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Long-term continuous monitoring of the diffuse attenuation 
coefficient at 490 nm from global oceans using combined 
SeaWiFS and MODISA data
Jingfan Lia, Jun Chena and Wenting Quanb

aKey Laboratory of Physical Electronics and Devices, Ministry of Education, Faculty of Electronic and 
Information Engineering, Xi’an Jiaotong University, Xi’an, China; bShaanxi Meteorological Service Center of 
Agricultural Remote Sensing and Economic Crop, Xi’an, China

ABSTRACT
To enhance the long-term monitoring ability of multi-sourced 
remote sensing data, we needed to minimize the inter-mission 
biases between the data retrieved from different satellites. We 
evaluated three existing diffuse attenuation coefficients at 490 nm 
(Kd(490)) using nine independent datasets collected from the global 
oceans. The results indicate that the updated neural network-based 
four-band Kd(490) retrieval model (updated-NFKM) decreased the 
uncertainty by > 4% from the NASA official Kd(490) retrieval model 
(NOKM) and the inherent optical properties-based Kd(490) retrieval 
model (IOPK). Specifically, matchup analysis showed that the 
updated-NFKM model produced < 40% uncertainty in deriving 
Kd(490) from MODISA and SeaWiFS data, and the uncertainty of 
SeaWiFS-predicted Kd(490) was ~ 5% lower than the MODISA-pre
dicted Kd(490). Using the updated-NFKM model, >80% of the global 
ocean had an uncertainty for Kd(490) estimates that were lower 
than 30%, while the model performed much better for the Western 
Pacific, Arctic Ocean, and Northern Atlantic compared to the 
Eastern Pacific, South Ocean, and Southern Atlantic. To enable a 
naturally smooth transition from SeaWiFS to MODISA-observed Kd 
(490) products, it was critical to cross-calibrate the inter-mission 
difference. The results show that using the cross-calibration models 
proposed in this study, the MODISA-predicted Kd(490) accounted 
for > 86% of the variations of SeaWiFS-predicted Kd(490), even 
though the empirical coefficients of the cross-calibration model 
had to be adjusted according to the time scales of the composite 
remote sensing data. Finally, we used the cross-calibration model to 
minimize the time series of SeaWiFS and MODISA-predicted Kd(490) 
data. Our results indicate that the Kd(490) values gradually 
increased in the low-latitude regions during past two decades.
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1. Introduction

Managing marine resources requires systematically evaluating water properties. Water 
clarity is a common indicator of water quality and can be denoted by the diffuse 

CONTACT Jun Chen chenjun@xjtu.edu.cn Key Laboratory of Physical Electronics and Devices, Ministry of 
Education, Faculty of Electronic and Information Engineering, Xi’an Jiaotong University, No. 28, Xianning Road, Xi’an 
710049, China

INTERNATIONAL JOURNAL OF REMOTE SENSING 
2024, VOL. 45, NO. 5, 1539–1555 
https://doi.org/10.1080/01431161.2024.2314004

© 2024 Informa UK Limited, trading as Taylor & Francis Group 

http://www.tandfonline.com
https://crossmark.crossref.org/dialog/?doi=10.1080/01431161.2024.2314004&domain=pdf&date_stamp=2024-02-13


attenuation coefficient for downwelling irradiance (Zhao et al. 2013). This index retrieves 
the photosynthetically active radiation at various depths critical to marine organisms such 
as phytoplankton, coral, and sea grass communities (Masini et al. 1995; Pedersen, 
Gallegos, and Nielsen 2012; Saulquin et al. 2013). Although capable of providing accurate 
measurements, using traditional ship-based monitoring of water properties is costly and 
time consuming, and thus the limited data gathered at sea is highly temporally and 
spatially variable (Gordon 2019). Conversely, advances in ocean colour satellite technol
ogy have opened new opportunities for understanding biogeochemical and physical 
processes in marine ecosystems at high spatial and temporal scales (Clavano, Boss, and 
Lee 2007). Satellite observations of the diffuse attenuation coefficient at 490 nm, Kd(490) 
effectively provides large-scale views of Kd(490) at high spatial and temporal resolutions 
(Xing et al. 2020), and large-scale surface features such as Kd(490) can now be synoptically 
mapped for global oceanic and coastal waters (Huang and Yao 2017).

Since the launch of the Coastal Zone Color Scanner (CZCS) in 1978, the ocean colour 
community has been able to provide global maps of Kd(490) at improved spatial and 
temporal resolutions compared to field measurements (Barale 1987). More recently, the 
launch of the Sea-viewing Wide Field-of-view Sensor (SeaWiFS) on 18 September 1997 
allowed the global ocean colour dataset to be available in near-real time (Mueller and 
Trees 1997). SeaWiFS was on a sun-synchronous satellite with a 2801 km swath width, 
providing 2-day coverage of the global ocean with a nadir resolution of ~1 km per pixel 
(Mueller and Fargion 2002). Shortly after SeaWiFS was launched, the Moderate Resolution 
Imaging Spectroradiometer broad on Aqua satellite (MODISA) was launched by NASA in 
2002. MODISA provides 1-day coverage of global oceanic and coastal waters with a nadir 
resolution of ~1 km per pixel. Using both datasets, oceanographers can understand daily 
to decadal changes in optical water properties such as Kd(490) over basin or global scales. 
However, for a particular region, especially coastal zones, the accuracy of long-term trends 
is often unknown due to the fact that different ocean colour data derived from the 
different satellites have different uncertainties (Chen et al. 2020; Mélin et al. 2016).

Over the past several decades, there have been many attempts at merging the global 
or regional time series of the optical parameters from the two different satellite sensors 
(Chen et al. 2020; Mélin 2016; Sathyendranath et al. 2019). Despite being a well-calibrated 
and stable sensor (Aiken et al. 1995; Dall’olmo et al. 2005), the SeaWiFS mission was 
terminated on December 2010 because the mission exceeded its life design. By compar
ison, there is a general perception that MODISA data are lower quality because of several 
reported artefacts in sensor design (Meister et al. 2012). However, the MODISA mission is 
expected to continue into the future to provide the bridge to the defunct SeaWiFS 
mission. Having MODISA linked to SeaWiFS enhances the long-term monitoring of optical 
parameters from global oceanic and coastal waters.

To enable a naturally smooth transition from the SeaWiFS to MODISA mission, the 
biases between these two sensors need to be assessed. The objectives of our study are as 
follows: (1) to evaluate and compare the accuracy of the NASA official Kd(490) retrieval 
model (NOKM) proposed by Mueller (2000), the inherent optical properties-based Kd(490) 
retrieval model (IOPK) proposed by Lee et al. (2013), and the updated neural network- 
based four-band Kd(490) retrieval model (updated-NFKM) proposed by Chen et al. (2015) 
in deriving Kd(490) from global oceanic and coastal waters; (2) to evaluate the differences 
between the MODISA- and SeaWiFS- derived Kd(490); (3) to cross-calibrate the Kd(490) 
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products from MODISA with the SeaWiFS Kd(490) products; (4) to evaluate the uncertain
ties of the MODISA and SeaWiFS sensors’ combined Kd(490) products using field-mea
sured and satellite-observed results; and (5) to understand the monthly trends of Kd(490) 
from 1997 to 2014 for the global oceans.

2. Data and methods

2.1. Data used

To evaluate the accuracy of the SeaWiFS and MODISA predicted Kd(490), we collected nine 
independent datasets (Figure 1). The NASA SeaWiFS Project created a large global 
evaluation dataset consisting of field-measured remote sensing reflectance (Rrs(λ)) at 
SeaWiFS and MODISA wavelengths and Kd(490) measured using the approach proposed 
by Mueller et al. (2003). The NASA dataset is known as the SeaBASS dataset (SeaBASS) 
(NOMAD dataset, n = 2189) (Werdel, Bailey, and Werdell 2005). We also used 140 data 
points from the Yellow and East China Seas from 2003, 104 data points from the East 
China Sea from 2008 to 2012, 139 data points from the Bohai Sea from 2005, 21 data 
points from Ariake Bay from 2008 to 2010, 17 data points from Chesapeake Bay from 2009, 
and 1000 data points from IOCCG reports (IOCCG dataset) (IOCCG 2006). These datasets 
represent the typical optical properties from global oceanic and coastal waters. To 
evaluate the accuracy of the satellite-predicted Kd(490) products, we obtained synchro
nous pairs (340 samples from the MODISA sensor and 514 samples from the SeaWiFS 
sensor) consisting of satellite-observed Rrs(λ) and field-measured Kd(490) from SeaBASS 
and Chinese eastern coastal zones, respectively. To initialize and assess the cross-calibra
tion model for the SeaWiFS- and MODISA- predicted Kd(490) products, we obtained 695 
synchronized pairs of SeaWiFS- and MODISA- observed remote sensing reflectance from 
SeaBASS.

Figure 1. Spatial distribution of field measurements.
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2.2. Updating the NFKM Model

Lee et al. (2013) suggested that the Raman factor, RF, could be defined as: 

RF λð Þ ¼ α λð Þ
RT 443ð Þ

RT 555ð Þ

� �

þ β λð Þ RT 555ð Þ
� �γ λð Þ

(1) 

where RT denotes the remote sensing reflectance containing the Raman-scattering con
tributions; α, β, and γ refer to the corrective factors for the Raman-scattering effects, which 
are found in Lee et al. (2013). For any given RT(λ) from satellite observations or field 
measurements, remote sensing reflectance, Rrs(λ), corrected for the Raman effect, is 
determined as (Z. Lee et al. 2013): 

Rrs λð Þ ¼
RT λð Þ

1þ RF λð Þ
(2) 

Due to the fact that satellites and many other sensors measure the remote sensing 
reflectance above the water surface, we need to convert the above-surface remote 
sensing reflectance spectral Rrs(λ) into the below-surface spectral rrs(λ) (Z. P. Lee, Carder, 
and Arnone 2002; Mobley 1994): 

rrs λð Þ ¼
Rrs λð Þ

0:52þ 1:7Rrs λð Þ
(3) 

Remote sensing of the diffuse attenuation coefficient is based on the relationship 
between rrs(λ) and the inherent optical properties, namely the ratio of the total back
scattering coefficient to the absorption coefficient s(λ) (Gordon 2019): 

s λð Þ ¼
s λð Þ

1þ s λð Þ
l0 þ l1

s λð Þ
1þ s λð Þ

� �

(4) 

where l0 and l1 are empirical coefficients, which are found in Lee et al. (2013). Furthermore, 
we adapt the outputs of the NFKM model used in Chen et al. (2015) to logarithmic values 
of s(λ) (denoted as η(λ)) so that the concept the updated-NFKM model becomes (Chen et 
al. 2015): 

Kd 490ð Þ ¼ GN η 443ð Þ; η 488ð Þ; η 555ð Þ; η 667ð Þ½ � (5) 

where GN is a neural network function composed of one hidden layer, as shown in 
Figure 2.

2.3. Statistical evaluation

In this study, we used the root-mean-square of the ratio of the modelled-to-measured 
values to assess the accuracy of the atmospheric correction. This statistic is referred to as 
the MRE and is described by the following equation: 

REi ¼
xobs;i � x m oid

xobs;i
� 100% (6) 
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MRE ¼

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn

i¼1

RE2
i

s

� 100% (7) 

where REi is the relative uncertainty of the ith observation. xmod,i is the modelled value of 
the ith element. xobs,i is the observed value of the ith element, and n is the number of 
elements.

3. Results

3.1. Evaluating the NOKM, IOPK, and updated-NFKM models

The NOKM, IOPK, and updated-NFKM models have been described in detail in the following 
references (Chen et al. 2015; Z. Lee et al. 2013; Mueller and Trees 1997).: The NOKM and IOPK 
models use global algorithms that have been initialized using global datasets, including the 
NOMAD and IOCCG datasets (Z. Lee et al. 2013; Mueller and Trees 1997). Much of the 
literature (Mueller et al. 2003; Saulquin et al. 2013; Zhang et al. 2006) proved that the NOKM 
and IOPK models are robust for most global oceanic waters and some turbid coastal waters 
so we did not adjust the coefficients of these models according to the bio-optical datasets. 
Because there were some adjustments to the inputs of the updated-NFKM model, we 
retrained the structure and weights with the NOMAD and IOCCG datasets. We used the 
procedure reported in Chen et al. (2015) to train the weights of the updated-NFKM model. 
We based the models’ evaluation on a comparison of the Kd(490) predicted by these models 
with the Kd(490) measured analytically for six independent datasets (Figure 1).

Figure 2. Basic architecture of the updated-NFKM model proposed by Chen et al. (2015), where i and j 
were 0 and 67, respectively, for the MODISA sensor, and were 5 and 70, respectively, for the SeaWiFS 
sensor.

INTERNATIONAL JOURNAL OF REMOTE SENSING 1543



Figure 3 shows how well the NOKM, IOPK, and updated-NFKM models derived Kd(490) 
from our datasets. We found that the MRE of the NOKM Kd(490) prediction was 24.67% for 
Kd(490)<0.3 m−1 (n = 2660). When we extrapolated the NOKM model prediction for Kd 

(490)>0.3 m−1 (n = 950), the MRE increased to 51.87%. When we applied the NOKM model 
to all the data, the NOKM model predicted Kd(490) with 33.94% MRE. Fortunately, Kd(490) 
derived with the IOPK model produced better statistical results than the NOKM model. 
Particularly, the slope of the linear relationship between the field-measured and model- 
derived Kd(490) was 0.99, and the corresponding coefficient of determination (R2) and 
MRE were 0.81 and 25.57%, respectively. Judging by determination coefficient, the IOPK 
model could account for 81% of the variation of the Kd(490). However, the IOPK model 
performed poorly at the low and high values of Kd(490). For example, when we applied 
the IOPK model to a subsample of 33 pairs for measured Kd(490)<0.021 m−1, the model 
predicted Kd(490) with 55.04% MRE, and when we applied the model to the range 
Kd(490)>1.0 m−1, the model became unstable and many points in the field-measured vs. 
model-derived Kd(490) scatterplot dispersed were far from the ‘one-to-one’ line.

By comparison, the updated-NFKM model performed better than the NOKM and IOPK 
models. When we applied the updated-NFKM model to all the data, the model predicted 
Kd(490) with 21.65% MRE, which was 3.92% and 12.29% lower than the MREs of the IOPK 
and NOKM models, respectively. The superiority of the updated-NFKM model was very 
pronounced at high Kd(490). For example, when we applied updated-NFKM to 
Kd(490)>1.0 m−1, most of the points of the field-measured vs. model-derived Kd(490) 
scatterplot were around the ‘one-to-one’ line. The slope of the linear relationship between 
field-measured and model-predicted Kd(490) was 1.01, and the corresponding R2 was 0.93, 
meaning that the updated-NFKM model accounted for 93% of the variation of Kd(490), 
which was 12% and 38% higher than the IOPK and NOKM models’ R2, respectively. These 
findings imply that, although the IOPK and updated-NFKM models can predict Kd(490) for 
global oceanic and coastal waters, the updated-NFKM model’s estimates would be more 
accurate than the IOPK model’s estimates.

It is noteworthy that the updated-NFKM model could not produce highly accurate 
results (MRE = 42.71%, n = 33) for measured Kd(490)<0.021 m−1, even though the model is 
much more accurate than the NOKM and IOPK models. As a matter of fact, for extremely 
clear water, the strong absorption by the water and weak backscattering by the optically 
active constituents greatly reduce the magnitude of the recorded signal at visible 

Figure 3. Scatterplots comparing Kd(490): (a) NOKM model, (b) IOKM model, and (c) updated-NFKM 
model whose architecture had two hidden layers that had 10 × 12 neurons.
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wavelengths thereby reducing the signal-to-noise ratio and enhancing the effect of the 
inherent noise in the record (Chen et al. 2014), all of which can impact the model’s 
outputs. Consequently, it is at least equally likely that the poor predictions of the 
updated-NFKM and IOPK models for low Kd(490) results from extremely large amounts 
of noise in Kd(490) and the remote sensing reflectance derived from radiometric measure
ments near the sea surface for extremely clear water.

3.2. Evaluating the MODISA and SeaWiFS -derived Kd(490) products

For ocean colour remote sensing, the atmosphere makes up ~ 90% of the received signal and 
must be accurately modelled and removed (He et al. 2018). In this study, we used the NASA 
official atmospheric correction method (Gordon 2019) to minimize atmospheric effects on the 
water-leaving signals. We used Bailey and Werdell’s procedure (2006) to generate synchro
nous pairs of two different satellite-derived remote sensing reflectance signals used to predict 
Kd(490). Due to the superiority of the updated-NFKM model over the NOKM and IOPK models 
in deriving Kd(490) (Chen et al. 2015), we only discuss the updated-NFKM model-based 
satellite Kd(490) products. We fed the synchronized satellite-observed Rrs(λ) and Kd(490) 
data collected from SeaBASS and the eastern China coastal zones into the updated-NFKM 
model to generate the Kd(490) products, and we evaluated the accuracy of the satellite- 
derived Kd(490) by comparing the field-observed Kd(490) with the satellite-retrieved Kd(490).

Figure 4 shows how well the updated-NFKM model derived Kd(490) from the MODISA and 
SeaWiFS satellite-observed remote sensing reflectance after atmospheric correction (Gordon  
2019; Gordon and Voss 1999), and we deemed that the updated-NFKM model was acceptably 
accurate in deriving Kd(490) from the global oceanic and coastal waters. The slopes of the 
linear relationships between the field-measured and satellite-predicted Kd(490) were 1.03 to 
1.19, while the corresponding R2s were > 0.84 so that using updated-NFKM model, the 
SeaWiFS and/or MODISA satellite-detected signals accounted for > 84% of the variation of 
Kd(490). Furthermore, the SeaWiFS satellite-predicted Kd(490) was more accurate than the 
Kd(490) retrieved from the MODISA satellite data. Using SeaWiFS satellite data decreased the 
MRE by 5.35% over the MODISA satellite data. These results could be because the SeaWiFS 
sensor was a well-calibrated and stable sensor, and the MODISA data were of lower quality 
due to several artefacts reported in the sensor’s design (Zhang et al. 2006).

3.3. Global view of the uncertainty of the updated-NFKM-derived Kd(490)

We present the characteristics of the spatial distribution of the Kd(490) retrieval uncer
tainty to demonstrate how well the updated-NFKM model quantifies Kd(490), which was 
calculated by comparing the satellite-derived Kd(490) values with field-measured Kd(490) 
values. Finally, we used spline interpolation to map the global spatial distribution of the 
uncertainty using the discrete points of our nine independent datasets. Figure 5 shows 
the RE of the derived Kd(490) using the updated-NFKM model. The updated-NFKM model 
overestimated Kd(490) for the open oceans, and the model underestimated, the 
Kd(490 around the continental shelves. By comparison, the updated-NFKM model did 
well in deriving the Kd(490) from the Western Pacific, Arctic Ocean, and the North Atlantic 
to the East Pacific, Southern Ocean, and South Atlantic. Compared to Chen et al. (2015), 
we found that large RE usually occurred around the regions with low Kd(490). Actually, the 
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Figure 4. Scatterplots of the Kd(490) estimates using the updated-NFKM model from (a) SeaWiFS and 
(b) MODISA data versus the synchronized field-measured Kd(490).

Figure 5. The RE of the updated-NFKM model when deriving Kd(490).
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water masses in the open oceans are usually much clearer than those around the coastal 
zones. The lower magnitudes of the remote sensing reflectance also means that the 
model is more susceptible to the effects of inherent noises.

Figure 5 also indicates that more than 40% of the global ocean had an absolute relative 
Kd(490) error well under 10%, and more than 80% of the global ocean had an absolute RE 
value lower than 30%. These results imply that the updated-NFKM model can accurately 
derive Kd(490) from satellite-observed or field-measured remote sensing reflectance. 
Although the geographic coverage of our dataset was quite wide, it might still not have 
been enough to cover the entire global ocean. For example, there were few available field 
measurements for some South Hemisphere oceans. Therefore, it would not be logically robust 
to discuss the uncertainty of the updated-NFKM model regarding global ranges. However, in 
our present circumstances, there were no available publicly shared datasets more perfect than 
our datasets for determining the spatial distribution characteristics of the updated-NFKM 
model’s retrieval uncertainty. Therefore, even though we were limited by the spatial coverage 
of our datasets, these datasets were still beneficial for improving our understanding about 
how well the updated-NFKM model derives Kd(490) from global oceanic and coastal waters.

3.4. Cross-calibration between MODISA and SeaWiFS data

3.4.1. Daily Kd(490) cross-calibration model
The MODISA and SeaWiFS sensors differed in the way they sampled pixels along- and cross- 
track. A feature simultaneously observed by these sensors is represented by a slightly different 
number of image pixels due to the differences in viewing geometry and sensor scanning times. 
This makes it very difficult to establish sufficient geometric control to compare products on a 
point-by-point basis. To overcome this difficulty, we used the approach proposed by Bailey and 
Werdell (2006) to generate synchronized pairs for match-up analysis. We fed 695 pairs consisting 
of synchronized SeaWiFS- and MODISA- observed remote sensing reflectance collected 
from SeaBASS into the updated-NFKM model to generate the Kd(490) products required for 
our cross-calibration for which we established an empirical cross-calibration model.

Figure 6 compares the daily MODISA-predicted with the SeaWiFS-predicted Kd 

(490). There are differences in the Kd(490) predictions between the two different 

Figure 6. Comparison between the synchronized daily MODISA- and SeaWiFS- predicted Kd(490) for 
the global oceanic and coastal waters.
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satellites. For example, the daily MODISA Kd(490) are slightly larger than the SeaWiFS 
Kd(490) for Kd(490)>0.79 m−1. Because the daily SeaWiFS Kd(490) were more accurate 
than the MODISA-predicted daily products, we used the SeaWiFS product as the 
reference sensor, and then we calibrated the daily MODISA-predicted Kd(490) with 
respect to the SeaWiFS-predicted Kd(490). Finally, we used a power function to 
simulate the relationship between the daily MODISA- and SeaWiFS- predicted Kd 

(490). In Figure 6, we see that the relationship between the daily Kd(490) products 
predicted by the two different sensors could be linked by a power function, whose 
R2 was 0.97, which means that using the daily MODISA-predicted Kd(490) accounted 
for 97% variations of the daily SeaWiFS-predicted Kd(490).

3.4.2. The monthly cross-calibration model
After cross-calibrating the products using our daily cross-calibration model, the 
SeaWiFS-predicted monthly mean Kd(490) values were still systematically lower 
than the MODISA values. To enable a naturally smooth transition from SeaWiFS- 
observed monthly mean Kd(490) products to MODISA monthly products, we still 
needed a monthly cross-calibration model. We collected the monthly mean Kd(490) 
predicted from monthly mean remote sensing reflectance from the MODISA and 
SeaWiFS satellites to establish a monthly cross-calibration model. As we noted 
previously, because of the differences in the viewing geometry and sensor scanning 
times, it was difficult to establish sufficient geometric control to facilitate product 
comparisons on a point-by-point basis. Moreover, the differences in the scanning 
times means that there might have been different weather conditions such as cloud 
cover. However, the effects of differing weather conditions could be considered 
random accidents with equal probability of occurring as the MODISA or SeaWiFS 
sensor passed as long as there were enough observations. If one accepted this 
assumption, the global mean Kd(490) along the same latitude from monthly products 
(latitude-averaged Kd(490)) observed by SeaWiFS might be like the MODISA monthly 
means. As a result, we used the MODISA- and SeaWiFS- predicted latitude-averaged 
Kd(490) pairs to establish our monthly cross-calibration model.

Figure 7 compares the MODISA-predicted with the SeaWiFS-predicted latitude-aver
aged Kd(490) for global oceanic and coastal waters. We found that there were biases 
between the MODISA- and SeaWiFS- predicted latitude-averaged Kd(490) due to the 
differences in the along- and cross- track pixel sampling. Fortunately, the relationship 
between the MODISA- and SeaWiFS- predicted latitude-averaged Kd(490) could be 
described well using an empirical power function, whose R2 was 0.86. That is, the 
MODISA-predicted latitude-averaged Kd(490) accounted for 86% of the variations of 
the SeaWiFS values. However, there were some points far from the curve of the power 
function in Figure 7. These unexpected scatterplot points could have been caused by 
the different weather conditions during different satellite transit times (Bailey and 
Werdell 2006). However, viewed at global scales, the differences between the 
MODISA- and SeaWiFS- predicted latitude-averaged Kd(490) were very stable and 
could be systematically corrected using the empirical power function as shown in 
Figure 7.
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3.5. Global views of the spatial and temporal variations of Kd(490)

We used the updated-NFKM model to derive the climatological monthly mean Kd(490) 
from the monthly mean SeaWiFS- (September 1997 to June 2002) and MODISA- observed 
(July 2002 to July 2014) remote sensing reflectance from September 1997 to July 2014 for 
global oceanic and coastal waters. Then, we calculated the latitude-averaged Kd(490) from 
the MODISA- and SeaWiFS- predicted Kd(490) at global scales. Finally, we used the 
monthly cross-calibration model to smooth the transition from the MODISA- to 
SeaWiFS- predicted latitude-averaged Kd(490). Figure 8 shows the monthly variations of 
Kd(490) along different latitudes from September 1997 to July 2014.

As expected, several features could be found in the map. Kd(490) had strong inter
annual and seasonal variations. This feature is clear in the North and South Hemispheres, 
especially in the higher latitudes of the North Hemisphere (72ºN to 75ºN). For example, Kd 

(490) reached 1.0 m−1 from 1998 to 2001 and then decreased to 0.2 m−1 from 2004 to 
2008. One interesting point was that the annual variation in the northern hemisphere 
seemed in phase with the annual variation in the southern hemisphere. For example, high 
Kd(490) from 1998 to 2002 could also be found in the southern hemisphere. The mechan
isms causing this in-phase change is interesting, but it is beyond the scope of this paper to 
discuss the mechanisms. Furthermore, we see that there were seasonal variations. In low 
latitude oceans (20ºN to 40ºN) and in the northern hemisphere, Kd(490) in summer (July to 
September) were lower than for other seasons (Winter: January to March; Spring: April to 
June; Fall: October to December). As the latitude increased (40ºN to 75ºN), Kd(490) was low 
in winter, and the annual peak of Kd(490) moved from spring to fall. Overall, the spatial 
variation of Kd(490) increased from low latitudes to the high latitudes. This spatial 

Figure 7. Comparison between the MODISA- and SeaWiFS- predicted latitude-averaged Kd(490) for 
the global oceanic and coastal waters.
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variation was opposite to the solar radiation trend, which, in general, decreased from the 
Equator to the poles. As we know, higher Kd(490) traps more solar radiation in the upper 
oceanic layer for the same magnitude radiation intensity (Wu et al. 2007). This fact implies 
that oceans at high latitudes could possess equivalent energy in the surface layer for 
photosynthesis even when the solar intensity is low.

4. Discussion

We demonstrated that the diffuse attenuation coefficient depends on inherent optical 
properties (Aas 1987; Mobley 1994) and on the variations of solar zenith angle (Austin and 
Petzold 1981; Z. P. Lee, Du, and Arnone 2005). As a result, viewing a similar water mass at 
different local times, the model-retrieved Kd(490) values would be different, due to the 
fact that the solar zenith angle varied with the local time. As we known, the designed 
satellite transit local time was 12:20 PM for SeaWiFS but 13:20 PM for MODISA. The 
differences in the satellite transit local times made the solar zenith angles of SeaWiFS 
smaller than MODISA angles, which in turn lead to the MODISA-predicted daily Kd(490) 
being slightly higher than those of SeaWiFS (Z. P. Lee, Du, and Arnone 2005). Fortunately, 
the differences between the MODISA- and SeaWiFS- predicted daily Kd(490) could be 
deemed to be systematic biases, and could be minimized using the daily cross-calibration 
model proposed in this study. Our study indicates that using a daily calibration model 
combined with daily MODISA-predicted Kd(490) could account for 97% variations of the 
daily SeaWiFS-predicted Kd(490) for the global oceanic and coastal waters.

Scale transformation of remote sensing information is not only a difficult point, but also 
a hot topic in studies of remote sensing scale. During both analysis and application of 
remote sensing information, remote sensing information often needs to be transformed 
among different time scales to achieve integration of multi-temporal remote sensing 
information and practical application. Due to the nonlinear properties of the updated- 
NFKM model, the monthly mean Kd(490) was not equal to the results of the updated- 

Figure 8. Along-latitude monthly variations of Kd(490) from September 1997 to July 2014.
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NFKM model derived from the monthly mean remote sensing reflectance. As a result, the 
daily cross-calibration model would be violated in smoothing the transition from the 
MODISA-predicted to the SeaWiFS-predicted monthly mean Kd(490). These findings imply 
that the empirical coefficients of cross-calibration models should be adjusted according to 
the time and spatial scale characteristics of the Kd(490) products. Judging the data quality 
by their spatial continuity and image smoothness as shown in Figure 8, our monthly cross- 
calibration model performed well at changing the MODISA-predicted to the SeaWiFS- 
predicted latitude-averaged Kd(490).

In Figure 8, we see that the highest annual latitude-averaged Kd(490) were around 
75°N in August. At this time, the Arctic Ocean’s sea ice cover was disproportionately 
important to the annual variations of Kd(490) in the high-latitude regions because the 
sea ice provided a physical boundary with gas exchange between the atmosphere 
and ocean and was an ecologically important habitat for the algal community 
(Yamamoto et al. 2014). In general, during spring, most of the Arctic Ocean is 
covered by sea ice, which makes it difficult for the solar irradiance to penetrate 
into the ocean, and the phytoplankton growth becomes light-limited (Hill and 
Zimmerman 2010). As the ocean surface temperature rises during the summer and 
autumn, the sea ice begins to melt and release nutrients required for phytoplankton 
growth (Pirtle-Levy et al. 2009), which results in algal blooms in the late summer and 
early autumn (Serreze, Holland, and Stroeve 2007). In the winter, the ice-free ocean 
shrinks due to the decreasing ocean temperature (Huck et al. 2007), even though the 
nutrient levels are still very high after the autumn algal bloom (Hill and Zimmerman  
2010). However, due to light limitation in autumn, phytoplankton concentrations are 
still extremely low. As we know, Kd(490) is constrained by the concentrations of 
phytoplankton, dissolved yellow substances, and suspended particulate matter. 
Therefore, the spatial and temporal changes of Kd(490) in the Arctic Ocean would 
have been constrained by the changes in the sea ice cover.

Over the past several decades, many reports attributed the intermission difference 
in ocean colour products to satellite measurement uncertainty caused by internal 
factors of sensor performance and data processing procedures (Chen et al. 2020; 
Pahlevan, Sarkar, and Franz 2016; Savtchenko et al. 2004; Zibordi, Mélin, and Berthon  
2012). In general, accepted theory assumed that observed bio-optical properties 
remained unchanged within several hours of observation (Bailey and Werdell 2006), 
so the intermission difference associated with the data processing procedures could 
be removed. However, the optically activity components such as phytoplankton have 
the significant diurnal cycle pattern correlated with the day-night cycle in light and 
nutrients (Suzuki and Johnson 2010), which has been confirmed for several oceanic 
regions such as the western equatorial Pacific (Arata et al. 1996), the equatorial 
Pacific (Neveux et al. 2003), the Bay of Bengal (Prasanth, Vijith, and Vinayachandran  
2023), and the Gulf of Mexico (Arnone et al. 2017). Thus, it is not easy to combine 
the morning and afternoon satellite for long-term application unless we could 
remove the diurnal variation.

Importantly, the Raman factor was mainly developed for removing the Raman-scatter
ing contributions in the open oceans (Z. Lee et al. 2013), which might be violated in the 
turbid coastal waters. Chen et al. (2016) suggested that when the neural network models 
were trained using data including residual errors, it can absorb some impacts of the 
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residual errors for ocean colour estimations. This was to say, the Raman factor might be 
unable to accurately remove Raman-scattering effect in the turbid waters, but it would 
not lead to poor result that the updated-NFKM model was not effective in Kd(490) 
estimation in these waters.

5. Summary

In our study, we discussed the accuracy and consistency of MODISA and SeaWiFS Kd(490) 
estimates, which have been reported very little in the literature. We evaluated the 
accuracies of three existing Kd(490) models run with MODISA and SeaWiFS data using 
field measurements taken from nine different datasets. By comparing our results with in 
situ measurements, using the NOKM model, we found that Kd(490) was slightly over
estimated at exceptionally low values, and were significantly underestimated at high 
values. By comparison, the IOPK and updated-NFKM models were better able to retrieve 
Kd(490) for global oceanic and coastal waters, but the updated-NFKM model was slightly 
more accurate than the NOKM and IOPK models. Using the updated-NFKM model 
decreased the MRE by > 4% compared to the NOKM and IOPK models. We also presented 
a global view of the uncertainty of the updated-NFKM model for estimating Kd(490). The 
results showed that the updated-NFKM model performed better for the Western Pacific, 
Arctic Ocean, and Northern Atlantic compared to the Eastern Pacific, Southern Ocean, and 
South Atlantic.

We quantified Kd(490) from MODISA and SeaWiFS images after performing an atmo
spheric correction using the NASA official standard atmospheric correction. After compar
ing the satellite-predicted to the field-measured Kd(490), we found that the updated- 
NFKM model produced MRE < 40% in deriving Kd(490) from the MODISA and SeaWiFS. By 
comparison, the SeaWiFS satellite-predicted Kd(490) had 5.35% MRE more accurate than 
the MODISA satellite-predicted Kd(490). Moreover, we found that there were some differ
ences between the SeaWiFS- and MODISA- predicted Kd(490). For example, the Kd(490) 
values retrieved from the MODISA data were slightly higher than those retrieved from the 
SeaWiFS data. Using the SeaWiFS sensor as the reference sensor, we minimized the biases 
between the MODISA- and SeaWiFS- predicted Kd(490) using our cross-calibration model. 
However, due to scaling effects of the Kd(490) retrieval model, the empirical coefficients of 
the cross-calibration model changed with time scales of the composite remote sensing 
reflectance. Finally, we applied the updated-NFKM model and cross-calibration model to 
briefly illuminate the monthly variations of Kd(490) from 1997 to 2014 for global oceans. 
The results indicate that the maximum latitude-averaged Kd(490) was at high latitudes 
during August, and the minima were around mid-latitudes during March.
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