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Energy Loss Optimization Method Considering
the Time-varying Characteristics of Battery
Energy Storage Systems

Gan Guo, Junhui Li, Gang Mu, Fellow, IET, and Gangui Yan, Senior Member, CSEE

Abstract—A time-varying optimization strategy for
battery cluster power allocation is proposed to minimize
energy loss in battery energy storage systems (BESS).
First, the time-dependent loss characteristics of both
storage and non-storage components in BESS are ana-
lyzed. Based on this analysis, steady-state and transient
methods for evaluating battery loss are proposed. Second,
considering the distinct time-varying characteristics of
various BESS components, the load-rate vs. equiva-
lent-efficiency curve and the current-loss power compo-
nent gradient field are introduced as analytical tools.
These tools facilitate the derivation of optimization path
for both time-varying and time-invariant energy compo-
nents of BESS. Building on this foundation, a
time-varying optimization strategy for battery cluster
power allocation is developed, aiming to minimize energy
loss while fully accounting for the dynamic characteristics
of BESS. Compared to real-time optimization, this strat-
egy prioritizes global optimality in the time domain, mit-
igates the risk of dimensionality curse, and enhances
BESS efficiency. Finally, a Simulink/Simscape model is
established based on real-world data to simulate internal
component losses within BESS. The effectiveness of the
proposed strategy is validated under a peak shaving sce-
nario. Results indicate that, after optimization, the annual
operational loss of BESS is reduced by 2.40%, while the
energy round-trip efficiency is improved by 0.59%.

Index Terms—Battery energy storage system, battery
cluster power allocation, efficiency, time-varying optimi-
zation.
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1. INTRODUCTION

Battery energy storage systems (BESS) play an in-
creasingly critical role in modern power systems by
improving grid reliability, enhancing operational flexi-
bility, and facilitating the integration of renewable en-
ergy sources. As complex systems that convert electri-
cal, thermal, and chemical energy, BESS efficiency is of
paramount importance. Typically, large-scale lithi-
um-ion BESS exhibit efficiencies ranging from 70% to
90% [1]-[3]. According to [4], the average monthly
round-trip efficiency of US energy storage facilities is
approximately 82%, while China’s National Photovol-
taic and Energy Storage Experimental Platform has
documented a peak efficiency of 82.66% for LiFePOs
BESS [5]. These findings indicate the potential for
further efficiency improvements. Achieving higher
efficiency necessitates an in-depth analysis of BESS
component energy loss characteristics and the devel-
opment of advanced control strategies. This study ex-
amines energy loss mechanisms in BESS, battery
modeling methodologies, power conversion system
(PCS) efficiency, battery cluster control, and
time-varying optimization algorithms, providing a
comprehensive review of existing advancements and
research gaps.

Recent research has explored BESS efficiency across
various storage types [6], [7], application scenarios
[7]-[10], and control methods [11]-[13]. Studies have
used engineering practices and physical experiments
[10], [13], computer simulations [6], [8], [12], and
hardware-in-the-loop simulations [9], [11]. Most works
focus on external characteristics modeling, with less
attention to internal component characteristics. Refer-
ences [11] and [12] model BESS loss via efficiency
curves but overlook the dynamic characteristic of bat-
tery, treating BESS as time-invariant system. As a
complex system with multiple energy conversions and
component coupling, studies on BESS losses should
focus more on the impact of the internal component
characteristics on efficiency. In Li-ion BESS, main
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energy losses stem from battery and PCS [14], [15], so
the loss characteristics of these components determine
the overall BESS efficiency.

Batteries are highly nonlinear, time-varying systems.

Currently, modeling research spans thermal effects
[16], [17], capacity degradation and aging [18]—[20],
SoC estimation [21], and energy efficiency [22], [23].
Compared to electrochemical [16], [18] and neural
network models [21], the equivalent circuit model
offers a better balance of accuracy and complexity.
Multi-order RC and PNGV models are more suitable
for efficiency studies in power systems [24]. Research
on charging strategies shows that constant cur-
rent/voltage modes are simple but ignore battery dy-
namics, and thus reduce overall efficiency [25]. Var-
iable current strategies, especially positive pulse cur-
rent (PPC) charging [26]—[28], improve efficiency by
avoiding lithium saturation and reducing polarization.
However, these real-time control studies lack fore-
casting and planning, and ignore time-varying char-
acteristics on efficiency. In peak shaving and renewa-
ble integration scenarios, predicting BESS input is
crucial. As installed capacity and operation time in-
crease, the cumulative effect of time-varying charac-
teristics on efficiency cannot be ignored. Researches in
[29] and [30] focus on time-varying optimization in
microgrid, but BESS loss optimization remains unex-
plored. Thus, developing time-varying loss models and
feasible optimization strategies are necessary to im-
prove efficiency.

PCS is a major BESS component. Research has
highlighted the prevalent challenge of low PCS effi-
ciency under light-load conditions [31]—[34]. Reference
[33] models PCS as a time-invariant system using ex-
perimental data to track maximum efficiency points.
Reference [34] improves light-load efficiency by opti-
mizing PCS structure, but is unsuitable for bidirectional
power scenarios. Additionally, these modifications
introduce control complexities, reduce component
lifespan, and increase high-load losses [34]. Enhancing
light-load efficiency of a single PCS inherently involves
trade-offs.

Due to the parallel structure of multiple battery
clusters in BESS, each cluster’s PCS can execute dif-
ferent commands, allowing decoupled control. How-
ever, most studies assume balanced operation due to the
complexity of imbalance control strategies. References
[11] and [12] examine the impact of power flow dis-
tribution on the efficiency of parallel-connected cell
strings within BESS. Additionally, control strategies for
distributed energy storage [35], [36] and vehicle-to-grid
(V2G) technology [37]-[39] provide references for

parallel operation of battery clusters, validating the
advantages of decentralized control. However, they also
reveal common problems, such as in frequency regula-
tion [11], black start [36], and automotive power bat-
teries [37]-[39], where BESS typically employ re-
al-time control rather than being pre-planned, thus often
neglecting time-varying characteristics. Furthermore,
their operational constraints differ significantly from
internal battery clusters. Thus, it is necessary to conduct
more research on coordination of battery clusters, while
considering their operational characteristics.

To optimize BESS energy loss, appropriate algo-
rithms must be applied based on the characteristics of
the optimization model. Accounting for time-varying
characteristics introduces high-dimensional solution
spaces. Common heuristic algorithms, while widely
adaptable and model-free [40], are prone to local optima
and the curse of dimensionality in high-dimensional
time varying problems [41]. To overcome these chal-
lenges, reference [42] introduces a kind of time-varying
convex optimization problems and proposes algorithms
based on online prediction in discrete and continuous
time domains. References [29] and [30] apply
time-varying algorithms to emission and economic
dispatch in microgrids and smart grids, without being
specifically to BESS. The optimization of time-varying
problems in power systems is gaining increasing atten-
tion. This study incorporates BESS time-varying char-
acteristics and proposes an original battery cluster
power allocation strategy to optimize BESS energy loss.
The study structure is shown in Fig. 1.

The main contributions of this study are as follows.

1) The study analyzes the loss characteristics of
BESS components, innovatively modeled BESS energy
loss as a time-varying process, and proposed methods
for analyzing steady-state and transient battery losses.

2) Based on the differentiated time-varying charac-
teristics of BESS components, the study evaluates the
differences between time-varying and time-invariant
systems in energy optimization. It proposes optimiza-
tion paths for BESS based on the load ratio-equivalent
efficiency curve and the current vs power loss compo-
nent gradient field.

3) A time-varying optimization strategy for battery
cluster power allocation is designed to minimize energy
loss in BESS, prioritizing optimality in global time
domain over real-time optimization.

4) A Simulink/Simcape simulation model is devel-
oped with real-world data to simulate energy losses of
BESS components, assessing their magnitude, compo-
sition, and the impact of control strategies under peak
shaving scenario.
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CHARACTERISTICS OF THE BESS LOSS MODEL

A. Basic Composition of ESS Energy Losses

This study aims to describe the fundamental
time-varying characteristics of BESS using the most
basic and general models. It focuses only on electrical
losses, excluding the energy consumption of auxiliary
equipment.

As shown in Fig. 1, the components of a BESS in-
clude transformers, AC/DC and DC/DC PCSs as
non-storage components, and battery modules as energy
storage components. A set of AC/DC and DC/DC PCS,
and battery module form a battery cluster, while multi-
ple clusters form a complete BESS. Various forms of
energy conversion are involved among the components.
A Sankey chart of energy flow between BESS and
power grid is shown in Fig. 2.

1. Transformer
2. AC/DC
3. DC/DC Charging power

Power loss R,

Power grid

{__Thermal dissipatioln

Discharging

123 '
Power loss ‘ L

Fig. 2. Sankey chart of energy flow in BESS.
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B. Time-invariant Nature of Non-energy Storage
Components Loss Model

1) Transformer

According to transformer’s T-type equivalent circuit
model [43], the relationship between the power loss and
the load rate f3 is established, as:

PFFiloss(IB):R-‘e +182PkN (1)

where B, represents the excitation loss; and Ry is the
short-circuit loss, which can be considered constants for
the same transformer. A. which can be borne by the
power grid, is not included in the BESS loss. The
transformer parameters are set based on the reference
values for a 5000 kVA transformer specified in GB/T
6451-2023, with B.=282kW, Bx =158kW. The
power loss model of the transformer is a
non-homogeneous, non-additive, and time-invariant
system, where the loss is only related to instantaneous
load power.
2) Power Converter System

The efficiency of PCS can be modeled as a function
of the input [44]. Based on the measured data of the
Hongsheng PWS1 50k PCS, the relationship between
efficiency and load rate is fitted as:

Thes(B) = a, +a1ﬁ+azﬂ2 +a3:83 +a4:84 2
where a, =0.7868, a; =0.7955, a, =—2.073,

a; =2.137, and a4 =—0.8137 . The rated power is P
and load power is P. The load rate is defined as:

ﬂép—i,ﬂE[O,l] 3)

If the PCS is viewed with load power as input and
loss power as output, it shows non-homogeneous,
non-additive, and time-invariant characteristics. Its
efficiency depends solely on the instantaneous input,
demonstrating immediacy. Achieving optimal effi-
ciency at each moment maximizes overall PCS effi-
ciency over time. Therefore, analyzing PCS efficiency
requires only examining the instantaneous input power.

C. Time-varying Nature of Energy Storage Components
Loss Model

1) Time-varying Nature Between Battery Power and
Battery Current

Large-scale BESS commonly use a nonlinear battery
model with an RC circuit [45], reflecting basic dynamic
and time-varying electrical characteristics. This study
adopts the Thevenin equivalent model with a first-order
RC circuit as shown in Fig. 3.

The state of charge (SoC) of the battery can be rep-
resented as S

S(t) = Cljo’l(r)dr )

where Cy is the ampere-hour capacity; and S(f) €
[0,1].

R, S
— A\ 1=
I +
O v
I
2y
Fig. 3. Battery equivalent circuit model.
The battery’s open-circuit voltage V,. has a

non-linear relationship with its S(¢) . Based on multiple
pulse discharge experiments conducted on several
Shenhang LR12500SA lithium batteries and averaging
the results, a S-V,. relation curve has been obtained, as
shown in Appendix A. It can be fitted into the following
polynomial:
V..(S)=b, +bS +b,S* +b,S’ ®))

where the coefficients are determined as: b, =2.484 V ,
b=2608V, b =-5252V,b=3.603V.

The relationship between the battery terminal power
R (?) and current /(¢) is given by:

B(6)=1(t)|V,.(S)+ ()R + Ci jo'l(r)e’%cp dr | (6)

From (6), if the battery’s charge/discharge power is
the input and the current is the output, the presence of
time-integral components makes the power-to-current
process time-varying.

2) Time-varying Nature Between Battery Power and
Steady-state Component
Battery power loss Ry 1ss 1S defined as follows:

Pbatiloss = Pbatiro + Pbatirp = RQ12 + RPII% (7)

where R . is the power loss of ohmic internal re-
sistance Rq;and R ., is the power loss of polarization
resistance R, .

The expression for the relationship between the po-
larization current /, and the terminal current / is:

T—1

I =1~ J.;I’(r)eRPC" dr ®)

Substituting (8) into (7) yields:

P,

bat_loss

77—t 2
=R, +R I’ +R, [ [ r@et dr] -
©)

Tt

2R I jo'l'(r)eRPCP dr

Since the battery model includes an RC transient
circuit, the battery power loss can be divided into
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steady-state and transient parts. The steady-state loss
component B, s is extracted as follows:

B ()= (I)+I’R, =I*(R, +R,) (10

From (10), R. s is always positive, representing the
power loss from the load current through the battery’s
internal resistance, determined solely by the terminal
current /. With / as the input and R, s as the output, the
model is non-homogeneous, non-additive, and
time-invariant. Considering that efficiency optimization
is achieved by power allocation among battery clusters,

with BESS total charge/discharge power R, as the

bat ro

input and AR, as the output, the model is
non-homogeneous, non-additive, and time-varying.
3) Time-varying Nature Between Battery Power and
Transient Component

Subtracting (10) from (9), the transient power loss
component R, s of the battery is extracted as follows:

1,I"Y=PF,, rp(t,[,]’)—IzR =

2
, = 11
R joz'( )e R‘C'dr —2R1j1( ek dr (b

p

bal ts

In (11), the integral part gradually decays to zero as [
reaches steady state, with the rate of decay determined

by the time constant R,C, . The integral part represents
the polarization capacitor current /. :

T—1

— “ o RpCp
1 —IOI (r)e™rdr

(12)

The magnitude of /. is always smaller than /. When /
fluctuates, /. will either divert or compensate /7, ,
smoothing its fluctuations. The sign of R,  means:

1) Rus =0, current compensation by Cp increases
the polarization resistance power loss.

2) Ra s <0, current diversion by Cp reduces the
polarization resistance power loss.

As defined in (11), the time integral of R, . 1S not
equal to the energy of Cr, so it can be a non-zero value.
R« involves multiple variables accumulating over
time, showing temporal accumulation characteristic.
Thus, with [ as the input and R, as the output, its
power loss model is non-homogeneous, non-additive,
and time-varying. Similarly, R, is taken as the input.

III. IMPACT OF BESS TIME-VARYING AND
TIME-INVARIANT CHARACTERISTICS ON ENERGY LOSS
OPTIMIZATION PATHS

A. Energy Loss Differences:
Time-varying Systems

Time-invariant vs.

1) Time-varying Relationships among Variables
The time-varying relationships among the main var-
iables are summarized in Fig. 4.

P

oy I T-I' time-invariant relation
g 4 T-V: time-varying relation
¥
I _" LN Brraves o (F i‘. )
U¥TVy N p, (1) B (1) — X3,

dr ¢
Fig. 4. Time-varying relationships among major variables.

As shown in Fig. 4, non-storage components, such as
transformers and PCS, have a time-invariant path from

system charge/discharge power ( Py ) to power losses of
the transformer and PCS ( Prarcs 10ss ). However, for
storage components, such as battery modules, the path
from PR, to battery loss ( Ba s ) involves both
time-invariant and time-varying processes. From the
battery’s direct input variable /, the path leading to
R s remains time-invariant, whereas the path to Py
is time-varying.
2) Energy Loss Characteristics of Time-invariant
Systems

Suppose there are two discrete input signal sets, x;
and x,, with identical elements but different time se-
quences, i.e.:

X, =X, 3

x,(2) = x, (1), te[O,T] (13)

It can be inferred that the integrals of both signals
over the same period are equal, i.e.:

! ! 14

jo x,(£)dr = jo X, (1)dr (14)

When signals x; and x; are input into time-varying

and time-invariant systems, the outputs of these systems
are different, as shown in Fig. 5.

{x}={xt={0.0,.0..0,.0}
‘/ﬁ
x,(1) a,

o,

Time-invariant system

Instantaneous B
(Transformer, PCS)

g, o /
e Same elements
e Different time sequence

Time-varying system
™ Iy ‘(_\')
Time cumulative

(battery) s (X5)

Fig. 5. Differences in loss characteristics between time-varying
and time-invariant systems.

If signals x; and x, are input into a time-invariant
system, temporal fluctuations of signals do not affect
the output due to the instantaneous input-output rela-
tionship, so they produce the same result. For example,

assuming signals x; and x, in Fig. 5 satisfy (13), the
temporally ordered signal elements are:
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t=t1 t2 l‘3 l‘4 t5
x,(¢) 2{61,02,03,0'4,05}
xz([)z{GSaGmO_}:O-zaGl}

(15)

If Eis = E(o) represents the system function, then
for a time-invariant system, the final output loss ener-
gies Eisi and Es satisfy the following relationship:

{Elossl =E(0)) +E(0,) + E(0;,) + E(0,) + E(05) (16)
E ., =E(0oy)+ E(o,)+E(0;)+ E(0,) + E(0,)

Therefore, the final output is independent of the
timing sequence of the input signals. The loss energies
obtained by x; and x, within the same time domain are
identical, 1.e., Elossi = Eloss2 -

Loss models of transformers, AC/DC and DC/DC
PCSs are immediate and memoryless when Ry (?) is the
input. This means the power loss at time ¢ depends only
on the current input Py (), regardless of previous input
changes. For time-invariant components, the loss is
solely determined by the input signal’s magnitude and is
unaffected by its temporal fluctuations. Any input signal
satisfying condition (13) results in the same energy loss.
3) Energy Loss Characteristics of Time-varying Systems

Unlike time-invariant systems, the output of
time-varying systems depends on the accumulated input
value over time. Thus, temporal fluctuations in the input
signals affect the system’s output. Consequently, energy

losses Eissi and Eis resulting from different input
signals S)(¢) and S,(¢) over the same period will not
be consistent.

Elossl :E(O-l)+E(O-13(72)+E(0190-290-3)+
E(o,,0,,0,,0,)+E(0,,0,,0,,0,,05) (17)
ElossZ :E(O-S)+E(O-5’O-4)+E(O-55O-4JO-3)+

E(o,,0,,0,,0,)+ E(0y,0,,0,,0,0,)

Therefore, different timing sequences of the input
signals lead to different loss energies within the same
time domain, i.e., Eiost # Elossa -

Similar to the above analysis, when Py is the input,

the battery loss model accumulates over time and ex-
hibits memory characteristics. The power loss at time ¢
depends on both the current input and the cumulative
input before time ¢, reflecting the influence of both the
input magnitude and its temporal fluctuations on the
battery loss.

B. Energy Loss Optimization for Time-Invariant Energy
Systems

1) Energy Loss Optimization Without
Considering Time-varying Factors

Power allocation is achieved by adjusting the alloca-
tion coefficients k for each battery cluster, subject to the

following constraint at any time :

Concept

zm:ki(t):l

0< k() =<1

(18)

where m is the total number of battery clusters; and £;
is the power allocation coefficient for the ith battery
cluster.

In discrete time domain, power allocation coefficients
are represented by matrix K. Rows m denote battery
clusters, and columns 7" denote time length. Pre-planned
matrix K allocates power demand Py () of BESS,

resulting in terminal power K x Ry (¢) for each cluster

at time ¢. Optimization of BESS losses is achieved by
adjusting matrix K, described as:

1 N T
Uy o ko kg Psys(l)
: : : LX =
m kml kmt ka sys(T)
[0 kP (1) - 0] B

. s : Optlmlse[k] E

. . i input BESS max
=10 kB (@) -+ 0

(19)

As previously mentioned, the temporal fluctuation of
the input signal in a time-invariant system does not
affect the output. Therefore, optimizing a time-invariant
system can be decomposed into optimizing each time
segment independently. By summing the optimal results
across all time segments, the global optimal solution can
be achieved. Therefore, the energy optimization prob-
lem for a time-invariant system can be simplified to an
instantaneous power optimization problem, which is
formulated as:

Parallel optimisation
k 1 lf;ys (1)
Timeis 1 | | _omeni s p )
L kml I)sys (1)_
i k lzPsys (t) ]
Timeis ¢ | /0| _ommeni sp ) (7
_kmt Psys (t)_
kl T[:ys (T)
Timeis 7 | For P 1) | _owmetois ()
k m7T Psys (T)
T
D P (O=E,
t=1
(20)

Mathematically, allocation coefficient matrix K ver-
tically splits into allocation coefficient vectors for each
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time point, without the temporal correlation. This al-
lows for parallel optimization (e.g., parfor in MATLAB)
of power at each time point, enhancing solution speed.
At any time ¢, achieving full power allocation among m
battery clusters requires at least (m—1) independent
allocation coefficients. They can be successively con-
figured in groups using a splitting grouping method,
simplifying  the  optimization into  multiple
one-dimensional variable problems.
2) Optimization Path

The time-invariant components in the BESS include
transformers, AC/DC and DC/DC PCSs. The optimiza-
tion path of the time-invariant system can be observed
through the load rate-equivalent efficiency curve shown
in Fig. 6.

93
o2

Medium

h PR S U I (U NS I IR R
0 10 20 30 40 50 60 70 80 90 100
Load factor f (%)

Fig. 6. Load-rate vs. equivalent-efficiency curve.

The curves are obtained based on the time-invariant
components loss simulation constructed from trans-
former and PCS models. The input power of the simu-
lation model increases uniformly from 0 to 50 kW,
while the output power is recorded simultaneously.
Efficiency is calculated as the output-to-input power
ratio. The load factor represents the ratio of the input
power to the rated power. This curve reflects the
load-dependent efficiency pattern of the time-invariant
subsystem in the BESS, composed of the transformer
and PCS.

The PCS contributes most of BESS energy losses,
because of its low efficiency under light load condition.
Optimization is to adjust input power to operate within
the high-efficiency range of the curve. Managing input
power for each battery cluster must meet BESS power
and SoC constraints, as detailed in Section IV.

C. Energy Loss Optimization for Time-varying Energy
Systems
1) Energy Loss with
Time-varying Factors

As described in Section III, both the magnitude and
fluctuation of the input signal affect the output of the
time-varying system. If optimization still follows (20),
the sum of the optimal instantaneous powers will only
be less than or equal to the global optimal solution, i.e.:

T
D P (O<E, 1)
t=1

Optimization — Concept

Therefore, optimizing energy for a time-varying
system presents a continuous-time energy planning
problem. Unlike in time-invariant systems, optimiza-
tion cannot be divided into discrete time intervals, and
the temporal information of allocation coefficient ma-
trix K must be considered to account for time correla-
tion. Figure 7 illustrates the differences in energy op-
timization between time-varying and time-invariant
systems.

Although the allocation coefficient matrix K in a
time-varying system cannot be decomposed into vectors
for each time point as in a time-invariant system, the
(m—1) independent allocation coefficients at any time ¢
can still be configured sequentially using splitting
grouping method. Thus, the minimum solution space
dimension equals the number of time points (7), as
shown in Fig. 7.

Time-varying system

Time is ¢
k, P (1)

1 sys
o, Py (1)

Optimise &y, &, >
S, L1 L T RN
input BESS B (1)

K, By (1)

7
P ARGES .
/ -1

Time-invarant system

Time

T Optimise (k] 1
! { I nput BESS [
ku":\-\“) kl:‘,{\-\(r) ""u’”\\-s("}

kB 0y o kB (@) e Ry By (D)

mlT sys

Fig. 7. Differences in energy optimization strategies between
time-varying and time-invariant systems.
2) Optimization Path

Current distribution directly affects battery energy
losses. The optimization path for time-varying compo-
nent can be observed through the current-power gradi-
ent field, as shown in Fig. 8. As seen, the contour values

represent the magnitude of R, . and R , with / and
1. as the vertical and horizontal axes. Also, a 3D sur-
face of gradient field is in the top left. Arrows point in
the direction of the negative gradient, where R, s and
R s decrease.

For quantitative analysis of the current distribution
differences in Section V, the R, gradient field is
divided into four quadrants based on the signs of R s
and /.. The quadrant division rules are listed in Table I.
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Fig. 8. Battery power loss gradient field. (a) Current vs. Ry s
gradient field. (b) Current vs. R, s gradient field.

TABLEI
QUADRANT DIVISION RULES
Variant Ql Q2 Q3 Q4 Quadrant boundary
Pt s <0 >0 <0 >0 =0
I, <0 <0 >0 >0 =0

From Fig. 8, adjusting the current operating points
along the negative gradient direction can effectively
reduce power components. B, s is influenced by the

magnitude of R, but remains unaffected by its rate of

change. Given that P, must satisfy power constraints,

the optimization potential for B,  is inherently limited.

In contrast, R s is dependent on both the magnitude
and change rate of R,. Optimizing the distribution of
input power fluctuations across battery clusters can sig-
nificantly enhance the regulation of R, . Furthermore,

the P-I relationship influences the complexity of the
optimization path, as will be elaborated in Section IV.

IV. BATTERY CLUSTER POWER ALLOCATION FOR
ENERGY LOSS OPTIMIZATION CONSIDERING
TIME-VARYING CHARACTERISTICS OF LOSS MODEL

A. BESS Operating Scenario

This study is based on the peak shaving scenario.
Energy storage participates in peak shaving control
strategy overview is shown in Fig. 9.

Peak load
i)

ref’_dis

Peak shaving

i
|
/

it e “Valley filling

Valley filling.~”

i"‘\ Power depth of

BESS load shifting
Base load

00:00

06:00 12:00 18:00 24: 00

Fig. 9. Strategy overview of peak load regulation with BESS.

The system plans the system power Py () (positive
for charging, negative for discharging) as follows:
R, (t) =

and(t)e( ref chr_P :| &SE[O 1)
O MOEIVATED .
&S e [0, 1)
B (@), B (t) € ( ret_dis» Frer_ais TR N)
&S €(0,1]
s Poa () €[ Prg g, + P 0) & S €(0,1]
0, other conditions

P

ref _chr -

(22)
})refidis -

where B4 is the power load of system; A is BESS
rated power; Per o 1S the valley load charging refer-
ence limit; and P ¢is 1S the peak load discharging ref-
erence limit.

According to the day-ahead peak shaving plan, BESS
charge/discharge power must adhere to capacity con-
straints, ensuring daily energy balance [46], i.e.:

[ max (P, (2),0)dt < Ey

(23)
[ Py (0dt=

24h

where T, o represents any continuous charging period

within 24 hours and Ey is BESS rated energy capacity.

If the capacity constraints are exceeded, the peak and
valley load adjustment targets Per o and P gis need to
be readjusted.

B. Objective Function and Constraints
1) Objective Function

Maximizing electrochemical energy E in batteries
means minimizing energy loss of the entire system.
Over the period 7, the objective function depends solely
on the decision variable /;(¢), constants a, and Cy,i.e.:
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a, +ﬂ(rlj (T)dz')---+
mo . CN 0
maxE(t,Ij):ZJ.OIj(s) . ds
’f = ﬁ(rl.(r)dz’)
i\t

24
2) Battery Cluster Power and Current Constraint 4
The power P;(¢) and the current /;(¢) of each bat-
tery cluster need to satisfy the following constraint:
P,(t) X1 pcs ()= Ij (1) %

{VxS)H,-(r)Rg+éf§1,<r>emdr] -

where 77, pcs is the PCS efficiency of the jth battery
cluster.

The battery cluster power can be restored from 7, ()
as seen in (25), and then the allocator coefficient matrix
K can be obtained using (19).

3) Inter-cluster Energy Constraints

K satisfies (18), and the SoC constrains the power of

each battery clusters:

P(t)=k,x P (t)xO@t), k, €[0,1]  (26)
0, P(t)>0&S(t)=S5,,
O()£10, P()<0&S(1)=S,, (27)

1, others
where ©(¢) is the power correction factor by the SoC
constraint. In this case, the depth of charge, S, =1 and
S. =0.
Charging power of each battery cluster must not ex-
ceed its rated power A :

-RsPOSH (28)
At time ¢, the sum of the power of each battery cluster
P;(¢) equals the total power demand of the BESS

By (1)

le P (1) =P, (1) (29)
J=

4) Peak Shaving Constraints for BESS Power and
Energy

As per Section IV, the BESS must meet the power
and SoC constraints in (22).

Optimizing power allocation among battery clusters
can disrupt balance, leading to unequal energy distri-
bution and potential SoC limit breaches. When SoC
limits are reached, the cluster’s power is forced to zero,
decreasing the objective function value. Therefore, the
corresponding solution will be excluded during the
iteration. This mechanism prevents declines in available
BESS power due to energy imbalances.

C. Gradient-based Objective Function Optimization
Algorithm
1) Conceptual Overview of Algorithm Construction

Heuristic algorithms often get trapped in local optima
when dealing with high-dimensional optimization
problems, leading to the curse of dimensionality. To
address this, the gradient information of BESS loss
model is used in this algorithm.

The algorithm iteratively corrects the initial variable /
to 1, ensuring it meets specific criteria:

E(I)>EW) (30)

Iterating the function sequence [,.(7) for 0<<t<T,
the maximum value of the objective function is ob-
tained:

}irrolcE(IL):mlaxE(l) 3D

Therefore, the correction term A/ of the current in
each iteration must satisfy the relationship:

E)-E)~EWI -D2EW() Al (32)

where E'(I) is the Fréchet derivative of £ with respect

to L.
The BESS consist of m battery clusters, each requiring
a current correction AZ;(¢) over time ¢ (j=1,2,---,m;

0<<r<T). After each iteration, Al;(¢#) must satisfy

specific conditions:

a—EAIj >0
J=1 alj

The algorithm aims to find A/;(¢) in each iteration

(33)

that meets these conditions, gradually approaching the
maximum value of E.
2) Model Gradient Calculation Method
The partial derivative of E with respect to the current
1;(¢) of battery cluster is:
T oS
% A1 =, 1 () (5)—+ AL e +
J

o, 34

T
[, AL, @V (5,0))de
where S; is the SoC of battery cluster ;.
The SoC correction term is:

B a1 —LJ’M d
j()_CN 0 ‘/(T) T (35)

ol

J
Substituting (35) into (34) yields:
oF 1 ¢r , t
Y :C_jo Ij(t)K,C(Sj)(JOMj(T)dT)dt+
j N (36)

T

J, AL@V..(S,0))dr

Before each iteration, the parameters b,, b,, b,, b,,

Cx, 1;(¢) are known at time ¢, allowing for the calcu-
lation of the partial derivative of the objective function.
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3) Correction Amounts Constraints
a) Perturbation Relation: Battery Terminal Power Var-

iation AR (¢) and Current Correction Al(z)
AR (1) =

AV (S) + Cil(z, RW'(S)[ Al(z)dr +

N

21(t, P)AI(1)R,, + AIC—(t)Lt[(Z‘,Pb Jefrerdr+ G7)
P

1(t,F)
CP
Battery clusters are coupled through power. Estab-
lishing the AR (¢) and Al(¥) relationship is essential to
understand how current corrections are related across all
clusters. The relationship between AR (¢) and Al(?) is
given by (37), and the derivation process is detailed in
Appendix B. In (37), all variables except for AR, and Al
are known state parameters at time ¢.
b) Relationship among Battery Clusters’ Power Cor-

rections
The relationship between the power correction on the

battery side AP, (¢) and the system side AP;(¢) for the
jth battery cluster is given as:
APj,b (= AP] (t)nj,PCS

The sum of the power corrections AP;(f) on the

[/ Al(t)e™% dr

(38)

system side equals the total power correction AP is:

AP() =3 AP(1)=3,
Jj=1 j=111; pcs
According to (28) and (29), the BESS must satisfy the
power constraints. The total charging and discharging
power of the BESS equals the total power demand

Py (¢), and the power of each battery cluster must not

AP, @) (39)

exceed the cluster’s rated power A, i.e.:
{P(f) +AP(1) = R (1)
P(t)+AP (1) <P

In summary, the relationship between the power
correction of each battery cluster is obtained as follows:

(40)

iﬂ AP, (1) = AP(?)
J=11 Jj.PCS (41)
AP () <P =P (), (j=1,2,--,m)

7;.pcs

D. Power Allocation Coefficients Calculation Method

1) Unified Current Correction Iterative Discriminant
for Dual Battery Clusters
a) Perturbation Relation in Discrete Time Domain:

AR, (¢) and Al(t)
Define the polynomials H,, Hs, H, as shown in
Appendix C. These polynomials, excluding the current

corrections Al(f), can be considered as the state param-
eters of the nth iteration. Consequently, equation (37)
can be reformulated for clearer observation, as:

AR (t)=H, (OAI(t) + H, (t)J‘Ot Al(r)dz +
o (42)
H, (t)jo Al(r)e" " dr
Discretizing the time domain with a time step Az =1,
equation (42) can be rearranged as follows:

AR(t) =| H, () + Hy(t) + H,(t) | AT(t)+
i AI(7) [HB () +H, (t)e" } (43)

Define Hx(t), 6(f), and ¢(z—¢, f) as detailed in
Appendix D, which do not contain A(¢) at time ¢, and
considered as constants. Further rearranging (43) yields:

AP,(t) = H,(t)x AI(t) + 0(t) (44)
b) Recursive Transformation of A/ (¢) and Al,(¢) for
Dual Battery Clusters

According to the power correction constraints of (41),
there are two battery clusters (m=2), the subscripts 1 and
2 of the variables correspond to battery clusters 1 and 2
respectively, and the corrections exhibit the following
relationship:

1, pes (1)
M.pes (1)

Substituting (44) and expressing Al,(¢) in terms of
AL(t):

AP, (1) =~ AR (1) + 17, pes (DAP(E) - (45)

H, (1) 0y pes () 1
AL (f) = ——2Z XS AL (1) - 0,(t)—
® H, 5 () 7, pes (D) () H,(t) ® (46)
1 ’72,Pcs(t) 0,(1) + 772,PCS(t) AP(1)

Hz‘z @) 771,Pcs(t) Hz,z (@)

Simplifying the coefficient for clarity, defined poly-
nomials u(?), &(t), W(£), (f), as detailed in Appendix E,
and (46) can be rewritten as:

AL (1) = p(OALL (1) + ()6, (1) +v()O,(1) +6(1)  (47)

On the right side of (47), only 6 (¢) contains A7 (¢).
Substituting the expanded form of & (¢) yields:

AL (1) = u(OALL (1) + £(0)6, (1) + 6(1) -+ —
Glan ()]
S ()
AL (), (T —t,t }
sz (t) 7=l ’ ?
Substitute recursively once:

1 -1
TR {;[G(All (7)) —

L (5 (49)
H,(7) [;AIZ (P9, (p—r,r)ﬂ ?, (T—t,z)}

(48)

AL(1)=G[AL(1)]-

The relationship pattern between Al, and Al is:
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AL(6) = F[ AL(0),AL(t 1), AL(D),t]  (50)
where F[-] is relation operator between Al; and Al .

Equation (50) shows that Al,(¢) can be expressed

using Al (¢) and the Al, sequence over time range [1,

t—1]. If (50) is recursively iterated, the time step of Al,
can be gradually reduced. Through multiple recursive

Begin

Correction of

subroutine 2

‘\
Call suquutlncl

substitutions, Al,(¢) can be expressed by Al (7) (=1,
2,0, 0):
AL(t)= F[ AL (1D),AL(2),- AL (0),t]  (51)
According to (D2) in Appendix D, the terms in (51)
decrease as 7 approaches 1 due to the RC time constant.
Therefore, only the terms near ¢ need to be retained
based on the precision requirements.

Input:
AL, A1)
AJ",IN‘ NJ\»-((’)

Subroutine 2

Begin
searching

Call

o+ AES

Battery clusters Al (1) to avoid
binary split local optima
Taput grouping
/- current model pmameter% Searching
o total power demand P, Partition
optimization
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\
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, | correction matrix A/
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current correction
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correction

The optimal
current correction

Discriminative locally \

atany time 1s 0 and
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Fig. 10. Flowchart of iterative process for the current correction A/(¢).

c) Iterative Discriminant: Gradient-based Iterative
Discriminant
The iterative discriminant for dual battery clusters is
given as:
a—EA]1 + a—EAI , >0
ol ol,

All expressions involving Al, are converted to terms

(52)

of Al , and are then discretized in time domain. The
iterative discriminant for the correction A/,(¢) in a dual

clusters system (m=2) can be obtained as:
oF oF L
—AL+—AI, =) ALV (S)+
a]] 1 812 2 ; 1() oc( 1)

T t

Z{ll (O (S A, <r)} +

= s=1

t=1

(33)

Q|HZQ|H

M"z

Z{Iz(t)Vo’c(Sz)iF[Ml(l)a7A]| (f),T]}-i—

t=1

FAL (), -, AL(t),t]V,.(S,) >0

t

During the iterative solving of Al,(¢), if the iterative

discriminant holds, it indicates that the current iteration
is converging towards the extremum of the objective

function. This criterion is the key formula for enhancing
the computational efficiency of the algorithm.
2) Iterative Solution for Current Correction AI(t)

The optimization of A/ (¢) is not a unique solution
problem. This section proposes an iterative method for
solving the Al (¢) sequence.

a) Preprocessing: Partitioning Optimization Periods

To improve computational efficiency, the time do-
main is divided into intervals. Considering that the
battery’s RC time constant is on the order of minutes
and the SoC cycle spans 24 hours, a 1-hour optimization
interval is deemed to be appropriate based on repeated
trials.

Model parameters are updated only after determining
the Al () sequence and before the next iteration. This

means the A/ (¢) sequence has no temporal correlation,

allowing values to be searched in any order, thereby
enhancing search efficiency.
b) Main Program

The workflow for iterative calculation of current
correction sequence is shown in Fig. 10. Additionally, it
needs to satisfy the following rules.
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1) AL (¢) can be a small constant, i.e., —0.01 A, 0 A,
0.01 A, chosen to control data granularity and prevent
excessive overcorrection.

2) To prevent local optima, multiple initial AZ,(z)
sequences are used (30 in this case).

3) The power correction amount AR (f) corre-
sponding to A/;(#) must satisfy the power constraint in
(41).

4) The initial value of the first current correction
corresponds to the average power allocation mode, all
power clusters’ allocation coefficient £ = 0.01.
¢) Call Subroutine 1: Preorder Iteration

1) Calculate the increments of the discriminant (53)
for each candidate value (-0.01, 0, 0.01) at each time
point. Form an increment matrix M. with these values,
resulting in a 3 X 3600 matrix.

2) The maximum element in ¢ column of M. rep-
resents the local optimal increment at time £. Summing
these values across all time yields AE,. .

3) The optimal current corrections at each time point
corresponding to AE,. are denoted as Al (¢).

4) Update the model and the discriminant (53) based
on Al .

d) Recall Subroutine 1: Postorder Iteration
Similar procedure, calculate the postorder iteration’s

increment matrix M, , local optimal increment AE,,
and current correction Al (?) .

e) Call Subroutine 2: Correction of Al,.(t) for
Avoiding Local Optima

Due to the multi-peak, multimodal nature, multiple
local optima are possible. Subroutine 2 provides a
mechanism to avoid local optima:

1) Change Al,.(?) by selecting a “suboptimal alter-
native value,” blend it with other current corrections at
other times to form a new correction sequence Al (?),
then update the objective function increment AE3: (7).

2) Recalculate AEZ during the second iteration.

3) If AEY + AEY < AE,. + AE, , then retain the
optimal candidate value of Al,.(¢) from step a).3).

4) if AEY + AES > AE,. + AE,y, update the value
of Al (¢) to the suboptimal alternative value.

5) Check all Al,. at 3600 time points by method
above, obtain new Al,. sequence, update the model
and discriminant (53) for the next iteration.

f) Exit Iteration Condition

1) Repeat the above steps until Al (2)=0 (¢t 7T) for
all time. Then, adjust current correction candidate to [i
X0.01 A, 0,—-iX0.01 A] and go back to Step c). Based

on debugging experience, selecting i=[2,3,4,5] is ap-
propriate.

2) If for all =2, 3---, condition Al (2)=0 (t€7T)
still holds, terminate the iteration.

3) If any i=2, 3---, results in Al,.(¢) #0, update the
model and the iterative discriminant (53), and repeat
from Step c).

The sum of all A/,.(¢) from the iterations will be the

total current correction, denoted as A/, (¢).
g) Ending Program

Compute the Al () sequence using Al (¢) accord-
ing to (49).

Method enhances the search efficiency by local neg-
ative gradient directionality, without using random
search mechanisms in heuristic algorithms. However,
its effectiveness in avoiding local optima over extended
optimization periods is still limited.

3) Binary-split-grouping for Muti-cluster’s Power
Allocation Coefficient
After obtaining A/ (¢#) and Al(¢), power correc-

tions AR(z) and AP (¢) can be obtained by (37) and

(B1). Therefore, the allocation coefficients K for a du-
al-battery cluster system can be obtained by (19).

The above method can be combined with the bina-
ry-split-grouping approach to calculate the power allo-
cation coefficients for BESS with more than two battery
clusters. With multiple battery clusters (m > 2), alloca-
tion coefficients are hierarchically calculated using a
splitting method. First, clusters are divided into two
groups, each group with approximately equal numbers.
For instance, for a system with 7 battery clusters, they
can be divided into two groups: one with 4 clusters and
the other with 3 clusters. Then, each group undergoes
further binary splitting, continuing until each group
contains less than one battery cluster. This grouping
process is illustrated in Fig. 11.

As shown in Fig. 11, the allocation coefficient cal-
culation process using binary-split-grouping is illus-
trated for a BESS with 100 battery clusters, corre-
sponding to the case in Section V. It undergoes 7 levels
of binary splitting to generate 128 allocation coeffi-
cients. When allocation coefficients exceed 100, the
total actual power of all battery clusters will fall short of
the system’s total power. This is because each cluster’s
power must lie within [0, A ], any coefficients failing
to meet the power constraint will lead to lower battery
energy than if the constraint were satisfied. During
iteration, such coefficients sets will not yield optimal
fitness in the objective function, and allocation coeffi-
cients that do not correspond to actual battery clusters
will be set to zero. A total of 28 empty allocation coef-
ficient vectors are discarded, obtaining 100 valid allo-
cation coefficients.
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Fig. 11. Calculation of power allocation coefficients by binary
split grouping.
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V. CASE STUDY

A. Test System and Settings

1) BESS Parameters

A 5 MW /20 MWh BESS model is constructed using
Simulink/Simscape. Figure 12 shows the circuit struc-
ture and key simulation sub models.

Lithium battery cell circuit model parameters are
based on measured data of Shenhang LR12500SA
lithium batteries: Rq =0.0232 Q , R, =0.0185Q ,

C, =12091 F, and the open-circuit voltage V. is de-

termined by (5). Capacity for a single cell is 12.5 Ah. A
battery module consists of 24 cells in parallel, and 200
groups in series. A battery management system controls
cells to maintain ideal SoC and voltage balance.

---x 100

~

Battery module

Equivalent
battery model

5 MVA 5
Transformer LCL filter Sl S2| S3
“Pawer grid A & 1
QU S e e
ﬁ; CBIT
X A S
%j—ﬁ% e | L
. CBl6 R2)
R[] ] JU_RS o E
Clz =c3 NS4 [ S5] S6
! : N

(SN
Fig. 12. BESS circuit structure & simulation model.

The module is connected to the low-voltage side of
the 50 kW DC/DC PCS, which is then connected to the
DC side of the AC/DC with constant voltage of 700 V,
forming a battery cluster rated at 50 kW/200 kWh. The
AC sides of 100 clusters are parallel connected to a

Evy s and Eyy s 18 the integral energy corresponding
to I)batiss and I)batits .

TABLE III
Loss AND EFFICIENCY UNDER BALANCED MODE (1 DAY)

5 MVA transformer, consisting of the complete Items Energy loss Proportion  Average power
5 MW/20 MWh BESS. (kWh) ) efficiency (%)
2) Basic Information of Load 1 Transformer 135.54 3.21 99.53
Using historical load of a regional power system as 2 AC/DC 1062.76 25.18 96.38
the original data, a simulated load time series, with a 3 DC/DC 1880.53 4456 93.66
S-minute forecasting precision, is generated for 4 BAT 1141.71 27.05 96.09
peak-shaving. Key data of the load is shown in Table II. 41 Fun 1154.90 2736
TABLE I
42 By s ~13. 0.
MAIN INDICATORS OVERVIEW OF POWER LOAD ot 13.19 031
Ttoms Value (MW) Date (day) Total 4220.53 100.00 86.33
Min. annual load 134.0 51 b) Optimized Mode
Max. annual load 234.0 328 After optimization, the energy losses, the proportion of
Min. peak-valley diff 24.5 266 .
_ total losses, the average power efficiency of each BESS
Max. peak-valley diff 53.0 327

B. Typical Day Sample Case
1) Comparison of Energy Losses for Each Component
a) Balanced Mode

As a control group, Table III shows the detailed data
on losses and efficiency under balanced mode, where

component, and their changes are shown in Table IV.

Compared to the balanced mode in Table III, the total
ESS losses decrease by 130.9 kWh, and the average
power efficiency increases by 0.46%. The most signif-
icant contribution comes from PCS, as it accounts for
the largest proportion of the total losses.



GUO et al.: ENERGY LOSS OPTIMIZATION METHOD CONSIDERING THE TIME-VARYING CHARACTERISTICS OF BATTERY ...

Loss AND EFFICIENCY UNDER OPTIMAL MODE (1 DAY)

TABLE IV

189

Items Energy loss (kWh) Proportion (%) Average power efficiency (%)
Value Change Value Change Value Change

1 Transformer 135.74 +0.20 3.32 +0.11 99.53 0.00

2 AC/DC 1014.03 —48.73 24.80 -0.39 96.56 +0.18

3 DC/DC 1792.43 —-88.10 43.83 —-0.73 93.98 +0.32

4 BAT 1147.43 +5.73 28.05 +1.00 96.09 0.00
4-1 Evpu s 1162.38 +7.49 28.42 +1.06
4-2 Evass —-14.95 -1.76 -0.37 -0.05

Total 4089.64 -130.90 100.0 0.00 86.79 +0.46

2) Time Series Data Presentation

Key data time series curves reveal the detailed actions
of the optimization strategy. BESS power allocation

Power allocation coefficient K

K chromatogram
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ié 70} ; i (700240
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coefficients heatmap, charge/discharge power, SoC, and
instantaneous power efficiency are shown in Fig. 13.

Fig. 13. Key data of BESS operation. (a) Power allocation coefficient £. (b) Charging/discharging power & SoC of battery clusters. (c)

Power efficiency.
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a) Power Allocation Coefficients

Figure 13(a) shows the power allocation coefficients
in a heatmap, revealing an unbalanced power distribu-
tion among the battery clusters. The time granularity of
the data is 1 . The horizontal axis corresponds to time,
while the vertical axis corresponds to the battery cluster
numbers in the BESS. The different colors correspond
to different & values. The mapping relationship is shown
in the color bar on the right side. When the battery
cluster power is evenly allocated, indicated by £ =0.01
and shown in light blue. Except for the period between
17:30-18:30, the BESS is charged at full power and is
forced into balanced allocation. At all other times, the
power allocation is unbalanced.
b) Charge/Discharge Power, Energy, and SoC

In Fig. 13(b), the black line is the battery cluster
power in balanced mode, while the cyan envelope is the
power distribution range of the 100 battery clusters in
optimized mode. The enlarged view shows the power
detail of all clusters. The total charging energy remains
unchanged after optimization, but improved system
efficiency allows the BESS to discharge more energy.
Table V shows the optimization effect.

TABLE V
ESS ENERGY AND EFFICIENCY CHANGE (1 DAY)
Ttems Balanced Optimised Change
mode mode
Maximum SoC 0.7252 0.7292  0.004 (+0.55%)
Total charging energy (kWh) 16574 16574 0

Total discharging energy N

(kWh) 12354 12485 131 (+1.06%)
Round-trip efficiency (%) 74.54 75.33 +0.79

¢) Instantaneous Power Efficiency

Figure 13(c) shows the instantaneous power effi-
ciency differences before and after optimization. For the
total 10.53 hours operation, during 6.17 hours, the
post-optimization efficiency is higher, with over 1%
increase for 1.22 hours, whereas during 3.46 hours, the
post-optimization efficiency is lower, but the difference
is under 0.1%. The enlarged view highlights
post-optimization efficiency decrease, indicating that
the algorithm targets global optimization, while BESS
as a time-varying system, the global optimum does not
mean optimum at every moment.
3) Energy Loss Analysis
a) Analysis of Non-Storage Component Losses

Figure 13(b) shows power distribution changes among
battery clusters, statistics are shown in in Table V1.

After optimization, average power for each battery
cluster increases by 11.9%—13.2%, and time operating
at loads <10 kW decreases by 89.19%-93.7%. Thus,
light-load operating is alleviated, and the maximum
difference in SoC between the most imbalanced clusters
is 0.012. That indicates energy imbalance among clus-
ters is negligible.

TABLE VI
POWER CUMULATIVE TIME DISTRIBUTION CHANGE (1 DAY)
It Balanced Optimised Percentage
ems mode mode difference (%)
Average power
(kW) 27.20 [30.45,30.78]  [+11.9, +13.2]
<10kW runtime
(hour) 1.87 [0.10, 0.18] [-90.4, —94.7]
Total runtime
(hour) 10.68 [9.44, 9.55] [-11.6,-10.6]
<10kW/total 17.5 [1.1,1.9]  [-89.1,-93.7]

runtime (%)

b) Analysis of Energy Storage Component Losses

Figure 14 compares the battery cell currents (/ and /..)
before and after optimization. The envelopes of / and /.
under optimal mode align around the original balanced
mode curve. The optimized / and /. curves are shown
in the enlarged view.

(95
1

Envelope of / distribution under balanced mode

Envelope of /. distribution under optimised mode
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Fig. 14. Battery / & [. time series under different modes.

Figure 15 shows a scatter plot of / vs. /. distribution
at 10:40:00, along with the current- B,  gradient field.
Figure 8(b) presents the complete current range across
four quadrants for the R, gradient field, while the
gradient field in Fig. 15 focuses on a local magnification
near the current operating point at the specific moment.

In Fig. 15, the contour lines in the R, , gradient

field represent the magnitude of the R,  component
corresponding to different 7 and /. values. It can be
observed that the overall trend of R, . decreases from

the lower-right corner to the upper-left corner.

In optimized mode (blue point), due to the unbal-
anced allocation strategy, the current operating points of
the 100 battery clusters no longer coincide, and spread
across different gradient directions compared to the
balanced mode (red point).

Since the power allocation strategy only changes the
individual power of the battery clusters while main-
taining the total power, it means that in optimized mode
(blue point), the increase in power at some operating
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points in the R, . gradient field is offset by the de-
crease in power at others. Figure 15 illustrates a pair of
complementary battery clusters (No. 1 & No. 2), where
the sum of their energy changes is nearly zero. The
operating point of No. 1 has dropped about 6 contour
levels relative to the balanced mode operating point (red
point in the middle), while No. 2 has risen by about 1
contour level. This indicates that the redistribution of
power results in an overall decrease in R, for this
pair of complementary battery clusters at this moment.
The corresponding changes in the R, . component are
recorded in Table VIIL.

Time is 19:40:00

0 ,O[‘\ s. ‘L p‘oint' un(ller balanced power a]‘loca;timll _,I ° -
||/ vs. I, points under optimised power allocation| ~——
02} No2 A
0.0091 . & 4
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o @
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—12}F K 0.045 /
lar ¥ Lo/ 0054 3‘}\':;\);/
[ L] ).0 la‘i /‘
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1. (A)
Fig. 15. Scatter plot of / vs. I. for each battery cluster at
10:40:00.

The decrease in Cluster 1 on the contour is greater
than the increase in Cluster 2, leading to a net decrease
of 0.045 W for this pair of battery cells. As mentioned
earlier, each battery cluster contains 200x24 battery
cells, and the SoC is balanced among individual cells.
Therefore, the total decrease in R, for this comple-
mentary cluster is 216 W, representing the total change
in R, s for battery clusters No. 1 and No. 2 at the sin-
gle time point of 10:40:00.

Based on this mechanism, considering that the total
power across all battery clusters remains unchanged, the
100 battery clusters can be treated as a whole, forming a
power-complementary group. This results in a total
Evu s decrease of 1.76 kWh over 24 hours. Similarly,

Eva ss increases by 7.49 kWh, as shown in Table IV.

TABLE VII
R s OF COMPLEMENTARY BATTERY CELLS
W)
Items Balanced = Optimised Difference P(?rcentage
mode mode difference
Cluster No.1 0.0452 —-0.0090 —0.0542 -119.9%
Cluster No.2 0.0452 0.0544 +0.0092 +20.4%
Total 0.0904 0.0454 —0.0450 —49.8%

4) Optimization Algorithm Performance Analysis

This section uses particle swarm optimization (PSO)
as a comparing group to analyze algorithm performance.
As shown in Fig. 7, time-varying optimization requires
preserving temporal correlations among parameters,
ideally optimizing allocation coefficients collectively.
Due to PSO’s inefficiency with large arrays, we segment
the 24 hour optimization into 30 s intervals, each particle
K50y contains 30 allocation coefficients. Excluding

non-operating times, there are 10.68 hours, resulting in
1282 groups. A global search follows the segmented
search to incorporate inter-group correlations.

To balance performance and computation time, the
particle count is set to 10. The allocation coefficients in
balanced mode and battery energy increment are used as
the initial particle values and fitness values. The max-
imum number of iterations is 25.

The position update equation is given as:

ki =k +wv, +cr(k, —k)+c,r, (km_glb

—k) (54
where the inertia weight w=0.85; cognitive learning
factor ¢, =0.5; and social learning factor c, =0.45 ;
km represents each particle’s historical best value;
km o 1S the global best value; k; is the particle at iter-
ation i, each particle is limited within the allocation
coefficient range k; €[0,1], and the initial value of &
corresponds to the balanced allocation mode, i.e.,
ki =0.01; and the update velocity is constrained to
vi e[-1L,1]; n and n are mean random perturbation
between (0,1).

The fitness f'is computed by referencing a Simscape
model. To minimize iteration time, “fast restart”, “load

initial state”, “save final state” parameters are used, along

with Parsim for parallel simulations to further reduce
Simscape computation time. The allocation coefficient
ki1 obtained from each PSO iteration is input into the
Simscape model, which returns the real-time battery
energy E, thus updating the fitness f.

To compare algorithm performance, PSO and the
optimised algorithm are run on the same computer, and
their performances are compared in Table VIII.

TABLE VIII
ALGORITHMS PERFORMANCE COMPARISON (1 DAY)
items PSO Optimised algorithm
Number of subgroups 1282 (30 s/grp) 11 (3600 s/grp)
Iteration limit per group 25 3000
Total number of iterations 32050 33000
Average iteration time (s) 341 0.26
Max. iteration time (s) 3.62 0.31
Min. iteration time (s) 3.28 0.20
Total iteration time (hour) 30.36 2.38
Energy loss (kWh) 4091.45 4089.64
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As shown in Table VIII, due to enhanced multivar-
iable processing capability, the proposed method ex-
tends each grouping period from 30 s to 3600 s. Con-
sequently, the 10.68 hours of non-zero power in 1 day
can now be divided into 11 groups for optimization,
greatly reducing group numbers. The maximum itera-
tions per group are also raised to 3000. The average
iteration time of PSO is 13 times longer than the pro-
posed method, as PSO involves the Simscape model in
each iteration, slowing fitness updates. In contrast, the
proposed time-varying optimization leverages a model
gradient criterion (53) to expedite iteration. For a typ-
ical 1-day case, PSO exceeds 24 hours, implying that
PSO would require at least 30.36 hours lead time to
complete a 24-hour power allocation plan. Thus, PSO
encounters application challenges in time-varying op-
timization.

To compare the iteration details of the two method,
the 01:00—-02:00 period in this case is used as a sample.
Figure 16 illustrates the trend of fitness increment (i.e.,
battery energy increment AE) with respect to iteration
count and simulation time. In Fig. 16, the blue fitness
curve of the PSO within the 01:00—-02:00 optimization
interval is assembled from 120 sub-intervals, totaling
3000 iterations, while the red curve representing the
proposed method uses only a single interval, also set to
3000 iterations.

than PSO. This suggests that PSO falls into a local op-
timum within this interval. As shown in Fig. 16(b), in
terms of simulation time, each iteration of PSO takes
longer. Thus, despite the higher iteration count in the
proposed method, the actual time taken is
10230-781 = 9449 (s) less than PSO.

In summary, the proposed algorithm achieves shorter
iteration time, manages more variables, and optimizes
longer intervals per iteration, ensuring temporal con-
sistency in time-varying optimization.

C. Annual Sample Case
1) Comparison of Energy Losses for Each Component
a) Balanced Mode

As a control, this case calculated detailed BESS
losses under balanced mode with a 5 MW peak-shaving
depth, as shown in Table [X.

TABLEIX
Loss AND EFFICIENCY UNDER BALANCED MODE (365 DAYS)

Items Erziz%}\;}ll())ss Proportion (%) l:;’/fi?egrfcl})fo(&e)r
1 Transformer 23.03 2.98 99.58
2 AC/DC 201.30 26.05 96.38
3 DC/DC 336.18 43.50 94.00
4 BAT 212.26 27.47 96.16
4-1 Epa s 219.82 28.45
4-2 Epa s -7.56 -0.98
Total 772.77 100.00 86.76
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Fig. 16. Fitness increment. (a) Over iterations. (b) Over time.

As shown in Fig. 16(a), within the sample interval,
PSO converges around the 300th iteration. In contrast,
the proposed method reaches a better result after ap-
proximately 2500 iterations, achieving a final conver-

gence value which is 13.73-12.63 = 1.1 (Wh) higher

In BESS losses, PCSs account for 69.55%, batteries

for 27.47%, and transformer for only 2.98%. Thus,
improving BESS efficiency mainly relies on enhancing
PCS and battery efficiencies.
b) Optimized Mode

The detailed component losses in the optimized
BESS are shown in Table X.

TABLE X
Loss AND EFFICIENCY UNDER OPTIMAL MODE (365 DAYS)

Energy loss (MWh) Proportion (%) Average power

Items efficiency (%)
Value Change Value Change Value Change
1 Transformer 23.23  +020 3.08 +0.10 99.58  0.00
2AC/DC 19478 -6.52 2583 -0.22 9651 +0.13
3DC/DC  323.61 -12.57 4291 -0.60 9424 +0.24
4 BAT 21258 +0.32  28.19 +0.72  96.17 +0.01
4-1 Eouss 22117 +1.35 2933 +0.88
4-2 Epa s -859 -1.03 -1.14 -0.16
Total 75421 -18.56 100.0 0.00  87.10 +0.34

Based on Tables IX and X, Fig. 17 shows the cumu-
lative bar chart of components losses.
The total charge/discharge energy and the round-trip
efficiency over a year are shown in Table XI.
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Fig. 17. Components loss proportion.

TABLE XI
ESS ENERGY AND EFFICIENCY CHANGE (365 DAYS)

Balanced Optimised

Items mode mode Change
Total charge energy (MWh) 312512 3124.10  —1.02 (-0.03%)
Total discharge energy N
(MWh) 235235 2369.89 +17.54 (+0.75%)
Round-trip efficiency (%) 75.27 75.86 +0.59
2) Energy Loss Analysis

a) Analysis of Non-storage Component Losses

This section compares the cumulative time distribu-
tion of absolute battery cluster power before and after
optimization shown in Fig. 18.

B Power distribution boxplot of balanced mode (Balanced )
[EPower distribution median boxplot of optimal mode (Optimised)
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Fig. 18. Cumulative time distribution boxplot comparison.

In balanced mode, the power distribution among
battery clusters is identical, so there is only one boxplot
(red). In optimized mode, the power distribution varies
among clusters, but plotting 100 boxplots is impractical.
Figure 18 shows the average, maximum, and minimum
power data points for each cluster, along with a boxplot
of their median values (blue). The vertical axis corre-
sponds to the median of the power cumulative time.
Efficiency curve maps power-efficiency relationship.

Table XII compares some key power distribution data
between the two modes.

TABLE XII
KEY STATISTICS FOR THE CUMULATIVE TIME DISTRIBUTION OF
BATTERY CLUSTER POWER

Ttems Balanced Optir_nised mode _Percentage
mode  (median boxplot) difference (%)

Average power (kW) 24.71 28.78 +16.47
Minimum power (kW) 0.02 9.18

<10 kW runtime (hours) 556 44 -92.17

<10 kW/total runtime (%)  20.23 1.24 -93.87

15-25 kW runtime (hours) 573 709 +23.73

15-25 kW(/lf/‘:;al runtime 4 7 2042 +38.91

The proportion of time with battery cluster power
<10 kW is decreased by 93.87%, with power between
15-25kW increased by 38.91%. That indicates
light-load condition has been alleviated, while time
operating within the high-efficiency range has been
increased. These changes reduce overall losses in the
BESS’s non-storage components.

b) Analysis of Energy Storage Component Losses

The left inset of Fig. 19 shows the annual cumulative
joint distribution 3D surface of battery cell currents 7 vs.
1. in balanced mode. In Fig. 19(a) is its projection
heatmap on / vs I. plane. With similar method, the
current distribution heatmap for each battery cluster
under optimized mode is shown in Fig. 19(b), with
battery cluster No. 50 as an example.

Based on Section III, the heatmap is divided into 4
quadrants, and the average points of / and /. are plotted,
with balanced mode in red hollow and optimized mode
in blue solid. Due to the nonlinear and non-additive
relationship between current and power loss, these av-
erage points do not correspond to actual losses but serve
to gauge relative trend changes across distributions.

The shift of current distribution under the optimized
mode relative to the balanced mode can be observed
from Fig. 20, where the arrows indicate the negative
gradient direction. In Fig. 20, the overall shift trend
aligns with the negative gradient direction, moving
towards the reduction of R s -

The data correspond with Table X, confirming that
the proposed strategy can reduce battery losses by op-
timizing the current distribution.
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Fig. 19. Current cumulative time distribution of No.50 battery cluster. (a) Balanced power allocation. (b) Optimal power allocation.
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R s is only related to 7, so the /. axis is disregarded.

In Fig. 21, compared to the balanced mode, the current
distribution slightly shifts towards the direction of in-
creasing /, aligning with Table X, which shows a small
increase in the steady-state component.
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VI. CONCLUSION

This study analyzes the time-varying characteristics
of BESS components and proposes loss optimization
paths for non-storage and storage components based on
model gradients. An optimization strategy for battery
cluster power allocation considering time-varying
characteristics is designed and validated through simu-
lation. First, the load-rate vs. equivalent-efficiency
curve curve is used to analyze BESS power distribution
and evaluate the strategy’s ability to reduce light-load
operation, thereby lowering losses in time-invariant
components. Second, the current vs. power loss com-
ponent gradient fields are used to analyze battery cur-
rent distribution, evaluating how the strategy-induced
current distribution change leads to increased
steady-state losses and decreased transient losses. It
validates that time-varying optimization improves bat-
tery efficiency. Then, based on load data from a regional
grid peak shaving scenario, a BESS simulation model is
developed to calculate the loss composition and pro-
portion for each component. Finally, after optimization,
the total annual BESS losses are decreased by 2.40%,
and the round-trip efficiency is improved by 0.59%.

In future research, it is essential to study the impact of
different power demand characteristics on BESS losses,
especially in high-penetration clean energy systems.

APPENDIX A
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APPENDIX B

According to (25), the power and current constraint
equations for the battery clusters are:
R (1) 2 Py (£) % k X 175c5 (P) (BI)
Substituting the power correction term into (25) yields:
R+ AAR @) =1(t,R + AAR)x

1 ¢t
V(C—jol(r,ﬂ +/1APb)dr)---+

N
T—t

I(t, R, + AAR)R, + é jO’I(T,Pb + AAR)ekCdr
(B2)

V[CLJ‘;I(T,P[,)er---+
R(t)=1(tHR)x N - o |(B3)
I(t,B)R +C_Nj0 I(r,R)e®Cdr

From [(B2)—(B3)]/4, then making A—0", the left side
of the equation yields:
AR(O) — tim PO+ AARO =R )
20" A
Additionally, as A— 0", the following relationship
between AR, and Al is obtained:
oI, R) It,R +AAR) - I(t,R)

Al(t)=——"—"AR(¢) = lim
(=" AR ()= lim :

(B4)

(B5)
By iteratively substituting (B5) into (B4), equation
(37) can be proved.

APPENDIX C

a1
H,(t)= V[C—jo I(T,R,)dTJJrQI(f,Pb)RQ +

N
1 | 'I(z,R)efr dr
IC(‘tp PO) 1 e (€D
Hﬁ(t)éc’_bV'[C_jo [(T,Pb)drj
N N
A I(t,R)

p

H, (1)

APPENDIX D
In (44), the coefficient polynomial of Al(?) is defined
as:
Hx(6) = Ho(t) + Hy (1) + H, (¢) (DD
In (44), the trailing polynomial that includes the
current correction information for times (1, #~1) is de-

fined as:

Ot = leI(T)(Hﬁ(t)+HY([)eRPCP

o D2
ZA](T)({)(T —1,1) ®2)

O(t) oy = 0

APPENDIX E
s Hxu(@) (1)
t - 7
“O o) m)
Hzi(f) m(t) (E1)
v(t)=- Hol)
a (7))
5(t) = Ho) AP(1)
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