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Blasting is a fundamental open-pit mining operation necessary for rock breakage,
but it also generates significant environmental noise pollution. Excessive noise from
blasting not only endangers health but also poses problems to compliance with
regulations, particularly in regions where acoustic standards differ, such as
Indonesia's use of both dBL and dBA standards. This research addresses the need for
reliable and context-dependent predictive models for blasting noise, aiming to
compare analytical and empirical formulas with machine learning techniques in dBA
prediction. Measurements were conducted at 30 blasts at an open-pit coal mine in
Indonesia, South Sumatra, using homogeneous acoustic sensors. The measured data
points for frequency, dBL, and dBA were matched to calculated data using equations.
Random Forest (RF) and Artificial Neural Network (ANN) predictive models using
measured frequency and dBL as predictive variables were also derived. Results show
that used Finn-derived equation has poor predictive accuracy, with errors exceeding
80%. Among the analytical and empirical models, Equation 3 performed the best,
with an average error of 9%, while a site-spesific regression model based on
measurements had an improved error rate of 5%. Machine learning models
outperformed all models, with the RF model exhibiting an average error of 2% and
demonstrating higher stability and consistency. The ANN model also did well, but
with more variation and some overestimations.

1. Introduction

Blasting is one of the primary methods used in
mining activities to break rock masses. However,
besides producing the desired rock fragmentation,
blasting activities also pose environmental impacts,
one of which is noise pollution [1-4]. The noise
levels generated by blasting activities are of
significant concern, as they can impact the health
of workers and the surrounding community,
potentially causing substantial environmental
disturbances.

Noise in the mining industry is one of the most
prevalent environmental issues. Equipment such as
drilling rigs, loaders, trucks, bulldozers, crushers,
screens, and other frequently used equipment in
surface mining, as well as blasting activities, is
inherently noisy. Consequently, noise has long
been recognized as a risk to employees at mining
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operation sites and the surrounding environment
[5,2,6,7]. Blasting noise, in particular, extends
beyond being merely an environmental issue; it is
transforming into a multifaceted socio-technical
concern that directly impacts operational
effectiveness, corporate social responsibility, and
risk compliance. When open-pit mines are located
near residential areas, the number of affected
populations can be greater, and the hazard risk is
not always limited to employees alone, with all its
associated consequences.

The most common adverse health effects related
to prolonged exposure to noise include sleep
disorders, learning impairments, hypertension, and
ischemic heart disease. For instance, Mocek et al.
[6] highlighted how noise from mining activities
significantly contributes to the increase in sleep
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disorder cases among populations living near open-
pit mines. Additionally, research by Persson et al.
[8] found that low-frequency noise, which is
dominant in mining activities, can indirectly affect
the human nervous system, impacting productivity
and mental health among mine workers.

Workers exposed to prolonged noise levels
often experience fatigue, reduced concentration,
and increased irritability, which ultimately affect
their overall work productivity. Moreover, noise
pollution can disrupt communication in mining
environments [7,5,6], posing significant safety
risks during critical operations. These health effects
may lead to complaints and legal issues.
Consequently, these problems can cause delays or
shutdowns in operations and shift the concern from
being solely environmental to becoming a direct
financial and operational issue.

To address these impacts, the mining industry
has relied on predictive models. These approaches
have undergone significant evolution from
conventional analytical formulas to modern data-
driven methods. Traditionally, analytical models
have served as the foundation for predicting noise
generated by explosions. These models are
typically based on the explosive charge per delay
(W) and the distance to the monitoring location (R)
[9-12]. However, despite incorporating key
physical parameters, the predictive reliability of
these models remains limited. Field studies by Lee
et al. [2] have consistently shown that many site-
specific variables introduce uncertainties and are
difficult to account for in standard predictive
models. Such variables include stemming length,
rock properties, meteorological conditions, and
topography.

Atmospheric conditions, including wind speed
and direction, temperature, and barometric
pressure, further complicate the dynamics of noise
dispersion. As a result, even well-calibrated
empirical models often fail to deliver consistent
predictions under varying environmental and
operational conditions. Because of these
unreliabilities, direct practical consequences
frequently require excessively conservative safety
factors to comply with regulations. This practice,
though reasonable, ultimately reduces blasting
efficiency, lengthens project durations, and raises
expenses. The necessity for regulations compliance
is broadly seen as scientifically deficient. This
reveals an ongoing gap among scientific
knowledge, industry practices, and regulatory
frameworks that becomes a fundamental issue that
continues to hinder effective execution.
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In response to these drawbacks, recent studies
[13-19] have increasingly proposed applying
machine learning (ML) prediction methods to
identify noise propagation patterns more
dynamically and adaptively. ML techniques have
emerged as a superior approach for addressing the
limitations of analytical models. They effectively
capture the complex, non-linear relationships
among numerous influencing factors [20]. Various
algorithms, such as Artificial Neural Networks
(ANN) [13], Random Forests (RF) [21], and
Support Vector Machines (SVM) [22], have
already demonstrated effectiveness in predicting
various blast-induced impacts. More recently,
researchers have explored advanced hybrid
models. For example, combinations like XGBoost
with Grey Wolf Optimization (GWO) and
CatBoost paired with the Butterfly Optimization
Algorithm (BOA) have shown impressive
predictive  accuracy, with coefficients of
determination (R?) exceeding 0.98 in some cases
[23].

Despite their superiority in data prediction, ML
often face criticism due to the complexity of their
structure, which can make it challenging to clarify
precisely  physical interpretability [24].
Nevertheless, the continuous discussion on
whether to emphasize clear interpretability or
enhance predictive accuracy is not insignificant.
Regulatory must contend with these conflicting
priorities, and addressing this conflict is far from
simple [25]. An analytical and empirical model
offers transparency in its formulation. However, its
predictions are unreliable and suffer from
predictive deficiencies that may provide incorrect
justification. Consequently, for critical applications
like maintaining compliance with environmental
noise regulations, the main necessity for a
predictive tool is its proven accuracy and
reliability.

Despite notable progress, substantial gaps in
research remain. In regions with a complex legal
system, one persistent issue exists about the
misalignment between field acoustic measurement
practices and the requirements set by regulatory
frameworks. In the Indonesian context, Standar
Nasional Indonesia (SNI) 7570:2023 provides
technical guidelines for measuring blast-induced
noise, emphasizing the use of linear sound pressure
levels, expressed in decibels linear (dBL).
Conversely, regulatory frameworks issued by the
Ministry of  Environment and  Forestry
(Kementerian Lingkungan Hidup dan Kehutanan —
KLHK) in Indonesia require noise evaluations to
be reported in A-weighted decibels (dBA), which
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are more representative of human auditory
sensitivity across different frequencies.

To reconcile these differing standards, SNI
7570:2023 incorporates the A-weighting correction
method proposed by Finn [26], enabling the
conversion of dBL to dBA. Nevertheless, this
methodological divergence introduces technical
challenges in the acquisition, interpretation, and
regulatory validation of acoustic data. The need to
navigate between instrument-measured linear
values and perceptually weighted metrics
underscores the importance of harmonizing
measurement protocols and enhancing analytical
accuracy in environmental noise assessments
within mining operations. The majority of current
research contrasts one or two ML models with a
single analytical or empirical formula. There is a
significant lack of studies that conduct a thorough,
simultaneous comparison among a wide range of
models [13]. A thorough benchmark requires
evaluating several established analytical and
empirical models, site-adjusted models, and
diverse ML frameworks, all assessed on a uniform,
consistent dataset within a detailed and complex
operational environment.

This study aims to address these critical gaps. It
empirically evaluates a nationally standardized
acoustic conversion methodology. The research
provides a comprehensive, field-based
comparative analysis of several analytical
approaches, including the derived Finn equation,
three established analytical and empirical formulas,
a site-specific regression model, and two machine
learning  architectures (Random Forest and
Artificial Neural Network). Each model is assessed
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for its ability to predict dBA levels within the
framework of Indonesian regulatory requirements.
This represents the first time such a detailed, data-
driven comparison has been conducted in this
specific context.

By understanding the noise patterns caused by
blasting, this research aims to offer more effective
recommendations for controlling environmental
impacts in mining blasting activities. Effective
noise management in mining operations requires a
comprehensive understanding of noise sources,
accurate  prediction models, and practical
mitigation strategies. This study provides essential
insights to enhance environmental sustainability
and offers a scientific basis for stakeholders to
support the reevaluation of national standards.

2. Methodology

2.1. Site Characterization and Environmental
Conditions

2.1.1. Study Area

The research location is situated in the
operational area of PT Bukit Asam Tbk, a major
open-pit coal mine in Tanjung Enim, Muara Enim
Regency, South Sumatra Province, Indonesia, as
shown in Figure 1. The research area encompasses
active open-pit mining sites, including strategic
points near heavy equipment areas, transportation
routes, and nearby residential areas. Data collection
points are selected representatively based on the
varying levels of mining operational activity and
the potential noise impact on the surrounding
environment.
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Figure 2. Rainfall distribution of the research area
from 2015 to 2023

2.1.2. Geological and Geotechnical Framework

The geological conditions at the study area are
a principal determinant of blast performance and
are the principal series of uncontrollable variables
in the study. The site location is within the South
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Sumatra Basin, formed by tectonic activity
between the subducting India-Australia plate and
the Eurasian plate. During the extension phase,
which lasted from the late Pre-Tertiary to the early
Tertiary, the movement of the plates in the East-
West direction was the most common in the basin.
These basins are classified as foreland basins or
back-arc basins geologically [27-31].

According to Darman and Sidi [32], subduction
in the Sumatra region exhibits a unique pattern
characterized by a clockwise rotation that
accompanies changes in the orientation of the
subduction zone. This pattern results in an oblique-
oriented horizontal fault structure, which causes
the complexity of the strain and stress system in the
region, primarily due to the influence of the
Sumatra Fault system. As shown in Figure 3, the
Geological Map of the Lahat by Gafoer et al. [33]
indicates that the research area is located around
the Air Benakat Formation.

ALUVIUM
Sand, silt and clay

SWAMP DEPOSITS
Mud, silt and sand

KASAI FORMATION

Tuff, sandy tuff and tuffaceous sandstone containing pumice
YOUNG VOLCANIC UNIT

Andesite volcanic breccia, lava and tuff

ANDESITE

Andesite igneous rock, in the form of rocks

AIRBENAKAT FORMATION

Alternation of mucstone with sitstone and shale, generally
calcareous and carbonate

MUARAENIM FORMATION

Mudstone, siltstone and tuffaceous sandstone with coal intercalations
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Very coarse - fine sandstone, siltstone and claystone
limestone and shale

River
Straightness
Straightness Indication

Sinklin

{ Sinklin Indication

Figure 3. Geological Map of the Lahat Sheet by Gafoer et al. (1996)

According to Bishop [34], the South Sumatra
basin geologically consists of Tertiary sedimentary
rocks that unconformably overlie metamorphic
basement rocks that were igneous in the Pre-
Tertiary period. As can be seen in the Geological
Map of the Lahat Sheet in Figure 3, the site of the
study is in a series of sedimentary units, the
Airbenakat Formation (Tma) and Muara Enim
Formation (Tmpm) in majority. The local
stratigraphy that is relevant to the blasting
operation is:
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Kasai Formation (QTk)

The Kasar Formation is a young layer located
above the Muara Enim Formation of the Tertiary
Quaternary age, consisting of coarse sandstone to
conglomerate rock units. This formation was
formed in a river or fluvial environment.

Airbenakat Formation (Tma)

This formation is of Miocene to Tertiary age,
comprising sandstone, siltstone, and shale rock
units. This formation reflects a transition from a
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shallow marine to a delta transition sedimentary
environment.

Muara Enim Formation (Tmpm)

This formation is of Late Miocene to Pliocene
age, consisting of claystone, siltstone, and
sandstone units with coal interbeds. The coal found
in the Tmpm formation is known for its
economically viable coal content.

Blasting activities in this study were done on
hard and massive sedimentary rock mass similar to
the nature of the Airbenakat and Kasai formations.
These rock masses would typically exhibit sets of
joints and  bedding planes, significant
discontinuities with a strong influence on the
effectiveness of explosive energy transfer and
formed fragmentation.

2.1.3. Atmospheric Conditions

Low-frequency acoustic energy propagation,
such as noise generated from blasting, is sensitive
to weather conditions. Conditions, including wind
speed and direction, vertical temperature gradient,
and relative humidity, can modulate measured
sound pressure levels at a distance with the
possibility of 10-20 dB variations [35].
Specifically, temperature inversion conditions,
where increasing temperature with elevation,
downwind propagation can cause downward
refraction of sound waves. This converging
acoustic energy amplifies sound at distant
receptors.  Conversely, temperature  lapse
conditions, which are typical of clear, sunny days,
upwind propagation leads to upward refraction,
which creates acoustic shadow zones and reduces
sound levels [36].

To ensure that the noise measurements are
reproducible and minimize the confounding impact
of meteorological fluctuation, a basic assumption
of the modeling of this study is that all
measurements were taken under similar and
comparable atmospheric conditions. In accordance
with this assumption, all blasts were recorded at
midday periods (10:00 to 14:00 local time) under
good atmospheric conditions. Favorable conditions
were considered as clear skies, absence of
temperature inversion layers, and low mean wind
speeds (below 5 m/s). This method constitutes the
best operating practice for environmental noise
measurement and was utilized to ensure that the
observed fluctuations in measured noise could be
attributed to parameters under control with
minimal  contribution  from  uncontrolled
atmospheric factors.
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2.2. Blasting Design

The design of blast geometry in mining blasting
operations is crucial for the success and safety of
the blasting process. To ensure optimal blast energy
distribution, key parameters such as burden,
spacing, drill hole depth, powder factor, and delay
time must be considered. Moreover, the parameters
for these blast sites under study were designed to
minimize adverse off-site impacts. The geometric
description of the blasting in this study is described
in Figure 4 as follows:

Free face
_—

Hole depth

B

%‘
-

Stemming

Charge

.
Sunpaq
ydap dp0H

Detonator ...

Figure 4. Blasting geometric design

2.2.1. Blast Geometry Parameters

In this study, the blast geometry design was set
as presented in Table 1. Delay time is consistent
with speeds of 42 m/s and 109 m/s. The adjustment
of delay time is crucial for regulating the
detonation sequence between holes, ensuring a
successful fragmentation process without causing
excessive pressure that could damage slope
stability or trigger dangerous vibration spikes.

Design of blast geometry in this study was
controlled by the operational imperative of
prioritizing safety and minimizing environmental
impacts at a minimum due to the proximity of the
blasting sites to residential neighborhoods and
other sensitive buildings [37]. Accordingly, the
main objective was the implementation of a
controlled blasting method to comply with
stringent environmental regulations [38]. This
approach acknowledges that over-confinement of
explosives is a significant factor responsible for
adverse effects such as high ground vibrations,
airblast, and flyrock [39].

One of the major characteristics of this safety-
oriented design is the use of a low total height to
burden ratio (H/B) or burden stiffness ratio. For all
30 blasts, the H/B ratio was maintained at a
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constant of 1.0. This is a short bench design that
consciously deviates from ratios typically
recommended for maximum fragmentation [40].
Low stiffness ratio is observed to cause less
efficient energy use for fragmentation, with a
tendency to produce larger fragments. This was,
however, a design requirement to reduce the level
of confinement on the explosive charge and the
primary causes of airblast and ground vibration
[39]. The resulting coarser but adequately fractured
rock was deemed acceptable for subsequent
mechanical excavation by shoveling, an efficient
two-stage removal process for sensitive areas.
Similarly, the chosen Stemming-to-Burden
(T/B) ratios of 0.47 to 0.78 were part of this safety-
focused approach. They were believed to represent
a balance between gas confinement and vibration
restriction [41]. Over-stemming, on the other hand,
improves confinement and can lead to higher
ground vibrations [42]. The selected ratios of T/B
were therefore site-specific compromises aimed at
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developing sufficient confinement to fracture the
rock mass without causing undesirable ground
vibrations to the neighborhood community.
Spacing-to-Burden (S/B) ratios were maintained
within the optimal range of 1.17 to 1.20 to ensure
good interaction among neighboring blastholes.
Blasting site locations are presented in Figure 5.
Blasting was carried out on the overburden layer,
the layer of cover rock that must be removed to
access the primary source. The characteristics of
overburden are wusually hard and massive;
therefore, the design of these blasting parameters is
intended to achieve adequate fragmentation using
efficient explosives while maintaining the stability
of the work area and ensuring safety and
environmental protection. This methodology
reflects modern blasting practices in sensitive
environments, where designs are frequently
modified from production optimums to meet
regulatory and social requirements [38].

Table 1. Blasting geometry parameter

Blasting Geometry
No Diameter Burden Spacing Stemming Column Total Depth
(mm) (m) (m) (m) Charge (m) (m)

1 158 5 6 3 2.09 5
2 158 5 6 3 2.09 5
3 158 6 7 3 2.09 6
4 158 6 7 3.6 1.77 6
5 158 6 7 3.6 1.77 6
6 158 6 7 3.6 1.77 6
7 158 6 7 3.6 1.77 6
8 158 6 7 3.6 1.77 6
9 158 6 7 3.6 1.77 6
10 158 6 7 3.6 1.77 6
11 158 6 7 3.6 1.77 6
12 158 6 7 3.6 1.77 6
13 158 6 7 3.6 1.77 6
14 158 6 7 3.6 1.77 6
15 158 6 7 3.6 1.77 6
16 158 6 7 3.6 1.77 6
17 158 6 7 3.6 1.77 6
18 158 6 7 3.6 1.77 6
19 158 6 7 3.6 1.77 6
20 158 6 7 3.6 1.77 6
21 158 6 7 3.6 1.77 6
22 158 6 7 3.6 1.77 6
23 158 6 7 3.6 1.77 6
24 158 6 7 3.6 1.77 6
25 158 6 7 3.6 1.77 6
26 158 6 7 3.6 1.77 6
27 158 6 7 2.8 2.09 6
28 158 6 7 2.8 2.09 6
29 158 6 7 3.9 2.09 6
30 158 6 7 3.9 2.09 6
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Figure 5. Blasting site location

2.2.2. Explosive Properties and Powder Factor

The entire blast holes were charged with
Ammonium Nitrate Fuel Oil (ANFO), a widely
used explosive in mining, which has a density of
0.85 g/cm®. ANFO was selected on the basis of its
advantages, which are low cost, simplicity of
production, and low sensitivity to mechanical
shock on charging. The charge of the explosive was
initiated from a non-electric initiation system made
up of surface and in-hole delay detonators.

2.3. Field Measurement
2.3.1. Instrumentation

The measurement was conducted using an
Instantel Micromate seismograph, a specially
designed instrument for recording blast-induced
environmental effects. The seismograph was
equipped with an ISEE-compliant linear
microphone. The sensor has been specifically
applied for measuring airblast. It possesses a flat
frequency response from 2 Hz to 250 Hz, which is
useful for effectively recording the low-frequency
acoustic energy characteristic of air overpressure
from large-scale blasting.

In the field, the microphone was placed on a
tripod at a standard height of 1.2 m above the
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ground to avoid near-ground interference effects.
The microphone was directed at the blast location
and fitted with a foam windscreen to minimize low-
frequency noise caused by wind passing over the
microphone diaphragm, which would otherwise
contaminate the data. The monitoring unit was
situated at a typical, secure distance of 500 m from
the blasting site, in accordance with national safety
standards, to capture far-field propagation effects.
Coordinates for each measurement location were
obtained with a hand-held GPS receiver. The data
measurement plan and field layout are
schematically illustrated in Figure 6 and Figure 7,
respectively.

2.3.2. Data Acquisition Parameters

To ensure consistency and reproducibility, the
acquisition parameters on the Micromate unit were
standardized across all monitored events. The
settings were chosen to align with international
performance standards for seismograph blasting
and best practices for monitoring air overpressure
to produce high-fidelity data recordings. A trigger
level of 110 dBL was selected as a conservative
cut-off, significantly above normal ambient
environment noise levels in the mining area but
sufficiently sensitive to ensure no blast event was
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missed. A sample rate of 2048 samples per second
was used, more than twice the Nyquist frequency
of the sensor's 250 Hz upper cutoff, to yield a high-
resolution digital representation of the analogue
pressure waveform. A fixed 5 s recording length

Figure 6. Blasting acoustic measurement
scheme

2.4. Existing Noise Regulation and Damage
Prevention Criteria

Indonesian mining operations are governed by
a multi-layered regulation aimed at supporting
environmental protection as well as occupational
safety. Various national regulations and ministerial
decrees specify permissible limits for noise and
airblast. A distinction should be made between
regulations governing general ambient noise,
measured on the A-weighted decibel scale (dBA),
and those governing impulsive air overpressure
caused by blasting, measured on the linear decibel
scale (dBL). The dBA scale is frequency weighted
to mimic the human ear and is used for continuous
noise sources, while the dBL scale is a flat response
and is required to accurately determine the peak
pressure of transient events such as blasts.

The most directly relevant standard for this
study is SNI 7570:2023, a revision of SNI
7570:2010, which regulates noise levels in mining
activities, including those generated by blasting.
This standard establishes methods for noise
measurement, the equipment used, and the
interpretation of measurement results to ensure that
noise levels produced by blasting do not exceed
specified limits. High-pressure air blasting often
generates  significant noise; therefore, this
regulation can serve as a basis for monitoring the
acoustic impact of blasting.

Various regulations in Indonesia govern noise
standards and environmental impacts associated

Journal of Mining & Environment, Vol. 17, No. 3, 2026

was used for all events, providing a sufficient time
window to capture the entire transient air
overpressure waveform, including the pre-event
baseline for estimating ambient background noise
and complete signal decay following the event.

d. Explosion Effect

c. Measuring Point

Figure 7. Blasting acoustic measurement setting and
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measurement area

with mining activities, particularly during blasting
operations. The Minister of Environment's Decree
Number 48 of 1996 establishes maximum noise
limits in dBA units according to the area type, with
limits ranging from 55 dBA for residential areas to
70 dBA for industrial areas. This regulation
requires companies to report noise monitoring
results periodically.

The Minister of Energy and Mineral Resources
(ESDM) Decision Number 1827 K/30/MEM/2018
regulates safety aspects and the management of air
blasts caused by blasting. Mining companies are
required to design and monitor air pressure during
blasting, as well as implement appropriate blasting
designs to ensure personnel and environmental
safety. This differs from Government Regulation
Number 55 of 2010, which emphasizes
government supervision and guidance regarding
workplace safety in the mining sector.

SNI 7571:2010 focuses on measuring the
impact of ground vibrations from blasting to
prevent damage to nearby building structures.
Meanwhile, SNI 7570:2023 regulates
measurement methods and noise limits in mining
activities, including noise caused by air blasts, with
a maximum limit of 120 dBL.

The Minister of Defense Regulation Number 5
of 2016 regulates the management of explosives in
terms of storage and distribution, which directly
impacts the control of air blasts in mining. Unlike



Zaenal et al.

other regulations, this rule focuses more on the
security aspects of explosives.

Overall, although these regulations have
different focuses, they all contribute to
environmental management and workplace safety
in mining areas. The latest standards, such as SNI
7570:2023, provide more technical guidance on
noise measurement in the mining sector to ensure
operations remain within safe limits and do not
disturb the surrounding environment.

3. Results and Discussion
3.1. Overview of Data
Framework

and Analytical

The data set analyzed, shown in Table 2,
comprises 30 blasting sites characterized by their
frequency, dBA, and dBL levels measured, as well
as the corresponding predictions made using
various acoustic prediction models. These models
encompass a range of approaches, including
analytical equations based on the scaled-distance
concept, the Finn correction-derived equation, and
site-specific regression models. Their performance
must first be understood by identifying the physical
processes they aim to represent.

Blast-induced air overpressure is a complex
physical effect caused by the detonation of
explosives. The heat is released very quickly
through an exothermic chemical reaction,
generating a tremendous volume of high-pressure,
superheated gas that violently explodes, pushing
the surrounding air outward and emitting a pressure
wave spherically from the source [43]. The wave,
also called a blast wave, is one where pressure
rapidly increases at the wave front from ambient to
a maximum value, then decreases nearly
exponentially back to ambient pressure, followed
by a negative pressure phase before equilibrium is
restored. The part of this pressure wave that is
audible, typically corresponding to a frequency
greater than 20 Hz, is perceived as noise [44]. The
Finn equation model was derived from regression
analysis based on measured data and A-correction
data, as governed by Finn [26], as shown in Table
3. This A-correction is referenced in Standard
Nasional Indonesia (SNI) 7570:2023  for
converting the dBL value to dBA. Additionally, a
separate regression model based on the measured
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dBA values was included to provide a more
conservative estimation framework. Three other
predictive models were also employed, each
originating from previous well-established studies.
These models are all implementations of the
scaled-distance concept, a foundation of blast
impact prediction. This concept uses the
Hopkinson-Cranz scaling law, which refers to a
fundamental scaling law in explosives engineering,
used to predict the effects of an explosion at
different distances and charge weights. Various
explosive energy yield blasts (W) will create self-
similar pressure waves at the same scaled distances

(z= #), where D is the distance from the source.
The logarithmic form of these equations includes
the geometric spreading and attenuation of the blast
wave.

The first prediction model was proposed by
ONECRC [10], as follows:

D
dB(A) = —16,021og (—) + 97,46 (1)

wi/3

Here, W denotes the maximum charge per delay

(kg/delay), and D represents the distance from the

source (m). The second model, proposed by
IOERSNU [12], is expressed as:

D
dB(A) = —14,051log (W) + 97,46

)

Where W represents the maximum charge per
delay (kg/delay), and D stands for the distance (m)
from the source. The third noise prediction
equation developed by Yang and Kim [11] is shown
below:

dB(A) = —14log (%) +88,1
In each of these equation models predict the
expected dBA values as a function of variables,
including frequency, scale distance, delay, charge
per delay, and hole configuration. The measured
data revealed a mean dBA of approximately 60.7
dB, with a range of 50.4 to 68.6 dB. The measured
dBL average was 112.3 dB, indicating the intense
nature of explosive blasts, albeit with significant
attenuation of audible (A-weighted) sound levels.
A high positive relationship (Pearson's r = 0.87)
existed between dBA and dBL measures.

)
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Table 2. Measured results of dBA and dBL values as well as dBA prediction by various prediction models

dBA Prediction dBA Prediction dBA Prediction dBA Prediction dBA Prediction
No I&BA I&BL w By Finn by Regr. by Eq.1 by Eq 2 by Eq 3
cas. vieas. A Correction dBA Cale. Error (%) dBA Cale. Error (%) dBA Cale. Error(%) dBA Cale. Error(%) dBA Cale. Error(%)
1 26 656 1184 264  -90.937 27.463  138.866  64.222 2.146 67.154 2314 70.881 7.450 65.399 0.308
2 128 568 1135 264 64375 49.125 15624 60.323 5.840 67.154 15418 70.881 19.865 65399 13.148
3 655 636 1125 345 79.631 32.869 93497 59.527 6.842 67.774 6.159 71425 10955 65.864 3437
4 89 632 1129 270 73516 39384 60473 59.846 5.605 67.206 5.961 70926 10.893 65438 3.420
5 6.85 625 1208 280 -78.825 41975 48899 66.132 5.491 67.290 7.119 71.000 11972 65.501 4.582
6985 598 1165 460 71174 45326 31933 62710 4.640 68.442 12.626 ___72.010 ___16.956___ 66.363 9.890
7 12.3557.1 1084 299 65366 43.034___32.686___ 56265 1.484 67.443 15335 71134 19.729 _ 65.615 12.977
8 128 586 1075 184 64375 43.125 __ 35.885 55549 5.493 66317 11636 70.146 16460 64.772 9.528
9 43 662 1115 216 85913 25587 158.727 _ 58.132 12.716 66.688 0.732 70.472 6.063 65.050 1.768
10 51 652 117.9 448 -83.632 34268 90263 63.824 2.156 68.380 4.651 71.956 9.389 66317 1.685
11 5.9 622 1124 280 -81.403 30997 100.665 _ 59.448 4.630 67.290 7565 71.000 12395 65.501 5.040
12 595 639 1207 224 -81.266 39.434 62041 66.052 3.258 66.773 4302 70.546 9421 65.113 1.863
13 9.85 598 1103 280 71174 39.126 _ 52.840 57777 3.502 67290 ILI131 ___ 71.000 15775 __ 65.501 8.704
14 10.55 582 105.5 280 __ -69.496 36.004 61648 53.957 7.863 67290 13509 71.000 __ 18.029 __ 65.501 11.146
15 11 592 1107 280 -63.438 42262 40079 58.095 1.902 67290 12.023 __ 71.000 _ 16.620 __ 65.501 9.620
16 11.25 57.1 1062 280 -67.858 38342 48922 54514 4.743 67290 15144 71.000 19578 65.501 12.826
17 115 595 113.2 280 -67.283 45917 29581 60.084 0.972 67290 11577 71.000 __ 16.198 65501 9.162
18 12.05599 112.6 280 __ -66.036 46564 28.639 _ 59.607 0.492 67290 10983 71.000 _ 15634 __ 65.501 8551
19 3.65 662 1204 540 -87.806 32594 103.104 65813 0.588 68.813 3.798 72.336 8.483 66.642 0.663
20 5.9 65 1095 270 -81.403 28.097 131342 57.140 13.755 67.206 3.282 70.926 8356 65.438 0.669
21 7 642 124 420 78425 45575 40867 68.678 6.520 68.231 5.907 71825 10.616 __ 66.205 3.029
22 5.1 646 114 550 -83.632 30368 112722 60.721 6.389 68.856 6.181 72374 10741 66.674 3.110
23 3.85 664 122.6 1026 -87220 35380 87.676_ 61.564 1.723 70302 5.550 73.642 9.834 67.757 2.003
24 1.85 686 1156 715 93229 22371 206.649 _ 61.994 10.656 69.464 1.245 72.907 5.908 67.130 2.190
25 775 519 1062 392 76452 20748 74464 54514 4.796 68.071 23756 71.685 _ 27.600 __ 66.086 _ 21.465
26 2.65 504 1057 392 -90.786 14914 237.932 _ 54.116 6.868 68.071 25959 71.685 _ 29.692 __ 66.086 __ 23.135
27 275 515104 392 90484 13516 281.031 _ 52.764 2.395 68.071 24343 71.685 _ 28.158 __ 66.086 __ 22.071
28 9.15 505 1054 392 -72.893 32507 55350 53.878 6.269 68.071 25812 71.685 __ 29.553 __ 66.086 __ 23.584
29 975 508 1072 392 71417 35783 41967 55310 8.154 68.071 25372 71.685 __ 29.134 _ 66.086 __ 23.130
30 995 518 106.1 392 -70932 35168 47292 54.435 4.840 68.071 23903 71.685 27739 66.086 _ 21.617

Table 3. A-weighting response

Frequency (Hz) A-weighting (dB)
8 -77.8
10 -70.4

12.5 -63.4
16 -56.7
20 -50.5
25 -44.7

315 -394
40 -34.6
50 -30.2
63 -26.2
80 -22.5
100 -19.1
125 -16.1
160 -13.4
200 -10.9
250 -8.6
315 -6.6

400 -4.8
500 -3.2
630 -1.9
800 -0.8

1000 0

1250 0.6

1600 1

2000 1.2

2500 1.3

3150 1.2

4000 1

5000 0.5

6300 -0.1

8000 -1.1

10000 -2.5

12500 -4.3

16000 -6.6

20000 9.3
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3.2. Comparative Accuracy of Predictive
Equations

To assess model accuracy, the absolute
percentage error was calculated between measured
and model-predicted dBA values. The analysis
points out important disadvantages in the
application of generalized analytical and empirical
models and indicates the necessity for site-specific
calibration. The Finn equation, although widely
used in mining acoustics modeling, especially in
Indonesia, exhibits inferior prediction
performance, with an average error of 86% and a
maximum error exceeding 280%. This discrepancy
suggests a systemic inconsistency between the
model's assumptions and the acoustic profiles
observed in the study's operational environment.
This profound unreliability is a consequence of the
empirical models' inherent limitations, which puts
them under a non-generalizable nature [13]. The
models consist of a function of site constant that
integrates the combined, interactive effects of
numerous variables besides charge mass and
distance, including blast design such as stemming
height, burden, face orientation, geology, and
topographic shielding [45]. The constant also
implicitly includes the meteorological conditions
under which the original calibration data were
made. Meteorological factors like wind speed,
wind direction, and temperature gradients may
considerably influence the sound propagation by
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refraction and thus cause a significant increase or
decrease of noise levels with distance. Applying an
empirical formula to a new location without
recalibration is therefore scientifically uncertain.
The gross discrepancies observed here justify that
the implicit assumptions incorporated into the Finn
equation coefficients are inherently unsuitable for
the propagation condition of this current research
area.

However, the equations (Egs. 1, 2, and 3)
yielded improving results, with mean errors of
11%, 16%, and 9%, respectively. Of these,
Equation 3 was the most reliable model, with an
extremely low error of 0% to a maximum error of
24%.  This finding showed that a Korean
experiment concluded that the most in agreement
with their field data measurements was the
ONECRC equation (Eq. 1) [2]. The present
research, on the other hand, rates the Yang and Kim
model as superior. This provides clear evidence of
the fact that the comparative accuracy of
generalized analytical and empirical models
largely depends on the similarity of the new
location of application with the conditions under
which the model was initially developed. The
performance of analytical and empirical models
depends on the context, which enables thorough
pre-site testing or selection based on models
developed under the same geological and
operational conditions.

The measurement-based correction model, or
the regression-derived equation based on the
measured data, performed best overall, with an
average error of only 5%. It is consistent with
empirical sound modeling best practices, which
involve using site-specific correction factors to
account for terrain, meteorological, and structural
factors [46,47]. Advanced predictive models used
in regulatory and planning contexts, such as the US
Army's UNAPS models, in fact rely on this
principle, requiring precise local information to
predict [48]. The improved performance of our
site-specific calibrated model thus constitutes an
internal test of this principle, with the outcome that
even a simple regression model will perform
dramatically better than uncalibrated, generalized
equations.

These values are illustrated in the boxplot
shown in Figure 8, which represents the spread of
absolute errors across the predictive equation
models. The measured corrections-based model
also has a small interquartile range and little
occurrence of outliers, as seen to affirm its stability.
Scatter plots in Figure 9 subsequently illustrate
that Equation 3 and the measurement-based
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correction through the regression equation model
also closely follow the 1:1 line of ideal prediction.
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Figure 8. Absolute error comparison across
predictive equation models.

3.3. Machine Learning Predictive Modeling

The constraints of the empirical model,
especially its inability to elaborate complex, non-
linear relationships among various influencing
parameters, have prompted the need for more
advanced data-driven approaches [49]. The
increasing deployment of machine learning (ML)
techniques has enabled more accurate, efficient,
and scalable predictions. Recent literature indicates
that ML algorithms such as Random Forest (RF),
Artificial Neural Networks (ANN), Support Vector
Machines (SVM), and other ensemble and hybrid
models predict the effects of blast-induced air
overpressure and ground vibration with
consistently higher precision than standard
empirical methods [13].

Guo et al. [50] employed a Random Forest
model to predict railway-induced vibrations,
particularly in high-speed rail (HSR) systems.
Complementing this approach, Yao and Fang [51]
developed a methodology combining numerical
simulation with Random Forest-based predictive
modeling, allowing them to evaluate the influence
of factors such as train speed, axle load, and soil
characteristics on structural vibrations. Cao et al.
[52] further advanced machine learning-based
railway vibration analysis through a comparative
evaluation of multiple algorithms, including Linear
Regression, Support Vector Machines, and
Random Forest.

In the context of blasting-induced vibrations,
Yan et al. [53] conducted an extensive study
comparing six machine learning algorithms,
including Random Forest, K-Nearest Neighbors,
Artificial Neural Networks, and Support Vector
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Regression, as well as hybrid models optimized via
the Arithmetic Optimization Algorithm, to
investigate peak particle velocity (PPV). The study
reported that the machine learning-developed
model achieved superior predictive accuracy.
Overall, machine learning can potentially develop
models that offer significant improvements in
predictive accuracy, robustness to noise, and
adaptability to complex systems compared to
traditional empirical or numerical methods.

Here, we investigate the predictive model by
utilizing Random Forest and Artificial Neural
Network to calculate the dBA value from the
frequency and dBL measured in RStudio. The
predicted dBA values obtained using Random
Forest and Artificial Neural Network in RStudio
are presented in Table 4. The RF model

Journal of Mining & Environment, Vol. 17, No. 3, 2026

demonstrated superior performance in terms of
consistency and robustness across different
frequencies and dBL levels. Quantitatively, both
models produced average percentage errors of
approximately 2%; however, the RF model showed
a closer residual grouping around zero and a lower
standard deviation in error rates. Most predictions
by the RF model fell within the error range of 0%
to 3%, with only a few cases exceeding 5%. In
contrast, the ANN model exhibited greater
variability, with error rates reaching up to 10—11%.
These anomalies were particularly observed in
mid-frequency ranges (for example, 9.75 Hz and
10.55 Hz), where the dBA values were
significantly overestimated or underestimated by
the ANN model.
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Figure 9. Predicted dBA derived by various equation models against the ideal predicted dBA
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Table 4. Comparison of machine learning predicted dBA values derived from the measured frequency and dBL

No F dBA dBL Predicted_dBA by RF Predicted_dBA by ANN
Meas. Meas. dBA Calc. Error (%) dBA Calc. Error (%)
1 2.6 65.6 118.4 64.466 2 67.269 2
2 12.8 56.8 1135 58.455 3 58.257 3
3 6.55 63.6 112.5 63.412 0 63.156 1
4 8.9 63.2 112.9 60.982 4 60.972 4
5 6.85 62.5 120.8 63.517 2 63.493 2
6 9.85 59.8 116.5 59.900 0 60.487 1
7 1235 57.1 108.4 57.730 1 57.943 1
8 12.8 58.6 107.5 57.330 2 57.465 2
9 4.3 66.2 111.5 65.165 2 64.782 2
10 5.1 65.2 117.9 65.059 0 65.026 0
11 59 62.2 112.4 63.411 2 63.772 2
12 5.95 63.9 120.7 63.909 0 64.313 1
13 9.85 59.8 110.3 59.575 0 59.819 0
14 10.55 582 105.5 55.288 5 53.116 10
15 11 59.2 110.7 59.538 1 59.087 0
16 11.25 57.1 106.2 55.877 2 55.806 2
17 115 59.5 113.2 59.375 0 58.991 1
18 12.05 599 112.6 59.508 1 58.606 2
19  3.65 66.2 120.4 65.645 1 66.337 0
20 59 65 109.5 63.679 2 61.684 5
21 7 64.2 124 63.847 1 63.471 1
22 5.1 64.6 114 64.527 0 64.805 0
23  3.85 66.4 122.6 65.431 1 66.109 0
24 1.85 68.6 115.6 65.085 5 67.896 1
25 7.75 51.9 106.2 53.363 3 52.619 1
26 2.65 50.4 105.7 53.137 5 51.311 2
27 2.5 51.5 104 53.211 3 50.827 1
28  9.15 50.5 105.4 52.253 3 51.087 1
29  9.75 50.8 107.2 53.503 5 57.345 11
30 9.95 51.8 106.1 52.986 2 54.531 5

Figure 10 depicts a comparison of observed and
predicted dBA values for both models. The RF
model is consistently accurate, exhibiting minimal
deviations from the actual measurements. On the
other hand, the ANN predictions exhibited more
pronounced fluctuations, particularly in the lower
dBA range (~50 dBA), suggesting sensitivity to
input variability and potential overfitting. Boxplot
analysis in Figure 11 further highlighted the
advantage of the RF model, as it showed a narrower
interquartile range and fewer outliers than the ANN
model. This demonstrates a more stable
distribution of errors, which is crucial for practical
applications in noise impact assessment.

Additional insights into the models' behaviors
across the acoustic spectrum are shown in Figure
12a. The RF model maintained relatively stable
error margins across all frequency bands, whereas
the ANN model's errors were more erratic,
especially in the range of 8-12 Hz. This variability
can be attributed to the inherent complexity of the
ANN structure, which, while theoretically capable
of performing more efficient nonlinear modeling,
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requires more sophisticated tuning and training
data to achieve optimal performance. As an
ensemble algorithm, RF mitigates overfitting risk
through the averaging of predictions from several
decorrelated decision trees. This design is
inherently robust and particularly effective for
small datasets, where a single complex model
might struggle to generalize [54]. In contrast,
although ANNs are recognized as superior in
approximating a wide range of functions, they tend
to have higher variance in most cases. This
characteristic can cause their performance to
fluctuate, resulting in less stability compared to
other models in certain contexts. Their behavior
exhibits high sensitivity to numerous factors,
including the specific network architecture,
hyperparameter selection, and the dimensions and
representativeness of the training data. All these
factors greatly influence the overall performance
and effectiveness of the model [55]. The findings
indicate that, for this particular dataset (n=30), the
ensemble characteristics of RF provide a more
stable outcome. The ANN, with greater flexibility,
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is more demanding in terms of data requirements.
This suggests that RF would be more suitable when
data are limited, as it offers stable predictions
without sacrificing reliability.

Figures 12b and 12c illustrate the relationship
between prediction error and predicted dBA,
providing further evidence of the models' efficacy.
For the RF model, the residuals were uniformly
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—_ Measured_diBA
—— Predicted_dBA by RF

70 | Predicted_dBA by ANN E
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distributed around the zero-error line, indicating
minimal systematic bias. Conversely, the ANN
model displayed a more dispersed residual pattern,
with some data points deviating significantly from
the zero-error line. This dispersion suggests that the
ANN model may be less reliable for applications
requiring high-precision predictions, such as real-
time noise monitoring and regulatory reporting.

.

.

/ g
| \ °
g 65| B :}f& N 4 2 5l J
T ~4 \7\ I I 3]
° N ] 14
g /Y 5
Zeof / / - J g st . ]
g v | w PR
v W/ Q
= § 4t i
55 | - e
b~ &
< 2F 4
A
W —
L N N N o i
0 10 20 30 L L
Data Point Error by RF Error by ANN
Figure 10. The measured vs. predicted dBA for both Figure 11. Absolute error comparison between RF
the Random Forest (RF) and Artificial Neural and ANN
Network (ANN) models
12+ e Error 1 ~
cemmm o ] DI ]
10 o < 4 d . i
E 4l w 2 - Z:2 o E °
és En_ﬂ—l_“- y ".i ;o 5 H 2o
H °e : o 3 - 2 g - G
g 4t & -2 . - = g o LR o
2 B % . s
N T 2R R S -4
o oF %° oo .8 o
0 0 o8 g %° ] - N

0 5 10 15 50 55
Frequency (Hz)

Measured dBA

Measured dBA
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as a function of measured dBA; c) Residual plot of ANN model as a function of measured dBA

Most ML studies for blast prediction utilize
blast design factors, including charge weight,
burden, spacing, and stemming, as well as rock
mass factors, to predict outcome measures such as
air overpressure or ground vibration [13]. In
contrast, the models in this study use observed
acoustic data (dBL and frequency) to predict
another acoustic factor, dBA. The models
demonstrate a paradigm for addressing hardware
limitations and provide a reliable method for

deriving dBA from dBL measurements for
regulatory compliance.
3.4. The Challenge of Balancing

Understandability and Precision

This study underscores a significant challenge
in the application of predictive modeling in the
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context of regulated environmental areas. This
challenge revolves around the delicate balance
between keeping the model interpretable and
achieving high predictive precision. Finding a
balance between these two needs is essential as
stakeholders need to trust and understand the
models and, at the same time, be able to appreciate
the accuracy of predictive capabilities.

In mine sites, where multiple sources of noise
dynamically interact with each other and climatic
conditions change throughout the day, it is
necessary to use prediction models that are
adaptive to changes in noise while maintaining low
error levels. Machine learning models like RF
satisfy this condition owing to their ensemble
nature and resistance to overfitting, especially
when trained with diverse datasets. ANN models,
with  their Dbest architecture and noise
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regularization, are also promising but require larger
training sets to offset their higher variance.

However, the interpretability of machine
learning models remains less than that of analytical
equations; therefore, perhaps the best approach
would be a hybrid model where machine learning
complements and does not replace physically based
prediction models for engineering applications.
This interpretability is not merely a theoretical
benefit but has practical, regulatory, and scientific
implications that sustain the continued relevance of
these models in noise prediction, environmental
impact assessment, and land-use planning in post-
mining contexts.

Analytical or physically based models are
constructed on the foundation of established
physical principles. This clarity provides an
invaluable degree of transparency. When a
prediction is made wusing such a model,
practitioners can easily trace the output back
through the contributing factors, understanding
exactly how changes in environmental conditions
or source characteristics influence the result. This
level of transparency contrasts sharply with data-
driven models, particularly deep learning
architectures, which often function as "black
boxes." In these models, the relationship between
input features and output predictions is encoded
within complex, multi-layered networks whose
internal workings are not intuitively accessible.

Interpretability may also play a critical role in
regulatory and legal frameworks. Environmental
impact assessment standards typically require that
any model used for impact prediction be
transparent, traceable, and justifiable. Physically
based models fulfill these criteria inherently, as
their structure and assumptions are clearly defined
and scientifically validated. Each input, such as a
blasting parameter, is measurable, and its impact on
the output is logically derivable. This traceability
ensures that model outputs can be defended in legal
contexts and trusted by regulatory bodies—an
advantage that is crucial when compliance is at
stake or when environmental assessments are
subjected to public or judicial scrutiny.

The future of blast impact modeling does not lie
in the choice between two extremes but in the
development of hybrid frameworks that include the
strengths of both. One such exciting direction is
collaboration ~with Explainable Al (XAI)
techniques. For instance, it is feasible to use after
techniques such as Shapley Additive Explanations
(SHAP) on black-box models. These strategies
quantify the contribution of every input factor to a
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prediction and provide transparency without
sacrificing the predictive power of the model [13].

There exists a more integrated strategy in the
new discipline of Physics-Informed Machine
Learning (PIML). For example, Physics-Informed
Neural Networks (PINNSs) incorporate governing
physical equations like acoustic wave propagation
equations into the model loss function during
training [56]. This constraint guarantees that the
model generates solutions in line with both training
data and fundamental physical principles. By
combining machine learning's  data-fitting
capability with the theoretical consistency of
physics-based modeling, these hybrid approaches
represent the next frontier in modeling, providing
not just highly accurate solutions but more
trustworthy and interpretable.

A number of practical recommendations follow
from these findings. First, mining operations
should strive to wuse locally calibrated,
measurement-based dBA estimation models. This
method yields more precise results, thereby
enhancing the reliability of environmental impact
statements. Second, in cases where data conditions
permit, the inclusion of Random Forest or similar
machine learning models can provide greater
predictive accuracy, especially in complex acoustic
environments. Third, practitioners need to exercise
caution when applying outdated models, such as
the Finn equation, particularly in sensitive zones or
in rigorous regulatory regimes with stringent
decibel ceilings.

4. Conclusions

This study develops a novel strategic
framework for acoustic assessment due to mining
activity by systematically comparing the
performance of machine learning, analytical, and
measurement models. Our findings highlight the
significant trade-off between the predictive
capabilities of advanced algorithms and the
engineering need for model interpretability.

RF emerged as the most accurate and consistent,
with an average error of 2% and minimal deviation
across frequencies and sound levels. Its robustness
and adaptability make it highly suitable for real-
time environmental monitoring. In contrast, the
ANN model, while capable of modeling complex
nonlinearities, exhibited higher error variability
and was less reliable, particularly in low dBA
conditions. Finn's model, despite its theoretical
basis, produced frequent implausible outputs.

Among the analytical approaches, Equation 3
(Eq.3) achieves competitive accuracy with the



Zaenal et al.

added benefits of interpretability and low
computational demand. Such a combination of
features is well suited as an evaluation method for
regulatory compliance. Although the
measurement-derived equation shows the lowest
error, Eq. 3 provides a pragmatic balance between
physical interpretability and numerical precision,
making it a strong candidate for compliance
assessments or use in environments with
constrained computational infrastructure.

This framework has important benefits for
smart mining operations. It reduces noise and
increases worker safety. From an environmental
management perspective, it provides excellent
tools for conducting Environmental Impact
Assessments by ensuring compliance with
regulations. Finally, this research provides an
outlook on practical methods to select the most

appropriate predictive model for technical,
operational, and regulatory requirements in
mining.
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