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ABSTRACT: This study uses Landsat 5, 7, and 8 level 2
collection 2 surface temperature to examine habitat suitability
conditions spanning 1985−2019, relative to the thermal tolerance
of the endemic and endangered delta smelt (Hypomesus transpaciﬁcus) and two non-native ﬁsh, the largemouth bass (Micropterus salmoides) and Mississippi silverside (Menidia beryllina) in
the upper San Francisco Estuary. This product was validated using
thermal radiometer data collected from 2008 to 2019 from a
validation site on a platform in the Salton Sea (RMSE = 0.78 °C, r
= 0.99, R2 = 0.99, p < 0.01, and n = 237). Thermally unsuitable
habitat, indicated by annual maximum water surface temperatures
exceeding critical thermal maximum temperatures for each species,
increased by 1.5 km2 yr−1 for the delta smelt with an inverse
relationship to the delta smelt abundance index from the California Department of Fish and Wildlife (r = −0.44, R2 = 0.2, p < 0.01).
Quantile and Theil−Sen regression showed that the delta smelt are unable to thrive when the thermally unsuitable habitat exceeds
107 km2. A habitat unsuitable for the delta smelt but survivable for the non-natives is expanding by 0.82 km2 yr−1. Warming waters in
the San Francisco Estuary are reducing the available habitat for the delta smelt.
KEYWORDS: delta smelt, habitat compression, pelagic organism decline, water surface temperature, remote sensing
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nearly 30 million people.8 The SFE is also a major biodiversity
hotspot, providing habitat to a number of endemic and native
species.9 Half of California’s migrating waterfowl and twothirds of the state’s salmon runs depend on the SFE.10
The SFE has been extensively developed, including the
construction of over 1100 miles of levees and conveyance
structures, conversion of wetlands into agriculture, and largescale urbanization.11 These changes are further compounded
by other ecological stressors, such as climate change,12 sea level
rise,13 invasive species,14,15 contaminants,16 water diversions,17
and altered hydrology,18 which have all contributed to
detrimental ecosystem impacts.
The delta smelt, Hypomesus transpaciﬁcus, is one of the
iconic native and endangered species of the SFE. The delta
smelt are symbolic of the competing needs placed on this

INTRODUCTION
Water surface temperature (WST) is one of the most critical
aspects of coastal water quality and aquatic habitat. Recent
global increases in temperature are expected to continue rising
in the coming decades and centuries.1 WST is an important
factor in the biological activity of coastal processes, and
assessing ecosystem changes with remote sensing data is an
eﬀective way to track change systematically over large spatial
extents.2 Landsat is of particular interest for inland and coastal
WST monitoring because it provides the ﬁne spatial resolution
(60−120 m) needed to resolve complex inland and coastal
water bodies.3 Furthermore, recent advances in surface
temperature retrievals provide accurate, calibrated products
that provide us with a multidecadal surface temperature time
series that present new opportunities to assess estuarine surface
water temperature.4
The San Francisco Estuary (SFE) watershed (Figure 1),
which drains more than 40% of California, is central to
California’s water supply system.5−7 As one of the largest
estuaries on the west coast of North America, half of
California’s stream-ﬂow transits through the SFE, and the
system is the hub of federal, state, and local water projects that
supply water to over a million hectares of agriculture and
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Three Landsat acquisitions covering the SFE appeared to have
geolocation issues and had to be removed: Landsat 7 on 201405-01, Landsat 5 on 2008-06-5, and Landsat 7 on 2010-08-06.
The Landsat 5 120 m, Landsat 7 60 m, and Landsat 8 100 m
thermal images are all resampled to 30 m images and provided
as atmospherically corrected surface temperature in collection
2. A time series of 039/037 was also retrieved from 2008 to
2019 for validation at the Salton Sea site.
Water Surface Temperature Masking and Land/
Water Unmixing. The full record of Landsat surface
temperature was masked to WST for the spatial monitoring
of the aquatic habitat. To identify water pixels, we utilized the
Coastal Change Analysis Program (C-CAP) regional land
cover dataset from the National Oceanic and Atmospheric
Administration (NOAA). The C-CAP dataset provides
Landsat-based land cover classiﬁcation at 30 m spatial
resolution and forms the coastal counterpart to the National
Land Cover Database (NLCD) but makes more detailed
distinctions between estuarine land cover types. We considered
only pixels with the open water code of 21 to be water,
exclusive of estuarine and palustrine classes. We projected each
of the 044/033 and 044/034 images onto the grid of C-CAP
open water pixels within the United States Fish and Wildlife
Service boundary of the delta smelt critical habitat (Figure
1).19
To account for mixed land/water pixels in the 30 m Landsat
images of temperature, we used a land/water unmixing strategy
́
inspired by Marti-Cardona
et al. 2019.32 We up-sampled the
30 m water pixel mask, with zero representing land and one
representing water, to a 120 m grid by average as a continuous
variable to simulate percent water cover at the native
resolution of the Landsat 5 thermal sensor, the coarsest of
the three Landsat satellites used here. We then cubically downsampled that percent water cover image back to the 30 m
analysis grid to generate a 30 m percent water cover image. We
considered pixels with greater than 95% water cover to be the
lower bound in the spatial extent of the aquatic habitat,
covering 230 km2. We used the percent water cover at each 30
m pixel as a set of weights for habitat area quantiﬁcation,
covering 329 km2. We considered the original 30 m C-CAP
land cover classiﬁcation to represent an upper bound in the
spatial extent of the aquatic habitat on the 30 m grid, covering
386 km2. The percent water cover map for the delta smelt
aquatic habitat is displayed in Figure 1.
Water Surface Temperature Validation. Landsat WST
retrievals were validated using surface temperature (Ts)
measurements from a platform-mounted radiometer deployed
at the Salton Sea (SS1) validation site.33 Ts is deﬁned as the
temperature at the top 10−500 μm of the water surface.34 The
time frame for validation spans from December 2008 to
February 2019, for which there were available data. In each
Landsat WST image, the corresponding Landsat WST value
was taken as the mean of values within a 3 × 3 neighborhood
of 30 m pixels surrounding the nearest pixel to the ground site.
The Landsat WST was compared with in situ Ts using Pearson,
Spearman, and Kendall correlation, root mean square error
(RMSE), and ordinary least squares (OLS) coeﬃcient of
determination R2.
Fall Midwater Trawl Abundance Index. The Fall
Midwater Trawl Survey (FMWT) conducted by the California
Department of Fish and Wildlife (CDFW) samples the delta
smelt abundance at 122 stations in the SFE, ranging from San
Pablo Bay to Stockton on the San Joaquin River, Hood on the

Figure 1. Map of critical delta smelt habitat according to the United
States Fish and Wildlife Service displayed as percent water cover from
120 m convolution of the C-CAP land cover classiﬁcation.19

fragile and diverse ecosystem. This ﬁsh has experienced a
continued decline in the 1980s and another sustained decline
starting in 2002, known as the pelagic organism decline
(POD), from which it has not recovered.20,21 For example,
since 2018, zero delta smelt have been recorded during the
California Department of Fish and Wildlife Fall Midwater
Trawl, a primary measurement of long-term population trends.
Although, limited numbers of ﬁsh are still collected in some
other surveys. The delta smelt are highly sensitive to changes
in water quality conditions, including temperature,22 salinity,23
and turbidity.17,23,24 Habitat compression is expected under
climate change,25 along with an increase in the number of days
with stress and mortality associated with worsening thermal
conditions for the delta smelt.12,26
Surface temperature has been a fundamental variable
observed by satellite-based earth observing systems. Longterm satellite records of surface temperatures have provided
key insights into long-term trends in global warming.27 The
addition of higher resolution thermal bands included in
Landsat 5 and beyond have provided the spatial resolution
needed to resolve local and regional scale changes over more
recent decades. This study combines a 35 year record of WST
and thermal tolerance data from prior laboratory-controlled
studies to examine changes in thermal habitat availability for
the delta smelt and two non-native ﬁsh. This investigation
addresses two key research questions:
1. How has WST changed in the SFE over the last 35
years?
2. What are the implications of temperature changes on
thermal habitat availability for the endangered delta
smelt, as compared to non-native species?

■

DATA AND METHODS
Landsat Surface Temperature. The Landsat series of
satellites have been placed into low earth orbit (LEO) with a
consistent overpass time of 10:30 ± 15 min AM (local time).
This series provides a consistent 35 year record of changes for
the mid-morning WST, with no major sensor drift.28−30 This
study used the full record of surface temperature images
acquired by Landsat 5, 7, and 8 over the SFE at path/row 044/
033 and 044/034 from 1985 to 2019. Level 2 collection 2 data
were acquired as 30 m rasters using the Earth Explorer API.31
B
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Figure 2. Scatter-plot of Landsat WST compared to Ts measurements from the Salton Sea validation site.

quantiﬁed for each pixel was weighted by percent water cover,
between 0 m2 for 0% water pixels and 900 m2 for 100% water
pixels. Lower bound estimates were quantiﬁed by limiting
these pixel counts to >95% water cover pixels and counting
these pixels as 900 m2. Upper bound estimates were quantiﬁed
by counting all pixels classiﬁed as water by the C-CAP and
exceeding species-dependent CTmax as 900 m2 each. We
examined the trend in the spatial median of the annual
maximum surface temperature (WSTmax) with the more
conservative set of >95% water cover pixels. These TUH
values are summarized for all three ﬁsh species, TUHsmelt,
TUHbass, and TUHsilverside, in Table S3, along with WSTmax and
the delta smelt abundance index, in the Supporting
Information. We tested the trends in the TUH for all four
variables, TUHsmelt, TUHbass, TUHsilverside, and TUHcompeting,
using the Mann−Kendall trend test, ordinary least squares
(OLS) regression, and Theil−Sen regression.
The relationship between the TUH and the delta smelt
abundance index was examined using Theil−Sen, OLS, and
quantile regression, and a nonparametric correlation hypothesis test. OLS regression was used to assess how the variance in
the mean delta smelt abundance index is related to the variance
in mean WST-based metrics. However, the thermal tolerance
of ﬁsh is likely not best described by variance in means, but
rather as a limiting factor to abundance. That is, it was
expected that lower abundance indices would covary with
increases in thermally unsuitable conditions, but it was not
necessarily expected that thermally favorable or suitable
conditions correspond with high abundance index values.
This limiting relationship was examined using quantile
regression.37 Finally, Kendall’s rank correlation coeﬃcient
(Kendall’s τ), a nonparametric measure of relationships
between ranked pairs, was used to test for distribution-free
statistical dependence between TUHsmelt and the delta smelt
abundance index.

Sacramento River, and the Sacramento Deep Water Ship
Channel.35 Abundance sampling takes place for nine days each
month from September to December each year. A subset of
these data is used to calculate an annual abundance index. The
FMWT has sampled smelt abundance in the SFE every year
since 1967 (with the exception of 1974 and 1979). The data
record of this measurement is continuous since 1980, covering
the temporal availability of the Landsat 5, 7, and 8 WST record
for comparison. Monthly abundance indices and annual totals
for the delta smelt were retrieved from the CDFW.36 The
record of the delta smelt total abundance index was then used
to examine changes in abundances relative to the WST trends
and thermally unsuitable habitat (TUH). Table S3 provides a
summary of the abundance indices used in this study.
Thermally Unsuitable Habitat. Changes in thermal
habitat suitability were evaluated by quantifying the area of
aquatic habitat that exceeds the critical thermal maximum
temperature (CTmax) of three ﬁsh species, the delta smelt and
two non-native species, the largemouth bass (Micropterus
salmoides) and Mississippi silverside (Menidia berylina). CTmax
is the upper temperature tolerance of a ﬁsh, or an indicator of
its ability to survive in a given water temperature.22 The CTmax
values used in this study were obtained from laboratory
measurements in Davis et al. 2019 (Table S1).22 Although the
laboratory study measured exposure to multiple days of
increased temperature and the revisit time of concurrent
Landsat satellites is eight days, we refer to the laboratoryobserved thermal tolerances for the three species of interest to
spatially characterize the aquatic habitat based on the
distribution of temperatures captured across the year. The
delta smelt have the lowest thermal tolerance at 28.6 °C,
followed by the largemouth bass (33.3 °C) and the Mississippi
silverside (34.1 °C).22 In the SFE ecosystem, although, the
delta smelt are rarely found at temperatures above 24 °C.25
For each year in the Landsat record from 1985 to 2019, we
aggregated all available Landsat images by maximum to
generate an image of the annual maximum WST. For each
annual maximum WST image, the area of TUH was
determined by counting the number of pixels that exceeds
CTmax for each image date for each species. The area of habitat

■

RESULTS AND DISCUSSION
Validation at the Salton Sea Platform. Comparison of
WST retrievals of Landsat 5, 7, and 8 corresponding to
radiometer measurements at the Salton Sea site showed good
C
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Figure 3. Timeline of TUHsmelt, TUHbass, and TUHsilverside with the weighted habitat area as solid lines, upper and lower bounds of land/water
unmixing as ribbons and dashed Theil−Sen trend lines.

Figure 4. Timeline of TUHcompeting with weighted habitat area quantiﬁcation as the solid line, upper and lower bounds from land/water unmixing
displayed by the ribbon, and increasing trend displayed as the dashed Theil−Sen line.

slopes of 0.6 km2 yr−1 for TUHbass (p < 0.01) and 0.42 km2
yr−1 for TUHsilverside (p < 0.01).
To evaluate the change in unsuitable habitat relative to the
non-native ﬁsh, we also examined TUHcompeting, the area where
the higher thermal tolerances of the non-native ﬁsh may give
them an advantage over the delta smelt (Figure 4).
TUHcompeting represents the area of habitat with the WST
lower than CTbass and CTsilverside (<33.3 °C) but higher than
CTsmelt (>28.6 °C). TUHcompeting was 36 km2 at the beginning
of the Landsat record in 1985, and nearly doubled to 60 km2 in
2019. TUHcompeting reached its maximum of 65 km2 in 2017.
There was an increasing trend in TUHcompeting of 0.82 km2 yr−1
(p < 0.01) according to Theil−Sen regression (Figure 4).
This work observes increases in TUH conditions over the
last 35 years (1985−2019), which is consistent with other
work that ﬁnds that increasing water temperatures are

RMSE (0.78 °C), coeﬃcient of determination (R2 = 0.99, p <
0.01, n = 237), and high correlation (r = 0.99) (Figure 2, Table
S2). Temperatures in this comparison ranged from 12 to 34
°C, which spans the range of conditions relevant to the delta
smelt and other ﬁsh species under consideration in this study.
The accuracy within one degree seen in this comparison gives
conﬁdence to the remotely sensed temperatures used to
quantify habitat in this study.
Thermally Unsuitable Habitat. The rate of increase in
TUHsmelt over the 35 year record was 1.5 km2 yr−1 (Theil−sen
p < 0.01), with a signiﬁcant trend according to Mann−Kendall
(τ = 0.39, p < 0.01). The period of time from 1992 to 1996
shows the smallest TUHsmelt surface area, around 50 km2 TUH,
and the largest TUH areas in 2008 and 2017, reaching 109 km2
and 120 km2 (Table S3, Figure 3). The Theil−Sen trends were
also signiﬁcant for TUHbass and TUHsilverside, but with smaller
D
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Figure 5. Timeline of delta smelt abundance index and TUHsmelt with the weighted habitat quantiﬁcation as the solid line, and upper and lower
bounds of land/water unmixing as the ribbon.

TUH relative to the delta smelt CTmax (28.6 °C). This may be
further exacerbated by the fact that the delta smelt are
considered prey to these non-natives.39
It is also important to note that surface temperature
conditions can vary substantially from bulk temperature
conditions in the subsurface aquatic habitat, a phenomenon
often referred to as the skin eﬀect.34,40,41 Diﬀerences between
surface or skin temperatures in comparison with bulk
temperatures can be as high as 5 °C with modeled estimates
in the delta indicating regional dependencies in the varying
temperature conditions within the water column.42,43 Although
previous studies note strong seasonal and diurnal dependencies
on the skin eﬀect,34,42 this study relies on annual maximums of
surface water temperatures, acquired at the same local time
each day, to examine longer-term trends (1985−2019) in
TUH. The maximum temperatures considered in this study are
conservative values because the morning overpass of Landsat
does not observe the warmest time of day. This study focuses
on implications of increasing long-term trends in water
temperature conditions on vulnerable aquatic species, such as
the delta smelt. Future work understanding how surface
temperatures are related to bulk temperatures in the delta may
help bridge the use of remotely sensed surface temperatures
with shorter-term planning and mitigation eﬀorts such as
habitat restoration. ECOsystem Spaceborne Thermal Radiometer Experiment on Space Station (ECOSTRESS), a thermal
instrument on-board the International Space Station, provides
higher resolution (70 m pixels, 1−5 day revisit, and variable
acquisition times) surface temperature measurements that can
be used in combination with in situ station data to better
characterize controls on the skin eﬀect in the delta, enabling
future applications of remotely sensed surface temperatures to
be used to estimate bulk temperatures. This may also enable
custom applications seeking to mitigate thermal stressors on
the delta smelt, such as identifying or establishing areas of
thermal refuges.
Relationship Between Surface Temperature and
Abundance. There is an inverse relationship between
TUHsmelt and the delta smelt abundance index, as shown in

expected, and that will likely result in greater threats to the
delta smelt.12 However, to our knowledge, our estimates of
habitat trends are the ﬁrst empirical data demonstrating that
the SFE is experiencing signiﬁcant warming and the ﬁrst to use
high-resolution remote sensing to quantify the eﬀects of this
warming on the delta smelt habitat (Figure 5). Wagner and
colleagues observed that, under climate change projections, the
frequency of days that will have water temperature conditions
that can cause mortality will increase.26 Likewise, Brown and
colleagues also show a compounding eﬀect of degrading
habitat conditions resulting in overall habitat compression for
the delta smelt, accounting for turbidity, salinity, and
temperature.38 In fact, projected water temperatures in
particular were called out as the dominant factor resulting in
near total future habitat loss in regions such as the conﬂuence
of the Sacramento and San Joaquin Rivers where the delta
smelt typically inhabit.38 In 2016, Brown and colleagues also
found that the overall number of days of stressful temperature
conditions will increase to >60 days for >50% of location
across the delta by the end of the century.25 Combining longterm data records with global climate models may help further
constrain projections of expected impacts on vulnerable species
habitat. Importantly, Brown et al. 2016 also shows that the
investigation of sublethal conditions (24 °C) may provide a
more realistic view into how habitat stress and the gradual
onset of temperature-related declines on the delta smelt that
may arise due to rising temperatures prior to reaching
predominantly lethal conditions.25
In this study, we apply a more conservative approach by
leveraging thermal tolerance thresholds (CTmax) established in
a laboratory-controlled study led by Davis and colleagues22 to
estimate areas of TUH, although it is important to note that
the delta smelt are rarely observed under CTmax conditions.
The maps of the annual maximum WST are shown for 1996,
the low point of the unsuitability signals, and 2017, the high
point of unsuitable habitat, in Figure S1. Non-native species,
such as the largemouth bass and Mississippi silverside can
tolerate water temperatures at least 4.7 °C higher, allowing
them to out-compete the delta smelt under increases in the
E
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Figure 6. Scatterplot of delta smelt abundance index and TUHsmelt with lower quartile, Theil−Sen, and upper quartile lines, forming a limiting
factor wedge. The points represent weighted areas, and the horizontal error bars display the upper and lower bounds of land/water unmixing.

be an eﬀective approach to characterizing ﬁsh habitat
limitations in the presence of multiple, often unquantiﬁed
limiting factors.53−55 In this study, the wedge-shaped pattern in
Figure 6 indicates that the area of TUH is a limiting factor for
delta smelt abundance, even if other limiting conditions have
not been fully characterized. At low amounts of TUH area,
smelt abundances are likely limited by other habitat factors and
biotic processes. As the amount of TUH increases and
becomes the dominant limiting factor, low abundances occur,
even if other habitat conditions and biotic factors may be
optimal,55 with near-zero abundances occurring past 107 km2
(Figure 6).
The WSTmax measure of delta smelt aquatic habitat
temperature is increasing by 0.1 °C per year (p < 0.01),
according to Theil−Sen regression, with a signiﬁcant trend
according to Mann−Kendall (τ = 0.56, p < 0.01), as displayed
in Figure S2 and Table S3. The coolest year of 1992, with a
WSTmax of 20.22 °C, precedes the largest increase in delta
smelt abundance from 156 to 1078 in 1993 (Table S3). The
warmest year in the Landsat record occurred in 2017 with a
WSTmax of 26.07 °C, and the following year in 2018 was the
ﬁrst year with zero abundance index for the delta smelt. The
increasing trend in WSTmax and TUHsmelt and the inverse
relationship between TUHsmelt and delta smelt abundance
index suggest that temperatures are rising in the delta smelt
habitat and that warming waters are reducing the available
habitat for the delta smelt.

the Figure 5 timeline as well as the Figure 6 scatter-plot with
Theil−Sen and quantile trends. We found strong negative
correlations using Pearson (r = −0.44, p < 0.01), Spearman (ρ
= −0.58, p < 0.01), and Kendall (τ = −0.4, p < 0.01) methods
and a moderate OLS coeﬃcient of determination (R2 = 0.2, p
< 0.01). This R2 is a conservative metric, due to the nonlinear
relationship of abundance and TUH. We take this R2 to mean
that the remotely sensed thermal stress is able to explain about
one-ﬁfth of the annual variation in the delta smelt population.
We consider this a preliminary estimate of the inﬂuence
thermal habitat suitability has on abundance. Recent advances
in high-resolution remote sensing of turbidity and their eﬀects
on the delta smelt habitat have also recently been explored.44,45
We intend to further reﬁne this quantiﬁcation of the eﬀect that
temperature has on the delta smelt through multivariate
analysis, taking turbidity and other water quality factors into
account in future work. The OLS line intercepts the TUHsmelt
axis at 114 km2. The Theil−Sen trend line intercepts the TUH
axis at 129 km2, just past the all-time high of 120 km2. The
lower and upper quartile lines intercept the TUHsmelt axis near
the Theil−Sen line at 107 km2 and 111 km2, respectively.
Abundances are near zero when TUHsmelt is in the range of
these intercepts from 107 to 129 km2. The delta smelt are
unlikely to thrive in any future years when more than 107 km2
of habitat reach a temperature exceeding 28.6 °C.
There have been many studies focused on identifying and
quantifying the causes of the delta smelt decline in the SFE.
Modeling studies have identiﬁed multiple factors that predict
the delta smelt abundance including water clarity,46 winter
exports, the isohaline position in the estuary, warmer summer
temperatures, and biotic factors including predator−prey
interactions.47−49 Mechanistic life cycle models suggest that
no single factor is responsible for delta smelt abundances, and
it is likely that diﬀerent factors (e.g., temperature, hydrodynamic/entrainment at pumps, predation and competition,
and food availability and possibly others) are limiting at
diﬀerent life stages50,51 and across diﬀerent life-history
phenotypes.52 Quantile regression has been demonstrated to

■

FUTURE WORK
The ﬁndings regarding the ﬁsh habitat presented in this study
apply only to the water surface and only to the approximately
10:30 AM overpass of the Landsat satellites. To better assess
the aquatic habitat, a future study will examine subsurface bulk
temperatures measured throughout the day and compare them
to diurnal WST seen by ECOSTRESS. ECOSTRESS was not
included in this analysis because its period of coverage from
2018 is too short to compare to the Landsat record, but
ECOSTRESS can uniquely capture the mid-day maximum of
F
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surface temperature that cannot be acquired by Landsat. This
opportunity to better understand the diurnal WST and its
relationship to bulk water temperature will be explored by the
Research Opportunities in Space and Earth Sciences 2018
(ROSES) ECOSTRESS Science and Applications Team.56
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