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Abstract:

Remote mapping of bathymetry can play a key role in gaining spatial and temporal insight into fluvial
processes, ranging from hydraulics and morphodynamics to habitat conditions. This research introduces
Multiple Optimal Depth Predictors Analysis (MODPA), which combines previously developed depth
predictors along with additional predictors derived from the intensity component of the HSI color space
transformation. MODPA empirically selects a set of optimal predictors among all candidates utilizing
partial least squares (PLS), stepwise, or principal component (PC) regression models. The primary focus
of this study was on shallow (< 1 m deep) and clearly flowing streams where substrate variability could
have a pronounced effect on depth retrieval. Spectroscopic experiments were performed under controlled
conditions in a hydraulic laboratory to examine the robustness of bathymetry models with respect to
changes in bottom type. Further, simulations from radiative transfer modeling were used to extend the
analysis by isolating the effect of inherent optical properties (IOPs) and by investigating the performance
of bathymetry models in optically complex and deeper streams. The bathymetry of the Sarca River, a
shallow river in the Italian Alps, was mapped using a WorldView-2 (WV-2) image, for which we
evaluated the atmospheric compensation (AComp) product. Results indicated the greater robustness of

multiple-predictor models particularly MODPA rather than single-predictor models, such as Optimal
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Band Ratio Analysis (OBRA), with respect to heterogeneity of bottom types, IOPs, and atmospheric
effects. The HSI intensity component enhanced the accuracy of depth retrieval, particularly in optically-
complex waters and also for low spectral resolution imagery (e.g., GeoEye). Further, the enhanced

spectral resolution of WV-2 imagery improved bathymetry retrieval compared to 4-band GeoEye data.

Keywords: bathymetry, river, Lyzenga model, ratio model, depth predictors, spectroscopy, WorldView-2,

atmospheric compensation (AComp)

1- Introduction

Remote sensing techniques provide an alternative to traditional field-based measurements and have the
potential to enhance our understanding of fluvial systems by providing spatially and temporally explicit
information (Marcus and Fonstad, 2008; Carbonneau et al., 2012; Legleiter and Overstreet, 2012;
Niroumand-Jadidi and Vitti, 2016; Shintani and Fonstad, 2017; Niroumand-Jadidi and Vitti, 2017a). The
recent integration of remote sensing and river sciences has emerged as a growing research field termed
“fluvial remote sensing” (Marcus and Fonstad, 2010; Carbonneau et al., 2012). Advancements in sensors,
such as water-penetrating, green-wavelength light detection and ranging (LiDAR), or platforms, such as
unmanned aerial vehicles (UAVs), have recently provided new tools for characterizing fluvial systems
(Kinzel et al., 2013; Flener et al., 2013; Shintani and Fonstad, 2017). However, green LiDAR
observations are mainly feasible by means of low-altitude platforms (e.g., manned aircrafts), which leads
to a lower spatial and temporal coverage compared to optical sensing by means of satellites. Furthermore,
the application of green LiDAR in riverine environments is hindered by low point density of observations
and also the confusion among laser returns from the water surface, water column, and riverbed (Legleiter
and Overstreet, 2012; Kinzel et al., 2013). UAVs offer the potential for higher spatial and temporal
resolution, but at the cost of spatial coverage. In this context, passive optical remote sensing aboard
airborne and spaceborne platforms remains a broadly applicable means of characterizing a wide range of

attributes in fluvial systems, including bathymetry (Legleiter and Overstreet, 2012; Niroumand-Jadidi and
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Vitti, 2016), substrate type and composition (Legleiter et al., 2016), grain size (Carbonneau et al., 2004;

Niroumand-Jadidi and Vitti, 2017b), and hydromorphological units (Legleiter et al., 2004).

Bathymetry is one of the key applications of remote sensing to fluvial systems that facilitates
understanding river form, process, and function (Shintani and Fonstad, 2017). Information on water depth
can play a valuable role in mapping in-stream habitats (Carbonneau et al., 2012; Hugue et al., 2016),
parameterization and analysis of hydro-morphological processes (Bryant and Gilvear, 1999; Flener et al.,
2012), and river management (Fonstad and Marcus, 2005; Legleiter and Overstreet, 2012). Optical
sensors onboard aerial and satellite platforms have long been used for studying shallow coastal
environments (Lyzenga, 1978; Lyzenga, 1981, Philpot, 1989; Dierssenet al., 2003; Louchard et al., 2003;
Lesser and Mobley, 2007). Because of their smaller spatial scales, fluvial systems have mostly utilized
aerial imagery to derive bathymetric data (Winterbottom and Gilvear, 1997; Jordan and Fonstad, 2005;
Walther et al., 2011; Legleiter, 2013). With recent enhancements in spatial resolution of satellite imagery,
mapping river bathymetry from space is receiving more interest due to larger spatial coverage and higher
temporal resolution of satellite sensors than those onboard aerial platforms. Legleiter and Overstreet
(2012) performed a feasibility assessment of mapping the bathymetry of gravel-bed rivers from space

using WorldView-2 (WV-2) imagery.

The theoretical basis for optical remote sensing of bathymetry in riverine environments is built upon
research conducted in optically shallow coastal environments (Legleiter et al., 2004; Legleiter et al.,
2009). Bathymetric techniques fall into two main approaches: through-water photogrammetry (Fryer,
1983; Westaway et al., 2001) and spectrally based analysis (Lyzenga, 1978; Lee et al., 1998). Through-
water photogrammetry utilizes stereo imagery to produce a digital elevation model by accounting for
refraction of light at the air-water interface (Westaway et al., 2001; Lane et al., 2010). One particular type
of photogrammetric approach known as Structure from Motion (SfM) has received growing interest for
measuring bathymetry and characterizing riverbed topography (Woodget et al., 2015; Dietrich, 2017).

StM is capable of reconstructing three-dimensional geometry using multiple overlapping images taken



79

80

81

82

83

84

85

86

87

88

89

90

91

92

93

94

95

96

97

98

99

100

101

102

103

from a wide range of angles (Shintani and Fonstad, 2017). Spectrally based approaches to deriving
bathymetric data can be divided into physics-based and empirical models (Brando et al., 2009; Dekker et
al., 2011). The first rely on inversion of radiative transfer models and account for the physics of how light
interacts with the water surface, water-column, and bottom (Lee et al., 1998; Lee et al., 1999; Lesser and
Mobley, 2007; Brando et al., 2009), while the latter provide regression-based predictions of bathymetry

(Lyzenga, 1978; Philpot, 1989).

The seminal work of Lyzenga (1978, 1981) provides a basis for empirical retrieval of water depths from
optical imagery, which was the focus of this research. Lyzenga’s model assumes a linear relation between
an image-derived quantity (X) and the water depth (d), where X is a predictor obtained from log-
transformation of image values in a given spectral band. Multiple regression (Lyzenga, 1985; Lyzenga et
al., 2006) and ratio methods (Stumpf et al., 2003) have been demonstrated to enhance the robustness of
bathymetry retrieval with respect to substrate variability and water quality heterogeneity. The first
employs multiple spectral bands to perform a multiple linear regression between image-derived predictors
(X) and water depths (d) while the latter model considers a log-transformed band ratio as a single
predictor of water depth. More recently, Optimal Band Ratio Analysis (OBRA) was introduced to identify
the pair of bands, among all possible pairs, for which the ratio model yields the strongest correlation with
water depth (Legleiter et al., 2009). Each of these types of predictors has been reported as optimal in

different case studies (Legleiter et al., 2012; Bramante et al., 2013; Jawak and Luis, 2016).

Further development of new techniques is required to systematically select and combine a set of
predictors that provide robust retrievals in the presence of all the complicating factors that might impact
depth retrieval (e.g., variations in bottom types, IOPs and water-surface roughness). We pursued five

main objectives in this study:
(1) Developing a new approach called Multiple Optimal Depth Predictors Analysis (MODPA) for
bathymetry retrieval. This method seeks to identify and incorporate optimal depth predictors among all

the possible Lyzenga and ratio predictors as well as additional predictors from color space transformation.
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The selection of optimal predictors was performed using several feature selection methods including

stepwise, partial least square (PLS), and principal component (PC) regressions;

(2) Assessing the robustness of the proposed MODPA compared to existing models with respect
to heterogeneity in substrate types, IOPs, and atmospheric effects. Bathymetry models were
comprehensively examined using spectroscopic experiments, radiative transfer simulations, and WV-2
imagery. The spectroscopic experiments were conducted under controlled conditions in a hydraulic
laboratory and involved collecting a set of spectra in a range of water depths with variable substrates. The
effects of I0OPs, as influenced by chlorophyll-a (Chl-a), suspended sediment concentration (SSC), and
colored dissolved organic matter (CDOM), were isolated using the simulated data. Moreover, we

considered an optically complex testing scenario where bottom type and IOPs were both allowed to vary;

(3) Examining the performance of the proposed MODPA method for bathymetry mapping of the
Sarca River, a shallow and narrow alpine river in Italy, using WV-2 imagery. This analysis quantified the
effectiveness of MODPA compared to other models in the spectrally complex environment of a real case
study. Different strategies were considered for the validation of results including an approach built upon

comparison of image-derived depths with the estimates based on principles of river hydraulics;

(4) Assessing the effect of atmospheric correction on bathymetry retrieval of the Sarca River,
which is an important consideration due to the low reflectivity of water bodies and accordingly sizable
contribution of the atmosphere to the total at sensor radiance (Gitelson and Kondratyev, 1991; Mouw et
al., 2015). The newly released surface reflectance product of DigitalGlobe (2016), called atmospheric
compensation (AComp), was assessed to understand the robustness of bathymetric models with respect to

atmospheric effects;

(5) Assessing the efficacy of WV-2 sensor’s additional spectral bands compared to traditional

high resolution satellite imagery (HRSI, less than 5 m pixel size) with only four bands such as GeoEye.

2- Bathymetry from Optical Imagery
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In the context of optical remote sensing of water bodies, the total radiance reaching the sensor at a given
wavelength A, L+ (1), consists of four main components: upwelling radiances from the bottom, Ly, (1),
water column, L.(A1), and surface of the water body, L¢(1), as well as the atmospheric path radiance,
L, (1). These components are summarized in the following equation (Legleiter et al., 2004; Legleiter et

al., 2009):

Lr(A) = Lpy(D) + Lc(D) + Ls(D) + Ly () )

Aside from L, (1), each of these radiance components can be associated with a specific property of the
water body. For instance, the surface-reflected component of the radiance can be linked to the roughness
of the water surface, which in turn is a function of local hydraulics in riverine environments and can
potentially reveal information about flow velocity (Overstreet and Legleiter, 2017; Legleiter et al., 2017).
Information on bathymetry is embedded in the bottom-reflected radiance component, which is affected
not only by water depth but also by bottom type and indirectly by water column optical properties (Lee et
al., 1998; Stumpf et al., 2003; Legleiter et al., 2009). Thus, it is essential to isolate the radiance
component of interest or to reduce the effect of other extraneous components in order to retrieve the

desired parameter, which in this study is the water depth.

Lyzenga’s model (1978, 1981) is built upon the Beer-Lambert law, which describes the exponential
attenuation of light travelling through the water column. This model includes a deep-water correction
term, L, (1), equated with the radiance observed over optically-deep water, to account for the radiance

scattered from the water column, water surface, and atmosphere (Eq. 2).

Ly(A) =Lc(A) + Lg(A) + Lp ) ()

The bottom-reflected radiance can be considered negligible for optically-deep waters. Therefore,
subtracting L, (1) from all water pixels leaves the bottom-reflected radiance, which contains bathymetry
information. According to Lyzenga’s model, the water depth (d) depends linearly on the predictor (X)

derived from image values in a given spectral band (Egs. 3 and 4).
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d=aX+b @)
Note that deep-water correction required for Lyzenga’s model has been demonstrated to be
negligible for shallow rivers (Mumby and Edwards, 2000; Flener et al., 2012; Flener, 2013). This is
mainly because the bottom signal is the dominant component of radiance reaching the sensor, particularly
if the image has been atmospherically corrected. Therefore, there is low probability to approach to the
deep-water signal in shallow and clear rivers (Legleiter et al., 2009). Note that type of the substrate is also
an important factor influencing the total water-leaving radiance. For instance, depth retrieval in very
shallow waters could be hindered by the presence of a dark, low-reflectance substrate that absorbs most of
the downwelling radiance. However, this would be a rare case where the bottom-reflected radiance is not
sufficient to propagate through the thin water column in riverine environments. The unknown parameters
(a, b) can be estimated by means of a simple regression between X and in-situ depths (d). However, these
parameters depend on the IOPs of the water column and the bottom reflectance, which might vary within
a given scene. To deal with these problems, a linear combination of the predictors (X;) derived from
multiple (n) spectral bands (Eq. 5) has been suggested for depth estimation (Lyzenga et al., 2006).
d=Y",a;X;+b Q)
Note that water-surface roughness and accordingly surface-reflected radiance can also vary
significantly within a given river channel on small spatial scales (Legleiter et al., 2009). These effects
cause variations in near-infrared bands, which do not contain significant bottom-reflected signals because
of strong attenuation of near-infrared light. Thus, scaled versions of the near-infrared bands can be
instrumental for enhancing the robustness of depth retrieval with respect to variations in water surface

roughness, as well as atmospheric effects (Lyzenga et al., 2006; Kay et al., 2009).

Stumpf et al. (2003) proposed using a ratio model for depth retrieval to mitigate the undesirable

effect of variations in bottom reflectance (Eq. 6).
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The ratio model relies on the fact that different substrates at the same depth have approximately
equal values of the ratio between total radiances at two different wavelengths. Such a ratio can be used as
a robust depth predictor with respect to substrate variability (Stumpf et al., 2003; Flener, 2013). Note that
Equation 6 is a special case of Equation 5, with n = 2 and a, = -a;. So this method is similar to that of
Lyzenga, but does not involve deep-water correction. Legleiter et al. (2009) extended the idea of the ratio
model in the form of OBRA. This model examines all the possible pairs of bands to identify the pair that

provides the highest coefficient of determination (R’) in a regression of X against d.

Bathymetric models originally developed for coastal environments have only recently been translated to
fluvial systems, particularly using HRSI (Legleiter and Overstreet, 2012). The key distinction between
coastal and riverine environments is the thinner water-column in rivers. Therefore, a relatively high
contribution from the river substrate and a relatively low contribution from the water column can be
expected, especially in shallow and clearly flowing streams. Although this is advantageous for depth
retrieval due to having stronger bottom-reflected radiance, the pronounced effect of substrate variability
complicates depth retrieval. Moreover, as mentioned before, highly variable water-surface roughness in
fluvial systems can induce additional challenges. Therefore, development of robust methods is needed to

produce reliable and consistent bathymetric maps for large spatial extents using optical imagery.

3- Multiple Optimal Depth Predictors Analysis (MODPA)

Existing bathymetric models employ one or more Lyzenga predictors or a single ratio predictor. Although
OBRA identifies the optimal ratio predictor, the model is based on a sole ratio predictor. The selection
between predictor types (Lyzenga or ratio) can be challenging in practice, as the results of previous
studies indicated that each type of predictor can possibly lead to more accurate results than the other,
depending on the case study. For instance, Jawak and Luis (2016) reported that the Lyzenga model
derived the bathymetry of a shallow lake (depth < 8 m) more precisely (with 15% higher R* and 0.98 m
lower RMSE) than the ratio model using WV-2 imagery. Bathymetry models that rely on a simple

8
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regression (e.g., OBRA) attempt to explain the dependent variable (i.e., depth) using only one predictor;

other informative predictors might be neglected.

This research aimed to integrate previously developed depth predictors by initially considering all of the
possible Lyzenga and ratio predictors rather than relying upon only one of the predictor types. In addition,
we considered some additional predictors derived from the RGB to HSI (hue, saturation, intensity) color
space transformation. More specifically, the intensity component of the HSI space (hereafter called
intensity) was added to the original image feature space and included as a potential predictor along with
the associated Lyzenga and ratio predictors. The intensity (I) component refers to the total brightness or
luminance of the pixels, which is associated with the human perception of brightness (Carper et al., 1990).
The intensity component would potentially contribute to depth retrieval because the overall brightness of
image pixels is influenced by the optical properties of the water body (Stumpf et al., 2003), which
provides a physical basis for considering intensity components as candidate depth predictors. However, as
a general rule in regression analysis, new features created through transformation of the original spectral
data can provide a better discriminative ability but might not have a clear physical meaning (Markovitch
and Rosenstein, 2002; Qian et al., 2012). Note that the color space transformation can be applied to each
combination of three spectral bands so that several intensity bands can be added to the feature space (e.g.,
four intensity bands can be derived for a 4-band GeoEye image). A multiple regression approach was then
considered to retain and exploit most of the variability of the predictors. However, making use of all the
predictors can pose the problem of overfitting (Howley et al., 2006). Furthermore, high dimensional
predictors can invite redundant or correlated predictors which can lead to degradation of regression
model’s prediction accuracy (Reunanen, 2003; Howley et al., 2006). For example, 36 initial predictors
can be derived from 8-band WV-2 imagery (8 Lyzenga predictors and 28 ratio predictors), and this
number will increase by intensity predictors. Therefore, performing a dimensionality reduction on all the

candidate predictors is essential. This study attempted to select the optimal predictors by using three
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different regression methods: partial least squares (PLS), stepwise, and principal components (PC). The

resultant optimal predictors can then be a combination of Lyzenga, ratio, and intensity predictors.

Stepwise regression is a systematic method for adding and removing terms (predictors) from a linear
model based on their statistical significance in explaining the response variable. Stepwise regression uses
the p-value of an F-statistic to test models with and without a potential term at each step. PC and PLS are
both regression methods that construct new predictors called components as linear combinations of the
original predictors. A subset of components then can be selected as optimal predictors in such a way as to
keep most of the variability of the original predictors. The number of components can be chosen by
looking at the percent of variance explained in the response variable as a function of the number of
components. However, PC creates the components without considering the response variable (i.e., depth)
while PLS takes the response variable into account (Haenlein and Kaplan, 2004; Matlab, 2018). The PLS
regression optimizes the prediction power of the model by simultaneous implementation of
dimensionality reduction and regression (Haaland and Thomas, 1988). This means that PLS minimizes
the dimensionality of the data while maximizing the covariance between predictor and response variables.
A detailed description of the PLS regression is given by Wold et al. (2001). These methods provide
powerful modeling tools to deal with large number of predictors when the collinearity among the

variables is strong (Abdi, 2003; Li et al., 2014).

4- Hydraulically Assisted Assessment of Bathymetry (HAAB)

In previous studies, bathymetry models were assessed mainly by reserving samples selected at random
from in-situ or simulation data (Legleiter et al., 2004; Legleiter et al., 2009). However, the number of
field measured samples might not be sufficient for both calibration and validation of models. Moreover,
assessment of the depth estimates would not be feasible in reaches not covered during the field survey. In
this study, along with the traditional assessment method, we have used an additional approach, which
integrates some basics of river hydraulics to estimate independent water depths for accuracy assessment.

Fonstad and Marcus (2005) introduced hydraulically assisted bathymetry (HAB), which determines cross-
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sectional depths based on principles of open channel flow in order to calibrate the bathymetry model in
the absence of in-situ data. We have used the same model but for the assessment of depth estimates,

which is termed, hereafter, as hydraulically assisted assessment of bathymetry (HAAB).
The basic formula of discharge (Eq. 7) and the flow resistance equation of Manning (Eq. 8) form the basis
of the HAB model (Fonstad and Marcus, 2005).
Q =wdv )
V =R23s12/n (8)
where Q is the discharge of river. d and V denote average cross-sectional depth and velocity, respectively.
W stands for the width of the cross-section. R is the hydraulic radius equivalent to the average depth of
cross-section (d). S represents the average energy gradient (channel slope), which can be extracted from
digital elevation model or counter maps (Fonstad and Marcus, 2005). n is hydraulic resistance, which can
be determined for mountain streams according to the following equation (Jarrett, 1984; Fonstad and
Marcus, 2005):
n = 0.325%38R-016 )
By combining Eqs. 7, 8, and 9, d can be estimated for a given cross-section based on the river discharge
(Q), width measurement from image, and slope measurements from topographic maps/data:
d = (Q/3.12W5012)055 (10)

In addition, HAB model approximates the maximum depth of each cross-section (d,,q,) based on
Robison and Beschta’s (1989) assumption:

Amax = 2d (11)
We have estimated d and dmay for a number of cross-sections along the Sarca River in order to assess
the depth estimates from the proposed MODPA compared to other techniques. The HAAB provided an

additional means of accuracy assessment, which allowed us to assess the bathymetry methods

ubiquitously along the channel and independent from in-situ depths. Note that Q is the only field
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information required for this assessment approach, which was available from the gaging station in the

study area.

5- Datasets

The effectiveness of MODPA compared to the Lyzenga model and OBRA was examined by performing a
wide range of analyses on three independent datasets: (1) Spectroscopic experiments were performed at a
hydraulic laboratory to acquire measurements of water depth and reflectance under controlled conditions.
As substrate variability would be the key challenge for bathymetry retrieval in shallow and clearly
flowing streams, robustness of the models was examined through experiments with two different bottom
types (Section 5-1); (2) Simulated spectra were used to test the robustness of bathymetry models by
isolating the effect of IOPs and also to evaluate their performance under optically complex conditions
(Section 5-2); (3) A WV-2 image was used to map the bathymetry of the Sarca River from space
considering both top of atmosphere (TOA) and AComp reflectances. A field survey was performed to
collect in-situ depths for calibration and validation of models (Section 5-3). To perform consistent
analyses, the spectral reflectances from different sources were convolved with the spectral response

functions of the WV-2 and GeoEye sensors. The band designations of sensors are given in Table 1.

Table 1. Spectral band specifications for GeoEye and WV-2 sensors (DigitalGlobe, 2013).

GeoEye WV-2
Band Center Bandwidth Band Center Bandwidth

wavelength (nm) (nm) wavelength (nm) (nm)

Blue (B) 484 76 Coastal-Blue (CB) 427 62
Green (G) 547 81 Blue (B) 478 73
Red (R) 676 42 Green (G) 546 80
NIR 851 156 Yellow (Y) 608 48
Red (R) 659 70

Red Edge (RE) 724 50

NIR1 833 136

NIR2 949 187

5-1- Laboratory Experiments
A set of spectral reflectances was collected in an indoor hydraulic laboratory to test bathymetry models

under controlled conditions of illumination, water level, IOPs, and bottom properties. These experiments

12
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are, to the best of our knowledge, the first to integrate spectroscopic and hydraulic facilities in an indoor
laboratory, although similar experiments have previously been carried out by Legleiter and Overstreet
(2014) in an outdoor environment. Two water flumes with different bottom properties were used to
examine depth retrieval from spectral measurements (Fig. 1). Flume-1 was an 18 m long, 1 m wide and
0.7 m high channel with a layer of uniform fine sand on the bottom. Flume-2 was a 6 m long, 0.4 m wide,
and up to 0.4 m deep with a semi-natural substrate consisting of natural sands combined with larger (3 cm
diameter) ball-shape gravels with plastic material. Suspended sediment was considered as the main
parameter defining the water column optical properties due to the fact that sediment load is the primary
control on the IOPs of clear rivers (Legleiter and Overstreet, 2012; Legleiter et al., 2016). SSC was about

2 g/m’ whereas the variation of this parameter was negligible between two flumes.

The channels were equipped with a flowmeter to measure the discharge and an adjustable tailgate weir
was located at the end of the flume to control the water level and ensure a uniform flow condition.
Experiments were focused on an area in the longitudinal and cross-sectional middle of each channel to
ensure a well-developed flow and also to mitigate as much as possible the reflections and shadows from
the flume sidewalls. Moreover, two sides of the smaller flume (flume-2) were covered with a low-
reflective black material in the test area to minimize possible side reflections. The water depths were
measured using a point-gage. The spectra were collected by installing over the test area a fiber optic
jumper cable connected to an Analytical Spectral Devices (ASD) HandHeld2 spectroradiometer that
allowed measurement of reflectance in the 325-1075 nm spectral range with 1 nm spectral resolution.
Unstable lighting conditions were eliminated by covering the experiment area on flume-1 while flume-2
was located in a darkroom. A standard ASD illuminator was used to produce highly stable light across the
full spectral range (350 — 2500 nm), which entirely covers the above mentioned operation range of the
spectroradiometer. Spectra for a range of depths were collected from the two flumes by changing the

water level in one cm increments. For each flow condition, three spectra were recorded as the average of

13



319 25 individual samples. Dark current and white reference measurements were taken and updated for each

320  spectral recording in order to convert the raw spectra into reflectance.
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323 gravel bed composed of semi-natural material.

324  5-2- Radiative Transfer Simulations

325  Radiative transfer simulations have been used previously to examine the accuracy of OBRA by isolating
326  the effects of substrate type and SSC in shallow rivers (Legleiter et al., 2009; Legleiter and Roberts,
327  2009). We performed simulations using the Hydrolight radiative transfer model (Mobley and Sundman,
328  2008) to examine the proposed MODPA by isolating the effect of IOPs by manipulating Chl-a, SSC, and
329 CDOM. Long-term measurements of water quality parameters in Italian alpine rivers reported by the
330  Trento Environment Protection Provincial Agency (Giardino et al., 2007) were used to define the range of
331 IOPs used in the simulations. The relatively wide range of IOPs assumed for radiative transfer
332  simulations permitted the evaluation of bathymetric models not only in normal conditions of the Sarca

333 River but also in extreme conditions of IOPs (relatively turbid waters). This broader range of IOPs and
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water depth for the simulated data can thus be used to assess the feasibility of extending our approach to

other rivers with similar optical properties.

The effect of each IOP was isolated by considering constant values for the other IOPs (Table 2). Note that
dolomite, which is dominant bottom type in the Sarca River study region, was considered for these
simulations and the water depth varied from 2 cm to 2 m in 2 cm increments. For each experiment, 300
spectral reflectances were simulated for which half of the data, selected at random, were used for
calibration of the models and the remaining data reserved for validation. The CDOM absorption at 440
nm, acpom (440), was chosen to quantify the influence of this constituent on this IOP (Kirk, 1996).

Table 2. The range of IOPs considered for Hydrolight simulations. The effect of variations in each of IOPs was

isolated by considering constant values for other IOPs.

Isolated IOP (variable) Other IOPs (constant)
Chl-a = [1, 3, 5] mg/m’ SSC= 3 g/m’, acpom(440)=0.22 m™'
SSC= [0, 3, 6] g/m’ Chl-a= 3 mg/m’, acpom(440)= 0.22 m™
acpom(440)=[0.07, 0.22, 0.36] m™' Chl-a= 3 mg/m’, SSC= 3 g/m’

In addition, an optically-complex condition was also considered to explore the effectiveness of
bathymetry models by treating all of the IOPs and also the bed type as variable parameters. Three
different bottom types (dark sediment, macrophyte, and dolomite) were considered in the same range of
IOPs and water depths of previous simulations, resulting in 8100 individual spectra. Spectral reflectances
of the three bottom types are shown in Fig. 2 which are characteristics of both bright and dark substrates.
0.9

08
0.7

Dolomite
Macrophyte
Dark sediment

06
05 |
04 |

Reflectance

0.3

02 |
0.1 |

400 500 600 700 800 900 1000
Wavelength (nm)

Fig. 2. Spectral reflectances of bottom types used in radiative transfer simulations.
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5-3- WV-2 Image and In-Situ Measurements

An 8-band WV-2 image and its spectral convolution with GeoEye’s band passes (Table 1), were used to
map the bathymetry of the Sarca River. The Sarca is a mountain-piedmont gravel-bed river flowing from
the Adamello glaciers down to Lake Garda in northeast Italy. It is a shallow (depth <1 m), narrow (mean
width < 30 m), and clearly flowing stream which is regulated by an upstream dam that maintains a very
consistent water level with a minimal sediment load during a long period of several years. A WV-2 image
was used for which both TOA and AComp (Pacifici et al., 2014) reflectances were available. AComp
provides an estimate of aerosol optical depth and water vapor independently in each pixel and applies the
atmospheric correction by accounting for adjacency effects (Pacifici, 2016; DigitalGlobe, 2016). In
addition, we spectrally convolved the WV-2 image with the spectral response function of the GeoEye
sensor to gain more insight into the effectiveness of the additional spectral bands of the WV-2 imagery

over traditional 4-band (RGB-NIR) HRSI like GeoEye for mapping river bathymetry.

The field survey was carried out in three reaches along the river to gather depth samples as representative
as possible for different environmental conditions (depth, bottom type, etc.). The in-situ depths were
recorded with precise coordinates using RTK GPS along cross-sections with about one to two meter
distances (Fig. 3). An ordinary block kriging was used to interpolate the measured depths at the pixel
scale to enable a pixel-to-pixel comparison of in-situ depths with the image-derived estimates (Legleiter

and Overstreet, 2012).
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374 Fig. 3. In-situ measurements of water depths in (a) three reaches of the Sarca River, using (b) a RTK GPS (c) at
375 dense points along cross-sections. The location of river is highlighted in northeast Italy.
376  6- Results
377  The bathymetry models were applied to spectroscopic data collected in the laboratory, synthetic data from
378  radiative transfer modeling, and HRSI. Findings are presented and discussed in the following subsections.
379  6-1- Laboratory Experiments
380  The parameters of the bathymetric models were estimated using half of the observations over both flumes,
381  selected at random, to gain insight into the robustness of the models with respect to substrate variations
382  between the flumes. Fig. 4 represents the predicted vs. observed depths using WV-2 spectra for validation
383  samples. For brevity, the match-ups between predicted and observed depths for the simple Lyzenga model
384  that provided the lowest accuracies are dropped from all figures but the accuracy statistics are provided on
385  bar charts.
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387 Fig. 4. Validation of depths derived from (a) OBRA, (b) multiple Lyzenga and (¢c) MODPA based on PLS
388  regression using laboratory spectra convolved to WV-2 bands.
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The OBRA matrices illustrated in Fig. 5 show the R* and RMSE of the ratio model for all possible
combinations of spectral bands; the highest regression R* occurred for the ratio between the yellow and
the red-edge bands (Y/RE).
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Fig. 5. OBRA of laboratory WV-2 spectra representing R* and RMSE of the ratio bathymetry model for all the

possible combination of spectral bands.

As evident in Fig. 4, the retrievals from OBRA were sensitive to the substrate types of the two flumes.
The relatively bright substrate in flume-1 has been confused with shallower depths while the darker
bottom-type of the flume-2 led to overestimation of depths. The multiple Lyzenga model and MODPA
were both robust with respect to substrate variability. However, the residuals from MODPA were about

four times smaller than those of multiple Lyzenga (0.35 cm vs. 1.2 cm RMSEs).

The accuracy statistics of bathymetry models with and without intensity predictors are compared for the
laboratory spectra convolved to both WV-2 and GeoEye bands in Fig. 6. The three different regression
approaches (i.e., PLS, stepwise and PC) provided high accuracies for the proposed MODPA. However,
MODPA based on PLS regression was slightly more accurate than the other two forms of regression. The
optimal model, PLS-based MODPA, was composed of one Lyzenga predictor derived from the RE band
and three ratio predictors derived from G/NIR1, Y/RE and R/RE ratios for the laboratory WV-2 spectra.
The extra predictors improved the accuracies of bathymetry retrievals. The improvements were more
pronounced for the spectra convolved to a lower number of bands (i.e., 4-band GeoEye), and we inferred

that the enhanced spectral resolution of WV-2 led to more accurate depth retrievals than GeoEye.
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Fig. 6. Accuracy statistics (R2 and RMSE) of bathymetry models with (W) and without (W/O) intensity predictors

applied to laboratory spectra convolved to match (a) WV-2 and (b) GeoEye bands.

6-2- Synthetic Data Analysis

6-2-1- Isolating the Effect of IOPS

Fig. 7 illustrates the results of isolating the effect of variations in IOPs for waters with up to 2 m depth.
The OBRA-based retrievals were sensitive to changes in concentrations of each IOP. According to
Legleiter et al. (2009), the exponential relation between radiance and depth is subject to failure as depth
increases. This is because IOPs, particularly as influenced by SSC, imply greater scattering in a thicker
water column. As evident in Fig. 7, mismatches between the OBRA retrievals and known depths are more
pronounced for the higher depths, particularly with high SSC. The multiple Lyzenga model and MODPA

showed very good performance, but the residuals were smaller for the proposed MODPA.
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Fig. 7. Match-up validation of different bathymetry models by isolating the effect of IOPs including (a) SSC, (b)

Chl-a, and (¢) CDOM.

6-2-2- Optically-Complex Shallow Waters

In this testing strategy, we have assumed shallow waters with variable bottom-types and IOPs (see

Section 5-2). MODPA led to the highest correlation with known depths (R* = 0.98 and RMSE= 6 cm

without considering intensity predictors). Including the intensity predictors further enhanced depth

retrieval using MODPA (RMSE= 3 cm). This demonstrated the effectiveness of intensity predictors for

improving the robustness of bathymetry models in optically-complex waters. The match-up validations
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indicated significant improvement (i.e., 7 cm better RMSE) of depth retrieval using MODPA compared to

the multiple Lyzenga model (Fig. 8).
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Fig. 8. Match-up validation of depth retrieval based on (a) OBRA, (b) Multiple Lyzenga and (c) MODPA with
intensity predictors for the optically complex spectra with variable IOPs and bottom types.

We performed further analysis to understand if hyperspectral data could improve the performance of
OBRA in the optically-complex testing scenario. Radiative transfer simulations with a spectral resolution
of 10 nm were used to perform OBRA in the spectral range of 400 nm to 900 nm. As evident in Fig. 9,
depth retrieval for the optimal pair of ratio bands has been improved compared to that of 8-band WV-2
data, but required very high spectral resolution (i.e., 50 bands in the range of 400 nm to 900 nm).
However, the results are not comparable with MODPA (RMSE of 3 cm for MODPA vs. 15 cm for OBRA
using hyperspectral data). This indicates that utilizing multiple predictors derived from a relatively low
spectral resolution data (8-band WV-2) through MODPA is much more effective than when using a single
predictor model like OBRA, even with high spectral resolution. Note that the wavelength position rather
than the spectral resolution of hyperspectral data can also influence the performance of OBRA (Legleiter

et al., 2009).
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Fig. 9. OBRA of simulated spectra with 10 nm spectral resolution for the optically-complex testing scenario.

6-3- WV-2 Image Analysis

Atmospheric effects can make a significant contribution to the TOA radiance at short wavelengths
(mainly visible bands) due to the low reflectivity of water bodies (Gordon, 1990; Pahlevan et al., 2017).
Fig. 10 compares the AComp reflectances (i.e., surface reflectances) with TOA reflectances for WV-2
image pixels from a range of water depths along the Sarca River. The image-derived reflectances were
averaged for all pixels with a given depth known from the field survey. As evident in Fig. 10, atmospheric
effects were significant at short wavelengths dominated by Rayleigh scattering (Gordon 1990; Pahlevan

et al., 2017). AComp and TOA reflectances of the WV-2 image were then supplied to the bathymetry

models to investigate robustness of the models with respect to atmospheric effects.

0.14

012

01

0.08

0.06 |

TOA Reflectance

0.04 |

0.02

400 500 600 700 800
Wavelength (nm)

Fig. 10. Comparison of TOA and AComp reflectances of WV-2 image in a range of water depths along the Sarca

River.
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As first validation approach, one half of the data was reserved for calibration of models and the remaining
half for accuracy assessment. Note that substrate compositions such as algae cover and also water column
constituents can vary over distances of less than a meter in small rivers such as our case study (Fonstad
and Marcus, 2005), which can significantly complicate the depth retrieval. Fig. 11 illustrates the
validation of bathymetry models based on TOA reflectances from the WV-2 image; MODPA provided
the highest accuracy. The residual plots indicate absolute errors of up to 0.4 m for OBRA and multiple

Lyzenga methods, whereas MODPA provided depth estimates with residuals smaller than 0.2 m.
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Fig. 11. Validation of depth retrieval from TOA reflectances of WV-2 image based on (a) OBRA, (b) Multiple
Lyzenga and (c) MODPA using PLS regression.

Fig. 12 shows the OBRA matrix obtained from TOA reflectances of WV-2 image for which G/R ratio
yielded the highest observed vs. predicted R* (0.51) with an RMSE of 9 cm. The matrix indicates that
band ratios with a B or G numerator and a RE or NIR1 denominator as well as Y/RE ratio also provided
comparable results with the optimal band ratio (i.e., G/R). This demonstrates the potential of long

wavelengths across the near-infrared spectrum in retrieving the bathymetry in shallow and clear waters as
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477  long as the water column depth is not too great and the IOPs do not dictate complete absorption or

478  scattering of the signal.
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479
480 Fig. 12. OBRA using TOA reflectances of WV-2 image representing R* and RMSE of the ratio model for all the

481 possible combination of spectral bands.

482  Fig. 13 shows the retrieved bathymetry maps from TOA reflectances compared to in-situ depths along

483 three reaches of the Sarca River.
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491
492 Fig. 13. Comparison of (a) in-situ depths with bathymetry maps derived from (b) OBRA, (c) Multiple Lyzenga

493 model and (d) MODPA.
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The accuracy statistics of bathymetry models with and without intensity predictors are compared for the
WV-2 image and its convolution to GeoEye bands in Fig. 14. In addition, AComp reflectances were
examined relative to the TOA reflectances using the WV-2 image. In general, the AComp reflectances
yielded higher accuracies than TOA reflectances. However, the accuracy enhancement was more
pronounced for OBRA, whereas MODPA was less affected by atmospheric effects. Again, the three
approaches for selection of optimal predictors provided comparable results, but the PLS regression was
slightly more accurate than the others. This model was composed of three Lyzenga predictors derived

from CB, G and RE bands and two ratio predictors derived from G/R and G/NIR1 using the WV-2 image.
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Fig. 14. Accuracy statistics (R* and RMSE) of bathymetry models with (W) and without (W/O) intensity predictors
applied on (a) WV-2 and (b) GeoEye images. The comparison also performed for the TOA and AComp reflectances
of the WV-2 image.

As can be inferred from Fig. 14, the intensity predictors in general led to an increase of R’ for all the
models except for the Lyzenga’s multiple regression model. This is mainly because making use of all the
Lyzenga predictors derived from original bands and intensity components induces the overfitting problem

as well as degradation of predictive power due to the presence of irrelevant predictors. As an interesting
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509  point, intensity predictors for the GeoEye image remarkably increased the accuracy of OBRA (about 0.1
510  enhancement of R?). This is shown in Fig. 15 where the optimal ratio model has been derived from

511 intensity (I) bands.
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512
513 Fig. 15. OBRA of GeoEye image where the OBRA matrix derived from the original image bands (RGB color space)

514 is highlighted with a red box. The optimal band ratio model was derived from intensity (I) predictors.

515  Fig. 16 compares the bathymetry retrieved from the WV-2 image with in-situ observations along a few

516  randomly selected cross-sections.
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519 Fig. 16. Comparison of in-situ depths along cross-sections of the Sarca River with bathymetry retrieval from

520  different models considering intensity predictors using WV-2 image.
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We performed an additional analysis to investigate the performance of bathymetry models with spatially
distant samples for calibration and validation. In this context, the two distal in-situ reaches were used for
calibration and the middle one for validation. Fig. 17 shows the depth maps and the accuracy statistics
derived from bathymetric models for the middle reach of the Sarca River. The results demonstrated the

increased validity and robustness of MODPA compared to other methods.
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(a) In-situ (b) OBRA (c) Multiple Lyzenga (d) MODPA
Fig. 17. Depth maps estimated for the middle reach of the Sarca River by calibrating the bathymetry models with

two distal in-situ reaches.

In addition, we estimated mean and maximum depths for 50 cross-sections regularly spaced along a 3 km
reach of the Sarca River to perform HAAB (Egs. 10 and 11). In this regard, the discharge of the river was
available from gage records (Q = 4.6 m’/s). Regional slopes of the channel were estimated from an
available LiDAR-derived digital surface model (0.01 < § < 0.003) and cross-sectional widths (W) were
measured on the image. The depth estimates based on HAAB allowed us to perform an independent
analysis on the efficacy of bathymetry models in reaches where no in-situ measurement was available.
The proposed MODPA resulted in a more accurate depth estimates compared to OBRA and multiple
Lyzenga models. MODPA-based depth estimates indicate enhancement of R” on the order of 0.22 and
0.11 with RMSE improvement of 0.06 m and 0.05 m compared to OBRA and multiple Lyzenga models,

respectively (Fig. 18).
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Fig. 18. Mean and maximum cross-sectional depths from HAAB compared with depth retrievals from WV-2 image
based on (a) OBRA, (b) Multiple Lyzenga and (c) MODPA using PLS regression.

The bathymetric map derived from the WV-2 image for a 5 km-long reach using the proposed MODPA
based on PLS regression is shown in Fig. 19. In addition to the quantitative assessment performed on
independent check points described above, visual inspection also supports the realism of the map, with
the pool-to-pool spacing across the reach corresponding to the theoretically established 5-7 channel

widths (Montgomery et al., 1995).

Fig. 19. Bathymetry map derived from the proposed MODPA based on PLS regression using WV -2 image.

7- Discussion

Lyzenga’s single predictor demonstrated to be very sensitive to variations in substrate type and IOPs.
Although this predictor individually failed in providing depth information, it might have potential for

classifying riverbed compositions. The OBRA also failed to provide satisfactory, robust depth retrieval

29



552

553

554

555

556

557

558

559

560

561

562

563

564

565

566

567

568

569

570

571

572

573

574

575

with respect to substrate and IOPs variability. Despite identification of the optimal pair of bands for the
ratio model, OBRA is a single predictor model and most likely neglects other explanatory variables even
when using very high spectral resolution data. Multiple Lyzenga predictors enhanced the robustness of
the model with respect to optically complicating factors in riverine environments. However, this model
does not account for any process to select optimal predictors and might lead to overfitting problems that
could degrade prediction accuracies due to the risk of correlated and redundant predictors. This problem
would become even more significant when using high-dimensional (hyperspectral) imagery and also
when considering additional candidate predictors such as intensity components used in this study. The
performance of the multiple Lyzenga model on WV-2 data was degraded by including the intensity
predictors. This finding highlights the significance of using MODPA to identify optimal predictors,
among all the candidate predictors, including the intensity components. Moreover, intensity predictors
were most significant when there were more complexities in the data (Fig. 8). This is reasonable as the
main rationale for adding new predictors is to deal with complex data and enhance robustness with
respect to all undesirable variations. As OBRA and proposed MODPA identify the optimal predictor/s,
they yielded improved results when using intensity predictors. More specifically, the single predictor of
OBRA for the GeoEye image was a combination of intensity predictors. This result shows the
effectiveness of extra predictors such as intensity components for bathymetry mapping from imagery with
low spectral resolution. The results of bathymetry models applied to simulated spectra further suggested
the robustness of MODPA with respect to changes in IOPs (as influenced by SSC, Chl-a and CDOM) and
also in optically-complex rivers where all the IOPs as well the bottom types were variable. The intensity
predictors improved the results of MODPA in the testing scenario associated with the simulated optically-
complex rivers (3 cm improvement of RMSE for depths up to 2 m). Moreover, the range of predicted
depths for MODPA was more in agreement with the known depths whereas other methods were hindered

by estimation of some negative depths in the optically-complex testing scenario (see Fig. 8).
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The enhanced spectral resolution of WV-2 showed benefits for mapping the bathymetry of shallow rivers.
For instance, the long-wavelength bands including RE and NIR1 proved to be useful as Lyzenga
predictors or as the denominator of ratio-based predictors. This is mainly because light in shallow and
clear rivers is not fully attenuated even for long/highly-absorbing wavelengths. On the other hand, short-
wavelength bands (e.g. B, CB, G and Y) performed as appropriate numerator bands for ratio predictors. In
summary, the WV-2 sensor provided a wealth of options for selecting either Lyzenga or ratio predictors
and led to higher accuracies than when using 4-band GeoEye data (e.g., improvements of R* and RMSE
respectively on the order of 9% and 1 cm using TOA reflectances without intensity predictors).
Comparing the TOA and AComp reflectances over a range of field-measured depths showed reasonable
correction of atmospheric effects (e.g., appropriate removal of Rayleigh scattering over short
wavelengths). AComp reflectances yielded higher accuracies than TOA data, with a more pronounced
difference for OBRA (improvements of R* and RMSE on the order of 11% and 1 cm, respectively).
However, multiple-predictor models, particularly MODPA, showed robust bathymetry retrievals with
respect to atmospheric effects. MODPA provided promising results and improvements for bathymetry
retrieval in the Sarca River based on a WV-2 image. The best result was derived from MODPA based on
PLS regression using AComp reflectances where R* and RMSE were estimated as 0.82 and 5.8 cm,
respectively. Although the three investigated regression methods provided very comparable results, the
PLS-based regression showed slightly more accurate results. The imaged-derived bathymetry of the Sarca
River validated based on two different sampling strategies for calibration of the models and also by

comparing with the cross-sectional depth estimates from basic models of river hydraulics (i.e., HAAB).

8- Conclusions and Future Work

The thinner and less complex water columns of shallow and clearly flowing rivers permit the bottom
component of radiance to dominate the signal reaching the sensor. Although this radiance component is
desired for bathymetry retrieval, it is affected not only by water depth but also by substrate

type/composition and indirectly by water column properties (IOPs). Moreover, other factors such as
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highly variable roughness of the water surface, variable IOPs, and atmospheric effects can complicate
depth retrieval in riverine environments. Therefore, development of methods robust to all these variations
is essential in order to retrieve consistent bathymetric data over large spatial and temporal extents using
optical imagery. This research introduced MODPA to take advantage of both Lyzenga and ratio
predictors and also to integrate extra predictors obtained from the intensity component of the HSI color
space. In this regard, all the possible Lyzenga and ratio predictors derived from the original image as well
as the intensity components were considered as candidate predictors. A set of optimal predictors were

then selected based on one of PLS, PC or stepwise regressions.

The proposed MODPA outperformed widely-used OBRA and multiple Lyzenga methods through three
independent analyses using laboratory spectra, radiative transfer model simulations, and satellite data.
The significance of MODPA was demonstrated in optically-complex waters by providing robust retrievals
with respect to variations in substrate type, IOPs, water surface roughness, and atmospheric effects.
Additional predictors (e.g. spectral water indices) could be included in the MODPA particularly for low
spectral resolution imagery or for studies on optically-complex waters, which will be the subject of future
investigations. The radiative transfer simulations were representative of a wide range of IOPs in the study
region, including turbid waters. However, more research should be dedicated to study turbid rivers to
further explore the potential of MODPA. The first tests on DigitalGlobe AComp indicated the
effectiveness of this product for mapping the bathymetry of shallow and clearly flowing rivers. However,
more studies should be dedicated to comprehensively analyze the quality of AComp product for remote

sensing of inland waters.

Note that the key for empirical depth retrieval methods is to have a sufficient number of samples available
for calibration to allow the regression model to capture the variability and complexity of the data. In the
cases with limited number of in-situ samples, cross-validation approaches (Martens and Dardenne, 1998)

and also the hydraulic-based approach considered in this study (i.e., HAAB) would be beneficial to
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perform the calibration and validation of bathymetric models. Moreover, HAAB allows to examine the

reliability of depth retrievals in the reaches without available in-situ depths.

This research demonstrated the effectiveness of spectroscopic experiments in an indoor environment of a
hydraulic laboratory to study the bathymetry of very shallow waters considering variable bottom types.
Experiments of this kind can be extended to study other attributes of fluvial systems such as flow velocity
and water quality indicators. The proposed MODPA was demonstrated to be an efficient technique for
mapping river bathymetry. However, application of this technique is restricted neither to riverine
environments nor to a specific optical sensor. MODPA has the potential for application to any
multi/hyper-spectral image over optically shallow inland or coastal waters. The sensor and platform type
can be defined based on requirements of the case study, such as the spatial resolution. Further assessment
of MODPA using freely-available Sentinel-3, Sentinel-2, and Landsat-8 imagery would be interesting in

various coastal/inland applications.
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