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A B S T R A C T

An absorption-based approach was used to determine surface particulate organic carbon (POC) concentrations in
both inland and coastal waters. The improved performance of this approach was based on the specification of
local POC absorption characteristics based on dominant POC sources; phytoplankton or detritus based. This
specification was made using a new POC-Index (PI), developed and tested across a range of POC
(300–10,000mg/m3) conditions in temporally and spatially heterogeneous inland and coastal waterbodies. The
POC model was based on remote sensing reflectance (Rrs, sr−1) in four wavebands: Rrs(751), Rrs(488) and Rrs(R/
G), where R is the red band [Rrs(672)] for detritus dominated waters and G is the green band [Rrs(555)] in the
phytoplankton dominated waters. The model provided a high R2 (0.74) and relatively low rRMSE (42.0%,
N=136, p < 0.01). Validation with independent datasets from Chaohu Lake and the Yangtze River Estuary
produced a larger positive bias (R2= 0.59, rRMSE= 83%, δ=634mg/m3, S=0.63, I=1439mg/m3); never-
theless, the bias was reduced when tuned with local data (R2= 0.80, rRMSE= 45%, δ=72mg/m3, S=0.81,
I=327mg/m3). Additionally, HydroLight simulations presented an independent correlation between PI and
CDOM conditions and reasonable POC estimates from the new approach developed in this study. The approach
was tested using data from Visible Infrared Imaging Radiometer Suite (VIIRS) in a range of optically complex
conditions to quantify carbon dynamics. We indicate the advantages and challenges of using this approach in
ecosystems where multiple organic carbon sources are present.

1. Introduction

In inland and coastal waters, organic carbon undergoes seasonal and
spatial variations in relation to river run-off and biological processes
(Turner et al., 2003). In most aquatic ecosystems, particulate organic
carbon (POC) represents a relatively smaller fraction of the total or-
ganic carbon with respect to dissolved organic carbon. POC plays an
important role in global carbon dynamics, sequestering CO2 as well as
providing the substrate for the microbial carbon pump (Gardner et al.,
2006; Stramska, 2009). In addition, POC fluxes can control the optical,
chemical and biological conditions of most inland and coastal aquatic
ecosystems (Loisel et al., 2002; Stramska, 2009).
Since the first remote sensing POC algorithm by Stramski et al.

(1999), numerous empirical approaches have been used to estimate
surface concentrations of POC from ocean color (Gardner et al., 2006;
Cetinić et al., 2012; Duan et al., 2014). These methods were based on
the correlation between the concentrations of specific POC assemblages
and the optical properties of the observed waterbody, e.g., back-
scattering (Stramski et al., 1999), beam attenuation (Gardner et al.,
2006; Cetinić et al., 2012), reflectance (Stramski et al., 2008; Son et al.,
2009; Allison et al., 2010) and absorption (Jiang et al., 2015). Recent
work by Evers-King et al. (2017) compared five different algorithms for
quantifying POC concentrations from ocean color data by the Ocean
Color Climate Change Initiative (OC-CCI) and showed the highest
performance of the algorithms by Loisel et al. (2002) and Stramski et al.
(2008) at a global scale. While POC algorithms can be linked to
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particulate properties, (e.g., Stramski et al., 2008; Rasse et al., 2017),
this relationship can have seasonal and spatial variability, in relation to
changes in POC sources and sinks (Pabi and Arrigo, 2006; Cetinić et al.,
2012; Stramska and Stramski, 2005). This reduces the effectiveness of a
single ecosystem specific algorithm. For example, in oceanic waters,
optically dominated by phytoplankton, the blue-to-green ratio,
Rrs(443)/Rrs(555), provides a high performance for POC estimation.
However, if multiple numerous sources and sinks are present, typical
for inland and coastal water environments, a single algorithm produces
large uncertainties (Son et al., 2009; Lyu et al., 2017; Le et al., 2017).
Clearly, the performance of POC algorithms is best when associated to
specific POC sources (Lin et al., 2018).
The Visible Infrared Imaging Radiometer Suite (VIIRS) on Suomi

NPP has a spatial resolution (750m for the equivalent true color
“Moderate” (M) bands) and multispectral (22 band) similar to Moderate
Resolution Imaging Spectroradiometer (MODIS) (Xiong et al., 2014),
which has been used to provide ocean color products at regional and/or
global scales (Ahmed et al., 2013; Kahru et al., 2015). The present study
is aimed at establishing a new remote-sensing approach to determining
surface POC concentrations, based on the identification of locally spe-
cific POC sources. This POC approach was designed for use with VIIRS
data in a range of very different study inland lakes (Taihu Lake and
Poyang Lake) and coastal waters (Pearl River Estuary and Daya Bay).
Model validation and matchup analysis were performed using field and
VIIRS measurements from Chaohu Lake and the Yangtze River Estuary.

2. Methods

2.1. Sample collection

Taihu Lake has a surface area of 2338 km2 and a mean depth of
1.9 m. 172 rivers and channels carry large amounts of terrestrial or-
ganic carbon into the lake, which is highly eutrophic and has major
problems of summertime cyanobacteria blooms (Duan et al., 2009; Ma
et al., 2009). Most of the lake is optically deep with the eastern part of
this lake typical of optically shallow waters (Ma et al., 2009, 2011).
Poyang Lake, the largest freshwater lake in China, is an important water
resource and has significant seasonal water level fluctuations with
multiple impacts on optical conditions (Li et al., 2010). The Pearl River
Estuary receives water from the second largest river in China (Pearl
River) that carries elevated loads of dissolved and particulate organic
carbon pools, in particular during the rainy season (Chen et al., 2004;
Ni et al., 2008; Liu et al., 2015). Daya Bay, a semi-enclosed bay located
in the northern South China Sea, has seasonal phytoplankton dynamics
that are typical to mesotrophic coastal waters (Song et al., 2004).
Six sampling campaigns were performed in Taihu Lake, Poyang

Lake, Pearl River Estuary and Daya Bay between 2011 and 2014
(Table 1). A total of 136 surface samples were collected and used for
index and model development (Fig. 1).
Two additional bio-optical datasets were collected from Chaohu

Lake in May 11–14, 2013 and the Yangtze River Estuary during Feb.
27–Mar. 1, 2016. These were used to validate the POC approach under
different optical conditions (Fig. A1).

2.2. Optical measurements and biochemical analysis

2.2.1. Field radiometric measurements
The NASA protocol (Mueller et al., 2003) was used to measure the

water-leaving radiance (Lw) and remote sensing reflectance (Rrs), using
a ASD FieldSpec Spectroradiometer with a spectral range of 350 to
1050 nm (1 nm resolution). The radiometric sensor was positioned at
135° to the plane of incident radiation to limit the sun-glint and boat

Table 1
Study sites and sampling dates used in the present study.

Location Sampling date Abbreviation Samples

Taihu Lake Aug 31–Sep 2, 2011 THL201108 23
Poyang Lake Aug 8–10, 2011 PYL201108 30
Pearl River Estuary May 11–13, 2014 PRE201405 20

Aug 11–15, 2014 PRE201408 21
Daya Bay May 15–18, 2014 DYB201405 21

Aug 19–21, 2014 DYB201408 21

Fig. 1. Sampling locations from (a) Taihu Lake, (b) Poyang Lake, (c) Pearl River Estuary and (d) Daya Bay.
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shadow effects. The total upwelling radiance from water surface (Lt),
detected at 40° from the zenith direction, is dominated by Lw and re-
flected skylight radiance (Lsky). The downwelling irradiance into water,
Es(0+), was calculated using measurements of radiance from a 30%
reflecting gray reference (Lp) with a known calibration coefficient (ρ).
Rrs is calculated as:

= +R L E/ (0 )rs w s (1)

=L L rLw t sky (2)

=+E L(0 ) /s p (3)

where, r is the reflectance of the air-water interface, generally varying
from 0.022 and 0.028 (Mobley, 1999). We calculated r values using
HydroLight, with average values of 0.027 (± 0.002) for Taihu Lake,
0.025 (± 0.001) for Poyang Lake, 0.026 (± 0.003) for Pearl River
Estuary and 0.025 (± 0.002) for Daya Bay, respectively.

2.2.2. Water analyses
The water samples (0.5–2.0 L) collected in situ were filtered under

low vacuum to determine POC, phytoplankton and total suspended
solids in three different filtrations. POC samples, after filtering on pre-
combusted Whatman GF/F glass fiber filters, were dried at 50 °C for 8 h,
and acidified to remove the inorganic carbon using hydrochloric acid
fumigation. The acid-treated filters were dried again and weighed. POC
was determined by combustion of sample filters (Parsons et al., 1984;
Biddanda and Benner, 1997). The analytical uncertainty for POC
averaged 3% for duplicate measurements. The burned blank filter was
wetted by Milli-Q water as a reference. Following Cetinić et al. (2012)
double filters were used, with a blank filter underneath the sample
filter, to take into consideration the influence of dissolved organic
carbon (DOC) absorbed on the filter. This is particularly important at
low POC concentrations, i.e. POC < 2 μmol/L (Gardner et al., 2003).
Relatively lower POC concentrations were observed in our coastal
water sites (i.e., the Pearl River Estuary and Daya Bay), varying from 30
to 250 μmol/L (Table 2). The use of double filter blanks compensated
for DOC influences on POC concentration estimates (Cetinić et al.,
2012).
Chlorophyll a concentrations (Chla) were extracted using 90% hot

ethanol and determined by the spectrophotometric method following
Strickland and Parsons (1972). Suspended solids concentrations were
estimated gravimetrically on Whatman GF/F filters (pre-combusted at
450 °C for 4 h) which were dried and weighted to calculate the con-
centrations of Total Suspended Solids (TSS), Organic Suspended Solids
(OSS) and Inorganic Suspended Solids (ISS) (Gersberg et al., 1986).

2.2.3. Absorption determination
The absorbance spectra of the optically active components (detritus,

ad, phytoplankton pigments, aph and CDOM, ag) were determined using
a Shimadzu UV-2401 spectrophotometer. The water samples of the
dissolved fraction (CDOM) were filtered through a 0.22-μm Millipore
filters and the absorbance spectra from 200 to 700 nm were referenced
to Milli-Q absorbance and converted to absorption as
ag(λ)= 2.303A(λ)/l, where l is the pathlength in the cuvette (1 cm for
inland waters and 10 cm for coastal waters) (Green and Blough, 1994).
A null-point correction was performed by subtracting the averaged
absorbance between 680 and 700 nm to minimize the effect of scat-
tering by fine particles.
Quantitative filter pad technique was used to determine total par-

ticulate absorption (ap) from 350 to 800 nm at a 1 nm resolution
(Lohrenz, 2000) after filtering on Whatman GF/F filters and using a
Shimadzu UV-2401 spectrophotometer. A filter rinsed with Milli-Q
water was used as a blank. The measurement was repeated after using
the sodium hypochlorite for 30min to remove pigments, leaving det-
ritus particulate matter (ad). An error by internal backscattering was
corrected by subtraction of the averaged absorption from 750 toTa

bl
e
2

Pr
op
er
tie
s
of
pa
rt
ic
ul
at
e
m
at
te
r
in
Ta
ih
u
La
ke
,P
oy
an
g
La
ke
,P
ea
rl
Ri
ve
r
Es
tu
ar
y
an
d
D
ay
a
Ba
y,
in
cl
ud
in
g
TS
S,
O
SS
,I
SS
,P
O
C,
Ch
la
,C
hl
a:
PO
C,
PO
C:
TS
S,
Ch
la
:T
SS
an
d
O
SS
:IS
S.

Cr
ui
se

St
at
is
tic
s

TS
S
(m
g/
L)

O
SS
(m
g/
L)

IS
S
(m
g/
L)

PO
C
(m
g/
m
3 )

Ch
la
(μ
g/
L)

Ch
la
:P
O
C
(1
0−

4 )
PO
C:
TS
S

Ch
la
:T
SS
(1
0−

3 )
O
SS
:IS
S

TH
L2
01
10
8

(T
ai
hu
La
ke
)

M
IN
-M
A
X

18
.9
0–
62
.8
5

5.
55
–3
1.
55

6.
40
–5
3.
85

26
78
.3
9–
95
24
.7
9

8.
99
–6
0.
10

32
.4
6–
69
.3
7

0.
04
–0
.3
2

0.
20
–1
.8
2

0.
17
–2
.3
8

M
EA
N
±
S.
D
.

39
.1
1
±
11
.6
0

12
.3
4
±
5.
82

26
.7
8
±
10
.3
6

48
42
.5
0
±
20
38
.6
4

24
.8
8
±
13
.6
4

49
.5
0
±
10
.9
2

0.
13
±
0.
07

0.
70
±
0.
45

0.
58
±
0.
47

PY
L2
01
10
8

(P
oy
an
g
La
ke
)

M
IN
-M
A
X

17
.1
6–
28
2.
25

1.
60
–2
3.
75

15
.5
6–
25
8.
50

90
7.
40
–5
67
7.
46

0.
84
–3
6.
54

7.
09
–1
24
.2
4

0.
01
–0
.1
2

0.
01
–0
.6
5

0.
04
–0
.1
7

M
EA
N
±
S.
D
.

98
.2
4
±
62
.3
8

8.
47
±
4.
93

88
.4
3
±
58
.4
4

22
59
.3
5
±
12
52
.7
3

6.
22
±
7.
32

27
.8
5
±
23
.2
7

0.
03
±
0.
02

0.
09
±
0.
12

0.
11
±
0.
03

PR
E2
01
40
5

(P
ea
rl
Ri
ve
r
Es
tu
ar
y)

M
IN
-M
A
X

7.
18
–7
5.
20

1.
91
–2
3.
60

5.
27
–5
1.
60

32
5.
87
–2
36
2.
36

0.
21
–5
.0
7

4.
25
–6
7.
64

0.
02
–0
.1
0

0.
01
–0
.2
2

0.
11
–0
.4
6

M
EA
N
±
S.
D
.

25
.4
5
±
18
.5
3

4.
87
±
4.
38

20
.5
8
±
15
.1
4

94
5.
62
±
60
4.
77

2.
01
±
1.
20

27
.1
4
±
16
.9
3

0.
04
±
0.
02

0.
11
±
0.
07

0.
26
±
0.
08

PR
E2
01
40
8

(P
ea
rl
Ri
ve
r
Es
tu
ar
y)

M
IN
-M
A
X

11
.6
0–
19
1.
20

0.
20
–3
5.
20

9.
53
–1
56
.0
0

32
3.
64
–1
85
6.
74

0.
50
–3
.3
3

4.
92
–9
3.
62

0.
01
–0
.0
5

0.
01
–0
.1
1

0.
01
–0
.3
6

M
EA
N
±
S.
D
.

52
.4
7
±
43
.6
5

9.
23
±
8.
53

44
.6
8
±
35
.9
0

89
0.
98
±
41
5.
35

1.
46
±
0.
76

21
.8
5
±
20
.5
7

0.
03
±
0.
02

0.
04
±
0.
03

0.
21
±
0.
07

D
YB
20
14
05

(D
ay
a
Ba
y)

M
IN
-M
A
X

15
.9
0–
35
.4
0

4.
73
–1
1.
40

10
.9
5–
24
.5
0

60
7.
99
–2
76
9.
33

2.
74
–7
.8
7

25
.3
7–
71
.2
6

0.
04
–0
.0
9

0.
16
–0
.3
0

0.
38
–0
.6
1

M
EA
N
±
S.
D
.

22
.2
0
±
5.
96

7.
14
±
2.
17

15
.0
7
±
3.
92

12
81
.7
7
±
54
8.
97

4.
95
±
1.
49

41
.4
3
±
10
.7
1

0.
06
±
0.
01

0.
22
±
0.
04

0.
47
±
0.
06

D
YB
20
14
08

(D
ay
a
Ba
y)

M
IN
-M
A
X

14
.5
5–
44
.0
0

0.
30
–2
1.
00

9.
75
–3
3.
00

51
9.
26
–2
24
5.
81

1.
53
–7
.9
4

21
.6
1–
55
.5
2

0.
02
–0
.1
3

0.
05
–0
.4
1

0.
01
–1
.0
1

M
EA
N
±
S.
D
.

24
.6
9
±
9.
79

7.
53
±
4.
45

17
.1
5
±
7.
23

95
3.
06
±
45
6.
62

3.
64
±
1.
88

38
.0
0
±
8.
95

0.
05
±
0.
03

0.
18
±
0.
12

0.
46
±
0.
19

G. Jiang et al. Remote Sensing of Environment 224 (2019) 29–43

31



800 nm (Lee and Carder, 2004). An estimate of phytoplankton parti-
culate absorption (aph) was determined from the difference between ap
and ad (Lohrenz, 2000).

2.3. Satellite imagery and processing

Level-L1B VIIRS images (Sensor Data Record - SDR product) were

downloaded from NOAA CLASS (Comprehensive Large Array-Data
Stewardship System, https://www.class.ngdc.noaa.gov/saa/products/
welcome). Image data were georeferenced. Areas with land, clouds and
heavy aerosol concentrations were masked using SeaDAS 7.4 (OBGP,
NASA) to insure that all pixels within the study areas were character-
istic of open water features and free of sun glint. Atmospheric radiance
was removed using the near-infrared and shortwave infrared bands

Table 3
Optical properties of study sites used in Taihu Lake, Poyang Lake, Pearl River Estuary and Daya Bay, ad(443), aph(443), ag(443), aph/ad, aph/apand ap/anw (anw
represents the total non-water absorption) included.

Cruise Statistics ad(443) (m−1) aph(443) (m−1) ag(443) (m−1) aph(443)/ad(443) aph(443)/ap(443) ap(443)/anw(443)

THL201108
(Taihu Lake)

MIN-MAX 3.15–1.02 5.77–0.71 1.57–0.42 3.25–0.23 0.19–0.76 0.69–0.88
MEAN ± S.D. 2.14 ± 0.57 1.98 ± 1.35 1.02 ± 0.29 1.05 ± 0.84 0.45 ± 0.16 0.80 ± 0.06

PYL201108
(Poyang Lake)

MIN-MAX 1.36–24.77 0.15–3.86 0.13–3.46 0.07–0.33 0.07–0.25 0.47–0.98
MEAN ± S.D. 7.77 ± 5.14 1.30 ± 0.73 1.59 ± 0.93 0.18 ± 0.06 0.15 ± 0.04 0.82 ± 0.13

PRE201405
(Pearl River Estuary)

MIN-MAX 0.15–3.62 0.01–0.73 0.13–1.00 0.01–0.61 0.01–0.38 0.25–0.92
MEAN ± S.D. 0.90 ± 0.92 0.09 ± 0.15 0.55 ± 0.27 0.11 ± 0.13 0.09 ± 0.08 0.57 ± 0.18

PRE201408
(Pearl River Estuary)

MIN-MAX 0.03–3.38 0.20–0.01 0.15–3.18 0.04–1.22 0.03–0.55 0.04–0.72
MEAN ± S.D. 0.83 ± 0.85 0.05 ± 0.04 1.78 ± 0.78 0.32 ± 0.42 0.19 ± 0.18 0.32 ± 0.21

DYB201405
(Daya Bay)

MIN-MAX 0.05–0.75 0.03–0.36 0.04–0.67 0.15–2.15 0.13–0.68 0.22–0.91
MEAN ± S.D. 0.25 ± 0.18 0.15 ± 0.08 0.26 ± 0.19 0.74 ± 0.48 0.39 ± 0.14 0.61 ± 0.19

DYB201408
(Daya Bay)

MIN-MAX 0.04–0.32 0.01–0.13 0.19–4.19 0.09–1.56 0.09–0.61 0.03–0.42
MEAN ± S.D. 0.10 ± 0.06 0.07 ± 0.02 1.71 ± 1.13 0.88 ± 0.38 0.45 ± 0.13 0.14 ± 0.12

Fig. 2. The relationship of particulate organic carbon (POC) with optical absorption, aph(443) (open circle) and ad(443) (gray dot), in six cruises from waters
including a) Taihu Lake, b) Poyang Lake, c) and d) the Pearl River Estuary, and e) and f) Daya Bay.
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(NIR-SWIR) approach (Wang and Shi, 2007) (Figs. A2 and A3). When
comparing POC concentrations between in situ measurements and sa-
tellite observations, the “matchup” criteria was followed as the time-

difference constrained to±4 h (Bailey and Werdell, 2006).

2.4. Synthetic analysis

HydroLight, a well-documented radiative transfer model, was used
to compute radiance distribution and derived optical properties for
inland and coastal waters (Mobley and Sundman, 2013). We used the
Ecolight code for the present simulation as it can solve the azimuthally-
averaged radiative transfer equation (RTE) with the view angle at
nadir. Spectral wavelengths were 400–900 nm with a 5 nm resolution.
The built-in air-water surface conditions were used, with a wind speed
of 3m/s, a default refractive index (n=1.34), a solar-zenith-angle of
30°, and a semi-empirical solar and sky model (RADTRAN-X subroutine
basis). The bottom boundary condition was set to “the water column is
infinitely deep”.
The “ABCASE2” type was selected for inland and coastal waters,

which is a generic four-component (pure water, chlorophyll, CDOM and
miners) IOP model (Mobley and Sundman, 2013). The inputs for the
simulating performance included concentration, phase function, spec-
tral mass-specific absorption and backscattering coefficient for chlor-
ophyll and solids. We used the concentrations of solids as 1, 5, 10, 50,
100, 500, 1000 and 2000mg/L, Chlorophyll a as 0.1, 1, 5, 10, 50, 100,
500, 1000 μg/L, and dissolved absorption coefficients at 440 nm
(ag(440)) as 0.1, 0.5, 1, 2, 4, 6, 8, 10m−1 to simulate the spectral Rrs,
which were assumed to be vertical independent.

Fig. 3. Pearson correlation coefficients of POC vs. aph(443) (red dashed line)
and POC vs. ad(443) (blue dashed line) and averaged aph(443)/ad(443) values
(Mean+ S.D., dark gray column) calculated from six sampling campaigns. (For
interpretation of the references to color in this figure legend, the reader is re-
ferred to the web version of this article.)

Fig. 4. Correlations between POC with concentrations of (a) suspended solids (TSS) and (c) phytoplankton biomass (Chla). The right panel illustrated the same
relationship using the log-transformed data ((b) for TSS and (d) for Chla). Different slopes show the differences in the relation of POC with TSS (red dashed line
represents the dividing line) and areas with high POC and Chla correlations, based on aph(443)/ad(443)≥ 0.30, related to the color. Areas high positive correlation
between POC and TSS compared to the condition of aph(443)/ad(443)≥0.30 are separated by a dashed line. (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)
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The absorption and backscattering of water were read from default
values. Spectral mass-specific absorption coefficients of Chlorophyll a
and suspended solids were obtained from lab measurements of aver-
aged values in the study waters. The spectral Chl a/detritus-specific
absorption coefficients of phytoplankton, aph⁎(λ) and ad⁎(λ), were cal-
culated using aph⁎(λ)= aph(λ)/Chla and ad⁎(λ)= ad(λ)/ISS. For CDOM,
the absorption at a reference wavelength of 440 nm was used to esti-
mate the absorption spectra as ag(λ)= ag(440)exp.[-Sg(λ-440)] with the
decay constant Sg from 400 to 700 nm (average Sg of
0.016 ± 0.005 nm−1 from field measurements). The mass-specific
backscattering coefficient data followed Raqueño et al. (2000),
Raqueño (2003), and Concha and Schott (2016). The scattering phase
function for both the chlorophyll a and solids components was de-
termined by the backscattering fraction, bb/b, where b is the total
scattering coefficient for all directions and bb is the b in the backward
direction. Backscattering fractions were fixed to 0.02 and 0.03 for the
phytoplankton and detritus, respectively (Xue et al., 2017; Lee et al.,
2016).

2.5. Accuracy assessment

The performance of modelled results (Pi) against field observations
(Oi) was evaluated using the coefficient of determination (R2) and the
relative root-mean-square error (rRMSE), rRMSE= 100%×RMSE/aver-
aged Oi. Statistical measures of bias (δ) and slope (S) and intercept (I) of
a Type-2 regression (Brewin et al., 2015) were used.

3. Results

3.1. Bio-optical properties in study waters

Taihu Lake had the highest averaged value of POC concentrations
(4842 ± 2038mg/m3), more than twice that in Poyang Lake
(2259 ± 1253mg/m3) (Table 2). Lowest averaged POC was present in
the Pearl River Estuary during the August cruise, with an average value
of 891 ± 415mg/m3. Daya Bay had comparable POC values with Pearl
River Estuary, while May cruise (D201405) was slightly higher than

Fig. 5. The relationship between POC and remote sensing reflectance based algorithm for (a) detritus-dominant waters and at 488, 555 and 751 nm for (b) phy-
toplankton pigment-dominant waters, respectively.

Fig. 6. Remote-sensing reflectance spectra for different aph(443)/ad(443) ratios: left, aph(443)/ad(443) < 0.30 and right, aph(443)/ad(443)≥0.30. In ad-dominant
waters, Rrs(672) was higher than for aph(443) dominated waters. The POC-Index (denoted as PI) was defined as the distance from Rrs(555) to the linear baseline from
Rrs(488) and Rrs(751).
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August (D201408). Chlorophyll a concentrations showed similar pat-
terns to POC in these study waters. The ratio of Chla to POC (Chla:POC)
showed highest values in Taihu Lake ((49.50 ± 10.92)× 10−4). The
ratios, POC:TSS and Chla:TSS also showed the highest values in the
productive waters of Taihu Lake and Daya Bay.
For suspended solids, TSS average was highest in Poyang Lake

(98.2 ± 62.4mg/L), with a range from 17.2 to 282.3mg/L. In the
Pearl River Estuary, TSS was higher in August (52.5 ± 43.7mg/L)
than in May (25.5 ± 18.5mg/L). Similar TSS values were observed in
Daya Bay in August and May. Concentration trends of ISS were similar.
The organic fraction (OSS) had the maximum value of 12.3 ± 5.8mg/
L in Taihu Lake. The ratio of organic to inorganic particles (OSS:ISS)
was highest in productive waters (Taihu Lake and Daya Bay) with re-
spect to the turbid waters in Poyang Lake and the Pearl River Estuary.
Particulate absorption at 443 nm exhibited significant variations

between sampling campaigns (Table 3). Overall, elevated absorption
was observed in inland lakes, including the detritus and phytoplankton
pigments. The CDOM absorption, however, presented elevated values
in coastal areas. The absorption ratios, aph(443)/ad(443) and aph(443)/
ap(443), were highest in the productive waters of Taihu Lake and Daya
Bay, compared to Poyang Lake and the Pearl River Estuary. With re-
gards to aph(443)/anw(443), where anw represented total absorption
after the removal of water itself, higher averaged values were observed
in inland waters and May cruise in coastal waters, compared to August
in Pearl River Estuary and Daya Bay.

3.2. The absorption-specific POC approach

POC can have an array of allochthonous and autochthonous sources,
including terrestrial, detritus from submersed macrophytes and
plankton (Bianchi and Argyrou, 1997). The relationships between
aph(443) vs. POC and ad(443) vs. POC were used to identify the domi-
nant POC sources in each study site (Fig. 2). POC correlated well with
phytoplankton pigment absorption in Taihu Lake (Pearson r=0.94)
and Daya Bay in May (Pearson r=0.63), but slightly lower in Pearl
River Estuary in May (Pearson r=0.51) (Fig. 3). In contrast, significant
correlations of POC with detritus absorption were obtained in the other

sites, suggesting that terrestrial inputs rather than autochthonous pro-
duction were the dominant POC sources.
The ratio aph(443)/ad(443) was calculated to evaluate the pigment-

related and non-pigment-related contributions to the total particulate
absorption. In addition, the ratio aph(443)/ap(443) was also considered
as an indicator of the relative contribution of pigment-related fraction
to total particulate absorption. However, as aph(443)/ad(443) exhibited
a larger range of values, 0.01–3.25, with respect to aph(443)/ap(443),
0.01 to 0.76 (Table 3), and as such provided a higher resolution to
differentiate between conditions. Consequently, the ratio aph(443)/
ad(443) was used to identify potential POC origins (Fig. 4). For ex-
ample, a clear separation point in the aph(443)/ad(443) ratio was ob-
served using relationship between POC and TSS (Fig. 4a). As seen in the
log-log plot (Fig. 4b and d), there was a “steep” slope of increased POC
versus increased TSS for lower aph(443)/ad(443), while there was a
uniform distribution of TSS and POC for higher ratios. The slope change
appeared to occur when aph(443)/ad(443) reached 0.30. Below this
limit, there was a significant relation of POC to TSS, ISS and OSS
(Pearson r > 0.75, data not shown). While samples with aph(443)/
ad(443)≥ 0.30 had a high co-variance between POC and phyto-
plankton biomass (R2=0.95, p < 0.01, Fig. 4d) and organic particles
(Pearson r=0.75), comparing to relationships of POC vs. TSS and POC
vs. ISS (Pearson r < 0.5).
By identifying the dominant POC source, specific reflectance-based

algorithms for VIIRS could be developed for surface POC concentrations
under specific conditions. With wavebands centered at 488, 555, 672
and 751 nm, a regression equation for ad-dominated waters was de-
termined for waters characterized by low aph(443)/ad(443) (Fig. 5):

= =T R R R×POC 889. 0e , (751) [1/ (488) 1/ (672)]T
rs rs rs

2.9 (4)

and for aph-dominated waters:

= + + =T T T R
R R×

POC 8366.8 17,209.0 259.8, (751)
[1/ (488) 1/ (555)]

rs

rs rs

2

(5)

It should be noted that POC concentrations were directly (but not
linearly) proportional with the combined remote sensing reflectance
with R2 higher than 0.70 (p < 0.01), allowing for accurate estimates of
POC concentrations, especially in waters where areas of both low and
high aph were present.

3.3. The POC index (PI) for optical classification

The ecosystems in the present study have multiple sources of POC
and are characterized by a range of optical and productive states. To
explore spatial variations of surface POC concentrations in these com-
plex waters using satellite data, we discriminated water areas based on
POC dominance (i.e., ad-dominant and aph-dominant waters) by remote
sensing.
The averaged remote sensing reflectance, when aph(443)/

ad(443) < 0.3 or ≥0.3, showed that the remote-sensing reflectance
peaked at 555 nm for the range of water environments examined
(Fig. 6). However, in ad-dominant regions, Rrs(751) was relatively high,
as expected from scattering by suspended particles (Moses et al., 2009),
compared to aph-dominant waters.
A POC index (PI) was built combining Rrs(488), Rrs(555), and

Rrs(751), in a similar manner as the color index (Hu, 2011). PI was
defined as the relative height of Rrs(555) from the baseline reflectance
at that same wavelength of 555 nm, derived from a linear interpolation
between Rrs(488), and Rrs(751) (Fig. 6):

= +
×

+ ×

R R
R R

R R R R

PI (555) [ (488) (555–488)/(751–488)
( (751) (488))],
(555) [ (488) 0.25 ( (751) (488))]

rs rs

rs rs

rs rs rs rs (6)

Fig. 7. The relation of PI to aph(443)/ad(443) with the light circles representing
PI ≥0.013 and aph(443)/ad(443) < 0.30; dark circles resulting from
PI< 0.013 and aph(443)/ad(443)≥ 0.30.
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For highly turbid inland and coastal waters, PI is always positive
due to a high backscattering at 555 nm by particles. Specially, for
productive waters, PI was the weighted relative difference between
Rrs(488) and Rrs(555) when Rrs(751) was nearly zero due to strong NIR
absorption by water.
Comparing PI to the aph(443)/ad(443) ratio showed a clear speci-

fication in different water regions (Fig. 7). For ad-dominant samples, PI
values covered from 0.013 to 0.026 sr−1, with an average of
0.018 ± 0.003 sr−1. In comparison, in aph-dominant waters, PI values
had a range of 0.001–0.013 sr−1 and averaged 0.007 ± 0.003 sr−1.
We calculated PI using calibrated VIIRS data from Oct. 9th, 2014 in

Taihu Lake, Poyang Lake, Pearl River Estuary and Daya Bay (Fig. 8).
Most of the PI values in the productive waters of Taihu Lake (average:

0.0070 ± 0.0023 sr−1) and Daya Bay (average:
0.0085 ± 0.0023 sr−1) were lower than 0.013 sr−1, indicating condi-
tions of algae-dominated POC. PI values ranged from 0.0040 to
0.0160 sr−1, averaged 0.0100 ± 0.0031 sr−1 in the Pearl River Es-
tuary. For the highly turbid waters in the northwest part of this estuary,
PI values,> 0.013 sr−1, indicated the flow of terrestrial dominated
POC into the estuary (Liu et al., 2015), with evidence of aph-dominated
waters in the southeast. For Poyang Lake, PI values showing a range of
0.0072–0.0208 sr−1 (0.0125 ± 0.0024 sr−1), in a narrow water
channel from north to southeast, elevated PI (≥0.013) was observed
while PI< 0.013 was notable in other water segments.

Fig. 8. Results of calculated PI from VIIRS-derived remote sensing reflectance on Oct. 9th, 2014, in (a) Pearl River Estuary, (b) Daya Bay, (c) Poyang Lake and (d)
Taihu Lake.
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4. Discussion

4.1. Algorithm validation and matchup analysis

The POC algorithms developed in the present study was validated
using field datasets of geochemical and bio-optical conditions obtained
in Chaohu Lake in May 2013 and the Yangtze River Estuary in Feb.
2016 (Fig. A1). Chaohu Lake is located in south China, and is char-
acterized by extensive summertime cyanobacterial blooms (Xie et al.,
2005). The Yangtze River (Changjiang) is the largest river in China and
carries 90% of its total riverine water discharge and sediments into the
East China Sea (He et al., 2013; Bai et al., 2013).
Most of the model-derived POC concentrations were slightly higher

than field POC values (Fig. 9), although a high determination coeffi-
cient was observed (R2=0.59, rRMSE= 83%, δ=634mg/m3,

S=0.63, I=1439mg/m3). Tuning the model with local data im-
proved the regression coefficients (R2= 0.80, rRMSE= 45%,
δ=72mg/m3, S=0.81, I=327mg/m3) indicating the benefit of local
tuning when applying the approach. We observed that the original
positive bias was greater for POC lower than 2000mg/m3, and im-
proved after tuning with local data. For example, the first regression
coefficient for Changjiang Estuary decreased about 17%; while for
Chaohu Lake, the second regression coefficient was 20% lower with the
lake tuned data compared to the untuned data. Note that the variable of
T (Rrs(751)× [1/Rrs(488) - 1/Rrs(555)]) showed an average
0.13 ± 0.07, which would produce small errors between them.
We also used seasonal datasets from Taihu Lake (Jiang et al., 2015)

for further validation without tuning (R2=0.65, rRMSE= 35%,
δ=206mg/m3, S=0.68, I=424mg/m3) (Fig. A5). Finally, we eval-
uated the covariation of PI and CDOM absorption and compared POC

Fig. 9. POC concentrations (estimated versus field) for May 2013 cruise in Chaohu Lake and Feb. 2016 cruise in the Yangtze River Estuary: (a) untuned data; (b)
tuned data.

Fig. 10. Spatial distribution of field POC samples and quasi-synchronous VIIRS POC products on May 13, 2013 in Chaohu Lake.
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concentrations from both field and simulated measurements using
HydroLight-Ecolight (Section 4.4).
The matchup analysis was performed using field data and quasi-

synchronous VIIRS observations (time window:± 4 h) on May 13, 2013
in Chaohu Lake. Results demonstrated that the field POC samples were
spatially consistent with VIIRS-calculated POC concentrations with
tuned algorithms, typically with of higher values in the West (Fig. 10).
There was limited scatter over the 1:1 line for lower POC concentrations
with underestimation bias at higher POC values (Fig. 11), which might
be caused by the common errors in satellite-derived products, e.g.,
imperfect atmospheric correction and temporal difference, etc. We
further noted that the tuned algorithms provided better estimate of POC
concentrations than that using untuned regression coefficients in
Chaohu Lake, probably due to the contributions from deep water to the
surface POC when wind stress-induced vertical mixing (Cao et al.,
2006).
As PI values were computed by using the difference of Rrs(555) (Eq.

(6)), they are more susceptible to sensor absolute calibration and at-
mospheric correction, especially in inland and coastal regions (Hu,
2011). This has implications on the algorithm's sensitivity to optical
conditions, as waters with high suspended sediments reflect in this
wavelength (555 nm); while in the pigment-dominated waters, PI might
be influenced by the potential errors from atmospheric correction. This
study was focused on remote POC estimation in turbid waters.

4.2. Application to VIIRS observations: an example

The absorption-specific method was then applied with VIIRS data
from Oct. 9th, 2014 for Pearl River Estuary, Daya Bay, Taihu Lake and
Poyang Lake. For comparison, the VIIRS images on 25 May and 29
August 2014 in the Pearl River Estuary and Daya Bay were also used to
explore short term POC dynamics in the coastal water ecosystems. For
Taihu Lake, areas with Rrs(751)/Rrs(672) > 3.0 were limited to mask
pixels suffered from floating algal blooms (Simis et al., 2005). The
eastern part of this lake was masked to avoid areas with optically
shallow waters (Ma et al., 2011).
Surface POC concentrations ranged from<0.1 to 4000.0mg/m3

across these study waters (Fig. 12), with significant spatial hetero-
geneity in each study ecosystem. The highest POC concentrations were
observed in Pearl River Estuary and Taihu Lake, while lower POC va-
lues were observed in Daya Bay. POC concentrations were higher in
inland waters, compared to coastal regions. For example, elevated POC
concentrations (> 3000.0mg/m3) were estimated in much of Poyang
Lake and Taihu Lake. In Poyang Lake, the main channel had the highest
POC values, while low POC assemblages occurred in the river plume. In
Taihu Lake, elevated POC values were found in the middle-south re-
gions. For the Pearl River Estuary, high POC concentrations were pre-
sent in the northwest water regions, and the POC maxima occurred
within the nearshore zone, indicating terrestrial input. A second peak of
POC was observed in the area where sand excavation activities have
been reported (Luo et al., 2007). In Daya Bay, high POC concentrations
were present in the east areas and there was a northwest to southeast
trend of POC, coinciding with the dominant current and water ex-
change.
In coastal waters (Pearl River Estuary and Daya Bay), POC con-

centrations showed the alternating influence of estuarine discharge and
algal blooms (Fig. 13). In May 2014, the Pearl River Estuary had the
highest POC in the southwest (Fig. 13a), while August showed lower
POC in this areas and the development of phytoplankton-related POC in
the southeast (Fig. 13c). For Daya Bay, higher POC concentrations were
observed in the middle and south parts of this bay in May 2014
(Fig. 13b), while in August, the highest values occurred in the west
nearby the cooling water exchange of a nearby nuclear power station
(Fig. 13d).

4.3. Algorithm performance and uncertainties

Evers-King et al. (2017) examined the performance of oceanic POC
algorithms based on different optical conditions with merged satellite
ocean color data provided by OC-CCI. The blue-to-green reflectance
ratio, Rrs(443)/Rrs(555) (Stramski et al., 2008), and POC-bbp relation-
ship (Stramski et al., 2008; Loisel et al., 2002) provided the highest
performance across different water types as defined in the OC-CCI data.
Clearly, POC would significantly correlate with Rrs(443)/Rrs(555) for
oligotrophic and upwelling waters and has been used to estimate global
POC concentrations from ocean color by the NASA Ocean Biology
Processing Group. This algorithm showed better performance than
POC-IOPs relationships where the IOPs were derived from Rrs and then
linked to POC (Stramski et al., 2008; Evers-King et al., 2017).
In the open ocean, POC is expected to relate to IOPs and co-vary

with particle properties (i.e., in Case I waters). POC can be accurately
derived from the backscattering coefficient at 490 nm (Loisel et al.,
2002) and 555 nm (Stramski et al., 2008) and also correlate with the
beam attenuation coefficient for particles (cp) (Gardner et al., 2006). In
these waters, POC optical properties have been shown to be strongly
influenced by particle size distribution (PSD), refractive index and
components (Kostadinov et al., 2016; Stramski et al., 2008).
Unlike the open ocean, multiple sources are usually present in in-

land and coastal waters and often driven by their estuarine, riverine and
marine inputs (Le et al., 2017). This results in a range of biochemical
and optical characteristics of POC that complicate the estimation of
POC from one or two spectral bands. With our field datasets, we eval-
uated these algorithms in different water classes (aph- and ad-based
waters). As expected, when pigment absorption dominated optical
properties, POC was significantly related to the band ratio, Rrs(443)/
Rrs(555) (R2= 0.50, p < 0.01). Moreover, the bbp(555) derived from
QAA approach (Table 4) (Lee et al., 2002) was strongly controlled by
the chlorophyll a concentrations in waters with aph-dominance. In
contrast, ad-dominated samples were more strongly influenced by in-
organic particles (Fig. A4). These results indicated that the oceanic POC
algorithms provide acceptable performance when phytoplankton

Fig. 11. A comparison of in situ and VIIRS derived POC concentrations on May
13, 2013 in Chaohu Lake.
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controls the underwater light field, in both Case I and Case II waters.
The present absorption-based POC methodology takes into con-

sideration the variability in the dominant sources of particle absorption
(aph(443)/ad(443)), showing variability both in shape and magnitude.
The algorithms provided a reasonably good estimate of POC across a
wide range of concentrations: 300–10,000mg/m3, with R2=0.74 and
rRMSE= 42.0%. Estimated uncertainties of POC were present and could
be associated to potential variability in threshold values related to the

binary water classification for waters with extreme complex optical
properties (Fig. 9). For example, PI was determined using the linear
relationship of Rrs(555)-[Rrs(488)+ 0.25(Rrs(751)-Rrs(488))]. PI values
could be over 0.013 sr−1 even for sites of phytoplankton dominance in
particular conditions, especially in highly turbid waters where CDOM-
rich conditions increase the difference between Rrs(555) and Rrs(488).
This points to the necessity to tune the PI value to local conditions when
used to classify water types in different turbid coastal and inland

Fig. 12. VIIRS based estimates of the spatial distribution of surface POC concentrations for (a) Pearl River Estuary, (b) Daya Bay, (c) Poyang Lake, and (d) Taihu Lake.
For productive waters, Daya Bay and Taihu Lake included, elevated POC concentrations were explored in Taihu Lake, and POC-MIN values were observed in Daya
Bay. Terrestrial POC showed higher values in Pearl River Estuary and Poyang Lake, compared to algae-derived POC.
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waters. Additional errors could occur in the satellite-derived POC pro-
ducts due to differences in the time and location of in situ versus sa-
tellite data (Le et al., 2017) and uncertainty from atmospheric correc-
tion performance (Son and Wang, 2009).

4.4. Potential application and future work

To strengthen the application of the absorption-based approach for
varying optical properties in Case 2 waters, Ecolight was used to

Fig. 13. VIIRS based estimations of surface POC concentrations on 25 May 2014 for (a) Pearl River Estuary and (b) Daya Bay, and 29 August 2014 for (c) Pearl River
Estuary and (d) Daya Bay.

Table 4
Particulate backscattering coefficients (bbp) at 488, 555, and 672 nm and the spectral slope (Y) derived by using QAA approach (Lee et al., 2002) in the study waters,
including Maximum (MAX), Minimum (MIN), Mean (MEAN). Backscattering for water, bbw (488), bbw (555), and bbw (672) are 0.0012, 0.0007 and 0.0003 nm−1

(Pope and Fry, 1997 and Morel, 1974), respectively.

Statistics bbp(488) bbp(555) bbp(672) Spectral slope (Y)

MIN (nm−1) 0.0061 0.0054 0.0045 0.04
MAX (nm−1) 0.8910 0.8352 0.7586 1.07
MEAN (nm−1) 0.2473 ± 0.2361 0.2322 ± 0.2204 0.2097 ± 0.1970 0.52 ± 0.17
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simulate the remote sensing reflectance for calculating PI and POC. The
relationship between PI and graduated ag showed that PI was in-
dependent of CDOM absorptions especially when ag(440)< 6m−1,
showing an acceptable averaged variation of 2% (the maximum of 16%
when ag(440)= 6m−1) (Fig. 14). Most Case 2 waters are characterized
by CDOM absorption at 440 nm lower than 6m−1 (e.g., Aurin and
Dierssen, 2012; Fichot and Benner, 2011; Spencer et al., 2009; Zhang
et al., 2011). This analysis indicated that, in waters with CDOM-rich
conditions, the dissolved fraction could lead to estimation errors, e.g.,
the PI values exhibited a max variation of 30% in the case of
ag(440)= 10m−1 (Fig. 14). Overall, the absorption-based approach
using simulated data worked well for a range of the suspended matter
concentrations in the ad-dominance waters (R2= 0.95, p < 0.01) and
chlorophyll a concentrations in waters controlled by pigment absorp-
tions (R2=0.65, p < 0.01, Fig. 15). This showed the robustness of the
present absorption-specified POC estimation approach over a wide
range of optical properties for Case 2 waters.
The input parameters used in the Ecolight code were comparable to

conditions obtained in field measurements; POC changed from 167 to
6500mg/m3 when simulated ISS ranging from 1 to 200mg/L in ad-
dominated waters (field data, ISS: 5–250mg/L, POC: 200–6000mg/
m3), and from 600 to 9000mg/m3 with simulated Chla ranges of
1–100 μg/L while in aph-dominated conditions (field data, Chla:
0.5–60 μg/L, POC: 900–10,000mg/m3). It should be noted that the

present approach was focused on optically complex Case 2 waters.
Further research would be needed to validate or refine the approach for
other water types.

5. Conclusions

An absorption-specific revenue was used to accurately estimate
surface POC concentrations in coastal and inland waters using VIIRS
reflectance data (R2=0.74, rRMSE= 42.0%, N=136, p < 0.01). The
results indicate the robustness of the approach over a wide range of
POC concentrations (300–10,000mg/m3) and optical conditions. The
approach improves on past approaches as it sets an initial classification
based on different dominant POC sources (i.e., phytoplankton or det-
ritus), allowing for the use of more specific POC algorithms and for the
determination of the distribution of different POC sources in the same
waterbody.
Algorithms validation and matchup analysis were performed in

Chaohu Lake and the Yangtez River Estuary, characterized by multiple
sources of POC and highly complex optical conditions. Further,
HydroLight-Ecolight runs simulated various optical conditions to show
the robustness of PI and POC estimates. The approach allows for a more
accurate estimation of POC than single algorithm, therefore providing a
better understanding of its role on optical, chemical and biological
dynamics of inland and coastal aquatic ecosystems.
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