band at 1.60 µm for geolocation and cloud detection. ECOSTRESS collects data within a swath width of 402 km and with NEΔT < 0.1 K (reference at 300 K) in all five TIR bands [27,28]. After proper atmospheric correction, the surface spectral radiance was used to retrieve the Land Surface Temperature and Emissivity (LST&E) based on the Temperature Emission Separation (TES) algorithm [29,30,31]. Here, ECOSTRESS LST is used as a surrogate of SST, and the two terms are used interchangeably in this text because our focus is on estuaries and inland waters. Due to malfunctioning of the mass storage unit (MSU) on 14 March 2019, only three bands (8.78, 10.49, and 12.09 µm) were available after 15 May 2019, with the other two bands being filled with dummy values. The total RMS errors in the retrieved LST data from the 3-band data were ~1.5 K, as compared to ~1 K from the 5-band data [31].



All ECOSTRESS data are available from the NASA Land Process Distribution Active Archive Center (LPDAAC). The Level-2 product, ECO2LSTE, provides the LST, emissivity (E), and corresponding quality control (QC) with a spatial resolution of approximately 70 × 70 m. QC flags, recorded in digital bits, were used in this study to exclude low-quality data. The value of bits 1&0 = 00 in the QC flags indicates the best quality from the clearest sky as determined from a series of cloud tests, which include morphological tests that are used to flag and discard pixels in the “holes” between clouds in order to eliminate cloud shadows and cloud edge effects. The ECOSTRESS Level-2 Cloud product consists of an 8-bit flag of cloud mask and cloud tests where bit 4 contains the land/water mask [31], which was also used in this study to select water pixels.



From August 2018 to August 2020, 252 ECOSTRESS images were found to have valid SST data covering the 24 sites in CB, LO, CRE, and FB, according to the criteria outlined below to find matching pairs between ECOSRESS and in situ data.




2.1.3. MODIS


MODIS instruments on the Terra and Aqua satellites provide near-daily global SST data with a nominal resolution of ~1 km. MODIS SST was derived from calibrated at-sensor radiance using a multi-channel non-linear regression algorithm [32], and data quality was determined through 15 quality tests including sensor zenith angle, the difference between brightness temperatures/sensor-derived SST and expected brightness temperatures/reference SST, and so on. These tests classified the SST quality using a value between 0 and 3. A pixel that passed all quality tests was assigned the best SST quality value of 0 [33]. Pixels with SST quality values greater than or equal to 2 were considered as invalid pixels contaminated by clouds or other artifacts. The RMS uncertainties are typically within 0.5 °C for most open-ocean waters and < 1 °C for the Gulf of Mexico coastal waters [20]. In this study, MODIS SST data were obtained from the NASA Goddard Space Flight Center. From August 2018 to August 2020, 225 MODIS images were found to have valid SST data covering one site (LONF1) in FB, according to the criteria outlined below to select matching pairs between MODIS and in situ data.





2.2. Evaluation Method


2.2.1. Site Selection


In order to evaluate ECOSTRESS SST data (i.e., the ECOSTRESS LST product) for estuaries, only ground stations away from land were used to avoid potential contamination on the image pixels close to land. The distance to land was selected to be ~1.5-pixel size so possible mixed pixels were discarded.




2.2.2. Image Pre-Processing


The initial georeferencing of ECOSTRESS 70 m pixels contained large errors due to uncertainties of the ISS positioning system. In the ECOSTRESS Level-2 data, a geolocation correction using the Landsat base map was applied. However, when cloud cover prevails in a significant portion of the orbit, it is difficult to match ECOSTRESS image with the Landsat base map automatically, resulting in large uncertainties in ECOSTRESS georeferencing. Therefore, a manual geometric correction of the ECOSTRESS products, based on known features on land (including shorelines) was performed before evaluation of the SST data accuracy.



To select ECOSTRESS data with the highest quality, only pixels with bits 1&0 = 00 in the QC bit flags were used. Even though, residual errors due to scattered clouds and cloud edge effects still remained in such quality-controlled images. These residual errors were corrected using computer codes developed with the Photutils of Python package. Specifically, a median filter with adjustable window size (determined from trial and error) was first used to estimate the two-dimensional background and background RMS noise in each location, resulting in a background image and a corresponding RMS noise image. Then, if a pixel’s value exceeds the background ± 2RMS, the pixel is discarded. The procedure was found to be efficient in removing residual errors due to scattered clouds and cloud edge effects.




2.2.3. Matchup Rules for Remotely Sensed SST and In Situ SST


After determining the ground station sites and pre-processing of the ECOSTRESS images using the steps outlined above, the quality-controlled ECOSTRESS SST at each site was calculated as the average of 3 × 3 pixels centered on the site, with the time difference limited to ±1 h from the in situ SST measurement. A spatial homogeneity test was further used to discard pixels with large spatial variability in the matchup selections. Specifically, if the coefficient of variation (CV = standard deviation/mean) of the 3 × 3 pixels was >0.15, the pixels were not selected to compare with in situ SST data. This is because while in situ SST was from the “point” measurement, ECOSTRESS SST was from an area of 70 × 70 m2. Such a homogeneity test was necessary to assure that a point measurement could be used to represent a large area. In this step, the use of CV instead of standard deviation in the homogeneity test was to follow the convention of the ocean color research community [34], and also to account for the fact that SST noise may increase with SST following the square root rule if the noise is “white.” Here the term “noise” refers to SST precision as opposed to accuracy, and in practice it is calculated as the standard deviation of 3 × 3 pixels for each center pixel.



For MODIS SST evaluations using in situ SST data, the same criteria were used to find the matching pairs.




2.2.4. Matchup Rules for Concurrent ECOSTRESS and MODIS


For cross-validation of SST derived from two satellite instruments, images of ECOSTRESS and MODIS collected within 3 h were used. Furthermore, ECOSTRESS pixels were aggregated to MODIS resolution in order to have a direct comparison with MODIS pixels. Specifically, from August 2018 to August 2020, 33 ECOSTRESS and MODIS image pairs were found to cover the FB, which were used for the cross-sensor evaluations. Then, MODIS SST images were used to evaluate ECOSTRESS SST using the method outlined below. The use of MODIS data to evaluate ECOSTRESS data was to complement the ECOSTRESS evaluations based on in situ data. Therefore, in this study, only MODIS data over the FB were used for this purpose.





2.3. Statistical Measures


The quality of ECOSTRESS SST was assessed using several statistical measures. Among them, linear regression and coefficient of determination (R2) were used to assess the correlation between two datasets, and the absolute deviation (bias) and root mean square difference (RMSD) were used to assess the mean difference and spread of the two datasets. Here, linear regression was not used for cross-sensor comparison because regression statistics can be misleading for datasets with small dynamic ranges [35].





3. Results


3.1. Comparison between ECOSTRESS SST and In Situ SST


As shown in Table 2, for the daytime and nighttime data combined, high correlations (mean R2 = 0.92) are found between ECOSRESS SST and in situ SST for the three estuaries and LO. Using in situ SST as the ground truth, mean bias in the ECOSTRESS SST is −0.88 °C, with mean RMSD of 1.53 °C. The negative bias and <1.0 slope values indicate that ECOSTRESS tends to underestimate SST, which may be related to atmospheric water vapor corrections [36] or thin cloud contamination. Overall, these statistics indicate uncertainties of ECOSTRESS SST are higher than those of MODIS SST [20].



Similar observations can be made from the same datasets after they are partitioned into two groups for daytime (8:00–20:00 local time) and nighttime (20:00–8:00 local time), respectively (Figure 2 and Table 2). Determination coefficients averaged over all regions are 0.91 and 0.93 for daytime and nighttime, respectively. Mean bias and RMSD during daytime for all regions are −0.51 and 1.39 °C, respectively, while mean bias and RMSD during nighttime for all regions are −1.20 and 1.62 °C, respectively.



From these observations, ECOSTRESS SST is negatively biased, and the bias is higher at night than during the day. This may be caused by the fact that while ECOSTRESS senses the surface skin temperature (top millimeters), the in situ SST was measured as a bulk temperature of the top water layer (up to 2 m deep). During the day, solar insolation may result in a higher skin temperature than bulk temperature, while during the night the surface cooling may have an opposite effect, thus causing more negative biases at night than during the day. Such effects have been demonstrated in detail in several previous studies [11,37,38,39,40,41].



The negative bias of the ECOSTRESS SST is also revealed in the monthly mean data (Figure 3). Monthly mean temperature differences (TDs) between ECOSTRESS and in situ SST show negative bias in the former for all regions, and the negative bias appears to be worsened after the transition period when only 3 of the 5 bands were used to estimate SST (Figure 3a–d). When all months are combined, mean TDs before and after the transition period are −0.80 and −1.15 °C, respectively (Figure 3e). This result is consistent with those reported in [31], where RMS error in the 5-band LST was smaller than in the 3-band LST. In contrast, the reduced number of bands after the transition period does not appear to cause more data spread, as mean standard deviations (STDs) before and after the transition period are 1.05 and 0.73 °C, respectively.



The negative bias in ECOSTRESS SST appears to vary seasonally (Figure 4), with autumn and winter showing lower biases (mean TDs = −0.64 °C) than spring and summer (mean TDs = −1.17 °C). The data spread in all seasons is rather similar, with mean STDs = 1.26 °C in spring and summer and mean STDs = 1.01 °C in autumn and winter. This observation is consistent with the statistical measures in Table 2, where a slope of < 1.0 indicates more negative bias for higher SST data.




3.2. Comparison between ECOSTRESS SST and MODIS SST


To use MODIS SST to evaluate the quality of ECOSTRESS SST, MODIS SST was first evaluated using in situ SST. In Table 2, the determination coefficient between MODIS and in situ SST for daytime and nighttime data combined is 0.98, with bias and RMSD for MODIS SST being 0.11 and 0.51 °C, respectively. When data are partitioned to daytime and nighttime, bias in MODIS SST appears to be higher during daytime (0.19 °C) than during nighttime (0.05 °C) (Figure 5), possibly due to the effect of diurnal heating of the sea surface, and such an effect was also observed in the different biases in the ECOSTRESS daytime and nighttime SST data as explained above. Nevertheless, an RMS uncertainty of ~0.5 °C and bias < 0.2 °C suggest that the MODIS SST is accurate and therefore can be used to evaluate the ECOSTRESS SST.



From 33 ECOSTRESS and MODIS image pairs between August 2018 and August 2020, mean bias and RMSD were calculated for ECOSTRESS SST. For daytime and nighttime data combined, mean bias and RMSD in ECOSTRESS SST are −0.92 and 1.24 °C, respectively. For daytime data, they are −0.76 and 1.24 °C, respectively. For nighttime data, they are −1.05 and 1.24 °C, respectively. ECOSTRESS SST is lower than MODIS SST for both daytime and nighttime, with a smaller difference in their corresponding negative biases than the difference between ECOSTRESS daytime and nighttime biases when in situ SST data were used as the reference. This is because both ECOSTRESS and MODIS essentially detect the same water “skin”, thus would respond similarly to diurnal warming. However, the negative bias in ECOSTRESS SST appears to be larger in spring and summer (mean bias = −1.33 °C) than in autumn and winter (mean bias = −0.49 °C) (Figure 6).



Comparisons between ECOSTRESS and MODIS SST from the 33 image pairs are presented in Figure 7a for daytime SST and Figure 7b for nighttime SST. ECOSTRESS SST covers a range of 18.01–34.72 °C and 17.58–34.47 °C during daytime and nighttime, respectively, while MODIS SST covers a range of 19.93–33.36 °C and 19.13–32.25 °C. From these density plots, it is clear that ECOSTRESS SST is systematically underestimated for all SST ranges, especially when SST exceeds ~25 °C during daytime. On the other hand, the negative bias is mostly small and can be corrected using linear regressions.





4. Discussion


Given that MODIS can provide ~1600 images (both daytime and nighttime) per year over the South Florida estuaries while ECOSTRESS can provide only ~160 images per year, the question is what value ECOSTRESS may bring to the table when assessing the thermal environments of these coastal water bodies. The answer is in two aspects. First, for relatively small estuaries (<4 km in either dimension), there are usually no valid MODIS pixels, and ECOSTRESS can fill the data gap. Likewise, in estuaries where MODIS does provide valid SST pixels, these pixels cover waters 1–2 km away from land, and the coarse resolution often smears horizontal SST gradients. In contrast, ECOSTRESS covers waters as close as 100 m from land, and the 70 m resolution pixels reveal more detailed SST changes than enabled by MODIS. These effects are demonstrated using the FB examples below in Figure 8 and Figure 9, as MODIS shows no valid SST pixels over the CRE.



From the 33 concurrent (< 3 h) image pairs, the number of valid SST pixels in each location is shown in Figure 8a for MODIS (1 km) and Figure 8b for ECOSTRESS (70 m), respectively. The frequency of valid SST observations is higher for ECOSTRESS, as its finer resolution enables more observations between small clouds. This effect has been shown in [42], where MODIS 250 m bands were shown to have 10–25% more valid coverage over the Gulf of Mexico than MODIS 1-km bands. Furthermore, in waters close to land, only ECOSTRESS can provide valid SST data (Figure 8c). For the FB region shown in Figure 8c, ECOSTRESS provides 18% more spatial SST coverage than MODIS.



The finer resolution also enabled ECOSTRESS to capture more spatial features than being offered by MODIS, as demonstrated in the image pair of Figure 9a,b. In these images, ECOSTRESS shows more spatially coherent SST patterns, for example, the SST fronts south of the Florida Keys (arrows in Figure 9b). However, the ECOSTRESS SST data in Figure 9b shows distinct striping noise in the along-scan direction. This type of striping noise is typical in either scanning (east–west) or push broom (north–south) satellite sensors, and can be reduced in post-processing [43,44,45]. Some of the noise is due to damaged detectors in TIR bands 1 and 5 and SWIR band during the pre-launch test, resulting in the loss of 8 rows of data per 128 rows in the cross-track direction in these bands [46]. Such striping noise is masked through the use of the QC bit flags (color coded white in the image), and was not used in any analysis above. Other striping noise is caused by the different detector responses [46], which may cause unsmooth pixel-to-pixel SST changes in the along-track direction. Therefore, the image-based anisotropic variograms were derived to show the contrast between the two directions (along-track and along-scan) and the contrast between ECOSTRESS and MODIS images (Figure 9c,d). Here, based on spatial autocorrelation, variograms are used to describe spatial scales of variability (or “patchiness”) as well as the proportion of the variability captured at a given resolution [47,48]. The semivariance is obtained by calculating half of the squared difference of all pixel pairs that are at a distance from each other in any direction in an image. In such derived semivariance parameters, the ratio of minor range (Amin) to major range (Amax) between 0 and 1 is used to represent spatial anisotropy, with smaller ratios representing higher spatial anisotropy. A ratio of 1 corresponds to the isotropic case [49]. The ratio is 0.70 for MODIS and 0.39 for ECOSTRESS (Figure 9c,d), indicating higher spatial anisotropy in ECOSTRESS SST, apparently due to the striping noise. The nugget (C0) represents the unresolved variability at a given resolution that can be due to noise in SST data, and sill (C + C0) is the total variability of a region. From Figure 9c,d, C/(C0 + C) is 0.89 for MODIS SST and 0.79 for ECOSTRESS SST, suggesting 89% of structural and 11% non-structural variability in the MODIS SST image, and 79% of structural and 21% of non-structural variability in the ECOSTRESS image. The higher non-structural variability in the ECOSTRESS image is apparently due to the striping noise. On the other hand, ECOSTRESS appears to have higher semivariance at a large separation distance (e.g., >10 km), which is speculated to be caused by the periodic noise in ECOSTRESS. However, the above observations are based on one image pair only, and future studies may use more image pairs to make more statistically meaningful observations.



With a finer spatial resolution, compared to MODIS, ECOSTRESS SST appears to be able to resolve more details in small SST features. When evaluated using statistics of 3 × 3 pixels from homogenous scenes over clear waters, average noise in ECOSTRESS is only 0.13–0.17 °C from 3 images, as compared with MODIS SST noise of 0.10–0.19 °C. This suggests that although ECOSTRESS SST uncertainties (relative to ground “truth”) are higher than MODIS SST, their precisions are comparable regardless of the resolutions.



Finally, even though ECOSTRESS SST can fill data gaps in small estuaries and reveal more spatial features in other estuaries, the uncertainties are higher than MODIS. While the RMS uncertainties may be reduced after pixel averaging, the small negative bias may be corrected through empirical regression. Even without correction, as long as the bias is systematic rather than random, it will not impact the assessment of thermal anomalies. Furthermore, although the assessment is focused on South Florida waters, results from CB (Table 2 and Figure 2) suggest that the observations are similar for temperature ranging from ~6 to ~32 °C, therefore making ECOSTRESS SST data possibly applicable to most estuaries in North America with a similar temperature range.




5. Conclusions


While the ECOSTRESS sensor was designed for terrestrial use (e.g., vegetation water stress, agricultural vulnerability, etc.), the evaluation of the ECOSTRESS LST data product (used as a surrogate for SST) over several estuaries and Lake Okeechobee suggests that it is also applicable for these relatively small water bodies for a large temperature range. Such a finding is based on the evaluations of 1076, 287, 331, and 245 ECOSTRESS SST images covering the Chesapeake Bay, Lake Okeechobee, Caloosahatchee River Estuary, and Florida Bay, respectively, from August 2018 to August 2020. The residual errors in georeferencing and negative bias, as revealed by in situ and MODIS SST, can all be corrected through post-processing. Therefore, ECOSTRESS SST may serve as a valuable data source to evaluate the thermal environments of coastal and inland waters.
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Abbreviations




	Acronym
	Definition



	ASTER
	Advanced Spaceborne Thermal Emission and Reflection Radiometer



	Amax
	Major range



	Amin
	Minor range



	C0
	Nugget



	C0 + C
	Sill



	CB
	Chesapeake Bay



	C-MAN
	Coastal-Marine Automated Network



	CRE
	Caloosahatchee River Estuary



	CV
	Coefficient of variation



	E
	Emissivity



	ECOSTRESS
	ECOsystem Spaceborne Thermal Radiometer Experiment on Space Station



	FB
	Florida Bay



	ISS
	International Space Station



	JEM-EF
	Japanese Experiment Module-Exposed Facility



	LO
	Lake Okeechobee



	LPDAAC
	Land Process Distribution Active Archive Center



	LST&E
	Land Surface Temperature and Emissivity



	MODIS
	Moderate Resolution Imaging Spectroradiometer



	MSU
	Mass storage unit



	NDBC
	National Data Buoy Center



	NEΔT
	Noise equivalent delta temperatures



	QC
	Quality control



	R2
	Coefficient of determination



	RMSD
	Root mean square difference



	RSS
	Residual Sum of Squares



	SCCF RECON
	Sanibel-Captiva Conservation Foundation River, Estuary, and Coastal Observing Network



	SFWMD
	South Florida Water Management District



	SST
	Sea Surface Temperature



	STDs
	Standard deviations



	TDs
	Temperature differences



	TES
	Temperature Emission Separation



	TIRS
	Thermal Infrared Sensor



	VIIRS
	Visible Infrared Imaging Radiometer Suite







References


	



Doering, P.H.; Chamberlain, R.H.; Haunert, K.M. Chlorophyll a and its use as an indicator of eutrophication in the Caloosahatchee Estuary, Florida. Fla. Sci. 2006, 69, 51–72. [Google Scholar]

	



Turner, R.E.; Rabalais, N.N.; Fry, B.; Atilla, N.; Milan, C.S.; Lee, J.M.; Normandeau, C.; Oswald, T.A.; Swenson, E.M.; Tomasko, D.A. Paleo-indicators and water quality change in the Charlotte Harbor Estuary (Florida). Limnol. Oceanogr. 2006, 51, 518–533. [Google Scholar] [CrossRef]

	



Cannizzaro, J.P.; Barnes, B.B.; Hu, C.; Corcoran, A.A.; Hubbard, K.A.; Muhlbach, E.; Sharp, W.C.; Brand, L.E.; Kelble, C.R. Remote detection of cyanobacteria blooms in an optically shallow subtropical lagoonal estuary using MODIS data. Remote Sens. Environ. 2019, 231, 111227. [Google Scholar] [CrossRef]

	



Lirman, D.; Schopmeyer, S.; Manzello, D.; Gramer, L.J.; Precht, W.F.; Muller-Karger, F.; Banks, K.; Barnes, B.; Bartels, E.; Bourque, A.; et al. Severe 2010 cold-water event caused unprecedented mortality to corals of the Florida reef tract and reversed previous survivorship patterns. PLoS ONE 2011, 6, e23047. [Google Scholar] [CrossRef] [PubMed]

	



Butler, M.J.; Dolan, T.W. Potential impacts of Everglades restoration on lobster and hard bottom communities in the Florida Keys, FL (USA). Estuaries Coast. 2017, 40, 1523–1539. [Google Scholar] [CrossRef]

	



Kruczynski, W.L.; McManus, F. Water quality concerns in the Florida Keys: Sources, effects, and solutions. In The Everglades, Florida Bay, and Coral Reefs of the Florida Keys: An Ecosystem Sourcebook, 1st ed.; Porter, J., Ed.; CRC Press: Boca Raton, FL, USA, 2002; pp. 827–881. [Google Scholar]

	



Peterson, B.J.; Chester, C.M.; Jochem, F.J.; Fourqurean, J.W. Potential role of sponge communities in controlling phytoplankton blooms in Florida Bay. Mar. Ecol. Prog. Ser. 2006, 328, 93–103. [Google Scholar] [CrossRef]

	



Lapointe, B.E.; Brewton, R.A.; Herren, L.W.; Porter, J.W.; Hu, C. Nitrogen enrichment, altered stoichiometry, and coral reef decline at Looe Key, Florida Keys, USA: A 3-decade study. Mar. Biol. 2019, 166, 1–31. [Google Scholar] [CrossRef]

	



Lapointe, B.E.; Brewton, R.A.; Herren, L.W.; Porter, J.W.; Hu, C.; Cannizzaro, J.P. Sound science, not politics, must inform restoration of Florida Bay and the coral reefs of the Florida Keys. Mar. Biol. 2020, 167, 1–12. [Google Scholar] [CrossRef]

	



McClain, E.P.; Pichel, W.G.; Walton, C.C. Comparative performance of AVHRR-based multichannel sea surface temperatures. J. Geophys. Res. Ocean. 1985, 90, 11587–11601. [Google Scholar] [CrossRef]

	



Minnett, P.J. Radiometric measurements of the sea-surface skin temperature: The competing roles of the diurnal thermocline and the cool skin. Int. J. Remote Sens. 2003, 24, 5033–5047. [Google Scholar] [CrossRef]

	



Strong, A.E.; McClain, E.P. Improved ocean surface temperatures from space—Comparisons with drifting buoys. Bull. Am. Meteorol. Soc. 1984, 65, 138–142. [Google Scholar] [CrossRef]

	



Wick, G.A.; Emery, W.J.; Schluessel, P. A comprehensive comparison between satellite-measured skin and multichannel sea surface temperature. J. Geophys. Res. Ocean. 1992, 97, 5569–5595. [Google Scholar] [CrossRef]

	



Anderson, M.C.; Allen, R.G.; Morse, A.; Kustas, W.P. Use of Landsat thermal imagery in monitoring evapotranspiration and managing water resources. Remote Sens. Environ. 2012, 122, 50–65. [Google Scholar] [CrossRef]

	



Fujisada, H.; Sakuma, F.; Ono, A.; Kudoh, M. Design and preflight performance of ASTER instrument protoflight model. IEEE Trans. Geosci. Remote Sens. 1998, 36, 1152–1160. [Google Scholar] [CrossRef]

	



Kilic, A.; Allen, R.; Trezza, R.; Ratcliffe, I.; Kamble, B.; Robison, C.; Ozturk, D. Sensitivity of evapotranspiration retrievals from the METRIC processing algorithm to improved radiometric resolution of Landsat 8 thermal data and to calibration bias in Landsat 7 and 8 surface temperature. Remote Sens. Environ. 2016, 185, 198–209. [Google Scholar] [CrossRef]

	



Yamaguchi, Y.; Kahle, A.B.; Tsu, H.; Kawakami, T.; Pniel, M. Overview of advanced spaceborne thermal emission and reflection radiometer (ASTER). IEEE Trans. Geosci. Remote Sens. 1998, 36, 1062–1071. [Google Scholar] [CrossRef]

	



Hook, S.J.; Cawse-Nicholson, K.; Barsi, J.; Radocinski, R.; Hulley, G.C.; Johnson, W.R.; Rivera, G.; Markham, B. In-Flight Validation of the ECOSTRESS, Landsats 7 and 8 Thermal Infrared Spectral Channels Using the Lake Tahoe CA/NV and Salton Sea CA Automated Validation Sites. IEEE Trans. Geosci. Remote Sens. 2019, 58, 1294–1302. [Google Scholar] [CrossRef]

	



Silvestri, M.; Romaniello, V.; Hook, S.; Musacchio, M.; Teggi, S.; Buongiorno, M.F. First comparisons of surface temperature estimations between ECOSTRESS, ASTER and Landsat 8 over Italian volcanic and geothermal areas. Remote Sens. 2020, 12, 184. [Google Scholar] [CrossRef]

	



Hu, C.; Muller-Karger, F.; Murch, B.; Myhre, D.; Taylor, J.; Luerssen, R.; Moses, C.; Zhang, C.; Gramer, L.; Hendee, J. Building an automated integrated observing system to detect sea surface temperature anomaly events in the Florida Keys. IEEE Trans. Geosci. Remote Sens. 2009, 47, 1607–1620. [Google Scholar] [CrossRef]

	



Li, X.; Pichel, W.; Clemente-Colon, P.; Krasnopolsky, V.; Sapper, J. Validation of coastal sea and lake surface temperature measurements derived from NOAA/AVHRR data. Int. J. Remote Sens. 2001, 22, 1285–1303. [Google Scholar] [CrossRef]

	



Pearce, A.F.; Prata, A.J.; Manning, C.R. Comparison of NOAA/AVHRR-2 sea surface temperatures with surface measurements in coastal waters. Remote Sens. 1989, 10, 37–52. [Google Scholar] [CrossRef]

	



Pichel, W.G. Operational production of multichannel sea surface temperatures from NOAA polar satellite AVHRR data. Glob. Planet. Chang. 1991, 4, 173–177. [Google Scholar] [CrossRef]

	



Walton, C.C.; Pichel, W.G.; Sapper, J.F.; May, D.A. The development and operational application of nonlinear algorithms for the measurement of sea surface temperatures with the NOAA polar-orbiting environmental satellites. J. Geophys. Res. Ocean. 1998, 103, 27999–28012. [Google Scholar] [CrossRef]

	



Snyder, J.; Boss, E.; Weatherbee, R.; Thomas, A.C.; Brady, D.; Newell, C. Oyster aquaculture site selection using Landsat 8-Derived Sea surface temperature, turbidity, and chlorophyll a. Front. Mar. Sci. 2017, 4, 190. [Google Scholar] [CrossRef]

	



Thomas, A.; Byrne, D.; Weatherbee, R. Coastal sea surface temperature variability from Landsat infrared data. Remote Sens. Environ. 2002, 81, 262–272. [Google Scholar] [CrossRef]

	



Fisher, J.B.; Hook, S.; Allen, R.; Anderson, M.; French, A.; Hain, C.; Hulley, G.; Wood, E. The ECOsystem Spaceborne Thermal Radiometer Experiment on Space Station (ECOSTRESS): Science motivation. In Proceedings of the American Geophysical Union (AGU) Fall Meeting, San Francisco, CA, USA, 15–19 December 2014. [Google Scholar]

	



Fisher, J.B.; Lee, B.; Purdy, A.J.; Halverson, G.H.; Dohlen, M.B.; Cawse-Nicholson, K.; Wang, A.; Anderson, R.G.; Aragon, B.; Arain, M.A.; et al. ECOSTRESS: NASA’s next generation mission to measure evapotranspiration from the International Space Station. Water Resour. Res. 2020, 56, e2019WR026058. [Google Scholar] [CrossRef]

	



Gillespie, A.; Rokugawa, S.; Matsunaga, T.; Cothern, J.S.; Hook, S.; Kahle, A.B. A temperature and emissivity separation algorithm for Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER) images. IEEE Trans. Geosci. Remote Sens. 1998, 36, 1113–1126. [Google Scholar] [CrossRef]

	



Hulley, G.C.; Hook, S.J. Generating consistent land surface temperature and emissivity products between ASTER and MODIS data for earth science research. IEEE Trans. Geosci. Remote Sens. 2010, 49, 1304–1315. [Google Scholar] [CrossRef]

	



Hulley, G.; Freepartner, R. ECO system Spaceborne Thermal Radiometer Experiment on Space Station (ECOSTRESS) Mission. In Level 2 Product User Guide; Jet Propulsion Laboratory: Pasadena, CA, USA, 2019. [Google Scholar]

	



Brown, O.B.; Minnett, P.J.; Evans, R.; Kearns, E.; Kilpatrick, K.; Kumar, A.; Sikorski, R.; Závody, A. MODIS Infrared Sea Surface Temperature Algorithm Algorithm Theoretical Basis Document Version 2.0; University of Miami: Miami, FL, USA, 1999. [Google Scholar]

	



Franz, B. Implementation of SST Processing within the OBPG. Último Acceso 2006, 4, 2014. [Google Scholar]

	



Barnes, B.B.; Cannizzaro, J.P.; English, D.C.; Hu, C. Validation of VIIRS and MODIS reflectance data in coastal and oceanic waters: An assessment of methods. Remote Sens. Environ. 2019, 220, 110–123. [Google Scholar] [CrossRef]

	



Hooker, S.B.; Lazin, G.; Zibordi, G.; McLean, S. An evaluation of above-and in-water methods for determining water-leaving radiances. J. Atmos. Ocean. Technol. 2002, 19, 486–515. [Google Scholar] [CrossRef]

	



Emery, W.J.; Yu, Y.; Wick, G.A.; Schluessel, P.; Reynolds, R.W. Correcting infrared satellite estimates of sea surface temperature for atmospheric water vapor attenuation. J. Geophys. Res. Ocean. 1994, 99, 5219–5236. [Google Scholar] [CrossRef]

	



Donlon, C.J.; Minnett, P.J.; Gentemann, C.; Nightingale, T.J.; Barton, I.J.; Ward, B.; Murray, M.J. Toward improved validation of satellite sea surface skin temperature measurements for climate research. J. Clim. 2002, 15, 353–369. [Google Scholar] [CrossRef]

	



Gentemann, C.L.; Donlon, C.J.; Stuart-Menteth, A.; Wentz, F.J. Diurnal signals in satellite sea surface temperature measurements. Geophys. Res. Lett. 2003, 30. [Google Scholar] [CrossRef]

	



Minnett, P.J.; Smith, M.; Ward, B. Measurements of the oceanic thermal skin effect. Deep Sea Res. Part II Top. Stud. Oceanogr. 2011, 58, 861–868. [Google Scholar] [CrossRef]

	



Schluessel, P.; Emery, W.J.; Grassl, H.; Mammen, T. On the bulk-skin temperature difference and its impact on satellite remote sensing of sea surface temperature. J. Geophys. Res. Oceans 1990, 95, 13341–13356. [Google Scholar] [CrossRef]

	



Wilson, R.C.; Hook, S.J.; Schneider, P.; Schladow, S.G. Skin and bulk temperature difference at Lake Tahoe: A case study on lake skin effect. J. Geophys. Res. Atmos. 2013, 118, 10–332. [Google Scholar] [CrossRef]

	



Feng, L.; Hu, C.; Barnes, B.B.; Mannino, A.; Heidinger, A.K.; Strabala, K.; Iraci, L.T. Cloud and Sun-glint statistics derived from GOES and MODIS observations over the Intra-Americas Sea for GEO-CAPE mission planning. J. Geophys. Res. Atmos. 2017, 122, 1725–1745. [Google Scholar] [CrossRef]

	



Chang, Y.; Yan, L.; Wu, T.; Zhong, S. Remote sensing image stripe noise removal: From image decomposition perspective. IEEE Trans. Geosci. Remote Sens. 2016, 54, 7018–7031. [Google Scholar] [CrossRef]

	



Rakwatin, P.; Takeuchi, W.; Yasuoka, Y. Stripe noise reduction in MODIS data by combining histogram matching with facet filter. IEEE Trans. Geosci. Remote Sens. 2007, 45, 1844–1856. [Google Scholar] [CrossRef]

	



Tsai, F.; Chen, W.W. Striping noise detection and correction of remote sensing images. IEEE Trans. Geosci. Remote Sens. 2008, 46, 4122–4131. [Google Scholar] [CrossRef]

	



Cawse-Nicholson, K. ECOSTRESS Data Description; Jet Propulsion Laboratory: Pasadena, CA, USA, 2018. [Google Scholar]

	



Atkinson, P.M.; Curran, P.J. Choosing an appropriate spatial resolution for remote sensing investigations. PE&RS 1997, 63, 1345–1351. [Google Scholar]

	



Davis, C.O.; Kavanaugh, M.; Letelier, R.; Bissett, W.P.; Kohler, D. Spatial and spectral resolution considerations for imaging coastal waters. In Proceedings of the SPIE 6680, Coastal Ocean Remote Sensing, San Diego, CA, USA, 5 October 2007. [Google Scholar] [CrossRef]

	



Tandeo, P.; Autret, E.; Chapron, B.; Fablet, R.; Garello, R. SST spatial anisotropic covariances from METOP-AVHRR data. Remote Sens. Environ. 2014, 141, 144–148. [Google Scholar] [CrossRef]








[image: Sensors 21 04341 g001 550] 





Figure 1. Geographic distribution of the in situ SST measurement sites in three major estuaries and Lake Okeechobee. Detailed information on each site is listed in Table 1. 
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Figure 2. Comparison between in situ SST and ECOSTRESS SST in (a) CB, (b) LO, (c) CRE, and (d) FB from the matching pairs found between August 2018 and August 2020. The dotted lines are the 1:1 lines. Daytime and nighttime data are color-coded in red and blue, respectively. 
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Figure 3. Mean monthly temperature differences (TDs) and standard deviations (STDs) between ECOSTRESS SST and in situ SST from the matching pairs found between August 2018 and August 2020 for (a) CB, (b) LO, (c) CRE, and (d) FB. The gray bars indicate the transition period when ECOSTRESS changed its data collection method. Data gaps are due to lack of matchup data pairs; The summary of TDs and STDs for each estuary or lake is shown in (e), with data separated by the transition period. 
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Figure 4. Seasonally mean temperature differences (TDs) and standard deviations (STDs) between ECOSTRESS SST and in situ SST from August 2018 to August 2020. The blue, gray, yellow, and red bars represent CB, LO, CRE, and FB, respectively. 
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Figure 5. Comparison between in situ SST and MODIS SST in FB from August 2018 to August 2020. The dotted line is the 1:1 line. Data are color-coded for daytime (red) and nighttime (blue). 
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Figure 6. (a) Bias and (b) RMSD of ECOSTRESS SST against MODIS SST in FB between August 2018 and August 2020 for each season. Data are color-coded in red for daytime and blue for nighttime. 
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Figure 7. Comparisons between gridded ECOSTRESS SST (to match MODIS pixels) and MODIS SST from 33 image pairs over the FB between August 2018 and August 2020 for daytime (a) and nighttime (b) data. Color represents the number of pixels from both ECOSTRESS and MODIS. 
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Figure 8. Number of valid pixels from 33 concurrent image pairs of (a) MODIS and (b) ECOSTRESS from August 2018 to August 2020. Note the resolution difference between MODIS (1 km) and ECOSTRESS (70 m); (c) Spatial coverage of the 33 concurrent MODIS and ECOSTRESS images between August 2018 and August 2020. White color represents land and masked pixels, and gray color indicates valid pixels from both ECOSTRESS and MODIS. 
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Figure 9. (a) MODIS 1-km resolution SST image at 7:50 UTC on 1 March 2019; (b) ECOSTRESS 70 m resolution SST image at 8:12 UTC on 1 March 2019. White color represents land, cloud, and masked pixels due to missing data. SST fronts are annotated with arrows in (b); (c) Two-dimensional semivariogram of MODIS SST in (a); (d) Two-dimensional semivariogram of ECOSTRESS SST in (b). Note that the images are symmetric between negative and positive axis labels. The gray solid lines indicate the north–south and east–west directions, and the white dashed lines represent the along-track and along-scan directions, respectively. SST semivariance is color coded to the right. Among the estimated parameters from the anisotropic exponential semivariogram model, Amin and Amax represent minor range and major range, and C0 and C0 + C represent nugget and sill, respectively. 
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Table 1. Information of sites used in this paper, where the bottom depth was derived from an NOAA bathymetry database (100 m resolution). The exact depths of the thermistors have not been reported but are between 0.5 and 2 m below the water surface.
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	Site Name
	Area
	Location
	Type
	Time Range
	Time Interval (h)
	Bottom Depth (m)
	Sources





	41064
	CB
	34.21° N, 76.95° W
	Moored buoy
	2015.06-
	1.0
	30.3
	NDBC



	41159
	CB
	34.21° N, 76.95° W
	Waverider buoy
	2015.08-
	0.5
	30.3
	NDBC



	41110
	CB
	34.14° N, 77.72° W
	Waverider buoy
	2008.05-
	0.5
	17.6
	NDBC



	44095
	CB
	35.75° N, 75.33° W
	Waverider buoy
	2012.04-
	0.5
	19.3
	NDBC



	44086
	CB
	36.00° N, 75.42° W
	Waverider buoy
	2018.08-
	0.5
	21.5
	NDBC



	44100
	CB
	36.26° N, 75.59° W
	Waverider buoy
	2008.05-
	0.5
	25.8
	NDBC



	44056
	CB
	36.20° N, 75.72° W
	Waverider buoy
	2007.12-
	0.5
	16.8
	NDBC



	44099
	CB
	36.91° N, 75.72° W
	Waverider buoy
	2008.07-
	0.5
	21.0
	NDBC



	44087
	CB
	37.03° N, 76.15° W
	Waverider buoy
	2018.08-
	0.5
	8.8
	NDBC



	44058
	CB
	37.57° N, 76.26° W
	Moored buoy
	2008.11-
	0.2
	7.6
	NDBC



	44089
	CB
	37.75° N, 75.33° W
	Waverider buoy
	2016.06-
	0.5
	17.7
	NDBC



	TPLM2
	CB
	38.90° N, 76.44° W
	C-MAN station
	1985.10-
	1.0
	4.0
	NDBC



	44063
	CB
	38.96° N, 76.45° W
	Moored buoy
	2010.05–2020.07
	0.2
	6.8
	NDBC



	44009
	CB
	38.46° N, 74.70° W
	3 m discus buoy
	1984.01-
	1.0
	27.0
	NDBC



	44042
	CB
	38.03° N, 76.34° W
	Moored buoy
	2007.09–2020.06
	1.0
	13.4
	NDBC



	L005
	LO
	26.96° N, 80.97° W
	Platform-based station
	2020.05-
	0.3
	2.7
	SFWMD



	LZ40
	LO
	26.90° N, 80.79° W
	Platform-based station
	1990.04–2020.08
	0.5
	4.3
	SFWMD



	Gulf of Mexico
	CRE
	26.44° N, 81.97° W
	Moored buoy
	2007.11–2020.02
	1.0
	4.9
	SCCF RECON



	Shell Point
	CRE
	26.52° N, 82.01° W
	Moored buoy
	2008.01-
	0.2
	0.7
	SCCF RECON



	Fort Myers
	CRE
	26.65° N, 81.88° W
	Moored buoy
	2007.12-
	1.0
	2.4
	SCCF RECON



	Beautiful Island
	CRE
	26.70° N, 81.81° W
	Moored buoy
	2012.11-
	1.0
	1.1
	SCCF RECON



	LONF1
	FB
	24.84° N, 80.86° W
	C-MAN station
	1992.12–2020.08
	1.0
	2.7
	NDBC



	GBTF1
	FB
	25.17° N, 80.80° W
	Water quality station
	2015.05-
	1.0
	0.7
	NDBC



	HCEF1
	FB
	25.25° N, 80.44° W
	Water quality station
	2015.05-
	1.0
	0.3
	NDBC
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Table 2. Statistics of the matchup pairs between in situ SST and ECOSTRESS/MODIS SST from August 2018 to August 2020. Here, “Area” represents estuary or lake name. The time column indicates whether the data is collected in the daytime, or nighttime, or a combination of both (local time). N is the number of matching pairs, R2 is the coefficient of determination, slope and Intercept are the linear regression coefficients between the two data sets, bias represents the mean absolute deviation in the ECOSRESS/MODIS data, and RMSD is the root mean square difference.
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Satellite

	
Area

	
Time

	
N

	
R2

	
Linear Regression

	
Bias

	
RMSD




	
Slope

	
Intercept






	
ECOSTRESS

	
CB

	
All

	
492

	
0.96

	
0.99

	
−0.75

	
−0.92

	
1.43




	
Day

	
249

	
0.93

	
0.99

	
−0.69

	
−0.86

	
1.39




	
Night

	
243

	
0.96

	
0.99

	
−0.75

	
−0.97

	
1.48




	
LO

	
All

	
50

	
0.91

	
0.95

	
0.72

	
−0.68

	
1.45




	
Day

	
23

	
0.87

	
0.93

	
1.61

	
−0.21

	
1.54




	
Night

	
27

	
0.96

	
0.93

	
0.58

	
−1.08

	
1.36




	
CRE

	
All

	
117

	
0.92

	
0.93

	
0.77

	
−1.07

	
1.61




	
Day

	
49

	
0.94

	
0.94

	
1.06

	
−0.39

	
1.13




	
Night

	
68

	
0.92

	
0.99

	
−1.41

	
−1.56

	
1.87




	
FB

	
All

	
85

	
0.88

	
0.88

	
2.33

	
−0.83

	
1.61




	
Day

	
51

	
0.89

	
0.90

	
2.11

	
−0.58

	
1.49




	
Night

	
34

	
0.89

	
0.85

	
2.87

	
−1.20

	
1.78




	
MODIS

	
FB

	
All

	
225

	
0.98

	
0.94

	
1.60

	
0.11

	
0.51




	
Day

	
96

	
0.97

	
0.92

	
2.21

	
0.19

	
0.62




	
Night

	
129

	
0.98

	
0.96

	
0.99

	
0.05

	
0.41
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