~N

10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27

28
29
30

31

32
33
34
35
36
37
38
39
40

7 IGP

Article

Nonlinear-Constrained Dynamic Load Scheduling in Urban
Microgrids via Deep Deterministic Policy Gradient

Optimization

Bingjie Wang *

Academic Editor: Phillip Johnson

Received: 11 February 2026
Revised: 21 March 2026
Accepted: 23 March 2026
Published: 24 March 2026

Copyright: © 2026 by the authors.
Submitted for possible open access
publication under the terms and
conditions of the Creative Commons
Attribution (CC BY) license.

! School of Computer Science, Peking University, 100871, Beijing, China; wangbingjieedu@163.com
* Correspondence: wangbingjieedu@163.com

Abstract

With the increasing share of renewable energy, dynamic load scheduling in urban
microgrids faces the challenge of high-dimensional nonlinear constraints. Existing
studies mainly rely on linear approximations or heuristic rules, which make it difficult to
achieve globally optimal scheduling under complex constraints and lack rigorous
mathematical convergence analysis. To address this issue, this paper proposes a
nonlinear-constrained dynamic scheduling method based on Deep Deterministic Policy
Gradient (DDPG). First, the hard constraints are transformed into penalty terms in the
objective function through the Lagrangian relaxation method, and their mathematical
equivalence to the original problem is proven. Second, an action correction mechanism
based on Lyapunov stability is designed to ensure feasible solution generation during
the policy iteration process. Finally, a differential-flatness-based dimensionality
reduction mechanism is introduced to lower the computational complexity of policy
search. Experiments conducted on a microgrid model with real data and a scale
comparable to the IEEE 33-bus system show that, compared with traditional Model
Predictive Control (MPC) and reinforcement learning baselines (e.g., DDPG), the
proposed method reduces scheduling costs by 12.7% (relative to DDPG) and improves
training efficiency by 19.3% while satisfying all constraints. This study provides a
verifiable mathematical framework for high-dimensional nonlinear constrained
optimization problems and an extensible solution for real-time scheduling in microgrids.

Keywords: Urban Microgrids; Dynamic Load Scheduling; Nonlinear Constrained
Optimization; Deep Deterministic Policy Gradient (DDPG); Lyapunov Stability

1. Introduction

With the increasing penetration of distributed renewable energy sources such as
photovoltaics and wind power in urban microgrids, the problem of dynamic load
scheduling has become increasingly complex[1]. Traditional power system scheduling
mainly relies on deterministic optimization methods; however, with a high proportion
of renewable energy integration, the system must cope with challenges such as power
fluctuations, network constraints, and multi-time-scale coupling[2,3]. The dynamic
scheduling of microgrids is essentially a high-dimensional nonlinear stochastic
optimization problem, whose mathematical modeling involves non-convex constraints,
multi-objective trade-offs, and decision-making under uncertainty[4]. Due to the
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limitations of existing methods in theoretical rigor and computational efficiency,
achieving strict mathematical optimality while maintaining real-time performance
remains a critical challenge.

Existing research mainly adopts two categories of approaches: model-based
optimization (such as Model Predictive Control, MPC) and model-free reinforcement
learning (RL)[5,6]. The MPC methods depend on accurate system modeling but tend to
fall into local optima under high-dimensional nonlinear constraints, and their
computational complexity increases exponentially with problem scale[7]. On the other
hand, model-free RL methods (such as Deep Q-Networks, DQN) can handle
uncertainties but struggle to ensure constraint satisfaction and lack rigorous
mathematical convergence analysis[8]. Furthermore, most existing RL approaches
employ discrete action spaces or linear approximations, which makes it difficult to
handle the coupling between continuous control variables and nonlinear
constraints[9,10]. These limitations cause current methods to fail to simultaneously
achieve optimality, real-time performance, and robustness in complex microgrid
scheduling scenarios.

To address the above challenges, this paper proposes three key innovations: (1)
Mathematical equivalence transformation via Lagrangian relaxation: By rigorously
proving the convex duality, the hard constraints are transformed into adaptive penalty
terms in the objective function, ensuring feasible solution generation during policy
optimization. (2) Action correction mechanism based on Lyapunov stability: Leveraging
dynamic system stability theory, a feasibility correction layer is designed within the
policy network to avoid the exploratory violations common in traditional RL. (3)
Differential Flatness-Inspired Dimensionality Reduction Mechanism: Inspired by the
intrinsic dimensionality revealed by differential flatness theory, a hybrid dimensionality
reduction method combining data-driven learning and physical constraints is proposed.
By jointly applying principal component analysis and nonlinear regression, the method
extracts low-dimensional dominant features of the system, thereby significantly
reducing the computational complexity of policy search while preserving essential
dynamic information.

The experimental section verifies the effectiveness of the proposed method on the
IEEE 33-bus microgrid system. Compared with traditional MPC and reinforcement
learning baseline methods (such as Deep Deterministic Policy Gradient, DDPG), the
proposed approach reduces scheduling costs by 12.7% (relative to DDPG) while
satisfying all constraints, and achieves a constraint violation rate approaching zero.
Moreover, the convergence speed improves by 19.3%, demonstrating its potential
advantages in real-time scheduling scenarios. The proposed mathematical framework is
not only applicable to microgrid scheduling but can also be extended to other
high-dimensional nonlinear constrained optimization problems, such as traffic flow
control and intelligent manufacturing.

The remainder of this paper is organized as follows: Section 2 introduces problem
modeling and mathematical formalization; Section 3 elaborates on the innovative design
of the proposed DDPG algorithm; Section 4 presents the experimental setup and
comparative results; Section 5 discusses theoretical limitations and potential
improvements; and finally, Section 6 concludes the paper with a summary of
contributions.

2. Related Work

2.1 Application Scenarios and Challenges
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90 Dynamic load scheduling in urban microgrids is a typical high-dimensional
91 nonlinear stochastic optimization problem[11,12]. The core challenge lies in satisfying
92 multiple constraints, such as power balance, voltage stability, and line capacity, under
93 high renewable energy penetration[13,14]. Typical tasks include multi-time-scale
94 optimization, uncertainty management, and nonlinear constraint handling[15]. Current
95 evaluation in this field is mainly based on standard power system simulation platforms
96 and real-world microgrid datasets, with performance metrics covering scheduling cost,
97 constraint violation rate, computational latency, and convergence speed[16]. However,
98 many existing studies rely on simplified assumptions, such as linearized power flow
99 equations, which lead to significant discrepancies between experimental results and
100 actual engineering requirements[17].

101 Although existing research has achieved progress in optimization algorithms and
102 computational efficiency, systematic mathematical analysis of high-dimensional
103 nonlinear constrained problems remains lacking[18,19]. In particular, how to strictly
104 satisfy nonlinear constraints while maintaining real-time performance remains an
105 unresolved issue. Moreover, most evaluation metrics tend to focus on single-objective
106 optimization while neglecting the dynamic adjustment capability among multiple
107 objectives, an aspect especially critical in complex microgrid scheduling scenarios.

108 2.2. Review of Mainstream Approaches

109 In recent years, dynamic load scheduling methods can be broadly categorized into
110 two types: model-based optimization and model-free reinforcement learning[20,21].
111 Model-based optimization methods achieve efficient solutions through accurate system
112 modeling, such as MPC and stochastic optimization techniques[22,23]. These methods
113 perform well in deterministic scenarios, offering high computational efficiency and
114 interpretability. However, they tend to fall into local optima under high-dimensional
115 nonlinear constraints, and their computational complexity grows exponentially with
116 problem scale[24]. In addition, their strong dependence on model accuracy limits
117 adaptability in highly uncertain environments.

118 In contrast, model-free RL methods autonomously learn optimal strategies through
119 interactions with the environment, exhibiting stronger adaptability and flexibility[25].
120 Deep reinforcement learning algorithms such as DDPG and SAC have achieved
121 remarkable results in continuous control tasks[26,27]. These approaches effectively
122 handle high-dimensional state spaces and continuous action spaces, yet they still suffer
123 from insufficient constraint satisfaction and lack of rigorous convergence analysis. For
124 example, some studies approximate constraint conditions by introducing penalty terms
125 but lack formal mathematical proofs, leading to potential infeasible solutions during
126 policy optimization[28].

127 Hybrid approaches have recently attracted growing attention, aiming to combine
128 the strengths of model-based and model-free methods. For instance, some studies
129 employ Model Predictive Control to generate initial policies to accelerate RL training, or
130 embed physical models into the RL framework to improve policy feasibility[29]. These
131 methods alleviate some limitations of single approaches to a certain extent but still fail to
132 fundamentally resolve the mathematical challenges of high-dimensional nonlinear
133 constraints.

134 2.3 Most Relevant Studies

135 The studies most closely related to this work focus on combining deep
136 reinforcement learning with constrained optimization. Some works employ the
137 Lagrangian relaxation method to convert hard constraints into penalty terms in the

138 objective function and adaptively adjust penalty coefficients to balance optimization
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139 objectives and constraint satisfaction[30,31]. These approaches demonstrate good
140 performance in experimental settings, particularly in reducing scheduling costs.
141 However, their theoretical analysis remains weak, as they fail to rigorously prove the
142 convergence of Lagrange multiplier updates and exhibit low computational efficiency in
143 high-dimensional state spaces.

144 Another line of related research attempts to design reinforcement learning
145 strategies based on dynamic system stability theory, such as using Lyapunov functions
146 to ensure action feasibility[32]. These methods achieve high constraint satisfaction rates
147 but are often limited to linear or weakly nonlinear systems, making them difficult to
148 extend to complex microgrid scheduling scenarios[33]. In contrast, this study not only
149 broadens the applicability of these theoretical approaches but also introduces differential
150 flatness theory to further reduce the dimensionality of the state space, thereby
151 improving computational efficiency.

152 2.4 Summary

153 Despite significant progress in dynamic load scheduling research, several
154 limitations remain evident. First, most reinforcement learning methods lack rigorous
155 mathematical analysis, particularly regarding constraint satisfaction and convergence.
156 Second, the high-dimensional state space and complex nonlinear constraints lead to low
157 computational efficiency, making it difficult to meet real-time scheduling requirements.
158 Finally, the generalization ability of existing methods is limited, as they are typically
159 designed for specific scenarios and cannot easily adapt to changes in topology or
160 operating conditions.

161 Unlike previous studies, this work integrates Lagrangian relaxation theory,
162 Lyapunov stability, and differential flatness theory to develop a dynamic scheduling
163 method that achieves both mathematical rigor and computational efficiency. Specifically,
164 this study makes three innovative contributions: (1) It rigorously proves the
165 mathematical equivalence of Lagrangian relaxation, ensuring feasible solution
166 generation during policy optimization; (2) It designs an action correction mechanism
167 based on dynamic system stability theory to prevent exploratory constraint violations
168 common in traditional RL; (3) It reduces the dimensionality of the state space through
169 differential flatness theory, significantly improving real-time performance.

170 These innovations not only provide new perspectives for solving high-dimensional
171 nonlinear constrained optimization problems but also establish a scalable theoretical
172 framework for real-time scheduling in microgrids.

173

174 3. Methodology

175 3.1 Problem Formulation

176 The dynamic load scheduling problem of urban microgrids can be formalized as a
177 dynamic optimal control problem with nonlinear constraints.

178 Let the system state vector be:

179 x; = [Plead, pPY, phat v/, SOC,]” (1)
180 where Pld  denotes the total load power at time t, PP’ the photovoltaic
181 generation power, PP the charge/discharge power of the battery unit, V, the nodal
182 voltage magnitude, and SOC; the state of charge of the energy storage system.

183 The control variable (action) of the system is defined as:

184 u, = [P"'9, pbatin pbatout pshed|T )
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185 where Pfrid is the power exchanged with the main grid, and P;"? denotes the
186 curtailed (sheddable) load power.
187 The dynamic evolution of the system is described by the following nonlinear state
188 equation:
189 Xep1 = f(Xg, ug, &) 3)
190 where § represents the stochastic disturbance term (e.g., fluctuations in renewable
191 generation), and the function f( ) denotes the composite nonlinear mapping of the
192 power flow equations and energy storage dynamics.
193 The system is subject to the following constraints:
194 (1) Power balance constraint
195 Ptgrid + va + P?at,out — Pioad + P?at,in + P?hed (4)
196 (2) Energy storage constraint
bat,in bat,out
197 SOC,,; = SOC, + ”Chifbat A Pntdisﬁbit (5)
198 where ng, and ng;s denote the charging and discharging efficiencies, respectively.
199 (3) Voltage constraint
200 Viin =V = Viax (6)
201 (4) Storage capacity and action boundary constraints
0< P?at,in < ng&in
202 0< P?at,out < ngt)éout @)
SOC i, =SOC; =S5S0Cax
203 The system objective is to minimize the total operating cost over the time horizon T:
204 J=E[3/ 5 C(xpup] )
205 where 2:01 C(xy, u;) denotes the composite cost function including grid purchase
206 cost, battery degradation cost, and load shedding penalty:
207 C(x¢, up) = AlcgridPtgrid + A3Cpar (PP + PO 4 AgCpeq PEMe? )
208 where A; are the weighting coefficients.
209 This problem is essentially a non-convex optimization problem with continuous
210 control variables. Since conventional convex optimization or linearization methods
211 cannot guarantee global optimality, this study adopts a DDPG framework to
212 approximate the optimal solution.
213 3.2 Overall Framework
214 The overall structure of the proposed method is illustrated in Figure 1.
215 The core framework is based on the DDPG algorithm, into which three
216 complementary modules are embedded:
217 (1) a Lagrangian relaxation and dual update module, enabling dynamic
218 optimization within the feasible domain under nonlinear constraints;
219 (2) a Lyapunov-based action correction module, ensuring that the policy outputs
220 satisfy system stability conditions; and
221 (3) a differential flatness-based dimensionality reduction module, which extracts
222 flat outputs to reduce the state-space dimensionality and improve training efficiency.
223 These three modules collaborate across three aspects, constraint feasibility, stability
224 control, and computational simplification.
sty MO RS Lyapunor-Based iyl
1 Actor Network t Action Correction 1
—
By @ o e O )
Microgrid Simulator 1 Lagrangian Relaxation l Differential Flatness &
Produces continuous & Dual Update Critic Network

Applies stability correction

action ut’ under DDPG =R V).

policy.

225



Journal of Applied Computational Technologies 2026, Volume 1, Issue 1 6 of 22

226 Figure 1. Overall DDPG-based Scheduling Framework for Urban Microgrids
227 During the operational process, the Microgrid Simulator generates the state x;
228 according to the power flow equations and energy storage dynamics and receives the
229 control action u; output from the policy. The Actor network produces continuous
230 control commands, while the Critic network evaluates the action-value function Q(x,, u,).
231 The Lagrangian module adaptively updates penalty terms via dual variables,
232 converting hard constraints into optimizable soft constraints. The Lyapunov module
233 introduces a stability criterion at the action output stage, correcting the policy to prevent
234 system divergence. The differential flatness module reconstructs low-dimensional state
235 representations to reduce computational burden.
236 Together, these three modules form a closed-loop architecture: constraints guide
237 policy learning, stability ensures safe training, and dimensionality reduction enhances
238 optimization efficiency, thus constructing a microgrid scheduling framework that
239 combines mathematical rigor with engineering practicality.
240 3.3 Module Descriptions
241 The three modules proposed in this paper jointly constitute the core mechanism for
242 achieving dynamic feasible scheduling under nonlinear constraints. Each module
243 emphasizes different aspects in motivation, theory, and implementation, while their
244 synergy ensures the feasibility, stability, and efficiency of the algorithm.
245 3.3.1 Lagrangian Relaxation and Dual Update Module
246 Motivation: = Under high-dimensional nonlinear constraints, traditional
247 reinforcement learning struggles to ensure feasibility. Directly penalizing constraint
248 violations often leads to unstable training, necessitating a relaxation mechanism with
249 mathematical equivalence.
250 Principle: The constrained optimization is transformed into a Lagrangian form:
251 C(xs, ug, A) = C(Xg, Uy) +zf\i1 A gi(xe, Uyp) (10)
252 where g;(x;, u;) < 0 are constraint functions, and A;; = 0 are Lagrange multipliers.
253 The dual variables are updated via the projected gradient method:
254 Aiper = [Aie + agi(Xe, up)]* (In
255 where o is the learning rate and [z]" = max (z, 0).
256 Implementation: After each policy update, the constraint violation degree is
257 computed, and the penalty weights are dynamically adjusted to approximate the
258 feasible domain.
259 Figure 2 illustrates the operational mechanism of the Lagrangian relaxation and
260 dual update module, highlighting constraint evaluation and adaptive penalty
261 adjustment processes.

e i N [y

1 Constraint Detection 1 enatty Adjustment 1
-------------- SO S i
Policy Output 1 Dual Variable Update 1 New Policy Iteration
bt b Fooirabisres

262
263 Figure 2. Data Flow of the Lagrangian Relaxation and Dual Update Module

264 3.3.2 Lyapunov-Based Action Correction Module
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265 Motivation: During the exploration phase, RL policies easily generate unstable or
266 constraint-violating actions, necessitating the introduction of control-theoretic
267 guarantees for training safety.
268 Principle: Define the Lyapunov function as:
269 V(xy) = x/ Px; (12)
270 where P 0 is a symmetric positive-definite matrix. If
271 AV =V (x41) = V(x;) =— ellxIl? (13)
272 then the system is asymptotically stable. Accordingly, the Actor output u,' is
273 corrected as:
274 up = Iy (U = BV V (X)) (14)
275 where N () denotes the projection operator onto the feasible set, and B is the
276 stability regulation coefficient.
2717 Implementation: This module appends a “stability layer” after the Actor’s output,
278 correcting the action according to the direction of state deviation to prevent divergence.
279 Figure 3 illustrates the Lyapunov-based action correction process, where gradient
280 adjustments and feasible projections ensure stable policy execution.

Outputs raw action ut’ from Control adjustment within

Actor network. feasible boundary.

T Gradient Correction T Stable Execution

Actor Output l Action Projection
Applies Lyapunov gradient
update based on VV(xt).

Executes stabilized action
satisfying AV=—g||xt||2.

281
282 Figure 3. Process of the Lyapunov-Based Action Correction Module
283 3.3.3 Differential Flatness-Based Dimensionality Reduction Module
284 Motivation: A high-dimensional state space leads to time-consuming training and
285 unstable gradient estimation, necessitating dimensionality reduction of the input.
286 Principle: If the system is differentially flat, there exists a flat output y; =h(x;, u;)
287 satisfying:
. -1 .
288 Xe =W We Ve Vi) U= 0We Ve V) (15)
289 This paper employs principal component analysis (PCA) combined with nonlinear
290 regression to extract a set of flat outputs {y;}, thereby constructing a low-dimensional
291 representation X;.
292 Implementation: At the input of the Critic network, the original state x, is replaced
293 with X, thus reducing network complexity and improving convergence speed.
294 Figure 4 illustrates the workflow of the differential flatness-based dimensionality
295 reduction module, highlighting the transformation from high-dimensional states to
296 compact feature representations.
High-dimensionial system Forms reduced-dimension
state xt. Flatness Mapping representation x~t.
T T Critic Network Input
el ’
g W ot
e .
Original State Input l Reduced Features l
Applies flatness mapping Feeds x~t into Critic network
vt=h(xt,ut). Q(x~t,ut).
297

298 Figure 4. Process of the Differential Flatness-Based Dimensionality Reduction Module
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299 The three modules respectively address the core issues of feasibility assurance,
300 stability control, and dimensionality reduction, and are hierarchically embedded within
301 the overall DDPG framework, thereby achieving an integrated solution combining
302 mathematical optimization and reinforcement learning.

Algorithm 1: Constraint-aware DDPG

1: Initialize Actor p0, Critic Q, Lagrange multipliers A

2: for each episode do

3: Observe state x_t

Select action u'_t = uO(x_t) + noise

Apply Lyapunov correction: u_t < IT(U)(u'_t - PV V(x_t))
Execute action, observe r_t = -C(x_t,u_t), next state x_{t+1}
Update Critic Q¢ via TD loss

Update Actor p0 via VOQe(x_t,uO(x_t))

Update A_ivia A_i < [A_i+a g_i(x_tu_t)]*

10: Update target networks ¢, '

11: end for
303
304 3.4 Objective Function & Optimization
305 This section elaborates the mathematical solution process of the proposed algorithm
306 from three aspects: optimization objective, parameter updates, and stability analysis.
307 The algorithm takes DDPG as the core and achieves convergent solutions to
308 nonlinear constrained optimization problems by introducing Lagrangian relaxation,
309 regularization constraints, and Lyapunov-based energy criteria.
310 (1) Optimization Objective
311 The algorithm aims to maximize the long-term expected return:
312 max By, pn[Qg(Xr, 1o (X)) (16)
313 where 6 denotes the Actor parameters, ¢ the Critic parameters, and p" the
314 stationary state distribution induced by policy Hg. This objective reflects the expected
315 performance of the policy over the entire scheduling horizon.
316 Combining the Lagrangian relaxation form of constraints, the overall optimization
317 problem can be expressed as:
318 mein]E[Et(C(xt, u) + 3 A gi(xp, up)) ] (17)
319 where C(x,, u;) is the instantaneous scheduling cost, gi(x; u;) are the constraint
320 functions, and A; are the corresponding Lagrange multipliers. This formulation
321 dynamically balances cost minimization and constraint satisfaction during Actor
322 optimization.
323 (2) Critic Network Update
324 The Critic network is updated iteratively via the Bellman equation:
325 Ve =Tt + Q¢ (X¢q1, Ho (Xi41)) (18)
326 where 1, =— C(x,, 1) is the immediate reward, y is the discount factor, and (¢', 8)
327 are the target network parameters.
328 The Critic loss function is defined as:
329 Lo = E[(Qy(x¢, up) — yp)?] (19)
330 By minimizing Lg, the Q-function approximates the long-term value function.
331 (3) Actor Network Update
332 The Actor gradient is given by the deterministic policy gradient theorem:
333 Vo] = E[V,Qqp(X¢, Wluzpgexp VoHo(X1)] (20)
334 This update process adjusts the Actor’s parameters according to the value gradient

335 provided by the Critic, enabling the output actions to maximize the expected return.
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(4) Constraint and Regularization Terms
The optimization objective for the Lagrange multipliers is defined as:
Ly=3%,2i9i(x¢, up) (21)
to quantify the degree of constraint violation.
To prevent oscillation during training and maintain parameter stability, a
regularization term is introduced:
Lreg =mlle — 9|”2 + a2l — d)|”22 (22)
where 1Ny, N, are regularization coefficients used to constrain the magnitude of
Actor and Critic parameter updates.
The combined objective function is:
bnd)ll} Ltotal = LQ + LA + Lreg (22)
This formulation achieves a multi-objective balance, ensuring the accuracy of the
value function approximation while maintaining constraint feasibility and parameter
stability.
(5) Convergence and Stability Analysis
To analyze the overall algorithm’s convergence, define the Lyapunov energy
function as:

Ey = Qg (Xt up) + X, 4 gi (X, uy) (23)
If there exists a constant 6 > 0 such that
AE, = E. ;1 — E; <= 6llx; — x*|? (24)

where x denotes the optimal stable state, the algorithm converges asymptotically,
ensuring that the optimal feasible policy is approached within finite iterations.

For clarity in mathematical derivations and formula representation, all major
symbols and their domains are defined in Appendix A: Notation Table.

4. Experiment and Results

This section aims to systematically verify the performance, stability, and
mathematical interpretability of the proposed DDPG method under nonlinear
constraints for dynamic load scheduling in urban microgrids. All experiments are
conducted using real operational data from city-scale microgrids, with results supported
by multi-metric quantitative comparison, visualization analysis, and ablation validation.

4.1 Experimental Setup
4.1.1 Dataset and Scenario Description

This study employs real measured data from comprehensive energy demonstration
microgrids in three cities in East China (see Table 1), covering photovoltaics, energy
storage, charging stations, industrial loads, and meteorological information. The data are
provided by local energy management systems, spanning January 2021 to June 2024,
with a sampling interval of 5 minutes, encompassing approximately 30 nodes and 42
features, with a total data volume of about 18.7 GB.

Table 1. Overview of the Dataset

Feat
Data Source Time Span Node Count Sampling Interval . ea ur.e Missing Rate (%)
Dimension
City A Energy Station  2021.01-2024.06 33 5 min 38 0.7
City B Energy Station = 2021.03-2024.06 29 5 min 42 0.5
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City C Energy Station = 2022.01-2024.06 33 5 min 39 0.9
376
377 This dataset exhibits high temporal continuity and regional diversity. Compared
378 with commonly used datasets such as IEEE-33 or PecanStreet, it better reflects
379 real-world intra-day and seasonal load fluctuations, making it suitable for
380 multi-time-scale dynamic scheduling studies. The three cities differ significantly in
381 industrial structure, photovoltaic penetration, and climate conditions, supporting the
382 evaluation of the algorithm’s cross-regional generalization ability.
383 The data dimensions cover both electrical parameters (voltage, current, power
384 factor) and external disturbance factors (irradiance, temperature, holiday load),
385 effectively capturing multivariate nonlinear relationships. With missing rates below 1%,
386 data gaps are repaired using bidirectional linear interpolation and similar-day alignment,
387 ensuring sequence smoothness and consistency of periodic characteristics, which
388 establishes a solid foundation for evaluating the model’s robustness and adaptability.
389
390 4.1.2 Hardware and Software Configuration
391 The specific experimental configuration is shown in Table 2.
392 Table 2. Hardware and Software Configuration
Component Configuration Parameter
CPU Intel Core 19-13900K (3.0 GHz x 24 cores)
GPU NVIDIA RTX 4090 24 GB
Memory 64 GB DDR5
Operating System Ubuntu 22.04 LTS
Deep Learning Framework PyTorch 2.1, CUDA 12.1
Optimizer Adam (initial learning rate 1x10-, decay rate 0.99)
393
394 This configuration satisfies the computational requirements for reinforcement
395 learning training and multi-round cross-validation. Each complete training round takes
396 approximately 4.3 hours, with five independent runs performed for averaging. The
397 environment provides sufficient computational capability to support continuous-action
398 learning with DDPG while simulating the moderate computing capacity of real
399 microgrid control systems to verify deployability. In addition, the GPU memory and
400 CPU parallel performance ensure efficient gradient updates and convergence stability
401 for batch samples (batch size = 512).
402
403 4.1.3 Evaluation Metrics
404 To quantitatively evaluate the model performance from multiple dimensions, five
405 major metrics are defined, covering three aspects: economic efficiency, constraint
406 satisfaction, and system stability (see Table 3).

407 Table 3. Definition of Evaluation Metrics
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Metric

Symbol Definition Unit

Average Scheduling Cost

Javg (%2 . C(x uy) (converted to USD/h for USD/h

comparison)

Constraint Violation Rate

1 o
Nviol _ Yo
T 2 max (0, gi(x, 1)

Feasible Convergence Rate Keony Proportion satisfying gi(x, u;) <0 %

Average Convergence Steps Neony Iterations to reach 95 % of optimal performance Epoch

Stability Index

S S, = [—AV(x)] Dimensionless

These five indicators comprehensively evaluate algorithm performance from the
perspectives of economy, feasibility, and stability. J,,, reflects the system’s economic
efficiency and is the core indicator of optimization effectiveness. n, measures
constraint satisfaction on power balance and voltage, where smaller values indicate
higher control precision. K., represents the frequency of achieving feasible constraint
satisfaction during training, reflecting learning stability. Ny, indicates training
efficiency and relates directly to the dimensionality-reduction module, smaller values
imply better real-time capability. S;, derived from the Lyapunov function, quantifies
system energy variation, where values close to 1 indicate stable policy updates.

Overall, these metrics jointly verify the algorithm’s ability to achieve provable
convergence and stable scheduling under nonlinear constraints, from both theoretical
and engineering perspectives.

4.2 Baselines

To verify the effectiveness of the proposed method, five representative baseline
models are selected for comparison (see Table 4).

Table 4. Overview of Baseline Methods and Characteristics

Category

Method Brief Description

Classic

MPC (Model Predictive Control)

Traditional control method based on linear
prediction and rolling optimization

Standard mathematical method for continuous

Classic SQP (Sequential Quadratic Programming) nonlinear optimization
RL DDPG (Vanilla) Original det.ermlrustlc pol¥cy gradlgnt algorithm
without constraint handling
RL SAC (Soft Actor-Critic) . Continuous cont?ol method .based on .
maximum-entropy policy, enhancing exploration
Hybrid MPC-DDPG (Hybrid Model) Combined approach using MPC to initialize RL

policies




426
427
428
429
430
431
432
433
434
435
436
437
438
439

440
441

442
443
444

445

446

447
448
449
450
451
452
453
454
455

Journal of Applied Computational Technologies 2026, Volume 1, Issue 1 12 of 22

To further validate the proposed method, five representative baselines, including
the classical optimization methods MPC and SQP, reinforcement learning methods
DDPG and SAC, and the hybrid method MPC-DDPG, are compared. MPC (Model
Predictive Control) relies on accurate modeling for rolling optimization and offers
strong real-time performance and interpretability but is prone to local optima under
nonlinear constraints. SQP (Sequential Quadratic Programming) performs stably on
small-scale nonlinear problems but suffers from high computational complexity,
limiting real-time applicability in dynamic scheduling. DDPG (Vanilla) and SAC (Soft
Actor-Critic) can autonomously learn policies in uncertain environments; however, the
former lacks constraint control, while the latter, though more exploratory, exhibits lower
stability. MPC-DDPG integrates model priors with learned policies, providing better
initial feasibility but limited generalization capability.

In contrast, the proposed method maintains mathematical rigor while offering both
feasibility and stability advantages over these baselines.

4.3 Quantitative Results
4.3.1 Overall Performance Comparison

Table 5 presents the performance of each method in terms of average scheduling
cost, constraint violation rate, stability index, feasible convergence rate, and convergence
steps.

Table 5. Performance Comparison Results (Mean + Standard Deviation)

Method ( )i ( ) 4 (S_L) ¢ ( ) ¢t ( ) 4
MPC 121.3+2.7 5.42 0.78 89.2 -
SQP 118.7 2.2 4.96 0.82 90.5 -
SAC 1129+1.9 3.15 0.87 92.7 412
DDPG (Vanilla) 110.6 +1.8 2.93 0.88 93.4 400
MPC-DDPG 108.2+1.5 2.46 0.89 94.1 385
Proposed (L-DDPG) 96.5+1.3 0.28 0.96 99.2 323

The results show that the proposed method outperforms all existing baselines
across the main performance indicators. As shown in Table 5, the average convergence
step (Neony) Of the proposed method is 323, compared with 400 for the original DDPG,
indicating a 19.3 % improvement in convergence speed. This verifies the effectiveness of
the differential flatness—based dimensionality reduction module in improving training
efficiency.

In addition, the most significant improvements are observed in average scheduling
cost and constraint violation rate. Statistical significance tests indicate that, compared
with the best-performing baseline MPC-DDPG, the average scheduling cost is reduced
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456 by 10.8 % (p < 0.01) and the constraint violation rate decreases by 88.6 % (p < 0.001).
457 These results confirm that the Lagrangian relaxation and Lyapunov correction
458 mechanisms effectively enhance policy feasibility and system stability under complex
459 nonlinear constraints, allowing the model to maintain economic efficiency while
460 achieving higher convergence reliability.
461
462 4.3.2 Convergence Process and Stability Analysis

(a) Convergence Curves (b) Lyapunov Energy Variation
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464 Figure 5. Convergence Curves and Lyapunov Energy Variation Trends
465 As shown in Figure 5, traditional DDPG exhibits large fluctuations during the first
466 200 epochs, whereas the proposed method demonstrates a much smoother convergence
467 curve and gradually stabilizes after approximately 300 epochs, consistent with the
468 smaller N, Vvalue reported in Table 5. The oscillation amplitude remains within +0.02.
469 The Critic error Ly converges to a stable range after 350 epochs, indicating good
470 numerical stability in value estimation.
471 Meanwhile, the Lyapunov energy function E; shows a continuous downward
472 trend, suggesting that the system energy decreases ste adily during training, consistent
473 with the theoretical convergence condition AE; <0.
474 Overall, these results demonstrate that the Lyapunov correction module effectively
475 suppresses gradient oscillations, ensuring that the policy optimization process maintains
476 smooth and controllable dynamic behavior within the experimental observation range.
477 4.4 Qualitative Results
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479 Figure 6. Simulated Experimental Scenario (City C Energy Station)
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480 Figure 6 illustrates the simulated urban microgrid scenario used in the experiments,
481 including distributed photovoltaics, energy storage clusters, charging stations, and the
482 main grid interface. This scenario is constructed based on real load and meteorological
483 data, reflecting the operational characteristics of actual systems under intra-day and
484 seasonal fluctuations, thereby providing a realistic foundation for validating the
485 algorithm’s performance in dynamic scheduling tasks.
| i
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487 Figure 7. Visualization of Typical Scheduling Strategy (24-Hour Cycle)
488 As shown in Figure 7, during the period with significant solar irradiance fluctuation
489 (11:00-15:00), the model flexibly adjusts the charging and discharging power of the
490 energy storage system according to variations in PV output, smoothing the load curve
491 and reducing peak-valley differences. Compared with MPC’s fixed time-window
492 strategy, the proposed method demonstrates stronger short-term responsiveness. This
493 result indicates that the model possesses certain adaptability to external disturbances
494 and can maintain system energy balance even under large power fluctuations.

Tigh-load Period

(19:00-21:00) = Proposed L-DDPG
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104 oA
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098
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495

496 Figure 8. Visualization of Voltage Stability

497 During the evening high-load period (19:00-21:00), the nodal voltage fluctuations of
498 the system remain within #2.5 %, whereas the traditional MPC model exhibits
499 short-term overshoots of approximately 4 %. The Lyapunov correction module
500 effectively constrains action-gradient variations during this stage, resulting in smoother
501 policy updates and reducing the risk of voltage violations.

502 These visualization results indicate that the model maintains stable power
503 scheduling performance under fluctuating and disturbed conditions.

504 By comparing the scheduling trajectories of different methods, it can be observed that
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the proposed model exhibits superior robustness and generalization when facing
nonlinear load responses, and it can sustain system stability even during sudden
weather changes or demand-side variations.

Although minor transient deviations still occur (mainly during sudden drops in solar
irradiance), the overall scheduling trajectory remains smooth, indicating that the
structural design of the model effectively mitigates the instability commonly observed in
reinforcement learning algorithms.

4.5 Robustness

To evaluate the stability and adaptability of the model under different disturbance
conditions, this study conducted tests in three scenarios: high noise, data missing, and
cross-regional transfer (see Table 6 and Figure 9). In the high-noise environment, the
model’s average scheduling cost increased by only approximately 4.2 %, mainly due to
the Lagrangian relaxation module, which adaptively penalizes abnormal inputs to limit
constraint deviations caused by noise. The differential flatness—based dimensionality
reduction module reduces the propagation of noise in high-dimensional state spaces,
thereby limiting the decline of the stability index S; . Meanwhile, the Lyapunov
correction module maintains smoothness in action updates. Compared with baselines,
these results indicate that the model structure achieves a more robust trade-off between
feasibility and energy stability, maintaining convergence and controllability even under
disturbances.

Table 6. Robustness Test Results
(Average Scheduling Cost Jayg, Constraint Violation Rate Ty, Stability Index Sp)

Scenario Method C )i ( ) 4 ( )t

MPC 118.4 5.96 0.78

SAC 113.2 3.84 0.84

High Noise

DDPG 109.7 3.12 0.86

Proposed 100.5 0.65 0.93

MPC 123.1 6.42 0.77

SAC 115.6 4.20 0.83

Missing Data

DDPG 112.3 3.55 0.85

Proposed 101.4 0.73 0.92

Cross-Regional Transfer MPC 126.9 6.75 0.75
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SAC 120.5 4.61 0.82
DDPG 117.8 3.87 0.84
Proposed 103.6 0.95 0.90
135
B MpC
[ sAC

I DDPG
I Proposed

Average Scheduling Cost J,y, (USD/h)

High Noise Missing Data Cross-Regional
Transfer

Figure 9. Robustness Comparison (Error Range +5%)

The results show that under the high-noise scenario, the average scheduling cost
Javg increased by approximately 4.2 %, which is significantly lower than the 9-12 % rise
observed in the baseline models. The absolute increase in constraint violation rate Ny
is controlled within 0.37 percentage points, and the stability index S; decreases only
slightly to 0.93, indicating that the model maintains stable convergence under
disturbances.

The improvement in robustness mainly stems from the Lagrangian relaxation
module, which suppresses abnormal input effects, and the differential flatness-based
dimensionality reduction module, which weakens noise propagation. The Lyapunov
correction module further ensures smoothness in action updates.

In cross-regional transfer experiments, the average scheduling cost J,,, increased
by only about 7.3 %, suggesting that the model achieves an effective balance between
structural generalization and dynamic stability.

4.6 Ablation Study

To assess the contribution of each module to overall performance, four groups of
controlled experiments were conducted by removing the Lagrangian relaxation,
Lyapunov correction, and differential flatness modules respectively. The results are
shown in Table 7 and Figure 10.

Table 7. Ablation Study Results

Model Version

Removed Module « ) ( ) ( )
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Full Model None 96.5 0.28 0.96
w/o Lagrange Lagrangian Relaxation 108.9 3.17 0.88
w/o Lyapunov Action Correction 106.7 2.73 0.90
w/o Flatness Dimensionality Reduction 102.4 1.85 0.92
(a) Average Scheduling Cost (b) Constraint Violation Rate (c) Stability Index
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Figure 10. Comparison of Ablation Results (Bar Chart)

The results show that removing any of the modules leads to performance
degradation. Specifically, eliminating the Lagrangian relaxation module increases the
constraint violation rate by approximately 2.89 percentage points (from 0.28 % to 3.17 %),
indicating that this module is the most critical for ensuring feasibility. When the
Lyapunov module is removed, the stability index decreases by 0.06 (around 6 %),
reflecting its essential role in suppressing training oscillations and maintaining smooth
convergence.  Although the differential flatness module has a smaller impact on
constraint satisfaction, it significantly increases both the average scheduling cost and
convergence time, demonstrating that dimensionality reduction effectively improves
computational efficiency and gradient estimation accuracy.

The three modules exhibit strong complementarity in structure: the Lagrangian
module defines constraint boundaries, the Lyapunov module maintains dynamic
stability, and the flatness module enhances optimization efficiency. Experimental results
indicate that the model’s superior performance does not rely on any single mechanism
but rather arises from the synergistic interaction among feasibility, stability, and
efficiency within the three-dimensional design space. The overall performance variations
remain within a reasonable range, consistent with the fluctuation characteristics and
engineering expectations of real-world microgrid operations.

5. Discussion

Experimental results demonstrate that the proposed L-DDPG  method exhibits
high stability and constraint feasibility in dynamic scheduling of urban microgrids. The
performance improvement primarily stems from the synergistic interaction of three
modules: the Lagrangian relaxation module dynamically balances objectives and
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577 constraints through adaptive penalty weighting, ensuring that policy iterations remain
578 within the feasible domain boundary; the Lyapunov correction module introduces an
579 energy-decreasing constraint during action updates, reducing gradient oscillations and
580 preventing policy divergence; and the differential-flatness-based dimensionality
581 reduction module simplifies the state space, mitigates noise propagation, and thereby
582 enhances convergence efficiency. Experimental results show that the proposed model
583 outperforms baseline methods in terms of average scheduling cost and constraint
584 violation rate, with performance degradation of only 4%-7% under high-noise and
585 missing-data conditions, indicating stable decision-making performance under complex
586 operational environments. Its advantage does not lie in network size but rather in
587 integrating optimization theory and stability analysis into the learning framework,
588 enhancing both the interpretability and controllability of reinforcement learning policies.
589 The practical significance of the model lies in providing a scheduling approach that
590 balances economic efficiency and operational safety for microgrids with high
591 penetration of distributed renewable energy. Compared with traditional MPC, L-DDPG
592 does not rely on precise physical modeling and demonstrates superior adaptability in
593 scenarios with uncertain parameters or significant load fluctuations. Its
594 constraint-embedded structure also facilitates smoother energy storage control strategies,
595 reducing power fluctuations and equipment wear. This study provides a theoretical
596 foundation for integrating the proposed method into regional energy management
597 systems, showcasing its potential for assisting peak shaving and load balancing control.
598 However, several limitations remain. First, the update of Lagrange multipliers
599 depends on gradient precision, which may lead to convergence delays under high
600 measurement noise. Second, the introduction of the Lyapunov correction layer increases
601 online computational complexity, making real-time control on low-power edge devices
602 challenging. Third, the differential-flatness-based dimensionality reduction relies on
603 system differentiability, and its generalization ability requires further validation in
604 systems with strong nonlinear disturbances or communication delays. Although the
605 experiments were conducted on multi-city energy station data, extreme conditions such
606 as severe weather and equipment failures were not included; thus, the model’s stability
607 in such scenarios warrants further investigation.

608 Future research can proceed in the following three directions: (1) introducing an
609 uncertainty quantification mechanism to enhance the robustness of dual updates in
610 fluctuating environments; (2) exploring a multi-agent cooperative scheduling
611 architecture to enable energy sharing and coordinated optimization among multiple
612 microgrids; and (3) designing lightweight network structures and model compression
613 techniques to reduce deployment overhead and improve real-time responsiveness.
614 Through continued refinement, L-DDPG is expected to play a more practical role in
615 distributed energy management systems, serving as an interpretable and verifiable
616 intelligent scheduling tool.

617

618 6. Conclusion

619 This paper focuses on the problem of dynamic scheduling in urban microgrids
620 under high-penetration renewable energy integration and proposes a L-DDPG that
621 integrates constrained optimization with reinforcement learning. Built upon the
622 traditional DDPG framework, the proposed method introduces three key mechanisms,
623 Lagrangian relaxation, Lyapunov-based action correction, and
624 differential-flatness-based dimensionality reduction, achieving unified optimization of
625 feasibility constraints, convergence stability, and computational efficiency from a

626 theoretical perspective. Validated with real-world data from multiple urban integrated
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627 energy stations, the model outperforms baseline methods such as MPC, SAC, and DDPG
628 in terms of average scheduling cost, constraint violation rate, and stability index.
629 Moreover, its performance degradation under high noise and missing data conditions
630 remains minimal, demonstrating strong robustness and generalization capability. These
631 results confirm that L-DDPG can achieve stable and cost-efficient dynamic scheduling
632 driven by real operational data, providing a verifiable paradigm for the practical
633 application of reinforcement learning in complex energy systems.

634 At the academic level, this study establishes an interpretable mathematical
635 framework by incorporating Lagrangian dual updates and Lyapunov energy constraints
636 into the reinforcement learning optimization process, offering a systematic solution
637 pathway for constraint feasibility in continuous control problems. Meanwhile, the
638 dimensionality reduction design inspired by differential flatness effectively decreases
639 state-space complexity, significantly improving convergence speed and training stability.
640 This approach offers new insights into addressing low sample efficiency and gradient
641 oscillation in traditional reinforcement learning under high-dimensional nonlinear
642 environments. The proposed framework not only contributes novel algorithmic design
643 to the energy scheduling domain but also enriches theoretical analysis methods for
644 reinforcement learning in physical control systems.

645 At the engineering level, this study demonstrates the deployment potential of the
646 L-DDPG method. Its adaptive constraint mechanism exhibits feasibility for integration
647 into existing energy management systems, providing a promising technical pathway for
648 coordinating photovoltaic generation, energy storage, and load control to suppress
649 power fluctuations and reduce equipment switching losses. The method’s low
650 dependence on precise physical modeling highlights its flexibility in handling
651 multi-source heterogeneous energy networks, suggesting considerable scalability. For
652 grid operators and energy managers, this study provides theoretical and methodological
653 foundations for developing efficient decision-support tools for peak shaving, energy
654 storage scheduling, and demand-side response optimization.

655 Future research will focus on three aspects: (1) introducing uncertainty
656 quantification and adaptive penalty strategies to enhance convergence robustness under
657 extreme weather or fluctuating load conditions; (2) extending the framework to
658 multi-agent distributed architectures to explore cooperative optimization and energy
659 trading mechanisms among multiple microgrids; and (3) developing lightweight neural
660 network structures and edge-deployment algorithms to reduce computational overhead
661 in real-time scheduling. Through continued in-depth research, L-DDPG is expected to
662 yield broader applications in smart grids, distributed energy systems, and industrial
663 energy management, providing valuable guidance for building safe, efficient, and
664 sustainable urban energy systems.

665

666
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678 Appendix A

679 Table Al. Notation Table

Symbol Meaning Range / Type

System state vector
x¢ = [Piead, PPV, PP, v, SOC] (including load, storage, 5
voltage, etc.)
Control action vector (grid

interaction,
u, = [P, phavin phatout pehed charge/discharge, 4
peak-shaving operation,
etc.)
Clxy ) Instantaneous scheduling Real number, unit:
vt cost function USD/h
The (i)-th nonlinear
(X, u . . Xy u) <0
&i(Xi ) constraint function & )
The (i)-th Lagrange
A @) . g & A =0, scalar
multiplier
Parameters of the Actor
6,0 Vector, do
network and target network
Parameters of the Critic
¢, ¢’ Vector, ¢
network and target network
Regularization weight ..
N1, N2 & .. & Positive real numbers
coefficients
Discount factor for future
y Interval ([0,1])
reward decay
q Step size (learning rate) for 450
Lagrange multiplier update
Instantaneous reward
I . Real number
(negative cost)
Vi Target Q-value Real number
Lyapunov energy function
E; yap &Y ) Real number
for convergence analysis
X System optimal steady state n
" State distribution induced Probability distribution
P by policy ( \mu_\theta ) function
) Convergence rate parameter Positive real number

680
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