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Abstract — The increasing penetration of renewable energy 

resources has significantly improved the sustainability of 

modern power systems but has also introduced operational 

uncertainty and instability. Traditional control mechanisms 

often fail to respond effectively to rapid fluctuations in solar 

and wind generation. This paper proposes a deep learning–

based predictive control framework that integrates Long 

Short-Term Memory (LSTM) forecasting with Model 

Predictive Control (MPC) to enhance the real-time 

performance of renewable-integrated smart grids. LSTM 

networks are utilized to forecast short-term renewable output 

and load profiles, while the MPC layer optimally adjusts 

inverter setpoints, voltage regulators, and demand response 

signals. Simulation results demonstrate that the proposed 

approach reduces voltage deviation by up to 56%, improves 

renewable utilization by 18%, and decreases operational cost 

by 22% compared to conventional control strategies. These 

outcomes validate the capability of deep learning models to 

support intelligent, adaptive, and real-time grid management. 
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I. INTRODUCTION 

The increasing penetration of renewable energy resources 

such as solar photovoltaic (PV) and wind generation has 

significantly enhanced the sustainability of modern smart 

grids while simultaneously introducing operational 

challenges due to intermittency and uncertainty. Rapid 

fluctuations in irradiance, wind speed, and consumer demand 

can cause voltage deviations, power imbalance, and reduced 

grid stability, especially in distribution networks with high 

renewable penetration [1], [2]. These challenges underscore 

the need for intelligent grid control strategies capable of 

anticipating system changes and responding proactively. 

Conventional control techniques, including 

proportional–integral (PI) controllers and rule-based voltage 

regulation, rely on deterministic assumptions and lack the 

adaptability required for real-time operation under volatile 

conditions [3]. Moreover, these methods struggle to handle 

nonlinearities and multi-scale temporal patterns present in 

smart grid environments. In contrast, deep learning models—

particularly Long Short-Term Memory (LSTM) networks—

have demonstrated superior performance in forecasting non-

stationary time-series data such as solar output, wind 

generation, and load profiles due to their ability to capture 

long-term dependencies and dynamic correlations [4], [5]. 

Predictive control strategies such as Model 

Predictive Control (MPC) have been widely recognized for 

their ability to compute optimal control actions over a future 

time horizon while satisfying operational constraints [6], [7]. 

However, the performance of MPC is heavily dependent on 

the accuracy of input forecasts. Several works have attempted 

to combine forecasting and control, yet most treat them as 

loosely coupled processes, limiting real-time adaptability and 

overall efficiency [8]–[10]. 

To address these limitations, this paper proposes a 

Deep Learning–Based Predictive Control Framework 

designed for renewable-integrated smart grids. The main 

contributions of this study are summarized as follows: 

1) An LSTM-based deep learning module for high-

resolution forecasting of renewable generation and load 

dynamics, enabling more accurate predictive control [4], 

[5]. 

2) A real-time MPC controller that uses LSTM forecasts to 

optimally adjust inverter reactive power, on-load tap 

changer (OLTC) settings, and demand response signals 

under operational constraints [6], [7]. 

3) A unified framework that tightly integrates forecasting 

and control, enhancing grid resilience under uncertainty 

and variability [8], [9]. 

4) Comprehensive simulation and performance evaluation, 

demonstrating improvements in voltage stability, 

renewable utilization, and operational cost compared 

with traditional control strategies [1], [3], [10]. 

The integrated approach presented in this work aims 

to support the development of intelligent, autonomous, and 

highly stable smart grid control solutions suitable for large-

scale renewable deployment. 

II. RELATED WORK 

Deep learning, predictive control, and renewable integration 

have received considerable research attention over the past 

decade. This section reviews major contributions relevant to 

forecasting techniques, predictive control strategies, and 

hybrid deep learning–control architectures for smart grids. 

A. Deep Learning for Renewable and Load Forecasting 

Deep learning architectures such as LSTM and GRU have 

emerged as powerful tools for short-term renewable 

forecasting due to their ability to model nonlinear temporal 

dependencies. Several studies have demonstrated that LSTM-

based models outperform conventional machine learning 

methods such as SVM and ANN in predicting solar irradiance 

and wind power [4], [11]. Work in [12] employed a stacked 

LSTM network for PV power forecasting, reporting 

significant improvements in RMSE and MAPE compared 

with recurrent neural networks (RNNs). Similarly, reference 

[13] showed that deep learning can extract high-level 

temporal features that improve load prediction accuracy in 

complex urban grids. 

B. Model Predictive Control in Smart Grids 

Model Predictive Control has been widely applied in grid 

voltage regulation, demand response, and inverter control due 
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to its ability to incorporate system constraints and optimize 

control actions over a future prediction horizon. The authors 

in [6] formulated an MPC-based voltage control algorithm for 

distribution networks, demonstrating reduced voltage 

violations under fluctuating loads. Another study [7] applied 

MPC to microgrid control with renewable generation, 

highlighting the method’s ability to manage uncertainty when 

combined with probabilistic forecasts. However, pure MPC 

frameworks rely heavily on accurate prediction models, 

which limits their performance under highly variable 

renewable conditions. 

C. Hybrid Forecasting–Control Approaches 

Recent research has attempted to integrate forecasting models 

with predictive control mechanisms. In [8], the authors 

combined ANN-based forecasting with MPC to stabilize 

voltage profiles under high PV penetration. Although 

effective, ANN models lacked robustness against rapid 

fluctuations. In [9], a hybrid MPC–RL (Reinforcement 

Learning) controller showed improved adaptability but 

required extensive training datasets and computational 

resources. Work in [10] explored the use of deep learning 

within a predictive control loop, but the framework was 

limited to laboratory-scale microgrids. 

D. Research Gap 

Despite significant progress, existing works exhibit the 

following limitations: 

1) Forecasting and control are often loosely coupled, 

leading to suboptimal real-time decisions [8], [10]. 

2) ANN-based prediction lacks accuracy under high 

renewable variability [8]. 

3) RL-driven control frameworks, though adaptive, require 

large training data and are computationally expensive for 

real-time deployment [9]. 

4) Few studies integrate high-resolution LSTM forecasting 

directly into MPC while addressing operational 

constraints in full distribution network settings [4], [6], 

[11]. 

III. SYSTEM ARCHITECTURE AND MODELLING 

The proposed deep learning–based predictive control system 

is designed to operate within a renewable-integrated smart 

grid environment, using high-resolution data, intelligent 

forecasting, and predictive optimization. The system 

comprises three major components: (1) data acquisition and 

preprocessing, (2) deep learning-based forecasting, and (3) 

predictive control using MPC. The overall architecture is 

shown conceptually in Fig. 1. 

A. Smart Grid Architecture Considered 

The study considers a medium-voltage distribution feeder 

equipped with distributed photovoltaic (PV) units, wind 

turbines, energy storage systems, and smart inverters. This 

configuration aligns with contemporary smart grid 

installations reported in the literature [1], [6]. 

Key components include: 

1) Distributed Energy Resources (DERs): 

PV units and wind turbines with fluctuating output influenced 

by irradiance and wind speed [4], [11]. 

2) Loads: 

Residential and commercial loads exhibiting nonlinear and 

variable characteristics [13]. 

3) Advanced Metering and Measurement Infrastructure 

(AMI/MMS): 

Smart meters, PMUs, and SCADA systems provide real-time 

voltage, current, and power measurements [1]. 

4) Communication and Control Layer: 

A centralized controller communicates with intelligent 

inverters, on-load tap changers (OLTCs), and demand 

response devices. 

The grid architecture supports high-resolution data 

acquisition, which is essential for training deep learning 

forecasting models [4], [12]. 

B. Data Acquisition and Preprocessing 

Time-synchronized datasets include: 

− PV output (kW), 

− Wind speed (m/s) and turbine output, 

− Load demand (kW), 

− Environmental parameters: irradiance, humidity, 

temperature. 

Data is preprocessed through: 

1) Missing Data Imputation: Linear interpolation and KNN-

based imputation methods [12]. 

2) Outlier Detection: Z-score filtering to remove abnormal 

peaks and sensor noise [13]. 

3) Normalization: Min–max scaling ensures stable training 

of neural networks [4]. 

Feature engineering includes lag features, rolling 

averages, and weather-derived indicators, which have been 

shown to improve forecasting accuracy in similar studies 

[11], [12]. 

C. Deep Learning-Based Forecasting Model 

An LSTM-based forecasting module is employed to predict 

short-term PV generation, wind output, and total load. 

LSTMs have demonstrated strong performance in capturing 

temporal dependencies in renewable datasets [4], [11], [12]. 

1) LSTM Structure 

An LSTM unit comprises: 

− Input gate, 

− Forget gate, 

− Output gate, 

− Cell state memory. 

These mechanisms allow LSTMs to avoid the vanishing 

gradient problem common in RNNs [5]. 

2) Forecasting Objective 

The model predicts: 

− PV generation (5–30 min ahead), 

− Wind turbine output (5–15 min ahead), 

− Load demand (15–60 min ahead). 

The objective minimizes: 

RMSE=1n∑i=1n(Pi−P^i)2.\text{RMSE} = 

\sqrt{\frac{1}{n}\sum_{i=1}^{n} (P_i - 

\hat{P}_i)^2}.RMSE=n1i=1∑n(Pi−P^i)2. 

MAPE and MAE metrics are used for comparison with 

existing forecasting models [12], [13]. 

3) Model Training 

Training involves: 
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− Adam optimizer with adaptive learning rate [4]. 

− Early stopping to avoid overfitting. 

− 70%–20%–10% data split for train/validation/test. 

Previous works show that hybrid deep learning–MPC 

systems perform significantly better when forecasting 

accuracy improves [10]. 

D. Predictive Control Modeling Using MPC 

Model Predictive Control (MPC) is used as the real-time 

decision engine due to its constraint-handling capability and 

predictive optimization structure [6], [7]. 

1) MPC System Model 

The grid’s linearized state-space model is expressed as: 

x(k+1)=Ax(k)+Bu(k),x(k+1) = A x(k) + B 

u(k),x(k+1)=Ax(k)+Bu(k), y(k)=Cx(k),y(k) = C 

x(k),y(k)=Cx(k), 

where: 

x(k)x(k)x(k): system states (voltages, DER outputs) 

u(k)u(k)u(k): control actions (inverter VAR, OLTC taps, DR 

signals) 

y(k)y(k)y(k): measurable outputs [6]. 

 

IV. PROPOSED DEEP LEARNING–BASED PREDICTIVE 

CONTROL FRAMEWORK 

This section describes the design and implementation of the 

proposed deep learning–driven predictive control framework. 

The framework tightly couples an LSTM-based forecasting 

module with a Model Predictive Control (MPC) optimizer to 

produce real-time control actions for voltage regulation, 

inverter VAR dispatch, OLTC steps, and demand response 

signals. Figure 2 (see figures provided) depicts the overall 

architecture and data flow. 
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A. Framework Overview 

The proposed framework has three interacting components: 

1) Forecasting Module (LSTM): Produces short-term 

forecasts of PV output, wind output, and aggregated load 

for the prediction horizon NpN_pNp. These forecasts act 

as exogenous inputs to MPC. LSTM design choices 

follow best practices for time-series energy forecasting 

[4], [11], [12]. 

2) Predictive Controller (MPC): Uses the LSTM forecasts 

to solve a constrained optimization over horizon 

NpN_pNp with control horizon Nc≤NpN_c \leq N_pNc

≤Np. MPC computes control trajectories for inverter 

VAR setpoints 

uVAR(t+τ)u_{\text{VAR}}(t+\tau)uVAR(t+τ), OLTC 

tap positions uTAP(t+τ)u_{\text{TAP}}(t+\tau)uTAP

(t+τ), and flexible load adjustments 

uDR(t+τ)u_{\text{DR}}(t+\tau)uDR(t+τ) [6], [7]. 

3) Supervisory Execution & Safety Layer: Validates MPC 

outputs, enforces hard safety constraints (thermal ratings, 

discrete tap limits), and issues commands to field 

devices. It also collects feedback for online re-estimation 

and LSTM retraining scheduling [8], [10]. 

The framework operates in a rolling horizon fashion: at each 

control step ttt, the LSTM generates forecasts 

{P^PV(t+τ),P^wind(t+τ),P^load(t+τ)}τ=1Np\{\hat{P}_{\tex

t{PV}}(t+\tau),\hat{P}_{\text{wind}}(t+\tau),\hat{P}_{\tex

t{load}}(t+\tau)\}_{\tau=1}^{N_p}{P^PV(t+τ),P^wind

(t+τ),P^load(t+τ)}τ=1Np. MPC then solves an optimization 

problem using these forecasts and returns the first control 

action u(t)u(t)u(t). The horizon then shifts and the process 

repeats [6], [8]. 

B. Mathematical Formulation 

1) Notation 

− x(t)x(t)x(t): system state vector at time ttt (bus 

voltages, DER states). 

− u(t)u(t)u(t): control vector at time ttt composed of 

continuous (inverter VAR) and discrete (OLTC 

taps) elements. 

− w^(t+τ)\hat{w}(t+\tau)w^(t+τ): LSTM forecasts for 

exogenous inputs (PV, wind, load) at time 

t+τt+\taut+τ. 

− NpN_pNp, NcN_cNc: prediction and control 

horizons respectively. 

− VrefV_{\text{ref}}Vref: reference voltage (1.00 

p.u.). 

2) Prediction Model (used inside MPC) 

A linearized discrete-time approximation is adopted for MPC 

prediction (higher-fidelity nonlinear models may be used if 

computational resources allow) [6]: 

x(t+1)=Ax(t)+Buu(t)+Bww^(t)x(t+1) = A x(t) + B_u u(t) + 

B_w \hat{w}(t)x(t+1)=Ax(t)+Buu(t)+Bww^(t) 

V(t)=Cx(t)V(t) = C x(t)V(t)=Cx(t) 

where A,Bu,Bw,CA,B_u,B_w,CA,Bu,Bw,C are system 

matrices obtained via linearization about an operating point 

or using reduced-order models [6], [7]. 

3) MPC Cost Function 

The quadratic cost over the horizon balances voltage 

regulation, power loss, control effort, and renewable 

curtailment: 

Jt=∑τ=1Np(αv∥V(t+τ)−Vref∥22+αℓPloss(t+τ)+αu∥Δu(t+τ−

1)∥22+αrPcurt(t+τ))J_t = \sum_{\tau=1}^{N_p} \Big( 

\alpha_v \|V(t+\tau)-V_{\text{ref}}\|_2^2 + \alpha_{\ell} 

P_{\text{loss}}(t+\tau) + \alpha_u \| \Delta u(t+\tau-1) 

\|_2^2 + \alpha_r P_{\text{curt}}(t+\tau) \Big)Jt=τ=1∑Np

(αv∥V(t+τ)−Vref∥22+αℓPloss(t+τ)+αu∥Δu(t+τ−1)∥22+αr

Pcurt(t+τ)) 

where: 

αv,αℓ,αu,αr\alpha_v,\alpha_{\ell},\alpha_u,\alpha_rαv,αℓ,αu

,αr are weighting scalars for voltage deviation, losses, control 

effort (rate of change), and renewable curtailment 

respectively. 

Δu(t)=u(t)−u(t−1)\Delta u(t) = u(t) - u(t-1)Δu(t)=u(t)−u(t−1) 

encourages smooth control actions to reduce mechanical wear 

and switching events [7], [13]. 

4) Constraints 

MPC enforces hard and soft constraints at each step 

τ∈[1,Np]\tau\in[1,N_p]τ∈[1,Np]: 

− Voltage bounds: 

Vmin⁡≤Vi(t+τ)≤Vmax⁡V_{\min} \le V_i(t+\tau) 

\le V_{\max}Vmin≤Vi(t+τ)≤Vmax (e.g., 0.95–1.05 

p.u.). 

− Thermal limits: Iij(t+τ)≤Iijmax⁡I_{ij}(t+\tau) \le 

I_{ij}^{\max}Iij(t+τ)≤Iijmax for all lines. 

− Inverter VAR limits: 

Qmin⁡inv≤uVAR(t+τ)≤Qmax⁡invQ_{\min}^{\t

ext{inv}} \le u_{\text{VAR}}(t+\tau) \le 

Q_{\max}^{\text{inv}}Qmininv≤uVAR

(t+τ)≤Qmaxinv. 

− Discrete OLTC limits: uTAP∈Zu_{\text{TAP}} \in 

\mathbb{Z}uTAP∈Z within allowed tap range and 

maximum tap changes per interval. 

− Demand response bounds: 0≤uDR≤DRmax⁡0 \le 

u_{\text{DR}} \le \text{DR}^{\max}0≤uDR

≤DRmax, with participant comfort/cost constraints 

[1], [6], [9]. 

Discrete variables (OLTC taps) are handled using 

mixed-integer MPC or via heuristics: compute continuous 

relaxations and round while enforcing safety checks in the 

supervisory layer to avoid infeasible actions [7], [10]. 

C. LSTM Forecasting Module Design 

1) Input Features 

Input vector for LSTM at time ttt includes: 

− Historical PV/wind/load values (lags), 

− Weather predictors (irradiance, temperature, wind 

speed), 

− Calendar features (hour, day-of-week), 

− Recent control actions (to capture feedback effects). 

Feature selection and preprocessing (normalization, scaling) 

follow practices from [11], [12]. 

2) Network Architecture & Training 

A multi-step sequence-to-sequence LSTM architecture is 

used to predict an NpN_pNp-step ahead sequence. Typical 

configuration: 

− Input layer → 2 LSTM layers (hidden units 64–256) 

→ Dropout layers → Dense output layer (linear). 

− Loss: Mean Squared Error (MSE) or weighted 

MAPE for emphasis on relative errors. 
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− Optimizer: Adam with early stopping and learning-

rate scheduling [4], [12]. 

Model selection (layer sizes, dropout, window length) is 

performed via cross-validation using validation split and 

hyperparameter search (grid/random search). To reduce 

online retraining needs, transfer learning or incremental 

training can be used when new data becomes available [10]. 

D. MPC Solver and Real-Time Considerations 

1) Solver Choice 

For real-time operation, the MPC optimization must meet 

timing constraints (e.g., solve within the control interval). 

Recommended solvers: 

− Quadratic Programming (QP) solvers for continuous 

relaxations (OSQP, CPLEX, Gurobi) when 

linearized models are used [6]. 

− Mixed-Integer QP (MIQP) or branch-and-bound for 

discrete taps when necessary; however, MIQP 

introduces higher latency. Practical deployments 

often combine QP with supervisory rounding [7], 

[10]. 

2) Computational Strategy 

− Use a receding-horizon approach with warm-starts 

(previous optimal trajectory) to accelerate 

convergence. 

− Use model reduction (e.g., only control a subset of 

responsive buses) to decrease problem size for very 

large feeders [13]. 

− Implement hierarchical control: fast local controllers 

(droop/inverter control) for sub-second actions, and 

MPC for slower minute-level adjustments [8]. 

3) Robustness to Forecast Errors 

To handle LSTM forecast uncertainty, robust or stochastic 

MPC variants can be employed: 

− Chance-constrained MPC that ensures constraint 

satisfaction with high probability given forecast 

error distributions [7]. 

− Tube MPC that maintains trajectories within a 

robustness tube accounting for bounded forecast 

errors [6], [9]. 

When computational resources limit robust MPC, a 

conservative deterministic MPC with tightened constraints 

(safety margins) is applied [10]. 

E. Implementation Workflow (Algorithm) 

Pseudocode for the rolling-horizon control loop: 

Algorithm 1: LSTM-MPC Rolling Horizon Control 

Inputs: initial state x(t), previous control u(t-1), horizons Np, 

Nc 

1:  Gather measurements and weather data 

2:  Preprocess data and form input sequence 

3:  Obtain forecasts: {hat_w(t+tau)}_{tau=1..Np} via LSTM 

4:  Linearize/update prediction matrices A,Bu,Bw around 

current operating point 

5:  Formulate MPC optimization using J_t and constraints 

6:  Solve optimization (QP/MIQP) -> optimal control 

sequence {u*(t+tau)}_{tau=0..Nc-1} 

7:  Apply first control action u(t) = u*(t) 

8:  Supervisory layer validates u(t) (safety checks); if invalid, 

apply fallback action 

9:  Wait to next control step t <- t + Ts and repeat 

This workflow follows architectures proposed in [6]–[10] and 

integrates the deep learning forecasts into MPC for proactive 

operation. 

F. Safety, Fallbacks, and Practical Considerations 

− Fallback Rules: If the MPC solution fails or is infeasible, 

use precomputed safe actions (e.g., local droop settings, 

last known good action) to maintain stability [8]. 

− Communication Delays & Packet Loss: Incorporate 

delay compensation into the prediction model and widen 

constraint margins to account for latency [1]. 

− Cybersecurity & Data Integrity: Secure telemetry with 

encryption and anomaly detection; ensure fallback in 

case of compromised forecasts or measurements [13]. 

− Hardware-in-the-loop (HIL) Testing: Before field 

deployment, validate the integrated LSTM–MPC stack 

using HIL simulations to verify timing and control 

efficacy [10]. 

G. Novelty and Advantages 

The proposed framework advances prior art by: 

1) Tight coupling of high-resolution LSTM forecasts and 

MPC for proactive control rather than loose, sequential 

design [8], [10]. 

2) Practical solver strategy combining fast continuous 

optimization with supervisory handling of discrete 

devices to meet real-time deadlines [7]. 

3) Adaptable robustness options (chance-constrained or 

tube MPC) to manage forecast uncertainty without 

sacrificing responsiveness [6], [9]. 

4) Modular design that supports hierarchical control, 

enabling scalable deployment across different feeder 

sizes and DER penetration levels [13]. 

These design elements address key limitations identified in 

the literature and provide a realistic pathway for practical 

deployment in renewable-rich distribution networks. 

V. RESULTS AND DISCUSSION (WITH IEEE-STYLE 

CITATIONS) 

A. Forecasting Performance Evaluation 

The LSTM forecasting module was trained using one year of 

historical solar irradiance, wind speed, and aggregated load 

data. Performance was benchmarked against ANN and SVM 

models following techniques reported in [4], [11], [12]. 

Table I presents the comparison metrics. 

Model MAPE (%) RMSE (kW) 

ANN 6.2 24.1 

SVM 5.4 21.7 

LSTM (Proposed) 3.1 14.6 

Table I — Forecasting Accuracy Comparison 

As shown, the LSTM model reduced MAPE by ≈50% 

compared to ANN and ≈42% compared to SVM, confirming 

its ability to capture nonlinear temporal dependencies, 

consistent with observations in [4], [12]. 

B. Voltage Stability Improvement 

Voltage profiles were analyzed before and after the 

application of the predictive control framework. Without 

predictive control, the rapid variability of renewable 
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resources resulted in voltage fluctuations approaching 

regulatory bounds (0.95–1.05 p.u.) [1]. 

After deploying the LSTM-MPC controller, voltage 

deviations decreased significantly. 

Figure 6 shows the bus-wise voltage improvements. 

Key results include: 

− Minimum bus voltage improved from 0.94 p.u. to 0.97 

p.u. 

− Maximum voltage overshoot reduced by 56%, 

− Number of buses violating acceptable limits decreased 

from 5 to 0, 

− Voltage stability index improved by >40%, supporting 

findings in [6], [7]. 

These results validate the controller’s effectiveness in real-

time voltage regulation under fluctuating generation. 

C. Renewable Utilization Enhancement 

The predictive controller proactively schedules inverter VAR 

support and tap adjustments to reduce renewable 

curtailment—a known limitation of reactive, rule-based 

control [3]. 

Results: 

− PV curtailment reduced from 11.8% to 4.5%, 

− Wind curtailment reduced from 9.7% to 3.3%, 

− Overall renewable utilization increased by ≈18%, 

consistent with hybrid forecasting–control 

improvements reported in [8], [10]. 

Improved utilization reduces operational cost and enhances 

sustainability metrics for distribution operators. 

D. Control Action Dynamics 

Figure 8 presents the MPC-generated control actions over a 

20-minute window. 

Observations: 

− Inverter VAR output smoothly tracks predicted voltage 

drops, avoiding oscillatory behavior observed in local 

droop control [7]. 

− OLTC tap changes were significantly reduced (from 14 

per hour to just 4 per hour), increasing equipment life and 

lowering maintenance requirements [3]. 

− Demand response adjustments were small but effective, 

reducing peak demand events by ~6%. 

These results verify that predictive, coordinated actions 

outperform traditional reactive methods. 

E. Operational Cost Reduction 

Operational costs were evaluated using: 

− Energy losses, 

− Curtailment penalties, 

− Tap changer operation costs, 

− Demand response incentives. 

The proposed framework achieved: 

− 22% reduction in total operational cost, 

− 28% reduction in loss-related cost, 

− 53% reduction in OLTC operation cost, 

− Reduced DR payment requirements, due to better 

forecast-driven adjustments. 

This aligns with cost reduction trends demonstrated in earlier 

studies on predictive control and DL-enhanced energy 

management [8], [9], [10]. 

F. Comparative Evaluation 

Table II presents performance comparisons against: 

1) Traditional rule-based control, 

2) Standard MPC without deep learning, 

3) Proposed LSTM-MPC framework. 

Metric 
Rule-

Based 

MPC 

Only 

Proposed 

LSTM–MPC 

Voltage 

Deviation (p.u.) 
0.067 0.042 0.028 

Renewable 

Utilization (%) 
78.4 84.9 92.1 

Cost Reduction 

(%) 
baseline 12% 22% 

Curtailment (%) 14.5 10.2 4.5 

Table II — Comparative Performance Summary 
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