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Abstract: This study investigates the factors influencing the energy consumption and
reliability of haul trucks in open-pit mines and quarries, where fuel costs and the envi-
ronmental impact are significant. Traditional analysis of haulage systems often overlooks
crucial aspects such as energy efficiency in the specific mining environment and the effect
of road configurations on truck performance. As sustainability becomes increasingly im-
portant, reducing fuel consumption not only reduces costs but also reduces greenhouse
gas emissions. A key focus of the study is the link between haul truck reliability and
overall efficiency. Frequent breakdowns increase maintenance costs, lead to unplanned
downtime, and increase fuel consumption, all of which have an impact on the environment.
Reliable transport systems, on the other hand, improve efficiency, reduce costs, and support
sustainability goals. The authors analyze the energy consumption of trucks in relation to
vehicle performance parameters and transport route characteristics. Discrete modeling of
the transport system showed the impact of the operating environment on the variability
of energy consumption and vehicle reliability. The study highlights the importance of
understanding specific energy consumption in order to optimize the choice of transport
system, as transport costs are a major cost of resource extraction. By analyzing the effect of
road quality on vehicle performance, the authors suggest that improvements to the road
surface can more easily improve vehicle reliability and energy intensity than changes to
other road design elements. The study presents a quantitative analysis of the impact of
haul road conditions on the operational efficiency of haul trucks in mining environments.
Through discrete simulation models, two scenarios were analyzed. Total operational time
decreased by 11.2% when road quality improved, demonstrating the critical role of surface
maintenance. Additionally, breakdown times were reduced by 44%, maintenance by 15%,
and empty travel by 9% in the optimized scenario. These findings underscore the neces-
sity of maintaining optimal road conditions to prevent substantial efficiency losses and
increased maintenance costs.

Keywords: mining haulage; energy consumption; reliability parameters

1. Introduction
Open-pit mining operations depend primarily on haulage trucks for transporting

extracted materials, with their cost-effectiveness closely tied to fuel consumption and
fluctuating prices. Selecting an optimal haulage system requires a thorough analysis of
operational and reliability parameters to ensure both efficient and continuous production.
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Fuel consumption in haulage is determined by several interrelated factors: haul road
configuration and condition, route topology, and vehicle characteristics. Yet, practitioners
often emphasize acquisition and maintenance expenses, underestimating how gradients,
surface type, and ambient operating conditions influence both energy use and failure rates.

Reliability strongly affects energy performance: frequent breakdowns or unscheduled
maintenance increase downtime and labor costs and contribute to inefficient fuel use due
to disrupted operating cycles and added strain on damaged components. Therefore, a
dependable haulage system is key to sustaining production and optimizing fuel efficiency.

This study examines the relationships among truck performance parameters, haul
route features, and specific fuel consumption under varying operational conditions. We
enhance conventional fuel-consumption models by integrating reliability metrics and
quantifying how challenging environments—such as increased road roughness, steep
gradients, and extreme temperatures—impact both failure rates and energy intensity.
Using data from articulated haulage trucks at a limestone mine in southern Poland, we
calibrate specific fuel-consumption models that account for vehicle characteristics and
transport conditions.

Our results reveal how energy consumption varies with truck technical parameters
and operational environments, underscoring the importance of incorporating reliability
assessments into efficiency evaluations. Given that haulage constitutes a substantial portion
of total extraction costs, these findings support informed decisions on haulage system
selection and maintenance planning.

An analysis of the impact of the operating environment on reliability, technological
parameters, and energy intensity was performed for the best-fit transportation medium at
a limestone mine in southern Poland.

Literature Review

The selection of the means of transportation was described in [1]. The fuel consump-
tion of mining trucks depending on different parameters is described in detail in [2–4]. The
use of multi-criteria methods in the selection of trucks is presented in [5]. A comparative
analysis of energy consumption in haulage is discussed in [6]. Discrete simulations analyz-
ing the effectiveness of hauling transport in mining are presented in [7]. Haul truck fuel
consumption modeling under random operating conditions is described in [8].

The analysis of fuel consumption in a large surface mine has also been described in [9].
A long-term analysis of haulage over half a year’s operation in a mine was carried out
in [10]. The impact of payload utilization on fuel consumption has been reported in [11,12],
and improvements in the energy efficiency of haul trucks in open pit mines have also been
discussed in [11,13]. The use of models based on neural networks or machine learning to
reduce fuel consumption in mining transport has been presented in [14–16]. Additionally,
the application of machine learning to predict the fuel consumption of haul trucks in open
pit mines was demonstrated in [17].

The issue of haul roads has been simulated and analyzed in [18], where geotechnical
tests were used to provide a mine with an optimal transport solution. The impact of haul
roads has also been described in [19–24]. A mixed model proposed in [25] optimized
machine selection to reduce costs while lowering greenhouse gas (GHG) emissions. Reduc-
ing the mining footprint by adapting the haulage fleet and their reliability was described
in [26]. The impact of reliability on energy consumption and GHG emissions of the min-
ing haulage fleet was presented in [27]. Analyses of equipment failure in mining were
described in [28–30]. The machine failure rate was analyzed using the Monte Carlo method
in [31]. Monte Carlo simulation was also applied in the analysis of technological processes
and the transport road network in [32]. The preventive maintenance of mining equipment
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was discussed in [33], and the high operating costs associated with haulage due to machine
age and availability were highlighted in [34]. Similar analyses were presented in [35]. A
performance model and cost–benefit analysis for hybrid electric mining trucks, emphasiz-
ing their potential to reduce operational costs and emissions, was provided in [36]. A novel
haul road design methodology for open-pit mines aimed at enhancing truck efficiency was
proposed in [37]. Stochastic optimization approaches to integrated mining value chains,
with emphasis on mineral transportation systems, were reviewed in [38]. Monte Carlo
methods were applied to address probabilistic challenges in mining engineering, including
transport optimization, in [39].

Reliability and maintainability analyses for mining drills were conducted in [40],
demonstrating how equipment performance impacts overall efficiency. Scraper load times
and fleet sizes to minimize emissions during material transport were investigated in [41].
Reliability analysis and cost modeling of overhauled engines in mining dumpers, providing
maintenance optimization insights, were the focus in [42,43]. Greenhouse gas emissions
and energy intensity in granite mining were assessed in [44], advocating for sustainable
practices. An artificial neural network-based methodology for identifying road surface con-
ditions and their effects on mining vehicles was introduced in [45]. Simulation techniques
were applied in [46,47] to evaluate production targets and human reliability factors in
open-pit mining operations. Haulage system optimization using discrete event simulation
and mixed-integer programming for deep underground mines was explored in [48].

The literature review did not identify any papers that simultaneously analyzed aspects
of the influence of the operating environment on the failure intensity, energy consumption,
and reliability of haulage tracks in mining, which the authors have attempted to address in
the following analysis.

2. Materials and Methods
As part of the comparative analysis, in situ measurements of truck movement resis-

tance were carried out on the main haul road of an open-cast limestone mine in southern
Poland, as shown in Figure 1. Based on these measurements, as well as mining and geolog-
ical data, a detailed 3D model of the quarry was developed. This model, incorporating the
main process haul road (Figure 2), was implemented in the simulation program.

The simulation is based on discrete event modeling, which reproduces the operational
and technological states of objects through successive activities, time units, or efficiency
indicators [49]. It enables the testing of various solutions to a given problem without
using physical resources and accounts for the variability of the operating environment by
assigning random values to relevant technological parameters—independent of operator
influence on the transport system.

The primary objective of the simulation model was to assess, over a medium-term
horizon, the impact of technological parameters on transport efficiency and energy con-
sumption within a mining operation. The model was developed based on a significant
production task that reflected realistic operational requirements, ensuring that the analysis
captured the complexity and variability of the transport process. A key assumption un-
derlying the model was that the failure rate of the technological system correlated with
the qualitative assessment of the operational environment. Since machine failure rates are
typically evaluated over extended periods, the simulation was extended beyond a single
work cycle (i.e., a day or a shift), allowing for a more comprehensive assessment of the
interplay between system reliability and performance.
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Figure 1. Geographic location of the study area: mine site.

Figure 2. Graphic visualization of the quarry with the main process hauling road marked (abbs:
F—face, P—parking place for machines, W—workshops).

The production task model represented the annual production volume of a surface
mine, encompassing all mining levels and operations. Production volumes were allocated
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to each face according to actual operational data from a selected calendar year. Mined
material was categorized into two streams based on quality: ore destined for the processing
plant and waste material transported to an internal stockpile. This structure enabled a
realistic analysis of the material flow and associated transport logistics.

The simulation model included several categories of objects to accurately replicate the
mining and transport processes, including:

• Road network: Featuring varying conditions and configurations for different opera-
tional scenarios.

• Loaders and excavators: Responsible for material extraction and loading.
• Haul trucks: Facilitating material transport within the mine.
• Plant facilities: Including the mine workings, waste dumps, and processing plant.
• Deposits: Representing the extracted material and its classification by quality.

By integrating these components, the simulation model provided a comprehensive
tool for analyzing the impact of operational and environmental parameters on transport
system performance, thereby supporting informed decision-making in mining operations.

All facilities were parameterized based on production flows and technological parameters
obtained from real data. For the technological aspect, the most relevant parameters included:

• The bucket capacity of the loader.
• The payload and body capacity.
• Maneuvering time for loading and unloading.
• Actual fuel consumption during return transport and maneuvering while loading and

unloading.
• Failure rate/failure intensity function λ(t).

The cumulative failure intensity function, denoted as λ(t), was formulated using
the Weibull distribution density, as recommended in references [50–53]. The Weibull
distribution is well-suited for analyzing time-to-failure data, given its flexibility in modeling
various failure rates over time. The failure intensity distribution was determined for all
machines based on service requests submitted to the maintenance and restoration system.
These requests covered both major failures and minor defects identified either by the
telemetry system or by operators. The Weibull distribution was also employed to model
unplanned maintenance downtimes. When defining the failure intensity distribution,
it was assumed that the mean number of failure events per unit of time changes with
operating time. Consequently, the failure times were treated as random variables, and the
total number of defective components was determined accordingly.

The analyzed mining fleet consisted of a group of six vehicles operating under similar
conditions and with comparable mileage, as all were new machines recently put into
operation. The operational and technical parameters of these trucks are summarized in
Table 1. The impact of the operating environment on transport vehicles was examined for a
fleet of Bell B40E (Figure 3) articulated dump trucks used in a limestone quarry. This type
of vehicle is designed for transporting rock material or earth-rock masses on both paved
surfaces and rough, uneven technological roads, even under adverse weather conditions.

The main feature of the simulation model was to evaluate the impact of technical and
logistical parameters on transport efficiency and energy consumption in the medium term.
A relatively large production task was chosen as the basis for the simulation. The transport
process was modeled with the initial assumption that the intensity of the technological
system failure is correlated with the qualitative assessment of the operating environment.
Consequently, the analysis of a single work cycle, a day, or a few shifts would not be
sufficient to evaluate these two parameters simultaneously since machine failure rates are
usually evaluated over longer periods of time.
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Table 1. Parameters of mine trucks used in the calculation procedure.

Parameter Value

Engine power [hp]
Mercedes Benz OM471LA (EU Stage IV) 510

Empty vehicle weight [kg] 31,800
Payload [kg] 39,000

Heaped capacity [m3] 24.5
Fuel tank volume [L] 352

Maximum speed [km/h] 51
Turning radius [m] 9.235

 

Figure 3. Articulated truck Bell B40 used in an open pit mine.

The production task modeled in this study consists of simulating the annual pro-
duction volume of a mine, including all levels of mining. In this simulation, production
volumes were allocated to individual faces based on actual data from the selected calendar
year. Production from each face was divided into two streams depending on the quality of
the material mined. Most of the mined material was transported to the processing plant,
positioned on the left side of the model. Material classified as waste was taken to an internal
dump site.

3. Results of Analysis of Haul Truck Energy Consumption in
Operation Environment

Variants of the scenario model were developed to represent three operational environ-
mental states, symbolically named baseline, poor, and good. A key aspect of creating these
model variants involved assessing the quality of individual transport road segments. In the
baseline variant, this analysis was conducted through a direct evaluation of road quality
using the Caterpillar Work Performance Handbook [54]. Each road section was defined
as a segment of the transport route with a fixed gradient. Subsequently, corresponding
rolling resistance values for these categories were incorporated into the model (Figure 4).
These values, alongside the identified quality of transport roads for each model variant, are
illustrated in Figure 5. All analyzed scenarios were implemented into the simulation pro-
gram for discrete simulation, starting from the baseline scenario. Table 2 presents sample
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data obtained from the transport cycle simulation model for the basic (in situ) conditions of
vehicle use in the quarry.

Figure 4. Rolling resistance for three simulation scenarios (good conditions—top left, base
conditions—top right, poor conditions—bottom).

Figure 5. Rolling resistance for three simulation scenarios (good conditions—top left, base
conditions—top right, poor conditions—bottom) for the analyzed route transportation.
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Table 2. The process time [in min] in baseline scenario of discrete modeling for the analyzed haul
trucks fleet transportation process.

Truck Breakdown Maintenance Loading/Unloading Travel Empty Travel
Loaded

Refueling
and Others

Bell_01 27,504 4762 65,786 46,170 58,851 5679
Bell_02 16,502 3300 70,881 48,938 62,742 6389
Bell_03 18,336 4592 68,545 48,947 62,423 5910
Bell_04 21,086 3454 68,303 48,224 61,688 5997
Bell_05 21,086 3977 69,064 47,612 60,905 6109
Bell_06 25,670 3676 67,713 46,657 59,488 5548

Total 130,186 23,761 410,291 286,547 366,096 35,631

Table 3 shows the results of the base model. It takes into account all the parameters
and details of the mining machine operation discussed above, as well as the effects of
operating conditions.

Table 3. Main technological parameters of the transport cycle for three variants of the basis
operating environment.

Operating
Conditions

Route Rolling
Resistance *

Total Travel
Time [min]

Total Cycle
Time [min]

Transportation
Productivity

[t/h]

Poor 7.31 7:40 12:52 166.71
Base 4.98 6:53 12:13 178.56
Good 3.63 6:24 11:37 185.80

* calculated as the weighted average rolling resistance.

Based on the discrete simulation model developed to replicate real operating condi-
tions and facilities, simulation analyses of fuel consumption—calculated for individual road
segments based on in situ measurements conducted at the mining facility—were performed
for all three scenarios. The study developed three simulation scenarios—baseline, poor,
and good conditions—to evaluate how different road qualities affect mining transportation
performance. In the baseline scenario, road quality was directly assigned specific rolling
resistance values to each fixed-gradient road segment. These resistance values were then
used in the simulation model to calculate key operational parameters such as travel time,
cycle time, and transportation productivity (as summarized in Table 3).

The six figures below (Figures 6 and 7) focus on fuel consumption. They display the
simulated fuel burn rates across the three scenarios, clearly demonstrating that improved
road conditions (lower rolling resistance in the “good” scenario) lead to reduced fuel con-
sumption, while deteriorated conditions (higher rolling resistance in the “poor” scenario)
result in increased fuel usage. In particular, Figure 6, which illustrates the fuel burn rate
for the haul road (main transportation route: F370-Crusher), underscores that even minor
changes in route conditions can significantly affect fuel efficiency during transport tasks.
Together, these figures highlight the critical impact of road quality on operational efficiency
and fuel economy in mining transportation.
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Figure 6. Fuel burn rate of the main transportation route P370-Crusher—illustrating how route
changes affect the average hourly fuel consumption during transport task execution.

Figure 7. Fuel burned on road section from F370 to the crusher for three scenarios on discrete
event modeling.
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The box plots summarize the distribution of fuel consumption for each driving style.
The poor style box is shifted higher overall, reflecting its higher average consumption.
Notably, the top whisker for poor is not visible because the 75th percentile coincides with
the maximum value in this dataset. This means that there is no gap between the top of the
box and the highest recorded data point, resulting in a ‘missing’ upper whisker. Meanwhile,
the base and good styles show a wider range of values (longer whiskers), with good having
the lowest median fuel consumption of the three.

These three graphs (Figure 7) illustrate how road conditions affect fuel consumption
in poor, base, and good scenarios. In the top left graph, the red (poor) line generally shows
higher fuel consumption compared to the blue (base) and green (good) lines. The top right
graph compares fuel consumption with road gradient, showing that downhill sections
(negative gradient) tend to consume less fuel, while uphill sections (positive gradient)
consume more. The average fuel consumption is around 20 L per hour in the good scenario,
22 L per hour in the base scenario, and 26 L per hour in the poor scenario. In the lower box
plot, the distribution of fuel consumption is clearly lowest in good conditions, highest in
poor conditions, and moderate in base conditions. Overall, these results show that better
road quality (lower rolling resistance) significantly reduces fuel consumption, while poorer
conditions lead to an increase. While the conclusions may be obvious, the model allows us
to quantitatively assess the phenomenon.

A critical component of the models was the assessment of the quality of individual
road sections, as road conditions have a significant impact on rolling resistance and there-
fore fuel consumption. In particular, the ‘poor’ condition scenario showed the highest
fuel consumption due to increased rolling resistance, while the ‘good’ condition scenario
showed improved fuel efficiency. The ‘poor’ condition scenario resulted in the highest total
travel time and fuel consumption, while the ‘good’ condition scenario achieved the lowest
values for these metrics.

4. Results of Analysis Haul Truck Failure Intensity Function in
Operation Environment

The modeling of the operating environment’s impact on vehicle performance repre-
sented by a breakdown of reliability states, was based on empirical data collected from the
mining site. This dataset includes failure histograms for the entire fleet, covering a total of
13,000 machine hours of effective operational time (Figure 8 top left). In order to reconstruct
the real operating conditions of machines over longer periods, the operating times of the
road transport system (six articulated trucks) were examined, and failure processes were
highlighted. The reliability analysis of the vehicle fleet was conducted over a one-year
timeframe, assuming a total of 13,000 operating hours. This analysis was based on the
mean failure rate of the articulated truck fleet, accounting for the cumulative operation time.
Analyses of failure processes relied on the generated distribution patterns best fitting the
data yielded by the reliability analysis, specifically the Weibull probability density function.
The baseline, averaged failure rate for the analyzed vehicles is presented below in Figure 8,
along with an approximation by Weibull distribution.

Based on the baseline reliability model (Figure 8, top left), the failure rate intensity
parameters were modeled as a function correlated with the operating environment. This
included simulations of both improved and degraded conditions, corresponding to an
increase or decrease in system reliability. The modeling was performed in 5% increments
to assess the effect of environmental changes on the reliability parameters analyzed.
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Figure 8. Failure rate λ(t) for Bell B40E trucks over 13,000 h of operation, showing three discrete
stages of mean failure rate versus intensity and the corresponding Weibull MTBF distributions under
varying operating conditions.

The upper plots in Figure 8 represent the input data: the top left plot shows a long-
term operational dataset of 13,000 mths, while the top right plot derives the corresponding
MTBF (Mean Time Between Failures), establishing the baseline. The lower graphs illustrate
Weibull modeling scenarios: the lower left graph shows Weibull distributions under various
MTBF adjustments (from −30% to +30%), while the lower right graph shows simulated
probability density functions, highlighting the impact of these changes on the time-to-
failure distributions.

The probability density functions (PDFs) for time to failure under different MTBF
scenarios show how shifts in reliability affect failure rates. Positive shifts (e.g., +30%)
extend the time to failure, shifting the peak further to the right and reducing the probability
of early failures. The right-hand graph zooms in on the 0–500 operating hour range to
highlight the early part of each distribution. Notably, the failure intensity beyond 500 h is
minimal and therefore negligible for a practical assessment.

This approach provides a detailed picture of the system’s response to varying operating
conditions and was implemented using ModelRisk software [55], which applies a two-
parameter Weibull model. The software uses maximum likelihood estimation to determine
shape and scale parameters based on actual operating data. The distribution was selected
based on the information capacity criteria applied in the program (Akaike, Schwartz, and
Hannan–Quinn Information Criterion).
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5. Modifications to Existing Operating Conditions at the Mine Site and
Their Impact on the Analyzed Parameters of Haulers

Below are the results for the discrete simulation models for two hypothetical scenarios
(poor and good) with the assumed step of change in the rolling resistance parameter
depending on the surface condition ±15%. The results are presented for individual machine
parks in the assumed variants and scenarios of the analysis. The change in environmental
conditions between the two variants resulted in a difference in the total time required
to complete the transport task. Under poor scenario conditions, the task duration was
158.8 working days, while under good scenario conditions, it was 144.5 working days.

The ‘poor’ scenario simulates conditions where the rolling resistance parameter is
increased by 15%, reflecting deteriorated surface conditions at the mine site. Table 4 lists
the total time (in unspecified units) for each operational phase for each hauler. The table
also provides cumulative totals for each phase, which can be used to assess the overall
impact on fleet performance.

Table 4. Selected ‘poor’ scenario of discrete modeling for the vehicles analyzed.

Truck Breakdown Maintenance Loading/Unloading Travel Empty Travel
Loaded

Refueling
and Others

Bell_01 36,672 3638 66,403 51,302 70,182 6170
Bell_02 33,922 5079 67,217 50,930 70,548 6671
Bell_03 26,587 4710 70,160 52,923 73,304 6681
Bell_04 30,254 3723 71,233 51,704 71,080 6371
Bell_05 32,088 4819 66,073 52,576 72,332 6478
Bell_06 27,504 5339 69,855 52,395 72,649 6624

Total 187,027 27,309 410,942 311,829 430,095 38,994

In contrast, the ‘good’ scenario models a situation in which the rolling resistance
parameter is reduced by 15%, representing an improvement in surface conditions. Table 5
offers a similar breakdown of operational times for each hauler. Comparing these num-
bers with those from the “poor” scenario allows for an assessment of how better surface
conditions may reduce or shift the time spent on different operational activities.

Table 5. Selected ‘good’ scenario of discrete modeling for the vehicles analyzed (15%).

Truck Breakdown Maintenance Loading/Unloading Travel Empty Travel
Loaded

Refueling
and Others

Bell_01 21,086 4226 75,466 46,501 54,962 5960
Bell_02 19,253 4132 75,485 47,536 56,045 5751
Bell_03 22,003 4016 76,887 45,679 53,960 5657
Bell_04 15,586 4142 77,838 47,845 56,388 6402
Bell_05 22,920 3222 73,512 47,073 55,646 5829
Bell_06 23,837 4459 74,796 45,469 53,702 5939

Total 124,685 24,196 453,983 280,103 330,703 35,537

Table 6 presents percentage differences across various operational phases for each
hauler under adverse conditions. The data reveal several drawbacks of the ‘poor’ scenario.
Notably, the breakdown phase shows marked increases (e.g., Bell_02 at 106%), indicating
potential reliability issues under operating conditions. Maintenance also demonstrates
inconsistent changes, hinting at challenges in service protocols. In contrast, operations
like loading/unloading and loaded travel remain relatively unchanged, suggesting that
while some functions are stable, critical areas prone to failure are significantly impacted in
harsh environments.
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Table 6. First comparison for ‘poor’ scenario.

Truck Breakdown Maintenance Loading/Unloading Travel Empty Travel
Loaded

Refueling
and Others

Bell_01 33% −24% 1% 11% 19% 9%
Bell_02 106% 54% −5% 4% 12% 4%
Bell_03 45% 3% 2% 8% 17% 13%
Bell_04 43% 8% 4% 7% 15% 6%
Bell_05 52% 21% −4% 10% 19% 6%
Bell_06 7% 45% 3% 12% 22% 19%

Total 44% 15% 0% 9% 17% 9%

In contrast, Table 7 illustrates percentage changes under favorable conditions, where
the overall trends indicate improved performance. The advantages of the ‘good’ scenario
are evident in the reduction in downtime during breakdowns (e.g., reductions observed in
Bell_01 and Bell_04), reflecting enhanced reliability. Moreover, consistent performance in
loading/unloading and travel operations under improved conditions suggests effective
operational stability. Although maintenance shows good results, the general trend is
toward better efficiency, underscoring the benefits of optimized operational environments
for fleet performance.

Table 7. Second comparison for ‘good’ scenario.

Truck Breakdown Maintenance Loading/Unloading Travel Empty Travel
Loaded

Refueling
and Others

Bell_01 −23% −11% 15% 1% −7% 5%
Bell_02 17% 25% 6% −3% −11% −10%
Bell_03 20% −13% 12% −7% −14% −4%
Bell_04 −26% 20% 14% −1% −9% 7%
Bell_05 9% −19% 6% −1% −9% −5%
Bell_06 −7% 21% 10% −3% −10% 7%

Total −4% 2% 11% −2% −10% 0%

The simulation results summarized in Table 8 show a disproportionate relationship
between the ‘poor’ and ‘good’ scenarios compared to the base case. Under deteriorated
conditions (‘poor’ scenario), negative adjustments in the failure rates (−30%, −20%, −10%,
and 0%) are associated with significantly increased downtime and maintenance times, as
well as longer durations for technological operations, which in turn result in significantly
higher total operating times. In contrast, under improved conditions (the ‘good’ scenario),
the positive adjustments (0%, +10%, +20%, and +30%) lead to a reduction in total operating
times, with the most favorable results observed for the +30% adjustment. However, the
magnitude of the improvement is less pronounced than the deterioration observed in the
‘poor’ scenario.

This disproportion suggests that while optimizing operating conditions improves
overall performance, the potential gains are somewhat limited compared to the adverse
effects of deteriorating conditions. In essence, it appears that ‘the best is the enemy of the
good’: improving the environment only modestly improves operational metrics, while a
similar percentage deterioration in conditions has a disproportionately negative impact on
the modeled parameters. This finding underscores the critical importance of preventing
deterioration of the operating environment to avoid significant efficiency losses.
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Table 8. Simulation results for selected variants of environment and failure rate.

Environment
Variant

Change in
Failure Rate

Breakdown
[min]

Maintenance
[min]

Technological
Operations [min]

Total Operation
Time [h]

Poor

−30% 235,618 29,278 1,170,220 23,919
−20% 229,200 26,676 1,223,160 24,651
−10% 179,693 27,288 1,223,160 23,836

0% 165,941 26,789 1,169,642 22,706

Base 0% 130,186 23,762 1,098,565 20,875

Good

0% 140,270 25,924 1,047,551 20,229
10% 149,438 26,252 1,049,348 20,417
20% 134,770 22,639 1,047,638 20,084
30% 128,352 22,856 1,039,444 19,844

In modeling discrete operational processes, and in the absence of precise knowledge
regarding the correlation between environmental operating conditions and vehicle per-
formance, it is assumed that failure intensity adjusts in response to changing conditions.
Specifically, as operating conditions improve, failure intensity decreases, whereas deteri-
orating conditions lead to an increase. The analysis period is not predetermined but is
instead dictated by the transport task performed within the model. Consequently, failures,
costs, task durations, and other factors continue to be generated until the haul trucks have
fully transported the load. In the diagram (Figure 9), each point represents a single haul
truck under analysis, with a range of failure probabilities. Simulations using imprecise
Weibull distributions result in longer simulation times and more frequent failures. However,
detailed knowledge of the exact process is limited due to the absence of identical mines re-
quired for experimental consistency. It is assumed that both poor and favorable conditions
have varying effects on failure rates, with Weibull probability density values ranging from
−30% to 30%, and that these effects are estimated based on simulated failure rates.

Figure 9. Discrete simulation results for successive analyzed scenarios (better roads, lower failure intensity).



Energies 2025, 18, 3022 15 of 19

Pie charts (Figure 10) presenting data from all steps of the discrete simulation were
created for three scenarios defined by technical and technological parameters. The analysis
focused on a fleet of six trucks under each scenario, with associated indicators such as
uptime, productivity, and others. Based on the simulation results obtained from the
Haulsim software Version 3.0, a percentage breakdown of each component of the transport
process was also produced for all analyzed scenarios.

Figure 10. Pie charts displaying discrete simulation results for three scenarios, focusing on mainte-
nance and other components of the transport process.

It should be emphasized that each percentage change in the proportion of a spe-
cific machine operating mode within the analyzed process corresponds to approximately
1.5 working days.

The above charts visualize how each scenario distributes the operating time between
different processes within the transport cycle. Using a statistical approach with the Weibull
distribution, the simulation captures the probabilistic nature of events such as breakdowns
and maintenance. The detailed breakdown for each scenario allows direct comparison: inef-
ficiencies (e.g., high empty runs and long loading/unloading times) are more pronounced
in less favorable scenarios. Operational improvements (e.g., more loaded trips and bal-
anced maintenance) are more noticeable in more technologically advanced or optimized
scenarios. This analysis not only helps to identify areas for operational improvement but
also supports decision making regarding fleet management and technology investments.
Understanding the impact on process efficiency expressed in relative terms enables the
transition to an economic analysis of the profitability of investments aimed at improving
the operational environment.

6. Discussion
The simulation results demonstrate that in deteriorated conditions, more negative

adjustments in the failure rate lead to longer operational downtimes, increasing total op-
eration times. In improved conditions, positive failure rate adjustments correlate with
enhanced performance, reducing both breakdown and total operation times, with the best
performance observed at the highest adjustment (+30%). These findings underscore the sig-
nificant impact that both environmental conditions and failure rate intensity modifications
have on operational efficiency.
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In addition to energy consumption, the operating environment plays a key role in
determining vehicle reliability. There is a direct correlation between road conditions and
vehicle failure rates: the more favorable the road conditions, the fewer the mechanical
failures experienced by the vehicles, and conversely, poor hauling route conditions lead
to a higher frequency of breakdowns. In adverse conditions, such as those encountered
during winter months, increased wear and tear on trucks is inevitable, resulting in more
frequent maintenance requirements, downtime, and, ultimately, higher costs. On the other
hand, optimal road surfaces reduce mechanical strain, enhance fuel efficiency, and extend
vehicle lifespans, thereby improving overall reliability and lowering operational costs.

7. Conclusions
This study demonstrates that the mining operating environment plays a critical role

in determining both the energy consumption and reliability of haul trucks in surface
mining. Simulation analyses covering a range of road conditions from optimal to poor
indicate that adverse conditions can increase fuel consumption by up to 25% compared to
baseline scenarios, while improved road surfaces can reduce consumption by approximately
12.5%. These findings highlight the importance of maintaining a high-quality hauling road
infrastructure to reduce rolling resistance and improve operational efficiency.

The analysis confirms a strong correlation between road conditions and vehicle reli-
ability. Poor road surfaces not only increase fuel consumption but also lead to a higher
incidence of mechanical failures. This results in increased unplanned downtime, higher
maintenance costs, and reduced operational efficiency. In contrast, investment in durable,
weather-resistant roads can extend equipment life and optimize system performance by
reducing the frequency and severity of breakdowns.

Our integrated approach—combining discrete event simulation with reliability
modeling—provides a comprehensive framework for evaluating the interplay between
energy consumption and mechanical performance under varying operating conditions.
This framework can serve as a valuable decision support tool for mining operators, al-
lowing them to assess the economic benefits of infrastructure improvements and strategic
vehicle selection.

Furthermore, the methodology and results of this study are applicable beyond surface
mining to underground mining and large construction projects where haulage over un-
paved roads is common. This approach also provides a useful basis for comparing different
vehicle types, such as diesel and electric trucks, in terms of efficiency and reliability.

Optimizing the haulage system through improved road infrastructure and careful
vehicle selection leads to significant improvements in operational efficiency, reduced energy
consumption, and increased vehicle reliability. These considerations are critical for mining
operations seeking to improve cost-effectiveness and long-term sustainability. Ultimately,
the impact of the operating environment on both energy efficiency and vehicle reliability
must be considered for a more comprehensive evaluation of haulage systems.

Moreover, the approach of assessing energy consumption alongside vehicle reliability
is applicable beyond surface mining. It extends to underground mining and major con-
struction projects where unpaved, non-public roads are commonly used. The methodology
also provides a valuable framework for comparing different vehicle types, such as diesel
and electric trucks, in terms of efficiency and durability.

The simulation results quantitatively confirmed that road surface quality significantly
impacts the operational efficiency of mining haul trucks. A transition from poor to good
surface conditions reduced the total task completion time by 14.3 working days and de-
creased overall operational time by nearly 158,000 time units (11.2%). Moreover, breakdown
incidents saw a 44% reduction, and maintenance times were cut by 15%, directly contribut-
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ing to improved fleet reliability and lower operational costs. The analysis highlights that
even modest improvements in surface conditions lead to notable gains in efficiency, while
degradation has a disproportionately negative impact. Therefore, strategic investments in
road maintenance are not only justified but necessary for optimizing fleet performance and
reducing downtime.

In summary, optimizing the haulage system through infrastructure improvements
and strategic vehicle selection leads to significant gains in efficiency, reduced energy
consumption, and improved reliability. For mining operations seeking to reduce costs and
improve sustainability, these factors are critical to long-term success. A comprehensive
evaluation of haulage systems must consider both energy efficiency and vehicle reliability
to maximize performance and economic viability.

In addition, the authors are actively pursuing further analyses that will cover both the
technical-economic aspects and the environmental impacts of haulage systems in open-cast
mining. These ongoing investigations, which will form the basis of a subsequent article
in this series, aim to provide deeper insights into the long-term economic viability and
sustainability of mining operations.
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