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OUTLINE	

1.	Why	is	Kd	the	key	variable	for	quan2fying	water	clarity	in	Chesapeake	Bay?	What	is	the	
main	water	cons2tuent	determining	Kd	Bay-wide?		
2.	What	are	other	quick-to-measure	proxies	for	Kd?	How	do	they	compare	to	Kd?		
3.	What	are	the	main	components	of	TSS?	On	a	Bay-wide	scale,	what	drives	their	spa2al	
distribu2on?		
4.	In	lower	energy	areas,	what	drives	their	temporal	distribu2on?	How	do	they	affect	water	
clarity?		
5.	How	do	Kd	and	Secchi	theore2cally	respond	to	components	of	TSS?			
6.	How	has	clarity	been	changing	over	decadal	2me	scales	based	on	observed	Secchi	depth?	
7.	How	has	clarity	been	changing	over	decadal	2me	scales	based	on	observed	Kd	
8.	Can	Secchi	depths	be	used	to	represent	changes	in	Kd	over	shorter	2me-scales?		
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FIGURE II-1. Conceptual Model of Light/Nutrient Effects on SAV Habitat. Availability of light 
for SAV is influenced by water column and at the leaf surface light attenuation processes.
DIN = dissolved inorganic nitrogen and DIP = dissolved inorganic nitrogen. 
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A Simple Empirical Optical Model for Simulating Light Attenuation

Variability in a Partially Mixed Estuary
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ABSTRACT: Representation of the subsurface light field is a crucial component of pelagic ecosystem and water quality
models. Modeling the light field in estuaries is a particularly complicated problem due to the significant influence of high
concentrations of dissolved and particulate matter that are derived from both terrestrial and estuarine sources. The goal of
this study was to develop a relatively simple but effective way to model light attenuation variability in a turbid estuary
(Chesapeake Bay, United States) in a coupled physical-biological model. We adopted a simple, nonspectral empirical
approach. Surface water quality data (salinity was used as a proxy of chromophoric dissolved organic matter [CDOM]) and
light measurements from the Chesapeake Bay Program were used to determine the absorption coefficients in a linear
attenuation model using regression methods. This model predicts Kc (specific attenuation due to phytoplankton/chlorophyll
a [chl a]), K t (specific attenuation due to total suspended solids), and Ks (a function of specific attenuation coefficients of
CDOM in relation to salinity). The Bay-wide fitted relation between the light attenuation coefficient and water quality
concentrations gives generally good estimates of total light attenuation, Kd. The direct inclusion of salinity in the relationship
has one disadvantage: it can yield negative values for Kd at high salinities. We developed two separate models for two
different salinity regimes. This approach, in addition to solving the negative Kd problem, also accounts for some changes in
specific light absorption by chl a, seston (nonphytoplankton particulate matter), and CDOM that apparently occur in
different salinity regimes in Chesapeake Bay. The resulting model predicts the statistical characteristics (i.e., the mean and
variance) of Kd quite accurately in most regions of Chesapeake Bay. We also discuss in this paper the feasibility and caveats of
using Kd converted from Secchi depth in the empirical method.

Introduction

The intensity and spectral composition of light in
aquatic systems change greatly with depth. These
changes arise from the absorption and scattering of
light by water and substances that are either
suspended or dissolved in the water. As a result,
except in very shallow systems, light tends to limit
primary production, but the depth at which this
limitation occurs varies tremendously depending
upon the concentrations of chromophoric (optical-
ly active) dissolved and particulate matter in the
water. The degree of light limitation, and rates of
primary production at depth, in aquatic systems are
a strong function of these constituents as well. Light
availability also influences many other biological
and chemical processes, including species composi-
tion (Rijstenbil 1987; Jones and Gowen 1990),
behavior of organisms (e.g., Gal et al. 1999; Graham
et al. 2001; Dieguez and Gilbert 2003), phytoplank-
ton physiological response (Cullen and Lewis 1988),
and photochemical degradation (Anning et al.
2000). Reproducing the light field variability is
a key problem in modeling biogeochemical pro-
cesses in aquatic ecosystems.

Light intensity diminishes approximately expo-
nentially with depth in water, so that

I Zð Þ ~ I 0ð Þ EXP {KdZð Þ ð1Þ

where I(Z) is the downward irradiance at depth Z,
I(0) is the downward irradiance just beneath the
air–water interface, and Kd is the vertical light
attenuation coefficient. To determine precisely the
amount of light available to phytoplankton, the
spectral distribution of underwater light is needed
because of the differential light absorption by water
and chromophoric matter. If the quality of light is
taken into consideration, then Eq. 1 can be
expressed as:

I Z,lð Þ ~ I 0,lð Þ EXP {Kd lð ÞZð Þ ð2aÞ

and

I Zð Þ ~
ð
I Z,lð Þ dl ð2bÞ

Given that I(0) or I(0,l) can usually be directly
measured or estimated at the sea surface, the major
challenge is how to model Kd or Kd(l) variability in
the water.

For monochromatic light the vertical light atten-
uation can be decomposed as a set of partial
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salinity as a proxy). Water quality data obtained from
Chesapeake Bay Program are used in a linear re-
gression model to obtain a relation between Kd and
water quality concentrations, chl a, TSS, and salinity.
We show that this method yields a simple Bay-wide
optical model that reproduces the observed Kd

variability remarkably well and can be easily adopted
in a numerical biogeochemical model.

DERIVATION OF EMPIRICAL LIGHT MODEL

Empirical Linear Light Model Derived Using Direct
Light Measurements

The empirical, nonspectral approach is not a new
method, having been used to study and model the
relation between light attenuation and water quality
concentrations in a number of different marine
systems (e.g., Smith 1982; McMahon et al. 1992;
Wang et al. 1996; Gallegos and Moore 2000). The
basic premise behind this approach is that if one
can simultaneously measure both Kd and the
concentrations of the optical constituents that
determine Kd, then multiple linear regression
methods can be used to back out the values of the
specific attenuation coefficients. The regression
method also has the advantage that it is simple
and will generate coefficients that are specific to the
particular water body from where the data were
obtained.

The 1995 and 1996 data from 70 stations
maintained by Chesapeake Bay Program in the
main stem of Chesapeake Bay and its tributaries
(Fig. 1) were used to develop a set of empirical
models for Chesapeake Bay (www.chesapeakebay.
net/data/). At each station, underwater light in-
tensity was measured every 0.25 or 0.5 m, with the
surface measurement at 0.1 m. Salinity was mea-
sured every 1 or 2 m; chl a, dissolved organic carbon
(DOC), and TSS were usually measured at the
surface (0.5 or 1 m), above the pycnocline, under
the pycnocline, and at the bottom. Each station was
visited 12–20 times a year at somewhat irregular
intervals. Information about measuring devices and
analytic techniques for all the parameters can be
found in the online water quality database dictio-
nary at the Chesapeake Bay Program website
(www.chesapeakebay.net/data/data_dict2.cfm?DB_
CODE5CBP_WQDB&TABLE_NAME5TAB_
METHOD). For the development of the empirical
models presented in this paper, TSS data were
used as a proxy for seston in Eq. 3. There was no
direct measurement of CDOM and DOC cannot be
used as a proxy for CDOM because the proportion
of CDOM in DOC varies considerably (Rochelle-
Newall and Fisher 2002; Siegel et al. 2002). It
has been shown that CDOM behaves conservatively
like salinity in Chesapeake Bay (Rochelle-Newall

and Fisher 2002) as in some other estuarine
and coastal systems (Monahan and Pybus 1978;
Bowers et al. 2004), with the primary source deriving
from terrestrial freshwater inputs. As a result,
CDOM varies inversely with salinity (see Figs. 4
and 5 in Rochelle-Newall and Fisher 2002) and
salinity data can be used as a proxy for CDOM in
Eq. 3.

The linear representation of Kd can then be
written as

Kd PARð Þ ~ Kw ’ z Kc CHL½ $ z

Kt TSS½ $ z Ks Sal½ $
ð4Þ

where Kc and Kt are the specific attenuation
coefficients of chl a and TSS, respectively. Ks is
a function of specific attenuation coefficients of
CDOM in relation to salinity, and Kw9 is attenuation
due to pure water and CDOM in freshwater.
The combination of Ks[Sal] and Kw9 characterizes
everything that effects Kd(PAR) except the effect
of chl a and TSS. Using salinity in Eq. 4 makes
the physical interpretation of the first and fourth
terms a little awkward. There are at least two
advantages in doing so. The slope and intercept
of the inverse relationship between CDOM and
salinity are basically determined by the CDOM
concentrations in freshwater. By using salinity
directly in the equation we avoid the uncertainty
and variability of the slope and intercept in the
relation. CDOM is usually not an explicit compart-
ment in coupled physical-biological models while
salinity is carried universally, so Eq. 4 is much more
readily applied in biogeochemical models for
estimating Kd.

The light attenuation coefficient was calculated
from Eq. 1 as:

Kd ~
ln I1=I2ð Þ
Z2{Z1ð Þ ð5Þ

Where I1 and I2 are measured underwater light
intensity at depth Z1 and Z2, respectively. Z1 was
taken to be the depth closest to the surface, usually
at 0.1 m and Z2 is the depth of 1.5 m. If the water
was shallower than 1.5 m or the measurement at
1.5 m was missing then a measurement closest to
1.5 m was used.

Using the entire database the regression of this
calculated Kd against measured surface chl a, TSS,
and salinity yields:

Kd ~ 1:932 { 0:004765 CHL½ $ z

0:059 TSS½ $ { 0:08667 Sal½ $
ð6Þ

where [CHL] and [TSS] have the units of mg m23

(mg l21) and g m23 (mg l21), respectively. TSS is by
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TABLE 1. Restoration target areas for coverage of submerged aquatic vegetation (SAV) in major salinity regions of Chesapeake Bay,
and comparisons to 1998 aerial surveys of SAV distribution.

Potential SAV Coverage

Region Areaa

Restoration Targets (hectares)

Tier Ib Tier IIc Tier IIId

Tidal Fresh and
Oligohaline Region

Mesohaline Region

Polyhaline Region

Total Bay

Area (hectares)
% 1998 survey
Area (hectares)
% 1998 survey
Area (hectares)
% 1998 survey
Area (hectares)
% 1998 survey

9,550
75

24,860
41

11,620
87

46,030
56

36,740
20

101,880
31

26,760
31

165,380
16

61,010
12

155,930
7

33,460
30

250,400
10

a Indicates areas are derived from Geographic Information System analysis of bathymetric maps of the Bay, and these are compared
to actual SAV coverage calculated from aerial surveys in 1998.

b Indicates restoration of SAV to areas currently or previously inhabited by SAV as mapped through regional and baywide aerial
surveys, 1971–1998.

c Indicates restoration of SAV to all shallow water areas delineated as existing or potential SAV habitat down to the 1 m depth
contour, excluding areas identified as unlikely to support SAV based on historical observations, recent surveys and physical exposure
regimes.

d Indicates restoration of SAV to all shallow water areas delineated as existing or potential SAV habitat down to the 2 m depth
contour, excluding areas identified under the Tier II target as unlikely to support SAV and several additional areas between 1 and 2
m depths.

Fig. 2. Illustration of how tidal range influences vertical
depth distribution of SAV. The vertical range for plant distri-
bution can be reduced with increased tidal range. The mini-
mum depth of SAV distribution is limited by the low tide (T),
while the maximum depth of SAV distribution is limited by light
(L). The SAV fringe (arrow) decreases as tidal range increases.
A small tidal range results in a large SAV depth distribution,
whereas a large tidal range results in a small SAV depth distri-
bution. Mean high water (MHW), mean tide level (MTL) and
mean low water (MLW) are also illustrated.

column to the depth of SAV growth, referred to as
Percent Light through the Water (PLW). The sec-
ond light parameter, which considers the addition-
al light attenuation by epiphytic materials, is re-
ferred to as Percent Light at the Leaf (PLL). PLW
is calculated as an exponential relationship to
depth of SAV growth (Z) and attenuation coeffi-
cient (Kd) in accordance with the standard Lam-
bert-Beer relationship,

PLW ! 100 exp [("Kd)(Z)]. (1)

PLL is calculated from PLW plus variables estimat-
ing epiphyte biomass (Be) and biomass-specific epi-
phytic light attenuation coefficient (Ke), both of
which are derived from numerical and empirical
relationships (Kemp et al. 2000),

PLL ! (PLW) exp [("Ke)(Be)]. (2)

Previous studies have made quantitative distinc-
tions between water column and epiphytic contri-
butions to total light attenuation (Twilley et al.
1985; Vermaat and de Bruyne 1993).

MINIMUM LIGHT REQUIREMENT FOR SAV SURVIVAL

In general, for all SAV species there is a strong
positive relationship between water clarity and the
maximum water column depth to which plants
grow (Chambers and Kalff 1985; Duarte 1991; Abal
and Dennison 1996; Olesen 1996). Numerous sta-
tistical models have been reported describing re-
lationships between maximum SAV colonization
depth (Zc) and water transparency measured by Kd
or Secchi depth (Canfield et al. 1985; Vant et al.
1986; Duarte and Kalff 1987; Carter et al. 2000).
Virtually all of these models are similar in shape
and trajectory, and two representative examples
are given (Fig. 4) for freshwater plants (Chambers
and Kalff 1985) and seagrasses (Duarte 1991). Al-
though it appears that freshwater plants survive
better than seagrasses in relatively turbid waters
(Kd

"1 # 2.5 m) whereas seagrasses grow deeper in
clear waters (Kd

"1 $ 3 m), these differences are
small and perhaps unimportant. Percent of surface
light reaching bottom at the maximum SAV colo-
nization depth (PLWc) can be calculated from
PLWc ! 100 exp [("Kd)(Zc)]), where regression
equations such as those in Fig. 4, are used to com-
pute Zc in relation to Kd. Values for PLWc tend to
range from 10–30% for both marine and lacustrine
habitats. This calculation represents a quantitative
index of the minimum light required for SAV sur-
vival. Results from in situ experiments involving
seagrass shading suggest a similar range of mini-

Need	to	know	Percent	Light	
through	Water	(PLW)	directly	
drives	need	to	know	Kd	
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TABLE 2. Statistically-derived water quality thresholds beyond which submerged aquatic vegetation (SAV) are not present, and
calculated minimum light requirements for SAV survival.a

Salinity
Regimeb Growing Seasonc

Light
Required at

SAV Leaf
(%), PLLmin

Light
Required
through

Water (%),
PLWmin

Water Column
Light

Attenuation
(Kd, m!1)

Total
Suspend

Solids
(mg l!1)

Plankton
Chlorophyll
a ("g l!1)

Dissolved
Inorganic
Nitrogen
(mg l!1)

Dissolved
Inorganic

Phosphorus
(mg l!1)

Tidal Freshwater April–October #9 #13 $2 $15 $15 — $0.02
Oligohaline
Mesohaline
Polyhaline

April–October
April–October
March–May
September–November

#9
#15
#15

#13
#22
#22

$2
$1.5
$1.5

$15
$15
$15

$15
$15
$15

—
$0.15
$0.15

$0.02
$0.01
$0.01

a Indicates that these are statistically-derived water quality threshold values, beyond which SAV were found to be absent, based on
intensive field studies at selected sites in Chesapeake Bay (Batiuk et al. 1992; Dennison et al. 1993). Minimum light requirement for
SAV survival given as a percent of surface light through the water column (PLWmin) and percent of surface light at leaves (PLLmin)
based on Eqs. 1 and 2 (see text).

b Regions of the estuary defined by salinity regime, where tidal freshwater means $ 0.5 psu, oligohaline means 0.5–5 psu, mesohaline
means 5–18 psu, and polyhaline means #18 psu.

c Medians calculated over this growing season should be used to check the attainment of any of these habitat requirements, and
raw data collected over this period should be used for statistical tests of attainment. For polyhaline areas, the data are combined for
the two periods shown.

Fig. 5. Calculated responses of epiphytic algal biomass (Be,
mg C/mg C SAV) to changes in dissolved inorganic nitrogen
(DIN, "M) concentration under various light (PAR, "E m!2 s!1)
conditions in estuarine waters. Each curve is described by the
equation, and each represents computed response under dif-
ferent light regimes, characterized by the dimensionless optical
depth (OD % KdZ). These curves, which are described by (Be
% (B Be)m [1 & 208 (DIN!KN(OD)]!1 (where (Be)m % 2.2![0.251
(OD1.23)] and KN(OD) % 2.32(1 ! 0.031OD1.42)!1), were gener-
ated from numerical model calculations (modified from Bartle-
son 1988) assuming constant biomass of host SAV plant over
the growth season (May–August). The model was calibrated to
data (open circles) from mesocosm studies (Murray unpub-
lished data) for experimental light conditions (shaded area).
Equations were fit to model calculations using a statistical curve-
fitting routine (Kemp et al. 2000). Similar functions are pre-
dicted for Be versus dissolved inorganic phosphorus (DIP) con-
centrations, with DIP % DIN/16.

Fig. 6. Illustration of the use of a diagnostic tool to calculate
target concentrations for TSS and chl a (growing season means)
for restoration of SAV to a given depth (Gallegos 2001). Target
concentrations are calculated as the intersection of the mini-
mum water column light levels required for SAV habitat
(PLWmin), with a line describing the reduction of median chl a
and TSS concentrations calculated by one of four strategies (a–
d). See text for explanation.

values along a path parallel to the line describing
the minimum contribution of chl a to TSS. The
potentially serious theoretical and practical limita-
tions to this linear model (Eqs. 4, 5, and 6) can be

partially overcome with calibration to the particu-
lar study site (Gallegos 2001).

EPIPHYTE LIGHT ATTENUATION

Central to this revised approach for computing
potential light available at SAV leaves is a relation-
ship developed to compute biomass of epiphytic

Salinity   
Regime 

Water 
Clarity 
Criteria 
as 
Percent 
Light 
through 
Water 

Water Clarity Criteria Application Depths 
(meters) 

0.5 1.0 1.5 2.0

Kd (1/m) Equivalents for
Criteria Application Depth 

Tidal Fresh 
&

Oligohaline
13% Kd<4.08 Kd< 2.04 Kd<1.36 Kd<1.02

Mesohaline 
&

Polyhaline
22% Kd< 3.03 Kd< 1.51 Kd<1.01 Kd<0.76 
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TABLE 1. Restoration target areas for coverage of submerged aquatic vegetation (SAV) in major salinity regions of Chesapeake Bay,
and comparisons to 1998 aerial surveys of SAV distribution.

Potential SAV Coverage

Region Areaa

Restoration Targets (hectares)

Tier Ib Tier IIc Tier IIId

Tidal Fresh and
Oligohaline Region

Mesohaline Region

Polyhaline Region

Total Bay

Area (hectares)
% 1998 survey
Area (hectares)
% 1998 survey
Area (hectares)
% 1998 survey
Area (hectares)
% 1998 survey

9,550
75

24,860
41

11,620
87

46,030
56

36,740
20

101,880
31

26,760
31

165,380
16

61,010
12

155,930
7

33,460
30

250,400
10

a Indicates areas are derived from Geographic Information System analysis of bathymetric maps of the Bay, and these are compared
to actual SAV coverage calculated from aerial surveys in 1998.

b Indicates restoration of SAV to areas currently or previously inhabited by SAV as mapped through regional and baywide aerial
surveys, 1971–1998.

c Indicates restoration of SAV to all shallow water areas delineated as existing or potential SAV habitat down to the 1 m depth
contour, excluding areas identified as unlikely to support SAV based on historical observations, recent surveys and physical exposure
regimes.

d Indicates restoration of SAV to all shallow water areas delineated as existing or potential SAV habitat down to the 2 m depth
contour, excluding areas identified under the Tier II target as unlikely to support SAV and several additional areas between 1 and 2
m depths.

Fig. 2. Illustration of how tidal range influences vertical
depth distribution of SAV. The vertical range for plant distri-
bution can be reduced with increased tidal range. The mini-
mum depth of SAV distribution is limited by the low tide (T),
while the maximum depth of SAV distribution is limited by light
(L). The SAV fringe (arrow) decreases as tidal range increases.
A small tidal range results in a large SAV depth distribution,
whereas a large tidal range results in a small SAV depth distri-
bution. Mean high water (MHW), mean tide level (MTL) and
mean low water (MLW) are also illustrated.

column to the depth of SAV growth, referred to as
Percent Light through the Water (PLW). The sec-
ond light parameter, which considers the addition-
al light attenuation by epiphytic materials, is re-
ferred to as Percent Light at the Leaf (PLL). PLW
is calculated as an exponential relationship to
depth of SAV growth (Z) and attenuation coeffi-
cient (Kd) in accordance with the standard Lam-
bert-Beer relationship,

PLW ! 100 exp [("Kd)(Z)]. (1)

PLL is calculated from PLW plus variables estimat-
ing epiphyte biomass (Be) and biomass-specific epi-
phytic light attenuation coefficient (Ke), both of
which are derived from numerical and empirical
relationships (Kemp et al. 2000),

PLL ! (PLW) exp [("Ke)(Be)]. (2)

Previous studies have made quantitative distinc-
tions between water column and epiphytic contri-
butions to total light attenuation (Twilley et al.
1985; Vermaat and de Bruyne 1993).

MINIMUM LIGHT REQUIREMENT FOR SAV SURVIVAL

In general, for all SAV species there is a strong
positive relationship between water clarity and the
maximum water column depth to which plants
grow (Chambers and Kalff 1985; Duarte 1991; Abal
and Dennison 1996; Olesen 1996). Numerous sta-
tistical models have been reported describing re-
lationships between maximum SAV colonization
depth (Zc) and water transparency measured by Kd
or Secchi depth (Canfield et al. 1985; Vant et al.
1986; Duarte and Kalff 1987; Carter et al. 2000).
Virtually all of these models are similar in shape
and trajectory, and two representative examples
are given (Fig. 4) for freshwater plants (Chambers
and Kalff 1985) and seagrasses (Duarte 1991). Al-
though it appears that freshwater plants survive
better than seagrasses in relatively turbid waters
(Kd

"1 # 2.5 m) whereas seagrasses grow deeper in
clear waters (Kd

"1 $ 3 m), these differences are
small and perhaps unimportant. Percent of surface
light reaching bottom at the maximum SAV colo-
nization depth (PLWc) can be calculated from
PLWc ! 100 exp [("Kd)(Zc)]), where regression
equations such as those in Fig. 4, are used to com-
pute Zc in relation to Kd. Values for PLWc tend to
range from 10–30% for both marine and lacustrine
habitats. This calculation represents a quantitative
index of the minimum light required for SAV sur-
vival. Results from in situ experiments involving
seagrass shading suggest a similar range of mini-
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TABLE 2. Statistically-derived water quality thresholds beyond which submerged aquatic vegetation (SAV) are not present, and
calculated minimum light requirements for SAV survival.a

Salinity
Regimeb Growing Seasonc

Light
Required at

SAV Leaf
(%), PLLmin

Light
Required
through

Water (%),
PLWmin

Water Column
Light

Attenuation
(Kd, m!1)

Total
Suspend

Solids
(mg l!1)

Plankton
Chlorophyll
a ("g l!1)

Dissolved
Inorganic
Nitrogen
(mg l!1)

Dissolved
Inorganic

Phosphorus
(mg l!1)

Tidal Freshwater April–October #9 #13 $2 $15 $15 — $0.02
Oligohaline
Mesohaline
Polyhaline

April–October
April–October
March–May
September–November

#9
#15
#15

#13
#22
#22

$2
$1.5
$1.5

$15
$15
$15

$15
$15
$15

—
$0.15
$0.15

$0.02
$0.01
$0.01

a Indicates that these are statistically-derived water quality threshold values, beyond which SAV were found to be absent, based on
intensive field studies at selected sites in Chesapeake Bay (Batiuk et al. 1992; Dennison et al. 1993). Minimum light requirement for
SAV survival given as a percent of surface light through the water column (PLWmin) and percent of surface light at leaves (PLLmin)
based on Eqs. 1 and 2 (see text).

b Regions of the estuary defined by salinity regime, where tidal freshwater means $ 0.5 psu, oligohaline means 0.5–5 psu, mesohaline
means 5–18 psu, and polyhaline means #18 psu.

c Medians calculated over this growing season should be used to check the attainment of any of these habitat requirements, and
raw data collected over this period should be used for statistical tests of attainment. For polyhaline areas, the data are combined for
the two periods shown.

Fig. 5. Calculated responses of epiphytic algal biomass (Be,
mg C/mg C SAV) to changes in dissolved inorganic nitrogen
(DIN, "M) concentration under various light (PAR, "E m!2 s!1)
conditions in estuarine waters. Each curve is described by the
equation, and each represents computed response under dif-
ferent light regimes, characterized by the dimensionless optical
depth (OD % KdZ). These curves, which are described by (Be
% (B Be)m [1 & 208 (DIN!KN(OD)]!1 (where (Be)m % 2.2![0.251
(OD1.23)] and KN(OD) % 2.32(1 ! 0.031OD1.42)!1), were gener-
ated from numerical model calculations (modified from Bartle-
son 1988) assuming constant biomass of host SAV plant over
the growth season (May–August). The model was calibrated to
data (open circles) from mesocosm studies (Murray unpub-
lished data) for experimental light conditions (shaded area).
Equations were fit to model calculations using a statistical curve-
fitting routine (Kemp et al. 2000). Similar functions are pre-
dicted for Be versus dissolved inorganic phosphorus (DIP) con-
centrations, with DIP % DIN/16.

Fig. 6. Illustration of the use of a diagnostic tool to calculate
target concentrations for TSS and chl a (growing season means)
for restoration of SAV to a given depth (Gallegos 2001). Target
concentrations are calculated as the intersection of the mini-
mum water column light levels required for SAV habitat
(PLWmin), with a line describing the reduction of median chl a
and TSS concentrations calculated by one of four strategies (a–
d). See text for explanation.

values along a path parallel to the line describing
the minimum contribution of chl a to TSS. The
potentially serious theoretical and practical limita-
tions to this linear model (Eqs. 4, 5, and 6) can be

partially overcome with calibration to the particu-
lar study site (Gallegos 2001).

EPIPHYTE LIGHT ATTENUATION

Central to this revised approach for computing
potential light available at SAV leaves is a relation-
ship developed to compute biomass of epiphytic

(Wang	&	Tian	2015)	



Four	Factors	Contribute	to	Water-
column	Light	Aeenua2on	

1.  Water 

2.  Colored dissolved 
organic matter 

3.  Chlorophyll 

4.  Suspended 
particulate matter 
(a.k.a., Total 
Suspended Solids) 

(Gallegos	2005)		



far the most important factor in controlling light
attenuation in Chesapeake Bay (Table 1). Alone it
explains about 58% of the total variability in Kd.
CDOM variation (expressed by salinity here) is the
second most important, which explains an addition-
al 14% of Kd variability. Chl a enters the model only
at 5% level and does not improve the R2. Unlike
oceanic waters, phytoplankton absorption plays
a minor role in controlling the light field in
Chesapeake Bay, though it is shown below that the
importance of phytoplankton absorption increases
down estuary.

The negative sign in front of salinity is expected
because CDOM is inversely related to salinity.
The small negative but significant (at 0.05 level)
coefficient for chl a is somewhat puzzling given
that increases in chl a concentration should lead
to increases in light attenuation. Gallegos and
Moore (2000) thought that a negative coefficient
for chl a was a dubious result and dismissed
these instances in their discussion. We suspect
that this statistically significant coefficient reflects
the fact that in the tributaries and the upper
Bay (see next section) light often limits phytoplank-
ton growth. That is, even though chl a contributes
to light attenuation, the light control of phyto-
plankton growth is so strong in some areas due to
the influence of TSS and CDOM that it results in an
inverse relation between Kd and chl a concentration.
When Kd is large, i.e., in very turbid water, chl
a concentration is relatively low because phyto-
plankton cannot grow and vice versa. Since phyto-
plankton is also a component of TSS its net
contribution to light attenuation can still be
positive.

The fit between the calculated Kd (Kd observed)
against Kd obtained from Eq. 6 (Kd predicted)
appears to be linear (Fig. 2) and the R2 5 0.72 is
remarkably high, i.e., the empirical model explains
about 72% of the observed Kd variability. The
variability that is not accounted for can, at least to
some degree, be attributed to the composition of
optically active constituents in the Bay that change
considerably in time and space. Light absorption
and scattering by phytoplankton changes with the
species composition, pigment composition (Stuart

et al. 1998), and cell shape and size (Ciotti et al.
2002; Lorenz et al. 2003); light scattering also
depends on the composition, geometric shape,
and size of TSS (Richardson 1987; Baker et al.
2001; Risovic 2002). Given the demonstrated im-
portance of TSS in controlling Kd, we conclude that
changes in the composition, geometric shape, and
size of TSS is responsible for most of the unresolved
Kd variability.

EMPIRICAL LIGHT MODEL DERIVED USING

SECCHI DEPTH

Secchi depth (SD) is routinely measured as
a simple means of assessing water clarity in
estuarine, coastal, and open ocean waters. It is
measured by lowering a device called Secchi disc
into the water and recording the depth at which it
just disappears from view. In the Chesapeake Bay
Program, it was measured much more often (along
with water quality measurements) than the direct
light measurements that we used in our analysis
above. For 1995 and 1996, 3,428 SD measurements
were made from 129 stations. It is tempting to use
attenuation coefficients derived from these mea-
surements for our optical model development, but
the relationship between SD and attenuation co-
efficient is not fixed, i.e., it can vary by as much as
seven fold in waters with large variations in CDOM
and turbidity (Koenings and Edmundson 1991).
One must be very careful when converting SD to Kd

Fig. 2. Vertical light attenuation coefficient (Kd) (m21)
derived from direct light measurements versus Kd obtained
from the uniform linear regression relation (shown in the
figure).

TABLE 1. The coefficient, p value, and partial R2 for each term
in Eq. 6. Kc and Kt are the specific attenuation coefficients of chl
a and total suspended solids, respectively. Ks is a function of
specific attenuation coefficients of CDOM in relation to salinity.
Kw9 is the attenuation coefficient due to pure water and CDOM in
freshwater.

Variables Kw9 Kc K t Ks

Value 1.932 20.004765 0.059 20.0867
p , 0.001 0.0275 , 0.001 , 0.001
Partial R2 na 0.001 0.585 0.138
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far the most important factor in controlling light
attenuation in Chesapeake Bay (Table 1). Alone it
explains about 58% of the total variability in Kd.
CDOM variation (expressed by salinity here) is the
second most important, which explains an addition-
al 14% of Kd variability. Chl a enters the model only
at 5% level and does not improve the R2. Unlike
oceanic waters, phytoplankton absorption plays
a minor role in controlling the light field in
Chesapeake Bay, though it is shown below that the
importance of phytoplankton absorption increases
down estuary.

The negative sign in front of salinity is expected
because CDOM is inversely related to salinity.
The small negative but significant (at 0.05 level)
coefficient for chl a is somewhat puzzling given
that increases in chl a concentration should lead
to increases in light attenuation. Gallegos and
Moore (2000) thought that a negative coefficient
for chl a was a dubious result and dismissed
these instances in their discussion. We suspect
that this statistically significant coefficient reflects
the fact that in the tributaries and the upper
Bay (see next section) light often limits phytoplank-
ton growth. That is, even though chl a contributes
to light attenuation, the light control of phyto-
plankton growth is so strong in some areas due to
the influence of TSS and CDOM that it results in an
inverse relation between Kd and chl a concentration.
When Kd is large, i.e., in very turbid water, chl
a concentration is relatively low because phyto-
plankton cannot grow and vice versa. Since phyto-
plankton is also a component of TSS its net
contribution to light attenuation can still be
positive.

The fit between the calculated Kd (Kd observed)
against Kd obtained from Eq. 6 (Kd predicted)
appears to be linear (Fig. 2) and the R2 5 0.72 is
remarkably high, i.e., the empirical model explains
about 72% of the observed Kd variability. The
variability that is not accounted for can, at least to
some degree, be attributed to the composition of
optically active constituents in the Bay that change
considerably in time and space. Light absorption
and scattering by phytoplankton changes with the
species composition, pigment composition (Stuart

et al. 1998), and cell shape and size (Ciotti et al.
2002; Lorenz et al. 2003); light scattering also
depends on the composition, geometric shape,
and size of TSS (Richardson 1987; Baker et al.
2001; Risovic 2002). Given the demonstrated im-
portance of TSS in controlling Kd, we conclude that
changes in the composition, geometric shape, and
size of TSS is responsible for most of the unresolved
Kd variability.

EMPIRICAL LIGHT MODEL DERIVED USING

SECCHI DEPTH

Secchi depth (SD) is routinely measured as
a simple means of assessing water clarity in
estuarine, coastal, and open ocean waters. It is
measured by lowering a device called Secchi disc
into the water and recording the depth at which it
just disappears from view. In the Chesapeake Bay
Program, it was measured much more often (along
with water quality measurements) than the direct
light measurements that we used in our analysis
above. For 1995 and 1996, 3,428 SD measurements
were made from 129 stations. It is tempting to use
attenuation coefficients derived from these mea-
surements for our optical model development, but
the relationship between SD and attenuation co-
efficient is not fixed, i.e., it can vary by as much as
seven fold in waters with large variations in CDOM
and turbidity (Koenings and Edmundson 1991).
One must be very careful when converting SD to Kd

Fig. 2. Vertical light attenuation coefficient (Kd) (m21)
derived from direct light measurements versus Kd obtained
from the uniform linear regression relation (shown in the
figure).

TABLE 1. The coefficient, p value, and partial R2 for each term
in Eq. 6. Kc and Kt are the specific attenuation coefficients of chl
a and total suspended solids, respectively. Ks is a function of
specific attenuation coefficients of CDOM in relation to salinity.
Kw9 is the attenuation coefficient due to pure water and CDOM in
freshwater.

Variables Kw9 Kc K t Ks

Value 1.932 20.004765 0.059 20.0867
p , 0.001 0.0275 , 0.001 , 0.001
Partial R2 na 0.001 0.585 0.138
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(Xu	et	al.	2005)	

--	Bay-wide,	TSS	sta2s2cally	accounts	for								
~	60%	of	all	variability	in	Kd.				
--	Chlorophyll’s	role	(at	~	0.1%)	is	ambiguous	
--	But	remember,	TSS	=	solids,	not	sediment.	
	
	

salinity as a proxy). Water quality data obtained from
Chesapeake Bay Program are used in a linear re-
gression model to obtain a relation between Kd and
water quality concentrations, chl a, TSS, and salinity.
We show that this method yields a simple Bay-wide
optical model that reproduces the observed Kd

variability remarkably well and can be easily adopted
in a numerical biogeochemical model.

DERIVATION OF EMPIRICAL LIGHT MODEL

Empirical Linear Light Model Derived Using Direct
Light Measurements

The empirical, nonspectral approach is not a new
method, having been used to study and model the
relation between light attenuation and water quality
concentrations in a number of different marine
systems (e.g., Smith 1982; McMahon et al. 1992;
Wang et al. 1996; Gallegos and Moore 2000). The
basic premise behind this approach is that if one
can simultaneously measure both Kd and the
concentrations of the optical constituents that
determine Kd, then multiple linear regression
methods can be used to back out the values of the
specific attenuation coefficients. The regression
method also has the advantage that it is simple
and will generate coefficients that are specific to the
particular water body from where the data were
obtained.

The 1995 and 1996 data from 70 stations
maintained by Chesapeake Bay Program in the
main stem of Chesapeake Bay and its tributaries
(Fig. 1) were used to develop a set of empirical
models for Chesapeake Bay (www.chesapeakebay.
net/data/). At each station, underwater light in-
tensity was measured every 0.25 or 0.5 m, with the
surface measurement at 0.1 m. Salinity was mea-
sured every 1 or 2 m; chl a, dissolved organic carbon
(DOC), and TSS were usually measured at the
surface (0.5 or 1 m), above the pycnocline, under
the pycnocline, and at the bottom. Each station was
visited 12–20 times a year at somewhat irregular
intervals. Information about measuring devices and
analytic techniques for all the parameters can be
found in the online water quality database dictio-
nary at the Chesapeake Bay Program website
(www.chesapeakebay.net/data/data_dict2.cfm?DB_
CODE5CBP_WQDB&TABLE_NAME5TAB_
METHOD). For the development of the empirical
models presented in this paper, TSS data were
used as a proxy for seston in Eq. 3. There was no
direct measurement of CDOM and DOC cannot be
used as a proxy for CDOM because the proportion
of CDOM in DOC varies considerably (Rochelle-
Newall and Fisher 2002; Siegel et al. 2002). It
has been shown that CDOM behaves conservatively
like salinity in Chesapeake Bay (Rochelle-Newall

and Fisher 2002) as in some other estuarine
and coastal systems (Monahan and Pybus 1978;
Bowers et al. 2004), with the primary source deriving
from terrestrial freshwater inputs. As a result,
CDOM varies inversely with salinity (see Figs. 4
and 5 in Rochelle-Newall and Fisher 2002) and
salinity data can be used as a proxy for CDOM in
Eq. 3.

The linear representation of Kd can then be
written as

Kd PARð Þ ~ Kw ’ z Kc CHL½ $ z

Kt TSS½ $ z Ks Sal½ $
ð4Þ

where Kc and Kt are the specific attenuation
coefficients of chl a and TSS, respectively. Ks is
a function of specific attenuation coefficients of
CDOM in relation to salinity, and Kw9 is attenuation
due to pure water and CDOM in freshwater.
The combination of Ks[Sal] and Kw9 characterizes
everything that effects Kd(PAR) except the effect
of chl a and TSS. Using salinity in Eq. 4 makes
the physical interpretation of the first and fourth
terms a little awkward. There are at least two
advantages in doing so. The slope and intercept
of the inverse relationship between CDOM and
salinity are basically determined by the CDOM
concentrations in freshwater. By using salinity
directly in the equation we avoid the uncertainty
and variability of the slope and intercept in the
relation. CDOM is usually not an explicit compart-
ment in coupled physical-biological models while
salinity is carried universally, so Eq. 4 is much more
readily applied in biogeochemical models for
estimating Kd.

The light attenuation coefficient was calculated
from Eq. 1 as:

Kd ~
ln I1=I2ð Þ
Z2{Z1ð Þ ð5Þ

Where I1 and I2 are measured underwater light
intensity at depth Z1 and Z2, respectively. Z1 was
taken to be the depth closest to the surface, usually
at 0.1 m and Z2 is the depth of 1.5 m. If the water
was shallower than 1.5 m or the measurement at
1.5 m was missing then a measurement closest to
1.5 m was used.

Using the entire database the regression of this
calculated Kd against measured surface chl a, TSS,
and salinity yields:

Kd ~ 1:932 { 0:004765 CHL½ $ z

0:059 TSS½ $ { 0:08667 Sal½ $
ð6Þ

where [CHL] and [TSS] have the units of mg m23

(mg l21) and g m23 (mg l21), respectively. TSS is by
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What	cons2tuent	of	water	sta2s2cally	explains	the	most	Bay-wide	variance	in	Kd?	

--	Also,	predic2ons	for	
Kd	≤	~	2	m-1	are	less	clear.			

70	CBP	sta2ons,	
1995-1996		



Synthesis:	Understanding	of	Chesapeake	Bay	Water	Clarity	Pa9erns	

OUTLINE	

1.	Why	is	Kd	the	key	variable	for	quan2fying	water	clarity	in	Chesapeake	Bay?	(Ans:	PLW)	
What	is	the	main	water	cons2tuent	determining	Kd	Bay-wide?	(Ans:	TSS)		
2.	What	are	other	quick-to-measure	proxies	for	Kd?	How	do	they	compare	to	Kd?		
3.	What	are	the	main	components	of	TSS?	On	a	Bay-wide	scale,	what	drives	their	spa2al	
distribu2on?		
4.	In	lower	energy	areas,	what	drives	their	temporal	distribu2on?	How	do	they	affect	water	
clarity?		
5.	How	do	Kd	and	Secchi	theore2cally	respond	to	components	of	TSS?			
6.	How	has	clarity	been	changing	over	decadal	2me	scales	based	on	observed	Secchi	depth?	
7.	How	has	clarity	been	changing	over	decadal	2me	scales	based	on	observed	Kd	
8.	Can	Secchi	depths	be	used	to	represent	changes	in	Kd	over	shorter	2me-scales?		
		



•  “Too much algae can block sunlight ….” 

Multiple studies show that light attenuation and scattering in Bay waters 
is due mostly to water, abiotic TSS, and CDOM  (e.g. Xu et al. 2005 Estuaries) and 
flocculation of fine particles (Sanford, Gallegos) 

Monitoring data also indicate abiotic particles attenuate more light than 
phytoplankton biomass 

• “Too much algae attached to or settled on leaves of underwater grasses 
can block sunlight from reaching grasses. 

(Buchanan,	2013)	

Data	from	all	CBP	phytoplankton	monitoring	sta2ons,	all	seasons,	1984-2010				

--	Secchi	depth	is	a	simple,	quick	measure	of	clarity	that	is	more	widely	available.	
--	Bay-wide,	TSS	likewise	accounts	for	~	60%	variance	in	Secchi	depth.		
--	Similarly,	the	rela2onship	of	phytoplankton	to	Secchi	depth	is	ambigous.		
--	How	do	Secchi	measurements	compare	to	Kd?	
	

Predic2ons	for	
Secchi	≥	1	m	are	
not	“clear”.			



(Xu	et	al.	2005)	

How	do	Secchi	
measurements	
compare	to	Kd?		

Kd	=	Const./Secchi	
overes2mates	Kd	
when	water	is	
rela2vely	clear.		

attenuation coefficients, each characterizing absorp-
tion and scattering by a different waterborne
material. Taking all wavelengths into consideration,
spectral biooptical models have been developed to
calculate each partial attenuation coefficient for
each narrow band of the spectrum. These models
have, among other things, been applied to the
interpretation of remote sensing data on ocean
color (Platt and Sathyendranath 1988; Sathyendra-
nath and Platt 1989a) and the development of
numerical models for primary production (Sathyen-
dranath and Platt 1989b; Smith et al. 1989; Arrigo
and Sullivan 1994).

In a spectral light model, it is usually necessary to
know the wavelength-specific absorption and scat-
tering coefficients for each waterborne material;
this is not a trivial task in a complex and variable
estuarine environment like Chesapeake Bay, United
States. A simple approach as expressed in Eq. 1 is
appealing, especially when the goal is to predict
diffuse attenuation from numerically simulated
concentrations of chromophoric substances in the
water. Strictly speaking, a complete spectrum is still
needed to determine the average Kd for the whole
photosynthetic wave band. As a simplification it is
commonly assumed that the average Kd for photo-
synthetically active radiation (PAR) can be decom-
posed as a set of partial attenuation coefficients in
the same manner as for the monochromatic light.
To further simplify the problem, Kd(PAR) is often
modeled as a linear function of water quality
concentrations (Smith 1982; Stefan et al. 1983).
Phytoplankton (and macrophytes, if any), seston
(nonphytoplankton particulate matter), and chro-
mophoric dissolved organic matter (CDOM) con-
tribute to light attenuation (Kirk 1994). Kd(PAR)
can be approximated as:

Kd PARð Þ ~ Kw z Kp PHY½ $ z

Ks SES½ $ z Ko CDOM½ $
ð3Þ

where Kw is the attenuation due to water, and Kp, Ks,
and Ko are the specific attenuation coefficients of
phytoplankton, seston, and CDOM, respectively.

Estimation of Kp, Ks, and Ko is quite challenging
in estuaries. The estuarine environment is more
optically complex and variable than either open
ocean or coastal waters due to the confluence of
river water and sea water, leading to a broad suite of
optically active constituents from both terrestrial
and aquatic sources. The temporal and spatial
distributions and compositions of phytoplankton,
seston, and CDOM vary considerably. Theoretically,
the corresponding specific coefficients, Kp, Ks, and
Ko, will vary in time and space as well.

Chesapeake Bay is a large partially mixed estuary
in the United States (Fig. 1). There are 50 major

rivers discharging into the Bay. Among all the
tributaries, the Susquehanna River at the head is the
primary source of freshwater as well as nutrients,
dissolved organic matter and sediments. Concentra-
tions of these chromophoric constituents are high
in the upper Bay and low in the lower Bay. These
gradients are mainly affected by the freshwater
input. Typical of mid latitude rivers, the discharge is
high in spring followed by low to moderate flow
throughout the rest of the year. The seasonal and
spatial change in nutrient concentrations and
turbidity greatly affect the light attenuation in the
Bay (Harding 1994).

A complex spectral light model has been de-
veloped and applied to Chesapeake Bay in studies
related to restoring the submerged aquatic vegetation
habitat (Gallegos et al. 1990; Gallegos 2001). In this
paper we describe our efforts to develop a simple and
suitable light model for calculating light penetration
in a coupled physical-biological model of Chesapeake
Bay. We use an empirical approach to estimate the
specific attenuation coefficients for chlorophyll a (chl
a), total suspended solids (TSS), and CDOM (using

Fig. 1. Locations of Chesapeake Bay Monitoring Program
stations.
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in estuarine applications or highly inaccurate values
may be obtained. Our attempts to derive an optical
model using SD-derived Kd values were unsuccess-
ful. The following analysis illustrates the problem.

There are a total of 1,345 pairs of data for SD and
Kd, where they were measured simultaneously, in
1995 and 1996. A hyperbolic fit of the data set gives
us

Kd ~
1

0:6ZSD z 0:01856
R2 ~ 0:78
! "

ð7Þ

In contrast, a conversion obtained from Choptank
River

Kd ~
0:97

ZSD { 0:1
ð8Þ

gives a similar fit to the data set (R2 5 0.72) if data
points of ZSD 5 0.1 are discarded. Equation 8 tends
to give higher Kd values than Eq. 7 when SD is less
than 0.3 and lower Kd values when SD is greater
than 0.3 (Fig. 3). Also shown in Fig. 3 is the widely
used conversion:

Kd~
1:7
ZSD

ð9Þ

These three values of Kd derived from Eqs. 7, 8,
and 9 would lead to, respectively, the following
three linear fits:

Kd ~ 2:69 z 0:005 CHL½ $ z 0:024 TSS½ $

{ 0:108 SAL½ $
ð10aÞ

Kd ~ 1:37 z 0:004 CHL½ $ z 0:061 TSS½ $

{ 0:082 SAL½ $
ð10bÞ

Kd ~ 2:90 z 0:005 CHL½ $ z 0:031 TSS½ $

{ 0:122 SAL½ $
ð10cÞ

All three of these optical models describe much
less of the observed Kd variability (R2 5 0.56, 0.55,
and 0.55, respectively) compared to the model
derived using the direct light measurements
(Eq. 6). They all tend to underestimate high Kd

and overestimate low Kd, creating significant biases
at both extremes (Fig. 4). Because all three models
give a similar fit of the data set, only Kd obtained
from Eq. 10a versus Kd calculated from Eq. 7 is
illustrated. The severity of these biases suggests that
Kd values derived from SD data cannot be used for
optical model development.

DUAL EMPIRICAL LIGHT MODELS WITH DIRECT

LIGHT MEASUREMENT

The uniform empirical linear light model (Eq. 6)
produces a good fit of the data, but there is one
significant problem. Kd can become negative in
high salinity regions. To surmount this problem,
and to account for some geographic variability in
specific attenuation coefficients, we divided the data
into two groups based on salinity: one group of data
with salinity less than or equal to 15 and the other

Fig. 3. Kd (m21) derived from direct light measurements
versus Secchi depth (m) and a comparison of three different
conversion relationships between Kd and Secchi depth.

Fig. 4. Vertical light attenuation coefficient (Kd) (m21)
converted from measured Secchi depth versus Kd obtained from
the uniform linear regression relation (shown in the figure).
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in estuarine applications or highly inaccurate values
may be obtained. Our attempts to derive an optical
model using SD-derived Kd values were unsuccess-
ful. The following analysis illustrates the problem.

There are a total of 1,345 pairs of data for SD and
Kd, where they were measured simultaneously, in
1995 and 1996. A hyperbolic fit of the data set gives
us

Kd ~
1

0:6ZSD z 0:01856
R2 ~ 0:78
! "

ð7Þ

In contrast, a conversion obtained from Choptank
River

Kd ~
0:97

ZSD { 0:1
ð8Þ

gives a similar fit to the data set (R2 5 0.72) if data
points of ZSD 5 0.1 are discarded. Equation 8 tends
to give higher Kd values than Eq. 7 when SD is less
than 0.3 and lower Kd values when SD is greater
than 0.3 (Fig. 3). Also shown in Fig. 3 is the widely
used conversion:

Kd~
1:7
ZSD

ð9Þ

These three values of Kd derived from Eqs. 7, 8,
and 9 would lead to, respectively, the following
three linear fits:

Kd ~ 2:69 z 0:005 CHL½ $ z 0:024 TSS½ $

{ 0:108 SAL½ $
ð10aÞ

Kd ~ 1:37 z 0:004 CHL½ $ z 0:061 TSS½ $

{ 0:082 SAL½ $
ð10bÞ

Kd ~ 2:90 z 0:005 CHL½ $ z 0:031 TSS½ $

{ 0:122 SAL½ $
ð10cÞ

All three of these optical models describe much
less of the observed Kd variability (R2 5 0.56, 0.55,
and 0.55, respectively) compared to the model
derived using the direct light measurements
(Eq. 6). They all tend to underestimate high Kd

and overestimate low Kd, creating significant biases
at both extremes (Fig. 4). Because all three models
give a similar fit of the data set, only Kd obtained
from Eq. 10a versus Kd calculated from Eq. 7 is
illustrated. The severity of these biases suggests that
Kd values derived from SD data cannot be used for
optical model development.

DUAL EMPIRICAL LIGHT MODELS WITH DIRECT

LIGHT MEASUREMENT

The uniform empirical linear light model (Eq. 6)
produces a good fit of the data, but there is one
significant problem. Kd can become negative in
high salinity regions. To surmount this problem,
and to account for some geographic variability in
specific attenuation coefficients, we divided the data
into two groups based on salinity: one group of data
with salinity less than or equal to 15 and the other

Fig. 3. Kd (m21) derived from direct light measurements
versus Secchi depth (m) and a comparison of three different
conversion relationships between Kd and Secchi depth.

Fig. 4. Vertical light attenuation coefficient (Kd) (m21)
converted from measured Secchi depth versus Kd obtained from
the uniform linear regression relation (shown in the figure).
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in estuarine applications or highly inaccurate values
may be obtained. Our attempts to derive an optical
model using SD-derived Kd values were unsuccess-
ful. The following analysis illustrates the problem.

There are a total of 1,345 pairs of data for SD and
Kd, where they were measured simultaneously, in
1995 and 1996. A hyperbolic fit of the data set gives
us

Kd ~
1

0:6ZSD z 0:01856
R2 ~ 0:78
! "

ð7Þ

In contrast, a conversion obtained from Choptank
River

Kd ~
0:97

ZSD { 0:1
ð8Þ

gives a similar fit to the data set (R2 5 0.72) if data
points of ZSD 5 0.1 are discarded. Equation 8 tends
to give higher Kd values than Eq. 7 when SD is less
than 0.3 and lower Kd values when SD is greater
than 0.3 (Fig. 3). Also shown in Fig. 3 is the widely
used conversion:

Kd~
1:7
ZSD

ð9Þ

These three values of Kd derived from Eqs. 7, 8,
and 9 would lead to, respectively, the following
three linear fits:

Kd ~ 2:69 z 0:005 CHL½ $ z 0:024 TSS½ $

{ 0:108 SAL½ $
ð10aÞ

Kd ~ 1:37 z 0:004 CHL½ $ z 0:061 TSS½ $

{ 0:082 SAL½ $
ð10bÞ

Kd ~ 2:90 z 0:005 CHL½ $ z 0:031 TSS½ $

{ 0:122 SAL½ $
ð10cÞ

All three of these optical models describe much
less of the observed Kd variability (R2 5 0.56, 0.55,
and 0.55, respectively) compared to the model
derived using the direct light measurements
(Eq. 6). They all tend to underestimate high Kd

and overestimate low Kd, creating significant biases
at both extremes (Fig. 4). Because all three models
give a similar fit of the data set, only Kd obtained
from Eq. 10a versus Kd calculated from Eq. 7 is
illustrated. The severity of these biases suggests that
Kd values derived from SD data cannot be used for
optical model development.

DUAL EMPIRICAL LIGHT MODELS WITH DIRECT

LIGHT MEASUREMENT

The uniform empirical linear light model (Eq. 6)
produces a good fit of the data, but there is one
significant problem. Kd can become negative in
high salinity regions. To surmount this problem,
and to account for some geographic variability in
specific attenuation coefficients, we divided the data
into two groups based on salinity: one group of data
with salinity less than or equal to 15 and the other

Fig. 3. Kd (m21) derived from direct light measurements
versus Secchi depth (m) and a comparison of three different
conversion relationships between Kd and Secchi depth.

Fig. 4. Vertical light attenuation coefficient (Kd) (m21)
converted from measured Secchi depth versus Kd obtained from
the uniform linear regression relation (shown in the figure).
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▼
Table IV-2. Regional Kd regression equations.

State-River segment Group Regional Kd equation

MARYLAND GROUP 1 Kd = 0.5545 + 0.3172 * Turbidity (1 / 1.5) + 0.0160*Chlorophyll a - 
Bush River BSHOH, 0.0138*Salinity
Gunpowder River GUNOH,
Magothy River MAGOH, 
Middle River MIDOH, 
St. Mary’s River1

MARYLAND GROUP 2 Kd = -0.1247 + 0.2820 * Turbidity (1 / 1.5) + 0.0207*Chlorophyll a +
Eastern Bay-EASMH 0.0515*Salinity
Lower Patuxent River-PAXMH 
Lower Potomac River-POTMH 
West/Rhode Rivers-WSTMH/RHDMH

MARYLAND GROUP 3 Kd = 1.0895 + 0.4160 * Turbidity (1 / 1.5) + 0.0140*Chlorophyll a -
Fishing Bay/Chicamacomico River- 0.0950*Salinity
FSHMH, Severn River-SEVMH 
South River-SOUMH

MARYLAND GROUP 4 Kd = -0.8991 + 0.4338 * Turbidity (1 / 1.5) + 0.0180*Chlorophyll a + 
Little Choptank River-LCHMH 0.0912*Salinity
Miles/Wye Rivers-EASMH

MARYLAND GROUP 5 Kd = 0.8191 + 0.2691 * Turbidity (1 / 1.5) - 0.0084*Chlorophyll a + 
Upper and Middle Patuxent River- 0.0384*Salinity
PAXOH/PAXTF

MARYLAND GROUP 6 Kd = 0.0493 + 0.4658 * Turbidity (1 / 1.5) + 0.0100*Chlorophyll a -
Lower Chester River-CHSMH 0.0090*Salinity
Middle Chester River-CHSOH

VIRGINIA GROUP 1
Mattoponi River-MPNOH/MPNTF Kd = 1.192674757 + 0.295620722*Turbidity (1 / 1.5) – 
Chickahominy River-CHKOH 0.056160407*Salinity + 0.000274598*Chlorophyll a
James River-JMSPH JMSOH 
JMSMH JMSTF1 JMSTF2
Appomatox River-APPTF

VIRIGINIA GROUP 2 Kd = 0.5275793536 + 0.3193475331*Turbidity (1 / 1.5) +
Upper Middle Pamunkey River-PMKOH PMKTF 0.0176700982*Salinity + 0.0271723238*Chlorophyll a
Lower York River-YRKPH YRKMH 
Lower Piankatank River-PIAMH

Source: E. Perry (2006) Appendix D of this document.
1Note: Group acronyms are a combination of river and salinity zone membership. An example is BSHOH where BSH=Bush River and
OH=Oligohaline zone. Salinity zones are TF=Tidal Fresh, OH=Oligohaline, MH=Mesohaline, PH=Polyhaline. Refer to Table II-1, in
Chapter 2 of this document, for the Chesapeake Bay Program segmentation schemes. 
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(Tango	et	al.	2008)	
Dataflow	equa2ons	for	Kd	as	funct.	of	Turbidity	(NTUs),	Chl-a	and	Salinity		

--	Kd	~	Turbidity(1/1.5)		indicates	turbidity	responds	more	to	high	Kd	than	to	low	Kd	.	
--	Large	varia2on	in	other	coefficients	(even	sign)	as	a	func2on	of	river	segment.	
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region because the variation of bbp(490)/bbp(670) is gener-
ally small [Barnard et al., 1998]. The variation in a(670) is
mostly from the variation of absorption by phytoplankton
for the Chesapeake Bay region. From the SeaBASS Ches-
apeake Bay data set, it is found that the mean values of
absorption coefficients for phytoplankton aph(670), sus-
pended sediment as(670), and yellow substance ay(670)
are 0.259, 0.0264, and 0.0104 m!1, respectively, with the
corresponding standard deviation values of 0.141, 0.0245,
and 0.005 m!1, respectively. However, it has been shown
that f(670) actually increases (or decreases) with increase
(or decrease) of aph(670) (i.e., chlorophyll-a) [Morel and
Mueller, 2002]. Results shown in Figure 4a confirmed
that, as an approximation, bb(490) can be linearly related to
R(670) in the Chesapeake Bay.

4.2. Kd(490) Model Using MODIS-Derived nLw(488)
and nLw(667) Data

[18] Using equations (3), (7), and (8), Kd(490) for the
Chesapeake Bay and turbid ocean waters can be derived.
Specifically, for the MODIS applications, we derive Kd(490)

product data using the MODIS-measured normalized water-
leaving radiances nLw(l) at wavelengths 488 and 667 nm
(assuming q0 of 30! in equation (3) [Lee et al., 2005b]), i.e.,

Kd 490ð Þ ¼ 2:697% 10!4

R 488ð Þ þ 1:045
R 667ð Þ
R 488ð Þ

þ 4:18 7% 10!4 þ 2:7135R 667ð Þ
! "

' 1! 0:52 exp ! 2:533% 10!3

R 488ð Þ ! 9:817
R 667ð Þ
R 488ð Þ

# $% &
;

ð9Þ

and R(l) can be computed from the MODIS-derived nLw(l)
as [Gordon et al., 1988; Lee et al., 2002; Mobley, 1994]
(with assuming the Q factor of 4 for Case 2 waters following
Loisel and Morel [2001])

R lð Þ ¼ 4 nLw lð Þ
0:52F0 lð Þ þ 1:7 nLw lð Þ ; ð10Þ

where F0(l) is the extraterrestrial solar irradiance at a given
wavelength l. Thus, Kd(490) data can be derived from
satellite-measured nLw(l) at wavelengths 488 and 667 nm
through equations (9) and (10). It is noted that Kd(490) in
equation (9) is essentially a function of the MODIS-derived
reflectance ratio between wavelengths at 667 and 488 nm,
R(667)/R(488). We will show later that for the turbid coastal
waters there is a strong correlation between Kd(490) and
R(667)/R(488).
[19] Figure 4b shows Kd(490) comparison results of the

new model-derived values using equation (9) and in-situ-
measured data. Note that the model Kd(490) data were
derived using equation (9) with the in-situ-measured reflec-
tance data from SeaBASS data set. In Figure 4b, two sets of
the in situ Kd(490) data (all from SeaBASS), one from the
Chesapeake Bay region and another from global non-
Chesapeake Bay data, are used. The Chesapeake Bay
Kd(490) data have generally high values ranging from
(0.4–5 m!1, while the non-Chesapeake Bay in situ data
have Kd(490) values ranging from (0.02–3.7 m!1 covering
deep clear oceans (e.g., oligotrophic waters) to some coastal
turbid waters. Results in Figure 4b verified the new algorithm
performance for the Chesapeake Bay region because equa-
tion (9) is essentially obtained using the same Chesapeake
Bay in situ data. It is important to note that the new algorithm
(equation (9)) worked well in other coastal ocean regions
with Kd(490) values >(0.3 m!1, indicating that the new
Kd(490) algorithm is also applicable for global turbid ocean
waters. However, compared with the non-Chesapeake Bay
in situ measurements, for Kd(490) values of (0.1–0.3 m!1

the new algorithm obtained Kd(490) data were biased high
(Figure 4b). Thus, the new model may not be applicable to
clear ocean waters.

4.3. Kd(490) Model Using MODIS nLw(488)
and nLw(645) Data

[20] In a similar approach, we also derive the satellite
Kd(490) product using the MODIS-measured nLw(l) data at
the wavelengths 488 and 645 nm. MODIS-measured high
spatial radiance data (0.25 km) at wavelength 645 nm is
particularly useful for retrieval of Kd(490) product in coastal
regions due to high spatial variation in the regional water

Figure 4. (a) Results of the backscattering coefficient
at the wavelength 490 nm, bb(490), as a function of the
irradiance reflectance just beneath the surface at the
wavelength 670 nm, R(670), from in situ measurements in
the Chesapeake Bay and (b) Kd(490) comparison results of
the new model-derived values using equation (9) and in situ
measurements from the Chesapeake Bay and global
SeaBASS (excluding Chesapeake Bay) data sets.
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region because the variation of bbp(490)/bbp(670) is gener-
ally small [Barnard et al., 1998]. The variation in a(670) is
mostly from the variation of absorption by phytoplankton
for the Chesapeake Bay region. From the SeaBASS Ches-
apeake Bay data set, it is found that the mean values of
absorption coefficients for phytoplankton aph(670), sus-
pended sediment as(670), and yellow substance ay(670)
are 0.259, 0.0264, and 0.0104 m!1, respectively, with the
corresponding standard deviation values of 0.141, 0.0245,
and 0.005 m!1, respectively. However, it has been shown
that f(670) actually increases (or decreases) with increase
(or decrease) of aph(670) (i.e., chlorophyll-a) [Morel and
Mueller, 2002]. Results shown in Figure 4a confirmed
that, as an approximation, bb(490) can be linearly related to
R(670) in the Chesapeake Bay.

4.2. Kd(490) Model Using MODIS-Derived nLw(488)
and nLw(667) Data

[18] Using equations (3), (7), and (8), Kd(490) for the
Chesapeake Bay and turbid ocean waters can be derived.
Specifically, for the MODIS applications, we derive Kd(490)

product data using the MODIS-measured normalized water-
leaving radiances nLw(l) at wavelengths 488 and 667 nm
(assuming q0 of 30! in equation (3) [Lee et al., 2005b]), i.e.,
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and R(l) can be computed from the MODIS-derived nLw(l)
as [Gordon et al., 1988; Lee et al., 2002; Mobley, 1994]
(with assuming the Q factor of 4 for Case 2 waters following
Loisel and Morel [2001])

R lð Þ ¼ 4 nLw lð Þ
0:52F0 lð Þ þ 1:7 nLw lð Þ ; ð10Þ

where F0(l) is the extraterrestrial solar irradiance at a given
wavelength l. Thus, Kd(490) data can be derived from
satellite-measured nLw(l) at wavelengths 488 and 667 nm
through equations (9) and (10). It is noted that Kd(490) in
equation (9) is essentially a function of the MODIS-derived
reflectance ratio between wavelengths at 667 and 488 nm,
R(667)/R(488). We will show later that for the turbid coastal
waters there is a strong correlation between Kd(490) and
R(667)/R(488).
[19] Figure 4b shows Kd(490) comparison results of the

new model-derived values using equation (9) and in-situ-
measured data. Note that the model Kd(490) data were
derived using equation (9) with the in-situ-measured reflec-
tance data from SeaBASS data set. In Figure 4b, two sets of
the in situ Kd(490) data (all from SeaBASS), one from the
Chesapeake Bay region and another from global non-
Chesapeake Bay data, are used. The Chesapeake Bay
Kd(490) data have generally high values ranging from
(0.4–5 m!1, while the non-Chesapeake Bay in situ data
have Kd(490) values ranging from (0.02–3.7 m!1 covering
deep clear oceans (e.g., oligotrophic waters) to some coastal
turbid waters. Results in Figure 4b verified the new algorithm
performance for the Chesapeake Bay region because equa-
tion (9) is essentially obtained using the same Chesapeake
Bay in situ data. It is important to note that the new algorithm
(equation (9)) worked well in other coastal ocean regions
with Kd(490) values >(0.3 m!1, indicating that the new
Kd(490) algorithm is also applicable for global turbid ocean
waters. However, compared with the non-Chesapeake Bay
in situ measurements, for Kd(490) values of (0.1–0.3 m!1

the new algorithm obtained Kd(490) data were biased high
(Figure 4b). Thus, the new model may not be applicable to
clear ocean waters.

4.3. Kd(490) Model Using MODIS nLw(488)
and nLw(645) Data

[20] In a similar approach, we also derive the satellite
Kd(490) product using the MODIS-measured nLw(l) data at
the wavelengths 488 and 645 nm. MODIS-measured high
spatial radiance data (0.25 km) at wavelength 645 nm is
particularly useful for retrieval of Kd(490) product in coastal
regions due to high spatial variation in the regional water

Figure 4. (a) Results of the backscattering coefficient
at the wavelength 490 nm, bb(490), as a function of the
irradiance reflectance just beneath the surface at the
wavelength 670 nm, R(670), from in situ measurements in
the Chesapeake Bay and (b) Kd(490) comparison results of
the new model-derived values using equation (9) and in situ
measurements from the Chesapeake Bay and global
SeaBASS (excluding Chesapeake Bay) data sets.
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estimation of Kd(490) over the turbid coastal and inland waters. In addi-
tion, results using empirical Kd(PAR) models from Morel et al. (2007)
and Wang et al. (2009) have shown that the model-derived Kd(PAR)
data correspond well to the in situ Kd(PAR) measurements in open
ocean and turbid coastal waters, respectively.

There have been several approaches to convert Kd(490) to Kd(PAR)
in various studies using satellite ocean color data, not only for phyto-
plankton primary production models (Morel et al., 2007; Son, Wang, &
Harding, 2014; Wang, Son, & Harding, 2009), but also for the general
circulation models (Rochford et al., 2001). Kd(PAR) data sets from the
NASA SeaWiFS ocean color product data have been used for the global
circulation model as a part of the heat flux forcing in the global Naval
Research Laboratory (NRL) Layered Ocean Model (NLOM) with an
embedded mixed-layer (Rochford et al., 2001). The Kd(PAR) data were
converted from SeaWiFS-derived Kd(490) products using the approach
following Zaneveld et al. (1993). These global circulation model studies
have used the approach to generate the satellite-derived Kd(PAR) data
for the numerical circulation model inputs (Kara, Hurlburt, Rochford,
& O'Brien, 2004; Kara, Wallcraft, & Hurlburt, 2005a,b). However, it
seems that the conversion approach for Kd(PAR) from Kd(490) for the
numerical model in those studies has not been appropriately used, con-
sidering the originalmethod from Zaneveld et al. (1993). In Eq. (3) from
Rochford et al. (2001), SeaWiFS Kd(PAR) data were converted from
SeaWiFS Kd(490) using the three linear relationships depending on
Kd(490) values, which were adopted from equations in Zaneveld et al.
(1993) (their Fig. 4). However, the original equations in Zaneveld
et al. (1993) (their Fig. 4) are regressions between water optical depths
as computed from PAR andwater optical depths as calculated from irra-
diance at the wavelength of 490 nm, not between Kd(PAR) and Kd(490).
Water optical depth (τ) is defined as the product of Kd(λ) and depth (z),
i.e., τ(λ, z) = Kd(λ, z) · z. Therefore, the formula from Rochford et al.
(2001) may not be directly used for converting Kd(490) to Kd(PAR),
and theremay be some errors in directly using Zaneveld et al. (1993) re-
gression formulas for water optical depth (τ) in the conversionmethod
between Kd(PAR) and Kd(490) proposed by Rochford et al. (2001). In
fact, our evaluations (results not shown here) indicate that there are
some large errors using Rochford et al. (2001) for computing Kd(PAR)
from Kd(490) data (the formula was not properly adopted from the
original formulas of Zaneveld et al. (1993)), particularly in higher
Kd(490) values (e.g., N~1.0 m−1).

Since the conversionmethods for Kd(PAR) usually work only for one
water type or regional waters (e.g., Morel et al. (2007) for open ocean
andWang et al. (2009) for turbid coastal waters), a converting method
for the global ocean waters (both open ocean and turbid waters) is re-
quired to provide more accurate satellite ocean color products for the
biological production models and numerical circulation models on the
global scale. Although the Kd(490) model for the coastal water has
been developed based on the in situ measurements in the Chesapeake
Bay, results from non-Chesapeake Bay waters showed that the
Kd(490) model is also applicable to other turbid coastal waters (Wang,
Son, & Harding, 2009).

A newmerged/blended algorithm of Kd(PAR) (Morel–Wangmodel)
has been proposed for both open oceans and turbid coastal waters.
Results using in situ and MODIS-Aqua ocean color measurements
show that the new approach can generate reasonably accurate
Kd(PAR) products for the global ocean (including coastal regions). How-
ever, it is noted that, for extremely turbid waters such as those along
China's east coast (e.g., Hangzhou Bay, Lake Taihu), the Wang et al.
(2009) model has a limitation due to the radiance saturation at the red
band (Shi &Wang, 2014). In fact, for extremely turbid coastal and inland
waters, bio-optical models using nLw(λ) at the NIR bands are required
(Gitelson, Schalles, & Hladik, 2007; Shi & Wang, 2014).

There could be a concern on geographic distribution of the SeaBASS
data used for the evaluation of the proposed Kd(PAR) model in this
study. Indeed, the in situ Kd(490) and Kd(PAR) measurements from
SeaBASS are not equally distributed in the global oceans. The in situ

Fig. 4.Matchup comparison results of the MODIS-Aqua-derived Kd(PAR) data with the in
situ measurements from the SeaBASS and the Chesapeake Bay Program Office Database
using the new Kd(PAR) method (Eq. (3)).
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Fig. 5. Seasonal composite images ofMODIS-Aqua-derivedKd(PAR) for (a) summer (June–
August 2012) and (b) winter (December 2012–February 2013), and VIIRS-derived
Kd(PAR) for (c) summer (June–August 2012) and (d) winter (December 2012–February
2013) using the new Kd(PAR) model in the U.S. east coastal region. Color scale is
0.01–2.0 m−1 in log scale.
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estimation of Kd(490) over the turbid coastal and inland waters. In addi-
tion, results using empirical Kd(PAR) models from Morel et al. (2007)
and Wang et al. (2009) have shown that the model-derived Kd(PAR)
data correspond well to the in situ Kd(PAR) measurements in open
ocean and turbid coastal waters, respectively.

There have been several approaches to convert Kd(490) to Kd(PAR)
in various studies using satellite ocean color data, not only for phyto-
plankton primary production models (Morel et al., 2007; Son, Wang, &
Harding, 2014; Wang, Son, & Harding, 2009), but also for the general
circulation models (Rochford et al., 2001). Kd(PAR) data sets from the
NASA SeaWiFS ocean color product data have been used for the global
circulation model as a part of the heat flux forcing in the global Naval
Research Laboratory (NRL) Layered Ocean Model (NLOM) with an
embedded mixed-layer (Rochford et al., 2001). The Kd(PAR) data were
converted from SeaWiFS-derived Kd(490) products using the approach
following Zaneveld et al. (1993). These global circulation model studies
have used the approach to generate the satellite-derived Kd(PAR) data
for the numerical circulation model inputs (Kara, Hurlburt, Rochford,
& O'Brien, 2004; Kara, Wallcraft, & Hurlburt, 2005a,b). However, it
seems that the conversion approach for Kd(PAR) from Kd(490) for the
numerical model in those studies has not been appropriately used, con-
sidering the originalmethod from Zaneveld et al. (1993). In Eq. (3) from
Rochford et al. (2001), SeaWiFS Kd(PAR) data were converted from
SeaWiFS Kd(490) using the three linear relationships depending on
Kd(490) values, which were adopted from equations in Zaneveld et al.
(1993) (their Fig. 4). However, the original equations in Zaneveld
et al. (1993) (their Fig. 4) are regressions between water optical depths
as computed from PAR andwater optical depths as calculated from irra-
diance at the wavelength of 490 nm, not between Kd(PAR) and Kd(490).
Water optical depth (τ) is defined as the product of Kd(λ) and depth (z),
i.e., τ(λ, z) = Kd(λ, z) · z. Therefore, the formula from Rochford et al.
(2001) may not be directly used for converting Kd(490) to Kd(PAR),
and theremay be some errors in directly using Zaneveld et al. (1993) re-
gression formulas for water optical depth (τ) in the conversionmethod
between Kd(PAR) and Kd(490) proposed by Rochford et al. (2001). In
fact, our evaluations (results not shown here) indicate that there are
some large errors using Rochford et al. (2001) for computing Kd(PAR)
from Kd(490) data (the formula was not properly adopted from the
original formulas of Zaneveld et al. (1993)), particularly in higher
Kd(490) values (e.g., N~1.0 m−1).

Since the conversionmethods for Kd(PAR) usually work only for one
water type or regional waters (e.g., Morel et al. (2007) for open ocean
andWang et al. (2009) for turbid coastal waters), a converting method
for the global ocean waters (both open ocean and turbid waters) is re-
quired to provide more accurate satellite ocean color products for the
biological production models and numerical circulation models on the
global scale. Although the Kd(490) model for the coastal water has
been developed based on the in situ measurements in the Chesapeake
Bay, results from non-Chesapeake Bay waters showed that the
Kd(490) model is also applicable to other turbid coastal waters (Wang,
Son, & Harding, 2009).

A newmerged/blended algorithm of Kd(PAR) (Morel–Wangmodel)
has been proposed for both open oceans and turbid coastal waters.
Results using in situ and MODIS-Aqua ocean color measurements
show that the new approach can generate reasonably accurate
Kd(PAR) products for the global ocean (including coastal regions). How-
ever, it is noted that, for extremely turbid waters such as those along
China's east coast (e.g., Hangzhou Bay, Lake Taihu), the Wang et al.
(2009) model has a limitation due to the radiance saturation at the red
band (Shi &Wang, 2014). In fact, for extremely turbid coastal and inland
waters, bio-optical models using nLw(λ) at the NIR bands are required
(Gitelson, Schalles, & Hladik, 2007; Shi & Wang, 2014).

There could be a concern on geographic distribution of the SeaBASS
data used for the evaluation of the proposed Kd(PAR) model in this
study. Indeed, the in situ Kd(490) and Kd(PAR) measurements from
SeaBASS are not equally distributed in the global oceans. The in situ

Fig. 4.Matchup comparison results of the MODIS-Aqua-derived Kd(PAR) data with the in
situ measurements from the SeaBASS and the Chesapeake Bay Program Office Database
using the new Kd(PAR) method (Eq. (3)).
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Fig. 5. Seasonal composite images ofMODIS-Aqua-derivedKd(PAR) for (a) summer (June–
August 2012) and (b) winter (December 2012–February 2013), and VIIRS-derived
Kd(PAR) for (c) summer (June–August 2012) and (d) winter (December 2012–February
2013) using the new Kd(PAR) model in the U.S. east coastal region. Color scale is
0.01–2.0 m−1 in log scale.
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estimation of Kd(490) over the turbid coastal and inland waters. In addi-
tion, results using empirical Kd(PAR) models from Morel et al. (2007)
and Wang et al. (2009) have shown that the model-derived Kd(PAR)
data correspond well to the in situ Kd(PAR) measurements in open
ocean and turbid coastal waters, respectively.

There have been several approaches to convert Kd(490) to Kd(PAR)
in various studies using satellite ocean color data, not only for phyto-
plankton primary production models (Morel et al., 2007; Son, Wang, &
Harding, 2014; Wang, Son, & Harding, 2009), but also for the general
circulation models (Rochford et al., 2001). Kd(PAR) data sets from the
NASA SeaWiFS ocean color product data have been used for the global
circulation model as a part of the heat flux forcing in the global Naval
Research Laboratory (NRL) Layered Ocean Model (NLOM) with an
embedded mixed-layer (Rochford et al., 2001). The Kd(PAR) data were
converted from SeaWiFS-derived Kd(490) products using the approach
following Zaneveld et al. (1993). These global circulation model studies
have used the approach to generate the satellite-derived Kd(PAR) data
for the numerical circulation model inputs (Kara, Hurlburt, Rochford,
& O'Brien, 2004; Kara, Wallcraft, & Hurlburt, 2005a,b). However, it
seems that the conversion approach for Kd(PAR) from Kd(490) for the
numerical model in those studies has not been appropriately used, con-
sidering the originalmethod from Zaneveld et al. (1993). In Eq. (3) from
Rochford et al. (2001), SeaWiFS Kd(PAR) data were converted from
SeaWiFS Kd(490) using the three linear relationships depending on
Kd(490) values, which were adopted from equations in Zaneveld et al.
(1993) (their Fig. 4). However, the original equations in Zaneveld
et al. (1993) (their Fig. 4) are regressions between water optical depths
as computed from PAR andwater optical depths as calculated from irra-
diance at the wavelength of 490 nm, not between Kd(PAR) and Kd(490).
Water optical depth (τ) is defined as the product of Kd(λ) and depth (z),
i.e., τ(λ, z) = Kd(λ, z) · z. Therefore, the formula from Rochford et al.
(2001) may not be directly used for converting Kd(490) to Kd(PAR),
and theremay be some errors in directly using Zaneveld et al. (1993) re-
gression formulas for water optical depth (τ) in the conversionmethod
between Kd(PAR) and Kd(490) proposed by Rochford et al. (2001). In
fact, our evaluations (results not shown here) indicate that there are
some large errors using Rochford et al. (2001) for computing Kd(PAR)
from Kd(490) data (the formula was not properly adopted from the
original formulas of Zaneveld et al. (1993)), particularly in higher
Kd(490) values (e.g., N~1.0 m−1).

Since the conversionmethods for Kd(PAR) usually work only for one
water type or regional waters (e.g., Morel et al. (2007) for open ocean
andWang et al. (2009) for turbid coastal waters), a converting method
for the global ocean waters (both open ocean and turbid waters) is re-
quired to provide more accurate satellite ocean color products for the
biological production models and numerical circulation models on the
global scale. Although the Kd(490) model for the coastal water has
been developed based on the in situ measurements in the Chesapeake
Bay, results from non-Chesapeake Bay waters showed that the
Kd(490) model is also applicable to other turbid coastal waters (Wang,
Son, & Harding, 2009).

A newmerged/blended algorithm of Kd(PAR) (Morel–Wangmodel)
has been proposed for both open oceans and turbid coastal waters.
Results using in situ and MODIS-Aqua ocean color measurements
show that the new approach can generate reasonably accurate
Kd(PAR) products for the global ocean (including coastal regions). How-
ever, it is noted that, for extremely turbid waters such as those along
China's east coast (e.g., Hangzhou Bay, Lake Taihu), the Wang et al.
(2009) model has a limitation due to the radiance saturation at the red
band (Shi &Wang, 2014). In fact, for extremely turbid coastal and inland
waters, bio-optical models using nLw(λ) at the NIR bands are required
(Gitelson, Schalles, & Hladik, 2007; Shi & Wang, 2014).

There could be a concern on geographic distribution of the SeaBASS
data used for the evaluation of the proposed Kd(PAR) model in this
study. Indeed, the in situ Kd(490) and Kd(PAR) measurements from
SeaBASS are not equally distributed in the global oceans. The in situ

Fig. 4.Matchup comparison results of the MODIS-Aqua-derived Kd(PAR) data with the in
situ measurements from the SeaBASS and the Chesapeake Bay Program Office Database
using the new Kd(PAR) method (Eq. (3)).
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Fig. 5. Seasonal composite images ofMODIS-Aqua-derivedKd(PAR) for (a) summer (June–
August 2012) and (b) winter (December 2012–February 2013), and VIIRS-derived
Kd(PAR) for (c) summer (June–August 2012) and (d) winter (December 2012–February
2013) using the new Kd(PAR) model in the U.S. east coastal region. Color scale is
0.01–2.0 m−1 in log scale.
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of the Chesapeake Bay's mouth (along the peninsula) and lower
values in the western part of Middle Bay. The MODIS nLw(443) values
are relatively higher offshore from the Chesapeake Bay's mouth, com-
pared to the other nLw(λ) images. In addition, significantly high
values of the MODIS-Aqua nLw(859) image appear along the coasts.
Generally, distributions of the MODIS-derived Chl-a image are similar
to those of the MODIS nLw(λ) images. High Chl-a concentrations

appear in Upper Bay, various bay branches, and along the coastal
lines, and the lower concentrations are in Lower Bay and outside of
the Chesapeake Bay. However, unlike the nLw(λ) images, Chl-a con-
centrations are relatively high in the western part of Middle Bay. On
the other hand, MODIS-derived TSS image shows that significantly
high TSS values are in Upper Bay and along the coasts, and the low
values are in the central region of Middle to Lower Bays.

Fig. 11. Climatology composite (July 2002 to December 2010) images of the MODIS-derived (a) nLw(443), (b) nLw(555), (c) nLw(645), (d) nLw(859), (e) Chl-a, and (f) TSS using the
NIR-SWIR method in the Chesapeake Bay. Color scales for nLw(443), nLw(555), nLw(645), and nLw(859) are 0–1.2, 0–2.5, 0–2.0, and−0.1–0.4 mW·cm−2·μm−1·sr−1, respectively,
while scales (in logarithm) for Chl-a and TSS are 0.5–25 mg·m−3 and 3–20 mg l−1, respectively.
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The MODIS NIR R2009 nLw(λ) data are generally underestimated
for most wavelengths, compared with in situ nLw(λ) measurements.
Mean values of the MODIS-Aqua NIR R2009 nLw(λ) at wavelengths
of 412, 443, 488, 531, 547 (551), and 667 nm are 0.50, 0.67, 0.91,
1.02, 1.01, and 0.21 mW·cm−2·μm−1·sr−1, respectively, compared
to the corresponding in situ mean values of 0.68, 0.93, 1.31, 1.43,
1.45, and 0.40 mW·cm−2·μm−1·sr−1, respectively. Mean values of
MODIS-Aqua NIR-SWIR-derived nLw(λ) data are relatively closer to
those from the in situ measurements in most of the wavelengths,
with the corresponding mean values of 0.79, 0.94, 1.24, 1.31, 1.26,
and 0.30 mW·cm−2·μm−1·sr−1, respectively. However, some slight
overestimations for NIR-SWIR-derived nLw(λ) at 412 and 443 nm are
observed. Results with a mean ratio of MODIS to in situ nLw(λ) mea-
surements show improvements in the MODIS NIR-SWIR-derived
nLw(λ) data (mean ratios of 0.87–1.29, depending on the wave-
length), compared with the MODIS NIR-derived nLw(λ) data (mean
ratios of 0.57–0.75). However, as expected, the standard deviation
(STD) values are higher in MODIS-Aqua NIR-SWIR measurements
due to sensor noise in the MODIS-Aqua SWIR bands (Wang, 2007;
Wang & Shi, 2012; Werdell et al., 2010).

3.2. Comparison of satellite-derived and in situ-measured Chl-a data

In situ Chl-a measurements collected from the Chesapeake Bay
Program Office from July 2002 to December 2008 are used for com-
parison with MODIS-Aqua-derived Chl-a data using the NIR-SWIR
method for three different regions in the Chesapeake Bay (Fig. 3).
The MODIS NIR-SWIR-derived Chl-a data are overestimated in
Upper and Middle Bays (Fig. 3a and c), although the MODIS-Aqua-
derived Chl-a data in Middle Bay are relatively better than those in
Upper Bay. In Lower Bay, the MODIS-Aqua-derived Chl-a data are
well correlated to those from the in situ measurements (Fig. 3e). Sta-
tistics values in match-up comparisons between the MODIS-derived
Chl-a using the NIR (Ver5.2 and R2009) and the NIR-SWIR methods
and in situ Chl-a measurements are provided in Table 2. The mean
ratio results in Upper Bay show that the MODIS-Aqua-derived Chl-a
data are significantly overestimated compared with in situ Chl-a
data. However, mean ratio values (MODIS to in situ) are better for
the MODIS Chl-a using the NIR-R2009 (2.37) and NIR-SWIR (2.17)
methods than those with the NIR-Ver5.2 Chl-a (3.37). In Middle
Bay, all MODIS-derived Chl-a data are also overestimated, but mean
ratios (MODIS to in situ) are reduced compared with those in Upper
Bay. Similar to results in Upper Bay, mean ratios are relatively better
for the MODIS NIR-R2009 (1.75) and NIR-SWIR (1.49) in Chl-a data
than those from the MODIS NIR-Ver5.2 Chl-a (2.46). In Lower Bay,

MODIS-Aqua-derived Chl-a data using NIR-Ver5.2 and NIR-R2009
methods are overestimated with mean ratio values of 1.73 and 1.58,
respectively, while Chl-a data from the NIR-SWIR are significantly im-
proved with a mean ratio of 0.97.

Histogram results of MODIS Chl-a data derived using the NIR-SWIR
method are compared with those of in situ data for the three sub-
regions in the Chesapeake Bay (Fig. 3b, d, and f). MODIS NIR-SWIR-
derived Chl-a data are biased high in Upper Bay (Fig. 3b). Mean values
of the in situ- and MODIS NIR-SWIR-derived Chl-a data are 12.32 and
16.03 mg·m−3, respectively. However, the MODIS NIR-SWIR Chl-a con-
centrations are relatively lower than those of the MODIS Chl-a using the
NIR-Ver5.2 (25.90 mg·m−3) and the NIR-R2009 (18.83 mg·m−3). Note
that results with theMODIS Chl-a data using the NIR atmospheric correc-
tion algorithmare not shown in Fig. 3, but results in statistics are provided

Table 2
Statistics of match-up comparisons between the MODIS-derived and in situ-measured
chlorophyll-a in the main stem of the Chesapeake Bay.

Area Type Meana STDa Mediana Mean ratio Data #

CB all In situ 10.28 6.70 8.68 – 559
NIR (Ver5.2) 19.29 14.08 16.10 2.33
NIR (R2009) 14.86 11.01 12.50 1.80
NIR-SWIR 11.14 9.65 8.10 1.40

Upper Bay In situ 12.32 9.47 10.17 – 112
NIR (Ver5.2) 25.90 15.83 23.54 3.37
NIR (R2009) 18.83 14.92 14.77 2.37
NIR-SWIR 16.03 12.44 13.59 2.17

Middle Bay In Situ 10.99 6.14 9.87 – 205
NIR (Ver5.2) 22.38 14.89 19.28 2.46
NIR (R2009) 15.80 9.20 14.28 1.75
NIR-SWIR 12.64 10.43 9.72 1.49

Lower Bay In situ 8.73 5.10 7.63 – 242
NIR (Ver5.2) 13.62 9.77 11.29 1.73
NIR (R2009) 12.22 9.56 10.20 1.58
NIR-SWIR 7.61 5.19 6.06 0.97

a Unit of mg·m−3

Fig. 4. (a) Comparison between the in situ Kd(490) and TSS measurements obtained
from the Chesapeake BayWater Quality Database for the Chesapeake Bay (black dotted
line indicates a best fit), (b) match-up comparison of the in situ TSS measurements
with the MODIS-derived TSS using the NIR-SWIR combined method, and (c) histogram
results for the in situ (dashed line) and the MODIS-NIR-SWIR-derived (solid lines) TSS
measurements.
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Satellite	TSS	from	in	situ	linear	fit	to	applied	to	Satellite	Kd	

in Table 2. In Middle Bay, the distribution shape of MODIS NIR-SWIR-
derived Chl-a data with a mean of 12.64 mg·m−3 is similar to that of in
situ measurements, which have a mean of 10.99 mg·m−3 (Fig. 3d). The
MODIS NIR-derived Chl-a data are distributed with a positive bias, and
mean values are considerably higher (22.38 and 15.80 mg·m−3 for
NIR-Ver5.2 and NIR-R2009, respectively) than those of the in situ Chl-a
data. The histogram comparison for Lower Bay shows that the distribu-
tion shape of the MODIS NIR-SWIR-derived Chl-a is similar to that of
the in situ measurements, and the mean value (7.61 mg·m−3) is slightly
lower than that of the in situ Chl-a (8.73 mg·m−3) (Fig. 3f). In compari-
son, the MODIS NIR-Ver5.2 and NIR-R2009-derived Chl-a data are biased
high with mean values of 13.62 and 12.22 mg·m−3, respectively.

3.3. Total suspended sediment (TSS) model for the Chesapeake Bay

In situ TSS and Kd(PAR) (water diffuse attenuation coefficient for the
downwelling photosynthetically available radiation) measurements
with more than ~15,700 data were obtained in the main stem of the
Chesapeake Bay from 1984 to 2010. The Kd(PAR) data were converted
to the diffuse attenuation coefficient at the wavelength of 490 nm,
Kd(490), using a relationship for the Chesapeake Bay, whichwas derived
in Wang et al. (2009a). In situ TSS data were then compared to in situ
Kd(490) data to derive a regional TSS algorithm for satellite applications
(Fig. 4a). The comparison results show that TSS data are strongly correlat-
ed to the Kd(490) in the Chesapeake Bay with a correlation coefficient of
0.877, i.e., TSS can be linearly related to Kd(490) in the Chesapeake Bay as

TSS ¼ 1:7þ 5:263 Kd 490ð Þmg l−1
; ð1Þ

where Kd(490) is in m−1. The linear relationship (Eq. 1) is applied to the
MODIS-Aqua Kd(490) data derived using a recently-developed semi-
analytical Kd(490) model for turbid coastal waters (Wang et al., 2009a).

MODIS-Aqua-derived TSS data from Eq. (1) can then be compared
with in situ TSS measurements for evaluation and validation. For the
matchup comparison, MODIS-Aqua-derived TSS data were extracted
from a 5×5 box centered at a location of the in situ measurements as
the same procedure for Chl-a and nLw(λ) matchup comparisons
(Wang et al., 2009b). Fig. 4b provides these comparison results, showing
thatMODIS-Aqua-derived TSS data using the new regional algorithmare
reasonably accurate. The mean ratio of the MODIS-Aqua-derived TSS to
the in situ-measured TSS is 1.064 with the STD of 0.478. Furthermore,
Fig. 4c compares histogram results of MODIS-Aqua-derived TSS data to
in situ measurements. Distribution of the MODIS-derived TSS appears
well matched with in situ TSS data, although less MODIS-measured TSS
data are distributed in the low values (Fig. 4c). Both MODIS and in situ
TSS values range from ~1.0 mg·l−1 to ~20 mg·l−1, and both peaks are
located at ~5–6 mg·l−1 as shown in Fig. 4c. Thus, MODIS-Aqua-
derived TSS data can be used to study and characterize water properties
in the Chesapeake Bay.

4. Characterization of water properties for the Chesapeake Bay

4.1. Satellite nLw(λ) composite images

Seasonal climatology images (July 2002 to December 2010) of the
MODIS-Aqua-derived nLw(λ) at 443, 555, 645, and 859 nm using the
NIR-SWIR method are shown in Fig. 5. Fig. 5a–d, e–h, i–l, and m–p are
results for nLw(λ) at 443, 555, 645, and 859 nm (spring, summer, fall,
and winter) in the Chesapeake Bay, respectively. General spatial dis-
tributions from MODIS-Aqua seasonal climatology nLw(λ) images
are similar in most wavelengths, showing high values in Upper Bay,
the eastern area of the Chesapeake Bay, and the northern area of
the Chesapeake Bay's mouth (along the peninsula), while lower
values are in the western area of Middle Bay. MODIS-Aqua-derived

Fig. 5. Seasonal climatology images of the MODIS-derived (a–d) nLw(443), (e–h) nLw(555), (i–l) nLw(645), and (m–p) nLw(859) for the period of July 2002 to December 2010 using
the NIR-SWIR method. Color scales for nLw(443), nLw(555), nLw(645), and nLw(859) are 0–1.2, 0–2.5, 0–2.0, and −0.1–0.4 mW∙cm−2·μm−1·sr−1, respectively.

168 S. Son, M. Wang / Remote Sensing of Environment 123 (2012) 163–174

Son	&	Wang	(2012)	

estimation of Kd(490) over the turbid coastal and inland waters. In addi-
tion, results using empirical Kd(PAR) models from Morel et al. (2007)
and Wang et al. (2009) have shown that the model-derived Kd(PAR)
data correspond well to the in situ Kd(PAR) measurements in open
ocean and turbid coastal waters, respectively.

There have been several approaches to convert Kd(490) to Kd(PAR)
in various studies using satellite ocean color data, not only for phyto-
plankton primary production models (Morel et al., 2007; Son, Wang, &
Harding, 2014; Wang, Son, & Harding, 2009), but also for the general
circulation models (Rochford et al., 2001). Kd(PAR) data sets from the
NASA SeaWiFS ocean color product data have been used for the global
circulation model as a part of the heat flux forcing in the global Naval
Research Laboratory (NRL) Layered Ocean Model (NLOM) with an
embedded mixed-layer (Rochford et al., 2001). The Kd(PAR) data were
converted from SeaWiFS-derived Kd(490) products using the approach
following Zaneveld et al. (1993). These global circulation model studies
have used the approach to generate the satellite-derived Kd(PAR) data
for the numerical circulation model inputs (Kara, Hurlburt, Rochford,
& O'Brien, 2004; Kara, Wallcraft, & Hurlburt, 2005a,b). However, it
seems that the conversion approach for Kd(PAR) from Kd(490) for the
numerical model in those studies has not been appropriately used, con-
sidering the originalmethod from Zaneveld et al. (1993). In Eq. (3) from
Rochford et al. (2001), SeaWiFS Kd(PAR) data were converted from
SeaWiFS Kd(490) using the three linear relationships depending on
Kd(490) values, which were adopted from equations in Zaneveld et al.
(1993) (their Fig. 4). However, the original equations in Zaneveld
et al. (1993) (their Fig. 4) are regressions between water optical depths
as computed from PAR andwater optical depths as calculated from irra-
diance at the wavelength of 490 nm, not between Kd(PAR) and Kd(490).
Water optical depth (τ) is defined as the product of Kd(λ) and depth (z),
i.e., τ(λ, z) = Kd(λ, z) · z. Therefore, the formula from Rochford et al.
(2001) may not be directly used for converting Kd(490) to Kd(PAR),
and theremay be some errors in directly using Zaneveld et al. (1993) re-
gression formulas for water optical depth (τ) in the conversionmethod
between Kd(PAR) and Kd(490) proposed by Rochford et al. (2001). In
fact, our evaluations (results not shown here) indicate that there are
some large errors using Rochford et al. (2001) for computing Kd(PAR)
from Kd(490) data (the formula was not properly adopted from the
original formulas of Zaneveld et al. (1993)), particularly in higher
Kd(490) values (e.g., N~1.0 m−1).

Since the conversionmethods for Kd(PAR) usually work only for one
water type or regional waters (e.g., Morel et al. (2007) for open ocean
andWang et al. (2009) for turbid coastal waters), a converting method
for the global ocean waters (both open ocean and turbid waters) is re-
quired to provide more accurate satellite ocean color products for the
biological production models and numerical circulation models on the
global scale. Although the Kd(490) model for the coastal water has
been developed based on the in situ measurements in the Chesapeake
Bay, results from non-Chesapeake Bay waters showed that the
Kd(490) model is also applicable to other turbid coastal waters (Wang,
Son, & Harding, 2009).

A newmerged/blended algorithm of Kd(PAR) (Morel–Wangmodel)
has been proposed for both open oceans and turbid coastal waters.
Results using in situ and MODIS-Aqua ocean color measurements
show that the new approach can generate reasonably accurate
Kd(PAR) products for the global ocean (including coastal regions). How-
ever, it is noted that, for extremely turbid waters such as those along
China's east coast (e.g., Hangzhou Bay, Lake Taihu), the Wang et al.
(2009) model has a limitation due to the radiance saturation at the red
band (Shi &Wang, 2014). In fact, for extremely turbid coastal and inland
waters, bio-optical models using nLw(λ) at the NIR bands are required
(Gitelson, Schalles, & Hladik, 2007; Shi & Wang, 2014).

There could be a concern on geographic distribution of the SeaBASS
data used for the evaluation of the proposed Kd(PAR) model in this
study. Indeed, the in situ Kd(490) and Kd(PAR) measurements from
SeaBASS are not equally distributed in the global oceans. The in situ

Fig. 4.Matchup comparison results of the MODIS-Aqua-derived Kd(PAR) data with the in
situ measurements from the SeaBASS and the Chesapeake Bay Program Office Database
using the new Kd(PAR) method (Eq. (3)).
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Fig. 5. Seasonal composite images ofMODIS-Aqua-derivedKd(PAR) for (a) summer (June–
August 2012) and (b) winter (December 2012–February 2013), and VIIRS-derived
Kd(PAR) for (c) summer (June–August 2012) and (d) winter (December 2012–February
2013) using the new Kd(PAR) model in the U.S. east coastal region. Color scale is
0.01–2.0 m−1 in log scale.
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Synthesis:	Understanding	of	Chesapeake	Bay	Water	Clarity	Pa9erns	

OUTLINE	

1.	Why	is	Kd	the	key	variable	for	quan2fying	water	clarity	in	Chesapeake	Bay?	(Ans:	PLW)	
What	is	the	main	water	cons2tuent	determining	Kd	Bay-wide?	(Ans:	TSS)		
2.	What	are	other	quick-to-measure	proxies	for	Kd?		(Ans:	Secchi,	Turbidity,	Irradiance)	How	
do	they	compare	to	Kd?	(Ans:	OK,	but	each	has	systemaKc	differences	with	Kd)	
3.	What	are	the	main	components	of	TSS?	On	a	Bay-wide	scale,	what	drives	their	spa2al	
distribu2on?		
4.	In	lower	energy	areas,	what	drives	their	temporal	distribu2on?	How	do	they	affect	water	
clarity?		
5.	How	do	Kd	and	Secchi	theore2cally	respond	to	components	of	TSS?			
6.	How	has	clarity	been	changing	over	decadal	2me	scales	based	on	observed	Secchi	depth?	
7.	How	has	clarity	been	changing	over	decadal	2me	scales	based	on	observed	Kd	
8.	Can	Secchi	depths	be	used	to	represent	changes	in	Kd	over	shorter	2me-scales?		
		



SAV is present in these shallow systems and damps sediment
resuspension. Less resuspension leads to increased transparency
and stimulates production of SAV and of benthic algae (Cerco and
Seitzinger, 1997). The algae retain nutrients in the sediments and
discourage phytoplankton production. Lower production results in
lower OSS and increased transparency.

3.2. Solids budgets

Numerous sediment budgets for Chesapeake Bay and its sub-
systems have been compiled. The budgets rely on a variety of
methods and accounting. Although the elements of the budgets
quantitatively differ, a consistent picture of the sediment budget
can be derived. The bay is a depositional environment. Net depo-
sition is evident over geological time scales (the bay is a drowned
river) and has been quantified by comparison of bathymetric
measures collected over a century (Hobbs et al., 1992). Solids
sources include the watershed above the fall-line, the watershed
adjacent to the bay, bank and marsh erosion, the coastal waters

outside the bay mouth, and biogenic production. The watershed
above the fall line is a major source of fine grained material while
the preponderance of oceanic loading is in the form of sand (Hobbs
et al., 1992) although fine-grained oceanic sediments are deposited
in the bay as well (Skrabal, 1991). A large portion of the watershed
load is trapped in the upper-bay turbidity maximum (Schubel,
1968) so that bankloads and internal production are predominant
loading sources in the middle and lower bay (Biggs, 1970; Schubel
and Carter, 1976; Marcus and Kearney, 1991). The turbidity maxima
in the western tributaries trap solids from their watersheds so that
the lower portions of the western tributaries are solids sinks rela-
tive to the mainstem bay (Schubel and Carter, 1976; Officer and
Nichols, 1980).

Quantitative budgets often focus on fine-grained material since
this fraction contributes to light attenuation and other negative
effects. Construction of a meaningful budget that includes sand is
difficult since sand transport is predominantly as bedload (Hobbs
et al., 1992) which is difficult to measure and quantify. Absent
computation of bedload, our computation of sand transport as

Fig. 5. Computed: a) inorganic suspended solids; and b) organic suspended solids in the surface waters of the mainstem Chesapeake Bay. Concentrations are arithmetic averages
over the submerged aquatic vegetation growing season, AprileOctober for a year of average hydrology (1994). Several lower eastern shore embayments which benefit from
a positive feedback mechanism between submerged aquatic vegetation and reduced production of organic solids are circled.
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modifications were made to incorporate the selected formulations
for erosion and deposition and to ensure dimensional consistency.

The suspended solids model requires a set of initial conditions in
the bed. The primary requirement is for bed fractions, by volume,
for each solids class. These fractions are required for each bed layer
in each bed cell, which correspond in number (11,000) and extent
(1 km ! 1 km) to model surface cells. Although guidelines exist,
comprehensive quantitative data for initializing the model is not
available. We arrived at a procedure in which initial conditions for
a major calibration run or scenario were developed during a “spin-
up” run. The procedure consisted of five steps: 1) The initial bed for
the spin-up consists of seven layers, each one cm thick; 2) Set
conditions in all cells and layers to the following volume fractions:
fine clay (10%), clay (10%), silt (30%), sand (50%); 3) Run the model
for five years using typical hydrodynamics, boundary conditions,
and loadings; 4) Save the conditions in the bed at the end of the
spin-up run; 5) Use this bed as the initial condition for the major
calibration run or scenario. The bed thus-developed was predom-
inantly sand with sporadic deposits of clay and silt (Cerco et al.,
2010). The sandy bottom is an appropriate representation of the
lower half of the bay and of the shoals in the upper bay although the
observed predominance of clay in the upper-bay channel (Nichols
et al., 1991; Halka, 2005) is not well-represented. Determination
of initial bed conditions warrants additional attention in future
model developments. Improved results might be obtained by
initializing the model with a bed that approximately represents
observations without attempting to resolve individual cells.

2.6. Waves and bottom shear stress

Bottom shear stress is the principal forcing factor that produces
sediment resuspension. Throughout most of the bay system,
bottom shear stress is generated by currents above the bed.
Currents are computed by CH3D-WES and the resulting shear stress
is computed as well, as one of the boundary conditions in the
equations of motion. For some shallow regions of the bay, however,
shear stress exerted by surface waves is significant relative to
current-generated shear stress. Waves are not computed by CH3D-
WES and, consequently, an independent wave model is necessary.
The Young and Verhagen (1996) model for fetch- and depth-limited
waves is employed. The model computes non-dimensional wave
energy, 3, and frequency, n, as a function of non-dimensional fetch,
c, and depth, d. Wind velocity over the bay was obtained through
interpolation of observations at five locations. Fetch was deter-
mined for each model surface cell for 16 directional bins (each
22.5"). These were used to determine wave properties at hourly
intervals for the model application period.

The procedure for combining shear stress from currents and
waves and for calculating skin friction is described by Harris et al.
(in press). Four tasks are required: 1) Characterize sediment grain
size throughout the model grid; 2) Obtain wave properties (from
wave model) and current velocities (from CH3D-WES hydrody-
namic model; 3) Estimate bed roughness; 4) Calculate combined
wave-current bed stress and skin-friction shear stress. Note that the

skin friction, which is used in sediment resuspension, is less than
the total shear stress exerted on the bed.

The computed bottom shear stresseswere compared to reported
values frommultiple locations and time intervals. In the upper bay,
observations over several tidal cycles indicated peak bottom shear
stresses between 1 and 2 dyne cm#2 (Sanford et al., 1991). Peak
model values were of equivalent magnitude although the model
showed a larger range since the simulation period exceeded the
recording interval and represented a greater variety of forcing
functions. Two independent studies were available from the lower
bay. The first indicated peak current-generated bottom shear
stresses were between 0.1 and 1 Pa (Wright et al., 1992). The model
reflected these values well. The second study presented friction
velocity, u*. Observed values ranged between 0 and 2 cm s#1 (Fugate
and Friedrichs, 2002) and this range was replicated in the model.
Overall, themodel bottom shear stresses reflected themagnitude of
the observations inmultiple locations in the bay system and formed
a suitable basis for the sediment resuspension algorithms.

2.7. Parameter summary

A comprehensive, system-wide set of measurements to
parameterize the suspended solids model did not exist although
guidelines andmeasurements were available. Parameter evaluation
was a recursive process in which an initial parameter set was
refined based on judgment and quantitative evaluation of model
performance. More than 400 calibration runs were performed to
evaluate the complete ICM parameter set. Many of these were
oriented toward calibration of the suspended solids model. Spatial
variation was considered by assigning parameters into broad
systems such as “mainstem bay” or “Potomac River.” In the end, one
universal parameter set was adopted (Table 1) which provided
reasonable results systemwide.

The settling velocity employed for sand was much less than the
velocitycomputedbyStokes law. The lesser velocitywasdetermined,
in part, to avoid the computation of negative sand or the alternative
of unfeasible, short,model time steps. The roleof sand in themodel is
primarily to armor the bed. Realistic computation of sand transport
requires consideration of bedloads. The complexity of realistic sand
computation was considered unnecessary in view of our focus on
fine, suspended material which contributes to light attenuation.

2.8. Particulate organic matter

Earlier model versions (e.g. Cerco et al., 2004) employed a single
class of ISS and did not include resuspension. Instead, the model
relied on the concept of “retarded” or “net” settling. This net settling
velocity represented the long-term difference between settling and
resuspension and was typically much less than settling velocity in
the water column. Once a particle settled to the bed, it stayed there.
The present model retains the concept of net settling of particulate
organic matter into the bed sediments, to facilitate interactionwith
the sediment diagenesis model (DiToro, 2001). Several lines of
evidence indicate that net settling should be less in shallow littoral

Table 1
Suspended solids model parameter summary. Settling velocity for organic solids indicates transport through the water column. Net settling velocity describes deposition to
bottom sediments. D is depth of the water column. (e) indicates not applicable.

Fine clay Clay Silt Sand Organic solids

Settling velocity (mm s#1) 12 30 100 1000 11.6
Critical shear stress for erosion (P) 0.03 0.03 0.03 2 (e)
Erosion rate per unit of excess shear stress (g m#2 s#1 P#1) 1 1 1 (e) (e)
Net settling velocity (mm s#1) (e) (e) (e) (e) 0.116, D < 9.8 m 2.32,

9.8 < D < 23.5 11.6, D > 23.5 m
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principal lunar semidiurnal constituent from the rotation of the Earth
with respect to the Moon. The amplitude of M2 tide is the most domi-
nant, which is about 0.4 m at the bay entrance and decreases to about
0.15 m in the middle Bay, then rises to 0.5 m at the head of the estuary
near the Chesapeake and Delaware Canal (Browne & Fisher, 1988; Guo
& Valle-Levinson, 2007; Zhong & Li, 2006). Amplitudes of other major
constituents S2, N2, and K1 are about 10–20% of M2 (Browne & Fisher,
1988). The S2, N2, and K1 components are the principal solar semidiurnal
constituent, the semidiurnal constituent involving non-circularity of the
lunar orbit, and the lunisolar diurnal constituent, respectively. Dissipa-
tion of the tidal energy is highly non-uniform in the Chesapeake Bay,
and the average M2 tidal current amplitudes decrease from about
1 m/s at the mouth to about 0.15 m/s in the middle Bay (Browne &
Fisher, 1988; Zhong & Li, 2006). The mixing, stratification, and circula-
tion between the flood and ebb tide are asymmetrical. The vertical
stratification and turbulent mixing show fortnightly and monthly
fluctuations due to the spring–neap cycles (Li & Zhong, 2009).

Since M2 tide is the most dominant tidal component, Fig. 2a shows
the phase delays of M2 tidal current in hours in the Chesapeake Bay
area, relative to the NOAA station 8638863 (Fig. 2a). Fig. 2b shows the
maximum tidal current magnitude during January 2008. Basically,
Fig. 2a and b is similar to the results as shown by previous field surveys
and numerical models (Guo & Valle-Levinson, 2007; Zhong & Li, 2006).
It is also noted that unlike the other estuaries, the phase difference be-
tween the mouth of the Chesapeake Bay and the upper Bay reaches a
period of M2 tide. Comparison between the tidal-station data and the
tidal model outputs shows that they match well for both the tidal

heights and tidal currents. This provides us further confidence that
hourly model tidal height and tidal current can be used for the regions
without tidal station measurements, i.e., the model output can be used
to design the analysis method in this study and fill the in situ measure-
ment gaps at the corresponding tidal station.

3. Data and method

3.1. Satellite data

In this study, measurements fromMODIS onboard the Aqua satellite
are used. All MODIS-Aqua observations over the Chesapeake Bay region
between 2002 and 2009 are acquired and processed using the NIR-
SWIR combined atmospheric correction algorithm (with MODIS-Aqua
bands of 748 and 869 nm for the NIR algorithm and 1240 and
2130 nm for the SWIR algorithm) (Gordon, 1997; Gordon & Wang,
1994;Wang & Shi, 2005, 2007;Wang, Son, & Shi, 2009) to produce nor-
malized water-leaving radiance spectra nLw(λ) (Gordon, 2005; IOCCG,
2010; Morel & Gentili, 1996; Wang, 2006). The Chesapeake Bay is fea-
turedwith productivewaters and somehighly turbidwaters, particular-
ly in the upper Bay region with significant nLw(λ) contributions in the
NIR bands (Son & Wang, 2012). It has been shown that the ocean
black pixel assumption for carrying out atmospheric correction is valid
for the SWIR bands in the turbid region of the upper Chesapeake Bay
(Shi & Wang, 2009). Although sensor signal–noise-ratio (SNR) values
for the MODIS SWIR bands are quite low (Wang & Shi, 2012), the
SWIR-based atmospheric correction algorithm is required for the

(a) (b)

Fig. 2. (a)M2 tidal phase delays in the Chesapeake Bay in comparison to the tidal phase at themouth of the Chesapeake Bay and (b) themaximum tidal current velocity in the Chesapeake
Bay during one month period in January of 2008. The M2 tidal phase and tidal current are derived from the tidal model as described in the text.
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At	Bay-wide	scales,	Inorganic	Suspended	Solids	(ISS)	frac2on	is	high	where	2dal	currents	
are	strong	and/or	density-driven	Estuarine	Turbidity	Maximum	(ETM)	is	present	
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principal lunar semidiurnal constituent from the rotation of the Earth
with respect to the Moon. The amplitude of M2 tide is the most domi-
nant, which is about 0.4 m at the bay entrance and decreases to about
0.15 m in the middle Bay, then rises to 0.5 m at the head of the estuary
near the Chesapeake and Delaware Canal (Browne & Fisher, 1988; Guo
& Valle-Levinson, 2007; Zhong & Li, 2006). Amplitudes of other major
constituents S2, N2, and K1 are about 10–20% of M2 (Browne & Fisher,
1988). The S2, N2, and K1 components are the principal solar semidiurnal
constituent, the semidiurnal constituent involving non-circularity of the
lunar orbit, and the lunisolar diurnal constituent, respectively. Dissipa-
tion of the tidal energy is highly non-uniform in the Chesapeake Bay,
and the average M2 tidal current amplitudes decrease from about
1 m/s at the mouth to about 0.15 m/s in the middle Bay (Browne &
Fisher, 1988; Zhong & Li, 2006). The mixing, stratification, and circula-
tion between the flood and ebb tide are asymmetrical. The vertical
stratification and turbulent mixing show fortnightly and monthly
fluctuations due to the spring–neap cycles (Li & Zhong, 2009).

Since M2 tide is the most dominant tidal component, Fig. 2a shows
the phase delays of M2 tidal current in hours in the Chesapeake Bay
area, relative to the NOAA station 8638863 (Fig. 2a). Fig. 2b shows the
maximum tidal current magnitude during January 2008. Basically,
Fig. 2a and b is similar to the results as shown by previous field surveys
and numerical models (Guo & Valle-Levinson, 2007; Zhong & Li, 2006).
It is also noted that unlike the other estuaries, the phase difference be-
tween the mouth of the Chesapeake Bay and the upper Bay reaches a
period of M2 tide. Comparison between the tidal-station data and the
tidal model outputs shows that they match well for both the tidal

heights and tidal currents. This provides us further confidence that
hourly model tidal height and tidal current can be used for the regions
without tidal station measurements, i.e., the model output can be used
to design the analysis method in this study and fill the in situ measure-
ment gaps at the corresponding tidal station.

3. Data and method

3.1. Satellite data

In this study, measurements fromMODIS onboard the Aqua satellite
are used. All MODIS-Aqua observations over the Chesapeake Bay region
between 2002 and 2009 are acquired and processed using the NIR-
SWIR combined atmospheric correction algorithm (with MODIS-Aqua
bands of 748 and 869 nm for the NIR algorithm and 1240 and
2130 nm for the SWIR algorithm) (Gordon, 1997; Gordon & Wang,
1994;Wang & Shi, 2005, 2007;Wang, Son, & Shi, 2009) to produce nor-
malized water-leaving radiance spectra nLw(λ) (Gordon, 2005; IOCCG,
2010; Morel & Gentili, 1996; Wang, 2006). The Chesapeake Bay is fea-
turedwith productivewaters and somehighly turbidwaters, particular-
ly in the upper Bay region with significant nLw(λ) contributions in the
NIR bands (Son & Wang, 2012). It has been shown that the ocean
black pixel assumption for carrying out atmospheric correction is valid
for the SWIR bands in the turbid region of the upper Chesapeake Bay
(Shi & Wang, 2009). Although sensor signal–noise-ratio (SNR) values
for the MODIS SWIR bands are quite low (Wang & Shi, 2012), the
SWIR-based atmospheric correction algorithm is required for the

(a) (b)

Fig. 2. (a)M2 tidal phase delays in the Chesapeake Bay in comparison to the tidal phase at themouth of the Chesapeake Bay and (b) themaximum tidal current velocity in the Chesapeake
Bay during one month period in January of 2008. The M2 tidal phase and tidal current are derived from the tidal model as described in the text.
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Bay show two-mode distribution, which represents the low and
high Kd(490) values in different parts of the upper Bay. On the
other hand, Fig. 6b shows changes of Chl-a in different sections of

the Chesapeake Bay as a function of the tidal current, which are dif-
ferent from Kd(490) variations (Fig. 6a). Further discussion about
the Chl-a variation in the Chesapeake Bay is provided in Section 4.3.

(a) (b) (c) (d)

(e) (f) (g) (h)

Fig. 4. Composite Kd(490) images in the lower Chesapeake Bay derived from MODIS-Aqua measurements from 2002 to 2009 for the tidal current (at the station CB0201) of
(a) 0.10–0.15 m/s, (b) 0.15–0.20 m/s, (c) 0.20–0.25 m/s, (d) 0.25–0.30 m/s, (e) 0.30–0.35 m/s, (f) 0.35–0.40 m/s, (g) 0.40–0.45 m/s, and (h) 0.45–0.50 m/s.

(a) (b) (c) (d) (e)

(f) (g) (h) (i) (j)

Fig. 5.CompositeKd(490) images in themiddle and upper Chesapeake Bay regions derived fromMODIS-Aquameasurements from2002 to 2009 for the tidal currents of (a) 0.10–0.15 m/s,
(b) 0.15–0.20 m/s, (c) 0.20–0.25 m/s, (d) 0.25–0.30 m/s, (e) 0.30–0.35 m/s at the station CB1001 in the middle Bay, and (f) 0.10–0.15 m/s, (g) 0.15–0.20 m/s, (h) 0.20–0.25 m/s,
(i) 0.25–0.30 m/s, and (j) 0.30–0.35 m/s at the station CB1201 in the upper Bay. Note that the color scale in this figure is different from that in Fig. 4.

70 W. Shi et al. / Remote Sensing of Environment 138 (2013) 65–76 Shi	Wang	Jiang	
(2013)	

Where	2dal	currents	are	strong,	resuspension	of	
inorganic	suspended	solids	dominates	Kd	
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principal lunar semidiurnal constituent from the rotation of the Earth
with respect to the Moon. The amplitude of M2 tide is the most domi-
nant, which is about 0.4 m at the bay entrance and decreases to about
0.15 m in the middle Bay, then rises to 0.5 m at the head of the estuary
near the Chesapeake and Delaware Canal (Browne & Fisher, 1988; Guo
& Valle-Levinson, 2007; Zhong & Li, 2006). Amplitudes of other major
constituents S2, N2, and K1 are about 10–20% of M2 (Browne & Fisher,
1988). The S2, N2, and K1 components are the principal solar semidiurnal
constituent, the semidiurnal constituent involving non-circularity of the
lunar orbit, and the lunisolar diurnal constituent, respectively. Dissipa-
tion of the tidal energy is highly non-uniform in the Chesapeake Bay,
and the average M2 tidal current amplitudes decrease from about
1 m/s at the mouth to about 0.15 m/s in the middle Bay (Browne &
Fisher, 1988; Zhong & Li, 2006). The mixing, stratification, and circula-
tion between the flood and ebb tide are asymmetrical. The vertical
stratification and turbulent mixing show fortnightly and monthly
fluctuations due to the spring–neap cycles (Li & Zhong, 2009).

Since M2 tide is the most dominant tidal component, Fig. 2a shows
the phase delays of M2 tidal current in hours in the Chesapeake Bay
area, relative to the NOAA station 8638863 (Fig. 2a). Fig. 2b shows the
maximum tidal current magnitude during January 2008. Basically,
Fig. 2a and b is similar to the results as shown by previous field surveys
and numerical models (Guo & Valle-Levinson, 2007; Zhong & Li, 2006).
It is also noted that unlike the other estuaries, the phase difference be-
tween the mouth of the Chesapeake Bay and the upper Bay reaches a
period of M2 tide. Comparison between the tidal-station data and the
tidal model outputs shows that they match well for both the tidal

heights and tidal currents. This provides us further confidence that
hourly model tidal height and tidal current can be used for the regions
without tidal station measurements, i.e., the model output can be used
to design the analysis method in this study and fill the in situ measure-
ment gaps at the corresponding tidal station.

3. Data and method

3.1. Satellite data

In this study, measurements fromMODIS onboard the Aqua satellite
are used. All MODIS-Aqua observations over the Chesapeake Bay region
between 2002 and 2009 are acquired and processed using the NIR-
SWIR combined atmospheric correction algorithm (with MODIS-Aqua
bands of 748 and 869 nm for the NIR algorithm and 1240 and
2130 nm for the SWIR algorithm) (Gordon, 1997; Gordon & Wang,
1994;Wang & Shi, 2005, 2007;Wang, Son, & Shi, 2009) to produce nor-
malized water-leaving radiance spectra nLw(λ) (Gordon, 2005; IOCCG,
2010; Morel & Gentili, 1996; Wang, 2006). The Chesapeake Bay is fea-
turedwith productivewaters and somehighly turbidwaters, particular-
ly in the upper Bay region with significant nLw(λ) contributions in the
NIR bands (Son & Wang, 2012). It has been shown that the ocean
black pixel assumption for carrying out atmospheric correction is valid
for the SWIR bands in the turbid region of the upper Chesapeake Bay
(Shi & Wang, 2009). Although sensor signal–noise-ratio (SNR) values
for the MODIS SWIR bands are quite low (Wang & Shi, 2012), the
SWIR-based atmospheric correction algorithm is required for the

(a) (b)

Fig. 2. (a)M2 tidal phase delays in the Chesapeake Bay in comparison to the tidal phase at themouth of the Chesapeake Bay and (b) themaximum tidal current velocity in the Chesapeake
Bay during one month period in January of 2008. The M2 tidal phase and tidal current are derived from the tidal model as described in the text.

67W. Shi et al. / Remote Sensing of Environment 138 (2013) 65–76

Shi	et	al.	(2013)	

Persistently	high	Kd	occurs	in	most	regions	where	ISS	dominates	OSS		

Satellite	derived	Kd	Max	Tidal	Current	

18

Monitoring Data Interpretation

Monitored

Interpolated

Averaged

section 5.3, for the clear open ocean waters the Mueller
[2000] model produced slightly lower Kd(490) values than
those from the Lee et al. [2002] model, whereas for turbid
coastal waters, the Lee et al. [2002] model performed better
than the Mueller [2000] model with higher Kd(490) data.

6.2. In the Global Ocean

[30] The proposed new Kd(490) algorithm has been
further evaluated for producing MODIS-Aqua global ocean
Kd(490) product data. Figure 11 provides color images for

global composite distributions of the MODIS-Aqua Kd(490)
for the months of January and July 2005 derived using the
NIR-SWIR-combined atmospheric correction algorithm for
the MODIS-Aqua data processing. Figures 11a and 11c are
color images of Kd(490) derived from the Mueller [2000]
model for month of January and July 2005, respectively, and
Figures 11b and 11d are global Kd(490) images obtained
using the new proposed algorithm Kd

Comb(490) with the
Mueller [2000] model for the corresponding Kd

Clear(490)
computations. Results in Figure 11 show that for the open

Figure 10. MODIS-Aqua-derived Kd(490) composite images (for the period from July 2003 to
December 2007) along the United States east coastal region using satellite Kd(490) algorithms of (a)
Mueller [2000], new model Kd

Comb(490) with Mueller [2000] for Kd
Clear(490) in equation (15) and using

(b) nLw(488) and nLw(667) and (c) nLw(488) and nLw(645), (d) Lee et al. [2002], and new
model Kd

Comb(490) with Lee et al. [2002] for Kd
Clear(490) in equation (15) and using (e) nLw(488) and

nLw(667) and (f) nLw(488) and nLw(645).
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Synthesis:	Understanding	of	Chesapeake	Bay	Water	Clarity	Pa9erns	

OUTLINE	

1.	Why	is	Kd	the	key	variable	for	quan2fying	water	clarity	in	Chesapeake	Bay?	(Ans:	PLW)	
What	is	the	main	water	cons2tuent	determining	Kd	Bay-wide?	(Ans:	TSS)		
2.	What	are	other	quick-to-measure	proxies	for	Kd?		(Ans:	Secchi,	Turbidity,	Irradiance)	How	
do	they	compare	to	Kd?	(Ans:	OK,	but	each	has	systemaKc	differences	with	Kd)	
3.	What	are	the	main	components	of	TSS?	(Ans:	ISS,	OSS)	On	a	Bay-wide	scale,	what	drives	
their	spa2al	distribu2on?	(Ans:	ISS	=	strong	current	or	ETM,	OSS	=	everywhere	else)	
4.	In	lower	energy	areas,	what	drives	their	temporal	distribu2on?	How	do	they	affect	water	
clarity?		
5.	How	do	Kd	and	Secchi	theore2cally	respond	to	components	of	TSS?			
6.	How	has	clarity	been	changing	over	decadal	2me	scales	based	on	observed	Secchi	depth?	
7.	How	has	clarity	been	changing	over	decadal	2me	scales	based	on	observed	Kd	
8.	Can	Secchi	depths	be	used	to	represent	changes	in	Kd	over	shorter	2me-scales?		
		



from the water column are exaggerated. A shortfall
in loading is also possible. Variability in the observed
TP confounds interpretation of trends and events,
although there is some evidence of the mid-1990s and
2003-2005 runoff events (Figure 7e). Variability in
modeled TP is produced by two phenomena: runoff
events and sediment phosphorus release during peri-
ods of bottom-water anoxia (Boynton and Kemp,
1985; DiToro, 2001). Higher concentrations during
the mid-1990s and 2003-2005 runoff events are obvi-
ous. Inspection of phosphorus peaks, however, indi-
cates that they occur in late summer and indicate
diffusion of phosphorus from deep, anoxic water
rather than loads from upstream. The years with the
highest computed TP, 1989 and 1996, are the years
with the greatest computed anoxic volume. Additional

discussion of this connection follows in a subsequent
section. Observed TSS are limited to a range of
!10 mg/l and show little connection to runoff events
(Figure 7f). The model, in contrast, shows high vari-
ability and excess concentrations, especially during
the second half of the record. Modeled TSS at this
location is influenced by multiple factors including
loading, circulation, deposition, and resuspension.
The factor (or combination of factors) that causes the
excess in computed TSS is not obvious.

Modeled Trends

Intermittent surveys of Chesapeake Bay extend
back into the 1930s (CBI Water Quality Database

FIGURE 7. Time Series Comparisons of Observed and Computed (a) Surface Chlorophyll, (b) Light Attenuation, (c) Bottom
Dissolved Oxygen, (d) Surface Total Nitrogen, (e) Surface Total Phosphorus, and (f) Surface Total Suspended Solids (TSS)

at Station CB5.2, Located Near the Center of Chesapeake Bay. (*) Indicates TSS concentration of 90 mg/l.
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from the water column are exaggerated. A shortfall
in loading is also possible. Variability in the observed
TP confounds interpretation of trends and events,
although there is some evidence of the mid-1990s and
2003-2005 runoff events (Figure 7e). Variability in
modeled TP is produced by two phenomena: runoff
events and sediment phosphorus release during peri-
ods of bottom-water anoxia (Boynton and Kemp,
1985; DiToro, 2001). Higher concentrations during
the mid-1990s and 2003-2005 runoff events are obvi-
ous. Inspection of phosphorus peaks, however, indi-
cates that they occur in late summer and indicate
diffusion of phosphorus from deep, anoxic water
rather than loads from upstream. The years with the
highest computed TP, 1989 and 1996, are the years
with the greatest computed anoxic volume. Additional

discussion of this connection follows in a subsequent
section. Observed TSS are limited to a range of
!10 mg/l and show little connection to runoff events
(Figure 7f). The model, in contrast, shows high vari-
ability and excess concentrations, especially during
the second half of the record. Modeled TSS at this
location is influenced by multiple factors including
loading, circulation, deposition, and resuspension.
The factor (or combination of factors) that causes the
excess in computed TSS is not obvious.

Modeled Trends

Intermittent surveys of Chesapeake Bay extend
back into the 1930s (CBI Water Quality Database

FIGURE 7. Time Series Comparisons of Observed and Computed (a) Surface Chlorophyll, (b) Light Attenuation, (c) Bottom
Dissolved Oxygen, (d) Surface Total Nitrogen, (e) Surface Total Phosphorus, and (f) Surface Total Suspended Solids (TSS)

at Station CB5.2, Located Near the Center of Chesapeake Bay. (*) Indicates TSS concentration of 90 mg/l.
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Cerco	et	al.	(2013)	
CE-QUAL-ICM		
Observed:	Kd	=	1.4/Secchi	
Model:	Kd	from	look	up	table	
f(ISS,OSS,CDOM,Chl-a)		
based	on	op2cal	model	from	
Gallegos	et	al.	(2011)	
	
	

CB5.2	

KD


M.Friedrichs	&	Turner	(2017)	
ChesROMS-ECB	
Observed	=	in	situ	Kd	
Model:	Kd	=	Const.	x	OSS	
	
	

Murphy	(2016)	
Observed	=	Secchi	
Model	fit	=	GAMs	
seasonal	and	interannual	
components		

Models’	light	
aeenua2on	
peaks	each	
spring	in	
conjunc2on	
with	spring	
phytoplankton	
bloom		

CB5.2	

CB5.3	

Light	Aeenua2on	Time-Series	at	Mid-Bay,	Main	Channel	Sta2on	

Observed	
aeenua2on	
peaks	each	
summer	well	
arer	spring	
phytoplankton	
bloom	



(Moore,	1991)		

At	mouth	of	York,	percent	light	penetra2on	is	least	in	summer,	following	biological	ac2vity	



(Gallegos	et	al.	2005)		
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Fig. 8. Time series of weekly (unless otherwise specified) medians of long-term measurements of suspended particulate matter and related parameters
considered potential drivers of the average seasonal pattern. (a) Concentration of (squares) total suspended particulate matter, and (thin line) fraction
of TSS that is inorganic (monthly data). Error bars are G1 standard error; (b) dry weight of (filled squares) phytoplankton estimated from
chlorophyll concentration and (open circles) phytoplankton plus ciliates, compared with (gray bars) estimated organic fraction of TSS. Ciliates add
measurably to total dry weight in mid-summer. Sum of phytoplankton and ciliates accounts for most of the variation in organic suspended solids; (c)
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line) windspeed, (bold dashed line) watershed influx from streamflow, and (thin line and squares) biomass of epibenthic predators (monthly data).
Epibenthic predators consist mainly of croaker (Micropogonias undulates, ca. 2e3% of summer peak), spot (Leiostomus xanthurus, ca. 20% of
summer peak), and blue crabs (Callinectes sapidus, ca. 76e78% of summer peak).
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In	Rhode	River,	aeenua2on,	scaeering,	OSS	and	ISS	increase	together	arer	spring	bloom,	
peaking	in	summer	in	phase	with	biologic	ac2vity	and	increased	ease	of	bed	resuspension.	

for the inversion algorithm to overestimate ag(440),
though the overall seasonal pattern was well resolved in
2000. Due to the inability to predict the absorption-to-
scattering ratio (r) exactly (see Appendix A), there is an
unavoidable tendency for estimates of ag(440) to covary
with estimated ap ! f(440) (Fig. 2a and Fig. 3a, see also
Gallegos and Neale, 2002). This covariation between
estimates of ag(440) and ap ! f(440) resulted in, for
example, overestimates of ag(440) following the spring
phytoplankton bloom in 2000 (Fig. 2a, days 135e150)
and underestimate ag(440) after a fall phytoplankton
bloom in 2001 (Fig. 3a, days 195e210).

The spring phytoplankton bloom was much larger in
2000 than in 2001, but in each year there was an increase
in absorption in non-algal particulate matter at the

termination of the bloom that kept total absorption
coefficient at bloom levels for longer than that due to the
phytoplankton bloomalone (Gallegos and Jordan, 2002).

The relative minimum in the sum of absorption
components in early summer, ca. day 160, following the
collapse of the bloom was much more noticeable in 2000
than in 2001, due to the much larger bloom that year.
Nevertheless, such a decline that also occurred in 2001
is borne out by measurements of scattering coefficients
(see below).

4.3. Scattering coefficients

The seasonal pattern of scattering coefficient at
555 nm (Fig. 2b and Fig. 3b) was similar to that of
absorption by non-algal particulate matter. There was
a relative peak near the end of the spring phytoplankton
bloom (ca. day 135), a relative minimum near day 150
that was particularly evident in 2001, a gradual rise to
a seasonal maximum in late summer (ca. day 240), and
a rapid decline in fall (after day 270, only measured in
2000). Scattering coefficients were higher in 2000 than in
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(Fall	&	C.Friedrichs	2017)		

In	York	River,	organic-rich	
near-surface	suspended	
solids	increase	Kd	more	
effec2vely	than	inorganic	
rich	sediment.		

Organic-rich	near-surface	
suspended	solids	have	
smaller	par2cle	size	than	
inorganic	rich	solids.		
	
Smaller,	organic-rich	
solids	are	also	denser,	
consistent	with	fractal		
floc	proper2es.	

Proper2es	of	near-surface	suspended	solids	along	York	River,	collected	fall	2014	and	fall	2015	
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Seeling	
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ws	

	
	

Seeling	
Velocity	
ws	

	
	

Seeling	velocity	(ws)	and	excess	density	(Δρ)	measured	by	video	seeling	tube.	

Excess	Density	
	

	
Δρ		=		ρf	�	ρw		

Excess	Density	
	

	
Δρ		=		ρf	�	ρw		

(Fall	&	C.Friedrichs	
2017)		
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	Excess	(Δρ)	or	Apparent	(ρa)	Density	versus	Floc	Size	

Δρ	(Video)	vs	df	
ρa	(PSD)	vs	d50V	
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Fractal	ProperKes	derived	from	two	independent	measurements	of	floc	density	(Δρ	vs	ρa)	
Determine	Primary	Par2cle	Size	(dp)	and	Density	(ρp)	for	flocs	from		ρa	-	Δρ		

	
Mp	:	Mass	of	Primary	par.cles	
Mw	:	Mass	of	Water	
Vp	:	Volume	of	Primary	Par.cles	
Vw	:	Volume	of	Water	
ρf:	Floc	density	
ρw:	Density	of	water	
	

1.	

2.	

From	Video	and	Stokes	Law	

From	Pump	Samples	
and	Integrated	LISST	

Floc	Diameter	(microns)	

3.	

Δρ	≈	588	kg/m3		

ρa	≈	1601	kg/m3		

Solve	for	difference	between	ρa	and	Δρ:	
	
	
	
	
	
For	primary	par2cles	(Vw<<Vp):				
	
	
	
	
	

To	esKmate	dp	and	ρp	=	ρa	,		
	determine	when		ρa�	Δρ	≈	ρw≈	1013	kg/m3	

	
		

Proper2es	of		
Smallest	
Par2cles	

Δρ
	o
r	ρ

a	
kg
/m

3 		

	Excess	(Δρ)	or	Apparent	(ρa)	Density	versus	Floc	Size	

Δρ	(Video)	vs	df	
ρa	(LISST)	vs	d50V	

	
Surface	waters	of	the	York:		

dp	≈	5.1	μm		and		ρp	≈	1601	kg/m3		
	

		

	Primary	parKcles	w/	~	50%	OSS,	50%	ISS	have	ρp	≈	1600	kg/m3	



Synthesis:	Understanding	of	Chesapeake	Bay	Water	Clarity	Pa9erns	

OUTLINE	

1.	Why	is	Kd	the	key	variable	for	quan2fying	water	clarity	in	Chesapeake	Bay?	(Ans:	PLW)	
What	is	the	main	water	cons2tuent	determining	Kd	Bay-wide?	(Ans:	TSS)		
2.	What	are	other	quick-to-measure	proxies	for	Kd?		(Ans:	Secchi,	Turbidity,	Irradiance)	How	
do	they	compare	to	Kd?	(Ans:	OK,	but	each	has	systemaKc	differences	with	Kd)	
3.	What	are	the	main	components	of	TSS?	(Ans:	ISS,	OSS)	On	a	Bay-wide	scale,	what	drives	
their	spa2al	distribu2on?	(Ans:	ISS	=	strong	current	or	ETM,	OSS	=	everywhere	else)	
4.	In	lower	energy	areas,	what	drives	their	temporal	distribu2on?	(Ans:	follow	bio	acKvity)	
How	do	they	affect	water	clarity?	(Ans:	OSS	increases	Kd	more	than	ISS	per	mass)		
5.	How	do	Kd	and	Secchi	theore2cally	respond	to	components	of	TSS?			
6.	How	has	clarity	been	changing	over	decadal	2me	scales	based	on	observed	Secchi	depth?	
7.	How	has	clarity	been	changing	over	decadal	2me	scales	based	on	observed	Kd	
8.	Can	Secchi	depths	be	used	to	represent	changes	in	Kd	over	shorter	2me-scales?		
		



What	else	is	locally	
important	to	Kd?	
What	is	TSS	composed	
of?	

Theory 

Equation for diffuse attenuation coefficient* 

µ0  = cosine of refracted solar angle of incidence 

G(µ0)  = function that scales scattering/absorption 
interaction 

*Kirk, J. T. O. 1984. Dependence of relationship between apparent and inherent optical 
properties of water on solar altitude. Limnology and Oceanography 29:350-356. 

Gallegos	(2009)	

a  =  absorption coefficient,     b  =  scattering coefficient 

Kd =
1
µ0

a2 +G µ0( )ab

Note: This is a non-linear equation, so  Kd ≠ Kd water + Kd CDOM + Kd chla  + Kd solids   



a = awater + aCDOM + aChla + asolids

Kd =
1
µ0

a2 +G µ0( )ab

b = bwater + bsolids

asolids = asmall
organic

+ asmall
inorganic

+ alarge
flocs

+...

--  a	~	Atot		and		b		~	Atot	,	where	Atot =	total	par2cle	surface	area.	If	volume	conc.	is	
constant,	then	Atot↑	as	par2cle	diameter	d↓	.			So		a	&	b	&	Kd↑	as	d↓		

--			So	if	a	larger	frac2on	of	par2cles	have		small	d,	then	Kd/TSS	↑	

--			In	surface	waters,	as	d↓	%	organic	↑.			So	Kd/TSS	↑	as	organic	↑	

	

All	else	being	equal:	

bsolids = bsmall
organic

+ bsmall
inorganic

+ blarge
flocs

+...



Theory:				Kd				x			Secchi	Depth	(ZSD)		

Kd·ZSD	Product	

KdZSD =
Γ 1+G µ0( ) b
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Boeom	line:		Kd·ZSD	is	a	func2on	of	the	scaeering-to-
absorp2on	ra2o,	and	a	few	other	parameters.	

Gallegos	(2009)	



interactive effect of absorption and scattering on diffuse
attenuation.
[10] Equation (2) is strongly governed by the scattering‐

to‐absorption ratio, b/a. Effler treated G as a constant [Effler,
1985] or a random variable [Effler et al., 2005], whereas
Davies‐Colley and Vant [1988] modeled G as an expanded
function of reflectance, R, based on Tyler [1968],

G ¼ ln
C0

CT

! "
¼ ln

Rdisk " R
CTR

! "
ð3Þ

where C0 is the apparent contrast between the Secchi disk
and the surrounding medium, CT is the threshold contrast,

and Rdisk is the reflectivity of the white paint on the
Secchi disk. Noting that reflectance of the medium and the
scattering‐to‐absorption ratio are interrelated, Davies‐Colley
and Vant [1988] used Kirk [1984] to interpolate b/a from R
and m0 such that equation (2) could be evaluated in terms or
R or b/a interchangeably.
[11] These earlier treatments of the ZSD · Kd(PAR) product

were based on Kirk’s [1984] Monte Carlo radiative transfer
model. This model used a single scattering phase function
based on turbid San Diego Harbor [Petzold, 1972], which
has a backscattering‐to‐scattering ratio, ebb = 0.019 [Kirk,
1994]. The scattering phase function affects G(m0) and, to
a lesser degree, the relationship between R and b/a [Kirk,
1994]. Subsequent to those studies, much more informa-
tion has become available on the regional variability of ebb
[Boss et al., 2004; Tzortziou et al., 2006; Loisel et al., 2007]
and its dependence on the water composition [Stramski et al.,
2001]. This improved availability of backscattering infor-
mation allows us to incorporate the dependence of R in
equation (3) on b/a from remote sensing relationships [Morel
and Gentili, 1993],

R ¼ f ′
bb
a
¼ f ′eb b

a
ð4Þ

where the bidirectional coefficient, f ′, is a function of the
solar zenith angle and the single scattering albedo, b/c. Here
we chose this expression for R for its explicit dependence on
b/a, the common term in equation (2). In constructing a bio‐
optical model of remote sensing reflectance (see below)
we used the form more appropriate for highly scattering
coastal waters proportional to bb/(a + bb). Substitution of
equation (4) into (3) and (2) results in prediction of mono-
tonically decreasing ZSD · Kd(PAR) product as a function of
b/a (Figure 1a). The calculations with ebb = 0.019 had a
greater range than that predicted using constant G [Effler,
1985], but differed little from that predicted using Kirk’s
[1984] expression for f′ [Davies‐Colley and Vant, 1988].
[12] The dependence of ZSD · Kd(PAR) on ebb is relatively

weak (Figure 1a) varying less than 10 percent as ebb is varied
threefold with values chosen to approximate phytoplankton
(ebbp = 0.006), the average for mesohaline Chesapeake Bay
(ebbp = 0.013) [Tzortziou et al., 2006] and the “Petzold
average” (ebbp = 0.019) [Petzold, 1972]. In marked contrast,
remote sensing reflectance calculated by equation (1) using
a proportionality constant of 0.0529 (see below) and con-
stant a(555) (0.36 m−1, typical scale for mid Chesapeake
Bay) is highly dependent on both b/a and on ebb (Figure 1b).
The combination of strong sensitivity to ebb of Rrs and weak
sensitivity of ZSD · Kd(PAR) means that simultaneous
observations of Rrs and ZSD · Kd(PAR) have the potential to
provide information about possible changes in ebb. For
example, changes in the concentration or composition of
particulate matter that resulted in an increase in b/a with
constant ebb would be expected to increase Rrs along a curve
similar to those in Figure 1b, whereas a constant or
declining Rrs would signal a decrease in ebb.

3. Data Sources and Methods

3.1. In Situ Measurements
[13] Simultaneous measurements of Kd(PAR) and ZSD

for the main stem of Chesapeake Bay were made by the

Figure 1. (a) Relationship of the product of Secchi depth,
ZSD, and diffuse attenuation coefficient for PAR, Kd(PAR),
to the scattering‐to‐absorption ratio, as calculated by Effler
[1985] (circles), Davies‐Colley and Vant [1988] (triangles),
and this study (squares), backscatter ratio = 0.019. Effler
[1985] treated G (equation (8)) as constant, whereas
Davies‐Colley and Vant [1988] calculated G as a function of
reflectance (equation (4)) for a fixed backscattering ratio of
0.019. Dotted lines show range of variation in ZSD · Kd(PAR)
for backscattering ratio from (blue) 0.013 to (red) 0.006.
(b) Relationship of remote sensing reflectance at 555 nm to
the scattering‐to‐absorption ratio at three values of the
backscatter ratio as in Figure 1a, for a constant absorption
coefficient at 555 nm of 0.36 m−1.

GALLEGOS ET AL.: LIGHT SCATTERING IN CHESAPEAKE BAY C00H08C00H08

3 of 19

interactive effect of absorption and scattering on diffuse
attenuation.
[10] Equation (2) is strongly governed by the scattering‐

to‐absorption ratio, b/a. Effler treated G as a constant [Effler,
1985] or a random variable [Effler et al., 2005], whereas
Davies‐Colley and Vant [1988] modeled G as an expanded
function of reflectance, R, based on Tyler [1968],

G ¼ ln
C0

CT

! "
¼ ln

Rdisk " R
CTR

! "
ð3Þ

where C0 is the apparent contrast between the Secchi disk
and the surrounding medium, CT is the threshold contrast,

and Rdisk is the reflectivity of the white paint on the
Secchi disk. Noting that reflectance of the medium and the
scattering‐to‐absorption ratio are interrelated, Davies‐Colley
and Vant [1988] used Kirk [1984] to interpolate b/a from R
and m0 such that equation (2) could be evaluated in terms or
R or b/a interchangeably.
[11] These earlier treatments of the ZSD · Kd(PAR) product

were based on Kirk’s [1984] Monte Carlo radiative transfer
model. This model used a single scattering phase function
based on turbid San Diego Harbor [Petzold, 1972], which
has a backscattering‐to‐scattering ratio, ebb = 0.019 [Kirk,
1994]. The scattering phase function affects G(m0) and, to
a lesser degree, the relationship between R and b/a [Kirk,
1994]. Subsequent to those studies, much more informa-
tion has become available on the regional variability of ebb
[Boss et al., 2004; Tzortziou et al., 2006; Loisel et al., 2007]
and its dependence on the water composition [Stramski et al.,
2001]. This improved availability of backscattering infor-
mation allows us to incorporate the dependence of R in
equation (3) on b/a from remote sensing relationships [Morel
and Gentili, 1993],

R ¼ f ′
bb
a
¼ f ′eb b

a
ð4Þ

where the bidirectional coefficient, f ′, is a function of the
solar zenith angle and the single scattering albedo, b/c. Here
we chose this expression for R for its explicit dependence on
b/a, the common term in equation (2). In constructing a bio‐
optical model of remote sensing reflectance (see below)
we used the form more appropriate for highly scattering
coastal waters proportional to bb/(a + bb). Substitution of
equation (4) into (3) and (2) results in prediction of mono-
tonically decreasing ZSD · Kd(PAR) product as a function of
b/a (Figure 1a). The calculations with ebb = 0.019 had a
greater range than that predicted using constant G [Effler,
1985], but differed little from that predicted using Kirk’s
[1984] expression for f′ [Davies‐Colley and Vant, 1988].
[12] The dependence of ZSD · Kd(PAR) on ebb is relatively

weak (Figure 1a) varying less than 10 percent as ebb is varied
threefold with values chosen to approximate phytoplankton
(ebbp = 0.006), the average for mesohaline Chesapeake Bay
(ebbp = 0.013) [Tzortziou et al., 2006] and the “Petzold
average” (ebbp = 0.019) [Petzold, 1972]. In marked contrast,
remote sensing reflectance calculated by equation (1) using
a proportionality constant of 0.0529 (see below) and con-
stant a(555) (0.36 m−1, typical scale for mid Chesapeake
Bay) is highly dependent on both b/a and on ebb (Figure 1b).
The combination of strong sensitivity to ebb of Rrs and weak
sensitivity of ZSD · Kd(PAR) means that simultaneous
observations of Rrs and ZSD · Kd(PAR) have the potential to
provide information about possible changes in ebb. For
example, changes in the concentration or composition of
particulate matter that resulted in an increase in b/a with
constant ebb would be expected to increase Rrs along a curve
similar to those in Figure 1b, whereas a constant or
declining Rrs would signal a decrease in ebb.

3. Data Sources and Methods

3.1. In Situ Measurements
[13] Simultaneous measurements of Kd(PAR) and ZSD

for the main stem of Chesapeake Bay were made by the

Figure 1. (a) Relationship of the product of Secchi depth,
ZSD, and diffuse attenuation coefficient for PAR, Kd(PAR),
to the scattering‐to‐absorption ratio, as calculated by Effler
[1985] (circles), Davies‐Colley and Vant [1988] (triangles),
and this study (squares), backscatter ratio = 0.019. Effler
[1985] treated G (equation (8)) as constant, whereas
Davies‐Colley and Vant [1988] calculated G as a function of
reflectance (equation (4)) for a fixed backscattering ratio of
0.019. Dotted lines show range of variation in ZSD · Kd(PAR)
for backscattering ratio from (blue) 0.013 to (red) 0.006.
(b) Relationship of remote sensing reflectance at 555 nm to
the scattering‐to‐absorption ratio at three values of the
backscatter ratio as in Figure 1a, for a constant absorption
coefficient at 555 nm of 0.36 m−1.
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Par2cle	
type	

b*		
m2g-1	

a*	
m2g-1	

b/a	

Small	
organics	

1.4	 0.106	 13	

Clays	 0.35	 0.05	 7	

Fine	Silt	 0.15	 0.025	 6	

*	=	per	unit	mass	of	solids	

--  Kd/TSS	↑	as	small	organics	↑	

--			b/a	↑	as	small	organics	↑	

--			ZSD·	Kd	↓	as	small	organics	↑	

--			So	(normalized	by	TSS),			
						ZSD	↓↓↓	as	small	organics	↑	

	

particular region (Table 4), and where they fall in surrogate
time. The strength of the underlying relationships between
AOPs and IOPs embodied in equation (2) and its depen-
dencies determines which parameters emerge as important
in determining a trend in ZSD · Kd(PAR). Wider ranges for
the concentrations in Table 3 would produce a greater
number of simulations not meeting the criteria of Table 4,
and wider ranges for the optical parameters have little
support in the literature.
[35] In the auxiliary material we demonstrate the inade-

quacy of a null model, in which mass‐specific IOPs were
considered constant and only concentrations of CDOM,
CHLA, and TSS were varied, to reproduce observed
patterns in the data. Additionally, in the auxiliary material
we examine the sensitivity of the overall conclusions to
uncertainty in the proportionality between Rrs(555) and
bb/(a + bb) and to alternative formulations of scattering by
phytoplankton.

5. Results

5.1. In Situ Measurements
[36] Annual averages of the ZSD · Kd(PAR) product

declined steadily since the inception of measurements in the
midmesohaline (upper and mid bay, measured since 1985)
and polyhaline (lower Bay, measured since 1993) portions
of Chesapeake Bay (Figure 3a). GLM analysis of ZSD ·
Kd(PAR) revealed that ZSD · Kd(PAR) declined significantly
in all segments (Table 5). The greatest rate of decline was in
the mesohaline mid‐Bay. Examination of the ZSD and
Kd(PAR) factors separately revealed that the trend in the
product was driven primarily by declines in Secchi depth,
which had significantly negative slopes in all of the seg-
ments (Figure 2 and Table 5). In contrast, the slopes of
regressions of Kd(PAR) versus year were insignificant in
upper Bay and tidal fresh/oligohaline segments, signifi-
cantly negative in lower Bay, and weakly positive (the
wrong direction to account for the trend in the ZSD ·
Kd(PAR) product) in the middle Bay (Table 5). The impli-
cations of these changes for the relationship between
Kd(PAR) and ZSD are shown in Figure 3b for mesohaline
upper Bay segment. Deeper Secchi depths, including 3 mea-
surements ≥ 2.0 m, were observed early in the monitoring
period (1985–1988), compared with a maximum of 1.7 m
from 2007 to 2008 (Figure 3b). At comparable Secchi
depths from 1.0 to 1.5 m, higher values of Kd(PAR) were
more often observed from 1985 to 1988 than during the later
period (Figure 3b). Restricting the analysis reported in
Table 5 to years for which SeaWiFS data are available
(1997–2009, not shown) yielded very similar results; that is,

the slopes for ZSD · Kd(PAR) and ZSD versus year were
significantly negative for all segments, and the slopes for
Kd(PAR) were insignificant for all segments but the Middle
Bay.

Table 4. Ranges of Observed Variables Used to Select Simulations for Different Segments of Chesapeake Baya

Measurement (Units) Upper Bay Minimum, Maximum Middle Bay Minimum, Maximum CB4MH Minimum, Maximum

Rrs(555) (sr
−1) 0.004, 0.012 0.005, 0.011 0.004, 0.010

CHLA (mg m−3) 4.0, 32.0 2.0, 26.0 4.0, 18.0
TSS (g m−3) 2.0, 20.0 2.0, 20.0 3.0, 9.0
ZSD (m) 0.6, 2.2 1.3, 3.0 1.3, 2.3
Kd(PAR) (m

−1) 0.6, 2.4 0.4, 1.5 0.7, 1.2

aSegment boundaries are defined in text. CB4MH is the Chesapeake Bay Water Quality Monitoring Program segment closest to IOP measurements
made by Tzortziou et al. [2006]. The ranges were chosen to encompass the minimum and maximum observed annual means ±1 standard deviation,
except for Rrs(555), which encompass observed monthly composites from 1998 to 2009.

Figure 3. (a) Annual means of the ZSD · Kd(PAR) product
in the upper (squares), middle (triangles), and lower (filled
circles) segments of Chesapeake Bay. Error bars are ±1 stan-
dard error. (b) Relationship of Kd(PAR) to ZSD in the upper
Bay segment measured early in the monitoring record
(1985–1988, red squares and solid line) compared with
recent measurements (2007–2008, black circles and dotted
line). Higher Secchi depths at comparable diffuse attenua-
tion coefficients were measured early in the record com-
pared with recent measurements.
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Small	organic	par2cles	have	larger	scaeering	to	aeenua2on	(b/a),	which	decreases	ZSD·	Kd		



organic detritus pool (Figure 9a). Large organic detritus
displayed an increasing trend in its upper bound (Figure 9b),
but a wide range of concentrations was compatible with
declining ZSD · Kd(PAR) over most of the observation
period. The pattern imposed on small mineral particulates
resembled that of Kd(PAR) (cf. Figures 9c and 6d), having a
range that increased over the first decade of the simulation,
and a declining upper bound after simulated year 1996. The
restriction of the upper bound early in the record is due to
incompatibility of small minerals with the higher ZSD
observed early in the record [Swift et al., 2006], while the
declining upper bound after 1996 is a necessary conse-
quence of the declining backscattering ratio (Figure 7a). The
full range of assumed values for large mineral particulates
was compatible with the downward trend in ZSD · Kd(PAR)
(Figure 9d), due to the overall low concentration range
assumed for this component (Table 3).

7. Discussion and Conclusions

[47] A long‐term trend of declining value of the ZSD ·
Kd(PAR) product was observed in Chesapeake Bay that was
significant in all segments examined (Table 5). This indi-
cates an increase from some source of particle loading rel-

ative to color loading [Koenings and Edmundson, 1991],
and that the optical depth at the Secchi depth has declined.
Water clarity in the Bay is frequently linked to flow of
the Susquehanna River [Harding, 1994], but there has
been no long‐term trend in flow and the declining trend in
ZSD · Kd(PAR) has persisted through high‐ and low‐flow
years (Figure 3). According to the theory, declining
ZSD · Kd(PAR) implies an increase in the scattering‐to‐
absorption ratio in wave bands that govern Secchi disk
visibility. If this change were taking place with a stationary
backscattering ratio then remote sensing reflectance would
necessarily have an increasing trend (Figure 1b), according
to equation (1) [Lee et al., 1994]. This has not been the case
(Figure 4), which leads us to conclude that the backscat-
tering ratio has, on average, declined over the observation
period (Figure 1b).
[48] Scenario 1 in which mass‐specific IOPs, concentra-

tions of LAS, and the backscattering ratio were allowed to
vary independently made no assumptions about the identity
of substances that are responsible for the declining trend in
ZSD · Kd(PAR). The approach taken with the bio‐optical
model allowed trends and ranges of observed entities to
arrange and constrain values of parameters for which no or

Figure 8. Derived quantities calculated from the four‐component particulate NAP model (black squares)
that are amenable to measurement. Simulated quantities were sorted on ZSD · Kd(PAR) descending and
selected according to ranges observed for Chesapeake Bay Program segment CB4MH (Table 4).
(a) Particulate organic matter and (b) fraction of total suspended solids that is organic. Measured annual
means (red circles) are only available for restricted portions of the monitoring period. Error bars around
measured points are ±1 standard deviation.
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Figure 9. Components of the nonalgal particulate model sorted on simulated ZSD · Kd(PAR) descending
and selected according to ranges observed for Chesapeake Bay Program segment CB4MH (Table 4).
(a) Small organic detritus, (b) large organic detritus, (c) small mineral particulates, and (d) large mineral
particulates.
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Figure 9. Components of the nonalgal particulate model sorted on simulated ZSD · Kd(PAR) descending
and selected according to ranges observed for Chesapeake Bay Program segment CB4MH (Table 4).
(a) Small organic detritus, (b) large organic detritus, (c) small mineral particulates, and (d) large mineral
particulates.

GALLEGOS ET AL.: LIGHT SCATTERING IN CHESAPEAKE BAY C00H08C00H08

14 of 19

were fit by a line given by ZSD · Kd(PAR) = 1.835–0.035
(year 1985) (Figure 5a). The model results were sorted by
simulated ZSD · Kd(PAR) in descending order. Each simu-
lation falling within the ranges given in Table 4 (middle
column) was assigned a year value on the basis of its sim-
ulated ZSD · Kd(PAR) value by rearrangement of the linear
fit of ZSD · Kd(PAR) to year, and rounding to the nearest
integer. We first examined patterns in the simulations that
can be compared with measurements. We then examined
variations in the mass‐specific IOPs and components of the
four‐component particulate model for “temporal” patterns to
determine the component(s) most likely responsible for
observed changes in ZSD · Kd(PAR).

6.1. Scenario 1
[39] Allowing variations in the mass‐specific IOPs in

equations (14b), (16), and (17) (Table 3) produced simula-
tions that were broadly compatible with measurements of
ZSD · Kd(PAR) and Rrs(555) (Figures 5a and 5b). Sorting the
simulations on ZSD · Kd(PAR) imposed no increasing trend
in Rrs(555) (Figure 5b). Moreover, the complete range of
observed Rrs(555) can occur in all of the simulated years for
which measurements are available.

[40] A wide range of chlorophyll concentrations was
compatible with the declining trend in ZSD · Kd(PAR)
(Figure 6a). Observed annual means and standard deviations
of chlorophyll concentrations were within the ranges of the
simulation for every year but the last year considered, 2009.
There was a decrease in the upper bound of compatible
simulations beginning about simulated year 2001, indicating
that ZSD · Kd(PAR) less than about 1.2 begins to constrain
the compatible chlorophyll concentrations.
[41] The high values of ZSD · Kd(PAR) early in the record

admit Secchi depths as high as 2.6 m, while the lower values
near the end of the record restrict compatible Secchi depths
to <1.6 m (Figure 6b). The sorting thus imposed a declining
trend in ZSD consisting of a declining lower bound from
1985 to 1995 and declining upper bound from 1997 to 2009.
Observations of annual mean ZSD in that segment generally
fell within the bounds of the simulations in all but the last
year (Figure 6c).
[42] Sorting on ZSD · Kd(PAR) imposed a trend of

widening permitted values of simulated Kd(PAR) from 1985
to 1995, followed by a declining trend in the upper bound
from 1995 onward (Figure 6c). Over the entire period the
trend in simulated Kd(PAR) was weaker than that of ZSD,

Figure 5. (a) Observed annual averages (red circles) of the ZSD · Kd(PAR) product at mesohaline mid‐
Bay segment and values simulated by the bio‐optical model with variable mass‐specific inherent optical
properties (scenario 1, black squares). Simulated data were sorted on ZSD · Kd(PAR) descending and
selected to coincide with the observed range for the middle Bay (Table 4). A linear fit to observed
data (black line) was used to bin the simulations into years. (b) Remote sensing reflectance at 555 nm
simulated by the bio‐optical model with variable mass‐specific IOPs (black squares). Sorting the data on
ZSD · Kd(PAR) descending imposed no increasing trend on the simulated remote sensing reflectance, in
agreement with observations. Red circles are monthly composites of SeaWiFS data (see Figure 4).
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consistent with the measurements (Figures 6b and 6c and
Table 5).
[43] To examine variations in the simulated mass‐specific

IOPs we sorted and selected the data to match observations
near the location of the measurements made in 2002 by
Tzortziou et al. [2006] (Table 4, CBP segment CB4MH). Of
the four specific IOPs varied randomly in scenario 1, the
particulate backscattering ratio, ebbp(555), had the strongest
trend imposed by sorting on ZSD · Kd(PAR) descending
(Figure 7a). ZSD · Kd(PAR) values lower than 1.2 as observed
in recent years require ebbp(555) to be <0.02, whereas ZSD ·
Kd(PAR) values as high as 2 as observed early in the record
admit a wide range of ebbp(555) between 0.015 and 0.035
(Figure 7a). The annually averaged ebbp(555) of 0.0128

measured in 2002 by Tzortziou et al. [2006] fell well within
compatible simulations for that simulated year, but would be
well below the average of simulations early in the record
(Figure 7a).
[44] The trends imposed on bp*(555) and a!*(675) were

weaker than that of ebbp(555) (Figures 7b and 7c). A wide
range for these parameters was generally compatible with
the observed trend in ZSD · Kd(PAR) throughout the period,
with the trend occurring as an increasing lower bound from
simulated 1996 onward (Figures 7b and 7c). Measurements
of bp*(555) and a!*(675) in 2002 (data from Tzortziou et al.
[2006]) were near the lower bound and middle of compat-
ible simulated values, respectively (Figures 7b and 7c).

Figure 6. (a) Simulated chlorophyll a concentrations (black squares) from scenario 1 in which mass‐
specific IOPs were varied as given in Table 3. Simulated output was sorted on ZSD · Kd(PAR) des-
cending and selected according to mid‐Bay ranges given in Table 4. Red circles are annual averages of
measurements made by the Chesapeake Bay Water Quality Monitoring Program. As in Figure 6a for
(b) Secchi depth and (c) Kd(PAR). Error bars are ±1 standard deviation.
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organic detritus pool (Figure 9a). Large organic detritus
displayed an increasing trend in its upper bound (Figure 9b),
but a wide range of concentrations was compatible with
declining ZSD · Kd(PAR) over most of the observation
period. The pattern imposed on small mineral particulates
resembled that of Kd(PAR) (cf. Figures 9c and 6d), having a
range that increased over the first decade of the simulation,
and a declining upper bound after simulated year 1996. The
restriction of the upper bound early in the record is due to
incompatibility of small minerals with the higher ZSD
observed early in the record [Swift et al., 2006], while the
declining upper bound after 1996 is a necessary conse-
quence of the declining backscattering ratio (Figure 7a). The
full range of assumed values for large mineral particulates
was compatible with the downward trend in ZSD · Kd(PAR)
(Figure 9d), due to the overall low concentration range
assumed for this component (Table 3).

7. Discussion and Conclusions

[47] A long‐term trend of declining value of the ZSD ·
Kd(PAR) product was observed in Chesapeake Bay that was
significant in all segments examined (Table 5). This indi-
cates an increase from some source of particle loading rel-

ative to color loading [Koenings and Edmundson, 1991],
and that the optical depth at the Secchi depth has declined.
Water clarity in the Bay is frequently linked to flow of
the Susquehanna River [Harding, 1994], but there has
been no long‐term trend in flow and the declining trend in
ZSD · Kd(PAR) has persisted through high‐ and low‐flow
years (Figure 3). According to the theory, declining
ZSD · Kd(PAR) implies an increase in the scattering‐to‐
absorption ratio in wave bands that govern Secchi disk
visibility. If this change were taking place with a stationary
backscattering ratio then remote sensing reflectance would
necessarily have an increasing trend (Figure 1b), according
to equation (1) [Lee et al., 1994]. This has not been the case
(Figure 4), which leads us to conclude that the backscat-
tering ratio has, on average, declined over the observation
period (Figure 1b).
[48] Scenario 1 in which mass‐specific IOPs, concentra-

tions of LAS, and the backscattering ratio were allowed to
vary independently made no assumptions about the identity
of substances that are responsible for the declining trend in
ZSD · Kd(PAR). The approach taken with the bio‐optical
model allowed trends and ranges of observed entities to
arrange and constrain values of parameters for which no or

Figure 8. Derived quantities calculated from the four‐component particulate NAP model (black squares)
that are amenable to measurement. Simulated quantities were sorted on ZSD · Kd(PAR) descending and
selected according to ranges observed for Chesapeake Bay Program segment CB4MH (Table 4).
(a) Particulate organic matter and (b) fraction of total suspended solids that is organic. Measured annual
means (red circles) are only available for restricted portions of the monitoring period. Error bars around
measured points are ±1 standard deviation.

GALLEGOS ET AL.: LIGHT SCATTERING IN CHESAPEAKE BAY C00H08C00H08

13 of 19

Gallegos	et	al.	(2011)	

Monte	Carlo	op2cal	model	simula2ons	suggest	that	an	increase	in	small	organic	par2cles	
are	a	likely	explana2on	for	the	observed	decrease	in	ZSD·	Kd		



Synthesis:	Understanding	of	Chesapeake	Bay	Water	Clarity	Pa9erns	

OUTLINE	

1.	Why	is	Kd	the	key	variable	for	quan2fying	water	clarity	in	Chesapeake	Bay?	(Ans:	PLW)	
What	is	the	main	water	cons2tuent	determining	Kd	Bay-wide?	(Ans:	TSS)		
2.	What	are	other	quick-to-measure	proxies	for	Kd?		(Ans:	Secchi,	Turbidity,	Irradiance)	How	
do	they	compare	to	Kd?	(Ans:	OK,	but	each	has	systemaKc	differences	with	Kd)	
3.	What	are	the	main	components	of	TSS?	(Ans:	ISS,	OSS)	On	a	Bay-wide	scale,	what	drives	
their	spa2al	distribu2on?	(Ans:	ISS	=	strong	current	or	ETM,	OSS	=	everywhere	else)	
4.	In	lower	energy	areas,	what	drives	their	temporal	distribu2on?	(Ans:	follow	bio	acKvity)	
How	do	they	affect	water	clarity?	(Ans:	OSS	increases	Kd	more	than	ISS	per	mass)		

5.	How	do	Kd	and	Secchi	theore2cally	respond	to	components	of	TSS?		(Ans:	Kd/TSS	↑	as	
small	organics	↑,		ZSD/TSS	↓↓↓	as	small	organics	↑)	
6.	How	has	clarity	been	changing	over	decadal	2me	scales	based	on	observed	Secchi	depth?	
7.	How	has	clarity	been	changing	over	decadal	2me	scales	based	on	observed	Kd	
8.	Can	Secchi	depths	be	used	to	represent	changes	in	Kd	over	shorter	2me-scales?		
		



-1.26% per year 

(Tango	2008	TMAW)		

system’s slow improvement in chl-a and Secchi depth
following the high-flow years of 1998 (with subsequent
below-average flow from 1999 to 2002) and 2004 (Fig. 5).
This reduced resiliency is probably due to a combination of
factors, including a loss of biogeochemical efficiency and
positive feedback on eutrophication (Hagy et al. 2004) and
the continuous resuspension of detrital, organic, and
sediment particles in the bay (personal communication L.
Sanford, Univ. of Maryland Center for Environmental
Science). Although the relative importance of the remaining
factors that could be partially regulating chl-a and Secchi
depth trends in the MH + PH zones remains unresolved, it
is clear that estimated nutrient reductions in Chesapeake
Bay are not having the desired effect.

Current Status of Health Indicators

The BHI has been shown to be an integrated and holistic
representation of ecological health in Chesapeake Bay
(Williams et al. 2009). Given that the range in regional
BHI values in 2008 was from 19 to 64 and the entire bay
was 43 (area weighted), there is still considerable progress
needed in all regions in order to restore the aquatic system
to a level representative of ecological health. The extremes
in this BHI range are represented by the North and South

Fig. 8 Comparison of March–November average TSS (a), chl-a (c)
and DIN (d) concentrations, and Secchi depth (b) at mainstem stations
CB5.2 to CB5.5 (Fig. 2) from 1986 to 2008. A change in lab

processing occurred for stations CB5.4 and CB5.5 (state of Virginia) in
1996, revealing a potential analytical artifact for TSS from 1986 to
1995

Fig. 9 March–November median Secchi depth vs median chl-a and
median TSS for station CB5.2 in the mainstem of Chesapeake Bay from
1986 to 2008. Whereas approximate average attenuation coefficients of
0.1 and 0.7 were used for chl-a and TSS in the first 20 years (open
circles), from 2006 to 2008 (closed circles) they were approximately the
maximum allowed according to attenuation coefficients (i.e., 0.2 and
0.8) determined by the model of Gallegos (2001)

1296 Estuaries and Coasts (2010) 33:1279–1299
(Williams	et	al.	2010)		

Nearly	a	decade	ago,	it	was	recognized	that	Sechi	depth	has	been	decreasing	



(Buchanan	&	
Tango,	2008)		

Less cloudy water was getting cloudier faster	

Linear regression 
slopes quantify 
avg. rate of change  
in the different  
percentiles 

Seasonal differences – 
greatest decline in spring 
and summer	
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Sechi	depth	decreasing	is	clear	regardless	of	sta2s2cal	method	
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DRAFT:	Percent	Change	Maps	
Long-Term	vs.	Short-Term	

Murphy	(2016)	



Linear	Regressions	also	show	change	in	temporal	trend	close	to	the	same	2me	iden2fied	by	Murphy	

Turner	&	C.Friedrichs	(2016)	

Blue	=	clearer	(less	cloudy)	water.			Red	=	less	clear	(more	cloudy)	water.	
Consistent	with	Murphy.	
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OUTLINE	

1.	Why	is	Kd	the	key	variable	for	quan2fying	water	clarity	in	Chesapeake	Bay?	(Ans:	PLW)	
What	is	the	main	water	cons2tuent	determining	Kd	Bay-wide?	(Ans:	TSS)		
2.	What	are	other	quick-to-measure	proxies	for	Kd?		(Ans:	Secchi,	Turbidity,	Irradiance)	How	
do	they	compare	to	Kd?	(Ans:	OK,	but	each	has	systemaKc	differences	with	Kd)	
3.	What	are	the	main	components	of	TSS?	(Ans:	ISS,	OSS)	On	a	Bay-wide	scale,	what	drives	
their	spa2al	distribu2on?	(Ans:	ISS	=	strong	current	or	ETM,	OSS	=	everywhere	else)	
4.	In	lower	energy	areas,	what	drives	their	temporal	distribu2on?	(Ans:	follow	bio	acKvity)	
How	do	they	affect	water	clarity?	(Ans:	OSS	increases	Kd	more	than	ISS	per	mass)		

5.	How	do	Kd	and	Secchi	theore2cally	respond	to	components	of	TSS?		(Ans:	Kd/TSS	↑	as	
small	organics	↑,		ZSD/TSS	↓↓↓	as	small	organics	↑)	
6.	How	has	clarity	been	changing	over	decadal	2me	scales	based	on	observed	Secchi	depth?
(Ans:	Secchi	depth	decreased	from	1985	to	2005,	but	has	been	increasing	since)	
7.	How	has	clarity	been	changing	over	decadal	2me	scales	based	on	observed	Kd	
8.	Can	Secchi	depths	be	used	to	represent	changes	in	Kd	over	shorter	2me-scales?		
		



Results	of	linear	regressions	in	2me	applied	to	(Secchi	depth)	x	(Kd)	data	suggest	trend	
in	(Secchi	depth)	x	(Kd)	also	may	have	changed	around	2005		(ZSD	=	Secchi	depth)	

particular region (Table 4), and where they fall in surrogate
time. The strength of the underlying relationships between
AOPs and IOPs embodied in equation (2) and its depen-
dencies determines which parameters emerge as important
in determining a trend in ZSD · Kd(PAR). Wider ranges for
the concentrations in Table 3 would produce a greater
number of simulations not meeting the criteria of Table 4,
and wider ranges for the optical parameters have little
support in the literature.
[35] In the auxiliary material we demonstrate the inade-

quacy of a null model, in which mass‐specific IOPs were
considered constant and only concentrations of CDOM,
CHLA, and TSS were varied, to reproduce observed
patterns in the data. Additionally, in the auxiliary material
we examine the sensitivity of the overall conclusions to
uncertainty in the proportionality between Rrs(555) and
bb/(a + bb) and to alternative formulations of scattering by
phytoplankton.

5. Results

5.1. In Situ Measurements
[36] Annual averages of the ZSD · Kd(PAR) product

declined steadily since the inception of measurements in the
midmesohaline (upper and mid bay, measured since 1985)
and polyhaline (lower Bay, measured since 1993) portions
of Chesapeake Bay (Figure 3a). GLM analysis of ZSD ·
Kd(PAR) revealed that ZSD · Kd(PAR) declined significantly
in all segments (Table 5). The greatest rate of decline was in
the mesohaline mid‐Bay. Examination of the ZSD and
Kd(PAR) factors separately revealed that the trend in the
product was driven primarily by declines in Secchi depth,
which had significantly negative slopes in all of the seg-
ments (Figure 2 and Table 5). In contrast, the slopes of
regressions of Kd(PAR) versus year were insignificant in
upper Bay and tidal fresh/oligohaline segments, signifi-
cantly negative in lower Bay, and weakly positive (the
wrong direction to account for the trend in the ZSD ·
Kd(PAR) product) in the middle Bay (Table 5). The impli-
cations of these changes for the relationship between
Kd(PAR) and ZSD are shown in Figure 3b for mesohaline
upper Bay segment. Deeper Secchi depths, including 3 mea-
surements ≥ 2.0 m, were observed early in the monitoring
period (1985–1988), compared with a maximum of 1.7 m
from 2007 to 2008 (Figure 3b). At comparable Secchi
depths from 1.0 to 1.5 m, higher values of Kd(PAR) were
more often observed from 1985 to 1988 than during the later
period (Figure 3b). Restricting the analysis reported in
Table 5 to years for which SeaWiFS data are available
(1997–2009, not shown) yielded very similar results; that is,

the slopes for ZSD · Kd(PAR) and ZSD versus year were
significantly negative for all segments, and the slopes for
Kd(PAR) were insignificant for all segments but the Middle
Bay.

Table 4. Ranges of Observed Variables Used to Select Simulations for Different Segments of Chesapeake Baya

Measurement (Units) Upper Bay Minimum, Maximum Middle Bay Minimum, Maximum CB4MH Minimum, Maximum

Rrs(555) (sr
−1) 0.004, 0.012 0.005, 0.011 0.004, 0.010

CHLA (mg m−3) 4.0, 32.0 2.0, 26.0 4.0, 18.0
TSS (g m−3) 2.0, 20.0 2.0, 20.0 3.0, 9.0
ZSD (m) 0.6, 2.2 1.3, 3.0 1.3, 2.3
Kd(PAR) (m

−1) 0.6, 2.4 0.4, 1.5 0.7, 1.2

aSegment boundaries are defined in text. CB4MH is the Chesapeake Bay Water Quality Monitoring Program segment closest to IOP measurements
made by Tzortziou et al. [2006]. The ranges were chosen to encompass the minimum and maximum observed annual means ±1 standard deviation,
except for Rrs(555), which encompass observed monthly composites from 1998 to 2009.

Figure 3. (a) Annual means of the ZSD · Kd(PAR) product
in the upper (squares), middle (triangles), and lower (filled
circles) segments of Chesapeake Bay. Error bars are ±1 stan-
dard error. (b) Relationship of Kd(PAR) to ZSD in the upper
Bay segment measured early in the monitoring record
(1985–1988, red squares and solid line) compared with
recent measurements (2007–2008, black circles and dotted
line). Higher Secchi depths at comparable diffuse attenua-
tion coefficients were measured early in the record com-
pared with recent measurements.
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Blue	=	clearer	water	(less	light	aeenua2on).			Red	=	less	clear	(more	light	aeenua2on).		

However,	trend	in		Kd		with	2me	is	not	consistent	with	water	clarity	trends	suggested	by	Secchi	
alone.	In	general,	clarity	measured	by	Kd	has	been	improving	or	staying	rela2vely	constant.	



																																												Red	=	“less	clear”	water.					Blue	=	“clearer”	water.		
	

--	Although	Secchi	depth	has	decreased	(i.e.,	cloudier	water)	almost	everywhere	since	1984,		
Kd	has	also	decreased	(i.e.,	less	overall	light	aeenua2on)	over	much	of	the	Bay	during	this	period.	
--	Secchi	depth	trends	may	not	always	be	a	good	indicator	of	long-term	(decadal)	trends	in	light	
quality	most	relevant	to	living	resources.	

		

Turner	&	C.Friedrichs	(2016)	



Harding	et	al.	(2016)	

Miller and Harding (2007) developed a synoptic climatol-
ogy (cf. Yarnal 1993) that proves more effective to explain
interannual variability of phytoplankton, zooplankton, and
fish in the bay than indices of NAO and ENSO. These
several publications confirm the importance of interannual
variability of SRF to water quality, but do not distinguish
long-term trends from variability in a quantitative manner.
Flow-adjusted values for TN and NO2+NO3 loadings and
water-quality properties presented here achieve that
separation.

Setting Flow-Adjusted Goals

A detailed study of bottom-water hypoxia using data spanning
>50 years concludes that reaching a goal of reducing mean
annual TN loading to <50 (×106) kg would eliminate or great-
ly reduce low DO (Hagy et al. 2004), similar to the nutrient-
reduction goal established by the 1987 Chesapeake Bay
Agreement (U.S. Environmental Protection Agency 1987).
Both goals are based on TN loadings unadjusted for freshwa-
ter flow, although the authors identify high interannual vari-
ability of TN loadings associated with climate effects on

Fig. 11 a–c Time series of mean annual (+SE) surface chl-a
concentrations for three salinity zones. Dashed lines depict GAM fits;
solid lines depict flow-adjusted GAM outputs

Fig. 12 a–cTime-series of mean annualKD (PAR)+SE) for three salinity
zones. Dashed lines depict GAM fits; solid lines depict flow-adjusted
GAM outputs
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Methods

Data Sources

Water-quality properties selected for the analyses undertaken
here include nutrient loadings and concentrations at the Sus-
quehanna River and in situ data for these same properties plus
chl-a and KD (PAR) in the main stem bay. Data on total nitro-
gen (TN) and nitrite+nitrate (NO2+NO3) loadings at the
Conowingo Dam gaging station near the confluence of the
Susquehanna River with Chesapeake Bay are provided by
two sources, Hagy et al. (2004) for 1945–2001 and the US
Geological Survey (USGS) Nontidal Monitoring Program
(http://cbrim.er.usgs.gov/) for 1981–2012 (see Langland
et al . 2012). The USGS (Hirsch et al . , personal
communication) provides monthly loadings developed using
the software package ESTIMATOR (Langland et al. 1995),
supporting computations of calendar-year sums to match our
analyses of water-quality properties for the main stem bay.
Weighted Regressions on Time, Discharge, and Season
(WRTDS), a new analytical approach based on Hirsch et al.
(2010), is being implemented by the USGS to estimate loads
and trends. A methods comparison of ESTIMATOR and
WRTDS covering part of our study period shows little dis-
agreement for TN and NO3 (Moyer et al. 2012).

Time series of TN and NO2+NO3 concentrations in the
Susquehanna River from 1979 to 2012 consist of >1200 ob-
servations for each property from the USGS. We aggregate
these data by month, compute mean monthly concentrations,
and weight them by the number of days in each month to
determine mean annual concentrations (+SE). Mean annual
concentrations and corresponding loadings from the USGS
are expressed in weight units (mg L−1 and 106 kg year−1, re-
spectively) for consistency with usual practice for hydrologi-
cal data. Susquehanna River flow (SRF) at the Conowingo
Dam gaging station is obtained from the USGS as daily dis-
charge (ft3 day−1), converted to metric units (m3 day−1), and
summed over time to obtain annual SRF (109 m3 year−1).

Climate conditions are categorized as dry, long-term aver-
age (LTA), or wet using annual SRF and a synoptic climatol-
ogy for the mid-Atlantic region (Miller et al. 2006b). SRF
dominates the distributions of nutrients and phytoplankton in
the main stem bay as nutrient loadings from other tributaries
are significantly reduced by processes within their confines,
attenuating the effects of lateral inputs on the bay proper (Fish-
er et al. 1988). Flow-based categorizations use mean annual
SRF of 35.5 (×109) m3 year−1 (1945–2012), with 25th and
75th percentiles delineating Bdry^ and Bwet^ years, respec-
tively. SRF in winter-spring (December through April—
DJFMA) as a measure of the freshet is an alternative flow
term tested in nonlinear models. A synoptic climatology based
on frequencies of 10 sea-level pressure patterns uses data from
the National Climate Data Center (NCDC). Previous studies

confirm the usefulness of this approach to explain biotic var-
iability in the bay (Miller et al. 2006a; Kimmel et al. 2006,
2009). Designations of individual years as dry, LTA, or wet
using percentiles of annual SRF and the synoptic climatology
are in agreement, and we aggregate data on water-quality
properties using these categories.

Data on chl-a, Secchi depth, and nutrients (NO2+NO3 and
PO4) in the main stem bay are obtained from the CBP data hub
(http://www.chesapeakebay.net/data). These data include
historical observations (1950–1983) from research programs
of the Chesapeake Bay Institute (CBI) (cf. Harding and Perry
1997) and recent observations (1984–2012) from the CBP
Monitoring Program. Weight units are used for chl-a (mg
m−3) and molar units for nutrient concentrations (μM) for
consistency with usual oceanographic practice. We analyze
data from the surface-mixed layer aggregated by oligohaline
(OH), mesohaline (MH), and polyhaline (PH) salinity zones
(Fig. 1) defined by Harding and Perry (1997) to capture along-
axis variability of water-quality properties (Harding et al.
1986; Fisher et al. 1988).

Diffuse light attenuation coefficients for PAR (400–
700 nm), KD (PAR) (unit, m−1), are calculated from Secchi
depths, taking account of a long-term trend in the coupling
constant documented by Gallegos et al. (2011):

KD PARð Þ ¼ Γ
ZSD

ð1Þ

where Γ is the coupling constant, and ZSD is Secchi depth
(unit, m). Gallegos et al. (2011) give slopes of linear regres-
sions of Γ on time for different salinity zones. For years prior
to 1985, we use Γ values of 1.61, 1.84, and 1.54 for OH, MH,
and PH salinity zones, respectively, based on the earliest
matching KD (PAR) and Secchi depths available. Recent
matching data indicate that annual averages of Γ are much
lower than in the mid-1980s and remain stationary from
2009 to 2012 at ∼1.03 in the OH salinity zone and 1.16 in
the MH and PH salinity zones.

Statistics

Statistical analyses are conducted using the current version of
R, BPumpkin Helmet.^ Mann Kendall tests (nonparametric)
from the R package Bwq^ (Jassby and Cloern 2014) are ap-
plied to time-series data consisting of annual means of re-
sponse variables, including SRF, TN and NO2+NO3 loadings,
and water-quality properties chl-a, KD (PAR), NO2+NO3, and
PO4. Nonlinear fits using the generalized additive model
(GAM) from the Bmgcv^ package (Wood 2004, 2006a) and
the generalized additive mixed model (GAMM) from the
Bgamm^ package (Wood 2006a, b) are developed with time-
series data. The Bmgcv^ package in R is similar to GAM
functions in S-Plus designed by Trevor Hastie (S-Plus v. 6.2
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Synthesis:	Understanding	of	Chesapeake	Bay	Water	Clarity	Pa9erns	

OUTLINE	

1.	Why	is	Kd	the	key	variable	for	quan2fying	water	clarity	in	Chesapeake	Bay?	(Ans:	PLW)	
What	is	the	main	water	cons2tuent	determining	Kd	Bay-wide?	(Ans:	TSS)		
2.	What	are	other	quick-to-measure	proxies	for	Kd?		(Ans:	Secchi,	Turbidity,	Irradiance)	How	
do	they	compare	to	Kd?	(Ans:	OK,	but	each	has	systemaKc	differences	with	Kd)	
3.	What	are	the	main	components	of	TSS?	(Ans:	ISS,	OSS)	On	a	Bay-wide	scale,	what	drives	
their	spa2al	distribu2on?	(Ans:	ISS	=	strong	current	or	ETM,	OSS	=	everywhere	else)	
4.	In	lower	energy	areas,	what	drives	their	temporal	distribu2on?	(Ans:	follow	bio	acKvity)	
How	do	they	affect	water	clarity?	(Ans:	OSS	increases	Kd	more	than	ISS	per	mass)		

5.	How	do	Kd	and	Secchi	theore2cally	respond	to	components	of	TSS?		(Ans:	Kd/TSS	↑	as	
small	organics	↑,		ZSD/TSS	↓↓↓	as	small	organics	↑)	
6.	How	has	clarity	been	changing	over	decadal	2me	scales	based	on	observed	Secchi	depth?
(Ans:	Secchi	depth	decreased	from	1985	to	2005,	but	has	been	increasing	since)	
7.	How	has	clarity	been	changing	over	decadal	2me	scales	based	on	observed	Kd?	(Ans:	In	
contrast	to	Secchi	depth	data,	Kd	seems	to	have	been	improving	since	1985)	
8.	Can	Secchi	depths	be	used	to	represent	changes	in	Kd	over	shorter	2me-scales?		
		



were fit by a line given by ZSD · Kd(PAR) = 1.835–0.035
(year 1985) (Figure 5a). The model results were sorted by
simulated ZSD · Kd(PAR) in descending order. Each simu-
lation falling within the ranges given in Table 4 (middle
column) was assigned a year value on the basis of its sim-
ulated ZSD · Kd(PAR) value by rearrangement of the linear
fit of ZSD · Kd(PAR) to year, and rounding to the nearest
integer. We first examined patterns in the simulations that
can be compared with measurements. We then examined
variations in the mass‐specific IOPs and components of the
four‐component particulate model for “temporal” patterns to
determine the component(s) most likely responsible for
observed changes in ZSD · Kd(PAR).

6.1. Scenario 1
[39] Allowing variations in the mass‐specific IOPs in

equations (14b), (16), and (17) (Table 3) produced simula-
tions that were broadly compatible with measurements of
ZSD · Kd(PAR) and Rrs(555) (Figures 5a and 5b). Sorting the
simulations on ZSD · Kd(PAR) imposed no increasing trend
in Rrs(555) (Figure 5b). Moreover, the complete range of
observed Rrs(555) can occur in all of the simulated years for
which measurements are available.

[40] A wide range of chlorophyll concentrations was
compatible with the declining trend in ZSD · Kd(PAR)
(Figure 6a). Observed annual means and standard deviations
of chlorophyll concentrations were within the ranges of the
simulation for every year but the last year considered, 2009.
There was a decrease in the upper bound of compatible
simulations beginning about simulated year 2001, indicating
that ZSD · Kd(PAR) less than about 1.2 begins to constrain
the compatible chlorophyll concentrations.
[41] The high values of ZSD · Kd(PAR) early in the record

admit Secchi depths as high as 2.6 m, while the lower values
near the end of the record restrict compatible Secchi depths
to <1.6 m (Figure 6b). The sorting thus imposed a declining
trend in ZSD consisting of a declining lower bound from
1985 to 1995 and declining upper bound from 1997 to 2009.
Observations of annual mean ZSD in that segment generally
fell within the bounds of the simulations in all but the last
year (Figure 6c).
[42] Sorting on ZSD · Kd(PAR) imposed a trend of

widening permitted values of simulated Kd(PAR) from 1985
to 1995, followed by a declining trend in the upper bound
from 1995 onward (Figure 6c). Over the entire period the
trend in simulated Kd(PAR) was weaker than that of ZSD,

Figure 5. (a) Observed annual averages (red circles) of the ZSD · Kd(PAR) product at mesohaline mid‐
Bay segment and values simulated by the bio‐optical model with variable mass‐specific inherent optical
properties (scenario 1, black squares). Simulated data were sorted on ZSD · Kd(PAR) descending and
selected to coincide with the observed range for the middle Bay (Table 4). A linear fit to observed
data (black line) was used to bin the simulations into years. (b) Remote sensing reflectance at 555 nm
simulated by the bio‐optical model with variable mass‐specific IOPs (black squares). Sorting the data on
ZSD · Kd(PAR) descending imposed no increasing trend on the simulated remote sensing reflectance, in
agreement with observations. Red circles are monthly composites of SeaWiFS data (see Figure 4).
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consistent with the measurements (Figures 6b and 6c and
Table 5).
[43] To examine variations in the simulated mass‐specific

IOPs we sorted and selected the data to match observations
near the location of the measurements made in 2002 by
Tzortziou et al. [2006] (Table 4, CBP segment CB4MH). Of
the four specific IOPs varied randomly in scenario 1, the
particulate backscattering ratio, ebbp(555), had the strongest
trend imposed by sorting on ZSD · Kd(PAR) descending
(Figure 7a). ZSD · Kd(PAR) values lower than 1.2 as observed
in recent years require ebbp(555) to be <0.02, whereas ZSD ·
Kd(PAR) values as high as 2 as observed early in the record
admit a wide range of ebbp(555) between 0.015 and 0.035
(Figure 7a). The annually averaged ebbp(555) of 0.0128

measured in 2002 by Tzortziou et al. [2006] fell well within
compatible simulations for that simulated year, but would be
well below the average of simulations early in the record
(Figure 7a).
[44] The trends imposed on bp*(555) and a!*(675) were

weaker than that of ebbp(555) (Figures 7b and 7c). A wide
range for these parameters was generally compatible with
the observed trend in ZSD · Kd(PAR) throughout the period,
with the trend occurring as an increasing lower bound from
simulated 1996 onward (Figures 7b and 7c). Measurements
of bp*(555) and a!*(675) in 2002 (data from Tzortziou et al.
[2006]) were near the lower bound and middle of compat-
ible simulated values, respectively (Figures 7b and 7c).

Figure 6. (a) Simulated chlorophyll a concentrations (black squares) from scenario 1 in which mass‐
specific IOPs were varied as given in Table 3. Simulated output was sorted on ZSD · Kd(PAR) des-
cending and selected according to mid‐Bay ranges given in Table 4. Red circles are annual averages of
measurements made by the Chesapeake Bay Water Quality Monitoring Program. As in Figure 6a for
(b) Secchi depth and (c) Kd(PAR). Error bars are ±1 standard deviation.
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or increased levels of nitrogen and/or phosphorus that
would result in reduced light to the leaf surface (Scheffer
et al. 2001; Burkholder et al. 2007; Krause-Jensen et al.
2008). The current analysis supports these factors being
relevant to the dynamics of SAV populations in Chesapeake
Bay at various spatial scales.

The mean percent area contributed by the high-salinity
SAV community was 52% of the total Chesapeake SAV
between 1984 and 2006, while the mean percent area
contributed by the medium- and low-salinity communities
was 22% and 26% of the total SAVarea respectively, during
the same time period (Table 7). Although it contributes

more than half the total SAV area, the area of the high-
salinity community had a relatively weak correlation to the
total Chesapeake SAV abundance compared with the low-,
and particularly the medium-salinity SAV communities
(Table 7). This can be explained by the increase followed
by decline in the high-salinity zone, as well as the high
year-to-year variability in SAV area within the low- and
medium-salinity communities (CV 0.41 and 0.42 versus
0.16 in the high-salinity community), which reflects the
very different life-history strategies of SAV communities in
the three salinity zones within the bay (Stevenson and
Confer 1978; Moore et al. 2000).

Even though Chesapeake Bay has some system-wide
and long-term stressors, such as high nutrient inputs (Kemp
et al. 2005), patterns in bay-wide SAV occur at multiple
spatial scales. There are two spatial scales that provide
insight into the analyses of SAV and water quality: (1) SAV
community-types as defined by salinity regimes (high-,
medium-, and low-salinity community-types), which in
Chesapeake Bay occur over hundreds of kilometers and
(2) case-study areas (Susquehanna Flats, Upper Patuxent
River, Upper Potomac River, Lower Potomac River, Lower
Choptank River, Tangier Sound, and Lower Western Shore)
which in Chesapeake Bay occur over tens of kilometers.
The SAV community-types are relevant to water quality
analyses due to the morphological and physiological
responses of the dominant genera. The case-study areas
are relevant to water quality analyses due to localized
watershed land-use patterns (Li et al. 2007).

Broad-scale patterns in SAVabundance were found, with an
increase in SAVarea in the low-salinity zone, increase followed
by leveling off in the medium-salinity zone, and increase
followed by decline in the high-salinity zone. For all case-
study areas and salinity zones, measures of nitrogen load and
concentration were highly negatively correlated with year-to-
year variability in SAVabundance. Within these regions, more
regionally specific relationships between SAV area and water
quality metrics, including nutrients in tidal tributaries and
water clarity in the high-salinity Tangier Sound and Lower
Western Shore case-study areas, were demonstrated.

Low-Salinity Zone and Case-Study Areas

SAV in the low-salinity zone with its diverse assemblage of
freshwater species showed modest gains in the first decade
but underwent a large increase in the last decade. This
pattern was also reflected in the Susquehanna Flats and
upper Patuxent River case-study areas within the zone.
Nitrogen and phosphorus were significant independent
variables at the scales of both the salinity community zone
and the localized case-study areas. The influence of
nitrogen and phosphorus on SAV was, however, apparent
in different measured forms for different regions: (1) below-
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Fig. 4 a Time series of SAV bed area and below-Fall-Line point-
source total nitrogen loads for the Upper Patuxent River case-study
area; b time series of SAV bed area and below-Fall-Line point-source
total nitrogen loads for the Lower Potomac River case-study area; c
time series of SAV bed area and mean Secchi depth for the Tangier
Sound case-study area
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(Orth	et	al.	2010)	

Increasing mean summer temperatures also reduced
eelgrass cover, but only when exceeding 25 °C (Fig. 3c),
a well-described threshold for mortality in this species
(Zimmerman et al., 1989; Reusch et al., 2005; Moore
et al., 2014). Not only has the average summertime tem-
perature increased from 24.9 to 26.4 °C since 1984, but
the frequency of extreme mean temperatures (>28 °C)
has also doubled in the last decade (dashed line,
Fig. 3d), generalizing recent conclusions about the role
of episodic heat events in driving localized diebacks
(Moore & Jarvis, 2008). Thus, warming is the most
likely driver behind more recent declines (Fig. 2a), par-
ticularly in shallow waters where light is not limiting
(Fig. 2c). Indeed, GAMMs fit to individual depth strata
show a significant effect of temperature only at inter-
mediate and shallow depths (0–5 m, P = 0.008 and
P = 0.043; Fig. S2).
Most importantly, we show that temperature and

clarity interactively reduce eelgrass cover beyond what
is expected from either alone (Fig. 4). A 2 °C increase
in temperature, which is the low end of expectations
for the Chesapeake Bay in the next 30 years (Najjar
et al., 2010), would result in a further decline in total
eelgrass cover of 38%, holding all else constant. Simi-
larly, if Secchi depth continues its trajectory and is
reduced by another 40% over the next 30 years, it
would result in a further decline of 84%. However,

combined changes in temperature and Secchi depth
would result in an expected loss of 95%, or the near
total eradication of eelgrass in the Chesapeake Bay.
While these values are based only on our model, and
do not integrate any biology or account for continued
management actions to reduce inputs into the Bay, it
demonstrates potential for catastrophic losses as a
result of the joint influence of these two stressors.
Finally, from independent in situ measurements in

Chesapeake Bay eelgrass beds, we show loss of eelgrass
has had severe consequences for ecosystem functioning
and the provision of services relevant to human well-
being (Table 1). For example, the total loss of carbon in
sediments is estimated at 693–1859 kt C. Given the cur-
rent social cost of carbon (Domestic Policy Council,
2013), this equates to an expected economic loss of $US
96.5–259 million. Similarly, loss of eelgrass is expected
to lead to a reduction of 523–1403 million juvenile blue
crabs. Assuming a conservative 10% harvestable yield
and the 2014 market price (NOAA Office of Science and
Technology, 2014), this equates to a total potential eco-
nomic loss of $US 28.6–76.7 million. This value repre-
sents 1–2 years of the fishery, and even then does not
account for consequent losses in recruitment in subse-
quent years. Similarly, the expected loss of silver perch
equates to 10–20 years of the fishery (Sobocinski &
Latour, 2015).

Fig. 2 Thirty-year trends in eelgrass cover and distribution. (a) Total cover (hectares) has been decreasing since 1991. (b) Mean depth

of eelgrass beds has been decreasing since 1996. (c) The greatest loss has occurred in the deepest beds (deep = >0.5 m, mid = 0–0.5 m,

shallow = 0 m). (d) Eelgrass has shifted 165 m closer to shore since 1984.
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In all, an independent and integrated measure of eco-
nomic valuation (Costanza et al., 2014) places the total
potential economic loss due to the decline of eelgrass in
Chesapeake Bay at $US 1.51–2.54 billion. Although
these values are estimates extrapolated from small-
scale data uninformed by the well-described variation
in these services through time and space (Ralph et al.,
2013; Duffy et al., 2015), and therefore must be inter-
preted with caution, they represent the best available
data for assessing the outcome of eelgrass decline for
the ecological and economic well-being of the Chesa-
peake Bay.

Discussion

Since the early 1990s, we show that eelgrass abundance
in Chesapeake Bay has undergone a steady deteriora-
tion, punctuated by periods of intense decline (Fig. 2a).
We propose that the long-term gradual declines are a
consequence of declining water clarity, which has all
but eliminated eelgrass beds deeper than 1 m where
light is already limiting (Fig. 2c; Fig. S2). As the influ-
ence of clarity was independent of nutrients or

chlorophyll-a in our model, we propose that its effect
stems from increased sediment loading, resuspension,
and dissolution of organic matter due to greater water-
shed development and urbanization (Gallegos, 2001;
Kemp et al., 2004; Orth RJ, Dennison WC, Lefcheck JS,
in review). At the same, we demonstrate that increasing
summertime temperatures are behind episodic declines
in 2005 and 2010, but are sufficiently infrequent, at this
time, as to allow recovery (Fig. 2a). Critically, high tem-
peratures appear to impact shallow beds more than
deep ones (Fig. S2), suggesting that warming, and its
interaction with clarity, is the most prominent threat
for remaining eelgrass in Chesapeake Bay.
Warming has two implications for the persistence of

eelgrass in Chesapeake Bay. First, it has been shown
that rising temperatures elevates respiratory load,
increasing light requirements for photosynthesis to bal-
ance metabolic demand, and exacerbating the negative
effects associated with decreasing clarity (Zimmerman
et al., 1989; Zimmerman, 2006). Seagrasses, in general,
have among the highest light requirements of any
extant plants, primarily because of the need to support
the large biomass of roots and rhizomes in a

Fig. 3 Significant predictors of total eelgrass area based on a generalized additive mixed model. (a) Predicted cover increases with

increasing Secchi depth, a measure of water clarity. Values on the y-axis represent the partial smoothed residuals accounting for the

influence of the other predictors in the model. Shaded areas indicate 95% confidence intervals. (b) Water clarity has decreased by about

0.4 m over the past 30 years. Solid line denotes the predicted fit ! 95% CIs from simple linear regression. (c) Predicted cover decreases

with increasing summer temperature. (d) Mean summertime temperature (July–September) has increased over the past 30 years, with

a more recent rise in extreme temperature events (>28 °C, triangles).
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Secchi	Depth	and	SAV	Area	in	
Tangier	Sound		

Secchi	Depth	in	Tangier	
Sound		

Increases/decreases	in	Secchi	depth	over	~5	years	parallel	increases/decreases	in	SAV	area.	



(Trice	et	al.	2015)	
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Citizen and Newspaper Reports of Extremely Clear Waters

In	October	2015,	Secchi	depths	
and	TSS	were	highly	consistent	in	
documen2ng	that	most	of	the	
main	stem	of	the	Bay	was	
significantly	clearer	than	it	had	
been	on	average	in	October	over	
the	previous	four	years.	



Synthesis:	Understanding	of	Chesapeake	Bay	Water	Clarity	Pa9erns	

OUTLINE	

1.	Why	is	Kd	the	key	variable	for	quan2fying	water	clarity	in	Chesapeake	Bay?	(Ans:	PLW)	
What	is	the	main	water	cons2tuent	determining	Kd	Bay-wide?	(Ans:	TSS)		
2.	What	are	other	quick-to-measure	proxies	for	Kd?		(Ans:	Secchi,	Turbidity,	Irradiance)	How	
do	they	compare	to	Kd?	(Ans:	OK,	but	each	has	systemaKc	differences	with	Kd)	
3.	What	are	the	main	components	of	TSS?	(Ans:	ISS,	OSS)	On	a	Bay-wide	scale,	what	drives	
their	spa2al	distribu2on?	(Ans:	ISS	=	strong	current	or	ETM,	OSS	=	everywhere	else)	
4.	In	lower	energy	areas,	what	drives	their	temporal	distribu2on?	(Ans:	follow	bio	acKvity)	
How	do	they	affect	water	clarity?	(Ans:	OSS	increases	Kd	more	than	ISS	per	mass)		

5.	How	do	Kd	and	Secchi	theore2cally	respond	to	components	of	TSS?		(Ans:	Kd/TSS	↑	as	
small	organics	↑,		ZSD/TSS	↓↓↓	as	small	organics	↑)	
6.	How	has	clarity	been	changing	over	decadal	2me	scales	based	on	observed	Secchi	depth?
(Ans:	Secchi	depth	decreased	from	1985	to	2005,	but	has	been	increasing	since)	
7.	How	has	clarity	been	changing	over	decadal	2me	scales	based	on	observed	Kd?	(Ans:	In	
contrast	to	Secchi	depth	data,	Kd	seems	to	have	been	improving	since	1985)	
8.	Can	Secchi	depths	be	used	to	represent	changes	in	Kd	over	shorter	2me-scales?	(Ans:	Yes,	
Secchi	depths	more	closely	track	changes	in	Kd	over	large	changes	in	≤	~	5	years.)	
		


