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ABSTRACT

The cement sector is a linchpin of global infrastructure and is also one of the world’s most significant industrial
sources of CO; emissions, accounting for about 7-8% of anthropogenic emissions. The proper prediction of
cement-generated emissions is thus essential for designing mitigation strategies, planning industrial transitions, and
evaluating progress toward carbon-neutrality goals. This paper proposes a new time-series forecasting model that
combines Neural Ordinary Differential Equations (NODE) with the Football Optimization Algorithm (FbOA) to
enable automated, data-driven hyperparameter optimization. The performance of NODE is compared with Seq2Seq
and ConvLSTM models for global CO; emissions from cement production in baseline settings, and subsequently
metaheuristically optimized using FbOA, PSO, MVO, WOA, and GA. The baseline experiments demonstrate that
NODE, with an MSE of 0.00745, RMSE of 0.0863, MAE of 0.0515, and high levels of agreement (NSE = 0.91,
WI = 0.905), outperforms both Seq2Seq and ConvLSTM. Upon hyperparameter optimization, the FbOA + NODE
combination achieves significant performance improvement, with MSE of 3.95 x 10~7, RMSE of 6.28 x 1073, and
MAE of 3.42 x 107%, r = 0.977, R?> = 0.973, NSE = 0.975, and WI = 0.98. Competing optimizers (PSO, MVO,
WOA, and GA) also improve NODE’s performance, and across all important metrics they are consistently below
FbOA. The findings indicate that integrating NODE and FbOA yields an accurate, stable, and computationally
inexpensive model for predicting cement-associated CO, emissions, offering a potential avenue for data-driven
climate and industrial planning.

Keywords:

CO; emission forecasting = Neural Ordinary Differential Equations (NODE) - Metaheuristic optimization =
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1. INTRODUCTION

The cement business world globally supports almost all as-
pects of contemporary socioeconomic growth and can be
regarded as the main infrastructure of urbanization and indus-
trialization. Cement-based building materials play a vital role
in the development of transportation channels, domestic struc-

tures, power plants, and water-supply channels and mains [1].
With the ongoing urbanization of emerging economies, as
well as the large-scale renovation and resilience efforts of in-
dustrialized countries, cement demand is expected to remain
strong and steady in the future [2]. Yet, this essential position
has massive environmental implications. The combination
of calcination of limestone and combustion of fuel in rotary
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kilns results in massive amounts of CO;, and cement pro-
duction is classified as one of the most emissions-intensive
industrial processes [3]. Recent estimates reveal that cement
production is a major contributor of 7-8% of anthropogenic
global CO, emissions [4]. This scale makes the cement indus-
try a key focus of the international process of decarbonization
and technological development and change [5, 6].

Precise projection of CO; emissions from cement manufac-
turing is thus a critical endeavor in both science and policy
making. Projections help to inform national climate policy,
influence investment in carbon-capture technologies, plan
future industrial capacity, and meet international agreements
such as the Paris Accord [7]. Credible prediction systems
can help governments and industries consider possible routes
to emissions reduction, examine the potential of net-zero
commitments, and develop active interventions based on em-
pirical evidence. However, confident forecasting remains
difficult because emission dynamics are complex. Variabil-
ity is produced not only by production volume, but also by
changing industrial efficiencies, changes in fuel type, regu-
latory influences, supply-chain upheavals, and fluctuations
in the macroeconomic environment [8]. The combination
of these interacting factors produces strongly nonlinear and
multiscale temporal behavior beyond the modeling ability of
many traditional methods [9].

Historically, classical statistical and econometric forecast-
ing models, including ARIMA, VAR, and linear-regression
families, have been common instruments in industrial and
environmental prediction. Although effective for capturing
linear patterns over short-term analyses, they tend to fail
when modeling the nonlinear, non-stationary, and dynami-
cally changing structure of long-horizon CO, emission paths.
They also make strong assumptions concerning temporal sta-
bility, error distributions, and feature interactions [10]. These
assumptions are often violated in real industrial systems, es-
pecially at the global scale, where sudden policy interven-
tions, technological disturbances, geopolitical restrictions,
and energy-price shocks occur. Consequently, data-driven
representation-learning methods capable of detecting com-
plex dependencies automatically are becoming increasingly
popular without restrictive parametric assumptions [11].

Recent deep-learning developments have dramatically
changed the landscape of time-series forecasting [12, 13].
Recurrent neural networks, convolutional temporal models,
transformer sequence learners, and, more recently, Neural
Ordinary Differential Equations (NODEs) have shown strong
performance in environmental, economic, and industrial fore-
casting. Among these, Temporal NODEs (T-NODE?s) offer
an especially interesting structure because they model the
dynamics of a time-dependent process using neural networks
as parameters. This formulation enables T-NODE:s to rep-
resent continuous-time behavior, long-range dependencies,
and irregular temporal behavior flexibly. Such characteristics
are particularly beneficial for industrial emission systems that
develop over heterogeneous time scales and exhibit both slow
and sudden variations [14].

Despite their promise, NODE-based architectures are ex-
tremely sensitive to design-time choices, including network
depth, differential-equation solver configuration, dilation be-
havior, learning-rate dynamics, and regularization. Hyperpa-

rameter selection is critical in determining whether a model
generalizes beyond historical trends, becomes overfitted, or
remains stable under temporal change. Manual tuning is time-
consuming, depends on expert intuition, and is likely to yield
less-than-optimal configurations. Industrial time-series data
are also commonly associated with noise, structural breaks,
and regime shifts, which further complicate optimization.
The combination of metaheuristic optimization algorithms
with deep-learning models has therefore emerged as a poten-
tial solution for automatically optimizing hyperparameters
and increasing model robustness.

Several fundamental issues still hamper forecast reliability.
One recurring problem is temporal drift: systematic variation
in the underlying data-generating process due to changing
technology, regulatory regimes, fuel consumption, or macroe-
conomic conditions. Temporal drift compromises the premise
that historical data reliably predict future behavior and there-
fore weakens model generalization. Moreover, hyperparame-
ter sensitivity in NODE architectures is high because of their
dimensionality and structural flexibility. Small variations can
produce significant changes in training stability, convergence
behavior, and predictions. Finally, deep-learning models have
a latent risk of overfitting, particularly in domains with lim-
ited data or rapidly evolving trends. Systematic optimization
strategies capable of exploring the hyperparameter space are
required to ensure good generalization to future periods.

To overcome these difficulties, this paper constructs an ad-
vanced time-series predictive model that incorporates the
Football Optimization Algorithm (FbOA), a population-based
metaheuristic, with the Temporal NODE model. This inte-
gration supports automated, data-driven hyperparameter op-
timization that identifies effective architectural and training
settings without manual effort. The framework is imple-
mented on a widely used dataset of global CO, emissions
from cement manufacturing, providing information on the
interactions between metaheuristic search mechanisms and
deep dynamical modeling. The proposed system aims to en-
hance predictive accuracy, improve temporal stability, and
provide a reproducible methodology for research, policy for-
mulation, and industrial analytics.

In addition to improved performance, this work contributes
to the broader methodological discussion by comparing the
FbOA-T-NODE integration with established metaheuristic—
NODE combinations, including Particle Swarm Optimization
(PSO), Multiverse Optimization (MVO), Whale Optimization
Algorithm (WOA), and Genetic Algorithm (GA). These com-
parisons provide an overall assessment of optimizer behavior
and show how different metaheuristic paradigms influence
NODE learning. The study contributes to next-generation
forecasting systems for industrial emissions by offering a
scalable, transparent, and computationally efficient pipeline.
Its significant contributions are as follows:

* Integrated framework: A hybrid forecasting pipeline uni-
fies Temporal NODE with FbOA, enabling fully automated
hyperparameter selection and enhancing NODE adaptabil-
ity to complex industrial time series.

» Systematic benchmarking: A comprehensive compara-
tive evaluation includes established optimizers such as PSO,
MVO, WOA, and GA and demonstrates how differing meta-
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heuristic strategies influence NODE training behavior and
predictive effectiveness.

* Performance advancement: The proposed approach pro-
vides meaningful improvements in predictive consistency,
robustness to temporal drift, and long-term forecast reliabil-
ity for CO, emission analytics and broader environmental
forecasting applications.

The remainder of this paper is organized as follows. Sec-
tion 2 reviews recent trends in industrial CO, forecasting,
deep-learning-based temporal modeling, and metaheuristic
optimization. Section 3 presents the materials and methodol-
ogy, including data formatting, modeling, and optimization.
Section 4 provides the experimental evaluations and detailed
analyses. Sections 5 and 6 present the discussion, conclu-
sions, and future research directions.

2. LITERATURE REVIEW

The integration of machine learning (ML) into cement and
concrete research has transformed scientific and industrial
practice by enabling the analysis of complex material behav-
ior, emissions modeling, and mixture optimization. This
trend is closely connected to the need to reduce the car-
bon footprint of the construction sector while maintaining
high performance. One of the most active research fields is
ultra-high-performance concrete (UHPC), which, despite its
strong mechanical and rheological properties, is criticized
for its high embodied carbon. To address this issue, a hy-
brid ML-based model first trained an Artificial Neural Net-
work (ANN) to model compressive strength and slump flow,
achieving a prediction error below 10%. The ANN outputs
were then supplied to a Genetic Algorithm (GA), which
explored a high-dimensional space of UHPC constituents
subject to strength, workability, component-proportion, and
volumetric-consistency constraints [15]. The resulting opti-
mized UHPC mixture had a substantially lower carbon foot-
print of 688 kg/m?, demonstrating the practical potential of
multi-objective ML optimization for designing more sustain-
able high-performance concrete.

Complementary research has applied ML to optimize high-
strength concrete (HSC) and ultra-high-strength concrete
(UHSC). These materials are popular because of their superior
strength, but their high cement content generates considerable
carbon emissions. One study collected a large experimental
dataset from the literature and created ML models to predict
compressive strength from constituent materials. These pre-
dictions enabled calculation of the embodied carbon of each
mixture [16]. Importantly, different mixture designs could
achieve the same compressive strength while exhibiting sub-
stantial variation in embodied carbon. The authors proposed
benchmark intervals based on statistical analysis and ML-
based trend mapping to characterize acceptable embodied-
carbon levels for different strength grades. These insights
are valuable for concrete professionals seeking low-carbon
mixtures without compromising mechanical performance.

Attention has also focused on calcination during clinker
production, one of the principal sources of process-related
CO,. Because calcination emissions are sensitive to chem-
ical composition, particle-size distribution, and thermal ex-
posure, traditional process models often fail to capture the

nonlinear relationships governing decarbonation reactions.
Several advanced Al-based models, including deep neural
networks (DNN), ant-colony-optimization-enhanced ANN
(ACO-ANN), and genetic-algorithm-enhanced ANN (GA-
ANN), have therefore been tested for predicting CO; emis-
sions from calcined cement raw materials [17]. The high
modeling accuracy, with R> values above 0.99 and average
relative errors below 1.04%, particularly for the DNN, con-
firms that ML can effectively model complex thermochemical
reactions in clinker production.

At the macro level, ML has been used to forecast national
cement-industry CO, emissions. One study applied an
Improved Particle Swarm Optimization—Backpropagation
(IPSO-BP) predictive model to 44 scenarios based on second-
generation dry cement-production technologies [18]. The
results showed that China’s cement-related CO, emissions
could peak well before 2030 through capacity-reduction mea-
sures and adoption of advanced dry-process technologies.
Under alternative conditions, peak emissions could be de-
layed by almost twenty years relative to the business-as-usual
scenario, which peaked at 742 Mt. Such long-term fore-
casting models are important for policy makers seeking to
align industrial development with national carbon-neutrality
targets.

At the structural and mixture-design level, ML has enabled in-
novations in cement-use optimization for elements subjected
to deferred loading. Conventional mixture proportioning is
based on 28-day compressive strength, although many struc-
tural elements, such as foundations and pavements, are loaded
only after longer curing periods. One study implemented
ANN and regression techniques to estimate the cement con-
tent required to achieve 28-day and 90-day strengths [19].
Elastic Net regression was the most reliable predictor, with
accuracy as high as 94%. When these ML-based predictions
were applied to a real reinforced-concrete project, the authors
estimated a 10% reduction in both cement consumption and
carbon emissions, demonstrating the practical environmental
benefit of ML-based design optimization.

Another national-scale study proposed an integrated Random
Forest—Multi-Layer Perceptron—linear regression framework
to predict cement consumption across 31 Chinese provinces
and identify its principal drivers [20]. The analysis high-
lighted the influence of socioeconomic and construction-
related variables, including per-capita gross domestic product,
housing-construction activity, and urbanization. These find-
ings demonstrate how interpretable predictive models can
support regional cement-demand planning and the formula-
tion of targeted carbon-reduction strategies.

For detailed process modeling, another study applied six ML
methods to more than 6,000 historical manufacturing obser-
vations to investigate oxidation and calcination in cement
production [21]. By targeting the molecular composition of
CO; and applying sensitivity analysis, the researchers identi-
fied the process parameters with the greatest effect on CO,
release. These findings deepen process engineers’ understand-
ing of thermal processes and provide specific pathways for
improving kiln and calciner efficiency.

A growing body of work focuses on data-driven modeling
of concrete carbonation, an important process affecting both
durability and CO, uptake. One study developed hybrid en-
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semble models from a multi-variable carbonation dataset by
combining complementary machine-learning predictors [22].
The ensemble formulation improved prediction robustness
across interacting material and environmental factors, illus-
trating the value of combining individual learners when car-
bonation behavior is strongly nonlinear. These findings sup-
port faster durability assessment and more reliable evaluation
of carbonation-related performance.

ML has also been used to model kiln-stack CO, emissions.
Based on 22 operational variables from a clinker manufactur-
ing line in the UAE, researchers tested KNN, linear regression,
decision trees, Random Forest, Gradient Boosting, and ANN
models [23]. Random Forest and Gradient Boosting were the
most reliable, with R? values of 0.984 and low RMSE and
MAE. Kiln feed rate emerged as the key variable influencing
stack emissions, suggesting that targeted operational changes
could be directly linked to emission reductions.

The replacement of cement with biochar (BC) in mortar
has gained attention. A comprehensive experimental study
showed that BC increases compressive and tensile strengths,
decreases water absorption, and enhances durability because
of its pozzolanic action and porous microstructure [24]. The
mechanical and durability properties of BC-modified mortars
were also tested using complementary ML analyses based
on AdaBoost and linear regression, with AdaBoost providing
substantially greater accuracy. This result highlights the in-
terplay between experimental and computational methods in
developing sustainable cement mortars.

Uncertainty in combustion systems presents another chal-
lenge to emission control. One study addressed this problem
using ANN surrogate models trained on 700 dynamic simula-
tions of kiln and calciner operations with 10% uncertainty in
major input flows [25]. The resulting surrogates were used
with GA, PSO, and hybrid GA-PSO optimizers. The hybrid
model offered the most stable and accurate solutions, and
subsequent sensitivity analysis showed that total coal and
tertiary-air flow were the parameters most strongly affect-
ing CO;, and CO emissions. The work demonstrated that
intelligent optimization can be realized in real time during
industrial cement operation.

ML is also useful when calcined sludge is used as a par-
tial replacement for cement. Six variables were evaluated
with six ML regressors, including CNN, ensemble regression,
MLP-ANN, SVR, and Random Forest, to predict compressive
strength [26]. Ensemble regression and CNN were the most
successful, while ML-based robustness assessment showed
that curing age is the strongest variable affecting strength.
These findings support the preparation of sustainable waste-
based binders with more predictable behavior.

Another area in which ML has overcome deficiencies in semi-
empirical kinetic models is the hydration kinetics of ordinary
Portland cement combined with mineral additives. One study
demonstrated successful prediction of time-dependent hy-
dration observations using physicochemical attributes and
Random Forest models [27]. The model could also generate
mixture designs that met user-specified kinetic criteria, en-
abling targeted performance specifications without requiring
mechanistic kinetic models.

The sustainability of cement-free composites containing

eggshell powder (ESP) and rice husk ash (RHA) was in-
vestigated using both Response Surface Methodology and
ML-based prediction [28]. Gaussian Process Regression,
ANN, and Gradient Boosting models were trained on 606
compressive-strength results, with GPR proving the most ac-
curate. Experimental findings indicated improved strength
and lower CO;, emissions compared with conventional
binders, demonstrating the practicality of ML-based opti-
mization of alternative binders.

Additional developments were reported in a study evaluating
SVM, Random Forest, decision tree, AdaBoost, and KNN
models for predicting compressive strength using a large
experimental database [29]. AdaBoost and Random Forest
achieved the best performance, and variable-influence analy-
sis provided useful information about the effects of cement
grade, curing age, water-to-binder ratio, and sand properties
on strength development.

Finally, ML has been extensively used to maximize the flexu-
ral strength of cementitious composites containing waste-
glass powder (WGP). Experimental studies revealed that
WGP improves flexural strength at replacement levels up
to 15%, depending on the cement type or fine aggregate sub-
stituted [30]. Six input parameters were modeled using SVM
and a bagging regressor, with the bagging regressor providing
the best predictive performance. This work demonstrates that
ML can accelerate assessment of waste-based cementitious
composites and support the broader objective of sustainable
materials.

3. MATERIALS AND METHODS

3.1 Dataset Overview

The dataset used in this study is sourced from the pub-
licly available Zenodo repository at https://zenodo.org/
record/4738593. It provides a long-term historical record
of global CO, emissions from cement production and in-
tegrates multiple authoritative sources, including the U.S.
Geological Survey (USGS) and earlier editions of CDIAC
cement-emission reconstructions, to generate a consistent
and continuous time series across numerous countries and
decades. The dataset is therefore particularly suitable for
temporal modeling, long-range forecasting, and comparative
analysis across geographic regions.

The dataset construction begins with production values back-
calculated from CDIAC’s 2019 methodology, which directly
linked cement emissions to production volumes. Additional
disaggregation is performed for former Soviet states to main-
tain country-level continuity before geopolitical transitions.
Starting in 1990, USGS data overwrite earlier values to ensure
modern accuracy. For countries lacking recent production
records, simple extrapolation extends the time series, and
updated national statistics are incorporated for selected coun-
tries where superior data sources are available. Despite these
refinements, the dataset retains several zero entries that likely
represent missing rather than actual production values; these
entries require careful preprocessing to avoid distorting model
behavior.

The dataset is organized by year and country. A representative
portion of its feature structure is shown in Table 1, using the
feature labels that appear in the raw data.

23


https://zenodo.org/record/4738593
https://zenodo.org/record/4738593

Journal of Sustainable Development and Green Technology (JSDGT)

Vol. 05, No. 01 - 2025

Table 1. Representative Feature Structure and Descriptions from the Cement Production Dataset

Feature Description
Year Calendar year corresponding to each recorded cement-production entry.
Afghanistan Annual cement production attributed to Afghanistan, expressed in metric tons as reported or reconstructed in

the dataset.
Albania
Algeria
Andorra
Angola
Anguilla

Annual cement production for Albania, representing country-level output for each year.

Yearly cement-production quantities for Algeria, contributing to regional and global emission estimates.
Recorded or estimated cement-production values for Andorra, included for completeness in global coverage.
Annual cement production associated with Angola, derived from USGS- and CDIAC-based reconstruction.
Cement-production values for Anguilla, typically low or zero because of limited industrial activity; values may

include reconstructed or missing-data proxies.

Antigua and Barbuda

Argentina
records.

Armenia
tions thereafter.

Country-level annual cement production for Antigua and Barbuda, reflecting small-island reporting patterns.
Annual cement production for Argentina, a major regional producer with relatively well-documented historical

Cement-production levels for Armenia, including reconstructed values for pre-1991 periods and direct observa-

To study the temporal structure of climate variables, analyt-
ical instruments are required to separate long-term trends
from short- and medium-term variations. Wavelet decom-
position is a strong multiresolution method for decompos-
ing a time series into components across multiple frequency
bands. Such decomposition is particularly important for
global-temperature variations, where persistent warming sig-
nals must be isolated from cyclical climate variation caused
by natural climate swings, volcanic eruptions, or temporary
external perturbations. Figure 1 shows the application of
a discrete wavelet transform (Daubechies 4, level 4) to a
global-temperature series, illustrating how the initial signal
can be progressively separated into approximation and de-
tail components. The representation provides a clear view
of long-term climatic trends and multiscale variability, en-
abling better interpretation of structural warming patterns and
high-frequency climate behavior.

The temporal-dependence structure of climatic variables is
important for studying both short- and long-memory dynam-
ics. Autocorrelation and partial-autocorrelation diagnostics
directly evaluate persistence, lag effects, and potential model
forms for forecasting applications. Figure 2 shows the Auto-
correlation Function (ACF) and Partial Autocorrelation Func-
tion (PACF) of the global-temperature series. The signal is
strongly positively correlated over a series of lags and grad-
ually decays as a result of long-term climatic persistence.
These patterns provide essential information about the under-
lying temporal dynamics of global-temperature fluctuations
and form a basis for selecting appropriate predictive models.

3.2 Data Preprocessing

Preprocessing the dataset for temporal modeling involves sys-
tematic operations to resolve structural discrepancies, missing
data, and cross-country and cross-temporal heterogeneity in
reporting. Because the cement-production data combine his-
torical reconstructions with current statistical reports, their
raw form contains irregularities that must be removed before
model training. These procedures provide a stable, coherent,
and analytically meaningful input space for the forecasting
framework.

One principal issue concerns zero values carried forward
by previous CDIAC compilations. As documented by the

dataset authors, many zero records do not represent actual
zero cement production, but instead indicate missing records
or placeholders for missing data. If left untreated, these
values may cause artificial discontinuities, bias temporal dy-
namics, and negatively affect the learning dynamics of deep
models. Therefore, zero values not corresponding to con-
firmed production statistics are reclassified as missing values
(NaN). This method is consistent with best practices in envi-
ronmental time-series curation, where structural zeros must
be distinguished from physical zeros to avoid skewing trend
and seasonality components.

Following reclassification, missing values are imputed using
a two-step plan designed to preserve the statistical proper-
ties of each country’s production path. First, short gaps in
a country’s time series are resolved by linear interpolation,
which is appropriate for gradual industrial trends and can
maintain monotonicity when underlying production varies
smoothly. This method reconstructs intermediate values with-
out introducing unrealistic fluctuations. Second, longer gaps
or intervals influenced by geopolitical transitions, such as dis-
solution events or incomplete national reporting, are handled
using country-specific imputation. This involves forward and
backward filling with the nearest effective observations or,
where feasible, reconstruction using regional patterns and
production intensities recorded by the metadata sources used
in the dataset.

Normalization is performed at the end of preprocessing to
align production values among countries with substantially
different industrial capacities. Min—max scaling maintains
the relative form of temporal variations and ensures numeri-
cal stability during model training. Scaling supports gradient
convergence in the NODE architecture and avoids dominance
by high-output countries such as China, India, and the United
States. Following scaling, the data are divided chronologi-
cally into training, validation, and testing subsets to avoid
temporal leakage, a frequent issue in time-series forecasting
that can artificially improve predictive accuracy.

Through this extensive preprocessing pipeline, the data are
formatted for the NODE forecasting structure. Converting ze-
ros into missing values, applying principled imputation, and
scaling the data make the final dataset analytically adequate
and representative of historical production dynamics. The
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Wavelet Decomposition Analysis of Global Temperature(Discrete Wavelet Transform - Daubechies 4, Level 4)
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Figure 1. Wavelet decomposition analysis of global temperature using a Discrete Wavelet Transform (Daubechies 4, Level 4), illustrating the
original series along with approximation (A4) and detail components (D1-D4).

design also provides fine spatial resolution and can support
country-level, regional, and global forecasting studies. These
characteristics represent the format used for all featured na-
tions and facilitate multivariate temporal modeling.

3.3 Deep Learning Models

Three deep-learning networks are used to assess forecasting
performance across different temporal-modeling paradigms:
Neural Ordinary Differential Equations (NODE), Sequence-
to-Sequence (Seq2Seq) recurrent models, and Convolutional
Long Short-Term Memory networks (ConvLSTM). The mod-
els offer distinct methods for representing temporal relation-
ships, nonlinear dynamics, and structural tendencies in long-
term cement-production data. Their joint analysis provides a
strong comparative foundation for assessing model sensitivity
to data characteristics, optimization processes, and temporal
variation.

3.3.1 Neural Ordinary Differential Equations

Neural Ordinary Differential Equations (NODE:s) reinterpret
deep networks as continuous-time dynamical systems rather
than discrete stacks of layered transformations. Instead of
stacking many layers, NODE learns the dynamics of a hidden
state through an ordinary differential equation of the form

MO~ s nie).:0). (M
t

where f(-) is a neural network parameterized by 6. This
framework allows the model to represent smooth temporal
trajectories and continuous-time behavior, which are espe-
cially well suited to long-range industrial and environmen-
tal time series. NODE:s also provide adaptive computation
through ODE solvers whose step sizes vary in response to
system complexity, enabling efficient modeling of periods
with sudden variation as well as steady trends. For cement-
production forecasting, NODEs are advantageous in handling
non-stationary effects caused by technological change, reg-
ulatory shifts, and macroeconomic shocks. Their ability to
model temporal dynamics as continuous flows is particularly
useful for irregular temporal intervals, extrapolation, and
complicated nonlinear processes.

3.3.2 Sequence-to-Sequence

The Sequence-to-Sequence architecture, initially designed for
neural machine translation, now forms a core architecture for
multi-step time-series prediction. A typical Seq2Seq model
contains two recurrent modules:

e an encoder that processes an input sequence and com-
presses its temporal information into a context vector; and
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Global Temperature Time Series Correlation Analysis ACF and PACF Plots with 95% Confidence Intervals
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Figure 2. Autocorrelation Function (ACF) and Partial Autocorrelation

with 95% confidence intervals.

* adecoder that generates the forecast sequence conditioned
on the learned context.

Long Short-Term Memory (LSTM) or Gated Recurrent Unit
(GRU) cells are used because they alleviate vanishing and ex-
ploding gradients. Seq2Seq models capture long-range depen-
dencies and map variable-length input sequences to variable-
length output sequences, making them useful for multi-
horizon forecasting. For cement-production data, Seq2Seq en-
ables the model to learn temporal regularities such as growth
trends, cyclicality, and structural discontinuities in historical
emissions. Its autoregressive decoding process refines fore-
casts step by step using the contextual memory of previous
years, which is especially useful when structural dynamics
change slowly or exhibit inertia.

3.3.3 Convolutional Long Short-Term Memory

Convolutional Long Short-Term Memory (ConvLSTM) net-
works follow the LSTM pattern while adding convolutional
operations to the gating mechanisms. In contrast to regular
LSTMs, which use fully connected transformations, ConvL-
STM uses spatially structured convolutions and is therefore
effective at capturing temporal and spatial correlations. Al-
though originally developed for precipitation nowcasting and
spatiotemporal prediction, ConvLSTM is effective in domains
whose temporal evolution is governed by structured spatial
relationships.

In the cement-production dataset, the spatial dimension com-
prises groups of countries. These spatial units may exhibit cor-
related production trends because of regional economic inte-
gration, similar industrial activity, or geopolitical cooperation.
ConvLSTM can learn regionally correlated production behav-
ior, cross-country interactions, multiscale temporal patterns,
and shared economic or regulatory dynamics. This spatiotem-
poral formulation enables the architecture to acquire more
distinctive representations than recurrent-only or convolution-
only models and makes ConvLSTM a strong candidate for
global prediction. Together, NODE, Seq2Seq, and ConvL-
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Function (PACF) for the global-temperature time series, displayed

STM represent complementary paradigms of continuous-time
dynamics, recurrent sequence learning, and spatiotemporal
convolutional modeling.

3.4 Optimization Strategy

Effective hyperparameter optimization is essential for robust
performance in deep-learning-based forecasting, particularly
with complex, nonlinear, and non-stationary temporal data
such as global cement-production records. Manual tuning
is often inefficient, subjective, and insufficient for navigat-
ing high-dimensional search spaces. This study therefore
employs metaheuristic optimization techniques that enable
systematic global exploration of hyperparameter configura-
tions for NODE, Seq2Seq, and ConvLSTM models.

Metaheuristic algorithms provide a general, gradient-free
means of optimizing objective functions characterized by
nonlinear surfaces, many local minima, and interacting vari-
ables. Population-based search methods balance exploration
and exploitation, adaptively refine candidate solutions, and
efficiently search large portions of the hyperparameter space.
These properties are particularly useful in deep learning,
where model performance varies significantly with learning
rate, architectural depth, solver choice for NODE, sequence
length for Seq2Seq, and convolutional parameters for Con-
vLSTM. In industrial and environmental time-series forecast-
ing, metaheuristics help models generalize across variable
regimes, structural breaks, and gradual long-term shifts. They
also replace trial-and-error hyperparameter selection with
an automated and reproducible process. This is particularly
important for NODE, whose optimization path can depend
strongly on solver behavior and initialization.

3.4.1 Comparative Algorithms

Several well-established metaheuristic algorithms are used as
baselines to evaluate the proposed optimization framework.
These optimizers draw on biological, physical, and evolu-
tionary paradigms and provide a diverse set of global-search
mechanisms.
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Particle Swarm Optimization (PSO). PSO is inspired by
the movement of bird flocks and fish schools. Particles move
through the search space using their personal and global
best experiences to update velocity. PSO is known for rapid
convergence and is widely used to tune neural-network hyper-
parameters because it balances exploration and exploitation.

Multiverse Optimization (MVO). MVO is a physics-
inspired algorithm based on multiverse theory. Candidate
solutions are treated as universes linked by white holes, black
holes, and wormholes that direct information exchange and
perturbation. This design enables MVO to search multimodal
landscapes efficiently while avoiding premature convergence.

Whale Optimization Algorithm (WOA). WOA imitates the
bubble-net hunting behavior of humpback whales. It switches
among encircling prey, spiral updates, and random search,
allowing intensification around promising regions and diver-
sification where necessary. Its adaptive exploitation mech-
anisms make WOA suitable for fine-tuning neural-network
parameters.

Genetic Algorithm (GA). GA is an evolutionary algorithm
founded on natural selection and genetics. It mutates, selects,
and crosses over a population of candidate solutions. GA
maintains diverse solutions and efficiently searches complex
spaces through recombination, providing a strong and long-
standing optimization baseline. Collectively, these algorithms
provide a broad benchmark spanning evolutionary, swarm-
based, and physics-based strategies.

3.4.2 Proposed FbOA Optimization

FbOA is motivated by coordinated directional motion and
force-based movement that dynamically balances exploration
and exploitation. The algorithm distributes agents through-
out the hyperparameter search space and iteratively refines
their positions based on the quality of proposed solutions.
This framework is suitable for the nonlinear and multimodal
topology of NODE hyperparameter tuning.

The process begins by creating a population of candidate
vectors. Each vector encodes a complete set of NODE hy-
perparameters and is evaluated through forecast loss. Agents
then revise their positions using force-based movement rules
that exhibit exploratory or exploitative behavior depending
on the iteration stage. Exploration is represented by a velocity
update that helps agents traverse large portions of the search
space. A simplified update is

Vo= Fmax[bxai(cht - Fmin) + rbyaj(Fbesl - Fmin)] COS(;) y

(2
where V,, is the exploratory velocity at iteration n; Fiax and
Fin define upper and lower force bounds; Fuy reflects exter-
nal influence on movement; Fi, is the force associated with
the best solution; a; and a; are acceleration terms; b, and by,
are directional coefficients; r introduces randomness; and ¢ is
the current iteration. This formulation allows agents to move
outward along directional vectors, promoting broad coverage
of the hyperparameter domain during early iterations.

The best-force term is updated dynamically to guide the
search toward increasingly promising regions:

1 & ol
Foest = — — ) 3)
©s Kn;) (2n+1)2

where K grows over successive iterations to gradually shift
the balance from exploration toward focused refinement.

Exploitation is modeled through a position update that empha-
sizes convergence around strong solutions. A general form
is

S(t+1) :E+Z3S(t)+Ksin(§) : )

where S(¢) is the current position, F; represents the influence
of a local force acting on the agent, z3 controls the contribu-
tion of the current solution, and the sinusoidal term modulates
refinement intensity over time.

To increase diversity and prevent stagnation, a mutation mech-
anism perturbs the solution during later iterations:

S(t) = Kay <2n;1)+Kcos(7tz), 5)

where a, scales the mutation effect and x normalizes the per-
turbation. Together, directional movement, force-based ex-
ploration, exploitative refinement, and mutation allow FbOA
to thoroughly explore the hyperparameter space and iden-
tify configurations with higher forecasting performance. The
directional structure and dynamic force terms enable the algo-
rithm to transition automatically from global search to local
convergence as optimization proceeds.

4. RESULTS

4.1 Baseline Model Evaluation

To establish baseline performance, each deep-learning model
was initially trained with default or commonly used hyper-
parameter settings before metaheuristic optimization. This
provides a point of comparison for assessing improvements
achieved through optimization. The baseline analysis uses a
complete range of statistical and forecasting measures: Mean
Squared Error (MSE), Root Mean Squared Error (RMSE),
Mean Absolute Error (MAE), Mean Bias Error (MBE), Pear-
son correlation coefficient (r), coefficient of determination
(R?), Relative RMSE (RRMSE), Nash—Sutcliffe Efficiency
(NSE), and the Willmott Index of Agreement (WI). Together,
these metrics capture accuracy, dispersion, bias, correlation,
and overall agreement between predicted and observed val-
ues.

Table 2 presents baseline results for NODE, Seq2Seq, and
ConvLSTM. Among the three architectures, the unoptimized
NODE model performs best on almost all evaluation mea-
sures. It has the lowest MSE, RMSE, and MAE, indicating
smaller average and squared errors relative to observed values.
NODE also provides the largest correlation coefficient and
R?, meaning that it explains a large percentage of the varia-
tion in cement-production trends over time. Its NSE and WI
values indicate more credible agreement between simulated
and observed outputs than those achieved by Seq2Seq and
ConvLSTM.

Seq2Seq produces intermediate performance, exceeding Con-
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vLSTM but remaining below NODE. It has greater MAE
and RMSE, indicating weaker multi-step forecasts. Although
ConvLSTM can capture spatiotemporal dependence, it ex-
hibits the least favorable baseline properties in this context.
Its large error values and smaller agreement indicators imply
difficulty modeling long-term temporal irregularities without
fitted hyperparameters. Overall, these initial findings demon-
strate the need for hyperparameter optimization and support
the use of metaheuristic strategies to improve all three model
classes.

Comparisons using multiple forecasting metrics are critical
for studying model behavior, identifying error sources, and
assessing predictive robustness. Figure 3 presents a bar chart
of key performance indicators, including MSE, RMSE, MAE,
MBE, correlation values, and agreement indices, with error
bars showing variability or uncertainty. The visualization
emphasizes relative strengths and weaknesses across several
statistical dimensions and provides a holistic view of accuracy,
bias, consistency, and predictive reliability.

The distributional characteristics of forecasting measures pro-
vide deeper understanding of model consistency, variability,
and reliability. Although single-value measures such as MSE,
RMSE, and R? summarize accuracy, they can hide resampling
variation, retraining effects, or sensitivity to initial conditions.
Box plots provide a comprehensive view of these distribu-
tional properties by displaying medians, quartiles, and pos-
sible outliers while comparing dispersion among evaluation
measures. Figure 4 shows box plots for nine important per-
formance measures, each marked with its mean and standard
deviation. This representation enables direct evaluation of
central tendency and dispersion, gives a more detailed view
of model consistency across metrics, and identifies indicators
with greater uncertainty or variability during training.

Investigation of joint relationships among forecasting mea-
sures provides essential information on how different mea-
sures of model performance interact, correlate, or di-
verge. Pairwise visualizations using kernel-density estimation
(KDE) show linear relationships and reveal underlying struc-
tural patterns, including clustering, distributional overlap,
and nonlinear relationships. Figure 5 presents a complete
pairplot of all model-performance metrics, with bivariate con-
tour densities and univariate KDE curves on the diagonal.
This combined representation enables systematic analysis of
the correlations between error-based and agreement-based
measures and provides insight into model consistency and
trade-offs.

4.2 Hyperparameter Optimization Results

After determining the baseline performance of the unopti-
mized models, the metaheuristic algorithms were used to
tune the NODE architecture. This stage measured the degree
to which automated hyperparameter search could improve
forecasting and compared the relative performance of the op-
timizers. The analysis again uses MSE, RMSE, MAE, MBE,
r, R2, RRMSE, NSE, and WI, enabling direct comparison
with baseline results.

Table 3 summarizes NODE performance after optimization
by FbOA, PSO, MVO, WOA, and GA. FbOA-guided opti-
mization provides the most significant improvement across
all metrics. The FbOA + NODE combination has the lowest

MSE, RMSE, MAE, and MBE values of all optimizers, im-
plying reductions in both random and systematic error. Its
correlation coefficient is 0.977 and R? is 0.973, showing that
the optimized model accounts for a high proportion of vari-
ation in the observed series. The large NSE (0.975) and WI
(0.98) further indicate close agreement between predicted and
observed emissions.

PSO + NODE ranks second on most metrics, followed by
MVO + NODE, WOA + NODE, and GA + NODE. Although
all metaheuristic strategies improve the unoptimized NODE
baseline, their performance differs in error level and agree-
ment scores. GA + NODE, for example, produces meaningful
improvements over unoptimized NODE but has higher errors
and smaller agreement indices than FbOA, PSO, and MVO.
This ranking suggests that the search dynamics and direc-
tional processes of FbOA are especially useful for exploring
the NODE hyperparameter space in this forecasting problem.
Overall, the findings demonstrate that metaheuristic optimiza-
tion can substantially improve NODE-based forecasting and
that FbOA produces the largest gains across the complete
metric portfolio.

Evaluating the distributional characteristics of performance
measures is critical for testing model assumptions and es-
tablishing the statistical credibility of forecast outcomes.
Quantile—Quantile (Q—Q) plots diagnose whether each metric
follows a theoretical normal distribution and indicate devia-
tions such as skewness, heavy tails, or systematic bias. Fig-
ure 6 shows Q—Q plots for all evaluated metrics and visually
compares ordered observations with their theoretical quan-
tiles. This provides a concise but rigorous means of assessing
normality assumptions and supports further inferential or
comparative analysis of the modeling workflow.

The complete distributional character of forecasting measures
requires visualizations that summarize central tendency and
spread as well as distribution shape, density, and point-wise
variation. Combined swarm, violin, and boxplot representa-
tions provide a comprehensive diagnostic view by showing
individual observations, smoothed distributions, and robust
statistical summaries. Figure 7 provides this integrated visual-
ization for all performance metrics, enabling easy comparison
of dispersion, symmetry, clustering patterns, and possible out-
liers. The coherent representation improves interpretability
by revealing details that may not be apparent from a single
visualization technique.

Comparing several forecasting models across a wide range of
evaluation measures benefits from a visualization that summa-
rizes multidimensional performance in a single interpretable
format. Radar charts provide this structure by assigning each
metric to a radial axis, allowing simultaneous comparison of
accuracy, bias, correlation strength, and overall agreement.
Figure 8 depicts the performance profiles of NODE optimized
using five metaheuristic algorithms. This display compares
each optimizer across the complete metric suite and helps
identify performance dominance, consistency patterns, and
trade-offs between error minimization and correlation-based
metrics.

5. DISCUSSION
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Table 2. Baseline Performance Metrics for Unoptimized Deep-Learning Models

Model MSE RMSE MAE MBE r R? RRMSE NSE Wi
NODE 0.00745 0.0863 0.0515 0.0328 0.89 0.891 1.48 0.91 0.905
Seq2Seq 0.0103 0.1015 0.0738 0.0580 0.887 0.876 1.88 0.895 0.898
ConvLSTM 0.0112 0.1058 0.0830 0.0642 0.871 0.868 2.85 0.873 0.865
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Figure 3. Bar plot of model performance metrics with associated error bars.

This study demonstrates the significant benefits of combin-
ing metaheuristic optimization with deep-learning architec-
tures to predict complex industrial time series such as global
CO; emissions from cement production. In all baseline tests,
NODE outperformed Seq2Seq and ConvLSTM, consistent
with the theoretical advantages of continuous-time modeling
for representing non-stationary and irregular temporal dy-
namics. The strong baseline performance of NODE indicates
its ability to capture long-term, smooth industrial-emission
trends while retaining sensitivity to variation caused by regu-
latory change or macroeconomic cycles.

However, changes in specific metrics across repeated runs
show that high-performance architectures are sensitive to
hyperparameter settings and therefore require sophisticated
optimization. When FbOA was introduced as the principal op-
timizer, substantial gains were achieved across all evaluation
measures, exceeding those obtained with PSO, MVO, WOA,
and GA. This improvement suggests that the directional-
search mechanism and force-based update principles of FbOA
are especially effective for exploring the highly nonlinear and
multimodal NODE hyperparameter space. Reductions in er-
ror measures and increases in agreement indices show that
FbOA improves not only precision, but also robustness and
generalization.

The visualization analyses—box plots, Q—Q diagnostics,
violin—swarm plots, and the radar chart—also confirm that
FbOA-optimized NODE has narrower distributional variabil-
ity and more consistent statistical performance. These fea-

tures are essential for forecasting systems intended for long-
term climate and industrial planning, where minimizing un-
certainty is as important as maximizing accuracy.

Beyond model-specific findings, the multiview analytical
framework used in this study provides a deeper understanding
of performance trends and intermetric relationships. KDE
pairplots indicate that error-based metrics (MSE, RMSE, and
MAE) and agreement-based metrics (Rz, NSE, and WI) are
closely coupled and that progress in one area propagates con-
sistently to the others. This internal consistency strengthens
confidence in the underlying learning dynamics and reliability
of the optimized model.

The ACF/PACF and wavelet-decomposition findings also
place the forecasting task in context by revealing long-term
persistence, multiscale variability, and smooth trends in the
global-temperature data. Combined, these diagnostics demon-
strate that appropriately optimized deep-learning models can
address both global and fine-scale temporal variation. More
broadly, metaheuristic-guided NODE models have strong
potential for integration into real-world decision-support
pipelines for emissions control, scenario evaluation, and
strategic decarbonization.

6. CONCLUSION

This study proposed a comprehensive model for forecasting
CO; emissions from the global cement industry and found
that combining Temporal Neural Ordinary Differential Equa-
tions with the Football Optimization Algorithm yields the
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Figure 4. Box plots displaying the distribution, mean, and standard deviation for each performance metric.

Table 3. Performance of NODE after Hyperparameter Optimization by Different Metaheuristic Algorithms

Model MSE RMSE MAE MBE r R? RRMSE NSE wi

FbOA + NODE 3.95E-07 6.28E-03 3.42E-04 8.10E-05 0.977 0.973 0.085 0.975 0.980
PSO + NODE 5.50E-07 7.42E-03 3.90E-04 1.05E-04 0.967 0.964 0.110 0.967 0.975
MVO + NODE 7.10E-07 8.43E-03 4.20E-04 1.20E-04 0.959 0.956 0.160 0.959 0.970
WOA + NODE 8.50E-07 9.21E-03 4.55E-04 1.32E-04 0.952 0.949 0.200 0.952 0.965
GA + NODE 1.03E-06  1.02E-02 4.75E-04  1.50E-04 0.946 0.943 0.250 0.944 0.960

best results. Because cement production accounts for approx-
imately 7-8% of anthropogenic CO; emissions, precise and
consistent forecasting mechanisms are critical for climate
planning, industrial policy, and long-term decarbonization.

The analysis began by evaluating NODE, Seq2Seq, and Con-
vLSTM under baseline conditions. NODE was the best per-
former, with MSE = 0.00745, RMSE = 0.0863, MAE =
0.0515, NSE = 0.91, and WI = 0.905. These findings demon-
strate the benefits of continuous-time models for handling het-
erogeneous temporal variation in global cement-production
data.

The study then implemented metaheuristic optimization to
improve NODE performance. PSO, MVO, WOA, and GA
were compared with the proposed FbOA-based framework.
FbOA was the most effective algorithm, achieving MSE =
3.95x 1077, RMSE = 6.28 x 1073, MAE = 3.42 x 1074,
a correlation coefficient of 0.977, and R? = 0.973. These
values are substantially better than the unoptimized NODE
baseline and NODE optimized by competing metaheuristics.

The directional-movement approach and force-update rules
of FbOA efficiently navigated the NODE hyperparameter
space, improved convergence, and minimized error across all
evaluation measures.

Overall, the proposed FbOA-NODE model is a robust,
evidence-based approach to emission forecasting with both
methodological and practical utility. It provides high predic-
tive precision, good generalization, and clear optimization
behavior, making it suitable for long-term industrial and envi-
ronmental decision making.

The framework can be extended in several ways. One di-
rection is multi-sector or multi-gas forecasting, enabling in-
tegrated analysis of industrial emissions beyond the cement
sector. Another is to incorporate spatial structure into forecast-
ing models to capture cross-country interactions, geograph-
ically clustered emission patterns, and regional dynamics.
Uncertainty-quantification methods, including probabilistic
NODE models or ensemble approaches, would enable con-
fidence intervals and risk-aware planning. The optimization
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Figure 5. Pairplot with KDE for all performance metrics, illustrating joint distributions, correlations, and univariate density
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Figure 6. Q-Q plots for all performance metrics comparing empirical ordered values with theoretical normal quantiles.
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Figure 7. Mixed swarm—violin—boxplot visualizations for all performance metrics, showing distribution shape, point-level variability, and

statistical summaries.
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Figure 8. Radar chart illustrating the performance metrics of NODE
optimized using five metaheuristic algorithms.

process could also be extended to multi-objective specifica-
tions balancing accuracy, computational cost, interpretabil-
ity, and model complexity. Forecasts may be aligned more
closely with real conditions by integrating domain-specific
constraints or policy scenarios into the optimization loop.
Finally, real-time or online-learning extensions represent an
important future direction as industrial monitoring systems
develop and continuous data streams become increasingly
available.

Overall, this paper shows that NODE combined with FbOA
is an effective predictive instrument for more informed and

proactive climate and industrial policy. The integration of
deep dynamical modeling with metaheuristic optimization
provides a strong foundation for future developments in data-
driven emission analysis and decision support.
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