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ABSTRACT This study presents an intelligent framework for assessing atmospheric dispersion in industrial
accident scenarios involving chemical substances. The research focuses on modeling the dispersion of
key chemicals, such as chlorine, methanol, and propane, under various accident conditions, including
leaks, fires, and explosions. Atmospheric and contextual variables, such as wind speed, air temperature,
tank specifications, and chemical release parameters, were thoroughly characterized to construct a
robust database using experimental data and software simulations. Machine learning techniques were
rigorously trained and tested to predict atmospheric dispersion, emphasizing hyperparameter optimization
to enhance model performance. Dimensionality reduction methods, such as principal component analysis
and correlation-based dimensionality reduction, were implemented to improve computational efficiency,
reduce data noise, and maintain essential information. Results demonstrate the effectiveness of the proposed
approach, with satisfactory predictions across all evaluated risk areas. Key contributions include the
development of a replicable framework adaptable to diverse industrial scenarios, applying hyperparameter
tuning to optimize model accuracy, and integrating dimensionality reduction techniques to streamline data
processing. These advancements establish a foundation for future studies to incorporate additional chemicals
and accident scenarios, improving the flexibility and reliability of atmospheric dispersion modeling. Future
work will explore hybrid machine learning models and advanced dimensionality reduction methods to
enhance the system’s applicability to complex industrial environments.

INDEX TERMS Atmospheric dispersion, intelligent prediction, industrial emergencies, technological risks,
machine learning models.

I. INTRODUCTION

The rapid industrial expansion observed in recent decades
has increased the frequency of sudden accidents, often
involving releasing hazardous chemical substances. These
incidents pose significant risks to the environment and
nearby populations [1]. As a result, accurately predicting
the atmospheric dispersion of these substances has become
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critical for assessing their potential impact and implementing
preventive measures.

Emergencies involving hazardous materials are a reality
and can occur in any context [1]. For this reason, it is
necessary to strengthen the disaster risk management (DRM)
stages carried out before, during, and after these events. Such
efforts aim to minimize their consequences, protect public
health and safety, and preserve environmental balance.

In the industrial sector, tools like the ALOHA software
are widely used to simulate the atmospheric dispersion of
chemical accidents and forecast dispersion patterns. While
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ALOHA offers valuable insights, it is not without limitations.
For example, the software does not support integration with
external platforms, preventing automatic data entry and the
extraction of simulation results. Furthermore, its database
of optional chemicals for simulation is static and cannot
be expanded, restricting its adaptability to new industrial
scenarios.

Given the widespread use of ALOHA across industries
nationwide, there is a clear need for innovative approaches
to enhance the atmospheric dispersion modeling process.
Adopting next-generation tools, such as machine learn-
ing techniques, is a promising solution. These methods,
characterized by their efficiency and robust data analysis
capabilities, can optimize dispersion predictions without
relying on the predefined equations required by traditional
software like ALOHA. Machine learning improves adapt-
ability and ensures more accurate and efficient processing of
large datasets.

This study proposes developing a machine-learning-based
framework to predict the dispersion of hazardous chemical
substances in various industrial accident scenarios. By lever-
aging advanced algorithms, the goal is to generate accurate
and efficient predictions of atmospheric dispersion patterns
under variable conditions.

The contributions of this work are threefold:

1) A comprehensive characterization of atmospheric dis-
persion processes and the inherent challenges in their
modeling.

2) A proposed solution applying machine learning tech-
niques to address these challenges, emphasizing accu-
racy and computational efficiency.

3) Validation of the proposed framework’s effectiveness
using experimental data and software simulations,
demonstrating its potential for industrial applications.

The remainder of this paper is organized as follows:
Section II presents a theoretical background about atmo-
spheric dispersion, ALOHA, and Machine Learning con-
cepts. Section IIl presents background information on
atmospheric dispersion models and their limitations, empha-
sizing the ALOHA software. Section IV describes the
machine learning techniques employed in the proposed
framework. Section V presents the proposed approach imple-
mentation. Section VI presents the results and validation
process, while Section VII concludes with a discussion of key
findings and potential future research directions.

Il. THEORETICAL BACKGROUND

A. ATMOSPHERIC DISPERSION

Atmospheric dispersion refers to the spread of pollutants in
the atmosphere. Understanding this process is crucial for
air quality, public health, and regulatory decisions. Various
models, such as Gaussian, Euler, CFD (Computational Fluid
Dynamics), and Lagrangian, predict the concentration and
trajectory of the pollutant. These models help forecast
pollutant levels, trace sources of pollution, and support
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regulatory and epidemiological applications related to air
quality [2].

The limitations of atmospheric dispersion modeling
include the following:

« Simplified assumptions: Dispersion models use sim-
plified assumptions about air pollutant behavior and
atmospheric conditions, which may not capture the com-
plexities of the real world, leading to inaccuracies [3].

« Uncertainties in meteorological estimations: Meteo-
rological estimations in dispersion models have lim-
itations and uncertainties. The precision of weather
forecasts, the representativeness of meteorological data,
and the variability of atmospheric conditions introduce
uncertainties into the results [3].

« Sensitivity to input parameters: Dispersion models
are sensitive to input parameters like emission rates,
stack heights, and meteorological data. Small parameter
changes can significantly affect results, underscoring the
need for accurate and reliable data [4].

o Lack of real-time data: Dispersion models often use
historical or averaged meteorological data, missing
short-term atmospheric variations. Real-time data offers
more accurate, current information for modeling [4].

Despite these limitations, atmospheric dispersion modeling
is crucial in air quality management. It offers insights into
pollutant dispersion and helps assess emission impacts on
air quality. Recognizing these limitations allows modelers to
make informed decisions and interpretations.

Accurate atmospheric dispersion modeling needs various
data to predict air pollutant concentrations. Key data require-
ments include:

o Meteorological data: Atmospheric dispersion models
need meteorological data like wind speed, direction, air
temperature, stability, and mixed layer heights [4].

« Emissions data: Dispersion models need precise emis-
sions data from sources like industrial plants, vehicular
traffic, or accidental chemical releases [5].

« Topography: Dispersion models may need local topog-
raphy data, such as the height and slope of nearby hills
or mountains [6].

B. ALOHA® SOFTWARE

ALOHA® (Areal Locations of Hazardous Atmospheres) is
the hazard modeling program for the CAMEO® software
suite (Computer-Aided Management of Emergency Oper-
ations), which is used widely to plan for and respond to
chemical emergencies, it receives information about an actual
or potential chemical release and then generates estimations
about the threat zones (see Figure 1). ALOHA can model
toxic gas clouds, flammable gas clouds, BLEVE (Boiling
Liquid Expanding Vapor Explosions), jet fires, swimming
pool fires, and vapor cloud explosions. Hazard area estimates
are displayed on a grid in ALOHA and can also be plotted
on maps in MARPLOT, Esri’s ArcMap, Google Earth, and
Google Maps [7].
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FIGURE 1. ALOHA threat zone chart [7].

ALOHA has several limitations, including its inability to
integrate with other platforms for automated data input and
result extraction and its incapacity to incorporate chemicals
not included in the software’s predefined list.

C. MACHINE LEARNING CONCEPTS

Machine learning, a subfield of Al, uses data and algorithms
to enable computers to learn from experience without explicit
programming [8].

It employs statistical techniques to identify patterns and
make predictions or decisions based on data. Algorithms are
trained on datasets to make accurate predictions or decisions.
Training data help adjust the algorithm’s settings to reduce
errors and enhance accuracy. Models are evaluated on their
predictions for new, unseen data [9]. The evaluation identifies
model strengths and weaknesses to enhance performance.
Optimization adjusts parameters to minimize errors and
boost accuracy [9]. Machine learning’s key concepts include
supervised learning, unsupervised learning, reinforcement
learning, evaluation, and optimization.

This study employs Random Forest (RF), K-Nearest
Neighbors (KNN), Support Vector Regression (SVR), and
Multi-Layer Perceptron (MLP) as selected machine learning
techniques. The Multi-Layer Perceptron (MLP) model has
three layers: input, hidden, and output. The input layer
processes signals, the output layer handles tasks like pre-
diction and classification, and the hidden layers perform
the main computations. Data flow forward from input to
output. Neurons are trained using backpropagation. MLPs
approximate continuous functions and solve nonlinearly sep-
arable problems, with applications in pattern classification,
recognition, prediction, and approximation [10].

Support Vector Regression (SVR), derived from Support
Vector Machines (SVM), extends SVM to regression and
function estimation. SVR aims to minimize the deviation
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between the predicted and actual responses for the training
and unseen data. Its foundation in structural risk minimization
(SRM) reduces both empirical risk (training error) and the
Vapnik-Chervonenkis (VC) dimension for better general-
ization. SVR uses a high-dimensional feature space and a
training approach that minimizes a generalized error bound,
including training errors and a regularization term [11]. This
makes SVR robust and effective for various applications.

A Random Forest is a collection of independent tree-
structured classifiers, each constructed using identically
distributed random vectors. These vectors guide the
tree growth and each tree votes for the most popular
class [12].

The K-Nearest Neighbors (KNN) algorithm is a simple
and effective nonparametric classification technique used in
supervised learning. It relies on a labeled dataset divided into
classes to predict the class of unlabeled data. In regression,
KNN predicts continuous values by averaging the values of
its K nearest neighbors. KNN is useful in data sets with
distinct groups, especially when prior knowledge of the data
is lacking [13].

lIl. RELATED WORK

The research about machine learning for atmospheric dis-
persion prediction is crucial. In toxic dispersion, PHAST™
- based approaches (a paid software for risk analysis) have
created a database of 30,022 toxic release scenarios with
19 chemicals. This database supports a prediction model for
downwind dispersal distances, which showcases the effec-
tiveness of deep learning in toxic dispersion analysis [14].

Models also predict the behavior of chemical substances
using machine learning. Reference [15] presents an eco-
logical risk assessment framework for river ecosystems,
emphasizing the potential of machine learning to predict the
reproductive toxicity of chemical endocrine disruptors. The
results show that the SVM model outperforms the correlation
model in predictive precision.

Reference [16] used SVR models to estimate the gas
dispersion. However, a considerable challenge lies in deter-
mining suitable input variables for these models. Conse-
quently, two specific inputs were meticulously selected: the
original monitoring parameters and the integrated Gaussian
parameters. In particular, the findings of this study revealed
that the adoption of integrated Gaussian parameters resulted
in enhanced performance within the machine learning models
employed.

Predicting atmospheric dispersion limits is essential.
A study develops a neural network model for predicting
dispersion, focusing on variables, time aspects, and facility
design. Analyzing these elements creates a robust framework
for forecasting dispersion patterns. Advanced techniques
capture complex variable relationships, improving prediction
accuracy and understanding of dispersion, enabling proactive
risk mitigation [17]. Model combinations can refine results.
For instance, Reference [18] presents a prediction algorithm
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combining SVM with a Gaussian model, which adequately
predicts atmospheric dispersion. Conversely, an investi-
gation applied the five most prevalent machine learning
methodologies for air pollution prognosis, wherein the MLP
demonstrated superior performance [19].

Reference [20] presents results that predict air pollution
using three years of air quality and meteorological data.
The nonlinear autoregressive neural network outperformed
other models. The authors highlight the need to select
relevant meteorological variables and continuously update
the model. Alternative approaches to predictive modeling,
such as those explored by the authors in [19], involve
the application of regression techniques to determine the
extent of pollution under various meteorological conditions.
Similarly, the work of [21] adapts this model within the
agricultural sector to forecast potential dispersion patterns
and provide preemptive alerts to farmers about potential plant
diseases. Reference [22] proposes a superior multipoint deep
learning model using convolutional long short-term memory
for predicting air pollution. Effective air quality management
requires ambient air monitoring to assess current parameters,
enforce regulations, identify non-compliance, and devise
corrective strategies [23]. It aids in understanding natural
processes like pollution dilution, dispersion, and wind-driven
movement. The Air Quality Index (AQI) quantifies air
pollution and informs the public. A higher AQI signifies
greater health risks. Accurate prediction of AQI is based on
air monitoring and pollutant levels over specific intervals.
This study uses data preprocessing, the ANOVA F-test for
feature selection, and ensemble-based classifiers to forecast
AQI from historical air quality data. The model significantly
improves the accuracy of the AQI prediction, improving
atmospheric forecasting.

In [24], the challenge of predicting atmospheric dispersion
in accidental hazardous chemical releases is addressed.
It reviews past incidents and key concepts, summarizes
experiments, and classifies prediction models into three
categories. Special attention is given to atmospheric detection
research. Relevant professional software is introduced, and
its efficiency and accuracy are discussed. Future trends
highlight image processing, database creation, algorithm
improvements, and a comprehensive emergency response
system.

Managing pure hydrogen leaks is crucial due to fire or
explosion risks when hydrogen contacts air. In this context,
[25], [26] characterized turbulent hydrogen flows from leaks
using machine learning. An empirical-analytical-numerical
model described the mass, momentum, and concentration
flows through integral formulas, transformed into ordinary
differential equations and solved numerically. This facilitated
acquiring critical parameters like the molar fraction of
hydrogen. ML algorithms, including linear regression (LR),
ANN, SVR, KNN, RF, RT, and REP tree (REPT), were
evaluated to predict hydrogen concentration dispersal in the
air. The RF algorithm proved to be the best for forecasting
hydrogen leak distribution.
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TABLE 1. Related work compilation.

Reference Prediction Artificial Correlation Dataset Evaluation
intelligence study metrics
technic

[14] Toxic disper- RF, NN Yes 30022 RMSE,

sion MSE, R2

[15] Chemical SVM No MAE, MSE,

reproductive EVS, R2
toxicity

[16] Gas BP, SVR Yes 23900 R2, NMSE

dispersion

[17] Leak gas dis- NN No 150 Accuracy

persion

[18] Contaminant BP, SVM, Yes MSE, COR

dispersion RBF

[19] Air pollution MLP, SVR, Yes - RMSE
RF, KNN

[20] Air pollution SVM, ANN Yes - R2

[19] Gaussian Regression No - MSE

plume model

[21] Air pollution Regression Yes - ESDD
model

[22] Air quallity NN Yes ~ RMSE,

500000 MAE

[23] Air quallity Ensemble No Accuracy,
learning

[24] Atmospheric ANN, KNN, Yes - RMSE

dispersion RF

[25] Hydrogen DT, RF, Yes - RMSE,

Leak GBRr y MSE, R2,
ANN MAE
[26] Hydrogen LR, ANN, Yes - R, MAE,
Leak SVR, KNN, RAE,
RF, RT RMSE,
RRSE

Table 1 summarizes the related work, highlighting machine
learning techniques, evaluation metrics, and dataset size,
among other factors.

Common models include MLP, RF, SVM, and SVR. Many
cited studies use correlation analyses to reduce dimensional-
ity and enhance model performance. In particular, data set
sizes vary in the reviewed literature. Studies such as [14],
[16], and [22] use extensive data sets with thousands to
hundreds of thousands of data points, while [17] shows
effective training with smaller data sets. This highlights the
versatility and effectiveness of machine learning methods in
different scenarios, even with limited data.

IV. PROPOSED APPROACH

The industrial boom in recent decades has led to more
frequent accidents, releasing chemicals harmful to the
environment and nearby populations [1]. Understanding their
atmospheric dispersion is crucial for assessing impacts and
implementing preventive measures.

Worldwide, many companies use ALOHA software to
model atmospheric dispersion during chemical accidents and
predict dispersal patterns. Using modern tools to enhance
this process is essential. Machine learning tools offer an
efficient and data-driven alternative, eliminating the need for
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FIGURE 2. Block diagram of the proposed approach.

ALOHA’s formulas to simulate scenarios. This study inves-
tigates the development of a machine-learning solution for
simulating chemical substances in various technological risk
scenarios. The objective is to produce accurate atmospheric
dispersion graphs according to the scenario conditions. In this
sense, this study aims to determine potential impact distances
for implementing proactive measures such as community
preparedness, alert systems, and environmental protection.
Figure 2 shows the three key modules of the system. The
“Scenario module” defines accident scenarios with various
chemicals. The “Machine Learning module’ then uses the
scenario to predict dispersion distances, displayed in the
“Atmospheric Dispersion Plot module”.

A. SCENARIO MODULE

The selection of substances for this study is based on specific
criteria to ensure both the relevance and compatibility of the
modeled scenarios with the ALOHA tool. First, chemical
substances reported by companies in the APELL Barranquilla

VOLUME 13, 2025

Group are evaluated according to their hazard classification
under the United Nations Globally Harmonized System
(GHS) [27]. Only substances classified as hazardous in liquid
or gaseous states are considered, as ALOHA does not support
simulations involving solid substances [28].

A second key criterion is the availability of these
substances in ALOHA’s library, which contains over
800 chemical compounds. This filtering process verified the
compatibility of reported substances with the tool, resulting
in the exclusion of more than 80% of the initially listed
substances, as they are not included in the simulator’s
database.

Finally, the selection prioritized substances that rep-
resented relevant scenarios in terms of industrial usage
frequency and potential impact in the event of accidents.
Preliminary simulations also helped identify substances with
broader dispersion footprints, ensuring their representative-
ness for analyzing high-risk chemical scenarios.

Based on these criteria, three main substances are selected.
Propane is chosen due to its extensive use as a fuel in
industrial processes and its potential for frequent flammable
leaks [29]. Methanol, a highly flammable substance com-
monly used in chemical applications, represents critical
scenarios involving liquid spills [30]. On the other hand,
chlorine is selected for its gaseous dispersion capacity, as evi-
denced by simulations showing more extensive dispersion
footprints than those of the other substances, making it a
representative case for high-impact situations [31].

To simplify the computational modeling process, this study
focused on approximately circular dispersion footprints [32].
While this approach reduces computational complexity,
it provides a practical and reliable basis for assessing the
behavior of hazardous substances under typical industrial
accident scenarios. However, more complex dispersion
shapes, such as irregular or elongated patterns, could be
analyzed using advanced computational resources.

The modeled scenarios reflect common industrial acci-
dents in Barranquilla, such as propane leaks, chlorine
spills, chlorine leaks, methanol spills, and methanol leaks.
Additionally, global events underscore the relevance of these
substances: for instance, a train derailment in Tampa carrying
115,000 liters of propane gas (Figure 3-A) [33], a chlorine gas
leak at a port in Jordan causing 13 fatalities (Figure 3-B) [34],
and the sinking of a barge carrying methanol in the Ohio River
(Figure 3-C) [35]. In addition, Figure 3-D captures a chlorine
truck crash in Medellin’s Western Tunnel [36]; Figure 3-E
depicts a truck fire involving 800 liters of methanol in
Mexico City, successfully contained by firefighters [37], and
Figure 3-F shows a derailed train carrying propane near the
Florida airport, with no injuries or leaks reported [38].

The methodology used is sufficiently flexible to accommo-
date other substances and scenarios, provided they meet the
compatibility requirements of ALOHA or similar tools. This
includes expanding the simulator’s database or employing
alternative modeling software to incorporate substances not
originally considered.
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FIGURE 3. Recent accidents involving selected chemicals.

This flexibility ensures that the methodology can be
applied to a broader range of scenarios, considering diverse
industrial processes, storage conditions, and environmental
settings. Future research could explore these extensions to
enhance the utility and generalization of the simulator for
chemical risk management.

B. MACHINE LEARNING MODULE

Scenarios and their parameters are defined, then Python code
generates the cases from ALOHA simulation and records
the outputs in CSV files to build the models. Studying
the correlation between inputs and outputs is crucial to
reduce data set complexity and identify influential inputs.
The system uses synthetic data from ALOHA scenarios.
Machine learning techniques like RF, KNN, SVR, and
MLP are implemented to find the most suitable model
for the experiments, selected from a state-of-the-art review
due to their satisfactory results in similar problems. Given
the problem’s complexity, determining the best technique
beforehand is challenging. Steps in the machine learning
module are the following:

1) Obtain scenario variables.

2) Pre-process available data.

3) Identify significant variables.

4) Implement machine learning models.
5) Select the best model.

6) Make predictions.

Equations (1) and (2) represent the mathematical represen-
tation of the overall machine learning module. Here, Q is the
chemical, S the scenario, M the machine learning model, X
the input variables, and Y the output. In addition, p is the
number of inputs (X), n the number of chemicals (Q), and
m the number of scenarios ().

X = [x1,x2,...%p] (1)
VO3S : Myn(X) = Y 2

C. ATMOSPHERIC DISPERSION MODULE
Python is used to generate a KML (Keyhole Markup
Language) file that graphically describes danger zones

47592

TABLE 2. Related nomenclature for chemicals, scenarios, and models.

Chemical Scenario Model
Name Nomenclature Name N lature N lature
Spill N M1,
Chlorine Q1
Leak Sa M2
Puddle S3 M2,
Methanol Q2
Leak S4 Mao
Toxic S5 Ms1
Propane Qs Area
Blast Se Msz

TABLE 3. Characterization of inputs meteorological variables.

Variables Range or Options

Building Enclosed office building, Single storied building, Double
storied building

Building Unsheltered surroundings, Sheltered surroundings.

surroundings

Location Via 40

Wind speed (m/s) 3,4,5,6

Wind direction

NE, NNE, ENE, ESE

Measurement height

(m)

3

Ground Roughness

Urban or forest, Open country

Cloud cover (Scale)

0,3,5,7,10

Air temperature (°C)

Between 18 and 35

Humidity (%)

Between 77 and 87

for each scenario. The KML document is designed for
the representation of geographic data in applications like
Google Earth and GIS (Geographical Information Systems).
It defines threat zones with different chemical concentrations,
labeled “Yellow Threat Zone,” ‘“‘Orange Threat Zone,’
and “Red Threat Zone.” Each zone is a polygon with
geographical coordinates, style information, and metadata,
including an identifier (“MarplotID”’). In addition, there is
an ALOHA source point on the map.

This KML document visually depicts hazardous areas and
source points relevant to chemical dispersion modeling in
GIS or mapping tools.

V. IMPLEMENTATION
A. DATA COLLECTION
Table 2 aligns the accidents with the nomenclature in
Figure 2. The following sections will use this nomenclature
for chemical accidents.

Table 3 lists the meteorological variables needed to
reproduce chemical accidents. It also includes other variables
based on the accident’s origin and their variation ranges,
determined by software options, geographic area, and expert
judgment.

Tables 4 to 6 list the variables needed for accident
simulations based on the scenarios and chemicals evaluated.

The characterized variables form the input vector (X) for
the proposed models.
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TABLE 4. Q scenarios.

Scenario  Variables Range or Options
Source Instantaneous or continue
S Amount of pollutant Instantgneous: ) Iton. Continue:
1ton/min, 68kg/min
Source height (m) Length of the tank
Tank direction Horizontal or vertical
Length (m) Between 0.665 and 1.8
Diameter (inches) Between 0.25 and 0.35
Chemical state Liquid, gas or unknown
S, Temperature within the ~ Ambient temperature
tank (°C)
Amount of gas (Kg) 1 ton or 68 Kg
Liquid volume (%) Between 0 and 100

Hole or short Pipe or valve

Between 0 and 100

Bottom of the leak (%)

TABLE 5. Q, scenarios.

Scenario Variables Range or Options
Type of puddle Burning puddle (poolfire)
Puddle diameter (m) Between 0 and 100
53 Puddle volume (m3) Between 0 and 10000
Initial puddle temperature (°C) Between 0 and 40
S Tank direction Horizontal or vertical
4

Length (m) Between 0.665 and 1.8

B. DATA PREPROCESSING
First, the CSV files are cleaned to ensure that no columns
have empty data. Variables with constant values are removed.
To handle categorical features, one-hot encoding transforms
each category into a separate binary column (0 or 1), indicat-
ing its presence or absence. This enables the regression model
to effectively use categorical features. One-hot encoding
prevents artificial order in categorical data and helps the
model capture relevant relationships between categories and
the target variable in the regression.

Next, two methods are evaluated to reduce the dimension-
ality of the input data: studying variable correlations and
analyzing the principal components.

1) CORRELATION STUDY
A correlation study is performed on the variables of each
scenario to evaluate the reduction in input dimensionality and
identify the key variables that influence the outputs.

Figures 4 — 9 show the correlation matrix for each scenario.
The variables in these matrices are described in Table 7.

o Chlorine spill: For this scenario (see Figure 4), there is
a high correlation (0.67 to 0.81) between ““Amount pol-
lutant entering the atmosphere” and output distances.
A 0.78 correlation is also seen between ‘‘Duration”
and “Release duration”, highlighting its importance.
Additionally, there is a 0.80 correlation between *“Dura-
tion” and spill type (continuous or instantaneous).
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TABLE 6. Q3 scenarios.

Scenario Variables Range or Options
Tank direction Horizontal
Length (m) 1
Diameter (inches) 1,25
Chemical state Liquid
Temperature within the tank (°C) Ambient temperature
Amount of gas (Kg) 1 ton or 68 Kg
Liquid volume (%) Between 0 and 95
Type of tank failure Leaking tank, not burn-
Ss ing
Opening shape Circular
Opening diameter (inches) Between 6 and 24
Release time (minute) 1
Max average sustained release rate (g) Between 700 and 880
Hole or short Pipe or valve
Bottom of the leak (%) Between 0 and 100
Hazard to analyze Toxic area of vapor
cloud
Tank direction Horizontal
Length (m) 1
Diameter (inches) 1,25
Chemical state Liquid
Temperature within the tank (°C) Ambient temperature
Amount of gas (Kg) 1 ton or 68 Kg
Liquid volume (%) Between 0 and 95
Se Type of tank failure Leaking tank, not burn-
ing
Opening shape Circular
Opening diameter (inches) Between 6 and 24
Release time (minute) 1
Max average sustained release rate (g) Between 700 and 880
Hole or short Pipe or valve
Hazard to analyze Blast
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FIGURE 4. Chlorine spill correlation.
Since “Duration” is zero for instantaneous spills and

greater than zero for continuous spills, the variables
“Continuous” and “‘Instantaneous’ can be discarded.
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TABLE 7. Table summarizing variables for different scenarios.

Variable Number | Chlorine spill Chlorine leak Methanol leak puddle Propane toxic area Propane BLAST
1 Wind speed Wind speed Wind speed ‘Wind speed ‘Wind speed ‘Wind speed
2 Cloud cover Cloud cover Cloud cover Cloud cover Cloud cover Cloud cover
3 Air temperature Air temperature Air temperature Air temperature Air temperature Air temperature
7 Humidity Humidity Humidity Humidity Humidity Humidity
5 Duration Diameter Diameter Puddle Diameter Liquid volume Liquid volume
6 Length Length Length Puddle volume Opening diameter Opening diameter
7 Amount pollutant entering the a re | Liquid Volume Liquid Volume Initial Puddle T¢ Bottom of the Teak Bottom of the Teak
8 Rate Bottom of the Teak Shape diameter Red Vertical distance Max avg release time Max avg release time
9 Release duration Shape diameter Opening length Yellow Vertical distance Temperature within tank within tank
10 Total amount released Opening length Opening width Orange Vertical distance Release Duration Release Duration
11 Red Vertical distance Opening width Bottom of the leak Red Horizontal distance Max Average Sustained Release Rate | Max Average Sustained Release Rate
12 Yellow Vertical distance Red Vertical distance Te within tank Yellow Horizontal distance | Total Amount Released Total Amount Released
13 Orange Vertical distance Yellow Vertical distance Red Vertical distance Orange Horizontal distance | Yellow Vertical distance Yellow Vertical distance
14 Red Horizontal distance Orange Vertical distance Yellow Vertical distance ENE Orange Vertical distance Orange Vertical distance
15 Yellow Horizontal distance Red Horizontal distance Orange Vertical distance ESE Yellow Horizontal distance Yellow Horizontal distance
16 Orange Horizontal distance Yellow Horizontal distance | Red Horizontal distance NE Orange Horizontal distance Orange Horizontal distance
17 ENE Orange Horizontal distance | Yellow Horizontal distance | NNE ENE ENE
18 ESE Double storied Orange Horizontal distance | Urban or forest ESE ESE
19 NE Enclosed office ENE Open country NE NE
20 NNE Single office ESE Double storied NNE NNE
21 Double storied Sheltered NE Enclosed office Double Storied Double Storied
22 Enclosed office Unsheltered NNE Single office Enclosed office Enclosed office
23 Single office Urban or forest Urban or forest Sheltered Single office Single office
24 Urban or forest Open country Open country Unsheltered Urban or forest Urban or forest
25 Open country Hole Circular - Open country Open country
26 Continue Valve Rectangular - Horizontal Horizontal
27 Circular Double storied - Vertical Vertical
28 Sheltered Rectangular Enclosed office - Sheltered Sheltered
29 Unsheltered - Single storied - Unsheltered Unsheltered
30 - - Sheltered - Hole Hole
31 - - Unsheltered - Valve Valve
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FIGURE 5. Chlorine leak correlation.

o Chlorine leak: No high correlations exceeding 0.8 are
observed (see Figure 5).

« Methanol leak: Variables “Air temperature’ and ‘“Tem-
perature within tank’ are totally correlated; hence, one
variable is redundant (see Figure 6).

e Methanol puddle: Figure 7 shows a high correlation
between ‘‘Puddle Diameter” and all predicted dis-
tances, indicating its significant impact on atmospheric
dispersion. There is also a total correlation between
“Initial Puddle Temperature” and “Air Temperature,’
making one of them redundant.

« Propane toxic area: For a propane leak (see Figure 8),
a 0.97 correlation between “Air temperature” and
“Temperature within tank’ suggests redundancy. “Lig-
uid Volume” significantly affects the ‘““Total amount
released” output.
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FIGURE 6. Methanol leak correlation.

o Propane BLAST: In a propane BLAST leak (Figure 9),
a 0.95 correlation between “Air temperature” and
“Temperature within the tank” suggests one variable
could be eliminated. “Liquid Volume” is also highly
relevant to the “Total amount released” .
Table 8 summarizes the correlation study in our research.
It describes various models with initial input variables and
their reduction in correlation. In particular, the correlation
reduction is modest across all models. This suggests that
correlation-based dimensionality reduction is insufficient for
our objectives. Thus, we should explore alternative methods
like Principal Component Analysis (PCA) to refine our
models.

2) PRINCIPAL COMPONENTS ANALYSIS
PCA is a technique to reduce dimensionality in data analysis
and machine learning [39]. It simplifies the representation of
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FIGURE 8. Propane toxic area correlation.

TABLE 8. Resume of the correlation study.

Model Input variables Correlation reduction
M1 20 18
Mi2 25 25
M2y 18 17
Moo 25 24
Ms: 22 21
Msz2 26 25

the data set while retaining most of the original variability by
transforming the data into principal components, which are
linear combinations of the original variables. PCA uses the
covariance matrix of the original features to understand their
relationships. Features with high covariance change together,
while those with low covariance vary independently.
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FIGURE 9. Propane BLAST correlation.

Comprehensive experiments are conducted with specific
configurations of the machine learning model. A MLP
with a single hidden layer of 10 neurons uses the ReLU
activation function, a regularization term (alpha) of the
maximum iterations of 0.001, 100 and a random seed
(random_state) of 1 for reproducibility.

A RF model with 10 trees is used, with a maximum tree
depth of 5 and a minimum of 2 samples to split a node.
A random seed ensures the consistency of the experiment.
The KNN algorithm uses K = 5, considering the five nearest
neighbors for predictions. Uniform weights are used, and the
optimal neighbor search method is auto-selected. Leaf size
is set to 20 for kd_tree and ball_tree algorithms and
Euclidean distance (p = 2) is used for similarity calculations.
A SVR with a RBF kernel is configured with C = 1.0 and
epsilon = 0.1 to optimize predictions.

Each model is evaluated in PCA experiments to determine
their effectiveness in dimensionality reduction and output
prediction. These configurations provided a robust frame-
work for comparing and selecting suitable models for our
study.

Figures 10 to 15 show PCA application in the research
scenarios, illustrating its effectiveness in reducing data
dimensionality while preserving relevant information. The
graph ranges equal to the original data size for each scenario,
showing how PCA condenses information more compactly
and simply, aiding analysis and interpretation.

MAE (Mean Absolute Error) evaluates model performance
in the Figures by quantifying the average absolute differences
between predictions and actual values. MAE is chosen for its
ability to measure average prediction errors without regard
to direction, making it suitable for assessing PCA model
accuracy. It offers a clear measure of model effectiveness.

Tables 9 and 12 summarize the optimal number of principal
components for each scenario, based on the MAE metric,
showing how the choice of components impacts the quality
of the prediction.
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FIGURE 12. Methanol Puddle PCA application.

Figures 16 to 21 show correlation matrices for the model
with the fewest components per scenario. The correlation
analysis between PCA components and target output assesses
the relationship between the condensed information in
the principal components and variables of interest. This
correlation helps to determine how well the PCA components
capture relevant variability for predictions. A significant
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FIGURE 15. Propane BLAST PCA application.

correlation between a principal component and a target
variable indicates that the component is crucial to predicting
that variable. Conversely, a low or non-existent correlation
suggests that the component contributes minimally to the
prediction. This analysis aids in the identification of the most
pertinent components for modeling and can guide feature
selection to enhance the effectiveness of prediction models.
The correlation analysis enriches the understanding of how
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TABLE 9. PCA results for MLP. TABLE 12. PCA results for SVR.

Chemical Scenario N components Best MAE Chemical Scenario N components Best MAE
Q1 N 16 1,01 Q1 St 16 0,94
Q1 So 1,69 Q1 Sa 2 1.57
Q2 S3 0,04 Q2 S3 0,02
Q2 S4 0,07 Q2 S4 0,06
Q3 S5 0,04 Q3 S5 0,03
Q3 Se 0,04 Q3 Se 0,03

NN W[ =] W
B N Y R N

TABLE 10. PCA results for RF.
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FIGURE 16. Chlorine spill PCA correlation.
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TABLE 11. PCA results for KNN. Bobctn e et S
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Chemical Scenario N components Best MAE g 2 £ g g 2
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Q2 S4 14 0,02 FIGURE 18. Methanol puddle PCA correlation.

Qs Ss 5 0,01
Q3 Se 5 0,01

C. HYPERPARAMETER TUNING

The performance of machine learning models largely depends
PCA simplifies the data and its ability to precisely inform on proper hyperparameter tuning. Methods like Grid Search,
about the variables of interest. Random Search, and Bayesian Optimization are available
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FIGURE 19. Methanol leak PCA correlation.
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FIGURE 20. Propane toxic area correlation.

for this task. Optuna stands out as a powerful and ver-
satile tool for hyperparameter optimization [40]. Optuna
is a hyperparameter optimization framework designed for
machine learning, featuring an imperative define-by-run-
style user API for high modularity and dynamic search
space construction, and advanced techniques like adaptive
sampling and tree-based search to efficiently discover the best
hyperparameter configurations, greatly reducing tuning time
and improving model performance.

The following summarizes experimental results using
various machine learning models for predicting chemical dis-
persion incidents. Each model is defined by hyperparameters,
which influence its performance and generalization. These
hyperparameters can be adjusted to fine-tune the model to
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the data and task requirements. Below is an explanation of
the key hyperparameters used in each model:

1) MLP (Multilayer Perceptron)

o Activation: The activation function in the hid-
den layers controls signal propagation. The
activation parameter is tuned among
identity, logistic, tanh, and relu.

o Alpha: Alpha is a regularization term that
penalizes network weights to prevent overfitting,
explored on a logarithmic scale from 17> to 171,

o Hidden layer size: The number of neurons in
hidden layers is controlled by the n_layers
parameter, which varies from 1 to 5. Each layer can
have 1 to 200 neurons.

2) RF (Random Forest)

o N estimator: The number of trees in the random
forest. The n estimator is varied from 1 to 200.

o Max depth: The maximum depth of each tree,
tuned within 1 to 32.

o Min samples split: The minimum samples needed
to split a node, varied between 0.1 and 1.0 during
tuning.

3) KNN (K-Nearest Neighbors)

o N neighbors: Number of neighbors for classifica-
tion or regression, ranging from 1 to 20.

o Weights: Weights assignment strategy: Distance
orUniform.

o P: Controls the distance metric, varied between
1 and 2 during hyperparameter tuning.

4) SVR (Support Vector Regression)

o Kernel: Kernel to map data to a higher-
dimensional space: linear, poly, rbf,
sigmoid.
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o C: The penalty parameter C controls the trade-off TABLE 16. Hyperparameter tuning results for SVR.
between margin maximization and error minimiza-

. o _ hemical i Kernel Epsil
tion. Values of C vary logarithmically from 173 Chemica Scenario erne ¢ psfon
to 12 Q1 S1 Linear 10 0,1
« Epsilon: Defines the margin of error in regression, Q S2 Linear 5 0.3
with hyperparameter tuning exploring values from Q2 S3 Poly 0.1 0,04
173 to 1! logarithmically. Q2 Sa Rbf 2 0,001
To improve the quality and interpretability of machine Qs Ss Poly 3 0.1
learning models, Tables 13 to 16 summarize the configuration Q2 Se Poly 0.5 1

of each model. They specify hyperparameters like activation

functions for MLP, the number of estimators and maximum

depth for RF, neighbors for KNN, and kernel selection  components for effective dimensionality reduction and model
for SVR. Proper hyperparameter selection enhances model prediction accuracy.

performance, generalization, and prediction accuracy.

TABLE 17. Hyperparameter tuning results for MLP after PCA

TABLE 13. Hyperparameter tuning results for MLP. implementation.

Chemical Scenario Activation Alpha  Hidden layer  Solver

Chemical Scenario Activation Alpha  Hidden layer  Solver %
size

size

% ) Tanh 0.00021 3 “dam Q S1 Tanh 763417 3 Adam
% Sy Logistic 008558 3 Sad Q So Identity  0,00472 3 Sed
% Ss Logistic  0.09825 3 Adam Q: S3 Identity ~ 0,00871 3 Adam
Q2 S4 Logistic ~ 220.153 2 Adam Q2 Sa Logistic  0,01763 > Adam
Qs S5 Logistic ~ 0,07706 3 Sed Qs Ss Logistic  0,09973 2 Sed
% So Tanh 0.06841 5 Sad Q2 S6 Tanh  0,00053 3 Adam

TABLE 18. Hyperparameter tuning results for RF after PCA

TABLE 14. Hyperparameter tuning results for RF. implementation.

Chemical Scenario . N Max Min sa{llples Chemical Scenario N Max Min samples
estimator depth split estimator depth split
Q1 S1 145 2 0,25489 Q1 Sq 150 6 0,27854
Q S2 70 2 0,54784 Q Sa 76 2 0.81107
Q2 Ss 80 13 0,14753 Qs Ss3 84 15 0,63752
Q2 Sa 82 14 0,78963 Q2 Ss 85 16 0,94337
Qs Ss 102 10 0,45218 Qs S5 108 3 0,10037
Q2 Se 111 9 0,93540 Q2 Se 112 12 0,19025

TABLE 15. Hyperparameter tuning results for KNN. TABLE 19. Hyperparameter tuning results for KNN after PCA

implementation.

Chemical Scenario N neighbors Weights P

Q1 St 3 Distance 1 Chemical Scenario N neighbors Weights P
Q1 Sa 16 Uniform 1 Q1 S1 13 Distance 1
Q2 S3 2 Distance 2 Q1 S2 13 Uniform 1
Q2 S4 19 Uniform 1 Q2 S3 15 Uniform 1
Q3 Ss 7 Distance 1 Q2 Sa 12 Uniform 1
Q2 Se 11 Distance 1 Q3 Ss 8 Distance 1

Q2 Se 8 Distance 1

Tables 17 to 20 present the PCA experiment results on
chemical dispersion scenarios, detailing hyperparameters for
MLP, RE, KNN, and SVR. Tables show the PCA’s effect D. OPTUNA ANALYSIS
on hyperparameters and model performance, highlighting The Optuna dashboard provides charts and information to
the critical role of selecting the right number of principal analyze the hyperparameter optimization performance for
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TABLE 20. Hyperparameter tuning results for SVR after PCA
implementation.

Chemical Scenario Kernel C Epsilon
Q1 S1 Linear 1 0,01
Q1 So Rfb 50 0,01
Q2 S3 Poly 0,01 0,4
Q2 S4 Rbf 0,5 2
Q3 S5 Linear 10 0,1
Q2 Se Linear 0,1 1

FIGURE 22. Hyperparameter importance graph for chlorine spill with MLP.

FIGURE 23. Hyperparameter importance graph for chlorine spill with RF.

various models. Here, we used the Chlorine Spill model
with Optuna. Figures 22 to 25 show the importance of
each hyperparameter for the chlorine spill scenario (S7),
highlighting their impact on the model performance.

In Figure 22 A, for an MLP model with correlation-based
dimensionality reduction, the key hyperparameters are
activation and alpha, both at 0.34. In Figure 22 B,
with PCA applied, activation is the most important
in 0.8.

In Figure 23 A, for an RF model using correlation-based
dimensionality reduction, the “min simple split”
hyperparameter is most important (importance: 0.98). Simi-
larly, in Figure 23 B, where PCA is applied, “'min simple
split” also predominates (importance: 0.99).

Figure 24 A shows that for a KNN model with

correlation-based dimensionality reduction, “*n neighbors”

is the most crucial hyperparameter (importance = 0.67).
In contrast, Figure 24 B indicates that with PCA, P is the
key hyperparameter (importance = 0.63).

Figure 25 A shows that for a SVR model with
correlation-based dimensionality reduction, the most impor-
tant hyperparameter is kernel (importance: 0.50).
In Figure 25 B, with PCA applied, C is the most important
hyperparameter (importance: 0.84).
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FIGURE 24. Hyperparameter importance graph for chlorine spill with
KNN.

FIGURE 25. Hyperparameter importance graph for chlorine spill with SVR.

TABLE 21. Summary of results for chlorine scenarios.

PCA reduction Correlation reduction
Scenario Model RMSE Accuracy MAE RMSE Accuracy MAE
RF 0,36 95 0,94 0,31 96 0,78

SVR 0,36 91 0,94 0,29 98 0,37

51 KNN 0,70 89 1,18 1,12 90 1,35
MLP 0,52 92 1,01 0,48 96 0,74

RF 0,93 85 1,78 0,09 99 0,01

SVR 0,83 86 1,57 0,98 88 1,16

52 KNN 1,04 87 1,80 0,58 85 541
MLP 0,88 93 1,69 0,09 93 0,01

VI. EXPERIMENTS RESULTS AND ANALYSIS

Tables 21 to 23 summarize the results for the two scenarios
analyzed for each chemical compound. Each Table presents
RMSE, Accuracy, and MAE values for four models:
RF, SVR, KNN, and MLP. Results are shown for both
PCA and correlation-based dimensionality reduction. The
best-performing model in each scenario is highlighted for
clarity.

A. ANALYSIS

For chlorine in scenario 1 (S7), the SVR model with
correlation-based dimensionality reduction performs best
with an RMSE of 0.29, Accuracy of 98, and MAE of 0.37.
In scenario 2 (S;), the RF model with correlation-based
dimensionality reduction excels with RMSE of 0.09, Accu-
racy of 99, and MAE of 0.01. In both scenarios, superior
results are achieved without PCA.

For methanol in scenario 3 (S3), the RF model excels with
an RMSE of 0.13, an accuracy of 97, and an MAE of 0.02.
In scenario 4 (S4), the KNN model excels with an RMSE of
0.16, an accuracy of 95, and an MAE of 0.02.
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TABLE 22. Summary of results for methanol scenarios.

PCA reduction Correlation reduction
Scenario Model RMSE Accuracy MAE RMSE Accuracy MAE
RF 0,13 97 0,02 11,45 89 0,26

SVR 014 9 002 165 75 145
5 TRNN 016 92 002 06 84 004
MLP 020 95 004 121 69 085

RE 0,18 8 002 127 76 123

SVR 027 9 006 181 8 167

R T e P 0,02 172 91 003
MLP 030 91 007 047 65 033

TABLE 23. Summary of results for propane scenarios.

PCA reduction Correlation reduction
Scenario Model RMSE Accuracy MAE RMSE Accuracy MAE
RF 0,07 98 0,01 15,38 74 0,64

SVR 0,15 96 0,03 1,87 92 0,05

5 KNN 0,06 99 0,01 75,59 65 0,86
MLP 0,19 94 0,04 27,40 85 0,23

RF 0,07 91 0,04 6,50 93 0,02

SVR 0,15 90 0,03 8,33 81 0,24

56 KNN 0,19 92 0,05 5,68 90 0,09
MLP 0,07 95 0,01 16,34 79 0,41

For propane in scenario 5 (Ss), the KNN model is the top
performer with an RMSE of 0.06, Accuracy of 99, and MAE
of 0.01. In scenario 6 (Sg), the MLP model excels with an
RMSE of 0.07, Accuracy of 95, and MAE of 0.01.

The best results for methanol and propane are achieved
using PCA for dimensionality reduction, highlighting PCA’s
importance in improving model performance for these
compounds.

B. FUNCTIONALITY

This section examines the system’s capabilities by comparing
ALOHA and our machine learning models for atmospheric
dispersion estimation, and discussing the development of
a Flutter-based web interface. The interface allows users
to simulate chemical accidents and estimate atmospheric
dispersion, rate, release duration, and total amount released.

1) Methanol puddle: In this simulated methanol puddle
incident using ALOHA, a significant threat zone is
identified. With wind at 4m/s from NE, the zones
are: red (lethality) up to 146m, orange (second-degree
burns) up to 165m, and yellow (pain) up to 219m, all
within 10sec. Figure 26 compares the ALOHA chart
(A) with the RF model chart (B) using KML files in
Google Earth according to results in Table 22. Table 24
compares vertical and horizontal diameters for each
zone with the model predictions.

2) Methanol leak: In this simulated incident using
ALOHA software, a significant threat zone is
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FIGURE 26. Methanol puddle accident in ALOHA vs machine learning
model.

TABLE 24. Comparison of results for methanol puddle accident.

Distances ALOHA results Predicted results
(Km) (Km)
Horizontal red 0,146 0,144
Vertical red 0,145 0,141
Horizontal orange 0,165 0,164
Vertical orange 0,165 0,170
Horizontal yellow 0,219 0,221
Vertical yellow 0,261 0,255

FIGURE 27. Methanol leak accident in ALOHA vs machine learning model.

identified. With methanol release and wind at 7m/s
from NNE, the threat zones have three levels: The red
zone, up to 150m, poses lethality within 60sec. The
orange zone extends to 170m with a risk of second-
degree burns. Beyond that, the yellow zone reaches
230m, where pain from methanol vapor exposure is
possible within 60sec. Figure 27 compares the ALOHA
chart A and the KNN model chart B, both derived from
KML files in Google Earth.

Table 25 compares the vertical and horizontal diame-
ters of each zone with the model’s predictions.

A web interface developed in Flutter demonstrates the
system’s functionality by simulating a chemical accident
and estimating atmospheric dispersion. Figure 28 shows the
interface that simulates a chlorine spill.

The interface left frame defines all necessary variables
based on the chemical and the scenario. The red section
selects the chemical, the green section edits the geographical
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TABLE 25. Comparison of results for methanol leak accident.

Distances ALOHA results Predicted results
(Km) (Km)
Horizontal red 0,150 0,155
Vertical red 0,147 0,147
Horizontal orange 0,170 0,171
Vertical orange 0,162 0,160
Horizontal yellow 0,230 0,233
Vertical yellow 0,220 0,222

Atmospheric Dispersion Simulator

Geograficalinformation

Metheorological Information ~ Q

FIGURE 28. Web page for the implementation of the proposed system.

info, and the yellow section modifies the meteorological
variables. Pressing “Simulate” lets the algorithm choose
the best machine learning model based on evaluation metrics
and returns the predicted results. The right side displays a map
with atmospheric dispersion from a KML file.

VII. DISCUSSION

This study addresses the critical issue of atmospheric
dispersion of chemical substances in technological risk
scenarios, proposing an innovative solution based on machine
learning techniques. The importance of understanding and
modeling atmospheric dispersion to mitigate the impacts of
industrial accidents on human health and the environment is
emphasized throughout the work. Traditionally tackled with
tools such as ALOHA software, this challenge requires new
approaches to overcome its limitations.

One of the primary contributions of this study lies in
integrating machine learning models to enhance the accuracy
and efficiency of chemical dispersion pattern predictions.
The results demonstrate that algorithms such as Random
Forest, K-Nearest Neighbors, Support Vector Regression, and
Multi-Layer Perceptron can provide more robust represen-
tations of simulated scenarios, surpassing the constraints of
traditional ALOHA-based methods, such as the inability to
integrate real-time data or expand its database of simulable
chemical substances.

The proposed approach aligns with the current need to
strengthen the stages of the disaster risk management (DRM)
cycle, particularly in preparation, response, and recovery
from hazardous material emergencies. This underscores the
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relevance of incorporating next-generation tools, such as
machine learning, to comprehensively address the challenges
of technological risk management.

However, the study also highlights significant challenges.
The dependence on high-quality data to train machine learn-
ing models underscores the need to ensure the availability and
accuracy of inputs, such as meteorological data and terrain
characteristics. Furthermore, adopting these technologies in
industrial settings will require considerable effort in terms of
training and adapting existing processes.

In terms of applicability, the results obtained could have
significant practical implications, not only for the industry but
also for governmental and non-governmental organizations
responsible for emergency management. The potential to
integrate predictive models into broader decision-making
systems suggests a promising path toward more effective and
preventive management of technological risks.

Finally, this work lays the groundwork for future research
exploring the implementation of these technologies in real
time and their validation in real-world scenarios. It also
emphasizes the importance of developing collaborative
solutions involving multiple stakeholders to maximize the
impact of these tools in risk reduction and the protection of
the environment and communities.

VIil. CONCLUSION

This study has achieved a comprehensive characterization of
atmospheric dispersion processes, identifying key challenges
inherent in their modeling and emphasizing the limitations
of traditional approaches like ALOHA software. While
ALOHA has contributed significantly to the field, its lack
of integration with other platforms and inability to update
its chemical database has highlighted the need for more
adaptable and efficient solutions. Addressing these gaps, this
research introduces a machine learning-based framework that
enhances both the accuracy and computational efficiency of
dispersion modeling.

The implementation of machine learning techniques,
including Random Forest and Support Vector Regression,
has demonstrated significant improvements in prediction
accuracy. Furthermore, the integration of dimensionality
reduction techniques such as Principal Component Analysis
(PCA) has enhanced the computational efficiency of the
proposed approach, enabling robust analysis even in complex
scenarios. The validation through experimental data and soft-
ware simulations confirms the practicality and effectiveness
of this framework, showcasing its potential for real-time
application in industrial decision-making processes.

In addition to achieving suitable modeling, this work
emphasizes the scalability and adaptability of machine-learning
techniques in industrial contexts. The results indicate that
the proposed approach not only optimizes atmospheric
dispersion predictions but also provides a pathway for
integrating intelligent tools into risk management systems,
paving the way for safer and more efficient industrial
practices.
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Despite its contributions, the study recognizes the neces-
sity of future work to refine and extend the proposed
framework. Key areas for further research include:

« Expanding the scope of training datasets to encompass a

wider range of chemical substances and environmental
scenarios.

Developing real-time integration capabilities to enhance
decision-making during emergencies.

Validating the framework in diverse industrial contexts
to ensure its robustness and adaptability across different
sectors.

Establish collaborations with regulatory agencies and
industry partners to obtain anonymized and real-world
accident datasets, enabling direct validation of model
predictions and refining their accuracy.

In conclusion, this study makes significant contributions
to advancing atmospheric dispersion modeling through the
application of machine learning techniques. It establishes a
foundation for improving technological risk management,
offering solutions that are not only precise but also scalable
and adaptable to evolving industrial and environmental safety
demands.
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