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Abstract

Hansen CH, Williams GP, Adjei Z, Barlow A, Nelson EJ, and Miller AW 2015. Reservoir water quality monitoring
using remote sensing with seasonal models: case study of five central-Utah reservoirs. Lake Reserv Manage.
31:225-240.

Remote sensing models estimate chlorophyll concentrations by correlating spectral reflectance and reservoir chloro-
phyll. Different algal populations have different spectral signatures and thus different correlation models, an issue
typically addressed by developing and applying a model using the same satellite image. Here we exploit these
population differences by developing seasonal models that can be applied to other images from that season. We
rely on algal succession and assume the phytoplankton population is relatively constant over a season, dividing the
growth season into 3 parts as substitutes for population measurements. We present seasonal models developed using
data from 2 Utah reservoirs, Deer Creek and Jordanelle, which have comprehensive long-term field datasets large
enough to provide adequate near-coincident data for model development. We then apply the chlorophyll-estimation
models to 5 reservoirs in north-central Utah and present the trends in the average, maximum, and variance of the
chlorophyll concentration for each reservoir over a nearly 40-year period. We present examples of chlorophyll
distribution maps that show spatial patterns and discuss implications for field sampling design and analysis. We
found that season-specific models perform well for satellite images from the same season but do not perform well
against images from other seasons. We suggest that these models can be used with confidence in the season for which
they were developed, allowing analysis of historical data and providing current information on reservoir conditions

without accompanying field samples.

Key words: algal seasonal succession, chlorophyll, remote sensing, reservoir water quality

Remote sensing is a useful tool for monitoring reservoir
health, and even limited images can be used to develop more
effective point sampling programs by identifying locations
and times best suited for sampling (Gitelson et al. 2007).
Remote sensing estimates chlorophyll concentrations
by exploiting relationships between remotely measured
reflectance and field-measured chlorophyll concentrations.
Measured reflectance is a function of the optical properties
of water such as absorbance and backscattering, which
are influenced by phytoplankton communities (Gordon
et al. 1988). Chlorophyll detection using satellites was
initially applied to open ocean waters and used measured
reflectance in the blue and green spectral regions (Gordon
and Morel 1983) but was soon applied to inland lakes
and reservoirs. Gitelson et al. (2007) provide an extensive

*Corresponding author. E-mail: Gus.P.Williams @byu.edu
Color versions of one or more of the figures in the article can be
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historical overview on model development for estimating
chlorophyll in reservoirs and lakes with productive waters.
Most of these models rely on the chlorophyll reflective
peak found near 700 nm, with various modeling approaches
using the ratios of 2 spectral bands on and off this peak
to estimate chlorophyll concentrations (Gitelson 1992,
Gitelson et al. 2007). These models rely on the assumption
that the observable optical properties of chlorophyll are con-
stant; however, these properties change with water properties
(such as depth of the water column and level of suspended
solids) and, important for the current study, the state and
structure of the phytoplankton community. Water property
changes, unless they affect the green spectral region where
chlorophyll is visible, have less impact on prediction mod-
els, and models developed for a limited set of reservoirs have
been applied across regions with varying water properties
(Fuller et al. 2004, Wang et al. 2004, Olmanson et al. 2008,
2011). The dominant phytoplankton community can have
a significant effect on optical properties because different
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phytoplankton communities demonstrate different relation-
ships between chlorophyll concentration and reflectance
measurements due to cell structure and other differences
that make the chlorophyll more or less visible to the remote
sensor, and they have different spectral properties due
to cell pigment, size, and structure (Bricaud et al. 1995,
Brando and Dekker 2003). Gitelson et al. (2007) discussed
more recent chlorophyll models that use additional channels
and different model forms including combinations of band
differences and ratios rather than just using spectral bands
on and off the chlorophyll peak that address some of these
issues.

Algal populations in temperate lakes and reservoirs fol-
low a seasonal pattern of succession, with different pop-
ulations dominating at different times (Stadelmann et al.
2001). Diatoms are generally dominant during colder spring
conditions, with greens and then blue-greens dominating in
warmer mid- and late-season conditions, respectively (Cast-
erlin and Reynolds 1977). These different algal populations
vary in pigment, composition, size, and structure, all of
which affect the optical properties measured by remote sens-
ing techniques (Bricaud et al. 1995, Sathyendranath et al.
2004). For example, diatoms have lower absorption coef-
ficients for chlorophyll compared to other phytoplankton,
most likely because the carbonate shell, with different spec-
tral properties, is visible and shields much of the chlorophyll
from observation. If an estimation algorithm developed us-
ing data from periods when other phytoplankton populations
are dominant (e.g., greens or blue-greens) is used during
diatom-dominant conditions, it may significantly underes-
timate concentrations (Bricaud et al. 1995, Sathyendranath
et al. 1996, Stuart et al. 2000).

Remote sensing models for chlorophyll differ depending on
the target phytoplankton communities (e.g., diatom, greens,
or blue-greens) because each community presents different
visible signatures (Sathyendranath et al. 1996, Stuart et al.
2000, Hansen et al. 2013a). Stadelmann et al. (2001) ana-
lyzed and presented data on seasonal patterns of chlorophyll
and Secchi depth in a large number of lakes in Minnesota
and recommended using seasonal monitoring (i.e., only us-
ing the model in the season for which it was developed).
The issue of applying remote sensing models developed us-
ing data from one period to times when other phytoplankton
communities are dominant is rarely addressed in the liter-
ature; most studies develop and apply a model to the same
satellite collection, ensuring that the phytoplankton used to
develop the model are dominant in the satellite image being
analyzed. Remote sensing water quality models developed
using field data from a limited number of lakes or reservoirs
are often applied to other reservoirs in the region where
field data do not exist, or at least are not used to validate
model application (Kloiber et al. 2002, Fuller et al. 2004,

Wang et al. 2004, Olmanson et al. 2008, 2011). These stud-
ies analyze images taken from the same time period used
for model development, minimizing the effects of different
phytoplankton populations on correlations. These models
are applied to lakes and reservoirs in different regions with-
out accompanying field data, however, implicitly assuming
other water properties have a minimal effect on the correla-
tions used to estimate chlorophyll.

Landsat provides high temporal-resolution monitoring (ev-
ery 16 days), which allows near real-time monitoring of
reservoir conditions and can support bloom prediction and
forecasting. Anderson et al. (2002) suggest that spring nu-
trient levels can be used as predictors for late-season algal
blooms, but this requires sufficient temporal and spatial data
for prediction. Landsat data can be used to estimate chloro-
phyll levels every 16 days (depending on cloud cover) on a
30 m spatial resolution grid, providing on-going knowledge
of reservoir conditions and data for forecasting chlorophyll
levels and corresponding algal biomass. To collect field sam-
ples at high enough temporal and spatial resolutions to sup-
ply the same information sensing would be time-intensive
and costly and may not even be feasible, especially in remote
reservoirs.

Objectives

We present a case study using seasonal correlation models
that exploit historical Landsat data to estimate chlorophyll
concentrations in 5 reservoirs in north-central Utah. Tra-
ditionally, remote sensing correlation models are developed
and applied using coincident data (i.e., field and remote sam-
ples collected at the same time). We demonstrate the use of
previously collected, noncoincident field data to build cor-
relation models and apply these models to archived Landsat
collections since 1984 to document and analyze historical
reservoir conditions and provide examples of how these data
can be used, both in forecasting and explanative modes.
While we used noncoincident data for model development,
we selected field data as near coincident as possible, gen-
erally measured on the same day or within 24 hours of the
satellite collection. We demonstrate that seasonal models
are robust and can be applied to satellite images without
coincident field samples. This process allows not only de-
velopment of models using archived data but, we suggest,
also supports application of these models to similar reser-
voirs in the region that may not have field data available as is
currently done with models developed using single satellite
collections (Kloiber et al. 2002, Fuller et al. 2004, Wang
et al. 2004, Olmanson et al. 2008, 2011).

This case study and discussion provides an overview of sea-
sonal model development and application to other reservoirs
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Figure 1. Sampling locations for Deer Creek and Jordanelle reservoirs, Utah.

in a region. We explore how results from seasonal remote
sensing algorithms provide valuable information and can
expand our understanding of reservoir behavior. We demon-
strate how historic Landsat collections can be exploited to
analyze long-term reservoir trends. Remote sensing data
provide more complete spatial and temporal coverage of a
reservoir, coverage that would be difficult to replicate with
field sampling. Remote sensing for reservoir monitoring is
efficient; once correlation models are developed, additional
remote sensing measurements do not require significant ef-
fort to acquire, but the on-going satellite collections provide
data for reservoir conditions on a regular basis, further sup-
porting increased use of remote sensing data for reservoir
management.

Approach justification and
overview

For model development in this study we used Deer Creek
and Jordanelle field data (Fig. 1). These data demonstrate

clear algal seasonal succession, which implies we can use
seasons or time periods to define different dominant phy-
toplankton populations, and while not perfectly accurate,
these seasons can be used as reasonable indicators of the
dominant phytoplankton community.

Monitoring algal throughout the growing seasons provides
a more complete understanding of reservoir processes.
The field data show that for Deer Creek and Jordanelle,
if monitoring is restricted to the late summer months,
a period suggested as optimal for monitoring algal con-
centrations (Olmanson et al. 2008), potentially significant
reservoir conditions would be missed. For example, from
1984 to 2012, 60% of the annual maximum algal con-
centrations occurred in the 4-month period between April
and July, compared to only 40% that occurred in the 2-
month period between August and September, the time pe-
riod traditionally associated with high algal concentrations
and suggested for monitoring. If remote sensing studies
were restricted to the late summer period, more than half
of the maximum events would have been missed. Using
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Figure 2. Landsat image from 14 July 2014 showing the 5 study reservoirs in Utah.

seasonal models developed using archived data efficiently
extends remote sensing application to the entire growing
season.

We divided the growing period into 3 seasons, developed
models using available historical field and satellite data col-
lected near-coincident with each other in a given season,
then applied the resulting seasonal model to historic satel-
lite collections within that season. This approach relies on
the fact that different dominant algal populations have differ-

ent spectral signatures, assumes that a given time period or
season has arelatively consistent phytoplankton community,
and, although concentrations may change significantly, that
the relative phytoplankton population makeup is relatively
stable. We used seasons as a substitute for measurements
to determine the relative phytoplankton populations. Sea-
sonal models are able to monitor reservoirs during the entire
growing season, providing a more complete understanding
of reservoir processes. Our approach supports the use of
satellite data even if there are no coincident field data for
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the satellite collection, allowing the analysis of long-term
trends and monitoring throughout the growing season.

Study area

We selected 5 reservoirs in the Wasatch Mountains: Deer
Creek, Jordanelle, Echo, East Canyon, and Rockport for
this case study. Other than size differences, these reservoirs
are similar in physical characteristics and elevation, and they
are close enough to be in a single Landsat image (Fig. 2).
Deer Creek Reservoir is downstream from Jordanelle and in
the same watershed; the other 3 reservoirs are in a different
watershed.

Deer Creek and Jordanelle reservoirs have been part of a
detailed long-term field sampling campaign and were se-
lected because of the availability of these long-term study
data and consistency in field sampling techniques. The long-
term study has monitored water quality since the early 1980s
as part of mitigation efforts to address high levels of phos-
phorus and algal biomass (UDEQ 2004a). The data we used
in this study were taken at designated locations (Fig. 1).

Echo, East Canyon, and Rockport reservoirs are nearby and
similar to Deer Creek and Jordanelle. These 3 reservoirs
were selected to demonstrate how Landsat data and remote
sensing seasonal models can be used to analyze and monitor
reservoirs with no available field data (Kloiber et al. 2002,
Fuller et al. 2004, Wang et al. 2004, Olmanson et al. 2008,
2011).

Deer Creek Reservoir

Deer Creek is located in the Wasatch Mountains on the
Provo River and supplies potable water for much of the
Salt Lake City valley. The reservoir has a surface area of
1200 ha (2965 ac), with a capacity of ~240 million m?
(193,600 ac-ft) and a maximum depth of 42 m (137 ft)
near the dam (UDEQ 2004b). In addition to recreational
use, agriculture and potable water supply accounts for 38%
and 62% of water use, respectively. Potable use is expected
to increase as the area continues to develop. Deer Creek
Reservoir was identified as highly eutrophic in the 1970s
and 1980s and continues to exhibit high phosphorus and
low dissolved oxygen levels during the summer.

Jordanelle Reservoir

Jordanelle is a large reservoir with a surface area of about
1335 ha (3300 ac) and feeds into Deer Creek Reservoir. It
has a capacity of approximately 445 million m?® (360,500
ac-ft) and a maximum depth of 89 m (292 ft; UDEQ 2004a).
The dam was completed and the reservoir completely filled

in 1994. Jordanelle is used for a wide range of purposes
including recreation, irrigation, industrial, and potable water

supply.

East Canyon Reservoir

East Canyon is a 276 ha (684 ac) reservoir located behind
the Wasatch Mountains (UDEQ 2004c). It has a capacity
of approximately 63 million m® (51,200 ac-ft) and a max-
imum depth of 60 m (197 ft). Its water is used primarily
for agriculture, although culinary use is increasing. East
Canyon is a popular year-round recreational area, with more
than 100,000 visitors annually. The surrounding watershed
is relatively dry compared to the other watersheds in the
area. One of the main concerns for this reservoir is the rapid
urbanization and development in the contributing watershed.

Rockport Reservoir

Rockport Reservoir is a 481 ha (1189 ac) impoundment on
the Weber River, with a capacity of 93.4 million m?3 (75,730
ac-ft) and a maximum depth of 45 m (150 ft; UDEQ 2004b).
Rockport is used for potable water supply and agriculture.
Although the historical water quality of the reservoir has
been good, conditions have exceeded standards for phos-
phorus and dissolved oxygen, issues that are closely related
to algal biomass.

Echo Reservoir

Echo Reservoir is also on the Weber River, located north of
Rockport Reservoir. It is comparable to Rockport in size at
564 ha (1394 ac), 91.1 million m? (73,900 acre-feet) capac-
ity, and a maximum depth of 33.5 m (110 ft; UDEQ 2004d).
Echo Reservoir provides agricultural and potable water to
the Northern Wasatch Front and, along with Rockport Reser-
voir, is a popular recreation spot. Reservoir drawdown due
to irrigation in the late-summer causes drastic changes to
the shoreline and in-reservoir productivity and may cause
premature turnover. Because conditions caused by manage-
ment requirements are so extreme, lake characteristics are
highly dependent on water use and management.

Methods

Hansen and coauthors (Hyatt et al. 2012, Hansen et al.
2013a, 2013b, 2014) previously developed seasonal mod-
els for Deer Creek Reservoir using Landsat-5 and Landsat-7
reflectance measurements and demonstrated that seasonal
models were more accurate than a single-season model for
Deer Creek (Hansen et al. 2013a).

This case study generalizes the previous work by demon-
strating regional application using models developed with a
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more extensive dataset and shows how this approach can be
used to develop a long-term record of water quality in several
reservoirs from historic Landsat data. We used data from 2
reservoirs, Deer Creek and Jordanelle, to develop seasonal
models then applied these models to similar regional reser-
voirs without sufficient field data for model development.
We show how historical data in a region can be used to de-
velop seasonal models that can be applied to the reservoirs
that provided the data to develop the models as well as to
other reservoirs in the area. Because the seasonal models can
be applied to other satellite collections that occurred in the
same season, this approach supports chlorophyll estimates to
define long-term trends, provides frequent updates on reser-
voir conditions, supports comparison among reservoirs, and
may be used for short-term forecasting.

This effort extends previous work. Studies have shown that
reliable results for model development can be obtained using
noncoincident data, up to 3 days from a satellite collec-
tion, especially if more data are used for model development
(Kloiber et al. 2002, Olmanson et al. 2008) and remote sens-
ing models developed using data from a limited number of
reservoirs have been applied to other regional reservoirs to
evaluate general water quality trends (Sawaya et al. 2003,
Fuller et al. 2004, Wang et al. 2004, Olmanson et al. 2008,
2011). We used seasonal models developed with noncoin-
cident data and applied them to other reservoirs in the re-
gion to analyze historic conditions, extending the previous
work by using seasonal models that allow us to analyze data
throughout the year and to apply these models to archived
satellite data to generate long-term estimated chlorophyll
datasets. This approach provides both more accurate mod-
els and the ability to monitor reservoirs (or analyze historic
trends) throughout the growing season.

We used archived chlorophyll field data from Deer Creek
from 1984 to 2012 (54 samples) and Jordanelle from 1993
to 2012 (31 samples) collected at several sampling points
(Fig. 1). We used only data collected on the same day or
within 24 hours (mid-season model) of a satellite image from
the Landsat-5 Thematic Mapper (TM) from 1984 to 1999
and Landsat-7 Enhanced Thematic Mapper Plus (ETM+)
from 1999 to 2012. The field data were collected indepen-
dently of the Landsat acquisition schedule, but for model
development we used only data that were nearly coincident;
the long-term data archive provided a relatively large dataset
(85 samples), even with these time constraints.

We separated the growing season into 3 periods with
relatively similar phytoplankton communities: early-
season April-May, mid-season June—July, and late-season
August—September. These divisions were based on some
limited phytoplankton population data and were suggested
as appropriate by reservoir managers.

For model development we used field data taken on the same
day but not coincident with a satellite overpass for early- and
late-season models, and within 24 hours of a satellite over-
pass for the mid-season model because of the low number
of same-day field and satellite data available. We used only
field samples taken within 2 m of the surface. These con-
straints resulted in 18 early-season samples (Apr—May), 42
mid-season samples (Jun—Jul), and 25 late-season samples
(Aug—Sep). Typically, field samples are collected coincident
with satellite overpasses, limiting the uncertainty associated
with temporal variability due to winds and currents, but also
limiting the number of samples available for model devel-
opment; having only 4 or 5 field samples is not unusual in
reported studies. Our use of near-coincident data introduced
some uncertainty associated with temporal variability but
provided relatively large datasets for model development.

The Landsat images were radiometrically calibrated and at-
mospherically corrected. For the area around each field sam-
pling point, we selected a group of 9 pixels centered on the
field sample location and computed a mean-filtered average
reflectance for bands 1-5 and 7. Using the mean-filtered av-
erage removes noise from the data (Johnson et al. 2013). The
mean-filtered average value for each band was computed as:

Filtered Mean

T (15%x0 —X) < X; < (1.5%x0 + X)
= , (D
B N
where X is the unfiltered mean, o is the unfiltered standard
deviation, and N is the number of values within £1.5%c.
These mean-filtered reflectance values were then used for

model creation.

We used the data from both Deer Creek and Jordanelle for
model development, resulting in seasonal models with better
correlations than the seasonal models developed with only
Deer Creek data (Hansen et al. 2013a), with correlation
increases on the order of those expected from the additional
data points. Statistical cluster analysis (k-means clustering;
D’Ortenzio and Ribera d’Alcala 2009, Kim et al. 2009)
could not distinguish between data from the 2 reservoirs,
supporting combining data from the 2 reservoirs for model
development. The 2 datasets were statistically the same,
implying that the resulting seasonal models can be used
for reservoirs in the region where general water color and
algal succession are similar. We assumed data from the other
reservoirs would follow this pattern.

Model development

Most models reported in the literature are developed using
a multiple least-squares approach in which a model form is
selected and a least-squares fit is used to determine model
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coefficients (Gitelson 1992, Gitelson et al. 2007). A combi-
nation of Landsat Bands 1, 2, 3, and 4 are generally used.
For example, Fuller et al. (2004) in a study that estimated
chlorophyll concentrations in 750 Michigan inland lakes se-
lected 4 different model forms and then used a stepwise
regression approach to fit coefficients and compute a coef-
ficient of determination (R?) value for each equation form.
They used chlorophyll field data collected in late August and
early September 2002 to evaluate 4 different model forms for
their study: a linear combination of b1, b2, b3, b4, b5, and b7
(trial 1); a linear combination of b4/b3, b2/b3, b2-b3, b1/b2,
and b3/bl (trial 2); a linear combination of (b2+b3)/b2, b2,
b32, (b1+b2)/2, (b1+b3)/2, and b3/b4 (trail 3), and a linear
combination of b2, b3, b7, b3/b1, b32, and (b1+b3)/2 (trial
4). They found the best fit to their data was from trial 1 with
an equation of:

In(chla) = By + B2 (2) + B3 (b3) + B+ (bT),  (2)
which yielded an R? of 0.81 (Fuller et al. 2004).

We followed the model development methods from Hansen
et al. (2013a). In this approach, rather than selecting a lim-
ited number of model forms, such as the 4 forms selected
by Fuller et al. (2004), we used a generalized multiple least-
squares stepwise regression approach (Hansen et al. 2013a).
Rather than using only a limited number of equation forms,
this approach evaluates all potential equations that could re-
sult from different explanatory variables, consisting of a list
of bands and band ratios that can be combined in complex
forms. The multiple linear least squares regression technique
models the relationship between the scalar dependent vari-
able y (Chl-a) and several explanatory variables x; (Landsat
reflectance data in the various bands and band combina-
tions). To reduce over-fitting and develop more tractable
models, the number of explanatory variables in the final
model is limited. The algorithm selects which variables and
coefficients to use in the resulting predictive equation to
minimize the error. This process assumes that the relation-
ship between y; and the regressors, x;, is linear so that y can
be estimated based on a linear combination of a set of x. The
resulting model takes the form:

yi=,31xi1+...+ﬂpxip+8i,i=1,...,n, 3)
where y; is the estimated Chl-a value at a location i; x;, are
the satellite data (values of bands or band ratios p) at location
i; and ¢ is the error.

For model development we used 36 possible parameters
(Landsat bands or band ratios) as input to the generalized
multiple least-squares stepwise regression algorithm. We
limited the number of parameters selected for the final model
by limiting the addition of model terms to those in which the
step-wise increase in the R? value was >5%; in other words,
if including another parameter did not increase the model fit

by at least 5% (as measured by the R? value), the algorithm
stopped. This resulted in 2 models with 5 parameters and
1 model with 6 (from the possible 36 parameters). This
approach differs from commonly presented methods where
preselected model forms are fitted and evaluated using a
least squares fit (Castenholz 1960, Casterlin and Reynolds
1977, Brivio et al. 2001, Ostlund et al. 2001, Stadelmann
etal. 2001, Fuller et al. 2004) because it does not presuppose
a model form or number of model parameters.

Stepwise regression requires the data to be normally dis-
tributed; the early-season data were normally distributed,
but the mid- and late-season data required log transforms.
To determine if data were normally distributed we fol-
lowed the model specification methods from Hansen et al.
(2013a).

The resulting 3 seasonal chlorophyll models are (where bl
is Landsat Band 1, b2 is Landsat Band 2, etc. and chl is
chlorophyll in pg/L):

1. Early-season (Apr—May):

b3 b4 b5
chl = B1+ B2 <b_1) + B3 <ﬁ> + B4 (b_4>

b7

where g8, =10.86, 8, =0.83, 83 = —0.82, B4 = —9.07,
and Bs5 = 0.96. This model was developed with 18 sam-
ples collected the same day as the corresponding satellite
images and had an R? of 0.83 and a root mean squared
error (RMSE) of 1.03.

2. Mid-season (Jun—Jul):

b2
In(chl) = Bi + B2 (D5) + B3 (bT) + P4 (ﬁ)

b5 5
+'BS<E)’ (@)

where 81 = 1.55, B, = —98.17, B3 = 102.92, B4 =
—0.435, and 85 = —0.26. This model was developed with
42 samples collected with 24 hours of the corresponding
satellite images and had an R? of 0.64 and an RMSE of
0.35.

3. Late-season (Aug—Sep):

b2 b3
In(chl) = By + B> (b1) + B (E) + B4 (E)

b4 b5 6

where B8 = —2.15, B, = —36.32, B3 = 1.23, B4 =
—1.46, B5s = 0.31, and B¢ = 6.32. This model was de-
veloped with 25 samples collected the same day as the
corresponding satellite images and had an R? of 0.91 and
an RMSE of 0.61.
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Figure 3. Actual vs. predicted chlorophyll using (from top to
bottom) early, mid, and late season models.

The actual and model-predicted chlorophyll values used
to develop each of the 3 models are shown in
Fig. 3.

The models for early- and late-seasons had better R” values
than the model for mid-season. The early and late peri-
ods have more stable phytoplankton populations, and the
data used were collected the same day as the correspond-
ing satellite image. The mid-season is a transition period
with changing phytoplankton populations. In addition, we
had fewer data, meaning we had to use data collected fur-
ther in time (24 h rather than the same day). In addition
the chlorophyll data were not normally distributed, requir-
ing a log-transform for model development. All these fac-
tors contribute to uncertainty in the mid-season model. The
late-season model also required a log-transform but used
near-coincident data (same day).

Model application

We used ENVI v4.7 (Exelis Visual Information Solutions,
Boulder, CO) as the base software platform for applying

the models to historical images. We calibrated the selected
Landsat images using the Landsat radiometric calibration
and atmospheric correction methods in ENVI. We imple-
mented the subseasonal models within ENVI using the band-
math component and used the ISODATA unsupervised clas-
sification (Gonzalez and Tou 1974) technique in ENVI to
distinguish between water and land pixels and created re-
gions of interest (ROI) representing each reservoir based on
this classification. We then applied the models to the pixels
within each ROI, allowing us to mask background pixels so
we could perform statistical analyses on the results of the
chlorophyll detection algorithms.

We calculated a number of different statistical measures to
describe chlorophyll concentrations for each image for each
reservoir, resulting in values of the maximum (as the 95th
percentile), minimum, mean, mode, and standard deviation
for each reservoir for each date we had an acceptable satel-
lite image. We used the mode of chlorophyll concentration
rather than the mean in reporting because the mode is less
influenced by outliers, and remote sensing data are noisy
and often contain extreme values. The mode addresses the
central tendency of the distribution and is less dependent on
noise or extreme values. Noise can have a large impact on
the reservoir maximum value, so to minimize this effect, we
report the maximum value for a reservoir on the date of the
satellite collection as the 95" percentile of the distribution
calculated from all the reservoir image pixels:

MaxChla =x +1.96 (o), @)
where, X is the mean of estimated chlorophyll in the reservoir
on that date and o is the standard deviation. This equation
avoids using the single pixel with the highest value, which
could most likely be attributed to noise in the image rather
than a true high chlorophyll value.

Model verification

We were not able to validate the resulting models because
our data were insufficient, but we were able to evaluate
several issues that support the validity of these models.

Hansen et al. (2013a) evaluated application of models devel-
oped using data from one season to another and presented de-
tailed results for Deer Creek by applying models developed
for one season to images from another season and comparing
the results with field measurements. When the late-summer
model was used to predict early-summer and mid-summer
conditions, the resulting R? values of 0.2 and 0.0728, re-
spectfully, were significantly lower than for season-specific
models applied to in-season data. An all-season model was
also developed using all the available data, resulting in an R?
of only 0.546, lower than any of the season-specific models.
The all-season model applied to individual seasons resulted
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Figure 4. Echo Reservoir, Utah, field-measured chlorophyll data
from the EPA STORET database (www.epa.gov/storet/).

in poor model fits for early- and mid-season data, with R?
values of 0.0995 and 0.1599, respectively. The fit was better
for the late season data, although still not as close as the
season-specific model.

We obtained Utah Department of Environmental Quality
(UDEQ) data from the EPA STORET database for Echo
Reservoir. Of the 59 data points available from 1990 through
2007 during the June—September period, 46 had satellite
images available within 7 days of the field sample and were
free from cloud cover (Fig. 4).

Our approach is difficult to validate with these data due to
significant differences in time between field and satellite col-
lection. Also, the Echo Reservoir data available in STORET
exhibited significant variability, even for data collected on
the same date. For example, 2 samples were reported for
1 July 2002 with values of 0.2 and 8.1 ug/L and 2 values
reported for 23 July 2003 with values of 0.4 and 26.4 ug/L,
resulting in differences for samples reported on the same
day of 7.9 and 26.0 ug/L, respectively (data from 23 July
2003 not shown in Fig. 5 because no satellite image was
available for that date.)

We used the appropriate seasonal model with the closest-in-
time satellite images (within 7 days) to predict chlorophyll
concentrations at the Echo Reservoir sample locations, with
estimates compared to field-measured values obtained from
STORET (Fig. 5). The 1:1 line, or perfect prediction (Fig. 5),
shows that the model successfully estimates chlorophyll
concentrations. While some of the evident error is proba-
bly due to the model, we expect that model errors are on the
same order of magnitude as the variability in the STORET
data.
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Figure 5. Estimated Echo Reservoir, UT, chlorophyll compared to
field-measured values.

Results and discussion

Trends in reservoir statistics

We used the slope of the least-squares regression line from
1984 to present, or 1993 to present for Jordanelle Reser-
voir (it was not filled before this year), to represent trends
for the average (mode), maximum (95th percentile), and
the standard deviation of each of the 5 reservoirs (Table 1).
These trends, which use data from the entire reservoir rather
than a few sampling points, help explain how the reservoirs
have changed over time in a general sense. The mode in-
dicates the overall quality of the reservoir, the maximum
indicates the magnitude of blooms, and standard deviation
values are indicative of spatial differences across a reservoir.
A trend in the mode can be taken as a general index to reser-
voir health, showing either decreasing or increasing algal
presence. Trends in the maximum and standard deviation
describe the reservoir processes. As noted, the maximum
indicates algal bloom size (e.g., a decreasing trend would
indicate smaller blooms). Standard deviation is a measure
of reservoir uniformity, and a decreasing trend indicates that
chlorophyll concentrations are becoming more uniform with
fewer areas that are much higher or lower than the average
concentration. These 3 indices of change can be used to-
gether to gain a more holistic understanding of reservoir
behavior. For example, a small bay could receive nutrients
and continue to exhibit a large algal bloom while conditions
in the rest of the reservoir are improving. In this case, the
mode may show a decreasing trend, but the maximum may
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Table 1. Trends by subseason and reservoir.

Standard
Reservoir Mode Max Deviation
and Season (uglllyr)  (ungl/llyr)  (ug/Llyr)
Deer Creek — Early —0.05 —0.10 —0.04
Deer Creek — Mid —0.06 —0.12 —0.03
Deer Creek — Late —-2.14 —3.48 —1.33
Jordanelle — Early 0.06 0.09 0.02
Jordanelle — Mid —-0.07 —0.19 —0.05
Jordanelle — Late -0.79 -2.50 —0.81
East Canyon — Early 0.0 —0.12 —0.05
East Canyon — Mid —0.04 —0.25 —0.10
East Canyon — Late 0.17 —2.08 —0.65
Echo — Early 0.06 0.04 0.00
Echo — Mid —0.04 —0.17 —0.07
Echo — Late 0.30 0.18 —0.01
Rockport — Early —0.04 0.02 0.02
Rockport — Mid —0.05 —0.10 —0.03
Rockport — Late 0.18 -2.19 —0.86

have no trend, with the standard deviation exhibiting an in-
creasing trend, indicating that localized blooms in the bay
are not improving. These types of indexes, while not pro-
viding detailed information on reservoir conditions, can be
used to monitor conditions over time and prompt managers
to review concentration distribution maps or concentration
change maps to identify problem areas.

The seasonal data (Table 1) show that late-season condi-
tions in the 5 reservoirs change more than conditions in
earlier seasons. While these data do not indicate why the
change is occurring, this knowledge can help managers al-
locate limited resources, such as field sampling efforts, to
focus on late-season conditions to determine the cause. The
maximum, standard deviation, and average estimates for
Jordanelle Reservoir all exhibit decreasing trends for the
late-season while the early-season data show a slight rise
in all 3 indices, with the average showing less increase.
The increase in the maximum and standard deviations in-
dicates that small localized blooms may be occurring in
early-summer, and the reservoir may require additional mon-
itoring to understand these increasing trends and increasing
variability, and to identify the reservoir locations responsi-
ble for these changes. Spatial distribution maps (discussed
next) generated from the Landsat data can provide informa-
tion on where these anomalies are occurring and can be used
to develop field sampling plans to better understand causes.

In each of the reservoirs, with the exception of Echo, the
largest noted trend was a decrease in maximum chlorophyll
levels over the study period. This trend means the highest
concentration seen in the reservoir is decreasing over time,
perhaps indicating fewer blooms. The standard deviation is

Deer Creek
East ;
Cany ¥
e Echo s
. Jordanelle £
Rockpon.
0 20pg/L

Figure 6. Estimated chlorophyll distribution for the Utah study
reservoirs on 21 May 2003.

also decreasing, showing less variability across the reservoir
over time, meaning conditions are becoming more uniform.
This information collectively implies that blooms are be-
coming less severe over time. While these data do show
decreasing trends, the decrease is slight, and the variability
is significantly larger than the trend.

Spatial distribution maps

Exploited Landsat images provide spatial distribution maps
of estimated chlorophyll concentrations and are quantitative
visualizations of the water quality across a reservoir. Based
on our experience, chlorophyll concentrations are rarely
evenly distributed within a reservoir, and identifying areas of
both high and low concentrations can help understand reser-
voir processes and identify potential causes. Differences in
spatial distribution among the 5 reservoirs (Fig. 6) could
be caused by various processes such as inflows from tribu-
taries or prevailing winds that drive surface algal into bays
or against shorelines. These maps can help a knowledgeable
reservoir manager to differentiate among various causes of
algal variability or to identify potential issues associated
with reservoir processes. For example, identifying an area
with more frequent blooms could allow a reservoir man-
ager to focus on that area to determine if the “blooms” are
caused by issues such as nutrients that may be amenable to
management controls or if the areas of high concentrations
are due to prevailing winds or currents rather than actual
blooms.

Estimated Deer Creek Reservoir concentrations are spatially
highly variable (Fig. 6), with low concentrations near the
dam (lower end) and higher concentrations in the upper
end, along the shore, and in some bays on the east side.
These high concentrations may be caused by various reser-
voir processes, but the prevailing winds blow to the east,
likely causing the higher concentrations seen in these ar-
eas. Likewise, Rockport and East Canyon exhibit areas of
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higher concentrations on the shoreline, with highly variable
concentrations through the rest of the reservoirs. For these
2 reservoirs, images from other dates show this pattern is
common and persistent, indicating a consistent driving fac-
tor and implying that wind may not be the dominant cause.
This case study does not attempt to determine the causes
of the patterns presented, a process that would require field
data we do not possess; rather, we only present remote sens-
ing data along with conjectures on how these data could be
used by reservoir managers.

In contrast, Echo Reservoir shows a relatively even spatial
concentration distribution across the reservoir. Jordanelle
has high concentrations similar to Echo but shows slightly
more spatial variation, with the upper part of the north arm
showing lower concentrations. Jordanelle images from other
years show higher concentration near the dam and in the
southeast arm, with the northern arm generally exhibiting
lower concentrations.

These images demonstrate that field samples may or may not
represent general reservoir conditions depending on where
and when they were taken and spatial variability. Distri-
bution maps from satellite data can inform field sampling
activities and help evaluate past sampling efforts to deter-
mine if the samples taken were/are representative of the
entire area or are located in areas of relatively high or low
concentrations.

As a brief example of how these maps could be used to
evaluate field sampling, chlorophyll distributions in Echo
Reservoir on the date of the image (Fig. 6) are relatively
uniform, and field sample values would not be sensitive to

7T5ug/L

location, implying that field samples taken anywhere in the
reservoir on this day would accurately represent the entire
reservoir because there is little variation. Deer Creek on this
same date, however, exhibits significant spatial variation in
chlorophyll concentrations, and depending on the location of
the field samples, values could have either high or low values
and not necessarily represent general reservoir conditions.
Taking a sample in the lower portion of Deer Creek on this
date would result in much lower chlorophyll values than
samples taken in the upper portions of the lake (Fig. 6).
Depending on where field samples were taken, they may
or may not provide an accurate representation of the state
of the Deer Creek Reservoir; samples near the dam would
provide different results from samples in the upper end.

Seasonal variations

We observed significant variation in the average chlorophyll
concentration between the seasons (Fig. 7) and between
the reservoirs through time (Fig. 8). For example, the Deer
Creek late-season estimates (lower panel of Fig. 8, line with
circles) shows high estimated chlorophyll concentrations in
1985 and 1998 and lower estimated concentrations in 1988
and 1991. This information provides a different picture than
the large decreasing trend in late-season Deer Creek con-
centrations (Table 1, Fig. 8), but while this trend exists, in
any given year a large bloom could occur because seasonal
behavior has large variations. The historical Landsat data
archive and regular 16-day collection schedule allow devel-
opment and analysis of a time history of estimated reservoir
chlorophyll distributions, can inform managers of the mag-

Figure 7. Estimated chlorophyll distribution in Jordanelle Reservoir, Utah, on 22 August 2002 (left) and 21 May 2003 (right).
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Figure 8. Remotely sensed average chlorophyll by season for all 5 study reservoirs in UT.
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nitude of the variation to expect in a reservoir, and if images
are analyzed as they become available, they may be useful
in identifying short-term trends. Complete spatial observa-
tions of a reservoir throughout the growing season and over
time help provide a more complete picture of the reservoir
behavior.

Trend analysis, statistical measures, and spatial maps can
each provide insight into reservoir processes. Trends pro-
vide an overview of the entire reservoir and are reliable
indices for tracking reservoir health and response to miti-
gation measures; however, trend data (Table 1) may not be
helpful in identifying specific reservoir areas or processes of
concern. Statistical changes over both short-term (seasonal)
and long-term time frames (Fig. 8) provide a more complete
description of reservoir variability. Spatial distribution maps
(Fig. 6 and 7) provide details on spatial reservoir processes
and could, as noted, inform field sampling design or anal-
ysis, identify areas for study or mitigation efforts, or help
evaluate the efficiency of mitigation efforts.

Time-series z-score matrices

Another way to visualize water quality trends is through ma-
trices of normalized z-score transforms (Fig. 9). A z-score,
a dimensionless value, quantifies the number of standard

Year

deviations an observation is above (positive) or below (neg-
ative) the mean. This score is useful for 2 reasons: it allows
comparisons of populations that have widely different mean
values, and it allows easy identification of extreme or un-
usual events (high or low z-values). This method can be
used to compare 2 reservoirs, even if the average concentra-
tion in the reservoirs is significantly different. The z-score
is calculated as:
X —

z= , ®)
log

where x is the data value and u and o are the average and
standard deviation of the dataset, respectively.

We computed z-scores using the full time period for each
reservoir and present these data as raster plots in 3 panels
(Fig. 9). The z-scores are represented as grayscale values
ranging from —1.5 (white) to 4 (black), a range of standard
deviations that indicates the large variability in the dataset.
The left panel represents data from the early-season model
(Apr-May), the middle panel represents data from the mid-
season model (Jun—Jul), and the right panel represents the
data from the late-season model (Aug—Sep; Fig. 9). Because
the scale was selected to clearly differentiate among values
in the range from —1.5 to 2.5, the scale does not extend
beyond these values; however, the maximum values for the
early-, mid-, and late-season models are 4, 3, and 2.5, respec-

Z-score color scale

Figure 9. Z-scores of maximum estimated chlorophyll levels by season and reservoir.
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tively, indicating that the mode of estimated reservoir chloro-
phyll concentrations in these extreme years was statistically
estimated to be higher than 99.99%, 99.7%, and 98.8% of
the years studied, for the early-, mid-, and late-season pe-
riods, respectively. There is significantly more variation in
the early-season yearly average than in the late-season data,
with the maximum z-scores representing 4 versus 2.5 stan-
dard deviations, respectively (Fig. 9).

Visual comparisons are somewhat difficult, The variations
are slight for the extreme values because the scale was se-
lected to more clearly differentiate the middle of the range.
We therefore chose to use a grayscale legend to visualize
time periods with above or below average results, both across
the different reservoirs and across the different seasons.

We expected some temporal correlation between the reser-
voirs, with high or low values occurring in each of the reser-
voirs in the same year creating dark or light bands, but these
bands do not appear. Instead, correlations seem more com-
plex, with highs and lows seeming to occur in periods (wider
bands) but not necessarily specific years (Fig. 9). For exam-
ple, the early-season panel shows that Echo, East Canyon,
Deer Creek, and Rockport all exhibited large blooms in
1995 through 1998, with blooms in Deer Creek appearing
early in this time frame and in the other reservoirs later.
Jordanelle shows values below the mean for this period,
which can be partially explained by the filling of Jordanelle
during this period because the dam was only closed in
1994.

The mid-season data show all the reservoirs exhibiting a
greater number and higher magnitude of blooms in the early
years, with later years showing fewer large z-score events,
and only Deer Creek and Jordanelle exhibiting blooms in
2005-2006. The mid-season panel shows maximum con-
centrations in all the reservoirs decreasing over time, similar
to the trend value, but these plots provide a unique visual
description and allow a more direct comparison among the
reservoirs, even though the absolute concentrations are dif-
ferent.

The late-season data also show a general decrease over time
for maximum value (lighter values toward the bottom of
Fig. 9), but they also show the lack of correlation among the
reservoirs in the late season. For all the reservoirs, 1996 to
2000 shows indications of blooms, but they occur at different
times for each reservoir.

For all 3 panels, the Rockport and Echo patterns are slightly
more similar to each other than to the other reservoirs, possi-
bly because they are in the same drainage and more similar
in location (Fig. 2). The same is true of Deer Creek and
Jordanelle after Jordanelle filled (they are also in the same
drainage). Note that this similarity pattern is present in these

dimensionless values, even though the concentration data are
an order of magnitude different in value.

This study is not meant to provide accurate descriptions of
reservoir processes or causes of chlorophyll concentration
changes, but rather provide simple examples of how remote
sensing data exploited in seasonal models could be used to
infer information about a reservoir or lake. Using seasonal
models allows the computation of long-term trends useful
in attempting to understand complex processes. We expect
that in actual use, a reservoir manager would combine these
data with other data and information to characterize various
processes.

Forecasting

As noted, Landsat images are collected every 16 days,
weather permitting. This ability to obtain data with high
temporal resolution allows short-term trends to be monitored
and potentially predict blooms. The potential for short-term
forecasting (within seasons and from one season to the next)
provides an additional motivation for using Landsat data to
monitor chlorophyll during the growing season. Once sea-
sonal models are developed, processing new satellite images
requires minimal effort.

We used Deer Creek to demonstrate how Landsat data could
potentially be used to forecast future conditions using field-
measured data rather than data estimated from satellite im-
ages. This case study has not been validated and is only
meant to show how these data could be used. If this corre-
lation holds, however, then estimates from satellite images
could be used to predict future conditions.

In this example, we analyze the correlation of field data from
one season to the next. The early- and mid-season data val-
ues are correlated, implying some possible predictive value
(Fig. 10). Some predictive value is expected because reser-
voir conditions are correlated in time, and because condi-
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Figure 10. Correlation between early and mid-season
field-measured chlorophyll levels (g/L).
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tions close in time are more similar than those far apart
in time, shorter-term predictions on the order of the 16-day
collection schedule are expected to have more accuracy than
predictions at longer scales.

The Deer Creek data show that the average field-measured
chlorophyll levels, >5 ug/L. from the early-season, posi-
tively correlate with chlorophyll measurements in the mid-
season (Fig. 10), indicating that results from satellite collec-
tions from the early-season could be used to forecast future
conditions in the mid-season, and more important, these
forecasts can be updated and refined every 16 days (weather
permitting).

While a correlation exists between early- and mid-season
concentrations, data are not sufficient for a simple predic-
tion model. The data seem to show (although we do not
have enough data to confirm) 2 populations or groupings
in the data. The data groups indicate that if early-season
values are <10 ug/L, then mid-season values will likely
be relatively low, <6-8 ug/L. If early-season values are
>10 pg/L, however, then mid-season values will likely be
as high as 10 ug/L or higher. It seems that actual mid-
season concentrations cannot be predicted based on the
early-season values, but general conditions can be predicted
(above or below 10 pg/L). Again, we stress that this is
a simple example using available information and limited
data; developing usable predictive methods would require
more analysis and validation. A study using all the field
data could validate this approach, which could then be used
with estimated chlorophyll values collected at high temporal
resolutions.

Conclusions
Products of seasonal models

Remote sensing data provide valuable information about the
spatial distribution of chlorophyll in reservoirs, information
difficult or impossible to obtain with field samples because
of limited spatial and temporal coverage. Landsat remote
sensing data for North American reservoirs exists every
16 days from 1984 to present (weather permitting). These
data can be used to statistically analyze historical trends
to represent reservoir measures such as average, maximum,
and variance in algal concentrations and to develop visual-
izations to provide more detailed reservoir descriptions. The
spatial distribution maps of chlorophyll can help visualize
reservoir behavior, indicating possible problem areas and
identifying locations for field sampling.

‘We demonstrated several ways to analyze and study these es-
timated chlorophyll data, such as statistical measures, trend
line, spatial distribution maps, and z-score images. Look-

ing at and analyzing remote sensing data in different ways
can help describe and understand reservoir and regional
behavior.

Applications of seasonal models

We demonstrated development of chlorophyll estimate mod-
els using historical data and showed how these seasonal
models could be applied to images acquired in the same
region. Model applications were developed using historical
data from a few reservoirs to other reservoirs in a region, al-
lowing analyses of many reservoirs and comparisons among
reservoirs. While estimated concentrations using this ap-
proach may not be precise, changes in concentration over
time and spatial distributions are relatively accurate, imply-
ing that even reservoirs without field data can be monitored
as long as the optical characteristics of the reservoirs are
similar.

For the 5 reservoirs used in our case study, we observed that
each demonstrated unique behavior, both historically and
within the growing season. Managers can use this knowledge
to identify which reservoirs require additional monitoring
or mitigation efforts. Because the Landsat data provide full
spatial coverage, they may better identify which areas of a
reservoir should be targeted for field sampling.

This case study demonstrated the value of using subseasonal
Landsat models to estimate chlorophyll and how these re-
sults support decision-making for water quality managers.
Once the initial subseasonal models are developed, applica-
tion to historical and current images can be semi-automated
and provide an efficient method to analyze historic trends,
monitor current reservoir conditions, or forecast future con-
ditions.
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