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A combination of newmeasurements and analysis of historical data from several geographic regionswas used to
address four issues that affect the reliability and interpretation of colored dissolved organicmatter (CDOM)mea-
sured by remote sensing of inland waters. First, high variability of CDOM levels in lakes and rivers was found at
seasonal and multi-year time scales and at shorter intervals in some rivers and lakes. Coefficients of variation
(CVs) of 30%–50% for absorptivity at 440 nm (a440) were common in historical and new data sets we examined.
CDOM values used to calibrate imagery thus should be measured close to the image acquisition date, preferably
within 1–2months in lakes and a few days in large rivers, unless it can be shown that CDOM levels are temporally
stable over longer (or shorter) time periods in a given aquatic system. Second, spectral slopes (S) for CDOM in the
visible range vary little over time (even over multi-year periods) within sites. Substantial variation was found
between sites, however, and most spectra showed a change in slope near 460 nm. Values of S400–460 for waters
withmoderate to high CDOM levels generally were within a narrow range (~0.014–0.018) and similar to report-
ed S values in the near UV. Values of S400–460 for waters with low CDOM generally were smaller and more
variable, as were values for S460–650 for all waters. Overall, the variability of spectral slopes in the visible
range should not have a large effect on the reliability of a440 estimates made from remote sensing, which in
many models involve reflectance measurements at wavelengths N 500 nm. Third, although a strong correlation
(r2 = 0.925) was found between CDOM levels and DOC concentrations in 34 surface waters sampled in 2013,
the standard error of estimate suggests an uncertainty of ~±20% in predicting DOC at a440= 5m−1 (amoderate
CDOM level). Moreover, CDOM–DOC relationships for unpublished data sets we analyzed and those reported in
the literature indicate that both the fraction of DOC that is colored and slopes of regressions between CDOM and
DOC are highly variable in space and time. Prediction of DOC concentrations in water bodies from CDOM levels
(whether measured in the laboratory or by remote sensing) thus is associated with considerable uncertainty.
For the present, this implies that field sampling is required to verify DOC concentrations predicted from remotely
sensed CDOM measurements until we have a better understanding of variations in DOC–CDOM relationships.
Fourth, shapes of reflectance spectra for CDOM-rich waters varied greatly depending on the concentrations of
other constituents (suspended solids and chlorophyll) that affect the optical properties of water. Nonetheless,
it is not obvious fromour results for several predictivemodels that different remote sensing algorithms are need-
ed to calculate CDOM levels accurately for waters where CDOM is the only variable affecting reflectance versus
waterswhere other constituents also affect the spectra. The best band or band ratiomodels for simulated Landsat
8, Sentinel-2 and Sentinel-3 bands from fieldmeasured reflectance spectra yielded high r2 values (0.84–0.86) for
a440. The broader Landsat 8 bands worked nearly as well for a440 as the narrower Sentinel band sets and
hyperspectral bands, probably because CDOM is characterized by a broad exponential increase in absorbance
with decreasing wavelength rather than specific peaks or troughs in absorbance or reflectance.

© 2014 Elsevier Inc. All rights reserved.
nmental, and Geo-Engineering,
polis, MN 55455. Tel.: +1 612
1. Introduction

Colored dissolved organic matter (CDOM) is considered to be the
major component of the dissolved natural organic matter (DNOM) in
natural waters. CDOM also has many important effects on aquatic ecol-
ogy and chemistry, as well as on the suitability of surface waters for
human use. Understanding the distribution and dynamics of CDOM
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thus is broadly important to monitoring, assessment and management
of surface waters, and remote sensing is especially attractive for moni-
toring purposes because of its ability tomakemeasurements at regional
and even larger scales.

Many algorithms have been proposed to retrieve CDOMvalues from
remotely sensed imagery; empirical, semi-analytical, matrix inversion
and optimization methods all have been proposed. Zhu et al. (2014) re-
cently compared 15 of these methods using data from Saginaw Bay in
Lake Huron, and they found that most methods do not provide reliable
estimates of CDOM levels. Even those that provided the best estimates
tended to yield underestimates at high CDOM levels and overestimates
at low CDOM. In spite of the recent spate of publications on CDOMmea-
surement by remote sensing, many questions remain unanswered, and
procedures to measure CDOM accurately across a wide range of water
quality conditions remain an elusive goal.

Development of reliable methods to retrieve CDOM information
from spectral reflectance data is difficult. Indeed, among the major
water quality variables measurable by remote sensing (e.g., suspended
solids, chlorophyll, Secchi depth), for several reasons CDOM may be
the most difficult to measure accurately in inland waters. First, CDOM
absorbs but does not scatter or reflect light. Hence the upwelling
(water-leaving) light signal is very small in CDOM-rich waters. Second,
CDOM has no absorbance troughs or peaks, such as are found for plant
pigments; instead light absorption by CDOM follows a simple quasi-
exponential decrease with increasing wavelength. There are no wave-
length bands in the visible spectrum uniquely associated with CDOM
that can be used for measurement purposes. In addition, the exponen-
tial decline in absorbance with increasingwavelengthmeans that its ef-
fects on reflectance are higher in the blue region, where atmospheric
correction is more difficult (Kutser, Pierson, Kallio, Reinart, & Sobek,
2005) than in the green and red regions generally preferred to measure
water quality variables in freshwaters (Gilerson et al., 2010; Gitelson,
1992;Moses et al., 2011). Third,measurement of low tomoderate levels
of CDOM in optically complex waters (those containing mineral
suspended solids, algae and associated organic particles) is especially
difficult because light scattering by these particles dominates their
reflectance spectra.

Aside from issues related to the direct effects of CDOM and
other water quality constituents on reflectance spectra, several other
CDOM-related issues must be resolved to achieve reliable remote sens-
ing protocols for CDOM across a wide range of inland water conditions.
This paper focuses on four important questions:

1. How variable are CDOM levels temporally (intra-seasonally to inter-
annually) in a water body?

2. How do the spectral properties of CDOM vary in the visible range
(~400–700 nm) among surface waters and over time in a given
water body?

3. How constant is the relationship between CDOM measured as
absorptivity at 440 nm (a440) and DOC measured as mg per liter?

4. How do reflectance spectra of inland waters vary as a function of
CDOM levels and concentrations of other light-absorbing and scat-
tering constituents, such as chlorophyll and suspended particles,
and does the wavelength combination used to retrieve CDOM from
reflectance spectra depend on whether CDOM is the predominant
property affecting a water body’s inherent optical properties (IOPs)
or constituents like suspended solids and chlorophyll also are
important?

We address these questions by (i) analysis of historical and unpub-
lished data of others and collection of new data, including a sampling
program on waters with diverse optical properties, (ii) measurement
of ground-level detailed reflectance spectra on these waters, (iii) use
of these spectra to simulate Sentinel 2 and 3 and Landsat 8 sensors,
and (iv) evaluation of new and published models to retrieve CDOM
values from reflectance data.
2. Background

2.1. Why are these questions important?

Variation in CDOM levels within and across ecosystems (question 1)
is important relative to whether contemporaneous ground-based sam-
ples are needed to calibrate predictive algorithms. CDOM generally is
thought to be a relatively stable property of lakes (probably less so in
flowing waters), but whether this stability allows use of ground-based
samples collected within a month, six months, a year, or even longer
is not well known. Variation in the visible spectral properties of CDOM
(question 2) is important because remote sensing techniques to mea-
sure CDOM differ from laboratory and in situ methods. Most empirical
remote sensingmethods used for inlandwaters are based on reflectance
at wavelengths N 500 nm (e.g., Kutser et al., 2005; Menken, Brezonik, &
Bauer, 2006), but laboratory methods are based on absorbance at
~410–440 nm, and in situ probes for CDOM (e.g., Chen, 1999; Gardner,
Chen, & Berry, 2005) are based on fluorescence at ~450 nm (excitation
wavelength of ~350 nm). The extent to which CDOM absorbance spectra
vary among waters could affect the reliability of estimating CDOM in
terms of a440 from reflectance values measured at longer wavelengths.
The constancy of the relationship between CDOM and DOC (question 3)
is important relative to the use of CDOM as a surrogate for DOC, which
is a goal of biogeochemists interested in quantifying the role of freshwa-
ter DOC in the global carbon cycle. Remote sensing is attractive because it
can measure CDOM at regional scales, but to be useful in global carbon-
cycle models, the data need to be convertible to mass or molar units of
carbon. The geographic extent to which DOC–CDOM relationships re-
ported in the literature apply is not well understood. Finally with regard
to question 4, many bands or wavelength combinations have been used
to estimate CDOM by remote sensing. Relationships using wavelengths
(λ) N 500 nm are common (see Section 2.3) despite the fact that CDOM
absorbance is highest at low λ and absorptivity is low at λ N 500 nm.
Studies are needed to constrain the conditions underwhich published al-
gorithms can be used reliably, to determine why the algorithms work,
and to evaluate whether other algorithms might be better.

2.2. Nature and importance of CDOM

By definition, CDOM is the portion of the dissolved natural organic
matter in natural waters that absorbs visible light. It has two sources:
(1) allochthonous—derived from decomposition of woody plants in ter-
restrial environments, and (2) autochthonous—derived from decompo-
sition of algae and aquatic vegetation within a water body. In general,
the former is more highly colored than the latter. Both CDOM types
commonly are called “aquatic humic matter,” and they consist mostly
of fulvic acids (Aiken, 1985). Chemically they are mixtures (many thou-
sands of structures in any given water body) of moderately large mole-
cules with an average molecular weight around 400–600 and a broad
distribution of molecular weights (~200–800, or more). CDOM mole-
cules have aromatic, phenolic, and acidic functional groups (for a
review, see Brezonik & Arnold, 2011).

CDOM affects pH and alkalinity, forms chemical complexes with
metals (with implications for their bioavailability and toxicity), and
acts as a transport agent for metals and nonpolar organic contaminants.
It also plays an important role in aquatic photochemistry, serving as a
source of reactive radicals. Photochemical processes also transform
CDOM, e.g., affecting its availability as a substrate for microorganisms.
CDOM effects on aquatic ecology include: (1) the chemical effects
described above, (2) decreasing light penetration (reducing the depth
of water with enough light for net primary production), (3) changes
in the thermal properties of water bodies (Fee, Hecky, Kasian, &
Cruikshank, 1996; Houser, 2006), and (4) changes in the spectral distri-
bution of light, which may affect the composition of aquatic plant and
phytoplankton communities. Finally, CDOM is important in human
use of water. It exerts a chlorine demand, making it more costly to
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disinfect water and is thought to be the primary component of DNOM
serving as the precursor for toxic disinfection byproducts like chloroform
(Bellar, Lichtenberg, & Kroner, 1974; Minear & Amy, 1995; Rook, 1974).

Although CDOM is considered to be a relatively stable property of
natural waters, few studies have focused on this topic. Pace and Cole
(2002) showed that summer levels of CDOM in 20 northern Michigan
lakes varied substantially but synchronously over a six year period,
and they related the variations to climatic conditions affecting inputs
of allochthonous organic matter from watersheds. Erm et al. (2002)
found only small variations in CDOM on a time scale of months during
summer in some Estonian lakes. Kutser et al. (2005) used the above in-
formation to limit the time between image acquisition and field data
collection to 4 weeks in developing a predictive algorithm for CDOM.
Several studies (Cotner, Biddanda, Makino, & Stets, 2004; Pace & Cole,
2002; Shank, Zepp, Vähätalo, Lee, & Bartels, 2010; Zafiriou, 2002;
Zhang et al., 2013) have shown seasonal decreases in CDOM levels
and linked the losses to photobleaching (i.e., the loss of chromophoric
functional groups in DNOM caused by photochemical reactions). Cli-
mate can alter CDOM levels by changing the amount of photobleaching
and altering the sources of DOC to lakes (Pace & Cole, 2002). Large tem-
poral variations in CDOM levels can occur in flowingwaters in response
to changes in flow paths through watersheds. For example, Brinkman
and Hozalski (2011) found large variations during 2007 in DOC and
water absorbance at 254 nm (A254), an indirect measure of DOC and
CDOM, in the Mississippi River near Minneapolis, Minnesota. Highest
DOC values were associated with spring runoff and autumn rains, but
A254 peaked only in fall.

The spectral properties of CDOM have been studied extensively in
the UV and blue region of visible light (up to ~450 nm). Plots of the nat-
ural logarithm of absorbance versus wavelength (λ) are quasi-linear,
but the slopes of such plots, called the “spectral slope,” S, depend on
the range of wavelengths used. Values of S for various wavelength seg-
ments have been shown to be useful in estimating some chemical prop-
erties of DNOM components, such as the ratio of fulvic acid to humic
acid and the mean molecular weight of fulvic acid (Carder, Chen, Lee,
Hawes, & Kamykowski, 1999) and CDOM (Helms et al., 2008). In con-
trast, little has been reported on the spectral properties of freshwater
CDOM at longer wavelengths. Kirk (1994) reported absorptivity (aλ)
spectra of filtered water over the range 350–700 nm for ten Australian
water bodies, and most spectra showed small but measurable values
of a at λ N 600 nm (highest value for a600 = ~0.8 m−1). All the spectra
appeared to show an exponential decrease in aλ with increasing λ, but
quantitative results (e.g., plots of ln(a) versus λ or values of S) were
not given.

Many studies (e.g., Blough, Zafiriou, & Bonilla, 1993; Gorham et al.,
1998; Spencer, Butler, & Aiken, 2012; Tranvik, 1990) have reported
good correlations between DOC (measured in mg or mmol per liter)
and CDOM (measured either in chloroplatinate units or as aλ, where λ
is in the range ~400–440 nm). The geographic extent to which such re-
lationships apply outside the areas in which data were collected for a
given relationship is uncertain, however. No universal relationship can
exist between CDOM and DOC because algal-derived DOC has lower
color intensity than DOC from the decomposition of woody vegetation
(humic-derived DOC), and DOC from human sources (e.g., wastewater
effluent) is nearly uncolored.Manywater bodieswith high CDOM levels
have low levels of phytoplankton because CDOM absorbs sunlight and
decreases the euphotic zone. Such lakes may exhibit good correlations
between CDOM and DOC.

2.3. Measurement of CDOM by remote sensing

Several efforts to retrieve CDOM information from satellite imagery
on marine systems have used semi-analytical and matrix inversion
techniques (e.g., Brando, Dekker, Park, & Schroeder, 2012; Carder
et al., 1999; Hoge & Lyon, 1996; Lee, Carder, & Arnone, 2002). Other
workers have used empirical (regression) approaches to retrieve CDOM
data on marine and coastal waters from satellite imagery (e.g.; Del
Castillo & Miller, 2008; D'Sa & Miller, 2003; Mannino, Russ, & Hooker,
2008). CDOM levels are much lower in marine waters than those of
interest in freshwaters; a412 generally is b 1 m−1 in coastal waters
and b 0.1 m−1 in open ocean waters. (Marine scientists report CDOM
as absorptivity at 412 nm rather than 420 or 440 nm,which is commonly
used by freshwater scientists.) Such values usually would be regarded by
limnologists as indicative of negligible CDOM in freshwaters, in which
a440 may range up to ~40 m−1 or more. Concentrations of other constit-
uents (e.g., suspended solids and chlorophyll) affecting the intrinsic opti-
cal properties (IOPs) of water also are much higher in many freshwaters
than in the oceans, thus rendering freshwater systems very optically
complex. Because of these differences, methods derived for marine sys-
tems are not likely to be directly applicable to freshwaters, and we
focus here on the latter systems.

Kutser, Herlevi, Kallio, and Arst (2001) described a semi-analytical
model to retrieve values of CDOM, chlorophyll, and suspended matter
from hyperspectral data on lakes collected with an airborne spectrome-
ter, and Zhu, Yu, Tian, Chen, and Gardner (2011) used a semi-analytical
inversion technique to retrieve separate wavelength-dependent values
of the absorption coefficients, aCDOM and aNAP (NAP = nonalgal parti-
cles), from hyperspectral data gathered by ship on the Mississippi and
Atchafalaya Rivers. Previous semi-analytical models typically combined
aCDOM and aNAP into one coefficient (aCDOM+NAP) because CDOM and
NAP have similar spectral shapes and slopes.

Most previous studies to estimate CDOM in freshwaters, howev-
er, used empirical (regression) methods to analyze reflectance data
from ground-, aircraft- or satellite based spectrometers, and most
published relationships involve nonlinear (power) relationships
and wavelengths N 500 nm (Ficek, Zapadka, & Dera, 2011; Griffin,
Frey, Rogan, & Holmes, 2011; Kutser, 2012; Kutser, Tranvik, &
Pierson, 2009; Kutser et al., 2005; Menken et al., 2006), generally
with moderate r2 values (~0.6–0.75). Why R670/R571 worked best
for Menken et al. (2006), for example, and why the ratio of Advanced
Land Imager (ALI) band2 (525–605nm) to band 3(630–690 nm), R2/R3,
worked best for Kutser et al. (2005, 2009) are not well understood. The
nonlinearity of the relationships also increases prediction uncertainties
at high CDOM levels. Several have questioned why longer wavelengths
work best (Kallio et al., 2001; Menken et al., 2006). According to Witte
et al. (1982), nonlinearity in CDOM-reflectance relationships can be ex-
plained by the governing bio-optical equations. The presence of wave-
lengths near 670 nm (including Landsat Thematic Mapper TM 3 and
ALI band 3) in many relationships probably is related to correction for
chlorophyll effects on reflectance values.

Menken et al. (2006) examined relationships at λ b 450 nm, where
CDOMabsorbance is high. Interference from chlorophyll led to poor cor-
relationswhen they included all 15 of their lakes, including some highly
eutrophic ones, but stronger relationships were found for lakes with
chlorophyll a b 10 μg/L and when a term was added to correct for chl
a. Kutser et al. (2005) noted that atmospheric correction is difficult in
the blue region (b500 nm), especially for lakes with low reflectance,
and concluded that use of green bands (e.g., Landsat TM and ALI
bands 2) was preferable. Nonetheless, Brezonik, Menken, and Bauer
(2005) found a good relationship (R2 = 0.77) using Landsat TM1 and
TM1:TM4 to fit CDOM data on 15 Minnesota lakes with wide ranges
of CDOM and chlorophyll, and Griffin et al. (2011) reported an R2 of
0.78 for a regression of data from a Siberian river involving ln(a400)
and Landsat TM or ETM+ bands 1–3.

3. Methods

3.1. Data sources

The temporal variability of CDOM in surface waters was evaluated
by examining unpublished data for U.S. water bodies in a cold-
temperate region, the Upper Midwest (Wisconsin and Minnesota) and
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a warm-temperate/subtropical region (Florida). Data sources included
(i) two multi-year surveys of lakes in Florida in the 1960s and 1970s
led by the senior author, (ii) a long-term record (1989 to present)
for seven lakes in north-central Wisconsin from the University of
Wisconsin’s Long-Term Ecological Research (LTER) program, (iii) a
one-year record of CDOM and DOC in theMississippi River near Minne-
apolis, Minnesota (Brinkman&Hozalski, 2011), (iv) a lakewater quality
database of the Minnesota Pollution Control Agency (MPCA), and
(v) an ongoing study of the St. Louis River Estuary (SLRE) near Duluth,
Minnesota and Superior, Wisconsin led by co-author JCF.

The first Florida survey was conducted in 1968–70 to evaluate lim-
nological characteristics of Florida lakes (Shannon & Brezonik, 1972a)
and factors affecting trophic state conditions (Shannon & Brezonik,
1972b). Fifty-five lakes were sampled 5–7 times from late 1968 to
mid-1970; a fewwere sampledmore frequently or over longer time pe-
riods as part of other studies (e.g., Lake Mize: 21 times from 1966 to
1970; Keirn & Brezonik, 1971). The second survey was conducted in
1977–78 to evaluate potential effects of acidic deposition on the chem-
istry and biology of Florida lakes (Brezonik, Crisman, & Schulze, 1984;
Hendry & Brezonik, 1984). Twenty acid-sensitive (low alkalinity) lakes
in north- and south-central Florida were sampled quarterly. Most of
the lakes had low CDOM levels (a440 b 2.0 m−1), but three had moder-
ate levels. Color data from the two surveyswere published only in high-
ly summarized form, and temporal variations in CDOM were not
examined until the present study. Color was measured in both surveys
as absorbance at 420 nm in a 1-cm cell, compared to a standard curve
prepared from chloroplatinate standard solutions, and recorded
as color in standard chloroplatinate units (CPU; e.g., Eaton, Clesceri,
Rice, & Greenberg, 2005). For this study the data were transformed to
absorbance at 420 nm (A420) using the measured absorbance of a
chloroplatinate standard and then converted absorptivity at 420 (a420)
by the relationship:

a420 ¼ 2:303A420=ℓ m−1
� �

ð1Þ

where ℓ is the cell path length (in m). Values of a420 were converted to
the common measure of CDOM, a440, using a spectral slope of 0.014.

The Wisconsin LTER data were obtained from http://lter.limnology.
wisc.edu. With occasional exceptions, samples have been collected
four times per year since fall 1989 corresponding to spring (after ice-
out—April or May), summer (August), autumn (October or November)
andwinter (under-ice conditions—January or February) from two high-
ly colored bog lakes, one colored drainage lake, and four low-CDOM
seepage lakes in Vilas County, north-central Wisconsin; Winslow
(2012) recently analyzed the data, with emphasis on the UV part
of the spectra. Absorbance of filtered water is measured using 5 or
10-cm quartz cells over the range 200–800 nm.We downloaded absor-
bance at 440 nm for the lakes over the period of record and converted
the data to a440 using Eq. (1). We also downloaded absorbance spectra
in the visible range for selected lakes and time periods to analyze the
variability in spectral slopes, S.

Brinkman and Hozalski (2011) compiled a record of CDOMand DOC
measurements on the Mississippi River near Minneapolis, MN in terms
of daily-averaged absorbance values at 254 nm over most of calendar
year 2009. Absorbance values over the range 250–500 nm for spring
summer and fall samples from the same site (obtained from
B. Brinkman, pers. comm., 2013) were converted to ln(A), and regres-
sions of ln(A) versus λ yielded identical slopes, S = 0.018. We used
this value to convert A254 to a440. Although some uncertainty is likely
in such conversions, our primary purpose was to examine variations
in a440 over time rather than compare absolute values of the results to
directly measured values of a440. For this purpose we think the errors
in extrapolation are small.

The MPCA and MN Department of Natural Resources monitor lakes
across the state as part of a long-term program called SLICE. We
obtained a data summary for the program containing 511 lake records
(Monson, B., MPCA, pers. comm., 2013) and used it to analyze CDOM–

DOC relationships. CDOM is measured in SLICE by visual comparison
of filtered water to chloroplatinate standards and reported in CPU;
color measured by the visual method corresponds to that measured
spectrophotometrically at 440 nm using chloroplatinate for calibration
(Cuthbert & del Giorgio, 1992). We converted the data to a440 using
Eq. (1) and the absorbance at 440 nm of a chloroplatinate standard.

Data for the St. Louis River Estuarywere collected as part of an ongo-
ing project examining nutrient transport and transformations in the
highly modified freshwater estuary between Duluth, MN and Superior,
WI. Water in the estuary comes from a combination of riverine inputs,
seiches from Lake Superior, and adjacent urban and industrial runoff.
Water samples for CDOM and other analyses presented in this paper
were collected seven times from February 28 to September 19, 2013,
at 6–30 stations along the lower St. Louis River and Superior andAllouez
Bays.

3.2. Study sites

In summer 2013 we sampled 35 surface water sites (lakes and
rivers) as part of a campaign to measure their optically-related water
quality characteristics simultaneously with the measurement of reflec-
tance spectra by a ground-based hyperspectral radiometer system
and nearly contemporaneously with imagery from several satellites
(Landsat 7 and 8, HICO on the International Space Station). Imagery
from these sensors will be evaluated in a subsequent manuscript. Sites
were selected to obtain a wide range of CDOM levels in CDOM-
dominated systems and in systemswhere chlorophyll (algae) and inor-
ganic suspended matter also affect reflectance. Sites in Minnesota were
located in: (i) the Minneapolis–St. Paul metropolitan area, (ii) the
Sturgeon Lakes region near Side Lake (St. Louis County), (iii) Big
Sandy lake chain (Aitkin County), and (iv) the St. Louis River Estuary
near Duluth, MN and Superior, WI. A few sites also were sampled in
north-central Wisconsin. Table 1 summarizes locations and other
limnological information on the sites.

3.3. Field and laboratory water quality measurements

At each site, we collected near-surface samples to measure CDOM,
chlorophyll a, suspended solids, and dissolved organic carbon (DOC).
Secchi depth (SD) also was measured. In addition, several background
limnological variables (dissolved oxygen and temperature profiles, pH,
conductivity) were obtained at most sites. Samplingmethods and labo-
ratory analytical procedures followed standard limnological and water
quality practice; see Tsui and Finlay (2011) for details. Absorbance
spectra of filtered water samples (0.45 μm GF) were measured at
1 nm intervals over the range 250–700 nm using 1 (250–400 nm) and
5 cm (375–700 nm) quartz cells in a dual beam Shimadzu UV-1601PC
spectrophotometer. CDOMwasdetermined from the absorptivity calcu-
lated at 440 nm, and spectral slopeswere calculated over various ranges
on ln-transformed absorbance values. SUVA254 was calculated accord-
ing to U.S. EPA Method 415.3 (Potter & Wimsatt, 2003) as 100 × A254/
[DOC], where A254 is the sample absorbance in a 1 cm cell at 254 nm,
[DOC] is the concentration of dissolved organic carbon in mg/L, and
100 is a unit conversion factor to express the results in L/mg∙m (or
equivalently in m2/g).

Descriptive statistics (means, standard deviation (std. dev.), coeffi-
cient of variation (CV)) were calculated in Excel 2010; regression anal-
yses were done in Excel 2010, Systat 12.0, or JMP Pro 10. Box plots and
cluster analyses were computed in Systat 12.0.

3.4. Hyperspectral reflectance measurements

The hardware and software system used to collect hyperspectral
reflectance data was developed by the Center for Advanced Land

http://lter.limnology.wisc.edu
http://lter.limnology.wisc.edu


Table 1
Locations and optical and water quality characteristics of 2013 Minnesota and Wisconsin sampling sites.

Site ID and Name Date Latitude Longitude a440 m−1 S400–460 S460–650 S400–650 SUVA 254 nm SD, m DOC mg/L TSS mg/L Chl a μg/L

Metropolitan Minneapolis–St. Paul
1. Cedar Bog Lake 12-Sep 45.41057 −93.19925 6.68 0.017 0.012 0.012 3.60 0.75 17.26 – 28.45
2. Holland Lake 31-Jul 44.78881 −93.14365 0.83 0.015 0.007 0.009 2.14 1.55 5.28 – –

3. Lake Calhoun 8-Aug 44.94774 −93.30749 0.88 0.010 0.004 0.005 1.93 1.68 4.67 7.6 6.70
4. Lake Harriet 8-Aug 44.92799 −93.30607 0.88 0.010 0.004 0.005 1.76 1.68 4.54 6.0 1.99
5. Lake Nokomis 8-Aug 44.91496 −93.24048 1.57 0.009 0.004 0.005 1.71 0.93 6.08 11.8 2.60
6. Lake St. Croix 13-Aug 44.76837 −92.80845 6.91 0.016 0.012 0.012 4.73 1.14 10.5 16.2 43.80
7. Mississippi R. b #6 13-Aug 44.74785 −92.81520 5.07 0.009 0.006 0.006 3.50 0.51 7.6 29.9 41.80

Big Sandy Lake region
8. Big Sandy L E bay 21-Aug 46.74887 −93.26637 11.98 0.016 0.012 0.012 4.75 1.22 18.75 11.3 15.17
9. Big Sandy L W bay 21-Aug 46.76460 −93.30300 9.90 0.017 0.012 0.012 4.55 1.02 17.86 8.8 27.50
10. Big Sandy R Lake 21-Aug 46.72200 −93.32148 21.88 0.015 0.01 0.013 5.28 0.66 26.54 13.5 15.17
11. Flowage Lake 21-Aug 46.70863 −93.31988 22.57 0.016 0.012 0.011 5.52 0.86 27.64 10.4 9.75

Sturgeon Lakes region
12. Beatrice Lake 21-Aug 47.70800 −93.06820 2.30 0.008 0.008 0.003 2.11 3.1 4.84 5.8 2.81
13. Johnson Bog Lake 20-Aug 47.70323 −93.09667 25.10 0.014 0.009 0.010 5.35 0.69 29.7 – 8.63
14. Little Sturgeon L. 20-Aug 47.65792 −93.05582 7.60 0.016 0.013 0.013 4.16 1.55 14.99 0.8 5.88
15. Perch Lake 21-Aug 47.67680 −93.00040 2.17 0.005 0.003 0.013 1.30 3.35 4.23 – 1.95
16. Section 11 Bog L. 20-Aug 47.70210 −93.09144 22.34 0.014 0.009 0.007 5.45 0.64 25.03 – 5.11
17. Side Lake 20-Aug 47.67031 −93.02381 1.61 0.007 0.011 0.011 2.31 5.0 7.92 – 1.46
18. South Sturgeon L. 20-Aug 47.64075 −93.06094 15.20 0.016 0.011 0.011 4.90 1.3 21.82 0.4 2.58
19. Sturgeon L. (mid) 20-Aug 47.68028 −93.04984 1.84 0.009 0.009 0.009 1.56 4.7 7.24 – 1.50
20. SturgeonL.SWbay 20-Aug 47.66832 −93.06115 2.07 0.017 0.013 0.014 2.67 3.5 7.27 – 1.96
21. West Sturgeon 20-Aug 47.66203 −93.07201 8.98 0.016 0.012 0.012 4.41 1.6 15.68 0.3 11.10

Woman Lake chain
22. Child Lake 24-Aug 46.94730 −94.34310 1.24 0.016 0.009 0.010 2.37 4.57 6.36 4.3 0.94
23. Girl Lake 24-Aug 46.98490 −94.22100 1.61 0.010 0.004 0.006 1.52 5.79 5.94 4.7 0.49
24. Woman Lake 24-Aug 46.94370 −94.30080 0.78 0.009 0.003 0.004 1.52 2.44 4.79 6.9 2.45

St. Louis River Estuary
25. Allouez Bay sta 10 18-Sep 46.68183 −92.00072 5.07 0.016 0.013 0.013 4.21 0.50 10.1 3.7 9.13
26. L. Superior sta 1x 18-Sep 46.71535 −92.00880 0.51 0.014 0.008 0.009 1.57 1.78 2.93 0.4 3.02
27. Pokeg. Cr sta 2x 18-Sep 46.69718 −92.17213 8.84 0.016 0.011 0.012 4.05 0.60 17.54 3.2 9.14
28. St. Louis R. sta 1 18-Sep 46.65892 −92.28212 7.69 0.017 0.013 0.014 3.98 0.80 16.640 – 7.73
29. St. Louis R. sta 3 18-Sep 46.67990 −92.19193 6.45 0.017 0.012 0.013 3.95 1.00 15.15 7.1 7.90
30. St. Louis R. sta 8 18-Sep 46.75313 −92.11447 4.47 0.016 0.011 0.012 3.63 0.75 10.73 2.8 18.43
31. Superior Bay sta 9 18-Sep 46.72818 −92.06255 2.86 0.016 0.010 0.011 3.20 0.75 7.34 3.4 13.10

Northern Wisconsin
32. Crystal Bog Lake 30-Aug 46.00794 −89.60631 8.43 0.012 0.008 0.009 4.12 1.22 11.6 4.6 4.00
33. Hodstradt Lake 29-Aug 45.80656 −89.56472 0.60 0.008 0.005 0.005 1.39 5.51 2.66 4.4 1.86
34. Rainbow Flowage 15-Aug 45.83549 −89.54560 5.47 – – – 4.14 0.50 9.87 11.2 61.29
35. Trout Bog Lake 30-Aug 46.04103 −89.68562 14.51 0.014 0.009 0.010 4.57 0.7 20.4 5.6 2.22
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Management Information Technologies (CALMIT), University of
Nebraska-Lincoln. The dual system consists of two Ocean Optics
USB-2000+ spectroradiometers with attached fiber-optic cables, a
Spectralon calibration panel, and laptop computer with software to
record and process data. The end of one fiber-optic cable, which is
pointed toward the sky on top of a 4 m pole, has a diffuser tip to mea-
sure downwelling sunlight. The other cable, attached to a thin metal
dowel attached at a right angle to a 4 m pole, measures upwelling
(reflected light) above or just below the water surface away from
the boat with minimal shading. The software, CDAP-2, calculates
spectral reflectance by dividing upwelling light by downwelling
light in each narrow (~0.4 nm) band over the range ~370–900 nm.
The configuration allows simultaneous measurement of incoming
and reflected radiation, thus making calculated reflectance values
considerably less dependent on illumination and weather conditions
than when upwelling and downwelling irradiance are measured
sequentially (Chipman, Olmanson, & Gitelson, 2009).

Reflectance measurements were obtained at 32 of the 35 sites (see
Table 1) by first collecting 3–4 calibration scans of the Spectralon
panel and then collecting 3–4 scans just below the water surface. Each
scan consists of 25 measurements that are averaged by the software,
and median values from the calibration scans are used to compute re-
flectance values for each scan. In processing the data, the individual
scanswerefiltered for outliers and averaged formore robust reflectance
spectra. To smooth out noise we calculated running averages using 5–9
individual reflectance measurements representing a range of ~1–3 nm.
The final spectra were created by averaging the consistent below-water
spectra; we did not include a few below-water spectra in the average
that were notably different from the rest of the spectra at a few sites.
Processing of the spectral data to correct for the immersion factor and
produce the remote sensing reflectance at nadir, Rrs(λ) (sr−1), was
done using protocols described by Gitelson et al. (2008); Gitelson,
Gurlin, Moses, and Barrow (2009), Chipman et al. (2009), and Yacobi
et al. (2011). The reflectance data also were used to simulate spectral
band sets of current and planned regional satellite systems, including
the Operational Land Imager (OLI) sensor on Landsat 8, the Multi-
Sensor Instrument (MSI) sensor on the Sentinel-2 (anticipated launch
in 2014), and the Ocean and Land Colour Instrument (OLCI) on
Sentinel-3 (likely to be launched 1–2 years after Sentinel-2). Simula-
tions were accomplished by calculating the average values from the
reflectance spectra for the range of each band.

4. Results and discussion

4.1. Temporal variability of CDOM

Although CDOM levels were stable in several Florida lakes for much
of the 1968–70 sampling period (e.g., Lake Suggs, Lake Ten; Fig. 1a,b),



Fig. 1. CDOM expressed as a440 (m−1) in 8 Florida lakes studied in 1968–1970 (Source: P. Brezonik, unpublished data).
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large changes occurred between some relatively short sampling intervals,
and some lakes (e.g., Lake Hawthorne and Mize; Fig. 1c,d) showed high
temporal variability throughout the study period. Overall, the average co-
efficient of variation (CV) of a440 for 22 lakes with mean a440 N 5 m−1

(range = 5.1–27.1 m−1) was 50.5% (range = 18%–96%). A similar CV
(45%) was found for ten additional lakes with lower CDOM levels
(range of mean a440 = 2-5 m−1). There was no trend in CV related to
mean CDOM concentration, and seasonal patterns were not apparent in
the CDOM levels. The large variations in CDOM likelywere caused by var-
iations in rainfall and runoff, but the lakes are hydrologically complicated
and rainfall is spatially patchy in northern Florida. Consequently, the data
are not sufficient to discern direct relationships between rainfall amounts
and CDOM levels.

Only three lakes in the 1978–79 Florida lake survey had moderate
CDOM (range of mean a440 = 3.5–9.4 m−1); CDOM in the other lakes
was low (range of a440 = 0.25–1.54 m−1; grand average = 0.81 m−1).
Box plots of data for the two categories of lakes for each sampling period
(Fig. 2) were used to evaluate whether CDOM levels varied by season. All
20 lakes are in landscapes with porous, sandy soils; they lack surface
stream drainage and their water is derived directly from atmospheric
precipitation and subsurface seepage. As a result, water residence times
for the lakes are relatively long (typically several years), andCDOM levels,



Fig. 2. Seasonal box plots for a440 (m−1) in Florida lake survey on effects of acid deposition (Hendry & Brezonik, 1984): (a) 17 low-color lakes; (b) three moderate color lakes.
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especially in the low-CDOM lakes, likely were driven more by “in-lake”
processes than by inputs from the surrounding landscape. The median
value of a440 for the low-color lakes (Fig. 2a) varied only slightly by sea-
son, and seasonal means are not significantly different (one-way
ANOVA, p = 0.64). Nonetheless, temporal variations within individual
lakes were moderately high; coefficients of variation ranged from 9% to
74% (mean of 31%). For the three lakes with moderate to high color,
CVs for the seasonal data ranged from 8% to 34%. Although the median
a440 and interquartile values for spring shown in Fig. 2b are lower than
those for the other seasons, high variability of the within-season data re-
sulted in no significant difference in seasonal mean a440 values (one-way
ANOVA, p= 0.86). The strength of this conclusion, however, is limited by
the small number of lakes in this category.

CDOM variability in the three colored Wisconsin LTER lakes was
generally high over the 23-year record (Fig. 3). CVs for the highly
Fig. 3. Time trends for a440 (m−1) in four Wisconsin LTER lakes : (a) Allequash, (b) Big Muske
North Temperate Lakes Long Term Ecological Research program (http://lter.limnology.wisc.ed
colored bog lakes were 26% (Crystal) and 34% (Trout); for moderately
colored Allequash Lake, CV was 51%. A long-term trend of increasing
CDOM was found in Crystal Bog, especially since the mid-1990s
(Fig. 3c); mean a440 increased from ~ 4 m−1 to ~8 m−1 over the period
of record. Similar trends were not found in the other six lakes, but epi-
sodic spikes in a440 (3–4 times higher than the long-term average)
were apparent in Allequash Lake during the period ~2002–2011
(Fig. 3a) and in low-color Big Muskellunge Lake (Fig. 3b) during
~2003–2009. Occasional (but less frequent) spikes in a440 were ob-
served in long-term records for three other low-CDOM LTER lakes
(Crystal, Sparkling, Trout) during the period ~1999–2008 (data not
shown). Although some spikes occurred concurrently in the low-color
lakes, this was not always the case. Highly localized hydrologic events
evidently play a role in producing episodes of high CDOM levels in
these lakes.
llunge, (c) Crystal Bog, (d) Trout Bog. Data source: Color — Trout Lake Area 1989–current,
u), NSF, E. H. Stanley, Center for Limnology, University of Wisconsin-Madison.

image of Fig.�2
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Fig. 4. Seasonal box plots for a440 (m−1) in threeWisconsin LTER lakes with moderate to high CDOM: (a) Allequash Lake, (b) Crystal Bog Lake, (c) Trout Bog Lake. See Fig. 3 for source of
data.
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Seasonal box plots of the three colored LTER lakes (Fig. 4) show only
small differences in spring, summer and fall medians for Crystal Bog.
The mean values for Trout Bog were significantly different by season
(p = 0.001), and those for Lake Allequash were significant at p =0.1
but not at p= 0.05. The long-term trend of increasing CDOM in Crystal
Bog and high inter-annual variability of CDOM in Lake Allequash may
have obscured seasonal trends in these lakes. Overall, the results are
consistent with the idea that photobleaching can affect seasonal varia-
tions in CDOM levels in colored lakes (e.g., Pace & Cole, 2002), but
other causes also could be responsible for the observed trends. Although
box plots for the four low-CDOM lakes showed some differences in
median a440 (data not shown), no consistent patterns were found for
Fig. 5. (a) DOC, mg/L, (red squares) and a440, m−1, (blue diamonds) versus date in 2007 inMis
(c) DOC versusflow at same site in 2007; (d) DOC versus a440 for the data in (a). Values of a440 c
Briar College, pers. comm., 2013).
either the maximum or minimum in median a440, and differences
among seasons were not statistically significant for any of these lakes.

CDOM levels in the Mississippi River near Minneapolis,
Minnesota during 2007 (Fig. 5a) varied between 0.71 and 4.3 m−1

(mean = 1.8 m−1; std. dev. = 0.8 m−1; CV = 43%). Peak values were
associated with a high-flow period in autumn, but the lowest value oc-
curred during a moderately high flow event (~300 m3/s) in early June;
other low values occurred consistently during an extended low flowpe-
riod in summer. The low CDOM values during late spring and summer
probably reflect the increased importance of low-CDOM groundwater
as a source for river flow during a period of low rainfall. High CDOM
values during the fall high flow period suggest increased importance
sissippi River at Minneapolis water intake; (b) a440 versus flow, m3/s, at same site in 2007;
alculated from data in Brinkman andHozalski (2011); other data from B. Brinkman (Sweet

image of Fig.�4
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Fig. 6.Map of St. Louis River Estuary at west end of Lake Superior showing variation in a440 during 2013 at: (a) Sta. 8, St. Louis River, near Blatnik Bridge, (b) Sta. 9, center of Superior Bay,
(c) Sta. 3, St. Louis River, upstream of sediment-laden Pokegama Creek, and (d) Sta. 10, Allouez Bay, which receives inflow from the sediment-laden Nemadji River. Closed triangles and
numbers show locations of sampling sites listed in Table 1.
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of contributions from forested andwetland areas in northernMinnesota
during large-scale frontal events, and the low CDOM levels in the June
event suggest that runoff was from more localized storms near the
Minneapolis–St. Paul region. Overall, the relationship between a440
and river flow (Fig. 5b) exhibited much scatter (r2 = 0.35), reflecting
the complexity of factors affecting transport of DNOM during runoff
events—e.g., nature of antecedent conditions (wet versus dry) and
intensity and duration of rainfall. The relationship between DOC and
flow Fig. 5c) was even more scattered (r2 = 0.10), reflecting the com-
plexity of water sources with different CDOM levels that contribute to
river flow during the year.

CDOM levels in the SLRE showed large seasonal variations in 2013
(Fig. 6). Lowest levels occurred in late winter and highest values in
Fig. 7. (a) S400–460 and (b) SUVA254 versus a440 for Minnesota
summer, although not necessarily consistently at all stations. Ratios of
maximum to minimum a440 values ranged from ~2.5 to 5.5 across the
sites.

In summary, CDOM data from many sites, both lakes and rivers, in
the U.S. Upper Midwest and Florida show large temporal variability at
seasonal, annual, and multi-year time scales. The major cause of this
variability likely is hydrologic variations in the contributing watershed
(e.g., variable input of runoff containing colored humic material from
forests and wetlands). Internal processes, including autochthonous
CDOM production, photobleaching and other removal mechanisms,
likely are also involved in lakes. The time scales of these internal
processes are much longer (months) than the processes that affect
chlorophyll levels in water bodies, which can produce important
and Wisconsin water bodies sampled in summer 2013.
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Table 2
Summary of spectral slopes in visible range for Wisconsin LTER sites.

Allequash Lake (n = 6) Crystal Bog (n = 15) Trout Bog (n = 16)

Spring Summer Spring Summer Spring Summer

S400–460
Mean 0.0124 0.0147 0.0122 0.0121 0.0134 0.0135
Std. Dev. 0.0026 0.0015 0.0007 0.0008 0.0005 0.0006
C.V. 20.7 10.5 5.5 6.5 4.1 4.2

S460–650
Mean 0.0102 0.0117 0.0089 0.0084 0.0088 0.0135
Std. Dev. 0.0022 0.0031 0.0016 0.0016 0.0009 0.0006
C.V. 21.1 26.3 17.5 19.6 10.7 4.3

Fig. 8. DOC (mg/L) versus CDOM (a440, m−1) in Minnesota and Wisconsin water bodies
sampled in summer 2013.
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concentration changes at time scales of days. In the absence ofmajor hy-
drologic influences, CDOM in standingwaters is unlikely to exhibit large
intra-seasonal changes, but we still lack closely spaced measurements
to verify this supposition. In contrast, major changes in river and stream
loadings can occur at time scales of hours to days in response to rainfall-
runoff events, as Fig. 5a illustrates for the Mississippi River, where high
rainfall caused a440 to nearly double in one week in October 2007.

The above findings have important implications regarding the col-
lection of CDOM calibration data for remote sensing imagery. Unless it
can be shown that CDOM levels are temporally stable in a given aquatic
system, such data should be collected close to the image acquisition
date, preferably within 1–2 months in lakes and within a few days in
large rivers, and perhaps even closer in time in small rivers and streams
or if major changes in precipitation conditions are expected. In contrast,
Cardille, Leguet, and del Giorgio (2013) recently concluded that there
was no bias toward an incorrect model when using field calibration
data as much as 1–7 years older than satellite images, even though the
use of older CDOM data did cause somewhat greater scatter than
found in models with near concurrent field data. Lakes in the study
were in two regions east and south of James Bay in Quebec, Canada.
However, no data were presented to illustrate the variability of CDOM
over time in the lakes, and the lack of an effect may be related to the
relatively low r2 values for the fitted models (range = 0.61–0.74,
mean = 0.68).

4.2. Variability of CDOM spectral slopes

Plots of ln(A) versus λ in the visible range (400–700 nm) were
quasi-linear for all historical data and measurements on samples col-
lected in 2013 (results not shown). Most samples, however, showed a
small decrease in slope around 450–470 nm. In addition, many samples
with low CDOMvalues had very low absorbance values above ~650 nm,
often approaching detection limits of the spectrophotometer even with
5–10 cm cells, which resulted in noisy data in this region. For analysis of
spectral slopes (S) we truncated all spectra at 650 nm and computed
separate slopes for the ranges 400–460 and 460–650 nm.

The variability of spectral slopes across the 35 sites sampled in sum-
mer 2013 was large; ranges for S400–460 and S460–650 were 0.007–0.017
and 0.004–0.013, and mean values were 0.013 and 0.009, respectively.
Closer inspection of the results, however, showed that slope values
were related to CDOM levels (a440). For most of the sites (23) S400–460
had a narrow range (0.014–0.018; Fig. 7a); these values are similar to
values of S typically reported for CDOM in the near UV. However, a
group of low-CDOM sites (a440 b 5 m−1) had values ≤ 0.010 (mean =
0.0088, n = 10). These patterns may indicate that the DNOM in most of
the water bodies, especially sites with moderate–high CDOM (a440 N 5),
was dominated by allochthonous (humic-rich) material, but DNOM in
most sites with low CDOMwas dominated by autochthonous (or anthro-
pogenic) material. Four exceptions (low-CDOM, high S400–460) are lakes
(Holland, Child, Superior, and Sturgeon SW Bay) with low–moderate
levels of DOC (5–8 mg/L). Although their CDOM levels were low, it
seems likely that some of the DNOMwas allochthonous. Further support
for the idea that the source and nature of DOC are different in low-
CDOM environments than in high-CDOM systems is provided in
Fig. 7b, which shows that SUVA254 increases with the logarithm of
CDOM (SUVA254 = 1.145ln(a440) + 1.76; r2 = 0.90) across all the
sites. SUVA254, an indicator of the aromatic content of DNOM, generally
is higher in allochthonous humic matter than in autochthonous DNOM.

S460–650 values were smaller than corresponding S400–460 values in
almost every case, and the difference in means was highly significantly
(p b 0.000, paired t-test). The general pattern observed for trends in
S400–460 versus a440 was found for S460–650, but scatter was somewhat
larger and only one low-CDOM site (a440 b 5), Sturgeon Lake SW Bay,
had a slope N 0.009.

Seasonal variations in spectral slopes were very small for the SLRE
stations, and variations between stations also were small. The mean
and standard deviation of S400–460 for 81 spectra collected on 6–20
sites over seven sampling dates from late February to mid-September
was 0.0156 ± 0.0009 (CV = 5.6%); corresponding values for S460–650
were 0.0109 ± 0.0012 (CV = 10.9%). No seasonal changes were
found for either slope parameter. Similarly, values of S400–460 for the
two LTER bog lakes with high CDOM (Table 2) showed no differences
between spring and summer. S460–650 was higher in summer than in
spring in Trout Bog but not in Crystal Bog. The variability of S400–460
over the period of analysis (1990–2012) was small for the bog lakes
(CV = 4%–6%), but S460–650 was more variable (CV range: 4%–20%).
Some variability in the latter data may reflect difficulties in dealing
with increasingly low absorbance values at longer wavelengths (e.g.,
Green & Blough, 1994). Data to analyze seasonal and long-term trends
for Allequash Lake were limited. Most August spectra from 2001 to
2011 contained negative values atwavelengths N ~650 nm, and samples
weremissing in one or both seasons for some years. Consequently, only
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Fig. 9. Relationship between DOC (mg/L) and CDOM (a440, m−1) in lakes sampled by the
MPCA SLICE program. Removal of the nominal outlier, a440 = 4.3, DOC = 43.4 mg/L, de-
creased the r2 to 0.28 and decreased the slope to 2.27. Data source: B. Monson (MPCA,
pers. comm., 2013).
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six spring–summer pairs of slopeswere available. Paired t-tests showed
that the spring–summer mean values for both S400–460 and S460–650
were not statistically different; the paucity of data limits our ability to
make conclusions about long-term trends.

The above results indicate that spectral slopes for CDOM in a given
water body tend to have only small variations over time scales up to a
decade or more, and for most CDOM-rich waters (a440 N 5) the slopes
tend to occur in a fairly narrow range. Overall, these findings indicate
that variations in spectral slope values over time or across sites should
not be an important factor contributing to uncertainty in a440 estimates
made from remote sensing, even though they typically involve mea-
surement of reflectance at longer wavelengths (e.g., 550–670 nm).

4.3. Relationship between CDOM and DOC

An underlying assumption in studies using remote sensing to mea-
sure CDOM is that the results can be translated into DOC concentrations
(e.g., Kutser et al., 2005). Initial inspection of the results from our sum-
mer 2013 field measurements (Fig. 8) supports with this assumption;
r2 = 0.925 for the relationship between DOC and CDOM, and no major
outliers affect the relationship. Nonetheless, closer analysis indicates
that caution should be observed in using CDOM values (whether
Fig. 10. DOC versus a440 for (a) 12 moderate to high color Minnesota lakes in the Big Sandy and
from May 7 and were not included in the regression line.
measured or computed from remote sensing data) to predict DOC
concentrations. First, the y-intercept for our relationship implies that
on average water bodies have DOC concentrations of ~4.5 mg/L even
when CDOM is negligible. This value, however, applies only to the data
set used to develop the relationship; surveys of otherwater bodies likely
would produce a different “backgroundDOC” concentration. Second, the
variability in DOC concentration at a given CDOM value is high and par-
ticularly problematic at lowCDOM levels. At a440 ~ 1.0, DOC values in the
data set range from~3 to 11mg/L; at a440=~7m−1 (amoderate CDOM
level), the range of DOCwas 10–17mg/L. The standard error of estimate
(SEE) of 2.1mg/L implies an uncertainty of about±21% at themoderate
CDOM level of a440 = 5 m−1. Third, we had the benefit of a wide range
of CDOM levels in the water bodies sampled in 2013 (a result of our
study design), and relationships produced with smaller ranges of
CDOMmaynot provide as good a fit.Whenwe removed the four highest
CDOM values from the data set, r2 decreased to 0.907, and when the
relationship was limited to sites with a440 b 10 m−1, it decreased to
0.829.

As Stanley, Powers, Lottig, Buffam, and Crawford (2012) recently de-
scribed, human activities such as intensive agriculture or input ofwaste-
water effluent can have large effects on the nature of DOC in rivers and
streams. For example, hypereutrophic lakes often have high concentra-
tions (N10mg/L) of autochthonousDOC,whichhas a low color intensity
per unit of DOC, andwastewater effluents typically have 10–20mg/L of
DOC (called EfOM, effluent organic matter; Shon, Vigneswaran, &
Snyder, 2006) that is low in color per unit of DOC. In addition, Xiao,
Sara-Aho, Hartikainen, and Vähätalo (2013) and Köhler et al. (2013)
recently showed that the association of dissolved iron with DOC affects
its color intensity, and spatial variations in iron concentrations thus can
affect CDOM–DOC relationships. Inclusion of water bodies affected by
human activities and geographic variations in dissolved iron concentra-
tions in surveys likely would lead to poor DOC–CDOM relationships.
These are likely explanations for the poor relationship (r2 = 0.30) be-
tween DOC and CDOM in the MPCA lake database (Fig. 9). Similarly,
poorDOC–CDOM relationshipsmay exist in rivers like theUpperMissis-
sippi (Fig. 5d) that have multiple source waters with differing DOC and
CDOM levels that vary in relative importance over time, as described in
Section 4.1.

In contrast, when data sets are restricted to exclude water bodies
with heavy impacts from human activities that yield DOC with low
color, tight DOC–CDOM relationships can be observed. Such is the case
when we examine a group of moderately to highly colored lakes in
our 2013 studies: the Big Sandy and Sturgeon chains of lakes in north-
central Minnesota (Fig. 10a). A close linear relationship (r2 = 0.968)
over a large CDOM range (a440 = 1.8–25.1 m−1) was found for these
12 lakes.
Sturgeon lake chains and (b) all SLRE sites and 20013 sampling dates. Closed squares are
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A weaker relationship (r2 = 0.72) was found for DOC and CDOM
measurements from seven 2013 dates at various locations in the
St. Louis River Estuary near Duluth, MN (Fig. 10b). However, closer in-
spection showed that the outliers in the figure all were from one date
in early spring (May 7). River flow had peaked shortly before this date
due to snowmelt but still was high. Rather than being randomly distrib-
uted, theMay 7 data have a separate DOC–CDOM relationship (r2= 0.7,
excluding one outlier)with a higher slope (2.0) and higher DOC per unit
of CDOM; i.e., the DOC had a lower CDOM content than that for the six
other 2013 sampling dates (r2 = 0.925; slope = 1.28), which ranged
from February 28 to September 18. Although the nature and source of
the less colored DOC in early May are unknown, the finding supports
our concern that prediction of DOC concentrations from CDOM levels
must be done cautiously because DOC–CDOM relationships in colored
surface waters are not constant.

Several studies have reported close correlations between CDOM,
expressed in chloroplatinate units or as aλ (where λ is in the range
400–450 nm), and DOC concentration, but others have focused on the
variability in the relationship (e.g., Müller et al., 2013; Wallage &
Holden, 2010; Worrall & Burt, 2010). Gorham et al. (1998) reported
high r2 values (0.87–0.93) for five of six sampling dates over a one-
year period for CDOM–DOC relationships on 42 streams in Nova Scotia
(one date had an r2 of only 0.61). The best-fit relationships were not lin-
ear, and involved log or nth root (where n = 2–5) transformations.
Moreover, slopes of the relationships were different for each sampling
period, suggesting that the fraction of DOC that was colored varied
with season. The CDOM/DOC ratio rose with increasing DOC concentra-
tion, and the authors inferred from this that the quality of DNOMchang-
es with increasing wetland influence. Similarly, Wallage and Holden
(2010) found an r2 of 0.77 for 1047 pairs of measurements of DOC and
absorbance at 400 nm for peatland porewaters in northern England,
and they showed that the relationship suffered from heteroscedasticity
(i.e., variancewas not constant across the range of the data), which calls
into question the predictive reliability of the regressions. Moreover, dif-
ferentDOC–color relationshipswere found as a function of depthwithin
peat profiles and when the samples were grouped according to land
management practices in the peatlands.

Worrall and Burt (2010) examined a large, long-term (1974–2005)
database of color and DOC on 70 rivers in the United Kingdom and
found a trend in the ratio of color expressed in chloroplatinate units to
DOC (mg/L) when all the data were pooled. The average color/DOC
ratio decreased from 6.5 in 1974 to a minimum of 1.5 in 1989 and
then slowly rose to ~4 by 2005. Variations in DOC concentration and
flow were not sufficient to explain the variations, and the authors sug-
gested they may reflect changes in soil source water chemistry. Müller
et al. (2013) recently analyzed data from 911 lakes in Sweden and
reported that the ratio a420/TOC (TOC = total organic carbon, nearly
all of which is DOC in these lakes) decreased in nonlinear fashion
with increasing water residence time, τw, in a lake (τw = V/Qout,
where V = lake volume and Qout = volumetric discharge rate from a
lake) or with total water residence time, τwTOT, which for non-
headwaters lakes accounts for water residence times in upstream
lakes in a drainage basin. Although there was considerable scatter in
the relationships, the predicted value of a420/TOC for τw b 1 y was
~0.7, but this dropped to ~0.2 for τw = 7 y. Similarly, Köhler et al.
(2013) explained differences in long-term CDOM trends (Kutser,
2012) in multi-basin Lake Mälaren, Sweden as resulting from in-lake
processes. Increased terrestrial inputs of organic matter to the western
basins of this lake over the past 40+ years resulted in a more than dou-
bling of CDOM levels in those basins, but levels in the easternmost basin
increased by less than 25%. The authors concluded that the difference in
trends resulted from rapid loss of dissolved iron from the western
basins, which was strongly correlated with a loss in color. The nature
of the DOC also shifted from more colored allochthonous material to
less colored autochthonous material as water moved from west to
east in the lake. Overall, the above analyses suggest that the quality of
DOC in lakes changes over time, with fresh DOC draining into lakes
from forested and wetland areas being more highly colored and older
DOC less colored.

In contrast to the cautionary evidence described above, Spencer et al.
(2012) recently concluded from a study of 30 rivers, that CDOM could
be used as a surrogate for DOC in most major rivers of North America.
Important exceptions included the Colorado, Columbia, Rio Grande
and St. Lawrence (which drains the Great Lakes). Characteristics of
DNOM measured on the latter four rivers, for which r2 b 0.2 for the
DOC-a440 regression, suggested their DNOM was autochthonous, an-
thropogenic, and/or photodegraded allochthonous material. It should
be noted that the r2 values for relationships between DOC and a440
were ≤ 0.5 for more than a third (11) of the 30 rivers, and the mean
r2 value for the 26 rivers with r2 N 0.2 was only 0.686 (range =
0.306–0.961). Although r2 values for regressions between DOC con-
centration and a254 were much stronger (mean = 0.935; range =
0.822–0.999 for the same 26 rivers), this part of the spectrum is not
accessible by the sensors used in satellite imagery.

4.4. Effects of CDOM and other water quality characteristics on reflectance
spectra

Reflectance spectra were measured over the period August 8 to
September 18, 2013 at 32 of our 35 sites, and samples were collected
at the same time tomeasurewater quality variables that affect the opti-
cal properties of water; see Table 1 for a list of sites and water quality
values. To aid in assembling the reflectance spectra into groups of
lakes with similar optical characteristics, we performed a cluster analy-
sis on all sites using three water quality variables that affect the optical
properties ofwater bodies and thus affect reflectance spectra: a440, chlo-
rophyll a (chl a), and SD.Wewere unable to use TSS, an important factor
affecting the optical properties of water, as a clustering variable because
of missing data at several sites, but SD, an integrative measure of water
clarity, includes the influence of TSS. We evaluated several clustering
options and found that log-transformed values of a440 and chl a and re-
ciprocal values for SD (SD−1), alongwith average linkage as the joining
algorithm and a Euclidean distance measure, yielded easily interpret-
able clusters.

Overall, the analysis grouped the sites into two large categories
(Fig. 11) based primarily on CDOM(high and low CDOM levels) at a dis-
tance measure (similarity index) of 1.2. At a higher level of similarity,
(distance measure of 0.8), the procedure yielded 5 clusters that could
be interpreted in terms of major optical properties: A. moderate color,
highly eutrophic (based on chl a and SD); B. high color, mesotrophic
to eutrophic; C. high color, oligotrophic (dystrophic); D. low color,
oligotrophic; and E. low color, moderately eutrophic.

The shapes of the measured reflectance spectra differed consider-
ably across the clusters, as representative spectra for each cluster
(Fig. 12) show. The two spectra presented for cluster B show that spec-
tra for sites in this cluster exhibited some variations. In general, howev-
er, spectra in a given cluster showed high similarity (Fig. 13). If we
assume that each cluster is supposed to represent waters with similar
optical properties (given that the clustering variables represent impor-
tant optical properties of water) and should have similar reflectance
spectra, it is apparent that some misclassifications occurred. For exam-
ple, the spectra for Lakes Nokomis and Harriet, which were clustered
in class D (spectra 4 and 5, Fig. 13a), appear to belong to the low
color, moderately eutrophic class (cluster E) represented by Lake Cal-
houn (E3, Fig. 12); all three spectra show the characteristic chlorophyll
trough near 670 nm and the peak near 705 nm characteristic of scatter-
ing by phytoplankton. In contrast, the other spectra in class D (Fig. 13a)
lack both features.

Similarly, three class B lakes – Johnson, Section 11, and West Stur-
geon (site IDs 13, 16, 21) –have spectra (Fig. 13c) that fit those of the
dystrophic lakes (class C) better than those of other sites in class B
(high color, mesotrophic–eutrophic). Overall, class B shows the highest



Fig. 11. Cluster diagram for the 35 sampling sites in Table 1 based on three optical properties: SD, CDOM, and chlorophyll a.
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heterogeneity in reflectance spectra Fig. 13c). Several SLRE sites
(Allouez Bay, Pokegama Creek, Superior Bay, and St. Louis River Sta. 8;
sites 25, 27, 30 and 31 in Fig. 13c) show evidence of suspended solids:
Fig. 12. Representative reflectance spectra for clusters A–E identified in
high reflectance across a broad band from ~580 to 710 nm) and small
evidence of the 670-nm chlorophyll trough and 705-nm phytoplankton
scattering peak. Other sites, such as Big Sandy Lake East Basin and Big
Fig. 11. Numbers next to spectra correspond to site IDs in Table 1.
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Fig. 13.Reflectance spectra for clusters A–D in Fig. 11: (a) spectra for cluster D; (b) spectra
for clusters A (1,6,7,9) and C (18,35); (c) spectra for cluster B. Numbers next to spectra
correspond to site IDs in Table 1.
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Sandy River Lake (sites 8 and 10, Fig. 13c), which are highly colored
eutrophic lakes that had visible algal blooms when we obtained the
spectra, have relatively low reflectance values, small chlorophyll
troughs and phytoplankton scattering peaks, and rapidly declining re-
flectance below ~500 nm. The high heterogeneity of class B spectra
may be related to the lack of a direct measure of suspended solids
concentrations in the cluster analysis, but additional field studies are
needed to evaluate this supposition. Overall, 12 sites representing
clusters A, B, D, and E showed some evidence of a chlorophyll
signal—reflectance trough near 670 nm and peak near 705 nm. In
addition, seven of these sites showed varying degrees of evidence
for the presence of cyanobacteria—a minimum in reflectance between
~600 and 630 nm.

Finally, regarding the primary reason we measured the spectra—to
evaluate how reflectance spectra vary as a function of CDOM levels
and concentrations of other light-absorbing and scattering constituents,
it is apparent that reflectance spectra of CDOM-rich lakes can have very
different shapes depending on whether CDOM is the only important
optical property or other properties (TSS and chlorophyll) also play
important roles (see Fig. 13bc). In the former cases, the spectra are
simple—nearly flat and very low reflectance values across the visible
range. In the latter cases spectra also show the reflectance characteris-
tics of the other optical properties, and the influence of CDOM appears
to be mainly in causing lower reflectance, especially at wavelengths
b ~600 nm. CDOM-rich waters typically are associated with forested
regions that tend to be nutrient poor and have little potential for
erosion-causing elevated TSS levels. On a global basis, the spectra of
these lakes are thus probably most common. Nonetheless, CDOM-rich
waters whose spectra are heavily influenced by chlorophyll and/or
TSS are common in Minnesota, as illustrated by the SLRE, Big Sandy
chain of lakes and Mississippi River (Table 1, Fig. 13bc). They also are
likely to be common in other regions where the natural conditions
that produce high CDOM levels intersect with human activities like
agriculture and urban development.

4.5. CDOM predictive model development

The spectra discussed above lead to an obvious question related to
estimating CDOM from reflectance data: given the variety of spectral
shapes for waters containing CDOM, can we produce accurate CDOM
estimates across the range of spectra using one empirical model, or
are different models needed depending on whether CDOM is the only
IOP affecting reflectance or other properties like chl a or TSS also are im-
portant? We addressed this question by using the in situ hyperspectral
data to simulate the measurements that would be obtained in various
bands (see Fig. 12 for band locations) of Landsat 8 (launched in 2013)
and the forthcoming Sentinel-2 and Sentinel-3 satellites of the
European Space Agency, as well as the narrow (hyperspectral) bands
in the Hyperion and HICO satellite sensors. With improved spectral,
spatial and temporal coverage compared with existing satellites, the
Sentinel satellites are expected to provide an important advancement
in capabilities for remote sensing of inland water resources. Landsat 8
also has improved characteristics compared with Landsat 7, including
an additional blue band that may be beneficial for estimating CDOM.
By simulating data from these sensors using our in situ spectra, we
can explore howwell they can measure CDOM (and other optical char-
acteristics of water) in complex inland waters without atmospheric
disturbances.

We used stepwise regression with the sensor band simulations for
Sentinel-2, Sentinel-3, and Landsat 8 to explore the best fit band or
band ratio model using natural log (ln) transformed a440 as the depen-
dent variable and all the non-transformed and ln-transformed bands
and band ratios for each sensor as independent variables. The best
models for a440 based on the simulated Landsat 8, Sentinel-2 and
Sentinel-3 bands and the field-measured reflectance spectra yielded r2

values of 0.84 to 0.86 (Table 3). The narrow, well-positioned bands of
Sentinel-3 worked best, but they may not be needed for CDOM because
thewide bands of Landsatworked almost aswell. Models using the new
Landsat 8 blue band, OLI 1, worked slightly better thanmodels using the
traditional Landsat blue band but not as well as the ratio of the Landsat
green and red bands. This finding is reassuring for historical measure-
ments of CDOM since it suggests that the Landsat archive can be used,
although Kutser (2012) found that low radiometric sensitivity of the
earlier Landsat sensors led to poor results for waters high in CDOM.
Models that worked best for the well-positioned Sentinel bands were
ratios of ~500 and ~750 nm.

We also evaluated the publishedmodel forms of Kutser et al. (2005),
Menken et al. (2006), Ficek et al. (2011), and Griffin et al. (2011); see
Table 3 for band combinations and model forms. The best Landsat 8
model has nearly the same spectral bands and mathematical form as
the model of Kutser et al. (2005) and actually had a higher r2 (0.84)
than the original relationship (0.73) reported by Kutser et al. The
model of Menken et al. (2006), which was based on hyperspectral
data, yielded a nearly identical fit (r2 = 0.83). Although derived

image of Fig.�13


Table 3
CDOM predictive models based on in situ hyperspectra.

(a) Model Equation forma Coefficients Adj. r2 r2 RMSE

Kutser et al. (2005) ln(a440) = a1 + a2ln(OLI3/OLI4) 1.582, −1.507 0.833 0.838 0.473
Brezonik et al. (2005) ln(a440) = a0 + a1(OLI2) + a2(OLI2/OLI5) 2.304, −255.88,−0.2542 0.496 0.525 1.323
Menken et al. (2006) a440 = a1(R670/R560)a2 1.734, −1.321 0.821 0.826 0.490
" " a440 = a0R412 + a2(R700/R670) −1.665, −2007, 9.723 0.337 0.380 5.912
Ficek et al. (2011) a440 = a1(R570/R655)a2 1.680, −1.567 0.836 0.841 0.469
Griffin et al. (2011) ln(a440) = a1 + a2(OLI4) + a3(OLI3:OLI2) 0.087, −40.507, −0.659 0.160 0.209 1.059
This study: ln(a440) = a1 + a2ln(b5:b12) Sentinel-3 2.038, −0.832 0.857 0.861 0.438

ln(a440) = a1 + a2ln(b2:b6) Sentinel-2 1.872, −0.830 0.854 0.856 0.443
ln(a440) = a1 + a2ln(OLI3/OLI4) Landsat 8 1.582, −1.507 0.833 0.838 0.473
ln(a440) = a1 + a2ln(OLI1/OLI5) Landsat 8 1.168, −0.957 0.709 0.718 0.623
ln(a440) = a1 + a2ln(OLI2/OLI5) Landsat 8 1.441, −0.841 0.694 0.703 0.634

a Equations for published models were reformatted to a common measure of CDOM (a440) and common set of bands—Landsat 8 OLI 1–5 (except the hyperspectral models, which are
unchanged). Original equations used absorbance or absorptivity at different wavelengths for CDOM; Kutser et al. (2005) reported their equation in the equivalent format a420 = a1(ALI2/
ALI3)a2; the ALI bands have nearly same ranges as OLI bands 3 and 4.
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independently, this model and that of Kutser et al. have the same form
and use essentially the same band ratios (although Menken et al. used
much narrower bands than the ALI bands used by Kutser et al., 2005).
The model of Ficek et al. (2011), which has the same form and a ratio
of narrow bands similar to that ofMenken et al. (2006), yielded a slight-
ly higher r2 value (0.84). Overall, however, it appears that narrowbands
are not needed to obtain close fitting relationships for CDOMand reflec-
tance data. An alternativemodel ofMenken et al. (2006), which uses re-
flectance at 412 nm and the ratio of reflectance at 670 nm to 700 nm to
correct for effects of chlorophyll, yielded poor fit (r2= 0.38) to our data
set, lending some support to the view that use of short wavelengths
(e.g., b~450 nm), where CDOM absorbs light most strongly, is not the
best way to measure CDOM by remote sensing. Finally, the Landsat-
based model of Brezonik et al. (2005) yielded a mediocre fit (r2 =
0.53), and the model of Griffin et al. (2011), which worked well for
data from a Siberian river, performed poorly with our data set (r2 =
0.21). Zhu et al. (2014) also found poor performance of this model
using data from an estuarine area of Saginaw Bay (Lake Huron).

Themodels we evaluated for a440 also produced strong relationships
between reflectance ratios and DOC (r2 = 0.81), but it must be noted
that DOC itself does not have optical properties, and the relationships
work because of the strong correlation between CDOM and DOC in
our data set (Fig. 8). As discussed earlier, additional field studies
would be needed to verify the relationship (or establish a new one)
between CDOM and DOC for other areas.

As a step toward determining whether different models are needed
for accurate estimates of CDOM in the three classes of high CDOM spec-
tra (A, B, C in Fig. 11), we calculated the % difference betweenmeasured
and predicted a440 for each class (Table 4). For this analysis we moved
three water bodies with simple reflectance spectra dominated by
CDOM that were misclassified as cluster B into cluster C (the high
CDOM, dystrophic class). In terms of absolute values of the % differences
between measured and predicted a440, the Sentinel-2 algorithm pro-
duced the best results across the three CDOM clusters; on average, the
other three models we evaluated exhibited about the same amount of
Table 4
Closeness of fit of three CDOM predictive models for the three clusters of high-CDOM sites.

(b) Fit for CDOM clusters A–Ca A (moderate CDOM, highly eutrophic)

Model Abs.
Ave.b

Ave.c Rangeb

Landsat 8 (Kutser et al., 2005) 30.0 30.0 25.3–43.4
Menken et al. (2006) 37.8 37.8 28.3–51.0
Sentinel-3 15.7 1.0 13.2–16.9
Sentinel-2 21.2 −2.0 0.3–38.1

a Clusters A, B, and C are defined in Fig. 11; misclassified sites 13, 19 and 21 in cluster B wer
b Average or range of absolute values of % differences between measured and predicted a440
c Average of % differences between measured and predicted a440 taking sign of difference in
scatter. Relative to the three clusters, predictions for cluster B were
clearly the most scattered, and cluster A predictions had slightly less
scatter than those for cluster C. Insofar as cluster B had the largest
number of sites and its reflectance spectra exhibited greater diversity
than the spectra in clusters A and C, the higher differences between
measured and predicted a440 values for cluster B suggests that different
predictivemodels for each of the three types of high-CDOMwaters may
producemore accurate results. Amore definitive answer to thequestion
might be obtained by developing and comparing separate predictive
models for each CDOM class, but because of the small number of sites
in classes A and C (see Fig. 11), we did not attempt to do this. Additional
data collection may allow this to occur in the future.

Finally, we can ask whether the spectra in Figs. 12 and 13 help us to
understand why the algorithms of Kutser et al. (2005), Menken et al.
(2006) and Ficek et al. (2011)work, given that they all feature nonlinear
relationships of reflectance ratios at wavelengths N 500 nm, where the
influence of CDOM should be relatively small compared to that at
lower wavelengths. One key difference between the spectra for sites
with low CDOM levels and those with high CDOM levels is a difference
in slopes of the spectra in the range ~570–650 nm. For low-CDOM
waters, the spectra all declinewith increasingwavelength in this region,
but for high-CDOMwaters the opposite trend occurs (increasing reflec-
tancewith increasingwavelength). Further studies should be undertak-
en to evaluate these trends in a more quantitative manner.

5. Summary and conclusions

1. CDOM levels in lakes and rivers of the U.S. Upper Midwest and lakes
in Florida are highly variable at seasonal and multi-year time scales
and at shorter intervals in some rivers and lakes, with coefficients
of variation of 30%–50% for a440 common in the historical and new
data sets we examined. CDOM values used to calibrate imagery
thus should be measured close to the image acquisition date, prefer-
ablywithin 1–2months in lakes and a few days in large rivers, unless
B (high CDOM, mixed eutrophy and
high TSS)

C (high CDOM, oligo-trophic/
dystrophic)

Abs.
Ave.

Ave. Range Abs.
Ave.

Ave. Range

39.9 25.9 14.6–89.3 24.8 11.4 7.1–65.0
39.5 25.7 6.9–81.3 23.8 7.8 6.1–51.0
42.9 17.2 8.6–133.4 38.5 38.5 10.1–62
27.7 12.0 6.2–65.7 30.0 11.5 8.3–63.6

e moved to cluster C for this analysis.
.
to account.
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data exist to show that levels are temporally stable over longer (or
shorter) time periods in a given aquatic system.

2. Spectral slopes (S) for CDOM in the visible range typically show a
change in slope near 460 nm. Slopes vary little over time, even over
multi-year periods, within sites, but variations occur between sites.
Values of S400–460 for waters with a440 N ~5 m−1 generally occur in
a narrow range, 0.014–0.018, similar to reported S values in the
near UV, but values of S400–460 for waters with low CDOM generally
are smaller and more variable, as are values for S460–650 across the
range of CDOM levels. Overall, we conclude that the variability of S
in the visible range should not have an important effect on the
reliability of a440 estimates made from remotely sensed reflectance
measurements at wavelengths N 550 nm, at least for waters with
moderate to high CDOM levels.

3. A strong correlation (r2 = 0.925) was found between CDOM levels
and DOC concentrations in 34 surface waters sampled in 2013, but
the SEE still suggests an uncertainty of ~ ±20% in predicting DOC
at moderate CDOM levels (a440 = 5 m−1). From CDOM–DOC rela-
tionships for other data sets we analyzed and those reported in the
literature we conclude that the fraction of DOC that is colored varies
widely, and slopes of regressions between CDOMand DOC are highly
variable. Prediction of DOC concentrations in water bodies from
CDOM levels alone, whether measured in the laboratory or by
remote sensing, thus is subject to substantial uncertainty, and until
we have a better understanding of variations inDOC–CDOMrelation-
ships, additional field sampling is essential to verify DOC concentra-
tions predicted from remotely sensed CDOMmeasurements.

4. Shapes of in situ reflectance spectra for CDOM-rich waters vary
greatly depending on the concentrations of suspended solids and
chlorophyll that also affect the optical properties of water. Nonethe-
less, from our analysis of results for several predictive models we are
not able to verify that different algorithms would improve the accu-
racy of a440 calculated from remote sensing data for waters where
CDOM alone affects reflectance versus waters where other constitu-
ents affect the spectra.

5. The best band or band ratiomodels for simulated Landsat 8, Sentinel-
2 and Sentinel-3 bands from field-measured reflectance spectra
yielded high r2 values (0.83–0.86) for a440. The Landsat 8 bands
work nearly as well for a440 as the narrower Sentinel bands and
hyperspectral bands, probably because CDOM is characterized by a
broad exponential increase in absorbance with decreasing wave-
length rather than having specific peaks or troughs in absorbance
or reflectance.
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