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Abstract. Carbon monoxide (CO) is a hazardous airborne pollutant
and a very toxic gas that poses serious health risks and contributes to
greenhouse effects in the atmosphere. Accurate prediction its concentra-
tion is crucial to minimize human exposure, reduce global warming, sup-
port informed public health initiatives, and ensure compliance to strict
environmental standards. Due to its significant swings in concentration
and frequent presence within urban and factory zones, CO levels in the
atmosphere are known to fluctuate rapidly under the influence of en-
vironmental variables like traffic emissions, climatic conditions, and in-
dustrial activities. Predictive modeling, particularly when utilizing deep
learning models paired with quality real-time data, provides means for a
precise estimation of CO concentrations in the atmosphere with high ac-
curacy. This study applies recurrent neural networks (RNNs) to address
this problem, recognizing that optimal forecasting performance drasti-
cally depends on the careful optimization of model hyperparameters.
For mitigating this challenge, this paper suggests a tailored variant of
the powerful and widely known firefly algorithm, designed specifically to
improve the tuning procedure of RNNs. The capabilities of the suggested
system were evaluated utilizing actual air quality monitoring data, yield-
ing encouraging outcomes in predicting atmospheric CO levels.
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1 Introduction

Atmospheric contamination continues to be a worldwide public health and eco-
logical emergency, especially severe in metropolitan and heavily industrialized
areas. It is generally defined by the occurrence of detrimental physical, chemi-
cal, or biological substances suspended in the air, originating from anthropogenic
sources like vehicles, power generation, manufacturing operations and domestic
heating, in addition to natural events including forest fires and volcanic activ-
ity. Among the most hazardous airborne contaminants, carbon monoxide (CO)
presents a substantial danger due to its invisible, scentless nature and extreme
toxicity. It is primarily originating from the partial burning of carbon-rich fuels,
mostly from vehicle exhaust systems and residential heating systems.

The adverse effects of CO on human health are well documented. CO is
known to bind with hemoglobin faster than oxygen, consequently decreasing the
blood’s oxygen-carrying capacity and leading to a condition named carboxyhe-
moglobinemia. This effect is specifically dangerous for vulnerable populations,
including people with pre-existing cardiovascular or respiratory conditions [14].
In addition to individual health issues, air pollution imposes immense economic
and ecological costs. For example, pollution has been correlated to decreased
property values [33], difficulties in agricultural productivity, and degradation of
biodiversity.

Recent studies have also revealed strong temporal and spatial properties of
pollutant distribution, affected by seasonal migration and urban activities. A no-
table example from the city of Beijing demonstrated how a temporary reduction
in emissions during a national holiday resulted in a significant enhancement of air
quality [31]. Furthermore, air pollution detrimentally affects ecosystems; chronic
exposure to pollutants can impair photosynthesis and alter plant morphology,
ultimately threatening ecological stability.

Among monitored pollutants, CO is often underexplored relative to PMs 5 or
NO,, despite its ubiquity and potential lethality and thus accurate forecasting
of CO concentrations is critical to public safety and environmental governance.
Artificial intelligence (AI) methods, especially machine learning (ML), have in-
creasingly been applied to this domain for their capacity to model complex,
nonlinear environmental phenomena [21]. Recent studies have demonstrated the
comparative advantages of both traditional ML and deep learning methods in
CO forecasting tasks [8]. Among these, deep learning models such as recurrent
neural networks (RNNs) [15] are especially suited for modeling time-dependent
pollutant patterns.

Nonetheless, RNNs require meticulous configuration of their hyperparame-
ters to give proper predictions. Manual tuning is practically impossible, while
deterministic algorithms are computationally intensive and impractical, necessi-
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tating stochastic optimization approach. Moreover, no single optimization algo-
rithm can universally outperform others across all possible problems, as delin-
eated by the no free lunch theorem [27]. This requires careful experimentation
with multiple algorithms and application of the tailored optimization techniques
to tune model hyperparameters dynamically and robustly.

In this study, a carbon monoxide forecasting model has been developed, in-
tegrating RNNs with a swarm-based firefly algorithm (FA) [29]. FA mimics the
attraction behavior exhibited by fireflies with respect to their brightness and
has proven to be an effective solution for navigating high-dimensional search
domains. This research utilizes an adapted FA for optimizing RNN’s hyperpa-
rameters for CO forecasting, allowing the model to adapt effectively to temporal
fluctuations in air quality data. Therefore, the principal contributions of this
study are threefold:

— Development of an adapted FA variant specifically tailored for RNN hyper-
parameter optimization for the CO prediction task.

— Synthesis of a robust RNN model tuned by the developed algorithm for
capturing temporal patterns in CO concentration data.

— Evaluation of the proposed methodology on a real-world dataset and com-
parison to other cutting-edge metaheuristics employed in the identical setup.

The remainder of this paper is structured as follows. Section 2 surveys rele-
vant work in atmospheric pollution modeling, deep learning, and metaheuristic
optimization. Section 3 elaborates on the methodology, detailing the architecture
of the RNN and the FA optimization process. Section 4 delineates the experimen-
tal setup, while the simulation outcomes are outlined within Section 5. Section
6 delivers final remarks and proposes directions for future studies.

2 Related works

Apart from its widely known health hazards, CO is a critical trace gas that
affects atmospheric chemistry and urban air quality. In contrast to particulate
matter or benzene, CO is a gas without color or odor, originating primarily from
incomplete combustion processes. The primary contributors are motor vehicle
exhaust and biomass burning. In the atmosphere, CO is critical for regulation
of the oxidative capacity as it reacts with hydroxyl radicals (OH), indirectly
influencing concentrations of greenhouse gases like methane and ozone.
Photochemical reactions that involve CO show strong seasonal and spatial
variability, affected by factors including solar radiation intensity, ambient tem-
perature and the presence of other pollutants like nitrogen oxides (NOx), poly-
cyclic aromatic hydrocarbons (PAHs) and volatile organic compounds (VOCs).
These properties require sophisticated modeling approaches that integrate me-
teorological, temporal, and spatial data to capture CO’s transformation and
transport accurately [22]. Conventional statistical models like multiple linear
regression and autoregressive integrated moving average (ARIMA) have histori-
cally been employed for forecasting CO levels, but these often fail in adequately
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capturing nonlinearities and high-dimensional dependencies found in real-world
air quality data [30].

Recent studies have utilized ML models including Random Forests, XGBoost,
and deep learning architectures like LSTM and CNN for enhanced predictive
capabilities [5]. These models offer increased flexibility in handling missing data,
complex interactions, and dynamic temporal behaviors, making them suitable for
multi-source environmental datasets. Studies like [30] have demonstrated that
hybrid methods, where ML models were integrated with physical or chemical
models, can significantly improve forecasting accuracy and robustness.

Considering the computational requirements along with the immense hyper-
parameter search domains of advanced ML models, research focus has shifted
to metaheuristic optimization techniques recently. These include particle swarm
optimization (PSO) [13], genetic algorithms (GA) [18], variable neighborhood
search (VNS) [20] and more recently, nature-inspired algorithms like the fire-
fly algorithm (FA) [29], bat algorithm (BA) [28], whale optimization algorithm
(WOA) [16] and grey wolf optimizer (GWO) [17]. The most recent generation
of powerful optimization techniques encompass sinh-cosh optimizer (SCHO) [4],
reptile search algorithm (RSA) [1] and COLSHADE [9], among many others.
Some of the mentioned algorithms were used in comparative analysis conducted
in this study as well. Metaheuristics are particularly valuable for tuning model
parameters in NP-hard problem domains, where exhaustive search is not possi-
ble.

ML models tuned by metaheuristics algorithms were intensively utilized for
air pollution forecasting, including VOCs [12], PAHs [10], benzene [2] and toluene
[3] concentrations prediction. Other domains also benefited from this type of
hybrid approaches recently, like medicine [11,32], sentiment analysis [19, 7] and
software defect predictions [25,24], to name the few.

2.1 Recurrent Neural Network (RNN)

Recurrent neural networks (RNNs) [15] are a class of deep learning models ex-
pressly designed to handle sequential data, making them particularly suitable
for time-dependent phenomena such as air quality prediction. Unlike traditional
feedforward architectures, RNNs possess internal loops that provide support for
the retention and propagation of data over multiple time steps, therefore captur-
ing temporal dependencies that exist inside the dataset. This ability is especially
advantageous when modeling the evolution of environmental variables like car-
bon monoxide (CO) concentrations, which are influenced by both current and
historical conditions.

Within the presented study, the RNN was employed to forecast CO levels by
keeping a dynamic hidden state that encodes relevant information from former
observations. Within every time step ¢, the network accepts an input vector Xy,
which may include recent measurements of CO, meteorological data, and other
influencing factors, and refreshes its hidden state h; by integrating both the
fresh input and the former state h;_;. Described process involves a nonlinear
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transformation, typically implemented using the hyperbolic tangent activation
function (tanh), and can be formally represented by Eq. (1).

he = tanh(Wop, Xy + Whphe—1 + bp) (1)

where W, and Wy, are weight matrices governing input-to-hidden and hidden-
to-hidden transitions, respectively, and b; corresponds to the bias vector. By
leveraging this recurrent structure, the RNN is able to accumulate contextual
information over time, facilitating the identification of temporal patterns and
dependencies that are critical for accurate CO prediction.

Subsequently, the updated hidden state is used to generate an output Y%,
representing the predicted CO concentration at time ¢, through a linear mapping
given by Eq. (2).

Yy = Whyhe (2)

here, W}, denotes the output weight matrix that projects the hidden state into
the output domain. The relative plainness of the RNN network allows for efficient
training while keeping its ability for capturing essential temporal relationships
found in the air quality data. Although modern extensions like attention mech-
anisms can further enhance predictive performance, this section is confined to
the baseline RNN architecture, which underpins the core modeling approach for
CO level forecasting in this work.

3 Methods

This section first outlines the baseline FA algorithm, and highlights it short-
comings. Afterwards, it introduces a modified version which was consequently
utilized in the experimental section.

3.1 Firefly Algorithm

The FA metaheuristics is a swarm intelligence-based metaheuristic inspired by
the bioluminescent communication and mating behaviors observed in fireflies. In
nature, fireflies emit flashes of light to attract mates or prey, and the intensity of
these flashes determines their attractiveness to others. FA simulates this biolog-
ical mechanism to iteratively guide a population of candidate solutions toward
optimal regions of the search space.

The algorithm begins by initializing a population of N fireflies, where each
firefly represents a candidate solution encoded as a position vector in the n-
dimensional solution space, as shown by Eq. (3).

X; = [xi,l, Ti2,.-- 7$i,n] (3)

The brightness or attractiveness of a firefly is linked to the value of an ob-
jective function f(x;), such that brighter fireflies correspond to higher-quality
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solutions. The core behavior of the algorithm involves less bright fireflies moving
toward brighter ones, facilitating a balance between exploration and exploita-
tion. The attractiveness [ of a firefly drops with distance according to Eq. (4).

—r2
B(riz) = Boe™ " (4)
here, [y is the maximum attractiveness, -y is the light absorption coefficient, and
r;; denotes the Euclidean distance between firefly ¢ and firefly j, as stated by

Eq. (5).

n

Tij = Z(xzk - xj,k)z (5)

k=1
When a firefly ¢ is attracted to a brighter firefly j, it updates its position
according to the Eq. (6).

xH = x4 5(T¢j)(x§ —x!) 4 a(rand — 0.5) (6)

In this equation, « is a randomization parameter that controls the stochastic
component of the movement, and rand is a random vector with entries uniformly
distributed in [0, 1]. This combination of directed movement toward superior
solutions and random perturbation allows the swarm to avoid local optima and
maintain diversity across iterations.

The algorithm proceeds iteratively, recalculating brightness and updating po-
sitions until a stopping criterion is met, such as a maximum number of iterations
or a sufficiently small change in the best solution. Throughout this process, the
firefly with the highest brightness, which is labeled by x,, is tracked and pre-
served as the current best solution.

3.2 Modified FA

Despite being proposed approximately fifteen years ago, FA still possesses one
of the most powerful search procedures, and its ability to dynamically balance
exploration and exploitation makes it especially suitable for high-dimensional,
nonlinear optimization problems. Notwithstanding its durability and capability
to pass the test of time, thorough simulations with the most recent benchmark
functions exhibited that both exploration and exploitation phases could be fur-
ther improved. To achieve this, the presented study introduces concepts from
GA [18] into the baseline FA algorithm.

In the first half of iterations (¢ < T'/2), in every round the worst solution in
the swarm (the one with lowest fitness score) is removed and substituted with
a randomly synthesized individual, to give boost to exploration. During the sec-
ond half of execution, the worst solution is replaced by a hybrid amidst a pair of
finest solutions in the swarm (with the best fitness values), generated by apply-
ing the uniform crossover concept borrowed from GA, to improve exploitation.
Since this introduced mechanism does not impose supplementary fitness func-
tion evaluations (F'FEs), the complexity of the modified metaheuristics remain
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identical to the baseline FA. The novel approach is simply termed genetic FA
(GFA), with the internal mechanisms outlined in Algorithm 1.

Algorithm 1 GFA optimizer inner mechanisms

Produce swarm of N randomly synthesized fireflies
while ¢t < T do
Assess fitness values of all fireflies
Perform traditional FA search mechanism [29]
if t <T/2 then
Substitute the weakest firefly in the swarm by a fresh random firefly
else
Replace the weakest firefly in the swarm by a hybrid solution created from a
pair of best fireflies utilizing uniform crossover operator [18]
end if
end while
Return the best firefly (that has the highest fitness value)

4 Experimental Setup and Dataset Overview

This paper utilized a publicly available dataset retrieved from Kaggle! to assess
the effectiveness of the suggested CO prediction model. The dataset contains
more than 9,300 hourly average measurements making use of 5 metal-oxide gas
sensory devices embedded in the air quality chemical multisensor platform [6].
The sensing devices were installed at ground level in a densely populated and
polluted urban area inside a municipality in Italy. Data acquisition took place
from March 2004 to February 2005, covering an entire calendar year, and it is
one of the most comprehensive open-access time series datasets derived from
real-world air quality monitoring sensors.

The ground truth values include hourly averaged concentrations of carbon
monoxide (CO), non-methane hydrocarbons (NMHC), benzene, total nitrogen
oxides (NOx), and nitrogen dioxide (NOs). In this research, CO was opted as
the forecasting target. The dataset was partitioned into three subsets consisting
of 70% for training, 10% for validation, and final 20% for testing purposes, as
depicted by the Figure 1.

The performance of the introduced GFA metaheuristics was systematically
evaluated against a group of prominent and well-established optimization meth-
ods. This comparative group encompassed the baseline FA [29], GA [18], VNS
[20], BA [28] and COLSHADE [9]. Each of these contending algorithms was im-
plemented independently in Python programming language, adhering to the de-
fault parameter configurations suggested by their respective original authors. For
consistency, all methods were assigned population sizes of six solutions (N = 6)

! https://www.kaggle.com /datasets/fedesoriano /air-quality-data-set
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Fig. 1. Dataset visualization and separation into train, validation and test subsets.

and were allowed to execute eight optimization iterations (T' = 8). With respect
to the inherently stochastic nature of metaheuristic algorithms, where random
steps during execution influence outcomes, each simulation was repeated 30 times
independently to guarantee statistical reliability. The principal objective for ev-
ery regarded optimizer was to improve RNN performance by conducting system-
atic hyperparameter optimization. Details of the RNN configuration parameters
that were optimized, along with their respective search regions, are delineated
within Table 1.

Table 1. RNN optimized parameters with search bounds.

Parameter / |learning|dropout|epochs|neurons|number of
limit rate in layer| layers
Lower .0001 .05 100 100 1
Upper .0100 .20 300 300 3

The performance levels of the optimized RNN networks were assessed by
employing a conventional collection of regression measurements [23], including
RMSE, MAE, MSE and R?, that are calculated with Eqgs. (7)-(10).

m

1 A\ 2
RMSE =, | - ; (ti — 1) (7)
1 & .
MAE = — ; |ti —t: (8)
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R2=1-— Z?;(ti — fi)Q

Yima(ti —1)?

Moreover, to give a more thorough insight into the optimized RNNs fore-
casting capabilities, an additional metric, the index of agreement (IoA) [26] was

also tracked during simulations. This metric may be determined by utilizing Eq.
(11).

(10)

m 732
ToA =1— —— Zi:l(fl — %) . (11)
> i ([t =t + [ts — t3])?
For all listed equations, ¢; and #; represent the actual and forecasted values for
the i-th record, t represent the average value, while m is the count of records.
Within the simulations that were carried out, MSE was set as the objective
function requiring minimization, while R? has also been tracked as the indicator.

5 Simulation results

Table 2 delivers the outcomes of the objective function over thirty independent
executions, where the best result for every category is marked in bold text. The
introduced GFA algorithm obtained the best overall result (in the finest run) with
MSE of .02178. Regarding the worst run, GA obtained the best score of .022787,
while COLSHADE demonstrated the best mean and median outcomes of .022093
and .021895. Lastly, BA metaheuristics exhibited the best consistency of the
results over thirty executions, achieving the smallest variance of all regarded
algorithms.

Table 2. RNN CO pollution forecasting results of the objective function (MSE).

Method Best Worst  Mean Median Std Var
RNN-GFA .021780 .023430 .022551 .022196 .000648 4.20E-07
RNN-FA .022285 .023368 .023013 .023228 .000390 1.52E-07
RNN-GA .021853 .022787 .022360 .022567 .000359 1.29E-07
RNN-VNS .022244 .023209 .022749 .022777 .000449 2.01E-07
RNN-BA .022431 .022893 .022644 .022634 .000154 2.37E-08

RNN-COLSHADE .021816 .022813 .022093 .021895 .000345 1.19E-07

Figure 2 presents a side-by-side comparison of the consistency of the objective
function (MSE) exhibited by the evaluated optimizers over multiple independent
executions. The delineated violin plot reveals that the proposed GFA algorithm
exhibits considerably lower stability when compared to other evaluated meta-
heuristics. These competing methods demonstrated more consistent performance
over independent executions. However, despite their better reliability, none of
them was able to surpass the proposed GFA with respect to overall optimization
performance, highlighting GFA’s capability to achieve the best overall outcome,
notwithstanding the greater variability.
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The same Figure 2 also includes convergence diagrams of the objective func-
tion (MSE), which provide valuable insight into the ability of observed algo-
rithms to escape local minimums and navigate toward more optimal domains
of the search region. Notably, GFA demonstrated superior convergence behavior
during its finest-performing run, attaining the most favorable solution ahead of
the other regarded optimizers, which exhibited tendency to get trapped in less
optimal areas. Additionally, Figure 3 supplements this analysis by delineating
the box plots and convergence diagrams for the R? indicator metric, providing
a deeper understanding of the obtained simulation results.

Air Quality Prediction CO(GT) - objective convergence graphs

Air Quality Prediction CO(GT) - objective violin plot diagram ~ ——————\ e RNN-GFA
0.0240 0.0228- —— RNN-FA
—— RNN-GA

0.0235- —— RNNNS
00226 - — RNN-BA
2 0.0230- —— RNN-COLSHADE
8 0.0225- o0z24
= \
8 \
0.0220-

Objective

0.0222-
0.0215-

0.0210- | 0.0220-

% B

3 2
Algorithm Iterations

Fig. 2. Objective function distributions and convergence graph.
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Fig. 3. Indicator function distributions and convergence graph.

Table 3 delineates a comprehensive comparative evaluations of performance
metrics associated with the best-performing RNN networks synthesized by each
one of the evaluated optimizers. Among them, the RNN model tuned with the
suggested GFA demonstrated outstanding outcomes, attaining an R? value of
483423, MSE of .021780 and RMSE of .147579. On the other hand, GA ob-
tained the best MAE of .052659, while COLSHADE obtained the best IoA score
of .809166. While GFA had the best general performance, the other optimiz-
ers also succeeded in designing high-quality RNN networks, highlighting their
effectiveness for this particular problem.
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Table 3. RNN CO pollution prediction results regarding detailed metrics.

Method R? MAE MSE RMSE IoA

RNN-GFA 483423 .058080 .021780 .147579 .804718
RNN-FA 471443 .064066 .022285 .149280 .789586
RNN-GA 481681 .052659 .021853 .147828 .800863
RNN-VNS 472414 .065983 .022244 .149143 .796673
RNN-BA 467982 .062611 .022431 .149768 .797067

RNN-COLSHADE .482560 .054962 .021816 .147702 .809166

Ultimately, Figure 4 depicts the prediction outputs produced by the finest-
achieving RNN model optimized utilizing the suggested GFA metaheuristics. For
facilitating the reproducibility of the simulations, Table 4 outlines the hyperpa-
rameter configurations of the best RNN architectures established by each of the
evaluated optimizers. Notably, the majority of algorithms converged to configu-
rations with multiple hidden layers (two or three), with the exception of baseline
FA, that selected a single layer architecture. The RNN models configured as ex-
plained within Table 4 are the same RNNs that delivered the outcomes reported
within Table 3.

Air Quality Prediction CO(GT) - RNN-GFA 1-steps ahead best forecast
—— Actual
! n —— Predictions for 1 steps ahead, Objective:977.93779, R2:0.48342

o o o
O O 4
’LQ ) ,‘/Q

Fig. 4. RNN-GFA finest CO predictions.

Table 4. RNN CO prediction best determined sets of hyperparameters.

Method learning rate dropout epochs layers L1 L2 L3
RNN-GFA .0087 .0972 213 2 100100 N/A
RNN-FA .01 2 300 1 174 N/AN/A
RNN-GA .0036 .1053 277 3 139170 163
RNN-VNS .0075 .1937 244 2 183100 N/A
RNN-BA .0033 1731 141 2 130145 N/A
RNN-COLSHADE .0042 .1009 300 3 148 100 100
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6 Conclusion

The variations of air pollutant levels in the atmosphere are highly unstable, mak-
ing air pollution forecasting a critical problem with both regional and global im-
plications. The atmospheric behavioral patterns of toxic substances are affected
by the scale and types of their emission sources, along with meteorological fac-
tors affecting the spread, transformation and ultimate disappearance of these
substances. Monitoring CO, a volatile and extremely toxic gas, is crucial for
accurate air quality evaluation. Accurate forecasting of CO atmospheric level
necessitates the application of cutting-edge prediction models.

This work investigated the capabilities of deep learning models built with
RNN architectures, to estimate atmospheric concentrations of CO. An adapted
form of the FA algorithm was proposed and later employed to optimize RNNs
to increase their predictive accuracy. The suggested methodology was assessed
employing real-world air quality dataset and delivered strong outcomes, with the
finest-achieving RNNs achieving MSE of just .021780 and R? equal to .483423.

Notwithstanding the encouraging outcomes, this study faced a couple of lim-
itations. The immense load of available atmospheric data inflicted constraints
on the size of the dataset feasible to be assessed for the training and testing
stages. Moreover, the computational load of the optimization task constrained
the count of evaluated metaheuristics algorithms, utilized number of candidate
solutions per swarm and iterations that could be executed.

In the path ahead, there is considerable potential for further enhancements,
particularly since deep learning models have not been extensively assessed on
the complex environmental and atmospheric data. Future studies should focus
on evaluating other machine learning models, refined through metaheuristics
optimization. These models should also be applied to additional atmospheric
datasets for evaluating their generalization capabilities and effectiveness.
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