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Rapid urbanization and increasing energy consumption have intensified the
need for intelligent approaches that support sustainable and efficient energy
management in smart green cities. This study investigates the effectiveness
of machine learning models in improving energy demand forecasting and en-
ergy optimization through a reliability-oriented evaluation framework. The re-
search utilizes a real-world smart city energy consumption dataset compris-
ing 17,520 hourly observations collected between January 2022 and December
2023. Three machine learning models, namely Random Forest, Support Vec-
tor Machine (SVM), and Long Short-Term Memory (LSTM), were developed
and evaluated using 30 independent execution runs. Model performance was as-
sessed through Mean Absolute Error (MAE), Root Mean Square Error (RMSE),
coefficient of determination (R?), reliability analysis, and interpretability con-
sistency measurements. The results demonstrate that LSTM achieved the best
predictive performance with an MAE of 0.31, RMSE of 0.45, and R? of 0.93,
outperforming Random Forest and SVM across all evaluation metrics. Further-
more, LSTM exhibited the highest reliability score of 0.912 and superior ex-
planation stability, indicating robust and consistent performance under repeated
executions. The forecasting outputs were integrated into an energy optimization
framework, resulting in reductions in peak energy loads and overall electric-
ity consumption. These findings confirm that reliable and explainable machine
learning models can support adaptive, data-driven energy management strategies
capable of enhancing operational efficiency and sustainability in urban environ-
ments. The proposed framework contributes to the development of trustworthy
intelligent systems for smart green cities and supports the achievement of sus-
tainable development objectives related to clean energy, sustainable communi-
ties, and climate action.
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1. INTRODUCTION

The rapid expansion of urban populations and the continuous growth of industrial and residential ac-
tivities have caused a dramatic increase in global energy consumption, making cities one of the largest contrib-
utors to carbon emissions and environmental degradation [1]. Urban areas require large amounts of electricity
for transportation, housing, industrial activity, public facilities, and digital infrastructure [2]. This condition
places strong pressure on existing energy systems and increases the urgency of developing intelligent, sustain-
able, and adaptive urban energy management approaches. This global challenge is closely aligned with the
United Nations Sustainable Development Goals (SDGs), particularly SDG 7 on affordable and clean energy,
SDG 11 on sustainable cities and communities, and SDG 13 on climate action [3]. These goals emphasize the
importance of clean, efficient, and resilient urban energy systems that can respond to the dynamic demands
of growing populations. Traditional energy management systems in many cities are often static, reactive, and
inefficient because they rely heavily on historical averages rather than real-time data to regulate energy distri-
bution and consumption [4]. As a result, conventional approaches often struggle to adapt to dynamic urban
environments where energy demand changes rapidly due to weather conditions, population behavior, mobility
patterns, and economic activity. In response to these challenges, the concept of smart green cities has emerged
as an integrated urban development model that combines digital technologies, renewable energy, sustainability
principles, and intelligent infrastructure [5S]. Smart green cities aim to reduce environmental impacts while
improving quality of life and operational efficiency. However, many smart city initiatives still face important
limitations in predicting energy demand accurately and optimizing energy usage in a scalable and adaptive
manner. Machine learning has recently gained significant attention as a transformative tool capable of ana-
lyzing large-scale urban data and generating predictive insights that support intelligent decision-making [6].
By learning complex patterns from historical and real-time data, machine learning models can forecast energy
consumption, detect anomalies, and optimize energy distribution with higher accuracy than rule-based or tra-
ditional statistical approaches. Various studies have demonstrated the potential of machine learning techniques
such as Random Forest, SVM, and deep learning architectures in energy demand forecasting, load balancing,
and energy efficiency optimization [7].

Nevertheless, existing research often focuses on isolated components of urban energy systems, such
as individual buildings, microgrids, or specific renewable energy sources. Many models are also developed us-
ing limited datasets or evaluated mainly based on prediction accuracy, without sufficient attention to reliability,
robustness, reproducibility, and interpretability [8]. In this study, three constructs are explicitly distinguished
to avoid terminological ambiguity: reliability refers to the consistency of model performance metrics across re-
peated independent executions under identical conditions; robustness refers to the model’s capacity to maintain
acceptable performance under data variation, noise, or distributional shift; and reproducibility refers to the abil-
ity of independent researchers to obtain comparable results by following the same dataset preparation, model
configuration, and evaluation procedures. In the context of smart green cities, high prediction accuracy alone
is not sufficient because urban energy decisions affect infrastructure planning, operational costs, environmental
sustainability, and public policy [9]. Therefore, machine learning models for urban energy management must
be accurate, stable, explainable, and reproducible. Although previous studies have examined machine learning
for energy forecasting, many of them emphasize predictive accuracy without explicitly addressing reliability,
reproducibility, and interpretability as essential requirements for Al-based decision-support systems [10].

This study is motivated by a fundamental problem: existing machine learning evaluations for urban
energy management predominantly rely on single-run accuracy metrics derived from limited datasets, without
sufficiently addressing whether models produce stable, reproducible, and interpretable outputs under repeated
execution conditions. This limitation is consequential because urban energy decisions directly affect infras-
tructure planning, public resource allocation, and long-term sustainability commitments. Without reliable and
consistent model behavior, deploying machine learning in high-impact smart city governance contexts intro-
duces operational and accountability risks that undermine institutional trust and policy credibility. This study
addresses this problem by evaluating machine learning models through a reliability-oriented experimental de-
sign comprising 30 independent execution runs per model applied to a real-world smart city energy dataset of
17,520 hourly observations spanning January 2022 to December 2023. The main contributions of this study are
threefold: it develops a scalable machine learning framework for smart green city energy forecasting [11]; it
compares the performance of Random Forest, SVM, and LSTM using real-world urban energy datasets under
identical experimental conditions; and it integrates reliability, reproducibility, preprocessing transparency, and
interpretability discussion into the evaluation of Al-based energy decision support [12, 13].
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2. LITERATURE REVIEW

Machine learning has become a foundational technology in urban energy management due to its ca-
pacity to process large-scale, high-dimensional, and nonlinear data that conventional statistical models such as
ARIMA and linear regression cannot adequately capture [14, 15]. Algorithms including Random Forest, Gra-
dient Boosting, Support Vector Machine, and deep neural networks have demonstrated strong performance in
both short-term and long-term urban energy demand forecasting [16]. These models learn from smart meters,
IoT sensors, weather monitoring platforms, and historical consumption records, delivering predictive insights
that support load balancing, peak demand management, and more efficient resource allocation for grid oper-
ators, energy providers, and policymakers [17, 18]. Within smart green city frameworks, energy efficiency is
a central pillar that directly reduces carbon emissions, lowers operational costs, and strengthens urban infras-
tructure resilience [19]. Smart green cities rely on real-time monitoring and data-driven systems to respond
dynamically to demand fluctuations driven by temperature extremes, working-hour cycles, and mobility pat-
terns [9]. Machine learning transforms raw urban data into actionable forecasting outputs that support energy
scheduling, demand-side management, and sustainability planning aligned with SDG 11 and SDG 13 [20].
Among deep learning architectures, Long Short-Term Memory (LSTM) networks are particularly well-suited
to urban energy forecasting because they capture long-range temporal dependencies in sequential consumption
series [21, 22]. Random Forest offers robust nonlinear pattern recognition with resistance to overfitting, while
Support Vector Machine provides effective kernel-based regression in high-dimensional input spaces [23, 24].
Nonetheless, model selection must not be grounded solely in prediction accuracy. Recent studies establish that
machine learning systems deployed in high-impact contexts must additionally satisfy reliability, robustness,
and reproducibility requirements [25].

2.1. Reliability-Oriented Evaluation, Research Gaps, and Positioning

Recent reliability and stability-focused Al evaluation studies demonstrate that robust model assess-
ment must incorporate repeated execution testing, explanation consistency analysis, and transparent method-
ological reporting [26, 27]. Explanation stability research further establishes that interpretable Al outputs must
remain consistent across retraining or repeated evaluation, as attribution variability directly undermines gov-
ernance oversight and institutional accountability [28]. Despite these advances, existing reliability-oriented
frameworks remain situated in general Al or explainable Al contexts and have not been systematically applied
to smart green city energy forecasting. Table 1 positions the proposed framework against these two categories
of prior work to delineate the novelty of the present study.

Table 1. Comparison with Recent Reliability and Stability-Focused Al Evaluation Studies

Study Focus

Main Evaluation Emphasis

Difference from the Proposed Frame-
work

Reliability-focused
Al evaluation
[26, 27]

Repeated execution, perfor-
mance consistency, robustness,
and reproducibility

Focus on general Al reliability without
integrating energy demand forecasting,
smart green city decision support, or gov-
ernance alignment

Explanation stability

Stability of interpretability out-

Emphasize attribution consistency in gen-

studies [28] puts and consistency of model eral Al contexts but do not connect ex-

explanations planation stability with urban energy opti-
mization or smart city governance
Proposed framework  Predictive accuracy, 30-run Integrates all dimensions within one ap-
reliability quantification, plied framework specifically designed for
preprocessing transparency, smart green city energy efficiency opti-

interpretability consistency, and mization

governance alignment

As shown in Table 1, the proposed framework advances prior work by unifying forecasting perfor-
mance and reliability-oriented assessment within a single applied framework targeting smart green city con-
texts. Several research gaps motivate this contribution. Many existing studies focus on isolated subsystems
such as individual buildings or microgrids rather than city-wide networks, train models on static datasets that
limit real-time adaptability, and report accuracy metrics without documenting repeated execution settings, nor-
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malization techniques, or interpretability stability [29, 30]. Limited attention has also been given to integrating
machine learning outputs with governance and policy decision-making systems, reducing both reproducibility
and practical value [31]. The present study addresses these gaps through a unified, scalable, and reliability-
oriented framework grounded in transparent experimental design and structured governance alignment.

3. RESEARCH METHODOLOGY

Figure 1 illustrates the overall methodological framework of this study, which proceeds through
four sequential stages: data acquisition and preprocessing, machine learning model development, repeated-
execution evaluation, and governance-oriented decision-support assessment. Each stage feeds directly into the
next, ensuring that forecasting quality is validated before outputs are integrated into the energy optimization
decision layer.

’ Data Collection l

¥

’ Data Preprocessing —l

+

I Feature Engineering |

+

Machine Learning Model Training
(Random Forest, SVM, LSTM)

+

Model Evaluation
(MAE, RMSE, R?)

v

Energy Efficiency Optimization

Figure 1. Research Methodology Framework: Sequential Flow from Data Acquisition to Energy Optimization
Decision Support

As illustrated in Figure 1, the preprocessing stage determines the quality and comparability of model
inputs; the model training and evaluation stage generates and validates predictive outputs through a 30-run
repeated-execution protocol; and the decision-support stage connects forecasting results to urban energy policy
requirements through structured governance alignment. This directional structure ensures the proposed frame-
work is not a purely academic exercise but is designed to deliver actionable and trustworthy outputs for smart
green city implementation [32, 33].

3.1. Dataset, Preprocessing, and Experimental Design

The dataset comprises 17,520 real-world hourly electricity consumption observations collected from
publicly available smart city energy repositories and smart meter systems, spanning January 2022 to December
2023 [34]. Input features include hourly electricity consumption (KWh) as the target variable, weather variables
(ambient temperature in °C and relative humidity in %), and temporal features (hour of day, day of week, and a
binary weekday or weekend indicator). To preserve temporal ordering, the dataset was partitioned chronolog-
ically into 80% training (14,016 observations) and 20% testing (3,504 observations) without shuffling. These
three data source types were selected because they represent diverse and complementary decision-support do-
mains in smart green city energy management: smart-meter records capture operational consumption patterns,
weather data reflect environmental drivers of heating and cooling demand, and temporal features encode be-
havioral and scheduling patterns [35]. Table 2 summarizes the key dataset attributes.

Table 2. Dataset Characteristics and Preprocessing Summary

Attribute Description
Time Span January 2022 to December 2023
Total Records 17,520 hourly observations
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Training Partition 14,016 observations (80%, chronological)

Testing Partition 3,504 observations (20%, chronological)

Target Variable Hourly electricity consumption (kWh)

Input Features Temperature (°C), humidity (%), hour, day of week,
weekday/weekend, 24-hr rolling mean

Missing Values <0.5%; treated by linear interpolation

Outlier Handling IQR-based winsorization at 1st and 99th percentiles

Normalization Min-Max scaling to [0, 1] for all continuous features

Imbalance Handling Demand-quantile analysis; sample weighting applied

Feature Engineering Sine-cosine cyclical encoding of hour and day; 24-hr

rolling mean consumption

As shown in Table 2, preprocessing was standardized across all models to ensure comparability. Miss-
ing values were handled by linear interpolation to preserve temporal continuity; outliers were winsorized rather
than discarded to retain valid extreme observations; continuous features were Min-Max normalized to [0, 1],
which is essential for gradient-sensitive models such as LSTM and SVM; and cyclical temporal features were
encoded using sine-cosine transformations to avoid ordinal misrepresentation [36]. A 24-hour rolling mean
was computed as an additional feature to capture short-term consumption momentum.

To strengthen methodological reliability and reproducibility, each model was executed 30 independent
times using fixed random seeds from 1 to 30, with final results reported as averages across all repetitions
[37]. This repeated-execution design isolates performance variability attributable to stochastic initialization
rather than data or configuration differences. Consistent with the definitions introduced in Section 2, reliability
is quantified as the normalized inverse coefficient of variation of MAE, RMSE, and R2? across the 30 runs;
robustness reflects performance stability under data variation and preprocessing conditions; and reproducibility
is ensured by full documentation of all procedures described in this section [38].

3.2. Model Configurations and Evaluation Metrics

Three machine learning models representing distinct algorithmic paradigms were implemented and
compared to provide a balanced evaluation across conventional and deep learning approaches. Random Forest
(RF) employs an ensemble of 200 decision trees (maximum depth 10, minimum samples per split 5), offering
robust nonlinear pattern recognition and resistance to overfitting through bagging. SVM uses an RBF kernel
(C = 10, € = 0.1) for kernel-based regression in high-dimensional feature spaces. LSTM networks employ
two stacked layers (64 and 32 units), dropout regularization at 0.2, and are trained for 100 epochs using the
Adam optimizer (learning rate = 0.001), making them architecturally suited to capturing long-range temporal
dependencies in sequential hourly consumption data. Hyperparameters for all models were determined through
five-fold cross-validation on the training partition prior to final training. All three models were equipped with
SHAP post-hoc explainability modules to enable interpretability consistency analysis across repeated runs.
Table 3 summarizes the configurations.

Table 3. Machine Learning Model Configurations

Model Algorithmic Rationale Key Hyperparameters
Random Forest Ensemble bagging for nonlinear 200 trees; max depth 10; min sam-
demand prediction; robust to over-  ples split 5
fitting
Support Vector Ma-  Kernel-based regression for high- RBF kernel; C' = 10; ¢ = 0.1
chine dimensional feature spaces
Long Short-Term Recurrent architecture for sequen- 2 layers (64, 32 units); dropout 0.2;
Memory tial temporal dependency model- Adam Ir = 0.001; 100 epochs
ing

As presented in Table 3, the three models collectively span tree-based ensemble, kernel-based, and re-
current deep learning paradigms, ensuring that observed performance differences reflect genuine architectural
distinctions rather than configuration advantages. Model performance is evaluated using four complementary
metrics: Mean Absolute Error (MAE), which measures average absolute prediction error in the original kWh
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scale; RMSE, which penalizes larger deviations more strongly and is particularly relevant for peak-demand
forecasting; the coefficient of determination (R2), which quantifies the proportion of variance in actual con-
sumption explained by the model; and the reliability score (R,.;), computed as the normalized inverse coeffi-
cient of variation of RMSE across the 30-run distribution, where values closer to 1.0 indicate higher cross-run
consistency. Together, these metrics provide a comprehensive assessment of both predictive accuracy and
operational trustworthiness, directly addressing the reproducibility and governance requirements identified in
Section 2.

4. RESULTS AND DISCUSSION
4.1. Descriptive Analysis of the Dataset

The smart city energy dataset used in this study consists of 17,520 hourly electricity consumption
records spanning January 2022 to December 2023, collected from publicly available smart city energy repos-
itories and smart meter systems. The dataset was partitioned chronologically into a training set of 14,016 ob-
servations (80%) and a test set of 3,504 observations (20%), and combined with weather and temporal features
from urban monitoring systems. Three machine learning models were trained and evaluated on this dataset:
Random Forest (RF), Support Vector Machine (SVM), and Long Short-Term Memory (LSTM). Preliminary
statistical analysis reveals clear daily, weekly, and seasonal consumption patterns. Energy demand increases
significantly during daytime working hours (08:00 to 18:00) and reaches peak levels in the late afternoon and
early evening (17:00 to 20:00). Weekend consumption is systematically lower than weekday consumption
by approximately 12% to 18% across all months. In addition, ambient temperature shows a strong positive
correlation with electricity demand during summer months and a moderate positive correlation during winter
months, reflecting increased cooling and heating requirements, respectively.

Correlation analysis confirms that temperature (r = 0.74), hour of day (r = 0.68), and day type
(r = 0.52) are the three strongest predictors of electricity consumption in the dataset. These correlation mag-
nitudes justify their inclusion as primary input features in all three machine learning models. The descriptive
results confirm that urban energy consumption is highly dynamic and nonlinear, with strong temporal and en-
vironmental dependencies that are well suited to machine learning approaches, particularly sequence-aware
architectures such as LSTM.

4.2. Performance Comparison of Machine Learning Models

The predictive performance of the three machine learning models was evaluated using MAE, RMSE,
and R? computed as averages across 30 independent execution runs on the 3,504-observation test partition. A
lower MAE and RMSE indicate better predictive performance, while a higher R? value reflects a stronger fit
between predicted and actual energy consumption. Table 4 presents the comparative results.

Table 4. Performance Comparison of Machine Learning Models (Mean Across 30 Runs)

Model MAE RMSE R?
Random Forest 0.42 0.60 0.87
Support Vector Machine 0.55 0.73 0.81

Long Short-Term Memory 0.31 0.45 0.93

As shown in Table 4, the Long Short-Term Memory model achieved the strongest predictive perfor-
mance compared with Random Forest and SVM. LSTM obtained the lowest MAE of 0.31, the lowest RMSE
of 0.45, and the highest R? of 0.93, confirming that its architecture is well suited to capturing temporal de-
pendencies in hourly urban energy consumption data. Random Forest demonstrated moderate accuracy with
MAE of 0.42, RMSE of 0.60, and R? of 0.87, reflecting its strength in handling nonlinear relationships but its
limitation in modeling sequential temporal dynamics. SVM recorded the weakest performance with MAE of
0.55, RMSE of 0.73, and R? of 0.81, indicating that kernel-based regression is less effective than ensemble or
recurrent approaches for this type of high-frequency time-series forecasting task.

Based on Table 4, LSTM reduced RMSE by 25.0% compared with Random Forest and by 38.4%
compared with SVM. In terms of MAE, LSTM reduced prediction error by 26.2% compared with Random
Forest and by 43.6% compared with SVM. These quantitative improvements demonstrate that LSTM delivers
a measurable and practically significant enhancement in forecasting accuracy for urban energy demand predic-
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tion. To visually compare model performance, Figure 2 presents the RMSE comparison of the three machine
learning models.

RMSE Comparison of Models

0.7 A

0.6

RMSE

0.3 A

0.2 -

0.1 4

0.0

Random Forest SV L5TM
Madel

Figure 2. RMSE Comparison of Machine Learning Models (Mean Across 30 Independent Execution Runs)

As presented in Figure 2, the RMSE comparison visually confirms that LSTM produces the lowest pre-
diction error among the evaluated models, with Random Forest recording moderate error and SVM recording
the highest RMSE. The visual evidence in Figure 2 reinforces the numerical findings in Table 4 and highlights
the practical significance of model selection for urban energy management, where even marginal improvements
in RMSE can translate into measurable reductions in peak-load management costs and energy waste.

4.3. Cross-Run Reliability Analysis

To complement the accuracy results, the cross-run reliability of each model was assessed by computing
the normalized inverse coefficient of variation of RMSE across the 30 independent execution runs. Table 5
reports mean reliability scores, 95% confidence intervals (Cls), and standard deviations for all three models.

Table 5. Cross-Run Reliability Statistics Across 30 Independent Executions

Model Mean R, 95% CI Std. Dev. p-value
Random Forest 0.887 [0.874, 0.900] 0.028 0.038
Support Vector Machine 0.861 [0.846, 0.876] 0.035 0.009
Long Short-Term Memory 0.912 [0.901, 0.923] 0.022 — (reference)

As shown in Table 5, LSTM achieves the highest mean reliability score of 0.912 with the narrowest
confidence interval ([0.901, 0.923]) and the lowest standard deviation (0.022), indicating that its forecasting
performance remains highly consistent across all 30 repeated execution runs. Random Forest demonstrates
moderate reliability at 0.887 ([0.874, 0.900]), while SVM records the lowest reliability score of 0.861 ([0.846,
0.876]) with the highest standard deviation (0.035), reflecting its sensitivity to kernel function parameterization
and data scaling variations. Paired Wilcoxon signed-rank tests confirm that the reliability differences between
LSTM and the other two models are statistically significant at « = 0.05 (Random Forest vs. LSTM: p = 0.038;
SVM vs. LSTM: p = 0.009). The convergence of high predictive accuracy in Table 4 and high cross-run
reliability in Table 5 for LSTM provides mutually reinforcing evidence for its suitability as the preferred model
for production-grade smart green city energy decision support.

4.4. Reliability and Interpretability Discussion

The reliability findings must be interpreted in conjunction with model interpretability to provide a
complete assessment of Al-based decision support quality. SHAP-based mean absolute attribution vectors
were computed over the test partition at each of the 30 runs, and interpretability consistency was assessed by
computing the mean pairwise cosine similarity between attribution vectors across runs. LSTM achieved a mean
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interpretability consistency score of 0.869 (95% CI [0.854, 0.884]), compared to 0.841 (95% CI [0.825, 0.857])
for Random Forest and 0.812 (95% CI [0.794, 0.830]) for SVM. These results indicate that higher predictive
reliability is positively associated with higher explanation stability across repeated runs, a relationship that
is consistent with the proposition that architectures producing more consistent predictions tend to maintain
more stable internal feature weighting and attribution behavior. This integrative finding is directly relevant to
governance requirements for Al-based energy decision support, where both consistent predictions and stable
justifications are necessary for institutional trust and auditability [20].

Across all three models, the top three most consistently influential SHAP features are ambient temper-
ature, hour of day, and the rolling 24-hour mean energy consumption. These features maintain stable attribution
rankings across all 30 runs for LSTM, whereas SVM shows more variable attribution rankings, particularly be-
tween temperature and the rolling mean feature, in approximately 20% of runs. This variability in explanation
patterns for SVM further supports its lower suitability for high-stakes smart city deployment contexts where
consistent and auditable justifications are required.

4.5. Impact on Energy Efficiency Optimization

The predictive outputs generated by the best-performing LSTM model were integrated into a simulated
energy optimization strategy to evaluate the practical impact of machine learning on energy efficiency. The
system uses demand forecasts to adjust energy distribution schedules and minimize unnecessary consumption
during peak hours identified by the model. Simulation results indicate a reduction of approximately 11.3% in
peak load levels and a reduction of 8.7% in total electricity consumption compared to a non-optimized baseline
system that uses historical averages for scheduling. These results demonstrate that accurate energy demand
prediction enables proactive load balancing and demand-side management.

By shifting non-critical energy usage to off-peak periods and allocating resources more efficiently
based on LSTM forecasts, the simulated system reduces stress on urban power grids and lowers operational
costs. These findings confirm that machine learning-based forecasting not only improves prediction accuracy
but also delivers tangible benefits in terms of energy efficiency and sustainability. The contribution of the pro-
posed framework therefore extends beyond predictive performance to practical decision support for sustainable
urban energy governance, directly advancing the objectives of SDG 7 (affordable and clean energy) through
the reduction of unnecessary energy waste, SDG 11 (sustainable cities) through the improvement of urban
infrastructure resilience, and SDG 13 (climate action) through the reduction of peak-period carbon-intensive
electricity generation.

4.6. Governance Alignment Assessment

The findings of this study also carry important governance implications for smart green city develop-
ment. Al-based decision-support systems in urban energy management require not only accurate prediction but
also transparency, accountability, and reproducibility [39]. Table 6 presents a structured mapping of the evalua-
tion outcomes against key governance requirements drawn from international Al and sustainability frameworks.

Table 6. Governance Alignment of Evaluated Models Against Key Policy Frameworks

Governance Requirement RF SVM LSTM
Predictive Accuracy (R? > 0.90) X X v
Cross-Run Reliability (R, > X X v
0.900)

Interpretability Consistency (/. > X X v
0.850)

Reproducible Methodology (30- v v v
run protocol)

Transparent Preprocessing v v v
SDG 7 (Affordable and Clean En-  Partial Partial  Strong
ergy)
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SDG 11 (Sustainable Cities) Partial Partial Strong
SDG 13 (Climate Action) Partial Partial Strong
EU AI Act Transparency Criterion Partial Weak  Meets
OECD AI Principles (Account- Partial Weak Meets
ability)

Stranas KA 2020-2045 (Respon- Partial Partial Meets
sible Al)

As shown in Table 6, the LSTM model is the only architecture that meets all primary governance cri-
teria, including predictive accuracy, cross-run reliability, and interpretability consistency thresholds. Random
Forest partially satisfies several criteria and may be suitable for lower-risk urban energy advisory applications.
SVM fails to meet the reliability and interpretability thresholds and aligns only weakly with EU AI Act trans-
parency requirements, limiting its suitability for high-impact urban governance contexts. All three models
satisfy the reproducibility and preprocessing transparency criteria by virtue of the documented 30-run experi-
mental protocol and standardized preprocessing procedures described in Section 3. This structured governance
alignment assessment demonstrates that the proposed framework provides a more operationally meaningful
basis for deployment decisions than accuracy-centric evaluation alone, and that responsible Al deployment in
urban energy systems requires the simultaneous satisfaction of technical, reliability, and governance criteria
[40, 41].

5. MANAGERIAL IMPLICATIONS

The findings of this study provide important managerial implications for urban energy providers, smart
city managers, policymakers, and technology developers. The superior performance of the LSTM model across
both predictive accuracy (RMSE = 0.45, R? = 0.93) and cross-run reliability (R,.; = 0.912) indicates that
decision-makers should prioritize time-series-based machine learning architectures when developing energy
demand forecasting systems for smart green cities. This capability enables energy providers to plan electricity
distribution more efficiently, reduce operational waste, and improve the stability of urban energy systems.

The integration of machine learning into energy management systems can help city managers shift
from reactive energy control to proactive energy planning. Predictive outputs allow urban energy managers to
anticipate high-demand periods and design demand-side management strategies before energy overload occurs.
In practical implementation, smart city managers can use machine learning forecasts to optimize public facil-
ities, street lighting, transportation infrastructure, and building energy systems, while also supporting carbon
emission reduction targets aligned with SDG 7, SDG 11, and SDG 13.

Managerial decisions should not rely only on prediction accuracy but also consider reliability, repro-
ducibility, and interpretability. The governance alignment mapping in Table 6 provides organizations with a
structured and replicable instrument for evaluating Al systems prior to deployment in regulated urban energy
contexts. Organizations need internal Al governance standards that include model validation, repeated testing,
documentation, and periodic performance monitoring. Technology developers and system integrators should
also design scalable and transparent energy platforms that integrate smart meter data, weather information, and
temporal variables into one decision-support dashboard, while ensuring that model outputs are accompanied
by stable and consistent SHAP-based explanations that can be audited by energy regulators and urban planning
authorities.

6. CONCLUSION

This study investigated the role of machine learning in enhancing energy efficiency for smart green
cities by developing and comparing predictive models for urban energy consumption using a dataset of 17,520
hourly observations collected between January 2022 and December 2023, partitioned into 14,016 training and
3,504 testing observations. Three machine learning models, namely Random Forest, Support Vector Machine,
and Long Short-Term Memory, were evaluated under identical experimental conditions across 30 independent
execution runs. The results demonstrate that machine learning-based approaches can significantly improve
energy demand forecasting, with the LSTM model achieving the best predictive performance: MAE of 0.31,
RMSE of 0.45, and R? of 0.93 on average across 30 independent execution runs. Compared with Random
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Forest and SVM, LSTM produced reductions of 25.0% and 38.4% in RMSE, and 26.2% and 43.6% in MAE,
respectively.

The core problem motivating this study, namely the insufficient attention given to reliability, repro-
ducibility, and interpretability in machine learning evaluations for smart green city energy management, has
been addressed through 30-run repeated-execution reliability analysis (LSTM R,..; =0.912 vs. RF =0.887 and
SVM = 0.861), interpretability consistency evaluation (LSTM I. = 0.869), and simulation-based optimization
assessment (peak load reduction of 11.3%; total consumption reduction of 8.7%). The study also contributes
to the literature by integrating reliability, reproducibility, preprocessing transparency, and interpretability con-
siderations into a smart green city forecasting framework, and by providing a structured governance alignment
mapping that connects technical evaluation outcomes to SDG 7, SDG 11, SDG 13, the EU Al Act, OECD Al
Principles, and Indonesia’s Stranas KA 2020-2045.

However, this study has several limitations. The dataset was obtained from a single urban energy mon-
itoring system, which may restrict the generalizability of the findings across different geographic and climatic
conditions. In addition, the optimization framework was evaluated through simulation rather than direct real-
world implementation. Future research should expand the dataset to include multiple cities, renewable energy
generation profiles, traffic patterns, and social behavior data. Further studies should also apply explainable Al
techniques to examine feature contribution stability more deeply across diverse urban contexts and validate the
proposed framework in operational smart city environments. These future directions can strengthen the devel-
opment of reliable, interpretable, and sustainable machine learning systems for smart green cities worldwide.
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