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Abstract 

Lakes and reservoirs are essential storage units of the global drainage system. These 

stores influence downstream river discharge through detaining and releasing water mass at 

their interface. LakeFlow is a proposed algorithm to estimate discharge at the lake-river 

interface for the forthcoming Surface Water and Ocean Topography satellite mission 

(SWOT). With the direct measurements provided by SWOT, LakeFlow bridges the storage 

change to an improved parameterization of the inflow and outflow channel properties that are 

not observable to SWOT but necessary for discharge calculations. The success of LakeFlow 

relies on a wide existence of the premise, which is that the discharge difference between the 

primary inflow and outflow river reaches is the first-order control on storage variation. 

However, additional hydrologic controls and anthropogenic factors, which are not directly 

observable to SWOT, could also be substantial and therefore undermine the LakeFlow’s 

premise. For this reason, we have examined the premise conditions for 26 reservoirs in 

different hydroclimate conditions across the contiguous United States (CONUS), and further 

constrained the uncertainties by accounting for lateral flow and surface evaporation through a 

synergy of multi-source remote sensing and modeling datasets. When comparing reservoir 

storage change with discharge difference between the reservoir’s inflow and outflow river 

reaches for a two full year, 18 out of 26 reservoirs have a Nash-Sutcliffe efficiency (NSE) 

greater than 0, exceeding the mean flow benchmark. 12 out of the 26 reservoirs have an NSE 

greater than 0.5, indicating a satisfactory premise. The majority of these reservoirs with a 

satisfactory premise are located in less humid regions. By comparing reservoirs that were and 



  

were not designed for water supply, our results suggested that human water withdrawal is 

probably the most significant contributor to a less satisfactory premise. As we expect an 

overall lesser extent of human water consumption from natural lakes, our results based on 

reservoirs may serve as a minimum baseline for the actual feasibility of LakeFlow. Simulated 

lateral flow from the Global Reach-scale A Priori Discharge Estimates for SWOT 

(GRADES) demonstrates a high effectiveness in improving the premise condition, 

particularly in humid regions. The inclusion of surface evaporation estimates from the 

CONUS Reservoir Evaporation Dataset (CRED) dataset appears to be most effective in drier 

regions. Coupled with both surface evaporation and lateral flow datasets, the LakeFlow 

premise conditions are improved by a median value of 27.4% for reservoirs in more humid 

region, and 74.5% in reservoirs that were not built specifically for water supply. These results 

support the overall feasibility of LakeFlow and motivate continued testing on the accuracy of 

reservoir inflow/outflow estimations.  
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Chapter 1 - Introduction 

 1.1 Background 

 1.1.1 Human Impacts on Rivers 

Freshwater is an important natural resource for terrestrial life forms. Human civilization 

has long relied on freshwater resources to secure food and energy supply, maintain 

environmental health, and sustain societal, economic and industrial development for a fast-

growing population (Lehner et al., 2011; Oki and Kanae, 2006; Rodell et al., 2018; Siebert et al., 

2010). Being an essential hydrologic component in the water cycle, rivers route approximately 

40% of the global precipitation over the continents back to the ocean (Oki and Kanae, 2006). 

Despite covering only 0.58% of the Earth’s glacial-free land surface (0.35% for rivers wider than 

30m), rivers play an essential role in controlling the land-atmosphere fluxes (Allen and Pavelsky, 

2018). For instance, rivers are considered to be a hotspot for carbon exchange, having a 

substantial contribution to the global carbon budget despite their limited surface area (Raymond 

et al., 2013). 

The natural flows of rivers have long been harnessed and regulated by humans for flood 

control, irrigation, navigation, domestic and industrial water supply and energy generation. 

Globally, 63% of the rivers that are wider than 1000km are classified as non-free-flowing rivers, 

mainly due to an ongoing increase in human interference (Grill et al., 2019). Around rivers 

across global basins, human interference can be categorized as five pressure factors: (1) river 

fragmentation; (2) flow regulation; (3) sediment trapping; (4) water consumption; and (5) 

infrastructure development (Grill et al., 2019). Dams and reservoirs as the end product of human 

hydraulic engineering can be found across the world’s densely-populated regions. Most 

developed countries, notably the United States, have witnessed a boom in the number of large 
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dams throughout the 20th century (Graf, 1999; 2006). The developing countries or regions, 

notably India, China, Southeast Asia, South America and Africa, are currently undergoing a 

rapid increase in the total number of dams (Grill et al., 2019; Lehner et al., 2011; Wada et al., 

2017; Zarfl et al., 2014). 

Dams alleviate the stress from a growing domestic and irrigation consumption of 

freshwater resources, sustain energy supply for nearby settlements, and provide services like 

flood control, navigation and recreation. Despite these benefits to the human societies, dams as 

in-stream barriers, pose an uncertain threat to the livelihoods of the local aquatic species by 

stopping the nutrients from moving downstream, reshaping the geomorphic conditions of aquatic 

habitats, and keeping them from migrating upwards or downwards to feed and to reproduce 

(Graf, 2006; Wellmeyer et al., 2005).  The impact of dams on regional hydrology was 

documented in previous research: the dam construction decreased the natural lake inundation 

area across the basin, lowered the levels of downstream lakes and surrounding groundwater 

tables, and resulted in a compensation of sea level rise (Chao et al., 2008; Wada et al., 2017; 

Wang et al., 2014; Wang et al., 2013). Though one study has suggested that compared to dam 

construction, climate variability could be the dominant driver of the observed decadal lake 

decline across Yangzte Plain, China from 2000 to 2011 (Wang et al., 2017). Dams would keep 

on leaving even larger footprints at a rapid pace due to an increase in dam construction in the 

developing world (Grill et al., 2019; Wada et al., 2017). Dams also place an ecological impact 

and affect water quality in rivers and lakes (Winton et al., 2019). Its impact on increasing surface 

evaporation loss has also been implied or documented in previous studies (Wang et al., 2018; 

Woolway et al., 2020; Zhao and Gao, 2019; Zhao et al., 2022). 
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Hydrologists and fluvial geomorphologists have greatly advanced our understanding of 

the various impacts of dams on rivers. Streamflow monitoring at the interface between reservoirs 

and river reaches provides the necessary measuring data to reveal changes on river conditions 

through time. By comparing the pre- and post-dam flow conditions based on in situ 

measurements, Wellmeyer et al. (2005) argued that dams alter the downstream flow regime 

mainly by changing the magnitude and timing of low and peak flows through detaining and 

releasing water mass at their interface. Specifically, dams reduce levels of peak flows and 

increase levels of low flows. For 36 large dams, the reduction rate for instantaneous maximum 

flows could reach 67% while 30-day minimum flows could increase by 52% by comparing 

gauge records between regulated and unregulated reaches. The timing of low and peak flows is 

highly affected by dam operation for flood control and water supply (Graf, 2006). Lajoie et al. 

(2007) later argued that the larger the watershed, the greater inter-annual variability of the timing 

of maximum monthly discharge. The main geomorphic impact from dams on downstream 

rivers/channels usually includes the increased downcutting from a response to a “hungry water” 

condition and planform changes where channels become more stabilized and less degree of 

lateral migration might occur (Graf, 2006; Shields Jr et al., 2002).  

 

 1.1.2 River Discharge 

Discharge is defined as the volume of water moving down a channel at a given point per 

unit time, allowing the water resources in rivers to be measured as volumetric fluxes (Anderson 

and Anderson, 2010; Mueller et al., 2013; Turnipseed and Sauer, 2010). Streamflow is highly 

subject to the intensity, duration and frequency of local rainfall events, and is also related to 

specific geomorphic conditions, human activities and land cover types of the surrounding 
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watershed. Watershed geomorphology considers the physical characteristics of a watershed as a 

factor that could affect streamflow. Basin features in watershed geomorphology like watershed 

area, length, shape and drainage density are related to the amount of rainfall that the watershed 

could receive, the arrival time for precipitation to become streamflow, and the time of 

concentration (i.e., the length of time it takes for runoff in a catchment to reach the outlet). Land 

cover conditions affect the streamflow by changing the peak flow level and the time for peak 

flow to occur. For instance, increasing the impervious surface in urban areas would increase the 

intensity of flood events, adding more strain to the city infrastructure (Anderson and Anderson, 

2010; Chin, 2012). Existing studies (Chai et al., 2019; Li and Jin, 2017; Oki and Kanae, 2006; 

Syed et al., 2010) also suggest that climate change and climate variability are also driving the 

global discharge to become more variable.  

Reservoir inflow estimation and inflow forecast are critical to water resource 

management and hydropower operation (Gragne et al., 2015). Reservoir outflow estimation is 

critical to human and ecosystem health, reservoir operations and water resources management in 

downstream regions. Flow records from upstream reservoirs inform downstream water agencies 

as to the timing and quantity of water that can be available (Biancamaria et al., 2015; Bonnema 

et al., 2016a). In transboundary basins, sharing of these data is, however, not always viable due 

to political concerns or poor institutional capacity. With thousands of new dams planned for 

construction in the near future, there is an imperative need to monitor the transboundary 

reservoir outflow in these regions. Reservoirs in exorheic basins detain streamflow from draining 

to the ocean, substantially increasing the residence time of terrestrial water (Hosen et al., 2021; 

Vörösmarty and Sahagian, 2000; Vörösmarty et al., 1997). An improved understanding of the 
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roles of dams and reservoirs in the global water cycle requires an improved estimation of 

reservoir outflow at continental and regional scales. 

 

 1.2 Literature Review 

We hereby provide a short review of the methods and tools that have been applied to 

measure river discharge. These methods include the traditional field-based methods, hydrological 

modeling and several discharge algorithms which incorporate direct measurements from satellite 

remote sensing. Followed by the introduction, we will introduce some of the discharge 

algorithms that specifically apply the direct measurements from the forthcoming Surface Water 

and Ocean Topography (SWOT) satellite mission. A comprehensive and systematic review of 

methods and tools applied for discharge estimation is available in Gleason and Durand (2020). 

 

 1.2.1 Estimating River Discharge – Field-Based Methods 

Field-based methods and technologies yield the most accurate estimates of river 

discharge. Because of their high accuracy, these in situ estimates are often seen as 

“measurements” and are used as the baseline data for model calibration or other applications that 

require highly accurate discharge data. But intrinsically they are still approximations of true 

discharge values.  

Acoustic Doppler Current Profilers (ADCP) and weir equations are often used to measure 

river discharge in the field setting (Gleason and Durand, 2020). The United States Geological 

Survey (USGS) has relied principally on ADCPs to attain discharge measurements (Turnipseed 

and Sauer, 2010). Usually stationed on a moving boat, the ADCP measures the Doppler shift of 

acoustic signals to derive the flow velocity and then the discharge (Mueller et al., 2013; 
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Turnipseed and Sauer, 2010). As river discharge can also be written as a product of cross-section 

area and flow velocity, in a method similar to ADCP proposed by Costa et al. (2000) and Costa 

et al. (2006), the river discharge is computed by measuring the channel cross-section area with 

ground-penetrating radar, and the flow velocity with a pulsed Doppler radar.  

Stream gauges transform the stage of the river surface into an estimation of discharge, 

often via an empirically derived rating curve (Leopold and Maddock Jr, 1953). These site-

specific rating curves were carefully calibrated before application with a high-precision field 

instrument, usually ADCP. The ADCP discharge measurements were used to estimate discharge 

with stage measurements according to an observed stage-discharge relation (i.e., a site-specific 

rating curve). The flow and channel data from the USGS stream-gaging network are publicly 

available on the USGS National Water Information System (Turnipseed and Sauer, 2010). 

Despite being seen as more accurate estimates, in situ measurements have several disadvantages, 

making them inappropriate or insufficient in some scientific studies. The most notable 

disadvantage is its spatial coverage. Essentially, in situ measurements are spatially discrete point 

estimates of discharge. The cost of instrumenting and then maintaining these stream gauges is 

high, which has resulted in an uneven spatial distribution of stream gauges where more can be 

found in more populated and more developed regions. This has left ungauged basins like the 

Tibetan Plateau or some other transboundary basins to be the gray area for discharge monitoring. 

In addition, there has been an ongoing demise of stream gauge networks on a global scale 

(Gleason et al., 2018; Gleason and Wang, 2015). These disadvantages of gauge measurements 

have challenged the scientific community to come up with approaches in estimating discharge 

that could potentially complement the measurement gaps within the field-based methods. 
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 1.2.2 Estimating River Discharge – Water Balance and Hydrological Modeling 

Water balance lays the foundation of many hydrological models to simulate streamflow, 

in which these models parse the hydrologic cycle into components where the major fluxes occur 

(Arnold et al., 1998; Beven and Kirkby, 1979; Burnash et al., 1973; Gleason and Durand, 2020; 

Liang et al., 1994; Samaniego et al., 2010). In situ measurements and remote sensing data can be 

used to tune the model parameters for calibration. For a drainage basin, oftentimes in 

hydrological modeling, the total streamflow (i.e., the amount of water that leaves a basin through 

rivers and streams) is balanced out by the precipitation, evapotranspiration and basin storage 

change. In some modeling methods, before routing out to an entire river network, the streamflow 

is derived from three components: precipitation excess (surface runoff), interflow (subsurface 

runoff) and baseflow. During a rainfall event, part of the precipitation (i.e., precipitation excess) 

flows above the surface, reaches the channel and eventually becomes the streamflow. While the 

rest of the precipitation, after being intercepted by vegetation surfaces (e.g., tree leaves or 

bushes), enters the soil through infiltration, and reaches the channels by becoming interflow and 

baseflow (i.e., groundwater discharge). Interflow occurs in the unsaturated zone (i.e., above the 

water table surface but below the land surface). Baseflow is the movement of groundwater (i.e., 

below the water table surface) towards the channels. For interflow, it might take days to years to 

become streamflow, and weeks to millennia for baseflow to become streamflow.  

With advances in computational capacity and improvement on baseline topological 

dataset, Lin et al. (2019) used hydrological modeling to estimate the global river discharge at 

2.94 million reaches for a total period of 35 years. The Global Reach-level A priori Discharge 

Estimates for Surface Water and Ocean Topography (GRADES) dataset was made available with 

the top-of-the-line global raster hydrographic data, MERIT Hydro (a novel hydrography map 
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based on the Multi-Error-Removed Improved-Terrain DEM (MERIT-DEM)), at 3-arcsec 

resolution (~90m) (Yamazaki et al., 2019). The Variable Infiltration Capacity (VIC) model was 

used in GRADES to model the land surface processes (Liang et al., 1994). Routing Application 

for Parallel Computation of Discharge (RAPID) was used for river network routing (Lin et al., 

2019). RAPID is based on the traditional Muskingum method for river routing, and can be used 

to calculate the flow at any reaches in a river network for hydrological modeling (Eijkhout et al., 

2011).  

Bonnema et al. (2016a) used a model-based mass balance approach with remotely-sensed 

storage variations to estimate reservoir outflow, and assessed the sensitivity of each hydrologic 

control. The reservoir outflow was balanced out with reservoir storage variation, surface 

evaporation and reservoir inflow. They derived the reservoir inflow by using the curve number 

(CN) method and the Variable Infiltration Capacity (VIC) model and surface evaporation from 

an energy-balance model (Liang et al., 1994; Te Chow, 2010; Woodward et al., 2003). Reservoir 

storage change was obtained from water level measurements from remote sensing and reservoir 

elevation-area relationship from Shuttle Radar Topography Mission (SRTM) DEM (Bonnema et 

al., 2016a; Liang et al., 1994). This method was tested on two reservoirs, with the most accurate 

having a rRMSE of 46.8%. There are many other hydrological models but they are not the focus 

of this study. 

 1.2.3 Estimating River Discharge – Remote Sensing Methods 

Enabled by satellite remote sensing, the improved spatial and temporal coverages in our 

ability to observe the Earth have advanced our understanding of the Earth’s systems, which made 

it possible to utilize remotely-sensed hydraulic information to estimate river discharge. Several 

methods are based on the basic concept that some remotely-sensed hydraulic variables (e.g., river 
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stage, river with and inundation area, etc) correlate with river discharge (Bjerklie et al., 2005b; 

Kouraev et al., 2004; Smith et al., 1996; Smith et al., 1995; Smith and Pavelsky, 2008). As a 

response to an increase in discharge, rivers of various conditions (i.e., vegetation types, sediment 

types, bank material, channel cross-sectional shape, etc) might undergo a mix of channel 

processes which might result in a change in inundation area, river stage and river width. The 

performance of these methods depends on the sensitivity of this hydraulic information to 

changing discharge, and the availability of stream gauge data for constructing and calibrating the 

rating curves. (Alsdorf et al., 2007; Kouraev et al., 2004; Smith et al., 1996; Smith et al., 1995; 

Smith and Pavelsky, 2008). Similar to how stream gauges work, a site-specific rating curve that 

characterizes the width-discharge relationship or stage-discharge relationship was carefully 

calibrated, and then used with remotely sensed hydraulic variables to estimate discharge. For 

example, Smith et al. (1995) and Smith et al. (1996) used Synthetic-Aperture Radar (SAR) to 

measure the widths of the braided glacially fed rivers in Alaska, which yielded satisfactory 

estimates of river discharge. In these braided rivers with easily eroded banks, the effective river 

width (the total inundation area in a given reach divided by the reach length) was shown to be 

sensitive to the changes in river discharge, thus making it possible to estimate discharge for 

braided rivers. In summary, these methods are intrinsically empirical and rely heavily on high-

quality in situ data to parameterize such relationships between hydraulic variables and discharge, 

making it impractical in remote regions where such in situ data are not available. The signal 

quality of remote sensing takes a strong hold on the final discharge estimates. The curves are 

also specific to channel conditions. It remains uncertain if the curve for one channel cross-

section could be applied to that for another. In addition to the rating-curve method, instead of 

directly measuring the channel surface area, Brakenridge et al. (2007) provided an alternative to 
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estimate discharge via a remote sensing estimator from satellite passive microwave 

measurements. The general concept of this method is based on the difference in emissivity 

between water and land. This estimator is the radiance ratio of two parcels: a “measurement” 

parcel comprised of water pixels centered over a river, and a “calibration” parcel comprised of 

land pixels adjacent to but unaffected by the local river. An increase in river discharge results in 

an expansion of water area in a “water parcel”, thus increasing the remote sensing estimator.  

The remote sensing estimator was shown to correlate well with the river discharge in several 

sampled rivers (Brakenridge et al., 2007). 

Using a C and X band interferometry, the SRTM satellite mission provides the world’s first 

image-based global Digital Elevation Model (DEM) of about 80% of Earth’s land surface, all 

land between 60° north latitude and 56° south latitude at 3 arcsec resolution (~90m)  (Farr et al., 

2007). The incidence angle of the X band radar payload is a fixed 54° and the angle for the C 

band radar payload is in the range of 30° to 58°. At these angles, much of the backscattered 

energy from the water surface is lost due to specular reflection, leading to poor measurements of 

surface water. SRTM lays the foundation for global satellite interferometry, but many existing 

missions like itself are not suitable for observing surface water dynamics or flow. Under this 

reality, the forthcoming Surface Water and Ocean Topography (SWOT) satellite mission was 

proposed, jointly developed by the National Aeronautics and Space Administration (NASA) and 

Centre national d'études spatiales (CNES), the French space agency, in partnership with the 

Canadian Space Agency (CSA) and UK Space Agency (UKSA). A Ka band Radar 

interferometer (KaRin) was chosen as SWOT’s main payload (Biancamaria et al., 2015). A Ka 

band comes with several advantages: it has a higher frequency in the microwave spectrum, 

allowing for finer spatial resolutions than low-frequency bands in the SWOT’s design 
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(Biancamaria et al., 2015). KaRin has a near-nadir incidence angle (0.6°-3.9°) which makes it 

particularly suited to monitoring surface water. Almost as a specular reflector, water reflects 

much of the backscattered energy emitted from SWOT back to SWOT, while land, as a rougher 

surface, backscatters it to all directions. This distinction is used to extract water masks from 

satellite images. In addition, SWOT can observe all continental surfaces between 78°S and 78°N 

latitude, capable of covering some mid-high latitudes where surface water is most abundant, 

while SRTM comparatively has a limited spatial coverage which is between 60°S and 60°N.  

There are two antennas on KaRin, each at an end of a 10-meter baseline. During operation, 

one antenna emits electromagnetic signals and two antennas receive the backscattered signals. 

Therefore, each point on the ground surface on Earth will be observed from two different 

positions. By comparing the phase difference, the elevation of the point is resolved.  

SWOT has immense hydrologic values and provides new possibilities for method 

innovation in river discharge estimation with remotely sensed hydraulic variables. SWOT will 

enable the first ever direct and simultaneous observation of inundation extent (W), height (H) 

and slope (S) at unprecedented spatial and temporal resolutions (Biancamaria et al., 2015). It has 

a 15% relative errors on its width measurements, a less-than 10 cm height accuracy and a 

centimeter-level slope accuracy. For its temporal coverage, SWOT has an orbit repeat period of 

about 21 days but could provide more than one overpass within a 21-day repeat period over 

continents between 78°S latitude and 78°N latitude. The number of revisit times ranges from a 

maximum of 2 at the equator to more than 10 above 70°N or 70°S, making it suitable for 

observing sub-monthly surface water dynamics. For its spatial coverage, SWOT could observe 

water bodies greater than (250m)² and rivers wider than 50 to 100m.  
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Several discharge algorithms have been developed over the past decade based on SWOT’s 

measuring capabilities (Bonnema et al., 2016b; Brinkerhoff et al., 2020; Durand et al., 2014; 

Gleason and Smith, 2014; Gleason et al., 2014; Hagemann et al., 2017). As neither channel 

cross-section area nor flow velocity is directly observable to SWOT, these algorithms share the 

same basic methodology: to transform the remotely sensed hydraulic variables (W, H, S) to 

discharge through flow laws. Gleason and Smith (2014) applied a river-specific At-Many-station 

Hydraulic Geometry (AMHG) relationship to estimate discharge with satellite remote sensing. 

As a geomorphic scaling phenomenon fundamental to natural rivers, AMHG describes a 

correlative relationship between At-a-station Hydraulic Geometry (AHG) parameters from 

multiple cross sections along a reach, reducing the number of site-specific unknown parameters 

in a geomorphic relationship. Gleason and Wang (2015) further complemented AMHG by 

providing its mathematical basis and suggested using the percentage of intersected rating curves 

as the indicator of the existence of a strong AMHG relationship.  Hagemann et al. (2017) 

presented the Bayesian AMHG-Manning (BAM) algorithm, which combines Manning’s 

equation and the AMHG in a synergistic framework. This approach is “statistically defensible” 

under a Bayesian mathematical setting, quantifying the uncertainty in the estimates like 

discharge. BAM algorithm showed improved overall performance over 19 rivers with synthetic 

and model-derived data (Hagemann et al., 2017). 

Similarly, Durand et al. (2014) proposed the Metropolis Manning (MetroMan) algorithm 

which uses a derivative of Manning’s equation to estimate river discharge. MetroMan has been 

tested on a variety of rivers, and has proven to be reliable among several discharge algorithms 

(Durand et al., 2016; Durand et al., 2014; Tuozzolo et al., 2019). Manning’s equation is an 

empirically-derived hydraulic relationship to estimate flow velocity and river discharge. The 
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equation consists of a cross-section component and a flow velocity component, which is written 

as follows: 

𝑄 = 𝐴
1

𝑛
𝐻2/3 𝑆1/2 

Equation 1 Manning’s Equation 

Where: 𝐴 is the cross-section area of the river; 𝑛 is the Manning's roughness coefficient 

or a flow resistance term, reflecting whatever the water is interacting with;  H is the river stage 

or depth; and S is the river surface slope or gradient. 𝑛, H and S make up the mean flow velocity 

of the channel. SWOT is only able to observe changes in cross-section area 𝐴 and river stage H 

and is not able to observe the cross-section area below the lowest observed river elevation. For 

convenience, they write the manning’s equation and divide the cross-section area into two 

components, one that is observable to SWOT, and one that is not: 

𝑄 =
1

𝑛
(𝐴0 + 𝛿𝐴)5/3 𝑊−2/3𝑆1/2 

Equation 2 Manning’s Equation in “MetroMan” 

Where: 𝐴0 is the cross-sectional area at the lowest observed river elevation (i.e., a product 

of river stage and bathymetry), 𝛿𝐴 is the change in the cross-sectional area relative to 𝐴0, and 

𝑊 is the river width. All these quantities are averaged across a reach length. In this equation, 

𝛿𝐴, 𝑊 and S can be either directly observed by SWOT or calculated from the directly observed 

terms. These three quantities are therefore taken as the known variables in the equation. 

Baseflow cross-section 𝐴0 and roughness coefficient n are 2 channel properties not observable 

to SWOT, therefore taken as the unknown variables in the equation. It was also assumed that 𝐴0 

and n do not vary in time.  

Naturally, the 2 unknown variables (i.e., 𝐴0 and n), also the channel properties not 

observable to SWOT, need to be parameterized before they can be used with SWOT 
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observations to calculate discharge. MetroMan parameterizes the channel properties by 

estimating the unknown variables (𝐴0 and n) from the known variables (𝛿𝐴, W, S) via a flow law 

mass-conservation equation. A Metropolis algorithm was used in a Bayesian approach to 

calculate the best estimate of 2 unknown variables with their associated error distributions. This 

technique requires a prior estimate or namely the first guess of 𝐴0 and n to initialize the 

iteration. Once n and 𝐴0 are estimated, the discharge could be calculated in a Manning’s 

equation with 𝛿𝐴, W, and S directly observed by SWOT. MetroMan has later been updated to use 

a prior estimate of mean annual flow and n. Its feasibility to estimate discharge was 

demonstrated in two comparison studies (Durand et al., 2016; Tuozzolo et al., 2019).  

Previous studies suggested that the final discharge estimate product from MetroMan and 

other SWOT discharge algorithms were highly sensitive to the selection of the prior estimates 

(Durand et al., 2016; Durand et al., 2014; Hagemann et al., 2017; Tuozzolo et al., 2019). More 

specifically, the parameterization of river properties that are not observable to SWOT would 

largely determine the accuracy of the final discharge estimates. These studies have shown that 

the performance of the algorithms substantially decreased without the integration of a priori data 

from in situ measurements or hydrologic modeling. This has posed a challenge to these discharge 

algorithms in ungauged basins were limited to no a priori knowledge is available. 

Due to human water management, the interface discharge in vicinity of large water stores, 

such as lakes and reservoirs, would be very different from the free-flowing open-channel 

discharge. Like MetroMan and BAM, most core algorithms were not designed specifically for 

the interface between river reaches and water stores, nor did they take advantage of the river-

store mass conservation. These limitations call for future improvements on discharge algorithms 
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to account for the river-store interactions. There are also many other remote sensing discharge 

algorithms. 

 

 1.2.4 Integrating River-Store Mass Conservation to Discharge Estimation  

Wang et al. (2019) recently proposed “LakeFlow”, which utilizes the mass conservation 

of lakes or reservoirs and their inflow and outflow river reaches to estimate discharge. It is a 

generic concept that could be applied to other discharge estimation frameworks, like MetroMan, 

to potentially improve estimation accuracy. Without using additional a priori information, this 

algorithm aims to improve the discharge estimation around global lakes and reservoirs by 

bridging their storage change, which is easy for SWOT to accurately observe, to an improved 

parameterization of the channel properties of the inflow and outflow river reaches. The two key 

elements in this algorithm are Manning’s equation and the mass conservation between the water 

stores and their major connecting rivers (hereafter referred to as “the river-store mass 

conservation”). The derivative of Manning’s equation used in MetroMan is adopted for this 

novel algorithm.  

The amount of water that a surface store (i.e., a lake or a reservoir) receives as inflow 

subtracted by the amount of water it loses from its outflow reaches should approximately equal 

storage change in a given period time. The remaining residual includes some hydrologic controls 

like lateral inflows, surface evaporation and, etc. For artificial water stores like large reservoirs, 

water consumption (e.g., water supply, irrigation) could be a major hydrologic output. The 

anthropogenic impact on artificial impoundment mainly comes from our growing needs for water 

supply, and such impact could be paramount or trivial for reservoirs serving their purposes of 

design. For a natural lake where such human impact is absent, the storage change could be more 
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closely balanced out by the flow difference between a lake’s major inflow and outflow reaches 

multiplied by time.  A river-store mass conservation relationship can be described as follows: 

𝑑𝑉 = ∫(𝑄𝐼 − 𝑄𝑂)𝑡

𝑝

𝑡=0

+ 𝜀  

Equation 3 River-Store Mass Conservation 

Where: dV is the net storage change of a surface store in a time period 𝑝. As a product of 

lake surface area changes and level changes,dV could be easily calculated with SWOT’s direct 

measurements of surface water; 𝑄𝐼 and 𝑄𝑂 notate the instantaneous flow for the store’s SWOT-

observable inflow and outflow river reaches during 𝑝. As SWOT can observe rivers wider than 

50-100m, any river reaches that meets the measurement requirement would be considered in 

representing 𝑄𝐼 or 𝑄𝑂; 𝜀 is a residual term reflecting the total influence from other hydrologic 

controls (e.g., surface evaporation and lateral flows) and anthropogenic controls (i.e., direct 

human water withdrawal).  

To bridge the equations from Manning’s and river-store mass conservation together, we 

substitute the flow terms (one for inflow and one for outflow) in the river-store mass 

conservation with Manning’s equation. Assuming there is only one SWOT-observable inflow 

reach and one SWOT-observable outflow reach, this substitution of flow terms would yield: 

𝑑𝑉 = ∫ (𝑛𝐼
−1(𝐴0, 𝐼 + 𝛿𝐴𝐼)

5/3
𝑊𝐼

−2/3
𝑆𝐼

1/2
− 𝑛𝑂

−1(𝐴0, 𝑂 + 𝛿𝐴𝑂)
5/3

𝑊𝑂
−2/3

𝑆𝑂
1/2

+ 𝜀)
𝑡

𝑝

𝑡=0

 

Equation 4 River-Store Mass Conservation in the form of Manning’s Equation 

  Where: the storage change dV and the residual term 𝜀 stay the same; 𝑛𝐼, 𝐴0, 𝐼, 𝛿𝐴𝐼, 

𝑊𝐼 and 𝑆𝐼 notate the roughness coefficient, cross-section area at the baseflow level, change in 

cross-section area, surface water width and surface water slope of the store’s inflow river 

reach. 𝑛𝑂, 𝐴0, 𝑂, 𝛿𝐴𝑂, 𝑊𝑂 and 𝑆𝑂 notate the same set of hydraulic variables and channel 
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properties of the store’s outflow river reach. With each of the overpasses, SWOT could observe 

dV, 𝛿𝐴, 𝑊 and 𝑆 for the inflow and outflow reaches once. This leaves the unknown variables 

in the equation to be each reach’s channel properties that are not observable to SWOT (𝑛𝐼, 

𝑛𝑂, 𝛿𝐴𝐼, 𝛿𝐴𝑂) and a residual term 𝜀. These channel properties are considered to not vary in 

time. Supposing that 𝜀 which reflects the total influence of other hydrologic and anthropogenic 

controls is significantly smaller than the discharge difference between inflow and outflow 

reaches, we would be able to solve the equation of 4 unknown variables with the same number of 

SWOT overpasses given ideal observation conditions. Once the channel properties of inflow and 

outflow reaches have been solved, the algorithm could provide discharge estimates for inflow 

and outflow reaches with Manning’s equation at each SWOT’s overpass.  

In this novel algorithm, Manning’s equation is modified to account for the river-store 

mass conservation. By providing an observation-based solution to the channel properties that are 

not observable to SWOT, this algorithm, which does not necessarily rely on but allows for the 

incorporation of a priori knowledge in channel parameterization to constrain the estimates of 

parameters, has great potential in improving discharge estimation around global water stores in 

both gauged and ungauged basins. 

 

 1.2.5 The Premise of LakeFlow 

The river-store mass conservation takes a crucial part in the channel parameterization for 

LakeFlow (Wang et al., 2019). While existing algorithms depend on the SWOT’s observation of 

hydraulic variables of the channels, this method takes better use of SWOT’s hydrologic 

capabilities in capturing surface water dynamics. Ideally, the SWOT-observable inflow and 

outflow reaches are in close vicinity of water stores to allow the discharge difference between 
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these reaches (i.e., 𝑑𝑄 or 𝑄𝐼 − 𝑄𝑂) to be the first-order control on storage change. Only when 

the scale of 𝜀 is significantly smaller than SWOT-observable dV, can the magnitude and 

variation of dV be significantly captured by 𝑑𝑄.  

Surface evaporation could largely influence the scale of 𝜀. Following current trends of 

global warming, in the future, evaporative demand could contribute to a global drought 

expansion independent of precipitation changes (Cook et al., 2014; Dai, 2012). By estimating the 

evaporation loss from Landsat-derived reservoir areas and pan-derived evaporative rates, Zhang 

et al. (2017) suggested that the annual evaporation loss in 200 major reservoirs in Texas was 

equivalent to 20% of their total active storage. Through remote sensing and modeling, Zhao and 

Gao (2019) implemented the heat storage change into the Penman equation and provided 

improved estimates of the monthly evaporation loss on 721 reservoirs from 1985 to 2014 across 

the Contiguous United States (CONUS), which account for 90.2% of the large reservoir storage 

capacity in the CONUS. They proposed a Reservoir Evaporative Losses Index (RELI) to 

evaluate the role of evaporation in the total water losses (i.e., the sum of evaporation, water 

withdrawal and other water losses) of reservoirs. The 30-year annual average RELIs for Lake 

Mead in Nevada/Arizona and other 4 reservoirs in Texas ranged from 35% in Wright Patman 

Lake (Texas) to 65% in Lake Mead (Arizona and Nevada). They found out that evaporation 

could account for a large portion of the overall water loss in arid and semiarid regions.  

The impact of lateral inflows from tributaries (in comparison to the major river reaches) 

that are not observable to SWOT in the river-store mass conservation could not be ignored, 

especially in humid and subhumid regions where a greater level of precipitation-induced lateral 

inflows is likely. The scales of lateral flows are largely related to the hydroclimate conditions 

and watershed geomorphic factors (e.g., the drainage area) on the water stores, as they together 



19 

determine the total volume of water that becomes lateral inflows. By comparing results based on 

different assumptions regarding lateral flows, Durand et al. (2014) suggested that the lateral 

inflows that contributed to the SWOT-observable rivers could place a large impact upon the 

discharge estimation accuracy in the MetroMan discharge estimation algorithm. They saw a 

large increase in uncertainty when lateral flows are not accounted. The rRMSE, an error 

performance indicator which will be discussed more in the Methodology section, was 10% when 

the lateral inflows were available, and 36% when they were not.  

According to a USGS technical report on Lake Seminole in Florida, while surface water 

accounts for 81% of the reservoir inflow, groundwater accounts for 18% of the reservoir inflow, 

(Dalton et al., 2004). The reservoir inflow composition in Lake Seminole indicates that 

groundwater inflow could be large enough to place an impact on the algorithm’s premise. The 

control of groundwater-surface water exchange on reservoir water balance depends on several 

factors such as local soil characteristics, water table gradient, and effluent or influent surface 

conditions (Gurrieri and Furniss, 2004). Since observations or estimations of these factors are 

relatively difficult to obtain, this thesis does not explicitly quantify the impact of groundwater 

exchange in reservoirs.    

 In comparison to natural lakes, anthropogenic factors could have a non-negligible role on the 

water budget of a regulated reservoir (Lehner et al., 2011). We might see dV responds to 𝑑𝑄 

differently among reservoirs designed for different purposes. Water withdrawal, including 

irrigation use and domestic water supply, hydropower generation, navigation, and flood 

prevention are among the common purposes of design for large dams and reservoirs. In dams 

built for water withdrawal, direct water pumpage could dominate the water budget in reservoirs 

where their designed capacity greatly exceeds the average annual runoff in the region. 
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 1.3 Statement of Problem 

It is very crucial before the application of LakeFlow to assess and compare the scales of 

each hydrologic and anthropogenic controls in the river-store mass conservation among lakes 

and reservoirs. The scale of ε determines if LakeFlow could produce accurate river discharge 

estimates by directly influencing the conditions of the algorithm’s premise. Through a premise 

test, we would have a better sense of where and when this algorithm could yield a higher 

estimation accuracy in the context of reservoir purposes and hydroclimate conditions. 

Aforementioned studies have highlighted the importance of evaporation loss, lateral flows, 

water withdrawal and groundwater exchange in the lake water balance and discharge estimation 

(Dalton et al., 2004; Durand et al., 2014; Zhang et al., 2017; Zhao and Gao, 2019). However, an 

intercomparison of the scales and magnitude of these hydrologic and anthropogenic controls on 

the river-store mass conservation remains lacking. Bonnema et al. (2016a) conducted a 

sensitivity test among hydrologic controls (reservoir inflow, storage change and surface 

evaporation) that were used to estimate reservoir outflow through a mass-balance approach in 

two hydropower reservoirs. By comparing the error results from including a different set of 

hydrologic controls, they revealed a minimal impact of surface evaporation on the outflow 

estimation accuracy. The fact that only two reservoirs were tested in their study calls for a need 

to include more reservoirs from a wide variety of climate and non-climate conditions, for a more 

comprehensive investigation of the roles and scales of secondary controls represented by 𝜀 in 

the river-store mass conservation. 

The premise of the LakeFlow algorithm and scales of 𝜀 have not been tested on a 

broader geographical scale. A comprehensive investigation of premise scenarios across a variety 



21 

of natural and human conditions is necessary prior to LakeFlow’s application as the feasibility of 

the algorithm relies highly on it. Such efforts would help to answer questions like: where and on 

what conditions can the premise of the algorithm be observed; what are the secondary controls 

that have a significant impact on the river-store mass conservation, and how do their scales 

change with different natural and human conditions; could simulations and estimates of these 

secondary controls help to improve the premise conditions? 

SWOT has a mean revisit period of eleven days, meaning that SWOT could only provide 

its remotely-sensed measurements on surface water about three times a month on average 

(Biancamaria et al., 2015). On a global scale, the number of overpasses could range from a 

maximum of two to ten. With these temporal sampling gaps between revisit days, it remains 

unknown whether SWOT would be able to capture the dynamics described in the river-store 

mass conservation for the majority of the water stores. If it could, are there any patterns as to in 

what geographical or climatic conditions, could SWOT better capture the mass conservation? 

Additional study is needed to further investigate the impact of SWOT’s temporal sampling gaps 

on the premise of LakeFlow. 

 

 1.4 Research Objectives 

This thesis aims to break the key barriers in understanding the feasibility of LakeFlow in 

its large application by widely testing the premise of LakeFlow across various geographic 

regions. The testing of the premise improves our understanding of how well the reservoir storage 

change and the discharge difference between the reservoir’s main inflow and outflow river 

reaches can characterize the river-store mass conservation on a large spatial scale, a nice 

indicator of the future LakeFlow’s performance when incorporating with SWOT’s 
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measurements. Therefore, this study has real-world implications. In summary, this research has 

the following objectives: 

I. To test whether the algorithm’s premise (that is, dV is the first-order control on 

dQ or expressed as dV ≈ dQ) widely exists across the CONUS.  

II. To assess the scales of the secondary controls (𝜀), and provide a comprehensive 

analysis of how their scales vary with hydroclimate conditions and reservoirs’ purposes 

of design. 

III. To find out if the inclusion of the secondary controls using model simulations 

(lateral inflow) and/or estimated dataset (surface evaporation) helps close the mass 

budget and thus improve LakeFlow’s premise condition, and if it does, how we can use 

these datasets on reservoirs to potentially improve the accuracy of river discharge 

estimates from LakeFlow. 

IV. To investigate if SWOT can capture the dynamics in the river-store mass 

conservation under the impact of SWOT’s temporal sampling gaps. 

 

 1.5 Thesis Outline 

This study introduces a discharge estimation algorithm that aims to break the key barriers 

to improving the accuracy of discharge estimation. The performance of LakeFlow relies heavily 

on a theoretical premise. As it remains uncertain how the premise of the algorithm could be 

affected by hydroclimate and human interference, this study sheds light on the applicability of 

the algorithm on a large scale by testing the premise in over 20 reservoirs built for various 

purposes and across various hydroclimate conditions. This study further aims to improve the 

premise conditions by adding model simulations of lateral inflow and a multi-source dataset for 



23 

reservoir surface evaporation. The results of the addition are also presented and discussed in the 

following sections. Finally, this study looks at the SWOT’s temporal sampling and investigates 

the impact of SWOT’s temporal sampling on the premise conditions. Chapter 2 is the 

Methodology section of this thesis, and will focus on introducing our selection and the 

processing of data, the methods that address the proposed research questions individually, and 

how they would be able to facilitate the analysis of these questions and error metrics that 

evaluate the error performance. Chapter 3 will focus on presenting the statistical results by 

applying the proposed methods to processed data, and how these results facilitate further 

discussion on our research topics. Chapter 4 is the conclusion of the thesis. 
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Chapter 2 - Methodology 

 2.1 Data Acquisition 

 2.1.1 Sample Selection 

The sensor payload on the SWOT satellite will be able to observe all lakes and reservoirs 

with an area greater than 100m by 100m (Biancamaria et al., 2015). We followed the mission 

guideline to sample studied reservoirs accordingly from a global dam inventory. The Global 

Reservoir and Dam (GRanD) database (version 1.3) contains 7,320 records of dams and their 

associated reservoirs with a cumulative storage capacity of over 6,800 km³ (Lehner et al., 2011). 

GRanD includes all dams whose reservoirs have a storage capacity of over 0.1km³. The dams are 

georeferenced, and the spatial boundaries of the associated reservoirs are specified as polygons at 

a high spatial resolution. Each dam is associated with multiple non-spatial attributes, including 

the name of the dams and reservoirs, construction year, primary use, storage capacity and surface 

water extent. As nearly all reservoirs included in GRanD have a surface area over 0.1km², we 

used the database to help us select reservoirs that are observable to SWOT.  

Under the current design of swath coverage, rivers that are wider than 50m can be 

observable to SWOT (Biancamaria et al., 2015). To test our algorithm premise on reservoirs and 

rivers that could be observed by SWOT once it is launched, we need to make sure that not only 

the reservoirs selected with GRanD are large enough, but also their surrounding river reaches are 

wide enough so SWOT could provide useful measurements. Any river reach, either at the inflow 

or outflow point of a reservoir, would be considered in the river-store mass conservation as the 

primary river reaches if they are observable to SWOT. For our study, we used the SWOT River 

Database (SWORD) (Altenau et al., 2021) to further filter out the reservoirs that connect rivers 

that are not observable to SWOT but were previously selected using GRanD. The Global River 
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Widths from Landsat (GRWL) database which includes rivers wider than 30 m (Allen and 

Pavelsky, 2018) served as the primary basis for the development of SWORD (Altenau et al., 

2021). Therefore, for a reservoir that was pre-selected using GRanD, at least one inflow river 

reach and one outflow river reach need to be included in SWORD, so that the river-store mass 

conservation could be characterized by SWOT. 

The reservoir selection was also determined by the availability of gauge data and 

reservoir evaporation data. We further filtered out the reservoirs where either gauge data or 

reservoir surface evaporation data were not available to us. The detailed description of the source 

of gauge measurements for streamflow and reservoir storage is covered in Section 2.1.2. A 

detailed description of the reservoir surface evaporation dataset is covered in Section 2.1.3. 

 To test the algorithm premise as thoroughly as possible, we selected 26 dams across the 

contiguous United States (CONUS) with both the associated reservoirs and their connected 

inflow and outflow river reaches observable to SWOT (Figure 2-1). Among the 26 sampled 

reservoirs, four are located in arid regions, ten in semiarid regions, three in subhumid regions, 

and nine in humid regions (Figure 2-2). The Hydrologic Landscape Regions (HLR) of the United 

States dataset (Wolock, 2003) helped us to identify the hydroclimate conditions at which the 

selected reservoirs are located. This dataset contains watersheds grouped into five classes 

according to their similarities in landscape and climate characteristics (Wolock, 2003). 
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Figure 2-1 The 26 reservoirs selected with Global Reservoir and Dam (GRanD) database across the contiguous United States. 

The line features are SWOT-observable rivers included in the SWOT River Database (SWORD). 
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Figure 2-2 The 26 reservoirs selected for this study and the hydrologic landscape regions of which they belong to. The 

Hydrologic Landscape Regions (HLR) of the United States dataset contains watersheds grouped into five classes according to 

their similarities in landscape and climate characteristics (Wolock, 2003). 
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 2.1.2 Flow Records and Reservoir Storage  

To test the algorithm premise and to characterize the river-store mass conservation, we 

need the flow data for both the primary inflow and outflow river reaches, and the reservoir 

storage variation data. Then the flow data can be used to calculate the discharge difference 

between the primary inflow and outflow reaches, and eventually be compared to reservoir 

storage change. The United States Geological Survey (USGS) provides daily measurements of 

river discharge, reservoir storage, and gauge height collected from approximately 1.9 million 

sites in all 50 states (https://waterdata.usgs.gov/nwis). The current and historical data for these 

measurements are maintained and released to the public by the USGS web server 

(https://maps.waterdata.usgs.gov/mapper/index.html). As considered to be close approximations 

of the true “discharge” of the river reaches and “storage” of the reservoir, these gauge 

measurements from USGS have widely been used for validation as baseline reference within the 

hydrologic community. Therefore, these gauge measurements would be sufficient to represent 

the actual river-store mass balance of these reservoirs. Daily observations of reservoir storage 

and stream discharge are available for all 26 reservoirs selected for our study and their 

surrounding primary inflow and outflow river reaches. Though the maintenance of stream or lake 

gauges may have been discontinued for some reservoirs, the historic data available on the USGS 

database are still a valuable source for investigating conditions of the river-store mass 

conservation. As a result, we collected daily in situ measurements of reservoir storage and stream 

discharge of their primary inflow and outflow river reaches for 2 consecutive water years, albeit 

the start years are not always the same among the reservoirs. According to USGS explanations 

(https://water.usgs.gov/nwc/explain_data.html), a water year starts on the first day of October of 

the first year, and ends on the last day of September of the second year . 

https://water.usgs.gov/nwc/explain_data.html
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On the USGS database, the stream discharge is documented with a unit of cubic feet per 

second. Reservoir storage is often documented with a unit of acre-feet except for several large 

reservoirs with a more sizable unit of thousand-acre feet. For stream discharge, different USGS 

gauge stations might give their readings at different times of the day, with the most common 

being 6:00 am, 8:00 am and midnight. When gauge readings of discharge are available more than 

once a day, a mean value will be generated as the daily summary data. There was not a general 

pattern for a reservoir as to when an observation at a given time would be available to users. For 

our study, we would use the daily mean observation for both stream discharge and reservoir 

storage whenever it is available. There would be cases when daily mean observation is not 

available. When this happens, we would use the discharge and reservoir storage readings taken at 

a single time of a day when available, based on the assumption that the stream discharge and 

reservoir storage would not vary greatly during a day. The assumption holds for most days in a 

water year when the climate is less variable. As the final step of the data preparation, the unit 

used in the discharge daily time series was converted from cubic meter per second to million 

cubic meters per day, and the unit used in reservoir storage daily time series was converted from 

either cubic foot per second or thousand cubic meters per second to million cubic meters. 

Using the daily time series of reservoir storage from USGS, the daily time series of 

storage changes were generated from measurements every two consecutive days. Differently, the 

discharge of the primary outflow river reach was subtracted from the discharge of the primary 

inflow river reach on the same day to generate the daily time series of discharge difference 

between the primary inflow and outflow reaches.  
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 2.1.3 Secondary Controls 

This study also aims at improving the river-store mass conservation that was solely 

characterized by reservoir storage and stream discharge of the primary inflow and outflow river 

reaches by adding model simulations of lateral flows and multi-source datasets of reservoir 

surface evaporation on a daily time scale.  

The CONUS Reservoir Evaporation Dataset (CRED) (Zhao and Gao, 2019) is a multi-

source dataset that provides monthly time series of evaporation rate and amount (as the product 

of evaporation rate and lake surface area) for 721 reservoirs in the United States from March 

1984 to October 2015. The lake heat storage term in the Penman Equation was considered when 

calculating the evaporation rates in CRED. The lake surface area dynamics were extracted from 

the Landsat-based water surface occurrences (Pekel et al., 2016) and improved by better 

leveraging the contaminated pixels from the cloud, shadows and more (Zhao and Gao, 2018). 

The evaporation rates were documented in a unit of millimeters per day. The evaporation amount 

was calculated as the product of evaporation rates and lake surface area in a unit of thousand 

cubic meters per month. The CRED dataset contains evaporations rates and amounts derived 

from 3 sources of monthly meteorological data, TerraClimate (Abatzoglou et al., 2018), North 

American Land Data Assimilation System (NLDAS) (Xia et al., 2012) and Global Land Data 

Assimilation System (GLDAS) (Rodell et al., 2004). The mean of the monthly evaporation 

amounts from these 3 data sources was available. For the scope of this study, we will use the 

daily time series of the mean of the monthly evaporation amounts for 26 studied reservoirs.   

The Global Reach-level A priori Discharge Estimates for SWOT (GRADES) dataset 

simulates global discharge values of river flows at 2.94 million river reaches (Lin et al., 2019). 

Daily streamflow was simulated on a 90m high accuracy DEM and later routed out using a 
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Routing Application for Parallel computation of Discharge river routing model (RAPID). 

Excluding the primary inflow and outflow reaches that were previously selected by using the 

SWORD database, the river reaches that directly touch the boundary of the selected reservoirs 

would be regarded as the tributaries that are not observable to SWOT. Yet, these river reaches 

drain to the water stores, making a likely substantial contribution to the reservoir storage 

variation. By using the ArcGIS platform, these river reaches included in the GRADES dataset 

were manually selected for flow calculation. The daily discharge values were then calculated for 

a continuous 2-year period that corresponds to the duration length of in situ gauge measurements 

for each reservoir. A sum of river flows for all tributaries that drain to the reservoir according to 

GRADES was generated to represent the total impact of lateral flows. 

 

 2.2 Observed River-Store Mass Conservation  

 2.2.1 SWOT’s Temporal Sampling Gaps 

At 890.6 km with an inclination of 77.6 degrees, SWOT has an orbital cycle of 21 days 

but may be able to provide more than one overpass in a span of one orbital cycle (Biancamaria et 

al., 2015). As documented, during one SWOT’s orbital period, the number of revisits ranges 

from a maximum of 2 in regions close to the equator to more than 10 above 70 degrees in both 

north and south hemispheres. Therefore, the number of overpasses during a SWOT orbital period 

may vary greatly depending on the specific locations of selected reservoirs. The French 

government space agency, Centre National D'Etudes Spatiales (CNES), maintains an online 

service named AVISO+ (i.e., Archiving, Validation and Interpretation of Satellite Oceanographic 

data) that provides data products from satellite altimetry 

(https://www.aviso.altimetry.fr/en/home.html). The ground track and orbit ephemeris in the 
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shapefile format for SWOT are available for download on AVISO+’s website 

(https://www.aviso.altimetry.fr/en/missions/future-missions/swot/orbit.html). With the SWOT 

swath information and the spatial locations of selected reservoirs, the maximum number of 

overpasses for each reservoir was calculated. As our algorithm would need observations on 

reservoir’s main surface body and its main inflow and outflow reaches, the SWOT overpass 

needs to cover the majority of the reservoir body along with its primary inflow and outflow 

reaches. In this study, the centroid of the lake body was used to calculate the number of 

overpasses. The ArcGIS provides a spatial join geoprocessing tool that joins attributes from one 

feature to another based on the spatial relationship. If the centroid of a lake body was within 

three SWOT overpasses, the number of the overpasses would be three and the revisit time for 

this lake would be one SWOT repeat period (i.e., 21 days) divided by three, yielding seven days. 

By using the ArcGIS platform, we calculated the number of overpasses during a SWOT orbital 

period (i.e., 21 days) for each reservoir by spatial joining the centroids of the reservoir polygons 

from GRanD with the SWOT swath polygons. With the number of overpasses, the SWOT revisit 

time for each reservoir was then calculated. 

 

 2.2.2 Temporal Rescaling of Gauge Measurements  

In situ measurements of reservoir storage and streamflow from the USGS National Water 

Information System were collected once or more times per day. We then aggregated the daily 

measurements of each reservoir by their corresponding SWOT revisit period. SWOT’s direct 

measurements of surface water are temporally discrete, therefore before testing the algorithm’s 

premise, an aggregation of daily measurements is necessary to reflect the impact of SWOT’s 

temporal sampling on the discharge estimates. 
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For example, a reservoir has a SWOT revisit time of 5 days. Daily time series of 

discharge difference and storage change would need to be aggregated every 5 days. Our USGS 

daily time series all begin their observation on the first day of October. Assuming that October 

the first is the beginning of a SWOT revisit period, then October the fifth would be the last day 

of the first SWOT revisit period. Measurements of storage change and discharge difference over 

the first SWOT revisit period (i.e., from October the first to the fifth) would then be aggregated. 

The output values are the cumulative storage change or discharge difference over a span of a 

SWOT revisit period. The aggregation will continue for the subsequent revisit periods, until the 

last available revisit period occurs.  

 The beginning of a revisit period could also be the second, third, fourth or fifth of October 

assuming the length of a SWOT revisit period is 5 days. Therefore, followed by the example, 

five sequences of discharge difference or storage change having different starting days would be 

created from an aggregation of single original daily time series.  

 

 2.2.3 Comparison between Reservoir Storage Change and Discharge Difference 

Our study looks into a theoretical hydrological relationship (i.e., river-store mass 

conservation of lakes and reservoirs). We aim at revealing how well this relationship, across 

reservoirs, can be characterized by using observations on reservoirs and their primary inflow and 

outflow river reaches, and making implications on how LakeFlow can be better applied moving 

forward. To analyze the conditions of the river-store mass conservation, we compared the 

observations of reservoir storage change to the observations of discharge difference, on the time 

scale of one SWOT repeat period. Error performance metrics and their associated performance 
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criteria are crucial components of this study, so we can evaluate the hydrological relationship for 

each reservoir and conduct a fair intercomparison among them all.  

However, the characteristics of our data (i.e., reservoir storage change and discharge 

difference between inflow and outflow river reaches) are different from flow data. It remains 

unknown whether the commonly-used error performance metrics in flow simulation/estimation 

would be adequate to allow a fair evaluation and intercomparison in our study. In fact, Knoben et 

al. (2019) argued that there has not been a single perfect modeling performance metric that is 

suitable for every study occasion and objective in the hydrological modeling community. We 

will start with a short review of the error performance metrics we decided to use in this study, 

and continue with a discussion on their possible suitability according to limitations and 

constraints of our error metrics regarding the characteristics of our data. In addition, it is 

important to achieve a better understanding of the error performance criteria and how these 

criteria are interrelated, as such efforts help to understand what is causing a hydrological 

relationship to appear stronger in a reservoir. 

Statistical results were reported according to six error performance metrics: Nash-

Sutcliffe Efficiency (NSE) (Nash and Sutcliffe, 1970), Kling Gupta Efficiency (KGE) (Gupta et 

al., 2009), relative Root Mean Square Error (rRMSE) (Bjerklie et al., 2005a), Mean of Relative 

Residual (MRR) (Bjerklie et al., 2005a), the Standard Deviation of Relative Residuals (SDRR) 

(Bjerklie et al., 2005a) and a distribution-free overlapping index (Pastore and Calcagni, 2019). 

The NSE and KGE performance metrics are two traditionally-used measures of model 

performance used in hydrology (Gupta et al., 2009; Knoben et al., 2019; Lamontagne et al., 

2020). MRR, SDRR and rRMSE have been widely used in previous research where the 

estimated flow product was evaluated against the observations (Durand et al., 2016; Durand et 
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al., 2014; Gleason and Durand, 2020; Hagemann et al., 2017; Nickles et al., 2020a; Nickles et 

al., 2020b; Nickles et al., 2019; Tuozzolo et al., 2019). The MRR, SDRR and rRMSE altogether 

allow for a discussion over how much of total error (represented by rRMSE) was caused by bias 

(represented by MRR) and how much was caused by variability, enabling a fair intercomparison 

of five discharge estimation algorithms over their estimation performance across 19 rivers 

(Durand et al., 2016). rRMSE, rBias (a different name for MRR) and NSE error metrics were 

used to evaluate the performance of Bayesian AMHG-Manning (BAM) algorithms across the 

same set of 19 rivers (Hagemann et al., 2017). 

NSE and KGE are commonly used for calibrating hydrological models, optimizing the 

values of their parameters and evaluating model performance (Gupta et al., 2009; Knoben et al., 

2019; Moriasi et al., 2015). In a single number, the NSE and KGE reveal the similarity of 

observed and simulated flow records (Gupta et al., 2009; Moriasi et al., 2015; Nash and Sutcliffe, 

1970). The equations for calculating NSE and KGE are as follows: 

𝑁𝑆𝐸 =  1 −  
∑ (𝑄𝑠𝑖𝑚(𝑡) − 𝑄𝑜𝑏𝑠(𝑡))

2𝑡=𝑇
𝑡=1

∑ (𝑄𝑜𝑏𝑠(𝑡) − 𝑄𝑜𝑏𝑠)
2

𝑡=𝑇
𝑡=1

  

Equation 5 Nash-Sutcliffe Efficiency (NSE)  

𝐾𝐺𝐸 =  1 −  √(𝑟 − 1)2 + (
𝜎𝑠𝑖𝑚

𝜎𝑜𝑏𝑠
− 1)2 + (

𝜇𝑠𝑖𝑚

𝜇𝑜𝑏𝑠
− 1)2 

Equation 6 Kling Gupta Efficiency (KGE) 

Where 𝑇 is the total number of time steps, indicating the length of the flow records. 

𝑄𝑠𝑖𝑚(𝑡) and 𝑄𝑜𝑏𝑠(𝑡) are the discharge values from model simulations and observation at a 

certain time step 𝑡. 𝑄𝑜𝑏𝑠 is the mean of all flow observations. 𝑟 is the linear correlation 

between all observations and all simulations, 𝜎𝑜𝑏𝑠 and 𝜎𝑠𝑖𝑚 are standard deviations of all 
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observations and simulations of discharge. 𝜇𝑜𝑏𝑠 and 𝜇𝑠𝑖𝑚 are the mean of all observations and 

simulations of discharge. 𝜇𝑜𝑏𝑠 is equivalent to 𝑄𝑜𝑏𝑠.  

NSE is dimensionless and falls into the range of [-inf to 1.0]. Its value indicates the 

portion of the variance in the observations that can be explained by the simulations. NSE uses 

the mean flow as an inherent benchmark predictor when it equals zero. NSE = 0 has been 

popularly used as the separator for “good” and “bad” model performance, although its predictive 

skill in a more complex setting is questionable (Knoben et al., 2019). NSE = 1 indicates that 

there is a perfect correspondence between simulated and observed flow, and that the model 

simulations have reached maximum (ideal) performance. NSE < 0 indicates that the model 

simulations are a worse predictor than the mean of all observations. Without accounting for 

different hydrologic processes and physical conditions, this evaluation criterion (i.e., NSE > 0 

indicates good model performance; NSE < 0 indicates bad model performance) is considered to 

be a low-level evaluation benchmark, especially in cases where seasonal conditions and flow 

regimes are different (Gupta et al., 2009; Knoben et al., 2019).  

By design, KGE was created for model performance evaluation by treating correlation, 

bias error and variability error as three separate error components, different from NSE (Gupta et 

al., 2009). As previously explained, 𝑟 represents the linear correlation,  
𝜎𝑠𝑖𝑚

𝜎𝑜𝑏𝑠
 is the quotient of 

the standard deviations of the simulations and observations, indicating the variability error, 
𝜇𝑠𝑖𝑚

𝜇𝑜𝑏𝑠
 

is the quotient of the means of the simulations and observations, indicating the bias error. It is 

important to point out that NSE values (or scores) and KGE values cannot be treated as 

equivalent as there is no unique relationship between the two error performance metrics, and 

there is no inherent benchmark for KGE, while for NSE, there is (Gupta et al., 2009; Knoben et 
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al., 2019). An interpretation of NSE values on model performance should not guide the 

interpretation of KGE values (Knoben et al., 2019). 

Similar to NSE, KGE falls in the range of [-inf to 1.0]. KGE = 1 indicates a maximum 

performance that a model could achieve for a perfect correspondence between simulations and 

observations of streamflow. While Koskinen et al. (2017) used KGE = 0 as an indicator of model 

simulation providing no better estimate as the mean of all observations, a technical report done 

by Knoben et al. (2019) argued that KGE does not have an inherent benchmark in the form of 

mean flow as NSE, and KGE < 0 does not necessarily mean that the model simulation is a worse 

indicator than mean flow. In other words, KGE = 0 does not share the same implication of 

achieving the same explanatory power as the mean of the observations as NSE = 0, and there is 

no theoretical basis for treating KGE = 0 as a general benchmark indicator for model 

performance. By definition, KGE calculates the distance from an ideal model performance 

according to three dimensions (linear correlation, variability and bias). In a case where all 

simulations equal the mean of observations (𝜎𝑠𝑖𝑚 = 0, 𝜇𝑠𝑖𝑚 =  𝜇𝑜𝑏𝑠, r = 0), the KGE value 

equals 1 − √2 ≈ -0.41, where a mean flow benchmark can be defined (Knoben et al., 2019). 

These findings were supported in mathematical terms and also in synthetic experiments in their 

study. Therefore, a KGE value of -0.41 could be used as an indicator where model simulations 

have the same explanatory power as the mean of all flow observations.  

The relative statistics, namely rRMSE, MRR and SDRR have provided a fair comparison 

for existing discharge algorithms among various river reaches (Durand et al., 2016). The relative 

residuals on which the calculation of three relative metrics is based, are written for one time step 

as: 
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𝑅𝑅(𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑅𝑒𝑠𝑖𝑑𝑢𝑎𝑙𝑠) =  
(𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛 − 𝑒𝑠𝑡𝑖𝑚𝑎𝑡𝑒)

𝑜𝑏𝑠𝑒𝑟𝑣𝑎𝑡𝑖𝑜𝑛
 

Equation 7 Relative Residuals 

The mean, standard deviation of Relative Residuals (RR) and root of the mean square RR 

at all time steps are calculated and referred to as MRR, SDRR and rRMSE. A large MRR value 

and a low SDRR value indicate a possible large bias from the estimates to the observations, but 

the overall variability is well captured. MRR shows agreement in value magnitude and direction, 

and SDRR shows agreement in value variation and spread. rRMSE can be interpreted as the total 

errors from MRR and SDRR, indicating an overall error performance. The three metrics have a 

mathematical relationship which can be written as: 

𝑟𝑅𝑀𝑆𝐸2 = 𝑀𝑅𝑅2 + 𝑆𝐷𝑅𝑅2 

Equation 8 Decomposition of rRMSE into MRR and SDRR 

The last error metric we used for evaluating the observed river-store mass conservation is 

a distribution-free overlapping index. The index is relevant to the area intersected by the 

probability density functions (Pastore and Calcagni, 2019), and therefore provides a useful 

insight into the similarity between our reservoir storage change and discharge difference. The 

detailed mathematical calculation behind this distribution-free overlapping index could be found 

in (Pastore and Calcagni, 2019). An R package was developed for calculating this overlapping 

index. For further details on this R package and the useful functions included in the package, see 

the manual at https://cran.r-project.org/web/packages/overlapping/overlapping.pdf. 

Our motivation is not to find the best overall performance metric for the large 

hydrological field (as the variety of application scenarios, and the complexities in hydrological 

processes and their interactions make it unlikely for such metric to even exist), but use 

performance metrics and their associated criterion that are most adequate and can be best utilized 

to allow for a fair comparison of a hydrological relationship characterized by observations.  

https://cran.r-project.org/web/packages/overlapping/overlapping.pdf
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As previously described, NSE is a useful error performance metric that has been 

traditionally used to evaluate and optimize model performance. Gupta et al. (2009) conducted an 

in-depth decomposition analysis where they mathematically broke down NSE into three 

components (the bias, the correlation and a measure of relative variability), and identified the 

two major limitations. First, as the bias term in NSE is normalized by the standard deviation of 

the observations, the importance of the bias error will vary among our sampled reservoirs. When 

the variability in the observation data for one reservoir is high, the bias component will have a 

smaller contribution to the final value of NSE. In other words, NSE will not be as sensitive to the 

bias error in the simulations when the variability in the observations is high, leading to a large 

volume balance error. Second, as NSE is being maximized, the variability in the flow data tends 

to be systematically underestimated, leading to a smaller peak flow value. In addition to two 

findings, it was also acknowledged that because the baseflow errors are typically smaller than 

peak flow errors, NSE is generally found to be highly sensitive to peak flow errors (Gupta et al., 

2009).  

As evident from the above equations, NSE and KGE are different in their calculation, 

though both measures can be represented in terms of three components which measure the linear 

correlation, the bias and the variability (Gupta et al., 2009). Though KGE was created based on 

the decomposition of NSE by the bias, the correlation and a measure of relative variability, KGE 

is not meant for being a better/improved error performance metric than NSE, simply less prone 

to the systematical limitations in NSE (Gupta et al., 2009). 

The relative statistics, namely rRMSE, MRR and SDRR are three error performance 

metrics used in Durand et al. (2016) to characterize relative discharge errors. rRMSE is highly 

sensitive to baseflow errors that are generally small relative to peak flow errors, leading to an 
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inflation of rRMSE value (Hagemann et al., 2017). In a relative residual on which these relative 

statistics are based, the difference between the observation and simulation is normalized by the 

observation at the current time step. Further inflation on values of the three relative statistics 

could be induced by having a large number of small values in the observations.  

In our analysis, the reservoir storage change and discharge difference between major 

inflow and outflow river reaches at an approximately weekly time scale are used as the 

observations and simulations when evaluating error performance. Although three of the common 

characteristics of streamflow data is a strong seasonal periodicity, variability and skewness (i.e., 

a rapid increase in late winter and spring followed by a gradual decrease until the end of autumn) 

(Lamontagne et al., 2020; Livina et al., 2003), no body of literature is relevant to the data 

characteristics of reservoir storage change and discharge difference between a reservoir’s major 

inflow and outflow river reaches.  It is therefore uncertain whether the variability in our 

observation data and simulation data would be high. But we are certain that the scales of both 

reservoir storage and discharge difference will be largely impacted by damming operations and 

hydroclimate variability, and are also related to the size, the geometry and the capacity of the 

reservoir and its connected major river channels. 

Followed by our discussion on NSE, if the variability in the observation data (i.e., 

reservoir storage change at approximately a weekly time scale) is high, the bias error will 

contribute less to the final value of NSE, deemphasizing the bias component. The second finding 

by Gupta et al. (2009) on NSE is less relevant to our study’s setting as we do not intend to 

maximize NSE values for optimization purposes. Moriasi et al. (2015) provide guidelines for 

evaluating model performance through a meta-analysis of performance data for four hydrological 

models. They suggest that for watershed-scale models, NSE > 0.50 indicates a ‘satisfactory’ 
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model performance. To reaffirm, our main objective of this study is not to establish new 

performance evaluation criteria that is specific to river-store mass conservation, but rather to 

make useful interpretations of our results from error performance metrics that allow a fair 

comparison among sampled reservoirs. Therefore, in our study, we will use the performance 

evaluation criteria recommended by Moriasi et al. (2015) and find out how the results would be 

by considering the premise condition of a reservoir to be “satisfactory” or better if the NSE for 

discharge difference as an estimate of storage change exceeds 0.50. An NSE value over 0.70 and 

less than 0.80 indicates a “Good” performance while an NSE over 0.8 indicates a “Very Good” 

performance. 

All six error metrics were calculated for our sampled reservoirs to evaluate the 

similarities between discharge difference and reservoir storage change. In the calculation of these 

metrics, the reservoir storage change was regarded as the benchmark observations while the 

discharge difference between the primary inflow and outflow river reaches were regarded as the 

estimates of the observations. NSE, KGE, rRMSE and an overlapping index are measures of 

similarity between the reservoir storage change and discharge difference in a single value. There 

have been over 23,500 Google Scholar citations to Nash and Sutcliffe (1970) (02 May 2022) and 

NSE was regarded as “by far the most utilized index in hydrological applications” (Biondi and 

Todini, 2018).  Advantages exist behind the widespread usage and the popularity of NSE, 

including an extensive body of literature on its applications, discussions over the error behaviors 

of NSE and the impact of the data characteristics in hydrology. That is why we decide to use 

NSE as the central error performance metric in the study. KGE, rRMSE and an overlapping 

index are supplementary to the use of NSE, providing additional insights and references to the 

error performance results and facilitating the discussion on the river-store mass conservation on 
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sampled reservoirs. MRR and SDRR will be primarily used in our second research question, for 

assessing the secondary controls within river-store mass conservation characterized by reservoir 

storage change and discharge difference between the reservoir’s major inflow and outflow river 

reaches. 

Outliers are common in gauge measurements. The causes of outliers could be attributed 

to systematic errors or extreme events in our data.  Outliers, small or large, could have a huge 

impact on the statistical results. Yet the exact impact that outliers have on our statistical results is 

currently unknown. Furthermore, error performance metrics behave to outliers very differently 

followed by our previous discussions on these metrics (e.x., rRMSEs are sensitive to baseflow 

errors; NSE is less sensitive to bias when the variability is high in observations but sensitive to 

peak flow errors). Therefore, it is necessary to conduct a systematical analysis of the impact of 

outliers on our error performance metrics. 

Followed by this motivation, we applied an outlier-removal technique to potentially filter 

out the measurements that exceed the bounds within which the majority of the dataset is located 

in (i.e., between 2.5% and 97.5% quantiles). This method takes into consideration the overall 

distribution of the measurements within two years, and sees records that are outside of the range 

of 2.5%and 97.5% quantiles as out-of-bounds outliers. For comparison, we calculated each error 

metric, except for the overlapping index, first with measurements that outliers are removed and 

then with measurements that outliers are left untouched. We believed that outliers could have 

little impact on the overlapping index, as this index is more sensitive to any discrepancy between 

the probability distributions of the compared datasets, therefore unlikely to be biased due to 

outliers.  
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To summarize how outliers were removed in our study in the example of NSE, first, we 

calculated the 0.025 and 0.975 quantiles for the time series of reservoir storage change. The 

storage changes that are not within the 0.025 and 0.975 quantiles would be marked as out of 

bounds, and the days on which storage changes were marked as out of bounds would not be 

included in the calculation of NSE. Then, the same measures were completed for the time series 

of discharge difference. And as the result, a list of days on which either storage change or 

discharge difference was out of bounds was generated. As previously written, the measurements 

on these days would not be included in the calculation of “quantile” NSE. With this list, the 

“quantile” NSE was calculated by excluding the measurements of both discharge difference and 

storage change on the days on the list. This NSE was referred to as the “quantile” or “outlier-

removed” version of NSE.  

While for NSE, outliers were removed from the measurements of discharge difference 

and storage change, outliers were handled at a different level for the three “relative” statistics.  

This indirect approach was necessary. As explained in previous sections, MRR, SDRR and 

rRMSE were all derived from a base error metric, relative residuals. As the reservoir storage or 

discharge difference level might not vary substantially for days (for example, during the dry 

season), minimal reservoir storage change and discharge difference were left likely to result in an 

unrealistically huge relative residual. Due to this reason, the same quantile outlier-removal 

method was applied to remove the outliers in the relative residuals after they were calculated.  

Overall, calculating each error metric except for overlapping index in two versions would 

allow us to find out how outliers in the hydrologic records influence the statistical results.  This 

would also help us to constrain the values of relative residuals when the denominator (for 

instance, the reservoir storage oftentimes might stay very stable and therefore gives a very small 
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reservoir storage change) is extremely small which would result in an extremely large relative 

residual. As three metrics in our study, MRR, SDRR and rRMSE, are all derivative of the 

relative residuals. We expect to see how two versions of these relative statistics differ from each 

other and how effective the “quantile” measure is in constraining the values of relative statistics.  

Accordingly, we made scatterplots of reservoir storage change against discharge 

difference at the time scale of one SWOT revisit period (the length of the SWOT revisit period 

varies from a reservoir to reservoir). In addition to scatterplots, hydrographs showing monthly 

time series of reservoir storage change and discharge difference in two water years were made 

for selected reservoirs. The daily time series of discharge difference and storage change were 

aggregated by month to produce the monthly time series. The monthly time series generated here 

was titled “Observed dQ” and “Observed dV”. There were other time series on the hydrograph 

besides “Observed dQ” and “Observed dV”: “dQ + q”and “dQ - E”.  

 

 2.3 Assessment of Secondary Controls  

Such efforts helped us answer: where and on what hydroclimate conditions would the 

premise of the algorithm better be met; what are the overall scales and variabilities of the impact 

of secondary controls on the characterized river-store mass conservation, and how do their scales 

and variabilities change by different hydroclimate conditions and reservoir purposes?  

Therefore, based on the results which we intend to use to analyze the observed conditions of 

river-store mass conservation characterized by reservoir storage change and discharge difference 

from the first research question, we continue to compare the results of the studied reservoirs by 

hydroclimate conditions and the designed reservoir purpose, respectively.  
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As suggested, the evaluation of model performance should be treated as a multi-objective 

problem, and the decomposition of a single error performance criterion (in their case, NSE and 

KGE) into different components allows a deeper understanding of the causalities of model 

performance (Gupta et al., 2009; Knoben et al., 2019). Followed by Section 2.2.3, the 

decomposition of rRMSE gives two components: MRR and SDRR. The main advantage of using 

relative statistics is that, they allow us to form a more in-depth understanding of the error 

compositions, as MRR and SDRR characterize errors that are, respectively, bias-based and time-

variability-based. Therefore, a set of two error performance metrics, namely MRR and SDRR are 

used, in addition to the overlapping index, NSE, KGE and rRMSE, to assess the impact of 

secondary controls within the river-store mass conservation characterized by reservoir storage 

change and discharge difference between the major reservoir inflow and outflow river reaches. 

MRR helps to understand the scales of secondary controls, and SDRR helps to understand the 

time-variabilities of secondary controls.  

Additionally, datasets of hydroclimate conditions and the designed reservoir purpose are 

used respectively to help analyze how the impact on the secondary controls might relate to 

different hydroclimate conditions and human water withdrawal. 

 

 2.3.1 Hydroclimate Conditions 

The Hydrologic Landscape Regions (HLR) of the United States dataset divides the 

contiguous United States into five large regions according to their similarities in landscape and 

climate characteristics from humid to arid (Wolock, 2003). According to HLR, 12 reservoirs are 

located in humid or subhumid regions with the remaining 14 in arid or semiarid regions. The 

overall scales of secondary control were analyzed by comparing the conditions of river-store 
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mass conservation observed in reservoirs that are located in different hydroclimate regions. In 

more arid regions, the scale of surface evaporation could be larger than in humid regions. In 

humid regions, the scale of lateral flows could be larger than in the arid regions. By comparing 

the statistical results from arid and humid regions, we will have a better understanding of how 

hydroclimate conditions influence the conditions of river-store mass conservation and the overall 

scales of secondary control. 

 

 2.3.2 Reservoir Purposes 

The GRanD dataset contains various non-spatial attribute information on each reservoir 

from construction year, descriptive administrative locations, dam height and reservoir purposes. 

The main reservoir purposes documented in the GRanD dataset include irrigation, 

hydroelectricity, water supply, flood control and navigation.  Irrigation and water supply are 

referred to as human water withdrawal/consumption. According to the GRanD dataset, 18 

(69.23%) of the 26 sampled reservoirs were built for human water withdrawal. We analyzed the 

conditions of river-store mass conservation of these water-supply reservoirs, and compared them 

to reservoirs that were not specifically designed for human water withdrawal. 

 

 2.4 Reservoir Surface Evaporation and Lateral flow 

We will apply the discharge estimates of lateral flows from the GRADES database and 

surface evaporation from the CRED database to assess how the inclusion of these secondary 

control could influence the conditions of the river-store mass conservation characterized solely 

by water stores and their primary inflow and outflow river reaches, and whether the inclusion 

could improve the premise conditions. 



47 

Statistical results are reported using the same five error metrics as mentioned in Section 

2.2.3 (i.e., Nash-Sutcliffe Efficiency (NSE), Kling Gupta Efficiency (KGE), relative Root Mean 

Square Error (rRMSE), Mean of Relative Residual (MRR), the Standard Deviation of Relative 

Residuals (SDRR)) to assess the effectiveness in adding model simulations of lateral inflow and 

estimated reservoir surface evaporation. They have been widely used as the benchmark error 

performance for discharge estimates in previous studies (Biancamaria et al., 2011; Bonnema et 

al., 2016b; Durand et al., 2016; Durand et al., 2014; Hagemann et al., 2017). Detailed 

descriptions of these error metrics can be found in Section 2.2.3. 

 

 2.4.1 Reservoir Surface Evaporation 

The original monthly reservoir surface evaporation amounts made available from the 

CRED dataset are in a unit of thousand cubic meters per month. Before adding it to our analysis, 

the time scale of the original monthly dataset was then adjusted to a daily time scale. The process 

of the time scale adjustment acknowledges the number of days in each month and divided the 

monthly evaporation amounts by the number of days in each corresponding month. Once a daily 

time series of reservoir surface evaporation was created in a unit of a million cubic meters, this 

daily time series of surface evaporation were combined with the daily time series of discharge 

difference before undergoing an aggregation for a SWOT repeat period time scale. 

The combined daily time series of discharge difference and surface evaporation were also 

aggregated by month to generate the monthly time series. This monthly time series titled “dQ - 

E” was to reflect the impact of reservoir surface evaporation on the river-store mass conservation 

that was characterized solely by discharge difference and storage change.  

 



48 

 2.4.2 Lateral Flows 

The original time series of lateral flows from the GRADES database was in a unit of 

cubic meters per second. Unit conversion to a million cubic meters per day was completed before 

it could be added to the daily time series of discharge difference and compared to the reservoir 

storage change. The combined daily time series of discharge difference and lateral flows was 

aggregated by a SWOT revisit period and by month. 

A monthly time series titled “dQ + q” was added to the monthly hydrograph to reflect the 

impact of lateral flows on the river-store mass conservation that was characterized solely by 

discharge difference and storage change. 

 

Figure 2-3 Vector representation of Brantley Lake, located in New Mexico, USA. Main 

water body of Brantley Lake (centered polygon), primary inflow (east) and outflow (west) 
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river reaches (highlighted in navy blue), tributaries that contribute to lateral flow (light 

blue) and gauge stations (triangles in yellow) are included in the figure. The swath (shaded 

areas) and ground track (red lines) approximate SWOT’s coverage at this region. 

 

 2.5 SWOT’s Temporal Sampling  

 2.5.1 Data Processing 

In Section 2.2.2, a SWOT temporal timescale was integrated into the original SWOT 

measurements of discharge difference, by aggregating the daily time series by a SWOT revisit 

period. The aggregated time series will be considered as the referenced benchmark and is named 

as “Observed time series of discharge difference/Observed dQ” to avoid confusion.  

As previously written, SWOT has an orbital cycle of roughly 21 days but could provide 

more than one overpass above most regions. SWOT measurements are temporally discrete, 

meaning that SWOT could only provide a suite of measurements every revisit period. This 

characteristic draws questions on how well SWOT could capture the river-store mass 

conservation. 

Two assumptions were made when we simulated the impact of SWOT discrete temporal 

sampling on daily measurements. First, measurements of discharge difference from the USGS 

daily time series would only be available on days when SWOT revisited. Second, variations of 

discharge difference within each SWOT revisit period would follow a linear pattern, gradually 

increasing or decreasing from the discharge difference on the first revisit day to the discharge 

difference on the following day. We also considered the different scenarios where the first 

complete SWOT revisit period would occur differently.   

With these two assumptions, estimations of discharge difference on days when SWOT 

observation was not available were linearly interpolated from measurements of discharge 

difference on days when SWOT observation was available. As this time series contains 
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estimations of measurements when SWOT observation was not available, it was also referred to 

as the “estimated daily time series of discharge difference”. Then we aggregated the estimated 

daily time series by a SWOT revisit period. Sequences of estimated time series will then be 

compared to sequences of observed time series to investigate the impact of SWOT’s temporal 

sampling. 

For example, for a reservoir that has a SWOT revisit period of five days, an observed 

time series of discharge difference would be derived through an aggregation of the original daily 

time series every five days while an estimated time series was interpolated from the original in 

situ measurements every five days. The observed time series would be the reference when 

analyzing the impact of SWOT’s temporal sampling on discharge difference and conditions of 

river-store mass conservation. 

In addition, we added the estimated time series to the hydrograph. These estimated time 

series demonstrated the monthly uncertainties of discharge difference from SWOT’s temporal 

sampling. The number of estimated time series was determined by the length of SWOT revisit 

period of a specific reservoir. For example, a five-day revisit period will result in five sequences 

of estimated daily time series, with each sequence having a different starting day for the first 

complete SWOT revisit period. 

 

 2.5.2 Assessing SWOT’s Temporal Sampling 

In two studies that specifically analyzed the impact of SWOT sampling characteristics on 

discharge, KGE and rRMSE were used as the central error performance metrics (Nickles et al., 

2020b; Nickles et al., 2019). We use a set of five error performance metrics including NSE, 

KGE, rRMSE, MRR, SDRR and a Wilcoxon rank sum test (Cuzick, 1985) to assess the impact 
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of SWOT’s temporal sampling in this question. Detailed descriptions of these error metrics and 

how they were calculated can be found in Section 2.2.3. NSE, KGE and rRMSE are error 

performance metrics that assess the impact of SWOT’s temporal sampling in a single value. 

Supplementarily, the use of MRR and SDRR improves our understanding on scales and the 

variabilities of the SWOT’s temporal sampling on the time series of discharge difference. The 

rank sum test aims to determine whether two independent groups of data come from the same 

population, used as a measure of similarity between the observed and estimated time series of 

discharge difference between a reservoir’s major inflow and outflow river reaches. 

 

Chapter 3 - Results and Discussion 

The following chapter reports the results that address the objectives of the study. Based 

on the results, I will provide the discussions regarding our research questions. 

 3.1 The Observed River-Store Mass Conservation 

 3.1.1 The Overall LakeFlow Premise Conditions  

To test whether LakeFlow’s premise widely exists across the CONtiguous United States 

(CONUS), we applied a suite of four error metrics, including NSE, KGE, rRMSE, and 

overlapping index (Section 2.2.3), to 26 reservoirs sampled in our study. We used the Nash-

Sutcliffe Efficiency (NSE) as the central error performance metric in discovering whether 

reservoir storage change is the first-order control on discharge difference between the reservoir’s 

major inflow and outflow river reaches. KGE, rRMSE and an overlapping index are 

supplementary to the use of NSE for assessing the river-store mass conservation characterized by 

reservoir storage change and discharge difference.  
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With daily gauge measurements of streamflow discharge and reservoir storage capacity, 

we were able to test the premise conditions for 26 reservoirs across the CONUS.  Tables 3.1 and 

3.2 summarizes the observed conditions of river-store mass conservation for 26 reservoirs 

according to 6 error metrics. Each error metric, except the overlapping index, was calculated in 

two versions, with full record length and with outliers removed by a quantile measure. As 

described in Section 2.2.3, NSE is by far the most widely-used error performance metric in 

hydrology to evaluate model performance (Lamontagne et al., 2020). Therefore, we will use 

NSE as the primary performance evaluation indicator for assessing the observed conditions of 

river-store mass conservation among our sampled reservoirs. The “All” NSE uses the all the time 

steps within the observations. The mean, standard deviation and median of this version of NSEs 

among 26 reservoirs are -8.0, 22.52 and 0.42. NSE > 0 indicates that the discharge difference 

between the reservoir’s major inflow and outflow river reaches (when NSE is used for model 

performance evaluation, this would be the model simulations) has higher explanatory skill than 

the mean of the reservoir storage change (when NSE is used for model performance evaluation, 

this would be the observations). Our results show that 18 (69.2%) out of 26 reservoirs have an 

NSE value greater than zero. By using the error performance criteria for NSE suggested by 

Moriasi et al. (2015), 12 reservoirs (46.15%) show an NSE value greater than 0.5 (categorized as 

‘Satisfactory’ or above), among which one reservoir (3.85%) has an NSE value between 0.5 and 

0.7 (categorized as ‘Satisfactory’), two reservoirs (7.70%) have an NSE value between 0.7 and 

0.8 (categorized as ‘Good’), nine reservoirs (34.62%) have an NSE value greater than 0.8 

(categorized as ‘Very Good’; the highest ranked category). For a “quantile” NSE, the mean, 

standard deviation and median among 26 reservoirs are -36.72, 157.66 and 0.41. The results 

according to the “quantile” NSE on each performance evaluation category are similar to those 
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according to an “All” NSE: In a total of 15 reservoirs (57.69%) have an NSE value greater than 

zero, indicating a higher predictive skill than the mean of observations. Among these 15 

reservoirs, 12 reservoirs (46.15%) show an NSE value greater than 0.5 (categorized as 

‘Satisfactory’ or above),  one reservoir (3.85%) has an NSE value between 0.5 and 0.7 

(categorized as ‘Satisfactory’), three reservoirs (11.54%) have an NSE value between 0.7 and 0.8 

(categorized as ‘Good’), eight reservoirs (30.77%) have an NSE value greater than 0.8  

(categorized as ‘Very Good’; the highest ranked category). Both versions of NSE show that 12 

(46.15%) out of 26 reservoirs have a satisfactory or better premise condition (i.e., NSE > 0.5). 

Figure 3-1 summarizes the observed conditions of river-store mass conservation of 26 sampled 

reservoirs across different hydroclimate regions according to a “quantile” NSE. 

As evidenced by Knoben et al. (2019), a KGE value greater than -0.41 indicates that a 

model is a better predictor than the mean of the observations. Like NSE, two versions of KGE 

were calculated. According to results based on “All” KGE, only six (23.1%) out of 26 sampled 

reservoirs have a KGE value greater than -0.41, five reservoirs (19.23%) greater than 0 and only 

one reservoir (3.85%) over 0.41. The mean, standard deviation and median of “All” KGE of 26 

sampled reservoirs are -97.05, 270.31 and -5.89. For a “quantile” KGE, eight reservoirs (30.8%) 

exceed the -0.41 benchmark, three reservoirs (11.54%) have a KGE greater than 0 and one 

reservoir (3.85%) over 0.41. The mean, standard deviation and median of this version of KGE 

among 26 sampled reservoirs are -34.33, 65.88 and -2.38. 

Gupta et al. (2009) and Knoben et al. (2019) both argued that understandings of model 

performance according to NSE values should not guide our understandings according to KGE 

values as there is no unique relationship between these two metrics. Through examples, Knoben 

et al. (2019) also showed that high NSE values do not necessarily translate to high KGE values. 
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We fully acknowledge this argument and discuss the possible distinct behaviors of KGE and 

NSE, and what possibly causes the results from NSE and KGE to be so different.  

The fact that 18 reservoirs meet the mean flow benchmark (NSE > 0; Gupta et al. (2009); 

Nash and Sutcliffe (1970)) according to NSE (15 for a “quantile” NSE) and only six reservoirs 

meet the mean flow benchmark (KGE > -0.41; Knoben et al. (2019)) according to KGE (eight 

for a “quantile” KGE) suggests a difference between the two metrics’ behaviors given that the 

same datasets were used in the calculations.  

The variability in the reservoir storage change dataset (perceived as observations) plays a 

large role in affecting the error behaviors in NSE. Explicitly, NSE is less sensitive to bias when 

the variability is high in the observations. The degree of variability can be indicated by the 

coefficient of variations (CV; a ratio of the standard deviation and mean of the sample). The 

decomposition of NSE suggested that an interplay exists between the bias component and the 

variability component (Gupta et al., 2009). When the variability in the observation dataset 

(storage change) is large (i.e., a high CV value), the bias component would be underestimated, 

resulting in a small contribution to the final value of NSE. Unlike NSE, linear correlation, bias 

and variability are separate components of KGE.  KGE would be more subjective to bias errors 

than NSE even when the observations have a large CV score, resulting in worse KGE results 

(Gupta et al., 2009). 

It is assumed that one of the most prominent impacts of calculating a “quantile” version 

of these error metrics (i.e., in the discharge difference or reservoir storage change datasets, 

filtering out the time steps where the values exceed an interval of 2.5% and 97.5% quantiles) is a 

decrease of variability in both observation and simulation datasets, in addition to the possible 

impact on correlation and bias. By comparing NSE and KGE respectively between the “All” and 
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“quantile” values, our results show that six reservoirs have a higher NSE value (i.e., improved 

NSE result) after the time steps were filtered out by quantiles, while 12 reservoirs have a higher 

KGE value (i.e., improved KGE result). On the other hand, 20 reservoirs have a lower NSE 

value while 14 reservoirs have a lower KGE value. 

It is difficult to have clear conclusions about the behaviors of NSE or KGE without a 

decomposition of these error performance metrics into different error components. According to 

our results, we also see that the mean and standard deviation of the NSE values change 

substantially between “All” and “Quantile” groups of NSE. From “All” to “Quantile”, the mean 

and standard deviation of all NSE values changes from -8.04 to -36.72, and from 22.52 to 

157.66. Six reservoirs still see an increase in NSE values. This indicates an overall trend of 

decrease in NSE values with even larger individual differences. This could be explained by 

having a decrease in the variability in the datasets: as the degree of variability in the observations 

becomes smaller, NSE is more sensitive to the bias-related errors, overcompensating the possible 

improvement from having smaller variability-related errors in the datasets for 20 reservoirs. This 

trend of decrease in NSE values could also be related to a change in linear correlation or bias 

errors between the observations and simulations after the time steps where measurements that are 

out of bounds got removed.  Meanwhile, the mean and standard deviation of the KGE values 

change substantially between “All” and “Quantile” groups of KGE. From “All” to “Quantile”, 

the mean and standard deviation of all KGE values changes from -97.05 to -34.33, and from 

270.31 to 65.88. An increase in KGE values is seen in 12 reservoirs with smaller individual 

differences. This could be explained that in these 12 reservoirs, removing the time steps where 

large variability errors occur in the datasets to create the quantile version of the KGE results in a 

trend of improvement in KGE values for the 12 reservoirs. The remaining 14 reservoirs still see a 
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decrease in KGE values, suggesting an also important impact of linear correlation and bias 

errors. 

To summarize, by comparing the results between “All” and “quantile” groups, we have 

seen a more prominent trend in NSE where the NSE values decrease in 20 reservoirs (76.92%) 

when the time steps where the values in observations and simulations were out of bounds were 

removed. But using the same treatment, we have seen a more complicated case for KGE where 

12 reservoirs have increased their KGE values while 14 reservoirs decreased. Further analysis on 

the behaviors of the error metrics is needed where we can have a decomposition of error 

performance metrics based on different aspects of error components., so we see what aspect of 

errors is causing a particular error performance metric (e.g., NSE or KGE) to become larger or 

smaller. 

The statistical results according to rRMSE, MRR and SDRR show overall large values of 

three error performance metrics, enormously exceeding the benchmark set for the evaluation of 

discharge estimates in Durand et al. (2016), where an rRMSE of 0.35 was used as a threshold 

benchmark. Even the smallest value of rRMSE ("All”), indicating the best overall rRMSE result 

found in Lake Mohave with a value of 1.10 was substantially larger than the “0.35” benchmark. 

This could be mainly attributed to the small denominator impact (i.e., having small values of 

reservoir storage change) in the relative residuals, described in the previous section. The inflation 

of rRMSE we see in our results could also be caused by the metric’s large sensitivity to errors 

where the discharge difference is small (Hagemann et al., 2017).  

According to the descriptive statistics on rRMSE results in our sample, overall, we see a 

trend of improvement in rRMSE results (or, decrease in rRMSE values) after using a “quantile” 

technique. The mean, standard deviation and median for the “All” rRMSE values in our sample 



57 

give 19.91, 33.25 and 5.06. For “quantile” rRMSE values, the mean, standard deviation and 

median are 7.25, 17.33 and 1.57. In addition, according to a “quantile” rRMSE, all our 

reservoirs, 26 in total, have an improved rRMSE result indicating a decrease in total errors.  

The mean, standard deviation and median for the “All” SDRR values are 19.89, 33.25 

and 5.05, for “quantile” SDRR values are 7.20, 17.33 and 1.56. In addition, according to a 

“quantile” SDRR, all our reservoirs, 26 in total, have an improved SDRR result indicating a 

decrease in time-varying errors. 

The mean, standard deviation and median for the “All” MRR values are 0.57, 0.85 and 

0.37, and for “quantile” MRR values are 0.38, 0.64 and 0.33. According to a “quantile” MRR, 19 

reservoirs (73.08%) out of 26 have an improved MRR result, indicating a smaller bias error, 

while seven reservoirs (26.92%) have a worse MRR result, indicating an increase in bias errors. 

Despite an increase in bias errors (MRR) for seven reservoirs after a “quantile” technique 

was applied, the rRMSE values end up being lower for these seven reservoirs with also lower 

SDRR values.  

The distribution-free overlapping index has shown a mean of 0.59, a standard deviation 

of 0.21 and a median of 0.61 among 26 reservoirs. Figure 3-2 summarizes the observed 

conditions of river-store mass conservation for 26 studied reservoirs according to six error 

metrics (calculated in two versions). 

Our results according to NSE have shown that 18 reservoirs (69.23%) have shown that 

the discharge difference time series has a greater explanatory power than the mean of reservoir 

storage changes (NSE > 0), among which 12 reservoirs (46.15%) have met the “satisfactory” or 

above criteria according to a performance evaluation criterion suggested by Moriasi et al. (2015). 

Our results indicate that for nearly half reservoirs in our sample, the river-store mass 
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conservation can indeed be characterized by reservoir storage change and discharge difference 

between reservoir’s major inflow and outflow reaches.  
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Figure 3-1 Premise conditions of reservoirs across different hydroclimate regions in contiguous United States, showing as four 

classes in an ascending order: “Not Satisfactory” (NSE < 0.5), “Satisfactory” (0.5 < NSE < 0.7), “Good” (0.7 < NSE < 0.8) and 

“Very Good” (NSE  > 0.8). 



60 

 

Figure 3-2 Observed conditions of river-store mass conservation for 26 reservoirs according to six error metrics (outliners 

removed using percentiles)
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Table 3.1 Observed conditions of river-store mass conservation for 26 reservoirs according 

to an overlapping index, NSE and KGE (“ALL” are results from all observations, and 

“Quan” are results after removing outliners)  

Reservoirs 
  NSE KGE 

Overlap All Quan. All Quan. 

Red Rock 0.42 0.85 0.77 -9.43 -1.43 

Barlett 

Horseshoe 
0.82 0.99 0.97 0.72 0.01 

Dworkshak 0.74 0.73 0.67  -12.43 

Livingston 0.57 -0.82 -0.57 -5.5 -20.44 

Toledo Bend 0.43 0.05 -0.02 -1.77 -2.55 

Seminole 0.59 -1.23 -2.17 -93.29 -130.44 

Shasta 0.75 0.82 0.81 -1.12 -0.43 

John Martin 0.67 0.76 0.81 -0.95 -0.25 

Taxoma 0.77 0.93 0.82 -7.25 -0.1 

Tuttle Creek 0.7 0.86 0.77 -6.29 -22.5 

Walter F George 0.67 -0.99 -1.4 -9.57 -13.11 

Abiquiu 0.87 0.48 0.96 0.25 0.62 

Allatoona 0.59 0.25 -0.09 -7.3 -10.46 

Brantly 0.82 0.9 0.89 -0.29 -0.34 

CJ Strike 0.09 -51.89 -805.22 -312.24 -219.09 

Cochiti 0.23 -36.01 -60.82 -1214.62 -177.05 

Harlan County 0.6 0.8 0.81 0.19 -0.09 

Granbury 0.47 -97.08 -50.04 -91.73 -82.58 

Havasu 0.04 -30.56 -43.03 -631.2 -185.89 

Lanier 0.52 0.02 -0.13 -3.39 -3.69 

Mohave 0.89 0.95 0.93 0.27 0.02 

Milford 0.65 0.87 0.72 -14.1 -0.13 

Navajo 0.53 0.35 0.08 -0.54 -0.57 

Possum 

Kingdom 
0.63 0.08 0.43 0.4 -1.56 

West Point 0.52 -1.53 -2.14 -4.76 -5.98 

Whitney 0.67 0.51 0.38 -12.63 -2.21 

Mean 0.59 -8.04 -36.72   -97.05 -34.33 

Median 0.61 0.42 0.41 -5.89 -2.38 

Standard 

Deviation 
0.21 22.52 157.66 270.31 65.88 
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Table 3.2 Observed conditions of river-store mass conservation for 26 reservoirs according 

to rRMSE, MRR and SDRR (“ALL” are results from all observations, and “Quan” are 

results after removing outliners) 

Reservoirs 
rRMSE MRR SDRR 

All Quan. All Quan. All Quan. 

Red Rock 5.09 3.25 0.37 0.37 5.08 3.22 

Barlett 

Horseshoe 
3.66 0.59 0.02 0 3.66 0.59 

Dworkshak 4.54 1.83 0.37 0.3 4.53 1.8 

Livingston 3.83 1.32 0.51 0.6 3.79 1.17 

Toledo Bend 2.77 0.94 0.72 0.65 2.68 0.68 

Seminole 15.87 4.85 1.86 0.69 15.76 4.8 

Shasta 1.19 0.6 -0.08 -0.07 1.19 0.6 

John Martin 4.92 0.8 0.58 0.33 4.89 0.73 

Taxoma 3.15 1.11 0.37 0.34 3.13 1.06 

Tuttle Creek 12.81 1.59 0.37 0.1 12.81 1.59 

Walter F 

George 
20.03 3.23 1.49 0.41 19.98 3.2 

Abiquiu 2.13 0.69 0.22 0.17 2.12 0.67 

Allatoona 18.69 2.74 0.15 -0.06 18.69 2.74 

Brantly 6.36 0.5 -0.06 -0.19 6.36 0.47 

CJ Strike 149.97 85.66 -0.55 0.57 149.97 85.65 

Cochiti 57.07 22.35 2.45 3.16 57.02 22.13 

Harlan County 1.66 0.52 0.33 0.32 1.63 0.41 

Granbury 80.69 22.11 2.63 0.37 80.65 22.1 

Havasu 50.95 21.18 -0.81 -0.62 50.94 21.17 

Lanier 4.23 1.56 0.25 0.27 4.22 1.53 

Mohave 1.1 0.5 -0.09 -0.08 1.09 0.49 

Milford 5.02 1.92 -0.05 0.16 5.02 1.91 

Navajo 1.67 0.92 0.28 0.36 1.65 0.85 

Possum 

Kingdom 
18.35 1.79 1.5 0.61 18.29 1.68 

West Point 36.66 4.64 1.56 0.69 36.63 4.59 

Whitney 5.36 1.36 0.38 0.3 5.34 1.33 

Mean 19.91 7.25 0.57 0.38 19.89 7.2 

Median 5.06 1.57 0.37 0.33 5.05 1.56 

Standard 

Deviation 
33.25 17.33 0.85 0.64 33.25 17.33 
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 3.2 Secondary Controls 

To assess the overall scales and variabilities of the impact of secondary controls, we use 

MRR and SDRR as they allow for a more in-depth understanding of the error compositions, as 

MRR and SDRR characterize errors that are, respectively, bias-based and time-variability-based. 

 3.2.1 Individual Patterns of Secondary Controls 

Lake Red Rock is located at the interface of semiarid and humid regions of Iowa. This 

lake is classified as being in semiarid regions in this study. Its main use according to GRanD is 

flood control. An “All” NSE of 0.85 exceeds “Very Good” criterion suggested by Moriasi et al. 

(2015). Discharge difference overestimates reservoir storage change in most months during the 

studied period. However, every June, the discharge difference substantially underestimates 

reservoir storage change. It might be attributed to seasonal flash flood events in these regions. 

Bartlett and Horseshoe are two cascade reservoirs located at the interface of semiarid and 

arid regions of Arizona. This lake is classified as being in semiarid regions in this study. Their 

main use is water supply. The premise condition stands firm with an “All” NSE of 0.99. 

Discharge difference and reservoir storage change align very closely throughout the duration of 

interest, indicating a strong observed condition of river-store mass conservation. 

Dworshak Reservoir is located in the semiarid region of Idaho. Its main use is flood 

control with second as hydroelectricity and water supply. Discharge difference underestimates 

reservoir storage change overall with substantial volume gaps during late spring and early 

summer. An “All” NSE for Dworshak is 0.73. 

Lake Livingston is located in the humid region of Texas. Its main use is flood control. 

With an “All” NSE of -0.82, bias can be observed between discharge difference and reservoir 
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storage change, and discharge difference underestimates reservoir storage change overall. During 

some months, the bias can be quite substantial.  

Toledo Bend Lake is located in the humid region of Louisiana. Its main use is 

hydroelectricity with a second as water supply. The observed condition of river-store mass 

conservation is complicated, likely subjective to both human withdrawal and tributary flows. 

With  an “All” NSE of 0.05, discharge difference underestimates reservoir storage change in 

most months. The greatest gaps between discharge difference and reservoir storage change occur 

during winter, spring and early summer. 

Lake Seminole is located in the subhumid region of Florida. Its main use is navigation, 

with second use of hydroelectricity and flood control. With an “All” NSE of -1.23, the observed 

condition of river-store mass conservation is not strong. Discharge difference underestimates 

reservoir storage change in most months. Some greatest gaps occur during spring, fall and 

winter.  

Shasta Lake is located in the interface of humid and subhumid regions of California. This 

lake is classified as being in humid regions. Its main use is irrigation, and its second use are 

hydroelectricity, navigation and water supply. The premise condition stands firm with an “All” 

NSE of 0.82. The discharge difference underestimates reservoir storage change generally only in 

a very small extent. The deviation of discharge difference from reservoir storage changes mostly 

occurs during winter and summer.  

John Martin Reservoir is located in the semiarid region of Colorado. Its main use is flood 

control with a second use as irrigation. The premise condition stands firm in this reservoir with 

an “All” NSE of 0.76. Discharge difference and reservoir storage change align well in most 
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month while discharge difference overestimates reservoir storage change during summer and 

fall.  

Lake Taxoma is located at the interface of humid and semiarid regions of Oklahoma. 

This lake is classified as being in humid regions. Its main use is flood control, with a second use 

as water supply. With an “All” NSE of 0.93, discharge difference aligns with reservoir storage 

change except for several months in summer and fall when the discharge difference 

underestimates reservoir storage change. This might be caused by the water withdrawal directly 

from the lake body lowering down reservoir storage change.  

Tuttle Creek Reservoir is located at the interface of humid and subhumid regions of 

Kansas. This lake is classified as being in humid regions. Its main use is flood control with a 

second use as navigation. The premise condition stands firm with an “All” NSE of 0.86. The 

discharge difference slightly underestimates reservoir storage change. 

Walter F George reservoir is located in the humid region of Alabama. Its main use is 

navigation with 2 second use as hydroelectricity and flood control. With an “All” NSE of -0.99, 

discharge difference underestimates reservoir storage change in general.  

Abiquiu Reservoir is located in the semiarid region of New Mexico. Its main use is flood 

control with two second use as irrigation and water supply. The premise stands firm with an NSE 

of 0.48. discharge difference slightly underestimates reservoir storage change in Spring. In other 

months they align well.  

Allatoona Lake is located in the humid region of Georgia. Its main use is flood control, 

and its second use are water supply and hydroelectricity. With an “All” NSE of 0.25, discharge 

difference and reservoir storage change match in trends but with substantial gaps in between. 

discharge difference underestimates reservoir storage changes generally.  
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Brantley Lake is located in the arid region of New Mexico. Its main use is flood control 

with the second use being irrigation. The premise stands firm with an “All” NSE of 0.90. 

discharge difference slightly overestimates reservoir storage change during late spring and early 

summer.  

CJ Strike reservoir is located in the arid region of Idaho. Its main use is hydroelectricity 

with second use as irrigation. With an “All” NSE of -51.89, discharge difference and reservoir 

storage change have very weak relationship except in March and April. Part of the reason might 

be attributed to the distance between inflow gauge to lake body (~50km). Summer flash floods in 

the region where inflow gauge is located might also be responsible. Many canals used for water 

supply was also found around the lake body.  

Cochiti Lake is located in the semiarid region of New Mexico. Its main use is flood 

control with a second use as irrigation. With an “All” NSE of -36.01, discharge difference and 

reservoir storage change have weak relationship except for winter. discharge difference 

overestimates reservoir storage changes generally. This could be attributed to the distance 

between inflow gauge and lake (16km). The main reason behind a weak observed premise 

condition might be water withdrawal from the lake body.  

Harlan County Lake is located in the subhumid region of Nebraska. Its main use is flood 

control with a second use as irrigation. The general trends of discharge difference and reservoir 

storage change match well with an “All” NSE of 0.80. discharge difference underestimates 

reservoir storage change during spring and overestimates it in other seasons, which might be 

attributed to precipitation change during the seasons, intensified by irrigation use. 

Lake Granbury is located at the interface of humid and semiarid regions of Texas. This 

lake is classified as being in humid regions. Its main use is irrigation. With an “All” NSE of -
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97.08, there is a relatively poor discharge difference reservoir storage change relationship. 

discharge difference underestimates reservoir storage change in most seasons. 

Lake Havasu is in the semiarid region of Arizona. Its main use is water supply with two 

second use as irrigation and hydroelectricity. The trends of discharge difference and reservoir 

storage change matches well. But the bias between reservoir storage change and discharge 

difference is great with an “All” NSE of -30.56. The main reason behind this deviation might be 

attributed to the pumping plants and canals that are withdrawing water from the main lake, like 

Colorado River Aqueduct.  

Lake Lanier is located in the humid region of Georgia. Its main use is flood control with a 

second use as hydroelectricity. The trends of discharge difference and reservoir storage change 

match well. discharge difference underestimates reservoir storage changes substantially in most 

seasons with an “All” NSE of 0.02.  

Lake Mohave is located in the arid region of Arizona. Its main use is hydroelectricity. 

The trends match ideally showing a strong discharge difference-reservoir storage change 

relationship. discharge difference overestimates reservoir storage changes slightly in summer 

with an “All” NSE of 0.95. 

Milford Lake is located at the interface of semiarid and subhumid regions of Kansas. This 

lake is classified as being in semiarid regions.  Its main use is flood control, and its second use is 

water supply. The relationship of discharge difference and reservoir storage change is very 

strong in general with an “All” NSE of 0.87.  

Navajo Reservoir is located in the semiarid region of New Mexico. Its main use is 

irrigation. discharge difference underestimates reservoir storage change in some seasons with an 

“All” NSE of 0.35. This could be attributed to the uneven precipitation between seasons. 
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Possum Kingdom Lake is located in the semiarid region of Texas. Its main use is water 

supply. The relationship of reservoir storage change and discharge difference is good for most of 

the months with an “All” NSE of 0.08. 

 Whitney Lake is located in the semiarid region of Texas. Its main use is water supply with 

two second use as flood control and hydroelectricity. With an “All” NSE of 0.51, discharge 

difference and reservoir storage change have an overall good relationship with discharge 

difference slightly underestimates reservoir storage change.  

 

 3.2.2 General Patterns of Secondary Controls 

It is then important to understand the impacts of secondary controls and what might affect 

the scales of their impacts. The hydroclimate regions where reservoirs are located in were 

identified using the Hydrologic Landscape Region (HLR) dataset. Among the 26 reservoirs 

sampled in our study, four are located arid regions, ten in semiarid regions, three in subhumid 

regions, and nine in humid regions. The main and second uses of reservoirs and dams are 

available on the Global Reservoir and Dam dataset (GRanD), a “geographically explicit and 

reliable” database of over 7000 dams worldwide (Lehner et al., 2011). 18 reservoirs (69.23%) 

fall into the category of water withdrawal dams (i.e., having a main or second use as water 

supply or irrigation) according to GRanD. 

With the reservoir purpose information provided by GRanD, we calculated the mean, 

median and the standard deviation of error performance values from water-supply dams and non-

water-supply dams, respectively, according to an overlapping index, NSE, KGE, rRMSE, MRR 

and SDRR. The term “Water-supply dams/reservoirs” refers to dams/reservoirs that have a main 

or second use of water supply or irrigation documented in GRanD. Table 3.3 and Table 3.4 
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summarize the statistical results according to different error performance metrics for water-

supply reservoirs and non-water-supply reservoirs, respectively, using descriptive statistics 

(mean, standard deviation and median). 

By comparing water-supply reservoirs to non-water-supply reservoirs, the average NSE 

value (“All” version; so as below) increases from -11.50 to -0.24, the average KGE value 

increases from -134.95 to -16.49, the average rRMSE value decreases from 23.23 to 12.45 the 

average SDRR value decreases from 23.21 to 12.42, the average MRR value increases from -

0.47 to 0.79 and the overlapping score increases from 0.58 to 0.61. The average overlapping 

index value shows an increase from 0.58 to 0.61 by comparing water-supply reservoirs to non-

water-supply reservoirs, not as substantial as what occurs with NSE, KGE and rRMSE. The 

results according to the “quantile” versions of error performance metrics show the same trends of 

variations. NSE, KGE, rRMSE and the overlapping index are all measures of overall error 

performance. Our results show that, the average error performance for non-water-supply 

reservoirs according to NSE, KGE, rRMSE and SDRR are all largely better than those for water-

supply reservoirs, with the exception of MRR showing a decline in error performance. The 

average MRR ("All”) value for water-supply reservoirs is 0.47, for non-water-supply dams it is 

0.79. The average MRR ("quantile”) for water-supply reservoirs is 0.37, lower, but barely, than 

the average value of 0.38 for non-water-supply reservoirs. In addition to a comparison on the 

mean values, the comparison on standard deviations between the two reservoir purpose 

categories shows a consistent result where the standard deviations of all error performance 

metrics are substantially smaller for non-water-supply reservoirs than for water-supply 

reservoirs.  
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Unlike other error performance metrics, having a larger mean of MRRs in non-water-

supply reservoirs suggests that human water withdrawal likely reduces the bias-related errors in 

water-supply reservoirs. Having a smaller mean of SDRRs in non-water-supply reservoirs 

suggests that human water withdrawal likely increases the time-varying errors in water-supply 

reservoirs. Therefore, based on our results, we strongly argue that human water withdrawal 

largely affects the ability of which gauge-measured reservoir storage change and discharge 

difference characterize the river-store mass conservation, and human water withdrawal on 

reservoirs is a large cause of a less satisfactory premise condition for LakeFlow, by largely 

increasing more time-varying errors. 

The descriptive statistics of our results using different error performance metrics (an 

overlapping index, NSE, KGE, rRMSE, MRR and SDRR) were calculated in four hydroclimate 

conditions (arid, semiarid, subhumid, humid), respectively. The descriptive statistics are 

summarized in Table 3.5, 3.6, 3.7 and 3.8, each corresponding to one hydroclimate condition: 

arid, semiarid, subhumid and humid.  

The overlapping index, NSE, KGE and rRMSE are measures of similarity between two 

datasets in a single value. The overlapping index for reservoirs shows similar means in four 

hydroclimate conditions but higher standard deviations in arid and semiarid regions than in 

subhumid and humid regions (means: 0.62, 0.56, 0.57, 0.61; standard deviations: 0.31, 0.25, 

0.04, 0.11; in an order of arid, semiarid, subhumid, humid regions). This suggests that though a 

similar mean value exists in all hydroclimate regions, the actual overlapping index values for 

reservoirs are closer to this mean in subhumid and humid regions than in arid and semiarid 

regions. Between the four hydroclimate regions, the best NSE result with the largest mean and 

the smallest standard deviation of NSE values occur together in subhumid regions (both in “All” 
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and “quantile” versions). The best KGE result with the largest mean and the smallest standard 

deviation of KGE values occur together in humid region (both ins “All” and “quantile” versions). 

According to the “All” version of rRMSEs, the smallest average rRMSE for a hydroclimate 

region occurs in the semiarid regions, while the smallest standard deviation of rRMSE for a 

hydroclimate occurs in the subhumid regions. But it is important to point out that the average 

rRMSE value in semiarid regions (15.38) is not substantially lower than that of humid regions 

(16.38) or subhumid regions (18.07), as it otherwise appears in the NSE or KGE. The smallest 

average MRR value occurs in, surprisingly, arid region while the smallest average SDRR value 

occurs in the semiarid regions, though its average SDRR value is not smaller than that of humid 

or subhumid, by much.  

According to the “quantile” version of rRMSEs, the smallest average rRMSE for a 

hydroclimate region occurs in the subhumid region, while the smallest standard deviation of 

rRMSE for a hydroclimate region also occurs in the subhumid regions. As suggested in the 

previous section, a “quantile” version of rRMSE needs to be used with discretion due to the 

complicated nature of its impact on MRR and SDRR. Therefore, for the discussion here, we will 

only defer to an “All” version of rRMSE.  

Our results have suggested a discrepancy among results from different error performance 

metrics in four hydroclimate regions. While the overlapping index results are similar among four 

regions, subhumid regions have the overall best NSE results, humid regions has the overall best 

KGE results, and semiarid regions has the overall best rRMSE results (though not by much). As 

two products from a decomposition of rRMSE, the best MRR results can be found in arid regions 

while the best SDRR can be found in semiarid regions. Therefore, we asked for alternative ways 
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to descriptive statistics in order to analyze the possible impact of hydroclimate conditions on 

secondary controls.  

The monthly hydrographs are generated for each reservoir in this study that demonstrates, 

at a monthly timescale, the variations of reservoir storage change and discharge difference 

between the reservoir’s major inflow and outflow for two years. The scatterplots are also 

generated for each reservoir. The disadvantage of using such hydrographs and scatterplots alone 

for analysis is that the findings are not quantitative based (like descriptive statistics), and 

therefore might lack enough accuracy. But these plots remain a nice tool that allows us to discern 

the general trends or patterns in the data analysis process. This is indeed one limitation of this 

study which calls for future studies to conduct quantitative analysis that perhaps addresses the 

seasonal changes in reservoir water balance. Figures 3-3 and 3-4 are the monthly hydrograph and 

scatterplot for West Point Lake. We will first give an example of how the interpretation is 

conducted on one reservoir, West Point Lake, then summarize the overall patterns and trends we 

have identified from interpreting the plots for all reservoirs in this study, lastly followed by 

interpretations for each of the remaining reservoirs. The scatterplots and monthly hydrographs 

for all reservoirs in our study can be found in the Appendix. 

West Point Lake is located in Georgia and belongs to the subhumid region according to 

the HLR dataset. Its main use, according to GRanD dataset, is flood control with a second use as 

hydroelectricity. The discharge difference (blue) and reservoir storage change (red) lines share 

similar trends of variations, but substantial bias errors can be seen with the largest variance 

occurring in the late winter and spring season on the hydrograph. The scatterplot also shows that 

discharge difference substantially underestimates reservoir storage change. Our plots imply a 

substantial impact of lateral inflow from the tributaries that are too small for SWOT to observe 
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on the river-store mass conservation characterized by reservoir storage change and discharge 

difference. 

According to our interpretations on each reservoir in this study, we have found that, at 

large, discharge difference tends to underestimate reservoir storage change (meaning reservoir 

gaining water from other sources) in more humid regions, implying a substantial impact of 

lateral inflow from the tributaries that are too small for SWOT to observe. In arid and semiarid 

regions, discharge difference overestimates reservoir storage change only during certain months 

(notably, late spring), suggesting a non-negligible impact of reservoir surface evaporation, 

though an underestimation of discharge difference on reservoir storage change still occurs 

widely.  

Our findings based on visual interpretations of plots are consistent with the results 

according to MRR. A negative value of MRR indicates an overestimation of discharge difference 

on reservoir storage change. A positive value of MRR indicates an underestimation of discharge 

difference on reservoir storage change. Our results have shown six reservoirs with a negative 

MRR value indicating an overestimation, with the remaining 20 with a positive MRR value 

indicating an underestimation. Among the six reservoirs that have a negative MRR value, three 

are located in arid regions, two in semiarid regions and one in humid regions. According to our 

results based on MRR, we can argue that: first, an underestimation of discharge difference on 

reservoir storage change is more prevalent than an overestimation among the reservoirs in our 

study. Second, if an overestimation occurs, it is more common to see it in drier regions. 

These findings lead us into thinking what are the possible explanations behind these 

phenomena (i.e., a widespread underestimation of discharge difference; an overestimation more 



74 

easily to occur in dry regions). And what roles might the secondary controls (specifically 

focusing on human water withdrawals, lateral inflows and reservoir surface evaporation) play. 

As discussed in Section 2.4, reservoir surface evaporation, lateral inflow and human 

water withdrawal (for irrigation or water supply) are several secondary controls that might have a 

large impact on the river-store mass conservation characterized by reservoir storage change and 

discharge difference. Among the three major secondary controls, lateral inflow is the only water 

flux considered as an input in a reservoir’s water balance, while reservoir surface evaporation 

and human water withdrawal (directly from lake storage) are all fluxes that leave the system as 

water outfluxes. The underestimation of discharge difference on reservoir storage change in our 

reservoirs indicates the existence of additional water influx in the water balance. Therefore, we 

argue that lateral inflow, being the only water influx among the three major secondary controls, 

is the main cause of the first observed phenomenon, the reason that such underestimation 

commonly occurs in our sample. Further, the scales of this influx from lateral inflow might be 

even larger than the water outfluxes from other secondary controls, namely surface evaporation 

and human water withdrawal. This finding exceeds our previous expectation on the impact of 

lateral inflow being more prevalent in humid regions, and implicates that one possible way to 

improve the observed river-store mass conservation for a better premise condition for LakeFlow, 

is to account for the contribution of the lateral inflow in the studied reservoirs, no matter in 

which hydroclimate region they are located. This is precisely what the focus of this study will be 

in Section 3.3. 

Our results suggest that the overestimation of discharge difference on reservoir storage 

change is a lot less common in our sample at large (6 out of 26 reservoirs) and is more likely to 

occur in dry regions (three in arid regions, two in semiarid regions and one in humid region). We 
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argue that this could be attributed to both reservoir surface evaporation and human water 

withdrawal. It is likely to have high intensity of water withdrawal from the lake for irrigation use 

and domestic water supply in the arid regions. A dry environment and possibly higher average 

annual temperature could also incur a higher level of surface evaporation. We might be able to 

improve the observed river-store mass conservation for a better premise condition for LakeFlow, 

by accounting for reservoir surface evaporation in drier regions, though the improvement might 

not be effective and could even incur more errors. 

 

Figure 3-3 Monthly hydrograph showing reservoir storage change (Observed dV; blue 

line), discharge difference (Observed dQ; red), discharge difference subtracted by 

estimated reservoir surface evaporation (Observed dQ – E; green), discharge difference 

added by modeled lateral inflow (Observed dQ + q; orange), discharge difference 

subtracted by estimated reservoir surface evaporation and added by modeled lateral inflow 

(Observed dQ – E + q; purple), estimated discharge difference with SWOT’s temporal 

sampling (Estimated dQ; gray)  
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Figure 3-4 A scatterplot showing reservoir storage change against discharge difference in a 

unit of one million cubic meter at a timescale of the SWOT revisit time (R) in West Point 

Lake  
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Table 3.3 Summary of an overlapping index, NSE, KGE, rRMSE, MRR and SDRR for water-supply dams. 

Descriptive 

Statistics 

Overlap. 

Index 

NSE KGE rRMSE MRR SDRR 

All Quan. All Quan. All Quan. All Quan. All Quan. 

MEAN 0.58 -11.50 -52.83 -134.95 -38.62 23.23 9.31 0.47 0.37 23.21 9.25 

STD. DEV. 0.24 25.79 183.52 313.47 72.32 38.01 20.05 0.87 0.74 38.01 20.06 

MEDIAN 0.64 0.50 0.55 -1.77 -1.06 4.97 1.24 0.31 0.31 4.96 1.20 

 

Table 3.4 Summary of an overlapping index, NSE, KGE, rRMSE, MRR and SDRR for non-water-supply dams. 

Descriptive 

Statistics 

Overlap. 

Index 

NSE KGE rRMSE MRR SDRR 

All Quan. All Quan. All Quan. All Quan. All Quan. 

MEAN 0.61 -0.24 -0.49 -16.49 -24.70 12.45 2.61 0.79 0.38 12.42 2.57 

STD. DEV. 0.13 0.96 1.21 29.18 40.75 11.07 1.51 0.68 0.26 11.06 1.51 

MEDIAN 0.58 -0.40 -0.35 -5.89 -9.55 8.95 2.41 0.44 0.39 8.94 2.39 

 

 

Table 3.5 Summary of observed conditions of river-store mass conservation on “arid” hydroclimate conditions according to an 

overlapping index, NSE, KGE, rRMSE, MRR and SDRR. 

Descriptive 

Statistics 

Overlap. 

Index 

NSE KGE rRMSE MRR SDRR 

All Quan. All Quan. All Quan. All Quan. All Quan. 

MEAN 0.62 -12.32 -200.65 -78.30 -54.91 40.59 21.86 -0.03 0.16 40.58 21.83 

STD. DEV. 0.31 22.84 349.05 135.06 94.79 63.18 36.83 0.40 0.31 63.19 36.85 

MEDIAN 0.75 0.83 0.85 -0.62 -0.29 5.64 0.65 -0.08 0.13 5.62 0.61 
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Table 3.6 Summary of observed conditions of river-store mass conservation on “semiarid” hydroclimate conditions according 

to an overlapping index, NSE, KGE, rRMSE, MRR and SDRR. 

Descriptive 

Statistics 

Overlap. 

Index 

NSE KGE rRMSE MRR SDRR 

All Quan. All Quan. All Quan. All Quan. All Quan. 

MEAN 0.56 -6.17 -9.89 -209.02 -38.06 15.38 5.59 0.47 0.48 15.36 5.54 

STD. DEV. 0.25 13.62 21.39 405.65 71.82 19.86 8.13 0.85 0.94 19.85 8.09 

MEDIAN 0.64 0.50 0.55 -9.43 -1.49 5.06 1.81 0.33 0.30 5.05 1.74 

 

 

Table 3.7 Summary of observed conditions of river-store mass conservation on “subhumid” hydroclimate conditions 

according to an overlapping index, NSE, KGE, rRMSE, MRR and SDRR. 

Descriptive 

Statistics 

Overlap. 

Index 

NSE KGE rRMSE MRR SDRR 

All Quan. All Quan. All Quan. All Quan. All Quan. 

MEAN 0.57 -0.66 -1.17 -32.62 -45.51 18.07 3.34 1.25 0.57 18.01 3.26 

STD. DEV. 0.04 1.04 1.40 42.95 60.10 14.37 1.99 0.66 0.17 14.38 2.02 

MEDIAN 0.59 -1.23 -2.14 -4.76 -5.98 15.87 4.64 1.56 0.69 15.76 4.59 

 

 

Table 3.8 Summary of observed conditions of river-store mass conservation on “humid” hydroclimate conditions according to 

an overlapping index, NSE, KGE, rRMSE, MRR and SDRR. 

Descriptive 

Statistics 

Overlap. 

Index 

NSE KGE rRMSE MRR SDRR 

All Quan. All Quan. All Quan. All Quan. All Quan. 

MEAN 0.61 -10.66 -5.54 -14.88 -17.32 16.38 3.91 0.71 0.29 16.35 3.85 

STD. DEV. 0.11 30.56 15.75 27.30 24.37 23.72 6.48 0.80 0.25 23.72 6.51 

MEDIAN 0.59 0.05 -0.09 -6.29 -10.46 4.23 1.56 0.37 0.34 4.22 1.53 
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 3.3 Effectiveness of Adding Major Secondary Control 

In Section 3.2.2 in which we suggest that accounting for the contribution of lateral inflow 

could improve the observed river-store mass conservation for a better premise condition for 

LakeFlow, no matter in which hydroclimate region the reservoir is located. We also suggest that 

using the same idea on surface evaporation could achieve a similar result for reservoirs located in 

drier regions but the improvement might not be as effective. Followed by these suggestions, we 

applied the model simulations of lateral flows (q) and estimations of surface evaporation (E) into 

our analysis and hope to find out how the inclusion of these secondary controls can compensate 

or on the other hand, enlarge the residuals between reservoir storage change and discharge 

difference, and thus improve observed river-store mass conservation for a better premise 

condition for LakeFlow. For the testing purpose, daily lateral flow time series were acquired 

from the Global Reach-level A priori Discharge Estimates for SWOT (GRADES) (Lin et al., 

2019), and monthly E time series were acquired from the Contiguous United States Reservoir 

Evaporation Dataset (CRED) (Zhao and Gao, 2019).  

We calculated a set of five error performance metrics, including NSE, KGE, rRMSE, 

MRR and SDRR. Detailed descriptions of these error performance metrics can be found in 

Section 2.2.3. Figures 3.5, 3.6, 3.7, 3.8 and 3.9 show the observed premise conditions for river-

store mass conservation, added with E and q both separately and collectively, according to NSE, 

KGE, rRMSE, MRR and SDRR. An outliner removal process was completed for each 

calculation of NSE by using quantiles (shown as “95%” in the following figures). 
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Figure 3-5 Observed conditions of river-store mass conservation added with secondary factors both individually and 

collectively according to NSE (“ALL” are results from all observations, and “95%” are results after removing outliners).  

 
Figure 3-6 Observed conditions of river-store mass conservation added with secondary factors both individually and 

collectively according to KGE (“ALL” are results from all observations, and “95%” are results after removing outliners). 
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Figure 3-7 Observed conditions of river-store mass conservation added with secondary factors both individually and 

collectively according to rRMSE (“ALL” are results from all observations, and “95%” are results after removing outliners). 

 
Figure 3-8 Observed conditions of river-store mass conservation added with secondary factors both individually and 

collectively according to MRR (“ALL” are results from all observations, and “95%” are results after removing outliners). 
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Figure 3-9 Observed conditions of river-store mass conservation added with secondary factors both individually and 

collectively according to SDRR (“ALL” are results from all observations, and “95%” are results after removing outliners). 
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Table 3.9 Observed conditions of river-store mass conservation added with secondary 

factors both individually and collectively according to NSE results calculated from all 

observations. 

Reservoirs 
NSE 

dQ dQ-E dQ+q dQ-E+q 

Red Rock 0.845 0.849 0.849 0.854 

Barlett Horseshoe 0.993 0.978 0.986 0.981 

Dworkshak 0.725 0.723 0.969 0.969 

Livingston -0.823 -0.889 0.214 0.324 

Toledo Bend 0.047 -0.031 0.825 0.865 

Seminole -1.234 -1.460 -1.387 -1.326 

Shasta 0.820 0.809 0.872 0.862 

John Martin 0.762 0.790 0.757 0.789 

Taxoma 0.930 0.934 0.917 0.923 

Tuttle Creek 0.861 0.858 0.960 0.959 

Walter F George -0.991 -1.146 0.413 0.372 

Abiquiu 0.485 0.483 0.496 0.496 

Allatoona 0.250 0.208 0.118 0.184 

Brantly 0.899 0.904 0.840 0.867 

CJ Strike -51.888 -48.665 -102.057 -97.287 

Cochiti -36.012 -33.581 -61.407 -57.901 

Harlan County 0.800 0.830 0.211 0.378 

Granbury -97.079 -100.647 -53.778 -54.927 

Havasu -30.563 -28.527 -34.476 -32.286 

Lanier 0.022 -0.106 0.845 0.858 

Mohave 0.948 0.936 0.948 0.941 

Milford 0.869 0.838 0.901 0.890 

Navajo 0.354 0.312 -1.101 -1.015 

Possum Kingdom 0.082 0.057 0.228 0.446 

West Point -1.534 -1.708 0.608 0.618 

Whitney 0.511 0.469 0.857 0.873 

Mean -8.04 -7.91 -9.25 -8.86 

Median 0.42 0.39 0.68 0.70 

Standard 

Deviation 22.52 22.65 25.34 24.37 
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Table 3.10 Observed conditions of river-store mass conservation added with secondary 

factors both individually and collectively according to NSE results with outliers removed 

from observations. 

Reservoirs 
NSE (Quan.) 

dQ dQ-E dQ+q dQ-E+q 

Red Rock 0.769 0.776 0.767 0.775 

Barlett Horseshoe 0.968 0.864 0.947 0.900 

Dworkshak 0.673 0.670 0.966 0.966 

Livingston -0.573 -0.636 0.055 0.287 

Toledo Bend -0.024 -0.167 0.730 0.811 

Seminole -2.167 -2.579 -2.027 -1.959 

Shasta 0.806 0.790 0.854 0.841 

John Martin 0.806 0.845 0.802 0.855 

Taxoma 0.816 0.834 0.784 0.815 

Tuttle Creek 0.766 0.759 0.911 0.910 

Walter F George -1.403 -1.651 0.144 0.089 

Abiquiu 0.961 0.955 0.988 0.989 

Allatoona -0.092 -0.166 -0.524 -0.405 

Brantly 0.892 0.904 0.811 0.859 

CJ Strike -805.223 -752.988 -1628.974 -1550.597 

Cochiti -60.815 -56.619 -103.416 -97.812 

Harlan County 0.805 0.837 0.031 0.273 

Granbury -50.037 -53.794 -25.032 -25.542 

Havasu -43.026 -40.124 -48.701 -45.598 

Lanier -0.127 -0.306 0.821 0.836 

Mohave 0.933 0.922 0.932 0.926 

Milford 0.719 0.645 0.757 0.740 

Navajo 0.075 0.002 -1.373 -1.214 

Possum Kingdom 0.431 0.440 -0.197 0.356 

West Point -2.143 -2.381 0.529 0.553 

Whitney 0.383 0.288 0.676 0.723 

Mean -36.724 -34.649 -69.144 -65.755 

Median 0.407 0.364 0.703 0.732 

Standard 

Deviation 157.657 147.446 318.933 303.595 
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Table 3.11 Observed conditions of river-store mass conservation added with secondary 

factors both individually and collectively according to KGE results calculated from all 

observations. 

Reservoirs 
KGE 

dQ dQ-E dQ+q dQ-E+q 

Red Rock -9.426 -7.903 -13.271 -11.748 

Barlett Horseshoe 0.718 0.245 0.475 0.481 

Dworkshak -inf -inf -inf -inf 

Livingston -5.499 -8.879 -6.672 -3.287 

Toledo Bend -1.766 -2.848 -0.157 0.775 

Seminole -93.286 -179.674 -142.403 -56.018 

Shasta -1.119 -1.246 -0.620 -0.747 

John Martin -0.955 0.895 -1.197 0.728 

Taxoma -7.249 -4.337 -12.843 -9.931 

Tuttle Creek -6.290 -6.770 0.524 0.048 

Walter F George -9.574 -11.164 -1.577 -3.164 

Abiquiu 0.250 0.052 0.538 0.529 

Allatoona -7.299 -7.998 -10.630 -9.931 

Brantly -0.287 0.742 -1.969 -0.665 

CJ Strike -312.243 -294.841 -606.845 -589.442 

Cochiti -1214.622 -1149.507 -1768.639 -1703.523 

Harlan County 0.193 -0.105 -6.568 -4.823 

Granbury -91.734 -111.646 -20.423 -39.913 

Havasu -631.202 -608.695 -676.494 -653.986 

Lanier -3.390 -3.961 0.310 0.867 

Mohave 0.265 -2.688 -0.469 -1.950 

Milford -14.098 -39.870 -1.318 -22.458 

Navajo -0.536 -0.727 -2.221 -2.022 

Possum Kingdom 0.397 -22.376 -40.571 -16.768 

West Point -4.756 -5.333 0.535 0.033 

Whitney -12.632 -16.856 -5.388 -1.163 

Mean -97.046 -99.420 -132.716 -125.123 

Median -5.895 -7.337 -3.804 -3.225 

Standard 

Deviation 270.312 256.522 383.872 370.340 
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Table 3.12 Observed conditions of river-store mass conservation added with secondary 

factors both individually and collectively according to KGE results with outliers removed 

from observations. 

Reservoirs 
KGE (Quan.) 

dQ dQ-E dQ+q dQ-E+q 

Red Rock -1.430 -1.118 -2.119 -1.805 

Barlett Horseshoe 0.006 -1.938 -0.838 -1.268 

Dworkshak -12.430 -12.648 0.729 0.852 

Livingston -20.435 -43.159 -25.577 -13.237 

Toledo Bend -2.552 -4.914 -1.242 0.655 

Seminole -130.438 -956.154 -1294.061 -277.055 

Shasta -0.433 -0.527 -0.100 -0.196 

John Martin -0.252 0.772 -0.409 0.874 

Taxoma -0.099 0.519 -1.229 -0.607 

Tuttle Creek -22.504 -24.502 0.243 -3.369 

Walter F George -13.111 -15.750 -1.563 -3.719 

Abiquiu 0.616 0.444 0.904 0.915 

Allatoona -10.462 -11.581 -11.538 -10.749 

Brantly -0.337 0.784 -1.901 -0.607 

CJ Strike -219.088 -209.282 -411.731 -404.773 

Cochiti -177.051 -167.474 -244.637 -233.246 

Harlan County -0.094 -0.030 -7.446 -5.364 

Granbury -82.580 -131.382 -11.268 -31.939 

Havasu -185.886 -192.007 -180.024 -174.000 

Lanier -3.686 -4.387 0.018 0.762 

Mohave 0.022 -1.733 -0.571 -1.139 

Milford -0.130 -3.340 0.197 -1.325 

Navajo -0.568 -0.776 -2.310 -2.084 

Possum Kingdom -1.557 -1.905 -9.335 -3.792 

West Point -5.984 -6.646 0.573 0.034 

Whitney -2.212 -3.697 -1.706 -0.110 

Mean -34.334 -68.940 -84.882 -44.858 

Median -2.382 -4.042 -1.635 -1.565 

Standard 

Deviation 65.882 191.809 264.584 104.759 
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Table 3.13 Observed conditions of river-store mass conservation added with secondary 

factors both individually and collectively according to MRR results calculated from all 

observations. 

Reservoirs 
MRR 

dQ dQ-E dQ+q dQ-E+q 

Red Rock 0.37 0.36 0.35 0.35 

Barlett 

Horseshoe 
0.02 0.42 0 0.4 

Dworkshak 0.37 0.36 -0.12 -0.13 

Livingston 0.51 0.42 0.33 0.23 

Toledo Bend 0.72 0.54 0.32 0.14 

Seminole 1.86 2.03 1.43 1.6 

Shasta -0.08 -0.1 -0.1 -0.12 

John Martin 0.58 0.42 0.6 0.44 

Taxoma 0.37 0.26 0.5 0.39 

Tuttle Creek 0.37 0.42 0.49 0.55 

Walter F George 1.49 1.44 0.83 0.78 

Abiquiu 0.22 0.18 0.27 0.22 

Allatoona 0.15 0.08 0.86 0.79 

Brantly -0.06 -0.01 -0.16 -0.1 

CJ Strike -0.55 -1 1.65 1.19 

Cochiti 2.45 2.33 3.63 3.5 

Harlan County 0.33 0.55 -0.56 -0.35 

Granbury 2.63 2.41 2.11 1.89 

Havasu -0.81 -0.8 -0.68 -0.66 

Lanier 0.25 0.15 0.2 0.09 

Mohave -0.09 -0.08 -0.1 -0.09 

Milford -0.05 -0.28 -0.12 -0.35 

Navajo 0.28 0.2 0.81 0.72 

Possum 

Kingdom 
1.5 1.2 0.78 0.48 

West Point 1.56 1.61 0.86 0.91 

Whitney 0.38 0.13 0.79 0.54 

Mean 0.57 0.51 0.57 0.52 

Median 0.37 0.36 0.42 0.39 

Standard 

Deviation 
0.85 0.85 0.89 0.84 
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Table 3.14 Observed conditions of river-store mass conservation added with secondary 

factors both individually and collectively according to MRR results with outliers removed 

from observations. 

Reservoirs 
MRR (Quan.) 

dQ dQ-E dQ+q dQ-E+q 

Red Rock 0.37 0.37 0.37 0.37 

Barlett 

Horseshoe 
0 0.23 -0.06 0.17 

Dworkshak 0.3 0.29 -0.07 -0.08 

Livingston 0.6 0.51 0.35 0.28 

Toledo Bend 0.65 0.49 0.44 0.24 

Seminole 0.69 0.72 0.59 0.56 

Shasta -0.07 -0.09 -0.07 -0.09 

John Martin 0.33 0.24 0.34 0.25 

Taxoma 0.34 0.23 0.4 0.32 

Tuttle Creek 0.1 0.17 0.15 0.19 

Walter F George 0.41 0.22 0.44 0.41 

Abiquiu 0.17 0.13 0.18 0.16 

Allatoona -0.06 -0.13 0.55 0.47 

Brantly -0.19 -0.08 -0.3 -0.2 

CJ Strike 0.57 0.23 3.46 2.96 

Cochiti 3.16 3.01 4.36 4.21 

Harlan County 0.32 0.52 -0.54 -0.28 

Granbury 0.37 0.22 0.4 0.33 

Havasu -0.62 -0.6 -0.67 -0.65 

Lanier 0.27 0.19 0.18 0.1 

Mohave -0.08 -0.07 -0.09 -0.08 

Milford 0.16 -0.06 0.1 -0.13 

Navajo 0.36 0.28 0.53 0.44 

Possum 

Kingdom 
0.61 0.33 0.49 0.15 

West Point 0.69 0.69 0.62 0.52 

Whitney 0.3 0.16 0.35 0.24 

Mean 0.38 0.32 0.48 0.42 

Median 0.33 0.23 0.35 0.24 

Standard 

Deviation 
0.64 0.61 1.07 0.99 
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Table 3.15 Observed conditions of river-store mass conservation added with secondary 

factors both individually and collectively according to SDRR results calculated from all 

observations. 

Reservoirs 
SDRR 

dQ dQ-E dQ+q dQ-E+q 

Red Rock 5.08 4.65 5.44 4.98 

Barlett 

Horseshoe 
3.66 7.91 4.87 7.16 

Dworkshak 4.53 4.62 1.5 1.43 

Livingston 3.79 4.09 3.62 3.03 

Toledo Bend 2.68 4.39 3.3 2.25 

Seminole 15.76 17.34 14.08 14.37 

Shasta 1.19 1.29 1 1.09 

John Martin 4.89 4.46 5.15 4.7 

Taxoma 3.13 3.37 3.7 3.58 

Tuttle Creek 12.81 13.38 6.91 6.55 

Walter F George 19.98 22.35 9 8.08 

Abiquiu 2.12 2.65 1.9 1.41 

Allatoona 18.69 19.24 17.79 17.26 

Brantly 6.36 5.04 8.03 6.55 

CJ Strike 149.97 145.14 204.59 199.48 

Cochiti 57.02 54.7 76.24 73.61 

Harlan County 1.63 3.08 8.11 3.98 

Granbury 80.65 82.59 58.13 59.08 

Havasu 50.94 49.2 54.63 52.87 

Lanier 4.22 4.86 1.98 1.72 

Mohave 1.09 1.07 1.13 1.05 

Milford 5.02 7.14 4.46 5.9 

Navajo 1.65 2.01 8 7.72 

Possum 

Kingdom 
18.29 19.1 9.5 8.54 

West Point 36.63 37.7 18.43 18.19 

Whitney 5.34 7.04 8.44 7.29 

Mean 19.89 20.32 20.77 20.07 

Median 5.05 6.04 7.45 6.55 

Standard 

Deviation 
33.25 32.27 42.1 41.17 
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Table 3.16 Observed conditions of river-store mass conservation added with secondary 

factors both individually and collectively according to SDRR results with outliers removed 

from observations. 

Reservoirs 
SDRR (Quan.) 

dQ dQ-E dQ+q dQ-E+q 

Red Rock 3.22 2.92 3.5 3.13 

Barlett 

Horseshoe 
0.59 1.58 0.71 1.39 

Dworkshak 1.8 1.88 0.85 0.81 

Livingston 1.17 1.38 1.76 1.36 

Toledo Bend 0.68 1.34 1.16 0.75 

Seminole 4.8 5.13 4.42 4.26 

Shasta 0.6 0.64 0.5 0.54 

John Martin 0.73 0.54 0.76 0.55 

Taxoma 1.06 1.24 1.26 1.12 

Tuttle Creek 1.59 1.84 1.39 1.08 

Walter F George 3.2 3.54 2.22 2.15 

Abiquiu 0.67 0.99 0.74 0.53 

Allatoona 2.74 3.02 4.73 4.46 

Brantly 0.47 0.4 0.76 0.55 

CJ Strike 85.65 82.88 127.93 124.48 

Cochiti 22.13 21.18 32.79 31.32 

Harlan County 0.41 0.59 2.04 1.36 

Granbury 22.1 23.26 13.23 13.25 

Havasu 21.17 20.49 22.24 21.55 

Lanier 1.53 1.75 0.65 0.54 

Mohave 0.49 0.46 0.51 0.45 

Milford 1.91 2.58 1.66 2.1 

Navajo 0.85 1.1 4.33 4.08 

Possum 

Kingdom 
1.68 2.22 2.95 1.8 

West Point 4.59 5.19 1.91 1.74 

Whitney 1.33 1.9 1.42 1.29 

Mean 7.2 7.31 9.09 8.72 

Median 1.56 1.86 1.71 1.37 

Standard 

Deviation 
17.33 16.74 25.35 24.68 
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Table 3.17 Observed conditions of river-store mass conservation added with secondary 

factors both individually and collectively according to rRMSE results calculated from all 

observations. 

Reservoirs 
rRMSE 

dQ dQ-E dQ+q dQ-E+q 

Red Rock 5.09 4.66 5.45 4.99 

Barlett 

Horseshoe 
3.66 7.92 4.87 7.17 

Dworkshak 4.54 4.64 1.51 1.44 

Livingston 3.83 4.11 3.64 3.04 

Toledo Bend 2.77 4.43 3.31 2.25 

Seminole 15.87 17.45 14.15 14.45 

Shasta 1.19 1.29 1 1.09 

John Martin 4.92 4.48 5.19 4.72 

Taxoma 3.15 3.38 3.74 3.6 

Tuttle Creek 12.81 13.39 6.92 6.58 

Walter F George 20.03 22.4 9.03 8.12 

Abiquiu 2.13 2.66 1.92 1.43 

Allatoona 18.69 19.24 17.81 17.28 

Brantly 6.36 5.04 8.03 6.55 

CJ Strike 149.97 145.15 204.59 199.48 

Cochiti 57.07 54.75 76.32 73.69 

Harlan County 1.66 3.13 8.13 3.99 

Granbury 80.69 82.62 58.17 59.11 

Havasu 50.95 49.21 54.63 52.88 

Lanier 4.23 4.86 1.99 1.72 

Mohave 1.1 1.08 1.14 1.06 

Milford 5.02 7.15 4.47 5.91 

Navajo 1.67 2.02 8.04 7.76 

Possum 

Kingdom 
18.35 19.14 9.53 8.55 

West Point 36.66 37.73 18.45 18.21 

Whitney 5.36 7.04 8.48 7.31 

Mean 19.91 20.34 20.79 20.09 

Median 5.06 6.04 7.48 6.56 

Standard 

Deviation 
33.25 32.28 42.1 41.17 
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Table 3.18 Observed conditions of river-store mass conservation added with secondary 

factors both individually and collectively according to rRMSE results with outliers 

removed from observations. 

Reservoirs 
rRMSE (Quan.) 

dQ dQ-E dQ+q dQ-E+q 

Red Rock 3.25 2.94 3.52 3.16 

Barlett 

Horseshoe 
0.59 1.6 0.72 1.4 

Dworkshak 1.83 1.91 0.86 0.81 

Livingston 1.32 1.47 1.8 1.39 

Toledo Bend 0.94 1.42 1.24 0.79 

Seminole 4.85 5.18 4.46 4.3 

Shasta 0.6 0.65 0.51 0.55 

John Martin 0.8 0.6 0.83 0.6 

Taxoma 1.11 1.26 1.32 1.16 

Tuttle Creek 1.59 1.85 1.4 1.1 

Walter F George 3.23 3.55 2.26 2.19 

Abiquiu 0.69 1 0.76 0.55 

Allatoona 2.74 3.03 4.76 4.49 

Brantly 0.5 0.41 0.82 0.59 

CJ Strike 85.66 82.88 127.97 124.52 

Cochiti 22.35 21.39 33.08 31.61 

Harlan County 0.52 0.79 2.11 1.39 

Granbury 22.11 23.26 13.23 13.25 

Havasu 21.18 20.5 22.25 21.56 

Lanier 1.56 1.76 0.68 0.55 

Mohave 0.5 0.47 0.52 0.46 

Milford 1.92 2.58 1.66 2.11 

Navajo 0.92 1.13 4.36 4.11 

Possum 

Kingdom 
1.79 2.25 2.99 1.81 

West Point 4.64 5.24 2.01 1.82 

Whitney 1.36 1.91 1.46 1.31 

Mean 7.25 7.35 9.14 8.75 

Median 1.57 1.88 1.73 1.39 

Standard 

Deviation 
17.33 16.74 25.37 24.7 
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 3.3.1 Individual Patterns 

Lake Red Rock is located in the semiarid region. Before adding any datasets of secondary 

controls, the NSE value of this lake is 0.845, indicating a “Very Good” error performance. Our 

results also suggest an inclusion of both E and q according to NSE, while an inclusion of just E 

according to KGE and rRMSE. 

Barlett and Horseshoe are two cascade reservoirs located in the semiarid region. Results 

according to NSE, KGE and rRMSE suggest no significant improvement is seen by adding any 

combination of datasets of secondary controls.  

Dworshak reservoir is located in the semiarid region. Both rRMSE and NSE results 

suggest an inclusion of both E and q is necessary. 

Lake Livingston is located in the humid region. rRMSE, NSE and KGE results all 

suggest an inclusion of both E and q is necessary. 

Toledo Bend Lake is located in the humid regions. rRMSE, NSE and KGE results all 

suggest an inclusion of both E and q is necessary with a large improvement on the premise 

condition. 

Seminole Lake is located in the subhumid region. NSE results do not suggest a use of 

datasets for secondary controls is necessary, while rRMSE results suggest the inclusion of q and 

KGE suggest the inclusion of both E and q. 

Shasta Lake is located in the humid region. A “Very Good” NSE error performance is 

seen in Shasta Lake before any additional dataset is used. rRMSE, NSE and KGE results all 

suggest an inclusion of q is necessary. 
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John Martin is located in the arid region. RMSE, NSE and KGE results all suggest an 

inclusion of E is necessary with a small improvement on the premise condition. 

Taxoma Lake is located in the humid region. Starting with a “Very Good” NSE error 

performance, both rRMSE and KGE results suggest a small improvement on premise condition 

by including just E. 

Tuttle Creek Reservoir is located in humid region. NSE and KGE results suggest a use of 

q is necessary, while rRMSE results suggest the inclusion of q and E. 

Walter F George reservoir is located in humid region. NSE and KGE results suggest a use 

of q is necessary, while rRMSE results suggest the inclusion of q and E. 

Abiquiu Reservoir is located in semiarid region. NSE and rRMSE results suggest a use of 

E and q is necessary, while KGE results suggest the inclusion of q only. 

Allatoona Lake is located in humid region. Both KGE and NSE results do not suggest a 

use of additional dataset, while rRMSE results suggest an inclusion of E and q. 

Brantly Lake is located in arid region. All rRMSE, NSE and KGE results suggest that an 

inclusion of E only would improve the premise condition. 

CJ Strike Reservoir is located in arid region. All rRMSE, NSE and KGE results suggest 

that an inclusion of E only would improve the premise condition. 

Cochoti Reservoir is located in semiarid region. All rRMSE, NSE and KGE results 

suggest that an inclusion of E only would improve the premise condition. 

Harlan County Reservoir is located in subhumid region. NSE results suggest an inclusion 

of E only while KGE and rRMSE do not suggest a use of any additional dataset. 
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Lake Granbury is located in humid region. All rRMSE, NSE and KGE results suggest 

that an inclusion of q only would improve the premise condition. 

Lake Havasu is located in semiarid region. All rRMSE, NSE and KGE results suggest 

that an inclusion of E only would improve the premise condition. 

Lake Lanier is located in humid region. All rRMSE, NSE and KGE results suggest that 

an inclusion of E and q would largely improve the premise condition. 

Lake Mohave is located in the arid region. Both KGE and NSE results do not suggest a 

use of additional dataset, while rRMSE results suggest an inclusion of E and q. 

Milford Lake is located in semiarid region. All rRMSE, NSE and KGE results suggest 

that an inclusion of q only would improve the premise condition. 

Navajo Reservoir is located in semiarid region. Neither rRMSE, KGE and NSE results 

suggest a use of additional dataset. 

Possum Kingdom Lake is located in semiarid region. KGE results do not suggest a use of 

additional dataset, while rRMSE and NSE results suggest an inclusion of E and q. 

West Point Lake is located in subhumid region. KGE results suggest a use of q is 

necessary, while rRMSE and NSE results all suggest an inclusion of q and E. 

Whitney Lake is located in semiarid region. rRMSE results do not suggest a use of 

additional dataset is necessary, while KGE and NSE results all suggest an inclusion of q and E. 
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 3.3.2 General Patterns  

Table 3.9 and 3.10 demonstrate the effectiveness of including estimated reservoir surface 

evaporation (E; CRED dataset) and simulated lateral inflow (q; GRADES dataset) and 

summarize the error performance results when using (1) the original discharge difference (dQ), 

(2) discharge difference subtracted by estimated reservoir surface evaporation (dQ - E), (3) 

discharge difference added by simulated lateral inflow and (4) discharge difference subtracted by 

estimated reservoir surface evaporation and added by simulated lateral inflow (dQ -E + q), 

according to NSE in two versions of 26 reservoirs in this study. The highest value of NSE, 

indicating the best error performance, that each reservoir receives, in four scenarios is bolded on 

the tables. Same tables are also generated for KGE (Table 3.11, 3.12), rRMSE (Table 3.17, 3.18), 

MRR (Table 3.13, 3.14) and SDRR (Table 3.15, 3.16). NSE, KGE and rRMSE are error 

performance metrics that indicate an overall error performance. A decomposition of rRMSE 

yields MRR and SDRR, indicating a bias-related error and time-varying errors, respectively. 

Our results show that (1) according to NSE, five reservoirs (19.23%) have the highest 

NSE values using dQ, seven reservoirs (26.92%) using dQ – E, five reservoirs (19.23%) using 

dQ + q, nine reservoirs (34.62%) using dQ – E + q; (2) according to KGE, six reservoirs 

(23.08%) have the highest KGE values using dQ, seven reservoirs (26.92%) using dQ – E, seven 

reservoirs (26.92%) using dQ + q, five reservoirs (19.23%) using dQ – E + q; (3) according to 

rRMSE, six reservoirs (23.08%) have the highest rRMSE values using dQ, six reservoirs 

(23.08%) using dQ – E, three reservoirs (11.54%) using dQ + q, eleven reservoirs (42.31%) 

using dQ – E + q; To summarize, our results indicate that by including datasets that simulate or 

estimate secondary controls, 80.77% of reservoirs in our sample have shown an improved 

premise condition according to NSE (76.92% according to KGE and rRMSE). Including both 
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datasets of lateral inflow and surface evaporation (dQ – E + q) has improved the river-store mass 

conservation for the largest number of reservoirs according to NSE (nine reservoirs; 34.62%) and 

rRMSE (eleven reservoirs; 42.31%), while according to KGE, including just surface evaporation 

(dQ – E)  or just lateral inflow (dQ + q)  ties the number of reservoirs with an improved river-

store mass conservation (seven reservoirs; 26.92%). 

These findings suggest that: first, the inclusion of datasets of secondary controls has a 

great potential in improving the river-store mass conservation for a better LakeFlow premise 

condition in most reservoirs; second, as we do not see in our results that one particular scenario 

of adding secondary controls being the most effective or more effective at large, it is necessary 

that we analyze our results by different hydroclimate conditions, and reservoir purposes to find 

out if there is any pattern there. Followed by this motivation, we will use NSE statistical results 

for the reservoirs in this study categorized by different hydroclimate regions from the HLR 

dataset and reservoir purposes from the GRanD dataset. 

Table 3.19 summarizes the improvement of the premise conditions by integrating E and q 

individually and collectively in different hydroclimate regions. Among the 26 sampled 

reservoirs, 4 are located in arid regions, 10 in semiarid regions, 3 in subhumid regions, and 9 in 

humid regions. To allow a fair comparison of reservoirs in different hydroclimate regions, the 

humid and subhumid regions are grouped together as a single wet region, so as arid and semiarid 

regions as a single dry region, so a similar number of reservoirs can be achieved for the two 

regions (Dry: 14 reservoirs; Wet: 12 reservoirs). In the dry region, results show that the largest 

average (0.9%), maximum (443.9%) and median (0.1%) improvement is achieved by including 

both factors together (Q - E + q), although the standard deviation (161.2%) reaches the largest 

among all scenarios, indicating a large variability. Including q in reservoirs located in dry regions 
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adds enormous uncertainty to the river-store mass conservation, as seen with a standard deviation 

of 123.5% when only q is included, and 161.2% when both q and E are included, while a 

standard deviation of 9.4% is seen when just E is included. In the wet region, the largest average 

(498.6%) and the maximum (3868.9%) improvement is seen after including both datasets 

together (Q - E + q), though the standard deviation of the improvement in this scenario is 

1118.9%, the largest and the median is 27.4%, the second largest. It has also been seen that 

including q in reservoirs located in wet regions adds more uncertainty to the river-store mass 

conservation, as seen with a standard deviation of 1097.6% when only q is included, and 

1118.9% when both q and E are included, while a standard deviation of 163.5% is seen when just 

E is included.  

It would not be accurate to summarize our findings solely using the average improvement 

percentages due to the degree of variability in our sample indicated by having large standard 

deviations. It is perhaps the best to use the median when the distribution of data values is largely 

skewed and when there are clear “outliers”. In this case, the median is a better indication of 

where the center of our sample is located. In dry regions, the highest median improvement 

percentage is seen associated with an inclusion of E and q, while in wet regions, the highest 

median (28.0%) is seen with an inclusion of just q, slightly higher than the median (27.4%) with 

an inclusion of E and q though. Therefore, we suggest an inclusion of E and q might be most 

effective in improving the river-store mass conservation for a better LakeFlow premise condition 

in both dry regions and wet regions, and accounting for the contribution of lateral flows is 

necessary for reservoirs in wet regions. 

Table 3.20 summarizes the possible improvement on the premise conditions of water-

supply reservoirs and non-water-supply reservoirs. According to GRanD, 18 reservoirs were 
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built for water-supply purposes while the rest were not. Our results show that the highest 

average, standard deviation, maximum and median improvement percentages are all associated 

with an inclusion of both E and q, in both water-supply reservoirs and non-water-supply 

reservoirs. In addition, the mean, standard deviation, maximum and median improvement 

percentages are a lot higher in non-water-supply reservoirs than in water-supply reservoirs. This 

finding suggests that an inclusion of E and q together is more effective in non-water-supply 

reservoirs than water-supply reservoirs. 

Table 3.19 Summary of improvement from E and q on different hydroclimate conditions 

according to NSE calculated from the full length of records (“All”). 

Region Count Control Mean 
Standard 

deviation 
Minimum Maximum Median 

Dry 14 

E -2.4% 9.4% -30.9% 6.7% -0.3% 

q -22.4% 123.5% -410.8% 177.8% -0.3% 

E & q 0.9% 161.2% -386.4% 443.9% 0.1% 

Wet 12 

E -69.0% 163.5% -591.0% 3.7% -9.7% 

q 481.3% 1097.6% -73.6% 3805.0% 28.0% 

E & q 498.6% 1118.9% -52.8% 3868.9% 27.4% 

 

 

Table 3.20 Summary of improvement from E and q on reservoirs with different reservoir 

purposes according to NSE calculated from the full length of records (“All”). 

Reservoir 

Purpose 
Count Control Mean 

Standard 

deviation 
Minimum Maximum Median 

Supply 18 

E -12.0% 38.3% -165.6% 6.7% -0.9% 

q 69.5% 396.9% -410.8% 1640.8% -0.6% 

E & q 94.8% 420.5% -386.4% 1725.0% 0.9% 

Non-

Supply 
8 

E -80.7% 193.0% -591.0% 0.4% -9.7% 

q 526.5% 1240.8% -12.4% 3805.0% 68.7% 

E & q 536.3% 1261.2% -7.5% 3868.9% 74.5% 
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 3.4 Impact of SWOT’s Temporal Sampling 

 3.4.1 Number of SWOT overpasses 

Table 3.21 and Figure 3-10 below summarizes the number of SWOT overpasses and the 

corresponding revisit time for the 26 reservoirs sampled in this study. The average number of 

SWOT overpasses for these reservoirs are 2 with an averaged revisit time of 11 days. 

 

 3.4.2 Error Results 

We used a set of five error metrics and a Wilcoxon rank sum test, to evaluate the error 

performance in this question. Detailed descriptions of these error metrics and how they were 

calculated can be found in Section 2.2.3 and 2.5. 

A Wilcoxon rank sum test (or Mann-Whitney U test) was added for error performance 

evaluation (Cuzick, 1985). The rank sum test aims to determine whether two groups of data 

come from the same population and requires no assumption for data distributions. Figure 3.11, 

Tables 3.22 and 3.23 summarize the results of 26 sampled reservoirs after simulating a SWOT 

sampling scheme on the observed river flow records according to 6 error metrics. For the rank 

sum test, 24 reservoirs have a p-value over 0.05, which means that in these reservoirs, there is 

not enough evidence to reject the null hypothesis that the observed discharge difference and the 

estimated discharge difference are from the same population group in our study. The mean of the 

p values from a rank sum test is 0.56. Such results indicate that there is strong evidence that 

estimated and observed discharge difference are from the same population. 

11 reservoirs have an “All” NSE greater than 0.5, and 12 reservoirs have a “quantile” 

NSE greater than 0.5. The mean, standard deviation and median of an “All” NSE among all 26 

reservoirs are -0.11, 0.35 and 1.38, and of a “quantile” NSE are -0.01, 1.26 and 0.42. Such 
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results indicate that nearly half of the reservoirs have shown satisfactory results when a SWOT 

sampling gap is applied. The KGE has suggested better performance in applying a SWOT 

sampling gap. 17 reservoirs have an “All” KGE greater than a recommended benchmark of -0.41 

and 16 reservoirs have a “quantile” KGE greater than -0.41. The mean, standard deviation and 

median of an “All” KGE among all 26 reservoirs are 0.54, 0.40 and 0.65, and of a “quantile” 

KGE are -0.34, 0.61 and 1.01. Such results in KGE have shown that a widespread strong 

relationship between the estimated and observed discharge difference time series. 
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Figure 3-10 Summary of the numbers of SWOT overpasses in one orbital period for reservoirs in this study. Four reservoirs 

have one overpass, sixteen reservoirs have two overpasses, five reservoirs have three overpasses and one reservoir have four 

overpasses.  
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Table 3.21 The number of overpasses and revisit days of the studied reservoirs under the 

SWOT’s design. 

Reservoirs 
Number of 

overpasses 

Revisit 

days 

John Martin 4 5 

Barlett Horseshoe 3 7 

Dworkshak 3 7 

Livingston 3 7 

Shasta 3 7 

Mohave 3 7 

Red Rock 2 11 

Toledo Bend 2 11 

Seminole 2 11 

Taxoma 2 11 

Tuttle Creek 2 11 

Walter F George 2 11 

Abiquiu 2 11 

Allatoona 2 11 

Brantly 2 11 

Cochiti 2 11 

Havasu 2 11 

Lanier 2 11 

Milford 2 11 

Navajo 2 11 

Possum Kingdom 2 11 

Whitney 2 11 

CJ Strike 1 21 

Harlan County 1 21 

Granbury 1 21 

West Point 1 21 

MEAN 2 11 
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Figure 3-11 Comparison between the estimated and observed discharge difference with (“95%”) and without removing the 

outliers (“ALL”) 
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Table 3.22 Comparison between the estimated and observed discharge difference according 

to rank sum test, NSE and KGE (“95%”) with and without removing the outliers (“ALL”) 

Reservoirs Rank Sum 
NSE KGE 

All Quan. All Quan. 

Red Rock 0.81 0.08 0.39 0.55 0.6 

Barlett 

Horseshoe 
0.05 0.3 0.8 0.67 0.85 

Dworkshak 0.25 0.95 0.94 0.97 0.97 

Livingston 0.73 0.54 0.29 0.73 0.63 

Toledo Bend 0.44 0.73 0.51 0.84 0.76 

Seminole 0.96 -0.96 -1.12 0.24 0.2 

Shasta 0.92 0.91 0.97 0.95 0.98 

John Martin 0.62 0.53 0.62 0.77 0.8 

Taxoma 0.87 0.07 -0.39 0.55 -4.13 

Tuttle Creek 0.32 0.4 0.08 0.7 0.52 

Walter F George 0.79 -0.26 -0.31 0.46 0.44 

Abiquiu 0.8 0.94 0.92 0.96 0.95 

Allatoona 0.71 -1.01 -0.67 0.23 0.33 

Brantly 0.13 0.51 0.53 0.32 0.25 

CJ Strike 0.78 0.82 0.86 0.91 0.93 

Cochiti 0.93 0.52 0.56 0.75 0.78 

Harlan County 0.22 0.91 0.86 0.95 0.67 

Granbury 0.26 -0.96 -0.83 0.23 0.26 

Havasu 0.88 0.19 0.18 0.63 0.62 

Lanier 0.79 0.42 0.58 0.72 0.79 

Mohave 0.59 -0.31 -0.68 0.44 0.32 

Milford 0.33 -0.02 0.45 0.51 0.6 

Navajo 0.31 0.85 0.72 0.85 0.82 

Possum 

Kingdom 
0 -2.25 -1.04 -0.09 -0.67 

West Point 0.23 -5.56 -5.29 -0.82 -0.78 

Whitney 0.78 -1.32 -0.31 0.15 0.44 

Mean 0.56 -0.11 -0.01 0.54 0.34 

Median 0.66 0.35 0.42 0.65 0.61 

Standard 

Deviation 
0.31 1.38 1.26 0.4 1.01 
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Table 3.23 Comparison between the estimated and observed discharge difference according 

to rRMSE, MRR and SDRR (“95%”) with and without removing the outliers (“ALL”) 

Reservoirs 
rRMSE MRR SDRR 

All Quan. All Quan. All Quan. 

Red Rock 37.94 1.65 -1.95 0.05 37.89 1.65 

Barlett 

Horseshoe 
1.42 0.39 -0.03 -0.02 1.42 0.39 

Dworkshak 5.18 0.35 0.14 0 5.18 0.35 

Livingston 13.15 1.21 0.56 -0.01 13.14 1.21 

Toledo Bend 57.69 0.92 -2.37 -0.02 57.64 0.91 

Seminole 54.51 3.34 -0.03 0.38 54.51 3.32 

Shasta 3.18 0.39 -0.24 -0.01 3.18 0.39 

John Martin 4.98 0.75 0.3 0.1 4.97 0.75 

Taxoma 22.68 2.61 -0.48 0.26 22.67 2.6 

Tuttle Creek 34.58 1.58 0.88 -0.12 34.57 1.58 

Walter F George 72.01 3.38 -3.81 -0.21 71.91 3.37 

Abiquiu 10.13 1.05 0.41 0 10.12 1.05 

Allatoona 9.84 2.03 0.14 0.17 9.83 2.02 

Brantly 4.49 0.76 0.17 0.05 4.49 0.76 

CJ Strike 14.53 0.96 0.31 -0.01 14.53 0.96 

Cochiti 5.22 0.83 0.06 0.07 5.22 0.82 

Harlan County 2.58 0.34 0.06 -0.03 2.58 0.33 

Granbury 19.83 1.98 -0.23 -0.1 19.83 1.98 

Havasu 1.77 0.28 -0.09 -0.01 1.77 0.28 

Lanier 51.65 0.94 -2.17 0.01 51.6 0.94 

Mohave 10.47 3.4 1.11 0.68 10.41 3.34 

Milford 25.11 0.88 -0.82 0.07 25.1 0.87 

Navajo 22.9 0.73 -1.1 0.01 22.87 0.73 

Possum 

Kingdom 
25.96 2.58 -1.03 0.15 25.94 2.57 

West Point 72.37 4.77 -2.05 -0.12 72.34 4.77 

Whitney 47.03 1.75 2.47 0.02 46.97 1.75 

Mean 24.28 1.53 -0.38 0.05 24.26 1.53 

Median 17.18 1.01 -0.03 0 17.18 1.01 

Standard 

Deviation 
22.33 1.18 1.29 0.17 22.31 1.17 
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Chapter 4 - Conclusions 

  4.1 LakeFlow Premise Testing: Can reservoir storage change and 

discharge difference characterize the river-store mass conservation?  

 The algorithm’s premise (𝛿Q ≈ 𝛿V) was tested in 26 reservoirs across large 

geographical areas in the contiguous United States. We used the Nash-Sutcliffe 

Efficiency (NSE) as the central error performance metric, and KGE, rRMSE and an 

overlapping index are supplementary to the use of NSE for assessing the river-store mass 

conservation characterized by reservoir storage change and discharge difference. Our 

results show that 18 (69.2%) out of 26 reservoirs have an NSE value greater than zero, 

exceeding the mean flow benchmark for NSE. By using the error performance criteria for 

NSE suggested by Moriasi et al. (2015), 12 reservoirs (46.15%) show an NSE value 

greater than 0.5 (categorized as ‘Satisfactory’ or above). 

 Our results also indicate differences in how some error performance metrics would 

behave given the same datasets used in the calculations. We suggest future studies could 

focus on the behaviors of the error metrics by conducting a decomposition of error 

performance metrics based on different aspects of error components, so we see what 

aspect of errors is causing a particular error performance metric (e.g., NSE or KGE) to 

become larger or smaller. The statistical results according to rRMSE, MRR and SDRR 

show overall very large values of the three error performance metrics.  

By comparing the results before and after applying a 5% outlier-removal method, 

we find the following messages. First, removing the outliers in our discharge difference 

and reservoir storage change datasets did reduce the time-varying errors (observed from 

SDRR results). Second, in cases where we see an increase in bias errors (MRR), a 
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decrease in time-varying errors (SDRR) could compensate the impact of bias errors 

(MRR), resulting in an overall lower rRMSE values. Third, the outlier-removal technique 

could increase or lower the bias errors, and this impact on bias is more complicated than 

on time-varying errors where we see 26 reservoirs all showing a lower SDRR value. 

Finally, considering the complicated nature of the impact of removing outliners in 

datasets on time-varying errors and bias errors, we urge that the “quantile” version for 

relative statistics results (rRMSE, SDRR, MRR) needs to be used with discretion. 

 

 4.2 Secondary Controls that Affect LakeFlow Premise Condition 

We summarize the statistical results according to NSE, KGE and rRMSE for 

reservoirs that are water-supply and non-water-supply and calculated the descriptive 

statistics for the error performance results for each group of reservoirs. We strongly argue 

that human water withdrawal largely affects the ability of which gauge-measured 

reservoir storage change and discharge difference characterize the river-store mass 

conservation, and human water withdrawal on reservoirs is an important cause of a less 

satisfactory premise condition for LakeFlow, by largely increasing more time-varying 

errors. 

Our descriptive statistical summary of error performance among NSE, KGE and 

rRMSE have indicated a discrepancy in four hydroclimate regions. Therefore, we used 

alternative ways (i.e., hydrographs and scatterplots) to descriptive statistics in order to 

analyze the possible impact of hydroclimate conditions on secondary controls. 

According to our interpretations of each reservoir in this study, we have found 

that, at large, discharge difference tends to underestimate reservoir storage change 
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(meaning reservoir gaining water from other sources) in more humid regions, implying a 

substantial impact of lateral inflow from the tributaries that are too small for SWOT to 

observe. In arid and semiarid regions, discharge difference overestimates reservoir 

storage change only during certain months (notably, late spring), suggesting a non-

negligible impact of reservoir surface evaporation, though an underestimation of 

discharge difference on reservoir storage change still occurs widely. These findings based 

on visual interpretations of plots are consistent with our interpretations of MRR results, 

where a negative value indicates an overestimation and a positive value indicate an 

underestimation of discharge difference on storage change. 

Therefore, we argue that lateral inflow, being the only water influx among the 

three major secondary controls, is the main reason that such underestimation commonly 

occurs in our sample. Further, the scales of this influx from lateral tributaries might be 

even larger than the water outfluxes from other secondary controls, namely surface 

evaporation and human water withdrawal. This finding exceeds our previous expectation 

on the impact of lateral inflow being only significant in humid regions, and implicates 

that one possible way to improve the observed river-store mass conservation for a better 

premise condition for LakeFlow, is to account for the contribution of the lateral inflow in 

the studied reservoirs, no matter in which hydroclimate region they are located.  

Our results suggest that the overestimation of discharge difference on reservoir 

storage change is a lot less common in our sample at large (6 out of 26 reservoirs) and is 

more likely to occur in dry regions. We might be able to improve the observed river-store 

mass conservation for a better premise condition for LakeFlow, by accounting for 
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reservoir surface evaporation in drier regions, though the improvement might not be 

effective and could even incur more errors.  

Finally, we provide a summary of the premise condition for each reservoir in this 

study. 

 

  4.3 Feasibility of Ancillary Data on Improving the Observed River-Store 

Mass Conservation for a Better LakeFlow Premise Condition 

We evaluated error performance by adding different combinations of estimated 

reservoir surface evaporation and simulated lateral inflows according to NSE, KGE and 

rRMSE. Additionally, we provided suggestions on how the datasets of secondary controls 

can be used for each reservoir in this study.  

Our results have suggested the inclusion of datasets of secondary controls has a 

great potential in improving the river-store mass conservation for a better LakeFlow 

premise condition in most reservoirs. 

NSE statistical results were summarized for reservoirs by different hydroclimate 

regions from the HLR dataset and reservoir purposes from the GRanD dataset. 

Descriptive statistics were generated to describe the data characteristics in each 

hydroclimate condition or reservoir purpose. By comparing the median improvement in 

each hydroclimate region, we suggest an inclusion of E and q might be most effective in 

improving the river-store mass conservation for a better LakeFlow premise condition in 

both dry regions and wet regions, and accounting for the contribution of lateral flows is 

necessary for reservoirs in wet regions. Additionally, our results also suggest that an 
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inclusion of E and q together is more effective in non-water-supply reservoirs than in 

water-supply reservoirs. 

 

 4.4 SWOT’s Temporal Sampling  

SWOT temporal sampling gaps have a relatively limited influence on the 

discharge difference. 

 

  4.5 Limitations 

This study will help to assess the validity of using river-store mass conservation 

to improve the parameterization of channel properties and thus improve the accuracy of 

discharge estimation, and provide guidance to the applications of LakeFlow. 

 Some limitations exist in this study. First, when comparing our results by reservoirs in 

different hydroclimate regions, the numbers of the reservoirs in each hydroclimate region 

are not closely equal. The smallest number is three from subhumid regions and the largest 

number is ten from the semiarid regions. This bias in sample size may lead to a certain 

degree of uncertainties in our findings. 

Second, as previously suggested, a decomposition of error performance metrics 

like NSE and KGE is necessary for helping to better understand what aspect of errors is 

causing a particular error performance to be good or poor. This study was not able to 

provide enough insights on this matter. 

Third, the HLR dataset allows us to summarize our reservoirs by different 

hydroclimate conditions, but there is one important assumption: reservoirs that are 

located in the same hydroclimate region defined in HLR dataset would be impacted by 
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similar climate patterns (specifically related to precipitation). However, some reservoirs 

are located right at the interface of different hydroclimate regions. This would have a 

direct impact on some of the conclusions that were based upon a more absolute 

classification of hydroclimate conditions. 

Fourth, the in situ gauges where our streamflow data were collected are not 

always in the vicinity of the reservoir, as they are not specifically established for 

measuring streamflow around the reservoir. This is often the case for the gauges that 

were set up upstream of a reservoir. The farther away an inflow gauge is from the main 

reservoir inlet, the more likely the hydrological behaviors (including the scale and the 

timing) of river inflow at this cross-section are different from those of an ideal reservoir 

inlet cross-section or the river section which SWOT will be able to observe. A major 

consequence is that we might have misjudged the LakeFlow premise condition for some 

reservoirs, potentially resulting in an underestimation or an overestimation.  

Fifth, the thesis mostly focused land surface hydrological processes. The impacts 

of infiltration and groundwater recharge in the reservoirs are not directly quantified 

although they may be indirectly inferred by the unexplained residuals. 
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Appendix A - Sampled Reservoirs – Vector Representations 

Figure A.1 Abiquiu Reservoir 
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Figure A.2 Allatoona Reservoir 
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Figure A.3 Barlett and Horseshoe Reservoir 
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Figure A.4 Brantly Lake 
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Figure A.5 CJ Strike Reservoir 
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Figure A.6 Cochiti Lake 
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Figure A.7 Dworshak Reservoir 
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Figure A.8 Harlan County Lake 
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Figure A.9 John Martin Reservoir 
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Figure A.10 Lake Granbury 
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Figure A.11 Lake Havasu 
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Figure A.12 Lake Lanier 
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Figure A.13 Lake Livingston 
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Figure A.14 Lake Mohave 
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Figure A.15 Lake Red Rock 
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Figure A.16 Lake Seminole 
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Figure A.17 Lake Taxoma 
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Figure A.18 Milford Lake 
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Figure A.19 Navajo Lake 
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Figure A.20 Possum Kingdom Lake 
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Figure A.21 Shasta Lake 

 

  



140 

Figure A.22 Toledo Bend Lake 
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Figure A.23 Tuttle Creek Reservoir 
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Figure A.24 Walter F George Reservoir 
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Figure A.25 West Point Lake 
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Figure A.26 Whitney Lake 
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Appendix B -  Graphical Error Performance Measures 

 Appendix B.1 Monthly Hydrographs and Scatterplots 
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Figure B.1.1 Abiquiu Reservoir 
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Figure B.1.2 Allatoona Reservoir 
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Figure B.1.3 Barlett and Horseshoe Reservoir 
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Figure B.1.4 Brantly Lake 
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Figure B.1.5 CJ Strike Reservoir 
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Figure B.1.6 Cochiti Lake 
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Figure B.1.7 Dworshak Reservoir 
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Figure B.1.8 Harlan County Lake 
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Figure B.1.9 John Martin Reservoir 
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Figure B.1.10 Lake Granbury 
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Figure B.1.11 Lake Havasu 
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Figure B.1.12 Lake Lanier 
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Figure B.1.13 Lake Livingston 
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Figure B.1.14 Lake Mohave 
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Figure B.1.15 Lake Red Rock 
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Figure B.1.16 Lake Seminole 
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Figure B.1.17 Lake Taxoma 
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Figure B.1.18 Milford Lake 
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Figure B.1.19 Navajo Lake 
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Figure B.1.20 Possum Kingdom Lake 
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Figure B.1.21 Shasta Lake 
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Figure B.1.22 Toledo Bend Lake 
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Figure B.1.23 Tuttle Creek Reservoir 
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Figure B.1.24 Walter F George Reservoir 
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Figure B.1.25 West Point Lake 
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Figure B.1.26 Whitney Lake 
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 Appendix B.2 Overlapping Index and Probability Distribution 

Figure B.2.1 Abiquiu Reservoir 
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Figure B.2.2 Allatoona Reservoir 
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Figure B.2.3 Barlett and Horseshoe Reservoir 
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Figure B.2.4 Brantly Lake 
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Figure B.2.5 CJ Strike Reservoir 
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Figure B.2.6 Cochiti Lake 
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Figure B.2.7 Dworshak Reservoir 
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Figure B.2.8 Harlan County Lake 
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Figure B.2.9 John Martin Reservoir 
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Figure B.2.10 Lake Granbury 
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Figure B.2.11 Lake Havasu 
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Figure B.2.12 Lake Lanier 
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Figure B.2.13 Lake Livingston 
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Figure B.2.14 Lake Mohave 
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Figure B.2.15 Lake Red Rock 
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Figure B.2.16 Lake Seminole 
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Figure B.2.17 Lake Taxoma 
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Figure B.2.18 Milford Lake 
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Figure B.2.19 Navajo Lake 
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Figure B.2.20 Possum Kingdom Lake 
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Figure B.2.21 Shasta Lake 
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Figure B.2.22 Toledo Bend Lake 
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Figure B.2.23 Tuttle Creek Reservoir 
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Figure B.2.24 Walter F George Reservoir 
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Figure B.2.25 West Point Lake 
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Figure B.2.26 Whitney Lake 
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 Appendix B.3 Daily Hydrographs of dQ and dV 

Figure B.3.1 Abiquiu Reservoir 
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Figure B.3.2 Allatoona Reservoir 
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Figure B.3.3 Barlett and Horseshoe Reservoir 
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Figure B.3.4 Brantly Lake 
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Figure B.3.5 CJ Strike Reservoir 
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Figure B.3.6 Cochiti Lake 
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Figure B.3.7 Dworshak Reservoir 
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Figure B.3.8 Harlan County Lake 
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Figure B.3.9 John Martin Reservoir 
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Figure B.3.10 Lake Granbury 
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Figure B.3.11 Lake Havasu 
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Figure B.3.12 Lake Lanier 
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Figure B.3.13 Lake Livingston 
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Figure B.3.14 Lake Mohave 
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Figure B.3.15 Lake Red Rock 
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Figure B.3.16 Lake Seminole 
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Figure B.3.17 Lake Taxoma 
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Figure B.3.18 Milford Lake 
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Figure B.3.19 Navajo Lake 
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Figure B.3.20 Possum Kingdom Lake 
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Figure B.3.21 Shasta Lake 
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Figure B.3.22 Toledo Bend Lake 
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Figure B.3.23 Tuttle Creek Reservoir 
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Figure B.3.24 Walter F George Reservoir 
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Figure B.3.25 West Point Lake 
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Figure B.3.26 Whitney Lake 

 
 


