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Abstract

We evaluate different techniques that rebuild reservoir bathymetry by combining multi-satellite
imagery of surface water elevation and extent. Digital elevation models (DEMs) are processed in
two distinct ways in order to determine 3-D reservoir bathymetry. They are defined as (a) linear
extrapolation and (b) linear interpolation. The first one linearly extrapolates the land slope,
defining the bottom as the intersection of all extrapolated lines. The second linearly interpolates
the uppermost and lowermost pixels of the reservoir’s main river, repeating the process for all
other tributaries. A visible bathymetry, resulting from the combination of radar altimetry and
water extent masks, can be coupled with the DEM, improving the accuracy of techniques (a) and
(b). Envisat- and Altika-based altimetric time series is combined to a Landsat-based water extent
database over the 2002-2016 period in order to generate the visible bathymetry, and topography
is derived from the 3-arcsec HydroSHEDS DEM. Fourteen 3-D bathymetries derived from the
combination of these techniques and datasets, plus the inclusion of upstream and downstream
riverbed elevations, are evaluated over Lake Mead. Accuracy is measured using ground
observations, and show that metrics improve as a function of added data requirement and
processing. Best bathymetry estimates are obtained when the visible bathymetry, linear
extrapolation technique and riverbed elevation are combined. Water storage variability is also

evaluated and shows that best results are derived from the aforementioned combination. This
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study contributes to our understanding and representation of reservoir water impoundment

impacts on the hydrological cycle.

1. Introduction

Today, water security is a major issue in many regions in the world where humans face a
changing climate. Manmade reservoirs and their operation play a key role in water storage and
supply, and have a major impact on the water budget at the regional scale (e.g., Wang et al.,
2011; Getirana, 2016). Reservoir operation rules or other related information, such as water
levels and outflows, are not usually available for large scale modeling purposes. In that sense,
numerous studies have proposed different techniques to infer reservoir dynamics worldwide
through remote sensing. Water levels are commonly inferred through laser or radar altimetry
(Birkett et al., 2010; Cretaux et al., 2011; Okeowo et al., 2017), water extent from land cover
imagery, such as Landsat, MODIS and radar images (Messager et al., 2016; Jung et al., 2010;
2011) and storage by combining both of them (Smith & Pavelsky, 2009; Gao et al., 2012; Duan
& Bastiaanssen, 2013; Zhang et al., 2014). Other studies have combined water extent with DEMs
in order to determine the water storage variability in large river basins (e.g Papa et al., 2013;

Cretaux et al., 2015; Salameh et al., 2017).

Hydrological models have been critical in the understanding of the global water availability (e.g.,
Getirana et al., 2017), but most of these models neglect anthropogenic impacts. Few exceptions
represent reservoirs as simple “buckets”, where no bathymetric information is required,
simulating water multi-use based on generic empirical equations (e.g., Haddeland et al., 2006;
Doll et al., 2009). Recent progress in surface water dynamic modeling allows us to obtain a more
physically based representation of reservoir operation impacts on the river network system (e.g.,
Mateo et al., 2014). However, global DEMs, commonly used to derive model parameters, inform
us with the surface water elevation rather than the bathymetry, which is defined as the
measurement of water body depths. Recent efforts have been put towards the development of
more accurate global DEMs, accounting for different sources of errors and interferences (e.g.
Yamazaki et al., 2017). Although some studies have suggested ways to improve flow directions
in flat DEMs due to floodplains (e.g. Getirana et al., 2009a,b), water bodies are yet to be
accurately accounted for in DEM processing. That imposes a major limitation in determining the

actual reservoir water volume and depth, their variability and impacts on river systems.
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Determining the bathymetry of shallow waters is defined as one of NASA priorities in the 2017-
2027 Decadal Survey for Earth Science and Applications from Space for a more accurate
representation of the Earth topography (National Academies of Sciences, Engineering, and
Medicine, 2017). As a result, accurately representing the impacts of reservoir operation on the
surface water dynamics can be achieved with improved DEMs where the bathymetry is properly

represented.

Although some studies present techniques to estimate reservoir volume and depth through
statistical relationships (e.g., Hollister et al., 2011; Sobek et al., 2011; Heathcote et al., 2015),
remotely inferring 3-D reservoir bathymetry has been underexplored. Tseng et al. (2016)
introduced a novel methodology to estimate water levels combining water extent time series with
a three-dimensional bathymetry obtained through the linear extrapolation of DEMs. The
technique was successfully applied to Lake Mead, and results were compared against ground
observations. DEM extension through a linear extrapolation is a robust solution providing a first
order representation of what the bathymetry could be, and easily transferrable to other reservoirs.
However, unless the DEM was acquired during a low water period (Zhang et al., 2016), the
inaccuracy of the 3-D bathymetry can be high, since the bottom, defined by the intersection of all

extrapolated lines, can be unrealistic.

We address this issue by proposing and comparing different techniques for estimating 3-D
reservoir bathymetry exclusively based on satellite data. They can be combined, increasing the
level of data requirement and processing. Data sources include the Hydrological data and maps
based on SHuttle Elevation Derivatives at multiple Scales (HydroSHEDS; Lehner et al., 2008),
Envisat and Altika radar altimeters, and Landsat-based water extents. Lake Mead, located in
Nevada, USA, is considered as the study case due to the large ground-based data availability,
including bathymetric measurements, used for evaluation. It is also the largest reservoir in the
U.S., with a maximum water capacity of 32.2km’. More specifically, we focus on the lower
portion of the lake, the Boulder Basin (see Fig. 1 for location), which has a maximum water

capacity of 10.5km”.

2. Datasets

2.1. Water extent
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Water extent time series was derived from Landsat historical datasets (i.e. Landsat 4, 5, and 7
ETM+) for the 1982-2005 period, totaling 585 water extent maps (Tseng et al., 2016). Water
pixels were classified from each of the Landsat datasets based on their green and shortwave
infrared bands, known as the Modified Normalized Difference Water Index (MNDWI; Xu,
2006). For this study, water masks were generated to include all the pixels that have a value
larger than 10% (considered “water”) in this Landsat frequency map. The Landsat series has a

nominal spatial resolution of 1 arcsec using the WGS84 datum.

2.2. Water level

Water level time series were derived from both satellite and ground observations. We obtained
daily historical water elevation from 1983 to 2016 for Lake Mead, at Hoover Dam, from Bureau
of Reclamation Records. The water elevations are referenced to the adjusted United States
Geological Survey (USGS) datum (i.e. locally known as Power House Datum), 0.55 feet lower
than National Geodetic Vertical Datum 1927 (NGVD27) (USDI, 2011). Satellite-based water
levels were derived from both Envisat and the SARAL/Altika radar altimeters. Envisat was
launched by the European Space Agency (ESA) in 2002 had a cross-track interval ~80km at the
Equator and 35-day revisit period, which shared the same orbital elements with preceding ERS-
1/-2 missions. The SARAL/Altika launched in February 2013 that follows Envisat is used to
extend the altimetry time series. Here, we used the latest version of reprocessed Envisat Sensor
Data Record (SGDR V2.1) provided by the Centre National d’Etudes Spatiales (CNES)
Archiving, Validation, and Interpretation of Satellite Oceanographic data (AVISO) service,
corresponding to cycle 6-93. The pass #406 near the Overton Arm of northern Lake Mead (Fig.
1) is selected to retrieved water elevations of both products. Overlapped range between satellite
ground track and lake surface is around 3.5km, corresponding to ten 18Hz footprints. A
backscattering coefficient threshold is set at 10dB to filter out non-water surfaces with brighter
characteristics in radar domain. For Envisat, the ICE-1 range retracker is used to determine the
leading-edge position in radar waveforms. Several corrections including the geophysical (solid
Earth tide and pole tide), atmospheric (dry/wet troposphere), ionospheric (path delay), and
hardware (Ultra Stable Oscillator) terms are further applied to calculate the WGS84 ellipsoidal
height.
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Envisat time series totals 83 observations, against 24 for SARAL/Altika. Water elevations
derived from both satellites were referenced to WGS84 ellipsoid at the overpass near the Overton
Arm of northern Lake Mead, covering about ten 18Hz footprints or 3.5km water crossover along
track. The root mean square error (RMSE) of bias-corrected Envisat and SARAL/Altika time
series is 0.13m and 0.48m, respectively. Combining both time series results in an RMSE of

0.20m. Mean absolute errors (MAE) are 0.18m, 0.51 and 0.29m, respectively.

2.3. Topography and bathymetry

Topography and flow directions were derived from the void-filled HydroSHEDS DEM at
3arcsec, derived from the Shuttle Radar Topography Mission (SRTM; Farr et al. 2007) mission.
At the Boulder Basin, a 3arcsec pixel sizes 6940m®. HydroSHEDS is referenced to both the
World Geodetic System 1984 (WGS84) and the Earth Gravitational Model 1996 (EGM96) geoid

for horizontal and vertical datum, respectively.

Ground-based bathymetric observations at larcsec in the North America Datum 1983 (NAD&83)
were obtained with USGS. This dataset was acquired in 1999 with a side scan-sonar and chirp
seismic reflection survey (USGS, 2003). All generated bathymetric estimates are downscaled at
larcsec and evaluated against observations. All datasets used in this study (water level time

series, topography, and bathymetry) have been corrected to WGS84, before being processed.

3. Methodology

We propose and evaluate 14 experiments resulting from the combination of three bathymetry
generation techniques. The techniques are: (i) DEM extrapolation; (ii)) DEM interpolation; and
(ii1) visible bathymetry reconstruction. For both (i) and (ii), DEM is defined as the elevation
map, where pixels with constant water surface elevation are masked out. The final bathymetry
derived from each procedure replaces the water mask. They are described in the following

sections.

3.1. DEM extrapolation

This technique, first proposed in Tseng et al. (2016), defines a conic bathymetry based on the
linear extrapolation of the innermost topographic boundary. The window size used to define the

slope extrapolation was fixed as 3 pixels, as suggested in Tseng et al. (2016). This procedure can
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be applied without additional datasets, only using a DEM, but the bottom of the reservoir can be

unrealistic since it is reached when extrapolated lines converge.

3.2. DEM interpolation

This technique requires a hydrologically conditioned DEM and considers that a pixel flows
preferentially to one of its eight direct neighbors. As a result, maps of flow directions and
drainage area, derived from the DEM, are also needed in order to define the river network. A 9-
pixel buffer region is defined along the DEM boundary, guaranteeing a proper selection of
elevations upstream the reservoir and downstream the dam. Using the pixels within the buffer, a
linear interpolation links the uppermost and lowermost pixels along the main stream of the
reservoir, considering the flow directions and upstream drainage. Similar process is repeated for
all other tributary streams, and the remaining pixels are filled with interpolated elevations of
these rivers. After interpolating all streams crossing the buffer, unfilled pixels within the mask
over the reservoir are filled using a moving average window. Based on a sensitivity analysis, we
found that the optimal window size for the Boulder Basin is 3 pixels (see Fig. 4). It is important
to note that this window size is optimal for this particular case, and may not be ideal for other

applications.

In addition to the DEM elevation, in order to further improve the bottom of the reservoir, we also
used upstream and downstream riverbed elevation. This information was derived from the
ground-based bathymetry. This choice was made because the Boulder Basin’s upstream
conditions are highly dependent on the operation of the whole Lake Mead system, rather than the
naturalized river dynamics. For other cases, more generic solutions could be adopted, such as the
use of large-scale empirical equations for the determination of river geometry (e.g. Decharme et
al., 2012; Getirana & Paiva, 2013). The use of such equations could facilitate the automation of
bathymetry estimation at the global scale, in particular, where observed riverbed elevations are

unavailable.

3.3. Visible Bathymetry

An algorithm was developed in order to derive reservoir and lake bathymetry by combining
surface water extent and water level time series. The elevation range of the resulting bathymetry

will depend on satellite data availability and whether those data were acquired during extreme
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wet and dry conditions. Also, accuracy and amount of satellite data will dictate the quality and

details provided in the final product. This bathymetry, observable through satellite data, is

hereafter called visible bathymetry, or simply VB. The VB algorithm is composed of four sub-

steps and a schematic is provided in Fig. 2:

a.

Water level and mask time series are combined. Envisat data is linearly interpolated in
order to obtain an estimated water level at a given time where Landsat-based water extent

is available. At the end of this step, there will be n matches of water levels and masks;

Water masks are stacked as a function of the elevation. In this sense, water masks are
reorganized from the lowest to the highest elevation. Ideally, the water mask at the lowest

elevation should also have the smallest extent;

Water masks are then corrected based on a consistency test using an occurrence
coefficient (c,): at a given lower water mask layer, the consistency of a xy pixel classified
as “water” will be verified by counting the number of pixels in higher elevation layers
that are also “water”. If that number exceeds the ¢, threshold, then all tested pixels are
classified as “water”, otherwise they are all classified as “land”. c, is given as a fraction

of xy pixels from that layer to the top layer that is classified as “water”, varying from 0 to

1.

The bathymetry is then generated by attributing elevations to boundary pixels of all mask
layers and using linear interpolation to fill empty spaces between the innermost and

outermost boundaries.

3.4. Experimental design

In order to evaluate the accuracy of techniques as a function of their added data requirement and

processing, 14 experiments, composed of single procedures or the combination of two or more of

them, are evaluated. Processing techniques and datasets composing each experiment are

described below and summarized in Table 1:

1.

(HS) Bathymetry is simply considered as elevation provided in HydroSHEDS;
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2. (I1) Linear interpolation is applied using HydroSHEDS and its corresponding flow

direction map;

3. (I2) Linear interpolation is applied using HydroSHEDS and its corresponding flow
direction map; upstream riverbed elevation is used for the correction of the uppermost

pixel of the main stream to the reservoir in HydroSHEDS;

4. (I3) Linear interpolation is applied using HydroSHEDS and its corresponding flow
direction map; upstream and downstream riverbed elevation are used to correct the main

stream DEM pixels in HydroSHEDS;

5. (E1) Linear extrapolation is applied using a 3-pixel buffer DEM derived from
HydroSHEDS over land;

6. (E2) As El, but the bottom of the reservoir is constrained by a flat horizontal elevation

derived from the downstream riverbed elevation;

7. (E3) As E1, but the bottom of the reservoir is constrained by a surface composed of the

linear interpolation between the upstream and downstream riverbed elevations;

8-14. (VHS), (VI1), (VI2), (VI3), (VEL), (VE2) and (VE3) Experiments 1-7 are repeated using
HydroSHEDS corrected with visible bathymetry derived from Landsat water extents and

Envisat/Altika water level time series.

3.5. Evaluation procedure

The evaluation has been designed to independently test the sensitivity of visible bathymetry
parameters, and the fourteen experiments described above. The sensitivity analysis of ¢, was
performed in order to determine the best visible bathymetry for the Boulder Basin. In this sense,
¢, varied from 0 to 1 at incremental steps of 0.1, totaling 11 realizations. The most appropriate c,
value is determined using a tradeoff relationship between accuracy and number of remaining
valid pixels composing the visible bathymetry. This tradeoff relationship was chosen rather than
an optimization procedure minimizing errors because, as shown in the following section, high c,

values drastically reduce the amount of data used to build the bathymetry.
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The bathymetric estimates are evaluated in terms of maximum water storage capacity, V [km’],
average and maximum depths, hayg and hmax [m], and relative water storage variability, dV
[km®]. V, havg and hyax were computed using the maximum reported water elevation of 375m
for Lake Mead, and dV was derived from ground and satellite water level observations combined
with the bathymetries. Bathymetric estimates are also compared against the reference using
RMSE, MAE and relative error (RE), and water storage variability with the standard deviation
ratio (Stdev ratio). MAE and Stdev ratio are defined as follows:

RMSE = [[Z1%,(x, - y2]/mp ()
MAE = 3}, )
RE — % 3)
Stdev ratio = z—z 4)

where x and y stand for estimated and observed bathymetric elevations, np is the total amount of
pixels composing the bathymetry. o and o, represent the standard deviation of estimated and

observed water volume time series, respectively.

Water storage is derived from the combination of water level observations with bathymetry
estimates. First, the daily ground-based water level time series, assumed as the truth, is combined
with bathymetries in order to isolate the impact of water level changes on the water storage. The
water storage derived from the reference bathymetry is used as the truth. Then, a fully satellite-
based water storage is derived by repeating the same procedure, but using radar altimetry time

series.

4. Results and discussion

4.1. Visible bathymetry generation
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The experiment using Envisat+Altika data resulted in 253 matches between water level and
extent during the 2002-2015 period, with an elevation range of 23.9m, from 329.9m to 353.8m.
The longer data availability using gauge-based water levels, from 1983 to 2016, resulted in 584

matches with a wider elevation range, 42.3m from 328.2m to 370.5m.

Results from the sensitivity analysis show that the number of pixels composing VB varies
significantly with different c, values. The least restrictive realization (c,=0) includes any “water”
pixels in all layers, resulting in VBs composed of 50,000 and 112,000 pixels for the
Envisat+Altika and gauge-based experiments, respectively. These VBs have large errors, as
indicated by the comparison against observations (Biases are -69.2m and -201.3m, and RMSEs
are 175.3m and 363m). The performance increases when more restrictive values are used. For
example, biases are 3.3m and 1.2m, and RMSEs are 12.1m and 10.7m when c,=1. The gain in
accuracy is counterbalanced by a significant loss of information, with VBs being composed of
only 5200 and 4100 pixels, respectively. Fig. 3 shows the relationship between the number of
pixels used in VBs and accuracy, as a function of ¢, values, for both experiments. It is possible to
identify a break in all curves, where the number of pixels significantly drops with low change in
accuracy. That break has been identified as ¢,=0.5 (marked with circles), where biases are -0.3m
and -1.3m, and RMSEs are 10.8m and 11m for the Envisat+Altika and gauge-based experiments,

respectively.

4.2. 3-D bathymetry evaluation

Estimates of Boulder Basin bathymetry vary significantly among experiments. As shown in Fig.
5, HydroSHEDS bathymetry (HS) highly underestimates the water storage capacity, as well as
average and maximum depths (0.5km’, 66m and 4m, respectively), when compared to the
reference (10.5km’, 159m and 95m). This result is expected since the bottom of the reservoir is
defined in this experiment as the water surface observed by SRTM. This is an indication that
using raw DEMs (i.e. no data pre-processing to represent bathymetry over reservoirs) should be
avoided. Better bathymetry estimates are obtained with the experiments based on the linear
interpolation technique. Fig. 6 shows the differences between estimates and the reference
bathymetry, including RMSE and MAE values. When metrics of experiments with and without
VB are averaged in different groups, we observe that experiments using the linear interpolation

technique (i.e. average of experiments I1, 12, I3, VI1, VI2 and VI3) considerably improves the

10
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accuracy of bathymetry estimates, reducing RMSE and MAE, on average, 40% and 47%,
respectively. Among these experiments, if we focus on experiments considering riverbed
elevation (i.e. 12, I3, VI2 and VI3), improvements are slightly higher (43% and 50%). The
underestimated depths observed upstream the reservoir (upper right corner) in experiments 11
and VIl are corrected when the linear interpolation is performed using riverbed elevation.
Among all experiments using linear interpolation, VI3, considering visible bathymetry and
riverbed elevation, resulted in the most accurate volume estimate (V=7.5km’) and average depth
(havg=68m), with RMSE and MAE of 52.3m and 40.5m, respectively. Even though the linear
interpolation technique significantly improves the determination of the bottom of the reservoir, a
few features are still missing, such as the depressions in the lower left and upper center sides of
the reservoir and the elevation in the right side, as shown in Fig. 6. This is likely due to the fact
that after interpolating all tributary pixels, the remaining reservoir pixels are not sufficiently

explained using a 3x3 moving average with the surrounding interpolated elevations.

The 3-pixel buffer topography applied to HydroSHEDS in the linear extrapolation technique
(experiment E1) resulted in a deep reservoir bottom, where all extrapolated lines intersect, highly
overestimating V, havg and hyax values (25.8km’, 795m and 234m), and the highest RMSE
(208.1m) and MAE (150.5m) values. An enhancement is observed with the inclusion of VB
(experiment VE1), with metric values of 170.lm and 112.6m, respectively. However, a
significant improvement is noticed when the bathymetry derived from the linear extrapolation
technique has its bottom constrained with flat surfaces defined by riverbed elevation. Using the
downstream riverbed elevation to derive a flat horizontal reservoir bottom (experiments E2 and
VE2) enhances both V and havyg, and average RMSE and MAE are improved, on average, by
71% and 67%. Using the flat surface defined by the main stream interpolation to constrain the
reservoir bottom (experiments E3 and VE3) adds up, improving RMSE and MAE in 69% and

73%, respectively, compared to experiments E1 and VELI.

Adding VB improved bathymetry estimates of all experiments, with RMSE and MAE increasing,
on average, 14% and 18%, respectively. The best overall results were obtained from experiments
combining VB, linear extrapolation and riverbed elevation. In particular, experiment VI3, using

upstream and downstream riverbed elevations, resulted in the most accurate metrics of all

11
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experiments, with absolute water volume and average depth of 13.2km’ and 119.5m, and RMSE
and MAE of 44.4m and 32.9m, respectively.

4.3. Water storage variability

If, on one hand, the maximum water storage capacity is highly dependent on the bottom of the
reservoir, as discussed above, water storage change reflects how accurate the bathymetry is in the
top layer, where water levels vary. Fig. 7a shows bias-removed water volume variability time
series, dV, derived from the combination of ground-based water level observations and
bathymetry estimates, for the 1983-2016 period. Bias was removed from time series for
visualization purposes only, and values are provided for each experiment in the figure.
Experiment 11, using the linear interpolation technique, did not perform as well, with higher
RMSE (0.6km’) and lower Stdev ratio (0.59). Both metrics improve with experiments 12 and I3,
when riverbed elevation is used, reaching 5.38x10* km® and 0.68, respectively (see Fig. 7 for
time series and Table 2 for respective metrics). Although experiments E1 overestimates the
maximum water capacity, as described in the previous session, once their biases of 10km’ are
removed, one can notice a high agreement between reference and estimated dV time series, with
RMSE values of nearly zero, and Stdev ratio of 1. An overall improvement of all metrics is
noticed when VB is considered, with a general improvement of bias, RMSE and Stdev ratio of
25%, 119% and 7%, respectively. VB improved Stdev ratio of linear interpolation experiments,
but added a minimum deterioration in linear extrapolation experiments. Although adding
riverbed elevation to the linear interpolation technique had some improvement on RMSE and
Stdev ratio, combining that information with the linear extrapolation technique has not changed
these metrics. On the other hand, riverbed elevation significantly impacted biases, with an

overall improvement of 51%.

Fig. 7b shows bias-removed dV derived from radar altimetry time series combined with
bathymetry estimates. Full satellite-based dV is available from 2002 to 2016 at a 35-day
repeating cycle, except years 2011 and 2012, corresponding to a gap between Envisat and Altika
missions. Results follow the patterns observed when ground-based observations are used.
However, the reduced frequency, shorter time series, and error related to the altimeter and
algorithms used to derive the water level resulted in a slight difference between metrics derived

from each data source. For both ground-based and satellite-based time series, the most accurate

12
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water volume variability time series were obtained with experiment VE3, combining linear
extrapolation, riverbed elevation and visible bathymetry, with bias=2.7km’, RMSE=0 and Stdev

ratio=1 for both time series.

5. Summary

This paper presents and compares techniques used to generate 3-D reservoir bathymetry based
on remote sensing data. They are composed of three categories that can be coupled, hence
increasing levels of data and processing requirements, combining digital elevation models, radar
altimetry and land cover maps. DEMs are processed in two distinct ways in order to determine
the bathymetry and bottom of the reservoir. They are the (a) linear extrapolation and (b)
interpolation. The first one linearly extrapolates land slopes surrounding the reservoir, defining
the bottom as the intersection of all extrapolated lines. The second one linearly interpolates
pixels beyond the uppermost and lowermost points of the main river of the reservoir, repeating
the process for all other tributaries, and filling the remaining pixels with interpolated elevations
of these rivers. A partial 3-D bathymetry, called here visible bathymetry, resulting from the
combination of radar altimetry and water extent masks, can be coupled to the DEM, improving
reservoir bathymetry estimates from (a) and (b). The technique is tested over the Boulder Basin,
the lower part of Lake Mead, where ground-based observations are largely available for
evaluation. Fourteen experiments with increasing amount of inputs and data processing are

evaluated against bathymetric measurements.

In order to determine VB, a parameter called occurrence coefficient ¢y needs to be calibrated. In
this sense, a sensitivity analysis is performed and a trade-off approach is used in order to
determine the optimal value. ¢y is determined as a function of both RMSE and gain of
information in terms of number of pixels used in the generation of the bathymetry map. The
optimal value is found somewhere between 0.4 and 0.5, but fixed as 0.5 in this study. It is worth
noting that this value is independent of the water level dataset, but it is related to the quality of
the water extent maps (e.g. cloud contamination, speckle noise, among other source or errors)
and should be carefully reapplied to other cases. At the end of this process, it is assumed that
uncertainties intrinsic to the water mask misclassification are minimized, but still present. Errors
related to radar altimetry data are also a source of inaccuracy in the proposed algorithm. The

average mean absolute error found for the bias-corrected radar altimetry time series is 0.29m,
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which is one order of magnitude lower than SRTM errors (Farr et al., 2007). Another source of
error in this technique is the linear interpolation used to fill the gaps between water boundaries at
different elevations. However, that source of error can be minimized, as more data is available.
As demonstrated in the sensitivity analysis, errors are still present when using the optimal c,

value.

Both interpolation and extrapolation techniques require the definition of window sizes. Here,
sizes were defined based on either previous experience, as described in the literature, or on
sensitivity tests. Although they were satisfactorily used in both techniques over the Boulder
Basin, alternative dimensions might be more appropriate when these techniques are applied to

other reservoirs or datasets.

The 3-D bathymetry estimates are evaluated in terms of maximum water storage capacity V,
average hayvg and maximum hyax depths, and water storage variability dV. We also use metrics
such as bias, RMSE, mean absolute error and standard deviation ratio to determine the accuracy
of both bathymetry and dV. Results show that bathymetry estimates combining the linear
extrapolation technique, visible bathymetry and riverbed elevation achieved the best accuracy for
all selected metrics. Improvements observed using VB with the linear extrapolation technique is
likely due to HydroSHEDS’s limitations inherited from SRTM DEM errors, which could have a
negative impact on slopes. These errors are a function of terrain and land cover characteristics,
among others. Additionally, vertical errors can further biased when the DEM is upscaled, and
slopes tend to flatten. As a result, it is safe to assume that, in this particular case, VB provides a

better estimate of elevations, as opposed to HydroSHEDS.

We acknowledge the existence of two limitations in our evaluation. They are: (i) limited number
of techniques to generate 3-D bathymetry; and (ii) limited number of evaluation sites. Applying
and combining additional extrapolation and interpolation techniques (i.e. polynomial,
logarithmic, exponential, among others) to a wider range of reservoirs can result in a more
refined evaluation, and metrics could be related to hydrogeological features (e.g. shape, depth,
etc.), in order to determine the most appropriate techniques to be used. Unfortunately, access to

ground-based bathymetric observations is still limited, restricting a broader evaluation.
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The proposed technique is easily transferrable to other reservoirs with the required data
availability. In terms of water extent, MODIS-based (Carroll et al., 2017) and Landsat-based
(Feng et al., 2016; Pekel et al., 2016) products are readily available globally for a wide timespan.
Satellite-based ~ water levels are currently available through the G-REALM

(https://www.pecad.fas.usda.gov/cropexplorer/global reservoir/) and Hydroweb

(http://hydroweb.theia-land.fr/) databases at more than 300 lakes and reservoirs globally, and

recent developments of automated techniques for time series extraction (e.g. Okeowo et al.,
2017) could significantly increase radar altimetry data availability for reservoir monitoring.
Radar altimetry data availability is limited to water bodies intersecting satellite tracks and water
extent time series acquisition requires extensive data processing, imposing restrictions to a
globally automated application of the technique. On the other hand, the linear interpolation
combined to riverbed elevation estimates provided competitive results, and could be easily
applied globally. Launching in 2021, the future Surface Water and Ocean Topography (SWOT)
satellite mission will provide unprecedented information on surface water dynamics, including
two-dimensional water level and extent time series. SWOT will considerably improve reservoir
monitoring and could be combined with existing datasets towards more accurate bathymetry

estimates.

Next steps of this effort include the application of similar procedures to major reservoirs in
Africa, such as Lakes Volta, in Ghana, and Nasser, in Egypt, and evaluate their impacts on a
hydrological modeling framework. Indeed, refining hydrological model parameters with
bathymetry information, as described in this study, will significantly improve the representation
and monitoring of anthropogenic impacts on the water cycle at different scales. Ultimately,
generating 3-D bathymetry at the global scale will largely benefit the scientific community and
refine global databases such as HydroLAKES (Messager et al., 2016).
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Fig. 1: Geographical information of Lake Mead in the USA and the Boulder Basin aimed in this
study. This figure is derived from a Landsat-8 OLI image taken on August 14, 2017.
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Fig. 3: Bias, RE and RMSE derived from the occurrence coefficient (c,) sensitivity analysis as a
function of the number of pixels used to build satellite-based visible bathymetry. Scatter plots

show results from c, varying from 0.1 to 1 at 0.1 incrementing steps. Circles point to the selected

value (¢,=0.5). ¢, values increase from the top to the bottom on the vertical axis.

21




558

559
560

75 RMSE (m) 65 MAE (m) RE

Window Sizes (pixels)

Fig. 4: Sensitivity analysis of moving average window size. The evaluation is shown for six
experiments considering the linear interpolation technique.

22



561

562
563
564

565

BT T (meters)
200 300 400

Fig. 5: Bathymetry derived from fourteen methods with increasing data requirement and
processing, as listed in Table 1. The observed bathymetry (REF) is also shown for comparison

purposes. Volume V is in km® and depths hyax and havg are in meters.

23



566

567
568
569

570

Fig. 6: Difference between bathymetries derived from fourteen methods and the reference (i.e.

positive values represent overestimated depths), as listed in Table 1. RMSE and MAE values are

in meters, and RE is unitless.

HS 11 12 ) M,
: ES ‘
RMSE=99.8 "~ RMSE=68.5 Y RMSE=60.9
MAE=91.0 . MAE=58.0 Y MAE=48.7
RE=0.33 W N RE=0.19 » Y RE=0.11
I3 3 X E1 };«‘w E2 : - /,;(‘\.a
- N e
" RMSE=60.9 RMSE=208.1 . RMSE=60.6
MAE=48.7 MAE=150.5 \‘ . MAE=49.9
J‘ RE=0.11 RE=-0.49 " RE=-0.13
E3 R, T W HS VI
}  RMSE=55.9 RMSE=99.3 \ RMSE=59.7
\"’ . MAE=44.3 MAE=88.2 MAE=48.0
S RE=-0.11 RE=0.31 ¥ Re-0.16
VI2 s VI3 o VE1 Y
- i" N -
‘ RMSE=52.3 &! RMSE=52.3 RMSE=170.1
. MAE=40.4 . MAE=40.5 MAE=112.6
<" RE=0.10 N RE=0.10 % RE=-0.37
VE2 e AP VE3 LA
~ RMSE=49.0 ' RMSE=445
Se ' MAE=377 Sl MAE=329
% RE=-0.10 % RE=-0.09

EET T (meters)

-200

0 200

24




571

572
573
574
575

(a) Gauge-based Volume Change
T

N W o
- L

-

o

Volume (kms)

' '
[\

'
w

'
SN

1985 1990 1995 2000 2005 2010 2015
Year (b) Altimeter-based Volume Change

5
—REF
——HS 4
—n
2 8
13 5
E1
—E2
—E3
—«-VHS
—VH
SVI2
—eVI3 2l

Volume (kmg)

- VE2 37
-+ VE3

2004 2006 2008 2010 2012 2014 2016
Year

Fig. 7: Water volume variability in Boulder Basin resulting from satellite-based bathymetries
combined with (a) ground-based water level observations and (b) radar altimetry data. Ground-
based water volume variability is also shown for comparison. Bias [km’], RMSE [km’] and
standard deviation ratio (Stdev ratio) [-] are provided in Table 2.
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Table 1: Summary of experiments for bathymetry generation.

Experiment Procedure (data processing) Data requirement
1 (HS) - DEM
2(11) Linear interpolation DEM
3(12) Linear interpolation (using upstream riverbed elevation and DEM,;

downstream DEM elevation) Riverbed elevation
4 (I3) Linear interpolation (using upstream and downstream riverbed | DEM;

elevations) River bed elevation
5(ED Linear extrapolation DEM
6 (E2) Linear extrapolation; DEM,;

Flat horizontal bottom using downstream riverbed elevation River bed elevation
7 (E3) Linear extrapolation; )

Bottom constrained with flat surface using interpolation of D,EM’ .

. ; River bed elevation

upstream and downstream riverbed elevation
8 (VHS) - DEM,;

Visible bathymetry Water level and extent time series
9 (VI1) Linear interpolation; DEM;

Visible bathymetry Water level and extent time series
10 (VI2) Linear interpolation (using upstream riverbed elevation and DEM,;

downstream DEM elevation); Riverbed elevation;

Visible bathymetry Water level and extent time series
11 (VI3) Linear interpolation (using upstream and downstream riverbed | DEM;

elevations); Riverbed elevation;

Visible bathymetry Water level and extent time series
12 (VE1) Linear extrapolation; DEM;

Visible bathymetry Water level and extent time series
13 (VE2) Linear extrapolation Bottom constrained with flat horizontal DEM;

surface using downstream riverbed elevation; Riverbed elevation;

Visible bathymetry Water level and extent time series
14 (VE3) Linear extrapolation (bottom constrained with flat surface using | DEM;

interpolation of upstream and downstream riverbed elevation);
Visible bathymetry

Riverbed elevation;
Water level and extent time series
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579  Table 2: Bias [km’], RMSE [km’] and standard deviation ratio (Stdev ratio) [-] of water volume
580  variability derived from ground-based and satellite-based water levels combined with 14
581  bathymetric estimates.

Ground-based volume change Satellite-based volume change
Bias | RMSE | 9%V | Bias RMSE | eV
ratio ratio
HS -8.24 1.44 0.02 -6.73 0.70 0.00
I1 -5.60 0.61 0.59 -4.97 0.36 0.48
2 -3.51 0.48 0.68 -3.02 0.28 0.60
I3 -3.42 0.47 0.68 -2.93 0.28 0.60
El 10.00 0.00 1.00 10.00 0.03 0.99
E2 4.12 0.00 1.00 4.13 0.03 0.99
E3 3.51 0.00 1.00 3.51 0.03 0.99
VHS -8.04 1.31 0.10 -6.67 0.65 0.07
VII -5.15 0.21 0.87 -4.98 0.21 0.72
VI2 -3.47 0.16 0.91 -3.35 0.16 0.79
VI3 -3.40 0.15 0.91 -3.27 0.16 0.79
VE1 10.00 0.01 1.01 10.00 0.03 1.00
VE2 3.21 0.01 1.01 3.21 0.03 1.00
VE3 2.68 0.01 1.01 2.67 0.03 1.00
582
583
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