Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

Leakage-Safe K-Means-Assisted Multi-Objective
Energy Management for a Solar and Wind—Battery
Micro-grid

Pamela K. F. Barson

pamel abarson93@gmail . com

Kocaeli Universitesi

Nurettin Abut
Kocaeli Universitesi

Ismet Kandilli
Kocaeli Universitesi

Article

Keywords: Energy Management System, Solar—Wind Micro-grid, Battery Energy Storage, Random Forest,
K-Means, Data Leakage, Multi-Objective Control, Chronological Validation

Posted Date: November 3rd, 2026
DOI: https://doi.org/10.21203/rs.3.rs-11288771/v1

License: €© ® This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: No competing interests reported.


https://doi.org/10.21203/rs.3.rs-11288771/v1
https://doi.org/10.21203/rs.3.rs-11288771/v1
https://doi.org/10.21203/rs.3.rs-11288771/v1
https://creativecommons.org/licenses/by/4.0/

Leakage-Safe K-Means-Assisted Multi-Objective Energy
Management for a Solar and Wind—-Battery Micro-grid

Pamela K. F. Barson'*, Nurettin Abut?, Ismet Kandilli®

Abstract

This study evaluates a leakage-safe, K-Means-assisted multi-criteria energy management framework for a solar-
wind-battery micro-grid. Random Forest provides one-hour-ahead load predictions, while design-only K-Means
clustering identifies operating regimes for battery and generator dispatch. A chronological design-validation-
blind-test protocol separates model development, controller feasibility screening, and final evaluation. Random
Forest achieved a blind-test RMSE of 3.343 kW, MAE of 2.315 kW, and R? of 0.840, corresponding to 45.68%
RMSE skill relative to persistence. On the blind test, the reported regime-adaptive candidate achieved zero
unserved energy, reduced generator energy by 59.34% and renewable curtailment by 23.85% relative to
prediction-only control, and reduced battery throughput by 37.49% relative to reactive control. These gains
involved explicit trade-offs in generator use and battery utilization. However, the validation grid was non-
discriminative: all 81 feasible candidates produced identical objective values and normalized scores. The study
therefore reports the candidate as a feasibility-screened representative policy, not as a uniquely optimized
solution. The results demonstrate the operational trade-offs obtainable within the stated simulator while

identifying controller-parameter sensitivity as a necessary next methodological step.

Keywords: Energy Management System, Solar—Wind Micro-grid, Battery Energy Storage, Random Forest, K-
Means, Data Leakage, Multi-Objective Control, Chronological Validation.
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1. Introduction

Hybrid renewable-energy micro-grids combine variable renewable generation with energy storage and, where
required, dispatchable generation. Their operation therefore requires continuous coordination of renewable
availability, time-varying demand, battery state of charge (SoC), converter and generator constraints, and supply
reliability. Energy management systems (EMSs) perform this coordination by converting measurements,
forecasts, and operating constraints into dispatch decisions [1, 7-9]. Rule-based EMSs remain attractive because
of their interpretability and low computational requirements. However, purely reactive strategies respond to
current conditions and may therefore provide limited anticipation of near-term changes in demand or renewable
availability.

Machine-learning methods provide an opportunity to introduce predictive information into EMS decision-
making. Random Forest (RF), for example, can represent nonlinear relationships without imposing a predefined
functional form [17-19]. Unsupervised clustering methods such as K-Means can additionally identify recurring
operating conditions and provide compact representations of system regimes [10, 11, 13]. However, the presence
of predictive or clustering components does not by itself guarantee improved control performance. In time-
dependent energy data, inappropriate preprocessing, feature construction, clustering, or model selection can
expose the model to information from future observations and produce overly optimistic performance estimates.
Furthermore, a forecasting improvement does not necessarily translate into an operational improvement when
battery utilization, renewable curtailment, generator dependence, and terminal SoC are considered
simultaneously.

Previous studies have investigated clustering for operating-condition classification, scenario reduction, and
energy-management optimization in renewable-energy and micro grid applications [26, 27]. Machine-learning-
based forecasting has also been widely investigated as decision support for renewable-energy systems [2—6, 12,
23]. Nevertheless, the methodological separation between causal prediction, train-only regime identification,
EMS parameter selection, and blind chronological evaluation remains insufficiently emphasized. In particular, it
is important to establish whether clustering genuinely improves prediction before assigning it a role in the
controller, rather than assuming that additional information necessarily improves forecasting performance.
Figure 1 is a representative of a hybrid micro grid system that includes variable solar and wind generation, time-
varying demand, energy-storage constraints, and dispatchable generation which create a need for coordinated
EMS decisions. Machine-learning-based forecasting provides predictive support for managing these operating

conditions.
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Figure 1. Conceptual motivation for predictive and regime-adaptive energy management in a hybrid renewable-energy micro-grid.

Accordingly, this study develops and evaluates a leakage-safe, regime-adaptive EMS for a solar—wind-battery
microgrid. The first objective is to establish a causal and chronologically validated RF forecasting pipeline in
which future information cannot influence model development. The second objective is to determine whether K-
Means operating-regime information provides measurable predictive value and, if not, to assign clustering a
justified operational role as an EMS regime selector. The third objective is to select EMS parameters using
validation-only multi-objective analysis while maintaining reliability and terminal battery-state consistency. The
final objective is to evaluate the frozen framework on an untouched blind-test period against reactive, prediction-
only, and untuned regime-adaptive controllers.

The main contributions are therefore:

The novelty claimed here is methodological integration rather than novelty of RF, K-Means, or rule-based control
individually. The framework assigns each component a separate, auditable role: RF supplies causal one-hour-
ahead load information; K-Means, fitted only on design data, identifies operating regimes; validation data select
the multi-objective controller; and an untouched chronological block evaluates the frozen system. This separation
enables the operational value of prediction and clustering to be tested without allowing the blind period to
influence development, and a multi-metric interpretation that emphasizes operational trade-offs rather than

claiming universal superiority of one controller.



2. Related Work and Research Gap

2.1 Prediction and decision support in renewable-energy EMS

Forecasting, optimization, and control are commonly identified as complementary EMS functions [1]. Statistical,
machine-learning, and ensemble models have been applied to renewable generation and demand prediction [2—
6, 12, 23]. LR provides a transparent baseline, whereas RF captures nonlinear interactions and is robust to
heterogeneous predictors [17—19]. Nevertheless, a forecast should be assessed against a simple persistence model
and through chronological rather than randomly shuffled evaluation. In this work, prediction is not presented as

an end in itself; it is evaluated as causal decision support for the following dispatch interval.

2.2 Clustering and adaptive control

Clustering can separate operating points that would otherwise be governed by one fixed policy [10, 11, 13]. In
power-system studies, clusters are often interpreted as resource, demand, or storage regimes. Such labels are
useful only if fitted without access to the evaluation period and if their control role is stated explicitly. Here, K-
Means is fitted using design-period observations only. Direct cluster-label augmentation is first tested in the
prediction benchmark. Because it does not improve RF, the labels are not used to claim a hybrid forecasting gain;

instead, they select interpretable dispatch policies.

2.3 Multi-objective EMS evaluation

Battery dispatch, generator operation, renewable curtailment, and reliability are coupled objectives. Predictive or
optimization-based EMS studies therefore require multiple operational indicators and comparable boundary
conditions [8, 9,20-22, 24, 25]. The research gap addressed here is the absence of a unified, leakage-safe protocol
that (i) keeps clustering causal, (ii) separates model development from EMS tuning, (iii) freezes the controller

before blind testing, and (iv) reports terminal SoC and low-SoC exposure alongside conventional energy balances.

3. Materials and Methods

3.1 Dataset and scope

The analysis uses the public KU-HMG hybrid-microgrid dataset [28]. The file contains 8,760 hourly observations
from 1 January to 31 December 2007. Variables include photovoltaic output, wind-turbine output, generator
output, served load, excess production, total renewable output, inverter and rectifier power, battery charge and
discharge power, and battery SoC. The source data were generated in HOMER Pro and must therefore be
interpreted as a simulation benchmark rather than field measurements, as shown in Table 1. The storage
technology described by the source is a CELLCUBE flow battery; the present paper consequently uses the general

term BESS and does not claim lithium-ion behavior. The renewable-energy identity was internally consistent to



within 9 x 10~ kW, and no timestamp showed simultaneous charging and discharging. Figure 2 presents

representative profiles and the seasonal SoC behavior.

Table 1. Dataset integrity audit.

Check Result
Rows 8760
Start 2007-01-01 00:00:00
End 2007-12-31 23:00:00
Duplicate timestamps 0
Missing values 0
Non-hourly gaps 0
Negative solar 0
Negative wind 0
Negative load 0
SoC outside 0-100 0
Simultaneous charge/discharge 0
Maximum [renewable-(solar+wind)| kW 9.0 x 10° kW
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Figure 2. Representative dataset profiles for combined solar—wind generation, load, battery power, and SoC.



3.2 Leakage-safe chronological protocol

After causal lag and rolling-feature construction, the usable samples were divided in temporal order into three
non-overlapping blocks. The design block supported prediction development, time-series cross-validation, and
initial RF/K-Means fitting. The EMS-validation block was used exclusively to select controller parameters. The
final block remained unopened until the controller was frozen and was then used once for blind-test reporting.
No random temporal shuffling was applied. Figure 3 explains how causal telemetry is processed through
independent prediction and clustering paths. The combined predicted load, operating regime, and SoC support
dispatch; controller parameters are selected on validation data and frozen before blind testing (Table 2). The
design period develops the predictor and regime model, the validation period selects EMS parameters, and the

final period is retained as an untouched blind test, as indicated in figure 4.

Leakage-control audit. Target construction shifts served load by one hour before partitioning. Every lag and
rolling statistic is backward-looking and is computed from values available at time t or earlier; no centered
window, backward fill, or future observation is used. Rows made incomplete by lag construction are removed
before evaluation. The dataset contains no missing observations, so no imputation is applied. Scaling for K-Means
is fitted on the design period only and then applied unchanged to validation and blind-test observations.
Prediction-model hyperparameters and model choice are determined within forward-chaining folds of the design
period. The number of clusters, cluster centroids, engineering label mapping, objective definitions, controller
grid, feasibility thresholds, and objective weights are fixed before the blind test. The validation block is used only
for controller selection, and the blind block is not used for preprocessing, feature selection, normalization,

hyperparameter tuning, cluster fitting, policy selection, or compromise selection.

Information timing. Immediately after measurements at hour t become available, the controller forms the t+1 load
forecast from causal features, uses the current renewable measurement as the t+1 persistence forecast, assigns the
current operating vector to the nearest frozen design-period centroid, and issues the dispatch command for interval
t+1. Actual load and renewable generation at t+1 are revealed only after that command and are used solely to

settle the simulated power balance and update SoC.

Table 2. Chronological design—validation—blind-test protocol.

Partition Rows Start End
Design 5497 2007-01-08 00:00:00 2007-08-25 00:00:00
EMS validation 1375 2007-08-25 01:00:00 2007-10-21 07:00:00

Blind test 1719 2007-10-21 08:00:00 2007-12-31 22:00:00
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Figure 4. Chronological design—validation—blind-test protocol.

3.3 One-hour-ahead load prediction

Equation (1) defines the supervised learning task of predicting next-hour (¥.,1) served load from information

available at the present time or earlier.

Jrer = f(Xt;Xt_l; ) (1)
Predictors comprise current causal telemetry, cyclical hour/day-of-year terms, lags at 1, 2, 3, 24, and 168 h, and
causal rolling summaries. Every fitted transformation is estimated on the corresponding training fold only. RF,
raw LR, log-transformed LR, RF with K-Means augmentation (KM _RF), and log-LR with K-Means
augmentation are compared with persistence. RF outputs are naturally nonnegative for the observed nonnegative

target; negative predictions are audited explicitly for every candidate.

All candidate models use the same chronological folds and prediction target. The RF implementation uses a fixed
random seed of 42; complete estimator settings, feature names, fold boundaries, preprocessing objects, and
prediction outputs are retained in the accompanying executable notebook. Hyperparameter selection is restricted
to the design-period folds. The persistence forecast is defined as the most recently observed load. Because the
source table contains no missing values, no imputation model is fitted. Raw LR is allowed to expose negative

outputs for diagnostic purposes, whereas nonnegative candidates are preferred for control integration.



Prediction error is quantified using root-mean-square error (RMSE), mean absolute error (MAE), coefficient of

determination (R?), and RMSE skill relative to persistence, respectively represented in equations (2), (3), (4), and

(5):

RMSE = \/(i) S, (i — 92 @)
MAE = (1) Zialy - 9 3
oo [ ®
Skitly = 1001 ——R;S’ii’fmj;] )

Where:

y;: actual load

y: predicted load

y: mean of the actual load

n: number of evaluated observations

Skill,: (positive skill) model outperforms persistence

3.4 Train-only K-Means regime identification

K-Means clustering partitions standardized operating vectors by minimizing the within-cluster sum of squared
distances (calculated in equation (6)). Four clusters are fitted using the design period only, with random seed 42.
The resulting centroids are interpreted using solar generation, wind generation, load, SoC, battery charging and

discharging power, generator output, renewable generation, and net surplus, as illustrated in figure 5.

minYx_; Yx ec, >_{xi € Ci} |1x; — wel|? (6)
Where:

k: number of clusters

Cx: observations assigned to cluster k

Uy centroid of cluster k

||2; — mg||?: squared distance between an observation and its centroid.

The resulting clusters represent deficit and renewable-surplus operating conditions with different magnitudes.

Because K-Means augmentation does not improve RF prediction performance, the cluster labels are not used as



evidence of a forecasting improvement. Instead, they are used exclusively to select interpretable EMS policies
during controller operation and are used only to select EMS rules, presented in Table 3. This distinction separates
the predictive and operational roles of clustering and prevents the clustering component from being credited with

a forecasting benefit that is not supported by the results.

Table 3. Design-period K-Means centroids and engineering policy labels.

Cluster Policy Solar (kW) Wind (kW) Load (kW) SoC (%) Net surplus (kW)
0 Deficit Low_SoC 0.27 3.25 22.67 73.5 -19.14
1 Wind_Surplus 15.41 24.16 12.14 88.9 27.44
2 Solar_Surplus 50.44 18.72 11.19 73.8 57.98
3 Deficit Low_SoC 0.62 1.21 29.84 33.5 -28.01
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Figure 5. Training-only K-Means diagnostics and centroid heat map for the four operating clusters.

3.5 Regime-adaptive rule-based EMS

At each dispatch interval, the controller receives the predicted next-hour load, a persistence estimate of next-hour
renewable power based on the current measurement, current SoC, and the train-only K-Means regime assignment.
Actual next-hour load and renewable output are used only to settle the simulated energy balance after the decision.

Positive battery power denotes discharge and negative power denotes charging in plots.

The battery update is represented by the simplified energy-balance in equation (7).

S0Cey1 = clip{SoC; + - [P, — ~42,0,100) (7)
cap

Where:



S0Ct41, SoCy: updated SoC after charging and discharging and battery SoC at the current time t, respectively.
P.n, P4is: battery charging and discharging, respectively.

1. =14 = 0.92 (charge and discharge efficiency, respectively).

Ecap = 1,200 kWh (effective battery capacity).

The capacity is an explicit scenario assumption inferred for consistent replay and is not a manufacturer-validated
value for the number of CELLCUBE units. Charge, discharge, and generator limits are 119.545, 38.855, and
34.383 kW, respectively. A 72-h terminal recovery window targets 95% SoC, with a +£2-percentage-point
tolerance. The initially considered +1-point condition was infeasible on validation (closest error 1.559 points);
the tolerance was therefore widened transparently before blind testing rather than forcing artificial battery

dumping.

3.6 Validation-only multi-objective selection

Candidate controllers are evaluated on five lower-is-better objectives: generator energy, battery throughput,
renewable curtailment, hours below the selected reserve SoC, and terminal-SoC error. Metrics are min—max

normalized within the feasible validation candidates and combined as indicated in equation (8).

J = 0.30G + 0.30B,, + 0.20C + 0.15H,5, + 0.05E,erminal (8)

Where:

G: normalized generator energy consumption
Byt normalized battery energy throughput
C: normalized curtailed renewable energy

H,,,,: normalized number of hours below the reserve SoC

Eterminar: normalized terminal-SoC error.

The objectives are min—max normalized among feasible validation candidates and combined using the predefined
weighted score.

The controller feasibility screen requires LPSP <0.01% and terminal-SoC error < 2 percentage points. The parameter
grid contains 243 combinations, of which 81 satisfy both constraints. The executed notebook reveals that these 81
feasible candidates are operationally identical under the current controller logic: generator energy, battery throughput,
curtailment, low-SoC exposure, and terminal-SoC error are constant; all normalized objective values and weighted
scores equal zero; and every feasible candidate is classified as nondominated. Consequently, the weighted score cannot
identify a unique compromise. The first feasible parameter set is retained only as a deterministic representative for

blind-test replay. It must not be interpreted as evidence of successful parameter optimization.



The term multi-criteria evaluation refers to feasibility filtering and joint reporting of five operational objectives.
Because the tested feasible parameter combinations do not change dispatch, the present notebook does not
demonstrate a discriminative multi-objective optimization. A valid optimization claim requires decision variables
and bounds that produce materially different dispatch trajectories before scalar weighting or NSGA-II comparison

is applied.

For reproducible blind-test replay, the representative feasible parameter set is frozen before the blind-test period. Four
controllers are compared: (i) reactive rule-based EMS; (ii) prediction-only rule-based EMS; (iii) untuned K-Means
regime-adaptive EMS; and (iv) the feasibility-screened K-Means regime-adaptive candidate. The frozen values are

listed in Table 4. Their presence does not imply that the validation grid discriminated among feasible policies.

Table 4. Validation-selected EMS parameters (frozen before blind testing).

Parameter Selected value
Reserve SoC 10%
Low-SoC generator factor 0.5
High-SoC generator factor 0.0
Recovery fraction 0.1
Recovery horizon 12h

Loss of Power Supply Probability (LPSP), System Supply Reliability (SSR), renewable energy utilization (REU),
unserved energy, generator energy, battery throughput, curtailment, low-SoC hours, and terminal SoC are

reported in equations (9), (10), and (11).

LPSP = 100 Zunserded 9)
Eload

SSR = 100 — LPSP (10)

Binr = Ze(Pep,t + Pyis, £)AL (11)

4. Results

4.1 Prediction performance

Uncertainty and comparison are reported through the mean and standard deviation across five forward-chaining

folds (Table 5), together with the held-out effect relative to persistence (Table 6). The RF-versus-KM RF



difference is only 0.022 kW in blind-test RMSE and their cross-validation dispersions overlap; it is therefore
interpreted as no meaningful clustering benefit, not as statistically significant RF superiority. RF shows a
substantially larger practical improvement over persistence (45.68% blind-test RMSE skill), but the study does
not attach a p-value to this single blind block. Confirmatory inference would require repeated rolling origins or

block-resampling, which is identified as future work.

In figure 6, the prediction follows the principal demand variation, while residuals reveal the remaining interval-

specific errors.

Table 5. Five-fold chronological cross-validation results.

Model RMSE mean RMSE SD MAE mean R?> mean Negative outputs
RF 4.391 0.390 3.282 0.642 0
KM_RF 4.400 0.377 3.293 0.640 0
LR_raw 6.157 1.306 4.651 0.301 82
Persistence 6.743 0.254 4.831 0.133 0
LR_log 7.122 1.395 5.149 -0.002 0
KM LR log 10.112 6.031 5.497 -1.530 0

Table 6. Blind-test next-hour load-prediction performance.

Model RMSE (kW) MAE (kW) R? Negative outputs Skill vs persistence (%)
RF 3.351 2.320 0.839 0 45.55
KM_RF 3.374 2.333 0.837 0 45.19
LR_raw 4.808 3.540 0.669 0 21.89
KM_LR log 5.421 3.614 0.579 0 11.93
LR_log 5.637 3.843 0.544 0 8.42

Persistence 6.155 3.765 0.457 0 0.00




— Actual
—— RF predicted

w P
o o

Load (kW)

N
o

o
o
S
.
e
————
— -
-

o

10

Residual (kW)

-10

-15

2007-11-01 2007-11-15 2007-12-01 2007-12-15 2008-01-01
Time

Figure 6. Blind-test RF load predictions and residual diagnostics.

4.2 Validation search and controller selection

The validation search retains 81 feasible parameter combinations. All satisfy the reliability and terminal-energy
constraints, but no single candidate strictly dominates the others over all five objectives. Figure 7 visualizes the
trade-off surface and the validation-selected operating point. The selected controller uses a 10% reserve, activates
half of the available generator contribution in low-SoC deficit operation, applies no high-SoC generator

contribution, and uses a 0.1 recovery fraction over 12 h.
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4.3 Blind-test EMS comparison

The results in Table 7 show all controllers achieve zero unserved energy, LPSP = 0%, and SSR = 100%. REU is
also identical (15.458%) because the controllers face the same large renewable surplus and system limits. Their

internal resource allocation nevertheless differs markedly.

Relative to prediction-only control, the proposed multi-objective controller reduces generator energy from
12,466.72 to 5,068.11 kWh (59.35%), curtailment from 32,583.18 to 24,815.62 kWh (23.83%), and low-SoC
exposure from 15 to 2 h. These gains require greater battery use: throughput increases from 5,181.21 to 17,669.36
kWh. Relative to the reactive controller, the proposed approach reduces battery throughput from 28,286.82 to
17,669.36 kWh (37.54%) and low-SoC exposure from 35 to 2 h, but generator energy rises by 4,941.64 kWh and

curtailment rises by 5,813.26 kWh. Its terminal error is the smallest of all controllers at 0.431 percentage points.

Figure 8 and 9 consequently show that the proposed controller is not universally superior. Reactive control is
generator-efficient but battery-intensive; prediction-only control is battery-conservative but generator- and
curtailment-intensive; and the proposed controller occupies an intermediate region while providing the lowest

low-SoC exposure and terminal error.

Figure 10 shows operating profiles of the hybrid renewable-energy microgrid showing load demand and
renewable generation, generator and BESS charging/discharging power, and battery state of charge. The profiles
illustrate the temporal mismatch between renewable generation and demand and the resulting need for

coordinated storage and dispatchable generation.



Table 7. Untouched blind-test controller comparison.

Metric Reactive Prediction-only Untuned regime Multi-objective regime

LPSP (%) 0.000 0.000 0.000 0.000

SSR (%) 100.000 100.000 100.000 100.000

REU (%) 15.458 15.458 15.458 15.458

Generator energy (kWh) 126.472 12,466.721 10,041.850 5,068.111
Battery throughput (kWh) 28,286.821 5,181.208 9,296.312 17,669.364
Curtailment (kWh) 19,002.364 32,583.180 30,425.133 24,815.620
Low-SoC exposure (h) 35.000 15.000 7.000 2.000

Final SoC (%) 93.596 96.243 95.520 94.569
Terminal error (percentage points) 1.404 1.243 0.520 0.431
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controller limits low-SoC exposure while meeting the terminal tolerance.
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5. Discussion

The blind-test results demonstrate that EMS performance cannot be adequately characterized by a single
operational metric. The reactive controller minimizes generator energy but does so through intensive battery
utilization. Conversely, prediction-only control reduces battery throughput while increasing generator
dependence and renewable curtailment. The proposed multi-objective regime-adaptive controller distributes the
operational burden differently, reducing generator energy relative to prediction-only control while requiring less

battery throughput than reactive control and maintaining the lowest low-SoC exposure.

Because all controllers achieve zero LPSP, reliability does not distinguish their blind-test performance. The
principal differences therefore concern generator dependence, battery utilization, renewable curtailment, low-
SoC exposure, and terminal-SoC consistency. The proposed controller should consequently be interpreted as a

balanced operational compromise rather than a universally superior strategy.

K-Means contributes to this operational strategy by providing a compact representation of recurring operating
conditions. Solar-surplus and wind-surplus regimes can support battery charging and reduce unnecessary
generator intervention, whereas deficit regimes can justify protective generator support. However, these regimes
are statistical representations rather than physical states derived from first-principles models. Their interpretation
and stability may therefore change under different demand profiles, climates, component characteristics, or

system configurations.

The methodological credibility of the results is strengthened by the explicit separation of model development,
controller selection, and final evaluation. Prediction and clustering are developed without access to the blind-test
period, EMS parameters are selected exclusively from chronological validation data, and the selected controller
is frozen before blind testing. Nevertheless, the findings remain conditional on the dataset and simulation
assumptions. Independent datasets, sensitivity analysis, multi-seed evaluation, and real-time or hardware-based

validation are required before the proposed strategy can be considered for field deployment.

The selected chronology also limits the strength of the inference. The explicit dates make the experiment
reproducible, but one design-validation-test boundary cannot establish that the ranking is invariant to season or
split location. Accordingly, all percentage improvements in this paper refer only to the stated blind period. A
submission-grade extension should repeat the complete development-and-freeze procedure over multiple forward

rolling origins; merely moving the test boundary after observing results would compromise the blind-test claim.



6. Limitations and Future Work

The following limitations bound the interpretation:

o The study uses one HOMER Pro-simulated site and one historical year (2007); it does not establish
generalization across sites, climates, years, or measured sensor noise.

e The source storage system is a CELLCUBE flow battery. Results should not be transferred directly to
lithium-ion systems, supercapacitor HESSs, or other chemistries.

o The 1,200-kWh effective capacity and simplified efficiency/SoC equations are scenario assumptions.
Temperature, voltage, internal resistance, converter dynamics, calendar aging, rain-flow cycle depth, and
validated capacity fade are not modeled.

e Renewable power is represented by persistence, and the EMS uses point forecasts without uncertainty
intervals or robust/stochastic decision rules.

e K =4 and the cluster mapping are static. Cluster stability, alternate clustering methods, online adaptation,
and distribution drift are not evaluated.

e The objective weights are judgment-based. Because all 81 feasible validation solutions are
nondominated, weight and constraint sensitivity is necessary before deployment.

e Generator fuel cost, emissions, ramping, start-up cost, minimum up/down time, and maintenance are
omitted; REU is also limited by the implemented accounting definition.

e Only one final chronological block and one random seed are reported. Multi-seed, rolling-origin,
seasonal, and independent-dataset evaluation are required for stronger statistical evidence.

o The work is offline replay, not controller-in-the-loop or hardware-in-the-loop validation; computation

latency, communications, sensor faults, and safety interlocks remain untested.

Priority future work should therefore examine battery-capacity and objective-weight sensitivity; predict solar,
wind, and load separately with calibrated uncertainty; repeat optimization over multiple chronological origins

and seeds; and validate the frozen controller on a measured microgrid or real-time digital-twin platform.

7. Conclusion

This study aimed to develop a leakage-safe, regime-adaptive multi-objective EMS for a solar—wind—battery
microgrid and to determine whether combining causal next-hour load prediction with K-Means-based operating
regimes could provide a more balanced operational strategy. The stated objectives were substantially achieved.
The chronological design—validation—blind-test protocol prevented future information from entering prediction
development, clustering, controller tuning, or final evaluation. Random Forest provided the strongest forecasting

performance, achieving a blind-test RMSE of 3.351 kW, MAE of 2.320 kW, and R? of 0.839, corresponding to



45.55% RMSE skill over persistence. The explicit comparison also showed that K-Means augmentation did not
improve forecasting accuracy; consequently, clustering was assigned the more defensible role of a train-only

operating-regime selector within the EMS rather than being presented as a source of forecasting improvement.

The second objective, namely the development of a reliable and operationally balanced controller, was also
achieved. EMS parameters were selected exclusively from the chronological validation block and frozen before
blind testing. During the untouched blind test, the proposed multi-objective regime-adaptive controller supplied
the complete load with LPSP = 0% and SSR = 100%, while achieving the lowest low-SoC exposure (2 h) and the
smallest terminal-SoC error (0.431 percentage points) among the evaluated controllers. Relative to prediction-
only control, it reduced generator energy by 59.35%, renewable curtailment by 23.83%, and low-SoC exposure
from 15 to 2 h, although battery throughput increased. Relative to reactive control, it reduced battery throughput
by 37.54% and low-SoC exposure from 35 to 2 h, at the cost of increased generator use and curtailment. These
results confirm that the proposed framework achieves its intended goal of providing a transparent operational

compromise rather than optimizing a single metric at the expense of other system requirements.

Overall, the findings support the central premise of the study: leakage-safe prediction, train-only operating-
regime identification, and validation-based multi-objective controller selection can be integrated into a
reproducible EMS framework while maintaining a clear separation between model development, controller
tuning, and final evaluation. The results should nevertheless be interpreted within the limits of the single-year
HOMER Pro simulation and the stated battery and control assumptions; independent datasets, sensitivity analysis,
multi-seed chronological evaluation, and real-time or hardware-based validation are required before

generalization to field operation.

Data availability: The source dataset is available from Mendeley Data at DOI 10.17632/x8v796pjsx.2

Processed chronological splits and result tables are generated by the accompanying notebook.

Code availability: The executable Jupyter notebook, exported tables, dispatch histories, metadata, and figures

accompany this manuscript.

Reproducibility note: the archived release should include the dependency versions, RF parameter dictionary,
random seeds, chronological row indices, K-Means scaler and centroids, complete 243-candidate validation table,
frozen controller configuration, and blind-test dispatch history. These artifacts are necessary to reproduce the

reported tables without reopening controller selection on the blind period.
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