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Background

• ESA-BICEP project WP 3.4 Dissolved Organic Carbon. 
• Use advanced non-linear statistical tools to elucidate the 

relationship between DOC and its satellite-based proxies.
• Here we concentrate on open sea DOC,

using empirical approach with
multiple satellite products.
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as coloured (or chromophoric) dissolved organic matter (CDOM), has a distinctive 
absorption spectrum that can be used to quantify it using optical tools, including remote 
sensing. (Note that CDOM is also referred to as yellow substances or gelbstoff, because 
of their distinctive colour and absorption spectrum.)  This coloured component is a 
complex mixture of organic compounds of both terrestrial and oceanic origins and 
techniques have been developed to resolved their fractional contributions (Fichot et al. 
2013). But the absorption signature of CDOM is similar to that of particulate detrital 
matter. Hence, most remote-sensing algorithms that deal with CDOM are in fact 
designed to yield a product that combines absorption by CDOM and detritus. The 
remote-sensing product is usually expressed in units of absorption coefficient at a 
specific wavelength, which is, in principle, directly proportional to the concentration of 
the absorbing material. If the calibration necessary to convert absorption to 
concentration in carbon units could be established, it would provide an impetus to the 
use of CDOM-related remote-sensing products by the biogeochemical community.  
 

 
Figure 3.6: Schematic diagram showing the cycle of dissolved organic carbon (DOC) 

in the ocean. 
 

Though global algorithms for detection of DOC are not yet available, regional 
analyses have indicated that CDOM absorption may be linked to concentration of DOC, 
and that therefore DOC may be monitored through remote sensing. For example, 
evidence for this in the Southern Baltic has been provided by Ferrari et al. (1996). 
Bowers et al. (2004) also provided relationships between gelbstoff absorption and 
DOC, but found that, for unknown reasons, the parameters of the model linking the two 
quantities changed from one survey to the next.  Mannino et al. (2008) have presented 
an algorithm for estimating DOC concentrations in the Middle Atlantic Bight. Their 
method involves estimation of absorption coefficient of CDOM from ratios of remote-
sensing reflectance, and then relating this absorption with concentration of DOC.  
Fichot et al. (2011) proposed a method to estimate terrigenous DOC concentration in 
coastal waters from the exponential slope of the absorption coefficient of CDOM in the 
275 ± 295 nm range. Fichot et al. (2013) then applied their method to estimate 
terrigenous DOC in Arctic waters using remote sensing. 
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Data sets used in the analysis
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spatial temporal
Data set resolution coverage citation
Ocean Colour CCI 1/24� 1997–2019 Sathyendranath et al. [2019]
NPP 1/12� 1998–2018 Kulk et al. [2020]
Salinity CCI 1/12� 2010–2019 Boutin et al. [2020]
SST 1/25� 2007–2020 UK Met O�ce [2005]
in-situ 1994–2012 Aurin et al. [2018]
in-situ 1994–2020 Hansell et al. [2021]

Table 1: The data sets used. Except for the in-situ data, we are using monthly
averaged data.

Figure 1: Examples of primary production data and salinity for June 2018.

distance is smaller. Global predictions are done for all available ocean points,
however. For this reason the accuracy near shores is not optimal.

The calibration data is in-situ and point-referenced, but the model is used for
prediction using aggregated monthly inputs. For this reason, we use monthly
versions of ocean colour reflectance in the calibration. Those regressor variables
that were available as in-situ values, i.e. SST, salinity and primary production,
were used as such in the calibration. One possibility would have been to average
the in-situ data to the resolution of the global data sets, but this was not pursued.

Next, we discuss the four model types tested in this study.

2.1 Linear regression
Linear regression is classical way of describing empirical relations between vari-
ables when this relation can be assumed linear. The model tested here is similar
to that by Aurin et al. [2018]. The model with full set of regressors available at
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In-situ DOC data set by Hansel et 
al. 2021
• D. A. Hansell, et al.: Compilation of 

dissolved organic matter (DOM) data 
obtained from the global ocean surveys 
from 1994 to 2020, 2021. 
doi:10.25921/s4f4-ye35

• Merged with interpolated monthly
Ocean Colour data and primary 
production.

• Total of 11200 DOC data points of which 
8796 has OC and other regressor 
values.

4



Different approaches to modelling 
DOC
• Mechanistic/physical models (Hansel 2009, DeVries and Weber 

2017).
• Statistical/empirical models (Mannino 2008, Hansel 2013, Aurin et 

al. 2018).
• Machine learning / AI  (Aurin et al. 2018, Roshan and DeVries

2017).

• All are using more or less hybrid modelling, combining different 
approaches.
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Empirical models for DOC using 
satellite based regressors
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• Linear Regression.
• Neural Network.
• Gradient Boosting.
• Random Forest.

• DOC ~ Rrs_nnn + temp + salt 
+ sqrt(pp) + lat + dts + depth 
+ wclass

Kevin P. Murphy. Machine Learning A Probabilistic Perspective. The MIT Press, 2012.



Linear 
Regression
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• Uses all Rrs
variables, pp, 
salinity, 
temperature, 
latitude and 
distance to shore.

• R² = 53%.



Neural 
Network
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• Shallow net with one 
layer and 64 units.

• Uses water class and 
month as additional 
regressors.

• R²: 80%



Random Forest
Regression
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• Best results for 
both train and 
test data sets.

• Used to produce 
global DOC data 
set.

• R²: 94% 
temp <= 21.7
mse = 92.6

samples = 2311
value = 65.5

lat <= -41.7
mse = 78.7

samples = 1236
value = 60.3

True

sqrtpp <= 27.6
mse = 41.9

samples = 1075
value = 71.5

False

salt <= 34.3
mse = 35.3

samples = 246
value = 49.4

lat <= 71.3
mse = 52.8

samples = 990
value = 63.0

mse = 21.9
samples = 209
value = 48.2

mse = 49.6
samples = 37
value = 57.1

mse = 45.0
samples = 923
value = 62.3

mse = 68.9
samples = 67
value = 72.9

temp <= 24.7
mse = 32.0

samples = 953
value = 70.5

salt <= 32.1
mse = 52.0

samples = 122
value = 78.8

mse = 22.3
samples = 307
value = 68.0

mse = 32.3
samples = 646
value = 71.6

mse = 18.6
samples = 7
value = 92.6

mse = 39.8
samples = 115
value = 77.8
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How to estimate uncertainty?



Estimated monthly DOC 2010-2018
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• Generated using the Random 
Forest model.

• 1/12° spatial resolution.
• Monthly values for 2010-2018.

• Missing values are optionally 
interpolated linearly.

In-situ locations for each month shown as dots



Conclusions

• The new in-situ compilation by Hansel was used with Ocean Colour 
and other satellite based data.

• Random forest regression provided the best results.
• Proper uncertainty quantification and validation are still the 

challenges.
• A hybrid empirical–physical model would perhaps be the best option 

here.
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