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Charging Ahead on ’\m

Clean Transportation BERKELEY LAB

¢+ Vehicles account for
- ~V4 of global GHG emissions

- Substantial urban pollutants from tailpipe emissions

+ Transportation electrification is needed soon, at large
scale to meet climate goals, but many obstacles:

- Range anxiety, available charging infrastructure, cost, etc.

MyGreenCar

+ [f not electrification, at least need
marked increases in fuel economy
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V2G-Sim: Understanding how clean ;
transport enables a clean grid

E'E“R}.SEEY LAB

Natonal Laboratery

¢ |If /2 US vehicles were PHEVs
= Grid storage for >1 hour of full US grid operations (~1,000 GWh)
Grid storage becomes a side-effect of deploying clean transportation
Enables substantial renewables integration... Clean transportation enables clean grid
Many coupled variables, each with large uncertainties... <€ V2G-Sim
V2G-Sim models the driving and charging User inputs | so|  Detailed || Battery
. . . . (fleet usage Battery Models Degradation
behavior of individual PEVs to generate statitios, 3 0 Models
temporal and spatial grid-scale T Automated | [ Vehicle S
impact/opportunity predictions Automated | | [7] Gve-cvele 13 Powertrain
Travel R 3b 4b
- - Pattern - $ R
Grid-scale impacts Generation Jcnargng [ | esponsed
A K N for each PEV 4; Models | ~ cr?arrr;?:;/g/zG
PEV1| | PEV 2 feeee PEV N +
0 0 1 Aggregate 6 Grid-scale
Individual PEV driving/ b;f;rrzfrt]gr;?' N og:g:tz:‘sit?; .
charging/V2G profile each vehicle from PEVs
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Vehicle Powertrains & =

Grid-Integration Research at LBNL BERKELEY LAB

Lanrence Berkeley Natonal Luboratery

¢

Cctroit . V2G-Sim development

Cathode funded by laboratory

. eSeds directed research &
2 : 2809 :: development (LDRD)
S Roers ¢ Seps 33

—

Vehicle electrification &

. .. . Advanced Powertrain
Vehicle-grid integration Engine Innovations
A Research for Developing
Countries

LDRD: seed funding
approved by Congress
for high risk, high
reward ideas that can
transform society
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Methodology: Travel Itinerary Inputs i

BERKELEY LAB

1) Statistical approach: Categorize vehicle
usage into finite number of “bins”

- Describe how/when vehicles are used

2) Deterministic approach: Direct simulation with
actual vehicle usage data

- E.g. National Household Travel Survey / Real-time data

2.5) Automatically deriving inputs statistics
from actual vehicle usage data

v2gsim.Ibl.gov
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Methodology: Travel Itinerary Inputs i

BERKELEY LAB

Lanrence Berkeley Natonal Luboratery

Activity profile of vehicle 48621, 3=plugged in, 2=parked, 1=driving

Vehicle state
N
I

Ol [+t -———+-——+—

Time (hours)
Activity profile of vehicle 97199, 3=plugged in, 2=parked, 1=driving

B 3 T 1 - T - T
_‘(E | | | |
[z 1 1 1 1
o 2 R B T e I  — —
9 | | | |
c | | | |
[} | | | |
> [T S R o

0 5 10 15 20

Time (hours)
Activity profile of vehicle 92615, 3=plugged in, 2=parked, 1=driving Generate

o3 I E [ | . e
T ; ; ; ; trip-specific
% S bmmmmee o 1 — b - .
52 ; ; H U ; H ; drive cycles
<
[} | | | |
> (A Sl il —————— e -

0 5 10 15 20

V2G-Sim | MyGreenCar | WOASA Samveg Saxena

—— : v2gsim.lbl.gov
Eliminating EV range anxiety,

Predicting personalized fuel economy,
Enabling vehicle-grid integration

November 19, 2014 6




-~

Methodology: Vehicle Powertrain Models reeee|f

BERKELEY LAB

+ Methods: several possible approaches

: . Example:
- Simple: Wh/km for each vehicle Powersplit PHEV
- Detailed: Physics-based vehicle Powertrain_J~ Propulsion Controller
Controller Brake Controller
powertrain models |

. 5 i 4
- £
xample: | Powertrain_~ Propulsion Controller [ |

Brake Controller il b
EV model Controller e ‘ ??"b‘f 1@
| @ o o0
L] ] - -7 - ? -.; : -

PE =" Source:
——' O ANL, Autonomie
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Methodology: Charging Models & ’\H

Managed Charging/Discharging Controllers  =maorwe

+ Methods: charging rate with exponential decay:

- Simple model: P,...(t) = f ( charger type , SOC , vehicle )
Example: ChargePoint CT503, Level 2 charger

Charge Start

Charge End

3,000~

2,500~

2,500

1,500+

Power (Watts)

Power (Watts)

o

o

=]
T

o

~Source: INL

1 Il 1 Il 1 L 1
260 280 300 . 320 340 360 380
Time (s)

| L | |
13,400 13,600 13,800 . 14,000 14,200 14,400
Time (s)

- Managed charging model: considers simple model +
signal from managed bi-directional charging algorithms

¢ Output: charging rate & SOC while charging

14,600
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Methodology: Battery Models

Equivalent Circuit Models

[&] ocv-R

0CV(z) v

OCV-R-RC g,

OCV(z)y

Impedance £
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OCV(z)

ax — | 5o~ T Ahlnlt Rint,dis =f (SOC Tcell
soC - 3600
Ahmax Rint,chg = f (SOC Tcell
Vout,chg :VOC ~eoul Iout Rim,chg Voc =f (SOC Tcell)
Vout,dis :VOC - Iout Rint,dis Qgen,dls = Icfut int,dis
Qgen,chg = Ijut Rmt ,.chg Vout Iout (1 - ncoul )
Q ) — Tmodule air ' module
@l Thermal resistance
T -7 _ I(Qgen - Qcooling )dt

C

'module ~p,module

V2G-Sim | MyGreenCar

Eliminating EV range anxiety,
Predicting personalized fuel economy,
Enabling vehicle-grid integration

m

)
)

Electrochemical Models

-~

reereer

ﬂ

BERKELEY LAB

Berbaley Natonal Laboratery

...............

ononnno%(

TS

Description Equation

Solid phase Li
concentration

Electrolyte Li
concentration

a ) —I(t
Solid potential gj (x,t) == (X(',) 3
Electrolyte e ie (x,t) | 2RT

X, t)= + 1
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Prof. Scott Moura, UC Berkeley
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Applications: Cross-disciplinary research

V2G-Sim | MyGreenCar

Eliminating EV range anxiety,
Predicting personalized fuel economy,
Enabling vehicle-grid integration

Powertrain «—> Fropulsion Controller
Controller s Brake Controller

Anode

Intercalated
lithium ions

Lithium bonded
with solvent
molecules

el

Electrolyte e
Cathode

XA 2

Current
Collector

-~

reereer I/ﬂ

BL_EI‘?&EY LAB

Natonal Luboratary

Regulation
Market
Impact

V2G
Resource
Bidding=
f(x15--,X,)

| — SEI — Solid Electrolyte Interphase

— SEI Growth——>

.—SEI Cracking,
leads to new SEI formation

Electrolyte

Samveg Saxena
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V2G-Sim Demonstration Cases ceceen

BERKELEY LAB

1. Predicting PEV charging demand & uncertainty

2.
3.
4,
S.
6.
7.

V2G-Sim | MyGreenCar | = \ Samveg Saxena

Spatial resolution of grid impacts

Battery degradation from driving & grid services
PEVs for renewables integration

EVs for demand response

Adequacy of inexpensive charging infrastructure

Redefining the Useful Lifetime of EV Batteries

—— : v2gsim.lbl.gov
Eliminating EV range anxiety,

Predicting personalized fuel economy,
Enabling vehicle-grid integration

November 19, 2014 11
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Case |: Forecasting PEV Charging ceeeeny)f

Demand from Stochastic Inputs SERKELEY LAB

VZG-Sim forecasts PEV Ioads 1200 Grid power demand from charging of 1000 vehicles
second-by-second
with uncertainty estimates
(enabler for PEV aggregation)

1000

800

Total grid demand from PEV charging (kW)

200,,,,,,,,,,,,,,, ,,,,,,,,,,,,,,,,,,,,, y ,,,,,,,,,,
i

Case 1a

> 1,000 EVs

> Mix of L1 & L2 charging i

» Favoring evening charging % e \
g Case 1b
5\ y N | > 1,000 EVs
s N y AR > Mix of L1 & L2 charging
[ W > Day and evening charging

V2G-Sim allows any number of different
% ; —5 is vehicle or charger types to be considered

v2gsim.Ibl.gov
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Case 2: Spatially resolving ceeerf

PEV loads and resources BERKELEY LAB
Case 2a Case 2b
> 659 vehicles, SF Bay > 80% PEV adoption
data from NHTS uniformly across U.S.
» L1 at home, L2 at work » L1 at home, L1 at work
s 350 Charging load at each location | EV charge loads at 17h20min (EDT) /
§3007 : : ‘
§250
.{%2007
§ 150
g
£ 1000
£ s
B

oO

1 1
10 Time (hours) 15

5

Workplace charging
=== Home charging

Loads (W) x10°

Alternatively, can spatially-resolve down to
distribution level, neighborhood, GPS coordinate, etc.

V2G-Sim | MyGreenCar | - WOASA Samveg Saxena
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Case 3: Predicting battery degradation ceeeeny)f

from driving vs. vehicle-grid services BERKELEY LAB

Battery SOC profile for 12 electric vehicles

‘7 PEV1 —PEV2 —PEV3 — PEV4 —PEV5 PEV6 — PEV7 —PEV8 —PEV9 — PEV10 — PEV11 — PEV12‘

7Za7 ¢E

Individual EVSOC |- 2 -\ Y\~
profiles from driving only [

(Repeated for 10 years) |

I
|
1
05—-----"-"-"-"-"-"-"-"-"-"-"-"+---"-"-- T : ************
|
|
|
|

|

' |—PEV5 no grid discharge
| |—PEV7 no grid discharge
80F------- 1=|—PEV10 no grid discharge[ =~~~

pack (driving only)

0'40 i5 10 1i5 Time (hours) 2‘0
1 | | 1 Estimated capacity fade due to
RIS — . battery use from driving only Case 3a
P s i > 12 EVs
g ‘ ‘ | > Capacity fade of a
g 85—~~~ [—PEV2 no grid discharge |~~~ T e :”” ; 7777777 — LiFePO4 battery

—PEV12 no grid discharge
T T
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Case 3: Predicting battery degradation ,\ﬂ

from driving vs. vehicle-grid services BERKELEY LAB

Battery SOC profile for 12 electric vehicles
1 —PEV1—PEV2 —PEV3 — PEV4—PEV5 — PEV6 —PEV7 —PEV8 —PEV9—PEV10 — PEV11 —PEV12

W\ T
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,,,,,,,,,,,,,,, W 7 e Y A s L W

/ \‘\ | [~ \/
Individual EV SOC profiles for | \
driving and grid services | S
Example: Discharging 6-9 pm

(Repeated for 10 years)

ol |

1 Quantifies degradation impact
1 from any grid service scenario

100

XN
~ .

Case 3b
- > 12EVs
S | - » Capacity fade of a

-
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-~ =5
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~xa

|

|

|

|

|

] SII=s i

SRS LiFePO, battery

: = PEV/12 no grid discharge Rt T -~ --‘L~- Sme=JIossS 4
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80------ ‘F === PEV7 withgri a

|

|

|

|

|

1

~—
~
~—

,,,,,, e pack (driving +
Preliminary results grid service)

+
|
|
|
|
|
n
|

=== PEV10 with g ischarge |

=== PEV12 with grid discharge |
|
|
|

Percent battery capacity remaining (%)

V)

|
|
2
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Case 4: PEVs for Renewables Integration

-~

i'..E.,.Rﬁ.E.EEY LAB

Natonal Luboratary

Net load = Forecasted load — Forecasted wind & solar generation

AN

26,000

24,000

22,000

20,000

18,000

Megawatts

16,000
14,000
12,000

10,000

i CAISO “Duck Curve”

(actual)

2013 (actual)

increased ramp

Plug-in vehicles can
alleviate challenges
from large-scale
renewables integration

[1 2c1n; 3am bam Qam

V2G-Sim results

for ~3M PEVs
(mostly PHEVSs)

V2G-Sim | MyGreenCar

Eliminating EV range anxiety,
Predicting personalized fuel economy,

12pm

Net Load (GW)

N
(@)

==Duck + L2Home,L2Work (Controlled V1G)
==Duck + L2Home,L2Work (Controlled V2G)
==Duck + L2Home,L2Work (Uncontrolled)

)
©

-
(€)]

RN
=)

8 10 12 14 16 18 20
Time of Day (Hours after Midnight)

®44444
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Case 5: Flexibility of EVs to vary ceeerf

charging to offer demand response BERKELEY LB

Charging load from 3,166 EVs

Managed charging controller in V2G-
Sim set up to reduce PEV charging

during demand response events
(without interfering with any drivers’ mobility needs)

S
300013 5
2 €38
53 02
k> 2,5007‘%@
° gg .
22,0008 c 26 pm 600 pm 8:00 pm 10:00 pm
5) T
@
51,500
©
¥ 1,000
500 —Uncontrolled charging
—Controlled chargmg DR 5- 9pm "
| |
12:80 am 4 00 am 8: 00 am 12: OO pm 4:00 pm 8:00 pm
Time of day
100%

95%

Vo]

o

X
I

Parametrically simulate DR events for
different durations, at different times of day

75-95% EV charging can be shed during DR
event without interfering with driver needs

| =-1 hour DR - L2 Home, L2 Work
759% || =2 hour DR - L2 Home, L2 Work

4 hour DR - L2 Home, L2 Work

~
o
X

Percent Reduction in EV Charging Load

6:00 AM

; ©
9:00 AM 12:00 PM 3:00 PM 6:00 PM 9:00PM {2

Start Time of Demand Response Event

V2G-Sim | MyGreenCar

Eliminating EV range anxiety,
Predicting personalized fuel economy,

Can mitigate post-DR peak by
gradually resuming EV charging

w
o
o
o

charging load (kW)

a
N
o
o
o

1,000

4:06 pm 6:06 pm 8:00 pm 10:00 prr
Time of day

Samveg Saxena
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Case 6: Quantifying the adequacy ceeerf

of EVs to meet driver needs BERKELEY LAB

> Travel patterns from NHTS for the entire United States

(2009 data — indicative of how people want to drive if they had no range limitations)

o # Samples: 120,495 weekday drivers, 39,349 weekend drivers
» Model vehicles with Nissan Leaf specs in V2G-Sim

V2G-Sim predicts SOC profile of each vehicle in each charglng scenario

95% : —r — .1"'/-”""7'" : — . .
: / .:: : :'.‘ E'..' A / : - 3 / : /

R 90% |- ---i-nnnn-1- I AV SRR ¢ A WA . N | & s - A
o | R E AP Line Colors
O 85%|--=-f--=---- e By § T Feem e L G L A A —L1Home, NoWork
‘g : % A E ! —L1 Home, L1 Work
8 80%---poooooooo- R 5 ) R W —L1 Home, L2 Work
8 oo E 5 ' VoS ; L2 Home, No Work
i [T s I . 7 "|-L2 Home, L2 Work
L2 290 Line Styles L SHI e HIN § /4 L1 chargers everyw here
2 70% = ; E
g - \/ehicle # 15,301 | - : L ' : L2 chargers everyw here

65%H"* \lf‘-hitlt # 98,170 ,} RROEET CEEERTEE geemmnnees 5 -------- —50 KW cnargers everywhere

| 1 1
800 an 10.00 am 12.00 pm 2.00 pm 4.00 pm 600pm 800 pm 10.00 pm

Time of day
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Case 6: Quantifying the adequacy ceeerf

of EVs to meet driver needs BERKELEY LAB

98% 7., .................................................................................................... ._
B L1 Home, No Work :
- | mL1 Home, L1 Work

Daily travel needs of

-8909, i x SO "
85-89 /o_ of_ U.S. _drlvers s 96% | @1 Home, 12 Work
are Sa.tISerd with EVs | @ | 12 Home, No work
Charglng on 120V Wa" % 0 0OL2 Home, L2 Work  |..coovceceee.
outlets at homes only | % | @11 All Locations
§ O L2 All Locations
§ ., m 50 kW A” Locations .................
c ;
% L1 = standard 120V outlet.
r: """"""""" up to 1.44 kW charge rate.
g L2 =up to 7.2 kW charge
s rate.
[
K=l
g

U.S. Weekend travel

U.S. Weekday travel /

V2G-Sim | MyGreenCar a2, Samveg Saxena
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Case 6: Quantifying the adequacy ceeerf

of EVs to meet driver needs BERKELEY LAB

(Y07 R bbb
: ; (A) U.S. Weekday Travel
< 50% [ R . Ll Home' NO Work i ....................................
Ea W L1 Home, L1 Work Fraction of vehicles with over
u>‘: 840% e EL1Home, L2 Work | | 60 km of buffer range for
- O L2 Home, No Work unexpected trips:
§ 30% OL2 Home, L2 Work || Ai+A+A;+A,=77%
s O L1 All Locations : :
€ 20% Ao @ L2 All Locations
§ B 50 kW All Locations :
& 10% B

0%

40 60 80
Minimum Remalnlng EV Range Durlng Travel Day (km)

60% - :
s 500 T ............................ _ (B)U-S-Weekend Travel|
R 50% : :

2 : : : '
= 40% el Era ction of vehicles with over

o 60 km of buffer range for

'9 30% B | unexpected tl’ipS:

B : B,+ B, + B, +B,=79%

T 20% o .

@

o

& 10% -

v2gsim.Ibl.gov

V2G-Sim | MyGreenCar WENSHD Samveg Saxena

Eliminating EV range anxiety,

Predicting personalized fuel economy, i N 7
Enabling vehicle-grid integration — ALl b 200 20



-~

Case 6: Quantifying the adequacy ceeerf

of EVs to meet driver needs BERKELEY LAB

o,
100% m L1 Home, No Work

B L1 Home, L1 Work
O L1 Everywhere

90% |-

80% A

70% -

S. travel needs satisfied by EVs (%)

: 60%
-}
[T
o
c
2
)
® 50%
e ! i ! i : i
(A) U.S. Weekday Travel (B) U.S. Weekend Travel
40% ! ]I- [‘- L ; L
Basecase 4.8kW 20%loss 3% Uphill Worst Basecase 4.8kW 20%loss 3% Uphill Worst
scenario ancillary ofbatt Gradefor case scenario ancillary ofbatt Gradefor case
load capacity all Trips scenario load capacity all Trips scenario

v2gsim.Ibl.gov
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Case 7: Redefining the useful lifetime ceeeeny)f

of EV batteries and the start of second I|fe BERKELEY LAB

95% ........................... ........................... ..........................

Impact of energy capacrty 90% ........... ....................... ....................... ..........................

fade on ability to satisfy | £ § &% | _

drivers’ daily travel needs B0% RN A
5% Ii-|ome, NoE Work

70% | —L1Home, L1 Work
—L2 Home, No Work
65% | —L2 Home, L1 Work

Impact of power fade on ability to
meet drive cycle requirements

g% | —L2HomeL2work | —
—L1 Everywhere
55% i ; i i %

400

Fraction of U.S. Drivers Whose Daily Travel Needs
| are Satisifed Under Different Levels of Capacity Fade

100% 90% 80% 70% 60% 50% 40% 30%
Remaining Usable Battery Capacity (% of 23.8 kWh battery)

300

200 EV batteries continue to

meet driver needs far
longer than expected...

100

-100

-200

Battery power output (kW)
o

..battery useful life is

\ +UDDS HWFET + USOG*Max charge — Max dlscharge\ mUCh Ionger than

10% 20% 30% 40% 50% 60% 70% 80% 90% expected
Battery state of charge (%)

-300F-+--

-400
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MyGreenCar: Leveraging V2G-Sim to ceeeeny)f

accelerate deployment of clean vehicles BERKELEY LAS

> Drivers and fleet managers are often unaware of the
benefits of clean vehicles

> Many are unaware whether these vehicles even meet
their individual needs

o E.g. range anxiety is a key obstacle for EV adoption

> MyGreenCar is an end user application of V2G-Sim
that provides drivers with personalized information
on how clean vehicles meet their needs

v2gsim.Ibl.gov

V2G-Sim | MyGreenCar Ny = ‘ Samveg Saxena
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How MyGreenCar Works ceceen

E'EmR&EY LAB

Natonal Luboratary

1. Users record their travel patterns and personalized drive cycles for any
duration (e.g. 3 weeks, 3 months, etc.)

2. User chooses vehicle types and data is transmitted to a V2G-Sim server that
uses physics-based powertrain models to predict SOC, charging needs, fuel
consumption, etc.

O  Models consider important factors such as traffic, terrain, ancillary power
consumption, etc.

Powertrain Propulsion Controller
Controller Brake Controller

3. Analysis results are reported to the user

H

10 20
Ti h /
ime (hours)| = 3 User Report

” o
- < v 1. Fuel econ

: /o 2. S0C

= : A : .
‘ E ‘ s . ? 3. Charging

2 700l Line Styles ! & | | /
s 5 "77%||—Vehicle # 15,301 | - . 7 | ‘ needs
D > 65%||-++Vehicle # 98,170 | 1 | | |
v - 8:00 am 10:00 am 12:00 pm 2:00 pm 4:00 pm_ 6:00 pm 4. Etc...
Time of day

V2G-Sim | MyGreenCar ISPl Samveg Saxena
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MyGreenCar Application |: Eliminating ceeeeny)f

range anxiety for prospective car buyers BERKELEY LAB

»> Accelerating EV adoption by eliminating range anxiety for prospective
EV owners

O

Does an EV provide the range requirements for my normal travel
patterns? Am I ever in danger of running out of charge?

How much range will I have if I need to make an unexpected trip?
Do I need a level 2 charger at home, or 1s level 1 sufficient?

Do I need a charger at work or other locations?

How much will I pay for electricity? How does this compare to what I
will pay for gasoline in a comparable conventional car?

What incentives are available?

v2gsim.Ibl.gov

V2G-Sim | MyGreenCar | PR DB Samveg Saxena
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MyGreenCar Application 2: Eliminating ’\ﬂ

EV range anxiety for current EV owners BERKELEY LAB

» Eliminating range anxiety for current EV owners

O Atmy car’s current SOC, do I have enough charge to make my next
trip? (when considering traffic, terrain, ancillary power consumption,

etc.)

O Ifnot, how much do I need to charge my car? How long will this
charging take on different types of chargers?

Identify likely route ~ Prediction of trip’s drive cycle

Forecast SOC

§ o~
g 0

S VidG———

\

Powertrain Propulsion Controller

m /\]\/
0
0 50

Mapping / V2G-Sim server
V2G-Sim | MyGreenCar

Eliminating EV range anxiety,
Predicting personalized fuel economy,

100

20 250 Controller Brake Controller

150
Time, s
\ )
!

Does the vehicle
have sufficient SOC
for the trip?

Samveg Saxena
v2gsim.Ibl.gov
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Application 3: Personalized fuel economy
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reereer

estimates for any driver in any car BERKELEY LAS

» Enabling drivers to compare fuel economy across vehicles for their

own driving style

(i.e. personalized EPA fuel economy label)

O How do these cars compare in terms of fuel economy and operating

costs for my personal driving patterns and style?

O Are there comparable cars available that will offer greater fuel

economy for my driving style?

[E)S‘?r- Fuel Economy and Environment . Gasoline Vehicle

Fuel Economy

You S@Ve
QZGMPG The baet v $1 850
14

ombined cityhw) 2.2 3,2, in fuel costs

) e o over 5 years

b o s e |
Annual fuel COST | Fet feonomy & Greenhouseggtation SogiPeing

V2G-Sim | MyGreenCar

Eliminating EV range anxiety,
Predicting personalized fuel economy,
Enabling vehicle-grid integration

VS.

My Personal

Fuel Economy

Compare several cars
Conventional models
vs. hybrid models

vs. plugin models, etc.

Samveg Saxena
v2gsim.Ibl.gov
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MyGreenCar Application 4: ceeerf

Guiding fleet vehicle purchasing SERKELEY LAB

» Enabling fleet managers to quantify the benefits of clean vehicles and
deploy them to capture the greatest benefits

O How much fuel savings will an advanced vehicle get in comparison to
a conventional vehicle on our routes?

O How long will it take to recoup the added capital cost of an advanced
vehicle?

O Which routes should I deploy the advanced vehicle on to capture the
greatest fuel savings benefits?

Diesel vs. natural gas
vs. diesel hybrid vs. etc. ?

Which routes?

V2G-Sim | MyGreenCar s 0 O\ Samveg Saxena
—— : ' o v2gsim.Ibl.gov
Eliminating EV range anxiety, |

Predicting personalized fuel economy,
Enabling vehicle-grid integration
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More applications of MyGreenCar... cecee

BERKELEY LAB

> Schedule a test drive within the MyGreenCar App

> Enable drivers to understand economic benefits of clean vehicles
> Fuel savings, incentives, time-of-use rates for charging, etc.

> Research dataset — more detail & samples than any other travel survey
> Spatially forecasting PEV deployment for grid infrastructure planning

> Enabling real-time data collection to enable vehicle-grid integration

> MyGreenCar as interface to an aggregator — specify planned travel activity
> PEV owners + MyGreenCar + V2G-Sim forecasting + aggregation server = grid services

> Utilities: a tangible tool for outreach and accelerating PEV adoption

> And more...

V2G-Sim | MyGreenCar | ;= | Samveg Saxena

—— : v2gsim.lbl.gov
Eliminating EV range anxiety,

Predicting personalized fuel economy,
Enabling vehicle-grid integration
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Transformative applications ceeef

spanning disciplines SERKELEY LAS

MyGreenCarl|V2G-Sim ssaxena@lblgov

v2gsim.lbl.gov

Eliminating EV Accelerating
range anxiety clean vehicle
Predicting \ deployment

personalized
fuel economy

Optimize Understand, Develop and | | Develop VGI Understand Forecast
powertrain | | quantify, and understand business distribution & PEV loads
control avoid battery impacts of models & transmission Quantif
systems degradation managed understand system impacts | | . y

; . impact of VGI
for VGI from VGI charging their impacts .
. for many grid
algorithms Plan future aoplications
infrastructure p([jo ket
V2G-Sim Analysis planned release: Nov-Dec 2014 and markets

V2G-Sim | MyGreenCar ; S W SNy Samveg Saxena
e : ool : — v2gsim.lbl.gov
Eliminating EV range anxiety,
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Enabling vehicle-grid integration
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