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ABSTRACT

In this article, we present a detailed simulation of floating PV’s energy yield and associated evaporation
reduction potential for the largest 128 US hydropower reservoirs. A recent article by Cavusoglu et al.,
published in the journal Nature Communications, outlined a hypothetical evaporation engine that could
harness the energy of lake water evaporation while simultaneously conserving the water resource. Its
authors suggested that evaporation engines deployed across all US lakes and reservoirs could,
collectively, yield up to 70% of the total U.S. electricity production. We show that floating photovoltaic
(PV) technology could: (1) deliver considerably more electrical energy than evaporation engines,
amounting to 100% of the US production with only a fraction of the lakes; (2) deliver this energy on a
firm, effectively dispatchable basis; and (3) conserve as much water as the evaporation engines.

1. Background

A new study by Cavusoglu et al. in Nature Communications™ claims that deploying evaporation-driven

electrical energy generators upon all US lakes could meet a sizeable fraction of the US demand for
electrical energy. This new technology to turn water evaporation into energy is still at a very early pre-
prototyping stage'”"?. Its cost, operational reliability, and environmental impact have yet to be
established.

We aim to demonstrate that, if one were to seriously consider using lakes for energy technology
deployment, PV would be considerably more effective than evaporation technology. PV could produce
the same quantity of electricity and cost-optimally deliver this electricity with firm (24/7) production
guaranties, while occupying only a small fraction of available lake area — specifically, only a fraction of
managed reservoirs — and provide equivalent water conservation potential.

Through our systematic quantification of the electrical power generation potential and the water
conservation potential of floating PV for the largest US reservoirs, we develop clear, new, actionable
information for industry and decision-makers to better assess lake deployment options. In addition to a
comparison with evaporation engine potential, we also contrast the floating PV potential to the current
hydropower production potential of the reservoirs.
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2. Assumptions and methods
2.1 U.S. reservoir characteristics

As quantitative support for our investigation, we consider the 128 largest US reservoirs with a full lake
storage capacity of one km®and above. Many of these reservoirs are exploited for the production of
electricity via hydropower. A table is provided in the Appendix including the reservoirs’ physical
characteristics and their current hydropower generation specifications. This reservoir sample amounts
to about 30% of the area of the water bodies considered in Cavusoglu et al. (2017) [

Figure 1: US lakes and reservoirs — the 128-reservoir sample used in this study is highlighted in red.

2.2 Photovoltaic (PV) efficiency

We assume that the highest achieved module efficiency of 24% for commercial grade crystalline silicon
photovoltaic modules™, while it is cutting-edge today, will represent conservative mainstream
conditions in the near future. This assumption is reasonable for the long-term, large scale deployment
planning implied in this paper.

2.3 PV array configuration

We assume that floating PV arrays are stationary and tilted southward at 10°. This geometry is sub-
optimal from an energy production standpoint per unit of collector area'*”’; however, it is nearly ideal
from a ground [lake] energy density standpoint. Allowing 15-20% spacing to account for maintenance
and [minimal] row-shading considerations, the footprint conversion efficiency of the installed arrays



thus reaches roughly 20% (i.e., 24% minus the non-PV areas). This amounts to a peak power density of
200 W/m? (at 1000 W/m? incoming irradiance) of ground [lake] area under standard test conditions™®.

2.4 Floating PV technology

The floating PV industry is new but it is fast developing. While it is still experiencing design complexity
and cost issues at this stage of its learning curve™”, multiple medium-to-large commercial-scale projects
are already currently operational 1829 These projects totaled several hundred MWs as of early 2018.

The possible benefits of floating PV are multiple and echoed in numerous publications on the subjectlzo‘
21 Floating PV has been implemented in locations with a favorable tradeoff compared to land-based
deployment, taking advantage of available and unexploited areas (wastewater basins, for instance). It
can reduce evaporation, algae growth, the formation of waves and coupled erosion effects. Moreover, it
can increase hydropower resource availability via evaporation reduction. Furthermore, the floating
structural elements may serve important secondary functions, such as storage for compressed air. The
vast potential for floating PV was perhaps most recently demonstrated for China. Liu et al.?! estimated
the potential for floating PV at 160 GW with 2% lake coverage and 8000 GW—enough capacity to
generate China’s (2015) annual electrical demand—with full lake coverage.

Undeniably, floating PV has drawbacks that need to be carefully taken into consideration, including
aesthetics, loss of recreational use, and water quality issues (e.g., temperature) that could affect
ecosystems. Nevertheless, in the context of this paper, these potential drawbacks are not different from
the evaporation engine technology’s against which floating PV is contrasted, and likely, less impactful,
especially from an aesthetics standpoint.




Figure 2: 70 MW Floating PV plant on a clay quarry lake in Anhui Province, China under construction by
Ciel & Terre (source: Ciel & Terre)

2.5 Mean PV electrical energy production density

A peak output of 200 W/m?® of ground [lake] surface amounts to a mean output of 30-50 W/m? in the
Contiguous U.S. (CONUS) depending on the local solar resource””’. We contrast this number to a recent
NREL study reporting a mean density of only 8 Watts per m? for typical utility-scale PV farms®. It is
important to note that this NREL study surveyed existing terrestrial installations where ground density
has not been a premium concern, and where module efficiency has been historically lower than what is
achievable today. There is no physical or technical reason, given current and foreseeable PV technology,
why [floating] low-tilt PV arrays could not yield 30-50 average W/m?mean power generation density or
more in the future.

2.6 Firm PV electrical generation density

Firm power generation is the ability to meet a given electrical demand at all times. When considering
conventional resources, firmness is achieved with baseload generation (chiefly nuclear, large hydro and
coal) plus the dispatching of flexible generation (chiefly natural gas turbines) as needed for production
to match demand.

PV generation is inherently intermittent, modulated by day-night cycles, weather, and seasonal effects.
It cannot be dispatched by grid operators and cannot, by itself, meet demand at all times. Applying
energy storage can render PV+storage fully dispatchable and transform PV into a firm power generation
resource. However, applying storage alone to deliver firmness would be prohibitively expensive, even
with the most optimistic storage technology cost projections. This is because in addition to supplying
power at night, storage systems would also have to be large enough to make up for extended cloudy
periods and seasonal deficits.

However recent work by the authors and others has shown that oversizing PV deployments and
proactively curtailing output could deliver firm (365/24/7) electricity to regional power grids'*%?°3°
an acceptable production cost. This counter-intuitive approach of oversizing PV and dynamically
curtailing output significantly reduces storage requirements to the point where total (PV+storage)
system costs become considerably lower despite the oversizing of PV.

at

The relationship between the relative cost contributions of PV and storage to meet a baseload
production target 100% of the time (i.e., the equivalent of a nuclear generating facility) is illustrated in
Figure 3 for an example in the New York metro area. In this example, optimum production cost is
achieved when oversizing PV by about two and curtailing half of the output. This cost-optimized PV-plus
oversizing-plus storage-plus curtailment resource meets demand with 100% certainty. Hence, it is
effectively dispatchable. While it may not be dispatchable in the traditional sense, it meets the central
criterion of dispatchability: meeting load demand under any circumstance.
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Figure 3: Influence of PV curtailment on firm PV generation cost in the northeastern US *.. The y-axis
represents the firm KWh premium in reference to unconstrained (i.e., intermittent) PV kWh. The x-axis
represents the curtailed PV fraction.

An optimized blend of oversized PV and storage with proactive operational curtailment yields firm, on-
demand power generation at production costs that are not as unrealistically high as applying storage
alone. When coupled with other solutions such as geographical dispersion, demand-side load flexibility,
or even adding an optimized wind-PV blend, an optimized overbuild/curtailment strategy could deliver
firm 24/7 baseload production at costs well below 10 cents per kWh in a moderate solar resource State
such as Minnesota °", This firm generation cost could approach 4-5 cents per kWh at the 25-year time
horizon as PV and load-firming technologies continue their downward trend".

Authors observed that oversizing by a factor of about two yielded lowest-cost firm power generation
capability. They noted that in addition to resource vs. load requirements, this optimum factor depended
on the relative capital and operating costs of PV and storage. However, given foreseeable expected cost
for storage and PV (the example in Figure 3 assumes future, achievable turnkey costs of respectively
$1,000/kW for PV and $100/kWh for storage), a factor of about two was found to be near optimal in the
Northeast US with slightly less oversizing needed in sunnier climates.



Therefore, using this oversizing of two estimate as a measure of lowest-cost firm PV generation, we
introduce the term Firm PV Production Density, as one-half of the mean PV electrical energy production
density. This Firm PV Production Density thus amounts to 15-25 Watts per m” with guaranties of cost-
optimally meeting utility demand at all times.

2.7 Site-specific PV output modeling

We simulated hourly AC electricity production for each artificial reservoir for a period of ten years
(2006-2015). In order to do so, we applied the operational SolarAnywhere suite of models that
combine intermediate-resolution (10 km, hourly) gridded satellite-derived irradiances from the SUNY
model®¥ and a PV simulation engine based on PVFORM/PVWATTS"****'to convert irradiance and
meteorological data into PV electrical production. The SUNY radiation model exploits the shortwave and
infrared channels of geostationary weather satellites to estimate site and time-specific cloud
transmission that modulates simple clear-sky atmosphere radiative transfer models (these clear-sky
models are themselves based upon operational aerosol optical depth, precipitable water, and
atmospheric ozone data.) The SUNY model has been extensively validated, with observed long-term
biases well below 3% in the CONUS. The PV simulation engines, coupled with satellite-derived
irradiances, are widely used by the solar and utility industries for feasibility studies and operational
monitoring”’’.

2.8. Site-specific reservoir evaporation estimates

Where deployed, floating PV eliminates the lake-atmosphere interface. Thus, to first order, water
conservation amounts to the water that would otherwise have been lost to evaporation over the surface
area occupied by floating PV. To calculate this time-varying and site-specific avoided evaporation, we
applied the European Centre for Medium-Range Weather Forecasts (ECMWF) Integrated Forecasting
System (IFS™®) cycle 43r1 implementation of the Fresh-water Lake model (FLake"'). FLake is comprised
of a well-mixed surface layer with uniform temperature and a thermocline, which is bounded at the top
by the mixed layer bottom and below by the lake bottom. FLake accounts for the following prognostic
variables: mixed-layer temperature, mixed-layer depth, bottom temperature, and mean temperature of
the water column, shape factor (of the temperature profile in the thermocline), lake ice temperature,
and ice thickness. Despite its relative simplicity, FLake has proven skillful in prior intercomparisons'”.
Any snowpack on the lake is modeled by the IFS’s land physics package, the Hydrology Tiled ECMWF
Scheme of Surface Exchanges over Land (HTESSEL™) (ECMWF"#).

In our study, each lake is modeled using a single representative grid. Each grid is initialized with
prognostic temperatures set to 280K, a mixed-layer depth of 5m, shape factor of 0.65, and ice thickness
of zero. A single external variable, lake depth, was prescribed according to simple geometric calculations
based on the reservoir capacity and surface area estimates (Table Al). Deeper lakes tend to be less well-
mixed and lose less water to evaporation on a per area basis compared with shallower lakes. To allow
for the ‘spin-up’ of each lake, the FLake model was integrated for a full calendar year leading up to our
10-year analysis window (2006-2015).

Hourly meteorological inputs to FLake were taken from Princeton University’s 4 km hourly
meteorological forcing dataset (PUmet'*"). PUmet shortwave radiation is derived from the
Geostationary Operational Environmental Satellite (GOES) surface Solar Insolation Product (GSIP) Level 2



product'*. Other forcing fields are downscaled from the 0.125° North American Land Data Assimilation
System Phase 2 (NLDAS-2"**")) dataset with adjustment for elevation and physical consistency'*”. The
non-precipitation fields for NLDAS-2 are derived from the 3-hourly and 32 km analysis fields of the
National Oceanic and Atmospheric Administration (NOAA) National Centers for Environmental
Prediction (NCEP) North American Regional Reanalysis (NARRM549),

Because its use is still prevalent in the hydrological modeling community[so], the Penman-Monteith (P-M)
model®*? was applied with PUmet forcing to compute comparative lake water evaporation estimates.
For our calculations, we assumed: a lake heat flux equal to 26% of net radiation[Ssl, bulk surface
resistance of 70 s m-1, shortwave albedo of 0.07, and momentum roughness of 0.0001m. The P-M
approach yielded physically unrealistic instances of nighttime negative evaporation (i.e., condensation)
over the lakes, which amounted on average to more than 8.7% of total evaporation. At nighttime, there
should be no condensation because the lake surface will be warmer than the air advected from
surrounding land, which sets-up an unstable atmospheric condition with evaporation. We chose to
disregard all nighttime P-M estimates (negative or positive evaporation) because the model is not
physically representative during that period and suggest this approach to the community. Generally
speaking, P-M estimates of lake evaporation should be interpreted with caution.

Figure 4 compares the results of the two methodologies for the 128-reservoir sample. The P-M daytime
estimates are 8.1% less on average and 10.1% less on median than those of FLake. FLake evaporation
estimates exceed those of P-M daytime for all except ten reservoirs, including Strawberry Reservoir, UT
(-28% or 13 mm yr'') and Flaming Gorge Reservoir, UT/WY (-16% or 10 mm yr™)(Figure 7).
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Figure 4: Comparing FLake and Penman-Monteith results for the 128-reservoir sample.



2.9 Comparison of PV, evaporation engine, and hydropower generation capacity

We quantify PV energy yield and evaporation reduction associated with the area covered by the floating PV
using 10-years’ worth of high-resolution solar resource and meteorological data. For the evaporation
engine, we estimate the energy yield and water conservation for each reservoir from the statewide data
published in Cavusoglu et al. (2017)[1]. That data includes annual energy yield, water conservation and
total lake area for 15 US states. From this information, we infer reservoir-specific energy and water
yields via interpolation/extrapolation of these statewide energy and water conservation densities. For
hydropower, we apply a US-wide capacity factor of 40% to all reservoirs. For the last five years, mean US
hydropower generation has averaged 40% of peak capacity ™

3. Results

3.1 PV power generation

Mean annual photovoltaic (PV) electrical generation densities simulated for the selected 128-reservoirs
are reported in figure 5 (top). These densities are a function of climate and range from 28 W/m? at Riffe
Lake in Washington State to 48 W/m? at Elephant Butte Reservoir in New Mexico. Figure 5 (bottom)
reports the mean power generation potential of each reservoir assuming 100% PV coverage over their
full lake areal extent. Figure 5 also reports the existing peak hydropower generating capacity of the
reservoirs that are so equipped (100 out of 128; see Appendix). Peak hydropower generation represents
the maximum power output of the existing turbines.
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Figure 5: Sorted mean PV power densities for the 128 reservoir sample (top); and sorted mean lake-wide
PV production (bottom) contrasted to current peak hydropower capacity.

The total potential PV generating capacity across all 128 reservoirs adds up to 1050 GW. This amounts to
an annual electrical energy production of 9,250 TWh. By comparison, the total hydropower peak
capacity for the considered lakes is 32 GW. Assuming a 40% capacity factor (see Section 2.9), the annual
hydropower production is 112 TWh, or about 80 times less than potential PV generation assuming full
coverage. Therefore, covering 1.2% of the reservoirs’ surface area with floating PV would produce as
much electricity as hydropower turbines currently produce.

3.2 Firm, effectively dispatchable PV power generation

With an oversizing factor of two and a proactive output curtailment of 50%, PV plants and associated
enabling technologies (storage, grid strengthening and demand response) can cost-optimally meet
utility demand with 100% certainty. The firm, guaranteed electricity generation capacity of PV for the
128-reservoir sample thus amounts to one-half of the mean PV generating capacity, i.e., 525 GW,



corresponding to an annual energy production of 4,620 TWh. This exceeds the 2016 US electricity
consumption of 4,100 TWh*?.

3.3. Contrasting PV and evaporation technology

The evaporation technology study considered all inland water bodies in CONUS, both artificial and
natural, excluding the Great Lakes. This represents a total area of 95,000 km®”. The study claims that
covering this entire area with evaporation engines would deliver 325 GW electrical on average, which
would fall somewhat short of firm power capability. Indeed, like PV, the evaporation engine technology
is weather/climate driven—a function of local temperature, relative humidity and downwelling
radiation. It does have built-in weather variability mitigation capability via heat storage in the underlying
bodies of water that allows for some level of load following. However, this is not enough to guaranty
firm power delivery everywhere without additional technologies (e.g., battery storage). While in some
states with favorable evaporative conditions, firm demand-following could be achieved, in other states it
would fall short of meeting demand at all times. In the state of New York, for instance, the authors
indicate that the technology could only meet demand 67% of the time.

The reservoir sample considered here covers 29,000 km?. For this area, the evaporative engine
technology would deliver 100 GW on average, adding up to 880 TWh worth of electricity annually (firmly
in some, but not all cases). This is considerably less than the firm PV potential of 4,620 TWh covering the
same area. Interestingly, both technologies far exceed the current hydropower [firm] generation
capability of 120 TWh/year. The yields of the three technologies are compared in Figure 6 for all
reservoirs.
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Figure 6: Contrasting floating PV and evaporation engine electricity generation potential to current
hydropower production for the 128 reservoirs sample. Full reservoir coverage is assumed for both PV and
evaporation engine



In Table 1, we compare the energy generation potential of PV and evaporation engines to the current
electrical generation of selected states assuming equal lake surface coverage (i.e., all in-state water

bodies).

TABLE 1: Comparing PV and evaporation engine electricity generation potential for 15 US states

Cavusoglu et al., (2017) This study 128-reservoirs| PV production prorated to Cavusoglu et al., lake
evaporation engines PV production areas
Potential
Current X
Considered po.wer state net | Considered Mean. power Mean. Power| Firm .Power Ratio to Ratio to
available i available Available Available .
State lake area . electrical | lake area evaporative | state Net
2 with R from PV from PV from PV R
(km®) evaporation generation km?2 (MW) (MW) (MW) technology | generation
engines(MW) (MW)

Utah 8,393 47,201 4,789 239 9,855 345,408 172,704 366% 3606%
California 4,845 27,551 22,455 657 27,202 200,654 100,327 364% 447%
Minnesota 8,996 19,252 6,505 1,859 61,731 298,774 149,387 776% 2297%
Louisiana 4,414 14,353 12,307 735 27,716 166,438 83,219 580% 676%
Nevada 1,710 12,292 4,457 757 33,263 75,156 37,578 306% 843%
Oklahoma 2,729 9,832 8,691 1,948 73,562 103,086 51,543 524% 593%
Oregon 2,383 8,994 6,606 432 15,584 85,961 42,980 478% 651%
Montana 2,854 8,628 3,345 2,058 67,999 94,322 47,161 547% 1410%
Maine* 4,029 8,358 1,340 99 3,241 131,540 65,770 787% 4907%
S.Dakota 3,031 7,617 1,100 640 22,724 107,569 53,784 706% 4891%
Idaho 1,817 6,897 1,788 805 28,063 63,305 31,653 459% 1770%
N.Dakota 2,832 6,834 4,242 3,050 104,484 97,012 48,506 710% 1144%
Wyoming 1,420 6,005 5,590 171 6,903 57,305 28,652 477% 513%
N.Mexico 599 3,735 3,733 196 9,286 28,372 14,186 380% 380%
Vermont* 1,247 2,776 226 99 3,241 40,703 20,351 733% 8995%

*Note: for Vermont and Maine we used Massachussets as a basis for proration, since our 128-lake sample does not include these states.

On average for these states, the mean PV power generation potential is one order of magnitude (ten
times) larger than the evaporative engine technology’s mean power availability. When considering firm,
effectively dispatchable PV generation capability, the ratio between the two approaches averages 5:1
across all states. Interestingly, but not unexpectedly, the relative advantage of PV over the evaporation
engine is larger in colder cloudy/humid states (e.g., Minnesota, Maine) than in warmer/drier
southwestern states (e.g., Nevada, New Mexico).

3.4 PV water conservation potential

Figure 7 (top) illustrates the annual water conservation densities achievable by PV deployment for each
of the 128 considered reservoirs. As noted previously, water conservation density is assumed equal to

the net evaporation per unit area and we do not model for potential feedback between PV-covered and
uncovered surface fractions. Water conservation densities range from a maximum conservation density
of 1850 millimeters per year at Falcon Lake, TX, to a minimum of 680 millimeters per year at Strawberry
Reservoir, UT. Evaporation rates vary according to net available energy, air temperature, humidity, and



wind speed. For instance, Falcon Lake, at 26.7°N receives greater insolation and higher vapor pressure
deficits and sustained winds than Strawberry Reservoir at 40.2°N. FLake-based estimates additionally
account for the thermal inertia of the reservoirs.

The total annual water conservation achievable for the 128 reservoirs is plotted at the bottom of Figure
7. Across all considered reservoirs, total water conservation achievable assuming 100% coverage
amounts to 28 cubic kilometers, i.e., more than the fresh water withdrawals of the State of Idaho and
over half of California’s.
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Figure 7: Sorted annual water conservation densities (top) and total annual water savings (bottom) for
the 128-reservoir sample



The water conserved could be used to meet consumptive demands or to enhance hydropower potential,
because water saved could also be fed to the turbine generators. This prospective hydropower
generation enhancement is illustrated in Figure 8 compared to the existing mean power generation for
each reservoir. The enhancement is not negligible, totaling 565 MW across all lakes, but only amounts to
a small fraction (3%) of the existing hydropower resource. Relative to the generation potential of
floating PV this secondary hydropower enhancement impact is almost insignificant (0.1%).
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Figure 8: Comparing existing mean hydropower generating capacity and prospective
additional capacity resulting from evaporation reduction for the 128-reservoir sample.
(Note: only 101 reservoirs are currently equipped for power generation)

3.5. Contrasting PV and evaporation engine for water conservation

In Figure 9, we compare the water conservation potential of PV and evaporation technology for all
reservoirs, assuming full coverage. As explained in the methods section, PV-induced conservation is
computed from 10 years of site-specific irradiance and meteorological data, while lake-specific

evaporation engine-induced conservation is inferred from published state-aggregated data'.
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Figure 9: Comparing sorted PV and evaporation engine water conservation potential for all 128
reservoirs assuming full coverage. Evaporation engine conservation potential adapted from Cavusoglu et
al. (2017) whereas floating PV conservation potential computed by FLake (see Section 2.8).

Given the difference between the two approaches in terms of modeling, site-specificity, data sources
and time spans, the results between the two technologies are remarkably similar — less than 10%
difference in overall water conservation potential. This similarity is not fortuitous because the
underlying cause of water conservation is the same for both technology: evaporation suppression in the
case of PV and conversion to energy in the case of the evaporation engine — both are proportional to the
technology-covered area.

This similarity also confirms that the modeling approach applied in this article is sound. Small differences
between our water savings estimates and those of Cavusoglu et al. (2017)[1] may be attributed to
differences in evaporation models and meteorological data employed. Namely, we did not need to
account for the energy conversion process of the conceptual evaporation engine. In addition, instead of
a typical meteorological year dataset, we chose to use a 10-year real-time dataset with inherent
interannual variability, and we applied a lake model to account for the important role of lake heat
storage in evaporation.

In Table 2, we contrast statewide evaporation-engine water conservation potential to PV’s. Both
technologies lead to water conservation that exceeds statewide freshwater withdrawals'' in some cases
(e.g., Maine, the Dakotas and Oklahoma). However, it only amounts to a modest fraction of demand in
states with intensive agricultural water use, such as Idaho and California.

TABLE 2: Comparing PV and evaporation engine water conservation potential for 15 US states.



Cavusoglu et al., (2017)
evaporation engines

This study 128-reservoirs

PV production

PV production prorated to
Cavusoglu et al. lake areas

. Potential | State fresh ) Potential .
considered considered Potential Percentage of
water water water .
State lake area . . lake area . water savings state
km?) savings |withdrawals km2 savings 108 m¥fyr withdrawals
( 10° m3/yr | 10° m¥/yr 10° m3/yr v

Utah 8,393 10,541 5,711 239 141 4,943 87%
California 4,845 6,376 43,049 657 664 4,901 11%
Minnesota 8,996 6,651 5,279 1,859 1,172 5,673 107%
Louisiana 4,414 4,704 11,804 735 911 5,473 46%
Nevada 1,710 2,586 3,614 757 993 2,243 62%
Oklahoma 2,729 3,160 2,455 1,948 2,147 3,009 123%
Oregon 2,383 2,333 9,313 432 393 2,168 23%
Montana 2,854 2,615 10,546 2,058 1,403 1,945 18%
Maine* 4,029 2,845 565 99 72 2,934 519%
S.Dakota 3,031 2,762 865 640 503 2,379 275%
Idaho 1,817 1,795 23,806 805 563 1,269 5%
N.Dakota 2,832 2,425 1,567 3,050 2,087 1,938 124%
Wyoming 1,420 1,543 6,414 171 121 1,005 16%
N.Mexico 599 874 4,367 196 218 667 15%
Vermont* 1,247 1,019 596 99 72 908 152%

*Note: for Vermont and Maine we used Massachussets as a basis for proration, since our 128-lake sample does not include these states.

4. Summary and Discussion

We have shown that, in terms of energy production, deploying floating PV on US lakes would be
considerably more space-efficient than deploying a prospective evaporation-based technology.
Deployed on the 128 largest US reservoirs floating PV could supply firm, 24/7 electricity equivalent to
100% of US electrical demand. Deployed on all the lakes considered for evaporation engine study,
floating PV would produce 10 times that amount. In terms of water conservation, the floating PV
potential is comparable to that of the evaporation engine’s.

We also showed that PV is considerably more space-efficient than the hydroelectric power generation
facilities currently operational at the considered reservoirs. Covering 1.2% of their surface with PV
would generate as much electrical energy as hydropower currently generates. This finding may carry
important prospects for water managers. If hydroelectric production via turbines could be reduced or
eliminated as a reservoir management objective by deploying floating PV on a small fraction of reservoir
area, managers could focus on meeting alternate objectives, such as flood control and water supply.




Finally and most importantly, while we analyzed floating PV as an alternative to, and in reaction to
deploying evaporation-based energy technology, a key point we would like to stress is that of PV space-
efficiency. While PV deployment may have a vast potential on reservoirs and lakes, it is far from the only
deployment option for this technology. As an example, Fig. 10 illustrates recent work we completed as
part of the Minnesota Solar Pathway study °”’. The space needed to firmly generate 100% of the State of
Minnesota’s electricity with PV at lowest cost (i.e., including appropriate oversizing), is contrasted to the
state’s land cover™. This shows that open water is but one among many possibilities for PV
deployment and that small, fractional deployments in any combination of land cover categories (in
particular, already-perturbed high and medium intensity urban spaces) would be sufficient.
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Figure 10: PV land requirement to firmly meet 100% of Minnesota’s electricity demand, relative to the
State’s current land cover composition”.
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APPENDIX

Table Al. Supplemental data for the 128 reservoir sample including physical properties®™ and 2006-
2015 based estimates of aridity index, evaporation, hydroelectric capacity, and PV capacity.

Name State(s) | Latitude | Longitude Max Surface Depth at | Regional | FLake | Existing Mean PV
(°) (°) Water Area at Capacity Aridity E(m Peak Capacity
Storage | Capacity (m) Index yr‘l) Hydro (MW)
(km3) (kmz) Capacity
(Mw)
Abiquiu Lake NM 36.28 -106.48 1.471 50.3 29 0.32 1.14 17 2,294
Alamo Lake AZ 34.30 -113.55 1.287 69 19 0.11 1.60 3,209
Allegheny NY/PA 41.96 -78.93 1.604 85.7 19 1.41 0.84 400 2,705
Reservoir
American ID 42.91 -112.75 2.063 230 9 0.30 0.94 112 9,052
Falls
Reservoir
Amistad COA/TX 29.47 -101.10 6.98 263 27 0.22 1.76 132 10,353
Reservoir
Arkabutla MS 34.74 -90.10 1.707 120 14 1.05 1.36 4,392
Lake
Banks Lake WA 47.80 -119.20 1.573 109 14 0.28 0.96 3,698
Beaver Lake AR 36.35 -93.92 2.405 128 19 1.08 1.20 112 4,716
Belton Lake TX 31.13 -97.51 2.315 151.1 15 0.62 1.64 5,866
Bighorn Lake MT / 45.11 -108.19 1.704 70 24 0.37 0.97 250 2,588
wy
Broken Bow OK 34.21 -94.68 1.688 73 23 1.13 1.35 2,671
Lake
Brownlee ID/OR 44.59 -117.13 1.76 61 29 0.57 1.03 585 2,299
Reservoir
Bull Shoals AR/MO 36.50 -92.77 7.105 288.3 25 1.00 1.19 380 10,543
Lake
Canyon Ferry MT 46.52 -111.57 2.464 142.37 17 0.38 0.94 50 4,832
Lake
Cedar Creek TX 32.27 -96.14 1.338 140 10 0.77 1.52 5,372
Reservoir
Center Hill TN 36.03 -85.75 2.58 73.7 35 1.32 1.12 160 2,604
Lake

Cherokee N 36.27 -83.37 1.901 116.5 16 1.02 1.13 136 4,228
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Watts Bar TN 36.77 -84.67 1.449 160 9 1.30 1.10 190 5,539
Lake
Weiss Lake AL 34.18 -85.60 1.768 122 14 1.07 1.27 30 4,524
Wheeler AL 34.71 -87.14 1.295 272 5 1.18 1.22 361 9,850
Lake
Whitney X 32.85 -96.52 2.591 240 11 0.75 1.48 38 9,234
Lake
Wright X 33.27 -94.22 3.274 484 7 0.99 1.42 18,205

Patman Lake






