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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 CO2 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 CO2 emis-sions 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 com-
bination achieves significant performance improvement, with MSE of 3.95x10~", RMSE of 6.28x 10, and MAE
of 3.42 x 107*, r = 0.977, R2 = 0.973, NSE = 0.975 and WI = 0.98. Competing optimizers (PSO, MVO, WOA,
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, sta-ble, and computationally inexpensive
model for predicting cement-associated CO2 emissions, offering a potential avenue for data-driven climate and
industrial planning.

Keywords: CO2Emission Forecasting; Neural Ordinary Differential Equations (NODE); Metaheuristic
Optimization; Football Optimization Algorithm (FbOA); Cement Industry Decarbonization

DOI: https://doi.org/10.54216/JSDGT.050105 26



Journal of Sustainable Development and Green Technology (JSDGT) Volume 05, Issue 01, PP. 26-50, 2025

1 Introduction

The cement business world globally supports almost all aspects of contemporary socioeconomic growth and
can be regarded as the main infrastructure of urbanization and industrialization. The cement-based building
materials play a vital role in the development of transportation channels, domestic structures, 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 industrialized countries, cement demand is expected
to be strong and steady in the future as well [2]]. Yet, this essential position has massive environmental
implications. Combination of calcification of limestone and combustion of fuel in rotary kilns results in
massive amounts of CO2 and cement production is classified as one of the most emissions-intensive in-
dustrial processes [3]. Recent estimates reveal that cement production is a major contributor of 7-8% of the
anthropogenic global CO2 release into the atmosphere [4]. This scale makes the cement industry a key focus
of the international process of decarbonization and technological development and change [S] [6]. Precise
projection of emissions of CO2 by cement manufacturing is thus a critical endeavor in both science and pol-
icy making. Projections help to inform the national climate policy, influence investment in carbon-capture
technologies, and help to plan the future industrial capacity, as well as to meet the international agreements
like the Paris Accord [[7]. Credible prediction systems can help governments and industries to consider pos-
sible routes to reduction of emissions, examine the potential of net-zero commitments, and develop active
interventions which are based on empirical evidence. However, it is still difficult to have confident fore-
casting because emission dynamics are complex in nature. It is not only the volume of production which
produces variability, but also the changing efficiencies of industries, changes in the type of fuel, regulatory
influences, supply-chain upheavals and fluctuations in the macroeconomic environment, all contribute to
variability as well [8]]. The combination of these interacting factors produces very nonlinear and multiscale
temporal behaviors which are beyond the modeling ability of most traditional methods [9]. Historically,
classical statistical and econometric forecasting models, which include ARIMA, VAR and linear regression
families, have been the common instruments in industrial and environmental prediction. Although they can
be used effectively to capture the linear over a short-term analysis, they tend to fail at modeling the nonlin-
ear, non-stationary and dynamically changing structure of long-horizon CO2 emission paths. In addition,
they usually assume a lot when it comes to the understanding of temporal stability, error distributions and
feature interaction [[10]. These assumptions tend to be broken in the real-life industrial scenario especially
in the global system where sudden policy interventions, technological disturbances, geopolitical restrictions
and energy-price shocks are activated. Consequently, data-driven, representation-learning-based methods
that have the capability to automatically detect complex dependencies are increasingly becoming popular
without any restrictive parametric assumptions being made on them [11]. Recent deep learning (DL) de-
velopments have changed the landscape of time-series forecasting dramatically in terms of what it can do
and how it can do it [12] [13]]. Recurrent neural networks, convolutional temporal models, transformation
sequence learners, and recently Neural Ordinary Differential Equations (NODEs) have shown good perfor-
mance in the fields of environmental, economic, and industrial forecasting. Of them, Temporal NODEs (T-
NODE) offer one of the most interesting structures as they model the dynamics of a time-dependent process
using neural networks as parameters. The formulation enables T-NODE to deal with behavior in continuous
time, long range dependencies and to represent irregular temporal behavior flexibly. Such characteristics
are particularly beneficial to industrial emission systems that develop over a heterogeneous time scale and
that have both slow and sudden variations [14]. The promise of NODE-based architectures notwithstand-
ing, these designs are extremely delicate to design-time choices, including network depth, the configuration
of a differential-equation solver, the dilation behavior, the dynamics of learning-rates, and regularization
choices. The process of hyperparameter selection is critical in deciding whether a model can also be able to
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generalize beyond historical trends, whether it becomes overfitted, and whether it will be stable to changes
in time. Manual tuning is time-sensitive, relies on the intuition of experts and is likely to achieve less than
optimal configurations. Also, the industrial time-series data is usually associated with noises, structural
breaks, and regime shifts, which further complicate optimization. As a result, the combination of meta-
heuristic optimization algorithms and deep learning models has become a potential solution to automatically
optimize hyperparameters and increase the robustness of the models. Even with these developments, there
are a number of fundamental issues that hamper the reliability of forecasts. A single recurring problem is
drift over time - systematic variation in the underlying data-generating process that is due to the passage of
time, due to changing technology, regulatory regimes, fuel consumption, or macroeconomic changes. The
temporal drift compromises the premise that historical data can be used to predict future behavior, which
compromises generalization of the model. Moreover, the sensitivity of hyperparameters in NODE archi-
tectures is very high due to its high dimensionality and flexibility of structure. Small variations can bring
significant changes in the stability of the training process, its convergence behavior, and predictions. Lastly,
deep learning models have a latent problem of overfitting, particularly in areas with a small amount of data
or a fast-evolving trend. The systematic optimization strategies that are capable of exploring the hyperpa-
rameter space systematically are needed to ensure good generalization of the model to future time periods.
To overcome these difficulties, the current paper constructs a superior time-series predictive model, which
incorporates the Football Optimization Algorithm (FbOA) as a newly developed population-based meta-
heuristic and the Temporal NODE model. This integration is intended to support automated, data-driven
hyperparameter optimization that can be used to find effective architectural and training settings with no
human effort. The framework is implemented on the popular dataset of global CO2 emission because of
the cement manufacturing, providing the information on the interactions between the metaheuristic search
mechanisms and the deep dynamical modeling. The suggested system aims to enhance the predictive accu-
racy, improve the time stability and offer a methodology that is reproducible and can be used in research,
policy formulation and industry analytics. In addition to a better performance, the work will also be able
to add to the overall methodological discussion by comparing the FbOA-T-NODE integration with the var-
ious tested and recognized metaheuristic-based-NODE combinations such as Particle Swarm Optimization
(PSO), Multiverse Optimization (MVO), Whale Optimization Algorithm (WOA), and Genetic Algorithm
(GA). These comparisons can be taken as an overall assessment of optimization behaviors and show the
effects of different metaheuristic paradigms on the learning processes of NODE-based models. The study
contributes to the creation of the next generation of forecasting systems of industrial emission systems by of-
fering a scalable and transparent as well as computationally efficient pipeline. The significant contributions
of this study are as follows.

* Integrated Framework: Introduction of a hybrid forecasting pipeline that unifies Temporal NODE
with the Football Optimization Algorithm, enabling fully automated hyperparameter selection and
enhancing the adaptability of NODE modeling to complex industrial time-series.

* Systematic Benchmarking: Comprehensive comparative evaluation involving nine established opti-
mizers, including PSO, MVO, WOA, and GA, demonstrating how differing metaheuristic strategies
influence NODE training behavior and predictive effectiveness.

* Performance Advancement: Demonstration of meaningful improvements in predictive consistency,
robustness to temporal drift, and long-term forecast reliability, underscoring the value of the proposed
approach for CO5 emission analytics and broader environmental forecasting applications.
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The rest of this paper is organized as follows. Section 2 offers a thorough literature review of the recent trends
in industrial CO2 forecasting, temporal modeling based on deep learning and metaheuristic optimization.
Section 3 identifies the materials and methodology, data formatting, modelling style, optimization set-up,
and performance. The experimental evaluations and detailed analyses are given in Section 4. Section 5 gives
final remarks on the major findings and sets forth the avenues of future research.

2 Literature Review

The integration of machine learning (ML) into the research of cement and concrete has transformed the
scientific and industrial world with the possibility of complex material behaviour analysis, modelling of
emissions, and optimization of mixtures. This trend is highly connected with the need to decrease the car-
bon footprint of the construction sector and keep its performance levels high. One of the most active research
fields is ultra-high-performance concrete (UHPC) that, despite the high-mechanical and rheological prop-
erties, is severely reproached because of its high embodied carbon. To overcome these issues, a hybrid
ML-based model has been developed as the first step involves training of Artificial Neural Network (ANN)
to model compressive strength and slump flow. The model has less than 10% prediction error which is very
strong. The outputs of these ANN predictions are introduced as inputs to a Genetic Algorithm (GA) which
explores a high dimensional space of UHPC constituents subject to strength, workability, components pro-
portions and volumetric consistency constraints [15]]. The result is the optimization of UHPC mix with a
significantly lower carbon footprint of 688 kg/m? which reveals the practical possibility of multi-objective
optimization via ML to design more sustainable high-performance concretes. There is also a complementary
research on the implementation of ML in the optimisation of high-strength concrete (HSC) and ultra-high-
strength concrete (UHSC). The materials are very popular because of their superior strength characteristics,
but they produce a lot of carbon emission owing to their high cement content. One of them collected a large
experimental dataset of the literature, which created ML models that could predict compressive strength
using constituent materials. Those predictions enabled the calculation of embodied carbon of each mix to
be made [16]. Notably, the research found out that various mix designs can attain the same compressive
strength but have great variance in embodied carbon. The authors suggested the use of benchmark intervals
based on statistical analysis and ML-based trend mapping which characterizes the acceptable embodied-
carbon of various strength grades. These insights play a vital role in guiding concrete professionals that aim
to come up with low-carbon mixes without compromising the mechanical performance. The focus has also
been on the calcification operation of production of clinker, which is one of the major contributors of CO2 in
the process. Since the emissions throughout the calcinations are sensitive to chemical composition, particle
size distribution, and thermal exposure, the traditional process models fail to account the nonlinear frame-
works that determine the decarbonisation reactions. In order to eliminate these constraints, a number of
advanced Al-based models, such as deep neural networks (DNN), ant colony optimization-enhanced ANN
(ACO-ANN), and genetic algorithm-enhanced ANN (GA-ANN) have been tested in order to predict CO2
emissions of raw materials undergoing the calcination process [17]. The high level of modelling accuracy
with R2 values greater than 0.99 and average relative errors lower than 1.04%, particularly of the DNN,
confirms that ML is an effective method to model any complex thermochemical reactions in the clinker
production. At the macro-level, national-level CO 2 emissions in the cement industry have been predicted
using ML. An in-depth research used Improved Particle Swarm Optimization-Backpropagation (IPSO-BP)
predictive model on 44 scenarios according to the second generation of dry cement production technologies
[[18]]. The results show that Chinese emissions of cement-related CO2 can reach their maximum level long
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before 2030 through measures aimed at reducing the capacity as well as introducing the latest technology of
dry-process. Under different circumstances, the peak emissions may be postponed by almost twenty years
as compared to the business-as-you-go scenario with a peak of 742 Mt. These long-term forecasting models
cannot be ignored by the policy makers who want to adjust the industrial development towards the national
carbon-neutrality targets. At the structural and mix-design stage, ML has facilitated the creation of innova-
tions in cement-use optimization in those elements that gain in terms of deferred loading. Conventionally,
mix proportioning is founded on a 28 day compressive strength; but most structural elements; foundations,
pavements, etc. do not load until long after they have cured. In one of the studies, the ANN and regres-
sion techniques were implemented to estimate cement content needed to attain 28 day and 90 day strengths
[19]. Elastic Net regression was found to be the most dependable predicting tool with prediction accuracy
of as high as 94%. Putting these ML-based predictions on a real reinforced concrete project, the authors
predicted a 10% cement consumption decrease and a 10% carbon emission decrease, which is a practical
environmental benefit of ML-based design optimization. The other significant contribution to national scale
modelling involved a national-level carbon-emission inventory of the cement industry in China to evaluate
the predictive power of six ML models namely: ridge regression, polynomial regression, Random Forest,
support vector regression, gradient-boosted regression trees and feed-forward neural networks [20]]. The best
predictive accuracy (R2 = 0.99) was achieved by using the models of the neural network and the polynomial
regression. The analysis on feature-importance indicated that the activities of producing clinker and using
coal were the factors contributing to almost 95% of the national cement-related emission. Spatial emission
trends were also offered in the study, in which the country cement-sector emissions are mainly led by North,
South and Southwest China. The findings indicate the importance of model interpretability in the develop-
ment of regional decarbonization plans. Continuing on the use of ML to more detailed process modelling,
another study used six ML methods on more than 6000 historical manufacturing data to investigate the de-
grees of oxidation and calcinations in cement calcinations [21]]. The research determined process parameters
that have the greatest impacts on CO2 release, by targeting the CO2 molecular composition and subjecting
the sensitivity analysis to them. These lessons deepen the knowledge of process engineers regarding thermal
processes and give specific channels of making kilns and calciners more efficient. A growing body of work
also focuses on modelling CO- sequestration within cement-based materials. A study integrating extensive
experimental datasets with literature data applied Decision Trees, Random Forests, and XGBoost to predict
carbonation depth, a critical indicator of CO5 uptake [22]. XGBoost significantly outperformed linear re-
gression, demonstrating its ability to capture nonlinear and interaction-dominated relationships. With aid
from SHAP interpretability tools, the study also revealed the previously underappreciated role of cement
type—especially CEM II/B-LL and CEM II/B-M—in influencing carbonation behavior. These findings fos-
ter a deeper understanding of the chemical drivers of carbon sequestration. ML has also been used to model
kiln-stack CO2 emissions. Based on 22 operational variables of a clinker manufacturing line in UAE, re-
searchers tested models like KNN, linear regression, decision trees,Random Forest, Gradient Boosting and
ANN models [23]]. Random Forest and Gradient Boosting turned out to be the most dependable, with the R2
values of 0.984 and the small values of RMSE/MAE. It happens that kiln feed rate became the key variable
influencing the amount of stack emissions, and consequently, focused operational changes might be directly
linked to the enhancement of emission levels. The replacement of biochar (BC) with cement mortar has
been gaining momentum. A comprehensive experimental study showed that BC increases compressive and
tensile strengths, decreases water absorption and enhances the durability because of its pozzolanic action and
porous microstructure [24]. The presence of the mechanical and durability properties under the influence of
BC modifications in mortars was also tested through complementary ML analysis based on AdaBoost and
linear regression, where AdaBoost was much more precise. This brings out the interplay of experimental
and computational methods of developing sustainable cement mortars. The issue of uncertainty in combus-
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tion systems also presents a problem to emission control. One study that solved this problem involved ANN
surrogate models that were trained on 700 dynamic simulations of kiln and calciner operations with 10%
uncertainty in the major input flows [25]. These obtained surrogates were applied to GA, PSO and hybrid
GA-PSO optimizers. The hybrid model offered the best stable and correct answers, and sensitivity analysis
later showed that the total coal and tertiary air flow were the most sensitive parameters on the CO2 and
CO emissions. This paper has shown that intelligent optimization can be realised in real-time in industrial
cement operation. ML is also useful in the use of calcined sludge as a partial replacement of cement. The
six variables were experimented with six ML regressors, such as CNN, ensemble regression, MLP-ANN,
SVR, and Random Forest, to predict compressive strength [26]. Ensemble regression and CNN were the
most successful, and ML-based robustness assessment proved that curing age is the strongest variable af-
fecting strengths. The results allow the preparation of sustainable waste-based binders that have a more
predictable behavior. Another area where ML has won over deficiencies of semi-empirical kinetic models
is in hydration kinetics of OPC combined with mineral additives. A single study showed the successful
prediction of time-dependent observation of hydration by use of physiochemical attributes on the models
with the help of the Random Forests methodology as an input variable [27]]. Even the model could be used
to produce mix designs which meet user-specified kinetic criteria to achieve targeted performance specifi-
cations without necessarily having mechanistic kinetic models. The sustainability usefulness of geopolymer
mortars that include eggshell powder (ESP) and rice husk ash (RHA) was investigated with the help of both
Response Surface Methodology (RSM) and the ML-based prediction one [28|]. GPR, ANN, and Gradient
Boosting models were trained on a dataset of 606 compressive strength results and GPR was the most accu-
rate model. The experimental findings indicated that the strength and CO2 emission were better compared
to the conventional binders and reflected that the mix optimization of alternative binders by use of ML was
practical. Additional developments in the modeling of cement-based materials were also described in an
article evaluating the five ML algorithms, which include SVM, Random Forest, decision tree, AdaBoost,
and KNN, to predict compressive strength using a large experimental database [29]. The best performance
was attained using the AdaBoost and the Random Forest models, and variable influence analysis gave good
information on the influence of cement grade, curing age, water to binder ratio, and sand properties on
strength development. Lastly, the use of ML has also been extensively used to maximize flexural strength
(FS) of cementitious composites with waste glass powder (WGP). Experimental studies revealed that WGP
improves FS as far as 15% replacement depending on the type of cement or fine aggregate substituted [30].
The six input parameters were trained on with two models of the ML- SVM and a bagging regressor, the
bagging regressor provided the best predictive performance. This paper demonstrates that ML can make the
assessment of waste-based cementitious composites faster and helps achieve the larger aim of sustainable
materials.

3 Materials and Methods

2.1 Dataset Overview

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

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

The dataset is organized by year and country. A representative portion of the dataset’s feature structure
is shown in Table[l| presenting the exact feature labels as they appear in the raw dataset.

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

Feature Description

Year Calendar year corresponding to each recorded cement produc-
tion entry.

Afghanistan Annual cement production attributed to Afghanistan, expressed
in metric tons as reported or reconstructed in the dataset.

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

Algeria Yearly cement production quantities for Algeria, contributing to
regional and global emission estimates.

Andorra Recorded or estimated cement production values for Andorra,
included for completeness in global coverage.

Angola Annual cement production associated with Angola, derived from
USGS and CDIAC-based reconstruction.

Anguilla Cement production values for Anguilla, typically low or zero due
to limited industrial activity; values may include reconstructed
or missing-data proxies.

Antigua and Barbuda | Country-level annual cement production for Antigua and Bar-
buda, reflecting small-island reporting patterns.

Argentina Annual cement production for Argentina, a major regional pro-
ducer with relatively well-documented historical records.

Armenia Cement production levels for Armenia, including reconstructed
values for pre-1991 periods and direct observations thereafter.

To study the tidiness of climate variables over time, one needs analytical instruments that can help to
separate long-term trends and other short and medium-term variations. It can be very useful through the
wavelet decomposition which is a strong multiresolution method to decompose a time-series into its own
parts across multiple frequency bands. Such decomposition is of particular importance in global temperature
variations, where one would wish to isolate persistent signals of warming in cyclical variations in the climate
due to natural climate swings, volcanic eruption or temporary external perturbations. Figure [I] shows the
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application of a discrete wavelet transform (Daubechies 4, level 4) onto a global temperature series, giving
an idea of how the initial signal can be gradually broken down into its approximation and detail subsections.
This representation gives a clear picture of long term climatic trends as well as multi-scale variability hence
offering a better interpretation to the structural warming patterns and high frequency climate behaviour.

Wavelet Decomposition Analysis of Global Temperature(Discrete Wavelet Transform - Daubechies 4, Level 4)
Original Global Temperature Time-Series
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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 com-
ponents (D1-D4).

The temporal dependence structure of climatic variables is important to study both short- and long-
memory climatic time-series dynamics. Among these, the autocorrelation and partial autocorrelation diag-
nostics directly offers a method of the evaluation of the persistence, lag effects, and potential model forms
that can be used in forecasting applications. Figure 2] shows the Autocorrelation Function (ACF) and Partial
Autocorrelation Function (PACF) of the global temperature series, which provides insights as to how the
signal is strongly positively correlated over a series of lags and to show how the signal is gradually decaying
as a result of long-term climatic persistence. These relationships patterns provide essential understanding on
the underlying temporal dynamics of global temperature fluctuations and forms a basis stage on the selection
of correct predictive models.
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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 Function (PACF) for the global tem-
perature time series, displayed with 95% confidence intervals.

2.2 Data Preprocessing

The preprocessing of the dataset to support temporal modeling involves a number of systematic preprocess-
ing operations to resolve structural discrepancies, lost data and cross-country and cross-tempor heterogeneity
in the manner data is being reported. Since the cement-production data is a combination of past reconstruc-
tions and current statistical reporting, the data in its raw form are irregular which need to be removed before
training the model. These procedures are necessary to provide a stable, coherent and analytically signifi-
cant input space upon which the forecasting framework is to be run. One main issue is how zero values
brought forward by the previous CDIAC compilations should be treated. Most of these zero records, as
recorded by the authors of the dataset, are not actual records of zero cement production but are instead inde-
terministic records of missed records or placeholders of missing data. Unattended, these values may cause
artificial discontinuities, bias temporal dynamics, and have other negative impacts on the learning dynamics
of deep models. Thus, all The zero values which do not correspond to confirmed production statistics are
re-classified as missing values (NaN). Such method is consistent with best practices in time-series curation
of environmental data, where the structural zero should be differentiated with the actual physical zero, oth-
erwise the trend and seasonality elements may be skewed. Following the reclassification, missing values are
imputed using a two-step imputation plan that aims at maintaining the statistical properties of the production
path of each country. First, when short gaps occur in the time series of a country they are solved by means
of linear interpolation because of the appropriateness of the method to gradual industrial trends and in con-
sideration of the fact that monotonicity may be maintained when the underlying production varies smoothly
with time. This method allows to give a consistent reconstruction of intermediate values without the intro-
duction of unrealistic fluctuations. Second, in the case of longer gaps or intervals influenced by geopolitical
transitions, e.g. dissolution events or incomplete national reporting, country-specific imputation is used.
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This involves forward and backward filling using the nearest effective observations or where it is feasible,
reconstruction using regional patterns and production intensities recorded by the metadata sources used in
the dataset. Normalization is another processing step that is undertaken at the end of the preprocessing
process to align production values among countries which have a significantly different industrial capacity.
Minimum and maximum scaling strategy is used to maintain the relative form of the temporal variations as
well as to ensure numerical stability in training the model. The scaling provides gradient convergence in the
NODE architecture and avoids the dominance of high-output nations like China, India or the United States.
Following scaling, the data is divided into training, validation and testing parts after an initial chronological
partition to avoid temporal leakage, which is a frequent issue in time-series forecasting and can artificially
improve predictive accuracy. By using this extensive preprocessing pipeline, the data is suitably formatted
to be used in the forecasting structure of NODE. The transformation of the zeros into the missing values
coupled with principled imputation and scaling processes will make the final data set analytically adequate
and representative of the actual historical dynamics of production. This design indicates a fine spatial resolu-
tion of the dataset and could be used to conduct country-level, regional, and global forecasting studies. The
characteristics that are depicted here will represent the format that is utilized in all of the featured nations
and facilitate multi-variate temporal modeling frameworks.

2.3 Deep Learning Models

Three deep learning networks are used to assess the performance of forecasting over time in various tempo-
ral modeling paradigms, namely: Neural Ordinary Differential Equations (NODE), Sequence-to-Sequence
(Seq2Seq) recurrent models, and Convolutional Long Short-Term Memory networks (ConvLSTM). Both
models are unique methods of modelling temporal relationships, non-linear dynamics and structural tenden-
cies found in long-term cement production data. Their joint analysis gives a strong comparative foundation
on analyzing the sensitivity of models with the nature of data, optimization processes, and time variations.

Neural Ordinary Differential Equations (NODE) Colloquially, neural Ordinary Differential Equations
(NODE) by Chen et al. (2018) are the reinterpretation of deep networks not as discrete layered transforma-
tions but as continuous-time dynamical systems. NODE does not stack many layers, as it learns the dynamics
of a hidden state in an ordinary differential equation that is of the form:

dh(t) _
7 - f(h(t)a t? 9),

where f(-) is a neural network parameterized by 6. The framework allows the model to model smooth
temporal trajectories, and continuous-time behaviour which are especially well adapted to long-range in-
dustrial and environmental time-series. NODEs offer adaptive computation, as well, in ODE solvers where
step sizes are varied in response to the complexity of the system to enable effective modeling of periods
with sudden variations to those with steady trends. NODE has benefits in cement production forecasting
in terms of dealing with non-stationary effects that are caused by technological change, change in regula-
tions and macroeconomic shocks. It is especially useful in irregular temporal intervals, extrapolation, and
complicated nonlinear processes models owing to its capability to model temporal dynamics as continuous
flows.
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Sequence-to-Sequence (Seq2Seq) The Sequence-to-Sequence architecture which was initially designed
to translate neural networks into machine translation now forms a core architecture of multi-step time-series
prediction. A typical Seq2Seq model is made out of two recurrent modules:

* an encoder that processes an input sequence and compresses its temporal information into a context
vector, and

» a decoder that generates the forecasted sequence conditioned on the learned context.

The use of Long Short-Term Memory (LSTM) or Gated Recurrent Unit (GRU) cells is due to the fact that
these models can alleviate vanishing and exploding gradients. Seq2Seq models are also capable of capturing
long-range dependencies and input sequences with variable length to output sequences with variable length,
and therefore are useful in multi-horizon forecasting tasks. To handle data on cement production, Seq2Seq
allows the model to pick up temporal regularities like growth trends, cyclicality and structural discontinuities
in past emissions. The autoregressive decoding process enables the model to make refinements stepwise with
the help of contextual memory of years past. This can be applied especially in forecasting in areas where
structural dynamics are slow changing or inertial.

Convolutional Long Short-Term Memory (ConvLSTM) Convolutional Long Short-Term Memory
(ConvLSTM) networks are based on the same pattern as in the LSTM networks, except that they add con-
volutional operations to the gating mechanisms. As opposed to regular LSTMs, which use fully connected
transformations, ConvLSTM uses spatially structured convolutions, and thus it is especially good at captur-
ing time-wise and spatial correlations. ConvLSTM has been effective in any field that involves the temporal
evolution that is governed by the structured spatial relationships although it was initially developed to pre-
dict precipitation nowcasting and spatiotemporal prediction. In the cement production dataset, the spatial
dimension is the group of countries, which is a spatial unit with the possible correlation of production trends
in the region because of the economic integration of regional economies, similarity of industrial activity, or
geopolitical cooperation. ConvLSTM can learn to capture:

* regionally correlated production behaviors,
* cross-country interactions,
* multi-scale temporal patterns,

* and shared economic or regulatory dynamics.

This space-time dualization allows the architecture to acquire more distinct representations than recurrent-
only or convolution-only models, and ConvLSTM is a good candidate to operate at the scale of global predic-
tions. Combined, NODE, Seq2Seq and ConvLSTM are complementary modeling paradigms of continuous-
time dynamics, recurrent sequence learning and spatiotemporal convolutional modeling. The two-part as-
sessment is a holistic evaluation of the various deep learning processes to the multiplicity of long-term
cement production forecasting.
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3.3 Optimization Strategy

Effective hyperparameter optimization is essential for achieving robust performance in deep learning—based
forecasting models, particularly when dealing with complex, nonlinear, and non-stationary temporal data
such as global cement-production records. Manual tuning is often inefficient, subjective, and insufficient for
navigating high-dimensional search spaces. This study therefore employs metaheuristic optimization tech-
niques that enable systematic, global exploration of hyperparameter configurations for the NODE, Seq2Seq,
and ConvLSTM models.

Role of Metaheuristics Metaheuristic algorithms offer a general, gradient-free way to optimize objective
functions which have a nonlinear appearance, many local minima and nonlinear variable interactions. By
using their population-based searching methods they are able to balance both exploration and exploitation,
adaptively refine their candidate solutions and efficiently search several large parts of the hyperparameter
space. The above properties make metaheuristics particularly useful to deep learning, where the performance
of a model tends to vary significantly with the learning rate, depth of architecture, solver choices (in the
case of NODE), sequence length (in the case of Seq2Seq), and convolutional parameters (in the case of
ConvLSTM). Metaheuristics are useful in forecasting time series of industry and the environment to enable
models to be generalizable to regimes of variability, structural breaks and gradual long-term shifts. They also
help avoid trial-and-error methods of hyperparameter selection and increase results reproducibility across
experiments by automating the process of hyperparameter selection. This is of particular significance to
NODE because the optimization path can be highly dependent on solver behavior and starting point; hence,
their capacity to leave local minima.

3.3.1 Comparative Algorithms

In order to measure the performance of the proposed optimization framework, a few well established meta-
heuristic algorithms are taken as some baselines. These optimizers are based on different biological, physical
and evolutionary paradigms and a wide range of global search mechanisms are availed.

Particle Swarm Optimization (PSO). PSO is informed by the flock movement of birds and the school
of fish. It moves its particles through the search space using both the personal and global best experience
to update the velocities. PSO has been noted to be fast converging and has been commonly used in tuning
hyperparameters of neural networks because it balances between exploration and exploitation.

Multiverse Optimization (MVO). MVO is an algorithm based on physics with multiverse theory. It
imagines solutions as being composed of universes, which are linked together by white holes, black holes
and wormholes which direct information exchange and perturbation. This design enables MVO to search
very multimodal landscapes with efficiency and prevents early convergence.

Whale Optimization Algorithm (WOA). WOA is a behavior that resembles the hunting of humpback
whales with the use of a bubble-net. It switches between encircling prey, spiral updates and random search,
which allows the intensification around promising regions and diversification where necessary. The adaptive
exploitation mechanisms of WOA make it suitable in fine-tuning the neural network parameters.
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Genetic Algorithm (GA). GA is an evolving algorithm which is founded on natural selection and ge-
netics. It mutates, selects and crossovers a population of candidate solutions. GA is diverse in solutions
and able to efficiently search through complex spaces in recombination such that it represents a strong and
long-standing basis on which optimization is performed. All these algorithms together provide a powerful
reference on the performance of the suggested metaheuristic strategy. Their presence will guarantee a wide
benchmark between evolutionary, swarm-based and physics-based optimization strategies.

3.3.3 FbOA Optimization Proposed

FbOA is an optimization that is motivated by co-ordinated directional motion and force-based motion that is
dynamic in both exploration and exploitation. The algorithm spreads agents in the space of hyperparameter
search and refines their locations step by step on the basis of the quality of the solutions they propose. This
framework is suitable to the nonlinear and multimodal topologies of NODE hyperparameter tuning. The
process starts with the creation of a population of candidate vectors. Each of the vectors is a codification
of a complete set of hyperparameters of the NODE and is measured by the losses of the forecasts. Agents
then revise their positions based on the application of force-based movement rules that exhibit exploratory
or exploitative behavior based on the stage of iteration. The model of exploration is described by velocity
update that helps the agents traverse the search space in large areas. One simplified version of the update to
the exploration in the form of the algorithm described is as below.

™
Vn = Fmax (ba: a; (Fext - Fmin) +r by Q; (Fbest - Fmin)) COs (?) P

where V,, is the exploratory velocity at iteration n, Fi,ax and Fi,;, define upper and lower force bounds,
Fy reflects external influence on movement, Fi. is the force associated with the best solution, a;, a; are

acceleration terms, b;, b, are directional coefficients, r introduces randomness, and ¢ is the current iteration.

This formulation allows agents to move outward along one of the directional vectors, promoting wide
coverage of the hyperparameter domain during early iterations.

The best force term is updated dynamically to guide the search toward increasingly promising regions:
K 2
1 Fr
Frest = — ——max__ |
best K%((Qn—l—ly)

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

Exploitation is modeled through a position update that emphasizes convergence around strong solutions.
A general form of the exploitation update is

S(t+1)=F +238(t) + K sin(%),
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where S(t) is the current position, F; represents the influence of a local force acting on the agent, z3
controls the contribution of the current solution, and the sinusoidal term modulates the refinement intensity
over time.

To further increase diversity and prevent stagnation, a mutation mechanism perturbs the solution during
later iterations:

X

S(t) = K a, (2”+ 1) + K cos (7).

where a, scales the mutation effect and = normalizes the perturbation. All these mechanisms (direc-
tional movement, force-based exploration, exploitative refinement, and mutation) allow FbOA to thoroughly
explore the hyperparameter space and find parameter configurations that provide higher forecasting perfor-
mance. The directional structure and dynamic force terms enable the algorithm to automatically switch to
local convergence as optimization occurs and the global search.

4. Results

4.1 Baseline Model Evaluation

To get a baseline performance, each deep learning model was initially trained with its default or those hy-
perparameter settings common to all models before metaheuristic optimization was applied. This gives an
object of comparison through which it is possible to gauge the improvements through optimization. The
baseline analysis contains 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), Pearson
correlation coefficient (r), coefficient of determination (R2), Relative RMSE (RRMSE), NashSutcliffe Effi-
ciency (NSE) and the Willmott Index of Agreement (WI). A combination of these metrics captures different
dimensions of predictive performance such as accuracy, dispersion, bias and general agreement between
the predicted and observed value. Tables [2] present the baseline of NODE, Seq2Seq, and ConvLSTM. Of
the three architectures, the unoptimized NODE model has the best performance in almost all the evaluation
measures. It has the lowest MSE, RMSE, and MAE indicating a smaller average and squared errors to ob-
served values. NODE also presents the largest correlation coefficient and R 2 which means that it explains
a large percentage of the variation in trends in cement-production over time. Moreover, both NSE and WI
values prove that NODE gives more credible agreement between the simulated and observed output than
Seq2Seq and ConvLSTM. Seq2Seq is also mediocre with a higher performance compared to ConvLSTM
and lower compared to NODE. It has a greater MAE and RMSE, which means that it does not predict the
consequences of a multi-step forecasting as well. Although ConvLSTM can capture the spatiotemporal de-
pendence, it exhibits the most undesirable baseline properties in this context. Its large error values, and
smaller values of agreement indicators, imply that it is hard to model the long-term temporal irregularities
in the dataset without fitted hyperparameters. Comprehensively, these initial findings demonstrate the need
of hyperparameter optimization and support the use of metaheuristic strategies to improve the forecasting
ability of all the three model classes.
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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 1.48 091 | 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

Comparison of performance using various metrics of forecasting are critical to the study of model behav-
ior, source of error, and how predictive systems are robust. Overviews are an intuitive way of evaluating such
differences in a variety of criteria at a time. Figure[3]is a bar chart of the key performance indicators namely
MSE, RMSE, MAE, MBE, correlation values, and agreement indexes with error bars to show variability or
uncertainty in the estimate. The visualization is used to emphasize the relative strengths and weaknesses of
the model in various statistical dimensions providing a holistic view of the accuracy, bias, consistency and
predictive reliability.

Bar Plot of Model Performance with Error Bars
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Figure 3: Bar plot of model performance metrics with associated error bars.

Control of the distributional characteristic of forecasting measures gives a better understanding of the consis-
tency, variability, and reliability of model performance. Although single-value measures like MSE, RMSE
or R? summarize accuracy, they can hide resampling variations, re-training effects or sensitivity to starting
conditions. Box plots provide an all-encompassing view of these distributional properties by displaying and
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highlighting both medians, quartiles, and possible outliers yet also comparing the dispersion of different
measures of evaluation. Figured]shows box plots of nine important performance measures, each with marks
of the mean and standard deviation, as a result of which the immediate evaluation of the central tendency
and dispersion is possible. Such representation allows developing a more detailed vision of the consistency
of the model in metrics, as well as indicating those indicators that have a greater uncertainty or variability in
training. Distributional analysis of forecasting measures gives further understanding of how stable, variable
and general reliable the model is performing. Single-value measures of accuracy like MSE, RMSE, or R2
can be used to summarize the accuracy, however, they can hide resampling or repeated train-run variability
or sensitivity to initialization. Box plots provide a detailed graphical representation of these distributional
aspects showing medians, quartiles, and possible outliers and at the same time comparing the dispersion of
the different measures of evaluation. Figure ] shows box plots of nine main performance metrics with mean
and standard deviation markers, which allows one to check central tendency and dispersion directly. It is
through this representation that a sensitive interpretation of the consistency of the model between metrics
can be achieved and an insight into indicators that are more uncertain or variable during training is gained.

Box Plot with Mean & Std for Each Metric
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Figure 4: Box plots displaying the distribution, mean, and standard deviation for each performance metric.
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The investigation of the joint relations between forecasting measures gives essential information on the
interactions of the various measures of model performance, their correlations or deviations under different
circumstances. Pairwise visualizations, using kernel density estimation (KDE) not just to show linear re-
lationships, but also to identify underlying structural patterns including clustering patterns, distributional
overlap and nonlinear relationships. Figure 5] shows a complete pairplot of all model performance metrics
with bivariate contour densities and univariate KDE curves on the diagonal. This combined form has al-
lowed systematic analysis of the correlations between error-based and agreement-based measures to provide
a subtle insight into the consistency, trade-offs and internal consistency of model performance.

Pairplot of Model Performance Metrics with KDE
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Figure 5: Pairplot with KDE for all performance metrics, illustrating joint distributions, correlations, and
univariate density structures.
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4.2 Hyperparameter Optimization Results

Once the baseline performance of the unoptimized models had been determined, the metaheuristic algo-
rithms of Section 3.3 were used to tune the NODE architecture on hyperparametric. This step was intended
to measure the degree to which automated search through the hyperparameter space can be used to im-
prove the forecasting performance and to compare the relative performance of optimizers. The analysis is
once again based on MSE, RMSE, MAE, MBE, r, R2, RRMSE, NSE, and WI which makes them directly
comparable to the results of the baseline. Table 3 provides a summary of the performance of NODE as
optimized by FbOA, PSO, MVO, WAO and GA. FbOA-guided optimization is the most significant in all
metrics. The FbOA + NODE combination has the minimum values of MSE, RMSE, MAE and MBE values
when compared to any other optimizer, implying that the random and systematic error elements are
reduced significantly. The correlation coefficient is 0.977 and the value of R2 is 0.973 which shows that the
opti-mized model can be able to account a very high percentage in the movements of the observed series.
The large NSE (0.975) and WI (0.98) also indicate that FbOA + NODE provides highly close predictions
and observed emissions. PSO + NODE is placed at the second position in the majority of metrics, and then
comes MVO + NODE, WAO + NODE, and GA + NODE. Despite the fact that all of the metaheuristic
strategies are an improvement over the NODE baseline, their performance varies in terms of the error level
and their performance score. As an example, GA + NODE continues to provide significant improvements
to unoptimized NODE model but has higher error values and smaller agreement indices than FbOA, PSO
and MVO. Such ranking means that the search dynamics and directional processes of FbOA are especially
useful to explore the NODE hyperparameter space in the given forecasting problem. Altogether, these find-
ings indicate the fact that metaheuristic optimization can significantly optimize NODE-based forecasting,
and FbOA can make the most significant gains in all metrics of the entire portfolio.

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 | 0.98
PSO + NODE 5.50E-07 | 7.42E-03 | 3.90E-04 | 1.05E-04 | 0.967 | 0.964 0.11 0.967 | 0.975
MVO + NODE | 7.10E-07 | 8.43E-03 | 4.20E-04 | 1.20E-04 | 0.959 | 0.956 0.16 0.959 | 0.97
WAO + NODE | 8.50E-07 | 9.21E-03 | 4.55E-04 | 1.32E-04 | 0.952 | 0.949 0.20 0.952 | 0.965
GA + NODE 1.03E-06 | 1.02E-02 | 4.75E-04 | 1.50E-04 | 0.946 | 0.943 0.25 0.944 | 0.96

Evaluating the distributional characteristics of performance measures is critical in testing model postula-
tions as well as in providing the statistical credibility of the forecast outcomes. QuantileQuantile (QQ) plots
can be used to give a good diagnostic of whether the distribution of each measure is actually a theoretical
normal distribution or not, to indicate deviations (skewness, heavy-tailed, systematic bias). Figure 6 demon-
strates the QQ plot of all the metrics that are being evaluated, and it is possible to visually compare the order
of the observed values with their theoretical quantile. Such representation provides a traditionally brief
but rigorous way of assessing normality assumptions and facilitates the further inferential or comparative
analysis of the modeling workflow.
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Q-Q Plots for All Metrics
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Figure 6: Q-Q plots for all performance metrics comparing empirical ordered values with theoretical normal
quantiles.

Here, the complete distributional character of forecasting measures can only be grasped using visuals
that outline not just central tendency and spread, but also form, density, and point-wise variance of the
information. Mixed plots with swarm, violin, and boxplot demonstrations are useful as they provide a
comprehensive diagnostic picture and at the same time show individual observations, the smoothness of
distribution, and strong statistical summaries. Such an integrated visualization of all the performance metrics
is provided in Figure [7] where dispersion, symmetry, clustering patterns, and possible outliers can be easily
compared. Such coherence to representation makes it more interpretable by showing finer details to the
metric distributions that might not be evident with one technique of visualization.
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Mixed Plot: Swarm + Violin + Boxplot for Metrics
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Figure 7: Mixed swarm-—violin—boxplot visualizations for all performance metrics, showing distribution
shape, point-level variability, and statistical summaries.

The need to compare several forecasting models with a wide range of evaluation measures would be
helped by a visualization method that has the ability to summarize the performance of multidimensional
measurements in a single understandable format. Radar charts offer this structure, visualizing every metric
with a radial axis, which allows comparing accuracy, bias, the strength of correlation and the model agree-
ment overall at once. Figure {§ depicts a radar chart of the performance profiles of NODE as optimized using
five metaheuristic algorithms. This display presents the comparative performance of each optimizer in the
entire metric suite, enabling one to easily determine the performance dominance, patterns of consistency,
and trade-offs between error minimization and correlation based metrics.
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FbOA + NODE
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Figure 8: Radar chart illustrating the performance metrics of NODE optimized using five metaheuristic
algorithms.

4 Discussion

This research paper shows the significant benefits of combining metaheuristic optimization and deep learn-
ing architectures to predict complex industrial time-series like the world emissions of CO2 as a result of
cement production. In all the base tests, the performance of NODE was better compared to Seq2Seq and
ConvLSTM, which is consistent with the theoretical advantages of continuous-time modeling in the process
of representing non-stationary and irregular temporal dynamics. The high baseline performance of NODE
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points to its ability to capture the long-term and smooth curves of industrial emission tendencies and retain
sensitiveness to variations caused by external sources of variability of regulatory changes or macroeconomic
cycles. However, the apparent change in specific metrics when repeated runs are used shows that most
architectures of high performance are sensitive to hyperparameter settings, and thus require sophisticated
optimization techniques. When the Football Optimization Algorithm was introduced as the main optimizer,
significant gains were attained in all the assessment measures, which is better than the tested metaheuristics
PSO, MVO, WOA, and GA. Such level of performance improvement by FbOA indicates that the directional
search mechanism and force-based update principles FbOA have are especially effective to explore the hy-
perparameter space that NODE represents is highly nonlinear and multi-modal. The multi-metric decrease
in the error values, and the increase in the agreement indices depict that FbOA does not only increase the pre-
cision but also increases the model robustness and generalization. The visualization analyses (box plot, Q-Q
diagnostics, violin-swarm plot and radar chart) also confirm that FbOA-optimized NODE has a narrower dis-
tributional variability and more consistent statistical performance. These features are essential in prediction
systems to be used in long run climate and industrial planning where minimizing uncertainty is important
as much as accuracy. In addition to model-specific information, a multi-visual analytical framework, used
in the current research, gives a deeper picture of performance trends and inter-metric relationships. KDE
pairplot analyses indicate that the error-based metrics (MSE, RMSE, MAE) and agreement-based metrics
(R2, NSE, WI) are intimately coupled and that progress in one area spreads uniformly in all others. This
internal consistency gives confidence in the underlying learning dynamics and reliability of the optimised
model. Also, the ACF/PACF and the wavelet decomposition findings put the forecasting task into perspec-
tive through the observation of long-term persistence, multi-scale variability, and smooth trend in the global
temperature data. Combined with the two diagnostic views, it can be demonstrated that deep learning mod-
els when optimized appropriately could address both the global and fine-temporal variations successfully.
The more general implication is that metaheuristic-directed NODE models have a high potential of being in-
tegrated into pipeline-based real-world decision support that aims at emissions control, scenario evaluation,
and strategic decarbonization.

5 Conclusion and Future Work

The study proposed an extensive model for predicting CO2 emissions of the global cement industry, con-
cluding that the combination of Temporal Neural Ordinary Differential Equations (NODE) and the Football
Optimization Algorithm (FbOA) yields the best results. Since cement production accounts for about 7 to
8% of anthropogenic CO2 emissions, the need to develop precise and consistent forecasting mechanisms
is critical for climate planning, industrial policy, and long-term decarbonization directions. Analysis has
started with the evaluation of three models of deep learning, i.e., NODE, Seq2Seq and ConvLSTM in the
conditions of baseline. NODE was the best performer with the highest MSE of 0.00745, RMSE of 0.0863,
MAE of 0.0515, and good values of NSE = 0.91 and WI=0.905. These findings demonstrated the benefits of
continuous-time models for addressing the heterogeneous time variation in data on world cement production.
The research then implemented metaheuristic optimization to improve NODE’s performance. PSO, MVO,
WOA, and GA were compared with the proposed FbOA-based framework. FbOA was the most optimal
algorithm with an MSE of 3.95 x 10~7, RMSE of 6.28 x 10~2, MAE of 3.42 x 10—%, correlation coefficient
of 0.977, and an R2 = 0.973. These values are much better than baseline NODE and NODE optimized
by other metaheuristics. The directional movement approach to fbOA and the rules for updating its forces
demonstrated high efficiency in navigating the hyperparameter space of NODE, increasing convergence and
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minimizing the algorithm’s error across all evaluation measures. Altogether, the suggested FbOA-NODE
model is a robust, evidence-based method for emissions prediction that offers both methodological and
practical utility. It provides high predictive precision, good generalization, and clear optimization behaviour,
hence it can be applied to long-term industrial and environmental decisions. The framework can be extended
in several ways in the future. An avenue worth pursuing is the development of a model for multi-sector or
multi-gas forecasting, enabling a springboard for an integrated analysis of industrial emissions not only of
the cement sector but also of other sectors. Further prospects lie in using spatial structure in forecasting mod-
els to capture both cross-country interactions and geographically clustered patterns of emissions, as well as
regional patterns. The other option, the development of uncertainty quantification methods, including prob-
abilistic NODE models or ensemble-based methods, would also be an essential avenue, enabling confidence
intervals and risk-aware planning. The optimization process itself can be extended to multi-objective spec-
ifications that balance accuracy, computational cost, interpretability, and model complexity. Forecasts may
be adjusted to align with real-world conditions by integrating domain-specific constraints or policy scenarios
into the optimization loop. Lastly, real-time or online learning extensions are another significant direction
of the future, especially with the development of industrial monitoring systems and the growing availability
of continuous data streams. Overall, this paper has already shown that NODE, in combination with FbOA,
is an effective predictive instrument that can be used to implement more informed and proactive climate and
industrial policy. The deep dynamical modeling, combined with the metaheuristic optimization, provides a
solid basis for future development in data-based emissions analysis and decision support.
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