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Abstract: Short-term (hours) biological and biogeochemical processes cannot be fully captured by1

the current suite of polar-orbiting satellite ocean color sensors, as their temporal resolution is limited2

to potentially one clear image per day. Geostationary sensors, such as the Geostationary Ocean3

Color Imager (GOCI) from the Republic of Korea, allow the study of these short-term processes4

because their geostationary orbits permit the collection of multiple images throughout each day.5

To assess the capability to detect changes in water properties caused by these processes, however,6

requires an understaning of the uncertainties introduced by the instrument and/or geophysical7

retrieval algorithms. This work presents a study of the variability during the day over a water8

region of low-productivity with the assumption that only small changes in the water properties occur9

during the day over the area of study. The complete GOCI mission data were processed using the10

SeaDAS/l2gen package. Filtering criteria were applied to assure the quality of the data. Relative11

differences with respect to the midday value were calculated for each hourly observation of the day.12

Also, the influence of the solar zenith angle in the retrieval of remote sensing reflectances and derived13

products was analyzed. We determined that the uncertainties in water-leaving “remote-sensing”14

reflectance (Rrs) for the 412, 443, 490, 555, 660 and 680 nm bands on GOCI are 8.05×10−4, 5.49×10−4,15

4.48×10−4, 2.51×10−4, 8.83×10−5, and 1.36×10−4 sr−1, respectively, and 1.09×10−2 mg m−3 for the16

chlorophyll-a concentration (Chl-a), 2.09×10−3 m−1 for the absorption coefficient of chromophoric17

dissolved organic matter at 412 nm (ag(412)), and 3.7 mg m−3 for particulate organic carbon (POC).18

We consider these to be the floor values for detectable changes in the water properties due to biological,19

physical or chemical processes.20

Keywords: Geostationary Ocean Color Imager (GOCI); Ocean Color; Diurnal Dynamics; Diurnal21

Variability; Uncertainties22

1. Introduction23

Ocean waters are highly dynamic due to environmental factors such as heating of the surface ocean24

layer, fluctuation in wind intensity, surface currents, tidal cycles, changes in vertical mixing layers,25

and variation of sunlight radiation. These dynamics can vary on timescales from < 1 hour to a few26

weeks, and current low earth orbit (LEO) assets (e.g. Moderate Resolution Imaging Spectroradiometer27

(MODIS) [1], Visible Infrared Imaging Radiometer Suite (VIIRS) [2]) do not have the temporal resolution28

needed to capture these short term dynamics. These sub-diurnal and multi-day (short term) changes29

affect different marine ecosystem processes and constituent concentrations: ocean primary production,30

carbon stocks, export production, and phytoplankton community composition, among others. Climate31

models and forecasting abilities could benefit from constraining the magnitude and the uncertainty in32

these variables.33

Ocean color sensors in geostationary orbit (GEO) can help to constrain these uncertainties because34

of their sub-diurnal acquisition capability. Republic of Korea’s Geostationary Ocean Color Imager35
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(GOCI), launched in 2010, is the first and only (to date) operational geostationary ocean color sensor [3],36

and it has proven to be capable of detecting sub-diurnal dynamics. Ryu et al. (2011) [4] utilized GOCI37

data to study the temporal variation of coastal waters in Korea. A variety of algorithms have been38

developed that utilize GOCI spectral observations to retrieve water-column constituents, including39

concentrations of the phytoplankton pigment chlorophyll-a (Chl-a) and total suspended material (TSM)40

[5,6]. GOCI data have also been used to determine the diurnal submesoscale variability of turbidity41

fronts [7], internal waves [8], and red ties and green algae [9,10]. The success of GOCI has prompted42

the development of future GEO missions such as GOCI-II, scheduled to be launched in 2019, and43

formulation studies on a European geostationary satellite GEO-OCAPI. NASA has conducted and44

recently concluded pre-formulation studies for the Geostationary Coastal and Air Pollution Events45

(GEO-CAPE) mission. Taken together, GEO missions such as these three have the capability to provide46

quasi-global coverage at low and mid-latitudes [11].47

In order to determine whether sub-diurnal and day-to-day differences in GOCI-derived optical48

and biogeochemical ocean properties are related to real physical, ecological, and biogeochemical49

processes, the levels of uncertainties of GOCI data products must first be assessed. Hence, the primary50

objective of this study is to quantify the inherent uncertainties of GOCI remote sensing reflectances (Rrs)51

and derived products when assessing diurnal variability. First, we processed GOCI data to Rrs over a52

clear water region, which is assumed to express little to no diurnal and day-to-day variability due to53

biology or physical processes. To determine the validity of this assumption, the absence of variability54

from sub-diurnal to multiple day timescales is investigated. We verified that this assumption holds55

true at these timescales for our study region. Next, we estimated GOCI Rrs and derived biogeochemical56

product uncertainties within the region of study using two different approaches: 1) an analysis of daily57

statistics, specifically the daily standard deviation and the percentage coefficient of variation (CV),58

to estimate the deviation from the daily mean of the overall mission, and 2) the relative difference59

with respect to a midday value (R∆t[%]) to estimate the deviation from a midday value by time of the60

day. Also, the effect of the solar zenith angle (SZA) in the retrieval was investigated. Our findings61

suggest that diurnal variability is discernible with GOCI within a certain level of uncertainties and62

that there does not appear to be a considerably negative impact from the sensor-solar geometry in the63

algorithms.64

2. Data and Sensor Characteristics65

This study focused on ocean color data from GOCI over a specific open ocean region within its66

coverage area. GOCI’s specifications and a description of the study area are described in this section.67

2.1. GOCI Data68

GOCI, which was launched on 26 June 2010, monitors the Northeast Asian waters surrounding69

the Korean peninsula, generating eight images per day (from 00:15 Greenwich Mean Time (GMT) to70

07:45 GMT at one hour interval or from 9:15 to 16:45 hrs. local time) with a spatial resolution of 500 m at71

130oE and 36oN. It covers an area of about 2500 km×2500 km. It has eight spectral bands (6 bands in the72

visible: 412, 443, 490, 555, 660 and 680 nm; 2 bands in the near infrared (NIR): 745 and 865 nm). GOCI73

operates in a 2D staring-frame capture mode in a geostationary orbit onboard the Communication74

Ocean and Meteorological Satellite (COMS) of the Republic of Korea. The data acquisition over the75

observational coverage area of GOCI is accomplished with a step-and-stare method that takes 1676

step-by-step slots by the scan of a poiting mirror with a dedicated CMOS detector array (1432× 141577

pixels) [12].78

The images used in this analysis span from the beginning of GOCI’s mission (May 2011)79

until January 2018, resulting in a total of about 20,000 images. The GOCI Level-1B calibrated80

top-of-atmosphere (TOA) radiance data were obtained from the Ocean Biology Distributed Active81

Archive Center (OB.DAAC) at the NASA’s Goddard Space Flight Center, maintained by the Ocean82

Biology Processing Group (OBPG). The OB.DAAC acts as a mirror site for the GOCI data provided by83
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the Korea Ocean Satellite Center of the Korea Institute of Ocean Science and Technology. These data84

are freely available for direct download from the OB.DAAC.85

2.2. Area of Study86

The area of study (Figure 1 blue box) is an area that covers an open-ocean region of oligotrophic87

waters located to the south of Japan, with the boundaries north= 28.4950o, south= 26.0960o,88

west=37.3380o, and east=42.0920o, centered at 27.33o N and 139.71oE. Figure 1 shows the GOCI89

coverage area (red box) for reference. This area of study will be called GCWS (GOCI Clear Water90

Subset) region hereafter. This area is the same area used by [13] for obtaining the vicarious calibration91

gains. The GCWS region is approximately 433× 968 GOCI pixels, equivalent to approximately 100,00092

km2. The reasoning behind the selection of this area of study is the assumption that most of the93

variability in this region during the day will be caused by physical (e.g. solar heating, wind, waves)94

changes and not by biogeochemical processes (e.g. CO2 fixation). In this manner, the variability in the95

GOCI-derived products due to water composition will be minimized, and therefore, the variability96

introduced by sensor radiometric uncertainty (e.g., noise, systematic error), viewing geometry, and97

algorithm can be analyzed. For this region, the range of SZA during the acquisition time varies98

between 0o and 90o through the year, and from approximately 29o to 37o for the sensor (viewing) zenith99

angle. The boundaries of the GCWS region were selected inside the slot located in the lower right100

corner of the L1B image (slot number 13 in [14]) to avoid the Stray-Light-Driven Interslot Radiometric101

Discrepancy (ISRD) at the near-boundary of the interslot areas [14,15]. It has been estimated that the102

stray-light-driven radiometric anomalies could reach up to 20% in some bands, and therefore, the103

potentially affected areas were excluded in this study.104

The area of study is located south of Japan (Figure 1), in the northwestern fringe of the North105

Pacific Subtropical Gyre (NPSG) in a transition region between its western boundary current, i.e.106

the Kuroshio Current, and the subtropical countercurrent (STCC) [16]. The NPSG gyre expands107

or contracts depending on the season following the seasonal strength of the winds and convective108

upper-ocean mixing [17,18], which may lead to seasonal changes in the optical properties of the area109

of study from oligotrophic and mesotrophic conditions. Furthermore, because the study region is at110

the limit of NPSG, it may be affected by different types of physical forcing than the ones affecting111

the gyres. For instance, fronts or winds may induce upwelling, providing nutrients to the euphotic112

zone. Combined with the fact that the nutricline is much shallower in the fringes of the gyre than in113

its interior, this can contribute to a larger phytoplankton growth compared with the gyres. The Chl-a114

concentration in the study region ranges from 0.05 mg m−3 to 0.2 mg m−3 (as described in section 4.1),115

depending on the season, a range comparable to the one reported by [18] with a mean satellite-derived116

Chl-a concentration in the NPSG gyre ranging between 0.07 mg m−3 and 0.11 mg m−3.117

3. Processing Approach118

The analysis of the uncertainties is made over the GOCI-derived Level-2 (L2) products that include119

remote-sensing reflectance, chlorophyll-a concentration (Chl-a), chromophoric dissolved organic matter120

(CDOM) absorption at 412 nm (ag(412)) and particulate organic carbon (POC). After processing the121

data to L2, these data were screened for quality assurance.122

3.1. Conversion to Level 2123

GOCI geolocated and radiometricly calibrated (Level-1B) data (L1B) were processed to Level-2124

biogeophysical products (L2) using the multisensor Level-1 to Level-2 generator (l2gen) version125

9.2.0-V2017.0.3 distributed with the SeaWiFS Data Analysis System (SeaDAS) (http://seadas.gsfc.126

nasa.gov/). The l2gen code reads Level-1B observed top-of-atmosphere (TOA) radiances, applies one127

of the atmospheric correction scheme available, and outputs various products such as radiances or128

reflectances (e.g. spectral remote-sensing reflectance, Rrs(λ)) and derived geophysical parameter (e.g.129
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Figure 1. The study area (GCWS region; blue box) is located over oligotrophic waters to the south of
Japan within the coverage area of GOCI (red box). This area was selected because of the assumption
that the most of the daily variability is caused by physical factors. The GCWS region covers 433× 968
pixels, which is equivalent to 100,000 km2. Figure taken from Concha et al. (2018) [13].

chlorophyll-a concentration). As part of the l2gen processing, each pixel is masked with different flags130

that reflect warnings or errors generated during the processing to assure the quality of the data [19].131

The atmospheric correction scheme applied to this study was the default algorithm for GOCI132

(aer_opt=-2) that uses an estimation of the aerosol contribution described by Gordon & Wang (1994)133

[20], including a near infrared (NIR) iterative correction by Bailey et al. (2010) [21] and a suite of aerosol134

models developed by Ahmad et al (2010) [22] with selection that is dependent on relative humidity135

and the spectral slope observed in two NIR channels. GOCI’s two near infrared (NIR) bands at 745136

and 865 nm were used for the aerosol model selection. This atmospheric correction approach assumes137

a plane-parallel geometry, ignoring earth curvature, for the vector radiative transfer simulations used138

for the computation of the look-up tables of Rayleigh and aerosol reflectance. A vicarious calibration139

specific for GOCI was applied, based on match-ups with MODIS-Aqua over the same GCWS region140

[13].141

3.2. Data screening142

For the analysis of uncertainties described in the next sections, we chose to use a single value143

that represents each L2 product: the filtered mean. To ensure a good quality of the data used for the144

analysis, an exclusion criterion (filtering) that is based on [19] was applied for the calculation of this145

filtered mean (Figure 2), and it is described as follows. In order to avoid the effect of outliers in the146

calculations, the following screening criteria were applied for selecting the pixels within the GCWS147

region to be used for the calculation of the filtered mean:148

(Med− 1.5 ∗ σ) < Xi < (Med + 1.5 ∗ σ) (1)149

where Xi is the ith filtered pixel within the GCWS region, Med is the median value of the unflagged150

pixels, and σ is the standard deviation of the unflagged pixels. Then, the filtered mean was calculated:151

Filtered Mean =

NFP

∑
i

Xi

NFP
(2)152
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where NFP is the Number Filtered Pixels, i.e. the number of unflagged values within Med± 1.5 ∗ σ.153

Note the difference with Equation 4 in [19], in which the mean of the unfiltered data was used instead154

of the median, as in this case. The use of the median value for the calculation of the filtered mean155

minimizes the influence of outliers.156

A coefficient of variation (CV), which is defined as the standard deviation divided by the mean, is157

calculated for the Rrs in the blue and green bands and the aerosol optical thickness at 865 nm product158

derived for each L2 file. Then, the median of all these CV values for each L2 file is recorded (Med[CV]).159

Then, only L2 products with an associated (Med[CV] smaller than 0.25 (25%) were used for the160

uncertainties analysis. Also, to have statistical confidence in the filtered mean value, NFP is required161

to be at least a third of the number of total pixels in the GCWS region (i.e. NFP ≥ NTP/3 = 139, 714)162

for the L2 product to be considered in the analysis. This is equivalent to stating that at least a third of163

the area of the GCWS region has valid pixel values associated with it. Both of these thresholds, the164

minimal valid area and the maximum Med[CV], were determined through a trial-and-error method165

that maximized a tradeoff between sufficiency of data values for statistical robustness and the influence166

of outliers.167

Additionally, we excluded L2 products with solar and sensor zenith of the center pixel that168

exceeded 75o and 60o, respectively, to avoid extreme solar and viewing geometries [19]. However, the169

sensor zenith angle is between 29o and 37o for this study region, and therefore, this criterion did not170

exclude any pixels.171

Select L1B
file to be

processed to L2

Process to L2 using l2gen:
- Extract ROI

- Atmospheric Correction

Exclude flagged pixels

Filtered Mean =

NFP∑

i

Xi

NFP

Med − 1.5 ∗ σ ≤ Xi ≤ Med + 1.5 ∗ σ

Number Filtered Pixels (NFP)

Is NFP > NTP/3?
Number Total Pixels (NTP)

Failed filtering criteria

Solar Zenith < 75o and
Sensor Zenith < 60o?

Median[CV]< 0.25?
If multiple L2 files for
the same time, choose

the best geometry

Passes filtering criteria

Filtered Mean
and Filtered Stan-

dard Deviation

NO

NO

NO

YES

YES

YES

Figure 2. Methodology to calculate the filtered mean and standard deviation for each L2 product
including the exclusion criteria applied to ensure good data quality

3.3. Bio-Optical Algorithms172

In addition to the Rrs products, three more bio-optical algorithms were used to study uncertainties173

in diurnal variabilities using GOCI. Two of them were the default global algorithms found in174

SeaDAS/l2gen, and the third one is a CDOM absorption retrieval algorithm currently under testing.175

3.3.1. Chlorophyll-a Concentration (Chl-a)176

The standard Chl-a product produced by the OBPG blends two algorithms. The maximum band177

ratio algorithm (OCx) relies on empirically derived relationships that statistically relate in situ pigment178
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concentration with field-measured band ratios of Rrs, of blue and green bands [23]. This algorithm is179

updated regularly to include the most recent field measurements. OBPG recently adopted the color180

index (CI) Chl-a algorithm of Hu et al. (2012) [24], a three-band difference algorithm, to compute Chl-a181

within clear waters. OBPG generates a single Chl-a product (as the standard Chl-a product) using182

both OCx and CI algorithms, where CI-derived values are applied when Chl-a < 0.15 mg m−3 and183

OCx when Chl-a is > 0.2 mg m−3. Weighted Chl-a values are computed for the interval between these184

values to assure a smooth transition for the merged data product. The blended algorithm is commonly185

referred to as OCI [24].186

Briefly, the CI algorithm for GOCI has the following form:

CI = Rrs(555)−
[

Rrs(443) +
(555− 443)
(660− 443)

× [Rrs(660)− Rrs(443)]
]

ChlCI = 100.4909+191.6590×CI , CI ≤ −0.0005 sr−1
(3)

and the standard OCx algorithm has the form:

log10(chlor_a) = a0 +
4

∑
i=1

ai

[
log10

(
Rrs(λblue)

Rrs(λgreen)

)]i
(4)

where the coefficients a0, ..., a4 are sensor specific. For GOCI, the bands used for the OC2 version are187

490 and 555 nm and for the OC3 are 443, 490, 555 nm.188

where the coefficients a0, ..., a4 are sensor specific. For GOCI, the 3-band version of OCx (OC3)189

is used, with the 443, 490, 555 nm bands and the coefficients a0 = 0.2515, a1 = −2.3798, a2 = 1.5823,190

a3 = −0.6372 and a4 = −0.5692.191

3.3.2. Particulate Organic Carbon (POC)192

The standard algorithm to retrieve the concentration of particulate organic carbon (POC) is based
on an empirical relationship between in situ POC and blue-to-green band ratios of Rrs [25]. This
algorithm uses the 443 and 555 nm bands for GOCI:

POC = 203.2×
[

Rrs(443)
Rrs(555)

]−1.034

(5)

3.3.3. Chromophoric Dissolved Organic Matter Absorption Coefficient at 412 nm (ag(412)))193

Mannino et al. (2014) [26] developed an algorithm for the retrieval of chromophoric dissolved
organic matter (CDOM) absorption at 412 nm (ag(412))) over water along the northeastern U.S. coast.
This algorithm was initially implemented for SeaWiFS and MODIS Aqua and now it is included in
l2gen as ag_412_mlrc for testing. It is based on field measurements collected throughout the continental
margin of the northeastern U.S. from 2004 to 2011. This algorithm involves a least squares linear
regression of ag(λ)) with multiple Rrs bands within a multiple linear regression (MLR) analysis. The
bands used in this case are the 443 and 555 nm bands. This algorithm takes the following form:

Y = −2.784− 1.146× Ln[Rrs(443)] + 1.008× Ln[Rrs(555)]

ag(412) = eY (6)

4. Results and Discussion194

4.1. Time Series195

The time series of Rrs exhibit an expected seasonality with a recurrent pattern for all years, more196

evident in the blue bands (Figure 3), due to biological processes occurring in the area of study. This is197
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corroborated with the Chl-a, ag(412) and POC products (Figure 4). The Chl-a seasonal signal suggests198

a phytoplankton productivity increase during winter and early spring. The peak of the time series199

in early spring resembles the behavior of the phytoplankton growth occurring in the North Pacific200

Subtropical Gyre (NPSG) [18].201

These time series were created with filtered mean, and for each day there are potentially eight202

values displayed, which represents the diurnal variability and explains the daily spread of the data in203

Figure 3 and Figure 4. Figure 4.(g) shows the SZA for reference. The data from the first part of the204

mission (before 05-15-2011) were collected during the in-orbit test (IOT) period of the mission and were205

not included in the following set of analyses. The histograms for the blue bands at 412 and 443 nm206

(Figure 3.(a,b) exhibit a bimodality due to the seasonal variability of the phytoplankton and possibly207

CDOM. This behavior is reflected in the biogeochemical products (Figure 4.(a-c)). Also, there are more208

valid data points in the summer-fall period than the winter-spring one as one would expect for this209

region due to cloud cover, extreme SZA or atmospheric correction failure.210

4.2. Temporal Homogeneity211

The primary assumption for this work is that the water over the GCWS region remains temporally212

and spatially homogeneous over short periods of time, i.e. the optical properties of the water do not213

change considerably during the daytime nor from day-to-day due to biological or biogeochemical214

processes. Three-day sequences and diurnal statistics were used in order to test this assumption.215

First, one three-day sequence is provided as an example, and then, all three-day sequences are216

used to obtain a quantitative estimation of both the diurnal and the day-to-day variability. Under ideal217

circumstances, if the water is temporally and spatially homogeneous, we would expect that all the218

values during the day are the same and then the value for all days in the three-day sequences are the219

same too, at least within the uncertainty of the satellite sensor calibration and algorithms applied, and220

assuming the atmospheric correction algorithm is properly compensating for changes in solar and221

viewing geometry that influence atmospheric radiant path reflectance, surface reflection/refraction222

effects, and the bidirectional reflectance of the subsurface light field [27].223

Out of the 2500 days for the whole GOCI mission, there are only 96 three-day sequences with224

valid values for the 412, 443, 490 and 555 nm bands and for all times of the days. Note that there is225

not a single three-day sequence with valid values for all bands and all times of the day. Given the226

cloudy nature of the region and the Earth in general, the identification of 96 complete three-day diurnal227

sequences supports the applicability of such observations from geostationary orbit to study ocean228

processes in more dynamic areas.229

As an example, a three-day sequence is shown in Figure 5 (September 1st-3rd, 2015) to present a230

specific case of the diurnal and day-to-day variability for the Rrs(λ) and the Chl-a, ag(412), and POC231

products. The data were grouped by time of the day (color coded). In this particular case, the diurnal232

variability for all products is greater than the day-to-day variability for the individual local times233

for most times. For instance, for Rrs(412), the difference between the maximum and minimum for234

September 1st, 2015 is greater than the difference between maximum and minimum among the three235

days (September 1st-3rd, 2015) for the 9:00 local time, and the same applies for the rest of the times.236

In order to have a quantitative estimation of the diurnal and day-to-day homogeneity for all cases,237

statistics were calculated for all such three-day sequences. We use the percent coefficient of variation238

(CV[%] = 100× SD/mean with SD the standard deviation) to describe the dispersion of the three239

values per sequence and per time of day. Therefore, a CV[%] was calculated for all three-day sequences240

separated by time of day (CV[%]3-day; Figure 6). For instance, for the previous example, a mean and241

SD were calculated from the three 9:00 local times (one for each day), and then the CV[%]3-day was242

recorded. Therefore, we have 96 CV[%]3-day values for the 9:00 local time, 96 for the 10:00 local time,243

and so on. Figure 6 displays the minimum, maximum, mean and SD for all these CV[%]3-day values244

separated by time of day for all products.245
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Figure 3. Time Series and histograms for the GCWS region. The complete GOCI mission was processed
to Level-2 and a filtered mean was calculated for each image over the GCW region. The data are color
coded by time of day in local time. Labels are summer (su), fall (fa), winter (wi) and spring (sp). The
histograms show the total number (N), mean, maximum, minimum, and standard deviation (SD) of
the values that passed the exclusion criteria.
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Figure 4. Time Series and histograms for the (a,b) Chlorophyll-a, (c,d) ag(412) , (e,f) POC products, and
(g) solar zenith angle for the GCWS region. The data are color coded by time of day. The histograms
show the total number (N), mean, maximum, minimum, and standard deviation (SD) of the values
that passed the exclusion criteria. Labels are summer (su), fall (fa), winter (wi) and spring (sp).
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Figure 5. Three-day sequence for (a) Rrs(λ), (b) Chl-a, (c) ag(412), and (d) POC products. Data are
color coded by local time.
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We observed that the mean and SD for CV[%]3-day remain similar for all times of the day, for all246

bands and for most products. Also, the mean for CV[%]3-day is less than 10% for all times of day for all247

products, indicating that the day-to-day variability (at least within the confines of the daytime period248

that GOCI observes) is small. No information is available between the last GOCI observation of the249

day and first observation on the following day to evaluate variability during that time period. Because250

the day-to-day ( daytime) variability is small, we expect the diurnal variability to be small. If that were251

not the case, i.e. a significant diurnal variability occurring, then the day-to-day variability should be252

significant, as well. From the previous analysis, we demonstrated that there is minimal day-to-day and253

diurnal variability, and therefore, the water over the GCWS region is homogeneous in short periods of254

time. However, the region of study also exhibits seasonality, as expected, which is reflected in the time255

series of §4.1.256

Next, diurnal statistics were also used to the test homogeneity. A diurnal mean and standard257

deviation (SDdiurnal) were calculated for each day for the whole GOCI mission and used as a statistical258

metric for diurnal variability. These values were calculated only if three or more values were valid259

per day. Also, the diurnal percentage coefficient of variation (CV[%]diurnal) was calculated from these260

values. Then, the mean of all the diurnal SD values (SDdiurnal) and the median of the percentage261

coefficient of variation (Med[CV[%]diurnal]) were calculated for all the data (all seasons) and for summer262

alone, when the variability due to change in the water properties are minimal (Table 1). The SDdiurnal263

is an indicator of the temporal stability of the selected homogeneous ocean region throughout the day.264

We consider that two times the SDdiurnal values (i.e. 2× SDdiurnal) for summer for the GCWS region265

provides an approximate measure of the minimum Rrs (or derived products) difference required to266

detect diurnal variability (Table 1). When compared with the RMSE from the Rrs matchups between267

GOCI and AERONET-OC data [13], the 2× SDdiurnal values are up to one order of magnitude smaller268

for all bands (412-660 nm). The relatively higher AERONET-OC RMSE values can be attributed to269

in situ measurement uncertainties and the proximity of these sites to land contributing to higher270

uncertainties in the atmospheric correction from more complex aerosol constituents and absorbing271

trace gases (ozone and nitrogen dioxide) and more optically complex water types (i.e., higher sediment,272

biogenic particles, and CDOM) in both time and space. The Med[CV[%]diurnal] of Rrs for the GCWS273

region is less than 5% for the blue and green bands, and for the Chl-a, ag(412) and POC products274

for both all the seasons and only summer. This supports the assumption that the GCWS region is275

spatially and temporally homogeneous over the course of a day or day-to-day. The significantly higher276

Med[CV[%]diurnal] values for the 660 and 680 nm bands are related to the low ocean reflectance signals277

at these red wavelengths in the GCWS.278

Table 1. The diurnal variability was quantized by calculating the diurnal mean and standard deviation
(SD) for each day. The analysis was performed for all the data and for only summer, when there is
the smallest variability in the water properties. Two times the mean of diurnal SD (2× SDdiurnal) for
summer (in bold) is considered the uncertainty associated with GOCI sensor. The root mean squared
error (RMSE) from the AERONET-OC data is shown for reference.

All Seasons Summer AERONET-OC

Product ±2 ·SDdi ur nal
* Med [CV [%]di ur nal ]** N ±2 ·SDdi ur nal

* Med [CV [%]di ur nal ]** N RMSE*

Rr s (412) 1.08×10−3 3.90 1160 8.05×10−4 2.60 403 2.2×10−3

Rr s (443) 7.10×10−4 3.32 1160 5.49×10−4 2.32 403 1.8×10−3

Rr s (490) 5.40×10−4 3.85 1160 4.48×10−4 2.98 403 2.1×10−3

Rr s (555) 2.77×10−4 7.57 1160 2.51×10−4 6.72 403 2.3×10−3

Rr s (660) 9.68×10−5 20.19 1159 8.83×10−5 16.85 403 5.0×10−4

Rr s (680) 1.08×10−4 17.63 1159 1.36×10−4 20.40 403 N/A

Chl-a 1.57×10−2 6.15 1155 1.09×10−2 5.71 401 N/A

ag (412) 2.26×10−3 4.52 1159 2.09×10−3 5.12 402 N/A

POC 4.03 4.91 1159 3.70 5.37 402 N/A
* Rr s in [sr−1], C hl −a in [mg m−3], ag (412) in [m−1], and POC in [mg m−3].
** in [%].
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Figure 6. Diurnal variability in Rrs and biogeochemical derived products in terms of CV[%]3-day for
the 96 three-day diurnal sequences of the GOCI-derived products. Minimum (upper dashed line),
maximum (lower dashed line), mean (solid black line) and standard deviation (SD) (shaded area).
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4.3. Diurnal Differences279

In order to obtain a different estimation of the uncertainties over a day, the relative difference of280

the time of the day, t, with respect to the value at 13:00 hrs (R∆t[%]) was calculated (Table 2; Figure 7).281

The value at 13:00 hrs was chosen as a reference because it reflects the value that NASA heritage sensors282

(SeaWiFS, MODIS-Aqua, VIIRS) would measure with similar acquisition time and solar geometry and283

also because this is the value that should be affected the least by solar geometry (lower solar zenith284

angle). Assuming temporal homogeneity, we would expect minimal deviation from the value at 13:00285

hrs.286

If we define the difference with respect to a reference as ∆t = xt − xreference, then, the relative287

difference for time t is defined as288

R∆t[%] =
∆t

|xreference|
× 100[%] =

xt − xreference
|xreference|

× 100[%] (7)289

where xt is the satellite data at the local time t = 09:00, 10:00, . . . , 16:00 hrs, and in this case, the290

reference is the value at 13:00 hrs, i.e. xreference = X13:00. In order to exclude outliers, only relative291

differences that were within the mean plus 3 times the standard deviation (mean ± 3× SD) were292

included in the analysis. The R∆t[%] is an indicator of uncertainties that are expected depending on293

the time of the day, assuming no changes in the water properties due to biological or biogeochemical294

processes. This analysis was performed for all seasons (all data) and for only summer. Overall, most295

of the mean R∆t[%] are below 10% for all bands except the last two hours for the 660 nm band and296

for most of the times for the 680 nm band (Table 2). The mean R∆t[%] are smaller or close to 5% for297

the 412, 443, 490 and 555 nm bands for all times of the day when all the seasons or only summer are298

considered. For the 660 nm band, the mean R∆t[%] values for the last two times of day are about 20%.299

For the 680 nm band, the mean R∆t[%] values are larger than 10% for all times of the day except the300

values at 11:00, 12:00 and 14:00 hrs, being significantly large for the last time of day (16:00 hrs). For301

the blue bands (412, 443, 490 nm), the mean R∆t[%] is smaller for summer than for all seasons, and302

generally holds for Rrs(555). The standard deviation of R∆t[%] is smaller for only summer than all303

season for most cases. Also, the mean R∆t[%] for Chl-a, POC and ag(412) for all times of the day are304

less than 6% (Table 2; Figure 7).305

4.4. Products versus solar zenith angle306

The variability in Rrs and the Chlor-a, ag(412), and POC products versus SZA by season and time307

of day was investigated to assess the extent to which imperfect atmospheric correction models due308

to elevated SZA factors, such as higher air mass fraction and lower signal, affect the uncertainty in309

diurnal product retrievals. GOCI data from the summer period show the lowest level of variability310

for all hourly observations (Figure 8). Overall, Rrs and other products do not seem to be drastically311

affected negatively by SZA, and no negative or invalid values are recorded at extreme SZA (SZA> 75o).312

This is an indication that the atmospheric correction model seems to adequately account for solar313

geometry effects, even at extreme SZA.314

Summer is fairly uniform with very narrow variability for all products, meaning the water is fairly315

stable in the summer regardless of the SZA because the optical properties are not changing. There is a316

wider range of values for the other seasons, especially in spring due to the higher productivity yielding317

a wide amplitude in Rrs and biogeochemical products (Figure 8). The largest number of valid values is318

from summer, followed by fall, then spring, being the smallest in winter. In spring and fall, there are319

almost twice as many valid values than for winter, and three times for summer. For winter, there are320

more limited observations due to the quality screening criteria excluding data as well as a wider range321

of values at higher SZA. Similarly to Rrs, the derived biogeochemical products demonstrated a wide322

range of values during spring and narrower distribution during summer.323
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Figure 7. Mean of the relative difference R∆t[%] with respect to the value at 13:00 hrs for Rrs(λ) and
(g) Chl-a, (h) POC and (i) ag(412) for all data (blue) and for only Summer (red). The value at 13:00 hrs
was selected as a reference because it resembles the NASA heritage sensor acquisition time and solar
geometry. Error bars represent one standard deviation (SD). The number of observations used for the
statistics annotated above the error bars.
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Figure 8. Filtered mean for Rrs(λ) and biogeochemical products versus solar zenith angle (SZA) for the
GOCI mission from May 2011 to January 2018. Only data that passed the exclusion criteria were used.
All SZA values ((0o < SZA < 90o)) were used. The data are separated by season, and color coded by
time of the day.
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Table 2. The diurnal variability was also assessed with the relative difference R∆t[%] with respect to
the value at 13:00 hrs. The analysis was performed for all the seasons and for only summer, when there
is the smallest variability in the water properties. The mean of the value at 13:00 hrs (X13:00) is shown
for reference.

R∆t [%]: Mean(±SD)
Time of the day (Local Time)

9:00 10:00 11:00 12:00 13:00 14:00 15:00 16:00

Product* X 13:00 All Seasons
Rr s (412) 1.21×10−2 -2.96 (4.68) -0.71 (5.10) 0.12 (3.89) 1.60 (3.94) 0.00 (0.00) -2.12 (4.92) -6.10 (5.24) -5.58 (4.80)
Rr s (443) 9.48×10−3 -2.70 (4.56) -0.71 (4.53) -0.55 (3.49) 0.87 (3.45) 0.00 (0.00) -0.85 (4.50) -3.89 (4.50) -1.77 (5.37)
Rr s (490) 6.39×10−3 -1.52 (5.14) 0.59 (5.04) 0.46 (3.78) 1.46 (3.50) 0.00 (0.00) -1.06 (4.38) -4.50 (4.49) -4.12 (5.85)

Rr s (555) 1.71×10−3 -4.38 (10.45) 0.73 (10.42) 1.22 (7.69) 2.93 (6.68) 0.00 (0.00) -1.85 (8.25) -7.41 (7.85) -5.40 (12.21)
Rr s (660) 2.36×10−4 -9.22 (25.40) 1.18 (28.10) 3.22 (21.60) 7.16 (23.38) 0.00 (0.00) -3.84 (26.11) -19.01 (23.76) -24.29 (29.04)
Rr s (680) 2.64×10−4 18.87 (33.82) 14.65 (32.16) 5.13 (22.67) 3.80 (17.99) 0.00 (0.00) 11.37 (21.67) 24.20 (26.16) 85.11(45.46)

Chl-a 9.40×10−2 0.32 (10.67) 0.71 (10.99) 0.89 (10.88) 0.34 (11.19) 0.00 (0.00) 1.91 (12.39) 3.54 (12.83) 3.28 (13.86)
ag (412) 2.27×10−2 -1.03 (7.19) 1.67 (7.21) 1.42 (6.09) 1.41 (4.97) 0.00 (0.00) -0.10 (5.57) -4.20 (7.36) -2.32 (9.64)

POC 37.30 -1.53 (7.79) 1.57 (7.79) 1.34 (6.45) 1.59 (5.29) 0.00 (0.00) -0.29 (6.08) -4.60 (7.44) -2.53 (10.19)
Summer

Rr s (412) 1.44×10−2 -1.93 (3.58) -0.98 (3.19) -0.53 (3.21) -0.76 (1.75) 0.00 (0.00) -0.07 (2.42) -2.57 (2.92) -3.51 (3.74)
Rr s (443) 1.09×10−2 -1.37 (3.98) -0.17 (3.36) -0.40 (3.26) -1.00 (1.67) 0.00 (0.00) 0.68 (2.46) -1.54 (3.43) -0.72 (5.02)
Rr s (490) 6.94×10−3 0.04 (4.80) 1.78 (4.27) 0.83 (3.73) -0.43 (1.83) 0.00 (0.00) 0.53 (2.69) -2.30 (3.59) -3.12 (5.61)
Rr s (555) 1.74×10−3 0.71 (10.43) 5.62 (9.82) 4.06 (8.69) 0.21 (4.47) 0.00 (0.00) -0.13 (6.07) -5.67 (7.54) -4.61 (11.96)
Rr s (660) 2.55×10−4 -5.20 (21.66) 8.06 (23.45) 4.66 (20.62) -1.02 (14.72) 0.00 (0.00) 1.24 (18.89) -14.38 (21.99) -23.10 (29.26)
Rr s (680) 2.94×10−4 26.06 (33.02) 29.49 (33.63) 12.81 (23.72) 1.34 (12.06) 0.00 (0.00) 9.21 (15.12) 16.49 (20.60) 77.93 (39.36)

Chl-a 6.51×10−2 0.50 (9.51) 2.62 (11.06) 3.13 (11.17) 1.99 (11.14) 0.00 (0.00) 1.89 (12.63) 1.68 (12.68) 1.26 (13.39)
ag (412) 1.88×10−2 1.86 (6.80) 5.53 (7.27) 4.10 (6.32) 1.08 (4.27) 0.00 (0.00) 0.14 (5.44) -3.90 (6.27) -2.88 (9.25)

POC 31.70 1.70 (7.47) 5.54 (7.97) 4.15 (6.76) 0.96 (4.49) 0.00 (0.00) 0.16 (5.62) -4.21 (6.65) -3.10 (9.62)
* Rr s in [sr−1], C hl −a in [mg m−3], ag (412) in [m−1], and POC in [mg m−3].

5. Summary and Conclusions324

This present study provides an estimation of the uncertainties associated with the study of325

diurnal variability using the GOCI instrument over a homogeneous study region. The sources of326

these uncertainties could be from the instrument (e.g. radiometric noise), from the solar and viewing327

geometry (e.g. SZA), or from processing and algorithms.328

Rrs and biogeochemical products (Chl-a, CDOM absorption at 412 nm, and particulate organic329

carbon) were analyzed for nearly the entire GOCI time series (May 2011 to January 2018). An expected330

seasonal cycle was observed through the whole mission for all products (Figure 3; Figure 4). No331

negative values were obtained for the Rrs, which demonstrates that the atmospheric correction and332

vicarious calibration are working properly. This was not the case when the data were analyzed using333

the previous vicarious gains included in SeaDAS. The updated vicarious gains for GOCI by [13]334

improved the results dramatically.335

The temporal and spatial homogeneity of the study area was demonstrated through different336

analyses. This was a first critical step for posteriorly assessing the uncertainties. First, three-day337

sequences were used to quantify day-to-day and diurnal variability. This analysis was performed by338

time of day. Even though an expected significant seasonal pattern can be seenis observed when all the339

data for the region are shown, this analysis demonstrated that the diurnal and day-to-day variability340

on of the products is much lower or very minimal compared to the overall mission whenfor the 96341

three-day sequences are studied compared to the overall mission. It was shown that GOCI Rrs and342

derived products are similar from the first day to the third day (day-to-day) for each time of day for343

all bands with a mean of the percent coefficient of variation for the three-day sequences (CV[%]3-day)344

smaller than 10% for all products and bands and for all times of day (Figure 5 and Figure 6). Second,345

diurnal statistics were used to test homogeneity. The Med[CV[%]diurnal] are small (< 7%) for all346

products except the red bands, indicating a small variability occurring over the day, and therefore347

demonstrating homogeneity (Table 1). These results demonstrate that the region of study is very348

homogenous. They also help to understand the base level of uncertainties over the course of a day,349
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and therefore, that a larger value could be considered a change in water properties associated with350

biological, biogeochemical or physical processes.351

We consider that an approximate measure of the threshold or minimum difference required for352

Rrs (or derived products) to detect diurnal, or day-to-day change in GOCI is considered to be two353

times the mean diurnal SD values (i.e. 2× SDdiurnal) for summer for the GCWS region (Table 1). This354

estimation of variability was determined from summer because in this season there is less variability355

due to change in the water properties (Figure 8). The 2× SDdiurnal for the Rrs retrievals at 412, 443, 490,356

555, 660 and 680 are 8.05× 10−4, 5.49× 10−4, 4.48× 10−4, 2.51× 10−4, 8.83× 10−5, and 1.36× 10−4
357

sr−1, respectively, and 1.09× 10−2 mg m−3 for Chl-a, 2.09× 10−3 m−1 for ag(412), and 3.7 mg m−3
358

for POC. The 2× SDdiurnal values are at least three times smaller for all bands (412-660 nm) when359

compared with the RMSE from the matchups from AERONET-OC data. The RMSE values from360

AERONET-OC are an estimation of the uncertainties for more productive waters and under more361

challenging atmospheric conditions, while 2 × SDdiurnal provide uncertainties levels under more362

constant oceanic atmospheric conditions. Therefore, the changes in water properties retrieved by363

GOCI should at least be greater than 2× SDdiurnal to be considered a change in water properties due364

to biological, physical or biogeochemical processes.365

Overall, the relative difference with respect to the value at 13:00 hrs (R∆t[%]) are less than 10%366

for all products except the Rrs(680), and there is no indication of skewing of the diurnal variability367

due to processing (Table 2; Figure 7). A similar behavior occurs for the other biogeochemical products368

examined, with a relative difference less than 5% for all times of the day. The behavior of the different369

products with respect to the SZA was analyzed in order to determine any trend caused by the370

atmospheric correction and SZA (Figure 8). When the GOCI data versus SZA were analyzed, separated371

by seasons and by time of day, no trend was observed. Summer seems to yield the best data to work372

with for evaluating GOCI in this study area because of the very narrow variability for all products.373

Spring is more variable in the Chl-a levels, as a consequence of phytoplankton production (Figure 8).374

The same behavior can be seen for ag(412) and POC. From these two analyses, it seems that the time of375

day, and therefore the SZA, does not have a significant negative impact on the results that passed the376

filtering criteria, demonstrating that the atmospheric correction algorithm is working adequately, even377

at extreme SZA (SZA> 75o). It is worth pointing out that this holds true only if a proper vicarious378

calibration is applied. Before updating the vicarious gains, low or negative Rrs values were observed379

at extreme SZA.380

We acknowledge the fact that some diurnal variability occurs in the GCWS due to biogeochemical381

or biological processes, and these changes are not included in our analysis. However, we believe that382

this variability is minimal, especially in summer, and the GCWS is homogeneous in time and space383

with no diurnal trend.384

As a general conclusion, the diurnal variability estimates determined in this study provide a385

guide as to the minimum value of diurnal change that must be observed to overcome uncertainties in386

instrument radiometric noise and algorithm processing. Our future work will apply these results to387

estimate changes in diurnal and day-to-day biogeochemical stocks and processes in coastal oceans388

using GOCI.389
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