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I. Inversion algorithms for IOPs
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Remote-sensing reflectance  (sr-1):

The ultimate objective of RS:
Retrieval useful/important 
environmental information

How?

algorithm!
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inputs outputs

algorithm

(Lw or Rrs)

(IOPs or 
[Chl] etc)
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Empirical
(explicit or implicit)

Semi-analytical
(algebraic, LUT, optimization)

Bio-optical models： Yes

Bio-optical models： No need

Bottom Up Strategy (BUS)

Top Down Strategy (TDS)
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(O’Reilly et al. 1998)

band-ratio algorithms for Chl
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Chl based on band difference
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(Hu et al. 2012) 10
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𝑴𝑩𝑫𝑹𝒓𝒔𝟒𝟒𝟎 = 𝑹𝒓𝒔 𝟓𝟓𝟓 − 𝑹𝒓𝒔 𝟒𝟒𝟑 +
𝟓𝟓𝟓 − 𝟒𝟒𝟑

𝟔𝟕𝟎 − 𝟒𝟒𝟑
𝑹𝒓𝒔 𝟔𝟕𝟎 − 𝑹𝒓𝒔 𝟒𝟒𝟑
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Remote-sensing reflectance  (sr-1):

Physics-based algorithms (mechanistic)

How is Rrs related to water’s optical (biogeochemical) properties?
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Physics-based algorithms (mechanistic)
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Solve Rrs for IOPs or in-water constituents?

rrs → Rrs  ?
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Two common strategies:

1. Bottom-up strategy (BUS): 
 Assume we know the spectral shapes of the optically active components 

2. Top-down strategy (TDS):
 Only need the spectral shape information when it is necessary
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# of unknowns > # of equations!

Have to increase # of equations or decrease # of unknowns!

What are we facing in RS inversion? 

An ill formulated math problem!
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1. Bottom-up strategy (BUS): 

)()()(  bpbwb bbb +=

a(λ) = aw(λ) +    axi(λ) bb(λ) = bbw(λ) +    bbxi(λ)

Build-up an Rrs spectrum block-by-block:

)()()()(  dgphw aaaa ++=

)()()()( 21  dgphw aMaMaa ++=

)()()( 3  bpbwb bMbb +=

)()()()()(  gdphw aaaaa +++=
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Bio-optical models  (forward model)
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Example of one parameter hyperspectral aph(λ) model:

Bricaud et al (1995):

Lee (1994); Lee et al (1998):

( )PPaph )ln()(a)(a)( 10  +=

P  = aph(440)

Modeling aph spectrum
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Example of two-parameters model: (Ciotti et al 2002)
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(Hoepffner and Sathyendranath, 1993)

Multiple-parameters model:
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Absorption components: adg spectrum shapes

)440()( −−=  S
dg ea S: 0.01 – 0.02 nm-1

(Bricaud et al 1981)
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M1-3  are wavelength independent variables.
Then they could be derived by comparing the modeled 
Rrs spectrum with the measured Rrs spectrum.

The blue-green domain: e.g., Hoge and Lyon (1996), Carder et al (1999)
The red-infrared domain: e.g., Binding et al (2012)
The entire spectrum (spectral optimization):  e.g., Bukata et al (1995), 
Lee et al (1994,1996,1999), Maritorena et al (2002), Boss and Roesler 
(2006), Brando et al (2012)，Werdell et al (2013)

Spectral ranges used for solutions (e.g. examples of BUS):

Look-Up-Tables  (LUT):  e.g., Carder et al (1991); Mobley et al (2005)

3-variable model to describe an Rrs spectrum
(Sathyendranath et al 1989)
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Matching between measured and modeled Rrs spectra
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Quantitative measure of the closure (error function):

Spectral Optimization
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Logic (assumption) behind SOA:
 A unique set of bio-optical properties for each Rrs spectrum. 25



Algorithms using information in the red-infrared bands
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(Gitelson et al 2007)

Two bands Three bands

26



aph
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2. Top-down strategy (TDS):

b
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Remote sensing measures the total effect:

Water clarity (or turbidity) is also a measure of total effect.

Rrs → bb&a → ax

Clarity (Secchi depth, light depth, SPM, etc)

Examples of TDS:

Loisel & Stramski (2000), QAA (Lee et al, 2002); Smyth et al (2006); Doran et al (2007).
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The Quasi-Analytical Algorithm (QAA)

(a,bb,etc) Rrs

Forward modeling:

QAA:

(a,bb) Rrs
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wavelength  (nm)
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For a reference wavelength, λ0, variation of a(λ0) is limited.

λ0
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Known a(λ0), enables calculation of bb(λ0) from Rrs(λ0); propagate bb(λ0) to bb(λ), 

then enables calculation of a(λ) from Rrs(λ).

No need of spectral model of ax(λ) in this process!

Logic behind QAA (and its updated versions):
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Empirical!

When 550 nm as the reference wavelength  (λ0)
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rrs(λ) = Rrs(λ)/(0.52  + 1.7 Rrs(λ))
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Invert Rrs:
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1 2( ) ( ) M ( ) ( )w ph dga a a M a   = + +

Ensemble solutions:

Wang et al. 2006; Zheng et al. 2015
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(Zheng et al. 2015)
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[Chl] is actually an IOP product

What is band-ratio derived [Chl]?
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Key Points:

1. Various inversion algorithms for IOPs have been developed; but 
more/better ones are also expected.

2. BUS derives every component first, then (simultaneously) derives 
the total optical property.

Assume the spectral shapes of the optically active components 
are well characterized! 

BUS relies more on the accuracy of forward bio-optical model.

TDS relies more on the accuracy of Rrs measurement.

3. TDS derives total first, then decompose to separate components.
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Rrs(λ) IOPs

What to do with the retrieved IOPs?

47

II. Applications of inverted IOPs



[chl]

Traditional strategy: [chl] centered system

Works for waters where IOPs co-vary with [Chl].

Ocean color spectrum ➔

48
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Application examples of IOP products

No division of “Case-1” vs “Case-2” waters.



50

1. Estimation of diffuse attenuation coefficient (Kd())

2. Estimation of Kd(PAR) and euphotic-zone depth

3. Estimation of water clarity (Secchi disk depth)

4. Estimation of primary production

5. A few other examples
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1. Estimation of diffuse attenuation coefficient (Kd())

Austin and Petzold （1981）

Traditionally,

Or,

(Morel and Maritorena 2001)
For “Case-1” waters
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Rrs(λblue) = Rrs(443)>Rrs(486)
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The standard Kd(490) and Chl products are 100% co-vary in coastal waters; further

AOP: sun angle dependent
Nearly independent of sun angle.

The two sides do not match in optical nature.



(Darecki and Stramisk, 2004)
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In addition, ratio-derived Kd has large uncertainties or errors in coastal waters.



Kd(490) - measured [m
-1

]

0.03 0.05 0.3 0.5 3 50.1 1

K
d
(4

9
0

) 
 [

m
-1

]

0.03

0.05

0.3

0.5

3

5

0.1

1

1:1

Arabian Sea

GOM

Baltic

)490(dK

(IOP-model)

(Lee et al. 2005) 0.03 0.05 0.3 0.5 3 50.1 1

0.25

0.75

1.25

1.75

2.25

0.00

0.50

1.00

1.50

2.00
Arabian Sea

GOM

Baltic

)
49

0
(

de
r

d
K

)
49

0
(

m
ea

d
K

/
)490(dK - measured  [m-1]

(IOP-model)

0.75

1.25

Oceanic &
Coastal waters

bd baK vm0 +=

55

IOPs-based system:

(m0,1,2 are wavelength independent)

No division of “Case 1” vs “Case 2” waters.



X Data

350 400 450 500 550

Y
 D

a
ta

0.0

0.1

0.2

0.3

profile-Kd

IOPs-Kd

X Data

350 400 450 500 550

Y
 D

a
ta

0.00

0.02

0.04

0.06

0.08

profile-Kd

IOPs-Kd

Wavelength  [nm]

K
d
  
[m

-1
]

Wavelength  [nm]

K
d
  
[m

-1
]

(a) (b)

(Lee et al. 2013)
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Through a semi-analytical system, a Kd spectrum, not at a single band, can be derived.

hyperspectral
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2.  Estimation of KPAR and euphotic depth

Good for earlier days,
Not so good for the 21st century

(Morel, 1988, JGR) 57



Change of light with depth:
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➔ Light at deeper depth is associated with lower attenuation coefficient
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Key: 
    KPAR varies with depth, especially in the upper water column!

1 1( (490), (490)bK f a b= 2 2 ( (490), (490)bK f a b=
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Euphotic depth (zeu), based on 1% definition:
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(or 5.3 if defined as 0.5%)
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(Lee et al 2007)
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water clarity  (m)

Global distribution of Zeu
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Water clarity
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3. Estimation of water clarity (Secchi disk depth)
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Empirical relationships for ZSD derived from measurements:

ZSD = (1.4-1.7)/KPAR 

















 −


013.0
ln

5.2

1
tr
wT

tr
d

SD

rr

K
Z

tr
dK : attenuation coefficient in the transparent window

(Lee et al 2015)

New theoretical relationship for ZSD:
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𝑍𝑆𝐷 ≈
1

𝐾𝑑
𝑡𝑟 ≈

1.4

𝐾
𝑃𝐴𝑅

(Lee et al 2018)

Now theory and measurements are consistent.
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(Lee et al. 2018)



Verification of the new Secchi disk theory

(Lee et al 2015)
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4. Estimation of primary production

(IOCCG Report #2, 1999)

“One of the principal applications of satellite ocean 

color data is to derive net primary production 

(NPP).” 

                --- McClain (Annu. Rev. Mar. Sci., 2009)



(Behrenfeld and Falkowski, 1997)

VGPM:

71

Traditionally Chl is used to represent phytoplankton



𝑎∗ =
𝑎𝑝ℎ

𝐶ℎ𝑙

aph: phytoplankton absorption coefficient

Quantum yield of photosynthesis

෍ 𝑃𝑃 = න ඵ ϕ × 𝑃𝐴𝑅 𝜆, 𝑡, 𝑧 × 𝑎𝑝ℎ 𝜆, 𝑧 𝑑𝑡 𝑑𝑧 𝑑𝜆  − 𝑅 Centered on aph

(Lee et al., 1996, Appl Opt)
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෍ 𝑃𝑃 = න ඵ ϕ × 𝑃𝐴𝑅 𝜆, 𝑡, 𝑧 × 𝑎𝑝ℎ 𝜆, 𝑧 𝑑𝑡 𝑑𝑧 𝑑𝜆  − 𝑅

Contrast in mathematics and physics of the two approaches:

ᵠ involves both ϕ and a*.

Chl vs aph:

Chl is a biological property; could not be directly obtained from OC remote sensing. 

aph is an optical property; ocean color measures optical property.

ᵠ vs ϕ:



Ocean color Kd, aph PP

 = dtdzaztEzPP ph  ),(),,()( 0

Absorption based on PP model

(Kiefer and Mitchell, 1983, L&O)

ϕ
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A more direct representation of photosynthesis.



measured production (mol/l/day)
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(redraw from Lee et al. 1996)

(Lee et al. 2010)

Remotely-estimated PP compared with measured PP
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1:1

Labrador Sea

(Lee et al., under revision)



Essence of present satellite Chl product:
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Why aph based approach is likely better?
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5. A few other examples

(Arnone et al. 2004)

5a. Water mass classification



(Carnizzaro et al. 2008)

aph(675) ➔

79

5b. HAB identification-1



(Lee and Carder 2004)

5b. HAB identification-2

Rrs(λ) → aph(λ) = a(λ) – adg(λ) – aw(λ)
QAA
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(Craig et al 2006)

K
. b

re
vi

s
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(Shang et al, 2012)

5c.  Bloom dynamics

Distribution of aph(440) at Luzon Street
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(Shang et al, 2012)

Monthly distribution of aph(440) at Luzon Street
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5d. Global physiology of ocean phytoplankton

φ: quantum yield of fluorescence (Behrenfeld et al 2009)

(Behrenfeld et al 2009)

IOP

84



(Vodacek et al 1997)

5e. Salinity estimation

85



(Castellio et al 1999)
SSS = x aCDOM + y

86



Lohrenz and Cai (2006) pCO2 = f(T, S, Chl)

5f. pCO2 estimation
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Key Points:

1. Many applications traditionally built around [Chl] can be built 
around IOPs.

2. Remote sensing and applications centered around IOPs avoided, 
when necessary, concentration-normalized optical properties.

3. With IOPs as inputs, many products, e.g. Kd, Zeu, Zsd, PP, could be 
estimated easily and more accurately.

4. When IOPs are known, many other applications could be carried out. 

Be creative.
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(Morel 1988)

[Chl] (empirical) approach: 

    Rrs(λ) → [Chl] → zeu

111



Global ZSD

A much more straightforward product for water clarity!
112



Components for PP estimation:

(Platt and Sathyendranath, 2007)

1. Phytoplankton 2. Light penetration

3. Photosynthesis 
parameters

113



(Lee et al. 1998)

Empirical:
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𝑴𝑩𝑫𝑹𝒓𝒔𝟒𝟒𝟎 = 𝑹𝒓𝒔 𝟓𝟓𝟓 − 𝑹𝒓𝒔 𝟒𝟒𝟑 +
𝟓𝟓𝟓 − 𝟒𝟒𝟑

𝟔𝟕𝟎 − 𝟒𝟒𝟑
𝑹𝒓𝒔 𝟔𝟕𝟎 − 𝑹𝒓𝒔 𝟒𝟒𝟑

(Lee et al., 2023)
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    P A R (  z  e u )  P A R ( 0 ) = 1 %   ( or   0 . 5 % )


   Z  S D ≈  1   K d  t r


  ≈   1 . 4  K P A R


   a ∗ =    a  p h  C h l


  ∑  P P = ∫  ∬  ϕ × P A R  (  𝜆 , t , z ) ×  a  p h  (  𝜆 , z ) d t   d z   d 𝜆   − R


  ∑  P P = ∫  ∬  ϕ × P A R  (  𝜆 , t , z ) ×  a  p h  (  𝜆 , z ) d t   d z   d 𝜆   − R


    𝑴 𝑩 𝑫  𝑹 𝒓 𝒔 𝟒 𝟒 𝟎 =  𝑹  𝒓 𝒔  (  𝟓 𝟓 𝟓 ) −  [   𝑹  𝒓 𝒔  (  𝟒 𝟒 𝟑 ) +   𝟓 𝟓 𝟓 − 𝟒 𝟒 𝟑  𝟔 𝟕 𝟎 − 𝟒 𝟒 𝟑  (   𝑹  𝒓 𝒔  (  𝟔 𝟕 𝟎 ) −  𝑹  𝒓 𝒔  (  𝟒 𝟒 𝟑 ) ) ]

