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Abstract—The paper is focussed on the problem of controlling
the energy storage such that the energy exchange between the
storage and the remaining system is performed in the required
amount with maximum efficiency and that all the constraints
for the storage system longevity are adhered to. There is a huge
need for such a storage management in energy flow optimization
of microgrids where energy flows from/to storages are planned
in order to achieve maximum gain in microgrid operation. The
case of a valve-regulated lead-acid battery is elaborated. The
underlying computation tractability and performance of such a
battery management system is demonstrated both in simulation
and experimentally.

Index Terms—energy storage, energy flow command, con-
straints, predictive control, optimization, valve-regulated lead-
acid battery, energy flow optimization in microgrids

I. INTRODUCTION

Microgrids have operational flexibilities to fulfil system
reliability and power quality requirements and also offer pos-
sibilities for optimizing distributed generation and improving
the energy cost for supplying local loads as shown in [1],
[2]. In microgrids the energy generated near the loads can be
optimally managed according to different criteria which may
in turn increase reliability of local power supply and at the
same time reduce losses over long power distribution lines
[3].

Energy storage devices are used in microgrids to substan-
tiate these features. They can be various: batteries, superca-
pacitors, flywheels, hydrogen tanks, compressed air energy
storage and others [4], [5]. All of them have operational
constraints provided by the manufacturer that need to be
respected in order to achieve their longevity. Batteries are
common energy storage parts of microgrids and they can
ensure a substantial support to microgrid efficient operation
as shown in [6], [7]. Charging and discharging of batteries
have a significant impact on their lifetime. When the batteries
are not properly controlled their significant damage may occur,
e.g., water loss, grid corrosion and sulfation of the negative
electrode for the case of lead-acid batteries as presented in
[8]. Battery manufacturers provide the operational battery
constraints during the charging/discharging: the upper and
lower voltage level, the maximum charging and discharging
currents, the upper and lower state of charge (SOC) level
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[9], [10]. By retaining the battery states and inputs within
the aforementioned operational constraints, the charging and
discharging of the batteries will mildly affect their lifetime as
shown in [11], [12]. Also, the time and efficiency of battery
charging and discharging are important parameters for a better
batteries performance in microgrids.

The main level of optimization in microgrids is energy
flows optimization. It focusses on planning how much energy
needs to be exerted or inserted in a defined amount of time
from a microgrid element such as energy storage in order to
achieve maximum benefit for the microgrid operation [13],
[14]. The current algorithms of energy flow optimization in mi-
crogrids lack information which energy flows can be achieved
between the microgrid and its energy storage devices such
that all longevity constraints are adhered to. Residual SOC
is modelled with a constant charging/discharging efficiency
model [15]-[17] that introduces significant prediction errors
for a broader range of charging/discharging currents needed for
highly dynamic battery and microgrid operation. Furthermore,
the battery operation to achieve the required energy exchange
is not performed in the most energy-efficient way. Thus, the
current energy flow optimization algorithms use a microgrid
with its battery storage units either conservatively or they
command the energy flows whose implementation violates the
longevity constraints and strongly negatively affects their state
of health (SOH) [18], [19].

It is largely neglected in the literature how the battery should
be controlled to yield the commanded energy exchange in
the given time. In such a situation the optimization algo-
rithms in charge for the microgrid energy flows optimization
lack a proper optimization counterpart on the battery storage
system level which would inform (i) about the available
charging/discharging energies that can be fulfilled without
violating any constraints and (ii) about the optimal residual
state of charge related to them. Currently only constant current
or constant power schemes are applied when batteries are
charged/discharged in microgrids [20]. As a first step in filling
this identified gap, design of systematic storage management
procedures for efficient adherence to energy exchange com-
mands under longevity constraints is required.

In this paper the storage management system that is subor-
dinated to the microgrid energy flow optimization is presented.
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The energy flow optimization yields an energy flow command
towards the subordinated management systems of individual
storage devices. The paper proposes a storage management
procedure based on an optimal control paradigm for efficient
adherence to the issued energy exchange commands. The
presented storage management retains the states and inputs
of energy storage devices within the longevity constraints pro-
vided by the manufacturer in order to reduce their degradation
effects and prolong their lifetime. The maximal efficiency is
formulated with respect to as high as possible residual SOC
available after the required amount of energy is exchanged
between the storage and the remaining part of the system
(microgrid) in the given amount of time. Additionally, the
variable efficiency of the charging/discharging depending on
charge/discharge energies is incorporated in the system model
used for the storage management and thus inherently taken
into account.

After presenting the method for solving the posed optimiza-
tion problem, its application within a closed-loop feedback
control system for adherence to energy exchange commands
is shown. Closed-loop control enables to perform the exactly
required energy exchange in the presence of various distur-
bances and the model inaccuracies of the storage devices.

Insofar storage management systems in microgrids reduce
to maintaining the power output of the storage power converter
constant, at the level required by the superimposed microgrid
energy flows optimization system [15]-[19]. Such approaches
boil down to constant storage power output and, as elaborated
before, the longevity constraints of energy storage devices and
their variable efficiencies depending on charge/discharge pow-
ers are neglected. The approach proposed in this paper can be
adjusted to ensure constant power of the power converter while
in advance the feasible constant powers can be computed and
also the residual SOC accurately predicted for such powers.
In addition, by assuming constant power converter losses, the
scheme proposed here can be exactly used in ensuring correct
energy exchanged with the storage power converter. Closed-
loop control would also in this case ensure accurate delivery
of the required energy in time even in the case of inaccurately
modelled power converter losses.

This paper is focused on valve-regulated lead-acid (VRLA)
batteries which are still the optimal choice for microgrids
considering price and service life as shown in [21], [22].
Investigation of possibilities of adherence to energy flow
commands was initiated in [23] whereas optimization was
performed via simulation-based off-line analysis. Here these
optimizations are replaced with a systematic approach based
on convex and gradient-based constrained optimization that
enables real-time operation of such a battery management
system.

This paper is organized as follows. Section II presents
the main functions of the battery management system and
the hybrid electrical model of a VRLA battery. Section III
presents the open-loop optimization problem for the proposed
battery management with the corresponding algorithms for its
solving, while Section IV describes the closed-loop control
algorithm under operational constraints with enforced adher-
ence to the commanded energy exchange. Simulation and

then experimental results are shown in Section V to validate
the performance of the derived battery management system.
Section VI concludes the paper.

II. BATTERY MANAGEMENT SYSTEM IN A MICROGRID AND
THE CONSIDERED BATTERY MODEL

Figure 1 shows a schematic diagram of energy flows op-
timization in a grid-connected microgrid. Its storage man-
agement systems including the Battery Management System
(BMS) are subordinated to the microgrid energy flows opti-
mization [23], [24].

Energy flows optimization
on the microgrid level

Storage
management

Storage
management

Storage
management

y:

Measured storage variables Energy bus

Storage state P.C. Power converter

Energy flow command Power converter command

Fig. 1.
optimization and individual storages management in a microgrid [23]

A schematic diagram of the interaction between energy flows

The BMS manages the conditions of the battery during the
charging and discharging in the amounts required by microgrid
energy flows optimization, in order to prolong its lifetime.
In addition, the other main goal of the BMS is accurate
estimation of the battery SOC [25] such that it can be used
locally and provided to other system parts, e.g. to energy flows
optimization.

In this paper the hybrid electrical model of a battery [26]
is used and in the sequel it will be briefly introduced. Self-
consumption of the power converter between the microgrid
and the battery is neglected.

A. Hybrid electrical model of a VRLA battery

Hybrid electrical model of a battery [26] is shown in Fig. 2
and consists of a capacitor (Ceapacity) and a current-controlled
current source which models the battery SOC. It is an intu-
itive, accurate and comprehensive electrical battery model and
contains an RC network similarly to Thevenin-based models,
which is used for modelling the transient response of the
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battery. A voltage-controlled voltage source is used to connect
SOC to an open-circuit voltage (Vo) as described in [27]. In
order to model the self-discharging of the battery, an additional
leakage resistor (Rseir) can be used in the battery model.
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Fig. 2. Hybrid electrical model of a battery [26]

The charge in the capacitor of capacitance Ciapacity repre-
sents the whole charge stored in the battery, i.e. the battery
SOC. The capacity of the battery depends on the number of
charge/discharge cycles, battery current, ambient temperature
and the storage time [28], [29].

In general, the battery SOC' has a non-linear dependence
on the open-circuit voltage. However, in the case of VRLA
batteries authors in papers [30], [31] have shown the linear re-
lationship between the open-circuit voltage and battery SOC.
This relationship is based on measuring open-circuit voltage
after about 30 minutes of resting period at the different SOC'
points. Considering this, in this paper a linear approximation
for this dependence is used and can be presented as follows:

100 1006
SOC(k) = Tvoc(k) T (D

where b is the open-circuit voltage of an empty battery, while
a + b is the open-circuit voltage of a full battery. The open-
circuit voltage (Voc) is the battery state and in this paper all
SOC constraints are formulated through constraints on Voc.

The self-discharging of a battery can be neglected due
to high values of resistor Rgef and the hybrid electrical
model, shown in Fig. 2, can be presented with the following
continuous-time state-space model:

Voc 0 0 0 Voc
3 —1
‘,/faSt 0 Riast Ctast 0 1 ‘/fast +
‘/SIOW 0 O Rslow Cslow ‘/SIOW
—a
Ccapacit:y
Cffst Toats- (2)
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Additionally, using the Euler-forward discretization with the
sampling time 7', the hybrid electric model can be described
as the following discrete-time state-space model:

Voc(k +1) 1 0 0

Viast(k+1) | = [0 1= g 0

Viow (k +1) 0 L P e
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where the battery terminal voltage Upayy iS given with

Ubatt(k) = VOC(k) - vaast(k) - ‘/slow(k) - Rseriallbatt(k)y

4)
where Vi, is the voltage at the fast-transient RC network,
Vilow 18 the voltage at the slow-transient RC network. Notion
z(k) denotes the value of any variable z at the discrete-time
instant kT', k € Z, while the battery state is denoted with z =
[Voc, Viast, Vslow] - According to Fig. 2, charging currents are
negative, while discharging currents are positive.

B. Energy for battery charging and discharging

The energy that needs to be exchanged between the battery
and the microgrid in time N7 can be expressed with (power
converter losses are neglected)

NT
B / Ut (8) Toage (1), 5)
0

After calculation of the energy using the hybrid electrical
model with assuming the battery current is constant between
the discrete-time sampling instants, the following expression
of energy for battery charging and discharging is obtained:

E = Tpaee” HIpaee + 2(0) 7 F Tpase, (©6)

where I, is IV X 1 vector which contains the current values
with the sampling time 7" from k=0 to k=N —1, H is N x N
symmetric negative definite matrix and F} is N x 3 matrix.

III. OPEN-LOOP OPTIMIZATION PROBLEM

In the sequel the open-loop optimization problem for ef-
ficient adherence to an energy exchange command under
longevity constraints is defined and all steps for its solving
with the corresponding algorithms are presented.

A. Problem formulation

The BMS receives from the microgrid energy flows opti-
mization level the control commands on energies that need
to be exchanged between the battery and the microgrid in
the given time. In order to get the battery current profile
for adherence to the issued energy exchange command that
respects the given longevity constraints and maximizes effi-
ciency by maximizing the residual battery SOC, the following
optimization problem for battery charging and discharging is
posed:

max SOC(N) = SOC(0) + CL Ty

Ibatt "
st Thate” HIpars + 2(0)T Ff Tnats = Eecom,
Ivatt—a > Ivate (k) > —Ihatt—c, k=0,...,N —1,
Ubattmin < Upatt (k) < Upattmax, k£ =0,...,N =1, (7)
Ubattmin < Up o () < Upattmax, k=1,...,N,
SOChattmin < SOC(k) < SOChattmax, k=1,...,N,

where F.om, is the commanded energy that needs to be
exchanged between the battery and the microgrid in the fixed
amount of time NT, Iyut—q is the maximal discharging



IEEE TRANSACTIONS ON INDUSTRY APPLICATIONS

current, Iy,—c 1S the maximal absolute value of the charging
current, Upattmin 1S the lower voltage limit and Upattmax
is the upper voltage limit of the battery. SOChattmin and
SOChattmax are the upper and lower SOC limits, respectively.
Uy it (k) as the battery voltage just before the new current at
time kT is applied is also introduced such that the battery
voltage does not exceed the limits even between the discrete-
time sampling instants:

U[;att(k) = lim Ubatt(t) = VOC(k) _Wast(k) _‘/;low(k)
t—kT—
- Rseriallbatt(k - 1)
Vector C\, in the cost function of (7) is
Cm = [_T/Ocapacity _T/Ccapacity] . (8)

The constraints for ensuring longevity of a battery are
defined with inequalities of the optimization problem (7) and
the numerical values for these limits can be found in the
battery manufacturer datasheet or derived from it.

The first two inequalities in (7) define the constraints for
the maximal charging and the maximal discharging current.
VRLA batteries are significantly sensitive to high charging
currents due to their exposure to an increased secondary
electrochemical reactions in such a situation (the oxygen
generation and the grid corrosion on the positive electrode, the
hydrogen generation on the negative electrode), which cause
an increase of the degradation effects within the battery cells
[32], and a premature loss of the battery capacity. The high dis-
charging currents are not damaging as high charging currents
and their maximum values provided by the manufacturers are
significantly higher compared to the charging currents (e.g.,
Thatt—a = 121patt—c)-

VRLA batteries are also sensitive to too high voltage which
causes an increase of the degradation effects during charging
[33], [34]. Too low voltage at battery electrodes is damaging
due to higher sulphation on the negative electrode which leads
to the loss of capacity [8]. In order to protect the battery from
too high and too low voltages, the next four inequalities are
defined in the optimization problem (7).

The maximal and minimal SOC constraints are defined
with the last two inequalities in (7). These constraints are
useful in order to prevent the battery from underdischarging
which causes higher sulphation on the negative electrode
and from overcharging which causes the increased secondary
electrochemical reactions.

The batteries which violate these constraints during charg-
ing/discharging are exposed to the aforementioned reactions
in battery cells. Therefore, these constraints must be respected
such that the battery can have its lifetime as declared by the
manufacturer.

B. Unconstrained optimal battery charging/discharging under
commanded energy flow

In case of absence of all the inequality constraints in
(7), the resulting optimization problem can be solved by
using the method of Lagrange multipliers which involves the
modification of the objective function through the addition of

terms that describe the equality constraints [35], [36]. The
augmented objective function is called Lagrange function and
for the optimization problem with equality constraint it is as
follows:

L = SOC(N) + MIbate" Hlbare + 2(0)" Ff Inate — Eoom),
©))

where A € R is the Lagrange multiplier.
In order to maximize the Lagrange function (9), the partial
derivatives with respect to control variables Iy, and to A are
taken and NV +1 equations with N 41 unknowns are obtained:

CF 4+ 2X\HTpate + AF12(0) = 0, (10)
Toate’ HIpaee +2(0)" F{ Toate — Eeom = 0. (11)
The solution of I}, from the previous equations is
_ —F1£C(0)>\ — Cm
Ly = H ' ———~~/~ —m 12
batt 2)\ ) ( )
and A that maximizes (9) is
T -1
A=+ TCm Cn : (13)
z(0)TF H-1F12(0) + 4Ecom

C. Recursive feasibility of the optimization problem

Invariant set is an important tool in control of dynamical
systems due to its ability to enable the designer to guarantee
that state trajectories starting inside it will remain inside
forever by employing suitable admissible control actions [37]-
[39].

Definition 4.1. Controlled invariant set. For the system
z(k+1) = f(z(k),u(k)),z € R",;u € R™ and constraints

defining set C** C R**™ a set S C proj C*" (with proj
Rn Rn
we denote the operator of set projection onto the first n

dimensions of the space in which the set lies) is controlled
invariant if for all x € S there exists an admissible control
action w that retains the state in S, i.e.:

m c o,
f(z,u) €S.

In case of linearly constrained linear systems the controlled
invariant set is polyhedral and can be thus presented using the
following expression [40]:

S={zeR" | Pz < P},

where inequality P*z < P¢, with P* € RM>n pe ¢ RP,
is considered component-wise, while h is the number of
halfspaces defining the polytope S with their intersection.

In order to ensure recursive feasibility of the control prob-
lem (7) with inequality constraints the state at the end of
the prediction horizon x(INV) of the battery state sequence has
to be inside the controlled invariant set S. Thus, besides the
aforementioned constraints in (7), additional constraint is used
in the optimization problem to ensure its recursive feasibility,
as follows:

(14)

Px(N) < P, (15)
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and the optimization problem (7) can be enlarged to the
following form:

max SOC(N) = SOC(0) + CT T

Ipatt

st. Toase” HIpage + x(O)TFlTIbatt = Feom,
Lhatt—a > Tvate (k) > —Tvatt—c, k=0,...,N -1,
Upbattmin < Upatt (k) < Upattmax, k=0,...,N —1, (16)
Ubattmin < U0 (K) < Ubattmax, k=1,..., N,
SOChattmin < SOC(k) < SOChattmax, k=1,...

— 7N7
P*z(N) < P°.

Inequality constraints in (16) can be presented as constraints
on the battery current sequence I}, and the initial state x(0)
which finally yields the set St of admissible current sequences:

Pl < P+ le‘(O) (17

D. Determination of the minimal and the maximal energy
manageable with the Lagrange multipliers method in the
presence of battery constraints

The battery current (12) is a function of initial battery
state x(0) and Lagrange multiplier A. In order to simplify
the analysis, the new variable x = 1/ is introduced and the
expression (12) can be written in the following form:

1 1
That = —§H*1F1x(0) - inlcmn. (18)

Introducing (18) in (17), the following expression is ob-
tained in (n + 1)-dimensional polytope form:
0

(Pa P [xf_ﬁv )} < [R], (19)

and the set described in (19) is denoted with Sy_,. By

applying the projection of the polytope Sx—, on the battery

state space, the polytope Spro; is obtained to which it applies
Sproj € S, and it is denoted with

Px—projm(o) < Pc—proj- (20)

For each initial state z(0) inside the polytope Sproj, there
exist energies that can be exchanged between the battery and
the microgrid in the prescribed timeframe NT' such that the
currents for this exchange can be obtained by using the method
of Lagrange multipliers. The solution of the unconstrained
optimization problem for adherence to the energy exchange
command via Lagrange multipliers is for such commanded
energy exchanges and states also optimal in the presence of
constraints for the full optimization problem (16) as it by the
above construction satisfies all these constraints. For other
initial states which are not inside the polytope Sproj, While
belonging to the invariant set S, there are no solutions using
the method of Lagrange multipliers for any energy exchange
command.

If the initial state 2(0) belongs to the polytope Sproj, the
minimal energy Fpninrc and the maximal energy Foax1G,
that can be exchanged between the battery and the microgrid
without violating the aforementioned battery constraints, can
be calculated using the method of Lagrange multipliers. Before

calculations of battery current and energy, firstly it is necessary
to determine the maximal and the minimal values of variable
k. Using the expression (19) for fixed 2(0) a convex interval
K(z(0)) of admissible values of & is calculated.

After determination of the interval K(z(0)), it is necessary
to determine its extremes, i.e. the minimal value K., =

min k and the maximal value kax = max k. Using
reK(z(0)) . keK(z(0))
the expression (18), the obtained extreme values of x are

used for calculation of the corresponding current sequences
Lninng and Iaxg. If 0 € K(2(0)), Inaxne corresponds to
% = 0. Finally, the minimal energy Ey,rc and the maximal
energy Ea.xpg are calculated using the expression (6) with
the corresponding current sequences (Inint.q, Imaxr.c) for the
given initial state x(0).

E. The minimal and maximal attainable energy in the presence
of all operational battery constraints

The battery constraints (17) expressed with respect to the
control variable I}, present an N-dimensional polytope Si
for a fixed z(0).

The maximal energy that can be exchanged between the
battery and the microgrid can be calculated using a Quadratic
Program (QP) with the objective function (6) for a given initial
state 2(0) inside the controlled invariant set S:

Thats” Hlpage + 2(0) T F Tyt 1)

max
Ipatt

s.t. PIIbatt < PC + le‘(())

The minimal energy of the battery for a given initial state
x(0) inside the controlled invariant set S cannot be calculated
using a QP due to the negative definiteness of matrix H.
For minimization of energy a non-convex problem is obtained

using the expression (6):
{nin Toate” HIpars + 2(0)" F Tyt
batt

s.t. PIIbatt < PC + PX.’IJ(O)

(22)

Here an iterative solving algorithm can be employed but
it does not always guarantee attaining the global minimum.
The Sequential Linear Program (SLP) is an iterative method
that generates and solves a sequence of linear problems until
achieving the convergence to a solution. Primarily, the Cheby-
shev center of St is calculated and initial current sequence
I1att(0) := Icy for SLP is obtained. After that, expression
(6) has to be linearized with respect to the current, and in that
form is used as the objective function in an iterative Linear
Program (LP) as follows:

Ibatt (Z —+ ].) = arg min (2Ibatt (’L)TH =+ "E(O)TFF)Ibatt

Tbatt
(23)
S.t. PIIbatt < PC + PX.I'(O)

The iterative procedure using LP is repeated until the
solution is equal in two consecutive iterations. With Igrp is
denoted the solution of the SLP algorithm (23). The attainable
energy Finspp can be calculated using the expression (6) and
the obtained Igpp for a given initial state x(0).
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a) x(0) € Sproj, Ecom€ [EminLG, EmaxLgG]

Feasible set

¢) x(0) € Sproj, Ecom > EmaxLG

Ibatt=f(x

Ecom Vi

EminsLp

IsLp Feasible set

b) x(0) € Sproj, Ecom < EminLG

Ibate=f(x) _
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\

IsLp Feasible set

EminsLp
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s Ibm(O);,

Feasible set

e) x(0) & Sproj, Ecom > Ecn

Fig. 3. Value levels of the energy function in the space of battery currents through the prediction horizon for a fixed battery initial state (for simplicity of
the illustration, it was presumed that NV = 2, i.e. that there are only two currents for prediction along the prediction horizon: I, (0) and Iy, (1)). Feasible
set from (17) is also depicted, as well as the line which illustrates the relation between ~ and the predicted currents profile determined with (18). The five
possible cases depending on the initial state and the commanded energy flow are shown.

FE. Algorithm for control of the battery charging and discharg-
ing for adherence to the commanded energy flow

In this section the algorithm for solving the problem (16)
and ensuring its recursive feasibility is completely shown.

If the initial state z(0) of the invariant set S is inside the
polytope Sproj and Ecom € [EminLa, Emaxnc], the current
sequence I,y is calculated using the method of Lagrange
multipliers. This case is shown in Fig. 3.a). For 2(0) € Sprojs
in cases of E¢om < Eninra (Fig. 3.b)) or Ecom > EnaxLc
(Fig. 3.c)), SLP or QP are applied to calculate the current
sequences Isrp or Igp, respectively. The initial battery cur-
rents for the consequent iterative solving procedure in both
cases are obtained as convex combinations of (Isyp, Iminnc)
or (Imaxr.c, Iqp), respectively, to ensure reaching the ellipsoid
determined by (6). The convex combination can be used
because the energy exchange with the battery is a continuous
(quadratic) function of the applied current profile. Thus the
connection between any two current profiles contains currents

that result in all energies between the energies for these two
bordering profiles, as shown in Fig. 3. After the initial current
is determined that respects all constraints and satisfies the
equality criterion for the energy flow, we continue to search the
solution to (16) by iteratively sliding along the ellipsoid of the
commanded energy exchange in the direction of maximization
of SOC(N).

For each initial state 2(0) of the invariant set S which is not
inside the polytope S0, N0 points in the polytope S can be
determined via the Lagrange multipliers method since there is
no feasible Lagrange multiplier for any required energy flow.
In that case, firstly the current sequence Icy as Chebyshev
center of polytope St and the respective energy Ecy are calcu-
lated. Fcy is then compared to the commanded energy Ecop,.
In cases of E.om < Ecpn (Fig. 3.d)) or Ecomy > Ecn (Fig.
3.e)), SLP or QP are applied to calculate the current sequences
Isip or Igp, respectively. The initial battery currents for both
cases are obtained as convex combinations of (Isrp, Icny)
or (Icu, Iqp), respectively, to reach the ellipsoid defined by
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Algorithm 1 Algorithm for prediction of the battery current for attaining the required energy flow and maximizing SOC(N)

under longevity and recursive feasibility constraints

1: (0) €S, Ecom
2. if 2(0) € Sproj then
3: Calculate K(z(0))

> Initial state, commanded energy

> Method of Lagrange multipliers

4: Kmin = MiN K} Kmax = Max kK
wEK(2(0)) wEK(2(0))
5 Calculate IminLG’ EminLG and ImaxLG, EmaxLG
6: if Ecom € [EminLGyEmaxLG] then
7: Calculate Iyt using the method of Lagrange multipliers
8 else if .o < Eninnc then
9: Calculate Isrp, FminsLp > Applying SLP
10: Calculate «v in Ipape = odgp + (1 — @)Lninng, « € [0,1] such that E(Ipatt) = Ecom
11: Ipate = iteratively slide towards the optimum (Ipatt, Iminra, H, F1, 2(0), Pr, P, Px, Cr)
12: else
13: Calculate Iqp, EmaxqQp > Applying QP
14: Calculate o in Ipay = oImaxrc + (1 — a)Igp, a € [0,1] such that E(Ipae) = Ecom
15: I.tt = iteratively slide towards the optimum (Ipatt, Imaxrc, H, F1,2(0), P, P C n)
16: end if
17: else if 2(0) ¢ Spro; then
18: Calculate Icy > Calculation of Chebyshev center of Sy
19: Calculate Ecy
20: if Eeomn < Ecy then
21: Calculate Isrp, FminsLp > Applying SLP
22: Calculate « in Ipaey = odIsrp 4 (1 — «)Ich, a € [0, 1] such that E(Ipatt) = Feom
23: Tpatt = iteratively slide towards the optimum (Ipatt, Icu, H, F1,x(0), P, Pe, Pk, Cm)
24: else
25: Calculate Iqp, Emaxqr > Applying QP
26: Calculate o in Ipae = odcn + (1 — a)Igp, a € [0,1] such that E(Ipat) = Ecom
27: Ipate = iteratively slide towards the optimum (Ipatt, Icu, H, F1, z(0), P, P ey Cim)
28: end if
29: end if

the equality constraint (6). After that, analogously as for the
two cases from above, iterative sliding along the ellipsoid of
the commanded energy in the direction of maximization of
SOC(N) takes place.

In the sequel all steps of the overall algorithm are presented:
Algorithm 1, as well as the steps of the iterative sliding along
the ellipsoid of the commanded energy flow under constraints
in the direction of maximization of SOC(N) (Algorithm 2).
In Algorithm 2 the value 10~C is used as a numerical tolerance
of the algorithm. We assume all hyperplanes are defined with
their normal vectors already normalized.

IV. CLOSED-LOOP CONTROL ALGORITHM

In the sequel the closed-loop control for battery charging
and discharging with adherence to energy flow commands
from the level of microgrid energy flows optimization is
introduced.

At each sampling instant the BMS replans the battery
current profile on the remaining timeframe part using the open-
loop optimization problem (16). Accordingly, the commanded
energy exchange is precisely adhered to while respecting
battery constraints and maximizing the residual state of charge.
The closed-loop control enables to perform the exactly re-

quired energy exchange in the presence of various disturbances
and the battery model inaccuracies [41].

If j is the absolute discrete time for any time ¢ = j7, then
the time step 7 is defined with expression ¢ = jmod(Tyagr/T)
where Tyigr is the sampling time of microgrid energy flow
optimization. Furthermore, E28" is the overall commanded
energy exchange between the battery and the microgrid within
Tyvar, while E,.,(7) is the achieved energy calculated as a
numerical integral of the battery power profile in the time
interval corresponding to time indices from O to 7.

Closed-loop control algorithm for adherence to the energy
flow command is provided as follows:

N = Tyer/T — 1,
Ecom E(r;rol%!l - Each(i)y
2(0) = z(d),
Solve (16),
Implement Iy, (0) to the battery power converter.

(24)

V. SIMULATION AND EXPERIMENTAL RESULTS

For simulations and experiments a 48 V VRLA battery
with 45 Ah nominal capacity is used [42]. The open-loop
and closed-loop control algorithms are implemented in Matlab
using the mathematical programming solver CPLEX [43].
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Algorithm 2 Iterative sliding along the ellipsoid of the commanded energy flow in the direction of maximization of the

SOC(N)
10 Tpats, In, 2(0) € S, H, F1, P1, Pe, Py, Ciy > I, — reference current sequence
2: Use z(0) to calculate matrices A; and vector by of the polytope Sp description
3: ¢y = Oy /norm(Cly,)
4: step =1
5: base = [ ]
6: m=20
7: Thatt (0) = Tpatt
8: while number of rows in base < dim(Ip.;) do
9 max-row = max (A Ipaee(m) — by)
10: while max-row < 1076 do
11: ¢ = 2HIy,0(m) + F12(0) > Vector of the ellipsoid tangent plane
12: W = null([¢T’; base]) > Base of the allowed space for current change
13: if norm(W7¢,,) < 1076 then
14: finish = 1
15: break
16: end if
17: v=WWTcy,) > Direction of improvement of the solution in the tangent plane
18: Un = v/norm(v)
19: while Ibatt(m) € Sy do
20: Liang = Ibast(m)+ step vy > The current shift in the tangent plane
21: Calculate ¢ in Ipae(m + 1) = adiang + (1 — )L, o € [0,1] such that E(Ipatt) = Ecom
22: if Ipate(m + 1) ¢ Sp then
23: step = step/2
24: end if
25: max-row = max (A Ipaee(m + 1) — by)
26: m:=m++1
27: end while
28: end while
20 if max-row > 1075 then
30: I, = Lt (m + 1)
31: ind = find((A1Tpags(m + 1) — by) > —1079)
32: base = [base; A;(ind, :)] > Allow further changes of current only along activated constraints
33: Remove from A; and b; all rows with indices from ind
34: end if
35: if finish = 1 then
36: break
37: end if

38: end while
39: Ipage = Ipate(end)

Sampling times 7' = 1 min and Ty;gr = 60 min are chosen.
The battery model parameters (Rgerial, Fasts FRslow> Crast, and
Cslow) are determined from the corresponding voltage-time
curves which are obtained using a method with resting periods
during the experimental charging and discharging. More on
the parameter identification procedure can be found in [28],
[44] and the obtained values of the battery parameters are
shown in Table I. To validate the parameters of the hybrid
electrical model a comparison between the experimental data
and simulations obtained by the model during the pulse
charging and discharging with the current 17.2 A is performed.
This validation for charging and discharging is shown in Fig.
4 and one can see that there are slight discrepancies between
the model and measured data which are visible at high and

low levels of SOC but still the application of (1) considering
the use of closed-loop Model Predictive Control (MPC) for
model inaccuracies alleviation is justified.

The numerical values of all additional constraints of the
considered VRLA battery stack are shown in Table II and
they are defined using the manufacturer data-sheet [42]. Ac-
cordingly, recommended operating window of 100% for depth
of discharge in [42] is also taken into account. This operating
window defines numerical values for lower and upper SOC
limits in Table II. The selection of SOC' limits can of course
be different in other applications.

A. Open-loop control analysis

By using the values for longevity constraints defined in
Table II, the controlled invariant set S for this battery stack is
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Fig. 4. Validation of the hybrid electrical model during the pulse charging
and discharging with the current 17.20 A

TABLE I
THE HYBRID ELECTRICAL MODEL PARAMETERS

Symbol Description Value ‘

Rserial Serial resistance 0.1395 Q

Riast Fast-transient resistance 0.0806 Q2

Rglow Slow-transient resistance 0.0465 Q

Ceapacity | Battery capacitance 129600 F
Clast Fast-transient capacitance 3400 F
Cslow Slow-transient capacitance 89145 F
a Open-circuit voltage parameter 7.70 V

b Open-circuit voltage parameter 4420 V

TABLE I
NUMERICAL VALUES FOR THE BATTERY LONGEVITY CONSTRAINTS

Symbol Description Value ‘
Thatt—c Maximal charging current 17.20 A
Ubattmax Upper voltage limit 5450 V
SOChattmax | Upper SOC limit 100 %
Thatt—d Maximal discharging current 206.40 A
Ubattmin Lower voltage limit 42.00 V
SOChattmin | Lower SOC limit 0 %

calculated with the help of Multi-Patrametric Toolbox (MPT)
[45]. The obtained invariant set S, shown in Fig. 5, has 450
hyperplanes. Additionally, the polytope Sx_, (19) can be
calculated for all prediction horizons N = 1,...,60.

In the sequel, analyses of five different cases in dependence
of the initial state x(0) and the commanded energy E;op, that
needs to be exchanged between the battery and the microgrid
(see Fig. 3), are presented.

Cl) Case 1 (x(o) € Sproj; Ecom € [EminLGvEmaxLG])-'
The initial state z(0) is inside the polytope Sproj, While
commanded energy E.., is 500 Wh. The current sequence
is positive during the whole hour and the battery stack is
discharging. All current values are significantly less than the

‘ I Controlled invariant set S

A%
fast Voc

Fig. 5. The polyhedral controlled invariant set S of states for the VRLA
battery considered

maximal discharging current (Ip.¢y < 206.40 A), as shown in
Fig. 6. Also, the states of the battery stack and their changes
along the prediction horizon are presented in this figure. In
order to show all states in the same range, open-circuit voltage
Voc is presented as difference Voo — Vipin, where Viin =
44.20 V. Further, it can be seen that all voltage and SOC
values are within their allowed constraints.

b) Case 2 (2(0) € Sprojy Eeom < Eminra): The initial
state x(0) is inside the polytope Sproj, While commanded en-
ergy Feom is -450 Wh. The initial battery current is calculated
as convex combination of Igyp and I,,i,1,¢ and then iterative
sliding along the ellipsoid towards the maximum of SOC'(N)
is performed to finally obtain the optimal current profile. In
this case the battery stack is charging due to negative values
of the current sequence during the simulation, as shown in
Fig. 7. The algorithm keeps the current of the battery stack
below the maximal charging current (17.20 A) provided by the
manufacturer. Also, the battery SOC is not close to the upper
and lower limit. Furthermore, the battery voltage is very close
to the upper limit (54.50 V) during the prediction horizon, and
it reaches this limit at its very end.

¢) Case 3 (z(0) € Sproj, Ecom > Emaxrc): The initial
state (0) is inside the polytope Sp.oj, While commanded
energy Ecom is 900 Wh. The initial battery current is cal-
culated as convex combination of I,.x17,¢ and Igp and then
iterative sliding along the ellipsoid towards the maximum of
SOC(N) is performed to finally obtain the optimal current
profile. Figure 8 shows the discharging of the battery stack
due to positive values of the battery current. The algorithm
successfully keeps the current of the battery stack below
the maximal discharging current (206.40 A) provided by the
manufacturer. The battery SOC' is approaching the lower limit
at the end of the prediction horizon. Additionally, the battery
voltage reaches the lower limit (42.00 V) at the last minute.

d) Case 4 (x(0) ¢ Sproj» Ecom < Ecm): The initial state
x(0) is not inside the polytope Spr;, While commanded energy
FEcom is -460 Wh. The initial battery current is calculated
as convex combination of Igrp and Icy and then iterative
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Fig. 6. Analysis of Case 1: Prediction of the battery behaviour during Fig. 7. Analysis of Case 2: Prediction of the battery behaviour during

TMGR, = 60 min - $(0) S Sproja Ecom € [EminLG7EmaxLG]s Ecom
= 500 Wh

sliding along the ellipsoid towards the maximum of SOC'(N)
is performed to finally obtain the optimal current profile.
Figure 9 shows the discharging of the battery stack with high
current in order to retain the battery voltage under the upper
limit (54.50 V). As shown, during the discharging which lasts
three minutes, the open-circuit voltage decreases. After that,
the algorithm charges the battery stack for the rest of the
prediction time in order to achieve the commanded energy,
while the open-circuit voltage, the battery voltage and the
SOC increase. During the charging the algorithm keeps the
current values below the maximal charging current (17.20 A).

e) Case 5 (x(0) ¢ Sproj, Ecom > Ecwu): The initial state
x(0) is not inside the polytope Sproj, While the commanded
energy E.opm is 900 Wh. The initial battery current is calcu-
lated as convex combination of Icy and Igp and then iterative
sliding along the ellipsoid towards the maximum of SOC(N)
is performed to finally obtain the optimal current profile.
Figure 10 shows the discharging of the battery stack, all
current values are positive and the algorithm keeps them below
the maximal discharging current (206.40 A). Furthermore, the
battery voltage and SOC' are within the upper and lower
limits during the whole hour. Additionally, the battery voltage
reaches the lower limit (42.00 V) at the last minute.

The computations for all cases are performed in Matlab
using the mathematical programming solver CPLEX on PC
(Core i5 processor, 6 GB RAM). Considering the runtime
for all cases are fast (Tab. III), it can be concluded that this
algorithm is applicable for online implementation.

Violation of the battery constraints does not happen when
the proposed algorithm is used. The algorithm keeps the
battery current, voltage and SOC within the safe limits and
is thus effective in reducing battery degradation effects and
prolonging the battery lifetime. It takes care that the energy
flow command issued by the microgrid is exactly respected and
that the energy is delivered or stored with maximum efficiency
which is achieved with the maximized SOC' at the end of the

Tyvigr = 60 min - z(0) € Sprojs Ecom < EminLG> Ecom = -450 Wh
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Fig. 8. Analysis of Case 3: Prediction of the battery behaviour during

Tver = 60 min - I(O) S Sprojs Ecom > EmaxLG»> Feom =900 Wh

TABLE III
THE CURRENT PROFILE COMPUTATION AND THE COMPLETE OPEN-LOOP
ANALYSIS RUNTIME

Simulation | Runtime
Case 1 0.0445 s
Case 2 0.5619 s
Case 3 0.3939 s
Case 4 0.6804 s
Case 5 09121 s

prediction interval.

B. Simulation and experimental results of closed-loop control

In the sequel, simulation and experimental results of the
closed-loop control for charging and discharging of the battery
stack with the different initial conditions and set energy
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exchange commands are presented. Firstly, the battery stack
is charging 60 minutes with commanded energy E%8 = -450
Wh. The current state is estimated at each sampling time in-
stant 471" using the Sigma-point Kalman filter (SPKF) which is
completely described in [46] for battery states and parameters
estimation. In this case the estimated initial state before the
testing period has started is z(0) = [49.29 — 0.04 0.06]7.
The simulation and experimental results of charging the VRLA
battery stack using the closed-loop control algorithm are given
in figures 11 and 12, respectively, where also the differences
between the commanded and the achieved energy exchange
(B2er — Eacn) are shown. The algorithm keeps the current of
the battery stack below the maximal charging current (17.20
A) and the battery SOC' is not close to the upper and lower
limit. Also, the battery voltage is very close to the upper
limit (54.50 V) and it reaches this limit at the last minute.
Furthermore, it can be concluded that the simulations and
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Fig. 11. Simulation results: Closed-loop predictive control of the battery

charging during the one-hour runtime
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Fig. 12. Experimental results: Closed-loop predictive control of the battery
charging during the one-hour runtime

experiments exhibit similar behaviours and small differences
are partly a consequence of the discrepancy between the
battery model (3) and the experimental setup. Additionally,
it can be seen that the commanded energy is successfully
exchanged between the battery stack and the microgrid within
the corresponding hour and yet with maximum efficiency
which is reflected in the maximized residual SOC.

In order to show that this BMS is able to manage the
discharging of the battery stack continuously with respect to
the commanded energy exchanges, the discharge test which
lasts 120 minutes (two hours) is preformed. Additionally, the
overall commanded energy flow E28" is different for each

com

hour and its values are: E™8" = 300 Wh (the first hour) and

EZgr =200 Wh (the second hour). The estimated initial state
before the testing period has started is z(0) = [51.55 —

0.01 — 0.01]7. Figures 13 and 14 show the simulation and
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Fig. 14. Experimental results: Closed-loop predictive control of the battery
discharging during the two-hour runtime

experimental results, respectively. Again similar behaviours in
simulation and experiment are exhibited. All current values
are significantly less than the maximal discharging current
(Ibatt < 206.40 A). Further, it can be seen that all voltage
and SOC values are within their allowed ranges.

After the two-hour discharging, the charging of battery stack
which lasts two hours is performed. The overall commanded
energy flow E%8" is also different for each hour and its values

com

for the first and the second hour are: E™&" = -300 Wh and

com

EZer = 200 Wh, respectively. In this case the estimated initial
state before the testing period has started is 2:(0) = [49.32 —
0.03 0.04]”. Figures 15 and 16 show the simulation and
experimental results, respectively. The battery SOC' is within
the upper and lower limit, while the battery voltage is very
close to the upper limit (54.50 V) and it reaches this limit at
the last minute.

It can be concluded that this closed-loop control algorithm
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Fig. 15. Simulation results: Closed-loop predictive control of the battery
charging during the two-hour runtime
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Fig. 16. Experimental results: Closed-loop predictive control of the battery
charging during the two-hour runtime

successfully retains the inputs, states and outputs of the
battery stack within the operational longevity constraints. Also,
in all previous cases, it can be seen that the commanded
energy is successfully exchanged between the battery stack
and the microgrid within the corresponding hour. This control
algorithm thus takes care that the energy exchange required
by the microgrid level is exactly delivered or stored in given
time, yet with maximum efficiency which is reflected in the
maximized residual SOC.

VI. CONCLUSION

A new method for energy management of energy storages
in microgrids is introduced that resides on model predictive
control and ensures energy exchange between the storage
and the rest of the microgrid is performed in exactly the
commanded amount within the given time. It also ensures that
all the storage longevity constraints are respected and that the
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energy exchange is performed with maximum efficiency by
maximizing the residual state of charge of the storage.

The approach is verified via simulations and experiments on
a valve-regulated lead-acid battery storage. The effectiveness
of the approach and the feasibility of real-time implementation
are demonstrated through simulations and experiments.
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