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Abstract: In remote sensing of the ocean color, in particular, in coarse-resolution global model
simulations, atmospheric trace gases including water vapor are generally treated as auxiliary data,
which create uncertainties in atmospheric correction. The second Korean geostationary satellite
mission, Geo-Kompsat 2 (GK-2), is unique in combining visible and infrared observations from
the second geostationary ocean color imager (GOCI-II) and the advanced meteorological imager
(AMI) over Asia and the Pacific Ocean. In this study, we demonstrate that AMI total precipitable
water (TPW) data to allow realistic water vapor absorption correction of GOCI-II color retrievals for
the ocean. We assessed the uncertainties of two candidate TPW products for GOCI-II atmospheric
correction using atmospheric sounding data, and then analyzed the sensitivity of four ocean-color
products (remote sensing reflectance [Rrs], chlorophyll-a concentration [CHL], colored dissolved
organic matter [CDOM], and total suspended sediment [TSS]) for GOCI-II water vapor transmittance
correction using AMI and global model data. Differences between the TPW sources increased the
mean absolute percentage error (MAPE) of Rrs from 2.97% to 6.43% in the blue to green bands, higher
than the global climate observing system requirements (<5%) at 412 nm. By contrast, MAPE values
of 3.53%, 6.18%, and 7.71% were increased to 6.63%, 13.53%, and 16.14% at high sun and sensor
zenith angles for CHL, CDOM, and TSS, respectively. Uncertainty analysis provided similar results,
indicating that AMI TPW produced approximately 3-fold lower error rates in ocean-color products
than obtained using TPW values from the National Centers for Environmental Prediction. These
results imply that AMI TPW can improve the accuracy and ability of GOCI-II ocean-color products to
capture diurnal variability.

Keywords: second geostationary ocean color imager; advanced meteorological imager; total
precipitable water; gaseous absorption correction; uncertainty analysis

1. Introduction

Remote sensing data of ocean color collected by satellites are used to construct vari-
ous ocean environmental products such as chlorophyll-a concentration (CHL) [1–3], total
suspended sediment (TSS) [4–6], and colored dissolved organic matter (CDOM) absorp-
tion [7–9]. Therefore, such data have been widely employed to improve efficiency and
reduce the cost of coastal and open seas monitoring [10]. Ocean-color products are typi-
cally analyzed based on the inversion of radiative transfer theory using ocean reflectance
spectra, e.g., remote sensing reflectance (Rrs) derived from satellite observations of top-of-
atmosphere (TOA) radiance. However, TOA radiance includes Rrs at the sea surface along
with atmospheric path reflectance, and light can be attenuated before reaching the satel-
lite sensor due to scattering by air molecules and aerosols. Atmospheric path reflectance
accounts for more than 90% of TOA observations, such that effective discrimination of a
signal from the ocean surface remains challenging. To remove atmospheric effects from
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TOA radiance observed by ocean-color sensors, the physical-based atmospheric correction
algorithm consists of corrections for gas absorption, molecular scattering, aerosol scattering
and absorption, bidirectional reflectance distribution, and turbid water [10]. This study fo-
cuses mainly on gas absorption correction, which corrects solar radiation absorbed by trace
gases (e.g., ozone, water vapor, or nitrogen dioxide) in the sunlight path. Gas absorption
directly affects TOA radiance measured by sensors; thus, a small error in gas absorption
correction can cause nonnegligible error in atmospheric correction, and the impact on the
Rrs of gas absorption correction differs among observation conditions [11]. Therefore, a
realistic consideration of atmospheric gas absorption in atmospheric correction is necessary
to enhance the quality of primary ocean-color products [12–16].

Atmosphere correction algorithms for ocean-color sensors typically use trace gas
data from models and other satellites as ancillary data [17,18] because their different
wavelength range makes it challenging to accurately estimate trace gas information. The
accuracy of atmospheric correction is sensitive to gaseous absorption correction, which
is applied directly to TOA reflectance [19–21]. Unlike ozone and nitrogen dioxide, water
vapor absorption affects both the visible (VIS) and near-infrared (NIR) bands used to
estimate aerosol reflectance for entire wavelengths. Negligible uncertainty in aerosol type
determination for the NIR bands generally leads to significant uncertainty in the VIS
bands [10].

The second geostationary ocean color imager (GOCI-II), the successor of the world’s
first geostationary ocean color imager (GOCI), has been operated by the Korea Ocean
Satellite Center of Korea Institute of Ocean Science and Technology since February 2020 [22].
The unpreceded characteristic of GOCI-II is that it operates with its triplet sensors, advanced
meteorological imager (AMI) [23], and geostationary environmental monitor spectrometer
(GEMS) [24] on the same geostationary orbit (128.2◦E over the equator). A unique operating
system that simultaneously operates GOCI-II, GEMS, and AMI on the same orbit can
enhance environmental monitoring capabilities. GOCI-II has moderate spatial (250 m at
nadir) and spectral resolution (12 spectral bands from 380 to 865 nm) with unprecedented
temporal resolution (10 daytime images per day), and observes the Northeast Asian Sea
including the Korean Peninsula. Its main advantage is that it observes diurnal variation
in ocean environments, including sediment variation within the tidal cycle and red tide
migration [25]. Thus, more precise atmospheric correction is required for these data because
there is less diurnal fluctuation than daily variation.

The GOCI-II atmospheric correction algorithm was developed based on the sea-
viewing wide field-of-view sensor (SeaWiFS) approach [26,27], which estimates aerosol
reflectance in VIS wavelengths from two NIR bands with iterative optimization for turbid
water [12,28,29]. This process first corrects a priori gaseous absorption transmitted by
ozone, nitrogen dioxide, and water vapor. Spectral response functions of general ocean-
color sensors including GOCI-II are designed to avoid the water vapor absorption spectral
range [30]. However, this spectrum crosses the out-of-band response range of the GOCI-II
sensor from the red to NIR bands. Therefore, enhancing the quality of total precipitable
water (TPW), which is the total atmospheric water vapor in a vertical column, would
contribute considerably to improving atmospheric corrections.

There are two candidate TPW sources for GOCI-II atmospheric correction: National
Centers for Environmental Prediction (NCEP) forecast field data and advanced meteorolog-
ical imager (AMI) TPW data estimated by nine infrared bands from 6.3 to 13.3 um [31]. The
NCEP forecast data are currently used for GOCI-II atmospheric correction implemented in
the GOCI-II ground segment (G2GS) product because its 3-day advance distribution [32] is
ideal for real-time GOCI-II data processing. However, they have lower spatial resolution
(0.25◦) than the GOCI-II sensor, and may have lower accuracy than real-time observations
or reanalysis data [33]. By contrast, the AMI sensor provides full-disk TPW information,
including the GOCI-II observation area, with enhanced spatial (6 km) and temporal resolu-
tion (10 min). Therefore, the AMI TPW fully covers the spatiotemporal range of GOCI-II
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and reflects water vapor absorption effects, providing a high-resolution TPW product
similar to that of GOCI-II.

In this study, we consider the gas absorption effect in near real-time by fusing si-
multaneous GOCI-II and AMI observations, and investigate the possibility of improving
the accuracy of GOCI-II atmospheric correction and primary ocean-color products. We
evaluated radiosonde observations over the GOCI-II local area and analyzed the effects of
different TPW datasets on primary ocean-color products (i.e., Rrs, CHL, TSS, and CDOM)
using the GOCI-II atmospheric correction integrated with the TPW correction model [34].

2. Data and Method
2.1. GOCI-II Atmospheric Correction (AC) Algorithm

The GOCI-II AC algorithm is an extension of the previous GOCI AC algorithm [12,28,35]
with four additional bands centered at 380, 510, 620, and 709 nm. Notably, the 620 and 709 nm
bands make it possible to enhance atmospheric correction accuracy for highly turbid water
by considering different sediment types using the spectral relationships of inherent optical
properties (e.g., absorption and back scattering coefficients) among the 620, 709, 745, and
865 nm bands [36].

The GOCI-II AC retrieves water reflectance at the sea surface (ρwn) by removing the
atmospheric contributions. Ignoring sunglint, whitecaps, and the effects of bidirectional
reflectance, the TOA reflectance (ρTOA) at wavelength λ can be described as follows:

ρTOA(λ) =
(ρr(λ) + ρam(λ) + tv

d(λ)t
s
d(λ)ρwn(λ))

/
tv
g(λ)t

s
g(λ)

, (1)

where ρwn is the reflectance at the sea surface, ρr is the Rayleigh reflectance in the absence
of aerosols and gaseous absorption, and ρam is the aerosol multiple-scattering reflectance
in the presence of air molecules without gaseous absorption. The terms tv

d and ts
d are the

diffuse transmittances from the sea surface to the sensor and from the sun to the sea surface,
respectively. The upward and downward gaseous transmittance tv

g and ts
g is divided into

transmittance by ozone (tv(s)
oz ) and water vapor (tv(s)

wv ) as follows:

tv(s)
g (λ) = tv(s)

oz (λ) tv(s)
wv (λ), (2)

From Equation (1), the Rayleigh reflectance can be precisely (<1% error) computed
by radiative transfer simulations for given geometric angles, air pressure, and wind speed.
The ρam for VIS wavelengths can be estimated from that for the two NIR bands (i.e., 745 and
865 nm) [28] based on the black-pixel assumption [36]. For gaseous absorption, tv(s)

oz can be
estimated based on the Beer–Lambert Law. The water vapor transmittance (tv(s)

wv ), which
is discussed in detail below, was described by Lee et al. [34]. The transmittance model
was established through linear regression using radiative transfer simulation data [37]
based on an assumed single water vapor vertical profile [38]. Simulation data were gen-
erated for solar zenith angles of 0–80◦, viewing zenith angles of 0–80◦, air pressure of
657.54–1013 mb, and TPW of 0–10 g/cm2. Then, the tv(s)

wv model considering air pressure is
derived as follows:

twv = ln
(

a0NSCD3 + a1NSCD2 + a2NSCD
)

, (3)

with
ai = b0 + ∑3

j=0 bij ×
( press

1013

)j
(4)

where NSCD is the normalized slant column density, calculated as (TPW/
cos θ

)÷ cN , in
which cN is the normalization value (=57.5877) and press is the atmospheric pressure at sea
level. The values of regression coefficients a and b are listed in Table 1.
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Table 1. Regression coefficients for the estimation of water vapor transmittance [34].

Band
(Wavelength) Coefficient b0 b1 b2 b3

7
(620 nm)

a1 −0.10883 0.15571 −0.07120 0.00984
a2 0.16363 −0.14028 0.00169 0.01588
a3 0.07286 −0.46455 0.40572 −0.10403
a4 −0.00074 0.00121 −0.00062 2.71837

8
(660 nm)

a1 0.45515 −2.36725 2.27751 −0.62727
a2 −1.18466 5.04707 −4.51584 1.18857
a3 1.23797 −4.13265 3.13151 −0.73864
a4 −0.01231 0.01268 −0.00183 2.71741

9
(680 nm)

a1 −0.00710 0.01315 −0.00761 0.00131
a2 0.01882 −0.02768 0.01214 −0.00122
a3 0.00810 −0.08087 0.07458 −0.01982
a4 −0.00025 0.00066 −0.00057 2.71845

10
(709 nm)

a1 −2.31743 3.25378 −1.44822 0.18822
a2 2.79502 −1.88244 −0.59034 0.46462
a3 1.37638 −6.47705 5.51278 −1.40445
a4 −0.02817 0.05269 −0.03369 2.72560

11
(745 nm)

a1 −0.40148 −0.84316 1.42884 −0.47871
a2 −0.11748 3.58159 −4.02118 1.18320
a3 1.36350 −5.09311 4.14129 −1.02827
a4 −0.02499 0.04092 −0.02223 2.72225

12
(865 nm)

a1 −1.25817 1.61226 −0.57056 0.02898
a2 1.35500 −0.46605 −0.85665 0.40739
a3 0.74989 −3.53807 3.05438 −0.78668
a4 −0.02085 0.04073 −0.02682 2.72422

2.2. Data
2.2.1. GOCI-II Data

GOCI-II has two observation modes, full-disk and local area [39]. In full-disk mode,
the hemispherical sphere (latitude, 81.18◦S to 71.21◦N; longitude, 46.92◦E to 150.01◦W) is
divided into 235 slots, and one observation per day is provided for each slot. In local area
mode, 10 daytime hourly images are collected from 8:15 to 17:15 Korea Standard Time (KST)
by dividing the Northeast Asian Sea (2500× 2500 km2 centered at 36◦N, 130◦E) into 12 slots
(Figure 1) [22]. The study area corresponds to slot index 7 (Figure 1, orange shading), which
includes the Korean peninsula, with various ranges of ocean optical characteristics from
24 May to 31 December 2021.

GOCI-II has 12 spectral bands, including 1 near-ultraviolet (UV) band (380 nm), 8 VIS
bands (412, 443, 490, 510, 555, 620, 660, and 680 nm), and 3 NIR bands (709, 745, and 865 nm)
for ocean environmental monitoring (Table 2). Radiances were measured according to six
bands from red to NIR (bands 7–12) that are directly affected by water vapor absorption
in the path of solar radiation. The remaining bands (bands 1–6) are not affected by water
vapor absorption. However, because both NIR channels (745 and 865 nm) are used for
aerosol correction in the GOCI-II atmospheric correction algorithm, water vapor absorption
can affect Rrs for all GOCI-II bands. Therefore, in this study, we used 11 GOCI-II bands
(bands 2–12) to evaluate GOCI-II water vapor absorption correction improvement. The first
spectral band (380 nm) was excluded due to its considerable photo-response nonuniformity.
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Figure 1. The observation area of geostationary ocean color imager (GOCI-II) (left) full-disk and
(right) local area mode. The observation area of each slot (dashed boxes) for local area mode is
overlaid on a background image of the Korean peninsula. Radiosonde observation locations are
indicated by blue “X” symbol. Orange shading indicates the observation area of slot 7.

Table 2. GOCI-II spectral specifications. The number in parentheses means the water vapor trans-
mittance for an air pressure of 1013 mb, total precipitable water (TPW) of 3 g/cm2, and zenith angle
of 30◦.

Band Central Wavelength (nm) Bandwidth (nm) Water Vapor
Absorption

1 380 20 X
2 412 20 X
3 440 20 X
4 490 20 X
5 512 20 X
6 555 20 X
7 620 20 O (0.9961)
8 660 20 O (0.9816)
9 680 10 O (0.9993)
10 709 10 O (0.9635)
11 745 20 O (0.9723)
12 865 40 O (0.9951)

2.2.2. AMI and NCEP TPW Data

The AMI onboard the Geo-Kompsat 2 (GK-2A) satellite has been in operation since
December 2018 [23] in the same geostationary orbit as GOCI-II (128.2◦E). It provides more
than 52 products, including TPW for monitoring land, atmosphere, and ocean environments
over the Asia and Oceania region every 10 min. The 6 km resolution TPW product is
generated by the AMI atmospheric profile (AAP) algorithm using nine infrared (IR) bands
ranging from 6300 to 13,300 nm, with an optimal estimation method based on inversion [40].
GK-2A TPW was validated using 1095 Vaisala RS92 radiosonde observations; the results
showed good accuracy, with a root mean square error (RMSE) of 2.82 mm and correlation
coefficient (R) of 0.98 [31].

NCEP generates numerous atmospheric and land products, including temperature,
wind field, precipitation, and soil moisture data through the global forecast system (GFS),
which couples atmosphere, ocean, land, and sea-ice models to accurately simulate weather
conditions [32]. The forecast data used in this study was generated from GFS v16, in which
the number of vertical layers was increased to 127 and the top layer was extended from
the upper stratosphere to the mesopause. We used hourly 0.25◦ Spatial resolution data
available from NCEP (https://nomads.ncep.noaa.gov/pub/data/nccf/com/gfs/prod/,
accessed on 2 February 2023).

https://nomads.ncep.noaa.gov/pub/data/nccf/com/gfs/prod/
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The GOCI-II AC algorithm uses air pressure, ozone concentration, wind field, and
TPW data provided by NCEP as ancillary input [41]; their temporal and spatial ranges
are the same as those of the GOCI-II data. We also used AMI TPW as a substitute for
NCEP TPW to consider near-real-time and high-resolution water vapor information in gas
absorption correction, and analyze its impact on primary ocean-color products.

Both AMI and NCEP data are spatially interpolated using the bicubic method to
match the spatial resolution of GOCI-II (0.25 km). For AMI TPW data, we used 20 min
of data per hour. For NCEP TPW data, hourly data were used to consider the GOCI-II
slot 7 observation time (27 min per hour).

2.2.3. Rawinsonde Measurements

To evaluate AMI and NCEP TPW data, we used radiosonde observations provided
by the University of Wyoming. These data comprise 13 parameters including atmospheric
pressure, temperature, wind speed, and mixing ratio data for each altitude level every 12 h
(00:00 and 12:00 Zulu time). TPW can be calculated according to the mixing ratio of each
pressure level using Equation (1).

TPW =
1

τg

∫
mx dp, (5)

where τ and g are the density of water and acceleration due to gravity, respectively, and mx
is the mixing ratio at pressure p. TPW data based on radiosonde observations were used
as reference data to assess the accuracy of satellite-based TPW products [40,42]. Because
only a few stations are represented in slot 7, we used data from 15 stations within the
GOCI-II local observation area, which may be downloaded from the Wyoming University
website (http://weather.uwyo.edu/upperair/sounding.html, accessed on 9 June 2022).
The locations of these stations are indicated in Figure 1.

2.3. Methods

To evaluate the quality of ocean-color products Rrs, CDOM, TSS, and CHL according
to TPW products, we validated the AMI and NCEP TPW products, retrieved ocean-color
products, and performed uncertainty analysis. These steps are described in detail in the
following sections.

2.3.1. Validation of AMI and NCEP TPW Products in the GOCI-II Observation Area

To evaluate uncertainties in ocean-color products caused by TPW variability, we
assessed the accuracy of AMI and NCEP TPW data through comparison with radiosonde
observations. We used radiosonde observation data for only 00:00 Zulu time, which is
included in the GOCI-II observation window. Then, we matched 15 radiosonde observation
stations to the nearest pixels of interpolated AMI and NCEP TPW data; finally, 3725 data
were used for validation. Accuracy was evaluated in terms of RMSE, R, and mean absolute
percentage error (MAPE), which are widely utilized to quantify the accuracy of continuous
remotely sensed variables [43]. These metrics are mathematically expressed as follows:

MAPE =
100
n ∑n

i=1

∣∣∣∣ re fi − esti
re fi

∣∣∣∣, (6)

RMSE =

√
∑n

i=1(re fi − esti)
2

n
, (7)

R =
∑n

i=1

(
re fi − re fi

)(
esti − esti

)√
∑n

i=1

(
re fi − re fi

)2√
∑n

i=1
(
esti − esti

)2
, (8)

http://weather.uwyo.edu/upperair/sounding.html
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where n means number of matchups; re fi and esti are ith reference and estimation value,
respectively; and re fi and esti are averages of re fi and esti, respectively.

Among their metrics, MAPE was considered uncertain on AMI and NCEP TPW and
used in uncertainty estimation. The details are described in Section 2.3.3.

2.3.2. Primary Ocean-Color Products

To analyze the sensitivity of the four primary ocean-color products (Rrs, CHL, TSS,
and CDOM) to variation in TPW, the products were generated through G2GS operational
algorithms using AMI and NCEP TPW data as input, and then compared.

To analyze the primary products, we used remote-sensing reflectance (Rrs) instead of
ρwn because it is used more widely for ocean-color algorithms. Rrs is calculated as follows:

Rrs = <
F
π

ρwn, (9)

where < is the bidirectional effect correction function for the Fresnel transmittance at the
air–ocean interface and F is the bidirectional effect correction factor by the scattering phase
function of in-water particles.

The GOCI-II CDOM algorithm estimates absorption coefficients for a blue wavelength,
e.g., 440 nm (adom440). At blue wavelengths, where absorption by CDOM is strong, TSS
and CHL also strongly absorb solar radiation. Thus, the GOCI-II CDOM algorithm uses
the ratio of Rrs at 490 and 555 nm in addition to Rrs at 443 nm. This algorithm is based on
the Yellow Sea Large Marine Ecosystem Ocean-color Work Group (YOC) algorithm [44]
and was modified for GOCI-II [45] as follows:

adom440 = 10a0+a1log10R+a2log10R2
, (10)

R =

(
Rrs(490 nm)

Rrs(555 nm)

)
Rrs(443 nm)0.059, (11)

where, a0,1,2 are coefficients for adom440 retrieval (= −1.23, −2.311, and −2.16, respectively).
The GOCI-II TSS algorithm (Equation (11)) retrieves concentrations of materials sus-

pended at the sea surface using the weighted sum of TSSs estimated by the YOC and
switching algorithms. The switching algorithm uses Rrs at 620 and 709 nm, which were
newly added in GOCI-II. These bands are appropriate for TSS retrieval for turbid water,
but may not be suitable for clear water due to their low signal-to-noise ratios. Therefore,
the YOC algorithm was improved to increase reliability of the algorithm for both low and
high turbidity, as follows:

TSS = (1−ωYOC)TSSSWITCH +ωYOCTSSYOC (12)

where TSSYOC and TSSSWITCH are derived by YOC and switching algorithm, respectively.
The weighting coefficientsωYOC calculated as 7−TSSYOC

7−1 .
The switching algorithm first calculates TSS for low (TSSLOW ) and high turbidity

(TSSHIGH) using Rrs at 620 and 709 nm, respectively (Equations (13) and (14)), con-
sidering saturation effects. Then, both TSSs are combined using a weight (ωLT) that
represents turbidity, which is determined using Rrs at 620 nm (Equation (15)), i.e.,
[0.0245 − Rrs (620 nm)]/[0.0245 − 0.017], as follows:

TSSLOW = l0 + l1Rrs620 + l2Rrs6202 + l3Rrs6203, (13)

TSSHIGH = h0 + h1Rrs709 + h2Rrs7092 + h3Rrs7093, (14)

TSSSWITCH = ωLTTSSLOW + (1−ωLT)TSSHIGH , (15)
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where coefficients l and h are defined as l0,1,2,3 = [1.067 × 103, −8.36 × 104, 5.95 × 106,
−1.88 × 107] and h0,1,2,3 = [3.19 × 101, −1.10 × 103, −7.73 × 103, 9.64 × 106], respectively.
TSSSWITCH is the result of switching algorithm.

The YOC algorithm was based on Siswanto et al. [44] and has a form similar to that of
the CDOM algorithm; it uses Rrs for three bands (490, 555, and 660 nm) and its coefficients
were modified for GOCI-II as follows:

TSSYOC = 10c0+c1(Rrs555+Rrs660)+c2(Rrs490/Rrs555) (16)

where TSSYOC is the result of the YOC algorithm. c0,1,2 are coefficients optimized for
GOCI-II (0.649, 25.623, and −0.646, respectively).

The GOCI-II CHL algorithm estimates the concentration of chlorophyll-a based on
the difference in absorption between its blue and green wavelengths [46,47]. The GOCI-II
CHL algorithm adapts the ocean chlorophyll 4-band (OC4S) algorithm, which includes the
maximum band ratio as follows:

log10CHL = ∑4
i=0 bi

(
log10

(Max(Rrs443, Rrs490, Rrs510)
Rrs555

))i
, (17)

where coefficients b0,1,2,3,4 [0.3272, –2.994, 2.7218, –1.2259, –0.5683] are currently used in the
SeaWiFS CHL algorithm [48].

2.3.3. Uncertainty Analysis

TPW correction affects aerosol reflectance correction by altering the TOA radiance of
two NIR bands (745 and 865 nm). Thus, inaccurate TPW data may cause uncertainty in
all ocean-color products, including Rrs, CDOM, TSS, and CHL. Moreover, a poor under-
standing of this uncertainty can introduce significant errors in subsequent applications
and may influence the inferred conclusions [49]. In this study, we estimated uncertainty
in ocean-color products due to TPW error based on the law of uncertainty propagation
proposed in a previous study [50], as follows:

uOC =

√(
∂OC

∂TPW

)2
u2

TPW (18)

where uOC is the standard uncertainty of ocean-color products, ∂OC
∂TPW

is the sensitivity
coefficient of ocean-color products related to TPW, and uTPW is the uncertainty in TPW,
based on the MAPE of AMI and NCEP TPW evaluated using radiosonde observations.

3. Results
3.1. Validation of NCEP and AMI TPW

Prior to evaluating the uncertainty of ocean-color products associated with TPW error,
we assessed the accuracy of the AMI and NCEP TPW data. Figure 2 presents a scatter
plot of AMI and NCEP TPW data and radiosonde observations, and Figure 3 shows the
trends in RMSE and MAPE of AMI and NCEP TPW over time, and for each station. Both
validation results indicate that the AMI data had a consistently higher accuracy than the
NCEP data in terms of R, RMSE, and MAPE.
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Figure 2. Scatter plot of radiosonde total precipitable water (TPW) observations, and (a) advanced
meteorological imager (AMI) and (b) National Centers for Environmental Prediction (NCEP) TPW
data. Color gradient indicates the number of data points in 0.065 × 0.065 bins. Rel. error refers
to mean absolute percentage error. Solid and dash lines indicate the 1:1 line and regression line,
respectively. “# of point” means the number of data.

Remote Sens. 2023, 15, 2124  9  of  19 
 

 

 

Figure 2. Scatter plot of radiosonde total precipitable water (TPW) observations, and (a) advanced 

meteorological imager (AMI) and (b) National Centers for Environmental Prediction (NCEP) TPW 

data. Color gradient indicates the number of data points in 0.065 × 0.065 bins. Rel. error refers to 

mean absolute percentage error. Solid and dash lines indicate the 1:1 line and regression line, re-

spectively. “# of point” means the number of data. 

 

Figure 3. Validation results for AMI and NCEP TPW compared to radiosonde observations accord-

ing to (a) month and (b) station identification number. May were excluded due to lack of data. 

3.2. Effects of Different TPW Data on Atmospheric Correction 

The strength of water vapor absorption increased in the order 709, 745, 660, 620, 865, 

and 680 nm; however, its inter-band effects in atmospheric correction were complex be-

cause each band affected each other band during both aerosol and turbidity correction. 

This section presents the results of a case analysis to analyze the effects of different TPWs 

on ocean-color products. 

Figure  4  shows  the differences between NCEP  and AMI TPW  (NCEP TPW–AMI 

TPW),  𝜌௥௖, and  𝑅௥௦  at 03:15 UTC on 11 September 2021. The TPW difference ranged from 

Figure 3. Validation results for AMI and NCEP TPW compared to radiosonde observations according
to (a) month and (b) station identification number. May were excluded due to lack of data.

As shown in Figure 2, AMI TPW data had a higher R (0.98) and lower error
(RMSE = 3.65 mm; MAPE = 10.32%) than NCEP TPW (R = 0.85; RMSE = 10.2 mm;
MAPE = 31.57%). This result is consistent with that of a previous study [29]. AMI TPW also
had more stable MAPE over time (8.79–12.0%) than NCEP TPW (16.60–47.45%) (Figure 3a).
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The RMSE of AMI TPW tended to increase slightly during summer (June–August), which
is the rainy season in the Korean peninsula, whereas RMSE of NCEP TPW did not reflect
seasonal patterns.

The MAPEs of AMI and NCEP TPW showed similar patterns among stations; however,
AMI TPW had a significantly lower error than NCEP TPW at all stations (Figure 3b). This
indicates that AMI TPW had a lower error and better represented the spatiotemporal
variability of TPW than NCEP TPW. Therefore, using AMI TPW as input data for the G2GS
AC algorithm would provide more accurate water vapor absorption correction than using
NCEP TPW, leading to improved spatiotemporal consistency in ocean-color products.

3.2. Effects of Different TPW Data on Atmospheric Correction

The strength of water vapor absorption increased in the order 709, 745, 660, 620, 865,
and 680 nm; however, its inter-band effects in atmospheric correction were complex because
each band affected each other band during both aerosol and turbidity correction. This
section presents the results of a case analysis to analyze the effects of different TPWs on
ocean-color products.

Figure 4 shows the differences between NCEP and AMI TPW (NCEP TPW–AMI TPW),
ρrc, and Rrs at 03:15 UTC on 11 September 2021. The TPW difference ranged from –1.26 to
1.53 g/cm2 (Figure 4a). At 745 nm, the difference in ρrc ranged from –0.00082 to 0.00069
(Figure 4b), and that of Rrs at 412 nm ranged from –0.00960 to 0.00878 (Figure 4c) despite
the lack of a water vapor absorption effect in this band. The spatial pattern of the Rrs
difference at 412 nm was similar, but inversely proportional to that of TPW.
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Figure 4. Differences in (a) TPW, (b) Rayleigh-corrected reflectance at 745 nm, and (c) remote sensing
reflectance at 412 nm obtained using different TPW sources (NCEP and AMI) at 03:15 UTC on
11 September 2021. Gray shading indicates masked regions corresponding to land, cloud cover,
and beyond the slot. “T” and “N” represent pixels with positive and negative differences in TPW
(NCEP–AMI) in clear water, respectively, while “P” represents a pixel in turbid water.

This mechanism can be explained in terms of the three reflectances of atmospheric
correction: ρrc, aerosol reflectance and Rrs. Figure 5 shows the atmospheric correction
results for the three reflectance cases obtained using different TPW sources, indicated in
Figure 4a as points N (clear water; TSS = 0.025 g/m3, TPW difference = –0.90 g/cm2),
P (clear water; TSS = 0.007 g/m3, TPW difference = 0.70 g/cm2), and T (turbid water;
TSS = 14.84 g/m3, TPW difference = –0.41 g/cm2). At point N, the slope between two ρrc
values at 745 and 865 nm decreased when NCEP TPW was used (Figure 5a) due to the
black-pixel assumption, which led to an underestimation of the aerosol reflectance towards
shorter wavelengths (7.71%, 7.27%, 6.51%, 6.31%, and 5.31% for 412, 443, 490, 512, and
555 nm, respectively) (Figure 5b). This underestimation of aerosol reflectance caused an
overestimation of Rrs, which exceeded the GOCI-II spectral range under the fixed total
reflectance budget (46.71%, 18.30%, 11.76%, 13.34%, and 13.69% for 412, 443, 490, 12, and
555 nm, respectively) (Figure 5c). By contrast, at point P, the slope between two ρrc values
at 745 and 865 nm increased when NCEP TPW was used, which led to an overestimation
of the aerosol reflectance across the entire spectral range and an underestimation of Rrs
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(Figure 5). As with point N, at point T, the slope between the two ρrc values at 745 and
865 nm decreased due to a negative TPW difference, which induced a smaller increment
of aerosol reflectance toward shorter wavelengths, thereby underestimating the aerosol
reflectance in the VIS bands, although aerosol reflectance at the two NIR bands was high
through the iterative process of separating aerosol and water reflectance in turbid water.
Thus, Rrs was overestimated in the NIR bands and underestimated in the VIS bands.
However, relative differences in the VIS bands (3.30%, 1.88%, 0.97%, 0.86%, and 0.52% for
412, 443, 490, 12, and 555 nm, respectively) were smaller than those for the clear water case
(point N) due to the high VIS Rrs in turbid water.
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Figure 5. Spectral profiles of (left) Rayleigh-corrected reflectance, (center) aerosol reflectance, and
(right) remote sensing reflectance for sample pixels (a–c) N, (d–f) P, and (g–i) T, which are indicated
by stars in Figure 4. Solid orange and blue dashed lines are results obtained using AMI and NCEP
TPW data, respectively.

3.3. Effects of Different TPW Sources on Primary Ocean-Color Products

This section presents differences and uncertainty in ocean-color products due to
different TPW data sources. Figure 6 shows an overall comparison of Rrs values calculated
using NCEP and AMI data for 11 GOCI-II bands used in this study. Although all bands
indicate a negligible bias (<0.00005), the points were evenly scattered around the 1:1 line.
This trend was more pronounced at shorter wavelengths due to the aerosol reflectance
estimation from the ρrc of the two NIR bands. The TPW difference produced different
aerosol reflectance estimates and had a more significant effect at shorter wavelengths [51].
For example, in the blue and green bands, which had a center wavelength of 412–555 nm
(Figure 4), MAPEs ranged from 2.97 to 6.43%. The MAPE for Rrs (412 nm) was larger
than the global climate observing system (GCOS) requirement of <5% for blue and green
wavelengths. Therefore, accurate, high-resolution ancillary data are required for climate
research in the ocean-color remote sensing field. The higher MAPE values in the red and
NIR bands (Figure 6) were related to their low magnitude [52].



Remote Sens. 2023, 15, 2124 12 of 19Remote Sens. 2023, 15, 2124  12  of  19 
 

 

 

Figure 6. Scatter plots of remote sensing reflectances for (a) 412, (b) 443, (c) 490, (d) 510, (e) 555, (f) 

620, (g) 660, (h) 680, (i) 709, (j) 745, and (k) 865 nm. Solid and dashed lines in each figure indicate 

the 1:1 and regression lines, respectively. 

 

Figure 7. Same with Figure 6 but for ocean-color product: (a) chlorophyll-a concentration, (b) col-

ored dissolved organic matter, (c) total suspended sediment. 

Figure 6. Scatter plots of remote sensing reflectances for (a) 412, (b) 443, (c) 490, (d) 510, (e) 555,
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the 1:1 and regression lines, respectively.

Comparisons of the other three ocean-color products (CHL, CDOM, and TSS) yielded
similar results to the Rrs comparison, with a low bias and slight scattering of data points
(Figure 7). The MAPE values for CHL, CDOM, and TSS were 3.53%, 6.18%, and 7.71%,
respectively. These results indicate that, unlike Rrs, the TPW difference did not significantly
affect the CHL, CDOM, and TSS ocean-color products, as the required accuracy of CHL
suggested by GCOS is 30%. The band ratio used in this study for the CHL, CDOM, and
TSS retrieval algorithm had only a small effect on aerosol reflectance difference caused by
TPW differences. However, in the morning and evening, when the path was longer, the
water vapor absorption uncertainty caused by TPW differences became more extensive.
Therefore, as shown in Figure 8, the MAPE of three ocean-color products tended to increase
at higher solar zenith angles, such that MAPE at 17:00 KST was more than double that
at noon, increasing from 3.24%, 5.43%, and 6.77% to 6.63%, 13.53%, and 16.14% for CHL,
CDOM, and TSS, respectively. These results imply that inaccurate TPW can represent a
significant error factor in analyzing diurnal ocean variation, which is among the most
critical roles of a geostationary ocean-color sensor, by degrading the temporal stability of
ocean-color products.
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Figure 8. Hourly MAPE of ocean-color products. Blue, orange, and green bars indicate chlorophyll-a,
colored dissolved organic matter, and total suspended sediment, respectively.

Table 3 shows the statistical uncertainties of ocean-color products associated with
NCEP and AMI TPW, estimated using Equation (18). In this analysis, the uncertainty of
NCEP and AMI TPW was set to 1.031 and 3.16 g/cm2 based on the TPW validation results
(Figure 2). These uncertainties show that shorter wavelengths were associated with higher
values in the blue and green channels (412–555 nm). Although the error value for the
NIR region was very low, relative error increased due to the small signal. This finding is
consistent with the previous results of this study. Generally, the NCEP TPW caused an
approximately 3-fold higher uncertainty than the AMI TPW. In particular, NCEP TPW
generated a nonnegligible uncertainty of 13.15% in Rrs at 412 nm. By contrast, AMI TPW
generated less uncertainty than the required accuracy of GCOS of 5% in the blue and
green channels (2.07%, 1.43%, 1.00%, 0.99%, and 0.84% for 412, 443, 490, 512, and 555 nm,
respectively). This indicates that AMI TPW is more suitable for use in GOCI-II atmospheric
correction due to its reliability. For CHL, CDOM, and TSS, acceptable uncertainties were
obtained by both AMI (CHL, 1.10%; CDOM, 0.96%; TSS, 0.81%) and NCEP (CHL, 3.18%;
CDOM, 2.81%; TSS, 2.40%). As briefly mentioned above, this result was related to the band
ratio used by these retrieval algorithms.

Table 3. Comparison of estimated uncertainty values for ocean-color products obtained using
advanced meteorological imager (AMI) and National Centers for Environmental Prediction (NCEP)
TPW data.

Parameter Uncertainty
(AMI)

Uncertainty
(NCEP) Parameter Uncertainty

(AMI)
Uncertainty

(NCEP)

Rrs (412 nm) 0.00016 sr−1

(2.07%)
0.00047 sr−1

(6.18%)
Rrs (680 nm) 4.40 × 10−5 sr−1

(1.71%)
0.00013 sr−1

(5.17%)

Rrs (443 nm) 0.00013 sr−1

(1.43%)
0.00040 sr−1

(4.27%)
Rrs (709 nm) 2.57 × 10−5 sr−1

(2.22%)
8.35 × 10−5 sr−1

(6.75%)
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Table 3. Cont.

Parameter Uncertainty
(AMI)

Uncertainty
(NCEP) Parameter Uncertainty

(AMI)
Uncertainty

(NCEP)

Rrs (490 nm) 0.00010 sr−1

(1.00%)
0.00031 sr−1

(3.00%)
Rrs (745 nm) 1.35 × 10−5 sr−1

(4.18%)
4.08 × 10−5 sr−1

(12.61%)

Rrs (512 nm) 9.71 × 10−5 sr−1

(0.99%)
0.00029 sr−1

(2.99%)
Rrs (865 nm) 8.17 × 10−6 sr−1

(4.81%)
2.47 × 10−5 sr−1

(14.54%)

Rrs (555 nm) 7.41 × 10−5 sr−1

(0.84%)
0.00022 sr−1

(2.52%)
CHL 0.01422 mg/m3

(1.10%)
0.04116 mg/m3

(3.18%)

Rrs (620 nm) 8.33 × 10−5 sr−1

(2.02%)
0.00025 sr−1

(6.14%)
CDOM 0.00065 m−1

(0.96%)
0.00191 m−1

(2.81%)

Rrs (660 nm) 2.28 × 10−5 sr−1

(0.82%)
6.83 × 10−5 sr−1

(2.44%)
TSS 0.01918 g/m3

(0.81%)
0.05721 g/m3

(2.40%)

4. Discussion

In this study, we improved the accuracy of water vapor absorption correction for
GOCI-II by fusing it with GK-2A/AMI data. We also demonstrated its impact on primary
ocean-color products through comparative results. The approach we presented can be
applied when the ocean-color sensor and the meteorological sensor are operated simul-
taneously, as in the case of GK-2 satellites. Thus, we anticipate our approach to apply to
the United States’ next-generation geostationary satellite geosynchronous littoral imaging
and monitoring radiometer through fusion with tropospheric emissions: Monitoring of
Pollution and Geostationary Operational Environmental Satellites and Geostationary Op-
erational Environmental Satellite series. However, it is necessary to develop a new water
vapor transmittance model suitable for specific sensors prior to applying the approach, due
to the high sensitivity of water vapor absorption to the sensor’s spectral response function.

Unlike previous studies, the water vapor transmittance model used in this study
additionally considers the pressure at the sea surface. However, for a robust water vapor
transmittance model, it is necessary to address the variability of water vapor profile, which
is one of the major challenges in water vapor absorption correction. Figure 9 represents the
seasonal variability of water vapor profiles (The data used in this figure were acquired in
2022 at the 15 points shown in Figure 1.) Water vapor profiles exhibit significant temporal
variability, particularly in the lower layer of the atmosphere, which can alter water vapor
transmittance. An increase in water vapor concentration in the lower atmosphere typically
decreases water vapor transmittance due to the effect of multiple scattering. In addition,
the interaction between water vapor and aerosol, changes of spectral response function
by band aging, and non-uniformity of spectral response can also impact water vapor
transmittance. Therefore, these factors might be considered to enhance the water vapor
transmittance model.

While our uncertainty analysis demonstrated that utilizing AMI TPW for GOCI-II
atmospheric correction reduced uncertainty in the examined primary ocean-color prod-
ucts, we did not compare or validate the results using in situ measurements. Therefore,
future studies should verify the accuracy of the approach by conducting validation with a
sufficient number of in situ measurements for various atmospheric conditions.
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5. Summary and Conclusions

Atmospheric water vapor in Northeast Asia exhibits strong temporal and spatial
variability due to seasonal surges of monsoon flow, synoptic-scale pressure systems, and
local circulation along its complex coastline and topography. Therefore, inadequate consid-
eration of TPW can cause significant uncertainties in ocean-color products. Given that the
GK-2 satellite is equipped with both ocean-color and meteorological sensors, we evaluated
the uncertainty of GOCI-II primary ocean-color products using high-resolution AMI TPW
instead of the traditional NCEP TPW data in an atmospheric correction algorithm. We
found that AMI had higher overall consistency (R = 0.98; MAPE = 10.32%) with radiosonde
observations than NCEP (R = 0.85; MAPE = 31.57%; Figure 2). Our validation results
indicated that NCEP data did not fully resolve the strong TPW variability (Section 3.1).

High-resolution TPW data can help reduce Rrs uncertainties compared to traditional
TPW data. In particular, the impact of the AMI TPW data caused a significant difference in
ρrc, particularly at two NIR bands, due to high TPW absorption, which led to variation in
aerosol reflectance at the VIS GOCI-II bands. The change in aerosol reflectance impacted
Rrs in all GOCI-II bands. The relative difference in Rrs was more significant in clear water
than in turbid water. Generally, the overestimation (underestimation) of TPW led to the
underestimation (overestimation) of Rrs. The different TPW sources induced negligible
biases, but caused nonnegligible MAPEs in Rrs at the blue to green bands (412–555 nm),
ranging from 2.97% to 6.43%. Notably, the MAPE at 412 nm was more significant than
the GCOS requirement, such that inaccurate TPW data may yield Rrs data unsuitable for
climate studies, even in the absence of other error sources in atmospheric correction.

Replacing TPW input with AMI improved the accuracy of GOCI-II primary ocean-
color products. Unlike Rrs, CHL, CDOM, and TSS showed nonsignificant overall MAPEs
(3.53%, 6.18%, and 7.71%, respectively) based on different TPW sources, considering that
the GCOS requirement for CHL is 30%. However, because the improved accuracy of
the GOCI-II ocean-color data by AMI TPW depended on the sunlight path length, the
application of AMI TPW for GOCI-II ocean-color retrieval may offer advantages in the
analysis of diurnal variation [52] and long-term data with spatiotemporal consistency [53].

Our uncertainty analysis showed that NCEP TPW induced an approximately 3-fold
higher uncertainty than AMI TPW in primary ocean-color products. NCEP caused a signif-
icant error of 13.15% in Rrs at 412 nm, whereas the AMI TPW caused uncertainties within
5% in the blue to green bands (2.07%, 1.43%, 1.00%, 0.99%, and 0.84% for 412, 443, 490, 512,
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and 555 nm, respectively). Both AMI and NCEP TPW generated acceptable uncertainties
for CHL, CDOM, and TSS; however, AMI induced a lower uncertainty than NCEP.

Given the strong variability of water vapor, we demonstrated the possibility of improv-
ing the accuracy of data on ocean color by fusing satellite TPW data obtained in the same
geostationary orbit. In addition, the effects of other trace gases (e.g., ozone and nitrogen
dioxide) on GOCI-II primary ocean-color products should be analyzed using GEMS trace
gas products. More realistic considerations of atmospheric gas through a combination
of UV, VIS, and IR measurements from various satellites will significantly improve the
accuracy of data on ocean color.
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Abbreviations and Symbols

AC Atmospheric correction
AMI Advanced meteorological imager
CDOM Colored dissolved organic matter
CHL Chlorophyll-a concentration
g Acceleration due to gravity
G2GS GOCI-II ground segment
GCOS Global climate observing system
GEMS Geostationary environmental monitor spectrometer
GFS Global forecast system
GK-2 Geo-Kompsat-2
GOCI Geostationary ocean-color imager
GOCI-II Second geostationary ocean-color imager
IR Infra-red
KST Korea standard time
MAPE Mean absolute percentage error
mx Mixing ratio at specific pressure
NCEP National Centers for Environmental Prediction
NIR Near-infrared
OC4S algorithm Ocean chlorophyll 4-band algorithm
RMSE Root mean square error

http://www.nosc.go.kr
https://nmsc.kma.go.kr
https://www.nco.ncep.noaa.gov/pmb/products/gfs/
https://weather.uwyo.edu/upperair/sounding.html
https://weather.uwyo.edu/upperair/sounding.html
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SeaWiFS Sea-viewing wide field-of-view sensor
TOA Top-of-atmosphere
TPW Total precipitable water
TSS Total suspended sediment
UTC Universal time coordinated
UV Ultraviolet
VIS Visible
YOC Yellow Sea Large Marine Ecosystem Ocean-color Work Group
τ The density of water
Rrs Remote sensing reflectance
ρwn Water reflectance at the sea surface
ρTOA TOA reflectance
ρr Rayleigh reflectance in the absence of aerosols and gaseous absorption
ρam Aerosol multiple-scattering reflectance in the presence of

air molecules without gaseous absorption
tv
d Diffuse transmittances from the sea surface to the sensor

ts
d Diffuse transmittances from the sun to the sea surface

tv
g The upward gaseous transmittance

ts
g The downward gaseous transmittance

tv(s)
oz The upward (downward) transmittance by ozone

tv(s)
wv The upward (downward) transmittance by water vapor

NSCD Normalized slant column density
press The atmospheric pressure at sea level
R Correlation coefficient
re fi i-th reference value
esti i-th estimation value
< Bidirectional effect correction function for the Fresnel transmittance

at the air–ocean interface
F The light scattering direction of in-water particles
TSSYOC Total suspended sediments derived by YOC algorithm
TSSSWITCH Total suspended sediments derived by switching algorithm
TSSLOW Total suspended solids for low turbidity
TSSHIGH Total suspended solids for high turbidity
uOC Standard uncertainty of ocean-color products
∂OC

∂TPW
Sensitivity coefficient of ocean-color products related to TPW

uTPW Uncertainty in TPW data
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