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ABSTRACT Article information:
Learning-enabled optimization in dynamic energy systems demands more
than high-quality solutions; it requires sustained adaptation under non-
stationary and shock-driven environments. This paper proposes Adaptive
Genetic Algorithm with Dynamic Operator Scoring and Operator Elimina-
tion (AGA-DO), an evolutionary learning framework that explicitly models
operator-level learning to achieve long-term robustness. In contrast to con-
ventional genetic algorithms with static or heuristically adaptive operators,
AGA-DO continuously evaluates operator contributions, applies temporal
smoothing to stabilize learning dynamics, and eliminates persistently in-
e�ective operators to prevent negative knowledge accumulation. Unlike
conventional adaptive genetic algorithms that primarily focus on parame-
ter adaptation and peak optimization performance, AGA-DO emphasizes
operator-level learning, learning stability, and recovery capability under
dynamic environments. A �ve-phase validation framework is employed
to progressively evaluate e�ectiveness, learning behavior, robustness, and
real-world recovery capability. Beyond instantaneous performance metrics,
Cumulative Regret Loss (CRL) is adopted as an observational indicator to
quantify the accumulated cost of delayed adaptation and repeated subop-
timal decisions over time. Results show that benchmark algorithms accu-
mulate substantially higher regret under repeated environmental shocks,
whereas AGA-DO achieves the lowest cumulative regret (CRL = 0.81) and
the best overall Friedman rank (1.2). These �ndings suggest that AGA-
DO can serve as an e�ective learning-driven evolutionary optimizer for
real-world dynamic energy systems. The proposed framework emphasizes
learning stability and retention over aggressive convergence, aligning with
practical requirements of real-world adaptive optimization.
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1. INTRODUCTION

Dynamic and non-stationary optimization prob-
lems are increasingly encountered in modern arti�-
cial intelligence applications, where objectives, con-
straints, and environmental conditions evolve over
time. Such changes may render previously optimal
solutions suboptimal or infeasible, posing challenges
to computational intelligence methods that rely on
stable evaluation criteria [1�4].

Conventional evolutionary and swarm-based algo-
rithms, including genetic algorithms (GA), particle
swarm optimization (PSO), and di�erential evolution
(DE), perform well in static or mildly dynamic en-

vironments but may degrade under non-stationary
conditions because of premature convergence, loss
of diversity, and delayed response to environmental
changes [5�9].

Adaptive evolutionary algorithms have therefore
been developed, mainly through parameter-level
adaptation such as mutation rates [4�12], crossover
probabilities [10�15], and other adaptive control
mechanisms [16�21]. Although these approaches im-
prove �exibility, they remain largely reactive and may
provide limited long-term adaptation under highly
dynamic conditions.

Recent studies have explored operator-level adap-
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tation and credit assignment to allocate search ef-
fort toward more effective operators [18, 20, 22, 28].
However, many approaches rely on short-term perfor-
mance feedback, which may lead to unstable learn-
ing under non-stationary environments. Moreover,
real-world validation and systematic recovery analy-
sis after abrupt disruptions remain relatively limited
[30–36].

To address these limitations, this paper proposes
AGA-DO (Adaptive Genetic Algorithm with Dy-
namic Operator Scoring and Operator Elimination),
a learning-driven evolutionary framework combining
operator-level scoring, temporal stabilization, and
dynamic elimination of persistently ineffective oper-
ators. A progressive five-phase validation framework
evaluates learning effectiveness, robustness, and re-
covery capability, culminating in real-world shock and
recovery experiments without algorithm-specific pa-
rameter retuning.

2. RELATED WORK

2.1 Evolutionary Algorithms in Dynamic En-
vironments

Dynamic optimization has been widely studied in
evolutionary computation, where changing objectives
and constraints require continuous adaptation [1–3].
Existing approaches often rely on diversity preserva-
tion, memory mechanisms, or heuristic assumptions
about environmental changes, which may limit their
effectiveness in complex real-world scenarios.

2.2 Adaptive Genetic Algorithms

Adaptive genetic algorithms have been proposed
to enhance flexibility by adjusting control parame-
ters such as mutation rates, crossover probabilities,
and population diversity during evolution [12-16],
[26]. While parameter adaptation improves respon-
siveness, it does not fundamentally alter the under-
lying search operators. Consequently, the algorithm
may continue to apply ineffective operators even af-
ter environmental shifts, leading to inefficient explo-
ration and delayed recovery.

2.3 Operator Selection and Credit Assign-
ment

Operator selection mechanisms dynamically allo-
cate search effort based on operator performance [18,
20, 22]. However, many credit-assignment approaches
rely on short-term feedback, making learning sus-
ceptible to noise and transient fluctuations in non-
stationary environments.

2.4 Comparative Metaheuristics

Metaheuristics such as PSO, DE, and NSGA-II
have been applied to dynamic optimization prob-
lems [6–9], [24], [27]. However, their reliance on

population-level dynamics and fixed update rules
can limit adaptability under abrupt environmental
changes.

2.5 Limitations of Existing Validation Prac-
tices

GA-based methods have been applied across di-
verse real-world engineering and intelligent-system
applications, including power-system reconfiguration,
nonlinear modeling, energy optimization, schedul-
ing, and other application-specific problems [23], [25],
[29–36].

However, these studies primarily emphasize opti-
mization performance within individual application
domains, while systematic evaluation of recovery un-
der repeated non-stationary shocks remains limited.
Such recovery behavior is particularly underexplored
in long-horizon, real-world time-series environments.

Table 1: Related Work Comparison.

Method
Adaptation Learning Operator Real-world

Level Stability Learning Validation
GA/AGA Parameter No No Limited

PSO Parameter No No Limited
DE Parameter No No Limited

NSGA-II Population Partial No Limited
AGA-DO Operator Yes Yes Yes

The reviewed studies collectively illustrate the
evolution from parameter-level adaptation toward
operator-level adaptation. However, existing ap-
proaches still lack mechanisms for learning stabi-
lization, operator retention, and long-term learning
consistency under repeated environmental changes.
These limitations motivate the proposed AGA-DO
framework.

2.6 Research Gap and Motivation

Based on the above review, existing adaptive evo-
lutionary algorithms suffer from three key limitations:

1. adaptation is predominantly parameter-level
rather than learning-driven,

2. operator-level mechanisms lack stability and
long-term refinement, and

3. validation rarely considers real-world shock and
recovery behavior.

These gaps motivate the development of AGA-DO,
as shown in Table 1, which integrates stable operator-
level learning with dynamic elimination, and its eval-
uation through a comprehensive progressive valida-
tion framework.

3. DYNAMIC OPTIMIZATION PROBLEM
FORMULATION

This section formulates the class of dynamic op-
timization problems considered in this study. The
formulation is presented in a general form to reflect
non-stationary optimization challenges commonly en-
countered in artificial intelligence applications. A
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real-world energy system is subsequently introduced
as an instance for experimental validation.

3.1 Dynamic Decision Variables

Let the optimization problem be defined over a
discrete time horizon t = 1, 2, . . . , T . At each
time step t, a vector of decision variables x(t) =
[x1(t), x2(t), . . . , xn(t)] represents the system control
or configuration to be optimized.

Unlike static optimization, the decision variables
in dynamic environments must continuously adapt
to time-varying conditions, where previously optimal
solutions may lose effectiveness as the environment
evolves.

3.2 Time-Varying Objectives

The optimization objective is defined as a time-
dependent function:

min f(x(t), t) (1)

where f(·) denotes one or more objective functions
whose characteristics may change over time. Such
changes may arise from external disturbances, evolv-
ing system demands, or fluctuating resource availabil-
ity.

In this study, a multi-objective formulation is
adopted to capture trade-offs commonly observed in
real-world decision-making processes. The objective
functions are evaluated at each time step and aggre-
gated over the time horizon to reflect long-term per-
formance.

3.3 Dynamic Constraints

Dynamic optimization problems are typically sub-
ject to time-varying constraints:

g(x(t), t) ≤ 0,h(x(t), t) = 0 (2)

where constraint boundaries may shift due to environ-
mental changes or system uncertainties. Constraint
violations are handled implicitly through feasibility
mechanisms to ensure solution validity throughout
the optimization process.

3.4 Non-Stationarity and Environmental Changes

A defining characteristic of the considered problem
class is non-stationarity, where the mapping between
decision variables and objective outcomes changes
over time. This non-stationarity may be gradual or
abrupt, resulting in shocks that significantly alter the
optimization landscape.

An effective computational intelligence framework
must therefore exhibit:

• Adaptability to evolving objective functions,
• Robustness to sudden environmental disrup-

tions,

• Recovery capability after performance degrada-
tion.

These requirements motivate the learning-driven
operator adaptation mechanisms proposed in this
work.

3.5 Energy System as a Dynamic Optimiza-
tion Instance

To evaluate the proposed framework under realis-
tic conditions, a real-world energy system is employed
as a dynamic optimization instance. In this context,
decision variables represent generation scheduling de-
cisions, while objectives correspond to cost and envi-
ronmental impact measures that vary over time.

The energy system exhibits strong non-stationary
behavior due to fluctuating demand, renewable gener-
ation variability, and externally injected shocks. Im-
portantly, the problem formulation remains consis-
tent with the general dynamic optimization frame-
work described above, allowing the proposed method
to be assessed as a general computational intelligence
approach rather than a domain-specific solution.

3.6 Objective Functions

Table 2: Variable Definition.
Symbol Definition Unit

Pj(t)
Power Dispatch of Biomass

MW
Unit j at time t

Dgross(t) Gross electricity Demand MW
PPV (t) Available PV Generation MW
PW (t) Available Wind Generation MW

Dnet(t)
Net Demand to be Supplied

MW
by Biomass

Pmax
j (t)

Maximum Available Biomass
MW

Capacity

Cj(t)
Time-varying Generation Cost

Cost/MWh
Coefficient

ej Emission Coefficient kgCO2/MWh
∆t Time Step Duration Hour

χj(t)
Time-dependent Shock
intensity factor

βj

Cost sensitivity coefficient of
Dimensionlessbiomass unit j to the time-

dependent shock intensity

The problem is formulated as a bi-objective opti-
mization task:

f1 =
∑T

t=1

∑J

j=1
Pj(t)Cj(t)∆t (3)

f2 =
∑T

t=1

∑J

j=1
Pj(t)ej∆t (4)

Net Demand:
• Dnet(t) = max(Dgross(t)− PPV (t)− PW (t), 0)

Dynamic Cost:

• Cj(t) = C
{base}
j · (1 + βj · χj(t))

Constraints:
•

∑J
j=1 Pj(t) ≥ Dnet(t),∀t

• 0 ≤ Pj(t) ≤ Pmax
j (t),∀j, t
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• Constraint handling is embedded within the
Pareto-based selection mechanism, avoiding ex-
plicit penalty parameters.

4. PROPOSED METHOD: AGA-DO

This section presents AGA-DO (Adaptive Genetic
Algorithm with Dynamic Operator Scoring and Op-
erator Elimination), an adaptive evolutionary intel-
ligence framework designed for dynamic and non-
stationary optimization problems.

Unlike conventional genetic algorithms that rely on
fixed operator usage or parameter-level adaptation,
AGA-DO introduces learning mechanisms at the op-
erator level, enabling continuous refinement of search
behavior based on observed performance over time.

The overall learning-driven workflow of the pro-
posed AGA-DO is illustrated in Fig. 1, highlighting
the closed-loop interaction between operator selec-
tion, performance evaluation, temporal stabilization,
and dynamic operator elimination.

Sudden disruptions create discontinuities that in-
validate previously effective search behaviors, high-
lighting the need for learning mechanisms capable
of retaining useful experience while suppressing out-
dated strategies.

Fig.1: Learning-driven workflow of the proposed
AGA-DO framework.

4.1 Operator Pool and Search Diversity

AGA-DO maintains a diverse operator pool con-
sisting of multiple crossover and mutation opera-
tors with different exploration–exploitation charac-

teristics. Instead of preselecting a single operator or
applying all operators uniformly, the algorithm treats
operators as competing strategies whose effectiveness
may vary across different stages of the search process
and environmental conditions.

This design allows the algorithm to preserve search
diversity while providing the flexibility required to re-
spond to changes in the underlying fitness landscape.
By decoupling operator usage from static heuristics,
AGA-DO creates a foundation for learning-driven
adaptation.

4.2 Adaptive Operator Scoring Mechanism

To enable operator-level learning, AGA-DO as-
signs a performance score to each operator based on
its contribution to search progress. After each gener-
ation, operators are evaluated according to hypervol-
ume improvement and learning stability.

Rather than relying on instantaneous rewards, the
scoring mechanism aggregates performance informa-
tion over time, allowing the algorithm to distinguish
consistently effective operators from those that per-
form well only under transient conditions.

Operator selection probabilities are updated adap-
tively based on these scores, guiding the search to-
ward more promising strategies.

Table 3 lists the primitive crossover and mutation
operators used to construct the operator pool. In
AGA-DO, an executable operator is defined as a com-
posite pair of one crossover operator and one muta-
tion operator.

Table 3: Primitive Crossover and Mutation Opera-
tors Used to Construct the Composite Operator Pool.

Category ID Operator Type
Crossover C1 Arithmetic Mean
Crossover C2 Weighted Arithmetic
Crossover C3 Uniform Exchange
Crossover C4 Temporal Segment Swap
Crossover C5 Differential Crossover
Crossover C6 Linear Blend
Mutation M1 Gaussian Perturbation
Mutation M2 Uniform Perturbation
Mutation M3 Temporal Flip
Mutation M4 Random Reset
Mutation M5 Scaling Mutation
Mutation M6 Identity (No-op)

Therefore, the active operator pool is not limited
to the 12 primitive operators listed in Table 3, but
consists of 6×6 = 36 composite operators:

Ω = {Oa,b = (Ca,Mb| a = 1, . . . , 6, b = 1, . . . , 6}

where Ca denotes the a-th crossover operator and
Mb denotes the b-th mutation operator. Thus, the
initial operator pool size is Nop =36. Operator scor-
ing, selection, and elimination are performed at the
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composite-operator level.

4.2.1 Hypervolume-Based Reward Assignment

To evaluate operator effectiveness in a dynamic
multi-objective environment, AGA-DO first applies
Pareto-based non-dominated sorting to identify the
current Pareto-optimal front. The quality of the re-
sulting front is then assessed using the Hypervolume
(HV) indicator, which simultaneously reflects conver-
gence quality and solution diversity.

The contribution of each operator is measured ac-
cording to the improvement in hypervolume obtained
after generating offspring solutions. The normalized
hypervolume improvement is defined as

dHVi(t) =
HVnew(t)−HVcurrent(t)

max(|HVcurrent(t)|, ε

where HVcurrent(t) and HVnew(t) denote the hyper-
volume values before and after applying operator i,
respectively, and ε is a small positive constant used
to avoid division by zero.

To improve learning stability and reduce sensitiv-
ity to temporary performance fluctuations, a stability
term is incorporated into the reward mechanism. The
stability penalty is defined as

Vi(t) = |dHVi(t)− dHVi(t− 1)|

A larger value of Vi(t) indicates stronger fluctua-
tion in operator contribution and therefore reduces
the final reward. The reward assigned to operator i
is computed as

Ri(t) = max(Rmin, 0.35dHVi(t)− 0.25Vi(t))

where Rmin = 0.05 prevents operator starvation and
preserves exploration capability.

A minimum reward value of 0.05 is imposed to
prevent operator starvation and preserve exploration
capability throughout the learning process. The co-
efficients were determined through preliminary sensi-
tivity analysis conducted during pilot experiments.

Preliminary experiments indicated that these val-
ues provided a reasonable balance between respon-
siveness and learning stability across all validation
phases.

The coefficients do not represent normalized
weights. They act as scaling factors empirically
selected to balance hypervolume improvement and
learning stability.

Since hypervolume is computed from the Pareto-
optimal front, Pareto dominance information and
solution diversity are implicitly incorporated into
the reward mechanism through the hypervolume im-
provement term.

Consequently, operators are rewarded not only
for producing better objective trade-offs but also for

maintaining stable performance under changing envi-
ronmental conditions.

4.2.2 EMA-Based Operator Score Update

To avoid unstable operator selection caused by
one-generation reward spikes, AGA-DO updates op-
erator scores using an exponential moving average
rather than direct cumulative addition. Let Ci(t) de-
note the set of offspring generated by operator i at
generation t, and let R̄i(t) denote the mean reward
obtained by these offspring. The operator score is
updated as

barRi(t) =
1

|Ci(t)|
∑

c∈Ci(t)

Rc(t)

Si(t) = αSi(t− 1) + (1− α)barRi(t)

where Si(t) is the EMA-smoothed operator score used
for both operator selection and operator elimination.
The parameter α controls the balance between accu-
mulated operator experience and the current genera-
tion reward. This formulation avoids ambiguity be-
tween raw accumulated scores and smoothed scores.

4.2.3 Adaptive Operator Selection Probability

The operator selection probability is determined
using a normalized probability distribution that maps
operator scores to a probability distribution. This ap-
proach ensures that higher-performing operators are
more likely to be selected, while still allowing explo-
ration of less frequently used operators.

Pi(t) =
Ai(t)(Si(t) + ε∑Nop

k=1 Ak(t)(Sk(t) + ε

The operator selection probability (Pi) is com-
puted using the temporally smoothed operator score.
This allows operator selection to reflect both recent
performance and accumulated learning experience,
preventing abrupt probability fluctuations caused by
short-term performance variations.

4.3 Dynamic Operator Elimination Strategy

To prevent persistently ineffective operators from
consuming computational resources, AGA-DO em-
ploys a ranking-based elimination mechanism. Un-
like threshold-based approaches, which require manu-
ally tuned cut-off values, the proposed strategy evalu-
ates operators according to their relative performance
within the active operator pool.

At each evaluation interval, operators are ranked
according to their temporally smoothed scores. The
operator with the lowest smoothed score is identified
as the least effective operator during the recent eval-
uation interval. To ensure gradual refinement rather
than aggressive pruning, only one operator is removed
at each elimination event.
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The elimination process is executed every 15 gen-
erations, allowing sufficient time for operators to ac-
cumulate performance evidence before removal deci-
sions are made. Let Oactive denote the number of
active operators at generation t. The operator pool
is updated as

i∗ = arg min
i∈A(t)

Si(t)

Ai∗(t+ 1) = 0, if|A(t)| > Kmin

Once eliminated, an operator is permanently re-
moved from the active pool for the remainder of the
run.

To preserve search diversity and avoid excessive
loss of exploration capability, operator elimination is
terminated when the active operator pool reaches a
predefined minimum size of 17 operators.

Importantly, operator elimination serves as a long-
term learning regulation mechanism rather than an
aggressive pruning strategy. The minimum pool size
of 17 operators was determined empirically to main-
tain a balance between operator diversity and com-
putational efficiency based on preliminary sensitivity
analysis and experiments that indicated no further
improvement in robustness when additional operators
were removed.

4.4 Algorithm Workflow and Discussion

As depicted in Fig. 1, AGA-DO extends the
conventional evolutionary cycle by embedding an
operator-level learning loop. Operator performance
is continuously evaluated after each generation, accu-
mulated through temporal smoothing, and fed back
to regulate future operator selection and elimina-
tion decisions. This feedback loop enables the algo-
rithm to retain effective search behaviors while sup-
pressing outdated or ineffective operators under non-
stationary conditions.

From a computational perspective, the additional
overhead is limited to operator-score updates and
probability recalculation, which are relatively small
compared with objective-function evaluation in the
considered experiments.

By integrating adaptive scoring, temporal stabi-
lization, and dynamic elimination, AGA-DO enables
continuous learning at the operator level. This design
allows the algorithm to maintain robustness, stabil-
ity, and recovery capability under changing environ-
ments, forming the basis for the progressive validation
framework presented in the following section.

Unlike parameter-level adaptive algorithms, the
learning loop in Fig. 1 operates at the operator
granularity, enabling long-term behavioral refinement
rather than short-term reactive adjustment.

Algorithm 1: AGA-DO Learning Procedure
Input: Initial Population P , Maximum Generation Tmax

Output: Final Pareto-optimal Solution Set
1: Initialize population P
2: Initialize active composite operator pool |A(0)| = 36
3: Initialize operator scores Si = 0
4: Initialize operator selection probabilities P
5: for t = 1 to Tmax do
6: Select composite operator Oi according to Pi(t)
7: Generate offspring solutions
8: Evaluate objective functions
9: Construct Pareto front and compute HV
10: Compute reward R̄i

11: Update operator score Si(t) using EMA
12: Update operator selection probability Pi(t)
13: if mod (t, Ielim) = 0 and |A(t)| > Kmin then
14: i∗ = argmini:Ai(t)=1 Si(t)

15: Ai∗(t+ 1) = 0
16: else
17: A(t+ 1) = A(t)
18: end if
19: end for
20: Return final Pareto front

Fig.2: Learning Validity (Phase A).

4.5 Phase A: Baseline Algorithm Validation

Phase A aims to establish a baseline understand-
ing of algorithm behavior under static and mildly dy-
namic conditions. The objective of this phase is not
to demonstrate superiority under extreme conditions.

Fig. 2 presents the hypervolume (HV) conver-
gence under a baseline dynamic energy scenario.

5. EXPERIMENTAL DESIGN: PROGRES-
SIVE VALIDATION FRAMEWORK

A five-phase progressive validation framework
(Phase A–E) is employed to evaluate learning, adapt-
ability, robustness, and recovery under increasing
environmental complexity, as summarized in Table
4. All experiments were independently repeated 10
times using random seeds 1–10. MATLAB R2024a
was used on an Intel Core i7 workstation with 32
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GB RAM. Identical population sizes, generation lim-
its, stopping criteria, and random-seed policies were
applied to all algorithms, with no algorithm-specific
parameter retuning across phases.

The results confirm that AGA-DO achieves faster
convergence and significantly lower variance com-
pared to the standard GA.

As shown in Fig. 3, the number of active op-
erators decreases progressively during optimization.
AGA-DO progressively removes ineffective operators
while preserving a minimal effective set, achieving a
balance between exploration and exploitation in dy-
namic environments.

Fig.3: Progressive Reduction of The Active Compos-
ite Operator Pool From 36 to Minimum Active Size
Of 17.

Table 5 summarizes the common experimental set-
tings used across all algorithms, including popula-
tion size, generation limit, operator configuration,
crossover rate, and termination criterion.

5.1 Phase B: Comparison with Adaptive Ge-
netic Algorithms

Phase B distinguishes learning-driven adaptation
from conventional parameter-level adaptation. In
this phase, AGA-DO is compared with an adaptive
genetic algorithm that adjusts control parameters

Table 5: Experimental settings for all algorithms.
No Parameters Value
1 Population Size 40
2 Number of Generations 400, 500 (Phase E)
3 Crossover operators 6
4 Mutation operators 6
5 Crossover rate 0.8

6 Termination Criterion
Maximum

Generations Reached

such as mutation and crossover rates during evolu-
tion.

The baseline algorithm parameters used in this
study are summarized in Table 6.

Table 6: Baseline algorithm parameter settings.
Algorithm Parameters Value

PSO Inertia Weight (w) 0.7
PSO Cognitive Coefficient (c1) 1.5
PSO Social Coefficient (c2) 1.5
DE Mutation Factor (F) 0.5
DE Crossover Rate (CR) 0.9

NSGA-II Crossover Probability 0.8
NSGA-II Mutation Probability 1/n
NSGA-II Distribution Index (c) 20
NSGA-II Distribution Index (m) 20

Fig.4: Comparison of Hypervolume Convergence.

Table 4: Progressive Validation Framework (Phase A–E).
Phase Focus Scenario Type Key Objective Main Evidence

Phase A Baseline Validation
Dynamic Energy

Verify Effectiveness vs GA Pareto Front, HV
Scheduling

Phase B
Adaptive Same Scenarios as

Compare with Adaptive GA HV Convergence
Comparison Phase A

Phase C
Cross-algorithm

Hard Scenarios Robustness vs PSO, DE, NSGA-II HV, Stability
Benchmark

Phase D Ablation Study
Single Hardest Validate Necessity Recovery Gain,

Scenario of AGA-DO Components Memory Shift

Phase E
Real-world Real Demand & Wind

Robustness under Repeated Shocks
Recovery Loss,

Validation Profiles Stability
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Fig. 4 demonstrates that AGA-DO maintains
more stable convergence behavior than Adaptive GA.
While Adaptive GA improves convergence speed,
AGA-DO consistently achieves higher hypervolume
and maintains stable learning trajectories, indicating
superior adaptive intelligence.

The results in Fig. 5 show that AGA-DO provides
a broader and more favorable cost–emission trade-off
than GA and Adaptive GA under the tested dynamic
scenario.

Fig.5: Pareto Front Comparison Between GA,
Adaptive GA, And AGA-DO.

5.2 Phase C: Cross-Algorithm Benchmark

The environment in Phase C introduces pro-
nounced dynamic behavior, including non-stationary
objectives and constraints. This phase evaluates
the general adaptability of different algorithmic
paradigms and highlights the strengths and limita-
tions of population-based versus learning-driven ap-
proaches.

As shown in Fig. 6, AGA-DO produces a
broader and more continuous Pareto front in the raw
cost–emission objective space, whereas the bench-
mark algorithms generate either isolated solutions or
a narrower trade-off region. This indicates that AGA-
DO is not limited to a single operating point, but
can maintain diverse trade-off alternatives between
total cost and CO2 emission under the dynamic en-
ergy scheduling scenario. In particular, the extended
front obtained by AGA-DO reflects stronger search
diversity and better adaptation to the changing opti-
mization landscape.

In Fig. 7, the relative hypervolume degradation
is caused by a sudden system shock. AGA-DO expe-
riences a significantly smaller performance drop than
competing algorithms, reflecting intrinsic robustness
or long-term performance retention to abrupt envi-
ronmental changes.

Fig. 8 summarizes the variability of post-shock
recovery across algorithms. AGA-DO exhibits con-

Fig.6: Final Pareto Fronts Obtained By GA,
PSO, DE, NSGA-II, And AGA-DO in the Raw
Cost–Emission Objective Space Under the Dynamic
Energy Scheduling Scenario.

Fig.7: Shock Impact Severity (Phase C).

Fig.8: Recovery Stability (Phase C).
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trolled recovery variability, with a distribution com-
parable to DE and narrower than those of GA and
NSGA-II, indicating consistent post-shock behavior.

5.3 Phase D: Ablation Study

Phase D is designed to analyze the contribution
of individual components within the proposed frame-
work. By selectively disabling key mechanisms such
as temporal smoothing or operator elimination, the
ablation study examines their impact on learning sta-
bility and overall performance.

The results in Fig. 9 indicate that the impact
of component ablation on the cost–emission trade-off
can be clearly observed.

Removing temporal smoothing or operator elimi-
nation increases short-term hypervolume but reduces
learning refinement and long-term robustness.

CV denotes the coefficient of variation of post-
shock recovery gain. Memory Shift represents the cu-
mulative change in operator learning memory (EMA
score) throughout the recovery period. CRL is not
treated as an optimization objective but as a post hoc
evaluation metric capturing accumulated adaptation
inefficiency.

As shown in Table 7, the full AGA-DO configu-
ration provides the most balanced behavior across
hypervolume quality, shock response, recovery con-
sistency, and operator-memory stability. Although
NO ELIM achieves a slightly higher mean HV, it also
shows a larger HV drop and higher memory shift,
indicating weaker long-term robustness. Similarly,
NO STAB exhibits a high recovery ratio but also pro-
duces a larger HV drop and greater recovery variabil-
ity. These results confirm that EMA-based smooth-
ing, operator elimination, and stability control jointly
support robust operator-level learning under dynamic
conditions.

5.4 Phase E: Real-World Shock and Recovery
Validation

Phase E evaluates AGA-DO under a real-world,
highly non-stationary environment with externally
injected shocks. The “Hourly Energy Demand Gen-
eration and Weather” dataset for Spain was used; its
source, coverage, variables, preprocessing, and access
date are summarized in Table 8.

To make the real-world validation reproducible,
the shock design used in Phase E is summarized in

Fig.9: Normalized Cost–emission trade-off obtained
from the ablation study, showing the impact of re-
moving EMA smoothing, operator elimination, and
stability control on solution quality and recovery be-
havior.

Table 8: Real-World Dataset Used in Phase E.
Item Description

Dataset Name
Hourly Energy Demand
Generation and Weather

Platform Kaggle Public Dataset
Country Spain
Resolution Hourly

Data Coverage
1 January 2015 00:00 CET –
31 December 2018 23:00 CET

Electricity Data
ENTSO-E

Source
Weather Data Source Open Weather API
Price Data Source Red Eléctrica De España
Access Date 29 August 2026

Fields Used

Total Load, Wind Generation,
Solar Generation, Generation
by Type, Price, Weather
Variables

Use in this Study
Construction of Real-World
Dynamic Energy Profiles

Preprocessing

Missing-Value Handling,
Hourly Alignment,
Normalization, Scenario
Extraction

Dataset Identifier
nicholasjhana/energy-
consumption-generation-
prices-and-weather

Table 7: blation Study Results of AGA-DO Components.

Variant Removed Component
Mean HV HV Drop Recovery

CV
Memory

(×1012) (%) Ratio(%) Shift
FULL None 1.49 -0.23 108.6 0.0057 1.423
NO EMA Temporal Smoothing 1.28 -0.11 107.6 0.0047 1.177
NO ELIM Operator Elimination 1.51 -0.32 112.0 0.0057 1.920
NO STAB Stability Control 1.45 -0.52 114.6 0.0081 1.435
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Table 9: Common Settings of The Real-World
Multi-Shock Validation Scenario.

Item Description

Scenario
Real-World Multi-Shock Validation
Scenario in Phase E

Shock
Three sequential shocks were
imposed within the same optimization

Structure
run

Common
80 generations per shockShock

Duration
Common

45 generationsRecovery
Window
Shock Z = exp(−τ/(L/3)), where τ is the
Intensity number of generations after the shock
Function trigger and L is the shock duration
Parameter No algorithm-specific parameter
Retuning retuning was performed across phases

Table 10: Detailed Shock Events Used in The Real-
World Multi-Shock Validation Scenario.

Item Description

Scenario
Real-World Multi-Shock
Validation Scenario in Phase E

Purpose

To evaluate the robustness and
recovery capability of AGA-DO
under repeated dynamic
disturbances

Shock 1 Details
Shock Name Renewable Drop Shock
Trigger

0.35TmaxGeneration
Affected Hours 49–96
Affected PV output, wind output, net
Variables demand, ramping pressure
Shock Design PV shortfall = 45%; wind shortfall

= 38%; demand uplift = 8%; ramp-
weight increase = (2.00z)

Interpretation Represents sudden renewable
generation loss, increasing
dependence on dispatchable
biomass generation

Shock 2 Details
Shock Name Severe Fuel-Emission Shock
Trigger

0.62TmaxGeneration
Affected Hours 73–132

Affected
Fuel cost, emission factor, emission
cap, biomass capacity, ramping

Variables
pressure

Shock Design

Fuel-cost shock = 60%; emission
pressure = 40%; emission-cap
tightening = 25%; biomass capacity
derating = [0.82, 0.94, 0.86]; ramp-
weight increase = (1.80z)

Interpretation

Represents simultaneous economic
and environmental pressure,
making the cost–emission trade-off
more difficult

Item Description
Shock 3 Details
Shock Name Volatile Recovery Shock
Trigger

0.82TmaxGeneration
Affected Hours 109–156
Affected Residual demand, renewable
Variables instability, ramping pressure

Shock Design

Residual demand stress = 12%;
renewable instability = 25%;
oscillatory recovery pattern; ramp-
stress increase = (2.50z)

Interpretation
Represents unstable post-
disturbance recovery conditions
after repeated shocks

Table 9. The multi-shock scenario was constructed
to represent three major disturbance patterns in dy-
namic energy systems: renewable generation loss, se-
vere fuel-emission pressure, and unstable recovery af-
ter repeated disruptions. All algorithms were evalu-
ated under the same shock schedule.

Based on these common settings, three distinct dis-
turbance events were imposed to represent renewable-
generation loss, fuel-emission pressure, and unsta-
ble post-shock recovery, as detailed in Table 10.
These shocks provide a controlled basis for evaluating
operator-level learning and recovery under repeated
real-world disturbances.

Recovery Ratio values above 100% indicate that
post-shock performance exceeded the pre-shock ref-
erence level. This distinction ensures that learning
quality is assessed independently of algorithmic bias
toward specific performance indicators.

As shown in Fig. 10, AGA-DO maintains stable
hypervolume performance across the three sequen-
tial shock events and demonstrates consistent post-
shock recovery. Compared with the benchmark al-
gorithms, its performance degradation is more con-
trolled, while recovery remains sustained after re-
peated disturbances. These results indicate that
operator-level learning enables AGA-DO to retain
useful search behavior and adapt effectively under
highly non-stationary real-world conditions.

Importantly, all algorithms were evaluated under
the same real-world shock profiles, and no algorithm-
specific parameter retuning was performed across
phases.

Phase E directly assesses whether adaptive in-
telligence mechanisms enable sustained performance
under real-world conditions (Power Demand and
Renewable-Energy Dataset), providing a definitive
evaluation of learning capability and resilience.

5.5 Performance Metrics and Evaluation Cri-
teria

Algorithm performance is evaluated using hyper-
volume (HV), performance variance, recovery time,
stability, and Cumulative Regret Loss (CRL). CRL
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Fig.10: Hypervolume Evolution Under Multi-Shock
Robustness Validation in Phase E.

is used as a post hoc observational indicator rather
than an optimization objective to quantify accumu-
lated adaptation inefficiency under repeated environ-
mental changes. In Phase E, CRL is defined as

CRL =
∑T

t=1
(fbest(t)− falg(t))

where falg(t) is the performance of the evaluated al-
gorithm, fbest(t) is the best reference performance at
time t, and T is the evaluation horizon. Lower CRL
indicates lower cumulative performance loss and more
consistent adaptation. HV is used as the performance
reference for CRL computation.

6. RESULTS AND DISCUSSION

This section presents and analyzes the experimen-
tal results obtained from the progressive validation
framework described in Section 5. Rather than fo-
cusing solely on final objective values, the analysis
emphasizes learning behavior, robustness, stability,
and recovery capability, which are critical character-
istics of adaptive computational intelligence in non-
stationary environments.

Table 11 shows that AGA-DO achieves the low-
est cumulative regret and the best overall Friedman
ranking among the evaluated algorithms, indicating
superior long-term adaptation and learning reten-
tion under repeated shocks. Friedman test confirmed
significant performance differences among algorithms
(p < 0.05).

Lower CRL values indicate stronger long-term ro-
bustness, faster adaptation, and reduced cumula-
tive performance loss under repeated environmental
shocks.

AGA-DO achieved the lowest mean CRL (0.81)
and the best overall Friedman rank (1.2), demonstrat-
ing superior long-term adaptation under repeated en-
vironmental shocks.

Table 11: Phase E Long-Term Robustness Evalua-
tion.

Algorithm
Mean

Std. CRL
Friedman

CRL Rank
GA 91.5 93.6 4.7
DE 7.34 8.11 3.8

PSO 5.06 6.97 3.4
NSGA-II 2.13 2.42 2.1
AGA-DO 0.81 0.93 1.2

6.1 Convergence Behavior under Dynamic
Conditions

In contrast, AGA-DO exhibits a more controlled
convergence pattern. While its initial convergence
rate may be comparable to baseline methods, it main-
tains the ability to adjust search direction in response
to environmental changes. This behavior indicates
that convergence speed alone is not a sufficient in-
dicator of adaptive intelligence in dynamic optimiza-
tion.

Table 11 highlights that AGA-DO’s advantage lies
in stability and learning retention rather than aggres-
sive convergence.

6.2 Stability and Performance Variance

Performance variance across independent runs pro-
vides insight into the stability of learning mecha-
nisms. Algorithms without explicit learning stabi-
lization mechanisms exhibit large variance under dy-
namic conditions, reflecting sensitivity to noise, ini-
tialization, and transient performance fluctuations.

AGA-DO consistently demonstrates lower variance
across runs, particularly in later experimental phases.
This stability can be attributed to the temporal
smoothing mechanism, which prevents abrupt shifts
in operator selection due to short-term performance
spikes.

As a result, learning trajectories remain coherent
over time, supporting reliable long-term performance.

6.3 Learning Adaptability and Operator Dy-
namics

An important observation from the experiments is
the role of operator-level learning in sustaining adapt-
ability. In AGA-DO, operator selection probabilities
evolve gradually, reflecting accumulated performance
rather than instantaneous rewards. Ineffective oper-
ators are progressively suppressed, while consistently
effective operators gain influence.

This behavior contrasts with adaptive parameter-
based methods, where parameter adjustments do not
directly address the suitability of underlying search
operators. The results suggest that learning which
operators to apply is more critical than how strongly
to apply them, particularly in non-stationary envi-
ronments.
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6.4 Shock and Recovery Performance

AGA-DO demonstrates markedly faster recovery
after shock events. By maintaining a refined yet flex-
ible operator pool, the algorithm is able to reallocate
search effort efficiently when the optimization land-
scape changes. This recovery behavior indicates that
operator-level learning enables not only adaptability
but also resilience to severe disruptions.

6.5 Interpretation in Terms of Adaptive Intel-
ligence

From an adaptive-intelligence perspective, the re-
sults indicate that AGA-DO retains useful operator-
level experience while remaining responsive to re-
peated environmental changes. This behavior is most
clearly reflected by cumulative regret in Phase E:
benchmark algorithms repeatedly accumulate regret
after successive shocks, whereas AGA-DO maintains
substantially lower CRL. Since CRL is not optimized
directly but observed as a post hoc learning indica-
tor, the results support sustained adaptation rather
than short-term reactive recovery.

7. CONCLUSION

This paper presented AGA-DO, an adaptive evolu-
tionary intelligence framework designed for dynamic
and non-stationary optimization problems. By intro-
ducing operator-level learning through dynamic scor-
ing, temporal smoothing, and operator elimination,
the proposed method enables sustained adaptability,
stability, and recovery in changing environments.

A progressive experimental validation framework
was employed to rigorously evaluate adaptive behav-
ior across increasing levels of environmental complex-
ity. The results demonstrate that AGA-DO main-
tains robust adaptive behavior under abrupt envi-
ronmental changes and real-world conditions, even
though no algorithm-specific parameter retuning was
performed across phases.

The findings suggest that effective computational
intelligence in non-stationary environments requires
learning mechanisms that operate beyond parame-
ter adjustment. Operator-level adaptation provides a
promising direction for developing resilient optimiza-
tion algorithms capable of long-term deployment in
dynamic settings.

Future work will explore the extension of the pro-
posed framework to other classes of dynamic opti-
mization problems, including domains with higher-
dimensional decision spaces and more complex inter-
action structures. Additionally, integrating problem-
aware reward design and investigating theoretical
properties of operator learning dynamics represent
promising avenues for further research.
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