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The grid stability threatened by the inherent variability of wind power generation creates a
critical need for effective mitigation strategies. To resolve this issue, we aim to develop a battery-
supercapacitor hybrid energy storage system (HESS) that integrates an advanced power
allocation strategy with a comprehensive techno-economic model to minimize the levelized
storage cost. A power-sharing method based on improved complete ensemble empirical mode
decomposition with adaptive noise (ICEEMDAN) and Hilbert transform is introduced to
optimally decompose fluctuating wind power, allocating high-frequency transients to the
supercapacitor and low-frequency components to the battery. The economic model then
incorporates the battery capacity status along with battery degradation modelling by reducing
battery stress and maintaining the depth of discharge (DOD) primarily within a moderate 0.4—
0.6 range. Compared with three existing schemes, i.e., EEMD, CEEMDAN, and ICEEMDAN,
the proposed ICEEMDAN-based strategy achieves the most cost-effective configuration with a
total annualized cost of 172.25 k CNY. Cost reductions are approximately 9.4% compared with
the CEEMDAN-based scheme (190.10 k CNY) and 17.7% compared with the EEMD-based
scheme (209.16 k CNY). This verifies that the best techno-economic performance can be
achieved by optimally balancing power smoothing efficacy with battery longevity and overall
system cost.

1. Introduction

The global push for decarbonization is accelerating the integration of renewable sources like
wind power. However, the inherent intermittency of wind generation creates grid stability
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challenges, making energy storage system (ESS) development critical. While hybrid energy
storage system (HESS) architectures combining high-energy batteries with high-power
supercapacitors offer a technically superior solution for smoothing power fluctuations, their
widespread adoption is hindered by economic uncertainties. The high capital investment and
complex trade-offs between component sizing, degradation, and lifetime performance make the
cost-of-ownership issue highly essential especially for project feasibility and investor
confidence.(1-?)

The levelized cost of storage (LCOS) for a HESS is not seen as a simple function of power
rating but a complex system operational outcome instead. Although power allocation control
between batteries and supercapacitors may directly govern battery usage patterns, the high-
frequency battery cycles and deep depth of discharge (DOD) accelerate degradation, leading to a
shorter lifespan and higher replacement costs.®) Conversely, an overly conservative power-
splitting strategy may necessitate a larger, more expensive supercapacitor. Therefore, the core
economic challenge is how to develop a co-optimization framework. In other words, the optimal
capacity sizing and the corresponding optimal power-splitting control law to minimize the total
lifetime cost should be simultaneously determined.®

Existing approaches to HESS optimization often treat the technical and economic problems
separately. Numerous power allocation strategies have been proposed, ranging from simple
filters like low-pass filtering (LPF) and frequency-domain approaches like the discrete Fourier
transform (DFT) to more advanced, adaptive decomposition techniques such as wavelet
transforms, empirical mode decomposition (EMD), and its variants (VMD and CEEMDAN).6~7)
While the above methods may improve the quality of power smoothing, their direct impact on
lifetime costs, particularly in terms of battery degradation, is frequently oversimplified. For this
reason, technical performance metrics over a comprehensive techno-economic analysis should
be prioritized to resolve this issue.

However, existing signal processing techniques for HESS power allocation have not led to
sufficient economic benefits. For example, an adaptive framework using k-means clustering,
weighted filtering, and improved complete ensemble empirical mode decomposition with
adaptive noise (ICEEMDAN)-Hilbert analysis worked well for optimal power splitting through
smoothing power fluctuations and optimizing power distribution. Nevertheless, a critical
question remains: does this technical superiority deliver tangible economic benefits?

Accordingly, this study develops an ESS control strategy for a wind—storage hybrid system
on the basis of time—frequency spectrum analysis and capacity constraints, enabling accurate
charge—discharge control under real operating conditions. While HESS typically faces higher
complexity owing to coordinating battery and supercapacitor operation, the proposed
ICEEMDAN-Hilbert decomposition simplifies this process. By automatically separating wind
power into frequency-specific components, the method enables a rule-based power split that
eliminates the need for complex real-time control loops. Supercapacitors exhibit a comparatively
high unit energy cost, but the proposed frequency-driven control strategy minimizes their
required energy capacity by ensuring that they handle only short-duration, high-frequency
transients. The rain flow counting method is applied to DOD for the pattern life. Considering the
investment, operation and maintenance (O&M), recovery, and penalty costs associated with
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wind power fluctuations, an optimization model with the objective function is introduced to
minimize the annualized comprehensive cost. This is achieved by using the IBM ILOG CPLEX
Optimization Studio (CPLEX) optimizer. The economic feasibility of the optimized capacity
configuration is then analyzed to achieve efficient and cost-effective coordination between wind
energy and ESSs.

2. Power Allocation Framework

The inherently low energy density of supercapacitors is mitigated by restricting their
operation to the high-frequency transients identified via ICEEMDAN decomposition.
Consequently, as the battery exclusively manages long-duration energy requirements, the
supercapacitor’s limited storage capacity does not constrain overall system performance. In this
section, we summarize the signal-processing framework used to generate the battery and
supercapacitor power profiles.®

2.1 Overview of the signal processing approach

The proposed power allocation framework employs an adaptive decomposition algorithm that
dynamically distributes fluctuating wind power between battery and supercapacitor units. The
proposed ICEEMDAN-Hilbert framework simplifies the sophisticated control typically
required for HESSs by generating frequency-separated intrinsic mode functions (IMFs). This
enables a direct, rule-based power allocation where high-frequency components are mapped to
the supercapacitor and low-frequency components to the battery, thereby substantially reducing
management complexity. For its practical implementation, the strategy relies on real-time sensor
technologies. High-resolution measurements of wind power, current/voltage, and state-of-charge
(SOC) provide the essential data stream for the signal decomposition and transient detection.
The reliability and accuracy of these sensors are therefore crucial as they enable the precise
power allocation that ensures stable operation, maintains the target battery DOD between 0.4
and 0.6, and achieves the presented techno-economic optimization.

2.2 Key processing steps

The power profiles for the battery P, ,(f) and supercapacitor P,.(f) are generated through the
following sequence of steps:

1. Scenario selection: A representative, high-variability day is selected from a full year of wind
farm data using the k-means clustering algorithm. The analysis is based on a realistic and
challenging operational scenario.

2. Pre-smoothing: The raw wind power signal P, ;, ,(?) is processed using a novel weighted filter
that dynamically combines a moving average filter (MAF) and an anti-pulse interference
average filter (AIAF). This step generates a stable grid reference power Pg,.;,(?). The required
compensation power for HESS P, (?) is then derived as

Phess(t) = Pgria’(t) B Pwind(t)' (1)
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3. Adaptive decomposition: The P, (¢) signal is decomposed using the ICEEMDAN algorithm.
The complex signal is adaptively decomposed into a set of IMFs ranging from high-frequency
to low-frequency components.

4. Hilbert spectral analysis: To prevent the well-known issue of negative instantaneous
frequencies in Hilbert-based analysis, the signal is first processed with ICEEMDAN. This
decomposition generates mono-component IMFs with reduced mode mixing, which ensures
physically meaningful instantaneous frequency estimates. Consequently, the stability and
reliability of the subsequent power-sharing decisions are significantly improved.

5. Optimal power split: On the basis of the Hilbert spectrum, the IMFs are allocated to the
storage components. High-frequency, low-energy IMFs are assigned to the supercapacitor
P (?), capitalizing on its rapid response and high-power density. The low-frequency, high-
energy IMFs (including the residual) are assigned to the battery P,,(¢), leveraging its high
energy density for sustained charging and discharging. The complete layout of the entire
power allocation framework, outlining the sequential process from data input to the final
power split, is illustrated in Fig. 1.

The final outputs of this framework are the time-series data for P,,(?) and P,.(?), which
define the operational duty cycles for the battery and supercapacitor, respectively. These profiles
are the primary inputs for the techno-economic model described in the following section.
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Fig. 1.  (Color online) Diagram of power allocation framework.
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3. Economic Analysis Model of HESS

Considering power coverage and economic cost, we combine lithium-ion batteries and
supercapacitors, two complementary energy storage components, to form a HESS.®

3.1 Practical capacity adjustment of HESS components
The nominal power and energy capacities of the HESS are constrained by practical system

factors such as depth-of-discharge limits, converter efficiency, thermal derating, and long-term
performance degradation.(!”) The power (P,) and energy (E,) capacities and are calculated as

Pp:PnomX(1+aP)a (2)
Ep = Enom x (1 + (XE), (3)

where ap and af represent the power and energy oversizing factors, and P,,,, and £,,,, the
nominal power and energy, respectively.

In this study, for the lithium-ion battery, we set ay = 0.4-0 and ap = 0.2-0. For the
supercapacitor, we set az = 0.2-0.3 and ap = 0.15-0.25.1D

3.2 Battery life estimation by rain-flow counting

The rain flow counting method, initially developed by Matsuishi and Endo for material
fatigue analysis, is employed to characterize energy storage system degradation.!?) It establishes
a relationship between the DOD and the number of cycles.(!3) The frequency-based power split
also mitigates voltage imbalance by ensuring that the battery handles slow, energy-intensive
variations while the supercapacitor manages fast transients within a narrow SOC window. This
approach maintains each device within its stable voltage range, thereby reducing mismatch and
preventing excessive voltage drift. DOD, defined as the ratio of discharged capacity to rated
capacity in a cycle, profoundly impacts battery longevity. A full cycle constitutes a complete
charge and discharge process (e.g., from SOC, to SOC, and back to SOC), whereas a half-cycle
represents a single charge or discharge segment (e.g., SOC| to SOC,). DOD is expressed as

DOD =|SOC; — SOC,|. “)

The rain flow counting algorithm is applied to the battery’s SOC profile to identify individual

charge—discharge cycles. The procedure, as illustrated in Fig. 2, is described as follows.

1. Data preparation: The time-series SOC data is rotated 90 degrees clockwise, metaphorically
representing the data as a pagoda roof from which rain will flow.

2. Flow initiation: The analysis begins at a peak or trough point 1. The “rain flow” continues
downward until it encounters a point of greater magnitude than its point of origin.
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Fig. 2. (Color online) Diagram of rain flow counting method.

3. Flow termination: The flow also terminates if it intercepts a flow path from a previous,
higher-level peak or trough. Each termination identifies a complete cycle (e.g., cycle 2-3-2” in
Fig. 2).

4. Cycle extraction: By iterating this process, all full and half-cycles within the data are
extracted (e.g., cycles 2-3-2°, 7-8-7°, and 5-6-5).

The output of this method is a distribution of cycles by DOD. This distribution is then used in
conjunction with an empirical battery degradation model, which defines the relationship
between DOD and the number of cycles to failure. The life of the battery charge and discharge
cycle (N, is expressed as

m
Ncycle = Zai X DDOD > (5)

i=1

where ¢; is the constant term of the energy storage fitting curve; Dpop is DOD of the battery;
and m is the order of the function.

Supercapacitors operate through physical ion adsorption at the electrode—electrolyte
interface, avoiding, for example, degradative Faradaic reactions found in batteries. This
mechanism enables exceptional cycle stability, often exceeding millions of deep discharge
cycles.") Consequently, given a lifespan that typically surpasses the project horizon, the
supercapacitor’s service life is modeled using a constant for simplification. Proactive DOD
management (0.4—0.6) prevents battery degradation due to deep discharge, ensuring optimal
lifespan and cost-efficiency.

3.3 Model formulation for wind-storage system optimization

To achieve a techno-economically optimal solution, an optimization model is developed with
the objective function defined as the minimization of the system’s annualized comprehensive
cost. The optimization model integrates the previously defined component constraints and
operational strategies to determine the ideal capacity configuration and dispatch schedule.
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3.3.1 Objective function

The objective function, formulated to minimize the total annualized cost, is presented as Eq.
(6). It comprises the capital and operational expenditures for the lithium-ion battery bank, the
supercapacitor array, and the penalty costs associated with wind power fluctuation.

min C= Cp; + Cye + Coppyp ©6)

Here, C represents the total annual cost of the system and consists of three main components: the
cost of the lithium-ion battery Cj;, the cost of the supercapacitor unit Cg-, and the opportunity
cost C,y,, associated with compensating for wind power fluctuations.

The individual costs for the lithium-ion battery and supercapacitor can be expressed as
follows:

Cpi=Cp" +C" = C1, )
inv oper re
Cse =Cs¢ +Cg” = Ces @)

where the lithium-ion battery cost C;; and supercapacitor cost Cgc are each composed of three
elements: initial investment (C7;",Cgc), annual O&M (C/7,CP™), and end-of-life residual
value (C5,Cgp).

3.3.1.1 Investment cost formulation

The total investment includes the lithium-ion battery and supercapacitor costs.

inv inv inv I’(l + F)Yu
CLi :( Li,pPri + CLi,EELi)—(l )YL' 1 ©)
+r)" -
Yo
. . . 1 sc
Cse =( sc.pPsc + C§}1CV,EESC) r(t+r) (10)

(1+r) —1

Here, CZ-)VP and C’L’?E denote the investment cost coefficients related to the rated power and
energy capacities of the lithium-ion battery, respectively. Cg”C",P and Cfg”CVE represent the
corresponding investment cost coefficients for the supercapacitor, respectively. The parameter
refers to the discount rate, while Y;; and Y- denote the service lifetimes of the lithium-ion
battery and supercapacitor, respectively.
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3.3.1.2 Operation and management cost

O&M cost for each component is regarded as a fixed percentage of its respective investment
cost in techno-economic analyses.(!>) The governing equations are expressed as

CH" =ay,ClY, (11)
CP" = agcCse, (12)

where a;; and agc are the O&M cost coefficients for the lithium-ion battery and supercapacitor
in the annual O&M expense, respectively.

3.3.1.3 Energy storage equipment recovery cost

At the end of the operational life, energy storage equipment exhibits a residual value derived
from its potential for recycling or material recovery, expressed as

. . b,.-r
Crs =(CLypPy + Cltp By ) —, (13)
(1+r)*" -1
) . bor -1
Che = (8 pPsc +cg"g,EEsc)—(1 S; . (14)
+r) —

where b;; and bg- denote the end-of-life residual value coefficients for the lithium-ion battery
and supercapacitor, respectively.

3.3.1.4 Fluctuation penalty compensation cost

Because of the finite power and energy ratings of the HESS, large-scale wind power
fluctuations are difficult to fully mitigate. This issue necessitates the dispatch of higher-cost
flexibility resources, incurring an opportunity compensation cost C,,,, to account for these
additional system expenses,®!9) as defined by

N
Ccomp = ZKb (Pposi,n - Pnega,n ) (15)

n=1

Here, the opportunity compensation cost is calculated using the coefficient K, applied to the

positive and negative under-compensation power values, P and P, ,, respectively, at each

posi,n
time step 7.



Sensors and Materials, Vol. 38, No. 4 (2026) 1933

3.3.2 Constraints
3.3.2.1 System power balance constraint
In this system, positive power fluctuations are absorbed by charging the HESS, while

negative fluctuations are compensated by discharging the lithium-ion battery and supercapacitor.
The net HESS power at the n-th time step (Ppggs,,) is expressed as

_ pch ch disc disc
PHESS,n —4Lin + PSC,n + Pposi,n A Lin T LSCn _Pnega,n’ (16)
where PLClhn and Pgis,qc respectively denote the charging and discharging power setpoints of the

lithium-ion battery at time step n. Similarly, Pchn and Psdésf, respectively denote the charging and

discharging power setpoints of the supercapacitor at time step 7.
3.3.2.2 Charge/discharge power limits
The net power outputs Py, , and Pgc, at the n-th time step in the lithium-ion battery and

supercapacitor, respectively, are expressed as Eq. (17), where positive indicates discharging and
negative indicates charging.

|PLi,n

‘P 5C.n

< PLi,N

a7

< Psen

The parameters Pj; y and Pgc y respectively denote the maximum allowable charging and
discharging power limits for each respective storage unit within the HESS.

3.3.2.3 Energy conservation constraint

SOC dynamics for the lithium-ion battery and supercapacitor are governed by their respective
energy conservation equations as follows.

ELi,n = ELi,nfl + PLi,nnLi,cha > PLi,n >0

Esc = Escp1 + PseMscchas  FPscn >0 (18)
Erin=Epipa+Pri )MLidiscs Prin<0

Egc = Esc 1 + Psclscdgises Pscn <0

The remaining capacities at time step n (£y; , and Egc,) are updated from their previous states
(Erin and Egc, ) in accordance with the charged or discharged energy, adjusted by the
corresponding charging (17, ., and 57g¢ ) and discharging (1, 4is. and 75c 4:50) efficiencies.
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3.3.2.4 SOC operating range constraint

The SOC for both the lithium-ion battery SOCj,;, and supercapacitor SOCgc, at any time
step n is bounded by their respective minimum and maximum operational limits, defined as
SOCLi,min/SOCLi,max and SOCSC,min/SOCSC,max'

SOCLi,min < SOCLi,n < SOCLi,max (19)
SOCsc min < SOCsc n < SOCsc ax

4. Results, Analysis, and Discussion
4.1 Techno-economic analysis of system configurations

A comparative cost analysis with three hybrid energy storage configuration schemes was
conducted using a representative wind power profile. ® The model parameters used in the test
are detailed in Table 1.9 Among all schemes, Scheme 3 with the ICEEMDAN algorithm
presents the most favorable economic outcome, achieving the lowest annualized cost by
effectively mitigating battery degradation and reducing fluctuation penalties. On the other hand,
Scheme 2 with the CEEMDAN-based algorithm demands an intermediate cost, while Scheme 1
with the EEMD-based algorithm requires the highest cost.

The MATLAB-based practical adjustment model yielded oversizing factors of o = 0.54 and
ap = 0.26 for the lithium-ion battery and ay = 0.23 and ap = 0.21 for the supercapacitor. This
signifies a required practical oversizing of 54% in energy and that of 26% in power for the
battery to address operational constraints like DOD limits, conversion losses, and degradation.
The battery’s high energy oversizing factor reflects the comprehensive nature of this model
compared with prior empirical approaches. Conversely, the supercapacitor’s resilience allowed
for substantially smaller margins. The comparative outcomes using three HESS decomposition

Table 1

Parameters for the HESS capacity optimization model.

Parameter Value
Lithium-ion battery energy capital cost (C7 z) [CNY/(kWh)] 100
Lithium-ion battery power capital cost (CZ-,VP) [CNY/(kWh)] 150
Supercapacitor energy capital cost (Cfgrg £) [CNY/(kWh)] 600
Supercapacitor power capital cost (Cfg”c”, p) [CNY/(kWh)] 100
Lithium-ion battery SOC operating range [0.2,0.8]
Supercapacitor SOC operating range [0.1,0.9]
Discount rate 5%
Lithium-ion battery operational lifetime Y7,/year 5
Supercapacitor operational lifetime Ysc/year 15
Lithium-ion battery O&M cost factor (ayr;) 2%
Supercapacitor O&M cost factor (asc) 2%
Lithium-ion battery residual value coefficient (by;) 10%
Supercapacitor residual value coefficient (bsc) 20%

Opportunity compensation cost coefficient (Ceomp) [CNY/(KWh)] 0.32
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schemes, detailing both the practical system configuration and the associated cost evaluation,
are summarized in Table 2. Here, each scheme represents a distinct system sizing derived from
its respective energy decomposition methodology.

Among all schemes, Scheme 1 (EEMD) presents a moderate battery rating (48.8 kW, 189.1
kWh). Scheme 2 (CEEMDAN) necessitates the largest battery system (88.26 kW, 251.52 kWh),
whereas Scheme 3 (ICEEMDAN) achieves the most compact battery design (39.96 kW, 199.63
kWh). However, the supercapacitor power rating remains consistently high across all schemes
(approximately 930—940 kW) in managing high-frequency power transients.

From an economic perspective, Scheme 2 incurs the highest lithium battery investment cost
(88.67 k CNY) owing to its larger capacity, compared with 60.58 k CNY and 59.95 k CNY for
Schemes 1 and 3, respectively. On the other hand, the supercapacitor investment constitutes the
dominant portion of the total system cost (around 200 k CNY for all schemes), unveiling its
critical importance in the power smoothing process. In O&M cost, Scheme 2 has the highest
residual value corresponding to its greater installed energy capacity.

A key financial metric in the opportunity compensation cost (reflecting penalties for
unsuppressed fluctuations), Scheme 2 provides the most favorable outcome, i.e., —83.35 k CNY.
This suggests that the CEEMDAN algorithm can achieve superior grid stabilization, leading to
higher economic benefits from quality compliance. However, substantial capital investment is
demanded, where Scheme 2 requires the highest annualized cost (190.10 k CNY)) and Scheme 3
has the lowest total annualized cost of 172.25 k CNY. In conclusion, these results confirm that
ICEEMDAN can strike an optimal techno-economic balance. This means that a capital
expenditure can be effectively minimized through a more compact battery design without
paying significant penalties in practical HESS applications.

4.2 Dynamic system operation and state analysis
Using a representative wind power profile (Typical Day 2), we evaluate the proposed HESS

control strategies by analyzing the power fluctuation suppression and the corresponding
operational impact on storage components. The proposed decomposition-driven power split

Table 2

Techno-economic results of HESS configuration schemes.

Parameter Scheme 1 Scheme 2 Scheme 3

System configuration

Lithium battery power (kW) 48.797 88.264 39.956

Lithium battery capacity (kWh) 189.068 251.516 199.634

Supercapacitor power (kW) 935.624 928.91 941.39

Supercapacitor capacity (kWh) 192.821 200.885 176.301
Cost breakdown (k CNY)

Lithium battery investment cost/k CNY 60.57625 88.67399 59.95366

Supercapacitor investment cost/’k CNY 201.60105 205.61564 192.60712

Operation & Maintenance (O&M) Cost/’k CNY 5.24354 5.885792 5.05121

Residual value/k CNY 24.13993 26.72760 23.22595

Opportunity compensation penalty cost /k CNY —34.12136 —83.35247 —62.13975

Total annualized cost/’k CNY 209.15956 190.09534 172.24629
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simplifies hardware integration by assigning each storage device a distinct operational role. By
isolating high-frequency transients to the supercapacitor, current spikes and converter stress are
reduced, while allocating low-frequency power to the battery prevents rapid SOC fluctuations.
This structured approach mitigates compatibility issues like voltage mismatch and dynamic
coupling. The stabilization of wind power fluctuations using weighted filtering is shown in Fig.
3. The fundamental smoothing capability is demonstrated, contrasting the volatile original wind
power with the stabilized grid-connected output (red curve).®) Here, the performance target to
improve power distribution efficiency is achieved using the advanced decomposition techniques
developed in this work.

Under the EEMD-based scheme operation the battery undergoes frequent, high-amplitude
charge-discharge cycles, as shown in Fig. 4. This pattern exhibits inadequate frequency
separation and significant mode mixing, forcing the battery to manage short-term transient

situations. Therefore, the supercapacitor cannot fully absorb the power, thereby increasing its
degradation stress.

Stabilizing Fluctuations By Weighted Filtering Method
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Fig. 3. (Color online) Stabilization of wind power fluctuations by weighted filtering.
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Fig. 4.  (Color online) Energy storage system operating states with EEMD-based scheme.
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The CEEMDAN-based scheme performance outcome, as shown in Fig. 5, indicates improved
component coordination. The battery profile is notably smoother, indicating a more effective
division of labor where the supercapacitor assumes a greater share of rapid power fluctuations.
This reduces the battery’s cycling burden under persistent power variation, although minor
residual noise in the decomposition leads to slight deviations in power allocation.

The ICEEMDAN scheme performance outcome shown in Fig. 6 shows that it achieves the
most effective power allocation. The battery operates with minimal, low-frequency variations,
consistent with its intended role for energy management, while the supercapacitor provides rapid
and precise compensation for high-frequency transients. This confirms that this optimized
cooperation minimizes unnecessary battery cycling so that system stability is enhanced.

The DOD distribution that directly expresses the operational stress of the lithium-ion battery
under the three allocation strategies is shown in Fig. 7. The EEMD-based strategy exhibits a
wide DOD spread with significant high-level (0.7-0.8) occurrences, indicating frequent deep

Battery Operating Conditions (CEEMDAN)
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Fig. 5. (Color online) Energy storage system operating states with CEEMDAN-based scheme.
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Fig. 6. (Color online) Energy storage system operating states with ICEEMDAN scheme.
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mComparison of Battery DOD Distributions for Different Decomposition Methods
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Fig. 7. (Color online) Battery DOD distributions for the three decomposition methods

cycles due to poor frequency decoupling and elevated degradation risk. The CEEMDAN-based
approach shows improvement, concentrating cycles at around 0.7 DOD with fewer deep
discharges (>0.8), signifying better mode separation. However, its persistent stress with a
moderately high DOD has residual mode overlap and continued battery cycling burden.
Compared with the above two schemes, the ICEEMDAN-based strategy presents the most
favorable DOD profile, with cycles heavily concentrated in the moderate 0.4—0.6 range and
minimal extreme discharges. This optimal distribution confirms highly efficient energy
partitioning. Also, the battery predominantly manages stable, low-frequency power, thereby
operating within a shallower and less stressful DOD range.

5. Conclusions

The results of this study demonstrate that the ICEEMDAN-based HESS model has achieved
optimal techno-economic performance, yielding the lowest annualized cost (172.25 k CNY)
among three evaluated decomposition algorithms. Through superior frequency separation, the
proposed strategy enables the coordination of essential system components: the supercapacitor
handles high-frequency transients, while the battery manages low-frequency components with
minimal stress. The ICEEMDAN operational advantage was quantified by the rain flow
counting method, confirming that ICEEMDAN exhibits the most favorable battery DOD
distribution for maximizing battery longevity in the moderate 0.4—0.6 range. Moreover, for
example, the total annualized cost can be reduced by 9.4 and 17.7% compared with the
CEEMDAN and EEMD schemes, respectively. Consequently, ICEEMDAN emerges as the
recommended approach for practical wind-storage systems, effectively balancing performance
degradation concerns with economic viability.
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