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Chapter 1

Remote Sensing of Inland
Waters: Background and
Current State-of-the-Art

Igor Ogashawara1, Deepak R. Mishra2, and Anatoly A. Gitelson3,4
1Indiana University—Purdue University at Indianapolis (IUPUI), Indianapolis, IN,

United States, 2University of Georgia (UGA), Athens, GA, United States, 3Israel Institute

of Technology, Haifa, Israel, 4University of Nebraska-Lincoln (UNL), Lincoln, NE, United States

1.1 INLAND WATERS

This book is designed to highlight the theories, past developments, and cur-

rent state-of-the-art knowledge in bio-optical modeling of inland waters.

This area of remote sensing research has been intensively developed in the

last 30 years primarily using the concepts and theories from optical ocean-

ography. The focus of this book is squarely placed on inland waters

because of the lack of a coherent and comprehensive synthesis of multide-

cadal bio-optical research on this important environment. Inland waters are

aquatic environments typically confined within the land boundaries and

provide exceptionally important ecological, environmental, hydrological,

and socioeconomic services to mankind and the environment. The

Millennium Ecosystem Assessment, a taskforce initiated by United Nations

Secretary-General in 2001, generated a list of services provided by or

derived from inland waters which were divided into four categories: provi-

sioning (i.e., food supply, water supply, and biodiversity); regulating (i.e.,

climate regulation, hydrological flows, and pollution control); cultural (i.e.,

recreational, aesthetic, and educational); and supporting (i.e., soil forma-

tion, nutrient cycling, and pollination) (Millennium Ecosystem Assessment

MEA, 2005).

The term “inland waters” is used wherever possible unless a specific

ecosystem type is mentioned, such as lakes, reservoirs, rivers, ponds,

swamps, wetlands, and even coastal areas. Inland waters represent an

extremely diverse environment including a broad array of shapes and sizes,

and physical, chemical, and optical properties. For example, inland waters
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could be fresh (Caspian Sea, western Asia-eastern Europe; Great Lakes,

USA), saline (Dead Sea, Middle East), or brackish (Lake Pontchartrain,

USA; Lake Chilika, India). The extent and distribution of inland waters is

poorly and unevenly known at the global scale, since their size varies from

small (i.e., ponds) to very large (i.e., Great Lakes) often creating inconsis-

tencies in detection and inventory over broad geographic scale. Verpoorter

et al. (2014) used GeoCover product developed using imageries from

Enhanced Thematic Mapper Plus (ETM+) onboard Landsat-7 satellite

to map all inland water bodies greater than 0.002 km2. Their findings

contained geographic and morphometric information for approximately 117

million inland aquatic systems with a combined surface area of approxi-

mately 53 106 km2. Although inland waters only comprise a small percent-

age of Earth’s total land surface, they play an essential role in

biogeochemical cycle and are very important in the history of mankind

(Bastviken et al., 2011).

Inland water bodies serve as sentinels to changing environment, such as

climate change, developmental pressure, and land use land cover change.

Rapid and uncontrolled environmental change, such as deforestation and

reduction of vegetation cover, nutrient pollution, drought, urbanization, and

engineered modifications to watershed most often result in negative impact

including accelerated eutrophication, proliferation of toxic blue-green algae,

extreme turbidity and deterioration of water clarity, loss of aquatic benthos,

and harmful effect on human and animal health. Considering the vital uses

of inland waters, water quality management needs to be a top priority for

environmental regulatory agencies around the world. The National Research

Council (NRC) published a comprehensive report entitled “The Drama of the

Commons” highlighting seven key challenges in environmental resource

management (National Research Council NRC, 2002). Included among those

were “low-cost enforcement of rules” and “monitoring the resource and

users’ compliance with rules,” which highlighted the need for a low-cost

environmental monitoring program using remote sensing technologies. Rapid

monitoring surveys using remote sensing should be conducted frequently

along with less frequent field-based methods as an effective water quality

management strategy (Ostrom et al., 2003). As opposed to the traditional

field-based methods to monitor water quality, which are usually costly and

labor intensive, remote sensing offers a low-cost, high frequency, broad cov-

erage, and practical alternative for water quality assessment and monitoring

(Duan et al., 2010; Hadjimitsis and Clayton, 2009). The main advantage of

remote sensing is its capability to perform frequent large-scale synoptic mon-

itoring of water resources and, therefore, the development of new techniques

or fine-tuning of existing bio-optical models (a.k.a. bio-optical algorithms),

and methods for using remote sensor derived products are essential for

accurate monitoring inland water resources and isolating the natural and

anthropogenic stressors.

2 Bio-optical Modeling and Remote Sensing of Inland Waters



1.2 REMOTE SENSING OF INLAND WATERS

The utilization of remote sensing techniques to monitor aquatic environments

was initiated during 1960s by analyzing ocean color under the assumption

that chlorophyll-a (chl-a), a proxy for phytoplankton biomass, and surface

temperature could be estimated remotely (Morel and Gordon, 1980; Gordon

et al., 1988). Based on these assumptions, oceanographers started to remotely

monitor the optical properties of water constituents, such as phytoplankton,

colored dissolved organic matter (CDOM) and total suspended solids (TSS)

(Jerlov, 1968; Preisendorfer, 1976; Morel, 2001). As a result, the concepts of

hydrologic optics and radiative transfer theory were developed and formed

the basis of what is currently known as bio-optical modeling. However, the

application of these theories and concepts developed by oceanographers

were applied to inland waters only during the last three decades concomitant

to the extensive use of bio-optical models to monitor optically active water

constituents, such as chl-a, TSS, and CDOM (Jerlov, 1968, 1976; Gordon

and Morel, 1983; Morel, 2001).

Nevertheless, application of remote sensing techniques to inland waters

can be quite different from open ocean waters mainly because of the variable

composition of water constituents. Morel and Prieur (1977) proposed a two-

tier classification of water bodies: Case 1 and Case 2. This classification was

based on the reflectance ratio at 443 and 550 nm. The ratio should be greater

than 1.0 for Case 1 and less than 1.0 for Case 2 waters. Gordon and Morel

(1983) proposed new definitions for Case 1 and Case 2 waters. They classi-

fied Case 1 waters as waters whose optical properties are determined mainly

by phytoplankton and the other covarying compounds, such as CDOM and

detritus. Case 2 waters are waters whose optical properties are significantly

influenced by other constituents, such as mineral particles and CDOM, and

their concentrations do not covary with phytoplankton. However, this classi-

fication showed several problems, such as the misinterpretation that inland

waters mostly belong to Case 2 category, when it is possible that these water

bodies can be dominated by phytoplankton or its derivatives, which would

make them Case 1 (Mobley et al., 2004). Despite of the criticisms about the

classification, it was used widely by researchers to categories water types for

a quick overview.

Because of the presence of multiple constituents at different composition

[i.e., phytoplankton, nonalgal particles (NAP), CDOM, and detritus], the use

of remote sensing for monitoring inland water quality has been far less suc-

cessful compared to open oceans. The complex interaction among the water

constituents, which is often intensified by anthropogenic actions, creates

uncertainty in remote sensing models designed for inland waters. Within the

same inland aquatic system, it is possible to have different regions dominated

by different constituents. For example, Gurlin et al. (2011) showed that for

different sampling locations in Fremont Lakes, USA, the absorption

Remote Sensing of Inland Waters Chapter | 1 3



coefficients of water constituents, phytoplankton [aphy(λ)], nonalgal particles
[aNAP(λ)], and CDOM [aCDOM(λ)], varied considerably along with constitu-

ents concentrations (Fig. 1.1). In the blue region, the contribution of absorp-

tion coefficient of water [aw(λ)] is minimal while the major contributors are

aCDOM(λ) and aNAP(λ). aphy(λ) contribution in the blue region is mostly

minor and varied based on the chl-a concentration. In the green region, the

absorption coefficients of aCDOM(λ), aNAP(λ), and aphy(λ) are smaller than in

the blue and aw(λ) is higher. Ocean color algorithms (e.g., OC4v4) that use

blue and green spectral channels often provide a relatively accurate estimate

of chl-a in ocean waters (Case 1) where the total nonwater absorption is

dominated by phytoplankton. However, inland waters, which are optically

complex, spectral channels in the blue-green region, are heavily affected by

an intricate interaction between a variety of water constituents, such as phy-

toplankton, CDOM, detritus, and tripton, and cannot be used to resolve any

constituent. Only in the red spectral region, beyond 650 nm, absorption is

FIGURE 1.1 Absorption coefficients of phytoplankton, nonorganic particles, dissolved organic

matter, and pure water, aphy(λ), aNAP(λ), aCDOM(λ), and aw(λ), for two sampling stations with chl-a

concentrations of 4.6 mg m23 (A) and 58.1 mg m23 (B) (aphy(λ) is the same as aϕ in the figure).

Source: Figure 4.1 from Gurlin (2012).
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mainly governed by phytoplankton and pure water; therefore, red-near infra-

red (NIR) wavelengths have been found to be more appropriate for the

development of bio-optical models for inland waters, particularly in waters

where chl-a concentration is above 10 μg/L (Gitelson, 1992; Mishra and

Mishra, 2012).

Because of these complexities due to mixed constituents, commonly

found in inland waters, this book is aimed at synthesizing the current state-

of-the-art in terms of both knowledge and applications to monitor these

aquatic environments.

1.3 FUNDAMENTAL BIO-OPTICAL PROPERTIES

Remote sensing of inland waters is based on the optical properties of water

constituents (e.g., Morel, 2001). These properties can be divided into two cate-

gories: (1) properties that depend on the medium and the directional structure

of the ambient light field, known as apparent optical properties (AOPs), and

(2) those which depend only on the medium and are independent of the ambi-

ent light field, known as inherent optical properties (IOPs) (Preisendorfer,

1976). Optical properties, such as irradiance reflectance (R), above and below

water remote sensing reflectance (Rrs or rrs respectively), and various diffuse

attenuation functions (K) are AOPs, since they vary according to the composi-

tion of the medium and the light field. Properties, such as absorption (a) and

scattering (b) coefficients, which vary based on just the composition of the

medium or constituents, are IOPs. A more detailed description about AOPs

and IOPs is provided in Chapter 2 which covers physical principles and

radiative transfer theory applied to inland waters.

For remote sensing of inland waters, the most commonly used AOP is

Rrs. Rrs is defined as the ratio of water-leaving radiance (Lw) to downwelling

irradiance (Ed), expressed in terms of per steradian (sr21). In case of IOPs,

absorption properties of water constituents are the most commonly used

parameters since instruments for measuring scattering in inland waters are not

widely deployed and more research is needed to evaluate their performance in

these optically complex waters.

To understand the optical properties of a medium (e.g., water column),

one needs to recognize the Kubelka�Munk remission function. The function

explains the infinite reflectance (RN) of an ideal layer of turbid media in

which a further increase in thickness results in no noticeable difference in

reflectance (Kubelka and Munk, 1931). RN is proportional to the ratio of the

absorption coefficient to the scattering coefficient of the media (Kubelka and

Munk, 1931; Kortum, 1969). Studies have shown that the Kubelka�Munk

remission function relates very closely (determination coefficient above

0.99) to the inverse reflectance of leaves (Gitelson et al., 2003) and water

(Dall’Olmo et al, 2003). Thus, inverse reflectance may be used as proxy of

absorption by phytoplankton pigments, NAP, CDOM, and water. Fig. 1.2

Remote Sensing of Inland Waters Chapter | 1 5



shows distinctive spectral features of an inverse Rrs spectrum acquired from

an inland water body, which has a high absorption in the blue spectral region

due to the combined absorption by phytoplankton pigments, β-Carotene,
NAP, and CDOM. The absorption peak around 625 nm is related to the pres-

ence of phycocyanin (PC), a proxy for cyanobacteria, and another absorption

peak around 675 nm is related to the absorption by chl-a. These complex

interactions between the constituents and their corresponding spectral fea-

tures form the foundation for the development of bio-optical models for

inland waters.

A list of research studies reporting absorption coefficients, such as

aCDOM, aNAP, and aphy from different inland waters is provided in Table 1.1.

It is possible to further partition some of the primary absorption coefficients

using decomposition algorithms. For example, aphy can be decomposed into

absorption coefficients of chl-a (achl-a) and PC (aPC) (Simis et al., 2005,

Mishra et al., 2013, 2014); and aNAP can be partitioned into absorption

coefficients of minerogenic particles (am) and organic detritus (ad) (Peng and

Effler, 2013).

IOPs vary not only across geographic regions but also within the same

site (Table 1.1). For example, Gons et al. (2008) reported aCDOM ranges

from Finger Lakes, New York which varied from 0.06 to 67 m21. In addi-

tion, studies such as Matthews and Bernard (2013), which analyzed the three

absorption coefficients in multiple lakes, demonstrated the complexities of

interaction between constituents and their optical properties in inland waters.

The complexity is mainly due to the spatial-temporal variability of the water

constituents at the same site. In other words, the dominant constituent in the

water column at a study site may not only change spatially across short dis-

tances but also across seasons and even daily (Yacobi et al., 1995; Huang

et al., 2015). Multiple dominant constituents over relatively short period of

FIGURE 1.2 Typical inland waters inverse Rrs spectrum. The positions of the absorption peaks

by constituents, such as chl-a, PC, NAP, and CDOM are labeled. Source: Figure 3.16 from

Gurlin (2012).
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TABLE 1.1 List of Studies Reporting Absorption Coefficients of Optically

Active Constituents Measured at Various Inland Water Bodies

Reference Site Location Wavelength

(nm)

Absorption

Coefficient

(m21)

aCDOM

Dall’Olmo and
Gitelson (2005)

Eastern
Nebraska water
bodies

Nebraska,
USA

440 0.5�4.4

Dekker (1993) Vecht Lakes The
Netherlands

440 1.19�3.74a

Gitelson et al.
(2008)

Nebraska Lakes
(2005)

Nebraska,
USA

440 0.3�1.77

Gons et al.
(2008)

Finger Lakes New York,
USA

440 0.06�67

Gurlin et al.
(2011)

Fremont Lakes
(2008)

Nebraska,
USA

440 0.46�1.46

Gurlin et al.
(2011)

Fremont Lakes
(2009)

Nebraska,
USA

440 0.35�1.35

Kutser et al.
(2005a)

Finnish Lakes Southern
Finland

420 1.28�7.74

Kutser et al.
(2015)

Lake Mälaren Stockholm,
Sweden

443 2.7�4.0

Le et al. (2009) Lake Tai China 440 0.02�1.42

Matthews and
Bernard (2013)

Lake
Hartbeespoort

South
Africa

442 0.63�4.13b

Matthews and
Bernard (2013)

Lake Loskop South
Africa

442 0.75�1.87b

Matthews and
Bernard (2013)

Lake
Theewaterskloof

South
Africa

442 1.22�2.49b

Mishra et al.
(2014)

Catfish Ponds Mississippi,
USA

443 3.2�4.33c

Song et al.
(2014)

Central Indiana
Reservoirs

Indiana,
USA

440 0.58�3.23

aNAP

Dall’Olmo and
Gitelson (2005)

Eastern Nebraska
water bodies

Nebraska,
USA

440 0.4�6.7d

Gitelson et al.
(2008)

Nebraska Lakes
(2005)

Nebraska,
USA

440 0.13�4.34d

Gurlin et al.
(2011)

Fremont Lakes
(2008)

Nebraska,
USA

675 0.003�0.294

(Continued )



TABLE 1.1 (Continued)

Reference Site Location Wavelength

(nm)

Absorption

Coefficient

(m21)

Gurlin et al.
(2011)

Fremont Lakes
(2009)

Nebraska,
USA

675 0.007�0.113

Le et al. (2009) Lake Tai China 440 0.57�7.16

Matthews and
Bernard (2013)

Lake
Hartbeespoort

South
Africa

442 0.07�1.74d

Matthews and
Bernard (2013)

Lake Loskop South
Africa

442 0.1�1.57d

Matthews and
Bernard (2013)

Lake
Theewaterskloof

South
Africa

442 0.51�2.26d

aphy

Dall’Olmo and
Gitelson (2005)

Eastern
Nebraska water
bodies

Nebraska,
USA

678 1.0�6.0

Gurlin et al.
(2011)

Fremont Lakes
(2008)

Nebraska,
USA

675 0.04�4.45

Gurlin et al.
(2011)

Fremont Lakes
(2009)

Nebraska,
USA

675 0.04�2.72

Le et al. (2009) Lake Tai China 675 0.06�3.99

Li et al. (2013) Central Indiana
Reservoirs

Indiana,
USA

665 0.439�3.87e

Li et al. (2013) Central Indiana
Reservoirs

Indiana,
USA

665 0.037�2.51e

Matthews and
Bernard (2013)

Lake
Hartbeespoort

South
Africa

442 1.73�455.32

Matthews and
Bernard (2013)

Lake Loskop South
Africa

442 0.05�11.12

Matthews and
Bernard (2013)

Lake
Theewaterskloof

South
Africa

442 0.41�2.43

Mishra et al.
(2014)

Catfish Ponds 1 Mississippi,
USA

443 10.27�15.55

Mishra et al.
(2014)

Catfish Ponds 1 Mississippi,
USA

665 3.96�6.23

aReported as aquatic humus absorption coefficient.
bReported as gelbstoff absorption coefficient.
cReported as colored detrital matter absorption coefficient.
dReported as detrital absorption coefficient.
eReported as total less water absorption coefficient (at-w).



time seen in inland water environments is not common for open ocean envir-

onments which makes the remote sensing of inland waters a challenging

task. It can also be seen from Table 1.1, studies quantifying absorption coef-

ficients of constituents in inland waters are fairly recent indicating that the

development of robust models for the estimations of IOPs in inland waters is

a relatively new field of research.

The variability in the composition of constituents and the associated IOPs

within an aquatic system can affect the magnitude and shape of Rrs. To

exemplify this, data from three water bodies with different trophic status are

used: two tropical hydroelectric reservoirs (Itumbiara and Funil Reservoirs)

in Brazil and catfish ponds in Mississippi, USA. The Itumbiara

Hydroelectric Reservoir located in Central Brazil is an oligotrophic reservoir.

Funil Hydroelectric Reservoir is a mesotrophic reservoir located in Southeast

Brazil. The catfish ponds located at Delta Research Extension Center near

Stoneville, MS, USA are hypereutrophic in nature.

Fig. 1.3 shows the average Rrs spectra normalized at 575 nm for the three

study sites. The normalization to a specific wavelength is usually performed

to allow the intercomparison of Rrs spectra from different water bodies. The

Rrs spectrum for the oligotrophic Itumbiara reservoir showed a very distinct

FIGURE 1.3 Average normalized Rrs for three inland water bodies representing oligotrophic

waters (Itumbiara Reservoir, chl-a: 0.25�10.20 μg/L; TSS: 0.25�1.81 mg/L; DOC:

0.53�2.59 mg/L); mesotrophic waters (Funil Reservoir, chl-a: 4.92�52.78 μg/L; PC:

9.16�35.95 μg/L; TSS: 4.50�9.50 mg/L; DOC: 0.91�6.30 mg/L); and hypereutrophic waters

(Catfish Ponds, chl-a: 59.40�1376.60 μg/L; PC: 68.13�857.08 μg/L).
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spectral shape without a pronounced phytoplankton absorption feature typi-

cally observed between 665 and 685 nm. Spectral features such as low reflec-

tance in blue and scattering in green are representative of waters with low

chl-a concentration. The Rrs spectrum for the mesotrophic Funil Reservoir

showed the lowest values in the blue wavelengths mainly due to a combined

absorption by CDOM and chl-a. The trough around 625 nm is primarily asso-

ciated with PC absorption (Schalles and Yacobi, 2000; Mishra et al., 2009;

Mishra and Mishra, 2014). A pronounced trough at 675 nm caused by a

strong chl-a absorption and when combined with the strong absorption by

pure water in NIR, generates a peak near 700 nm. Rrs spectrum for the hyper-

eutrophic Catfish Ponds with extremely high chl-a concentration showed the

largest Rrs peak near 700 nm, mainly due to scattering by phytoplankton cells

as well as two prominent troughs at 665 nm and around 620 nm caused by

chl-a and PC absorption, respectively.

The variations in Rrs are related to the variations in IOPs, such as aphy,

aNAP, and aCDOM at each study site. The compositional variability of the

IOPs can be visualized using ternary plots representing the absorption coeffi-

cients at three characteristic wavelengths, 440, 560, and 665 nm (Fig. 1.4).

FIGURE 1.4 Ternary plots of absorption coefficients of CDOM, phytoplankton and NAP at

three different wavelengths: 440 (square), 560 (triangle), and 665 nm (round). (A) oligotrophic

Itumbiara Reservoir, Brazil; (B) eutrophic Funil Reservoir, Brazil; (C) hypereutrophic Catfish

Ponds, USA.
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Absorption coefficient at 440 nm is influenced by a combined absorption of

CDOM, chl-a and tripton (Fig. 1.2). Absorption coefficient at 560 nm is usu-

ally governed by NAP absorption, and absorption coefficient at 665 nm is

related to the absorption of chl-a. The ternary plot for Itumbiara Reservoir

(Fig. 1.4A) showed a mix of CDOM and NAP dominance which can also be

observed in its Rrs spectrum with only one prominent peak at around 550 nm

(Fig. 1.3). The ternary plot for Funil Reservoir (Fig. 1.4B) showed that

aCDOM is the dominant IOP, which supported the very low value in the blue

wavelength range observed in Rrs spectrum. The complete dominance of aphy
is clearly visible in the ternary plot for the hypereutrophic catfish ponds

(Fig. 1.4C). These ternary plots exemplify the optical complexities of inland

waters and how reflectance at certain spectral region (e.g., blue) is being

influenced by multiple constituents. Because of that bio-optical models for

inland waters are increasingly focused on red-NIR bands (e.g., Gurlin et al.,

2011).

1.4 BIO-OPTICAL MODELS

The expression “bio-optical” was first used to describe the “state of ocean

waters” (Smith and Baker, 1977). The term “state” is defined by Smith and

Baker (1977) as the optical state of water, which is essentially controlled by

the optical properties of the biological materials in the water column,

mainly phytoplankton and its derivatives. However, the current use of the

term “bio-optical” is often combined with models in remote sensing

research. Bio-optical models are based on radiometric quantities or IOPs

and AOPs, such as downwelling spectral solar and sky radiation and the

absorption and scattering properties of constituents in the water column.

Studies by Cox and Munk (1954), Petzold (1972), Jerlov (1968, 1976),

Preisendorfer (1976), among numerous others, established the main theory

of hydrologic optics (currently known as ocean optics) before or around the

launch of one of the first Earth Observing Satellites, the Earth Resources

Technology Satellites 1 (ERTS-1), in 1972. Subsequently, transformative

research was conducted by Gordon et al. (1975) who developed the first

bio-optical model. They used Monte Carlo simulation of the radiative trans-

fer equations to develop relationship between AOPs and IOPs for oceanic

waters. Since then, numerous other bio-optical models have been published

for oceanic, coastal, and inland waters. Applications of these bio-optical

models to inland waters have recently been highlighted by several studies.

Although there is a rapid increase of studies on bio-optical modeling, there

is a lack of consistency in terminology and classification of types of bio-

optical models (Ogashawara, 2015).

Bio-optical models can be defined in two ways. The first definition refers

to the various ways of describing the “bio-optical state” of the aquatic sys-

tem (Morel, 2001). It means that the optical properties are a function of the

Remote Sensing of Inland Waters Chapter | 1 11



biological and geomorphological activities in the water body. Therefore, bio-

optical models are often aimed at deriving information about the biological

and physical processes in the water body by establishing relationships

between radiometric measurements and optically active constituents.

According to Morel (2001), these models are usually classified as empirical

and descriptive based on statistical relationships between radiometric quanti-

ties. The second definition for bio-optical models refers to the use of the

radiative transfer theory to derive optical properties of constituents in

the water column (Mobley, 2001). These bio-optical models are based on the

quantification of IOPs, which can be used to derive the composition of

constituents through a ratio of their absorption coefficients (a) and specific

absorption coefficients (a�), and backscattering coefficients (bb) and specific

backscattering coefficients (bb
�). These bio-optical models are usually

referred to as analytical models.

Bio-optical models have been used to monitor the inland water quality,

mainly estimating concentrations of chl-a, or TSS as indicators of the trophic

or turbidity status of the water body, respectively. Bio-optical models have

also been used to quantify biogeochemical fluxes and the underlying envi-

ronmental forcing (Kutser et al., 2005b, 2009, Giardino et al., 2010). These

models combined with multiplatform observations (in situ, airborne, and

space-borne) can be extremely useful in understanding the feedback between

the water body and surrounding landscape.

1.4.1 Classification of Bio-optical Models

Different terms have been used to classify bio-optical models according to

their formulation and goals (Odermatt et al., 2012) due to a lack of consis-

tency in generally agreed terminology. Based on the formulation and final

goals of the bio-optical models found in the literature, models may be classi-

fied into five broad categories as empirical, semi-empirical, semi-analytical,

quasi-analytical, and analytical (Ogashawara, 2015).

Empirical and semi-empirical models are usually based on statistical rela-

tionships between in situ measurements of water constituents and radiometric

data from satellite sensor or proximal remote sensing devices. The difference

between empirical and semi-empirical models relies on the assumptions used

during their development; empirical models focus only on the statistical esti-

mators. The formulae used in empirical models are based on a combination

of Rrs at different wavelengths, which will provide the best correlation

between reflectance data and the concentration of optically active water con-

stituents. These types of models typically use statistical techniques, such as

neural networks, least squares, and stepwise regressions to extract the best

relationship between Rrs and constituent concentrations. The selection of

spectral bands does not follow any physical or optical principles of the IOPs

or AOPs.
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Semi-empirical models, on the contrary, are based on specific spectral

features of absorption and scattering of the constituents governing

reflectance (e.g., Morel and Gordon, 1980). An example of a physical

assumption used in semi-empirical models is the Rrs peak near 700 nm

commonly used to estimate chl-a concentration in inland and coastal

waters (Gitelson, 1992, 2005; Gurlin et al., 2011; Mishra and Mishra,

2012). It forms at that spectral region because of minimal combined

absorption by chlorophyll and water and, thus, scattering is mostly pro-

nounced in the reflectance spectra. The magnitude of the peak increases

and position shifts toward longer wavelength with increase of chl-a con-

centration (Gitelson, 1992). The physical principle behind the characteris-

tics of the 700 nm peak forms the basis for band selection in semi-

empirical models unlike pure statistical relationship in case of empirical

models. The outputs of semi-empirical models are usually related to water

constituents via statistical estimators.

Semi-analytical and quasi-analytical models rely on the inversion of the

radiative transfer equations to establish relationships among AOPs and IOPs,

which is computed through several analytical and empirical steps. Inverse

models use AOPs, such as reflectance above or below water surface (Rrs or

rrs, respectively) to derive IOPs (Gordon et al., 1975, 1988):

rrs λð Þ ¼ Lu 02;λð Þ
Ed 02;λð Þ ¼ g1

bb λð Þ
a λð Þ þ bb λð Þ

� �
þ g2

bb λð Þ
a λð Þ þ bb λð Þ

� �2

ð1:1Þ

where: rrs(λ) is the remote sensing reflectance just below water surface, a(λ)
is the total spectral absorption coefficient, bb(λ) is the total spectral backscat-
tering coefficient, Lu(0

2, λ) and Ed(0
2, λ) are upwelling radiance and down-

welling irradiance, respectively, g1 and g2 are geometrical factors.

The main difference between semi-analytical and quasi-analytical models

is the process used to estimate a(λ) and bb(λ). In semi-analytical models, the

estimation of a(λ) is computed by the sum of aphy, aNAP and aCDOM. To

derive a(λ) in quasi-analytical models, knowledge about other absorption

coefficients is not necessary since it estimates a(λ) directly from Rrs and the

other absorptions coefficients are computed from the spectral decomposition

of the estimated a(λ) (Lee et al., 2002). For the bb(λ) estimation, semi-ana-

lytical models usually compute it as the sum of the backscattering coeffi-

cients for each water constituent except CDOM. In case of quasi-analytical

models, bb(λ) is typically computed based on the widely used expression

(Gordon and Morel, 1983):

bb λð Þ ¼ bb;w λð Þ þ bb;p λ0ð Þ λ0

λ

� �η

ð1:2Þ
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where λ0 is the target wavelength, bb,p is backscattering coefficients of sus-

pended particles and η is known as Angström exponent and related to the

particle size distribution (see Chapter 2 for detail). The outputs from semi-

analytical and quasi-analytical models estimated IOPs are validated using

IOPs derived from water samples via analytical methods. A purely analytical

model is based only on the physical properties of constituents, for example

the one proposed by Bricaud et al. (1995) for the estimation of chl-a concen-

tration by using the ratio of aphy and the specific absorption coefficient of

phytoplankton (aphy
�) (Table 1.2).

Table 1.2 presents examples of the five types of bio-optical models

used to estimate chl-a in inland waters from remote sensing data. Chl-a is

shown as an example since it is one of the most widely studied water

constituent in remote sensing. The first example is an empirical model

proposed by Allan et al. (2015) who used an average reflectance in green

and red spectral bands of Landsat5-TM to establish relationship between

band ratio and chl-a concentration. The two-band (Gitelson, 1992) and

three-band (Dall’Olmo and Gitelson 2005; Gitelson et al., 2003) semi-

empirical models (not shown in Table 1.2) used reflectance in red and

NIR spectral regions and have been widely applied to predict chl-a in

inland waters. Similarly, Mishra and Mishra (2012) proposed a semi-

empirical model, normalized difference chlorophyll index (NDCI), based

on the difference between reflectance at 665 nm (MEdium Resolution

Imaging Spectrometer, MERIS band 7) and 709 nm (MERIS band 9).

Semi-analytical model proposed by Vos et al. (2003) is based on the spec-

tral bands of Sea-viewing Wide Field-of-view Sensor (SeaWiFS). The

model estimates aphy(670) by establishing relationship between several

parameters (see Table 1.2). This model is classified as semi-analytical

since a(λ) is not required to estimate aphy(670). A quasi-analytical model

reparametrized by Li et al. (2013) estimated the total absorption without

the water absorption (at-w) from a relationship between Rrs, bb, and aw at

709 nm, bb(λ), and aw(λ). The model assumed that at 665 nm the total

absorption is entirely caused by phytoplankton, and therefore, at-w can be

used to estimate chl-a concentration.

1.4.2 Performance of Bio-optical Models

Several studies have been published in recent years comparing the perfor-

mance of existing semi-empirical bio-optical models, mainly for the estimation

of chl-a concentration in inland waters. Gurlin et al. (2011) compared the

performance of two-band (Gitelson, 1992) and three-band NIR-red models

(Dall’Olmo et al., 2003; Dall’Olmo and Gitelson, 2005) using data from

several productive lakes in Nebraska at MERIS spectral channels (Moses
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TABLE 1.2 Examples of the Five Types of Bio-Optical Models used for chl-a Estimation

Model type Reference Sensor Model structure

Empirical Allan et al.
(2015)

Landsat/TM
Chl2 aD 865:17∙

B2þB3

2

� �2
 !

þ 19:8∙
B2þB3

2

� �� �
þ 0:24

Semi-empirical Mishra and
Mishra (2012)

MERIS
Chl2 a~

RrsðB9Þ2RrsðB7Þ
RrsðB9Þ þ RrsðB7Þ

Semi-analytical Vos et al.
(2003)

SeaWiFS
aphy ð670Þ ¼

fbb 670ð Þ
Rrs 670ð Þ

� �
2 ðbbð670Þ þ g440aCDOMð670Þ þ aw ð670Þ þ a

�
TSMð670ÞCTSMÞ

Quasi-analytical Li et al. (2013) Ocean Optics
in situ sensor
(USB-4000)

at2w ðλÞ ¼ Rrs 709ð Þbb λð Þ aw 709ð Þ þ bb 709ð Þ½ �
Rrs λð Þbb 709ð Þ 2 bbðλÞ2 aw ðλÞ

Analytical Bricaud et al.
(1995)

Spectrophotometer From inversion of a Rrs model

Note: There are numerous examples exist in the literature under each category.



et al., 2009a,b). The study showed that the two-band model was more accurate

in estimating chl-a than the three-band model. Augusto-Silva et al. (2014)

compared the performance of two- and three-band NIR-red models and NDCI

at close range in an inland tropical reservoir and found that NDCI was the

most accurate among the three models. Beck et al. (2016) compared 12 bio-

optical models used for the estimation of chl-a concentrations in Harsha Lake,

OH, USA by simulating reflectance at spectral bands of different sensors. The

authors concluded that NDCI is the most widely applicable model and per-

forms well for most of the sensors typically used in remote sensing for inland

waters including MERIS, WorldView-2, MSI Sentinel-2, and OLCI Sentinel-

3.

Odermatt et al. (2012) provided an overview of different semi-empirical

and empirical bio-optical models for estimating water constituents using

satellite data. The study evaluated different satellite sensors, such as Sea-

Viewing Wide Field-of-View Sensor (SeaWiFS), Moderate Resolution

Imaging Spectroradiometer (MODIS), MEdium Resolution Imaging

Spectrometer (MERIS), Landsat, and Hyperspectral Imager for the Coastal

Ocean (HICO) in order to compare the bio-optical models for chl-a, TSM

and CDOM estimation (Figs. 1.5�1.7).

The Ocean Color (OC) series of models (O’Reilly et al., 2000) were able

to estimate accurately the chl-a concentration in optically complex waters

only for chl-a below 10 mg/m3 (Fig. 1.5). For higher concentrations

(10�100 mg/m3), red-NIR based empirical and semi-empirical models were

able to accurately estimate the chl-a concentration. More detailed insight

into bio-optical modeling of chl-a (phytoplankton) and sun-induced chl-a

fluorescence is provided in Chapter 6 and Chapter 7, respectively.

Fig. 1.6 shows a list of bio-optical models developed between 2006 and

2011 for TSM estimation. Although the study showed that different types of

bio-optical models could be used to retrieve TSM, still there is a strong sen-

sitivity of the models towards the concentration range at which these models

perform accurately. None of the TSM models tested in this study performed

accurately over a broad concentration range (0�1000 mg/m3). The overesti-

mation is because of the effects of chl-a and CDOM which often contribute

to turbidity. A more detailed discussion about bio-optical models involving

TSM (or TSS) estimation is presented in Chapter 5.

CDOM estimation models for SeaWiFS, MERIS, and MODIS

imagery were also reviewed by Odermatt et al. (2012) (Fig. 1.7). They

reported a similar bias in the performance of the models toward the

CDOM range because CDOM absorption wavelength range (blue range) is

usually affected by other water constituents. Chapter 4 of this book

presents a complete review of remote sensing and bio-optical modeling

of CDOM.
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FIGURE 1.5 Performance summary of the semi-empirical and empirical models for chl-a

estimation using various satellite sensors. Source: Figure 1.1 from Odermatt et al. (2012).

FIGURE 1.6 Performance summary of the semi-empirical and empirical models for TSM

estimation using various satellite sensors. Source: Figure 1.2 from Odermatt et al. (2012).
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1.5 BOOK CONTENT

The book contains nine chapters covering key topics on remote sensing of

inland waters. The topics were chosen based on a comprehensive review of

remote sensing literature on inland waters. Remote sensing of inland waters

is a complex problem because of the significant interaction between optically

active constituents. Therefore, a fundamental understanding of the radiative

transfer theory, optical properties of the water constituents, and existing bio-

optical models is required to advance this field of research. This book covers

all these topics in a comprehensive manner.

Chapter 2 provides an overview of radiative transfer theory describing

the physical principles of interaction of light with constituents in the water

column. For understanding the optical properties, such as IOPs and AOPs

and bio-optical models, it is crucial to develop an insight to radiative transfer

theory. The propagation of light through water and its absorption and scatter-

ing due to the interaction with constituents determines the radiant intensity

or reflectance detected by a sensor deployed above or under water, be it in

situ or airborne or space-borne. To decompose these composite reflectance

spectra, one needs to understand the properties of the medium and the con-

stituents in it. Chapter 2 breaks down the mathematical principles behind

radiative transfer by IOPs, AOPs, constituents, geometric parameters, surface

effects, and under water light field in a detail manner. It also provides a

seamless transition to subsequent chapters, which deal with bio-optical

modeling of optically active constituents.

Light received by an airborne or space borne remote sensor includes con-

tributions due to its interactions with gaseous molecules and aerosol particles

FIGURE 1.7 Performance summary of the semi-empirical and empirical models for CDOM

estimation using various satellite sensors. Source: Figure 1.3 from Odermatt et al. (2012).
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in the atmosphere in addition to the light reflected directly from the water

body. The effects of atmospheric interference need to be adequately cor-

rected for prior to applying field-based bio-optical models to remotely sensed

data. Atmospheric correction of remotely sensed data is more challenging for

inland waters than for open ocean waters due to a number of factors.

Chapter 3 lays out the challenges and provides a comprehensive review of

several existing atmospheric correction algorithms for inland waters, with

brief discussions of the basic assumptions underlying each algorithm.

Atmospheric correction chapter is followed by Chapters (4�8) dealing

with bio-optical modeling of water constituents starting with CDOM. CDOM

is the optically active part of carbon. In remote sensing, it can be used as a

proxy of dissolved organic carbon in an aquatic system. CDOM increases

radiative heating of water bodies, limits the amount of light available for pri-

mary production, and protects aquatic life from excessive solar radiation.

Accurate modeling and quantification of CDOM is important in studying the

role of inland waters in global carbon cycle. In addition to providing a broad

overview of the importance of CDOM in inland waters, Chapter 4 discusses

in detail the optical properties of CDOM and architecture of existing empiri-

cal and semi-analytical bio-optical models.

TSS, a proxy for sediment flux, contaminants, and pollutants, plays an

important role in controlling primary productivity in inland waters.

Fortunately, TSS is one of the frequently studied and accurately modeled

water constituents in both inland and coastal waters. Chapter 5 reviews the

optical properties of TSS, mainly absorption and backscattering properties in

several subalpine lakes as case studies. It also discusses a list of models

including empirical and semi-analytical those have been used successfully

before. In addition to field-based models, Chapter 5 also presents scaled-up

model case studies from rivers to deep lakes involving airborne data, and

Landsat-8 and MERIS images.

Similar to TSS, chl-a is another frequently studied water constituent using

remote sensing techniques. Chl-a concentration, a proxy for phytoplankton

biomass and productivity, is one of the most important water quality para-

meters because of its sensitivity and quick response to environmental and

landscape changes. Chapter 6 discusses the theoretical basis of principles for

estimating chl-a using remote sensing measurements via the optical pathways

of absorption, fluorescence, and scattering. It also discusses the challenges in

estimating chl-a in inland waters such as interference from other constituents

and models to address them.

Chapter 7 deals with a different aspect of chl-a estimation using the sun-

induced chl-a fluorescence. This chapter is focused on analyzing the relation-

ship between fluorescence and phytoplankton abundance, CDOM absorption,

and TSS concentration using a four component bio-optical model implemen-

ted on simulated and field remote sensing data. The chapter also discusses

the use and limitations of fluorescence line height algorithms for estimating

chlorophyll from various satellite data including MERIS and MODIS, which
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can be applicable also to Geostationary Ocean Color Imager and Sentinel-3’s

Ocean and Land Color Instrument. The detailed analysis of the models and

remote sensing techniques presented in this chapter are useful for monitoring

sun-induced chl-a fluorescence from water bodies over wide geographic

regions and varied optical properties.

Although chl-a is commonly used for monitoring of algal blooms, remote

estimation of cyanobacterial bloom is generally achieved through PC, a unique

accessory pigment in cyanobacteria. Toxin producing cyanobacteria are a public

health issue and frequent monitoring of these blooms may lead to targeted early

warning systems, which would be extremely beneficial to human and animal

health. Chapter 8 reviews the status of remote sensing of cyanobacteria using

bio-optical models. It expands on the advantages and disadvantages of existing

PC models and evaluates representative algorithms using a large field dataset.

Discussions about the factors affecting the accuracy of the PC models will aid in

developing scale-up techniques allowing their implementation on satellite data.

Submerged aquatic vegetation (SAV) or aquatic macrophytes grow in rel-

atively clear water environments and provide suitable habitats for fish and

zooplankton. They also influence the nutrient and energy cycling and limit

phytoplankton growth. Developing remote sensing techniques to monitor

their status and trend often leads to better water resource management. SAV

can also act as a source of uncertainty for bio-optical models aimed at

estimating water constituents by interfering with the remote sensing reflec-

tance data. Therefore, isolating the SAV contribution in Rrs would lead to

accurate estimation of the optically active water constituents. The final

chapter of this book, Chapter 9 provides an overview of the current research

on remote sensing of SAV. This chapter discuses several important topics,

such as spectral properties of SAV, existing remote sensing models,

application of airborne and space-borne data in mapping SAV biophysical

properties, and need for regional assessment and global monitoring.

The content of this book summarizes the progress that has been made so

far by remote sensing community worldwide on the broad topic of “remote

sensing of inland waters.” Although the bio-optical modeling of different

water constituents is the main topic of this book, physical understanding of

necessary theories to carry out bio-optical modeling, such as radiative trans-

fer theory and atmospheric correction are also presented. Since it is a rela-

tively new area of remote sensing research, there are several challenges that

will not be easily solved, such as the development of robust and widely

applicable radiative transfer models for inland waters. Nevertheless, the book

discusses the theory and current state of the art in remote sensing of inland

waters considering the availability of sensors with an adequate spatial, spec-

tral, temporal, and radiometric resolution in future. The potential of these

methods coupled with current and future satellite missions will enhance the

opportunity to create an operational system or protocol for monitoring inland

waters using remote sensing technologies.
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