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Abstract: The mining industry faces persistent challenges related to hazardous gas emissions. Diesel
engine-powered wheeled vehicles are commonly used during work shifts and are a primary source
of nitrogen oxides (NOx) in underground mines. Despite diesel engine manufacturers providing
gas generation data, mining companies need to predict NOx emissions from numerous load-haul-
dumping (LHD) vehicles operating under dynamic conditions and not always equipped with gas
sensors. This study focused on two ensemble methods: bootstrap aggregation (bagging) and least-
square boosting (boosting) to predict NOx emissions. These approaches combine multiple weaker
statistical models to yield a robust result. The innovation of this research is in the statistical analysis
and selection of LHD vehicles” working parameters, which are most suitable for NOx emission
prediction; development of the procedure of source data cleaning and processing, model building and
analyzing factors, which may influence the accuracy; and the comparison of two ensemble methods
and showing their advantages and limitations for this specific engineering application, which was not
previously reported in the literature. For datasets obtained from the same LHD vehicle and different
operators, the more efficient bagging method gave a coefficient of determination R? > 0.79 and the
RMSE (root mean square error) was under 30 ppm, which is comparable with the measurement
accuracy for transient regimes of physical NOx sensors available in the market. The obtained insights
can be utilized as input for mine ventilation systems, enhancing mining transport management,
reducing workplace air pollution, improving work planning, and enhancing personnel safety.

Keywords: NOx emissions; diesel engine; LHD vehicles; deep underground mine; machine learning;
bagging; boosting

1. Introduction

The mining industry is constantly evolving and developing. This dynamic sector
plays a key role in providing the raw materials needed to meet society’s needs, from
energy to minerals. Nevertheless, the growth of this industry brings both benefits and
challenges that underground mines must resolve. Underground mines, a major segment
of the mining industry, face a wide variety of natural hazards. Although different wired
and wireless measurement and data collection technologies are available, which can be
applied in underground mines [1], certain challenges exist related to the monitoring of
underground operations including climate hazards, fire hazards, or gas hazards; the latter
one is the subject of this article.

The mining enterprises continuously produce huge volumes of hazardous gases, e.g.,
from mining explosives containing carbon oxides and nitrogen oxides in their detonation
products [2]. However, diesel engines of the powerful transportation trucks and load-haul-
dumping (LHD) vehicles are a major source of nitrogen oxides (NOx) in the underground
working space. This is an issue that is of great importance for both worker safety and
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environmental protection [3-5]. Unfortunately, due to the hard-working conditions of
mobile machinery, most underground vehicles do not have sensors to measure parameters,
including, among other things, NOx emissions, making it difficult for mining companies
to accurately monitor and predict gas emissions for appropriate ventilation planning [6].
That is why it is so important to develop modern modeling and forecasting tools based on
machine learning techniques. A hybrid methodology for investigating diesel particulate
matter (DPM) concentration distribution in underground mines was developed in [7] using
a ventilation network solver and computational fluid dynamics (CFD). However, such
models require reliable input data from every working vehicle which, when obtained from
one machine, cannot be averaged over the whole fleet due to specific operational conditions
and operators’ steering behavior. Practically every LHD vehicle is characterized by highly
dynamic regimes of motion [8]. Although hydraulic torque converters are installed in
the transmission system, the V-type routes cause torsional vibrations and non-stationary
torque demand during the LHD loading and unloading cycles, which cause non-optimal
fuel combustion regardless of engine electronic control unit (ECU) settings.

To ensure safe working conditions, continuous operation, and reduced health risks
for underground workers, onboard monitoring tools are installed, which supply data from
trucks and LHD vehicles for the SYNAPSA system in the investigated copper ore mine. The
study is focused on using ensemble methods to predict NOx emissions, which is crucial
for effective gas management in dynamic operating environments. Ensemble methods
were earlier used for NOx emission predictions in diesel engines [9] and coal-fired power
plants [10], as well as for natural gas consumption [11] and coal-fired [12] or oil-fired boiler
emissions [13] but not for diesel vehicles operated underground.

Ventilation in mines is a complex and essential aspect that significantly impacts the
safety of underground workers [14,15]. Regulations governing underground mining focus
on ensuring safe working conditions and protecting the health of personnel working
in these specific environments. In this context, the regulations include guidelines and
standards that cover a variety of aspects, such as maximum working temperatures and
acceptable concentrations of harmful gases. Work in underground mines exposes personnel
to risks from harmful gases such as methane, carbon monoxide, nitrogen oxide, and others.
These gases can be toxic or explosive in appropriate concentrations.

One of the major concerns in underground mines is the presence of NOx, which
consist of nitrogen oxide and nitrogen dioxide. While NOx can occur naturally, most of its
volume is related to technological processes, particularly those involving diesel engines.
These engines not only emit NOx but also produce various other pollutants [16]. What
makes NOx gases particularly dangerous is their lack of odor, with NO being colorless
and NO, being a brown color. In diesel engine exhaust, monoxide NO is predominant,
constituting around 90% of the emissions. To reduce its concentration, the new approach of
NOx photocatalytic conversion was proposed in [17], which has benefits in stability, cost,
efficiency, convenience in operation, and strong durability. The results of the work [18]
undermined the significant effect of NO, on the performance of the urea-based selective
catalytic reduction (SCR) system, which does not form N,O considered as an undesired
byproduct of catalytic NOx control. Restrictions of existing sensors for NOx measurement
are discussed in [19]. The Co304-based catalysts for NOx reduction in fast SCR processes
are proposed in work [20].

The negative impact of NOx on human health cannot be underestimated. Exposure to
nitrogen oxides can result in irritation of the eyes and throat, causing discomfort and tissue
irritation. Coughing is also a common result of exposure to these gases, and their presence
can cause reduced lung function and difficulty breathing. However, what becomes more
alarming is long-term exposure to nitrogen oxides, which can result in serious respiratory
problems. Particularly dangerous is nitrogen dioxide, which is even more toxic than nitric
oxide. Long-term exposure to NO; can trigger chronic respiratory diseases such as asthma
and chronic obstructive pulmonary disease. In extreme cases, when the concentration of
nitrogen oxides reaches very high levels, sudden and serious deterioration of health and
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even death can occur. Concentrations of NO, exceeding 200 ppm are extremely dangerous
to human health and can lead to rapid respiratory failure and death [14,21,22].

Diesel engines” NOx emissions are impacted by various factors, including the vehicle’s
load, the experience and skill of the operator (as this impacts engine rotations and motor
speed), and the type of work conducted while using the vehicle [23,24]. The significant
health risks posed by NOx emissions put mining companies under an obligation to closely
monitor and control these emissions to ensure safe working conditions for underground
workers. Faced with the risks associated with these toxic gases, advanced strategies
are being developed that focus on minimizing NOx exposure and protecting the health
of personnel due to exhaust gases aftertreatment. The problem exists with the engine
electronic control unit’s (ECU) tuning because of the transient character and cyclic loading
of the LHD vehicles [25].

Continuous research and development of technologies to predict NOx emissions are
crucial to improving safety in mining conditions. With advanced monitoring and data
analysis systems, it is possible to accurately track NOx levels in various areas of a mine,
identify higher-risk areas, and take appropriate countermeasures [26,27]. The authors of the
work [28] intended to quantify gas concentrations inside an urban tunnel based on available
traffic intensity data. They did not address the working parameters of every individual
vehicle. Hence, the result of the prediction is a summarized pollutant emission in certain
places (urban tunnels). Instead, this paper deals with individual vehicles’” monitoring
parameters and prediction of their emissions in different places on the route.

Innovative approaches, such as numerical modeling, make it possible to predict NOx
emissions according to various factors, such as the type of mining operation, rock type, and
atmospheric conditions. This makes it possible to predict high-risk areas, which in turn
makes it possible to take preventive measures to reduce workers” exposure to dangerous
concentrations of NOx.

There are known approaches to forecasting the NOx emissions levels in underground
diesel vehicles. In the previous works, neural networks [29] and polynomial regression [30]
approaches were used. Those publications showed that it is possible to predict hazardous
gas levels with satisfying results that increase safety in deep underground mines, allow
better management of the workload, and also have a positive impact on the effectiveness of
the mine.

In this paper, a model aggregation approach, known as the ensemble approach, was
used with a focus on two ensemble methods—bootstrap aggregation (bagging) and least-
square boosting (boosting). Both of these types of algorithms are based on the concept
of combining multiple weak models to produce a single strong result. A comparison of
model aggregation methods for regression is given in [31]. Starting from works [32,33],
these methods have gained popularity in different domains [34,35].

The conducted research was focused on two powerful ensemble methods: bootstrap
aggregation and boosting, both relying on random forests as the base models. Ensemble
methods are well suited for enhancing prediction accuracy and reducing overfitting by
combining multiple models to produce a robust and generalized result of gas emission [36].

By using random forests as the base of the models, the ensemble approach benefits
from the ability to handle complex relationships in the data, leading to improved NOx
emission predictions. The application of random forest with ensemble methods ensures
more reliable and consistent results.

This study has great significance for improving safety in the mining industry by focus-
ing on predicting and monitoring NOx emissions from LHD vehicles. The implementation
of advanced methods brings multidimensional benefits that are crucial to the efficient
and reliable operation of mining machines. The proposed methods can significantly help
mining companies create safer and healthier working conditions for their personnel, as
well as ensure the continuity of work underground.

Continuing investigation in this direction will contribute to the creation of thoughtful
practices that will enhance worker safety in the mining industry. In the long-term per-
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spective, it is presumed that this research will influence the creation of better standards
and regulations for the protection of the working environment, in line with the drive
for sustainable and responsible management of mining operations. Ultimately, through
the application of these advanced methods, mining companies will be able to ensure the
continuity of underground operations while minimizing risks to personnel and environ-
mental protection.

2. Materials and Methods
2.1. Ensemble Methods

The goal of ensemble methods is to combine multiple models to improve the prediction
results. The main advantage of the usage of the ensemble methods is increasing accuracy
and robustness according to single models. Ensemble learning could be defined as in [37].

Ensemble learning is a process that uses a set of models, each of them obtained by
applying a learning process to a given problem. This set of models (ensemble) is integrated
in some way to obtain the final prediction.

The process can be divided into 3 phases:

1.  Generation—creation of a set of models to be used further, usually redundant;
Pruning—selection and training models;
3. Integration—the output of the model generates the final result.

N

For this research purpose, two of the ensemble methods were chosen—bootstrap
aggregation and least-square boosting.

The bootstrap aggregation (bagging) method was first introduced in 1996 by
Breiman [32]. The method has three main steps:

e Bootstrapping—at this stage, the algorithm creates diverse samples. From the train-
ing set different subsets are generated by random selection with replacement. This
allows the possibility that within the sample the same instance could be selected
multiple times.

e  Training—bootstrap samples are trained independently and in parallel using
weak learners.

o  Aggregation—the last step, where an average of all predicted outputs is taken, known
as soft voting.

Least-square boosting (boosting) is a supervised learning method. Similar to the
bagging method, random subsets of data are created and weak learners are created. In
opposition, the learners are trained sequentially, not in parallel. This means that in every
iteration, the prediction is compared to the expected result, residuals are calculated and
the learner is updated to be stronger. Those types of algorithms (see Figure 1) combine
multiple weak models into a single, strong result.

Bagging reduces variance and improves model accuracy. It combines multiple base
models trained on different subsets of training data. In the chosen approach, several
decision trees are created and trained, where each is trained on a different random subset
of the original training data.

Usually, prediction f(x) at input x is obtained by fitting a model to training data Z =
{(x1,11), (x2,¥2), ..., ((xN,yn)) }- For solving regression problems such as NOx emission
prediction, bootstrap aggregation was chosen. This method averages this prediction over a
bootstrap sample set, which implies reducing its variance. For each bootstrap sample Z*,
b=1,2, ..., B,model s fitted giving prediction f*/(x). Bagging estimate definition [35]:

B
fbag(x) = };f*b(x) 1)

| =

where x—input, fbﬂg(x)— bagging estimate, B—number of bootstrap samples, b—bootstrap
sample number, and f**(x)—prediction of bootstrap sample.
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Figure 1. Schematic diagrams of bagging and boosting methods (points—intermediate solutions;
arrows—trees; schematic algorithms—selection of best solution).

Boosting is another ensemble learning technique that combines weak learners into
a strong model. Differently than bagging, boosting sequentially trains multiple models,
where each subsequent model focuses more on the errors made by the previous model. The
goal of boosting is to give more weight to the misclassified data points in each iteration,
thereby improving the model’s performance with a focus on hard-to-classify instances. The
steps of the algorithm are as follows:

e  Creating data samples—similar to bagging, multiple bootstrap samples are created
from the original dataset.

e  Build trees—each decision tree is trained on each of the bootstrap samples using
randomly chosen features.

e  Boosted training—a series of boosting iterations is conducted, where each iteration
builds a new model to correct the errors of the previous model.

e  Prediction—the final prediction for a new data point is obtained by adding the predic-
tions from each model in the ensemble, considering their respective weights.

For the NOx emission prediction problem, the least-square boosting method was
chosen. Similar to the bagging algorithm, to receive the final prediction f(x), multiple
models need to be trained on the created bootstrap sample set. In each iteration, a model is
improved based on the loss function, which is defined as:

L(y, f(x)) = (y — f(x)) @)

where f (x) is actually trained model and y is current cumulative output:

i1
yi = Bo+ Y_ Bjhj + Bil; = yi—1 + Bih, (3)
=1

where & is a parameterized function of input variables x, and B is a hyperparameter to
control divergence.
Training error is computed as follows:

N

E=Y Bl —L(y, f'(x))] )

t=1
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where f(x) is a residual error and B; is calculated from ngl = 0. According to this, we can
define LS-boosting as [31,34]:

fhoost(x> = argminEX,y[L(y'f(x))] (5)

where x—input, fy,st(X)—boosting estimate, E, y—training error, b—bootstrap sample
number, f(x)—prediction of bootstrap sample, and L(y, f(x))— loss function.

2.2. Data Aggregation

The measurement data that formed the basis for the study were obtained from the
SYNAPSA system. This system plays a key role in collecting and analyzing data related
to the operation of various mining vehicles. In this case, the data were obtained from a
specific LHD vehicle (see Figure 2), which was equipped with a turbocharged diesel engine
DEUTZ TCD 12.0 V6 and a selective catalytic reduction (SCR) system, as shown in Figure 3.

Figure 2. Load-haul-dumping (LHD) vehicle for underground operations [38].

1 — Engine control module,

2 — AdBlue® pipe,

3 — AdBlue® pump,

4 — AdBlue® tank,

5 — Solenoid valve,

6 — Coolant line for preheating the AdBlue® tank,
7 — Exhaust gas temperature sensor,

8 — Coolant line for cooling the proportioner,
9 — Dispenser,

10 — SCR catalytic converter,

11 — NOx sensor

Figure 3. The DEUTZ TCD 12.0 V6 diesel engine with its SCR system [39].

The engine parameters that are relevant to the analysis are detailed in Table 1. The
best point consumption values, as defined in the manual [39], are based on the use of diesel
fuel with a specified density of 0.835 kg/dm? at 15 °C.

Table 1. Parameters of diesel engine DEUTZ TCD 12.0 V6 [39].

Parameter Value Units
Power output (ISO 14396) [40] 390 kW
at speed 2100 rpm
Max. torque 2130 Nm
at speed 1400 rpm
Min. idling speed 600 rpm
Specific fuel consumption 194 g/kWh

The power and torque characteristics that are associated with the operation of this
engine are presented in Figure 4.
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Figure 4. Power and torque functions of diesel engine DEUTZ TCD 12.0 V6 [39].

These graphs show the relationship between power, torque, and engine rotations.
These characteristics are important because they allow us to understand in which range of
engine speeds the highest performance is achieved and how these parameters vary with
speed. The manual [39] provides accurate information on best point consumption, which
relates to optimal engine performance. This information is extremely important in the
context of evaluating engine performance and efficiency, especially regarding economical
operation. On the other hand, the power and torque characteristics in Figure 4 allow a
visual analysis of engine dynamics, which is crucial for understanding engine emissions
under varying conditions.

Parameters of the typical NOx sensor are presented in Table 2. Current regulations
require an accuracy of £20% or £0.1 g/bhp-h [19] of NOx mass measurements, which
could not be achieved under transient load conditions. Many sensors are characterized
by noise levels around 10 ppm, which is caused by the presence in the exhaust system of
residual amounts of NOx.

Table 2. NOx sensor parameters.

Parameter Value Units

Measuring range (NOx) 0-1500 ppm
Accuracy +10 (20) Y%
Operating temperature —40...+105 °C
Exhaust gas temperature <800 °C

The SYNAPSA system collects parameters of diesel engine and LHD vehicle operation
via CAN bus. The time interval of the sampled parameters is 1 s. This system includes not
only the on-board part of hardware collecting signals from different sensors and vehicle
internal units. It is also the wireless and cable facilities for data transferring. The stored
local data once per 6 h are wirelessly uploaded from LHDs to the enterprise server with
database and software for data processing and reports generation for different departments.

2.3. Data Preparation

The full list of monitored parameters contains 46 variables. For further examination,
after deep analysis, only those ones chosen were the ones which affect the value of NOx
concentrations (see Table 3). Graphs of the NOx emission relationships with some of the
selected parameters are shown in Figure 5. The correlations are not enough strong to use
each of these parameters alone for NOx prediction.
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Table 3. Monitoring system parameters chosen for analysis.

Nr Parameter Description Units
0 ENGNOX Engine NOx emissions ppm
1 ENGCOOLT Engine coolant temperature °C
2 ENGOILP Engine oil pressure kPa
3 ENGRPM Engine rotations rpm
4 ENGTPS Engine acceleration %
5 FUELUS Fuel consumption L/h
6 GROILP Gear oil pressure kPa
7 GROILT Gear oil temperature °C
8 HYDOILP Hydpraulic oil pressure MPa
9 INTAKEP Intake air pressure kPa
10 INTAKET Intake air temperature °C
11 SPEED Vehicle speed km/h
2000 300 300
— T £
E 1500 s B 200
s 5 3
& & 3
G 1000 100 £ 2 100
g & 5 U
y =610"x2 -0.0894x + 157.43
500 0 o R?=0.2213
0 50 100 150 200 250 300 350 400 450 500 500 1000 1500 2000
Time (s) ENGRPM (rpm)
400 300 300
300 225
200
E E
200 10 & §
x
S S0
100 I
s & ¥ =-0.0004x2 + 0.7857x - 1.124
0 0 0 R?=0.5216
0 50 100 150 200 250 300 350 400 450 500 0 100 200 300 400
Time (¢) INTAKEP (kPa)
100 300 300
75 2= F
= § 220
S 50 1505 3
3 z g
= e Z 100
T 25 75 W -
y =0.0124x2 -0.1646x + 130.33
0 0 0 R?=0.254
0 50 100 150 200 250 300 350 400 450 500 0 20 40 60 80 100
Time (s) FUELUS (L/h)
300
’E _
g H g 200
2 2§ 100
w E E
y =0.0126x2 -0,5754x + 130.66
0 R?=0.2298
0 50 100 150 200 250 300 350 400 450 500 0 20 40 60 80 100

Time (s) ENGTPS (%)

Figure 5. Correlation between NOx emissions and some parameters of the LHD vehicle (dark lines

show smoothed original data).
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The cycles somehow repeated but, when looking at them in detail, they are certainly
not the same, and the NOx prediction task is not trivial. The cycles seem similar, but their
duration and signals’ patterns are quite different.

The collected data are sequential; however, depending on the operator and workload
of the vehicle, some short-term outliers can be observed. To obtain the best results from
collected data, those short peaks were smoothed with the moving average method for
better visibility of dependencies. When the load is higher, more power is needed, so fuel
consumption increases which results in higher NOx emissions.

Input and output variables were characterized by non-linear dependencies. The origi-
nal and smoothed data of NOx emission from LHD vehicles are presented in Figure 6. The
time series of parameters chosen as input signals are presented in Figure 7. To model the
non-linear dependencies between input and output variables, ensemble models were cho-
sen. Combining multiple models into predictions gives better results than a single model.

Original data vs smoothed data
T

NOx (ppm)
3 B

Time (s)

B A e -
Wﬂ " ww”"lrw"w I i M fil %ié%éw m V illlw Wu H nin
\Jm IR S
%”Hf‘l""‘}‘ﬁ'l' \r“‘lhuj"‘“lH‘H"HMN‘\4, \ izz ‘ I “ i ‘i WH' "M
s f\,‘; I V"f‘ ’%"W, il 41, i
%g: ‘\ '4’\’\| y 1\\(“‘“ ‘J“'\l‘ r \ \
g:%m\\|n\\w‘““| (1] |‘J|_“‘\'_|H\\\,\‘|L

Time (s)

Figure 7. Smoothed input variables time series.
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The dataset covers 27 cycles of the machine working, collected during one working
shift in the underground mine (around 9000 samples). The dataset was divided into two
parts: 90% of the training data and 10% of the test data. Both methods, bagging and
boosting, used 700 decision trees to perform prediction. The number of learners was chosen
to be optimal, not causing overfitting. The performed tests included examination of MAE,
RMSE, and R? metrics for each algorithm, respectively, to the number of learning trees
(Figure 8).

MAE

25

s Bagging
= Boosting

100

200 300 400 500 600 700
Number of trees

RMSE

e Bagging

L

Al ‘l A

100

200 300 400 700
Number of trees

RZ

200 300 400 500 600 700

Number of trees
Figure 8. Tests of methods performance depending on a number of trees.

3. Results and Discussion

Both the bagging and boosting methods gave satisfying results, making them suit-
able candidates for application as ‘soft-sensors’” of NOx emissions from diesel vehicles in
underground mines. The original data smoothing in the preprocessing stage enhanced
the quality of the predictions, providing valuable insights into NOx concentration levels.
Data cleanup was needed as the sensors were working in very hard conditions and the
measurements were fraught with distortions.

3.1. Results for One Working Shift Time Period

At the initial stage of the prediction model verification, the one working shift time
period was taken for learning and testing. Results of the calculation showed that the
bagging algorithm, being more robust against overfitting, offered a safer choice in terms of
prediction reliability (see Figure 9).

The application of boosting requires more caution to avoid overfitting issues. However,
both methods delivered accurate predictions for NOx emissions. Relationships between
measured and predicted values of NOx obtained by two methods are shown in Figure 10.
For bagging, the coefficient of determination R? value exceeded 0.90 and the lower RMSE
(root mean square error) was under 20 ppm, which is comparable with the accuracy for
transient regimes of physical NOx sensors available in the market. The achieved results
prove the accuracy and reliability of estimating NOx emissions by this method. With this
information, it becomes feasible to manage more LHD vehicles in one place while respecting
harmful gas concentrations and ensuring the safety of underground mine workers.
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Figure 9. Original data, trained model, and predicted data for both methods for the first dataset.
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Figure 10. Relationships between measured and predicted values of NOx (ppm) by two methods:
(a) boosting (linear trend (blue line) y = 1.13x — 21.60); and (b) bagging (linear trend (blue line)
y =1.21x — 29.59) for the first dataset.

The presented above results were achieved from the data aggregated during a single
work shift. Collection data from multiple shifts and updating information about each
operator could provide better predictions. These could have significant meaning for the
further improvement of ventilation system management, as each operator’s work style
impacts emissions and creates a specific pattern.

3.2. Results for the Different Time Period

To check the robustness of the developed model, the different working shift time
period was taken for testing at the next stage of the NOx prediction model verification.
Results of the calculation showed that both methods also had satisfactory results for the data
collected during the work of another operator on the same LHD vehicle. The original data
(see Figure 11) were not as repetitive as the data from the first operator dataset (Figure 6).
Time series also required smoothing as in the first case and spikes were truncated. The
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truncation level (250 ppm) is presented by a line in the below figure. It was assigned based
on data analysis and iterative testing of the prediction model to satisfy the requirement of
minimal manual intrusion into a dataset and maximum model accuracy. In the future, this
level may be changed after historical data processing for many operators and LHD vehicles.
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Figure 11. Original data with the cut-off level (horizontal pink line) and smoothed data.

The cutting of spikes above the level of 250 ppm resulted in manipulation in less than
2% of all the samples. The cumulative NOx removed for the simulation purposes (but was
present in the underground mine) was 10,129 ppm which was less than 1% percent (0.96%)
and had no significant impact on the generated by the model NOx level. The graphs in
Figure 12 represent cumulative NOx after cutting and removing the chosen samples.
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Figure 12. An analysis of samples limited by the amplitude.

The final results provide satisfying NOx prediction, shown below in Figures 13 and 14.
Although the data were not such explicitly periodical as in the first working shift (the
second operator had a more dynamic manner of driving), for the same learning parameters,
the model still gave a good result. For bagging, the R? value was about 0.79 and the lower
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RMSE (root mean square error) was under 29 ppm, which is comparable with the accuracy
for transient regimes of physical NOx sensors available on the market.
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Figure 13. Original data, trained model, and predicted data for both methods for the second dataset.
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Figure 14. Relations between measured and predicted values of NOx (ppm) by two methods:
(a) boosting (linear trend (blue line) y = 0.87x — 0.72); and (b) bagging (linear trend (blue line)
y = 0.63x — 33.24) for the second dataset.

The obtained RMSE value was less than sensor accuracy but of the same order. The
matter is that the model learning process addresses rather certain patterns of the signal
than statistical metrics. Sensor recordings are needed to input such patterns into the
model. Therefore, prediction models under certain conditions may have statistical metrics
comparable with a sensor. Moreover, the sensor has a certain time delay due to gas
transportation in the exhaust system but the model deals with the main original parameters
causing the volumes of NOx emission (acceleration, engine rotations, etc.), which was
accounted for during model learning.

The implementation of software is usually a less costly solution than sensor installation
on the vehicle, or its integration into onboard ECU and monitoring system with subsequent
sensors maintenance or replacement because of frequent failures due to high temperatures
in the underground mines.
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In general, ensemble methods are not widely represented in the literature, especially
for NOx emission prediction of LHD diesel vehicles in deep underground mines. In
our previous studies of NOx emissions from heavy-duty diesel engines [29,30], we used
other methods for NOx value prediction, namely, ANN-based regression and multivariate
polynomial model, respectively. However, the current paper represents better prediction
accuracy with fewer input variables and for bigger datasets. This is an outstanding result
for the highly dynamic working conditions of LHD vehicles.

Overall, the proposed approach of using bagging and boosting methods as ‘soft-
sensors’ for NOx emissions showcases the potential for significantly improving safety,
planning, and operational efficiency in underground mining. The accurate prediction of
harmful gas concentrations empowers mining companies to make informed decisions,
implement better ventilation management, and create a safer working environment for
their personnel.

The NOx emissions depend on the engine model, fuel composition, and design of
the vehicle equipped with a specific transmission. However, we developed an approach
and procedure, that can be applied to any diesel LHD vehicle in the deep underground
mines but the model needs rebuilding and learning again on a sufficient dataset from other
environments and for vehicles of interest.

We investigated how the operator’s manner of driving influences NOx emission.
This factor affects even more than possible working parameters’ deviations during the
considered period of data recording.

Regarding the fuel influence, all diesel fuel supplied to the mine is certified and
checked for chemical composition and its deviation. Hence, this factor can be neglected;
but, of course, for other mines, vehicles, engines, and fuels, e.g., biodiesel, our model
should be updated and learned on new datasets.

We did not investigate the influence of vehicle and engine technical conditions on
the accuracy (bias) in NOx prediction by the developed method since the maintenance
process is well organized in this mine and engines are regularly checked on-site. Probably,
models need adaptation parameters, which will account for the current stage of the vehicle
and engine deterioration during exploitation, but this is a long-term perspective for our
next research.

4. Conclusions
The innovation of the presented research is in the following:

(1) The conducted statistical analysis and selection made of diesel engine LHD vehicles’
working parameters, which are most suitable for NOx emission prediction in deep
underground mines.

(2) The development of the procedure of source data cleaning and processing, NOx
prediction model building, and analyzing factors which may influence the accuracy
of prediction.

(8) The comparison of two ensemble methods and showing their advantages and limita-
tions for this specific engineering application, which was not previously reported in
the literature.

The implementation of the proposed models improves knowledge about the working
environment and harmful gases in the atmosphere within underground mines in scenarios
involving LHD vehicles equipped with diesel engines. The absence of NOx sensors in the
majority of these vehicles poses a considerable challenge. However, the innovative ap-
proach put forth in this study holds the potential to markedly improve working conditions
by accurately predicting the concentration of harmful gases.

Conducted research recognized that achieving a better fit to the training data does
not universally translate to superior predictive capabilities. The bagging algorithm is
more robust in handling changing input signals, making it a reasonable choice, especially
considering the diverse experiences and operational styles of different vehicle operators,
which can impact NOx emission levels.
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The achieved accuracy differs for two working shifts when the same LHD vehicle
was operated by two operators. The first operator had a more explicit cyclic manner of
driving, and the bagging method showed the R? = 0.9367 (0.7903), and RMSE = 19.7199
(28.7589) parameters for the first (second) dataset, respectively. These results reflect specific
patterns in the NOx data that will be accounted for during the implementation of this
model in practice.

Furthermore, the significance of the acquired information cannot be overstated. Inte-
grating this predictive data with the ventilation system of the underground mines offers an
adaptive approach to enhance working conditions. By optimizing ventilation strategies
based on accurate NOx emission predictions, mining companies can achieve two-fold bene-
fits: ensuring a safer environment for underground workers and simultaneously reducing
air pollution.

In conclusion, the proposed models offer a promising pathway to unraveling the
complexities of NOx emissions in underground mining. By addressing the challenges,
such as the lack of NOx sensors and leveraging ensemble techniques, the study not only
enhances understanding of the working atmosphere but also provides actionable insights
for safer and more efficient mining operations. The integration of this predictive approach
into ventilation systems management could pave the way for enhanced safety, improved
planning, and reduced environmental impact in underground mining.
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