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In this study, we examine the capabilities of the Landsat 8 Operational Land

Imager (OLI), Thermal Infrared Sensor (TIRS), and Aqua Moderate resolution Imaging

Spectroradiometer (MODIS) for monitoring the environmental impact of the 2015

Hyperion Treatment Plant (HTP) wastewater diversion in Santa Monica Bay, California.

From 21 September−2 November 2015, the HTP discharged ∼39×103 m3 h−1 of

treated wastewater into Santa Monica Bay through their emergency 1-mile outfall

pipe. Multi-sensor satellite remote sensing was employed to determine the biophysical

impact of discharged wastewater in the shallow nearshore environment. Landsat 8

TIRS observed decreased sea surface temperatures (SST) associated with the surfacing

wastewater plume. Chlorophyll-a (chl-a) concentrations derived from Landsat 8 OLI and

Aqua MODIS satellite sensors were used to monitor the biological response to the

addition of nutrient-rich wastewater. In situ chl-a and in situ remote sensing reflectance

(Rrs) were measured before, during, and after the diversion event. These in situ data were

paired with coincident OLI and MODIS satellite data to yield a more comprehensive view

of the changing conditions in Santa Monica Bay due to the wastewater diversion. Two

new local chl-a algorithms were empirically derived using in situ data for the OLI and

MODIS sensors. These new local chl-a algorithms proved more accurate at measuring

chl-a changes in Santa Monica Bay compared to the standard open ocean OC2 and

OC3M algorithms, and the regional southern California CALFIT algorithm, as validated

by in situ chl-ameasurements. Additionally, the local OLI algorithm outperformed the local

MODIS algorithm, especially in the nearshore region. A time series of chl-a, as detected

by the local OLI chl-a algorithm, illustrated a very large increase in chl-a concentrations

during the wastewater diversion, and a subsequent decrease in chl-a after the diversion.

Our study demonstrates the capability of using Landsat 8 TIRS and OLI sensors for the

monitoring of SST and surface chl-a concentrations at high spatial resolution in nearshore

waters and highlights the value of these sensors for assessing the environmental effects

of wastewater discharge in a coastal environment.

Keywords: Landsat 8, Chlorophyll, coastal water quality, sea surface temperature (SST), wastewater diversion,

satellite remote sensing
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INTRODUCTION

The coastal waters of the Southern California Bight border
one of the most densely populated regions in North America
and are increasingly affected by pollution from both publicly
owned treatment works (POTWs) and stormwater runoff due
to increasing population growth and urbanization (McKinney,
2002; Bay et al., 2003; Creel, 2003; Schiff and Bay, 2003; Crossett
et al., 2004; Lyon and Stein, 2009; Gierach et al., 2017; Holt
et al., 2017). The Hyperion Treatment Plant (HTP) is the
largest POTW in the Southern California Bight, discharging
wastewater directly into Santa Monica Bay. Servicing the Los
Angeles Metropolitan Area, HTP releases a daily average of
8.71×105 m3 of secondary treated effluent into Santa Monica
Bay via a 5-mile (8.1 km) outfall pipe (Southern California
Coastal Water Research Project, 1973; Steinberger and Stein,
2004; Lyon and Stein, 2009). However, during diversion events,
when their main 5-mile outfall pipe is temporarily shut down,
HTP diverts the wastewater to their 1-mile (1.2 km) outfall pipe,
discharging the wastewater into the nearshore environment of
Santa Monica Bay (Figure 1). Based on the findings from a
2006 inspection and diversion event (Reifel et al., 2013; Gierach
et al., 2017), HTP scheduled another diversion event in Fall
2015 in order to conduct necessary infrastructure repairs. During
this 6-week diversion event from 21 September−2 November
2015, HTP discharged an average of 39×103 m3 h−1 of treated
wastewater through their backup 1-mile outfall pipe into the
coastal environment.

Secondary treated effluent released in coastal waters not
only contains contaminants (e.g., harmful chemicals, coliform
bacteria, oils, and metals), but also organic matter and nutrients
that can affect water quality (Steinberger and Stein, 2004).
Wastewater effluent has been found to contribute as much
nitrogen to coastal regions as wind-driven upwelling in several
sub-regions of the Southern California Bight, including Santa
Monica Bay, thereby doubling the nitrogen load (Howard et al.,
2014;McLaughlin et al., 2017). A primary environmental concern
of the release of nutrient-rich wastewater into the Southern
California Bight is the stimulation of primary production,
which can lead to eutrophication and the proliferation of
toxic harmful algal blooms (Caron et al., 2017). Under typical
density-stratification conditions for the region, the discharge
of wastewater near the head of the Santa Monica Submarine
Canyon (8.1 km offshore at 57m depth), limits the likelihood that
wastewater will surface and affect marine life and human health
(Washburn et al., 1992; Uchiyama et al., 2014). In contrast, the 1-

mile outfall pipe terminates within the shallow nearshore region
of Santa Monica Bay, discharging the wastewater at 18m depth.
During diversion events, the discharge of wastewater through

the 1-mile outfall pipe increases contaminant and nitrogen

concentrations in the shallow and sunlit coastal waters of Santa
Monica Bay, thereby increasing the probability of phytoplankton

blooms and contaminant exposure to marine life and humans, as
Santa Monica Bay is a major coastal recreation area (Caron et al.,
2017; Gierach et al., 2017).

With the advent and continued advancement in satellite
sensors, remote sensing has become an effective tool for

monitoring the biophysical impacts of coastal pollution (e.g.,
DiGiacomo et al., 2004; Hu et al., 2004; Nezlin and DiGiacomo,
2005; Nezlin et al., 2005, 2008, 2012; Marmorino et al., 2010;
Holt et al., 2017). Radar, thermal, and optical sensors have,
respectively, been used to track the surface expression of
wastewater plumes through reduced sea surface roughness,
decreased temperature, and changes in surface-water reflectance
due to increased organic matter (DiGiacomo et al., 2004;
Marmorino et al., 2010; Nezlin et al., 2012). Most recently,
Gierach et al. (2017) demonstrated the capabilities of the
Moderate resolution Imaging Spectroradiometer (MODIS), on
board NASA’s Aqua satellite, launched in 2002, and the Advanced
Spaceborne Thermal Emission and Reflection Radiometer
(ASTER), on board NASA’s Terra satellite, launched in 1999,
in detecting changes in chlorophyll-a (chl-a) and sea surface
temperature (SST) associated with the surfacing wastewater
plume during the 2006 HTP diversion. Chl-a, a photosynthetic
pigment present in phytoplankton, can be measured by optical
satellite sensors, and is used as a proxy for phytoplankton
biomass in the surface ocean.

Satellite remote sensing greatly expands the spatio-temporal
coverage of the marine environment compared to in situ
monitoring. However, the coarse spatial resolution (∼750–
1 km at nadir) of current optical satellite sensors used to
monitor marine environments, and the uncertainties associated
with instrument calibration and data processing algorithms in
optically complex water (McClain, 2009), have limited the ability
to monitor water quality in urban coastal waters like Santa
Monica Bay. While improvements have been made in on-orbit
assessment of sensor characteristics, atmospheric correction, and
sensor calibration procedures over time (Franz et al., 2007),
the resolution of current ocean color sensors still remains one
of the most limiting factors for water quality applications in
nearshore areas, as they are unable to accurately resolve coastal
ocean characteristics (Mouw et al., 2015). The Thermal Infrared
Sensor (TIRS) and the Operational Land Imager (OLI) on
board Landsat 8, launched in 2013, provide two high-resolution
sensors with high signal-to-noise ratios to more precisely
monitor biophysical changes in the coastal Santa Monica Bay.
With 100m and 30m spatial resolution, respectively, TIRS
and OLI are better suited to resolve detailed features of
SST and surface chl-a in the nearshore region compared to
MODIS (1 km) and other similar satellite sensors, e.g., SeaWiFS
(1.1 km), AVHRR (1.1 km), and VIIRS (750m). Additionally,
improved sensor signal-to-noise ratio and radiometric resolution
of OLI and TIRS, compared to its predecessors, e.g., Landsat 7
ETM+, permits use of these land-designed sensors for marine
applications. For example, the ability to monitor water quality
in coastal regions, as coastal waters are generally dark targets,
requires better signal-to-noise ratio and radiometric resolution to
accurately resolve coastal features (Vanhellemont and Ruddick,
2014).

Though high-resolution sensors are likely to yield
more detailed measurements than their coarser resolution
counterparts, discrepancies in satellite chl-a values continue to
be common in optically complex nearshore waters, such as the
Southern California Bight (Kim et al., 2009). Therefore, we argue
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FIGURE 1 | (A) Map of Santa Monica Bay, California, with the 5-mile and 1-mile outfall pipes denoted as black and red lines, respectively, and in situ sampling

stations denoted as green circles. (B) Photo of the wastewater plume surfacing at the terminus of the 1-mile outfall pipe during the diversion.

the necessity for the derivation and application of more locally
derived empirical chl-a algorithms, as opposed to the standard
open-ocean chl-a algorithms commonly used for each satellite
sensor. In this study, we investigate the utility of high-resolution
Landsat 8 TIRS and OLI satellite sensors, as compared to coarser
resolution Aqua MODIS, in conjunction with corresponding in
situ field measurements, to monitor the biophysical impacts of
the Fall 2015 HTP wastewater diversion in Santa Monica Bay.
Standard chl-a algorithms for each sensor are compared to newly
derived empirical local chl-a algorithms, tuned specifically for
the optically complex nearshore waters of Santa Monica Bay to
accurately distinguish chl-a from other optical constituents in
the water, such as suspended sediments and colored dissolved
organic matter (CDOM). To the extent of our knowledge,
this study is the first to develop, validate, and apply OLI chl-a
retrievals for water quality monitoring in coastal waters.

The paper is organized as follows. Section Data and Methods
describes the study region of Santa Monica Bay and the data
utilized, including in situ, TIRS SST, satellite chl-a as detected
by OLI and MODIS using standard and newly derived local
chl-a algorithms. Section Data and Methods also describes the
development of the local chl-a algorithms using in situ chl-a and
in situ remote sensing reflectance (Rrs) measurements during the
wastewater diversion. Results from the Fall 2015 HTP diversion
are presented in section Results. Finally, in section Discussion we
discuss the satellite findings and application of the newly derived
local Landsat 8 OLI chl-a algorithm to more accurately monitor
the evolution of the biological impact of the wastewater diversion.

DATA AND METHODS

Study Area
Santa Monica Bay is a semi-enclosed nearshore bay in the
Southern California Bight whose coastal waters are directly

influenced by the densely-populated Los Angeles basin. The
bay is characterized by a relatively wide continental shelf
and features a mixture of submarine outcrops and canyons
(Figure 1). The unique geography and coastal processes in the
region create favorable conditions for a relatively productive
coastal environment and diverse ecosystem (Hickey, 1992;
Eganhouse and Venkatesan, 1993; Hickey et al., 2003; Corcoran
and Shipe, 2011). Though the seasonal supply of nutrients from
coastal upwelling is a major driver of phytoplankton biomass
variability in Santa Monica Bay, there is increasing evidence
that anthropogenic nutrient point sources also contribute
significantly to the phytoplankton dynamics of the bay (Nezlin
and Li, 2003; Corcoran and Shipe, 2011; Nezlin et al., 2012;
Howard et al., 2014; Gierach et al., 2017).

In Situ Measurements
In situ samples and measurements in Santa Monica Bay were
collected before, during, and after the wastewater diversion
as part of a large collaborative sampling effort led by the
City of Los Angeles’ Environmental Monitoring Division
(CLAEMD) to monitor the impacts of the HTP diversion
on water quality (Figure 1 and Table 1). The samples and
measurements were collected onboard the R/V La Mer
and R/V Surveyor along a grid of 13 stations between
26 August and 11 November 2015 (Figure 1). Three main
categories of samples/measurements were collected in situ:
(1) hydrographic data from a Conductivity-Temperature-Depth
(CTD) instrument, (2) surface water samples for lab-based chl-a
concentration analyses, and (3) radiometric measurements to
derive in situ hyperspectral remote sensing reflectance (Rrs).
When possible, the in situ sampling was planned to coincide with
satellite overpasses in order to facilitate comparison between in
situmeasurements and remote sensing retrievals.
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TABLE 1 | In situ and remote sensing sampling dates before, during, and after the

wastewater diversion event in Santa Monica Bay.

Date In situ Chl-a In situ Rrs OLI MODIS

26 August 2015 X

8 September 2015 X X

16 September 2015 X X

23 September 2015 X

24 September 2015 X X X

30 September 2015 X X

7 October 2015 X

10 October 2015 X X

14 October 2015 X X

17 October 2015 X

21 October 2015 X X

26 October 2015 X X X

28 October 2015 X

5 November 2015 X X

11 November 2015 X X X X

27 November 2015 X X

The diversion period (21 September – 2 November 2015) is highlighted in gray.

Hydrographic Profiles
Vertical hydrographic profiles were collected at all stations along
the sample grid (Figure 1) using a SBE 19-plus Conductivity-
Temperature-Depth (CTD) package (Sea-Bird Electronics, Inc.
Bellevue WA), mounted on a rosette also equipped with a C-star
transmissometer (WET Labs, Inc. Philomath, OR), andWETStar
chl-a and CDOM fluorometers (WET Labs, Inc. Philomath, OR)
(City of Los Angeles, 2009; Reifel et al., 2013) to determine
temperature and chlorophyll fluorescence from 1m below the
surface to 1m above the ocean floor.

In Situ Surface Chlorophyll-a Concentrations
Discrete surface water samples were collected at 1 meter for chl-a
analysis at selected stations along the sample grid before, during,
and after the wastewater diversion (Figure 1, Table 1). Duplicate
water samples were collected from Niskin bottles and filtered
immediately onboard the ship by gentle filtration of 5–100mL of
water onto 0.7-µm GF/F glass fiber filters. The filtration volume
was reduced incrementally from 100mL based on the biomass
indicated by in situ chlorophyll fluorescence measured at 1 meter
by the CTD profiler. Filters were then stored at−20◦C until they
were analyzed fluorometrically for chl-a in the laboratory using
the non-acidification method (Welschmeyer, 1994). Filters were
extracted in 100% acetone at −20◦C in the dark for 24 h. Filter
extracts were analyzed on a Turner Designs Trilogy fluorometer
(Turner Designs, Sunnyvale, CA).

In Situ Remote Sensing Reflectance
In situ hyperspectral remote sensing reflectance, Rrs(λ,0+),
was measured in the λ = 350–700 nm wavelength range at
selected stations before, during, and after the diversion event
(Table 1). Rrs(λ,0+) was derived from field measurements of
spectral downwelling irradiance, Ed(λ), and upwelling radiance,

Lu(λ), acquired using a Satlantic
R© HyperPRO free-falling optical

profiler equipped with a surface irradiance reference. The
measured Ed(λ) and Lu(λ) were used to calculate Rrs(λ,0+)
following Equation (1):

Rrs(λ, 0+) =
Lw (λ)

Ed
(

λ, 0+
) (1)

where Ed(λ,0
+) is the spectral downwelling irradiance just above

the surface and Lw(λ) is the spectral water-leaving radiance,
equivalent to Lu(λ) measured just above the surface: Lu(λ,0

+).
About half of the Rrs(λ,0+) spectra were measured and

derived using the HyperPRO in profiling mode. In this
configuration, simultaneous profiles of Ed(λ,z) and Lu(λ,z)
(where z is depth) were used to calculate Rrs(λ,0+). The
maximum depth of the optical profiles ranged from a few meters
in nearshore waters to 60m in the more oligotrophic waters.
Profiles were performed away from the influence of the ship,
at a distance of at least 30m and on the sunny side of the
ship. Any data with an instrument tilt of >5◦ was discarded.
At each sampled station, measurements of Ed(λ,z) and Lu(λ,z)
were collected during three or four optical profiles in clear waters,
and up to 10 optical profiles in more shallow and turbid waters.
The data were processed to Level-2 with the Satlantic R© Prosoft
software. Our own MatLab R© routine was then used to do a
supervised processing of the Ed(λ,z) and Lu(λ,z) profiles and
calculate Rrs(λ,0+). In this routine, Ed(λ,0

−) was calculated as
the exponential of the intercept (z = 0) of the least-square fit
of the pooled profiles of ln[Ed(λ,z)] against depth z, and it was
then converted to Ed(λ,0

+) using the approximation: Ed(λ,0
+)=

1.04 Ed(λ,0
−) (Austin, 1974). Similarly, Lu(λ,0

−) was calculated
as the exponential of the intercept (z = 0) of the least-square fit
of the pooled ln[Lu(λ,0

−)] profiles against depth z, and it was
then converted to Lw(λ) using the approximation Lw(λ) = 0.54
Lu(λ,0

−) (Austin, 1974). Data from the multiple profiles were
pooled together in order to provide sufficient data density to
derive reliable linear fits of Ed(λ,z) and Lu(λ,z) against depth,
and supervised processing with our MatLab R© routine allowed
to select adequate depth ranges (between 0.5m to several meters
depth) for reliable fits. At each station, profiles were collected
within a short period of time (<20–30min) and, in most cases,
the illumination conditions were very stable throughout the
data collection. Any Ed(λ,z) and Lu(λ,z) profile that differed
substantially was discarded in order to minimize errors in the
fit. Note here that the spectral diffuse attenuation coefficient
of upwelling radiance, KLu(λ), was also derived from these
optical profiles as the slope of the least-square fit of the pooled
ln[Lu(λ,0

−)] profiles against depth z.
The remainder of the Rrs(λ,0+) were measured and derived

by using the HyperPRO deployed in buoy mode. The use of
the buoy-mode configuration was done for practical reasons
and in the interest of saving time during the sampling cruises.
In this configuration, Ed(λ,0

+) and Lu(λ,0
−) were measured

directly for a short time period of ∼2min and used as in
equation (1) to estimate Rrs(λ,0+) assuming Lw(λ) = 0.54
Lu(λ,0

−). The Lu(λ,0
−) measurements were corrected for the

fact that upwelling radiance was measured ∼ 0.2m below the
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water surface rather than just below the surface. Estimates
of KLu(λ) were thus used following the equation Lu(λ,0

−) =

Lu(λ,0.2)
∗exp(KLu(λ)

∗0.2) to correct for the diffuse attenuation
of Lu(λ) occurring in the top 20 cm. However, KLu(λ) could not
be measured using the HyperPRO configured in “buoy mode”
and therefore had to be estimated from uncorrected Rrs(λ,0+)
determined by assuming Lu(λ,0.2) = Lu(λ,0

−). The estimation
of KLu(λ) from the uncorrected Rrs(λ,0+) was made possible by
using a partial-least-squares (PLS) regression model specifically
developed for this study. The PLS model was developed using
the other data set collected with the HyperPRO in “profiling
mode”: First, the KLu(λ) and Rrs(λ,0+) derived from the profiles
were used to simulate uncorrected Rrs(λ,0+). Then, a model of
KLu(λ) applicable to uncorrected Rrs(λ,0+) was developed by
doing a PLS regression of KLu(λ) on the simulated uncorrected
Rrs(λ,0+). This PLS regression model, developed from the
“profiling mode” data, was then applied to the “buoy mode”
uncorrected Rrs(λ,0+) to provide a first-order approximation of
KLu(λ) and derive corrected values of Rrs(λ,0+) for that data
set. The approach presented above only provides an approximate
correction. However, the differences between corrected and
uncorrected Rrs(λ,0+) amounted to no more than a few percent
for the stations sampled in this study, and the uncertainties
linked to this correction therefore have a minimal impact on
the measured Rrs(λ,0+) and especially on Rrs(λ,0+) ratios. For
simplicity, in situ Rrs(λ,0+) will be further denoted in the paper
as in situ Rrs.

Development of Local Chlorophyll-a
Algorithms
The in situ hyperspectral Rrs spectra and simultaneously
collected in situ chl-a concentrations were used to develop local
blue-green band-ratio algorithms applicable to Landsat 8 OLI
and Aqua MODIS. A total of 96 in situ chl-a concentrations
and 49 in situ Rrs measurements were collected over the 14-
week period, with 36 of these measurements coinciding in time
and space for deriving the local algorithms (Table 1). Briefly, the
natural log values of the measured surface chl-a concentrations
were regressed on the natural log values of blue-green Rrs ratios
following Equation (2):

ln(chl–a) = a0 + a1 ln(
Rrs

(

λblue
)

Rrs
(

λgreen
) ) (2)

The hyperspectral in situ Rrs facilitated the development of two
different local algorithms using the respective blue and green
wavebands of OLI and MODIS (Table 2). The highly correlated
logarithmic relationship between in situ Rrs and in situ chl-
a, including the regression coefficients (R2 = 0.90 and 0.89,
respectively) and the coefficients of determination, are presented
in Figure 2 and Table 2. These local algorithms were expected
to perform better than the standard global, open ocean chl-
a algorithms (e.g., OC2 and OC3M) for this study because of
the unusual environmental conditions caused by the wastewater
diversion.

TABLE 2 | Respective OLI and MODIS red, green, and blue band wavelengths,

and derived local chl-a satellite algorithm coefficients.

Sensor Red band

(nm)

Green band

(nm)

Blue band

(nm)

a0 a1

OLI 665 561 482 0.9375 −1.8862

MODIS 667 547 488 0.8822 −2.3694

Satellite Retrievals of Chlorophyll-a
Concentrations
Satellite Rrs from Aqua MODIS and Landsat 8 OLI were
used to monitor potential changes in chl-a concentration in
Santa Monica Bay associated with the diversion (Table 1). Data
from Aqua MODIS and Landsat 8 OLI were obtained for the
region, before, during, and after the diversion from the Ocean
Biology Distributed Active Archive Center (OB.DAAC; https://
oceancolor.gsfc.nasa.gov) and the United States Geological
Survey (USGS) EarthExplorer (https://earthexplorer.usgs.gov/),
respectively. All satellite data were processed using the SeaWiFS
Data Analysis System (SeaDAS) version 7.4 (https://oceancolor.
gsfc.nasa.gov/seadas).

Aqua MODIS
Daily Aqua MODIS Level 1 radiance data were obtained from
the OB.DAAC. SeaDAS was used to atmospherically correct
MODIS optical radiance data, using a standard multi-scattering
and iterative near infrared (NIR) model (Bailey et al., 2010) with
bidirectional reflectance correction (Morel and Gentili, 1996),
and generate a standard 1-km OC3M chl-a product. The 1-km
chl-a product was then interpolated to a 250-m product (Franz
et al., 2006) for a more detailed evaluation of the wastewater
plume in the nearshore environment. The standard open-ocean
OC3M model (Maritorena et al., 2002; Hu et al., 2012) was
used to obtain chl-a measurements using the MODIS specific
Rrs wavelengths in Table 2. Additionally, a more regional chl-a
algorithm (CALFIT) developed by Kahru et al. (2012) forMODIS
was used to potentially improve chl-a accuracy in Santa Monica
Bay. The CALFIT algorithm was empirically derived from a large
archive of in situ chl-a data for the coastal waters of the greater
southern California Current system.

The local chl-a algorithm for MODIS (Table 2, Figure 2B),
as well as the standard OC3M algorithm, and regional CALFIT
algorithmwere then applied to theMODIS-specific blue-green in
situ Rrs retrievals to estimate chl-a concentrations. These values
were compared to corresponding in situ chl-a measurements to
determine the accuracy of each algorithm in Santa Monica Bay
during the wastewater diversion. Additionally, each local and
standard chl-a algorithm was then applied directly to MODIS
satellite Rrs data. These remotely-sensed chl-a values were then
directly compared to in situ chl-a measurements in order to
determine the capability of MODIS under each algorithm in
accurately detecting chl-a concentrations during the diversion.
Due to its relatively coarse spatial resolution of 1 km, a single
MODIS chl-a pixel value was compared to surface in situ chl-a
from the corresponding station.
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FIGURE 2 | Local empirical relationships between in situ surface chl-a concentrations and in situ blue-green Rrs: (A) OLI (blue: 482 nm and green: 561 nm),

(B) MODIS (blue: 488 nm and green: 547 nm).

Landsat 8 OLI
Data from Landsat 8 OLI were obtained from the USGS
EarthExplorer. The OLI radiance at the top of atmosphere
data were atmospherically corrected, using the same methods
described for MODIS, and processed to generate a standard
OC2 chl-a product using SeaDAS (Werdell and Bailey, 2005).
The local chl-a algorithm for OLI (Table 2, Figure 2A), as
well as the standard OC2 OLI algorithm, were then applied
to OLI-specific blue-green (Table 2) in situ Rrs retrievals to
estimate chl-a concentrations. These values were compared to
corresponding in situ chl-a measurements to determine the
accuracy of each algorithm in Santa Monica Bay during the
wastewater diversion. Additionally, each local and standard
chl-a algorithm was then applied directly to OLI satellite Rrs
data. These remotely-sensed chl-a values were then directly
compared to in situ chl-ameasurements in order to determine the
capability of OLI under each algorithm in accurately detecting
chl-a concentrations during the diversion. With its high spatial
resolution of 30m, a 3 × 3 pixel mean chl-a value around
the sample station was compared to surface in situ chl-a from
the corresponding station. A time series analysis was completed
using the local chl-a algorithm for OLI in which maximum chl-
a concentrations for each OLI scene were found within in Santa
Monica Bay.

Landsat 8 TIRS Retrievals of Sea Surface
Temperature
The effect of the surfacing wastewater plume on SST was
monitored using Landsat 8 TIRS data obtained from the USGS
EarthExplorer. TIRS has two longwave thermal bands, band
10 and 11 (10.3–11.3µm and 11.5–12.5µm, respectively), that
can facilitate the retrieval of SSTs with a spatial resolution of
100m, resampled to 30m resolution. Stray light issues limit
the applicability of the split-window algorithm traditionally
used to derive SSTs from thermal imagery (Barsi et al., 2014;

Montanaro et al., 2014). Therefore, we applied a single channel
method developed byMalakar et al. (in preparation). Themethod
uses physical emissivity data from ASTER GEDv3 (Hulley
et al., 2015) and a radiative transfer model for atmospheric
correction (Berk et al., 2005). Specifically, to estimate SST from
observed thermal radiance data the measured radiance was (1)
atmospherically corrected using a radiative transfer model (Berk
et al., 2005), (2) the ASTER GEDv3 was spectrally adjusted
to the TIRS wavebands, and (3) the temperature was retrieved
by inverting the atmospherically and emissivity corrected TIRS
radiances using a look-up table (Alley and Jentoft-Nilsen,
1999).

The TIRS band 10 data was used because it is less affected
by the stray light issue than band 11 (Barsi et al., 2014). The
correction algorithm of Montanaro et al. (2015), refined by
Gerace and Montanaro (2017), was applied to the TIRS band 10
data to further reduce the effects of stray light. This stray light
correction algorithm has since been implemented operationally
into the Landsat Product Generation System in early 2017 by the
USGS (Gerace andMontanaro, 2017), and methods are currently
being developed to continually improve the accuracy of SST
retrievals from the Landsat 8 TIRS. Herein, TIRS data are used
solely to detect relative SST differences between plume and non-
plume waters due to current limitations in TIRS-derived SST
accuracy and lack of in situ skin temperature data collection
during the diversion.

Additionally, MODIS Level 1 thermal infrared (TIR) radiance
data were atmospherically corrected and processed to generate
a standard 250-m product in SeaDAS, as described above
in the Aqua MODIS section. However, given the spatially
confined nature of the SST plume during the Fall 2015 diversion
(Figure 3B), and the comparatively coarse spatial resolution of
MODIS, MODIS TIR data were not able to detect changes in
SST during the 2015 HTP wastewater diversion related to the
wastewater plume (Supplemental Figure 1).
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FIGURE 3 | (A–C) Landsat 8 TIRS-derived SST in Santa Monica Bay with the 5-mile and 1-mile outfall pipes shown as black lines and a 4 km alongshore transect at

the terminus of the 1-mile outfall pipe denoted by red dashed lines. (D–F) SSTs across the 4 km alongshore transect, from north to south. (A,D) SST on 8 September

2015, pre-diversion; (B,E) SST on 24 September 2015, during the diversion; (C,F) SST on 11 November 2015, after the diversion. Cooler SSTs were detected at the

terminus of the 1-mile outfall pipe during the diversion, due to entrainment of cold bottom water as the wastewater plume surfaced. Pre- and post-diversion, no SST

anomalies were observed at the terminus of the 1-mile outfall pipe. The warm signature of an oil tanker to the southwest of the 1-mile outfall pipe is clearly visible.

SSTs uniformly decreased from September to November due to seasonal cooling, therefore each image is shown on different temperature scales.

RESULTS

Wastewater Plume Detection via Sea
Surface Temperature
The SST response to the wastewater plume was clearly detected
by Landsat 8 TIRS (Figure 3). Before the diversion, on 8
September 2015, wastewater was being discharged from the 5-
mile outfall pipe and no SST anomalies were detected in the
vicinity of either the 5-mile or 1-mile outfall pipes (Figure 3A).
Figure 3D shows no significant change in SST across an
alongshore transect, shown as a dashed red line, in the vicinity
of the 1-mile outfall pipe. During the diversion, on 24 September
2015, the wastewater was diverted from the 5-mile outfall pipe to
the shallow (18m depth) 1-mile outfall pipe and decreased SSTs
were clearly detected at the terminus of the 1-mile outfall pipe
in comparison to ambient waters (Figures 3B,E). The wastewater
plume was∼1◦C colder than the surrounding water (Figure 3B).
The depressed SSTs at the terminus of the 1-mile outfall pipe
resulted from the entrainment of colder bottom water to the
surface as the buoyant wastewater plume rose (Washburn et al.,
1992; Marmorino et al., 2010; Rogowski et al., 2014). This cold
SST signal was absent in MODIS TIR data from the same day,
due to the coarse resolution of MODIS (Supplemental Figure
1). The wastewater was diverted back to the 5-mile outfall

pipe on 2 November 2015, and by 11 November 2015, no SST
anomalies were observed near either outfall pipe (Figure 3C) and
no significant change in SST was detected across the alongshore
transect (Figure 3F). By late fall, SSTs had uniformly decreased
compared to September due to seasonal cooling.

TIRS SST data clearly show the relative temperature difference
between the wastewater plume and ambient waters. The observed
difference was similar to those detected by MODIS Aqua and
ASTER during the 2006HTP and 2012Orange County Sanitation
District diversions (Gierach et al., 2017). In situCTD temperature
data also showed colder water temperatures in the plume
compared to ambient waters. Direct comparisons to in situ
data are not provided herein as TIRS SST data provide skin
temperature measurements of the top few millimeters of the
ocean surface, whereas in situ CTD temperature measurements
were taken at depths greater than 1m below the surface.

Wastewater Impact on chl-a in Santa
Monica Bay
Satellite and In Situ Rrs Comparison
To validate satellite retrievals for use in ocean color monitoring
of the wastewater diversion, OLI and MODIS Rrs at the red,
green, and blue wavelengths were compared to corresponding in
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situ Rrs measurements (Supplemental Figures 2, 3). Respective
OLI andMODIS blue-green Rrswavelength ratios (Table 2) were
compared to corresponding in situ Rrs as an initial measure of
suitability for chl-a measurements in Santa Monica Bay during
the diversion. Figure 4A shows OLI Rrs(482)/Rrs(561) retrievals
compared to in situ measured Rrs(482)/Rrs(561). OLI and in
situ Rrs values corresponded well (R2 = 0.78), with most of the
satellite retrievals falling within±30% of in situ values. The mean
percent error between OLI Rrs and in situ Rrs blue-green ratio
was±19%. Figure 4B showsMODIS Rrs(488)/Rrs(547) retrievals
compared to in situmeasured Rrs(488)/Rrs(547). MODIS greatly
overestimated the Rrs blue-green ratio by over 30%, as seen
in the inset showing the full range of MODIS Rrs ratio values
compared to corresponding in situ values (R2 = 0.05). The mean
percent error between MODIS Rrs and in situ Rrs blue-green
ratio was ±271%. OLI Rrs retrievals for each red, blue, green,
wavelength (Supplemental Figure 2), as well as the blue-green
ratio (Figure 4A), corresponded much more closely to in situ Rrs
values than MODIS Rrs retrievals (Supplemental Figure 3 and
Figure 4B), demonstrating the suitability of the higher resolution
OLI sensor for the monitoring of surface chl-a in the nearshore
coastal waters of Santa Monica Bay.

Local and Standard chl-a Algorithm Comparison
To demonstrate the performance capabilities of the standard OLI
and MODIS chl-a algorithms (OC2 and OC3M, respectively),
in comparison to the newly derived local OLI and MODIS chl-
a algorithms (Figure 2), we applied the algorithms to in situ
derived Rrs using respective OLI and MODIS Rrs blue-green
wavelengths (Table 2) and compared the resulting estimated
satellite chl-a values to corresponding surface in situ chl-a
measurements (Figure 5).

When the standard OC2 chl-a algorithm was applied to
OLI in situ Rrs wavelengths, the mean percent error between
the estimated chl-a values and in situ chl-a values was ±40%
(Figure 5A). The standard OC3M chl-a algorithm applied to

MODIS in situ Rrs wavelengths yielded a mean percent error
of ±35% (Figure 5B). Applying our local OLI-derived chl-a
algorithm to OLI in situ Rrs wavelengths yielded a mean percent
error between the estimated chl-a values and in situ chl-a values
of ±30% (Figure 5C). When our local MODIS-derived chl-a
algorithm was applied to MODIS in situ Rrs wavelengths, the
mean percent error between the estimated chl-a values and in
situ chl-a values was ±32%. The standard algorithms tended to
underestimate midlevel chl-a values and overestimate high chl-a
values in respect to measured values, with the highest values
falling well above the +30% error dashed line (Figures 5A,B).
The local OLI chl-a algorithm (Figure 5C), with the lowest mean
percent error, estimated chl-a values more accurately than the
standard OC2, standard OC3M, and local MODIS algorithms.

In addition to the standard open ocean algorithms (OC2
and OC3M), we applied the Kahru et al. (2012) Aqua MODIS
CALFIT chl-a algorithm, empirically derived for the regional
southern California Current system, to MODIS in situ Rrs
wavelengths and compared it to corresponding in situ chl-
a measurements (Supplemental Figure 4). This regional chl-
a algorithm more accurately estimated chl-a values than the
standard OC3M algorithm, but still greatly overestimated high
chl-a values with respect to measured values, and performed less
accurately than our local MODIS chl-a algorithm (Figure 5).

The local and standard chl-a algorithms were applied directly
to OLI and MODIS scenes from 11 November 2015, which is
the only date in our time series for which there were coincident
in situ chl-a and in situ Rrs measurements with Landsat 8 OLI
and Aqua MODIS overpasses (Table 1). Figure 6 illustrates the
differences between the local and standard chl-a algorithms for
OLI and MODIS in comparison to in situ chl-ameasurements at
each sampling station. Comparison of in situ chl-a to remotely-
sensed chl-a as detected by our local OLI chl-a algorithm
(Figure 6A), standard OC2 chl-a algorithm (Figure 6B), our
local MODIS chl-a algorithm (Figure 6C), and standard OC3M
chl-a algorithm (Figure 6D) highlight the discrepancies in chl-a

FIGURE 4 | Comparison between in situ and satellite-derived Rrs blue-green ratios. (A) OLI Rrs(482)/Rrs(561) vs. in situ Rrs(482)/Rrs(561). (B) MODIS

Rrs(488)/Rrs(547) vs. in situ Rrs(488)/Rrs(547). The inset graph in panel (B) shows the full extent of MODIS data, indicating that several nearshore reflectance ratio

values are significantly overestimated, a problem that is much less pronounced for the OLI data. The solid black line is the 1:1 line. Dashed lines are ± 30% from the

1:1 line.
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FIGURE 5 | Algorithm performance comparison using in situ data. Comparison of estimated chl-a derived from standard and local algorithms to in situ chl-a on a

log-log scale. (A) Standard OC2 chl-a algorithm applied to OLI Rrs. (B) Standard OC3M chl-a algorithm applied to MODIS Rrs. (C) Local OLI-derived chl-a algorithm

applied to OLI Rrs. (D) Local MODIS-derived chl-a algorithm applied to MODIS Rrs. Standard algorithms (A,B) tend to overestimate chl-a values in respect to

measured values. The local OLI chl-a algorithm (C) estimates chl-a values more accurately than the standard OC2, standard OC3M, and local MODIS algorithms. The

solid black line is the 1:1 line. Dashed lines are ± 30% from the 1:1 line.

conditions depending on which sensors and algorithms are used
to monitor Santa Monica Bay.

On 11 November 2015, 9 days after the end of the diversion,
there was no evidence of any chl-a response at either outfall
pipe in association with excess nutrient availability from surfaced
wastewater (Figure 6). Elevated chl-a levels were observed
along the coastline, decreasing in concentration in the offshore
direction. This trend is seen in both OLI and MODIS data, as
well as in situ chl-a data. However, MODIS greatly overestimated
chl-a concentrations, both inshore and offshore, with OC3M
doing the worst job reconciling in situ chl-a concentrations.
More fine scale details in chl-a distribution are visible in OLI
data compared to MODIS. As seen in Figure 6, in situ chl-a
samples most closely matched concentrations detected by OLI
using our local chl-a algorithm. Table 3 illustrates the statistical
differences between the four chl-a algorithms analyzed for OLI
andMODIS and in situ chl-a concentrations from Figure 6. Nine

out of 10 corresponding observations present in both OLI and
MODIS retrievals were analyzed as MODIS was unable to detect
the southernmost nearshore in situ sampling location due to
its coarser spatial resolution and inability to fully resolve the
shoreline. Overall, OLI chl-a retrievals were more accurate than
MODIS. The local OLI chl-a algorithm outperformed MODIS
(local and OC3M) and OC2 algorithms with a mean percent
error of ∼29% and the smallest RMSE of ∼0.36. The standard
OC2 algorithm underestimated chl-a values and had a mean
percent error of ∼26% and RMSE of ∼0.58. Our local MODIS
chl-a algorithm performed better than the OC3M algorithm,
but still overestimated chl-a concentrations with a mean percent
error of ∼37% and RMSE of ∼0.67. The standard OC3M
algorithm had a mean percent error of ∼349% and RMSE of
∼18.2, performing an order of magnitude poorer than our local
MODIS chl-a algorithm and either OLI algorithm (local or
OC2).
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FIGURE 6 | Maps of chl-a concentrations on 11 November 2015, overlaid with 10 corresponding in situ chl-a measurements from sampling stations (denoted as

circles using the same color scale as the satellite chl-a concentrations). (A) Local OLI chl-a algorithm. (B) Standard OC2 OLI chl-a algorithm. (C) Local MODIS chl-a

algorithm. (D) Standard OC3M MODIS chl-a algorithm. Inset graphs show comparison between and in situ chl-a values. Orange data points in the insets of (A,B)

denote the southernmost nearshore in situ sampling location, where there is no corresponding MODIS chl-a retrieval.

Chlorophyll-a Evolution in Response to the

Wastewater Diversion
A time series of chl-a from before, during, and after the
diversion using the local OLI algorithm is shown in Figure 7.
The white box denotes a coastal region of interest (ROI)
most affected by changes in chl-a, analyzed in Figure 9. Pre-
diversion, on 8 September 2015, elevated chl-a levels were
confined along the shore of Santa Monica Bay (Figure 7A).
On 24 September 2015 (3 days into the diversion) elevated
chl-a levels were detected in the vicinity of the 1-mile outfall
pipe and extend northward along the coastline (Figure 7B). The
area of enhanced chl-a concentration near the 1-mile outfall
pipe increased in spatial extent on 10 October 2015 (19 days
into the wastewater diversion), extending well offshore and
alongshore (Figure 7C). Elevated chl-a concentrations remained
visible alongshore on 26 October 2015 (35 days into the
wastewater diversion) (Figure 7D). Figure 8 shows an enlarged
area view of chl-a data on 26 October 2015, in which the
full extent of the chl-a bloom could be seen along the Santa

Monica Bay coast wrapping around the peninsula to the south,
then moving offshore and to the east. Post-diversion, chl-
a concentrations returned to nominal levels along the shore
of Santa Monica Bay (Figures 7E,F). Similar trends in chl-a
were observed using the local MODIS algorithm (Supplemental
Figures 5, 6); however, MODIS tended to overestimate chl-a
concentrations and did not capture the fine scale structure shown
by OLI. Additionally, MODIS was unable to resolve the shoreline
as well as OLI, leaving gaps in the observed response to the
diversion.

Figure 9 shows a boxplot distribution of chl-a concentration
within the ROI denoted by the white box on each date of the
time series shown in Figure 7.The period during the wastewater
diversion is highlighted in gray. The ROI selected focuses on
the coastal area most impacted by the wastewater diversion
and chl-a blooms. Prior to the diversion, the maximum chl-a
concentration detected by OLI in the ROI was 2.90 mg/m3.
There was a low range of variability in chl-a concentration
prior to the diversion. During the diversion, the maximum
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chl-a concentrations increased to 4.33 mg/m3 on 24 September
2015 and peaked at 9.99 mg/m3 on 10 October 2015. The
small range of chl-a values in terms of the first quartile and
third quartiles on 24 September 2015 can be attributed to the
small spatial extent of the bloom and the high presence of
low chl-a pixels. The greatest range of chl-a values occurred in
the large chl-a patch in the ROI on 10 October 2015 during
the diversion. The ROI does not fully encompass the chl-a
bloom of 26 October 2015 (Figure 7D), in which the majority

TABLE 3 | Comparison of local and standard OLI and MODIS algorithm chl-a

retrievals vs. in situ chl-a on 11 November 2015 for nine observations (see

Figure 6 for observation locations).

Chl-a Algorithm Trend Line R2 Average % Error RMSE

Local OLI y=1.1925x-0.5002 0.89 29.0 0.38

OC2 OLI y=0.7815x-0.271 0.89 26.4 0.58

Local MODIS y=1.5973x-0.3062 0.93 37.0 0.67

OC3M MODIS y=19.464x-16.233 0.44 348.7 18.2

of the bloom was advected to the south, wrapping around
the peninsula, as seen in Figure 8. Nevertheless, the part of
the bloom captured in the ROI (Figure 7D) yielded high chl-
a concentrations, with a maximum of 8.89 mg/m3. After the
diversion, chl-a concentration in Santa Monica Bay declined. On
11 November 2015, the maximum chl-a concentration in the ROI
was 3.90 mg/m3. By 27 November 2015, chl-a concentrations in
the ROI declined to a maximum of 1.20 mg/m3, and exhibited
a very low chl-a range, as illustrated by the first quartile
and third quartiles, similar to 8 September 2015, prior to the
diversion.

DISCUSSION

Utility of Landsat 8 TIRS and OLI for
Coastal Water Quality Monitoring
The scheduled maintenance work by HTP, as a result of the
findings from their 2006 wastewater diversion event, allowed
for foresight into planning monitoring efforts for the Fall 2015
diversion. This allowed for a large collaborative effort in which

FIGURE 7 | Time series of chl-a in Santa Monica Bay using the local OLI algorithm. The white box denotes a coastal region of interest most affected by changes in

chl-a, analyzed in Figure 9. (A) 8 September 2015, pre-diversion; (B) 24 September 2015, 3 days into the diversion; (C) 10 October 2015, 19 days into the diversion;

(D) 26 October 2015, 35 days into the diversion; (E) 11 November 2015, 9 days post-diversion; (F) 27 November 2015, 25 days post-diversion. During the diversion,

elevated chl-a levels were detected in the vicinity of the 1-mile outfall pipe, extending offshore, and along the coastline. Values returned to nominal levels post-diversion.
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the pairing of satellite remote sensing and in situ sampling
created a unique opportunity, not only for monitoring crucial
changes in the environment in response to the shallow discharged
wastewater, but also for creating and validating new and existing
satellite remote sensing chl-a algorithms with coincident, high
precision in situ data. Additionally, the Fall 2015 timeframe for
the diversionminimized influences of upwelling nutrients, as well
as incidences of cloud cover for the Southern California Bight
region, which allowed for optimal satellite acquisitions with no
sunglint issues.

Our results show that high-resolution thermal and optical
sensors, such as Landsat 8 TIRS and OLI, with improved
high signal-to-noise ratio, can facilitate the monitoring of
SST and chl-a in complex nearshore coastal environments.
Like many coastal environments, the nearshore waters of
Santa Monica Bay are heterogeneous, dynamic, and optically
complex due to high primary production and proximity to
varied and multiple terrestrial inputs. The southward flowing
California Current delivers relatively cold waters into Santa
Monica Bay through the Santa Barbara Channel, with flow
intensifying in spring in response to large-scale upwelling (e.g.,
Lynn and Simpson, 1987; Bray et al., 1999; DiGiacomo and
Holt, 2001). The Southern California Countercurrent (Sverdrup
and Fleming, 1941) penetrates the basin alongshore, bringing
relatively warm waters from the southeast. SST gradients
near the coast are enhanced by the effects of local wind-
driven upwelling. This upwelling of cold, nutrient-rich waters
injects nitrogen into surface waters along the coast and drives
increased phytoplankton production (Cullen and Eppley, 1981;
Hickey, 1992; Jones et al., 2002; Nezlin and Li, 2003; Kim
et al., 2009; Nezlin et al., 2012). As a result, the bay is
characterized by dynamic temperature gradients and relatively
high primary production year-round compared to offshore
oligotrophic waters. Furthermore, nutrient inputs associated
with the wastewater diversion represent an additional source of
biogeochemical and optical variability to this already complex
system. Therefore, incorporating high-resolution satellite sensors
into the monitoring of coastal SantaMonica Bay greatly increases
the ability to detect environmental change, especially during
pollution-related events.

In this study, we demonstrate the utility of TIRS in
resolving small scale cold water plumes associated with surfacing
wastewater. The buoyant wastewater, discharged at a temperature
of about 25–29◦C, entrains colder deep ocean water as it
rises through the water column, resulting in a cold SST
anomaly at the surface. Satellite SST has been available from a
number of operational and experimental satellites for over 30
years (Guan and Kawamura, 2003). Sensors such as AVHRR
(1.1 km) and MODIS (1 km) are widely used in global SST
retrievals. However, these sensors, with comparatively coarser
spatial resolution, are inadequate for detecting thermal plumes
in complex coastal waters as they are unable to resolve
features finer than a few kilometers (Thomas et al., 2002;
Tang et al., 2003; Ahn et al., 2006). Radiometers optimized for
terrestrial applications, such as the Landsat satellite series, deliver
considerably higher spatial resolution (Thomas et al., 2002).
The thermal infrared bands of Landsat-5 Thematic Mapper

FIGURE 8 | Larger spatial extent of chl-a distribution on 26 October 2015,

using the local OLI chl-a algorithm. Elevated chl-a values were detected along

the coast that continue to wrap around the peninsula to the south. A large

cloud region has been masked out in the bottom of the OLI frame.

(TM), Landsat-7 Enhanced Thematic Mapper Plus (ETM+),
and Terra ASTER, have high spatial resolutions of 120, 60,
and 90m, respectively, and have been adapted for use in
coastal SST retrievals (Gibbons et al., 1989; Mustard et al.,
1999; Chen et al., 2003; Suga et al., 2003; Gierach et al.,
2017). Landsat 8 TIRS is the latest high-resolution thermal
sensor for use in coastal monitoring. In this study, we found
that the spatial resolution of TIRS was fine enough to detect
not only the cold surfacing wastewater plume, but also the
thermal signature of an oil tanker moored just offshore from
the 1-mile outfall pipe (Figure 3). TIRS has great promise for
application to coastal SST studies; however, at present further
refinement to TIRS SST accuracy is necessary and is an ongoing
effort.

Landsat 8 OLI has been shown to outperform its predecessors
(e.g., TM and ETM+) in terms of waterbody classification
(Ko et al., 2015; Kim et al., 2016). Before its launch, the
suitability of OLI for coastal water monitoring was demonstrated
using simulated data (Gerace et al., 2013; Pahlevan and Schott,
2013), as the suite of relatively narrow spectral bands and
high spatial resolution in the visible to shortwave infrared
made OLI a potential tool for ocean color radiometry (Franz
et al., 2015). OLI ocean color monitoring in terms of total
suspended solids was first analyzed by Vanhellemont and
Ruddick (2014), in which they demonstrated the enhanced
accuracy of OLI compared to dedicated wide-swath ocean
color instruments such as MODIS, as well as TM and
ETM+. Compared to its predecessors, OLI offers higher signal-
to-noise ratios, due mainly to longer integration times on
the push-broom scanner, better quantization due to 12-bit
radiometric resolution, and the addition of a band centered
at 443 nm (Knight and Kvaran, 2014; Pahlevan et al., 2014).
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The presence of the high-quality SWIR bands on Landsat 8
facilitates more accurate quantification of aerosol contribution
to the top of atmosphere radiance over very turbid waters,
enabling more accurate remote sensing of ocean color and water
quality monitoring (Franz et al., 2015; Garaba and Zielinski,
2015; Vanhellemont and Ruddick, 2015). These enhanced
features of OLI allow for a more lucid characterization of
chl-a and CDOM in open ocean and coastal waters (Franz
et al., 2015). In Franz et al. (2015), standard chl-a algorithm
coefficients were tuned for OLI using the NASA Bio-Optical
Marine Algorithm Dataset (NOMAD) but no OLI data or
coincident in situ measurements were used in the algorithm
development. Here, we expand on the demonstrated applications
of Landsat imagery in marine environments by validating
the utility of OLI for coastal chl-a measurements as an
indicator of changing water quality due to anthropogenic
pollution with coincident in situ measurements of both Rrs and
surface chl-a.

This study demonstrates the improved accuracy of chl-a from
high-resolution OLI in comparison to coarser resolution MODIS
for coastal chl-a detection, wherein the high-resolution of OLI
enables detection of a large range of chl-a values found for a
single MODIS pixel (Figure 4). Moreover, we show that the
application of our local chl-a algorithms, developed using in situ
chl-a and in situ Rrs measurements, improves chl-a retrievals in
Santa Monica Bay during the 2015 HTP wastewater diversion in
comparison to the standard open ocean algorithms (i.e., OC2
and OC3M) (Figure 5), and the regional CALFIT algorithm
(Kahru et al., 2012; Supplemental Figure 4). The OC3M and
OC2 algorithms are empirical algorithms developed for global
applications and have been shown to overestimate chl-a in coastal
environments, in part due to increased concentrations of other
optical constituents (e.g., Muller-Karger et al., 2005). Within
optically complex coastal waters such as Santa Monica Bay,
CDOM, sediments, bottom reflectance (Maritorena et al., 1994;
Cannizzaro and Carder, 2006), land adjacency effects (Santer and
Schmechtig, 2000), and urban and absorbing aerosols (Moulin
et al., 2001; Claustre et al., 2002; Ransibrahmanakul and Stumpf,
2006) can all interfere with the accurate detection of chl-a.
This challenge is potentially exacerbated during the unusual
conditions created by the wastewater diversion. The wastewater
diversion increased the concentration of optical constituents
in the water. Prior to the diversion, the beam attenuation
coefficient at 650 nm was 0.89 m−1 at 1 meter depth at the
sampling station at the terminus of the 1-mile outfall pipe. At
the same sampling station, this increased to 1.78 m−1 during the

wastewater diversion event. After the diversion ended, the beam
attenuation coefficient decreased to 1.08 m−1. Additionally, the
absorption coefficient of CDOM at 400 nm prior to the diversion

at the same sampling station was 0.29 m−1. During the diversion,
it increased to 0.57 m−1. After the diversion, it decreased to 0.12

m−1. Here, the development and application of our local OLI
chl-a algorithm clearly improved chl-a retrievals relative to the
standard OC2 and OC3M retrievals. Overall, our local OLI chl-a

algorithm provided the best assessment of change in surface chl-a
concentrations related to the 2015 HTP wastewater diversion.

Environmental Impacts of the 2015 HTP
Wastewater Diversion
High-resolution TIRS and OLI were used to monitor two
major environmental impacts of the Fall 2015 HTP wastewater
diversion, SST and chl-a. Changes in SST were spatially limited
to cold plumes near the terminus of the 1-mile outfall pipe,
before mixing with warmer ambient surface water. The cold SST
anomaly provides a physical indicator of whether or not the
discharged wastewater has risen to the surface and provides some
indication of its transport direction. The surfacing wastewater
introduces excess nutrients, mainly ammonium, to the euphotic
zone, where it has been shown to stimulate phytoplankton
growth and production in the region (Reifel et al., 2013; Howard
et al., 2014; Caron et al., 2017; Gierach et al., 2017).

During the diversion event, cold water plumes were detected
by TIRS (Figure 3) and in situ measurements (not shown) at the
terminus of the 1-mile outfall pipe, indicating that, throughout
the diversion, the fresh wastewater plume consistently reached
the surface, entraining cold bottom water with it as it rose
through the water column. Pre- and post-diversion, when
wastewater was discharged through the 5-mile outfall pipe,
no SST anomalies were seen in the vicinity of either the 1-
mile or 5-mile outfall pipes. The 5-mile outfall pipe terminates
at 57m depth, allowing the discharged wastewater to mix
more thoroughly with ambient seawater and largely remain at
depth in association with density stratification (Washburn et al.,
1992; Uchiyama et al., 2014). TIRS data additionally shows
warmer SSTs along the coast, cooling in the offshore direction,
and an overall decrease in SST from September to November
(Figure 3). These trends are consistent with the inshore-offshore
temperature gradient and seasonally driven temperature decrease
characteristic of the coastal Santa Monica Bay region (Corcoran
and Shipe, 2011).

In the Southern California Bight, like many other coastal
waters dominated by seasonal upwelling, nitrogen is generally
the limiting nutrient for phytoplankton growth (Capone and
Hutchins, 2013). Nitrate is the dominant form of nitrogen
brought to surface waters via upwelling. Ammonium is
overwhelmingly the dominant form of nitrogen (92%) in
secondarily-treated wastewater discharged into the Southern
California Bight (Howard et al., 2014). In Santa Monica Bay,
the flux of nitrogen from upwelling and treated wastewater are
about equal (102×102 kg N km−2 y−1 and 99×102 kg N km−2

y−1, respectively), comprising over 95% of the total nitrogen flux
for the region (Howard et al., 2017). During normal operations,
treated wastewater is discharged from the 5-mile outfall pipe
at the head of a submarine canyon that quickly drops off to
over 100m depth (Figure 1), allowing for dilution and mixing
and limiting the impact on the near-surface phytoplankton
community. During the diversion, there was major concern not
only in regards to the magnitude of nitrogen being released into
surface waters, but also in regards to the species of the nitrogen
being released (Howarth and Marino, 2006) as it may cause
shifts in phytoplankton community structure due to different
nutrient preferences among algal taxa (Howard et al., 2007;
Ryan et al., 2017). Ammonium is the most biologically available
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form of nitrogen and is usually present in the euphotic zone
in limited concentrations because it is assimilated so quickly.
Therefore, such a large release of ammonium, specifically in the
fall, a time in which nutrients tend to be limited, can rapidly
stimulate phytoplankton blooms in this area. The preferential
stimulation of harmful algal blooms was a particular concern as
anthropogenic nutrients have been shown to be a factor in the
increased occurrence of these outbreaks (Anderson et al., 2002;
Heisler et al., 2008; Kudela et al., 2008). The increased frequency
and duration of phytoplankton blooms related to anthropogenic
nutrient loading have also coincided with increased incidents
of eutrophication of coastal waters over the last several decades
(Howarth, 2008; Paerl and Piehler, 2008).

During the 6-week 2015 HTP wastewater diversion, ∼1.61
× 106 kg of ammonium was released into the shallow coastal
waters of Santa Monica Bay. This amount of nitrogen loading
was likely to have greatly altered the composition of the
nitrogen pool available to phytoplankton populations.With these
concerns in mind, the main goal of this study was to use
high-resolution satellite remote sensing to monitor changes in
the biological response through chl-a concentrations in surface
waters during the wastewater diversion. Given the immense
amount of ammonium introduced into surface waters, the
observed increase in chl-a during the diversion in Santa Monica
Bay was not surprising (Figure 7). The maximum chl-a level
during the diversion in the ROI, using our local OLI chl-a
algorithm, was 9.99 mg/m3 on 10 October 2015 (Figure 9), far
exceeding the nominal chl-a value of 1.7± 0.33 mg/m3 measured
in situ (Corcoran and Shipe, 2011) and 0.61 mg/m3 remotely-
sensed by SeaWiFS (Nezlin and Li, 2003) for the same region and
time of year. The chl-a enhancement seen during the 2015 HTP
wastewater diversion was larger than that seen during the 2006
HTP diversion (Reifel et al., 2013; Gierach et al., 2017), not only
in terms of concentration but also in terms of spatial extent. This
can most likely be attributed to the much longer duration of the
2015 diversion (6 weeks as opposed to 3 days in 2006).

Prior to the diversion, the maximum chl-a concentration
measured by OLI, was 2.90 mg/m3 (Figure 9). After the diversion
event, on 27 November 2015, the maximum chl-a concentration
measured by OLI was 1.20 mg/m3. These maximum chl-a values
were found in the most nearshore region of Santa Monica Bay.
The general inshore-offshore gradient in chl-a detected before
and after the diversion is characteristic of the Southern California
Bight, with higher values of chl-a observed at shallower depths
(Kim et al., 2009; Corcoran and Shipe, 2011; Gierach et al.,
2017). However, during the diversion, high chl-a values, were
found further offshore and away from the terminus of the 1-
mile outfall pipe (Figures 7B–D). As exemplified in Figure 8 and
Supplemental Figure 6, the effects of the wastewater diversion
were not confined to the nearshore region. Given the complex
nature of currents and wind in the region, as demonstrated by
models of current velocity and direction, as well as by tracks
of experimental drifters placed in the water near the 1-mile
outfall pipe (City of Los Angeles, Environmental Monitoring
Division, 2017), and the volume of wastewater being discharged,
the nutrient- and organic matter-rich wastewater can be exported
offshore into the more oligotrophic region of Santa Monica

FIGURE 9 | OLI-derived chl-a concentration range in the region-of-interest for

each date of the time series shown in Figure 7. Prior to the diversion, chl-a

levels were relatively low with low variability within the ROI. During the

diversion, gray region, chl-a levels increased well above nominal values.

Post-diversion, chl-a values returned to nominal levels.

Bay where it can fuel primary production and heterotrophic
processes in areas that may not commonly experience such
conditions during the fall (Boehm et al., 2002; Landry et al., 2009).
Fortunately, testing in areas with enhanced chl-a as identified by
OLI found that no algal blooms produced harmful toxins during
the wastewater diversion (City of Los Angeles, Environmental
Monitoring Division, 2017).

Satellite chl-a data clearly show the spatial contrast between
productive coastal waters and oligotrophic offshore waters along
the coast of California (Eppley, 1992; Thomas et al., 1994;
Legaard and Thomas, 2006). However, as noted in previous
studies (Kahru and Mitchell, 1999; Darecki and Stramski, 2004;
Kim et al., 2009; Kahru et al., 2012; Gierach et al., 2017),
satellite chl-a data in very nearshore waters have systematic and
variable errors due to the proximity of land (e.g., adjacency
effects, breaking waves) and due to the optical complexity of
the waters caused by varying concentrations of CDOM and
inorganic suspended particles, and bottom reflectance. Errors
due to proximity of land appeared to be less pronounced in high-
resolution Landsat 8 OLI (30m) compared toMODIS. The newly
derived local chl-a algorithm, tuned for the optically complex
nearshore environment of Santa Monica Bay, helped reduce the
discrepancy between satellite chl-a and in situ chl-a.

In this study, we demonstrated the enhanced performance
of TIRS and OLI for detecting mesoscale nearshore features,
in terms of SST and surface chl-a concentrations. Although
TIRS and OLI show great promise for monitoring water quality
indicators in coastal environments, Landsat 8 has a repeat cycle
of 16 days. This infrequent coverage yielded a limited number of
satellite overpasses during a diversion event and did not capture
the complete biophysical response to the wastewater diversion
event. Phytoplankton blooms and die-offs were captured by
in situ monitoring on timescales less than the 16-day repeat
cycle. In contrast to Landsat 8, MODIS has a coarser spatial
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resolution but daily repeat cycle. In the future, coastal water
quality monitoring efforts can employ additional high-resolution
sensors with improved temporal resolutions, such as the two
Sentinel-2 MultiSpectral Instruments (MSI) with a 5-day repeat
cycle and Landsat-9, predicted to launch in December 2020,
with an 8-day offset from Landsat 8 repeat cycle, to capture the
environmental response over greater temporal resolution. This
study was the first to use high-resolution Landsat 8 TIRS and OLI
for coastal water quality monitoring of wastewater diversions. By
employing satellite monitoring in concert with in situ sampling,
we were able to develop local empirical chl-a algorithms for
both OLI and MODIS to gain an improved understanding of the
biophysical dynamics occurring within Santa Monica Bay during
a wastewater diversion event.
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