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Key Points:8

• This study integrates a 39-year-long multi-satellite Landsat temperature record9

with in situ field buoy measurements and tide records for analyzing seasonal, an-10

nual, and interannual sea surface temperature (SST) variability in two tidal es-11
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• The first two empirical orthogonal modes explain 79% of Narragansett Bay and13

87% of Mt. Hope Bay SST variability and are dominantly seasonal in time.14

• The SST variability of these estuaries is significantly larger than the one pertain-15

ing to the ocean shelf.16
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Abstract17

Characterizing sea surface temperature (SST) variability is critical for understand-18

ing long-term changes in estuarine environments. In this study, we presented the first19

analysis of the 39-year-long SST evolution in Narragansett Bay by combining remote sens-20

ing records and in-situ measurements. Using multi-satellite Landsat data (∼ 15 day sam-21

pling), in-situ buoys (15 min. sampling), and tide gauges (60 min. sampling), we retrieved22

the seasonal-to-decadal sea surface and tidal temperature variabilities and trends over23

four decades in Narragansett Bay and its arm Mt. Hope Bay. We used pattern recog-24

nition techniques like Empirical Orthogonal Function and showed that the seasonal so-25

lar heating and bathymetry determine dominant (∼ 80%) temperature variance in the26

bay. We found the annual mean SST warming trend to be 0.061 ± 0.024 ◦Cyr−1 and 0.04127

± 0.018 ◦Cyr−1 for Narragansett Bay and Mt. Hope Bay, respectively. While Landsat28

sampling is too infrequent to track tides, composites of Landsat images constructed the29

SST distributions for each tidal phase. High-frequency measurements reveal that tidal30

temperature changes are predominantly influenced by vertical mixing, with the shallower31

upper bay showing greater SST variability than the lower bay. Importantly, we antic-32

ipate our study to represent the synergic advantages of utilizing Landsat and in-situ buoy33

data to offer new and deeper insights into the changing conditions of the global estuar-34

ies.35

1 Introduction36

Sea surface temperature (SST) is a primary indicator of biochemical activities, phys-37

ical processes, and climate systems within an estuary (Bertram et al., 2001; Oviatt et38

al., 2002; Hu et al., 2020; Wang et al., 2021; Rubinetti et al., 2022). SST influences the39

metabolism and productivity of estuarine marine life; rising SSTs are understood to con-40

tribute to global-scale eutrophication (L. Li et al., 2021; Xu et al., 2022). Any abrupt41

shifts in the water temperature in shallower estuaries can significantly harm critical life42

cycle events (e.g., larval development, spawning, plankton bloom) of aquatic organisms43

(Paxton et al., 2016; Priyanka et al., 2021). Estuarine water with shallow bathymetry44

exhibits significant temperature fluctuations between seasons (Oczkowski et al., 2015).45

In addition to that, seasonal changes in SST can significantly affect the water chemistry,46

nutrient transport, and the movement of pollutants (McLusky et al., 1986; Leal Filho47

et al., 2022). Beyond its role in biochemical processes, SST stands as a notable driver48

of estuarine atmospheric dynamics (McGrath et al., 2008; Pourkerman et al., 2023). El-49

evated SST leads to higher evaporation rates, enhanced local humidity and precipita-50

tion, and can form low-level clouds (Guo et al., 2022). Multiple factors can contribute51

to changes in estuarine water surface temperature, including impervious surface runoff52

(Barlage et al., 2002), climate change (Kennedy, 1990; Brown et al., 2016), complex bathymetry53

(Simionato et al., 2010; Vroom et al., 2017), and anthropogenic activities (Cloern et al.,54

2016; Kennish, 2019).55

Since the beginning of the satellite era nearly six decades ago, the spatial and tem-56

poral resolution of SST measurements from remote sensing has improved dramatically57

(O’carroll et al., 2019; Minnett et al., 2019; Lloyd et al., 2021). Yet, satellites designed58

to cover vast areas (e.g., Advanced Very High-Resolution Radiometer, with ∼ 1 km spa-59

tial resolution) often fall short in capturing oceanographic changes that occur on short60

time scales near the coastlines (i.e., tide, storm surges, and waves). One effective way61

to address this limitation is to combine satellite images with in-situ sensors, such as fixed62

buoys, autonomous floats, and ship-based measurements. This combination facilitates63

the accuracy and reliability of coastal satellite measurements to track the short-term in-64

fluences of tides (Adebisi et al., 2021), offshore water salinity and turbidity (Zhao et al.,65

2017), estuarine plumes (C. Li et al., 2017), clouds (Wojtasiewicz et al., 2018), under-66
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water topography (Fassoni-Andrade et al., 2021), and thermal effluents (Benoit & Fox-67

Kemper, 2021).68

In coastal regions like Narragansett Bay, while in-situ measurements are favored69

for their precision and real-time insights (Goetz et al., 2009; Turner et al., 2015), they70

come with challenges. They often fall short in providing extensive spatial coverage, which71

limits their effectiveness for large-scale assessments. Furthermore, deploying and main-72

taining in-situ instruments, especially in harsh or remote locations, is costly and logis-73

tically taxing (Ibrahim & Samah, 2011; Jeong et al., 2016). To overcome these limita-74

tions, we adopted a hybrid approach, merging satellite and in-situ records to analyze four75

decades of estuarine sea surface temperature dynamics in Narragansett Bay.76

Previous studies made efforts to explain the evolution in the SST distribution pat-77

terns of Narragansett Bay to describe its underlying estuarine climatology (Carney, 1997;78

Nixon et al., 2003; Fox et al., 2005; Smith et al., 2010). Based on an analysis of 53 Land-79

sat scenes from 1984 to 2002, Fisher and Mustard (2004) pointed out that shallow-water80

bodies in Southern New England exhibit more extreme temperature variations (-2 to 25°C)81

compared to deeper water bodies (4 to 18°C). Benoit and Fox-Kemper (2021) utilized82

statistical techniques to evaluate the temperature distribution and spatial pattern of ther-83

mal effluent generated by the Brayton Point Power Station. The present study extended84

Benoit and Fox-Kemper (2021) and outlined a deeper understanding of SST patterns shown85

through continuous monitoring of the entire Narragansett Bay. We utilized high-quality,86

in-situ calibrated, multi-decadal multi-satellite Landsat data on Narragansett Bay and87

its neighboring Mt. Hope Bay. Our study detailed the high-resolution spatial (Landsat)88

and temporal (buoy data) patterns of SST variability, including the M2 tidal signal com-89

posites over the last 39 years. We computed within clouds and artifacts using mathe-90

matical frameworks like the empirical orthogonal function (EOF). Then, we formed EOF91

patterns from the continuous cloud-free record to interpret the dominant spatial and tem-92

poral modes of seasonality. Finally, we utilized two different approaches to assess the abil-93

ity of Landsat, with its low sampling rate, to capture the high-frequency tidal temper-94

ature anomalies in the bay in all four tidal phases.95

This paper is organized as follows. Section 2 and Section 2.1 describe the study area96

and the key estuary variabilities of Narragansett Bay. Sections 3.1, 3.2, and 3.3 provide97

a detailed description of the data, while Section 4 discusses the general methodology of98

the paper. The final results and discussion are presented in section 5. We concluded the99

writing with a complemented forward-looking perspective on enhancements and possi-100

ble uses of the techniques we applied in this paper.101

2 Study Area102

Narragansett Bay spans 328 km2, constituting the largest estuary in New England103

(Figure 1, panel a). A five-river system provides the bay with a total freshwater influx104

of 105m3 s−1, further augmented by an additional 37m3 s−1 from annual rainfall reach-105

ing approximately one meter (Fox et al., 2000). Its dynamic watershed generates a dis-106

tinct salinity front where river water meets the open ocean and forms a freshwater plume107

that extends to Rhode Island Sound. Narragansett Bay watershed fosters a rich diver-108

sity of plant and marine animal species (Raposa, 2009; Byron et al., 2011). From an eco-109

nomic standpoint, this region serves as home to over two million residents in Rhode Is-110

land and Massachusetts and plays a key role in sustaining the blue economy of this re-111

gion of the United States (Oviatt et al., 2003; Alves, 2007).112

2.1 Estuary Variabilities: Narragansett Bay113

Narragansett Bay is particularly susceptible to climate change, given its vicinity114

to the Gulf of Maine in the North Atlantic. According to Mills et al. (2013), the water115
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temperature of the Gulf of Maine has been increasing at one of the quickest rates com-116

pared to the global ocean. Several recent studies have drawn increased attention to the117

repercussions of this trend. For example, Pershing et al. (2021) noted that the increased118

temperature in the Gulf of Maine has profound impacts on the climatology and ecosys-119

tem of the broader North Atlantic (i.e., enhanced water column stratification, decrease120

in the surface salinity and increase in algal bloom). As pointed out by Hurrell and Deser121

(2010), the prolonged positive phase of the North Atlantic Oscillation is also linked to122

the recent rising levels of greenhouse gases and decreased amounts of stratospheric ozone123

in the atmosphere. The influence of short-term climate shifts is also important. For in-124

stance, predictions from the high-resolution climate models reported pronounced warm-125

ing of the Northwest Atlantic as the CO2 levels doubled over the last 70-80 years (Saba126

et al., 2016).127

The local weather and SST patterns in Narraganset Bay are predominantly affected128

by solar radiation (Mustard et al., 2001), estuarine flows (Geyer & MacCready, 2014),129

and tidal cycle (Bowers & Brubaker, 2021). Typically, the water surface temperature of130

the bay oscillates between -2°C and 25°C (Fisher & Mustard, 2004) throughout the year.131

However, the northern segment of the bay is exposed to more extreme temperature changes132

between seasons due to its shallower bathymetry. In Narraganset Bay, the semi-diurnal133

M2 tide plays a crucial role in the tidal circulation and contributes to 80% of the total134

current energy (Kincaid, 2006). The sea level elevation in the bay typically oscillates be-135

tween 0.06 to 1.6 m with an average flushing time of 26 days. Wind-driven variability136

has also been shown to influence the changes in SST in Narragansett Bay (Pfeiffer-Herbert137

et al., 2015). Wind can potentially mix the entire column of shallow waters and promote138

uniform temperature changes. In contrast, deeper waters resist rapid shifts due to their139

higher thermal inertia and stratification. Finally, low-frequency river variability dom-140

inates sea surface salinity in models of summertime conditions—to the extent in which141

responses to individual force agents can be quantified (Sane et al., 2023).142

3 Data143

3.1 Landsat Data144

Satellite remote sensing instruments are frequently used to monitor the physical145

features of estuaries. Examples include the Moderate Resolution Imaging Spectroradiome-146

ter (MODIS), the Medium Resolution Imaging Spectrometer (MERIS), and the Geosta-147

tionary Ocean Color Imager (GOCI) sensors (Kilpatrick et al., 2001; Fournier et al., 2015;148

Barnes & Hu, 2016; Sathyendranath et al., 2019; Zeng et al., 2020). Satellite instruments149

typically are an excellent complement to field observations because of their high spatial150

coverage (Sandau et al., 2010; X. Li et al., 2019; Rivas-Fandiño et al., 2023). However,151

satellite data is usually acquired with a coarse spatial resolution (frequently 1 km), which152

limits their applicability for analyzing intricate estuarine systems such as Narragansett153

Bay (McPherson et al., 2006).154

NASA’s Landsat program has acquired the longest continuous record of Earth at155

high resolution (30-120 m). While most of the Landsat record documents land resources156

(i.e., vegetation, wildfire, and biomass changes), the thematic mapper (TM) and ther-157

mal infrared (TIR) sensors can be effectively used to measure local SST on coasts (Tarantino,158

2012; Jaelani & Alfatinah, 2017; Fu et al., 2020). These spectral bands can pixel-wise159

detect and convert the heat radiation emitted by the sea surface into temperature val-160

ues (Reddy, 2018; Vanhellemont et al., 2022). Using Landsat to measure SST has some161

challenges. For instance, atmospheric conditions can compromise the accuracy of the tem-162

perature reading, and the sampling rate might not be sufficient to retrieve small-scale163

variability in coastal regions. Nonetheless, each successive iteration of Landsat (i.e., Land-164

sat 5, 7, 8) offers enhanced spatial resolution, more spectral bands, and improved cal-165
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ibration (Roy et al., 2016), which make them more efficient in capturing fine-scale de-166

tails in an estuarine setting.167

In our study, we collected images from the USGS EarthExplorer (https://earthexplorer168

.usgs.gov) multispectral Collection 2 Level 2 processed GeoTIFF Data Products from169

Landsat 5, 7, and 8 satellites. The product included calculated brightness temperature170

values for the thermal bands of each satellite. We defined the study area by the rectan-171

gular bounding box that intercepts 990 Landsat scenes from Path 12, Row 31 of the WRS172

4/5 coordinate system. Each satellite samples every 16 days in sync with the sun. How-173

ever, the presence of clouds often blocks the view and extends the delay between scenes.174

Therefore, from the initial pool, we only kept 764 scenes with less than 50% cloud cov-175

erage over Narragansett Bay, with an average sampling interval of 18.375 days (or 441176

hours). Before any analysis, we eliminated the interference from land and clouds (sec-177

tions 4.1, 4.2) with a series of processing steps. We applied land mask and cloud qual-178

ity attributes to ensure the reliability of the SST analysis following Hansen et al. (2013).179

Thus, we adjusted all bands for atmospheric correction, with units expressed as reflectance,180

while the thermal band provided values in Kelvin.181

3.2 RIDEM Buoy Data182

A collaborative effort to assess the water quality among multiple organizations es-183

tablished a comprehensive monitoring station network overseen by the Rhode Island and184

Massachusetts Departments of Environmental Management (RIDEM, MADEM). We used185

water surface temperature (°C) data from these monitoring stations for this study. These186

stations are strategically positioned across the bay and continuously record water qual-187

ity parameters at 15-minute intervals. Our study focused solely on the data obtained from188

RIDEM, which covers 13 locations within Rhode Island. We have omitted buoy data from189

the MADEM, which has only been installed recently. The monitoring stations span the190

estuary from near river mouths through the freshwater-marine mixing zone (Figure 1,191

panel a). The buoy data collection period ranges from 2003 to the present. Not all buoys192

are year-round; the data predominantly focus on the spring to fall seasons, resulting in193

a calibration that may be biased toward the summer months.194

3.3 NOAA Tide Data195

The Tides and Currents program, administered by the National Oceanic and At-196

mospheric Administration (NOAA), provides sea level elevation (in meters) data span-197

ning from 1984 to 2022. For this study, we collected hourly sea level elevation data from198

station 8447386 Fall River, MA, and in station 8454658 Narragansett Pier, RI (see Fig.199

1, panel a).200

4 Method201

In this section, we present the data analysis tools used for Landsat (Bias Correc-202

tion, Cloud In-Filling, EOFs) and applied to both buoys and Landsat (detrending, Lomb-203

Scargle power spectra).204

4.1 Bias Correction205

Landsat and buoys may record temperatures at different times, so it is important206

to adjust the temporal sampling. The long-wavelength Landsat thermal bands have a207

restricted penetration depth into water (approximately 10 µm). Therefore, the bands pre-208

dominantly represent the thermal signal of the water skin. On the contrary, RIDEM buoys209

are generally installed at depths ranging from 0.5 to 1.0 m below the water surface. Al-210

though under exceptionally calm conditions, both satellite and on-site measurements in-211
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Figure 1. a) The spatial arrangement of the 13 monitoring buoys established by the RIDEM

and the NOAA tide gauge locations within Narragansett Bay are presented. The bathymetry

data of the bay is collected following the work of Ryan et al. (2009). b) The process of preparing

the in-situ corrected Landsat satellite data before cloud in-filling is illustrated, showing a good

alignment (compared to a 1:1 relationship) between the buoy temperatures and the calibrated

satellite temperature. c) A typical temperature climatology of the Bay is presented, providing

a comprehensive overview of the temperature variations throughout the year. d) The spread

of sample bias for all three satellites indicates the systematic biases and typical near-Gaussian

spread between the satellite-derived temperatures and the buoy measurements.
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Table 1. Information about the Landsat satellites

Satellite Band λ (µm) Pixel Calculated Bias (◦C) Period

L5 TM 10.40-12.50 60m -0.45 1984-2011
L7 TM Band 6 10.40-12.50 60m -1.094 1999-present
L8 TIRS 10.60-11.19 100m 0.178 2013-present

dicate similar temperatures due to typical surface mixing, their measurements might dif-212

fer in regions characterized by limited mixing (Schneider & Mauser, 1996). To minimize213

this difference, we employed a bias correction technique with specific corrections tailored214

to each generation of Landsat, as detailed in Table 1.215

In reality, the temporal sampling resolutions differ significantly between the satel-216

lite images (approximately 18.375 days) and the buoys (every 15 minutes). To avoid mo-217

mentary anomalies, we took the average of five buoy readings closest to the time a satel-218

lite image is captured, following the approach of Benoit and Fox-Kemper (2021). Next,219

we aligned the satellite metadata dates with the buoy data to sync the two SST records.220

This revised dataset includes Landsat measurement dates and SST values collected from221

all thirteen buoys between 2003 and 2022.222

Once the sampling times from Landsat and buoys were adjusted, we accurately matched223

their corresponding pixels. First, we used a land mask to remove all the land pixels. Then,224

we removed any cloud structures from the satellite images using cloud masks as described225

by Benoit and Fox-Kemper (2021). Specifically, for Landsat 5 and 7, we masked clouds226

and cloud shadows. As for Landsat 8, we additionally masked cirrus clouds because the227

metadata for cirrus clouds is unavailable for Landsat 5 and 7. We took into consider-228

ation that the buoys may move slightly due to tidal effects and seasonal adjustments in229

their anchoring. Therefore, we computed a spatial average within a 200-square-meter zone230

around each of the 13 standard buoy spots. This process results in a final dataset that231

includes the Landsat recording dates and the spatially averaged SST values at the buoy232

sites, covering the period from 2003 to 2022.233

The adjustments of both temporal and spatial sampling metrics set the ground for234

us to apply the bias correction and linear re-scaling. We completed the calibration with-235

out overfitting and followed the methodology of Benoit and Fox-Kemper (2021) for each236

Landsat satellite and the corresponding buoy temperature. We gathered the tempera-237

ture differences between the mean SST record of all thirteen buoys and the correspond-238

ing spatially averaged satellite measurements. At this step, we removed the mean biases239

over the lifetime of each satellite from the Landsat records at all locations (Table 1). The240

removal of the mean biases generated a collective dataset of buoy-calibrated Landsat tem-241

peratures spanning from 1984 to 2022 (Fig. 1, panels b, c, and d). It should be empha-242

sized that the buoy data covers 2003 to 2022, so the calibration was limited to this time-243

frame. Additionally, we are highlighting that only Landsat 5 provided satellite scenes244

before 1999, and the paucity of observation limited the total number of available scenes.245

However, the launches of Landsat 7 in 1999 and Landsat 8 in 2013 added more frequent246

observation in the later years.247

4.2 Cloud In-filling248

Satellite image cloud in-filling is a technique for restoring missing data in satellite249

images caused by cloud cover (Wulder et al., 2011). Cloud in-filling employs surround-250

ing pixel information and patterns of observed variability in the exact location across251

the dataset and estimates values for obscured pixels. This technique can facilitate the252
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generation of continuous and uninterrupted sea surface temperature maps (Lindquist et253

al., 2008; Roy et al., 2010). Narragansett Bay is susceptible to persistent cloud cover be-254

cause of frequent weather fluctuations and cold air interacting with the temperate wa-255

ter south of Cape Cod. Hence, satellite observations of the bay can be interfered with,256

particularly during the fall and summer months when cloud cover is more prevalent (Dalton257

et al., 2010).258

Landsat does not penetrate clouds, so in order to use infilling and pattern recog-259

nition approaches, it is necessary to attribute SST where clouds are overhead. We used260

the EOF-based approach of Data Interpolating Empirical Orthogonal Functions (DINEOF)261

algorithm (Beckers & Rixen, 2003; Alvera-Azcárate et al., 2011) to impute the missing262

(cloud-covered) pixels in the bias-corrected data from May 1984 to September 2022. To263

estimate errors, we added synthetic clouds at random locations over the bay and com-264

pared the filled-in values to the true values (see Table 2).265

Table 2. Statistics for likely error in each infilled data point, based on tests using synthetic

clouds of withheld data.

Mean Standard Deviation Skewness Kurtosis

0.670 3.277 1.252 6.550

4.3 EOFs of the Bay266

Empirical Orthogonal Function (EOF) analysis identifies dominant variability pat-267

terns in multivariate datasets (Weare & Nasstrom, 1982; Chen & Harr, 1993; Hannachi268

et al., 2007; Navarra & Simoncini, 2010). We employed the EOF technique to explore269

the dominant temporal and spatial SST patterns in Narragansett Bay. Section 5.1 pro-270

vides a comprehensive explanation of the long-term general SST patterns of the bay. In271

this section, we outlined the matrices preparation for the input data into the EOF al-272

gorithm.273

To consider the time correlation of the SST for both bays, we can write -274

MNarragansett Bay = SST1 (1)

MMt. Hope Bay = SST2 (2)

Where,275

SST1 =


x1,1 x1,2 x1,3 . . . x1,j

x2,1 x2,2 x2,3 . . . x2,j

...
...

...
. . .

...
xi,1 xi,2 xi,3 . . . xi,j

 (3)

SST2 =


x1,1 x1,2 x1,3 . . . x1,n

x2,1 x2,2 x2,3 . . . x2,n

...
...

...
. . .

...
xm,1 xm,2 xm,3 . . . xm,n

 (4)
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Figure 2. (Left) Representation of grid cell information from the 3D data stack for Narra-

gansett Bay temperature matrix. (Right) Each row of the transformed 2D matrix contains all

pixel information from a single scene, with spatial information spread across each row and tempo-

ral information across each column.

For each scene, the pixel temperature information is denoted as x, which is a func-276

tion of time. The total count of spatial grid points for Narragansett Bay is indicated by277

i and j, while for Mt. Hope Bay, it is denoted by m and n. Both SST1 and SST2 are278

three-dimensional matrices, and the third dimension refers to the evolution of the scenes279

with time (see Fig. 2, left). Next, we transformed both matrices into simpler two-dimensional280

forms (see Fig. 2, right) and normalized them with their corresponding standard devi-281

ations. In each of these 2-D matrices, each row represents the temperature information282

of any given day, and each column shows the evolution of a specific Landsat pixel over283

the last four decades. At this step, we employed the Singular Value Decomposition (SVD)284

method to decompose the dataset. SVD can reduce a sizeable multivariate dataset to285

a smaller one that still contains a significant fraction of the variability present in the orig-286

inal data (Brand, 2002; Wall et al., 2003). SVD decomposes the data matrix into three287

matrices:288

M = USV T (5)

Here, the left vectors (columns of U), singular values (S), and right vectors (columns of289

V) provide essential information about different modes of SST record. The singular value290

represents the strength of each mode. The left vector, at the same position as to oper-291

ate on that singular value, illustrates the temporal oscillations of the modes. The match-292

ing right vector reveals its spatial pattern. In our analysis, we adopted the terminology293

of Paden et al. (1991) to designate EOFs magnitude as “covariance” because MTM is294

the covariance matrix whose eigenvalues are the singular values squared (Fox-Kemper,295

2004). The computation of the covariance is expressed as
∑m

j=1 S
2
j /

∑n
i=1 S

2
i , where j296

runs over the m modes of interest, and i runs over the n total number of modes (Fox-297

Kemper, 2004).298

It is important to note that we excluded Landsat 5 satellite scenes from the pat-299

tern analysis to prevent any potential distortion (i.e., it skews all EOF time series to the300

left). Thus, the updated dataset contained only Landsat 7 and 8 scenes from 1999 to 2022,301

which resulted in a reduced number of scenes (453 scenes instead of the original 764).302

We want to emphasize that the EOFs themselves lack direct physical significance; they303

serve as a statistical orthogonal decomposition of the data matrix. Researchers must care-304

fully interpret the results and establish correlations between EOFs and known physical305

forcings to avoid over-interpreting the findings.306
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4.4 Detrending and Isolation of the Climate Change Signal307

We identified a local trend at every spatial location over the length of each record308

in both Landsat and buoy temperature. We calculated the trend using a least-squares309

regression similar to the one described above in the bias correction Section 4.1. How-310

ever, here, we used the linear fit to estimate the deseasoned annual mean temperature311

at each grid point. First, we worked out the mean and trend coefficients by least squares312

from individual grid points to produce the detrended Landsat temperature. This fitting313

process follows the polynomial plus annual cycle equation:314

SST (x, t) = bs(x) sin

(
2πt

365.2425 day

)
+ bc(x) cos

(
2πt

365.2425 day

)
+ c0(x) + c1(x)t+ ξ(x, t)

(6)
Considering both spatial and temporal dependency of the SST in the bays, equation (6)315

can be written as316

SST (x, t) = bc(x) cos(Ωt) + bs(x) sin(Ωt) + c0(x) + c1(x)t+ ξ(x, t) (7)

In both equations, c0, c1 are the mean and trend coefficients to be determined, bs, bc are317

the seasonal cycle coefficients, and SST (x, t) is the grid point temperature as a function318

of space and time. We determined the annual cycle coefficients with the Fourier trans-319

form of the annual band (hence, Ω = 2π
365.2425 d ). Since the seasonal sampling was un-320

even, we applied the Lomb-Scargle method (ref. to section 4.5) for this frequency band.321

We tested the robustness of the Fourier annual cycle by building a climatology instead322

of monthwise mean data and found similar results. Individual grid points then had their323

mean, trend, and annual cycle removed to produce the detrended, deseasonalized Land-324

sat temperature record (ξ(x, t)). Next, we computed the uncertainty linked to each year325

by taking into account one standard deviation of the average temperature readings across326

all grid points for that particular year. Both spatial and temporal uncertainties are en-327

compassed in the last term of equation (8), which is a space- and time-average of equa-328

tion (7).329

⟨SST⟩ = ⟨c0⟩ (8)

We assumed that the linear trend is implemented in such a way that it does not contribute330

to the mean over the time window under consideration. Although the other terms in equa-331

tion (6) vanish in the estimate, their uncertainty does contribute to the uncertainty in332

equation (8),333

⟨SST2⟩ − ⟨SST⟩2 = ⟨ξ(x, t)2⟩ = ⟨σ2
x⟩

Nx
+

⟨σ2
t ⟩

Nt
. (9)

where σx, σt are the standard deviations of ξ(x, t) in space and time and Nx, Nt are the334

number of degrees of freedom in space and time averaged over so that the ratios in (9)335

are the standard error of the mean in space and time. It is assumed that for this pur-336

pose, most of the uncertainty in c0 results from sampling of variability in ξ(x, t) rather337

than from misestimation of the linear and annual coefficients (bs, bc, c1).338

Equation (9) pertains to the inherent uncertainties in sampling, both in terms of339

space and time, arising from the shifts in climate conditions over the past four decades340

in the bay. To address spatial uncertainty, we initially created a composite of 39 image341

sets, each containing the deseasonalized average temperature data for a particular year.342

These pixel-wise averages were computed from all images collected in that year. Then,343

we applied bootstrapping to this collection of 39-year averages to compute the standard344
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error for averages across the entire grid using 1000 samples for each step of the calcu-345

lation for both bays. This approach of directly estimating the standard error rather than346

using the spatial standard deviation precludes the need to know the number of degrees347

of freedom Nx. As for the temporal sampling uncertainty, we measured the standard de-348

viation (σt) of temperature measurements specific to each year. Then, we divided this349

value by the number of scenes (Nt) captured that year, i.e., assuming the different scenes350

are uncorrelated and independent. This number varied; for instance, eight images were351

collected in 1984 and six in 1985. The resultant temporal
(

σt√
Nt

)
and spatial

(
σx√
Nx

)
stan-352

dard error uncertainties are visually illustrated in Fig. 4 to explain the annual and inter-353

annual temperature evaluation in section 5.2.354

We employed the MATLAB ‘detrend’ function to eliminate the local trend from355

the buoy temperature record, which is similar to a least squares approach. We found neg-356

ligible differences between this technique of detrending compared to the previous method357

described in equation (6) to determine c0, c1. As a case study, we applied both detrend-358

ing methods to the SST record at the buoy 13 location (41.4922°N, -71.419°E) from 2004359

to 2015. The linear fit applied for detrending the Landsat pixels located at buoy 13 lo-360

cation indicated a yearly rise of 0.0662 ± 0.0014°C, while using the ‘detrend’ function361

yielded a growth of 0.0671±0.0018°C. Buoy 13 records temperatures across all seasons,362

making it a suitable candidate for this analysis. Other buoys were deployed only dur-363

ing some seasons. We required the annual fit within equation (6) to arrive at a mean tem-364

perature that did not alias the variability from the seasons of deployment into the mean365

temperature.366

4.5 Applying the Lomb-Scargle Method for Power Spectra367

The Lomb-Scargle technique detects periodic signals (i.e., Fourier transforms) in368

time series data that may be unevenly sampled or have measurement errors. We used369

this method to isolate the tide-synchronous patterns within the temperature and sur-370

face elevation signals and to identify other underlying periodic signals in both buoy and371

Landsat records. Typically, the buoys log data at 15-minute intervals, but the record-372

ing is not uninterrupted, with some measurements taken out during the winter season.373

The Landsat records are also not evenly sampled because the removed scenes failed the374

cloud coverage threshold. Thus, a Fourier transform method that is robust to uneven375

sampling is needed.376

The detrended signals, as described in section 4.4, satisfy the conditions required377

for the Lomb-Scargle technique; they are time-ordered, stationary, and periodic (Bretthorst,378

2001; Glynn et al., 2006; VanderPlas, 2018). Additionally, both Landsat and buoy records379

contain enough data points to accurately extract the signal period and amplitude of the380

dominant frequency from the temperature signals. The equation for our analyses can be381

written as:382

P (f) =
1

2σ2

[∑N
i=1 Ti cos(ω(ti − τ))

]2
∑N

i=1 cos
2(ω(ti − τ))

+
1

2σ2

[∑N
i=1 Ti sin(ω(ti − τ))

]2
∑N

i=1 sin
2(ω(ti − τ))

(10)

Here, P (f) is the power spectral density at frequency f , N is the number of SST
counts in the time series, Ti is the temperature at any given time ti, ω = 2πf , σ2 is the
variance of the temperature values, and τ is the time offset or phase defined by:

τ =

∑N
i=1 sin(2ωti)∑N
i=1 cos(2ωti)

Specifically, for the buoy record, we employed Welch’s power spectral density estimate383

technique (Attivissimo et al., 2000) on the seasons and tides. The main advantage of Welch’s384
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Figure 3. Spatial and temporal EOFs of Narragansett Bay and Mt. Hope Bay. a-f) The first

three modes of the spatial EOFs of the bays. The upper panels of g and h represent the time se-

ries (eigenvectors) of the first two modes. The peaks in the power spectrum for EOF1 and EOF2

show that the seasonal cycle dominates both modes.

method is it splits a signal into overlapping segments and uses a window function to es-385

timate the power spectral density estimation accurately.386

5 Results and Discussion387

5.1 Dominant Patterns388

Empirical Orthogonal Functions (EOFs, Section 4.3) were utilized to analyze a time389

series of Landsat images for Narragansett Bay and Mt. Hope Bay, aiming to identify the390

dominant patterns of sea surface temperature variability.391

5.1.1 Narragansett Bay392

The first covariance mode (Fig. 3, panel a) accounts for 67.2% of the variability393

in the sea surface temperature of Narragansett Bay. The spatial amplitudes (loadings)394

show a positive and nearly consistent pattern across the entire map except in the open395

ocean, where the amplitudes are about 20% lower. The time series initiates from 7 July396

1999 and is characterized by positive loadings (∼ 10−4) in every pixel across the bay.397

The first mode of the spatial pattern indicates the entire temperature of the bay rises398

and falls simultaneously. In reality, this mode represents the seasonal cycle in SST. The399

EOF1 time series (eigenvector) reflects a standard sinusoidal temperature fluctuation (top400

row, panel g). Our interpretation is further solidified when we observe the prominent peak401

at 12 months (annual cycle) in the power spectrum of the EOF1 signal (bottom row, panel402

g).403

The EOF2 mode represents 11.5% of the total variance (34.6% of the nonseasonal404

variance). The spatial patterns (Fig. 3, panel b) show greater positive loadings (∼ 10−5)405

for the shallower waters in the northern segment of the bay. In contrast, the spatial am-406

plitudes in the middle (at 40.60°N) portion of the Bay remain close to zero. Finally, the407
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loadings become slightly more negative (∼ 10−5) as we move towards the deeper ocean.408

This observation indicates that the shallower areas show greater variability compared409

to the rest of the bay. The upper bay is more sensitive to sudden heating and cooling410

because the continental land masses cool down and heat up faster than the ocean. The411

eigenvectors (middle row, panel g) for the EOF2 mode reveal pronounced peaks mainly412

during the spring and lower values during the falls. The power spectrum for EOF2 (bot-413

tom row, panel h) peaks at a frequency of 12 months, along with smaller peaks at 20 and414

28 months. Our interpretation is the time series of the second mode reflects an additional415

underlying seasonal cycle. This cycle primarily indicates that shallow rivers and bay wa-416

ters heat up (spring heating) or cool down (fall cooling) before the deeper offshore wa-417

ters do.418

Since the first two EOF modes explain up to almost 80% of the total temperature419

variabilities, we were primarily interested in the spatial and temporal pattern of these420

two modes. Regardless, we briefly commented on the spatial characteristics of the third421

mode (Fig. 3, panel c). EOF3 mode explains 8.2% of the overall variability and 24.4%422

of the non-seasonal variance. The east flank of the bay shows a stream of water with higher423

amplitudes running towards the ocean. We suspect this greater temperature sensitiv-424

ity is caused by the differences in flow distribution between the two main channels (East425

Passage and Sakonnet River). The freshwater movement in the east passage of the bay426

is attributed to the limited estuarine outflow from the Providence River, residual circu-427

lation, and circulated vertical mixing induced by tidal forces over shallow bathymetry.428

Conversely, the eastern flank of Newport undergoes stronger freshwater discharges from429

the Taunton and Sakonnet Rivers (MacDonald, 2006), with a higher mean flow rate of430

27m3 s−1 and 55m3 s−1, respectively.431

5.1.2 Mt. Hope Bay432

As Mt. Hope Bay is a part of Narragansett Bay, we expect similar behavior across433

different EOF modes. The EOF1 and EOF2 (both spatial and temporal) feature sim-434

ilar estuarine SST patterns as the rest of the bay (Fig. 3, panel d, e). The first mode435

represents the dominant radiative cycle and explains up to 80% of the total variabilities436

in the dataset. Given the location of Mt. Hope Bay in the upper bay, it is expected to437

be more responsive to seasonal temperature changes. EOF2 captures SST variation (7%)438

due to the depth-variability and freshwater input from the Taunton River. The power439

spectrum of the eigenvectors reveals peaks corresponding to the annual cycle in mode440

one and additional peaks at 12, 20, and 28 months in mode two, indicating physical changes441

are nearly persistent throughout the bay. The EOF3 (Fig. 3, panel f) endures the long-442

lasting effect of thermal effluents originating from the Brayton Point Power Station, as443

discussed in work by Benoit and Fox-Kemper (2021).444

5.2 Annual and Interannual Cycle with Trends445

The most significant SST variation in the bay occurs annually. This 12-month cy-446

cle masks high-frequency climatic trends (e.g., tides and waves) but reveals other impor-447

tant climatological insights, like warming trends. Narragansett Bay is warming up. The448

average annual temperature record from 1984 to 2022 strongly points toward a warm-449

ing trend of 0.061 ± 0.024°C yr−1 for Narragansett Bay and 0.041 ± 0.018°C yr−1 for450

Mt. Hope Bay (see Fig. 4, panel a). The highest-ever spatial average of yearly mean sea451

surface temperature occurred in 2013, reaching close to 16°C, while the lowest was ob-452

served in 1992 at about 8.25°C. It is important to note that the temperature record from453

the Landsat 5 satellite between 1984 and 1999 shows greater inconsistencies due to scan-454

correlated level-shift noise (Welch et al., 1985) and low-frequency coherent noise (Metzler455

& Malila, 1985). However, with technological progression, the later releases (i.e., Land-456

sat 7 and 8) recorded the temperature trend with more spatial and temporal precision457

after 1999.458
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Figure 4. a) Annual sea surface temperature trend of the bays. Each data point shows the

annual average temperature c0 over the area and one standard deviation uncertainty. b) A linear

fit after removing the seasonal cycle was used to calculate the trend (c1 given in °C yr−1) of the

temperature change for each pixel over 39 years.

Interestingly, the warming trend of the bay is inconsistent throughout. Fig. 4, panel459

b shows the spatial map of the SST trends. The color of each pixel indicates the trend460

in the degree of temperature rise or decline over the past 39 years. We can identify a few461

regions around Prudence Island, Jamestown, and Patience Island as ‘hot spots’ because462

they are experiencing the highest (∼ 0.7°C per decade) increase. There is no natural463

cooling except in the former location of Brayton Point Power Station, which was com-464

pletely shut down after 2011 (Benoit & Fox-Kemper, 2021).465

5.3 Seasonal Distribution of SST466

The 39-year-long SST record provides better clarity of the temperature distribu-467

tion across different months and seasons in the Bay. We reported the months of winter,468

spring, summer, and fall seasons as D-J-F, M-A-M, J-J-A, and S-O-N, respectively. The469

seasonal cycle is the most influential driver of the temperature distribution and variabil-470

ities in Narragansett Bay. Additionally, the unique location of the bay as an estuary, nei-471

ther subtropical nor purely marine, may introduce additional factors to play minor roles—for472

example, the vertical mixing of fresh and brackish water and localized ambient air tem-473

perature (Chen & Harr, 1993; Deser et al., 2010; Alexander, 2010).474

The spatial variability of the seasonal cycle reveals distinct SST patterns across dif-475

ferent water bodies in the bay (Fig. 5). Due to the global amplification of shallow wa-476

ter temperature (Oczkowski et al., 2015; Piccioni et al., 2021), we identified a clear sig-477

nature of latitudinal temperature distribution in the bay (Fig. 5, panels a-d). Isolated478

and shallow areas feature pronounced temperature variations (-1 to 31°C) compared to479

the deeper, well-connected embayments (1 to 25°C) and the ocean (5 to 17°C). Since the480

northern segment of the estuary is fresher, has a reduced heat capacity, and is more sen-481

sitive to any sudden change in air and river temperatures, from here, we will refer to them482

as the upper (41.60°N to 41.75°N) and the lower (41.60°N to 41.45°N) bays.483

The intensity of seasonal cooling and heating in the bay varies throughout the year,484

with the ocean temperature showing a delayed response compared to the estuarine tem-485

perature. A closer look at the SST map reveals that the maximum cooling occurs in Jan-486

uary for the upper bay, while the lower bay experiences this in late February (Fig. 5, panel487

a). On the other hand, the maximum heating occurs around mid-August in the upper488

bay, followed by the shelf approximately one month later (Fig. 5, panel c). The max-489

imum temperature difference between the upper bay and the lower bay can be as much490
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Figure 5. a-h) Seasonal and monthly average temperature variabilities in the bays. i) Tem-

perature variability across different seasons in the upper and lower bays, and j, k) Observation

counts per month and season, respectively, over 39 years.

as 4.25°C in August. This difference can further increase up to 6.75°C in December. Mt.491

Hope Bay is characterized by its small size (approximately 13 mi2 or 36 km2) and an av-492

erage depth of 18.7 feet. Therefore, we do not see any significant spatial variability in493

the annual SST cycle (Fig. 5, panels e to h). Over the last four decades, we observed494

the average seasonal extremes (difference in SST between summer and winter) to be 19.65°C495

in Narragansett Bay and 21.08°C in Mt. Hope Bay. The springs (9.24°C) are generally496

colder than the falls (15.57°C); refer to Fig 5, panel i. The observation counts are almost497

the same throughout all seasons, and there has been a steady increase in the number of498

observations since the release of Landsat 7 in 1999 (Fig. 5, panels j and k).499

5.4 Decadal Variability500

We analyzed the evolution of the seasonal temperature shifts in Narragansett Bay501

(Fig. 6). The process is as follows: we created the maps of decadal mean temperatures502

for each season (see Fig. 6, panels a-h). As we move forward to the positive time axis503

(to the right) of each map, we can see how individual seasons are evolving. Here, we are504

presenting an example to explain the statistical analysis: we captured 57 images during505

the winter season from 2001-2010. At first, we averaged the temperatures of all 57 scenes506

and combined them into a single composite. Then, we calculated the standard deviation507

of the composite image. This tells us how the overall temperature of each grid varies spa-508

tially during the winters of 2001-2010. Then, we divided the mean standard deviation509

by the square root of the number of scenes to calculate the standard error of the mean.510

Intuitively, the standard error is the standard deviation of the sampling distribution. Math-511

ematically, this process can be expressed as:512

Standard Error Uncertainty =
1√
N

· 1

M

M∑
i=1

N∑
j=1

Std(Tij) (11)

–15–



manuscript submitted to Please set Journal Name by using \journalname

Figure 6. Approximately decadal averages of the annual averages of temperature in the bays.

In equation (11), N is the total number of scenes (57 in this case). M is the total num-513

ber of pixels in each image. Std(Tij) calculates the standard deviation of the temper-514

ature values at pixel (i, j) across the set of 57 images. We presented the quantities de-515

noting the sample size and the corresponding sampling uncertainty of every season in516

the decadal time scale in Table 3.517

Narragansett Bay, especially in the last two decades, underwent considerable changes518

due to global climate warming and anthropogenic influences (Fig. 6, panel a-h). The win-519

ters are getting warmer rapidly. In contrast, we found a cooling trend in SST during spring520

from 1991 to 2010. However, the average spring temperature increased after 2011. The521

summer experienced the most significant warming over the past two decades, particu-522

larly between 2001 and 2010. This event coincided with some of the warmest summers523

recorded in the last four decades. The influence of thermal effluents from the Brayton524

Point Power Station is most noticeable in the average fall temperature maps, primar-525

ily attributable to the increased activity at the power station during this season. The526

thermal pollution imprints intensified until 2010. In later years, it abruptly diminished527

due to the complete cessation of the power station in 2011. Even without this anthro-528

pogenic source, the spatial trend indicates that the falls in the bay are getting much warmer529

since 2010 compared to two decades ago.530

We can observe similar climatic shifts in the decadal SST variations of Mt Hope531

Bay (Fig. 6, panels e to h). 2001 to 2010 witnessed the coldest spring and the warmest532

summer recorded. The signature of the power station was particularly noticeable in the533

winter and fall seasons but disappeared after 2011. The distinction between the upper534

and lower parts of Mt. Hope Bay is not as pronounced when compared to the whole bay.535

This feature is likely due to the smaller size and consistent depth across its expanse. Still,536

we noticed significant temperature changes over the last 39 years near the shorelines, es-537

pecially around the Kickemuit River shellfish management area (average water depths538

∼ 6 m). Our observation points to the potential adverse effects of increasing SST on the539

local fisheries. Previous research has consistently shown that increased SST leads to el-540
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Table 3. One Standard Deviation Decadal Sampling Uncertainties in Narragansett Bay and

Mt. Hope Bay

Seasons Year Span Sample Size Sampling Uncertainty (◦C)
Narragansett Bay Mt. Hope Bay

Winter 1984-1990 14 0.4478 0.5208
1991-2000 36 0.2800 0.3511
2001-2010 57 0.3028 0.3384
2011-2022 63 0.2626 0.3213

Spring 1984-1990 11 0.4648 0.5673
1991-2000 33 0.3216 0.3857
2001-2010 59 0.3074 0.3767
2011-2022 76 0.2952 0.3275

Summer 1984-1990 20 0.5843 0.6272
1991-2000 39 0.3251 0.3986
2001-2010 63 0.3031 0.3518
2011-2022 81 0.2589 0.3180

Fall 1984-1990 26 0.3358 0.4108
1991-2000 34 0.3170 0.3938
2001-2010 71 0.2719 0.3140
2011-2022 81 0.2740 0.3264

evated CO2 levels, low oxygen conditions, and amplified acidification. These collective541

effects can harm shellfish, impede their growth, compromise their immune responses, and542

impair their overall cultivation prospects (Heath et al., 2012; Cocco et al., 2013; Macken-543

zie et al., 2014; Cruz et al., 2015; Hernroth & Baden, 2018; Harrison et al., 2022).544

5.5 Can we capture tidal SST anomalies from Landsat scenes?545

Tides can profoundly govern the biological, physical, and morphological features546

of any tidally dominated estuaries (Wells, 1995; Nidzieko, 2010; Cheng et al., 2011; Dal-547

rymple et al., 2012). Narragansett Bay is a tidally dominated estuary with a semi-diurnal548

M2 tide system (Bowers & Brubaker, 2021), and much of its high-frequency oceanographic549

characteristics can be attributed to its tidal forcing (Spaulding & Swanson, 2008). While550

the Landsat record offers climatological insights into SST patterns, our primary focus551

in this section is to evaluate and measure the Landsat’s accuracy in sampling SST changes552

during various tidal phases, including high tide, low tide, ebb tide, and flood tide. Due553

to the diurnal inequality (De Boer et al., 1989), the bay has a variety of tidal ranges. There-554

fore, when we look at the water level at any particular time over many days, we will no-555

tice variations in the amount of sea level elevation, exposed tidal flats, and inter-tidal556

areas. Landsats capture scenes at about the same time each visit due to its sun-synchronous557

orbit (Wulder et al., 2019). So, for the past 39 years, Landsat had overpassed the bay558

at various tide levels. As a result, our collection of satellite photos will show different559

tidal phases and the temperature of the bay at any given tide phase.560

Given that the Landsat SST record has an average sampling rate of about 18.75561

days in our dataset, the Nyquist frequency is 37.5 days. Therefore, the Fourier analy-562

sis of the Landsat record can not directly provide information at tidal frequencies. From563

Fig. 7, panels a and b, the power spectrum of the satellite SST signal shows peaks at564

the annual cycle (1 year). However, from Fig. 7, panels c and d, we notice that the high-565

frequency buoy SST record allows us to retrieve information at the diurnal cycle (1 day),566
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Figure 7. a-b) The frequency spectrum of the SST record shows that Landsat can capture the

annual cycle but fails to resolve small-scale temporal SST pattern like M2 tides that occurs every

12 hours. c-d) Buoy SST record can resolve this limitation. In both cases, we chose buoy 13 as

an example.

M2 tide cycles ( ∼12 hours), and the annual cycle (1 year). The peak magnitude at ∼2567

cycles day−1 implies that tide predominantly regulates the water temperature variabil-568

ity of the bay immediately after the seasonal cycle. The diurnal cycle is also important,569

but as Landsat is sun-synchronous, the approach we use for tides cannot be extended570

to this cycle.571

To evaluate the tidal sampling from Landsat, we proposed a ‘composite view’ of572

tidal SST patterns by two distinct methodological approaches. The first approach, the573

Signal-to-Noise ratio (SNR) test, evaluates the ratio between the desired signal (repre-574

senting the tidal SST variability) and its background noise (other variability). The sec-575

ond method is predicated on the notion that during inter-tidal phases, instantaneous water-576

level depth (H) and temperature (T) ought to be correlated. Most simply, if water from577

the ocean either advances inland or recedes to the sea with the tides, it will impact both578

instantaneous water level height and temperature. We named the second approach the579

HT method.580

Since we are limited to particular buoy locations, we conducted this test in two dis-581

tinct regions, near buoy 11 (41.6861°N, -71.4459°E) and buoy 13 (41.4922°N, -71.419°E).582

These buoys were strategically chosen as representatives of the upper and lower bay, re-583

spectively (See Fig. 1, panel a). As discussed in Section 5.6.1, the upper and lower bay584

show different characteristics in SST variability, and other buoy locations tended to re-585

semble one or the other of these locations.586

For the Signal-to-Noise ratio test and the HT method, we leveraged the principle587

of “stationarity” and “simultaneity”. Stationarity suggests that tidal fluctuations pos-588

sess consistent duration and impact across the bay over an extended period of repeated589

tidal cycles (e.g., neglecting lower frequency tides and other variations). Simultaneity590

posits that despite the location of one of the stations in the southern part of the bay (re-591

fer to Fig. 1, panel a), the phase propagates sufficiently quickly into the bay that all sta-592

tions are effectively at the same tide phase during a 60-minute SST sampling window593

or Landsat scene. Simultaneity was validated by comparing it to other tide gauges through-594

out the bay.595

5.5.1 Signal-to-Noise ratio test596

The signal-to-noise ratio (SNR) measures the clarity of a signal by distinguishing597

it from background noise. In our case, the desired signal is the SST anomalies caused598

explicitly by the tidal forcing. To perform the SNR test, we first synced the dates of Land-599
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Figure 8. a-c) The tide-phase-shift diagram from the times where a) Landsat scenes are ana-

lyzed, b) Buoy 11 data is available, and c) Buoy 13 data is available.

sat images from 1984 to 2022 and the buoy record from 2004 to 2022 with the correspond-600

ing NOAA tide gauge station data. Then, we sorted the images into a composite of four601

tide phases based on a so-called ‘tide phase shift’ diagram. This diagram is divided into602

four sections, each of which is representative of one tide phase (see Fig. 8). In this di-603

agram, the sea level elevation (H) and its time derivative (dHdT ) are normalized by their604

respective standard deviations.605

The inter-tidal temperature of an estuary is primarily influenced by the sea sur-606

face temperature during high tides and by the air temperature during low tides (Scrosati607

et al., 2020). Landsat cannot track individual tidal phases due to its sampling frequency.608

However, the four sets of composites give a general overview of the spatial distribution609

of the SST anomalies during different tidal stages (see Fig. 9, panels a and b). To iso-610

late the tidal SST variability from any contamination caused by the seasonal cycle and611

climate-driven warming, we deseasonalized and detrended each pixel in the image sets.612

We expect this filtering step will ensure the composites are mainly linked to the tides,613

and there will be no strong seasonal variations in tidal patterns (e.g., the tidal SST ex-614

cursion in summer is similar to the tidal SST excursion in winter). The adjusted Land-615

sat pixels of the bay now show cooler temperatures, typically ranging from -2°C to 2°C,616

because of the removal of the monthly mean temperature, radiative cycle, and the warm-617

ing trend.618

We evaluated the strength of each Landsat composite to capture the imprint of tidal619

SST variations (signal) against the remaining variations (noise) that were coherent with620

diurnal cycles, winds, river runoff, and other local factors. Assuming a Gaussian distri-621

bution, we calculated a mean temperature (µ) for each pixel and standard deviation (σ)622

of the means for each composite over the entire bay. The standard error of the mean is623

σ√
N
. Here, N corresponds to the number of observations, which is 235, 171, 202, and 156624

for low, flood, high, and ebb tides, respectively. We followed the approach of Johnson625

(2006) to describe the SNR to be the ratio of the squared mean temperature (µ2) of any626

given pixel to the standard error σ√
N

in decibels. We defined the statistical significance627

to be a signal-to-noise ratio of 1.645. This ratio sets the threshold for a 95% confidence628

level by a one-sided Student’s t-test. Any pixel that could not meet this threshold was629

marked in yellow (see Fig. 9, panels c and d).630

The results from the SNR spatial maps explain the outcomes of the typical tidal631

interaction between deep ocean water and offshore water. The signal clarity is compro-632

mised during the low and ebb tides in Narragansett Bay and the flood and ebb tides in633

Mt. Hope Bay. Our interpretation is that during the flood and high tides, heat exchange634

through vertical mixing between the relatively colder ocean and the warmer offshore and635

river waters can lead to greater short-term sea surface temperature variability (Garrett636
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Figure 9. a-b) Temperature anomalies of Landsat composites in different phases of tides

after the seasons and warming trends are removed. c-d) The pixels where the squared mean

temperature is greater than the uncertainty are shown in pink. Any pixel that is identified with

SNR<1.645 (significant noise) is denoted in yellow. The intensity of the signal is presented in

panels c and d in decibel units.
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Figure 10. a-b) Representation of SST fluctuations due to seasonal cycle and tidal forcing in

buoy 11 and 13 locations. c-j) Temperature variability against its instantaneous sea level eleva-

tion, with and without seasonal influence. Panels c to f represent data from Landsat grids where

the buoys are located, while panels g-l show results directly from buoy readings.

et al., 1978; Simpson et al., 1994). Hence, this tidal mixing forces the bay to undergo637

episodic cooling or warming (depending on the season). Since we defined this temper-638

ature variability as the ‘signal’ in our SNR test, we observed the Landsat composites to639

partially capture this signal (Fig. 9, panels c). In Mt. Hope Bay, during the high tides,640

ocean water approaches through a narrow passage of the Sakonnet River. This restric-641

tion can cause internal tidal asymmetry (Jay & Musiak, 1996) and greater temperature642

variability, which is captured in the Landsat composites as well (Fig. 9, panels d).643

5.5.2 HT method644

In this section, our objective is to explain Landsat’s capacity to reveal the under-645

lying tidal temperature variability without arbitrary distinctions by binning it into tidal646

phases. We developed the HT method based on the notion that the influx of cold ocean647

water influences the temperature within the estuary regularly and periodically. The pat-648

tern of this influx predicts a correlation between an instantaneous sea level elevation (H)649

and estuary temperature (T). Given the limited temporal resolution of Landsat data,650

capturing daily changes becomes challenging. Therefore, in examining correlations, it651

is easy to contrast Landsat against buoy temperature records of the relationship between652

H and T. Another advantage of this model is we can more easily conduct this test us-653

ing seasonal and nonseasonal datasets to assess the significance of seasonal influences.654

We obtained consistent temperature measurements from buoy 11 between 2006 and 2013655

and buoy 13 from 2005 to 2016 (see Fig. 10, panels a and b). Both temperature records656

are extensive enough to be adequate for the application of this method.657
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The HT diagram illustrates any covariance between sea level elevation and estu-658

ary temperature (Fig. 10, panels c-j). This diagram is similar to the ‘tide-phase-shift’659

diagram (ref. to Fig. 8). However, this time, we plotted temperature (T) as the distance660

against the corresponding sea level height (H). Unlike making composites based on Fig. 8,661

it is not necessary to discretize the tidal phases in this figure–continuous values are al-662

lowed. If the temperature does not vary coherently with sea level elevation, there is no663

covariance between H and T; hence, H(t) · T (t) = 0. If a covariance exists, then in the664

HT diagram, some phases will register as warmer (farther from the origin) and others665

as cooler (closer to the origin). In this case, we can expect to see the plots form an el-666

lipse or an oblong circle. We normalized the parameters using their respective z-score667

values for better interpretability and comparability, e.g., H∗ and T ∗, where668

H∗(t) =
H(t)− µH(t)

σH(t)

and

T ∗(t) =
T (t)− µT (t)

σT (t)

The HT diagrams with seasons show that both Landsat and buoy temperatures669

are equally distributed and do not correspond to the tidal phases. As the seasonal vari-670

ability is dominant and uncorrelated with the tidal forcing, it masks any H-T relation-671

ship (Fig. 10, panels c, e, g, and i). In this case, the seasons act as ‘noise’ rather than672

a signal. The distribution of T ∗ appears almost quadrilateral because regardless of the673

sea level height, temperatures rise and fall in line with the seasonal cycles. As a result,674

there are nearly equal data points on both sides along the H∗ = 0 axis line. This makes675

the HT diagram appear ‘symmetric’, and we can not draw any meaningful correlation676

between H∗ and T ∗.677

The deseasonalized temperature record changes the shape of the distribution, sug-678

gesting that H∗(t) · T ∗(t) ̸= 0. The distribution now appears more elliptical and reveals679

a link between the sea level depth and the corresponding water temperature. Since we680

do not have sufficient Landsat scenes, the HT diagram results in a scatter plot without681

any definite geometrical shape (panels d and f). Thus, the Landsat is limited in captur-682

ing connections between SST changes caused by tides in the bay. In contrast, the scat-683

tered plots from buoys 11 and 13 closely resemble an elliptical shape and prove the ex-684

istence of an underlying relationship between H∗ and T ∗. In summary, it is challenging685

to detect sea level correlation with SST variability using low sampling rates and instru-686

mental inaccuracy. Only with heavy averaging over multi-year composites, as in the pre-687

vious section, Landsat might detect signals in some tide phases.688

The HT diagram provides a visual representation of the relationship between the689

sea level elevation and the instantaneous temperature, but it lacks quantitative analy-690

sis. We constructed standard histograms of the distribution resulting from the multipli-691

cation of H(t) and T(t). In this step, we normalized both H and T with their standard692

deviation instead of using H∗ or T ∗ for scale independence and better interpretability693

of the result by keeping the mean value close to the original data. The H(t)
σH(t)

· T (t)
σT (t)

his-694

tograms display the interference of the seasons in the buoy locations (Fig. 11, panels a-695

d). Eliminating seasonal factors decreases both fluctuations and background disturbances,696

as is evident in the x-axis spreads in panels b and d. Both Landsat and buoy exhibit a697

roughly Gaussian distribution when seasons are removed. Still, they are indistinguish-698

able from zero–i.e., there is no detected typical correlation for each sample.699

It is plausible that taking an ensemble could highlight a representative value, so700

we examine the bootstrap histograms for the means (Fig. 10, panels e-h). The bootstrapped701

mean histograms show a Gaussian distribution with and without seasons. The season-702

inclusive bootstrapped distributions disagree in both mean and spread (panels e and g).703
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Figure 11. a-d) The statistics of samples of H(t) · T (t). e-h) bootstrap histograms estimating

their mean. Seasons and trends must be removed from the Landsat temperature in order to have

Landsat and buoy distributions agree on the mean value (as shown by bootstrap histograms),

and even then, the Landsat histograms are wider (more instrumental error) than the buoy tem-

peratures.

Thus, there is no consistency between the buoy and Landsat mean correlations in sea-704

sonal SST data. Once the seasons are removed, the bootstrapped distributions align more705

closely and suggest a mean value with lower variation (panels f and h). There are three706

key findings from these histograms. First, the use of standard error in the previous sec-707

tion was appropriate but might only yield a consistent signal between the buoy and Land-708

sat records after the removal of the seasons and trends. Secondly, the tidal patterns are709

not detectable until the seasons are removed due to the strong seasonal variability and710

the intermittent sampling of it by the Landsat. Thirdly, the estuary variability is greater711

than that of ocean variability. Buoy 11 is located in the upper bay, close to the coast-712

lines. We observed a 50.3% broader spread in its mean histogram before we removed the713

season (panels e-f). For buoy 13, which is located near the ocean, the spread was 45.1%714

broader before the removal of the seasons (panels g-h), which indicates more consistent715

and limited variability throughout the year.716

6 Conclusion717

The techniques and findings presented in this study have significant implications718

for coastal oceanography. By integrating data from on-site sensors with satellite obser-719

vations for calibration, we improved the estimation of sea surface temperature at differ-720

ent spatial scales near the coast. This approach overcomes the limitations of limited spatial-721

resolution data from in-situ sensors, which fail to capture the spatial variability in the722

bay. Through the application of the EOF algorithm, we successfully identified and quan-723

tified sea surface temperature patterns in both Landsat and in-situ buoy temperature724

records. This pattern recognition technique also indicated the dominant components that725

are influencing the SST distributions, like the seasonal cycle and estuary bathymetry.726

From the spatial decadal variability of SST, we clearly observed that global warming is727

affecting the bay.728

Our analysis demonstrates that the tidal signal is the next-most important deter-729

minant of SST in the bay after seasonality. This finding was only possible due to robust730
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sampling and instrumental precision, given the presence of noise and aliasing effects. We731

presented two different methods to quantify the extent to which we can use Landsat satel-732

lite to capture the tidal SST anomalies. The methods offer a path to studying tidal pat-733

terns in coastal temperature records and have implications for future coastal oceanog-734

raphy and estuarine ecology studies. By leveraging the composites of Landsat scenes in735

different tidal phases, we have analyzed the tidal characteristics of Narragansett Bay. The736

result can serve as a model for other tidally dominated estuaries (e.g., Fitzroy River es-737

tuary, Australia; Clear Water Bay, Hong Kong; Puget Sound, Seattle) that lack access738

to in-situ buoys but have alternative measurements, such as tide gauge and ship obser-739

vations or tide gauge and drone observations.740
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