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High Performance
Control

Applications

Summary of
Contributions
The goal of this
dissertation is to
understand,
reduce, and
control modeling
uncertainty in
battery energy
management
systems.
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Battery Energy Storage Control

A BESS controller is the process responsible

for deciding when to charge and discharge

the batteries.

Energy storage services can be categorized as

those where changes in value is foreseeable
and those where it is not foreseeable.

Energy Management System (EMS)

Other Controller(s) BESS Controller

Vir
Other Devices

• Generators
• Other DER

• Other BESS

• Protection
Devices

Sensors
(PMUs)

• Smart Loads
• Demand

Response

etc.

• • •

♦fi .. Battery Energy Storage System

Control Feedback Data

ac/dc

Inverter

Control
implementation

Safety Limits Battery

Management

System (BMS)

DZ.Init-Yiel

Battery
Sensor

Measurements

[Foreseeable e.g.
Peak Saving
TOU Price Arbitrage

Proactive control can improve effectiveness/value of storage

Not Foreseeable e.g.
• Frequency Regulation
• UPS Backup Proactive control is either infeasible or trivial
•• 4

Introduction Models ncertainty Applications Conclusion



TEXAS WHAT STARTS HERE CHANGES THE WORLD

The University of Texas at Austin

Publications Outline
Part 1:
Models
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Optimal Control" IEEE Access, December 2019. Article DOI: 10.1109/access.2019.2957698, Code DOI:
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2019
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Part 1: Models
Elimination of Unrepresented Dynamics

Major Contribution — Performed a comprehensive
review of the mathematical models used for optimal
control of battery energy storage devices.

D. Rosewater, D. Copp, T. Nguyen, R. Byme, and S. Santoso, "Battery Energy
Storage Models for Optimal Control" IEEE Access, December 2019. Article
DOI: 10.1109/access.2019.2957698, Code DOI: 10.24433/C0.6925148.v1
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Illustration of the trade-off between model accuracy and complexity
M
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l
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• Parameters may be estimated through experimental analysis.

A • Computationallysimple enough for many real-time optimal control applications

• Can use generic parameters for chemistry type but this may not achieve desired

accuracy level

Charge Reservoir Model

With Equivalent Circuit

Energy Reservoir Model

Anode Sepa rator Cathode

Single Particle Model

Anode Separa or Cat h od e

Pseudo-Two-

Dimensional Model

Currently too

computationally complex for

most control applications

  Load/Supply  

111 Z.* •.

• - • :4
. a'
. 

• - •

.1.,

•
•

Ano-de Separator Cathode

Detailed Electrochemica I

Sirnulation Models

• P3D stack/thermal

• P2D +Stress-strain

• P2D +Population balance

• MD, KMC, etc.

• May require information on battery construction and chemistry

that manufacturer considers proprietary

• May be too computationallycomplex for some control applications

Computational Complexity
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Battery Energy Storage Models for Optimal Control: Problem Statement

Consider a hypothetical commercial electrical
customer billed for power under both time-of-use
(TOU) and a $50/kW demand charge.

Electric Bill without BESS

fs = At wT1 + max(1) v

Electric Bill with BESS

f,(p) = At wT(1 + p) + max(1 + p)

where p is the battery system power that element wise
subtracts from l when the battery system is discharging.

The problem formulation can be expressed as: design an
optimal battery dispatch control scheme that minimizes

the customer's total bill subject to the constraints of the
battery and the customer's system.
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0.25

0.2

015

0.1

0.05

o
o

off-peak part-peak peak

4

4

8 12 16 20 24

8 12 16

Time (hours)

TABLE 1 Summary of case study assumptions.

20 24

Ownership Commercial Electrical Customer
Load Profile From the EPRI test circuit `Ckt5' loadshape summer,

scaled to a 1.0 MW peak [15].
ToU Tariff 9 IkWh off-peak,

11 /kWh partial-peak hours (9:00 to 21:00),
15 /kWh peak (12:00 to 18:00) [13]

Demand Tariff v = $50/kW based on peak net load [14].
Billing Daily, 15 minute time steps.

8
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SoC: Energy Reservoir Model

Energy reservoir model (ERM) is a term
for the class of SoC models that define
capacity in units of energy (kwh).

rnin
)(ERNI ER3n +2

subject to:

Atw (1 p+ + p )+um

C2capDC = 7/eP± P + [1]

Sp] = CO

S[i] = S[n]

Pmin [1] < p+ + p < pmax [1]

Cmin < S < Cmax [1]

bl [1] < p+ + p- < ni2s + b2[1]

1 + p+ p— < T[1]

TOU Rate

Demand Charge

Energy Reservoir

Initial and final SoC

Battery
Management

System Limits 
Peak Power

1100 

1000
900

800 -
-2 700 -
3 600
la 500

- 400 -

300 
0

200 
150 -

100 -

50  

0 -

Peak = 914.735 kW

05

—50 -
2, —100

- —150 -
—200 

100 

— Load

— Calculated Net Load

12 16 20 24

12 16 20 24

90 max
80-
70
60
50
40-
30
20 —
10-
0 
0

min

2:2

Time (hours)

16 20 24
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SoC: Charge Reservoir Model
Charge reservoir model (CRM) is a term for the class of SoC models that define capacity in units of energy (Ah).

min
.ozmERGn+2
subject to:

At wT(1+

Pdc = 00P2 + 61P + 02

Pdc = (iti)-at + ibat)vbat

Vbat = Voc[1:n] + R0 (itH)-at + ib7at 

V„ = ac3 + f3c2 '")/S- + (5 I

CcapDC = nciL + ibat
C[1] = CO

C[1] =

pmin [1] C p C pmax [1]
Cmin [1] < S < Cmax [1]

ymin [1] < Vbat < Vmax [lt

Zmin [1] [CP]

[0] < c,Fat < imax[1]

1 + p < r[1]

rTOU Rate Demand Charge

Inverter Efficiency
Ohms Law

Equivalent Circuit
Open-Circuit Voltage 
  Charge Reservoir  

Initial and final SoC

Battery Management

System Limits

Peak Power  

1100

1000

900 "- Peak = 917A24 kW
800

;51 700
65 .0

400
300 

200

150
100

3'
• -50

g :15000

200

50
0

F 100 max
60

o

— Load

— Calculated Net Load

16 20 24

24

200
150

100
'P 50

d -50

▪ -um

-200

rnin

12

847

807 max

g 767
I 72.77

13 6.7 min

607
12

Tinw (hours)

24

10
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SoC: Single Particle Model (SPM)
Single Particle Model (SPM) is a subclass of
concentration based SoC models that define
capacity in units of energy (mol/cm3).

mi
.symEttl

8n
^+13

subject to:

At w (1+•
Pdc = 00P2 0113 + 02

Pdc = lbatVbat

Vbat = 111p[1:n1 411n11:n1 + rip — 7In ROibat

(40a)

(40b)

(40c)

(40d)

= vbat + F n  
0 RT 

I 
icionar — o

Cj,0 
+

AFk 2C.1,0 
k +1

k=0 Cj,mar

2Ci,ok(Cionar — Cs, /A)) 

Cj,max (2 ci.° \ 1 —k

(40e )

ibat — ks jCj maxC0e.5(—Cj,0[1:n] )115 C,7:8[1:n]

{exp (0.5F )

RT exP RT n3)1
/ 0.5F \ 1

lll 
(40f)

1,rj,oDci,o =
F

S3,0 ibat Ds,jSj,l(cj,1[1:71] — C3.0 )

dr
(10g)

TOU Rate

dr Vj,l  D

Dsd

dr Vi2
 Dc3,2
Dso 

dr Vj 3
 Dc3.,3
Dso

drV3,4
 Dc 4
Dso

= Sj,1 (Cj,0[1:r] Cj,1[1:n[ )—

Sj,2(Cj,2[1:n] Cj,1[1:n])

= Sj,2(Cj,1[1:r] Cj,2[1:110

Sj,3 (Cj 3[1:r] — 2[1:n])

= Sj,3 (Cj,2[1:r] cj,3[1:n0+

Sj,4(Cj,4[1:r] Cj,3[1:0] 

= Sj,4 (Cj ,3[1:r] Cj,4[1:n])

Cj,10:41.[1] = C j,init [1]

Cj,{0:4},[n] = [1"

pmin[1] p pma,[1]

vmin[1] 5 Vbat 5_ Vmax [1-1

imin[1] ibat imax [1]

[O] Cj,{0:4} j,rnar[1]

1 + p < T[1.]

Demand Charge

Inverter Efficiency
Ohms Law
Cell Voltage

Chemical potential

Butler-Volmer equation

Concentration Model

Initial and final SoC

Battery Management

System Limits

Peak Power

11
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SoC: Single Particle Model (SPM)

s„,c,

F as.„As,„Lsm

Vn,3 Vn,2 Vn,1 Vn,0

Ds,nSn,4 Ds,nSn,3 Ds,nSn,2 Ds,nSn,1

drn drn drn drn

, 1 /Anode
1100

1000

900 --

▪ 800 -
• 700 -
N 600

▪ 500 _

Peak 913.649 kW

200

ss0-
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500

-50

▪ -100 -
-150 -

200

100
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80

? 76P

V 50
40

..st 30
20
10
0
0

nsn

sp,o

F as.pAs, Ls

41111111110.

Battery Current A( nt, 1

Cathode

5 1.0
fs
1g, 0.8

g. 0.6
u

0.4
o
r
lb' 0.2 -
u

0.0

g 1.0

SoC=100c,

— Load

— Calculated Net Load

1.2 1.6 20 24

4

(2 0.8  —
4E' SoC=100%

12 20 24
0)
‘g.' 0.6 -

0.4 -
-0

0.2 -

Er0
0.0  

SoC=0%

4

24

p 1 Cp

Vp.o V/3,1 Vp,2 VP.3 vn,4

Ds,pSp,i Ds,pSp,2 Ds,pSp.3 Ds,pSp,4

drp drP drP drP

1 6111\

— c_fp,01
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8 12 16 20 24
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r
8 12
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Temperature
An enclosure can also be modeled using the
heat generation and transfer discussed
above. Heat is generated in the hottest cell
in the system, transferred to the enclosure,
then transferred to the environment.

min
XTER9-+5

subject to:

At + p + PHVAC

ihu,

Electrical
Current

Electrical
•—•

Heat Conduction
—•

Meat Radiation

+ vT (55a)

in addition to the constraints in (28)

1+ p +PHVAC <
CTDT = RO(ibat)2 U(TEN[1:n] - T[1:0

(55b)

(55c)

CEN D TEN — KH(T[1:7-i] TEN[1:n]) UEN Tenv TEN[1:1z]

r/HVACPHVAC (55d)

T[i] = To

TENN = To

T < Tma,[1]

[0] < PHVAC PHypc_ma, [1]

(55e)

(55f)

(55g)

(55h)

TOU Rate

Demand Charge

1100
1000000

— 800
13 700
'3 600
-rd 500

400
300

Peak = 917.424 kW

— Load

— Calculated Net Load

12 16 20 24
210050

100
s: 60

o
g —50
:110500

—200

_
Peak Power

Hottest Cell

Temperature —
Enclosure

Temperature
High Temperature

Limit
HVAC Power Limit

16
ugig0

:T '48

~30 
20

20

°2 0 1:6 20
110
100 —

g. 70
u 60
< 50

40
S

ia 0 0 

.7,, 45
40

E 30
35

g 25
:„E., 20

E 150
5  

• 0

24

24

1'2 16 20 24

Ma%

— Environment Temperature

— Hottest Battery Temperature

— Enclosure Temperature

12 16 20

Time (hours)

24
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Degradation
Rainflow counting is a recursive algorithm and so is not simple to incorporate into optimization.

However, if we assume only one cycle in the control horizon, it can be simplified.

min
3cHERgn+ 12

subject to:

At wT + p + PHVAC )+ VT + CE0L4

in addition to the constraints in (28) and (55)

= —kt S, Sr e—fd

fa = St S, ST + AS6 sc. ST

St = kt n At
sc.  ek, ci.ef)

ST = ekT(IITIll—Tref) I I r• el fi 1

5 = max(c) — min(c)

S5 = a (54 b (53 + (52 + d + e

MFIDU Rate

Demand Charge

Degradation Cost

Degradation Rate

Driving Function

Time Stress Factor

SoC Stress Factor

Temperature Stress Factor

Depth-of-Discharge

Stress Factor

1100
1000-

900 Peak = 917.424 kW
800 -

:Y3' 700
3 600
3 405000 _

300

200

— Load

— Calculated Net Load

12 16 20 24

115000
50 -
o -

g. —50 -
2; —100

—150
200

2
2.
is

-2

u
<
>

Si

8 1'2 16 20 24
100  

9° -
80-

50 -
-

30 -
20  
10 -

max

min
0

110
0

12 16 20 24

90 max L
80
70
60
50
40
30
20
10
0

N
E^, 45 —
.0 40

;I' 35

:3 20
a. 15
E 10
,2 5

113

12 16 20 24

max

— Environment Temperature

— Hottest Battery Temperature

— Enclosure Temperature

8 12

Time (hours)

16 20 24

14

Introduction Models ncertainty Applications Conclusion



TEXAS WHAT STARTS HERE CHANGES THE WORLD

The University of Texas at Austin

Part 11: Uncertainty
Modeling Error Minimization

Minor Contribution — Develops a process for the EMS to calculate
and improve the accuracy of its control model using the operational
data produced by the battery system

D. Rosewater, B. Schenkman, and S. Santoso, "Adaptive Modeling Process for a
Battery Energy Management System" in Proc. Symposium on Power Electronics,
Electrical Drives, Automation and Motion, Sorrento, Italy, June 2020, to be published.

15
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BatteryStates inverterStates Grid States
Model

Uncertainty I 1
IT/

Measurement T
Uncertainty

1) ►

Grid Operators

•

Controller

Markets

Operational
Uncertainty
• Load Forecast
• Solar Forecast
• Wind Forecast
• Price Forecast
• Events

Renewable Generation

Sources of Model Uncertainty
Unrepresented dynamics 
e.g.
Modeling Assumption:
Open circuit voltage is a
function of state of charge.

Source of Uncertainty:
Open circuit voltage is
also a function of
temperature

Inaccurate parameters 
e.g.
Modeling Assumption:
Battery capacity is 100
Ah at a 10 A discharge
rate

Source of Uncertainty:
Aging reduces battery
capacity to 90 Ah

Parameter Estimation Methodologies
Specifications:
Prior to a system being built the manufacture can supply
specifications of the system's expected performance
Pro: easy, quick
Con: aspirational or conservative values, mismatch between
expected and actual use

Testing Metrics: See Chapter 3
As soon as a system is built tests can be performed to estimate
performance metrics that are relevant to the SoC forecasting model
Con: mismatch between expected and actual use

Operational Data:
Once a BESS is installed and operational, the data collected
from it can be used to further improve forecasting accuracy.

16
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Operational Data

Sta rt N=1

Collect data

for one day 1 

identify optimal

model parameters

Test candidate

model accuracy

Update

Model

Store Data in

Test buffer

Does not

Qualify

Testing

Data

N = N + 1

We reduce the prior knowledge of the battery that the
EMS needs to get started, improve the prediction
accuracy over alternatives methods, and to calculate and
track modeling uncertainty such that the model can be
used for risk-averse or robust state estimation and control.

—/Voltage

sr

Current

 i

1., SoC

Day N-1 Day N

1

to 1,

• • •

1 Voltage ,,, ,/

/ 
ss,\sr
_l_

Current

SoC

/

to
Testing Data Training Data
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Model Training

Step 1: Identify optimal Model Parameters

Capacity and Efficiency OCV and Equivalent Circuit

millxleiRn+3

subject to

OcapIN = + 1—

x1 ={-,i)c,ocap} E n+3

min —x2ER3n+12

subject to :

X2 =

= voc [1:n] + V1 [1:n] + +

=
[1.n]
+ 

i+ ± 
•  

C11.11 6'1

'roc = 2+ +
Voc-max = liC1.nax 4Cm2u '5'Smax +

Voc_min = &din + 4cin + + cS

+ 24shoid + > 0

it, 151 E R3n+12

Rc —II-
1=—  

Rd —1\AA/\—

CI

vl
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Model Testing and Update

Step 2: Calculate Model Step 3: Update equivalent circuit,
Error on Testing Data

-RMS

EZ=i(vb. —

k=1

71

k — 2V,H

Vk

E%

capacity, and efficiency parameters
0.05

F = min — , 0.25}
s%

R, = (1 —F)R, +F 1=

Rd = (1 — F)Rd +Fkl

R1 = (1 —F)Ri +1-7P1

= (1 — F)C1+ FO1

Ccap = (1 — F)Gap FOcap

17, = (1 — F)71, +

Learning Rate

Equivalent Circuit

Model Parameter

Update

Capacity and

Efficienc U • date

19
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Model Testing and Update

Step 4: Update open circuit
voltage holding values

Voc—hold (C.) +=

-Af(S Shold-k
3 ,,^

aChold-k + Nshold-k + ishold-k (3.)

Learning Rate

Probability that the

SoC equals the

holding SoC

Estimated
Parameters from

Step 3

Step 5: Re-fit the holding
values to update OCV function

O
p
e
n
 C
ir
cu
it
 V
ol

ta
ge

 

1050

1030

950

900

850

800

0 5 10 15 20 25 30 35 40 45 50 55 60 65 70 75 80 85 90 95 100

State-of-Charge (%)

- .VOC 1 .1/13C 2 .VOC 3 •VOC 4 .VOC 5 .1.(OC 6 , VOC 7 VOC 8 ..V0C 9

—VOC 10 VOC 11 VOC 12 VOC 13VOC 14 VOC 15 ,VOC 16 ..VOC 17 VOC 18 VOC 19

.-VOC 20 VOC 21 .VOC 22 — VOC 23 —N/C)C 24 —VOC 25 — VOC 26 —VOC 27 —VOC 28 —VOC 29

—VOC 30.—VOC 31 —VOC 32 —VOC 33 — VOC 34 VOC 35 VOC 36
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Results for Data Collected in 2019-2020
Sterling MA

0.08

0.07

'E. 0.06

" 0.05

0.04
o
0.03

0.02

0.01

0

• • s• • • • •

• • • • •
•••,„ s•fx

*3 4) A 0 N, *3 4) A .2) "5, *3 4) 1 0) y••$. 1.•

Qualifying Days

3000

>-
.15 2800

3 2600

2400

2200

Parameter uncertainty is calculated as the standard
deviation of the previous ten estimates.

1 ?

?

2000

v-) A 0) y1 0) 43 A Ch 43 A f%) N. la <0 A
N. N. 1, 1,

Qualifying Days

3000

>- t
'5 2800 Tm
a_ 1 i ? I,
a 2600 ? T ý
,-.1 • . 1 ?

c ... 2400 1 1 :
? 

1' ? T ? t •
13attery 1 'RI • 

• . II
.. 1

m 2200 i i 1 •
— Battery 2 • i 1 i • •

4 a
2000

N. 0, 4) A 0 yy 0) 4) A c) ^, 0) 4) A c) N. 02 4) AN. N. N. ^. 'V 'V A. 0) 0) , 2

Qualifying Days 21

Introduction Models Uncertainty Applications Conclusion



TEXAS WHAT STARTS HERE CHANGES THE WORLD

The University of Texas at Austin

Part 111: Applications
Risk-Averse Optimal Control

Major Contribution — Enabled the application of a more accurate, but
non-convex, battery system model by calculating upper and lower
bounds on the globally optimal control solution.
Major Contribution — Modified battery controller model to consistently
underestimate capacity by a statistically selected margin, thereby
hedging its control decisions against normal variations in battery
system performance.

D. Rosewater, R. Baldick, and S. Santoso, "Risk-Averse model predictive control design for battery
energy storage systems" IEEE Trans. Smart Grid, September 2019. DOl: 10.1109/TSG.2019.2946130 22
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Problem 1: The CRM is non-convex

CRM-based control is a non-convex problem, meaning gradient based optimization solvers
are not guaranteed to produce the global minimum.

Approach: Bound the
Solution to the CRM-based
optimal control problem

between two related
convex problems

Local minimum above upper bound

Local minimum below upper bound

Convex Upper Bound

Convex Lower Bound

Arbitrary Non-Convex,

Continuous Function

Upper bound on

global minimum

True global

minimum

Lower bound on global minimum
23
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Lower Bound (constraint relaxation)

Original non-convex problem

min
xc ER8rr+3

subject to:

At / (1 + p) 7 d + 111 PII2+112Ilvslll (5a)

10

0-
'-10-0.0

10-

e,

-10
so

04)2 + 01P + 02 Pdc (5b)

Pdc = llbat + ibat)Vbat (5c)
;1- ;

Vbat = Voc [1:n] + Lo 
( 

+ 'bat ibat) + vs (5d)

voc = aS3 /3S2 + (5e)I

CcapDc = nciL + ii;at (5f)

S1 = So (5g)

— Sn+1 (5h)

pmin [1] < P < Pmax [1] (5i)

Smin [1] < cmax [1] (5j)

Vmin [1] < Vbat < Vmax [1] (5k)

[0] < lbat < imax [I] (51)

imin [1] < ibat [0] (5m)

1 + p < r[1] (5n)

58

1'56

52

048

Cubic Function

mem Cubic Spline Furiction

Convex Hull of Cubic Function

10 20 30 40 50 60 70 BO 90 100
State of Charge (%)

min At cT(1 + p) +7- a + nillp2 “1211v9111
.c c 118"1-3

+Pdc E +n
Ric E

subject to: (5d) and (5f) throttgh (5n) unchanged

relaxing (5b) q5Dp2 + 0113 + +

relaxing (5c) Alga: ybat, < 1)1[1]1xn

A2 [ibat; Vbat) Pdcr < b2 [111 xn

 (7q
(7b)

(7c)

relaxing (5e) A3 [c, vocl < b3[1]1),„ (7d)

24
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Upper Bound (constraint restriction)

Original non-convex problem

min At c (1 + p) + T d + 111 +11211vslli (5a)
xe ER8n+3

subject to: Oop2 + Oip + 02 Pdc (5b)

Pdc = (ibEat + ibat)Vbat (51

Vbat = Voc [1:n] Ro gat + ibat) Vs (5c1:

V„ = ceS3 i3C2 'Yg + 6 (5e;

CcapDc = nciL + ibat (5f)

Cl = CO (5g)

— Crt+1 (5h)

pmin [1] < P < Pmax [1] (5i)

Cmin [1] < cmax [1] (5j)

Vmin [1] < Vbat < Vmax [1] (5k)

[0] < lbat < imax [1] (51)

imin [1] < ibat [0] (5m)

1 + p < r[1] (5n)

min
8n-I-3xc E

E R7+1

E W-1+1

W1-5 E {0, i}n+1

subject to:

AtcT(1+ + d +11111PHZ +

(5b) and (5f) through (5n) unchanged

restricting (5c) Pdc = (FhEat + ilat)vocmin (8a)

restricting (5d) vocmin [1] = voc [1:n] Ro(lbat ii;at) + Vs

(8b)

approx. (5e) Voc = Vocmin [1] + vl + v2 + v3 + v4 + v5
(8c)

(8d)= Smin [1] + S1 + S2 + S3 + S4 +

[1.11 //2, L/3 114, 1,5F = A4[SSlr C.27 C.31 C11 S.5F

SsegWi Cseg

SsegW2 <S2 < SsegW1

SsegW3 C-segW2

SsegW4 < SsegW3

0 <c.5 < CsegW4

(8e)

(8f)

(8g)

(8h)

(8i)

(8j)

Constant
Battery
Voltage

Piecewise-
linear OCV
approximation

25
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Pseudo-empirical analysis of optimal control performance

• Model parameters calculated through lab testing
• ERM used as state-of-the-art baseline

l
e
P
o
N
 l
a
i
w
o
o 
ei

eP
df

l 

Calculate Control Schedule

Control Model: ERM,

CRM, or RA-CRM

At

I Simulation Model: ,

Extended CRM

Calculate State Changes

Modified controller objective (1 week):

T
O
U
 P
ri
ce
 (
$
I
k
W
h
)
 0.25

0.2

0 15

0 1

0.05

El
ec
tr
ic
al
 L
o
a
d
 (
k
W
)
 

off-peak part-peak peak

•
0

Weekend

24 48 72 96 120 144 168

24 48 72 96

Time (hours)

120 144 168

2 6
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Closed-loop control: Available Energy Overestimation
Example of model overestimation with closed loop control

4.5

4.0

3.5

o 3.0

a)
z 2.5

2.0

— Load

1.5 — Calculated net load

Achieved net load

1.0
'0 20 40 60 80 100 120 140 160

Time (hours)
27
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Performance Improvement From the CRM

The baseline customer electrical bill for this time is $310.88

For the example system parameterized with experimental data,
we find that

1. The closed-loop ERM reduces this by 11.6% to $274.91, and

2. 2. the closed-loop CRM reduces the bill by 13.3% to $269.55

While a $5 per month improvement in savings over the ERM

does not sound significant in absolute terms, it is important to
remember the scale of power systems. With approximately 5
million commercial customers in the U.S. currently eligible for
tariffs with a demand charge rate of at least $15/kW
(McLaren_2017) a 14.6% improvement in cost savings, over
the ERM, from a simple change in software would have a
significant impact.

J. McLaren and S. Mullendore, "Identifying potential markets for
behind-the-meter battery energy storage: A survey of U.S. demand
charges.- National Renewable Energv Laboratory. Tech. Rep.. 2017.

5.5

5

4.5

4

&5

3 3

2.5

2

1.5

peak ERM = 4.35kW

peak CRM = 4.206kW

Load

ERM Closed-Loop

CRM Closed-Loop

o 24 48 72 96

Time (hours)

120 144 168
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Problem 2: Risk-Averse Control

Some energy storage services have asymmetric controller model risk, where
overestimating capacity is much worse underestimating capacity.

Approach: develop a
method for risk-averse
optimal control using a
value-at-risk battery
capacity

When to use risk averse control? Risk Neutral Controller
Risk Averse Controller

Criteria 1: The application
has asymmetric risk

1771

E.g. peak shaving
Total Bill

Criteria 2: The battery model
is accurate but imprecise.

e.g. A simplistic model with
optimal parameters

Value-at-Risk Battery Capacity: Ccap = 111111{Cfcap E R

( 0
Negligible

benefit from risk-
averse control

01
Some benefit
from risk-

averse control

el)

• Some benefit

• 
from risk-

averse control

•____..

..!..) •

Highest benefit
from risk-averse

control

Model Accuracy

(Ocap < Ccap) > 0.13%1
29
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Risk-Averse Model
SUMMARY OF RESULTS FROM SIMULATED CONTROL SCENARIOS

Controller
Scenario

Sim-Model*
Total
Bill

%
Savings

Optimistic
Short-
fall**

Baseline $310.88 -
ERM OL Cal - $274.91 11.6%
ERM OL Ach mean $273.93 11.9% -$0.98
ERM CL Ach mean $273.56 12.0% -$1.35
ERM CL Ach extreme $273.69 12.0% -$1.22
-upper bound $272.72.7
CRM OL Cal $269.55 13.3%
-lower bound - $228.89/
CRM OL Ach mean $274.98 11.5% $5.43
CRM CL Ach mean $269.55 13.3% $0.00
CRM CL Ach extreme $292.53 5.9% $22.98
-upper bound - $274.21/
RA CRM OL Cal $271.22 12.8%
-lower bound - $230.41V
RA CRM OL Ach mean $271.17 12.8% -$0.05
RA CRM CL Ach mean $271.08 12.8% -$0.14
RA CRM CL Ach extreme $271.21 12.8% -$0.01

%/denotes that the solution to the non-convex problem satisfies the bound
* The extended CRM is used to simulate the BESS being controlled. It's
parameters are selected to represent average behavior 'mean', or 'extreme
case' lower than normal available energy as described in Section VI
** Optimistic Shortfall compares the bill achieved by applying control action
to the simulated BESS to the open-loop calculated bill from each controller
Cal - calculated, Ach - achieved, OL - open-loop, CL - closed-loop, RA -
risk-averse

By choosing parameters to consistently underestimate available
energy (overestimating SoC) we shape the CRM's uncertainty
profile to make the controller more robust to variations in
battery performance.

5.5

5 - peak RA CRM = 4.236kW

4.5-

1.5- Load

Risk-Averse CRM Closed-Loop

1

70- 0.6

▪ 0.6

.-77; 0.4
no
o 02
CL

0

24 48 72 96

Time (hours)
120 144

- +10
+20-

- +3rr

-2o-

78 

Risk Neutral GRM

Risk Averse CRIO

-30-

265 270 2Th 280 285

Total Bill ($)
2913 295

168
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Conclusions

This dissertation has achieved its goal to understand,
reduce, and control modeling uncertainty in battery
energy management systems.

Con dels

Uncertainty

Physic

1 11p amird

cs

Better physical salience le.g.

chemical concentration capacity

model)

Added physical domains (e.g.

temperature, degradation)

Higher order models (closer

function approximation, short-

board / cell-by-cell)

Parameters

Experimental Analysis

Adaptive Modeling

n

Forecasting Accuracy

Random Variable Parameters

Risk-Averse Control
High Performance

Control

Objectives / Contributions
Provides a review of the battery system model selection options for optimal controllers
• Major — Provides an complete review of the range of battery energy storage models used in optimal control

design Minor — Compares each model's relative strengths and weaknesses
• Minor — Identifies gaps in the state-of-the-art of battery modeling that can serve as opportunities for future

research

Develops new methods for uncertainty minimization using experimental and operational data
• Major — Develops a new method for selecting optimal parameter values based on operational data

presented
• Minor — Applies a uniform test protocol to a grid scale energy storage system to reduce performance

uncertainty
• Minor — Develops new energy storage performance metrics that provide more information to the device

owner
• Minor — Reformulates two SoC forecasting models to be conducive to parameter optimization
• Minor — Develops a new framework for quantifying model accuracy
• Minor — Develops a process for the EMS to calculate and improve the accuracy of its control model using

the operational data produced by the battery system
• Minor — Demonstrates the effectiveness of the adaptive modeling process using real world data

Develops a high performance, risk-averse control system for battery energy storage devices
• Major — Enables the application of a more accurate, but non-convex, battery system model by calculating

upper and lower bounds on the globally optimal control solution
• Major — Modifies battery controller model to consistently underestimate capacity by a statistically selected

margin, thereby hedging its control decisions against normal variations in battery system performance

Demonstrates the effectiveness of controller improvements for maximizing the value of grid energy
storage assets
• Minor — Designs and demonstrates an advanced controller that is able to optimally stabilize a synchronous

generator, over a rang of frequencies, using both field voltage and a co-located energy storage system
• Minor — Designs and demonstrates an advanced controller to smooth grid voltage using energy storage in

distribution systems with high penetration PV
• Minor — Designs and demonstrates an advanced control system to optimally reduce a customer's electrical

bill using a BESS, subject to a minimum operational life constraint
31
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Questions?

32
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Battery Energy Storage Models for Optimal Control: State-of-Charge

Misconception: If you know state-of-charge, you essentially also know how much energy is left in the battery.

Reality: Because of the nonlinear
relationship between power an energy
SoC can be retroactively changed if you
are not carful in the definition.

Thought Experiment

SoC = 90%

SoC = 10%

Introduction

SoC = ?%

Modarr

Rernaining Capacity
State of Charge = 

Nominal Capacity

Bottom Line:
• SoC is a useful fiction
• It has no physical meaning in

large systems
• It is still a useful proxy variable

for an aggregated uncertain state
of an electrochemical reaction

Uncertainty Applications Conclusion
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Battery Energy Storage Models for Optimal Control: State-of-Charge

Fully Charged

(physical container may

be damaged by injection

of more energy)

Maximum Operational

Potential Energy State

Potential Energy State

Physical Capacity

(units of: mol/cm3,Ah,

RPM, m (hight), etc.)

Minimum Operational

Potential Energy State

Fully Depleted

(physical container

empty or may be

damaged by extraction

of more energy)

Energy Storage Medium
• Chemical Potential Energy

• Inertial Potential Energy

• Gravitational Potential Energy

• Etc.

State-of-Charge definition
section in IEEE 1547.9

Physical
Measurements
(V, T, I, w, h, P)

/

 0 Model

Operational System
(Abstraction of the energy

storage medium )

SOC Estimation
(%)

100% SOC

Maximum Operational SOC (%)

Operational SOC (%)

Operational Capacity (unitless)

Minimum Operational SOC (%)

0% SOC

Other Outputs of Energy
- Storage Models

I.Vift13311.  

• Available Energy
• State Forecasting
• Control
• State of Power
• Etc.

35
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Operational Data:
Method 1

Original
Model

Define

ERM
At n

S(n) = 6 — —
Q 
E(Pd(k) llepc(k) psd)
k=1

Pc = nain(pe, 0)

Pd = max(pe, 0)

cmin < S(k) < Smax

1—1 1 
= — pd P =

Reformulated
Model

[
åtpd(1)

At(pd(1) + Pd(2))
••

At EZLI P d(k)

= +

Atp,(1) At
At(pc(1) +Pc(2)) 20t

At EIT:=1 pc(k) n At

CRM

(id (k) + ileic(k) + ied)
k=1

ic = min(ie, 0)

id = max(ie 0)

crni < c(k) < cmax

Atid(1) Atic(1)

At EZ=1 i d(k) At EZ=1 ic(k) nAt

At
At(id(1) + id(2)) At(ic(1) + ic(2” 20t

= =

1 

Parameter Optimization: find the parameters that minimize the error of each model's forecast

Px — ‘:BMS 122 »111. B 1 ) 36
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State-of-Charge Forecasting
Error Metrics

Battery Model
Selection 90%
Method High

Mean
RMS

90%
Low

Smooth ER M S 94.99 25.61 -10.83
Smooth ERM T 18.13 4.29 -7.42
Smooth ERM O 11.39 2.58 -8.09

Smooth CR M S 0.10 7.67 -15.62
Smooth CR M T 0.12 6.88 -13.42
Smooth CR M O 6.61 2.67 -3.42
Shift ER M S 41.57 9.64 -33.07
Shift ERM T 23.89 4.53 -12.10
Shift ERM O 19.60 3.79 -12.16
Shift CR M* S 64.00 16.01 -73.23
Shift CR M* T 32.80 6.89 -24.33
Shift CR M* O 23.71 5.05 -18.83
* a dynaimc battery imalel was not used tor the shift-1w,, battery

100

50

100

50

0

100

50

0

100

50

0

0

- Specifications

- Testing
- Optimal

10 15 20 25 30 35 40 45 50
Smoothing Battery ERM Forecast RMS Error (SOC)

5 10 15 20 25 30 35 40
Smoothing Battery CRM Forecast RMS Error (SOC)

45 50

1._ 
0 5 10 15 20 25 30 35

Shifting Battery ERM Forecast RMS Error (SOC)
40 45 50

m_L 
0 5 10 15 20 25 30 35

Shifting Battery CRM Forecast RMS Error (SOC)
40 45 50

State-of-Charge Forecasting RMS Error
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Effects of Model Uncertainty

Definition: "optimistic shortfall",

where the achievable schedule will be
costlier than the schedule derived from

optimal control.

Approach:
Apply both models to
solve the same problem

to determine the

performance
improvement from the
more accurate CRM

CR1

We use an Extended CRM model with more parameters and dynamics
represented to do a pseudo-empirical analysis of controller performance.

Modified controller objective (1 week):

0.25

0 0.05

0
o 24 46 72

I H
96

24 48 72 96

Time (hours)

Weekend

120 144 168

120 144 168
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Open-loop Control: Illustration of Asymmetric Risk
5.5

Available Energy
5

Underestimation -> Suboptimal control 4.5

Overestimation -> Optimistic shortfall 4

100

5°

ERM Optirnal Control

CRM Optimal Control

24 48 72 96
Time (hours)

120 144

Demand Charge management has an

asymmetric risk profile, meaning it is much

worse to overestimate available energy than

to underestimate it.

168

—

—

—

id 
3.5 —

'CP
co 3 --
3

2.5 —

2

1.5 —

peak ach = 4.276kW

peak cal = 4.276kW

Suboptimal performance

Load

  Net Load Calculated
— Net Load Achiesed

o

5.5

5

4.5

4

3.5

3

2.5

2

1.5

4824

peak ach = 4.309kW

peak cal = 4.2kW

72 96
Time (hours)

- Load

 Net Load Calculated
— Net Load Achieved

24 48 72 96
Time (hours)

120 144 168

Optimistic shortfall

120 144 168 39
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