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Abstract—To overcome the limitations of conventional evolu-
tionary algorithms in dynamic integrated energy systems for
steel enterprises, this paper proposes a Conditional Variational
Autoencoder (CVAE) guided multi-objective optimization frame-
work. The method minimizes operational costs and external
energy reliance by using online-trained CVAE to map dynamic
environmental states (e.g., energy loads, price signals) to optimal
solution distributions. Upon detecting changes, the model rapidly
generates a state-conditioned initial population, providing a
warm start for the evolutionary search. Experiments verify
that this framework significantly accelerates convergence and
improves solution stability and economic performance in dynamic
environments.

Index Terms—Dynamic integrated energy scheduling, steel
enterprise energy systems, conditional variational autoencoder,
dynamic multi-objective optimization.

I. INTRODUCTION

The steel industry is one of the largest energy consumers
and carbon emitters worldwide, particularly in China, where it
accounts for a substantial share of total industrial energy con-
sumption [1]. Modern steel enterprises are typically equipped
with integrated energy systems that coordinate multiple energy
carriers, including electricity, gas, steam, and heat, through
tightly coupled conversion and storage devices [2].

Efficient scheduling of such integrated energy systems is
crucial for reducing operational costs, improving energy self-
sufficiency, and mitigating environmental impacts, which are
often conflicting objectives in practice [3]. Moreover, the
scheduling process is inherently dynamic due to time-varying
load demands, fluctuating energy prices, and the intermittency
of renewable energy generation, naturally formulating the
problem as a dynamic multi-objective optimization task that
challenges conventional static methods.
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In recent years, dynamic multi-objective evolutionary algo-
rithms (DMOEAs) have been widely studied for handling dy-
namic optimization problems [4], [5]. However, most existing
approaches are designed for generic benchmark problems and
do not explicitly account for the strong multi-energy coupling,
complex operational constraints, and interaction mechanisms
present in steel enterprise integrated energy systems.

To address these challenges, this study presents CVAE-
MOEA/D, a CVAE-assisted dynamic multi-objective opti-
mization framework that integrates a conditional variational
autoencoder into MOEA/D-¢ [6], [7] to improve adaptability
to dynamic environments.

Specifically, CVAE [8] is used to learn condition-dependent
distributions of high-quality scheduling solutions under vary-
ing states of the system. By capturing the relationship be-
tween environmental conditions and promising solution re-
gions, CVAE enables adaptive solution generation in response
to time-varying load demands, energy prices, and renewable
energy availability, thereby improving the efficiency and ro-
bustness of evolutionary search. The main contributions of this
work are summarized as follows:

« A dynamic bi-objective optimization model is formulated
for integrated energy systems in steel enterprises under
time-varying operating conditions.

o« A CVAE-assisted evolutionary optimization framework
is proposed to enhance adaptability in dynamic environ-
ments.

o Comparative simulations on a realistic steel enterprise
energy scheduling case demonstrate improved economic
efficiency and energy self-sufficiency.



II. DYNAMIC INTEGRATED ENERGY SCHEDULING MODEL
A. System Description

Fig. 1 illustrates the studied integrated energy system, which
couples gas generators, boilers, steam turbines, electrical stor-
age, and Wind Turbine / Photovoltaic (WT/PV) units via gas,
electricity, heat, and steam carriers. All notations, variables,
and parameters used in the model are summarized in Table L.
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Fig. 1: Schematic of the integrated energy system.

B. Objective Functions

The problem is formulated as:
min F(z,1) = (f1, f2) (D

1) Operating Cost: The objective is to minimize the to-
tal operating cost of the integrated energy system over the
scheduling horizon, defined as follows:

fl = Zj:l (Cgas(t)+0heat(t)+cgrid(t)+CSteam(t)iRStor(t))

2
where the cost components for gas, heat, grid electricity, and
steam are calculated by multiplying their respective power
consumption by the unit prices:

Cgas(t) == Pgas (t)cgas (t) Chcat (t) == Pheat (t)chcat (t)
Cgrid (t) = Pgrid (t)cgrid (t) Csteam(t) = Psteam (t)csteam ((12)

and the economic benefit of the energy storage system is
expressed as follows:

Rstor(t) - Pchar(t))\L (t) + Pdischar(t))\H (f) (4>

The gas consumption at time ¢ is calculated as

where the rates of self-sufficiency for electricity, heat and
steam at time ¢ are defined as follows:

erate(t) = (Pgen,e(t)+Pturbine,e(t)+PWT(t)+PPV(t))/eload(t)

(7N

hrate (t) = (Pgen,h(t) + Pturbine,h(t) + Pboiler,h (t))/hload(t)
(®)

Srate(t) - Pboiler,s (t)/sload (t) (9)

The coupling relationships among electricity, heat, and steam
are given by

Pgen,h(t) = Pgell,e(t>/77gen - Pgen,e (t> (10)
Pturbinc,h(t) - Pturbinc,c(t)/7]turbinc - Pturbinc,c(t) (1 1)
Pboiler,h (t) - Pboiler,s (t)/nboiler : nboiler,h (12)

C. Operational Constraints

1) Energy Balance Constraints: The energy supply and
demand (electricity, steam, heat) must be balanced in each
period .

« Electricity Balance

Pyria(t) + Ppv(t) + Pwr(t) + Paen.e(t)
+Pturbine,e(t) + Pdischar(t> = €load (t) + Pchar (f)

« Steam Balance
Psteam(t) + Pboiler,s(t) - Pturbine,s(t) = Sload (t) (14)

The steam consumption of the turbine is related to its
electricity output by

Pturbine,s (t) - Ptnrbine,e(t)/nturbine

o Heat Balance

Pg;en,h(t)+13b0iler,h(t)+Pturbine,h(t)‘l'Pheat (f) - hload (f)

(13)

(15)

Pyos(t) = ((Pgen,e(t) At) /Ngen~+(Pooiter,s (£) At) /Mboiler)/Calgas o State of Charge (SOC) Constraints

)

2) External Energy Supply Rate: The dependence of the

system on external energy sources is reduced by maximizing
the self-sufficiency of electricity, heat, and steam.

min f2 = Next = 1-— 1/3 (erate + hrate + Srate) (6)

(16)
2) Energy Storage Operation Constraints:
o Charging and Discharging Power Limits
Pchar(t) Pdischar(t) =0 (17)
0 S Pchar(t) S Pcr{jlgf (1821)
Pchar(t) S (Socmax - SOC(t))CEES/(UCharAt)
(18b)
0< Pdischar(t) < Pé?:c)lclar (1921)
Pdischar(t) S (SOC(t) - SOCmin)CEESWdischar/At
(19b)
SOCmin S SOC(t) S Socmax (20)
SOC(1) = SOC(T) @1)
SOC(t) —SOC(t— 1) < Asoc  (22)
SOC(t + 1) = SOC(t) + 77chz;urP)char(t)At/C’EES
- Pdischar (t)At/(ndischarCEES) (23)



TABLE I: Notation Used in the Integrated Energy Scheduling Model

Symbol Description Unit
Indexes
t Index of scheduling time periods, t = 1,2,...,T -
Parameters
Cgrid (t), Cgas(t), Cheat(t), Csteam(t) Time-varying prices of electricity, gas, heat, and steam at time ¢ -
AL(t), Mg (t) Electricity prices for charging and discharging of the energy storage system CNY/MWh
Tgen, Mboilers Mturbine Energy conversion efficiencies of gas generators, boilers, and steam turbines -
Mboiler,h Heat recovery efficiency of gas boilers -
Nchars Ndischar Charging and discharging efficiencies of the energy storage system -
Calgas Lower calorific value of natural gas MJ/m3
CEES Rated energy capacity of the energy storage system MWh
SOChin, SOCmax Lower and upper bounds of the state of charge (SOC) -
o, PR o Maximum charging and discharging power of the energy storage system MW
t, Asoc Length of scheduling interval and maximum allowable SOC variation (20%) -
€load (t); Moad(t), Sioad(t) Electricity, heat, and steam demand at time ¢ MW
Decision Variables
Poon,e()s Purbine,e(t) Electricity output power of gas generators and steam turbines at time ¢ MW
boiler,s (t Steam output power of gas boilers at time ¢ MW
Psteam (t), Pheat(t) Steam and heat supplied by the corresponding energy networks at time ¢ MW
Pyyial(t) Electricity purchased from the external power grid at time ¢ MW
Pehar(t), Paischar(t) Charging and discharging power of the energy storage system at time ¢ MW

3) Operational Limits: All decision variables are subject
to operational limits, including capacity bounds and ramping
constraints, to reflect physical capacities, technical restrictions,
and intertemporal operational continuity of energy system
components.

III. METHODOLOGY
A. Overall Framework

The overall framework of CVAE-MOEA/D is illustrated
in Fig. 2, which outlines the interaction between conditional
population generation and evolutionary optimization across
successive time steps. To facilitate reproducibility and im-
plementation, the main procedure of the proposed method is
summarized in Algorithm 1.

B. Conditional Representation and Change Detection

To explicitly model time-varying conditions (demands,
prices, and system states), the environmental state at time ¢
is defined as:

Env, = [dy, pr, e, )] (24)

where d; denotes the energy load information, p; represents
the energy price signals, e{ indicates the dynamic energy de-
mands of each device, and eJ° represents the energy generated
by wind turbine and photovoltaic at time ¢.

A condition vector c¢; is constructed by aggregating the envi-
ronmental state Enwv,, transforming the dynamic optimization
process into a sequence of condition-dependent tasks. This
formulation provides a unified interface for the generative
model to learn and exploit solution distributions under varying
system states. To ensure training stability and convergence, all
components of ¢; are normalized to a consistent scale, thereby
eliminating disparities among heterogeneous variables.

Furthermore, a change detection mechanism is triggered
if the relative variation of any critical component in Enuv,
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Fig. 2: Framework of the CVAE-MOEA/D.

(i.e., energy prices, renewable generation, or load) exceeds a
sensitivity threshold J. An environmental change is detected
at time ¢ if:

max (|Enof” — Enol, [/ Env®, ) > 6 25)
K3
For the specific steel IES case study, the threshold is set
as § = 0.05. This value effectively balances computational
efficiency with the sensitivity required to capture significant
environmental shifts that alter the Pareto optimal front, ensur-



Algorithm 1: CVAE-MOEA/D

Input: Total scheduling periods 7', population size N,
replay buffer B, condition vector { Env;}L_;,
CVAE training epochs Ecyae
Output: Pareto optimal sets {POS;}]_, and Pareto
optimal fronts { POF;}T

1 Initialize population P with /N solutions

2 Initialize CVAE parameters 6

3fort<1to7 do

4 Get condition vector ¢; < Cond(Enuv;)

5 Evaluate population P under Env;

6 if DetectChange(Envy, Envi_1,d) = false then

// environment unchanged

7 Rank solutions in P by TOPSIS(-) and select
top 0.2N solutions Sy

8 Select samples
S+ {x € P |« is feasible} U S

9 Store (z,¢;) for all x € S into replay buffer 5;
Train CVAE on mini-batches sampled from B
for Ecyae epochs

10 else // environment changed

1 Select a solution z; <— TOPSIS(POF})

12 Update ¢;41 + Cond(Envit1)

13 Generate a new population P ~ pg(z | ct41)
using CVAE

14 Apply MOEA/D-¢ to evolve population P under

static environment Enuv;

15 return {POS;} |, {POF,}L |

ing the CVAE-based re-initialization is activated only when
necessary.

C. CVAE-Guided Dynamic Population Generation

Based on the conditional formulation in Section III-B,
CVAE is employed to guide population generation under time-
varying environments. Let ¢; denote the condition vector at
time step t. CVAE models a condition-dependent generative
distribution by decoding a latent variable z together with ¢;:

2z~ N(0,1) (26)

where 6 denotes the decoder parameters and z is a candidate
solution in the decision space.

During the evolutionary process, feasible solutions and
nondominated solutions obtained at different time steps are
collected to form a training set D = (x,c¢;). The CVAE is
updated online to capture the mapping from system conditions
to promising solution regions. When an environmental change
is detected at time ¢, the trained decoder is used to generate a
batch of candidate solutions:

POV = [0V | gDV = g (20 e)), i =1,

T Npg(flj‘ | Z’Ct)7

N}, @7

where gg(-) denotes the decoding function and N is the
number of generated solutions. The generated set P;°V is

then used to initialize or augment the evolutionary popula-
tion, providing a warm start under the updated conditions.
The evolutionary multi-objective optimizer further refines the
population through variation and selection, and the resulting
nondominated solutions are fed back to update D and the
CVAE, forming a closed-loop learning and optimization pro-
cess:

D+ DU(z,¢) | x € POF; (28)

To prevent the training buffer from growing unbounded and
to avoid the adverse impact of outdated samples, the buffer
dataset D is periodically maintained by removing obsolete
or low-quality solutions, thereby preserving a compact and
representative set of condition-solution pairs for online CVAE
training.

D. CVAE Training

CVAE is composed of an encoder g4(z | z,c;) and a
decoder pg(z | z,¢;), where ¢ and 6 denote the parameters
of encoder and decoder, respectively. The encoder learns a
latent representation of decision variables conditioned on the
dynamic environmental state, while the decoder models the
conditional distribution of feasible solutions under the same
condition.

Given a training sample (z,c¢;) € D, the encoder outputs
the parameters of a Gaussian posterior distribution,

Q¢(Z | @, ) :N(“¢(z’ct)72¢(wvct))

where p1,,(+) and 34 (+) represent the mean vector and diagonal
covariance matrix produced by the encoder. The latent variable
is sampled using the reparameterization trick, as follows:

e ~N(0,1)

which enables efficient gradient-based optimization.
CVAE is trained by maximizing the conditional evidence
lower bound (ELBO), defined as:

ﬁ(ev(b) = Eq¢(z|z,c,)[logp9(m | Z, Cf)]
—KL(g4(z | 7, 1) || p(2))

where p(z) = N(0,I) denotes the prior distribution over latent
variables. The first term encourages an accurate reconstruction
of the decision variables under the given condition, while the
second term regularizes the latent space to ensure smoothness
and generalization.

During the dynamic optimization process, CVAE is trained
online using mini-batches sampled from the dataset D, which
is continuously updated with high-quality solutions obtained
from the evolutionary search. This online training strategy
enables CVAE to adapt its conditional distribution to changing
system conditions.

(29)

2=y + 3 %, (30)

€2V

E. Evolutionary Search and Update

After CVAE-guided population generation, an evolutionary
multi-objective optimizer is employed to further refine the
candidate solutions under the current environment. Let P;
denote the population at time step ¢, which consists of both



previously evolved solutions and CVAE-generated candidates.
Standard evolutionary operators are applied to explore the
decision space and improve solution quality.

At each generation, variation operators such as crossover
and mutation are used to produce offspring solutions. The
fitness of each solution is evaluated according to the objective
vector f(x,t), and a decomposition-based selection mecha-
nism is adopted to guide the search toward the Pareto front.
Specifically, for a given weight vector A, the aggregation value
of a solution z is computed as

g(.’l? ‘ )\, Z;k) = max )\'m|f771 ('(177 t) - Z;I(f)‘
m=1,....,M

IRREE)

(32)

where z; denotes the ideal point at time step ¢.

Based on the aggregation values, inferior solutions are re-
placed by better-performing offspring within each subproblem
neighborhood, resulting in an updated population P;. The
nondominated solutions extracted from P; form an approxima-
tion of POF; under the current environment. These solutions
are subsequently used both for performance evaluation and
for updating the training data of CVAE, enabling continuous
knowledge accumulation across time steps.

IV. EXPERIMENTAL STUDY
A. Experimental Setting

1) Case Parameters: The system is scheduled over a 24-
hour horizon (T' = 24) with time-varying load, WT/PV
generation, and TOU pricing. Device parameters, including
battery capacities, power bounds, and efficiencies, are prede-
fined constants.

2) Comparison Algorithms: To evaluate the effectiveness
of CVAE-MOEA/D, several representative algorithms are se-
lected for comparison, including DMOEA/D [6], Dynamic
NSGA-II (DNSGA-II) [9] with reinitialization (A) and random
injection variants (B), and the population prediction strategy
(PPS) [10] implemented with NSGA-II and MOEA/D as
PPS-NSGA-IT and PPS-MOEA/D. All compared algorithms
are implemented according to their original descriptions and
evaluated under identical experimental settings and dynamic
scenarios.

3) Algorithm Settings and Performance Metrics: Algorithm
settings include SBX, polynomial mutation, and N = 300.
The CVAE (three 256-node hidden layers per encoder/decoder,
10D latent space) is trained using Adam (learning rate 0.001,
batch size 256, replay buffer 5000).

Algorithm performance is evaluated via Mean Inverted
Generational Distance (MIGD) [11], Mean Hypervolume
(MHV) [12], and computational time, measuring conver-
gence/diversity, solution quality, and efficiency, respectively.

B. Results and Discussion

1) MIGD and MHV: As shown in Table II, the proposed
framework consistently outperforms the baseline algorithms
in terms of both MIGD and MHV metrics across multiple
dynamic scenarios.

The superior performance of CVAE-MOEA/D can be at-
tributed to its effective change detection and adaptive response

TABLE II: Performance Comparison of Different Algorithms

Algorithm
DMOEA/D

DNSGA-II(A)
DNSGA-II(B)

MIGD (Mean + Std)

0.0449 £ 5.00E—-02
0.0724 £+ 4.92E—-02
0.0596 £ 4.52E—02

MHYV (Mean + Std)

0.4473 £ 9.62E—-02
0.4282 £+ 8.64E—02
0.4372 £+ 9.66E—02

PPS-NSGA-II 0.0563 £+ 3.73E—-02 0.4433 4+ 9.38E—-02

PPS-MOEA/D 0.0595 £+ 4.93E—-02 0.4355 + 1.04E—-01

CVAE-MOEA/D  0.0251 + 2.34E—-02 0.477 + 7.60E—02
o ‘— ‘\,VA}‘-.»MO‘}.A/D‘ ‘l)NS(“yA-I!‘(»’\\ i _‘ I’ILS-NS‘G/\-IL
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Fig. 3: IGD and HV Convergence

strategies, which enable the algorithm to maintain solution
diversity and convergence in the face of dynamic changes.
Specifically, CVAE-MOEA/D exhibits a faster convergence
rate and lower MIGD values compared to the other algorithms,
indicating its effectiveness in tracking the changing POF
in dynamic environments. The results demonstrate that the
proposed approach can effectively balance economic efficiency
and energy self-sufficiency while adapting to time-varying
operating conditions.

2) IGD and HV Metrics Over Time: We further analyze the
convergence behavior of algorithms by plotting the evolution
of IGD and HV metrics over time, as illustrated in Fig. 3. From
the figure, CVAE-MOEA/D shows competitive performance,
with lower IGD values and higher HV values in most time
periods along the scheduling horizon. This indicates that
CVAE-MOEA/D not only converges faster but also maintains
a better spread of solutions over time, effectively capturing the
trade-offs between the objectives in a dynamic setting.

3) Dynamic Objective Values Over Time: To visualize the
distribution of solutions obtained by different algorithms, we
present heatmaps of the objective values across all time periods
in Fig. 4.

CVAE-MOEA/D achieves a more uniform and well-
distributed POF, effectively capturing the trade-off between the
operating cost and external energy supply rate. This indicates
that CVAE-MOEA/D can provide decision-makers with a
diverse set of high-quality scheduling options under dynamic
conditions.

4) Computational Efficiency: As summarized in Table III,
CVAE-MOEA/D incurs a higher computational cost compared
to DMOEA/D and DNSGA-II variants, while remaining com-
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02429

02195

0.192

0.168%

01435

o

0.092%

0.0675

To address the performance degradation of evolutionary algo-
rithms in such nonstationary environments, a CVAE-assisted
dynamic multi-objective optimization framework was pro-
posed. By learning condition-dependent solution distributions
from historical high-quality solutions and generating adap-
tive populations upon environmental changes, the proposed
approach enhances the adaptability of evolutionary search in
dynamic environments. Experimental results demonstrate im-
proved convergence speed, robustness, and solution stability,
as well as reduced operational cost and reliance on external
energy sources, validating the effectiveness of the proposed
framework for dynamic multi-objective optimization.
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Algorithm Computational Time (s)
DMOEA/D 900
DNSGA-II(A) 1020
DNSGA-II(B) 1080
PPS-NSGA-II 1260
PPS-MOEA/D 900
CVAE-MOEA/D 1260

parable to PPS-NSGA-II. This overhead is primarily attributed
to the online training of the CVAE and the conditional gen-
eration of new populations. Nevertheless, the total execution
time remains within a range that is acceptable for practical
dynamic optimization in industrial energy systems.

5) Energy Scheduling Results: As depicted in Fig. 5,
CVAE-MOEA/D generates feasible 24-period electricity
schedules with 100% load satisfaction. It should be noted
that the heat and steam demands are also fully met across
the entire scheduling horizon, achieving the predefined multi-
energy coordination objectives; however, their corresponding
profiles are omitted here due to space constraints. By adap-
tively shifting loads (e.g., reducing peak grid purchases and
increasing off-peak charging), the algorithm demonstrates its
strong capacity to deliver stable and practical solutions under
dynamic environments.
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Fig. 5: Electricity supply results obtained by CVAE-MOEA/D.

V. CONCLUSIONS

This paper investigated the dynamic multi-objective
scheduling problem of integrated energy systems in steel
enterprises under time-varying demands and electricity prices.
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