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Abstract 

To address the challenges in wind-solar microgrids caused by the intermittency and volatility of renewable energy—such as 

power imbalance, unreasonable energy storage capacity configuration, and the difficulty in achieving coordinated 

optimization of economy, reliability, and environmental sustainability under limited capacity—a multi-objective energy 

storage capacity optimization method is proposed based on digital twin technology and a hybrid model combining Temporal 

Convolutional Network (TCN), Stacked Long Short-Term Memory Network (SLSTM), and Multi-Head Attention (MHA) 

mechanism (TCN-SLSTM-MHA). First, a digital twin model of the wind-solar microgrid is constructed to enable real-time 

mapping, monitoring, and simulation analysis between the physical system and its virtual counterpart, overcoming the 

limitations of traditional models in adapting to dynamic operational scenarios. Second, a TCN-SLSTM model is introduced, 

enhanced with the MHA mechanism to dynamically assign weights across time steps, thereby improving the accuracy of 

source (generation) and load forecasting. Finally, a multi-objective optimization function is established that simultaneously 

considers the minimization of Life Cycle Cost (LCC), maximization of Power Supply Reliability (PSR), and reduction of 

Carbon Emission Intensity (CEI), enabling the optimal determination of storage capacity. Experimental results demonstrate 

that, in terms of source-load forecasting, the proposed model improves prediction accuracy by 16.9% and 16.7%, 

respectively, compared to the conventional TCN-LSTM model. In energy storage capacity optimization, compared to the 

traditional weighted sum method, the proposed approach reduces LCC by 15.2%, increases PSR by 4.3%, and decreases 

CEI by 12.5%, validating the effectiveness and superiority of the proposed model. 
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1. Introduction

As a distributed power generation system that efficiently 

utilizes renewable energy, wind-solar microgrids integrate 

renewable energy sources such as wind power and 

photovoltaic power. They can effectively reduce reliance 

on traditional fossil fuels and lower carbon emissions, 

garnering widespread attention and rapid development [1]. 

*Corresponding author. Email: xiatong84@sohu.com 

However, the intermittency, volatility, and uncertainty of 

wind and solar energy pose significant challenges to the 

stable operation of microgrids. These factors make it 

difficult to achieve precise matching between power 

generation and load demand, easily leading to power 

imbalance issues that affect system reliability and power 

quality [2]. Energy Storage Systems (ESS), as a key 

component of wind-solar microgrids, can store electrical 

energy during periods of surplus generation and release it 

during periods of insufficient supply, thereby performing 
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peak shaving and valley filling functions. This effectively 

mitigates power fluctuations and enhances system stability 

and reliability. The rational allocation of energy storage 

capacity is crucial for the efficient operation of wind-solar 

microgrids [3]. Therefore, how to achieve the optimal 

allocation of energy storage capacity while accounting for 

the uncertainty of wind and solar power generation and 

load demand has become a research hotspot and a key issue 

in the field of wind-solar microgrids [4]. 

In response, numerous scholars both domestically and 

internationally have conducted research on the optimal 

allocation of energy storage capacity. The essence of 

optimizing energy storage capacity in wind-solar 

microgrids lies in achieving multi-objective trade-offs by 

optimizing the capacity, power allocation, and charge-

discharge strategies of ESS while satisfying power balance 

constraints [5]. Existing studies are mostly based on 

deterministic power forecasting models, i.e., assuming that 

wind and solar output or load is known or expressed by 

physical formulas, and then employing various 

mathematical optimization methods to solve the problem. 

For example, Reference [6] proposes a power expression 

for wind power grid connection, constructs a capacity 

optimization model aimed at minimizing annual total cost, 

and solves it using an improved Archimedes optimization 

algorithm. Reference [7] utilizes mixed-integer linear 

programming for energy management in residential battery 

energy storage systems based on existing PV generation 

and load data. However, due to the stochastic nature of 

loads and renewable energy, as well as inevitable 

prediction errors, it may not be possible to accurately 

obtain renewable energy generation output or load power 

[8]. Furthermore, the use of physical formulae often fails to 

accurately reflect the system’s actual operating conditions 

in practical applications, leading to biased optimization 

results that struggle to meet the requirements for reliable 

and economical operation of microgrids [9]. Therefore, it 

is necessary to conduct research on energy storage capacity 

optimization for wind-solar microgrids by integrating wind 

and solar power and load forecasting methods. 

Wind, solar power, and load forecasting serve as critical 

inputs for energy storage capacity optimization. 

Forecasting methods can be categorized into physics-

model-driven [10–12] and data-driven [13–15] approaches. 

With the rapid advancement of artificial intelligence 

technology, data-driven forecasting methods have 

demonstrated significant advantages in addressing 

uncertainty issues [16]. Temporal Convolutional Networks 

(TCN) [17] and Long Short-Term Memory Networks 

(LSTM) [18], as two important deep learning models, have 

been widely applied in the field of time series forecasting. 

To fully leverage the strengths of both, the TCN-LSTM 

model—a combination of TCN and LSTM—has emerged, 

capable of effectively enhancing the forecasting capability 

for complex time series data [19–20]. However, the fixed 

kernel size of TCN limits the extraction of multi-scale 

features, while the unidirectional recurrent units and gating 

mechanisms of LSTM do not sufficiently capture local 

critical information; thus, the combined TCN-LSTM 

model still requires further optimization. 

Digital Twin (DT) technology, as an emerging cutting-

edge technology, enables real-time mapping, monitoring, 

analysis, and optimization of physical entities by 

constructing virtual models that closely resemble them 

[21–22]. Introducing Digital Twin technology into the field 

of wind-solar microgrids can provide new insights and 

methods for optimizing energy storage capacity [23]. 

Specifically, by constructing high-fidelity virtual 

representations of physical entities, digital twin technology 

provides a platform for dynamic evolution and real-time 

decision-making support for microgrids, thereby 

enhancing system operational efficiency and reliability. 

Relevant studies have preliminarily validated the 

application potential of digital twins in microgrids. For 

example, Reference [24] uses digital twin technology to 

diagnose faults in microgrid clusters; Reference [25] 

combines digital twins with reinforcement learning to 

optimize energy management strategies for microgrids; 

and Reference [26] constructs a digital twin model of an 

Integrated Energy System (IES) and employs machine 

learning to achieve day-ahead scheduling optimization. In 

wind-solar microgrids, digital twin technology enables 

precise modeling of key components such as wind turbines, 

photovoltaic cells, energy storage systems, and loads. By 

collecting real-time system operation data via IoT 

technology, it facilitates synchronized updates and 

interaction between the virtual model and the physical 

system [27]. Based on this, the digital twin model enables 

simulation and modeling of different energy storage 

capacity configurations to comprehensively evaluate the 

system’s operational performance under various operating 

conditions, thereby providing a more accurate and reliable 

basis for decision-making regarding energy storage 

capacity optimization. 

Based on existing research, this paper proposes a multi-

objective optimization method for energy storage capacity 

in wind-solar microgrids based on digital twins and a TCN-

SLSTM-MHA hybrid model. First, a digital twin model of 

the microgrid is constructed using digital twin technology 

to enable real-time monitoring and simulation analysis of 

the system’s operational status; then, a TCN-SLSTM-

MHA hybrid model is developed to achieve high-precision 

forecasting of wind and solar power generation and load 

demand, providing accurate data support for energy storage 

capacity optimization; Finally, an optimization function is 

established that comprehensively considers multiple 

objectives, including Life Cycle Cost (LCC), Power 

Supply Reliability (PSR), and Carbon Emission Intensity 

(CEI), to optimize the energy storage capacity and achieve 

a good balance between reliability and economic efficiency 

in the wind-solar microgrid. Through analysis of practical 

case studies, the effectiveness and superiority of the 

proposed model and methods are verified, providing a 

scientific basis and technical support for the rational 

configuration of energy storage capacity in wind-solar 

microgrids. 
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2. Overall Framework of the Optimization
Method

The overall framework of the multi-objective optimization 

method for energy storage capacity in wind-solar 

microgrids based on digital twins and the TCN-SLSTM-

MHA hybrid model is shown in Figure 1. 

 The overall framework of the optimization method can 

be divided into the digital twin layer, the prediction layer, 

and the multi-objective optimization layer, with the three 

layers achieving synergy through a closed-loop process of 

data, prediction, optimization, and verification. The digital 

twin layer perceives physical data in real time, constructs a 

high-fidelity virtual model after preprocessing, and 

generates dynamic scenarios incorporating wind and solar 

fluctuations. This addresses the issue of traditional models’ 

insufficient adaptability to actual operating scenarios and 

provides reliable input for the prediction layer. The 

prediction layer utilizes the high-quality data output by the 

digital twin. It extracts multi-timescale features via a multi-

scale TCN, optimizes long-term dependency modeling 

using an SLSTM, and then fuses features through an MHA 

to achieve high-precision forecasts of wind and solar power 

and load, thereby providing critical data support for the 

optimization layer. The multi-objective optimization layer 

sets Life Cycle Cost (LCC), Power Supply Reliability 

(PSR), and Carbon Emission Intensity (CEI) as objectives. 

Under constraints such as power balance, it uses the 

Improved Non-dominated Sorting Genetic Algorithm II 

(NSGA-II) to determine the optimal energy storage 

capacity, which is then fed back to the digital twin layer to 

verify the feasibility of the solution, ultimately achieving a 

balance between economic efficiency and reliability in the 

energy storage configuration of the wind-solar microgrid. 

Figure 1. Overall framework of optimization methods 

3. Wind-Solar Microgrid Modeling
Incorporating Digital Twins

3.1. Digital Twin System Architecture 
Design 

The Digital Twin of Wind-Solar Micro Grid (DT-WSMG) 

adopts a four-layer architecture comprising physical, 

virtual, data, and service layers, as shown in Figure 2. Its 

core functions include real-time sensing, high-fidelity 

modeling, dynamic mapping, and intelligent decision-

making. 

Figure 2. DT-WSMG architecture 

The layers are as follows: 

Physical Layer: Includes photovoltaic arrays, wind 

turbines, energy storage devices, loads, and energy 

conversion equipment. The mathematical model 

parameters for core components such as photovoltaic 

arrays and wind turbines (e.g., I-V characteristic curves for 

solar panels and power curves for wind turbines) are 

derived from measured data manuals provided by 

equipment manufacturers. These models are calibrated 

under offline operating conditions prior to deployment to 

ensure the validity of the underlying physical models. 

Data Layer: Data such as solar and wind power output, 

energy storage State of Charge (SOC), and load power are 

collected in real time via a sensor network. After noise 

reduction and normalization through edge computing, the 

data is stored in a database. 

Twin Layer: A microgrid physical model is built using 

Simulink, with parameters corresponding one-to-one with 

the devices in the physical layer. 

Service Layer: Integrates prediction models, 

optimization algorithms, and visualization modules. 

Through the digital twin engine, it enables bidirectional 

interaction between physical and virtual data, supporting a 

closed-loop decision-making process of prediction-

optimization-verification. 

Physical Quantities → Virtual Model (Data-Driven): 

Real-time mapping of wind speed, solar irradiance, 

temperature, PV array output (Ppv), wind turbine output 

(Pwt), energy storage system State of Charge (SOC), and 

load power (Pload), etc. 
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Virtual Model → Physical System (Decision Feedback): 

Maps the optimal energy storage capacity configuration 

(Ebat, Ppcs) and corresponding charge/discharge strategies 

calculated by the optimization layer back to the physical 

system for simulation verification. 

3.2. Dynamic Scenario Generation and 
Mapping Mechanism 

To simulate the uncertainties in the actual operation of a 

microgrid, the digital twin system generates dynamic 

scenarios across multiple time scales. This paper employs 

correlation modeling based on Copula functions and Monte 

Carlo sampling to generate dynamic scenarios, thereby 

reducing uncertainties caused by inaccurate estimates of 

the correlation between wind and solar power outputs. The 

specific steps are as follows: 

(1) Use historical data to fit the probability distributions

of wind and solar power output, where photovoltaic output 

𝑃wt follows a Beta distribution and wind power output Pwt

follows a Weibull distribution: 

PPV∼BETA(ΑPV,ΒPV) (1) 

Pwt∼Weibull(k,c) (2) 

where: 𝛼pv and 𝛽pv are the shape parameters of the Beta 

distribution; 𝑘  is the shape parameter of the Weibull 

distribution; and 𝑐 is the scale parameter. 

(2) Describe the joint distribution of Ppvand Pwtusing a

copula function; the Gumbel copula is selected to capture 

the non-negative correlation: 

C(u,v;θ)=exp[-((-lnu)
θ
+-lnv)

θ
)
1/θ

] (3)

Where: 𝜃  ≥ 1 is the correlation coefficient; 𝜃  = 1 

indicates independence, and 𝜃  → ∞ indicates perfect 

correlation. 

(3) Generate N sets of wind and solar power output

scenarios via Monte Carlo sampling. Combining these with 

the load forecast curve P(load,i)t, we obtain a set of dynamic 

operation scenarios for the microgrid and the expression 

for each scenario: 

Ω={Ω1, Ω2, ..., ΩN} (4) 

ΩI ={PPV,I (T), PWT,I (T), PLOAD,I (T)}
T=1

T
(5) 

The generated set of dynamic scenarios Ω is 

standardized and transmitted via a JSON-formatted API to 

the TCN-SLSTM-MHA prediction layer, with an input 

dimension of [N, T, 3]. 

4. TCN-SLSTM-MHA Hybrid Source-Load
Forecasting Model

As shown in Figure 3, the TCN-SLSTM-MHA hybrid 

model consists of an input layer, a TCN layer, an SLSTM 

layer, an attention fusion layer, and an output layer. It 

enhances the accuracy of generation and load forecasting 

through multi-scale feature extraction and long-term 

dependency modeling. 

Figure 3. TCN-SLSTM-MHA hybrid model 

 4.1. TCN Layer 

The core technology of TCN lies in the use of Dilated 

Causal Convolution (DCC) as the temporal convolution 

layer to extract temporal features from time series. In 

causal convolution, all data in the temporal dimension 

follow strict causal relationships, ensuring the sequential 

nature of time series information. To enhance the model’s 

memory capacity for time series data, it is necessary to 

increase the depth of the convolutional layers or expand the 

size of the convolutional kernels. However, this leads to an 

increase in the number of model parameters, making 

training more challenging. Dilated convolution effectively 

addresses the limitations of causal convolution. By 

introducing a dilation factor, it enables non-contiguous 

convolution operations across longer time windows, 

allowing the convolution kernel to cover a time span wider 

than its own length. This enables the extraction of temporal 

features over a longer time span while maintaining a 

smaller number of convolution layers. The principle of 

DCC can be expressed as: 

G(t)= ∑Fn(r)Xt-dr

s-1

r=0

 (6) 

Where: G(t) denotes the output of the convolutional 

layer at time t; Fn(r) denotes the weight parameters of the 

nth convolutional kernel at position r; Xt-dr denotes the 

value of the input sequence at position t-dr; d denotes the 

dilation factor; s denotes the size of the convolutional 

kernel. 
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The TCN is composed of stacked residual blocks, each 

of which consists of two identical convolutional units. Each 

convolutional unit comprises a DCC unit, a weight 

normalization unit, an ReLU unit, and a dropout unit, as 

shown in Figure 4. To address the vanishing gradient 

problem in deep neural networks, residual connections are 

introduced into the residual blocks. These connections sum 

the input data with the output of the deep neural network to 

serve as the input for the next stage. 

Figure 4. Structure of the residual block 

4.2. SLSTM Layer 

SLSTM constructs a deep recurrent neural network (RNN) 

structure by stacking and connecting multiple LSTM 

layers. Its core idea is to increase the depth of the LSTM 

network, enabling the model to extract features from low-

level to high-level in sequence data layer by layer, thereby 

more efficiently capturing long-range dependencies and 

complex patterns. The structure is shown in Figure 5. 

Figure 5. Structure of SLSTM 

The internal computations within each LSTM layer are 

consistent with those of a traditional LSTM, dynamically 

regulating the retention and propagation of information 

through the gating mechanisms of the input gate, forget 

gate, and output gate. Taking the kth layer as an example, 

its computation at time step t includes: 

 Forget gate: 

FK,T = Σ(WF
(K)

[HK,T-1, XT]+BF
(K)

) (7) 

where: Wf is the weight matrix, bf is the bias term, ht is 

the hidden state at the previous time step, xt is the current 

input, and σ is the sigmoid function. 

Input Gate: 

ik,t =σ(Wi
(k)

[hk,t-1, xt]+bi
(k)

) (8)

Where: Wi is the weight matrix, and bi is the bias term. 

Candidate cell state: 

ĉk,t =tanh(Wc
(k)[hk,t-1, xt]+bc

(k)
) (9)

Where: Wc is the weight matrix, and bc is the bias term. 

 Cell state update: 

ck,t = f
k,t

 • ck,t-1 +ik,t • ĉk,t (10)

Where: ct-1 is the cell state at the previous time step. 

 Output gate: 

ok,t=σ(Wo
(k)[hk,t-1,xt]+bo

(k)
) (11)

Where: Wo is the weight matrix, and bo is the bias term. 

 Hidden state: 

 hk,t =ok,t • tanh(ck,t) (12) 

Where: tanh denotes the hyperbolic tangent function. 

4.3. Attention Fusion Layer 

To further optimize the fusion of multi-scale features and 

time-dependent features, the MHA is designed to 

dynamically assign importance weights to each time step, 

which are ultimately integrated into a comprehensive 

representation through a concatenation operation, as shown 

in Figure 6. 

The formulas for the query, key, and value vectors are 

as follows: 

Q = Xtcn  +  bq (13) 

K = Wk Xtcn  +  bk (14) 

V = Wv Xtcn  +  bv (15) 

Where: Xtcn is the output matrix of the TCN layer; Wq, 

Wk, and Wv are the weight matrices for Q, K, and V, 

respectively; and bq, bk, and bv are the corresponding bias 

terms. 

Figure 6. Structure of MHA 

EAI Endorsed Transactions on 
Energy Web 

| Volume 13 | 2026|



T. Xia et al.

6 

 The attention formula is shown below: 

headi = 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(Q
i
,Ki,Vi)

= 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(
Q

i
Ki
T

√dk
)Vi 

(16) 

MultiHead(Q,K,V)=Concat(head1, ..., headh)WO (17)

Where: dk is the dimension of each head, 𝑑𝑘 =
𝑑𝑚𝑜𝑑𝑒𝑙

ℎ
 , 

dk is the dimension of the hidden layer, h is the number of 

attention heads, and WO is the linear transformation matrix. 

4.4. Model Training Settings. 

The model uses Mean Squared Error (MSE) as the loss 

function and is trained using the Adam optimizer, as shown 

in the following formula: 

L=
1

N
∑ (Ppred,i - Ptrue,i)

2

N

i=1

(18) 

Where: N is the number of training samples; Ppred,i and 

Ptrue,i represent the predicted and true values, respectively. 

To prevent overfitting, an L2 regularization term 𝜆‖𝜃‖2
2 

(λ=0.01) and an early stopping mechanism (training stops 

if the validation set loss does not decrease for 5 consecutive 

epochs) are introduced. 

5. Multi-objective Optimization Model for
Energy Storage Capacity

 5.1. Objective Function 

This paper sets the LCC, PSR, and CEI of the energy 

storage system as optimization objectives. 

LCC includes initial investment cost Cinv, operation and 

maintenance cost COM, and decommissioning and recycling 

cost Crec, calculated as follows: 

LCC = Cinv  +  COM  +  Crec (19) 

Cinv  =  cbat  ⋅ Ebat  + cpcs  ⋅ Ppcs (20) 

COM  = (cbat  ⋅ Ebat  + cpcs  ⋅ Ppcs) ⋅ 𝛾 ⋅ Tlife (21) 

Crec  = 𝛿 ⋅ (cbat  ⋅ Ebat  + cpcs  ⋅ Ppcs） (22) 

In the formula: 𝑐bat  is the unit capacity cost of the

battery, Ebat is the battery capacity, cpcs is the unit power 

cost of the power converter, Ppcs is the power of the power 

converter, γ is the annual O&M rate, Tlife is the system 

lifespan (assumed to be 10 years), and σ is the 

decommissioning and recycling coefficient. 

The PSR uses the Loss of Power Probability (LOPP) and 

Loss of Energy Expectation (LOEE) to comprehensively 

characterize the system, as shown in the following formula: 

PSR=1-(α⋅LOPP+(1-α)⋅LOEE) (23) 

where: α is the weighting coefficient. 

The CEI considers the carbon footprint of grid-

purchased electricity and the full life-cycle carbon footprint 

of the energy storage system. The calculation formula is as 

follows: 

CEI= 
(λgrid ⋅ Egrid + λbat ⋅ Ebat)

Eload

(24) 

Where: λgrid is the carbon emission factor per unit of 

grid-purchased energy, λbat is the carbon emission factor 

per unit of battery capacity, and Eload is the total load 

energy. 

5.2. Constraints 

The power balance constraint is given by the following 

formula: 

Ppv (t)+Pwt (t)+Pess
dis  (t)=Pload (t)+Pess

ch  (t)+Pgrid (t) (25) 

Where: Pess
ch  (t)  and Pess

dis  (t)  represent the 

charging/discharging power of the energy storage system 

at time t, respectively; 𝑃pv (𝑡)  and 𝑃wt (𝑡)  represent the

power generated by photovoltaic and wind power, 

respectively; Pload (t)  represents the load; and Pgrid (t) 

represents the power exchanged with the grid. 

 The energy storage SOC constraint is given by the 

following equation: 

SOCmin ≤ SOC(t)=SOC(t-1)+η
ch

 ⋅
Pess

ch (t)

Ebat

⋅Δt-

Pess
dis(t)

η
dis

⋅Ebat

⋅Δt≤SOCmax 

(2

6) 

Where: 𝜂ch  = 0.95 (charging efficiency), 𝜂dis  = 0.9

(discharging efficiency),Δt = 1 hour,SOCmin = 0.1, SOCmax 

= 0.9. 

The equipment capacity constraint formula is shown 

below: 

0≤Pess
ch  (t)≤Ppcs (27) 

0≤Pess
dis(t)≤Ppcs (28) 

5.3. Multi-objective Optimization Solution 

The improved NSGA-II algorithm is used to solve the 

multi-objective optimization problem. The crossover 

probability Pc and mutation probability Pm are dynamically 

adjusted based on population diversity to avoid premature 

convergence. The formulas for the dynamic adjustment 

strategy of the crossover probability Pc and mutation 

probability Pm are shown below:  

Pc = 0.9×(1 - number of iterations / total 

number of iterations) 
(29) 

Pm = 0.1×number of iterations / total number of 

iterations) 
(30) 

Additionally, an external archive is introduced to store 

non-dominated solutions, and a reference point selection 

mechanism is employed to guide the population toward the 

Pareto front. The penalty function method is adopted to 

transform the constraints into penalty terms in the objective 

function, as shown in the following formula: 

F = L + ρ ⋅ ∑ max(0,g
j
 (x))

2

M

j=1

(31) 
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where: L is the original objective function, ρ  is the 

penalty coefficient (set to 1000), and gj(x) is the jth 

inequality constraint. 

 The optimized energy storage capacity scheme is fed 

back to the digital twin layer, where it is simulated for a 

full year of operation in the virtual model to verify the 

scheme’s reliability under extreme wind and solar 

fluctuation scenarios. If verification fails (e.g., curtailment 

rate > 5%), a new dynamic scenario is generated for 

iterative optimization. 

The improved NSGA-II algorithm does not require 

manually setting fixed weights; instead, it directly searches 

for a set of Pareto-optimal solutions. When making 

decisions in specific scenarios, the entropy weighting 

method is used to objectively calculate weights, as shown 

in the following formula: 

wj=
1-ej

∑
k=1

m
 (1-ek)

(32) 

ej=-
1

lnn
∑ p

ij
 lnp

ij

n

i=1

(33) 

p
ij
 =

xij

∑
i=1

n
 xij

(34) 

Where: 𝑤𝑗  is the weight of the jth objective (e.g., LCC,

PSR, CEI); ej is the information entropy; 𝑥𝑖𝑗  is the value of

the jth objective function for the ith solution. 

6. Experimental Analysis

 A wind-solar microgrid in a certain region was selected as 

the experimental subject. This microgrid comprises 10 1.5 

MW wind turbines, a 500 kW photovoltaic array, an energy 

storage system, and various user loads. The experimental 

dataset is derived from the microgrid’s historical 

operational data from January 1, 2020, to December 31, 

2022, with a sampling interval of 1 hour. It comprises a 

total of 26,280 data records, covering parameters such as 

wind speed, irradiance, temperature, wind and solar power 

output, load power, and energy storage SOC. The capacity 

planning problem for the energy storage system addressed 

in this paper is a medium- to long-term optimization 

problem, with decision-making primarily based on daily or 

hourly energy balance. Therefore, historical operational 

data with a 1-hour sampling interval was used, and through 

the construction of sliding window samples and data 

preprocessing, the temporal characteristics of the time 

series were effectively extracted. The dataset was divided 

into training, validation, and test sets in a 7:2:1 ratio to 

ensure uniform distribution of data across all seasons. The 

experimental environment used in this study is shown in 

Table 1. 

 Table 1. Experimental Environment 

Name Parameter 

Processor Intel Xeon Platinum 8592+ 
Memory 256GB 

Graphics Card RTX 5090 
Operating System Windows 10 

Programming Language Python 3.8 
Learning Framework TensorFlow 2.6 

Data Analysis Tools NumPy 

Visualization Tools Matplotlib 

 The digital twin model collects data in real time via 32 

sensors deployed in the microgrid. The sampling frequency 

matches that of the historical data, ensuring 

synchronization between the virtual model and the physical 

system. During the data preprocessing stage, median 

filtering is used to remove noise, and cubic spline 

interpolation is applied to fill in missing values, ultimately 

forming a continuous and complete time-series dataset. 

6.1. Wind and Solar Power and Load 
Forecasting Experiment 

6.1.1. Experimental Setup and Preprocessing 
To validate the predictive performance of the TCN-

SLSTM-MHA hybrid model, the following comparison 

models were selected: 

(1) TCN Model: Single layer, convolution kernel size

3, stranding rate [1,2,4], 64 hidden units; 

(2) LSTM Model: Single layer, 64 hidden units,

dropout rate 0.2; 

(3) SLSTM Model: 3 stacked layers, 64 hidden units

per layer, dropout rate 0.2; 

(4) TCN-LSTM hybrid model: TCN (parameters as

above) connected in series with LSTM (parameters as 

above); 

(5) ARIMA model: p=3, d=1, q=2 (determined using

the AIC criterion). 

 The raw data contains three types of noise interference: 

(1) impulsive outliers caused by sensor failures, accounting

for 1.2%; (2) temporal misalignments caused by

communication delays, accounting for 0.8%; (3) random

fluctuations caused by environmental electromagnetic

interference, accounting for 3.5%.

To address these issues, the following preprocessing 

workflow is adopted: 

Step 1: Outlier Detection and Correction: Identify 

impulse-type outliers based on the 3σ criterion. For 

samples falling outside the range of ±3 standard deviations 

from the mean, correct them using the weighted average of 

the four adjacent time points, with weights following a 

Gaussian distribution based on temporal distance; 

Step 2: Temporal Alignment: Misaligned data is 

corrected using a timestamp matching algorithm, and 

missing timestamps are supplemented via linear 

interpolation; 
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Step 3: Noise Reduction: A combination of wavelet 

denoising and Kalman filtering effectively removes 

random noise, improving the signal-to-noise ratio by 

28.6%. The db4 wavelet possesses good regularity and 

compact support properties, enabling it to effectively 

match the non-stationary characteristics of wind and solar 

load signals, making it a common choice for power signal 

denoising. Based on the sampling frequency and the 

signal’s primary frequency components, five 

decomposition levels were selected to effectively remove 

noise while preserving the trend. The first-order linear 

model formula for Kalman filtering is shown in Equation 

(35): 

xk =Axk-1+wk (35) 

Where: the state variable 𝑥𝑘  is the signal value to be

denoised, A = 1, and 𝑤𝑘 is the process noise.

The preprocessed data is normalized to the range [0,1] 

using the following formula: 

𝑥norm =
(𝑥 − 𝑥min)

(𝑥max − 𝑥min)
(36) 

where: 𝑥min and 𝑥max are the minimum and maximum

values of the sample data, respectively. 

 Root Mean Squared Error (RMSE), Mean Absolute 

Error (MAE), and Coefficient of Determination (R²) are 

used as evaluation metrics, with the formulas shown below: 

RMSE(Ptrue,Ppred)=√
1

n
∑(Ptrue,i-Ppred,i)

2

n

i=1

 (37) 

MAE(Ptrue,Ppred)=
1

n
∑|Ptrue,i-Ppred,i|

n

i=1

 (38) 

R2(Ptrue,Ppred)=1-
∑ (Ptrue,i-Ppred,i)

2n
i=1

∑ (Ptrue,i-P̄)
2n

i=1

(39) 

Where: n is the number of samples; Ppred and Ptrue are the 

predicted and true values, respectively; and 𝑃̄ is the sample 

mean. 

6.1.2. Experimental Setup and Preprocessing 
1) Wind and Solar Power Forecasting

Table 2 shows the comparison of wind and solar power

output prediction performance across different models. The

RMSE for wind power prediction using TCN-SLSTM-

MHA is 23.6 kW, which is 18.3% lower than that of TCN-

LSTM and 32.4% lower than that of LSTM; the RMSE for

solar power prediction is 15.8 kW, which is 15.5% lower

than that of TCN-LSTM and 58.3% lower than that of

ARIMA. The R2 values all exceed 0.92, indicating that the

model has a stronger explanatory power for wind and solar

power output.

Table 2. Comparison of performance indicators for 
wind and solar power output prediction 

Model 

Wind Power Solar 

RMS
E 

MA
E 

R2 
RMS

E 
MA
E 

R2 

ARIMA 68.5 52.3 
0.6
1 

37.9 29.4 
0.6
5 

TCN 35.2 27.8 
0.8
3 

22.4 17.6 
0.8
6 

LSTM 34.9 26.5 
0.8
4 

21.7 16.0 
0.8
7 

SLSTM 30.2 23.1 
0.8
8 

19.3 14.8 
0.8
9 

TCN- 
LSTM 

28.9 21.5 
0.8
9 

18.7 14.2 
0.9
0 

TCN- 
SLSTM
-MHA

23.6 18.2 
0.9
3 

15.8 11.9 
0.9
2 

Note: The units for RMSE and MAE are both kW; the 

same applies below. 

Figure 7 shows the predicted output of wind and solar 

power from different models (using data from a typical 

day). The TCN-SLSTM-MHA hybrid model exhibits the 

best fit with the actual output curve; particularly during 

periods of high output volatility, its tracking performance 

is significantly superior to that of other models. 

Figure 7. Prediction results of wind and solar power 
output by different models 

2) Load Forecasting

The comparison of load forecasting performance

metrics is shown in Table 3. The TCN-SLSTM-MHA 

hybrid model achieved an RMSE of 12.5 kW for load 

forecasting, a 16.7% reduction compared to the TCN-

LSTM model, with an R² of 0.94, indicating that the model 

effectively captures the periodic and stochastic 

characteristics of the load. 
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Table 3. Comparison of load forecasting 
performance indicators 

 Model  RMSE  MAE  R2 

 ARIMA  38.2  29.7  0.72 

 TCN  18.6  14.3  0.88 

 LSTM  17.9  13.8  0.89 

 SLSTM  15.7  12.1  0.91 

 TCN-LSTM  15.0  11.5  0.92 

 TCN-SLSTM-MHA  12.5  9.8  0.94 

Figure 8 compares the load forecast curves for typical 

days across different seasons. The TCN-SLSTM-MHA 

hybrid model exhibits the smallest prediction errors for 

both peak and off-peak loads. 

Figure 8. Comparison of typical daily load 
forecasting curves 

6.1.3. Model Efficiency Analysis 
Table 4 compares the training time and parameter size of 

each model. Due to the introduction of the attention 

mechanism, the TCN-SLSTM-MHA hybrid model has a 

slightly larger parameter size than the TCN-LSTM, but its 

training time remains within an acceptable range 

(approximately 12.3 minutes per training run), and its 

prediction speed of 0.02 seconds per sample meets real-

time requirements. 

Table 4. Comparison of Model Complexity and 
Efficiency 

 Model 
Parameter 
Size 
(10,000) 

 Training 
Time 
(min/round) 

 Prediction 
time 
(seconds 
per 
sample) 

 ARIMA  -  0.5  0.010 

 TCN  86  8.7  0.015 

 LSTM  72  9.2  0.018 

 SLSTM  90  10.0  0.020 

 TCN-
LSTM 

 105  11.5  0.022 

 TCN-
SLSTM-
MHA 

 158  14.3  0.025 

6.2. Multi-objective Optimization Experiment 
for Energy Storage Capacity 

6.2.1. Experimental Setup 
Based on the prediction results in Section 6.1, the improved 

NSGA-II algorithm was employed to solve the multi-

objective optimization problem, with the objective 

functions being LCC, PSR, and CEI, and the constraints 

including power balance and SOC limits (see Section 5 for 

details). The improved NSGA-II algorithm is as follows: 

initial population size N = 200; maximum number of 

iterations Gmax = 300; crossover probability Pc is 

dynamically adjusted according to Equation 29; mutation 

probability Pm is adjusted according to Equation 30 in the 

original paper; the selection operator scale is set to 2. The 

iteration progression is shown in Figure 9. In the early 

stages of the iteration, the generation distance decreases 

sharply. By the 50th iteration, the convergence requirement 

for generation distance has already been met. By the 200th 

iteration, the generation distance approaches 0, and the 

obtained solution can be approximated as the Pareto-

optimal frontier, indicating that the algorithm possesses 

good convergence properties. The improved NSGA-II 

shows significant convergence of the generation distance 

after approximately 50 iterations and stabilizes by the 

200th iteration, indicating that the algorithm can efficiently 

obtain a high-quality set of non-dominated solutions. 
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Figure 9. Iterative change diagram 

Table 5-7 presents the experimental results for LCC, 

PSR, and CEI obtained using different optimization 

methods, including single-objective optimization, 

traditional multi-objective optimization (weighted sum 

method), and the improved NSGA-II. 

As shown in Table 5, the optimization scheme obtained 

using the improved NSGA-II method achieved a total LCC 

of 1.4807 million yuan. After balancing economic, 

reliability, and environmental factors, this value was 

significantly lower than that of traditional multi-objective 

optimization methods, with a reduction of up to 15.2%. 

 Table 5. Comparison and Analysis of LCC for 
Energy Storage Capacity Optimization Schemes 

Optimizat
ion 

Method 

Energy 
Storage 

Capacity/k
Wh 

Cinv
/ 

10,0
00 

yuan 

COM
/ 

10,0
00 

yuan 

Crec
/ 

10,0
00 

yuan 

LCC/10,
000 

yuan 

Single 
Objective 

(LCC) 
500 

130.
0 

25.0 -6.50 148.50 

Single 
Target 
(PSR) 

700 
190.

0 
20.0 -9.50 200.50 

Single 
Target 
(CEI) 

600 
160.

0 
28.0 -8.00 180.00 

Traditional 
multi-

objective 
optimizati

on 

550 
152.

4 
29.8 -7.62 174.58 

Improved 
NSGA-II 

510 
128.

6 
25.9 -6.43 148.07 

Note: Traditional multi-objective optimization refers to 

the weighted sum method (in this paper, the LCC weight is 

set to 0.6, the PSR weight to 0.3, and the CEI weight to 

0.1). 

As shown in Table 6, the improved NSGA-II method 

balances economic efficiency while ensuring high 

reliability. Compared to the traditional multi-objective 

optimization method, its PSR improves by 4.3%, which 

validates that the proposed method can better balance 

economic efficiency and reliability under limited energy 

storage capacity. 

Table 6. Comparison and Analysis of PSR for 
Energy Storage Capacity Optimization Schemes 

Optimizati
on Method 

Energy 
storag
e 
capacit
y / kWh 

LOPP/
% 

LOEE/MW
h 

PSR/
% 

 Single 
objective 
(LCC) 

 500  4.5  40.0  75.0 

 Single 
Target 
(PSR) 

 700  1.0  8.0  96.0 

 Single-
target CEI) 

 600  3.0  25.0  85.0 

 Traditional 
multi-
objective 
optimization 

 550  3.5  30.1  83.2 

 Improved 
NSGA-II 

 510  2.8  23.6  86.8 

The CEI calculation comprehensively accounts for 

carbon emissions resulting from grid-purchased electricity 

and the full lifecycle of energy storage systems. The 

formula is: 

CEI = (λgrid ⋅Egrid + λbat ⋅Ebat) /Eload (40) 

Where: 𝜆grid  is the carbon emission factor per unit of

electricity from the grid; 𝜆bat is the carbon emission factor

per unit of battery capacity; 𝐸grid  is the amount of

electricity purchased from the grid; 𝐸bat is the rated battery

capacity; 𝐸load is the total load.

 Table 7. Comparison and Analysis of CEI for 
Energy Storage Capacity Optimization Schemes 

Optimizati
on 
Method 

 Energy 
Storage 
Capacity/k
Wh 

 Grid 
Electricity 
Purchases/M
Wh 

 CEI 

/(tCO₂/M
Wh) 

 Single-
objective 
(LCC) 

 500  1,100  0.600 

 Single 
target 
(PSR) 

 700  900  0.580 
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 Single 
Target 
(CEI) 

 600  800  0.550 

Traditional 
multi-
objective 
optimizatio
n 

 550  1050  0.642 

 Improved 
NSGA-II 

 510  980  0.562 

As shown in Table 7, the trend in the CEI is highly 

correlated with the energy storage capacity configuration. 

The larger the energy storage capacity, the stronger the 

system’s ability to integrate renewable energy and the 

lower its reliance on high-carbon power grids; 

consequently, the CEI value is smaller. The improved 

NSGA-II method achieved the lowest CEI (0.562 

tCO2/MWh) even when the energy storage capacity (510 

kWh) was not maximized, indicating that the multi-

objective optimization algorithm effectively balanced 

economic efficiency, reliability, and environmental 

performance to find a synergistic optimal solution. 

Compared with traditional multi-objective optimization 

methods, the proposed improved NSGA-II method reduces 

the CEI by 12.5%, significantly enhancing the system’s 

environmental performance. This validates the 

effectiveness of using CEI as an explicit optimization 

objective. 

6.3. Validation of Digital Twin Technology 

To validate the effectiveness of the digital twin, two sets of 

comparative experiments were designed: 

Scenario 1: Based on raw collected data (uncorrected), 

TCN-SLSTM-MHA hybrid model predictions, and 

improved NSGA-II optimization; 

 Scenario 2: Based on digital twin-corrected data 

(denoised and time-aligned), TCN-SLSTM-MHA hybrid 

model predictions, and improved NSGA-II optimization. 

This paper selected real-time operational data from the 

physical system on a representative day—July 15, 2025—

and conducted a synchronous comparison with the 

simulated output of the digital twin model. The accuracy of 

real-time mapping was quantified by calculating error 

metrics for key parameters such as energy storage SOC and 

grid-connection point power. The formulas used included 

Root Mean Square Error (RMSE) and the correlation 

coefficient (R2). Experimental results show that the RMSE 

between the SOC time series output by the digital twin 

model and the measured values is 1.8 kW, with an R2 of 

0.981; the RMSE for grid-connection point power is 4.2 

kW, indicating that the model possesses high-fidelity real-

time mapping capabilities. 

The impact of digital twins on optimization results is 

shown in Table 8. When optimization was performed using 

both raw collected data and digital twin-corrected data 

under the same prediction model, the digital twin 

correction further reduced investment costs and 

curtailment rates by 4.2% and O&M costs by 3.4%, 

respectively, indicating that it can effectively improve data 

quality and reduce prediction errors. This is because digital 

twins generate reliable dynamic scenarios through high-

fidelity modeling, providing high-quality data for 

predictions; the TCN-SLSTM-MHA hybrid model 

achieves high-precision predictions based on twin data, 

reducing errors in optimization inputs; and the improved 

NSGA-II multi-objective optimization algorithm utilizes 

precise prediction results to determine the optimal energy 

storage capacity, while verifying the feasibility of the 

solution through digital twins, thereby forming a closed-

loop of data-prediction-optimization-verification. 

Table 8. Impact of digital twin technology on 
optimization results 

 Data 
Source 

Investment 
Cost/10,00
0 RMB 

 Operating 
and 
Maintenanc
e Costs 
(10,000 
yuan) 

 Energy 
Curtailmen
t Rate (%) 

Scenari
o 1

 134.2  26.8  4.8 

 Option 
2 

 128.6  25.9  4.6 

7. Conclusion

This paper proposes a multi-objective energy storage 

capacity optimization method that integrates digital twins, 

the TCN-SLSTM-MHA hybrid model, and an improved 

NSGA-II algorithm. Specifically, the TCN-SLSTM-MHA 

hybrid model demonstrates significantly higher accuracy in 

source-load forecasting compared to the baseline models, 

with R2 values consistently exceeding 0.92, providing 

reliable data support for energy storage optimization. By 

integrating digital twin technology and multi-objective 

optimization algorithms, the proposed method achieves the 

coordinated optimization of the energy storage system’s 

LCC, PSR, and CEI. The proposed method exhibits 

excellent adaptability and robustness under scenarios with 

high wind and solar penetration rates. The method 

proposed in this paper achieves high-precision source-load 

forecasting in wind-solar microgrids, providing accurate 

data support for energy storage capacity optimization and 

offering scientific basis and technical support for the 

rational configuration of energy storage capacity. The 

limitations of this method include the requirement for high-

frequency data synchronization in the digital twin system, 

which demands high communication real-time 

performance, and the relatively long training time of the 

TCN-SLSTM-MHA hybrid model, making it currently 
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unsuitable for ultra-short-term forecasting scenarios. 

Future work will explore lightweight models and edge 

computing deployment. 
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  ρ


   w j =   1-  e j   ∑  k=1 m  (1-  e k ) ​​ 


   e j =-  1  lnn   ∑  i=1 n   p  ij  ln  p  ij ​ 


   p  ij  =    x  ij   ∑  i=1 n    x  ij 


    w  j


    x  i j


   x k  =A  x  k-1 +  w k ​ 


    x  k


    w  k


    x  norm ​ =    ( x −   x  min )   (   x  max ​ −   x  min ) 


    x  min


    x  max


  RMSE(  P  true ,  P  pred )=   1 n   ∑  i=1 n     (  P  true,i -  P  pred,i ) 2 


  MAE(  P  true ,  P  pred )=  1 n   ∑  i=1 n   |  P  true,i -  P  pred,i | 


   R 2 (  P  true ,  P  pred )=1-     ∑  i=1 n     (  P  true,i -  P  pred,i ) 2    ∑  i=1 n     (  P  true,i -  P ̄ ) 2 


    P ̄


  CEI = (  λ  grid  ⋅  E  grid  +   λ  bat  ⋅  E  bat ) /  E  load 


    𝜆  grid


    𝜆  bat


    E  grid


    E  bat


    E  load



