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Inland waters are optically complex and provide an ongoing challenge to effective water quality monitoring
through remote sensing. Imaging satellites with spectral sampling designed for this task often have coarse spatial
resolutions, preventing any capture of information from small lakes. Medium resolution satellite systems such as
Landsat 8 have the appropriate spatial resolution and sensitivity required to resolve these waterbodies, but the
spectral sampling is not optimal. This work uses system simulation to explore potential changes to Landsat
spectral sampling to determine if its ability to monitor inland waters could be improved. The HydroLight and
MODTRAN radiative transfer models are used for simulation in a Look Up Table and spectrum matching approach
to provide maximum ﬂexibility intesting spectral sampling scenarios. To isolate the testing to the impacts of
spectral sampling, all simulations were performed based on the known system noise characteristics of Landsat 8.
Spectral sampling changes tested include the addition of yellow and red edge spectral bands as well as conversion
to an imaging spectrometer. Simulated spectra of inland waters undergoing a cyanobacteria bloom, including
atmospheric effects and sensor noise, were implemented with the Look-Up-Table retrieval process to extract
estimated concentrations of waterbody components. The retrieval accuracy of each potential system is compared
to that of a modeled Landsat 8 baseline. All potential systems show an increase of retrieval accuracy over the
baseline. The best performing system design is an imaging spectrometer, followed by the addition of both a yellow
and red edge band simultaneously, and the addition of either band individually. Testing also demonstrates that
resampling an imaging spectrometer with 20 nm spectral resolution to the Landsat 8 band responses produces
outputs matching those available from Landsat 8. Our results indicate that future Landsat missions should aim to
add as much spectral sampling as is feasible, while maintaining at least the same sensitivity. The minimum change
to improve water quality monitoring capability is the addition of a red edge spectral band.

1. Introduction
Accurate monitoring of inland water quality is critical as issues such
as eutrophication and harmful algal blooms increase (A and National
Water Quali, 2017). In-situ methods of assessing water quality can provide highly accurate measurements but are costly when implementing a
spatially comprehensive analysis. In this regard, remote sensing has
proven to be an effective tool for water quality monitoring over large
spatial scales such as ocean continental margins (Gordon et al., 1983;
O’Reilly et al., 1998; Lee et al., 2002; Carder et al., 2004; Hu et al., 2012).
Passive imaging satellites have shown robust performance in monitoring
clear oceanic waters but are at a disadvantage when monitoring optically
complex waters (Ruddick et al., 2000; Gons et al., 2002; Gitelson et al.,
2007; Palmer et al., 2015a; Kuhn et al., 2019). Optical complexity arises

from interaction between the variable absorptive and scattering components of the water. Algorithms implemented in water quality monitoring often explicitly or implicitly utilize these inherent optical
properties (IOPs) in analysis (Simis et al., 2005; Lunettaa et al., 2015;
Kutser et al., 2016; Zheng and DiGiacomo, 2017; Li et al., 2018),
attempting to appropriately parse and attribute the contribution of
waterbody components to the measured signal. Given the spectral
dependence of these mixtures of IOPs, the algorithm performance is
dependent on the spectral sampling and spectral resolution of the imaging system.
By examining needs for coastal and inland remote sensing, several
studies have determined that current satellite missions (e.g. MODIS,
MERIS, & VIIRS) are suboptimal and recommended increased spectral
sampling and spectral resolution for future sensors (Palmer et al., 2015b;
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data users (Wu et al., 2019). The spectral sampling and coverage of imaging spectrometers are indicated to be desirable by the water remote
sensing community (Dekker et al., 2018). Because an imaging spectrometer would be a large departure from the historic Landsat spectral
sampling and resolution, we test the impact of resampling an imaging
spectrometer to historical Landsat multispectral bands to assess data
continuity.

Mouw et al., 2015; Dekker et al., 2018; IOCCG, 2018). Sensors with
better spectral resolution and spectral sampling improve atmospheric
compensation (IOCCG, 2012), enable cross validation and vicarious
calibration of multi-platform data (Pahlevan et al., 2019), and allow
better leveraging of spectral features in algorithms. Imaging satellites
designed for ocean color applications, such as MODIS and OLCI aboard
Sentinel-3, have a more desirable spectral resolution and spectral sampling, however they are limited by their coarse spatial resolution to
observing large inland lakes. A 300 m spatial resolution such as that on
OLCI can resolve ~60% of global lake area (IOCCG, 2018).
Medium spatial resolution sensors (10–30 m) designed for terrestrial
mapping are capable of resolving ~90% or more of global lake area
(IOCCG, 2018) and their radiometric sensitivity has been improving with
advancing technology. Landsat 8 has been applied to inland water
monitoring due to increased spectral sampling and radiometric performance advances over its predecessors (Vanhellemont and Ruddick, 2014;
Kutser et al., 2016; Li et al., 2018). The next incarnation of the Landsat
mission, Landsat 9, is slated to copy the existing architecture of Landsat 8
and will transmit 14-bit data to ground (Wulder et al., 2019). NASA and
the USGS are in the process of determining speciﬁcations for Landsat 10.
Additional improvements to spectral resolution and spectral sampling of
Landsat sensors should enhance monitoring of complex inland waterbodies (Dekker et al., 2018). However, the potential risk of augmented
spectral sampling affecting Landsat data continuity must be considered
and the beneﬁts of additional spectral resolution and spectral sampling
should be investigated (Recommendations for, 2018).
In this study we model the end-to-end imaging chain to understand
how augmenting the spectral sampling and spectral resolution of future
Landsat missions could beneﬁt their use for inland water quality monitoring. Our model includes potential Landsat systems spectral sampling
and spectral resolution, system noise, and a modeled atmosphere. Our
use case target is modeled water-leaving radiance of cyanobacteria
blooms propagated to the sensor. We then model the atmospheric
compensation process and implement the Look-Up-Table (LUT) approach
of Concha and Schott (2016) to retrieve the concentrations of four
optically active components, Chlorophyll-a (Chl), Total Suspended Solids
(TSS), Colored Dissolved Organic Matter (CDOM), and Phycocyanin
(PC). The accuracy of the retrieved concentrations is used to determine
the most effective spectral sampling and spectral resolution.
For a potential multispectral Landsat sensor this process is used to
evaluate how adding a yellow band and a red edge band to the existing
suite of Landsat bands affects the retrieval task. A yellow band is of interest for several reasons. Landsat 8 spectral sampling has a gap in this
region and adding a yellow band provides nearly complete spectral
sampling in the visible spectrum. Further the PC absorption maximum is
in the yellow and algorithms for retrieving PC have been developed for
sensors with this band such as MERIS (Schalles and Yacobi, 2000; Simis
et al., 2007; Mishra and Mishra, 2014). Finally, other sensors in addition
to MERIS have spectral bands in the yellow such as DigitalGlobe’s
WorldView-2 and -3 sensors as well as Sentinel-3 and the planned water
quality focused Harmful Algal Bloom Satellite-1 (HABsat-1) cubesat
constellation (Donlon et al., 2012; Johansen et al., 2019). A red edge
band has wide application in terrestrial remote sensing community. In a
survey of Landsat data user needs, a majority of users indicated that a red
edge band would allow for a signiﬁcant improvement of data effectiveness in their application area (Wu et al., 2019). A red edge band is also
useful in remote sensing of coastal and inland waters which often have
non-negligible amounts of reﬂectance signal in the NIR region. Further,
lack of a band in this spectral region has shown to be limiting in the
application of Landsat for inland water remote sensing (Kutser et al.,
2016).
For a potential Landsat imaging spectrometer, this process is used to
determine the impact of spectral sampling and spectral resolution on the
retrieval task as well as an assessment of continuity with historical
Landsat data. The transition of Landsat to a full imaging spectrometer
was indicated to be the optimal need in spectral resolution by Landsat

2. Methods
2.1. Modeling process overview
To test the potential of different Landsat system designs for component mapping we model the end-to-end retrieval process in full, beginning with the sun’s light energy interacting with the water to create the
water leaving radiance and ending with the retrieval of component
concentrations. The ﬁrst step of this process is generating a modeled set
of test water leaving radiance spectra using the EcoLight package of
HydroLight (Mobley and Sundman, 2013). HydroLight is an in-water
radiative transfer model that solves a one-dimensional radiative transfer equation and outputs the radiance at discrete depths within the water
column, as well as the water leaving radiance over a discretized hemisphere. The EcoLight package performs this computation only for a nadir
viewing angle, decreasing computation time. EcoLight also simulates
effects of the water surface on the generated radiance spectra, including
glint and wave shape, but does not include wave shadowing or white
caps. The component concentrations and IOPs input to EcoLight are
randomly selected from a range of values to create the test pixel radiance
spectrum. Atmospheric effects are then added using the MODTRAN
radiative transfer code (Berk et al., 1989). This test pixel radiance is then
spectrally sampled using the Relative Spectral Response (RSR) of the
Landsat 8 bands as well as modeled RSRs, both of which include noise
and quantization effects based on known Landsat 8 band characteristics.
Once the scene is modeled through the sensor, the same MODTRAN
data are used to remove the atmospheric effects. This would seem to
imply a perfect atmospheric compensation, however the compensation is
not perfect due to the spectral sampling process, the signal dependent
sensor noise, and quantization. A spectral matching algorithm, akin to
the work of Mobley et al., (2005), Gerace et al. (2013), and Concha and
Schott (2016), is then implemented to determine component concentrations by comparing the test pixel radiance spectra to LUT entries. LUTs
of modeled water leaving radiance spectra are also generated using
EcoLight. Each entry of the LUT corresponds to a pre-deﬁned set of
component concentrations covering an expected range of values. The
randomly generated test pixel spectra are ﬁrst matched to a best-ﬁt LUT
entry and then a process of interpolation and minimization results in a
ﬁnal retrieval. The retrieved concentrations are then compared to the test
pixel concentrations to determine the retrieval error. These processes are
described in more detail in Sections 2.2 - 2.7.
2.2. Test pixel and Look-Up-Table generation
In this work, both the randomly generated test pixels as well as the
structured LUTs were generated using the EcoLight radiative transfer
model. EcoLight uses the IOPs of each of the optically active components
in the water to output a spectral water leaving radiance between 400 nm
and 900 nm at 5 nm increments. In this case ﬁve components were
considered, pure water, Chl, TSS, CDOM, and PC. This work used the
freshwater absorption spectrum of Pope and Fry (1997) and the freshwater scattering spectrum of Morel et al. (1974), both of which are built
into EcoLight. The Chl, TSS, and PC components require inputs of concentrations, mass speciﬁc absorption and scattering spectra, and scattering phase functions. The speciﬁc scattering spectrum for Chl and for
TSS were taken from Bukata et al. (1991) and a PC scattering spectrum
was determined by subtracting the Chl spectrum from a measurement of
speciﬁc scattering by cyanobacteria cells collected by Ahn et al. (1992).
2
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Table 1
Component concentrations used to generate the retrieval LUT.
Chlorophyll-a (mg/
m3)

Total Suspended Solids
(g/m3)

CDOM (1/
m)

Phycocyanin (mg/
m3)

10.0
50.0
75.0
125.0
175.0

3.0
10.0
17.0
25.0

0.1
1.00
2.5

25.0
50.0
75.0
125.0
140.0

Although a single scattering spectrum was used, two Fournier-Forand
phase scattering functions (Fournier and Forand, 1994), whose shape
depends on the ratio of backscattering to total scattering, were used to
describe the angular dependence of scattering for the non-water components. The ratio values chosen were 1.8% and 2.0%, measured in
harbor waters by Petzold (1972) and the mean ratio reported in the Oslo
Fjord by Aas et al. (2005), respectively. Each component is represented
by three values of speciﬁc absorption, or absorption in the case of CDOM.
This was to represent the variability of speciﬁc absorption spectra reported in the literature (Vodacek et al., 1997; Fujiki and Taguchi, 2002;
Stramski et al., 2007; Mishra et al., 2013). Two PC absorption spectra
were taken from samples of a 2017 cyanobacteria bloom in Honeoye
lake, located in the Finger Lakes region of New York state. PC was
extracted and quantiﬁed using the freeze-thaw method of Sarada et al.
(1999). The third PC absorption spectrum with a value of 0.005 mg/m^3
at 620 nm was taken from measurements by Mishra et al. (2013) of
Mississippi ponds. The three absorption spectra for Chl, TSS, and CDOM
were obtained from the measurements of Nguy-Robertson et al. (2013)
from lakes and reservoirs in Indiana bracketing the range of variability
they reported. The set of 1000 random test pixels and the structured
retrieval LUT were built using these IOP spectra. Both the test data set
and structured LUT use the same IOPs to replicate the methods of Gerace
et al. (2013) and Concha and Schott (2016) where IOPs measurements
were collected simultaneous with imagery and therefore known,
excluding any measurement error. EcoLight uses RADTRAN to determine
the scene irradiance, thus requiring date (September 16), time (16 GMT),
and location (Lat/Long 42.83 N/77.7 W). These values corresponded to
the cyanobacteria bloom season and time of day for a Landsat 8 overpass
corresponding to western New York.
Concentrations for each of the test pixels were chosen randomly from
preset ranges. These ranges were 10–150 mg/m3 for Chl, 25–120 mg/m3
for PC, 3–20 g/m3 for TSS, and 0.1 to 2.0 m-1 for CDOM. These values
were chosen based on measured concentration ranges reported in the
literature during cyanobacteria blooms (Randolph et al., 2008; Mishra
et al., 2013; Yacobi et al., 2015). The water column is assumed to be
optically thick with no bottom effects, simulated through use of the
“inﬁnitely deep water” option in EcoLight. One of the three absorption
spectra and one the of two scattering phase functions were randomly
chosen for each run. Note that the generated test pixel data are spectral
and will be resampled to modeled sensor RSRs. The same scattering,
absorption, and phase scattering data were used for generation of the
LUT in a structured fashion. Discrete concentration levels for each
component were used in the LUT. A full list of concentration levels is
shown in Table 1. The highest component concentration levels in the LUT
were chosen to be greater than those for the test pixels. The LUT entries
are spectral and will be resampled to modeled sensor RSRs. Based on the
concentrations listed in Table 1, three possible speciﬁc absorption spectra
for each of the four absorbing components, a single speciﬁc scattering
spectrum for each component, and two scattering phase functions, the
LUT contains 48,600 entries.

Fig. 1. Spectral sampling of Landsat 8 with an added Super-Gaussian red edge
band centered at 720 nm (pink). (For interpretation of the references to color in
this ﬁgure legend, the reader is referred to the Web version of this article.)

The radiative transfer model MODTRAN was used to model the
spectral atmospheric transmission and upwelled radiance (Berk et al.,
1989). Consistent with EcoLight, these effects were modeled for nadir
view from ground to the sun synchronous altitude of Landsat 8 (705 km)
and the date, time, and latitude/longitude were set to be the same as used
for generation of the test pixels and LUT. The rural aerosol proﬁle with a
23 km visibility was used with at mid-latitude summer model atmosphere. This visibility represents clear sky low haze conditions for ground
viewing from space. This MODTRAN output for spectrally dependent
atmospheric transmission (tatmos) and radiance (Latmos) is combined with
the water leaving radiance spectra (LW) to form the sensor reaching
spectral radiance (Lsens) using Equation (1). After the addition of atmospheric effects, the test pixel radiance is resampled to the RSR of the
system being tested, described in section 2.4.
The retrieval process requires atmospheric compensation of the
spectra. This compensation is done by using the same MODTRAN output
and Equation (2), where the atmospheric values have been sampled to
the spectral bands of the imaging system being modeled using the real
and modeled RSRs described in Section 2.4.
Lret ’ ¼

Lsens ’  Latmo ’
tatmo ’

As previously stated, this compensation routine assumes perfect
knowledge of the atmosphere which is generally not the case due to the
complexity of determining atmospheric variables. This assumption is to
allow atmospheric effects to have an impact on the simulated radiance
spectra, namely through the process of spectral sampling (Section 2.4),
adding noise, and quantization (Section 2.5), without the residual error
obfuscating the impacts of the tested spectral sampling and resolution
conﬁgurations which are the focus of this study. Reducing error from
imperfect atmospheric compensation is an ongoing problem critical to
water quality remote sensing that still requires study.

2.4. Spectral sampling and spectral resolution
With our focus on investigating spectral resolution and spectral
sampling for future Landsat missions, we modeled Landsat as a multispectral system and as an imaging spectrometer. For a future multispectral system, we used the Landsat 8 RSRs and additional spectral
bands modeled as Super-Gaussians, described in equation (3).

2.3. Addition of atmospheric effects




RSRmodeled ¼ e
Lsens ¼ LW *tatmo þ Latmo

(2)

(1)

λλcenter
w

10
(3)

Where λcenter represents the center wavelength and w is the approximate
3
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noise coefﬁcient (b), the scene radiance (S), and a factor of 0.8 to account
for error reduction from the cubic convolution resampling of the Level-1
Product. The values for a, b, and q are band speciﬁc and were generated
using on-orbit Landsat 8 noise measurements. This noise is added to the
signal of each band as the standard deviation of a zero mean normally
distributed value. The noise radiance per signal radiance is shown in
Fig. 2.
N¼

rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ 2
0:8 b*S þ a þ q2

(4)

Since we want to determine the most effective spectral sampling and
spectral resolution, we also need a process to estimate the effect of band
position and HWHM on the noise of the modeled spectral bands for both
the multispectral and imaging spectrometer cases. To model the noise of
a given band center we interpolate from the Landsat 8 bands and then
adjust based on the modeled band HWHM, allowing us to test different
sensor conﬁgurations. For example, for a modeled band at 620 nm with a
HWHM of 20 nm we interpolate the noise and HWHM of Landsat bands 3
(center – 561 nm, HWHM – 28.5 nm) and 4 (center – 654 nm, HWHM –
18.5 nm) at 620 nm producing the noise for a band with a HWHM of 22.1
nm. The noise of the modeled band is then multiplied by the ratio of the
interpolated width to its desired width, thus narrower bands have more
noise and wider bands have less. With this process the signal dependent
and independent noise are implicitly included. The sampled radiance
spectra are then entered in the component retrieval process.

Fig. 2. The output Noise Radiance versus the input Signal Radiance of the ﬁrst 5
Landsat 8 bands based on the model by Morﬁtt et al. (2015).

half-width half-max (HWHM) which we use to report bandwidth for most
cases in this work. We will explicitly state the use of full-width half-max
(FWHM) where appropriate. These functions approximate the RSR of the
existing Landsat bands by having a level spectral response over across the
center wavelength and a sharp fall-off outside of it. As an example, Fig. 1
shows the RSR of a modeled band centered at 720 nm (red edge) along
with the RSRs of bands one through ﬁve of Landsat 8. We test multiple
bands, with band centers ranging from 590 nm to 630 nm for the yellow
and 675 nm–725 nm for the red edge both in 1 nm increments. The
approximate HWHMs of all bands ranged from 15 to 30 nm wide
(FWHMs 30 nm–60 nm) which are similar to the existing Landsat 8
bands. We also test how adding both a yellow and red edge band
simultaneously affect retrieval. For the simultaneous test, band centers
range from 590 nm to 630 nm for the yellow and 680 nm–725 nm both in
5 nm increments. The HWHMs are 15 nm, 18 nm, 20 nm, 25 nm, and 30
nm for both bands.
For a future imaging spectrometer, we tested systems with 5 nm
FWHM and FWHMs between 10 nm and 100 nm at 10 nm increments
(see Fig. 8) in the range of 400–900 nm. In each case, the center of the
shortest wavelength band is 400 nm. The approximate HWHM of the
bands were chosen to be the point where an adjacent band’s approximate
HWHM overlaps (e.g. a system with 20 nm FWHM would have bands
with an approximate HWHM of 10 nm). In a second test of band center
locations, spectrometers with 20 nm, 40 nm, 60 nm, and 80 nm FWHM
were incrementally shifted to determine how changing placement would
affect retrieval. For each system, band centers were shifted by 5 nm increments until the wavelength repeated. For example, a system that had
20 nm spacing would be tested with the location of its shortest wavelength band center at 400, 395, 390, 385 nm (shifts of 0, 5, 10, and 15
nm). If the band centers where shifted another 5 nm it would return the
sampling to that of the original system. The 20 nm system was also used
to test how well a spectrometer could be resampled to the historic
Landsat product for data continuity. This was done by modeling a 20 nm
spectrometer, resampling its retrieved radiances to Landsat 8 RSRs, and
using the resampled spectra in the constituent retrieval process. In this
data continuity test, the band center locations were also shifted by 5, 10,
and 15 nm.

2.6. Constituent retrieval
Following the procedures in sections 2.3 through 2.5 the test pixels
have the qualities of real data (atmospheric effects, spectral resampling,
system noise) and have undergone atmospheric compensation thus are
prepared for constituent retrieval using the LUT and spectral matching
process. The LUT of radiance spectra is also sampled to the modeled
system RSRs. The root-mean-square-error (RMSE) between each LUT
entry and each test pixel is determined using equation (5) where N is the
number of bands in the system while the subscripts test and LUT refer to
the test pixel and LUT spectra, respectively. The lowest root mean square
error is used to identify the most similar LUT spectrum and its IOPs.
sﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
PN !
!
2
i¼0 ð L test  L LUT Þ
RMSE ¼
N

(5)

As the LUT entries are discretely spaced, we perform an interpolation
of component concentrations to improve the accuracy of retrieval. Like
the interpolation process by Concha and Schott, we perform an interpolation of LUT component concentrations and LUT water-leaving radiance spectra to build a linear function that approximates the waterleaving radiance spectrum of any given set of concentrations. This
interpolation uses only LUT entries that have the same IOP set as the most
similar LUT spectrum determined from equation (5), as we assume that
these are the IOPs that best represent the test pixel. Unlike Concha and
Schott who only considered three optically active components (Chl, TSS,
CDOM), we consider a fourth (PC) and therefore interpolate across 4
components instead of 3. The input concentrations that minimize the
difference between the approximated spectrum and the test pixel spectrum are determined using a nonlinear least-squares ﬁtting algorithm
from MATLAB (Mathworks, 2017) where the concentrations of the most
similar LUT spectrum are used as the initial guess. The concentrations
output by the minimization are recorded as the retrieved concentrations
for each of the 1000 test pixels.

2.5. System noise
System noise for the existing Landsat 8 bands was implemented in the
modeling chain using the noise model from Morﬁtt et al. (2015). As
shown in Equation (4), this model determines the total noise radiance
(N), with units W/(m2 sr μm), using the quantization noise coefﬁcient
(q), the signal-independent noise coefﬁcient (a), the signal dependent

2.7. Error reporting
Error in the concentration retrieval has several sources beyond our
target of spectral sampling including noise in the overall process, IOPs
4
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Fig. 4. Concentration retrieval NRMSE of a modeled system with the same
spectral coverage and noise characteristics of Landsat 8.
Fig. 3. Modeled Top of Atmosphere Radiance compared to TOA radiance from
Landsat 8 Imagery over Lake Erie in 2015. Blue is data taken from a July image
while red is data taken from a September image. (For interpretation of the
references to color in this ﬁgure legend, the reader is referred to the Web version
of this article.)

MODTRAN inputs used to generate the atmosphere. These results indicate the modeling process produces reasonably realistic spectra.
3.2. Retrieval performance using Landsat 8 spectral sampling

used, and the LUT search and interpolation process. This experiment is
designed and reported in a way that changes in error are driven by
changes in spectral sampling. Error in retrieval is reported as Normalized
Root Mean Square Error (NRMSE). This value is equivalent to root mean
square error but normalized by the difference between highest and
lowest concentration present within the test pixel set. Equation (6) describes the NRMSE, where N in this case is the number of test pixels, the
ret and truth subscript indicate the retrieved concentration and truth
concentration respectively, and max/min represent the maximum and
minimum concentrations of the test pixel set. The goal of this work is to
determine improvement over Landsat 8 spectral sampling and NRMSE
allows consistent comparison of performance across components and
system designs.

We modeled the Landsat 8 system, using its spectral sampling and
noise characteristics, to set a baseline of retrieval error against which
other systems could be compared. We retrieved the water components
from all 1000 modeled test pixels. Error was reported as NRMSE in Fig. 4.
3.3. The impact of additional multispectral bands
The results of modeled water constituent retrieval are provided in
Fig. 5 for the addition of a yellow band, in Fig. 6 for the addition of a red
edge band, and in Fig. 7 for the addition of both bands. For these three
ﬁgures the NRMSE of the retrieved component varies as a function of
band center and bandwidth allowing critical assessment of tradeoffs for
these variables. Note that the color scales in each ﬁgure are not ﬁxed to
better visualize results.
The results in Fig. 5 indicate a yellow band with a HWHM in the range
of 15 nm and 20 nm with a center around 625 nm leads to the greatest
improvement in retrieval. The retrieval of Chl, TSS, and CDOM all
outperform the baseline Landsat 8 system when a band is added with said
properties. CDOM outperforms the base system at all locations regardless
of band placement, an intuitive result as adding more spectral information should allow for better ﬁtting of the observed spectra. Chl and TSS
outperform the baseline system for the majority of tested bands except
those closer to 590 nm. This degraded retrieval accuracy is likely a result
of redundant information from the overlap of the modeled yellow band
and the existing Landsat 8 green band causing confusion in the LUT
retrieval process. This is most clearly illustrated by Chl, which shows
retrieval error decrease faster for thinner bands as band centers increase
from 590 nm.
PC retrieval is inconsistent relative to the other components.
Furthermore, the range of band centers that perhaps show improvement
over the baseline (605 nm–615 nm) are slightly removed from the PC
absorption feature. This offset may allow the algorithm to better parse
out the IOPs of PC from the other components in this region. Conversely
this offset may help the retrieval algorithm better determine the IOPs of
the other components and subsequently PC, however this is not supported by the reported retrieval errors of the other components in said
region. Finally, the retrieval process may attribute noise in the spectrum
to PC to better ﬁt other components.
The retrieval results of the added red edge band show improvement
comparable to that of the added yellow band, driven primarily by improvements in Chl and PC retrieval. These components show an
improvement over the baseline system regardless of band placement and
width. The retrieval error of Chl decreased signiﬁcantly with the addition

rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ﬃ
PN
2
i¼0

NRMSE ¼

ðCret Ctruth Þ
N

Cmax  Cmin

(6)

3. Results and discussion
3.1. Comparison of modeled spectra to real data
As a simple test to verify our modeling process we compare the TOA
radiance spectra of our test pixels to that of radiometrically calibrated
Landsat 8 scenes containing cyanobacteria blooms. Two Landsat 8 images, collected in July and September 2015 (LC8019032015209LGN00
and LC8019032015257LGN00) over Lake Erie, were selected for comparison. A region of interest containing bloom and non-bloom waters
north of Port Clinton, Ohio was selected by visual inspection. This region
falls near a sampling site where the National Oceanic and Atmospheric
Administration’s Great Lakes Environmental Research Lab measure
chlorophyll concentrations weekly each year, including between July
and October of 2015 (Vander Woude et al., 2019). Concentrations at this
site (WE15) ranged between 4 and 221 mg/m^3, agreeing well with our
modeled range (NOAA, 2019). The region of interest mean radiance and
its standard deviation for each band were calculated and compared
against the mean and standard deviation of the 1000 test pixels which
also represent bloom and non-bloom conditions, shown in Fig. 3.
In each band, the standard deviation radiance of the modeled spectra
overlaps with the standard deviation radiance of at least one of the two
images. It is expected that these spectra should be similar considering
they are dominated by atmospheric radiance. Spectral differences may
arise from IOP variability, random aspect of the test pixels, and the
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Fig. 5. Retrieval NRMSE for each component using
modeled future Landsat systems with Landsat 8
spectral coverage and an added yellow band. Each
graph represents a different component with the yaxis being the center of the added yellow band, the xaxis being the approximate HWHM, and the color
axis being the NRMSE. The NRMSE scales for each
component are variable to allow for better visualization. The retrieval NRMSE from the baseline
Landsat 8 model (see Fig. 4) is labeled on the colorbar with an asterisk. (For interpretation of the references to color in this ﬁgure legend, the reader is
referred to the Web version of this article.)

Fig. 6. Retrieval NRMSE for each component using
modeled future Landsat systems with Landsat 8
spectral coverage and an added red edge band. Each
graph represents a different component with the yaxis being the center of the added red edge band, the
x-axis being the approximate HWHM, and the color
axis being the NRMSE. The NRMSE scales for each
component are variable to allow for better visualization. The retrieval NRMSE from the baseline
Landsat 8 model (see Fig. 4) is labeled on the colorbar with an asterisk. (For interpretation of the references to color in this ﬁgure legend, the reader is
referred to the Web version of this article.)

PC shows improvement with all possible red edge bands with the best
retrievals taking place with band centers at the long wavelength end of
the tested range. This may be caused by the methodology used to derive
the mass speciﬁc scattering spectrum used for PC, which attributes most
of the phytoplankton NIR scattering to the component containing PC
(Ahn et al., 1992). This increased scattering has also previously been
used as the basis for a remote sensing index-based algorithm for

of the red edge band, as was expected based on its absorption minimum
and ﬂuorescence emission peak in this region (Mitchell and Kiefer, 1988;
Bricaud et al., 1995). This result is encouraging considering that the
placement of a red edge band would most likely be determined based on
terrestrial application needs. The best Chl retrieval tends to favor band
centers ranging from 690 nm to 705 nm, with an approximate HWHM
around 15 nm–20 nm.
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Fig. 7. Retrieval NRMSE for each component using
modeled future Landsat systems with Landsat 8
spectral coverage and both an added Red Edge and
Yellow band. Each graph represents a different
component with the y-axis being the center of the
added yellow band, the x-axis the center of the added
Red Edge Band, and the color axis being the NRMSE.
Each of the 30 large boxes represent a different band
combination, with the sub-elements representing
different HWHMs. The sub-elements represented
HWHMs of 15, 18, 20, 25, and 30 nm from top to
bottom for the yellow band and left to right for the
Red Edge band. The NRMSE scales for each component are variable to allow for better visualization.
The retrieval NRMSE from the baseline Landsat 8
model (see Fig. 4) is labeled on the colorbar with an
asterisk. (For interpretation of the references to color
in this ﬁgure legend, the reader is referred to the Web
version of this article.)

combination of widths. Wider bandwidths are placed lower in each box
for the yellow band (y-axis), and further right for the red edge band (xaxis). For both bands, the HWHMs are deﬁned to be 15, 18, 20, 25, and
30 nm. This means that the results generated using the two most narrow
bands is always in the top-left of a box and those from the two widest
bands are always in the bottom-right.
The two-band system retrieval error for all components is lower than
that of the baseline for nearly all conﬁgurations. The only exception to
this is the retrieval of CDOM by systems with yellow bands at 590 nm and
red edge bands at longer wavelengths. These bands have previously been
noted to lead to underperformance in CDOM retrieval when added
individually. The best conﬁguration for each individual component
varies though they generally agree with what has been observed from the
bands individually with Chl and PC. A 590 nm band paired with already
well performing red edge led to the lowest Chl retrieval error despite the
590 nm band causing underperformance when added individually. Chl
also saw the greatest decrease in retrieval error, outperforming the sole
addition of yellow band retrieval regardless of band position or width. PC
was retrieved equally well by a two-band system with yellow bands
centered from 590 nm to 630 nm despite yellow bands at longer wavelengths showing worse performance when added alone. The change in
Chl and PC retrieval performance for these noted bands may be a result of
the spectral nature of IOPs and the LUT retrieval process. The addition of
a single band can lead to an improvement in retrieval, but as the LUT
retrieval process is essentially a spectral unmixing problem there is uncertainty in determining the extent that each component affects the
newly sampled region. Changes in the spectrum by each component
covary due to the spectral variation of IOPs, meaning that this uncertainty can be increased by sampling additional regions of the spectrum,
leading to better a ﬁt from the LUT and hence decreased retrieval error.
To summarize, the addition of a yellow and red edge band to the
existing Landsat spectral coverage improves retrieval in most cases. Both
the addition of only a yellow band or only a red edge band showed
improvement in retrieval with some dependency on position and width.
The addition of both bands simultaneously showed improvement nearly
regardless of band position and width meaning that band conﬁgurations
would be amenable to the needs of other application areas.

Fig. 8. NRMSE of retrieval for modeled imaging spectrometers with varying
incrementing bandwidths. Retrieval error of each component is represented by a
different line, where all lines show increasing error with increasing bandwidth.

monitoring cyanobacteria blooms known as the Cyanobacteria Index
(Wynne et al., 2008, 2010).
TSS and CDOM showed a high sensitivity to band center with the best
performing bands at the shortest wavelengths. Bands with centers longer
than 685 nm tended to underperform the baseline at retrieving these
components. This is an intuitive result as TSS and CDOM absorption both
decrease with increasing wavelength leading to minimal information in
the NIR region of the spectrum. For CDOM, the retrieval error for any red
edge band is greater than any yellow band. For TSS, there is relatively
minor improvement but only at wavelengths shorter than 685 nm around
695 nm.
The simultaneous addition of a yellow band and red edge band,
shown in Fig. 7, outperformed the addition of either band individually. In
Fig. 7, each of the 30 outlined boxes shown represent a different band
combination, where each individual sub-element represents a different
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Fig. 9. Retrieval error of imaging spectrometers with band centers shifted until their positions repeated. Four spectrometer spacings were tested (20, 40, 60, and 80
nm). Each plot in this section is relates to the retrieval error of a different component.

error with increasing band spacing, as shown in Fig. 8. Recall that the
shortest wavelength band is centered at 400 nm in each case. This is an
intuitive result as wider bands average more spectral features when
sampling the spectrum. Across all components, each modeled spectrometer had a retrieval error that was less than the baseline Landsat 8
model. This result may seem unexpected considering that a system with
100 nm increment spacing has only six bands in the 400 nm–900 nm
range, compared to Landsat 8’s ﬁve, but the spectrometer blankets this
entire range while Landsat leaves considerable gaps (Fig. 1). Systems
with a 60 nm or lower band spacing showed consistent retrieval error,
with only small variations. A small upturn of retrieval error is noticeable
for the 5 nm and 10 nm spectrometer, especially in the case of CDOM,
which is most likely from increased noise due to smaller bandwidths. For
spectrometers with spacings between 100 nm and 70 nm retrieval error
was inconsistent. This may be due to the different band spacings
changing the sampling of spectrum features leading to better or worse
retrieval. This change in retrieval error suggests that a more optimal
alignment of band sampling locations and features exists for wider
spaced systems and was in part motivation for examining how shifting
the spectrometer band center locations affected the performance of imaging spectrometers.
When testing shifting of imaging spectrometer band centers, systems
with larger bandwidths had larger changes in retrieval depending on
band shift, as shown in Fig. 9. Fig. 9 supports reasoning that the error in
the wider spaced system was caused by the relative position of the band
RSRs and spectrum features. The two systems most resilient to shifting
were the ones with lower spacing, i.e. 20 nm and 40 nm, with the 20 nm
system outperforming the 40 nm system. The 60 nm and 80 nm spectrometer show a notable decrease in retrieval error when shifted 40 nm
and 60 nm, respectively, likely caused by both systems requiring an
additional band to maintain full coverage of the entire 400 nm–900 nm
range. These results indicate for a system with narrower bandwidths (e.g.
5, 10, 20 nm), band center locations are not critical. For potential systems
with wider bandwidths band center location does impact retrieval of
water constituents would need their positions considered. This is
consistent with the results of Cao et al. (2019) which showed wider
bandwidths decreased accuracy of various inland water remote sensing

Fig. 10. Retrieval error of a 20 nm Imaging Spectrometer that has been
resampled to the spectral coverage of Landsat 8. This resampling was tested on 4
different systems where the position of the band centers was shifted by increments of 5 nm, indicated by the x-axis. The dashed line indicates the performance of the baseline Landsat 8 model.

3.4. Performance of imaging spectrometers
In this section we show results for different imaging spectrometers
spectral sampling conﬁgurations to allow for varying band center and
bandwidth. Fig. 8 shows the effects of varying bandwidth on retrieval,
Fig. 9 demonstrates the combined effect of shifting band centers and
varying bandwidths on retrieval, and Fig. 10 tests data continuity
through resampling of an imaging spectrometer with a 20 nm bandwidth
to Landsat 8 RSRs.
The results of testing varying bandwidths show increasing retrieval

8

R.T. Ford, A. Vodacek

Science of Remote Sensing 1 (2020) 100005

Fig. 11. Comparison of spectral coverages tested along with the baseline system. Multispectral systems are represented by the mean retrieval error over all centers and
widths. The imaging spectrometers reported range in FWHM from 60 nm to 5 nm with centers shifted to the location of optimal performance.

remain multispectral.
Future work should be supplemented by real world data. This could
be done by implementation of multispectral and hyperspectral imaging
systems on airborne platforms. This would allow better representation of
how atmospheric compensation affects measured spectra. Further studies
should also examine other attributes of a future Landsat system such as
temporal revisit time which is critical for monitoring dynamic bloom
events. The results of this study focus primarily on the use of Landsat for
water quality monitoring, but similar modeling studies should be performed for other domains such as agriculture or forestry. These studies
can allow the USGS and NASA to create meaningful design requirements
for a system which performs optimally across applications.

algorithms.
The retrieval error of the resampled spectra with a 20 nm FWHM
spectrometer, shown in Fig. 10, matches the retrieval of the base Landsat
8 system well, with little sensitivity to band shifting. The NRMSE difference between the baseline and resampled systems was less than 0.01
for almost all components except CDOM which was slightly higher
around 0.01 to 0.02. Reconﬁguring the spectrometer sampling to maximize the number of band centers that fall within the Landsat 8 band RSRs
eliminates this difference. Similarly, performing the same test using a
spectrometer with 10 nm spacing and no noise adjustment for bandwidth
eliminates this difference as well. This indicates that retrieval ability of
the resampled system is dependent on the relative placement of spectrometer band centers to the Landsat RSRs, inferring that spectrometers
with narrower spacing are better suited for this task. Overall, these results show potential that spectrometer data can be resampled to maintain
data continuity with Landsat 8 for water applications.
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4. Conclusion
In this work, we perform modeling studies to determine how future
Landsat systems could be improved for water quality monitoring. This
testing focuses on determining how augmenting spectral sampling and
resolution of Landsat systems impacts performance of an LUT spectral
matching algorithm. Adding a single band to the existing Landsat 8
system showed improvement in retrieving all components (Fig. 11), both
in the case of the Red Edge and Yellow band, though this was dependent
on the band’s placement and width. The best performing bands were
generally those with smaller bandwidths. Simultaneously adding both
bands not only lessened this dependency but allowed for a greater
decrease in error. Retrieval error tended to decrease as spectral sampling
and resolution increased over the visible/NIR region. This is reinforced
by the modeled imaging spectrometer with 100 nm band spacing (i.e. 5
bands) that outperformed the Landsat 8 baseline model.
Our testing demonstrates the transition to a full imaging spectrometer
for the VNIR portion of the spectrum for a future Landsat system will
outperform the Landsat 8 baseline for water applications. The lowest
retrieval error was achieved when the bands had an incremental spacing
of about 30 nm. This spacing can be inferred to be the best trade-off
between spectral resolution and the increased noise caused by the narrow bands and this conﬁguration is insensitive to band center position.
Our results also imply that resampling to a historic Landsat product is
feasible with this spacing. The application of future Landsat missions for
water quality monitoring will beneﬁt from additional spectral sampling,
regardless of the decision to implement a full imaging spectrometer or
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