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Abstract—This paper presents a distributed control strategy
for state of charge balancing between the battery modules of a
reconfigurable battery energy storage system. The autonomous
modules share state of charge information with their neighbours
over a sparse communication network and cooperate to reach a
balanced state of charge. The proposed control strategy provides
advantages in terms of reduced communication requirements,
and increased modularity, over a centralised battery management
system. Steady state analysis provides bounds on the mean error
and mean squared error of the distributed average state of charge
estimates used for autonomous balancing control. The proposed
control strategy enforces module topology constraints specificto
the particular reconfigurable battery implementation. The state
of charge balancing mode current controller prevents current
spikes during module topology transitions. Experimental results
demonstrate the performance of the proposed control strategy
for a reconfigurable energy storage system made up of four 6V,
7Ah lead-acid battery modules.

Index Terms—Reconfigurable battery, state of charge estima-
tion, state of charge balancing, distributed cooperative control,
dynamic average consensus.

I. I NTRODUCTION

BATTERY energy storage (ES) technologies offer a wide
range of power and energy densities, making them suit-

able for both mobile applications and fixed bulk storage
applications [1]. Demand for battery ES is being driven by
increasing interest in electric vehicles and power networkstor-
age, as well as reductions in the cost of battery technologies
[2], [3].

Individual battery cells have low voltage and low current
capacity. To overcome this, most battery ES systems have
multiple modules connected in series and parallel, with each
module made up of multiple series connected cells [4]. Gen-
erally, a DC–DC converter is used to provide a controllable
power interface between the battery modules and the load [5].
However, individual modules are expected to have different
properties and operating conditions, so that even when the
modules are operated with the same current, their states of
charge (SoC) may diverge [6]. If any of the modules in a
series connected string empty, the entire string will be unable
to provide energy. Conversely, if one of the modules becomes
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full, the string should not be charged further [7]. This reduces
the effective capacity of the battery ES system. Therefore,to
fully utilise the capacity of a battery ES system, a module
balancing strategy is required.

Battery module SoC balancing can be provided by intro-
ducing an additional balancing circuit between the modules
[8]. Another approach is to use individually controlled DC–
DC converters for each battery module [9]. However, both of
these approaches require a significant number of additional
components.

Reconfigurable battery ES systems have been proposed for
a range of applications [10]–[13]. Reconfigurable battery ES
systems incorporate a module switching circuit allowing the
topology of the battery modules connected to the DC–DC
converter to be controlled. This allows a single power con-
verter to be used for a range of functions, including charging,
load feeding and SoC balancing. The voltage and current
capacity of the reconfigurable ES system can be adjusted
by changing the number of modules connected in series and
parallel, increasing its flexibility and operating range. Also,
adding redundant modules can provide additional robustness.

Centralised SoC balancing control strategies have been
presented for ES systems with reconfigurable battery modules
[11], [12] and modules with individual converters [9], [14].
However, for a large battery ES system made up of many mod-
ules, expensive processing and communications infrastructure
will be required to support centralised SoC estimation and
control.

Distributed battery module monitoring has been proposed
to deal with these issues, with modules connected by a
sparse communication network to a central controller [15],
[16]. Building on this trend, a distributed control strategy
can be achieved by moving autonomous control functions to
distributed hardware located at each battery module. Undera
distributed control strategy, autonomous agents use neighbour
to neighbour communication over a sparse communication
network to cooperate and achieve common objectives [17].

Distributed control provides advantages in terms of reduced
communication requirements, and increased modularity [18].
For the future smart grid, distributed control could also have
security advantages, allowing coordination between networked
storage systems without data centralisation, which could lead
to intellectual property and privacy concerns [19], [20]. Dis-
tributed control has been used in AC and DC microgrids
for secondary control [21]–[23] and SoC balancing between
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distributed battery ES systems [24]–[30]. Distributed control
has also been used to coordinate load sharing between parallel
DC–DC converters [31], [32].A distributed control strategy
for voltage balancing between reconfigurable battery cells
is presented in [33]. However, battery SoC dynamics are
not considered. Battery voltage is only a good indication
of SoC when the battery current is very low, and after a
significant charge recovery period. This limits the speed a
voltage balancing control strategy can provide accurate SoC
balancing. Also, the reconfigurable ES system considered in
the paper allows any series connected module to be included
or excluded from the string of modules supplying the load, and
it is assumed that module topology constraints do not need to
be enforced.

This paper presents a distributed control strategy for SoC
balancing between the battery modules of a reconfigurable
battery ES system.Each module has a distributed battery man-
agement system (DBMS) that performs the current and volt-
age monitoring and processing required for SoC estimation.
The DBMSs operate autonomously, communicating with their
neighbours over a sparse communication network to cooperate
and achieve SoC balancing. This reduces the communication
and processing infrastructure compared to a centralised battery
management system implementation. Battery modules added
to the reconfigurable ES system can be included in the SoC
balancing strategy by connecting new DBMSs to the com-
munication network, improving scalability. A module switch-
ing circuit logic block enforces constraints on the module
topology specific to the particular reconfigurable battery im-
plementation. This decouples the higher level distributedSoC
estimation and cooperative control from the module switching
circuit implementation, providing modularity and allowing the
control strategy to be used for different reconfigurable battery
ES systems.Steady state analysis provides bounds on the
mean error and mean squared error of the distributed average
SoC estimates used for autonomous balancing control. In this
paper the proposed control strategy is demonstrated for the
reconfigurable battery ES system from [13]. This battery ES
system achieves low switch count by imposing restrictions on
the possible module configurations. A SoC balancing current
control is implemented that prevents current spikes during
module topology transitions. Experimental results demonstrate
the performance of the proposed control strategy for a recon-
figurable ES system with four 6V, 7Ah lead-acid modules.

This paper is organised as follows. Section II describes
the principle of operation for the proposed control strategy.
Section III presents the module switching logic for a low
switch count reconfigurable battery ES system. Section IV
presents the distributed SoC estimation strategy. Experimental
results demonstrating the performance of the proposed control
strategy are provided in Section V. Section VI concludes the
paper.

II. PRINCIPLE OFOPERATION

Fig. 1 shows a high level block diagram for a reconfigurable
battery ES system with the proposed distributed SoC balancing
control strategy.
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Fig. 1. High level block diagram for a reconfigurable batteryES system with
the proposed battery module SoC balancing control strategy.

The main physical components of a reconfigurable battery
ES system are a matrix of battery modules, a module switching
circuit, and a DC–DC converter that provides a controllable
power interface between the battery modules and the load
[12], [13]. The control strategy is made up of a distributed
battery management system (DBMS) at each module, with
local SoC monitoring and control functions, a sparse com-
munication network allowing neighbour to neighbour com-
munication between the DBMSs, a balancing mode current
controller, and a switching circuit logic block that controls the
module switching circuit based on the control signals from the
DBMSs.

The objective of the proposed control strategy is to control
the transfer of energy between the reconfigurable battery ES
system modules so that they achieve a balanced SoC.

A. Distributed Battery Management Systems

Each module’s DBMS measures the local voltage and
current, and uses a Kalman filter to update a local module SoC
estimate. The DBMSs share their local SoC estimates with
their neighbours over a sparse communication network, and
update local estimates of the average module SoC according
to a dynamic average consensus protocol. The structure of
the dynamic average consensus protocol ensures that in steady
state, the average SoC estimates will have bounded mean error
and mean squared error, as shown in Section IV. The dynamic
average consensus protocol requires only a symmetric commu-
nication network with a spanning tree between the modules.
The communication network topology doesn’t need to match
the physical connections between the battery modules.

B. Module Switching Circuit Logic

Each DBMS generates a binary control signal, which is
HIGH if the local SoC estimate is above the local estimate of
the average module SoC, and LOW otherwise. These control
signals are updated at the sampling interval of the DBMS
Kalman filters, and are sent to the switching circuit logic
block. Based on these control signals, the switching circuit
logic block sets the gate signals of the module switching circuit
to achieve SoC balancing.

The switching circuit logic block is the only component
of the proposed control strategy that depends on the physical
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realisation of the module switching circuit.The switching
circuit logic will be fully distributed if each module has
dedicated switches allowing it to be connected or excluded
from the string supplying the DC–DC converter. An example
of this type of reconfigurable battery ES system topology is
found in [12]. For this type of topology, when feeding a load,
each module with high SoC would control its local switches
to join the string supplying the converter. Conversely, during
charging, each module with low SoC would join the string.

Where there are restrictions on the possible module con-
nection topologies, such as in [13], the switching circuit logic
will have module interdependencies, and will no longer be
fully distributed. However, the switching circuit logic block re-
quires minimal processing and communications infrastructure
compared to the distributed SoC and average SoC estimation.
Therefore the primary benefits of distributed control structure
are maintained.

In Section III, switching circuit logic is presented for
the reconfigurable battery ES system from [13] when op-
erated in a dedicated balancing mode that utilises the DC–
DC converter inductor as a storage element.The dedicated
balancing mode allows for state of charge balancing between
the battery modules during periods of no load. This is useful
for applications such as electric vehicles, which do not require
power when parked, and grid connected storage systems used
for peak shaving, which may not be used during periods of
moderate network load [1].The reconfigurable battery ES
system modules are swapped between a charge and discharge
cycle. In the discharge cycle, modules with high SoC (above
the average module SoC) are connected in forward bias with
the inductor, which stores energy. In the charge cycle, all of
the modules are connected in reverse bias with the inductor,
and are thus charged. Proper selection of the modules included
in the discharge cycle provides SoC balancing.

C. Current Control

During the discharge cycle, the inductor current increases,
as energy is stored in the inductor. During the charge cycle it
decreases, as energy is transferred back to the battery modules.
A PI current controller sets the duty cycle of the discharge
cycle to regulate the inductor current to a desired reference.
When a module transition occurs, the inductor voltage changes
suddenly and a significantly different duty cycle may be
required to achieve the same inductor current. To prevent a
transient spike in the battery current, the PI controller isreset
by a signal from the switching circuit logic block, and an
additional long charge cycle is introduced. This transfersthe
energy stored in the inductor to the battery modules, beforethe
new voltage is applied. The current control does not require
information from the individual battery modules.

III. B ATTERY MODULE SWITCHING CIRCUIT LOGIC

The switching circuit logic is specific to the particular
reconfigurable battery implementation and operating mode.
In this section, switching circuit logic is presented for the
reconfigurable battery ES system from [13] when operated in
a dedicated balancing mode that utilises the DC–DC converter
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b1 b2 b3 b4

Sb

L

Fig. 2. Low switch count reconfigurable battery ES system with four modules.

inductor as a storage element. This example demonstrates
how the switching circuit logic can be designed to provide
SoC balancing while also enforcing module configuration
restrictions.

Fig. 2 shows the reconfigurable battery ES system topology
for four modules. The module switching circuit introduces full-
bridges between the modules and the supply rails of the DC–
DC converter, allowing the modules to be connected in forward
or reverse bias.A low switch count is achieved by having each
adjacent set of modules share the full-bridge leg between them,
so each additional battery module requires only two additional
switches.However, this introduces restrictions on the possible
module connection topologies. Also, the voltage stress on the
switches is not distributed evenly. For the top and the bottom
switches (ST1-ST4 and SB1-SB4), the stress increases from
right to left and left to right respectively. Devices with different
voltage ratings should be selected for each switch to optimise
the cost and performance of the system.

When the selector switch is DOWN the reconfigurable
battery ES system operates in a dedicated SoC balancing
mode. The DC–DC converter inductorL is used as the
balancing mode storage element. The module switching circuit
is operated to swap between a discharging cycle, with high
SoC modules in forward bias, and a charging cycle with all
modules in reverse bias. The discharge and charge cycle for
a four module battery ES system are shown in Fig. 3(a) and
Fig. 3(b), when modules 1, 2 and 3 have high SoC.

The reconfigurable battery ES system topology in Fig. 2
allows any set of adjacent modules to be connected in forward
bias with the inductor. However, the modules don’t have
independent bypass switches, so non-adjacent modules cannot
be connected in series. For example, consider the case where
energy needs to be transferred from module 1 and module
3 to the inductor. This requiresST1 and SB3 to be ON. It
can be seen from Fig. 3(a) that module 2 will be included
in the string supplying the inductor, regardless of whetherthe
other switches are ON or OFF. The switching circuit logic
must be designed so that SoC balancing is achieved, taking
into account this restriction that only adjacent modules can be
connected in series.

First, consider the case where there are only two battery
modules. SoC balancing will be achieved if the module with
higher SoC is connected in forward bias during the discharge
cycle, and both modules are connected in reverse bias during
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Fig. 3. Four module reconfigurable battery ES system in balancing mode,
when modules 1, 2 and 3 have local SoC estimates above their average SoC
estimates. (a) Discharge Cycle:ST1, SB3, andSb are ON. The current flow
path is shown in red. Energy is transferred from the battery modules to the
inductor. (b) Charge Cycle: All switches are off. The current flow path is
shown in blue. Energy is transferred from the inductor to thebattery modules.

the charge cycle. Similarly if the modules of a multi-module
reconfigurable battery ES system can be divided into two
blocks, with the left block modules all below the average
SoC, and the right block modules all above the average SoC,
then the SoC difference between all of the modules will be
reduced by connecting the right block of modules in forward
bias during the discharge cycle.

The switching control logic proposed for the reconfigurable
battery ES system is to connect the left-most block of adjacent
modules with HIGH control signals during the discharge cycle
(i.e. modules that estimate their SoC is above the average
module SoC). This will cause a rightward movement of charge,
until all modules with high SoC are in an adjacent block on
the right of the ES system. From this point, the modules in this
block will be discharged, reducing the SoC difference between
all of the modules.

For anN module reconfigurable battery ES system, letui be
the binary control signal from theith DBMS, and letSTi and
SBi be the status of theith top and bottom switch respectively.
The switching control logic to achieve the desired functionality
is described by the following boolean expressions.

Discharge Cycle :

ST1 = u1,

STi = uiūi−1 · · · ū1, i ∈ {2, . . . , N}.

SB1 = u1ū2, SBN = uN S̄B2 · · · S̄BN−1,

SBi = uiūi+1S̄B1S̄B2 · · · S̄Bi−1, i ∈ {2, . . . , N − 1}.

Charge Cycle :

STi = 0, SBi = 0, i ∈ {1, . . . , N}.

Battery modules are subject to progressive degradation as
well as catastrophic failures [34]. Module failures are charac-
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Fig. 4. Four module reconfigurable battery ES system in balancing mode.
Module 2 has failed. Modules 1 and 2 are excluded from balancing. Module
3 has a local SoC estimate above the average SoC estimate. (a) Discharge
Cycle:ST3, SB3, andSb are ON. The current flow path is shown in red. (b)
Charge Cycle:SB2 is ON. The current flow path is shown in blue.

terised by an inability to provide charge, and will be detected
by the DBMSs as an excessive impedance.

In the case where module failure is detected, the associated
DBMS will send an error signal to the switching circuit
logic block, which will modify the switching control logic
to exclude the affected battery module. The restriction that
non-adjacent modules cannot be connected in series means
that either the modules to the left or the right of the failed
module must be excluded from balancing, so the side with
fewer modules is excluded. For the dynamic average consensus
protocol, the DBMSs of the excluded modules will participate
by simply passing on signals received from their neighbours,
so that the average SoC of the non-excluded modules is
calculated.

If there are fewer modules to the left of the failed module
i, SBi will be ON for the charging cycle, andSTj , j ≤ i

andSBj , j < i will be OFF for both cycles. Balancing can
proceed using the switching control logic for a reconfigurable
battery with modules equal to the number of modules to the
right of the failed module. The discharge and charge cycle for
a four module battery ES system which has had a failure in
module 2 is shown in Fig. 4(a) and Fig. 4(b), when module 3
has high SoC.

If there are fewer modules to the right of the failed module
i, then STi and Sb will be ON for the charging cycle, and
STj , j > i and SBj , j ≥ i will be OFF for both cycles.
The discharge and charge cycle for a four module battery ES
system which has had a failure in module 3 is shown in Fig.
5(a) and Fig. 5(b), when module 1 has high SoC.
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Fig. 5. Four module reconfigurable battery ES system in balancing mode.
Module 3 has failed. Modules 3 and 4 are excluded from balancing. Module
1 has a local SoC estimate above the average SoC estimate. (a) Discharge
Cycle:ST1, SB1, andSb are ON. The current flow path is shown in red. (b)
Charge Cycle:Sb andST3 are ON. The current flow path is shown in blue.

IV. D ISTRIBUTED STATE OF CHARGE ESTIMATION

Each battery module has a DBMS with a Kalman filter to
estimate the module SoC. The DBMSs also update estimates
of the average SoC of the reconfigurable battery ES system
modules using a dynamic average consensus protocol based
on neighbour to neighbour communication over a sparse
communication network.

A. Local Kalman Filter Based State of Charge Estimation

The battery module SoC is not directly measurable. How-
ever, it can be estimated based on output voltage and current
measurements, assuming an approximate battery model is
known. The second order RC circuit model shown in Fig. 6 is
used to model the lead-acid battery module dynamics [35].Cbi

andRbi model the slow SoC dynamics of the battery, while
Csi andRsi model the faster surface voltage dynamics.Rti

is the terminal resistance of the battery module.

Model uncertainty and measurement noise is modelled by
introducing zero-mean white process noisewi on the states
and measurement noisevi on the output measurements [36].
In this case a Kalman filter provides an unbiased SoC estimate
with minimum error covariance. It is assumed that the process
noise is uncorrelated across the ES system states, and that the
process and measurement noise is uncorrelated across time
and between the ES systems.

Let the ith battery module’s dynamics be described by the
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Fig. 6. Battery module circuit model.

following discrete time state space model available from [35].

xi(t+ h) = Aixi(t) +Biii(t) + wi(t), (1)

yi(t) = Cixi(t) + vi(t) = Voi(t) + vi(t),

xi(t) = [Vbi(t) Vsi(t) Voi(t)]
T ,

E[wi] = 0, E[vi] = 0,

E[wi(t)wi(t)
T ] = Qi, E[vi(t)vi(t)

T ] = Ri.

h is the sampling period.
The discrete time Kalman filters are updated according to

the following algorithm [37].

Prediction Step :

x̂i(t+ h|t) = Aix̂i(t|t) +Biii(t)

Pi(t+ h|t) = AiPi(t|t)A
T
i +Qi

Update Step :

K(t+ h) = Pi(t+ h|t)CT
i [CiPi(t+ h|t)CT

i +Ri]
−1

ỹi(t+ h) = yi(t+ h)− Cix̂i(t+ h|t)

x̂i(t+ h|t+ h) = x̂i(t+ h|h) +K(t+ h)ỹi(t+ h)

Pi(t+ h|t+ h) = [I −K(t+ h)Ci]Pi(t+ h|t).

At each time interval the discrete time Kalman filter provides
an unbiased state estimatex̂i given by x̂i(t) = xi(t) + x̃i(t),
wherexi(t) is the actual module state and̃xi(t) is the predic-
tion error. Note thatE[x̃i(t)] = 0 andE[x̃i(t)x̃i(t)

T ] = Pi(t).
The steady state estimation error covarianceP̄i is given by the
solution to the following discrete time Riccati equation.

P̄i = AiP̄iA
T
i −AiP̄iC

T
i [CiP̄iC

T
i +Ri]

−1CiP̄iA
T
i +Qi

Module SoC estimates can be obtained from the estimated
bulk capacitance voltage.

ˆSoCi =

1
2Cb(V̂

2
bi − V 2

b[0%SoC])

Emaxi
. (2)

ˆSoCi is the estimated fraction of module energy remaining,
Vb[0%SoC] is the steady state open circuit voltage at 0% SoC
andEmaxi is the rated battery capacity in Ws.

B. Dynamic Average Consensus

Each DBMS requires a local estimate of the average module
SoC. This estimate is updated based on its local SoC estimate
and information received from neighbouring modules in the
sparse communication network.
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Consider a reconfigurable battery ES system withN mod-
ules, each with a DBMS. The communication network be-
tween them is described by a graphG(V, E), where V =
{1, . . . , N} are nodes, each representing a DBMS, and(i, j) ∈
E is an edge, representing a communication link allowing
information to flow from nodei to nodej. The neighbours
of node i are give by j ∈ Ni, where (j, i) ∈ E . Each
communication link has a link weightaij . The graph dynamics
are described by a consensus matrixA.

[A]ij =











1−
∑

j∈Ni
aij , i = j

aij , i 6= j

0, otherwise.

(3)

In [38], the following first order dynamic average consensus
protocol, with update periodh, is introduced.

xri(t+h) = xri(t)+
∑

j∈Ni

aij(xrj(t)−xri(t))+∆ri(t). (4)

ri(t) is the reference signal at nodei and xri(t) is nodei’s
estimate of the average reference.∆ is the difference operator,
so∆ri(t) = ri(t)− ri(t−h). The global consensus dynamics
are given by

xr(t+ h) = Axr(t) + ∆r(t), where (5)

xr = [xr1 · · ·xrN ]T , ∆r = [∆r1 · · ·∆rN ]T .

Let the communication link weights be chosen so that the
communication network is symmetric (A = AT ), and there
exists α > 0 such that the following average consensus
conditions are satisfied [39].

1) aii ≥ α, ∀ i.
2) aij ∈ {0} ∪ [α, 1], ∀ i, j.
3) A1 = 1.

Under these conditions the following conservation property
holds [38].

1Txr(t+ h) = 1T r(t). (6)

If the reference signals have bounded first order differences,
∆ri(t) < ∞, ∀t, and the communication network provides
a path between all of the nodes, then the estimates of
the reference average will have bounded steady state error,
limt→∞ xri(t)−

11
T

N
ri(t) < ∞ [38]. The convergence rate of

discrete time consensus algorithms is analysed in [39]. The
convergence rate can be increased by reducing the update
period and providing additional communication links.

The objective for the DBMSs is to reach consensus at the
average of the local SoC estimates. Therefore, each DBMS
sets its consensus protocol referenceri(t) equal to its local
SoC estimate (2). However, although the state estimates from
the local Kalman filters have bounded steady state covariance,
they do not have bounded first order differences.

The distributed average consensus protocol (4) has un-
bounded steady state error for references with unbounded first
order differences. Despite this, the following section shows
that meaningful consensus is still provided, since the average
state estimates have bounded steady state mean squared error.
This is due to the difference operator applied to the reference
signals, which prevents the SoC estimation error from com-

pounding over time.

C. Steady State Analysis

The dynamic average consensus steady state mean error and
mean squared error provide statistical measures of the estima-
tion accuracy. The estimation accuracy limits the accuracyof
the SoC balancing control strategy, since the energy transfers
between the modules are decided by their estimates of the
average module SoC.

The dynamic average consensus protocol error is given by,

x̃r(t+ h) = xr(t+ h)−
11T

N
r(t). (7)

Let the matrixP = (I − 11
T

N
), where the elements ofPx are

the differences between the elements ofx and their average.
From the conservation property (6),

x̃r(t+ h) = Pxr(t+ h). (8)

Assuming there is a path between the DBMSs and the average
consensus conditions are satisfied,A has a single eigenvalue
with magnitude 1, and all other eigenvalues strictly insidethe
unit circle [39]. In this caseP has the following properties,
PA = AP , P = P 2 and all eigenvalues ofPAP are strictly
inside the unit circle [40].

The total mean squared error is given by

MSEtotal = trace(E[x̃r(t+ h)x̃r(t+ h)T ]). (9)

Using (5),

E[x̃r(t+ h)x̃r(t+ h)T ] (10)

= E[(PAxr(t) + P∆r(t))(PAxr(t) + P∆r(t))T ]

= PAE[x̃r(t)x̃r(t)
T ]AP + PQP,

where, Q = AE[x̃r(t)∆r(t)T ] + E[∆r(t)x̃r(t)
T ]A

+ E[∆r(t)∆r(t)T ].

The vector of local SoC estimatesr(t) can be expressed as,

r(t) = r̄(t) + r̃(t), (11)

where r̄(t) is the actual SoC vector and̃r(t) is a
vector of SoC estimation errors, with bounded steady
state mean limt→∞ E[r̃(t)] = E[r̃]ss and covariance
limt→∞ E[r̃(t)r̃(t)T ]− E[r̃(t)]E[r̃(t)]T = Σr̃.

The dynamic average consensus protocol mean error is
given by

E[x̃r(t+ h)] = PAE[xr(t)] + PE[∆r(t)] (12)

= PAE[xr(t)] + P (∆r̄(t) + E[∆r̃(t)]).

In steady state, let the change in the battery module SoC each
sampling period be given by∆r̄ss. In this case the steady state
mean error is given by,

lim
t→∞

E[x̃r(t)] = E[x̃r]ss = [I − PA]−1P∆r̄ss. (13)
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Next, the steady state terms ofQ will be obtained.

E[x̃r(t)∆r(t)T ] (14)

=PE[(Ax̃r(t− h) + ∆r(t− h))∆r(t)T ]

=PAE[x̃r(t− h)](∆r̄(t) + E[∆r̃(t)])T

+ P (∆r̄(t− h)∆r̄(t)T + E[∆r̃(t− h)]∆r̄(t)T

+∆r̄(t− h)E[∆r̃(t)T ] + E[∆r̃(t− h)∆r̃(t)T ]).

Therefore,

lim
t→∞

E[x̃r∆rT ] = P (AE[x̃r]ss∆r̄Tss +∆r̄ss∆r̄Tss − Σr̃).

(15)

Similarly,

lim
t→∞

E[∆rx̃T
r ] = (∆r̄ssE[x̃r]

T
ssA+∆r̄ss∆r̄Tss − Σr̃)P.

(16)

Finally,

E[∆r(t)∆r(t)T ] = ∆r̄(t)∆r̄(t)T + E[∆r̃(t)]∆r̄(t)T (17)

+∆r̄(t)E[∆r̃(t)T ] + E[∆r̃(t)∆r̃(t)T ].

Therefore,

lim
t→∞

E[∆r∆rT ] = ∆r̄ss∆r̄Tss + 2Σr̃. (18)

The steady state solutionlimt→∞ PQP = PQssP < ∞
can be obtained from (15), (16) and (18). Since the eigenvalues
of PAP are strictly inside the unit circle, andPQssP <

∞, the steady state total mean squared error is bounded,
MSEtotalss = trace(E[x̃rx̃

T
r ]ss). E[x̃rx̃

T
r ]ss can be obtained

by solving the following Lyapunov equation.

E[x̃rx̃
T
r ]ss = PAE[x̃rx̃

T
r ]ssAP + PQssP. (19)

Since the communication network is symmetric, the average
consensus conditions will be maintained even in the case
of communication link failure. Therefore, as long as the
communication network still provides a path between the
DBMSs in steady state, the DBMSs will obtain estimates of
the average module SoC with bounded mean error and mean
squared error. Redundant links above those required to provide
a path between the DBMSs will improve the tolerance of the
network to communication link failure.

V. EXPERIMENTAL RESULTS

Experimental results demonstrate the performance of the
proposed distributed SoC balancing control strategy.For safety
considerations, the control strategy was tested on a low voltage
reconfigurable battery ES system prototype with four 6V, 7Ah
lead-acid modules. A full sized system would be in range
of hundreds of volts for practical applications such as DC
microgrids or electric vehicles. In [13] a reconfigurable ES
system with three 132V modules, each made up of 11 series
12V 180 Ah lead acid cells, is evaluated.

The parameters of the reconfigurable battery ES system are
listed in Table I. The battery module parameters were obtained
using the system identification procedure from [35].

The distributed control strategy was implemented virtually
on a dSPACE DS1006 Processor Board. The sampling period

TABLE I
RECONFIGURABLEBATTERY ES SYSTEM PARAMETERS

DC–DC Converter and Control System

Inductor 1.02mH fs 20kHz kp 0.05

ki 0.2 TKF
s 100ms T avg

s 100ms

Lead-Acid Battery Modules

Vb[100%SoC] 6V Emax 42Wh Rt 97.6mΩ

Vb[0%SoC] 5.4V Rb 32.5mΩ Rs 32.5mΩ

Cb 44211F Cs 23.23F R 0.037

QVb 1×10−7 QVs 1×10−6 QVo 1×10−5

DBMS 2

DBMS 4

DBMS 1 DBMS 3

Fig. 7. The sparse communication network topology connectingthe DBMSs.

of the local Kalman filtersTKF
s and the dynamic average

consensus protocol updated periodT avg
s were set to 100ms.

The topology of the sparse communication network connecting
the DBMSs is shown in Fig. 7.

A 1A inductor current reference was selected. The small
signal transfer function between the duty cycle and induc-
tor current is given byiL(s)

d(s) =
Vcharge+Vdischarge

Ls
, where

Vdischarge is the combined voltage of the modules connected
in forward bias with the inductor during the discharge cycle
andVcharge is the voltage of the modules connected in reverse
bias during the charge cycle [13]. The PI current controller
gains were selected to bekp = 0.05 and ki = 0.2, giving
a phase margin of 89 degrees and a closed loop bandwidth
between 240Hz and 333Hz, depending on the number of
modules connected during the discharge cycle.

The distributed average consensus protocol steady state
worst case theoretical mean error is0.56Ws, the maximum
element ofE[x̃r]ss. This occurs when a single battery module
is included in the discharge cycle, giving the maximum
deviation of module SoC from the average over the update
interval. The theoretical steady state total mean squared error
is given by MSEtotalss = 2.10(Wh)2. This corresponds to
an individual battery module average SoC estimate standard
deviation of 0.725Wh (1.7% of the total capacity).

The battery modules begin with open circuit voltages be-
tween 5.65V and 6V, corresponding to SoC between 40% and
100%, as shown in Fig. 8. The Kalman filter estimates were
initialised based on the measured output voltages of the battery
modules.

The DBMSs share their SoC estimates with their neighbours
every 100ms and update their local estimate of the average
module SoC according to the dynamic average consensus pro-
tocol. As shown in Fig. 9, it takes approximately 1.5 seconds
for the local average module SoC estimates to converge.
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Fig. 8. Battery module SoC estimates, and the average of the SoCestimates.
From 0min to 8.3min, module 2 is the left-most module with high SoC,and
is the only module included in the discharge cycle. From 8.3minto 24min,
combinations of modules 2, 3 and 4 are included in the dischargecycle. At
24min SoC balancing up to the estimation accuracy is achieved.

Time (s)
0 0.5 1 1.5

A
ve

ra
ge

 S
oC

 E
st

im
at

es
 (

%
)

40

50

60

70

80

90

100
Module 1
Module 2
Module 3
Module 4
Average

Fig. 9. Estimates of the average module SoC and the actual average shown
for the first 1.5s of the distributed dynamic average consensus protocol.

Energy is transferred between the battery modules according
to the module switching circuit logic described in Section III.
Initially, the SoC estimates of modules 2 and 4 are above their
estimate of the average SoC, and thus they have HIGH control
signals. However, these modules are not adjacent and cannot
be connected in series without module 3. In accordance with
the module switching logic, the left-most block of adjacent
modules (i.e. module 2) is connected in forward bias with the
inductor during the discharge cycle, while the full string is
connected in reverse bias during the charge cycle. Fig. 10(a)
shows an oscilloscope screen capture with the inductor and
battery module currents for several charge/discharge cycles
during this period.

As shown in Fig. 8, the SoC of module 2 is reduced, while
the SoC of the remaining modules increase. This continues
until module 3 reaches the average SoC, after approximately
8.3 minutes. When module 3 estimates its SoC is above the
average module SoC, its control signal becomes HIGH and it
is included in the discharge cycle with modules 2 and 4. Fig.
10(b) shows an oscilloscope screen capture during this period.
When module 3 estimates its SoC has fallen below the average,
its control signal returns to LOW. This keeps module 3 near
the average SoC while module 2 continues to discharge.

After 24 minutes, the SoC of all of the battery modules are
approximately balanced and the SoC estimates remain within
0.4% of one another. Fig. 11 shows the battery module voltage
measurements. The strong current dependence of the battery
voltage demonstrates the limitations of a voltage balancing

iL

i1

i2

i3

i4

0A

0A

0A

0A

0A

(a)

iL

i1

i2

i3

i4

0A

0A

0A

0A

0A

(b)

Fig. 10. Oscilloscope screen captures showing the inductorand battery
module currents. X axis: 20µs/div, Y axis: 500mA/div. (a) Module 2 is
connected in forward bias with the inductor during the discharge cycle. (b)
Modules 2, 3 and 4 are connected in forward bias with the inductor during
the discharge cycle.
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Fig. 11. Battery module voltages over the course of SoC balancing.

strategy for SoC balancing.
Fig. 12 shows the inductor current, averaged across the

charge/discharge cycle, over the course of SoC balancing.
The inductor current is regulated at the 1A reference, with a
maximum current of 1.06A. The variations seen after 8.3min
are caused by additional 20ms charge cycles inserted between
module topology transitions, which reset the inductor current
to zero to prevent inductor current spikes. Fig. 13 provides
a zoomed in view, showing the current control performance
during a module topology transition. At 501.2s, only module
2 is included in the discharge cycle. At 501.38s the control
signals of modules 3 and 4 become HIGH. However, if
modules 3 and 4 were suddenly included in the discharge cycle
at the previous duty cycle, the inductor current would spike.
To prevent this, a 20ms charge cycle is inserted so that the
inductor energy is transferred to the battery modules, and the
PI current controller is reset. Following the extra charge cycle,
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Fig. 12. Inductor current, averaged across the charge/discharge cycle, over
the course of SoC balancing. The variations after 8.3min are caused by the
additional 20ms charge cycles inserted between module topology transitions
to prevent inductor current spikes. The maximum inductor current is 1.06A.

Time (s)
501.2 501.3 501.4 501.5 501.6

C
ur

re
nt

  (
A

)

-0.4

-0.2

0

0.2

0.4

0.6

0.8

1 Module 1
Module 2
Module 3
Module 4
Inductor

Fig. 13. Inductor and battery currents, averaged across thecharge/discharge
cycle, during a transition from module 2 connected in the discharge cycle, to
modules 2, 3 and 4 connected in the discharge cycle. A 20ms charge cycle
is inserted between the module topology transition, transferring energy from
the inductor to the battery modules and preventing a spike in current.

the inductor current is regulated back to the 1A reference,
without significant overshoot.

VI. CONCLUSION

A distributed control strategy for SoC balancing between
the modules of a reconfigurable battery ES system has been
presented. The proposed control strategy requires only a
sparse communication network between distributed battery
management systems, providing advantages in terms of re-
duced communication requirements, and increased modularity,
over a centralised battery management system. A switching
circuit logic block is introduced to provide SoC balancing
based on binary control signals received from the distributed
battery management systems, while enforcing module topol-
ogy constraints specific to the particular reconfigurable battery
implementation. The performance of the proposed control
strategy has been demonstrated for a reconfigurable battery
ES system with four 6V, 7Ah lead-acid modules.
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