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Abstract: Remote sensing of riverbed compositions could enable advances in hydro-morphological
and habitat modeling. Substrate mapping in fluvial systems has not received as much attention as in
nearshore, optically shallow inland, and coastal waters. As finer spatial-resolution image data become
more available, a need emerges to expand research on the remote sensing of riverbed composition.
For instance, research to date has primarily been based on spectral reflectance data from above the
water surface without accounting for attenuation by the water-column. This study analyzes the
impacts of water-column correction for substrate mapping in shallow fluvial systems (depth < 1 m).
To do so, we performed three different experiments: (a) analyzing spectroscopic measurements in a
hydraulic laboratory setting, (b) simulating water-leaving radiances under various optical scenarios,
and (c) evaluating the potential to map bottom composition from a WorldView-3 (WV3) image of
a river in Northern Italy. Following the retrieval of depth and diffuse attenuation coefficient (Kd),
bottom reflectances were estimated using a water-column correction method. The results indicated
significant enhancements in streambed maps based on bottom reflectances relative to maps produced
from above-water spectra. Accounting for deep-water reflectance, embedded in the water-column
correction, was demonstrated to have the greatest impact on the retrieval of bottom reflectance in
NIR bands, when the water column is relatively thick (>0.5 m) and/or when the water is turbid. We
also found that the WV3’s red-edge band (i.e., 724 nm) considerably improved the characterization of
submerged aquatic vegetation (SAV) densities from either above-water or retrieved bottom spectra.
This study further demonstrated the feasibility of mapping SAV density classes from a WV3 image of
the Sarca River in Italy by retrieving the bottom reflectances.

Keywords: substrate; aquatic vegetation; bottom reflectance; water-column correction; river;
spectroscopy; radiative transfer; WorldView-3

1. Introduction

Consistent, accurate, and timely information on riverbed conditions is critical for management of
fluvial systems [1–4]. Bottom type/composition, along with the topography of the riverbed, affects flow
and sediment transport and provides physical habitat [3,5]. For instance, submerged aquatic vegetation
(SAV) plays a critical role in structuring ecological, morphological, and hydraulic conditions of riverine
environments. SAV provides habitat for a wide range of aquatic fauna such as fish, waterfowl, shellfish,
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and invertebrates [6] and can be considered as an indicator of water quality and general stream
health [3,7]. Moreover, accounting for the presence of SAV is of particular importance in hydraulic and
morphodynamic modeling [8].

Conventional methods of collecting information on riverbed composition are costly, time-consuming,
and spatially and temporally sparse [9–11]. Remote sensing approaches can provide an efficient means
of characterizing fluvial systems across large spatial and temporal extents [2,12,13]. From a remote
sensing point of view, a riverbed can be characterized based on its geometrical and spectral features.
Applications of through-water photogrammetry techniques using aerial and close-range imagery have
long been used to analyze riverbed geometry and topography [1]. More recently, bathymetric light
detection and ranging (LiDAR) technology [14,15] and structure-from-motion (SfM) photogrammetry
using unmanned aerial vehicles (UAVs) [2] have been incorporated into analyses of bed topography.
However, spectral-based analysis has been mostly limited to bathymetry, so characterization of bottom
types and compositions has not been fully explored in riverine environments [3,16].

In spite of a sound background established by coastal studies, remote sensing of bottom properties
in the context of riverine systems requires significant additional research [3,10]. Supervised classification
was used to map nuisance green algae using RGB images acquired by a UAV [17]. Object-based analyses
were also used to discriminate submerged macrophyte species from very high-resolution terrestrial
and UAV images [10]. Anker et al. [18] claimed that spatial resolution is more important than spectral
resolution for mapping macrophyte cover in a small stream by comparing aerial digital photography and
hyperspectral imagery (4 cm vs. 1 m spatial resolution, respectively). However, most previous research
has been based upon above-water reflectance data that do not account for water-column attenuation [3].
The above-water reflectances/radiances are influenced by the attenuation of light through the water
column that can be a limiting factor for characterization and classification of substrate types in
optical imagery [10]. More recently, Legleiter et al. [3] examined the possibility of retrieving bottom
reflectances by accounting for depth and attenuation effects. They measured the diffuse attenuation
coefficient (Kd) directly in the field and then retrieved bottom reflectances to classify sediment facies
and algal density in the Snake River (Wyoming, USA) from field spectra and airborne hyperspectral
imagery. Their preliminary results indicated no improvements in riverbed classification accuracy using
bottom reflectances rather than above-water reflectances. However, there is still a need to further
investigate the effects of water-column attenuation in various optical conditions such as variable
inherent optical properties (IOPs), bottom types, and water depths [3]. In general, the relatively coarse
spatial resolution (i.e., 30 m) of publicly available satellite imagery has been a key barrier in studying
fluvial systems [10,19]. With the increasing availability of high resolution satellite imagery, applications
of satellites have recently been expanded to riverine environments as well [3,20–23]. With the private
sector involved in Earth-imaging, such as Planet Labs and DigitalGlobe, high-resolution image data
are more likely to be used more frequently for management and decision-making [24].

The primary goal of this manuscript is to perform a comprehensive analysis on the impacts
of water-column correction for the remote sensing of bottom types in fluvial systems. In this
context, three different experiments were conducted: analyzing spectroscopic measurements in a
hydraulic laboratory setting, performing radiative transfer simulations, and evaluating WV3 imagery
for mapping riverbed composition. Our objectives were to (1) examine an approach for estimation
of Kd in shallow rivers using above-water reflectances over a range of in-situ/known depths, which
enables water-column correction for the bottom reflectance retrieval, (2) assess bottom-type mapping
and SAV retrievals before and after accounting for water-column attenuation, (3) examine the utility
of WV3’s eight visible-near-infrared (VNIR) bands compared to four-band GeoEye data for mapping
substrate properties, and (4) characterize the areal density of SAVs using a WV3 image of the Sarca
River in Northern Italy.

The following section introduces the study area and the datasets associated with the three
experiments. The methodology of our study is introduced in Section 3. We then elaborate on the
experiments and the corresponding results in Section 4. Section 5 includes an overall discussion of the
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results and the implications for substrate mapping in fluvial systems. The manuscript concludes in
Section 6 with a summary of our investigations and a number of recommendations for future studies.

2. Study Area and Datasets

To perform an application-relevant analysis, the three experiments were designed based on the
hydro-geomorphological and optical properties of the Sarca River. The Sarca River is a very shallow
river in the Italian Alps supplied with meltwater from the Adamello glaciers and flowing into Lake
Garda (Figure 1). The riverbed in the study area is composed of gravels (primarily dolomite) with
patches of SAV. The mean channel width is about 30 m and the water depth <1 m with an average of
about 0.5 m in the study region. The ranges of water column constituents are available from long-term
measurements in the study area [25].
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Figure 1. (a) The Sarca River located in Northeast Italy and main bottom types including (b) gravels
composed of dolomite and (c) patches of submerged aquatic vegetation (SAV).

To perform a comprehensive assessment of the bottom reflectance retrieval methodology, this
study applied three different radiometric datasets: one measured in a laboratory, one simulated
using Hydrolight radiative transfer modeling [26], and one collected by the WV3 satellite sensor.
The laboratory experiments allowed for controlled measurements of surface reflectance for flowing
water with different SAV densities. The simulated spectra enabled an assessment of streambed
mapping in a range of bottom types, water depths, and water column constituents representative of a
wide range of optical conditions. The multispectral WV3 image of the Sarca River was also used to
classify SAV densities to assess the feasibility and effectiveness of water-column correction from space.
The measured and simulated reflectances were convolved with spectral responses of WV3 and GeoEye
sensors (Table 1).

Table 1. Multispectral band designations for GeoEye and WV3 sensors [27].

GeoEye WV3

Band Center Wavelength
(nm)

Bandwidth
(nm) Band Center Wavelength

(nm)
Bandwidth

(nm)

Blue (B) 484 76 Coastal-Blue (CB) 426 60
Green (G) 547 81 Blue (B) 481 72

Red (R) 676 42 Green (G) 547 79
NIR 851 156 Yellow (Y) 605 49

Red (R) 661 70
Red Edge (RE) 724 51

NIR1 832 134
NIR2 948 182
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Table 2 provides a summary of datasets while more details regarding the experiments are provided
in Section 4. The constituents are described in terms of concentrations of total suspended sediment
(TSS), chlorophyll-a (Chl-a), and the absorption of colored dissolved organic mater at 440 nm (aCDOM

(440)).

Table 2. Datasets used in this study and their specifications.

Dataset Spectral Characteristics Bottom Types Water Depths Constituents

Laboratory
Spectroradiometric data with
1 nm resolution convolved to

WV3 and GeoEye bands

Non-vegetated
gravel, SAV with
different densities

0 to 0.4 m with 1
cm intervals

Clear water with low TSS
(~2 g/m3)

Synthetic
Hydrolight simulations with

10 nm resolution convolved to
WV3 and GeoEye bands

Sediment,
Macrophyte and

Dolomite

0 to 1 m with 2 cm
intervals

TSS = 2–6 g/m3

Chl-a = 1–5 mg/m3

aCDOM (440) = 0.07–0.22 m−1

Satellite 8-band WV3 image SAV with different
densities 0 to 0.8 m

TSS ~ 3 g/m3

Chl-a ~ 2 mg/m3

aCDOM (440) ~ 0.09 m−1

3. Methods

3.1. Water-Column Correction

The early work of Lyzenga [28,29] provided a physical basis for water-column correction and
estimation of depth-invariant indices to map bottom properties in coastal settings. A review of bottom
mapping techniques developed for remote sensing of coral reefs, algae, and seagrass is provided in [30].
Bottom mapping has been poorly studied in the context of fluvial systems and has mostly been based on
above-water reflectances, which neglect the attenuation effects of the water column. The first attempt
to apply existing water-column correction techniques in a riverine environment was the work by
Legleiter et al. [3] based on limited, field-based spectral measurements. Their results demonstrated that
sediment facies and algal densities can be characterized via their spectral information and suggested
that retrieving bottom reflectances was not necessary. However, they indicated that the results were
based on subjective interpretations of substrate images and suggested that more systematic studies,
including radiative transfer modeling, would be needed to explore the potential for bottom reflectance
retrieval. This research attempts to employ similar physics-based approaches to map bottom types
using spectral reflectance data. In this study, the bottom reflectance retrieval is assisted by estimating Kd
from image data using known water depths to eliminate the need for field-based spectral measurements
carried out by the previous work [3].

The remote sensing reflectance (Rrs), defined as the ratio of the water-leaving radiance to the
total downwelling irradiance just above the water surface, is an apparent optical property critical for
analysis of optical imagery over water bodies [31–33]. Radiometric and atmospheric corrections are
required to derive Rrs from top of atmosphere (TOA) radiances [32]. Note that reflectances/radiances
and Kd are all wavelength (λ)-dependent; however, we drop λ for brevity in the text while retaining it
in equations. Remote sensing reflectance just beneath the water surface (rrs) can then be estimated to
account for transmission and refraction at the air–water interface [3,34]:

rrs(λ) =
Rrs(λ)

0.52 + 1.7Rrs(λ)
. (1)

Thereafter, the remote sensing reflectance of bottom (rB
rs) can be estimated according to the

following equation [3,35,36]:

rB
rs(λ) =

rrs(λ)− R∞
rs(λ)

[
1− e−2Kd(λ)d

]
e−2Kd(λ)d

(2)
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where R∞
rs denotes the remote sensing reflectance of optically deep water (i.e., negligible

bottom-reflected radiance). The parameter Kd is the spectral diffuse attenuation coefficient that
characterizes the propagation of light through the water column [34]. Legleiter et al. [3] estimated
Kd by directly measuring a vertical profile of downwelling irradiance within a water column
using a spectroradiometer with waterproof accessories. In this study, we solved for Kd using
water-leaving reflectances observed for different known depths and a homogeneous bottom type
adapted from [37–39]. For a small reach of river with a homogeneous bottom type, differences in
bottom reflectance can be assumed negligible for a given pair of pixels, i.e., rB1

rs = rB2
rs . Kd can then be

estimated by rearranging Equation (2) for each pair of pixels with different water depths (d1, d2):

Kd(λ) =
ln
(

rrs2(λ)−R∞
rs (λ)

rrs1(λ)−R∞
rs (λ)

)
2(d1 − d2)

. (3)

This approach for estimating Kd requires Rrs coupled with corresponding depth information.
Water depth can be measured in the field or inferred from the image. Note that the depth samples for
the estimation of Kd should be selected from a reach with a uniform substrate. However, the water
depth of each individual pixel is required to estimate rB

rs (Equation (2)), which can be retrieved from an
image using bathymetry models such as Lyzenga’s model [28,29], a band ratio model [40], optimal
band ratio analysis (OBRA) [41,42], or multiple optimal depth predictors analysis (MODPA) [13].

We estimated water depths using MODPA, previously developed in the Sarca River, a method that
has been proven to provide robust bathymetry retrievals with respect to substrate variability and water
column heterogeneity [13]. MODPA initially increases the spectral domain of the original image by adding
intensity components from RGB to the hue–saturation–intensity (HSI) transformations. All possible
Lyzenga (Equation (4)) and ratio (Equation (5)) predictors of the produced high-dimensional image are
then considered as candidate variables for a multiple regression bathymetry model. MODPA selects
optimal predictors (XLyzenga_Opt, XRatio_Opt) among all the candidates based on a feature selection method
such as partial least square (PLS) regression to form the bathymetric model (Equation (6)). The unknown
parameters of the model (ai, b) can be estimated by performing a multiple regression between m optimal
predictors and in-situ depths (d). Note that reflectances can be replaced with radiances in Equations (4)
and (5) [12,20] for which Rrs was utilized in this study.

XLyzenga = ln(LT(λ)− L∞(λ)), L∞(λ) = LC(λ) + LS(λ) + LP(λ) (4)

XRatio = ln
LT(λ1)

LT(λ2)
(5)

d =
m

∑
i = 1

aiXi + b, X ∈
{

XLyzengaOpt , XRatioOpt
}

. (6)

The radiance observed over optically deep waters (L∞) encompasses upwelling radiance from
the water column (LC), water surface (LS), and atmosphere (LP). Subtraction of L∞ from the TOA
radiance (LT), known as a deep-water correction, isolates the radiance component upwelling from the
bottom and can provide information about depth and substrate properties [29,42]. Correctly applying a
deep-water correction is challenging in fluvial systems due to the lack of optically deep pixels. However,
the effects of deep-water correction become important when the total radiance signal approaches the
deep-water signal (i.e., the bottom-reflected signal becomes negligible). In shallow and clear rivers
where bottom reflectance makes a larger contribution to the TOA radiance, deep-water correction has
been dispensed in some applications such as bathymetric mapping [13,38,43,44]. However, the remote
sensing reflectance of optically deep water (R∞

rs) is also required to estimate Kd and bottom reflectance
(Equations (2) and (3)). Legleiter et al. [3] collected spectra from the deepest part of the channel (~2 m
deep) to obtain an estimate R∞

rs for performing a water-column correction. However, this assumption
is subject to significant uncertainties in clear or very shallow streams where bottom-reflected radiances
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are dominant. Flener [44] proposed an iterative procedure to estimate L∞ or R∞
rs in shallow rivers that

lack optically deep water: L∞ or R∞
rs can initially be estimated using a first-guess and modified in an

iterative process such that the correlation between image/spectra-derived quantities (X) and the water
depths (d) is maximized. This research has utilized Flener’s method [44] for estimating R∞

rs to assess its
impact on retrieval of Kd and bottom reflectance.

Figure 2 illustrates the overall workflow for mapping bottom types without and with
water-column correction, i.e., using (A) above-water reflectances and (B) retrieved bottom reflectances.
The bottom information extracted from these two approaches is then compared to the reference data
available from simulations or measured at the laboratory/field. The next subsection describes the
methodology for classification of bottom classes and SAV densities.Remote Sens. 2019, 11, x FOR PEER REVIEW 7 of 22 

 

 
Figure 2. Flowchart for streambed mapping and delineation of SAV (A) before and (B) after 
water-column correction. The depth information required for 𝐾  estimations can be collected either 
in the field or derived from image/spectra (shown by dashed lines). 

3.2. Classification of Bottom-Type and SAV Densities 

The application of supervised classification would be challenging in terms of collecting benthic 
samples for training the models. To broaden the applicability of our substrate mapping 
methodology, the k-means algorithm [45], a frequently used unsupervised classifier, was applied to 
both above-water and retrieved bottom reflectances to map riverbed clusters. The labels were then 
assigned to the clusters based on interpretation of the spectra associated with the clusters’ centers. 

This research also investigates the effectiveness of widely used terrestrial and aquatic 
vegetation indices (VIs) for detecting and quantifying SAVs in shallow rivers. VIs with different 
band combinations were examined to identify the SAVs with different densities before and after 
water-column correction. WV3 is equipped with a red-edge (RE) band and has two NIR bands (NIR1 
and NIR2), which collectively allow for evaluating more VIs compared to four-band imagery such as 
GeoEye data. 

The normalized difference vegetation index (NDVI) is a commonly used index [46,47] for 
examining properties of terrestrial vegetation (Table 3). The attenuation by the water-column, 
however, can influence the water-leaving radiance to varying degrees depending on depth, bottom 
properties, and IOPs. More specifically, the sharp increase in reflectance within red to NIR transition 
spectrum becomes attenuated due to strong pure water absorption in the NIR region [48]. Recently, 
a water-adjusted vegetation index (WAVI) (see Table 3) has been suggested to account for the 
background water response [11]. However, this index was developed and tested only in a few lakes. 

Depths over a homogenous 

bottom type

Remote sensing reflectance 
beneath the surface 𝑟 (Eq. 1)

Estimation of diffuse attenuation 
coefficient 𝐾 with/without 
accounting for 𝑅 (Eq. 3)

Bottom reflectance 
retrieval with/without 

accounting for 𝑅 (Eq. 2)

Clustering of streambed 
or applying VIs

Map of bottom types 
or SAV densities

B

A
Remote sensing 
reflectance (𝑅 )

Water depths (d)

Bottom reflectance 

Spectral dataIn-situ/known depths

Bathymetry model 
(Eqs. 4, 5, and 6)

Figure 2. Flowchart for streambed mapping and delineation of SAV (A) before and (B) after
water-column correction. The depth information required for Kd estimations can be collected either in
the field or derived from image/spectra (shown by dashed lines).

3.2. Classification of Bottom-Type and SAV Densities

The application of supervised classification would be challenging in terms of collecting benthic
samples for training the models. To broaden the applicability of our substrate mapping methodology,
the k-means algorithm [45], a frequently used unsupervised classifier, was applied to both above-water
and retrieved bottom reflectances to map riverbed clusters. The labels were then assigned to the
clusters based on interpretation of the spectra associated with the clusters’ centers.
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This research also investigates the effectiveness of widely used terrestrial and aquatic vegetation
indices (VIs) for detecting and quantifying SAVs in shallow rivers. VIs with different band combinations
were examined to identify the SAVs with different densities before and after water-column correction.
WV3 is equipped with a red-edge (RE) band and has two NIR bands (NIR1 and NIR2), which collectively
allow for evaluating more VIs compared to four-band imagery such as GeoEye data.

The normalized difference vegetation index (NDVI) is a commonly used index [46,47] for examining
properties of terrestrial vegetation (Table 3). The attenuation by the water-column, however, can influence
the water-leaving radiance to varying degrees depending on depth, bottom properties, and IOPs. More
specifically, the sharp increase in reflectance within red to NIR transition spectrum becomes attenuated
due to strong pure water absorption in the NIR region [48]. Recently, a water-adjusted vegetation
index (WAVI) (see Table 3) has been suggested to account for the background water response [11].
However, this index was developed and tested only in a few lakes. In this study, alternative NDVI and
WAVI were computed by replacing the traditional NIR band (~851 nm for GeoEye) with RE and NIR2
bands of WV3 (Table 3).

Table 3. Vegetation indices (VIs) used to study SAV.

VIs Original Formula Alternative WV3 Band Combinations

Terrestrial WAVI =
RNIR − RR
RNIR + RR

(NIR1, R), (NIR2, R), (RE, R)

Aquatic WAVI = 1.5
RNIR − RB

RNIR + RB + 0.5
(NIR1, B), (RE, B)

VIs such as the NDVI are widely used as indicators for fractional vegetation coverage [49,50].
To evaluate the effectiveness of VIs for quantifying SAV densities, using simulated data, regression
analyses were performed for various VIs and SAV fractions. In addition, the clustering of VIs to
distinguish among SAV density classes was evaluated using laboratory and WV3 data.

3.3. Accuracy Assessment

The root mean square errors (RMSEs) were calculated to assess the retrievals of bottom reflectance
(RB) and Kd (RMSE_R and RMSE_Kd, respectively). Here, we assumed that the bottom is Lambertian
for converting the rB

rs to the unitless reflectance, i.e., RB = π × rB
rs [51]. Note that this assumption is

subject to uncertainty due to probable non-Lambertian behavior of the riverbed. However, this does
not affect the relative comparison of the spectra as R is a factor of rB

rs.

RMSE_R =

√
∑n

i = 1
(

RB,re f erence(λi)− RB,retrieved(λi)
)2

n
(7)

RMSE_Kd =

√√√√∑n
i = 1

(
Kre f erence

d (λi)− Kretrieved
d (λi)

)2

n
(8)

where the “reference” superscript refers to known parameters from either simulations or measurements.
The estimated parameters are denoted by a “retrieved” superscript. n is the number of bands for which
visible (λ < 700 nm) and NIR (λ > 700 nm) bands were analyzed separately in this study. Note that
RMSE_R is unitless, while RMSE_Kd has units of 1/m.

Statistics derived from a confusion matrix were also used for the assessment of substrate classes.
For a classified map, overall accuracy is the number of correctly classified pixels divided by the total
number of pixels. The kappa statistic is a measure of how the classification results compare to class
allocations assigned by chance, which is a pessimistic estimation of accuracy. The producer accuracy
provides a measure of accuracy for each individual class by calculating the fraction of correctly
classified pixels of a given class with respect to the total number of reference pixels for the same class.



Remote Sens. 2019, 11, 262 8 of 21

The user accuracy presents the reliability of each class and is calculated as the fraction of correctly
classified pixels of a given class with respect to the total number of pixels labeled as the same class in
the classified map [46].

4. Experiments and Results

The Kd and bottom reflectance retrieval methods were applied to the datasets described in
Section 2 and the associated analyses and results are presented in the following subsections. An overall
evaluation of the results is then provided in the discussion section. Note that, hereafter, the spectral
parameters are distinguished for each experiment using Lab, Sim and WV3 superscripts for laboratory,
simulated, and WV3 data, respectively (e.g., RSim

rs stands for the simulated Rrs).

4.1. Laboratory Radiometric Measurements

To quantify water-leaving reflectance under various conditions, including depth and bottom
type, spectroscopic measurements were performed in a flume at the University of Trento’s hydraulic
laboratory. Spectral reflectance measurements were acquired in a darkroom with an Analytical
Spectral Devices (ASD) HandHeld 2 spectroradiometer operating within the 325–1075 nm spectral
range. A standard ASD illuminator was used to produce a highly stable light source across the full
visible/NIR spectral range. The spectral data were recorded by pointing a fiber optic jumper cable in
a near-nadir viewing angle 30 cm above the water surface. The sensor’s field of view was adjusted
to sample a cell in the center of the channel to avoid any adjacency effects associated with the flume
sidewalls. The illumination geometry was modified to eliminate instrument self-shading over the
flume [52]. Three spectra were recorded for each flow condition by averaging 25 individual samples.
Radiometric calibrations including white reference and dark current observations were updated before
each set of measurements to collect data in reflectance mode.

Four sets of data were collected over different bottom types, including a non-vegetated gravel bed
and three SAV densities (high, medium, and low). For each set, dry bottom reflectance (representing
exposed material) was first measured as the reference bottom reflectance. Measurements were then
continued with 1 cm increments in the water level up to 40 cm. Figure 3 shows the hydraulic flume
and the configuration of spectroscopic measurements.

Remote Sens. 2019, 11, x FOR PEER REVIEW 9 of 22 

 

laboratory. Spectral reflectance measurements were acquired in a darkroom with an Analytical 
Spectral Devices (ASD) HandHeld 2 spectroradiometer operating within the 325–1075 nm spectral 
range. A standard ASD illuminator was used to produce a highly stable light source across the full 
visible/NIR spectral range. The spectral data were recorded by pointing a fiber optic jumper cable in 
a near-nadir viewing angle 30 cm above the water surface. The sensor’s field of view was adjusted to 
sample a cell in the center of the channel to avoid any adjacency effects associated with the flume 
sidewalls. The illumination geometry was modified to eliminate instrument self-shading over the 
flume [52]. Three spectra were recorded for each flow condition by averaging 25 individual samples. 
Radiometric calibrations including white reference and dark current observations were updated 
before each set of measurements to collect data in reflectance mode. 

Four sets of data were collected over different bottom types, including a non-vegetated gravel 
bed and three SAV densities (high, medium, and low). For each set, dry bottom reflectance 
(representing exposed material) was first measured as the reference bottom reflectance. 
Measurements were then continued with 1 cm increments in the water level up to 40 cm. Figure 3 
shows the hydraulic flume and the configuration of spectroscopic measurements. 

Figure 3. (a) The setup for spectroscopic experiments on the hydraulic flume and the spectral 
measurements of (b) SAV with high density and (c) the white reference. The spectral reflectances 
were recorded from above the water surface within the 325–1075 nm range using a fiber optic cable 
connected to an ASD HandHeld 2 spectroradiometer. 

The reflectances (𝑅 ) collected over the water surface were converted to 𝑅  and convolved 
with GeoEye (𝑅 , ) and WV3 (𝑅 , ) spectral band passes. 𝑅  along with the bathymetry 
data collected over a non-vegetated gravel bed were then used to estimate 𝐾  (Equation (3)). 𝑟  
was then retrieved using Equation (2).  

The above-water reflectances are shown with the associated retrieved bottom reflectances in 
Figure 4a, allowing for a comparison of 40-cm-deep water at low, medium, and high densities of 
SAV. The characteristic feature of vegetation is evident on the retrievals of bottom reflectances. 
However, this feature is significantly attenuated for above-water spectra such that the feature 
completely disappears for the low-density SAV. The retrieved bottom reflectance showed good 
agreement (Equations (7) and (8)) with the measured reflectances, particularly across the visible 
spectrum, and the deep-water correction slightly improved the results (Figures 4b,c). The retrievals 
from 𝑅 ,  (Figure 4c) led to slightly lower RMSEs over the NIR spectrum compared to those from 𝑅 ,  (Figure 4b). This is because WV3 includes an additional band (NIR2; Table 1) spanning 
over longer NIR wavelengths where pure water absorption is much stronger. The error bars in 
Figure 4 indicate the effects of the changing water level, i.e., the smaller the error bars, the better the 
water-column correction. Note that RMSEs have been estimated using five visible bands (λ < 700 
nm) and three NIR bands (λ > 700 nm) using 𝑅 , . The RMSEs of reflectance retrievals (i.e., 𝑅𝑀𝑆𝐸_𝑅) for high-density SAV were slightly higher (~0.01) in the NIR spectrum, particularly when 
the deep-water correction was not applied. This can be attributed to strong attenuation of the 
vegetation feature in the NIR region caused by pure water absorption. However, deep-water 
correction mitigated this effect. 

Figure 3. (a) The setup for spectroscopic experiments on the hydraulic flume and the spectral
measurements of (b) SAV with high density and (c) the white reference. The spectral reflectances
were recorded from above the water surface within the 325–1075 nm range using a fiber optic cable
connected to an ASD HandHeld 2 spectroradiometer.

The reflectances (RLab) collected over the water surface were converted to RLab
rs and convolved

with GeoEye (RLab,G
rs ) and WV3 (RLab,WV3

rs ) spectral band passes. RLab
rs along with the bathymetry data

collected over a non-vegetated gravel bed were then used to estimate Kd (Equation (3)). rB
rs was then

retrieved using Equation (2).
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The above-water reflectances are shown with the associated retrieved bottom reflectances in
Figure 4a, allowing for a comparison of 40-cm-deep water at low, medium, and high densities of SAV.
The characteristic feature of vegetation is evident on the retrievals of bottom reflectances. However, this
feature is significantly attenuated for above-water spectra such that the feature completely disappears
for the low-density SAV. The retrieved bottom reflectance showed good agreement (Equations (7)
and (8)) with the measured reflectances, particularly across the visible spectrum, and the deep-water
correction slightly improved the results (Figure 4b,c). The retrievals from RLab,G

rs (Figure 4c) led to
slightly lower RMSEs over the NIR spectrum compared to those from RLab,WV3

rs (Figure 4b). This is
because WV3 includes an additional band (NIR2; Table 1) spanning over longer NIR wavelengths
where pure water absorption is much stronger. The error bars in Figure 4 indicate the effects of the
changing water level, i.e., the smaller the error bars, the better the water-column correction. Note that
RMSEs have been estimated using five visible bands (λ < 700 nm) and three NIR bands (λ > 700 nm)
using RLab,WV3

rs . The RMSEs of reflectance retrievals (i.e., RMSE_R) for high-density SAV were slightly
higher (~0.01) in the NIR spectrum, particularly when the deep-water correction was not applied.
This can be attributed to strong attenuation of the vegetation feature in the NIR region caused by pure
water absorption. However, deep-water correction mitigated this effect.Remote Sens. 2019, 11, x FOR PEER REVIEW 10 of 22 

Figure 4. (a) Spectra characterized by different SAV densities before and after water-column 
correction (𝑅 ,  vs. 𝑟 , ). RMSEs for the retrieved bottom reflectances (unitless) with (WD) 
and without (WoD) applying deep-water correction across visible and NIR bands (Equation (7)) 
using (b) 𝑅 ,  and (c) 𝑅 , . Error bars (standard deviation of 𝑅𝑀𝑆𝐸_𝑅) indicate the effect of 
variable water depth. 

Using either above-water spectral measurements 𝑅 or retrieved bottom reflectances 𝑟 ,
for various SAV densities, original and alternative NDVIs and WAVIs (Table 3) were computed. The 
VIs derived from each band combination led to thematic clusters associated with the four SAV 
densities (see Figure 5; each SAV density is shown with a different color). The thematic clusters of
VIs derived from 𝑅 show considerable overlap, which reduces separability among different SAV 
densities. To further elaborate, the k-means algorithm was applied to VIs to automatically cluster 
them into four classes. The clusters were ranked based on the average magnitude of the calculated
VIs and accordingly were assigned to SAV density classes (i.e., the higher the VI magnitude, the
higher the SAV density). The overall accuracies and the kappa coefficients are presented for VIs with
different band combinations (Figure 5). The VIs built upon the RE band demonstrated better
performance compared to other band combinations using 𝑅 . More specifically, the (RE, R) band 
combination yielded the highest accuracy with 92% overall accuracy and kappa coefficient of 89%. 
The aquatic VIs provided no further benefit for clustering SAV densities using 𝑅 . The clusters 
obtained from 𝑟 , indicated remarkable distinctions among SAV densities for all the band
combinations (Figure 5b). In addition, the clusters are very compact, suggesting minimal impact of 
varying water depth; this result confirms successful correction of water-column effects. However, 
these results are based on observations which were limited to a maximum depth of 40 cm with 
minimal constituent loads (see Table 3). The results based on water-column correction (Figure 5b) 
are shown only for the case without applying the deep-water correction, as no more enhancements 
were required for clustering the SAVs. 

Figure 5. Evaluating the effectiveness of VIs in clustering SAVs with different densities in laboratory 
experiments. k-means clustering is applied on VIs with different band combinations (a) before and 
(b) after water-column correction. Zero-density SAVs stand for non-vegetated gravel bed. OA: 
overall accuracy; K: kappa coefficient.

4.2. Radiative Transfer Simulations

0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

400 500 600 700 800 900 1000

Re
fle

ct
an

ce

Wavelength (nm)

High
Medium
Low

SAV density

Before
After

(a)

0

0.01

0.02

0.03

0.04

0.05

Gravel High-density SAV

RM
SE

Bottom type

Visible WoD Visible WD
NIR WoD NIR WD

(b)

0

0.01

0.02

0.03

0.04

0.05

Gravel High-density SAV

RM
SE

Bottom type

(c)

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

0 1 2 3 4 5

VI
 va

lu
es

Spectral bands used in VI

High
Medium
Low
Zero

(NIR1,R) (NIR2,R)       (RE,R)       (NIR1,B) (RE,B)

O
A=

 7
5 

%
, K

= 
67

 %

O
A=

 6
7 

%
, K

= 
56

 %

O
A=

 9
2 

%
, K

= 
89

 %

O
A=

 5
8 

%
, K

= 
44

 %

O
A=

 7
5 

%
, K

= 
67

 %

SAV density
(a)

-0.8

-0.6

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1

0 1 2 3 4 5

VI
 va

lu
es

Spectral bands used in VI

O
A=

 1
00

 %
,K

= 
10

0 
%

O
A=

 1
00

 %
,K

= 
10

0 
%

O
A=

 1
00

 %
,K

= 
10

0 
%

O
A=

 1
00

%
,K

= 
10

0 
%

O
A=

 1
00

 %
,K

= 
10

0 
%

(NIR1,R) (NIR2,R)      (RE,R)        (NIR1,B) (RE,B)

(b)

Figure 4. (a) Spectra characterized by different SAV densities before and after water-column correction
(RLab,WV3

rs vs. rB,WV3
rs ). RMSEs for the retrieved bottom reflectances (unitless) with (WD) and without

(WoD) applying deep-water correction across visible and NIR bands (Equation (7)) using (b) RLab,WV3
rs

and (c) RLab,G
rs . Error bars (standard deviation of RMSE_R) indicate the effect of variable water depth.

Using either above-water spectral measurements RLab
rs or retrieved bottom reflectances rB,Lab

rs for
various SAV densities, original and alternative NDVIs and WAVIs (Table 3) were computed. The VIs
derived from each band combination led to thematic clusters associated with the four SAV densities
(see Figure 5; each SAV density is shown with a different color). The thematic clusters of VIs derived
from RLab

rs show considerable overlap, which reduces separability among different SAV densities.
To further elaborate, the k-means algorithm was applied to VIs to automatically cluster them into
four classes. The clusters were ranked based on the average magnitude of the calculated VIs and
accordingly were assigned to SAV density classes (i.e., the higher the VI magnitude, the higher the
SAV density). The overall accuracies and the kappa coefficients are presented for VIs with different
band combinations (Figure 5). The VIs built upon the RE band demonstrated better performance
compared to other band combinations using RLab

rs . More specifically, the (RE, R) band combination
yielded the highest accuracy with 92% overall accuracy and kappa coefficient of 89%. The aquatic
VIs provided no further benefit for clustering SAV densities using RLab

rs . The clusters obtained from
rB,Lab

rs indicated remarkable distinctions among SAV densities for all the band combinations (Figure 5b).
In addition, the clusters are very compact, suggesting minimal impact of varying water depth; this
result confirms successful correction of water-column effects. However, these results are based on
observations which were limited to a maximum depth of 40 cm with minimal constituent loads (see
Table 3). The results based on water-column correction (Figure 5b) are shown only for the case without
applying the deep-water correction, as no more enhancements were required for clustering the SAVs.
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Figure 5. Evaluating the effectiveness of VIs in clustering SAVs with different densities in laboratory
experiments. k-means clustering is applied on VIs with different band combinations (a) before and
(b) after water-column correction. Zero-density SAVs stand for non-vegetated gravel bed. OA: overall
accuracy; K: kappa coefficient.

4.2. Radiative Transfer Simulations

Simulated spectra produced by radiative transfer modeling have been used previously for studying
bathymetry retrieval in shallow rivers [12,13,42,53]. Building on this approach, we utilized simulated
spectra to gain insight into streambed mapping in shallow riverine environments. To investigate
the effectiveness of water-column correction for varying IOPs and bottom types, we simulated the
optical properties (Table 2) and generated substrate spectral mixtures for a reach of the Sarca River.
The Rrs as well as the associated Kd were simulated with the widely used Hydrolight radiative transfer
model [26,51] for three different bottom types (macrophyte, dark sediment, and dolomite) as well
as a range of water column constituents representative of the Sarca River and similar alpine rivers.
Maximum and minimum values of the constituents were selected based on long-term observations of
water quality indicators documented by local environmental agencies [25]. A database of simulations
was produced including more than 20,000 individual spectra (Table 2).

The bathymetry of a reach of the Sarca River was derived from the WV3 image using MODPA [13]
and used as a basis for the simulations (Figure 6a). Only a randomly selected 1% of the entire
channel depths (about 50 pixels) were used to calibrate the MODPA model and the remaining known
depths were reserved for validating the bathymetry model (Figure 6b). The resultant coefficient of
determination (R2) of 0.99 and an RMSE of 0.01 m indicated the robustness of the depth retrieval
method with respect to the variability in constituents and substrate types within the channel (Figure 6).
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Figure 6. (a) The bathymetry map retrieved for the simulated channel using RSim_Channel,WV3
rs and

(b) match-up validation.
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The channel was divided into three segments with different concentrations of constituents from
clear to turbid water (constituents associated with each of the segments are shown in Figure 7c). Each
segment has one dominant bottom type (Figure 7b) but is mixed with up to 50% of two other bottom
types. Note that Rrs spectra were first simulated considering pure bottom types. The spectra for
constant/known water depths (d) and constituents, and only with different bottom types (i.e., RB1

rs ,
RB2

rs and RB3
rs ), were then mixed linearly [11,54] with the desired fractions ( f1, f2, f3) to produce the Rrs

for the simulated channel (RSim_Channel
rs ) according to Equation (9). To generate a reference map for

accuracy assessment, each pixel was labeled as the bottom type with the largest fraction (Figure 7b).
Figure 7 shows the inputs for simulating the spectra over the river channel. Note that the arrangements
of bottom types and constituents within the reaches are just to allocate the simulated spectra to
individual pixels so that each reach has a specific optical condition. However, the analyses were
performed at the pixel level and independent from the spatial distribution of the pixels.

RSim_Channel
rs = f1 × RB1

rs + f2 × RB2
rs + f3 × RB3

rs , f1 + f2 + f3 = 1 (9)
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Figure 7. Inputs for simulation of spectra across the river channel (RSim_Channel
rs ) associated with

(a) water depths in a reach of the Sarca River considering (b) dominant bottom types, (c) variable
constituents, and (d–f) fractions of bottom types. A linear mixture model (Equation (9)) was applied
to account for the variability (fractions) of bottom types within the pixels. Two test sites used for the
estimation of Kd are highlighted by circles on the first graph.
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Furthermore, we examined the performance of Kd retrieval in various water-column conditions in
the simulated river channel with RSim_Channel

rs as the reference. This analysis allowed us to evaluate the
effects of variable constituents on the retrievals of Kd and rB

rs. As required in Equation (3), a number of
samples (about 20 pixels) of water depths and the associated RSim_Channel

rs were taken from two different
test sites: (a) upstream composed of a dominant substrate type of sediment and with a relatively clear
water column and (b) downstream with a dominant substrate type of dolomite and relatively turbid
waters (Figure 7). The estimations of Kd with and without accounting for R∞

rs [44] were compared with
the average KSim_Channel,WV3

d within the entire channel as a reference (Figure 8).Remote Sens. 2019, 11, x FOR PEER REVIEW 13 of 22 
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Figure 8. Retrievals of Kd for the simulated river channel (a) without and (b) with accounting for R∞
rs

compared to the reference KSim_Channel,WV3
d .

Note that constituents assigned to the downstream area were more representative for the entire
simulated stream. Therefore, as expected, downstream estimates of Kd were more in agreement with
the reference KSim_Channel

d (Figure 8) than that of the upstream retrievals, particularly when R∞
rs was

not taken into account. Figure 9 shows the RMSEs for upstream and downstream Kd retrievals with
and without applying deep-water correction. Considering R∞

rs led to improvements in deriving Kd,
particularly for the upstream-based retrieval.
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Figure 9. Performance of Kd retrievals expressed in terms of RMSE (1/m) using (a) RSim_Channel,WV3
rs

and (b) RSim_Channel,G
rs by sampling the depths from upstream and downstream of the simulated channel

with (WD) and without (WoD) accounting for deep-water reflectance R∞
rs .

We utilized the k-means algorithm to perform riverbed classification using RSim_Channel
rs and

rB,Sim_Channel
rs . As evident in Figure 10, above-water reflectances (RSim_Channel

rs ) led to a considerable
number of misclassified pixels, particularly confusion between the bottom types of the upstream
(dominant sediment) and downstream (dominant dolomite) segments. Substrate clusters derived after
water-column correction (i.e., using rB,Sim_Channel

rs ) showed considerably fewer misclassified pixels.
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Figure 10. Clustering of bed-types for simulated channel before and after water-column correction
(i.e., using RSim_Channel

rs and rB,Sim_Channel
rs , respectively) by sampling the pixels required for Kd retrieval

from upstream.

The water-column correction yielded significant improvements (about 20% overall accuracy and
30% kappa coefficient) in mapping bottom types using RSim_Channel

rs either for WV3 or GeoEye spectra
(Figure 11). Accounting for R∞

rs slightly improved the bottom mapping (~2–3%). Further, downstream
Kd retrievals yielded slightly better results compared to those of upstream (~2–3%), which implies that
substrate mapping was independent of constituent variability in our case study. However, this would
probably have considerable effects when detailed spectral information is required for mapping the
substrate properties (e.g., bottom types with very similar spectral properties such as different types of
SAV) or in the case of highly variable constituents.
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Figure 11. The overall accuracies and kappa coefficients of the bottom maps before and after water-column
correction. The statistics are presented for upstream (Up) and downstream (Down) Kd retrievals for WV3
and GeoEye spectra. The accuracies with applying deep-water correction are shown by hatched bars.

To evaluate the effectiveness of VIs for the detection of SAV densities, a regression analysis was
performed between known SAV (macrophyte) fractions and associated VIs. The R2 and RMSE for this
analysis indicated a significantly stronger correlation between VI and SAV densities after water-column
correction (Figure 12). This finding was valid for all band combinations. The strongest correlation
was for (RE, R) band combination (Table 1) using either RSim_Channel,WV3

rs (R2 = 0.48 and RMSE = 0.2)
or inferred rB,Sim_Channel,WV3

rs (R2 = 0.85 and RMSE = 0.07). This demonstrated the significance of the
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WV3’s RE band (i.e., 742 nm) for mapping benthic vegetation in shallow streams, but this band is not
available on GeoEye. There is also evidence from studies in wetlands demonstrating the usefulness of
the RE band for mapping benthic vegetation but without applying any water-column correction [55,56].
Accounting for R∞

rs slightly improved the regression statistics.Remote Sens. 2019, 11, x FOR PEER REVIEW 15 of 22 
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Figure 12. R2 and RMSE of regressions between VIs and SAV fractions before and after water-column
correction with (WD) and without (WoD) accounting for deep-water reflectance R∞

rs .

Additional analyses were performed on the database of simulated spectra to examine the effects
of water depth and constituents on the bottom reflectance retrieval. Figure 13 (first row) indicates
the RMSEs for the inferred bottom reflectances across a range of water depths while holding the
constituents constant (TSS = 4 g/m3, Chl-a = 3 mg/m3, and aCDOM (440) = 0.14 m−1). In general,
reflectances within the visible bands were retrieved with high accuracies, and the water depth had
little effect on RMSEs. The RMSEs for the NIR bands increased sharply with water depth particularly
without correcting for R∞

rs . The effect of accounting for R∞
rs was pronounced for relatively deep waters

(depth > 0.5 m) and improved the bottom reflectance retrievals, particularly in the NIR spectrum.
In addition, some analyses were performed to investigate the effect of variations in constituent

concentration on bottom reflectance retrievals. Three realistic levels of turbidity assumed for
the range of constituents in the Sarca River and similar Alpine rivers were considered: low
(TSS = 2 g/m3, Chl-a = 1 mg/m3, aCDOM (440) = 0.07 m−1), medium (TSS = 4 g/m3, Chl-a = 3
mg/m3, aCDOM (440) = 0.14 m−1), and high (TSS = 6 g/m3, Chl-a = 5 mg/m3, aCDOM (440) = 0.22 m−1).
These constituent conditions are labeled as low, medium, and high turbidity in Figure 13. The effects
of constituents were then evaluated in a constant and relatively thick water column (1 m). The RMSE
for bottom reflectance retrievals in the NIR bands increased with the increase in turbidity, while the
retrievals in the visible bands were less affected. Accounting for R∞

rs improved the retrieval of bottom
reflectance, particularly in the NIR bands (see the second row in Figure 13).
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A near-simultaneous Landsat-8 image was processed via the SeaWiFS Data Analysis System 
(SeaDAS) to infer dominant aerosol models over Lake Garda. The eight-band WV3 image of the 
study area was then atmospherically corrected using the MODerate resolution atmospheric 
TRANsmission (MODTRAN) code [57,58] to provide 𝑅 . 𝐾  was then estimated using in-situ 
depths and associated 𝑅  (Equation (3)) over a segment of the Sarca River with homogeneous 
bottom type (shown on Figure 14b). The water-depth map was estimated by calibrating the MODPA 
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Figure 13. RMSEs (unitless) of reflectance retrievals using the database of RSim_WV3
rs for three bottom

types by isolating the effect of water depth (constant constituents: TSS = 4 g/m3, Chl-a = 3 mg/m3,
aCDOM (440) = 0.14 m−1) and the effect of constituents (constant 1 m deep water) with (WD) and
without (WoD) accounting for deep-water reflectance R∞

rs .

4.3. Image Analysis and Field Survey

To gauge the performance of the bottom reflectance retrieval methodology for SAV-density
mapping, we examined an eight-band WV3 image (Table 1) of the Sarca River. The image was acquired
on 1 September 2015 with a mean off-nadir view angle of 10.5◦ and a 1.6 m spatial resolution. In-situ
water depths and information on SAV densities were recorded using a real-time-kinematic (RTK) GPS
rover (Figure 14). The in-situ depth measurements were conducted along cross sections in three reaches
only a few days after image acquisition. Note that the river is regulated by a dam upstream and the
water level remained highly stable. The image was delivered georeferenced, but we used control points
collected outside the river channel to improve for accurate co-registration of the in-situ data with the
image. To link field depths to image pixels, an ordinary kriging was used to interpolate the measured
depths at each pixel location [20]. One-half of the data was used for calibration of the MODPA model
and the second half as validation for accuracy assessment. For each patch of SAV, approximate areal
coverage was documented to further evaluate the performance of clustering SAV-density classes.
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Figure 14. (a) Field observations to record water depths and SAV densities assisted by a precise
RTK GPS, (b) cross-sectional measurement points of water-depths superimposed on the WV3 image,
and (c) a sample of SAV in the Sarca River. The sampling area used for estimation of Kd is highlighted
by a circle on the satellite image.

A near-simultaneous Landsat-8 image was processed via the SeaWiFS Data Analysis System
(SeaDAS) to infer dominant aerosol models over Lake Garda. The eight-band WV3 image of the study
area was then atmospherically corrected using the MODerate resolution atmospheric TRANsmission
(MODTRAN) code [57,58] to provide RWV3

rs . KWV3
d was then estimated using in-situ depths and

associated RWV3
rs (Equation (3)) over a segment of the Sarca River with homogeneous bottom type

(shown on Figure 14b). The water-depth map was estimated by calibrating the MODPA model by
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randomly selecting half of the in-situ depths. The image-derived depth map is shown in Figure 15b
for a subset of the river where field observations were carried out (Figure 15a). The validation was
performed using the remaining half of the in-situ depths (Figure 15c).

Remote Sens. 2019, 11, x FOR PEER REVIEW 17 of 22 

model by randomly selecting half of the in-situ depths. The image-derived depth map is shown in 
Figure 15b for a subset of the river where field observations were carried out (Figure 15a). The 
validation was performed using the remaining half of the in-situ depths (Figure 15c).

Figure 15. (a) In-situ depths compared to (b) MODPA-derived depth map of the Sarca River and (c) 
match-up validation.

The areal coverage of SAV patches gathered in the field was converted to a density index by 
dividing the observed area of a patch by the spatial resolution of the image (1.6 × 1.6 m). As a 
reference map, the index values were clustered using k-means algorithm to three density classes 
(Figure 16a). The image-derived VIs (either before or after water-column correction) were also 
clustered using the k-means algorithm and then compared with the reference map. The best results 
were achieved when the (RE, R) band combination was used both with or without applying 
water-column correction (Figures 16b,c). These findings are consistent with the results obtained 
from laboratory and synthetic data analyses. 

Figure 16. (a) In-situ map of SAV densities compared to the maps derived from clustering of the VI 
with (RE, R) band combination (b) before and (c) after water-column correction using the WV3 
image. 

The user and producer accuracies of SAV-density clusters indicated that the retrieved 𝑟 ,
yielded remarkably higher accuracies than 𝑅 for all the SAV densities. These enhancements
were on the order of 22% and 34% in average user and producer accuracies, respectively. Note that
accounting for 𝑅 has improved the average user/producer accuracies on the order of 5% for the 

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8

Ob
se

rv
ed

 d
ep

th
 (m

)

Predicted depth (m)

R² = 0.79
RMSE= 0.06 m

(c)

SAV density Low Medium High 50 m

Figure 15. (a) In-situ depths compared to (b) MODPA-derived depth map of the Sarca River and
(c) match-up validation.

The areal coverage of SAV patches gathered in the field was converted to a density index by
dividing the observed area of a patch by the spatial resolution of the image (1.6× 1.6 m). As a reference
map, the index values were clustered using k-means algorithm to three density classes (Figure 16a).
The image-derived VIs (either before or after water-column correction) were also clustered using
the k-means algorithm and then compared with the reference map. The best results were achieved
when the (RE, R) band combination was used both with or without applying water-column correction
(Figure 16b,c). These findings are consistent with the results obtained from laboratory and synthetic
data analyses.
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with (RE, R) band combination (b) before and (c) after water-column correction using the WV3 image.

The user and producer accuracies of SAV-density clusters indicated that the retrieved rB,WV3
rs

yielded remarkably higher accuracies than RWV3
rs for all the SAV densities. These enhancements were on

the order of 22% and 34% in average user and producer accuracies, respectively. Note that accounting
for R∞

rs has improved the average user/producer accuracies on the order of 5% for the SAV-density
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mapping based on rB,WV3
rs . The accuracies of clustering from RWV3

rs improved by increasing the SAV
density (45% user accuracy and 57% producer accuracy for high-density SAV). This is also valid for
clustering from rB,WV3

rs with a lower magnitude (Figure 17).
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Figure 17. User and producer accuracies of SAV density clusters derived from WV3 image based on
VI (RE, R) before and after water-column correction with (WD) and without (WoD) accounting for
deep-water reflectance, R∞

rs .

5. Discussion

Bottom reflectance retrieval and substrate-type mapping were explored via three independent
experiments. The spectroscopic measurements in the hydraulic laboratory and simulations from
radiative transfer modeling provided a thorough understanding of the driving factors influencing
the feasibility and accuracy of streambed mapping, such as water depth, constituents, deep-water
correction, and choices of spectral bands. Further, in a first attempt to map substrate properties from
space, an eight-band WV3 image of a reach in the Sarca River was used to classify SAV densities.
Results based on spectroscopic measurements and simulations suggest that Kd and bottom reflectance
retrieval was more accurate in the visible bands than in the NIR bands, particularly for relatively deep
waters (>0.5 m). This is attributed to the rapid light attenuation towards longer wavelengths in the
NIR region, particularly for thicker water columns. Accounting for deep-water reflectance, R∞

rs was
demonstrated to be effective for enhancing retrievals in the NIR spectrum when the water becomes
deeper. This result is reasonable, as applying R∞

rs has more of an effect when the bottom-reflected
component of the water-leaving radiance approaches zero. However, the effect of R∞

rs was negligible for
visible bands in the range of water depths discussed in this study (<1 m) as well as for the NIR bands in
very shallow depths (<0.5 m). Further analyses using synthetic data revealed that IOP variability has
less impact on rB,Sim

rs (bottom reflectance) retrieval in the visible bands. Increasing turbidity reduced
the accuracy of rB,Sim

rs retrieval in the NIR bands. However, accounting for R∞
rs mitigated the effect of

turbidity on retrieval of rB,Sim
rs . For instance, RMSE_R for the macrophyte bottom was reduced ~4X

when applying the deep-water correction in highly turbid waters (Figure 13).
As a key finding, water-column correction significantly improved riverbed mapping. For instance,

retrieval of rB,Sim_Channel
rs for three bottom types (dolomite, macrophyte, and sediment) within the

simulated channel (Section 4.2) enhanced the riverbed clustering on the order of 20% in overall
accuracy and 30% in kappa coefficient compared to classifications obtained from RSim_Channel

rs . This was
also demonstrated in distinguishing among SAV densities where retrieval of bottom reflectance yielded
VIs strongly correlated with macrophyte fractions. The terrestrial VI with (RE, R) band combination
was found to provide the highest correlation with the SAV fractions using either rB,Sim

rs (R2 = 0.85
and RMSE = 0.07) or RSim

rs (R2 = 0.48 and RMSE = 0.2). The same band combination also yielded
the most accurate clusters of SAV densities in analyzing laboratory data as well as the WV3 image.
The above-water reflectances (RWV3

rs ) showed potentials for detecting high-density SAVs in the Sarca
River (user accuracy = 45% and producer accuracy = 57%). This indicates the effectiveness of WV3’s
RE band (i.e., 724 nm) for mapping SAVs. Moreover, enhanced spectral resolution of the WV3
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compared to the GeoEye provided higher accuracies (on the order of 5%) in mapping the streambed
using synthetic data. Note that Kd retrievals for the NIR2 band was slightly less accurate than that
derived for GeoEye’s NIR band. This can be attributed to the strong water-column attention in the
NIR2. Nevertheless, the improved accuracies gained in the clustering experiment using a WV3 image
indicated the overall efficacy of enhanced spectral resolution of this sensor compared to the traditional
four-band high resolution satellite imagery for mapping bottom compositions. We performed the
analyses independent from the spatial resolution in order to isolate the effect of the spectral resolution
of sensors. The spatial resolution can also affect the retrieval of bottom reflectances, particularly when
there is a high level of mixture in the bed type. However, the effect of spatial resolution would be
minor in our case due to comparable spatial resolutions of WV3 and GeoEye imagery.

6. Conclusions and Outlook

Recent research has generated significant optimism regarding the potential of optical
remote-sensing imagery to extract key hydro-morphological attributes (e.g. bathymetry) of riverine
environments. Understanding and isolating the effect of individual river attributes on the overall
spectral response of a water body would reveal valuable information and could enable a wide range of
applications in fluvial systems. Although studies of river bathymetry have become relatively mature,
little work has been done to explore other essential attributes such as streambed composition. In this
research, retrieval of bottom reflectances and mapping riverbed types were addressed. Unlike the bulk
of the existing literature [10,17,48], a water-column correction approach was pursued to map bottom
properties by retrieving bottom reflectance rather than using above-water spectra. This methodology
accounted for water-column attenuation by estimating Kd using known depths with a homogeneous
bottom type. MODPA was implemented to empirically derive the bathymetry and provided robust
depth retrieval. Image-derived depths were then used for estimating Kd and then bottom reflectance,
so that no in-situ optical measurements were required to obtain Kd.

Our attempt to retrieve bottom reflectance from space using WV3 image data, with a focus on mapping
SAV densities, demonstrated promising results in a shallow riverine environment. However, further studies
are needed to investigate mapping various benthic covers and other substrate attributes (e.g., grain sizes).
Sun glint can be a source of uncertainty for mapping bottom types and compositions [59,60]. Imagery
affected by sun glint would require pre-processing to reduce the undesirable surface reflections. Kd
and bottom reflectance retrieval was also facilitated by bathymetric information, which requires some
in-situ depth measurements. However, this approach undermines the full potential of streambed
mapping when in-situ depth observations are lacking. Theoretical calibration methods of bathymetry
models, such as the hydraulically assisted bathymetry model [61], can overcome this problem.
Therefore, integration of streambed mapping methodologies with bathymetry models built upon
theoretical calibration should be addressed in future studies. The effectiveness of pan-sharpening
methods can also be examined in future works in order to further enhance the spatial resolution of
streambed mapping using WV3 imagery. Moreover, applications of publicly free Sentinel-2 imagery
would be interesting for mapping bottom compositions in large rivers with wider reaches.
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