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Context

* The uncoordinated charging of many electric vehicles (EVs) can lead to

exceeding line ampacities, statutory voltage limits, and substation
transformer rating.

* Smart charging has been widely proposed to achieve coordination among
EVs to avoid congestions and postpone expensive network reinforcements.
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Research question

* Autonomous electric vehicles (AEVs) will replace conventional EVs in the
next decades.

* Thanks to autonomous driving, AEVs can pick a suitable charging station
autonomously and support local distribution grids operations.

 How can we augment smart charging algorithms to use the option of
autonomous driving to improve charging times and reduce grid
congestions?

* To reply, we formulate an optimal power flow (OPF) -based smart charging
algorithm for EVs and AEVs and compare their performance.
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EVs’ battery state-of-charge model

* Non-negative charging power of vehicle v at time t:
P(EV)

tv

* Battery state-of-charge (SOC) of vehicle v at time t with charging efficiency n [Stail:

S0Cy, (PEY) =80C, 1, (PYY),) + nEiUPt(EWTS

* Charging power should be less than the charger apparent power rating (we

assume operations at 1 pf): — » — .
P(EV) < P(EV) chicle and time 1indexes:

tv. =" v=1,.,V

t=1,...,T.
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Vehicles’ charging demand and grid nodal injections

* Nodal real power injections at time t and grid node n is the net demand
plus the charging demand of all vehicles connected to n:

(net) 2 : (EV) Grid node index:
P + bn'u n=1,...,N.

This binary variable is 1 when vehicle v charges at node n, 0 otherwise.

./\.

For non-autonomous EVs, b, for alln and v are For autonomous EVs, b,,, for alln and v are
defined by the final parking location of each free variables because the vehicles can
vehicle v. pick independently a charging location.
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Formulation of the OPF-based smart charging problem for EVs

T V
. EV) _ The objective is to reach the target SOC level SOC* as soon as possible
arg min (SOCy, (P, SOC;, ) . g ) e

PEV  pEVcr, (1 o (alternatively, we can minimize the cost of imported electricity too).

SOC, ( SJEV)) = S0C;_1, ( SFV)) +nEiPt<fV)Ts t=1,...,T, v=1,...,V

0<S0C,, <1 t=1,....T, v=1,...,V SOC model, SOC limits, and charger limits

PEY) < pEV) t=1,....,T, v=1,...,V

P (P(EV)) P(net) * (EV) o o .. .

v (P! +Zb P} t=1,.... 7, n=1,...,N Nodal injections model.
(EV)\ _ (EV * _ _

Utn (Pt ) =/ (Pt ’b”) t=L.., T, n=1..,N Grid model. We use linearized grid model

sy <P(EV)> —n, (PEEV) b*) t=1,....T, I=1,...,L based on sensitivity cogfficient_s [_Christakou]
calculated based on point predictions of the

S (PgEv)) (P(EV) b*) t=1,....T net demand.

v<vn ()< t=1,...,T, n=1,....N Constraints on voltage limits, current, and

i (+) <y t=1,....,7, l=1,...,L apparent power flow at the substation

S (<8 t=1,...,T transformer.
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Extension to autonomous electric vehicles

* Intuition: AEVs can pick independently a charging station, so the variables
b,, are now part of the decision problem.

P(net) 4 Z anP(EV

 However, in this way we have computationally complex bilinear terms due
to products among decision variables b, and PEY),
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Extension to (...) — McCormick inequalities [Sossan]

*  We use McCormick envelopes to write the bilinear term
Rnot — bnth(fV)

as a set of three linear inequalities

Znut S bnqugEV)
Znut S Pt(EV)
Znut Z Pt(f)v} T PéEV)(l T bnv)

* Asb,,isbinary and P is bounded, the relaxation holds tight and is exact

— [McCormick].
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Formulation of the OPF-based smart charging problem for AEVs

* Same formulation as for non-autonomous EVs with the following differences:

T V N 0
We now minimize
. EV 2
arg min {Z (SOC, (Pr,") —SOC7) } over the binary
Iii(fV)""z;P;EVV}oE g =0t variables too
115+« Ynv € ) L]
— Additionally, we apply the following pre- and post-
N Non-multilocation constraint (physical processing heuristics to model the additional charging
Z by <1 constraint to ensure that AEVs charge at demand of autonomous driving:
n=1 one node only, for all v).
v *  If the residual SOC of a vehicle is less than a
P, (PgEV)’ bn) _ Pt(;lzet) + Z Znot threshold, it charges locally. ‘
) J The final SOC of AEVs that changed location for
5 < b PEV) L . charging is decreased to account for the energy
mwt = Tnu Nodal injections model and .McCormICk consumed in returning back to the original parking
Zowt < Pt(f") inequalities (for all relevant indexes). location.
EV =
Znut Z Pt(v ) - PqSEV)(l - bnv)

v (In our small network case study, it was observed that additional
PQEEV) < PISEV), charging demand plays a minor role).
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Case study for the comparison EVs vs AEVs
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Case study (...) — cont’d

3.7 kW chargers (16 A at nominal voltage).

Electric vehicles with distribution of SOC at arrival as in the test-an-EV experiment
in Denmark [testDK]:
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We assume that all EVs end their trips and are available for charging at the same
time (4 PM).

Time resolution of the scheduling problem is 1 hour. Scheduling horizon 15 hours
(4 PM —7 AM of next day).
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narging schedule of EVs vs AEVs
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Lighter shaded areas are
min/max values

Darker shaded areas are
.25/.75 quantiles.
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Results: where do the AEVs go to charge?

Node Ig:nn::;?; Power Number of Number of charging
(kW) factor parked EVs AEVs (from results)
1 200 0.95 50 54
11 15 0.95 3 6
15 52 0.95 12 5]
16 55 0.95 14 15
17 35 0.95 8 10
18 47 0.95 11 6]

» Some of the AEVs move closest to the grid
connection point.
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Conclusions

 AEVs add an additional degree of freedom to the charge scheduling problem.

* Smart charging of AEVs contributes to reducing congestions effectively thanks to
selecting suitable charging points in the grid.

 We propose smart charging for AEVs with an optimal power flow augmented with
binary variables with bilinear terms (exactly) linearized with McCormick envelopes.

* Final recommendation for distribution system operators (DSOs): AEVs will avoid grid
congestion and postpone cable replacement. If grid congestions are a problem for non-
autonomous EVs, in the meanwhile of the transition to AEVs to happen, DSOs can opt
for temporary solutions to solve them (e.g., battery energy storage systems).
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