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ABSTRACT

As electric cars become more widespread, the disposal and recycling of used batteries will become an important challenge.
Typically, vehicle batteries are replaced if their capacity drops to 70-80% of initial capacity. However, they may still be useful
for stationary applications.

In this paper, results from a field test of a molten salt high-temperature electric vehicle battery repurposed as stationary storage
for grid balancing are presented. In a previous study, we have shown that a mixed integer linear programming control strategy
driven by a spot-market price for electricity is best suited for an implementation on hardware with limited computational
resources.

A 14-day experiment resulted in a round-trip energy efficiency (converter-battery-converter) of about 74.4%. The earnings per
battery capacity per day achieved in this period amounted to 7.38 €/ MWh. An error analysis of the model underlying the
optimization showed a root mean square error of 7.6% between the estimated and measured state of charge.

The field test implementation shows a substantial economic deviation of 37.3% between theoretical and physical potential of
grid-balancing measures due to model inaccuracies and technical characteristics, thereby demonstrating the urgent need for field
tests of repurposed electric vehicle batteries for stationary applications.
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NOMENCLATURE

c Pseudo-cost function (€/MWh) Searn  Achieved earnings (€)

Eacin  Energy imported (Wh) SocC State of charge (%)

Eacour Energy exported (Wh) R? Coefficient of determination (—)

Eq Electrical energy content (J) t Time (s)

Eloss  Constant battery energy loss (Wh) tq Day-time function (s)

Eerr Energy estimation error (Wh) Xc Decision variable: charging (-)

n Total number of data points (-) Xq Decision variable: discharging ()
Neycle  Battery charge cycles (-) Upc Decision variable on DC power side (—)
" Total amount of seconds per day (s) Mbat  Battery efficiency (-)

Pyc Alternating power (W) Min Charging converter efficiency (-)
Ppc Direct power (W) Nout Discharging converter efficiency (-)
Pioss Constant battery loss (W) Mt Round-trip efficiency (-)

AE... Energy estimation error (kWh)

1 INTRODUCTION

The electrical energy market is currently facing new challenges. BoBmann et al. [1] stated that load curves will substantially
change due to evolving electricity demand. Since renewable electricity generation, which is volatile by nature, adversely affects
grid operation [2], [3], additional grid-balancing measures such as specific strategies and energy storage facilities will become
necessary [4]-[6] in the foreseeable future.

Aggregation of small, distributed loads and storage systems for demand side management (DSM), along with the deployment of
control strategies with the specific aim of balancing the grid is considered a promising approach [4], [7], [8]. More specifically,
battery storage systems have been proposed for distributed approaches [9], as 1) their time scales will soon range from seconds
to days [10], 2) they are practically maintenance-free [11], 3) they are quick to respond [12], and 4) they are highly efficient [13],
[14], exhibiting total round-trip efficiencies (converter-battery-converter) ranging from 65% to almost 90% [15].

Several types of battery technologies, using a range of cell chemistries [5], [14], have been investigated for grid-tied balancing
approaches [16]-[21].



In order to reduce costs, systems that already include battery storage but do not entirely utilize the available capacity at all times,
have been proposed. In this context, electric vehicles (EV) [25]-[30], battery bank systems combined with photovoltaics [22],
[23] or wind farms [24] have been discussed. Another option to help offset costs is to use repurposed EV batteries [31], [32].
Generally, EV batteries are exchanged if their capacity falls to 70-80% of their initial capacity [31]; at this point, they still have
sufficient capacity for stationary applications. Second use of batteries will also reduce their ecological footprint [33], [34]. The
German vehicle manufacturer Daimler has announced [35] plans to reuse old EV batteries in a large stationary storage facility
with a capacity of 13 MWh. Reusing EV batteries as distributed stationary storage for grid-balancing measures on the kWh-scale
has been discussed in previous publications [33], [36], [37]. However, no physical implementation for grid balancing is known
to the authors.

The current paper presents a field test of a stationary retrofitted EV battery for grid balancing. A ZEBRA (Zero Emission Battery
Research Activities) battery, decommissioned from a THINK City [38] vehicle, is incorporated into a stationary setup. An in-
house controller software autonomously optimizes the operation based on the Austrian day-ahead electricity market as suggested
by the authors previously [9]. Therein we investigated autonomous control algorithms featuring different battery model
complexities with respect to computational costs and the resulting control optimality. Linear optimization routines were shown
to be best suited for a physical implementation on a control system with limited computational resources. The economic
performance and battery efficiencies are evaluated using an energy monitoring system. The error in the battery model is evaluated
by comparing to the physical behavior of the ZEBRA battery. Moreover, we identify the difference in earnings between the
physical implementation and theoretical simulation results.

2 EXPERIMENTAL SETUP

The schematics of the stationary battery storage system is shown in Fig. la. It comprises a repurposed EV battery including a
battery management system (BMS), an embedded control hardware (ECH), an energy monitoring system, and two AC/DC
converters. The EV battery is based on a repurposed high-temperature ZEBRA battery. The cell chemistry relies on the reaction
of sodium with nickel chloride [39]. The redox reaction [40] is:

discharge
2Na + NiCl, 2 2NaCl + Ni Eq. 1

charge

The ZEBRA battery used has a capacity of 28.2 kWh by comprising individual battery cells. Detailed battery parameters are
listed in Table 1 of the Appendix.

The ECH consists of a BeagleBone Black — Rev C [41] and a serial cape [42] integrating a CAN (Controller Area Network) bus
[43] transceiver. The ECH manages the communication via CAN bus and Modbus TCP [44] between the hardware components.
Furthermore, the ECH determines the operation mode (charge, discharge, idle) of the battery by optimization, minimizing an
objective function calculated from a pseudo-cost function (PCF), while keeping the battery’s state of charge (SOC) within given
operational bounds. The PCF represents the operator’s intention and is fetched from a PCF distribution system through a mobile-
network-enabled router via TCP/IP.

For charging and discharging, separate converters are used. For charging, the original EV single-phase charger [45] is used. The
DC charge characteristics is shown in Fig. 1b. Charging power is controlled by the BMS via a pulse-width modulation (PWM)
signal depending on the battery state. The charging strategy relies on a constant current constant voltage (CCCV) procedure. Up
to 80% SOC, constant current is applied followed by charging at a constant voltage. Thereby, the charging current drops
automatically with increasing SOC. The three drops in current, voltage, and power are caused by the activation of auxiliary
temperature control systems to maintain the internal battery temperature. Discharging at 80% SOC is induced by a battery cell
balancing process. The charging converter efficiency ranges from 95% for 3.2 kW to 90% for 0.4 kW [45]. The average DC
charging power measured during a charging process is 1.49 kW. Details are given in Table 2 of the Appendix.

Since the charger is not designed for discharging, a three-phase converter from Fronius [46], including a data manager module,
is integrated into the stationary setup. The discharging power can be controlled continuously via Modbus TCP from 0 — 100%
of the maximum power. The efficiency ranges from about 90% to almost 97.5% depending on the output power [46]. Preliminary
measurements showed that the average DC discharging power between 20% and 100% SOC is 8.64 kW, i.e., 5.8 times the DC
charging power. Details are given in Table 3 of the Appendix.

All energy flows through the converters are measured and recorded by an energy monitoring system from Algodue [47]. The
ECH fetches measured energy data via Modbus TCP. The measured in- and output energy flows also include the powering of
the energy counter and the BMS. The energy flows are stored at a resolution of 15 minutes. Details are given in Table 4 of the
Appendix.
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Fig. 1: a) Schematics of the stationary battery storage system including all hardware components. b) DC charge characteristics
of a ZEBRA battery storage system.

3 MODELING AND OPTIMIZATION

As shown in [9], a linear battery model predicts the dynamic behavior of the ZEBRA battery with reasonable accuracy. The
linear battery model is described as follows,

dEg
d_:z PDC(t) — Ploss- Eq.2

E, reflects the electrical energy content of the battery, Pp¢ the DC charging/discharging power, and P,,¢s the constant losses.
Pjyss includes internal losses via battery cell resistance and auxiliary heating and cooling power. It is estimated once a day by
fitting the model using seven days of historic DC power and SOC data. More specifically, using the integral form of Eq. 2 for a
given time window [t,, t,,],the least squares problem can be formulated as follows,

min, ||a - x — b||?, where Eq.3
a; =iand Eq. 4
t; ) Eq.5
bi = Eel(to) - Ee](ti) + f PDC(t) dt ,ViIE {1’ ‘n}'
to

The optimization approaches presented in [9], [48] are adapted to account for different charging and discharging power and

converter efficiencies. For a given PCF, c(t), at a resolution of At in the time window [t,, t,,], the optimization problem can be
formulated as:

tn
min,, f c(t) - Pac(upc(t)) dt,s.t. Eq. 6
to

Eel,min < Eel(t) < Eel,max' tO St< tn Eq- 7

Here, P,¢ denotes the AC power resulting at the electrical grid, accounting for power conversion. Based on previous work [9],
simulations reveal a strong correlation between the earnings and the variance of the PCF. Therefore, the 15-min-based stock
market prices for electricity, published by Energy Exchange Austria (EXAA) [49] daily on working days at 12 noon for the next

36 hours, is used. To apply the optimization to the linear battery model, we formulate a mixed integer linear program (MILP) as
follows:

n
minch Z'—1Ci (t) ' (uBC,i ' nl_nl ' PDC,maX - u]SC,i “Mout * PDC,max) At s.t. Eq. 8
Eq.9

j
E + _ ,
Eel,min < Eel,O + ) 1[u'DC,i ' PDC,max - uDC,i ' PDC,max - Ploss] “At < Eel,maX' V] S {L Y n},
i=



0<x¢;+xq; <1,x%q; €{0,1}Vi, Eq. 10

Upci < Ubcmax * (1= Xqz), Eq. 11
Upci 2 Upcmin * Xeir Eq. 12
Upci < Upgmax * (1= *ci), Eq. 13
Upc,i = UpCmin * Xd,ir Eq. 14
Upci < Ugmax - (Xei + Xai), Eq. 15
Upci < UpCmax (xc,l- + xd'i). Eq. 16

To account for different charging and discharging DC powers, we introduce two continuous decision variables, upc; and upc;
for each time step, indicating charging and discharging separately. At the maximum charging DC power, Uf¢ yayx is set to 1; at
the maximum discharging DC power, Upc may 18 set to 5.8 reflecting the discharging to charging power ratio (cf. Section 2). The
composite decision variable is then given by upc = ufyc + upc. Converter efficiencies 1y, oyt are included linearly in the
objective function. The charging efficiency, 1;,, is set to 90.0%, the discharging efficiency, 14, to 95.0%. Since the converters
perform inefficiently up to 20% of their maximum output power, the boundary conditions exclude charging or discharging for
lower values, reflecting by Eq. 11 — Eq. 16. Binary variables x;, x4; are used to exclude discharging during charging and vice
versa. The initial electrical energy content is denoted by Ej o = Ej(t;). A minimum and maximum electrical energy content,
Eqj min and Eg) oy, respectively, bound the battery operation. The optimization routine is executed every 15 minutes using the
SOC measured on the physical device as the initial state of the battery model. Thus, the accumulation of large deviation between
measured and modelled SOC over time is avoided.

4 RESULTS

The results obtained show the performance of the storage system during the experiment based on price-driven, on-site optimized
operation and reveal the battery model accuracy used in the optimization in comparison to the physical behavior. Experimental
results achieved were recorded from 24 May 2017, 4:15 until 6 June 2017, 9:00.

4.1 Battery Performance
Based on the energy monitoring measurements, the round-trip efficiency (converter-battery-converter) 1, is calculated:

tn Eq 17
Epcin(to, tn) = f Pac,in(t) dt,
to
tn Eq. 18
EAC,out(tO' tn) = f PAC,out(t) dt,
to
_ Eel(tn) - Eel(to) + EAC,out(tOl tn) Eq‘ 19
r Epcin(to, tn) '

where E iy, is the monitored input and E¢ o+ the monitored output energy based on the integral of the alternating input power,
Pacin» and output power, Pc oy, during the period observed. The battery efficiency, 9y,¢, is calculated as

= M Eq. 20
Toat Nin * nout.

A full battery charge cycle is defined as a complete turnover of twice the battery capacity. The number of cycles is hence
estimated by the energy transferred in and out, Exc i, and Exc oy¢, respectively:

_ (EAC,in (tO' tn) “Nin + EAC,out(tO' tn) ) Tl&}t) " Npat

= Eq. 21
Teycle 2- Eel,max 1

For the 14-day duration of the experiment 1, = 74.4%, Ny,¢ = 87.0%, and ngyce = 9.43.

Fig. 2 shows the SOC distribution during the experiment. Between the operational bounds of 20% and 100% SOC of the battery,
the median is 65.2% SOC, the first quartile is 45.5%, and the third quartile is 79.8%. The peak at 80% SOC is caused by the cell
balancing process, cf. Section 2. The peaks at 20% and 100% SOC are provoked by model inaccuracies e.g. the SOC reset during
the charging process.
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Fig. 2: a) Boxplot and b) histogram of the SOC for the experiment conducted.

Daily estimated battery losses, P, and corresponding coefficients of determination, R?, are calculated, cf. Section 3. Based on
Pyoss, the daily estimated energy losses, Ej s, are calculated and shown with the corresponding R?in Fig. 3. The estimated losses
range from 1.93 W/kWh to 3.54 W/kWh of battery capacity resulting in daily estimated energy losses between 46.32 Wh/kWh
and 84.96 Wh/kWh of battery capacity. Assuming the maximum daily energy losses as constant losses during the experiment
would lead to a charge energy to loss energy ratio of 10.10%. The R? values range from 0.86 to 0.96.
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Fig. 3: Daily estimated constant battery losses (solid line) and corresponding R? values (dashed line) during the experiment.

4.2  Cost Efficiency Analysis

Fig. 4a shows the box plot of the day-ahead price for the period 24 May 2017, 4:15 until 6 June 2017, 9:00 in total and separated
based on the operation mode (charge, discharge, idle). The median of the total day-ahead price observed is 30.20 €/MWh, the
first and third quartile are 23.64 €/ MWh and 37.54 €/ MWh, and the minimum and maximum value are 0.45 €/ MWh and 59.00
€/MWh, respectively. For low prices, the predominant state is “charging”, for medium prices, the predominant state is “idle”,
and for high prices “discharging” is most common. The histograms in Fig. 4b reveals a strong correlation between price and
operation mode.
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Fig. 4: a) Boxplot and b) histogram of the day-ahead stock market price for electricity for the period 24 May 2017,
4:15 until 6 June 2017, 9:00 in total and separated based on the operation mode (charge, discharge, idle).

The earnings achieved per MWh of battery capacity, Sq,rn, during one day are calculated as

tn
fto C(t) ) (EAC,in (to' tn) - EAC,out(tO' tn)) Eq. 22
) t() S t S tn.

Searn (tOJ ty) = Eq
el,max

The potential earnings assuming linear battery behavior are investigated by simulation. To this end, the model is continually
initialized at 12 noon, using the corresponding 36 hours day-ahead price and the battery losses estimated during the experiment.
The new battery state is calculated and used as initial state for the next day optimization. The resulting potential earnings amount
to 11.78 €/ MWh of battery capacity per day. In comparison, the earnings realized during the experiment amount to
7.38 €/ MWh of battery capacity per day.

4.3 Model Accuracy

To determine the quality of the linear battery model, the estimated SOC is compared to the SOC measured by the BMS. Fig. 5
shows a 36-hour time window, depicting the day-ahead price (PCF), the corresponding decision function, the measured SOC,
and the model prediction based on the decision states executed. The case shown represents optimization starting at midnight. It
predicts the battery state for 24 hours since the currently available day-ahead price ends at midnight of the following day. Two
major instances of model deviations can be observed. The first occurs at approximately 6:15. According to the decision function,
the battery should charge. Since the BMS balances the individual battery cells (cf. Section 2), the charging process is interrupted.
The second deviation occurs at approximately 14:30. The charging process is interrupted by a battery balancing procedure
followed by a short charging period. A sudden change in SOC to 100% occurs at approximately 15:15 since the BMS determines
by measuring the cell voltages that the end of charge state is reached.
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Fig. 5: Exemplary battery operation indicating estimated SOC (dashed black line) and measured SOC (black line) based on the
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To determine the linear battery model accuracy, the estimated SOC is compared to the SOC measured by the BMS. The root
mean square error (RMSE) is calculated between the 24 May 2017, 12:00 and 5 June 2017, 00:00. To this end, every 15 minutes,
i.e., At =900 seconds, an estimation of the future SOC (SOC,g;) for the available day-ahead price time window is calculated and
compared to the historic SOC (SOCys;). Introducing the day-time function, t4(i), which returns the seconds passed for the
current date-time since midnight for a given time step i, the calculation of the RMSE reflecting the model error can be formulated
as

i+k

2
RMSE = Z(SOCGS” 50Chist ) ,i = {1,,n}, where Eq.23
j=i k
k= At . 2
[—nd ~ @ + n—d else
At At ’

where ngy is the total number of seconds per day. The resulting RMSE for the experiment yielded to 7.6%. Deviations of the
estimated SOC are illustrated in Fig. 6.
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Fig. 6: a) Boxplot and b) histogram of the deviation of the estimated to the BMS measured SOC during the experiment.

The deviation between estimated and measured electric energy content of the battery during the experiment is classified
according to the mode of operation (charge, discharge, idle), cf. Fig. 7 (left). The energy estimation error is calculated as

AEg: = [4 Poc(®) dt — [, (uhc(®) - it - Pocmax) dt, where Eq. 25
Tt ={t, <t <t,:uh(t) >0}and Eq. 26

AEg, = [ Ppc(t) dt + [ _(upc(t) * Nout * Pocmax) dt, Where Eq. 27
T™ ={t, <t <t,:upc(t) >0} and Eq. 28

AEMe = [ i Ppc(t) dt, where Eq. 29

Tdle = {ty < t <t s upc(t) = upc(t) = 0}. Eq. 30

For charging AEZ,, is caused by the assumption of constant charging power (see Section 2). During idling, AELl® is attributed

to inaccuracies in modeling the energy required to maintain the internal battery temperature. Deviations AE,,. are largest during
discharging due to BMS and converter delay. In Fig. 7b an example of the transition from charging to discharging is shown. The
delay is attributed to 1) the time that the BMS needs to perform safety checks and switch from the charge/idle to the discharge
mode and 2) the time that the discharge converter needs to execute grid synchronization. 2) consists of a self-test followed by a
measurement of frequency, voltage, and phase with subsequent adaptation of output parameters. The median overall delay in the
observed period amounted to 88 seconds, where the minimum and maximum delay were 70 seconds and 106 seconds,
respectively. Switching from idle to discharge mode shows similar delays. This time lag is not included in the optimization
because it introduces nonlinearity in the objective function.
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b) Exemplary plot of the transition from charging to discharging, showing the deviation between measured (bold line)
and estimated DC power (dashed line). For charging, the physically applied DC power is underestimated by the model
(upper dashed line). The subsequent discharging process (estimated DC power shown as lower dashed line) shows a
delay in switching from charging to discharging



5 CONCLUSION

In this paper, decentralized and on-site optimized grid balancing utilizing a repurposed high-temperature ZEBRA battery storage
system is demonstrated experimentally in the field. Based on a previous investigation [9], linear programming routines were
used to optimize battery operation based on one-way communicated Austrian quarter-hour day-ahead stock market prices for
electricity.

During a 14-day period from 24 May 2017, 4:15 until 6 June 2017, 9:00, the stationary storage system operated with a round-
trip efficiency (converter-battery-converter) of 74.4%. In doing so, the system performed 9.43 full battery charge cycles with a
median state of charge of 65.2%. An accuracy analysis of the proposed linear battery model shows a root mean square error of
7.6% between the simulated and the measured state of charge during the experiment. In most cases, the state of charge is
underestimated due to delayed discharging caused by battery safety check and a grid synchronization process.

Earnings in the observed period amounted to 7.38 €/ MWh of battery capacity per day, where the minimum and maximum day-
ahead price were 0.45 €/ MWh of battery capacity and 59.00 €/ MWh of battery capacity, respectively. Although the installation
and equipment costs of the presented stationary battery storage cannot be determined, it can be said that the earnings achieved
must be significantly higher in order to operate the storage economically. We conclude that the battery must be operated on
markets with higher volatility and/or a larger price range to increase the viable earnings.

The potential earnings, found by simulation assuming linear battery behavior, amounted to 11.78 €/ MWh of battery capacity per
day. The discrepancy of 37.3% to the experimental results can be attributed to insufficiencies in representation of the battery
management system, the battery behavior in the model and of the converter characteristics. The significant economic deviations
between model and experiment show the urgent need for field tests of grid-balancing strategies to investigate their potential.
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APPENDIX
Table 1: ZEBRA battery parameters [50].
Maximum energy content, Eq pax 28.2 kWh
Maximum degree of discharge 80%
Open circuit voltage (DC) 371V
(100-85% SOC)
Minimum operation voltage (DC) 248 V
Maximum discharging current (AC) 224 A
Cell type/Number of cells ML3X/288
Weight with BMS 243 kg
Specific energy 118 Wh/kg
Specific power 168 W/kg
Operating temperature range -40 to 50 °C
Thermal loss <130 W
Minimum discharge time 120 min

Table 2: MES-DEA battery charger parameters [45].

Maximum input current (AC) 155 A
Input voltage (AC) 110-253V
Mains frequency 47 -63 Hz
Operating temperature range -20t0 40 °C
Output power (DC) 32kW
or max 26 A
Weight 7kg
Table 3: Fronius SYMO 8.2-3-M converter parameters [46].
Maximum input current (DC) 16 A
Input voltage (DC) 200 -1000 V
Operating temperature range -25t0 60 °C
Output power (AC) 8.2 kW
Maximum output current (AC) 13.1A
Weight 21.9kg

Table 4: Algodue UEMS80-4D E parameters [47].
| Maximum consumption (each phase) | 75VA-05W |




Minimum current (AC) 250 mA
Maximum current (AC) 80 A
Voltage range (AC) 3x230/400 V
Mains frequency 50/60 Hz
Accuracy Active energy class B
according to EN
50470-3
Reactive energy class 2
according to IEC/EN
62053-23
Operating temperature range -25t0 55 °C




