
Evaluating storage technologies for solar and 
wind energy

Jessika E. Trancik
MIT Institute for Data, Systems, and Society 

March 5, 2017
Andlinger Center Highlight Seminar Series 
Princeton University



2.1 Historical growth in installed capacity and research 17
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Figure 2.4: Literature projections for future capacity of different energy sources compared to actual
capacity additions. Future projections for the cumulative capacity of fossil fuel (a), nuclear (b), wind
(c), and photovoltaic (d) generation are denoted by empty circles for projections from the International
Energy Agency (IEA) World Energy Outlook reports from 2006–2014,[24, 25, 26, 27, 28, 29, 30, 31] and
by empty squares for projections from the U.S. Energy Information Administration (EIA) International
Energy Outlook reports from 2010, 2011, and 2013.[32, 33, 34] Lines are given as guides to the eye.
Actual cumulative capacity for each generation source is denoted by filled black circles and are taken
from multiple references [18, 19, 20]. Panel d reproduced with permission from MIT.
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20 Chapter 2. Historical trends in photovoltaics and wind energy conversion

costs for natural gas and coal electricity at the global level but still significantly above central estimates
for the costs of these technologies. When a carbon tax of $100/ton CO2 (below the current imposed
carbon tax in Sweden [44]) is applied, PV is competitive with natural gas or coal fired electricity at the
global level. When external costs of air pollution are considered, the competitiveness of PV compared
to natural gas or coal fired electricity increases significantly as well (see Section 4.2).
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Figure 2.7: Global and regional average levelized cost of electricity (LCOE) in $/MWh for different
generation sources. Black and white symbols represent central values for 2012–2014, red triangles
represent maxima, and blue triangles represent minima. Data are average values taken, where available,
from IPCC AR5 WGIII, IRENA 2015, EIA 2015, and World Energy Council 2013 [45, 46, 47]. “Ctax”
refers to a carbon price of $100/ton CO2, and is taken from IPCC AR5 WGIII [45].

2.3 Determinants of technology cost reduction and implications for emissions
It is evident that many technologies improve with time and experience. A striking fact about this
improvement is that it is, to a large extent, predictable. A long-recognized observation known as
Wright’s Law states that the cost of a technology will fall with its level of deployment according to
a ‘power-law’ formula [48]. In intuitive terms, this observation implies that every 1% increase in the
deployment of a technology is associated with a fixed percentage decrease in its cost. The percentage
decrease is a number that varies between technologies, for example due to differences in technology
design characteristics, and is usually measured from historical data. Technologies that are modular and
small-scale are may improve more quickly, though a wide variety of other factors also affect the rate of
cost decline [49, 48]. What is important is that the act of deploying the technology itself is what helps
bring down costs.

The cost of a technology can decrease for many reasons. One important reason is that producers gain
experience (‘learning’) as they produce the technology. This experience leads to improved designs and
production methods that help lower costs. However, experience is not the only important mechanism;
costs are clearly driven down for other reasons as well. Scale economies yield cost reductions from
increasing the scale of manufacturing, and work independently of accumulated production experience.
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Modeling energy systems

to accelerate low-carbon technology development
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Fundamental insight + tools to inform decisions:
- engineers
- private investors
- policy makers (R&D, regulations)



Research areas

• Determinants of the rate of technological improvement 

• Adoption potential of technologies evaluated against energy 
demand dynamics 

• Emissions impacts of energy technologies evaluated against 
climate targets
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• Example 1: Evaluate stationary storage cost structures against 
electricity demand, prices and resource availability

• Example 2: Evaluate mobile battery specific energy against personal 
vehicle travel patterns

How much improvement needed in energy storage 
technologies?



Role of storage technologies for renewable energy

• Wind, solar resources are intermittent

• Storage can be used to:

• Match renewables supply to demand

• Increase renewable plant revenue

Bob West

For background see:
D. Rastler, EPRI, Dec. 2010;
E. Hittinger, J.F. Whitacre, J. Apt, J. Power Sources, 206, 2012
S. Sundararagavan, E. Baker, Solar Energy, 2012
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Role of storage technologies for renewable energy



Evaluating storage techs for solar and wind energy

• How to compare diverse storage technologies on a single scale?

Braff, Mueller, Trancik, Nature Climate Change 2016



Moving beyond lists of attributes...

Castillo and Gayme, 2014

Table 1
Storage technologies.

L/A battery Li-ion battery NaS battery VRB flow battery Super capacitors SMES High-powered
flywheels

Pumped hydro CAES

Energy storage capacity (kW h) 6100 610 6100 20–50 610 610 1–25 P150 P10
Typical power output (MW) 1–100 0.1–5 5 0.01–10 0.1–10 0.1–10 0.01–10 250–1000 100–300
Energy density (W h/L) 50–80 200–500 150–250 16–33 2–10 0.2–2.5 20–80 0.5–1.5 3–6
Power density (W/L) 10–400 0 0 0 100,000 1000–4000 1000–2000 0 0.5–2
Discharge duration Hours Minutes–hours Hours 2–8 h Seconds Hours Seconds–minutes Several hours Hours
Charge duration Hours Minutes–hours Hours 2–8 h Seconds <Seconds 15 min Several hours Hours
Response time <Seconds Seconds Milliseconds <Seconds Seconds <Milliseconds Seconds Seconds–

minutes
Minutes

Lifetime (years) 3–10 10–15 15 5–20+ 5–20 5–20 20 25+ 20+
Lifetime (cycles) 500–800 2000–3000 4000–40,000 1500–15,000 50,000 >50,000 >100,000 >50,000 >10,000
Roundtrip efficiency (%) 70–90% 85–95% 80–90% 70–85% 90% >90% 85–95% 75–85% 45–60%
Capital cost per discharge ($/kW) $300–$800 $400–$1000 $1000–$2000 $l200–$2000 $1500–$2500 $2000–$13,000 $2000–$4000 $1000–$4000 $800–$ 1000
Capital cost per capacity

($/kW h)
$150–$500 $500–$1500 $125–$250 $350–$800 $300–$2000 $1000–$10,000 $1500–$3000 $100–$250 $50–$150

Power quality
p p p p p p

Transient stability
p p p p

Ancillary services
Regulation

p p p p p p

Spinning reserves
p p p p p p

Voltage control
p p p p p

Energy services
Arbitrage

p p p p

Load following
p p p p p p p p

Firm capacity
p p

Congestion relief
p p p p p p

Upgrade deferral
p p p p p p p p p

Advantages Low cost, high recycled
content

High efficiency, high
energy density,

High energy density,
quick response,
efficient cycles

Higher depth of
discharge, high
cycling tolerance

Rapid response
time, high power
density

High efficiency Rapid response time,
low maintenance,
high cycles

Rapid response
time, large
capacity

Rapid response
time

Disadvantages Low energy density, large
footprint, limited
discharge depth

Cost prohibitive,
overheats, limited
discharge depth

Safety issues Low energy density,
low efficiency

Cost prohibitive Cost
prohibitive,
low energy
density

Cost prohibitive,
tensile strength
limitations

Geographically
constrained

Low efficiency,
geographically
constrained

A.Castillo,D
.F.G

aym
e

/Energy
Conversion
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M
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87
(2014)

885–894
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• How to compare diverse storage technologies on a single scale?

• At what costs do storage technologies add value to renewables?

• How do current devices compare to these targets?

• How to optimally improve future storage technologies?

Braff, Mueller, Trancik, Nature Climate Change 2016

Evaluating storage techs for solar and wind energy



Consider three locations, two energy resources

• Consider wind and solar at three sites:
• Barnstable, MA
• McCamey, TX
• Palm Springs, CA

• Datasets:
• Hourly real-time electricity pricing (ISONE, ERCOT, CAISO)
• Hourly generation of solar and wind plants



Manage storage to maximize revenue



Manage storage to maximize revenue

The optimization routine for each three week segment (N = 504 hours) can be expressed
in terms of the real time price P (t), the generation profile x

generation

(t), storage roundtrip
e�ciency ⌘, peak power Ė

max

, and duration h as:
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Figure 6: Model schematic.

An o↵set is included in the energy constraint for each optimization period to account for
the amount of energy stored in the system at the beginning of the optimization period. The
optimization protocol serves to temporally shift the output of the system to periods of high
market pricing (often coinciding with times of peak demand), subject to the constraint that
any energy to pass through the storage system pays an e�ciency penalty.

We studied the case where hybrid renewables and storage systems are price takers in
the spot market, which is an adequate approximation for small penetration levels. It is also
assumed that the system operator has perfect information about future three-week prices
and resource availability. This approach employs the assumption supported by earlier work
that the overestimate in revenue as a result of complete future knowledge is small [39–42].

Performance metric to quantify the value of energy. A dimensionless performance
metric � was used to quantify the value of the energy generated, which is the ratio of the
optimized revenue generated (Equation 2) and the cost of operating the plant over the
course of a year (Equation 1). Plant construction costs (C

gen

+ Ė

max

(Cpower

storage

+ hC

energy

storage

))
were amortized over 20 years and an interest rate of 5% was assumed to define the capital
recovery factor CRF [15]. Plant performance � was calculated using Equation 1 over a wide
range of system configurations, technology costs, and locations, as summarized in Table 1.

The storage size was chosen to maximize � given the power-related cost per kilowatt,
energy-related cost per kilowatt-hour. To compare the model results to the cost of candidate
storage technologies today, the costs of energy and power of various storage technologies
were taken from the literature, drawing on recent e↵orts to identify the modular power- and
energy-related cost components of a storage system [17,18,26–29].
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Figure 1: Electricity output to maximize revenue from a hypothetical hybrid storage and renewable
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gen

, a duration h
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optimized output). Results for Palm Springs, CA and Plymouth, MA are shown in Supplementary
Information Figures S3 and S4, respectively.

0

2

4

1

1.2

1.
4

1.4

$
1
5
0
/
k
W

Ė
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Balancing the cost and benefit of storage

• Value of energy storage

• Storage system sized to maximize chi

0 1 2 3

0

1

Days

Ė
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Figure 1: Optimized electricity output from a hypothetical hybrid storage and renewable
energy plant located in McCamey, TX with a storage power Ė

max

of 1 MW/MW
gen

, a
duration h of 4 hours, and a roundtrip e�ciency of 90%. Storage serves to shift the plant
output to periods of high prices. Equivalent results for Palm Springs, CA and Plymouth,
MA are shown in Supplementary Information Figures S2 and S3, respectively.

with a solar or wind plant in Texas and operated over the course of four days in the spring,
summer, fall, and winter (Figure 1). Across both energy resources (wind, solar) and across
locations, (Texas, California, Massachusetts) incorporating storage results in a reduction of
output during periods of low prices, and an increase in output during periods of high prices.
The ability to output energy to the grid at peak power during periods of high price is limited,
however, by the availability of su�cient renewable generation to charge the storage system
in advance. Although the pricing in each of the three locations examined di↵er, the e↵ect
of storage in each case is to concentrate the output into short bursts during periods of high
pricing.

For a given plant, increasing the storage system size in terms of power and duration raises
its average electricity selling price. Although the average selling price without storage is lower
for wind than solar, as energy storage increases in size, the pricing distribution and mean
transaction price become increasingly similar across the two energy resources (Figures S4-
S6). However, the addition of storage power and duration comes at a cost, as explored in
the next section.

Balancing revenue against cost to optimize the size and value of storage. Storage
can increase the revenue generated by a solar or wind plant, but it also increases the capital
costs of the plant. Here we optimize both the discharging behavior, as done above, but also
the storage system size, in order to maximize the value of the electricity generation.

We quantify value using the dimensionless ratio � which takes the ratio of the annual
cost and revenue of the hybrid plant, as defined by Equation 1.

� =
R

total

CRF (C
gen

+ Ė

max

(Cpower

storage

+ hC

energy

storage

))
. (1)

3annualization 
factor

annual revenue

storage power
storage cost

wind, solar cost hours
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Figure 4: Performance of a hybrid storage and wind plant as a function of location, generation
costs (top row labels), and power- and energy-related storage costs. The size of storage (Ė

max

,
h) have been optimized at all points on the plot to maximize �. (Each panel shows �

max

,
as in Figure 2, for a spectrum of storage costs.) For each contour of constant �, the slopes
were found to be roughly consistent across locations and to correspond to the duration of
electricity price spikes (Figures S26-S27). Corresponding data for solar is available in the
Supplementary Information Figure S20.
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Figure 5: Cost intensities of a range of energy storage technologies [17, 18, 26–29] overlaid
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at which it becomes profitable to incorporate storage into a Texas wind farm. Ellipses
are plotted to encapsulate the range of cost estimates for each storage technology while
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max

,
h) have been optimized at all points on the plot to maximize �. (Each panel shows �
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as in Figure 2, for a spectrum of storage costs.) For each contour of constant �, the slopes
were found to be roughly consistent across locations and to correspond to the duration of
electricity price spikes (Figures S26-S27). Corresponding data for solar is available in the
Supplementary Information Figure S20.
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Supplementary Information Figure S20.
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Storage technologies compared to value-adding 
cost thresholds

Braff, Mueller, Trancik, Nature Climate Change 2016
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• Storage today can add value to wind and solar in some locations

• Cost improvement needed for wide-spread profitability

• Optimal cost improvement trajectories relatively location invariant

• Cost targets can inform industry and government tech strategies

Braff, Mueller, Trancik, Nature Climate Change 2016

Evaluating storage techs for solar and wind energy



• Example 1: Evaluate stationary storage cost structures against 
electricity demand, prices and resource availability

• Example 2: Evaluate mobile batteries against personal vehicle travel 
patterns

How much improvement needed in energy storage 
technologies?



Cost and emissions of vehicle powertrains
(see carboncounter.com)

Miotti, Supran, Kim, Trancik, Environmental Science & Technology 2016; carboncounter.com



Cost and emissions of vehicle powertrains
(see carboncounter.com)

Miotti, Supran, Kim, Trancik, Environmental Science & Technology 2016; carboncounter.com







How do mobile batteries 
measure up to energy demand?

Temperature Drive cycles

Electric Vehicle 
Characteristics

Realized 
Range

Vehicle model

Demographics/
Built Environment

Vehicle 
Range 

Requirements

Demand model

Household 
Travel Needs



TripEnergy Model

6 NATURE ENERGY | www.nature.com/natureenergy

SUPPLEMENTARY INFORMATION DOI: 10.1038/NENERGY.2016.112

Supplementary Note 2: TripEnergy Model

Supplementary Figure 3: TripEnergy model diagram, showing the procedure for turning a single
NHTS survey trip into an energy distribution. At a high level, TripEnergy consists of a demand
model and a vehicle model. A conditional bootstrap procedure is used to match an NHTS trip
to a set of GPS drive cycles with similar characteristics, and another bootstrap is used to match
NHTS trips with a set of possible ambient temperatures that are location- and seasonally-accurate.
This produces for each NHTS trip a set of possible velocity histories and external temperatures.
Velocity histories and temperatures are fed through a detailed vehicle model to produce a probability
distribution for each trip’s total energy consumption.

The TripEnergy model combines data with different kinds of information to estimate probability
distributions for the energy use of a single POV trip or a set of trips from a specific region, trip
type, or kind of driver. The National Household Travel Survey [1] is taken to be a representative
sample of travel behavior across the United States, and trips from this survey are fed into the travel
demand portion of the model. Due to observed rounding in travel survey data [2], the demand
model begins by taking an NHTS trip and putting it through a de-rounding algorithm to produce a
set of possible true trip distances and times. Each of these distance/time pairs is then matched with
a set of possible GPS velocity histories (based on distance and duration) and ambient temperatures
(based on location, time-of-day, and month), producing a set of ‘bootstrap trips’. Each bootstrap
trip (with a fixed drive cycle and ambient temperature) could have given rise to a survey record
matching the one in the NHTS. Each bootstrap trip is fed into the vehicle model, which accounts for
tractive energy consumption, drive efficiency, and auxiliary energy use to produce a final estimate
of the trip’s total energy consumption. Energies from these bootstrap trips can be used to produce
a probability distribution of the energy needs of the initial NHTS trip. They can also be used to
construct energy distributions for vehicle-days, as well as for larger subpopulations of the NHTS
(such as cities) or the NHTS as a whole. A diagram of the components is shown in Supplementary
Figure 3, and the components are described in further detail below.
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Supplementary Figure 7: Model of energy flows for a battery electric vehicle. (a) Instantaneous
energy flows. (b) Time-averaged energy flows. Various power variables are denoted by Pi and
integrated power (energy) are denoted by Ei. Efficiencies of individual flows are denoted by ηi, and
fbrake is the fraction of tractive energy dissipated by the brakes.

where Pgas = Fgasv, Pbrake = Fbrakev, and Pdrag = Fdragv. Next, summing the gains from regen-
erative braking and the losses from positive tractive power and auxiliary power (see Supplementary
Figure 7), the change in battery energy is given by

ĖB = ηrPbrake −
Pgas

ηpt
− Paux

ηaux
. (31)

Eq. (31) could be numerically integrated with vehicle-state-dependent models of ηr, ηpt, and
ηaux to obtain the net energy drain ∆EB over the course of a trip. Alternatively, approximating
these efficiencies as constants, and integrating Eqs. (30)-(31) over the duration of a trip, one obtains

−∆EB = ηrEbrake −
Etr

ηpt
− Eaux

ηaux
(32)

0 = Etr − Ebrake − Edrag, (33)

were each Ei is the integral Ei =
∫ T
0 Pi(s) ds. In the second equation, we have used the fact that

the integral over K̇ is zero because the vehicle begins and ends at the same speed (zero). Also, we

have used the fact that the integral
∫ T
0 Pgas ds is equal to the tractive energy Etr.

From Eq. (33), the tractive energy obeys Etr = Edrag + Ebrake, i.e. Etr is dissipated by drag
and by braking. The energy lost through braking thus represents some fraction fbrake of the total:

Ebrake = fbrakeEtr. (34)



Ftr(v) = a+bv + cv2

+ (1 + q)m
dv

dt
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Drive Efficiency Calculation

36

⌘drive(fbrake) =
⌘⇤pt

1� ⌘⇤ptfbrake⌘
⇤
r

⌘pt = 0.908 ⌘r = 0.849

Solve	system	of	equations	with	EPA	results

Test	Result:

Expression	for	
Efficiency:

⌘drive ⇡ f(drive cycle)
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Figure S8: BEV drive efficiency, plotted against
trip average velocity. BEVs are most efficient
at moderate speeds, where the highest portion
of the kinetic energy is routed through regener-
ative braking. The two black dots correspond
to the EPA drive cycles through which the drive
efficiency model is trained.
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Figure S9: ICEV efficiency, plotted against trip
average velocity. ICEVs tend to operate more
efficiently at higher torques and higher RPMs.
The two black dots correspond to the EPA drive
cycles through which the drive efficiency model
is trained. The EPA highway drive cycle has un-
usually low average acceleration compared with
most GPS trips of similar speed, leading to lower
efficiency.

For the 2013 Nissan Leaf, we end up with a powertrain efficiency ηpt = 0.908 and ηr = 0.849. We
treat these values as internal to our model, rather than estimates of the actual efficiency of these
components in a real vehicle, although the results are similar to estimates presented in the literature
[14, 15].

For the ICEV Ford Focus, we follow a similar procedure. ICEV efficiency is strongly depen-
dent on velocities and accelerations realized during a trip, and generally increases with engine
RPMs and torque. We find the best performance with a model for powertrain efficiency that is an
asymptotically increasing function of drive-cycle averaged speed and acceleration:

ηdrive = ηmax −
(

Cv

vav + Cv/
√
ηmax

)2

−
(

Ca

aav + Ca/
√
ηmax

)2

, (42)

where Cv and Ca are free parameters and we set the maximum cycle-averaged drive efficiency to
ηmax = 0.35, based on results found elsewhere (e.g. [16]). (Because the Focus does not have
regenerative braking, ηdrive is equal to ηpt.) Training on the EPA CAFE data to obtain the best
fit parameters gives values of Cv = 9.89 ms−1 and Ca = 0.0218 ms−2. Thus for both vehicles, our
estimates of these parameters are useful in that they are trained to exactly reproduce CAFE test
results, and they allow our model to produce reasonable estimates for overall gas mileage when
presented with real GPS drive cycles.

To test this simplified method, we used the software package ADVISOR, an open-source vehicle
simulator, to simulate BEV performance and test our approximation to internal vehicle efficiency.
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Supplementary Figure 8: Left: BEV drive efficiency, plotted against trip average velocity. BEVs
are most efficient at moderate speeds, where the highest portion of the kinetic energy is routed
through regenerative braking. The two black dots correspond to the EPA drive cycles through
which the drive efficiency model is trained. Right: CEV efficiency, plotted against trip average
velocity. ICEVs tend to operate more efficiently at higher torques and higher RPMs. The two
black dots correspond to the EPA drive cycles through which the drive efficiency model is trained.
The EPA highway drive cycle has unusually low average acceleration compared with most GPS
trips of similar speed, leading to lower efficiency.

fit parameters gives values of Cv = 9.89 ms−1 and Ca = 0.0218 ms−2. Thus for both vehicles, our
estimates of these parameters are useful in that they are trained to exactly reproduce CAFE test
results, and they allow our model to produce reasonable estimates for overall gas mileage when
presented with real GPS drive cycles.

To test this simplified method, we used the software package ADVISOR, an open-source vehicle
simulator, to simulate BEV performance and test our approximation to internal vehicle efficiency.
For this purpose we treated ADVISOR simulations as ground truth, first simulating a BEV on
the two CAFE drive cycles, treating results as we would EPA unadjusted gas mileage values, and
then using the results to determine values for ηpt and ηr. This allowed us to estimate values of
ηdrive using our simplified method. A sample of 2000 GPS trips were then run through ADVISOR
to determine ηdrive as determined by the simulation, and these values were compared to those
estimated by our method. The results are shown in Supplementary Figure 8 for both a BEV (left)
and an ICEV (right). This approach lets us estimate the error of our estimates, both for drive
efficiency and the total trip energy derived from it. We find a mean square error of 0.86% for BEV
trips and 0.3% for ICEV trips. The BEV statistic was calculated ignoring 25 out of 2000 drive
cycles with tractive energy consumption of less than 10 kJ. Estimated efficiencies for these trips
were much farther off from ADVISOR values. However, the total energy consumption of these trips
is so small compared to the rest of the sample (whose mean tractive energy consumption was 6
MJ) to render them negligible. The estimated bias of the total energy calculations was found to be
approximately 1% for BEV trips and 6% for ICEV trips.

Auxiliary Energy Model

We divide auxiliary power into power devoted to climate control and power devoted to other compo-
nents. Non-climate components are approximated as being independent of trip properties. Geringer
and Tober [19] and Del-Duce et al. [20] provide estimates for typical auxiliary electrical loads and
usage rates for various components (e.g. the cabin air blower, lighting, defogger, heated seats).
Based on their results, we assume a typical non-climate auxiliary load of 250 Watts, 100 Watts of
which we assume to be always on (and therefore present during the EPA coast down tests), and

Drive Efficiency Validation

BEV ICEV
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FIG. 1. Energy intensities and velocity histories of trips with similar distances and durations. Trips

shown are similar to the EPA highway (HWFET) drive cycle in terms of distance and duration,

but have di↵ering energy intensities, demonstrating the importance of considering velocity histories

in determining trip energy requirements. Top: fuel economy distribution (kWh per mile) for the

2013 Nissan Leaf, for trips in the GPS database that have a distance and duration similar to the

EPA HWFET. Bottom: velocity profiles of the three trips marked on the above plot.

trips taken. These factors can have a large impact on vehicle range (Figures 1-2). Given

EPA estimated fuel economy of 116 MPGe, battery capacity of 24 kWh, allowed depth of

discharge of 80% (in keeping with the Leaf’s ‘long life mode’ [37], Supplementary Section

1.3), and charging losses of 10%, we would predict the 2013 Nissan Leaf to have a range of

73 miles. Our model predicts 74 miles as the median range—the distance for which half of

all vehicle-days could be covered on one charge. However, variation in trip velocity profiles

and auxiliary power use produces a distribution of ranges (Figure 2), and our model predicts

that 1 out of 20 of 58-mile vehicle-days could not be covered by existing batteries, and 1 out

of 20 of 90-mile vehicle-days could.

Furthermore, application of the model reveals that the BEV’s median range changes

nonlinearly with battery capacity, because velocity profiles tend to di↵er between short and

long distance travel days. As an example, increasing the battery’s specific energy to an

Advanced Research Projects Agency-Energy (ARPA-E) target value of 200 kWh/kg [38]
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Batteries evaluated against U.S. driving patterns
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Diminishing returns to battery improvement
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FIG. 6. E↵ects of increasing battery capacity on BEV range constraints. Top: daily vehicle

adoption potential, shown in the inverse to display the exponential decrease of the portion of

vehicle-days exceeding one full charge. Bottom: GSP, the portion of gasoline use that could be

displaced by BEVs given full adoption of within-range vehicle-days.

from its 2013 value of 88 Wh/kg by a factor of 2.3 to the U.S. ARPA-E specific energy

target of 200 Wh/kg would increase DSP to 98% and GSP to 88%. Further improvements

in GSP would require still greater increases in specific energy, with a GSP of 95% requiring

an increase in battery specific energy by a factor of six to approximately 420 Wh/kg. To

maintain vehicle a↵ordability and thereby enable widespread BEV adoption, the cost per

battery capacity should stay constant or even decrease while battery energy density and

specific energy increase. Commercial progress is being made towards this end. For example,

the 2017 Chevrolet Bolt BEV is intended to be widely a↵ordable and o↵ers a 60 kWh battery

with a specific energy of 138 Wh/kg (Supplementary Section 1.3). The 2018 Tesla Model

3 promises comparable range to the Bolt at a similar price point, though with di↵erent

aesthetics and performance features.

The distinction between urban and rural areas is revealing in this context. While urban

areas show a significantly higher GSP than rural areas (52.2% in rural and 64.5% in urban
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Predicting electric vehicle range

• Range	is	not	constant—73	miles	on	average	but	with	a	distance	of	58	
miles,	a	5%	chance	of	running	out	of	charge

• Range	does	not	increase	linearly	with	battery	capacity

Current	
Capacity





• Example 1: Evaluate stationary storage cost structures against 
electricity demand, prices and resource availability

• Example 2: Evaluate mobile battery specific energy against personal 
vehicle travel patterns

How much improvement needed in energy storage 
technologies and materials?



Conclusions and discussion

• Energy storage development next ~15 years critical for renewables 
growth and climate change mitigation

• Some storage technologies becoming profitable for renewables in 
several locations, but further development needed

• 87% of US personal vehicle-day energy needs met with today’s 
batteries w/out recharging, but other powertrains needed to enable 
widespread electric vehicle adoption

• Energy storage materials and device development targets can be 
quantified by examining patterns of energy demand
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