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H  I  G  H  L  I  G  H  T  S  
 

• Proposed a novel DPC approach for safety assurance in hard-constrained optimization problems. 

• Introduced a projection layer derived from KKT conditions to enforce equality constraints within neural network-based control. 

• Developed a novel barrier function method to effectively handle inequality constraints. 

• Applied the framework to a multi-objective EV charging and discharging optimization problem, demonstrating practical effectiveness. 

• Achieved significantly reduced constraint violations and improved objective performance compared to standard DPC approach. 
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A  B  S  T  R  A  C  T  
 

Differentiable Predictive Control (DPC) has emerged as a data-driven alternative to Model Predictive Control 

(MPC), attracting growing interest across various research domains. Unlike traditional MPC, which relies on 

physics-based models, DPC utilizes black-box models—typically neural networks—to learn control policies. The 

primary advantage of DPC is its computational efficiency. However, a key challenge lies in ensuring constraint 

satisfaction, as neural network-based policies often struggle with maintaining feasibility. In conventional DPC 

frameworks for building-related studies, both equality and inequality constraints are enforced through penalty 

methods. However, tuning penalty parameters is complex, and constraint violations often persist. To address this 

issue, we propose a novel DPC approach that strictly enforces constraints. Specifically, we incorporate a pro-

jection layer based on Karush-Kuhn-Tucker (KKT) conditions to satisfy equality constraints. For inequality 

constraints, we replace the traditional penalty method with barrier functions, which provide steeper gradient as 

the solution approaches constraint boundaries, enforcing stricter constraint compliance. To evaluate the effec-

tiveness of our approach, we apply it to an electric vehicle (EV) charging and discharging optimization problem, 

considering three objectives: minimizing electricity costs, reducing CO2 emissions, and load flattening. We 

compare our method against conventional penalty-based DPC and the augmented Lagrangian method. The re-

sults indicated that the proposed approach reduced constraint violations by over 90 % in occurrence, compared 

to the conventional penalty method. Additionally, objective performance improved, achieving a 3 % greater bill 

reduction, 12 % more CO2 reduction, and 29 % greater peak load reduction. 
 

 

 

 

 

1. Introduction 

 

1.1. What is DPC? 

 

Model Predictive Control (MPC) has seen rapid development across 

various control applications. Despite advancements in intelligent con-

trol strategies, most buildings still rely on rule-based control (RBC) 

systems, which offer only limited energy savings [1–3]. These conven-

tional approaches typically implement predefined operational se- 

quences without accounting for the dynamic nature of building 

performance, weather conditions, or occupancy patterns. However, the 

decreasing cost of computational power and sensing technologies is 

making more sophisticated control approaches, such as MPC, increas-

ingly viable. Over the past decade, MPC has emerged as a leading 

method in intelligent building operations due to its ability to 
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systematically optimize thermal comfort while achieving substantial 

energy savings—ranging from 15 % to 50 %, as demonstrated in various 

simulations and pilot studies [4–7]. Furthermore, MPC plays a key role 

in demand-side management by enabling price-responsive control and 

active participation in demand response programs [8–11]. By leveraging 

mathematical models to predict future building behavior, MPC de-

termines optimal control actions that balance energy efficiency, occu-

pant comfort, operational constraints, and external factors such as 

weather forecasts in a structured and adaptive manner. 

Several variations of MPC have been developed to address different 

challenges and improve computational efficiency. Learning-Based MPC 

(LBMPC) integrates system identification techniques to model system 

dynamics from data, extending traditional adaptive MPC frameworks 

[12,13]. Explicit MPC (eMPC) precomputes optimal control laws offline, 

significantly reducing real-time computational requirements. However, 

eMPC suffers from the curse of dimensionality, where the complexity of 

precomputed solutions grows exponentially with the number of con-

straints, limiting its applicability to small-scale systems with short pre-

diction horizons [14]. Other approaches, such as Approximate MPC 

(aMPC) and Stochastic MPC (sMPC), address uncertainties but require 

solving complex optimization problems at each time step, making real-

time implementation challenging in large-scale systems with stringent 

computational constraints. As system complexity increases, MPC’s 

computational burden and scalability issues become more pronounced, 

restricting its application in real-time, resource-constrained environ-

ments. Neural network (NN-) based MPC was then proposed. While both 

DPC and NN-based MPC leverage machine learning networks within 

control optimization, their roles and learning mechanisms are funda-

mentally different. In NN-based MPC, the network is used to approxi-

mate the system dynamics. However, the control action is still 

determined through an online optimization process at each time step. In 

contrast, DPC treats the entire control formulation as a differentiable 

computational process, allowing the control policy itself to be trained 

offline using gradient-based optimization [15]. 

To address these challenges, researchers have explored differentiable 

approaches to solving MPC problems, leading to the development of 

Differentiable Predictive Control (DPC). DPC provides a framework for 

learning explicit predictive control policies offline [15–19]. It leverages 

differentiable programming [20], where the mathematical operations 

defining the MPC problem—objective functions and constraints—are 

structured as a directed acyclic computational graph within an auto-

matic differentiation (AD) framework. This enables direct computation 

of policy gradients, facilitating constrained policy learning through 

stochastic gradient descent (SGD). Unlike conventional MPC, which 

requires solving an optimization problem at every control step, DPC 

learns stable neural control policies in an end-to-end manner, making it 

a scalable alternative for constrained optimal control problems. DPC 

combines the predictive capabilities of MPC with the computational 

advantages of neural networks, creating a hybrid approach that is both 

effective and efficient. By formulating the MPC problem within a 

differentiable framework, DPC enables the direct training of neural 

control policies that can approximate the behavior of MPC controllers 

without the need for online optimization. Additionally, DPC eliminates 

the need for an explicitly calibrated physics-based or white-box model, 

further reducing computational complexity and simplifying model 

development. Due to these advantages, DPC has been widely applied in 

various fields, including building energy management [21], traffic 

network control [22], robust control in robotics [23], economic dispatch 

in power systems [24], and end-to-end planning and control [25]. 

 

1.2. Challenges for DPC 

 
Despite its potential, DPC faces significant challenges when applied 

to complex optimization problems with multiple competing objectives 

and operational constraints. One major limitation is model 

tuning—balancing multiple objectives and constraints in the loss func- 

tion requires careful weight adjustments to avoid suboptimal solutions, 

whereas the DPC performance is sensitive to cost function design and 
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weighting [19,26–28]. Moreover, DPC does not inherently guarantee 

strict constraint enforcement. Unlike traditional MPC, which explicitly 

satisfies constraints through optimization solvers, DPC reformulates 

constraints within the loss function, typically using penalty-based 

methods [15,17,19]. However, this approach only ensures soft 

constraint satisfaction, meaning large penalty coefficients can introduce 

numerical instability, while small coefficients may lead to constraint 

violations. For instance, in the open-source DPC implementation project 

[17] constraints are integrated into the loss function via penalty 

methods using mean absolute error (MAE) as the metric. While this 

formulation provides a differentiable training objective, it lacks a 

rigorous mechanism for strict constraint enforcement, which can be 

problematic for safety-critical applications where constraint violations 

could lead to system failure or safety hazards. For example, the case 

study involved in this study is for optimizing EV charging and dis-

charging schedule. Despite the growing research on EV charging opti-

mization, several key challenges remain unresolved. First, many existing 

approaches, including those based on MPC and rule-based heuristics 

[29,30], struggle to rigorously enforce hard operational constraints, 

violations of which can pose safety and grid reliability risks. Second, 

real-world EV scheduling problems are inherently multi-objective, 

involving trade-offs between generation cost and emissions [31]. 

Balancing these objectives dynamically across many users introduces 

complexity that traditional penalty-based methods handle difficultly. 

Third, user behaviors such as arrival time, departure SOC, and occu-

pancy vary substantially, requiring control strategies that generalize 

across scenarios [32]. Moreover, many advanced control frameworks 

are computationally burdensome, limiting their feasibility for fast and 

large-scale deployment. These gaps motivate the development of a 

scalable and constraint-compliant control framework capable of 

learning feasible and efficient charging policies under realistic EV 

operational conditions. Regarding the constraints satisfaction, the limits 

for EV charging and discharging power are one of the hard inequality 

constraints that would cause safe-critical problems. The violations on EV 

charging and discharging power will also affect the overall integrated 

load profiles. Without self-generation, the energy consumption is critical 

to be non-negative, which is also a safety-critical problem. Only with all 

hard constraints complied, can the results and model performance be 

evaluated fairly. 

To mitigate these issues, researchers have explored alternative 

constraint-handling techniques. In image segmentation applications, for 

example, the augmented Lagrangian approach has been used to improve 

equality constraint enforcement [33,34]. This method introduces 

Lagrange multipliers that adaptively adjust the penalty weights during 

training, leading to better constraint satisfaction without requiring 

excessive penalty coefficients. More broadly, the field of Physics-

Informed Neural Networks (PINNs) has introduced novel methods for 

incorporating physical constraints into machine learning models. One 

such approach, the KKT-hPINN framework, which refers to a novel PINN 

that rigorously guarantees hard linear equality constraints, uses a pro-

jected layer derived from Karush-Kuhn-Tucker (KKT) conditions [35]. 

This projection ensures that the model’s output remains within the 

feasible region without requiring equality constraints to be embedded in 

the loss function. For inequality constraints, researchers have proposed 

using logarithmic barrier functions as an alternative to traditional 

penalty methods [36,37]. These functions increase gradient magnitudes 

near constraint boundaries, guiding neural control policies to remain 

within feasible operating conditions more effectively. 

 

1.3. Objectives 

 
In this study, we propose a novel DPC framework that integrates the 

KKT-hPINN approach for equality constraint enforcement and a barrier 

function method for handling inequality constraints. By embedding 

these techniques into the DPC structure, we enhance constraint satis-

faction while reducing the reliance on extensive model tuning. To 

demonstrate the effectiveness of our approach, we apply it to a 

community-level EV charging and discharging optimization problem. 

This domain was chosen due to the complexity and difficulties of pre-

cisely modeling EV behaviors, which poses a strong challenge for uti-

lizing traditional physics-based solutions. Moreover, due to its 

combination of multi-objective requirements, hard operational con-

straints, and mixed constraint types, which poses a strong challenge for 

traditional DPC frameworks. Unlike synthetic benchmarks, EV sched-

uling inherently involves critical constraints such as battery SOC limits, 

charging power bounds, and departure readiness requirements, where 

these violations can compromise user experience and grid stability. 

Additionally, it demands simultaneous optimization of users’ electricity 

bills, CO2 emissions, and load flattening, making it a compelling test 

case for validating the proposed constraint-handling mechanisms. 

Through this case study, we illustrate the benefits of our enhanced DPC 

framework in improving constraint enforcement and optimization per-

formance. The selection of EV charging optimization as our application 

domain is also motivated by the increasing integration of EVs into the 

power grid, which presents new challenges in balancing supply and 

demand. As electric vehicle adoption continues to grow, effective 

charging strategies become crucial for mitigating peak demand issues 

and improving grid stability. Uncoordinated EV charging can exacerbate 

peak demand periods, potentially leading to grid instability and 

increased infrastructure costs. Comparing to traditional rule-based 

charging strategies, MPC-based methods provide a more systematic 

approach to optimizing charging schedules by considering future elec-

tricity prices, grid conditions, and user requirements [38–40]. By 

leveraging DPC, we enable scalable and adaptive EV charging coordi- 

nation, ensuring both user convenience and energy system efficiency 

while respecting the operational constraints of both the vehicles and the 

power grid. 

To validate our approach, we compare the performance of four DPC 

formulations in model training: (a) the conventional penalty method, (b) 

the augmented Lagrangian (AL) method for equality constraints, (c) the 

KKT-based projection layer for equality constraints, and (d) our pro-

posed novel method, which integrates the KKT-based projection with a 

barrier function for enforcing both equality and inequality constraints. 

Through a comprehensive simulation-based analysis, we demonstrate 

the effectiveness of our approach in enhancing constraint satisfaction 

while improving optimization performance across all objectives. 

In this paper, we expand the capabilities of DPC with following 

contributions: 

 
1) We propose a hybrid DPC framework that integrates a KKT-based 

projection layer for hard equality constraint enforcement and a 

modified barrier function for inequality constraints, improving 

constraint satisfaction without relying on extensive penalty tuning. 

2) We demonstrate the effectiveness of the proposed framework on a 

multi-objective EV charging and discharging scheduling problem 

using real-world smart meter data, showing improved performance 

in constraint compliance and optimization performances compared 

to existing DPC formulations. 

3) We show that the proposed structure simplifies training by reducing 

sensitivity to hyperparameter tuning and improving convergence, 

supporting its scalability to larger scale of study. 

 

The remainder of this paper is structured as follows: Section 2 in-

troduces the methodology for the improved DPC framework, including 

the neural network architecture and the proposed constraint handling 

techniques; Section 3 presents the case study and simulation setup, 

including the dataset description, data preprocessing, problem formu-

lation, and DPC implementation details; Section 4 presents a compre-

hensive analysis of the results, comparing the performance of different 

DPC formulations across various metrics; Section 5 discusses the limi-

tations and future work; and Section 6 concludes the study with key 

findings. 
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2. Methodology feasible solution ̃y can be expressed as follows: 
 * * * 

This section introduces the methodology of the proposed DPC ỹ = A x + B y + b (3) 

framework, including the structure and the approaches for handling 

equality and inequality constraints. Fig. 1 depicts those approaches in 

general. The proposed barrier function is a refined approach for man-

aging inequality constraints within the loss function. Additionally, a 

projection layer, derived from KKT conditions, is integrated into the DPC 

framework to ensure compliance with equality constraints, as adopted 

from [35]. 

 

2.1. DPC structure 

 
A fully connected neural network serves as the foundation of the DPC 

framework. The architecture follows a feed-forward structure, where the 

forward computation is expressed as: 

Where A*, B* and b* are the correcting matrixes, and can be 

expressed as: 

A* = − BT
(
BBT

)−1
A (3) 

B* = I − BT
(
BBT

)−1 
B (4) 

b* = BT
(
BBT

)−1 
b (5) 

The two non-trainable layers are added separately to guide the 

neural network outputs toward y. One layer is a linear transformer that 

processes the input x using fixed weights A* and a fixed bias term b*, 

while the other layer transforms the original output y using the fixed 
* 

z (l) = σ
(
W (l−1) z (l−1) + b(l−1) 

) 
(1) 

weights B . The projected output y is then obtained by adding the out-

puts from these two distinct layers together. For a detailed theorem and 

In this framework, z (l) represents the output of layer l. In that context, 

z (0) denotes the model input, while z (L) corresponds to the output of the 

final layer L. At each layer l, the associated outputs z (l) are computed 

based on the activations from the previous layer z(l−1), which are 

transformed through the weight matrix W (l−1), bias term b(l−1), and an 

activation function σ. 

In DPC, the neural network operates within an unsupervised learning 

framework, meaning there is no explicit target data to compare with the 

final output of the network. Instead, the DPC network’s goal is to 

generate optimized control sequences through the iterative training 

process. This process is driven by a loss function, which is carefully 

designed to incorporate both the objectives and constraints specific to 

the problem at hand. The network is trained to minimize this loss 

function, which balances the various competing factors involved in the 

control task. The training process for the DPC network can be formu-

lated as follows: 

θ* = argmin L (θ) (2) 

where θ* represents the optimized control actions, and L (θ) represents 

the loss function. 

 
2.2. Safety assurance for hard equality constraint 

 

Building on the work from [35], we introduced an orthogonal pro-

jection layer based on KKT conditions to map the final output to its 

closest feasible region. Fig. 2 illustrates the overall neural network 

structure incorporated with the projection layers. Specifically, two fully 

connected layers are integrated into the neural network as a correction 

mechanism, ensuring that the predictions are adjusted to the nearest 

feasible point. These correction layers are non-trainable, with fixed 

weights and biases determined from the KKT conditions, that are 

determined by the equations as following. 

In the case of a hard linear equality constraint as Ax + By = b, where 
x represents the input and y is the original output variable, the nearest 

proofs, we refer the readers to [35]. 

 

2.3. Safety assurance for hard inequality constraints 

 
Unlike the safety assurance for equality constraints, which is ach-

ieved through the enhanced network structure, inequality constraints 

are ensured through an innovative model training process. As mentioned 

earlier, the control law in DPC is learned by updating the model pa-

rameters during training, based on a loss function derived from the 

control objectives and constraints. In this context, we employ a modified 

barrier function approach to replace the traditional linear penalty 

method for handling inequality constraints. This approach guarantees 

the strict satisfaction of these hard constraints, ensuring that the model 

respects the inequality conditions throughout the training process. 

The traditional barrier function method transforms a constrained 

optimization problem into an unconstrained one by incorporating the 

inequality constraints into the objective function. This is achieved by 

introducing a penalty term that replaces the inequality constraints. 

Specifically, the penalty term is designed to penalize any violation of the 

constraints stricter, effectively guiding the optimization process to avoid 

infeasible solutions. The traditional logarithmic barrier functions are 

explained in Eqs. (6)–(8). Consider the following constrained optimi-

zation problem: 

minf(x) (6) 
x 

 

s.t.g(x) ≤ 0 (7) 

Using log barrier function, the previous constrained optimization 

problem can be reformulated as: 

minf(x) − μlog( − g(x) ) (8) 
x 

 

where μ is the barrier parameter, which is a positive scalar that controls 

the influence of barrier term. The reformulated unconstrained optimi-

zation problem is equivalent to the constrained problem as Eq. (6) and 

 

 
 

Fig. 1. Novel measures for handling inequality and equality constraints in the proposed DPC approach. 
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Fig. 2. Neural network structure (green blocks are trainable layers; blue blocks are the two non-trainable projection layers). (For interpretation of the references to 

colour in this figure legend, the reader is referred to the web version of this article.) 
 

(7). The log function penalizes any violation of the constraints, and as μ 

increases, the solution approaches feasibility with respect to the 

inequality constraints while ensuring that the inequality constraints are 

satisfied as the optimization progresses. The reformulated equation will 

exhibit low values within the feasible region, while the values increase 

toward infinity as the solution approaches the boundaries of the feasible 

region. As a result, during the training process, the optimization will 

push the solution toward the interior of the feasible region, where the 

penalty values are minimized. 

However, the traditional barrier function is not suitable for our case 

 

minf(x) (9) 
x 

 

s.t.a ≤ g(x) ≤ b, a, b ∈ ∀ (10) 

Using the proposed barrier functions, the problem can be reformu-

lated as: 

minf(x) + B (x) (11) 
x 

⎧
⎨ −μlog(1 − (g(x) − b ) ), g(x) > b 

study, where optimal solutions are not lying at the interior of the feasible 

region. In our case, one of the objectives is to minimize electricity bills, 
B (x) = 0, a ≤ g(x) ≤ b 

⎩ 
−μlog(1 − (a − g(x) ), g(x) < a 

(12) 

which could require EVs to discharge as much as possible during peak 

times. One of the inequality constraints in our study is the EV battery’s 

charging and discharging power limitations. Because we want the bat-

tery to actively charge or discharge rather than remain idle at a neutral 

state (zero), the traditional barrier function is unsuitable as it would 

drive the optimized solution toward the midpoint of the feasible region. 

To address this, we developed a novel version of the barrier function. 

In this approach, the loss values remain zero as long as the solution stays 

within the boundaries of the feasible region. Once the output exceeds the 

boundaries, the penalty increases sharply toward infinity. The proposed 

barrier functions are depicted in Eqs. (9)–(12). This modified barrier 

function ensures that the optimization process pushes the solution to-

ward the desired extremes of the feasible region, as required by the 

problem. Consider an optimization problem formulated as follows: 

Where B (x) represents the barrier function term for the inequality 

constraints. Fig. 3 illustrates behavior of the barrier terms for the EV 

power inequality constraints, with different barrier parameters μ 
selected. The modified barrier function ensures that the outputs within 

the boundaries of the feasible region receive the same penalty. None-

theless, if the output goes beyond the boundaries, the steep curve results 

in a significant increase in the penalty, which drives the solution back 

toward the feasible region, ensuring that the inequality constraints are 

satisfied. It can be observed that as μ increases, the curve becomes 

steeper, meaning the penalty’s influence on the network outputs grows 

stronger, providing a more robust safety assurance. This modified bar-

rier function approach was applied to all inequality constraints in the 

model. 

 

 
 

Fig. 3. Modified barrier function behaviors with different barrier parameters. 
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3. Case study 

 

This section introduces the case study for optimizing EV charging 

and discharging schedules. Fig. 4 depicts the technical roadmap of the 

case study. Description of the dataset, data preprocessing, problem 

formulation, and different DPC models are explained in detail as follows. 

 

3.1. Dataset description 

 

The smart meter dataset is provided by a major utility company 

serving the metropolitan area of a large city in the southwestern United 

States. The dataset includes hourly smart meter data for individual 

households from 2013 to 2019. For this study, we specifically selected 

84 users who enrolled in rate plan 29, a time-of-use (TOU) plan designed 

for EV users. This plan includes on-peak, off-peak, and super off-peak 

pricing, with the details presented in Fig. 5. 

We focused on households that exclusively adopted EVs, excluding 

those with additional distributed energy resources (DERs). For these EV-

only customers, we also had access to another dataset containing their 

EV adoption dates. This information was used to separate the raw smart 

meter data into two parts: before and after EV adoption. By comparing 

these two segments, the charging power for each household can be 

empirically determined. 

This study focused solely on weekday scenarios, as customers are 

more likely to commute between home and workplace during these 

days. Instead of using a calendar day, a daily scenario was defined from 

12 PM to 12 PM the following day (with EV charging typically occurring 

at night, before occupants leave for work). This time window alignment 

provides a more realistic representation of how EVs are typically used in 

residential settings, where vehicles are often away during working hours 

and available for charging overnight. The dataset consisted of 22 

weekdays from August 2018, with the first 21 days used for training and 

the final day reserved for testing. It is important to note that the testing 

data includes 2016 hourly data points (84 households × 24 h), resulting 

in a total control sequence size of 2016. 

 

3.2. Data preprocessing 

 

The data preprocessing process involves two major steps. The first 

step is occupancy detection, which helps to better understand the EV 

users’ occupancy schedules. However, the smart meter data only 

contained hourly smart meter readings without detailed miscellaneous 

loads, creating a challenge for directly correlating occupancy presence. 

To address this, we adopted a non-intrusive occupancy monitoring 

(NIOM) approach, which uses three different metrics to infer occupancy 

through a threshold-based statistical method [41]. These metrics include 

average power, standard deviation, and power range, as occupied homes 

typically exhibit higher energy usage and greater variability in power 

consumption compared to unoccupied ones. Moreover, occupancy is 

associated with a broader range of power consumption. The NIOM al-

gorithm ran dynamically for each daily scenario and was exclusively 

used for detecting daytime occupancy (7 AM to 11 PM). For nighttime 

occupancy (12 AM to 6 AM), we inferred occupancy from the preceding 

evening, assuming that normal nighttime loads remain unaffected by 

occupancy presence. This served as a rough estimate of energy usage 

during unoccupied times, with thresholds also derived from this 

assumption. This approach worked well for typical workday scenarios, 

given the high likelihood that individuals stay at home during nighttime 

hours unless they are out of town or working night shifts. A key benefit 

of this method is that it does not require ground truth home occupancy 

data for model training, thereby reducing the need for data collection 

and addressing potential privacy concerns. 

The second step involves estimating the baseline building load and 

the arrival State of Charge (SOC), both of which are crucial input fea-

tures for the DPC network. Since the raw dataset only contained smart 

meter readings, we combined the baseline building load and original EV 

charging power by developing a Long Short-Term Memory (LSTM) 

model to separate EV charging loads from the building’s energy usage. 

We generated labeled data by adding random EV charging profiles to 

pre-adoption smart meter data for model training and verification. After 

training, the model was applied to post-adoption data to decompose the 

charging loads. This model also estimated the total daily charging load, 

which allowed us to backtrack and calculate the arrival SOC, under the 

assumption that the EV leaves home at the maximum SOC as defined. 

 
3.3. Problem formulation 

 

For this case study, we formulated a multi-objective optimization 

problem aimed at optimizing the scheduling of EV charging and dis-

charging behaviors. The objectives are to minimize the users’ overall 

electricity bills, reduce CO2 emissions, and flatten the aggregated load 

profiles of the total I households as much as possible. The objective 

 

 
 

Fig. 4. Technical roadmap for optimal EV charging/discharging scheduling. 
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function can be expressed as: 

Fig. 5. Time-of-use (TOU) price plan. 
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−1/η 0 0 … 0  
⎤ 

min 
∑I ∑T

ω Li 
(
Pi 

)
λ + ω E 

[
Li 

(
Pi 

) 
− Li 

] 
+ ω Var

(
Li

) 
(13) −1/η  −1/η 0 … 0 ⎢ ⎥ 

i i t  
b t  t  t 

t 

c t  t  t t,m p 
N d =  −1/η  −1/η −1/η … 0 (22) 

where Pi is the EV charging and discharging power for household i at 

time t, which is the control variable. The positive values of Pi represent 

⋮ ⋮ ⋮ ⋱ ⋮ 

−1/η  −1/η −1/η … −1/η 

 

 

24×24 

i 

charging power and negative values represent discharging power. Li 
(
Pi 

) Eq. (14) represents the calculation of load variable, where L t,β is the 

represents the load variable of household i at time t, which is a function 

of the optimal variable. λi is the electricity price for household i at time t, 

which is adopted from the rate plan that the user is enrolled in. Et is the 
marginal CO2 emission factor at time t, which are summarized in 

t 

by adding Pi . The first inequality constraint is governed as Eq. (15), 

ensuring that Li should be greater than or equal to 0. Eq. (16) represents 

another inequality constraint for EV charging and discharging power Pi , 

i i where Pmin is −7.4 kW and Pmax is 7.4 kW. The sequence of SOC S i is 
Table 1. Lt,m is the measured smart meter reading. L represents the 24-h 

load pattern for household i. The first term of Eq. (13) represents the 

utility bill, calculated as the product of the electricity price and energy 

usage. The second term accounts for the reduction of CO2 emissions, 

which is quantified using the marginal emission factors and the load 

differences. The final term represents the variance of the aggregated 

load profiles, which is minimized to flatten the load pattern. ωb, ωc and 

ωp are the weights arranged for each of the objectives, respectively. 

The constraints of the optimization problem are as follows: 

calculated via a state-space model with arrival SOC S i , as expressed in 

Eq. (17), (20), (21), and (22), where η is the battery charging and 

discharging efficiency, which is set as 0.9 in this study. S c is the nom-

inal battery capacity, which is assumed as 60 kWh. Eq. (18) is the third 

inequality constraint for EV battery SOC S i. To ensure the longevity of 

battery, the SOC lower bound S min is 0.2 and upper bound S max is set as 

0.9. The formulation integrated real-world characteristics of EV opera- 

tion, which include EV charging power limits based on empirical anal-

ysis of measured smart meter data, battery SOC constraints reflecting 
Li 

(
Pi 

) 
= Li + Pi O i (14) battery health considerations, and a departure SOC requirement to 

t  t t,β t  t 

Li 
(
Pi 

) 
≥ 0 (15) 

ensure next-day travel needs. Additionally, the asymmetric battery 

charging and discharging efficiency accounts for the typical Li-ion effi- 
t  t 

ciency. These features collectively emulate realistic EV charging be- 

Pmin ≤ Pi ≤ Pmax (16) 

S i = M × S i + N c × ReLU
(
Pi

)/
S c + N d × ReLU

( 
− Pi

)/
S c (17) 

 

S min ≤ S i ≤ S max (18) 

S i = S max (19) 

haviors within residential settings. Eq. (19) is the hard equality 

constraint, where we defined the customer leaves home with maximum 

level of SOC, which is 0.9. It is worth noting that, to simplify the 

constraint modeling, we assumed that the EV departs at the maximum 

SOC (0.9) defined. This assumption serves as a consistent boundary 

condition across all scenarios, ensuring the feasibility of comparisons 

across models and protecting user driving availability. While this may 

not reflect the full diversity of real-world user behavior where departure 

M = [1 1 … 1]T 

η  0  0  …  0 

η  η  0  … 0 

N c =  η  η  η  … 0 

⋮ ⋮ ⋮ ⋱ ⋮ 

η  η  η  …  η 

 
 
 
 
 
 
 
 
 
 

 

24×24 

(20) 

 
 

 

(21) 

SOC varies with daily travel needs, the proposed framework can readily 

incorporate user-specific SOC targets when such data is available, such 

as from mobility surveys or vehicle telemetry. Additionally, the depar-

ture SOC could be determined through machine learning algorithms to 

analyze historical travel patterns and then predict the travel needs, 

though it was out of the scope of current work. Future work will explore 

relaxing this assumption and modeling SOC targets as stochastic or 

scenario-based variables. 

 

 

 

 

 

Table 1 

Marginal CO2 emission factors. 

Hours 1 am 2 am 3 am 4 am 5 am 6 am 7 am 8 am 

Et (kg/kWh) 0.865 0.845 0.81 0.765 0.73 0.70 0.675 0.66 

Hours 9 am 10 am 11 am 12 pm 1 pm 2 pm 3 pm 4 pm 

Et (kg/kWh) 0.66 0.68 0.70 0.715 0.72 0.715 0.71 0.705 

Hours 5 pm 6 pm 7 pm 8 pm 9 pm 10 pm 11 pm 12 am 

Et (kg/kWh) 0.69 0.685 0.69 0.71 0.74 0.795 0.87 0.87 

P 

⎦ 
⎥ 

⎣ 
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3.4. DPC framework minΦ (x) = f(x) + 
υ∑E 

c (x)2 + 
∑E 

φc (x) (25) 
k 

In this study, we compared the proposed DPC framework with three 
2 ℯ ℯ ℯ ℯ 

alternative methods for handling equality and inequality constraints. 

The three approaches are: the conventional penalty method, the 

augmented Lagrangian method, and the KKT method. The conventional 

penalty method serves as the baseline scenario. Both the augmented 

Lagrangian method and the KKT method are applied solely to handle 

equality constraints, with inequality constraints still addressed using the 

conventional penalty method. Our proposed “Barrier + KKT” method is 

an enhancement of the KKT method, where the modified barrier func-

tion is used to handle inequality constraints, while the KKT network 

structure ensures the satisfaction of equality constraints. A summary of 

these methods is provided in Table 2. 

The input features were consistent across all four DPC frameworks 

and included time-related features (time sine and time cosine), baseline 

building load, occupancy schedule, rate plan, and arrival EV SOC. 

Normalization was applied to both the baseline building load and the 

price plan. To facilitate EV discharging from the model outputs, the 

baseline building load was normalized to the range [−1,0], while the 

price plan was normalized to [−1,1]. The neural network used a batch 

size of 100. 

 

3.4.1. DPC model 1 

The primary distinction between the four DPC frameworks lies in the 

loss function. For DPC model 1, which employs the conventional penalty 

method for both equality and inequality constraints, the corresponding 

loss function is as follows: 

ℓ1 = ωb ℓb + ωc ℓc + ωv ℓv + ωl ℓl + ωp ℓp + ωs ℓs + ωsf ℓsf (23) 

Where ℓb, ℓc and ℓv are the objectives of the problem, which are for 

minimizing bills, CO2 and load flattening, respectively. ℓl represents the 

term for load constraint, which is derived from Eq. (15). ℓp is the term 

for EV charging and discharging power constraint, which can be referred 

to Eq. (16). ℓs is the loss from SOC bounds, which can be referred to Eqs. 

(17) and (18). ℓsf is the loss term for EV final SOC, which is the equality 

constraint and can be derived from Eqs. (17) and (19). ωb, ωc, ωv, ωl, ωp, 

ωs and ωsf are the weights assigned for each of the loss terms. 

 

3.4.2. DPC model 2 

As for model 2, the only difference from Model 1 is the treatment of 

equality constraint. The augmented Lagrangian (AL) method replaces 

the term ℓsf . The AL method is a variation of Lagrangian multiplier 

approach, yet it introduces an additional high-order term to improve 

convergence. For an optimization problem like Eq. (6), given the 

equality constraint as: 

s.t.cℯ(x) = 0, ∀i ∈ ℇ (24) 

Where E denotes the indices for equality constraints. The uncon-

strained problem formulated by AL is then: 

Where the υ is the AL multiplier for the 2nd order term, and φ is the 

AL multiplier for the first-order term. Then, for DPC Model 2, the loss 

function can be expressed as: 

ℓ2 = ωb ℓb + ωc ℓc + ωv ℓv + ωl ℓl + ωp ℓp + ωs ℓs + ALsf (26) 

With the multipliers in place, the weight for the equality constraint 

(final SOC) is no longer necessary. It is important to note that the mul-

tipliers are gradually increased through iterations to ensure the satis-

faction of the equality constraint during the optimization process. Initial 

multipliers are 100 and 10 for μk and λe, respectively. 

 

3.4.3. DPC model 3 

For DPC Model 3, since the KKT-projected layers are incorporated 

into the network, the equality constraint is inherently handled by the 

network structure and can therefore be excluded from the loss function, 

where the inequality constraints in DPC Model 3 are still handled using 

the conventional penalty method: 

ℓ3 = ωb ℓb + ωc ℓc + ωv ℓv + ωl ℓl + ωp ℓp + ωs ℓs (27) 

 

3.4.4. DPC model 4 

For DPC Model 4, the equality constraint is still assured by the KKT 

layer, while the proposed barrier functions are applied to handle the 

inequality constraints. This integrated approach addresses the limita-

tions of the previous models by providing strong guarantees for both 

types of constraints. The KKT projection ensures exact satisfaction of the 

equality constraint, while the barrier functions create powerful gradient 

signals that guide the optimization away from constraint violations 

without biasing it toward the interior of the feasible region. By using a 

shared barrier parameter for all inequality constraints, Model 4 also 

simplifies the tuning process compared to setting individual penalty 

weights for each constraint in the conventional approach. The loss 

function for DPC Model 4 can be denoted as: 

ℓ4 = ωbℓb + ωcℓc + ωvℓv + 
(
B l + B p + B s 

) 
(28) 

In this study, the barrier parameter μ is set to be 50. This barrier 

parameter was selected based on the following criteria: 1) Constraint 

Enforcement: μ must be sufficiently large to provide steep gradients near 

constraint boundaries, ensuring violations trigger strong corrective 

signals; 2) Numerical Stability: Excessively large μ values can cause 

numerical instability and slow convergence due to extremely steep 

gradients; 3) Objective Balance: μ should not dominate the objective 

terms, maintaining meaningful optimization toward the primary goals; 

and 4) Fair comparison: μ should be the same across the different DPC 

models to ensure fair comparison. Through empirical testing, we found 

that 50 achieved the optimal trade-off between constraint satisfaction 

and objective performance. Setting the same value for the constraint 

weights assigned for the other DPC models achieved the balance as well. 

A value below 50 resulted in increased constraint violations, while a 
 

 

Table 2 

Detailed settings for different DPC frameworks. 

DPC frameworks 1 2 3 4 

Constraints Equality Conventional AL KKT KKT 

Inequality Conventional Conventional Conventional Barrier 

Hidden layers 3 3 3 3 

Hidden size 64 64 64 64 

Network structure Output layers 1 1 2 2 

Activation Leaky-ReLU Leaky-ReLU Leaky-ReLU Leaky-ReLU 

Optimizer AdamW AdamW AdamW AdamW 

Model training 
Learning rate 

1e-3 1e-3 1e-3 1e-3 

Max epochs 5000 5000 5000 5000 

Batch size 100 100 100 100 

Early stop Yes Yes Yes Yes 
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value above 50 showed dominating effects over the objective 

performance. 

The four approaches are applied to the same problem described 

previously. It is to be noted that, for fair comparison, all the weights 

across different models are kept the same. This uniformity in weight 

allocation ensures that the differences in performance are solely 

attributable to the distinct methodologies used to handle the equality 

and inequality constraints, rather than discrepancies in the model 

configuration or training conditions. Table 3 summarizes the weights 

assigned to each loss term of each DPC model. The weight parameters in 

Table 3 were determined through a systematic tuning process aimed at 

achieving balanced multi-objective performance across all models. The 

objective weights were selected based on preliminary sensitivity anal-

ysis to ensure comparable importance of bill reduction, CO2 reduction, 

and load flattening objectives. The constraint penalty weights for 

Models 1–3 were chosen to provide sufficient penalty strength while 

avoiding numerical instability. For fair comparison, identical weights 

were maintained across all models where applicable. Notably, our pro-

posed Barrier+KKT method (Model 4) significantly reduces tuning 

complexity by consolidating all inequality constraint handling into a 

single barrier parameter, while eliminating the need for equality 

constraint weights through the KKT projection layer. 

 

4. Results 

 

This section presents a comprehensive analysis of the optimization 

results across the four DPC models, comparing their performance in 

terms of objective achievement and constraint satisfaction. We evaluate 

the models based on their ability to reduce the electricity bill, decrease 

CO2 emission, flatten the load profiles, and minimize the happened 

times and magnitudes of control violations. Through detailed case 

studies of individual households and aggregate analyses across all 84 

households, we demonstrate the effectiveness of our proposed approach 

in enhancing both constraint satisfaction and optimization performance. 

 

4.1. Optimization performance for individual households 

 
To provide insight into the behavior of the different DPC models, we 

first examine the optimization results for two representative households. 

Fig. 6 and Fig. 7 illustrate the optimization results for one user across all 

four DPC models, where Fig. 7 serves for a zoomed-in view highlighting 

constraint violations to aid interpretation of Fig. 6. Fig. 6 provides a 

visual comparison of how the load is shifted through EV charging and 

discharging power and how the EV SOC is changed with time under the 

different DPC models. The top row of the figure shows the load profiles, 

the middle row displays the EV charging and discharging power, and the 

bottom row shows the battery SOC trajectories for each DPC model. 

When comparing the conventional penalty method and the augmented 

Lagrangian method to the models incorporating the KKT layer, the re-

sults reveal that more discharging occurred during on-peak hours in the 

latter models. Also, the SOC trajectories in the bottom row of Fig. 6 show 

how the battery charge level evolves throughout the day. All models 

maintain the SOC within the specified limits, but with varying degrees of 

compliance. Although the total discharging power appears similar, 

Models 3 and 4 exhibit less time for EV to discharge compared to Models 

1 and 2. The EV was suddenly discharged from 19:00 for Models 3 and 4, 

 
Table 3 

Weights of each term in different DPC models. 
 

Models  Objectives     Constraints  

 ωb ωc ωv 
 ωl ωp ωs ωsf μ  

Model 1 10 1 5  50 50 50 50 –  

Model 2 10 1 5  50 50 50 – –  

Model 3 10 1 5  50 50 50 – –  

Model 4 10 1 5  – – – – 50  

instead of discharging continuously during peak hours, as shown for 

Models 1 and 2. The reason for this scenario is essentially evident in 

Fig. 7, where it indicates that Models 1 and 2 exhibit significant viola-

tions of the load non-negativity constraint, particularly during the peak 

hours when aggressive discharging is implemented to reduce costs. 

Models 3 and 4 avoid those violations, which can be directly attributed 

to the KKT projection layer used for those frameworks. This suggests that 

the conventional penalty method and augmented Lagrangian approach 

do not provide sufficient protection against constraint violations when 

the optimization objectives strongly favor actions that push against 

those constraints. Also, as seen in the middle row of Fig. 6, Models 1 and 

2 resulted in greater discharging power during peak times. In contrast, 

with the KKT layer applied in Models 3 and 4, discharging is not only 

concentrated during peak times but also extends to off-peak hours, 

contributing to a larger reduction in CO2 emissions. This shift in 

behavior can be attributed to the reduction in constraint loss terms for 

Models 3 and 4, which, in turn, increases the weight of the objective loss 

terms and balances the objectives more justified. This adjustment allows 

for more flexibility in meeting the objectives, particularly in terms of 

reducing CO₂ emissions while maintaining the overall system’s opera- 

tional constraints. 

The results for a second user, as shown in Fig. 8 and Fig. 9, also follow 

similar trends but highlight additional aspects of the models’ perfor-

mance. In this case, Fig. 8 shows the similar discharging behavior as the 

previous user, whereas expanding the majority of discharging periods 

from peak hours to off-peak hours. Fig. 9 provides a clear view of Fig. 8 

where the violations happened, highlighting the superior constraint 

handling of Model 4 compared to the other approaches. While all models 

avoid violations of the EV power limits, Models 1, 2, and 3 all exhibit 

violations of either the load non-negativity constraint or the SOC bounds 

at various points. From the top row of Fig. 9, it can be observed that 

Models 1 and 2 violated the load non-negativity. The SOC trajectories for 

the second household (bottom row of Fig. 9) reveal an important 

distinction between Models 3 and 4. In Model 3, which uses the KKT 

layer for equality constraints but conventional penalties for inequality 

constraints, the SOC temporarily violates the upper limit during the 

charging period. This violation is visible in Fig. 9, which shows the 

constraint violations for this household. In contrast, Model 4, which 

combines the KKT layer with barrier functions, maintains the SOC 

within the specified bounds throughout the entire period, demonstrating 

the effectiveness of the barrier function approach in enforcing inequality 

constraints. Model 4, with its integrated approach to constraint 

enforcement, shows minimal violations across all constraints, confirm-

ing its effectiveness in maintaining feasibility while pursuing the opti-

mization objectives. By providing stronger guarantees of constraint 

satisfaction, Model 4 allows the optimization to explore more aggressive 

strategies for meeting the objectives without risking significant 

constraint violations. 

Recent studies on EV charging optimization have shown similar 

benefits from improved constraint handling mechanisms. For instance, 

one research demonstrated that robust constraint enforcement is crucial 

for ensuring the reliability of EV charging controls in the presence of 

uncertain user behavior [42]. Similarly, another study highlighted the 

importance of strict constraint satisfaction for maintaining grid stability 

when integrating large numbers of EVs into distribution networks, as 

well as the potential to ease the grid’s stress by shifting home-charging 

demand [43]. Our findings align with these studies and extend them by 

showing that the combination of KKT projection and barrier functions 

provides a particularly effective approach to constraint management in 

the DPC framework. 

 
4.2. Aggregated performance analysis 

 

While the individual case studies provide valuable insights into the 

behavior of the different models, it is also important to analyze their 

aggregate performance for the sake of load flattening objective. Fig. 10 



Y. Li et al. Applied Energy 402 (2026) 127032 

10 

 

 

 

 
 

Fig. 6. Optimization results (Example user 1). 

 

 

Fig. 7. Constraints violations (Example user 1). 

 

illustrates the aggregated load profile after optimization, highlighting 

the load flattening objective. The figure compares the original unopti-

mized load profile (blue) with the optimized profiles generated by each 

of the four DPC models. It is evident that all four DPC models effectively 

reduced the peak load, thereby flattening the load pattern. The original 

load profile shows a significant peak during the evening hours (5 PM to 

9 PM), when residential electricity consumption typically reaches its 

maximum due to the combination of regular household activities and EV 

charging. After optimization, this peak is substantially reduced across all 

models, with the load more evenly distributed throughout the day. 

Among the models, Model 4 achieved the most significant peak load 

reduction, with a smoother overall profile compared to the other ap- 

proaches. This improved load flattening can be attributed to the model’s 

ability to better coordinate EV charging and discharging across all 

households, ensuring that the aggregate load remains more balanced 

throughout the day. The strategic scheduling of EV charging and dis-

charging behaviors not only reduces costs for individual households but 

also contributes to overall grid stability by reducing peak demand. The 

load flattening achieved by our approach has significant implications for 

grid operations and infrastructure planning. As demonstrated in [44], 

EV charging coordination can help mitigate the “critical behavior” that 

emerges when large numbers of EVs charge simultaneously, causing 

sharp load peaks that stress grid infrastructure. By flattening these 

peaks, our approach can help reduce the need for grid reinforcements 

and enable higher EV penetration without requiring costly infrastruc-

ture upgrades. 

Fig. 11 presents a comprehensive analysis of constraint violations 

across all 84 households for each model. The boxplots show the distri-

bution of violation magnitudes for three key inequality constraints. 

From the boxplots, it is clear that the DPC models employing 
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Fig. 8. Optimization results (Example user 2). 

 

 

Fig. 9. Constraints violations (Example user 2). 

 

conventional and Lagrangian methods experienced more violations, 

particularly concerning the inequality constraints for load non-

negativity and SOC variables. For the EV power constraint, all models 

perform well, with no violations observed. This can be attributed to the 

clear physical limits of EV charging and discharging capabilities, which 

are easy to enforce even with penalty methods. The load non-negativity 

constraint shows that Models 1 and 2 are exhibiting frequent violations, 

while Models 3 and 4 maintain better compliance. However, for the SOC 

constraint, Models 1 and 2 show significant violations. Model 3 shows 

fewer violations but with occasionally larger magnitudes, while Model 4 

demonstrates excellent performance with minimal violations that are 

small in magnitude. Overall, the proposed approach (Model 4) resulted 

in fewer violations, demonstrating superior performance across all 

constraint categories. 

Table 4 provides a quantitative summary of the optimization 

performance and constraint violation metrics across all four DPC 

models. Other than the objective metrics, it also presents detailed sta-

tistics on constraint violations, including the number of violation in-

stances and the average magnitude of violations for each constraint type. 

The results in Table 4 show a clear trend of improved performance 

across all metrics for Models 3 and 4 compared to Models 1 and 2. In 

terms of all objective metrics, Model 4 achieved the best outcome by 

highest bill savings, highest CO2 reductions and highest peak load de-

creases. The constraint violation statistics provide further evidence of 

the superior performance of our proposed approach. For the EV power 

constraint, all models perform well, with no violations found. However, 

for the other constraint metrics, the differences between models are 

substantial. Like the SOC constraint, even though Model 3 shows a sig-

nificant improvement with only 29 violation instances, but with a higher 

average magnitude. This suggests that while the KKT layer reduced the 
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Fig. 10. Aggregated load profiles. 

 

 

Fig. 11. Boxplot for inequality constraints violations. 

 

 

Table 4 

Overall results for all DPC models. 

DPC models 1 2 3 4 

effort to account for equality constraint, the conventional penalty 

method used for inequality constraints sometimes allowed larger vio-

lations when they occurred. Model 4, with its combined approach, 

achieves the best performance in both number of violations and average 

these quantitative results demonstrate that the proposed approach 

(Model 4) not only reduces constraint violations but also improves 

optimization performance across all objectives. By providing stronger 

guarantees of constraint satisfaction, Model 4 allows the optimization to 

explore more aggressive strategies for minimizing costs, reducing 

emissions, and flattening loads, leading to better overall performance 

compared to the other approaches. 

Objectives Bill reductions (%) 16.32 16.63 18.58 19.17 magnitude. Additionally, for the final SOC, which represents the 

 CO2 reductions (kg) 556.24 554.50 621.15 625.67 equality constraint, is effectively handled by the KKT layer. In summary, 
 Peak load reduction (%) 17.75 17.59 22.62 22.94  

 Violations EV Times 0 0 0 0 

 power Avg violation 0 0 0 0 

  (kW)     

 SOC Times 468 410 29 6 

  Avg violation 1.3 1.7 4.0 0.6 

  (%)     

 Load Times 26 26 0 0 

  Avg violation 0.87 0.75 0 0 

  (kWh)     

 Final Avg violation 2.0 1.4 0.8 0.7 

 SOC (%)     
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4.3. Computational efficiency 

 
Beyond the optimization performance and constraint satisfaction 

metrics, we also analyzed the computational efficiency of the four DPC 

models. During the training process, we applied an early stop strategy to 

prevent the model from overfitting. Table 5 presents the epochs needed 

to convergence and total training time for each model. The results show 

that Models 3 and 4, which incorporate the KKT projection layer, require 

significantly fewer epochs to converge compared to Models 1 and 2. 

While the computational cost per epoch is higher for Models 3 and 4 due 

to the additional projection operations and loss terms, the substantial 

reduction in the number of epochs required for convergence results in 

shorter overall training time. This improvement can be attributed to 

several factors. First, the KKT projection layer provides a direct mech-

anism for satisfying equality constraint, eliminating the need for the 

network to learn through iterative penalty adjustments. This allows the 

optimization to focus primarily on minimizing the objectives, leading to 

faster convergence. Second, the barrier function approach for inequality 

constraints provides steeper gradients when approaching constraint 

boundaries, guiding the optimization more effectively toward feasible 

solutions compared to conventional penalty methods. 

The computational efficiency gains from our proposed approach 

could be even more significant as the problem scale increases. For larger 

systems with more households, longer prediction horizons, or more 

complex constraints, the reduction in training epochs can translate to 

substantial time savings, making the proposed approach more practical 

for real-world applications. Additionally, the faster convergence sug-

gests that these approaches are more robust to initialization and 

hyperparameter settings, requiring less tuning effort to achieve optimal 

performance. 

 

4.4. Sensitivity analysis 

 

4.4.1. Weekend scenarios 

To assess the generalizability of the proposed DPC framework under 

different user behavior patterns, we conducted an additional simulation 

using weekend data. This sensitivity study aims to evaluate whether the 

performance advantages of the proposed DPC formulation (Model 4) 

hold under conditions that differ significantly from weekday scenarios, 

specifically in terms of occupancy patterns, charging availability, and 

energy demand variability. In this simulation, we used the same 84 

households’ smart meter data on weekends over the month, which 

included 8 days of meter readings. We used the first 7 days of weekends 

as training data and last weekend day as the testing set. The occupancy 

detection and baseline load estimation steps were repeated using the 

same preprocessing techniques described in Section 3.2. Weekend sce-

narios typically involve more varied home occupancy, both extremely 

longer and shorter home presence time windows. Fig. 12 compares the 

aggregated load profiles across the four models, similar to the weekday 

analysis. Again, all models demonstrate some peak load flattening, but 

Model 4 produces the most balanced profile. Fig. 13 presents the box-

plots of constraint violations across all households. The results indicate 

that Models 1 and 2 still suffer from notable violations, particularly for 

load non-negativity and SOC constraints. The proposed Model 4 main-

tains strong constraint enforcement. 

Table 6 summarizes the performance metrics on the weekend test 

case. With the most intensive load shifting that happened during peak 

time for Model 1 results, it achieved the greatest bill reduction. How-

ever, this simulation results suffered from notable constraints violations. 

 
Table 5 

 

Computational efficiency comparison.  

Model 1 2 3 4 

Epochs to convergence 1539 1837 525 541 

Total training time (min) 17.7 19.0 11.3 11.0 

Model 4 achieved the best CO2 and peak load reductions, with the best 

constraint satisfaction without additional judgements. These results 

further confirmed the robustness of the proposed DPC framework under 

a different scenario. 

 

4.4.2. Training data size 

To evaluate the impact of training data volume on the performance 

and robustness of the proposed DPC framework, we conducted a sensi-

tivity analysis using two additional training durations for weekday 

scenarios, which are 7 days and 14 days. For each case, the model was 

trained from scratch using the specified number of weekday scenarios, 

while keeping the framework architecture and hyperparameters 

consistent. All models were evaluated on the same held-out test day. 

Table 7 detailed the overall performance of Model 4 across the three 

training sizes. As expected, models trained on fewer days show 

marginally reduced objective performance and slightly more constraint 

violations. Despite the different sizes of training dataset, the equality 

constraint showed similar impact as the average violation for final SOC 

remained consistent. This sensitivity results highlighted the importance 

of sufficient training data for achieving high-quality and reliable 

scheduling outcomes. While the structural constraint-handling design of 

Model 4 improves robustness, it does not eliminate the dependency on 

diverse and representative training examples. Using at least 2–3 weeks 

of training data can ensure stable generalization and safety-compliant 

performance. 

 

5. Limitations and future work 

 

Our study makes several simplifying assumptions that warrant 

consideration for practical deployment as the current limitations. 

Firstly, the assumption of maximum SOC departure represents a con-

servative upper bound that may not reflect diverse user travel patterns. 

In addition, the occupancy and arrival time analysis were based on 

deterministic analysis of smart meter data, neglecting the stochastic 

nature of real user behavior. 

Future work can expand for real implementation. To obtain the user-

specific parameters, such as departure SOC, it would require extensive 

user input, travel pattern learning, or trip planning integration. While 

our study demonstrates superior constraint handling under determin-

istic conditions, real-world EV usage involves significant uncertainties 

including unexpected trips, variable driving patterns, and schedule 

changes. Comprehensive robustness analysis under such stochastic 

conditions represents an important area for future investigation that 

would require dedicated uncertainty modeling, adaptive optimization 

mechanisms, and validation with real user data. Also, the proposed 

framework offers a promising architecture for other constrained opti-

mization problems, particularly those involving multi-objective trade-

offs and strict feasibility requirements. While this study focuses on EV 

scheduling, the underlying framework could be extended to domains 

such as building control, grid dispatch, or industrial energy manage-

ment, pending further validation in those contexts. 

 
6. Conclusion 

 

This paper proposed a hybrid DPC framework that integrates KKT-

based projection layers [35] for equality constraints and modified bar-

rier functions for inequality constraints. The approach enables strict 

constraint satisfaction while reducing the need for penalty tuning, 

improving both optimization robustness and computational efficiency. 

The framework was applied to a real-world EV charging and discharging 

optimization scenario with multi-objective goals of minimizing elec-

tricity bills, reducing CO₂ emissions, and flattening load profiles. 

Compared to three baseline DPC formulations, the proposed method 

significantly reduced constraint violations while improving optimiza-

tion performance, achieving around 3 % greater user’s bill reduction, 12 

% more CO2 reduction, and 29 % greater peak load reduction. It also 
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Fig. 12. Aggregated load profiles for weekend scenario. 

 

 

Fig. 13. Boxplot for constraints violations of weekend scenario simulation. 

 

required fewer training epochs, highlighting its data and computational 

efficiency. In addition, the proposed approach significantly reduces the 

burden of tuning multiple objective and loss terms, as the equality 

constraint is naturally embedded in the network structure and the 

weights for other inequality constraint terms are unified with the barrier 

parameter. This allows the optimization process to focus on the core 

objective functions, as the model is better able to direct its resources 

toward achieving the optimal control performance. 

In summary, the Barrier + KKT DPC method not only enhances the 

model’s performance in terms of optimizing EV charging and dis- 

charging behaviors but also contributes to a more efficient training 

process. By minimizing the need for extensive tuning and reducing the 

time required for model convergence, this approach improves the 

overall scalability of DPC for solving constrained optimization problems. 

These combined benefits underscore the potential of the Barrier + KKT 

DPC framework to streamline the development and application of con- 

strained control policies in various energy systems, offering a practical 

and efficient solution for complex optimization tasks. 
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